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ABSTRACT  

Discussions of artificial intelligence in Geography frequently take the form of inventories of possible 

applications. This Letter adopts a different strategy. Instead of asking what AI might theoretically 

do, it asks what contemporary AI would have changed in seven geographical studies previously 

authored or co-authored by the editor and completed without access to present-day AI technologies. 

The studies concern forest-cover change, storm-induced windthrows, floodplain delineation, urban 

imperviousness and runoff, trend-signal detection, road-accident distribution, and atmospheric 

pollution during the COVID-19 lockdown. Each paper is examined through the same retrospective 

protocol: the original geographical question and technical workflow are reconstructed; possible AI 

entry points are identified; the potential gains in speed, accuracy, uncertainty assessment, knowledge 

discovery, prediction and decision support are evaluated; and the data and validation requirements of 

the proposed redesign are discussed. The exercise does not claim that AI would necessarily have 

produced superior empirical results, because the original datasets were not reprocessed. It 

demonstrates, however, that AI could have enlarged the range of questions that could be formulated 

and tested. The seven cases show a common transition from fixed workflows to adaptive learning, 

from deterministic maps to probability fields, from separate datasets to multimodal integration, and 

from postfactum explanation to antefactum prediction, counterfactual analysis and intervention 

design. AI is therefore proposed not as a substitute for geographical reasoning, but as the learning 

layer of Technical Geography. 

 
Keywords: GeoAI; spatial reasoning; hybrid modelling; uncertainty; counterfactual analysis; 

decision support; human–machine collaboration 

 

1. TECHNICAL GEOGRAPHY BEFORE AND WITH ARTIFICIAL INTELLIGENCE 

In 2016, I attempted to define Technical Geography as an emerging field grounded in the spatial 

and temporal attributes of geographical processes, particularly autocorrelation and frequency, and 

supported by spatial techniques, statistical methods and modern technologies. I argued that digital 

geographical information, remote sensing, GIS, modelling and advanced data processing were not 

peripheral tools but necessary components of contemporary geographical research. I also anticipated 

that the technical component would progressively become present in all fields of Geography (Haidu, 

2016). 

In 2024, I developed this argument further by suggesting that Geography should move from a 

predominantly postfactum science, concerned with phenomena that have already occurred, towards 

an antefactum science capable of anticipation, prediction and proactive intervention. Technical 

methods, spatial modelling, GIS, remote sensing, LiDAR, UAV observations and statistical analysis 

were presented as the foundations of this transition (Haidu, 2024). 
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Artificial intelligence now requires a further extension of both propositions. AI should not be 

regarded merely as one additional technology placed alongside GIS, remote sensing or spatial 

statistics. Its distinctive contribution is the capacity to learn relationships from examples, to update 

those relationships when new observations become available, to integrate heterogeneous sources of 

information, to explore large numbers of alternative scenarios and to quantify the uncertainty attached 

to a prediction. 

Classical technical modelling normally begins with a structure specified by the researcher: 

variables are selected, equations are defined, thresholds are established and the model is then applied 

to observations. In AI-assisted research, part of this structure can be learned from data. The researcher 

continues to define the scientific problem, the spatial and temporal support, the relevant processes, 

the admissible variables and the conditions of validation, but the model may discover nonlinear 

relationships or interactions that were not explicitly introduced beforehand. 

GeoAI has been described as a spatially explicit form of artificial intelligence directed towards 

geographical knowledge discovery (Janowicz et al., 2020). This definition is important. A generic AI 

model may identify statistical regularities, whereas a geographical AI model must determine whether 

those regularities remain meaningful when location, scale, neighbourhood, spatial dependence, 

temporal evolution and geographical process are considered. Recent Earth-system research has 

similarly argued for hybrid approaches in which data-driven learning and process understanding 

reinforce one another rather than compete (Reichstein et al., 2019). Theory-guided data science makes 

the same point in more general terms: scientific consistency and domain knowledge should enter the 

learning process, particularly where observations are limited and physical processes are complex 

(Karpatne et al., 2017). 

Consequently, the development of AI does not reduce the need for geographical reasoning. It 

increases it. The larger the space of patterns and models that a machine can generate, the more 

necessary it becomes for the geographer to decide which relations are spatially meaningful, physically 

plausible, causally defensible and socially relevant. 

 

2. THE INVERTED RETROSPECTIVE PARADIGM 

A conventional Letter on AI in Geography could enumerate a large number of possibilities: 

automatic image classification, object detection, prediction of environmental hazards, processing of 

geographical texts, optimisation of transport networks, climate modelling or decision support. Such a 

catalogue would be informative, but it would remain largely prospective and theoretical. 

The present Letter adopts an inverted retrospective paradigm. It begins not with the capabilities 

of AI, but with completed geographical studies. It asks a counterfactual question: How might the 

research design, processing workflow, results and conclusions of an earlier geographical study have 

changed if contemporary AI methods had been available when the study was conducted? 

Seven studies in which I was an author or co-author were deliberately selected. Restricting the 

corpus to my own work has two purposes. First, it avoids retrospectively criticising other researchers 

for not having used methods that were unavailable at the time of their research. Second, it transforms 

the exercise into methodological self-examination. The earlier papers are not presented as obsolete or 

inadequate. They are treated as authentic records of the technical possibilities, data constraints and 

scientific reasoning available at particular moments. 

Each original study therefore functions as a methodological baseline. Its aims, datasets, models, 

results and acknowledged limitations are retained. The AI-assisted redesign does not replace this 

baseline; it asks what additional pathways might have become possible. In some cases, AI would 

probably have accelerated an operation already performed. In others, it might have allowed 

uncertainty to be quantified, different data streams to be fused, a previously inaccessible relation to 

be tested, or a retrospective analysis to become predictive. 

This distinction also imposes an important epistemological limit. Because the original datasets 

have not been reprocessed with the proposed AI models, the present Letter cannot claim that the 

resulting maps, coefficients or forecasts would certainly have been more accurate. Expressions such 
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as AI could have enabled, might have revealed, or would probably have reduced are scientifically 

more appropriate than unconditional assertions of superiority. The experiment is not an empirical 

replication of the seven studies. It is an experiment in research design: a systematic comparison 

between the workflow that was historically implemented and the expanded workflow that can now be 

conceived. 

3. METHOD OF THE HUMAN–AI RETROSPECTIVE EXPERIMENT 

The seven studies cover different components of geographical research: forest remote sensing, 

severe-weather analysis, hydraulic modelling, urban hydrology, time-series analysis, transport 

geography and atmospheric pollution. This disciplinary diversity makes it possible to evaluate 

whether AI contributes only to a narrow class of computational problems or whether it modifies 

geographical reasoning more broadly (Table 1). 

Table 1.  

Common protocol applied to the seven retrospective cases. 

Retrospective question Analytical purpose 

What geographical question was originally addressed, 

and through what technical workflow? 
Reconstruct the historical methodological baseline. 

At which stages could contemporary AI enter the 

workflow? 
Identify concrete rather than generic AI applications. 

What type of benefit might result? 
Distinguish speed, accuracy, integration, uncertainty, 

discovery, prediction and decision support. 

What data and validation would be required? 
Avoid presenting a plausible AI proposal as an already 

demonstrated result. 

 

The potential contribution of AI is classified into six categories: workflow acceleration, improved 

extraction or classification, integration of heterogeneous data, uncertainty quantification, discovery 

of additional relationships, and transformation from retrospective analysis into prediction or decision 

support. 

An AI proposal is retained only when it is compatible with the geographical process and the data 

structure of the original study. A technically possible model is not necessarily geographically 

justified. For example, a high predictive score is insufficient if the model ignores spatial dependence, 

uses information from the future during training, confuses exposure with risk, or violates a physical 

conservation law. 

The retrospective assessment reported below was developed through a documented, iterative 

dialogue between the author and an artificial-intelligence system. The author defined the conceptual 

framework, selected the case studies and evaluated the scientific relevance of the proposed 

methodological alternatives. The complete disclosure of the respective human and AI contributions 

is provided at the end of the Letter. 

All seven papers were already published; no confidential third-party manuscript was used. The 

exercise also separates AI-assisted reasoning from scientific evidence: the proposed methods are 

supported by published methodological literature, while the AI output itself is not treated as a 

bibliographical source. 
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4. FROM THREE FOREST-COVER MAPS TO LEARNING FOREST TRAJECTORIES 

Original research design. The first study combined forestry maps and inventory tables with Landsat 

images acquired in 1988, 2000 and 2010. A common spectral library was constructed, and the Spectral 

Angle Mapper (SAM) classifier was applied to identify forest and non-forest land-cover classes. The 

resulting maps were processed in GIS to assess deforestation in three Apuseni Mountain catchments, 

with forest-cover changes approaching 22% of one catchment (Costea et al., 2012). The method had 

an important strength: it preserved spectral interpretability and applied a common classification logic 

to the three images. Its validation produced high overall accuracy and Kappa values of 0.98, 0.94 and 

0.91. Nevertheless, the analysis was based on three temporal snapshots and identified difficulties 

associated with mixed forests, the water-stress conditions visible in the 2000 image, vegetation water 

content, illumination and the precision of forestry inventories. 

AI-assisted redesign. I would retain SAM as a physically interpretable benchmark. AI should not 

remove a transparent method merely because a more complex method is available. I would add 

comparative machine-learning models, particularly Random Forests (Breiman, 2001), using not only 

spectral bands but also vegetation indices, altitude, slope, aspect and spatial texture. The more 

substantial change would be to formulate the problem directly as multitemporal change detection. 

Fully convolutional Siamese architectures can analyse two co-registered images simultaneously and 

learn the spatial and spectral characteristics of change (Daudt et al., 2018), while a U-Net-type 

encoder-decoder can preserve both contextual information and local boundaries (Ronneberger et al., 

2015). Instead of using only three dates, the complete available Landsat archive could be introduced 

into a temporal model. It could learn different trajectories: stable forest, gradual degradation, abrupt 

removal, temporary drought stress, regeneration and afforestation. Training could be organised 

through active learning, with the model identifying the spatial units for which expert labelling would 

reduce uncertainty most efficiently. 

Potential added value and validation requirements. The output would no longer consist only of land-

cover maps and differences between three dates. It could include the probable date of change, the 

probability that a change represents deforestation rather than temporary stress, the rate of vegetation 

recovery and the uncertainty associated with each mapped object. The spatial pattern of forest loss 

could then be connected to a hydrological model or to an AI emulator of that model. The study could 

ask not only how much forest disappeared, but which spatial configurations of forest removal most 

strongly affect runoff and flash-flood generation. A rigorous evaluation would require temporally 

independent reference samples, harmonisation among Landsat sensors and forestry information 

capable of distinguishing harvesting, degradation, drought damage and subsequent recovery. Remote 

sensing and AI should not be expected to infer the legal or socioeconomic cause of every change 

without additional evidence. The principal contribution would be a change from comparing maps to 

learning geographical trajectories. 

 

5. FROM RECONSTRUCTING A WINDTHROW EVENT TO PREDICTING ITS 

SPATIAL IMPACT 

Original research design. The windthrow study examined the severe event of 20 July 2011 in the 

Apuseni Mountains. Areas affected by windthrows were detected through Landsat imagery and 

differences in NDVI, while synoptic maps and WSR-98D Doppler-radar products were used to 

reconstruct the regional and mesoscale atmospheric evolution. The radar analysis included 

reflectivity, storm movement, Vertically Integrated Liquid water and echo-top height (Furtuna et al., 

2018). The study identified convective descending movements, three storm cores and short-duration 

wind gusts exceeding 23 m s−1. It concluded by asking whether recurrent storm trajectories and 

preferential travel corridors could be identified in relation to relief and baric configuration. 

AI-assisted redesign. The first AI component would be a semantic segmentation model trained on 

pre- and post-event satellite images to delineate windthrow patches from spectral, textural and 

morphological evidence rather than from a single NDVI-difference criterion. The second component 
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would operate on the complete sequence of radar images. ConvLSTM was developed specifically to 

represent spatial structure and temporal evolution in radar-based precipitation nowcasting (Shi et al., 

2015). Applied to this case, such a model could learn the development, movement, splitting and 

dissipation of convective cells. A third model would estimate forest susceptibility from wind speed 

and direction, VIL, echo-top height, slope, aspect, valley orientation, topographic exposure, soil 

moisture, distance from forest edges, tree species and stand structure. An explainability method such 

as SHAP could show why the model assigns high susceptibility to a particular sector, rather than 

offering only a black-box score (Lundberg and Lee, 2017). Once a sufficiently large regional archive 

had been assembled, clustering could group storm trajectories and identify recurrent corridors through 

valleys, saddles and depressions. 

Potential added value and validation requirements. The resulting system could combine forecast 

storm intensity with local forest susceptibility to estimate the spatial probability of windthrow during 

the following 30–60 minutes. This would transform the study from reconstruction of a past event into 

a component of near-real-time forest-risk management. The principal limitation is the rarity of severe 

events. One storm cannot provide sufficient examples for a robust deep-learning model. Training 

would require a regional archive covering many Carpathian storms, or transfer learning from 

comparable mountainous areas followed by local recalibration. The retrospective value of AI in this 

case is especially clear: it would make operational the future research question already formulated in 

the original paper. 

 

6. FROM A DETERMINISTIC FLOODPLAIN BOUNDARY TO A PROBABILITY OF 

INUNDATION 

Original research design. The floodplain study linked HEC-HMS hydrological modelling to the one-

dimensional MIKE11 hydrodynamic model. The workflow included river axes and cross-sections, 

roughness coefficients, river-network representation and discharge boundary conditions. A 2 m DEM 

derived from LiDAR and bathymetric information was used. Cross-sections were generally generated 

at 100 m intervals, and the article explicitly recognised that modeller subjectivity could intervene 

decisively in their selection. The comparison between statistical and simulated maximum discharges 

produced a mean relative error close to 10% (Győri et al., 2016). 

AI-assisted redesign. This case should not be approached by replacing hydraulic equations with an 

unconstrained neural network. It is better suited to theory-guided and hybrid AI (Karpatne et al., 2017; 

Reichstein et al., 2019). Computer vision applied to high-resolution terrain data could identify the 

channel axis, banks, bridges, defence structures and abrupt geometrical changes. Cross-sections could 

then be positioned adaptively: more densely where geometry changes rapidly and less densely in 

uniform sectors. Orthophotos and LiDAR-derived information could be classified automatically to 

produce spatially variable estimates of roughness, still subject to hydraulic interpretation and field 

verification. Bayesian optimisation could calibrate Manning coefficients, boundary conditions and 

hydrological parameters. After a representative set of MIKE11 simulations had been generated, a 

surrogate model could learn the relationship among discharge, geometry, roughness and water level. 

Physics-informed neural networks offer one way of constraining learning with governing differential 

equations (Raissi et al., 2019), although their suitability would have to be demonstrated rather than 

assumed. 

Potential added value and validation requirements. The most important output would be a 

probabilistic flood map rather than a single apparently exact boundary. Each location could be 

associated with a probability of inundation, an expected range of water depths and a decomposition 

of uncertainty into contributions from discharge, topography, roughness and model structure. The 

surrogate could permit rapid exploration of bridge obstruction, vegetation growth, channel 

modification, local defence walls or land-use change. Active learning could indicate the cross-section 

at which one additional field survey would reduce final uncertainty most efficiently. The original 

hydraulic model would remain the reference. Any surrogate would require evaluation both inside and 
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outside the parameter combinations used for training, together with tests of mass conservation and 

hydraulic plausibility. AI would thus transform the map from a deterministic end product into an 

interactive and uncertainty-aware decision system. 

7. FROM MEASURING URBAN IMPERVIOUSNESS TO OPTIMISING URBAN 

INTERVENTION 

Original research design. The urban-runoff study used four Landsat scenes, from 1986, 1993, 2002 

and 2014, to identify the expansion of impervious surfaces. Maximum Likelihood, Mahalanobis 

Distance, Neural Networks and Support Vector Machine classification were compared, and 

Maximum Likelihood produced the highest accuracy in that experiment. The classified land-cover 

data were introduced into HEC-HMS. Impervious surfaces increased from 41.7% to 76.1%, 

accompanied by increases in total runoff and peak flow (Haidu and Ivan, 2016). 

AI-assisted redesign. A contemporary redesign would first replace the binary representation of 

pervious and impervious surfaces with fractional imperviousness. A pixel containing roofs, gardens 

and pavement would no longer be assigned only to its dominant class. A U-Net-type segmentation 

model could integrate Landsat, orthophotos, LiDAR and street-network information to distinguish 

roofs, roads, parking areas, compacted soil, vegetation and semipermeable surfaces (Ronneberger et 

al., 2015). A multitemporal model would estimate the probable year of conversion for each sector 

instead of relying on four isolated dates. Hydrological modelling could be extended through radar 

rainfall, the storm-water network, microtopography, antecedent moisture and multiple observed 

rainfall events. An AI emulator trained on hydrological simulations would allow thousands of 

combinations of storms and land-cover configurations to be assessed rapidly. The next 

methodological step would be multi-objective optimisation of permeable pavements, green roofs, 

detention basins, rain gardens, urban vegetation and water-storage systems. 

Potential added value and validation requirements. The question would change from how increasing 

imperviousness affected runoff to which urban sectors contribute most strongly to peak discharge and 

where interventions should be placed to obtain the greatest reduction for a given budget. AI could 

estimate the marginal contribution of each sector and identify nonlinear thresholds beyond which 

additional imperviousness generates disproportionate hydrological effects. At the same time, AI 

should be used to test the robustness of the original conclusion, not merely to reinforce it. The reported 

correlation was calculated from four temporal configurations subjected to the same rainfall scenario. 

A richer analysis would require more observation dates, multiple storm events and measured 

hydrological responses. A complex model must not convert a small-sample association into an 

unjustified causal statement. The deeper contribution would be the transition from historical impact 

assessment to spatial optimisation of urban adaptation. 

 

8. FROM ANIMATED TREND SEGMENTATION TO PROBABILISTIC REGIME 

DETECTION 

Original research design. The trend-signal paper proposed an animated method that decomposed a 

finite time series into sequential sloped trends and displayed the changing signal as new observations 

accumulated. The method used the Mann–Kendall–Sneyers transformation and a user-defined lag to 

identify breakpoints. The resulting segments were fitted by least squares, removed from the original 

series, and the residual was tested iteratively until it approached white noise (Haidu and Magyari-

Saska, 2009). In retrospect, this algorithm already contained a principle close to contemporary online 

learning: the representation of the signal was updated as new data became available. 

AI-assisted redesign. The principal extension would be Bayesian Online Changepoint Detection. 

Instead of selecting a single breakpoint only after the lag criterion is met, the Bayesian procedure 

continually estimates the probability that a new regime has begun and the posterior distribution of the 

duration of the current regime (Adams and MacKay, 2007). A switching state-space model, Hidden 

Markov Model or Gaussian-process model could distinguish changes in slope, mean, variance and 
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autocorrelation. This would help separate persistent trends, abrupt shifts, isolated anomalies and 

quasiperiodic fluctuations. The lag would no longer depend mainly on manual choice. Simulated 

series containing known trends, cycles, autocorrelation, noise and breakpoints could be used to select 

parameters according to detection rate, false-alarm rate, delay and slope error. 

Potential added value and validation requirements. The result would include the posterior 

probability of each breakpoint, uncertainty intervals for the moment of change, probability 

distributions for segment slopes and a measure of whether the current regime is likely to continue. 

The original animation could become an operational warning interface. As temperature, precipitation 

or discharge observations are added, the system could report the probability that a statistically 

different regime has emerged. Such probabilities would still depend on the assumed observation 

model, the prior hazard of change and the treatment of long-range dependence. The method would 

therefore require sensitivity analysis and testing on both synthetic and long instrumental series. This 

case shows particularly clearly that AI does not appear without intellectual predecessors. Earlier 

geographical algorithms already anticipated sequential learning, adaptive segmentation and 

progressive separation of signal from noise; AI would formalise and probabilistically extend that 

logic. 

 

9. FROM ACCIDENT HOTSPOTS TO DYNAMIC NETWORK RISK 

Original research design. The road-accident study analysed 190 accidents registered between 2010 

and May 2012. It identified higher frequencies during daytime, rush hours, spring and autumn, and a 

concentration along the principal urban arteries with a SW–NE orientation. Accident information was 

collected from local media and integrated with a digitised street network. The article recognised 

missing information concerning exact causes, vehicle direction and the duration of traffic disruption 

(Ivan and Haidu, 2012). 

AI-assisted redesign. Natural-language processing could extract information automatically from 

press reports or police records: location, date, time, vehicle type, number of victims, reported cause, 

weather, manoeuvre and traffic restrictions. Geocoding and entity-matching models could locate 

events and identify duplicate reports of the same accident. The more important analytical change 

would be adjustment for exposure. A road with many accidents may be intrinsically dangerous, or it 

may simply carry much more traffic. Traffic volume, pedestrian flow, vehicle-kilometres and time 

spent in traffic should therefore be included. The street network could be represented as a graph. 

Spatio-temporal graph convolutional models were developed to learn connected network structure 

and temporal dependence simultaneously (Yu et al., 2018). In this context, a network model could 

use road geometry, intersections, speed limits, lighting, pedestrian crossings, traffic, weather, schools 

and commercial activities to estimate accident risk for each segment and time interval. Unlike an 

ordinary Euclidean Kernel surface, it would respect connectivity and direction in the street network. 

Potential added value and validation requirements. The output could become a dynamic risk map: 

the probability of a severe accident on a particular road segment, during a specified time interval and 

under specified traffic and weather conditions. The model could distinguish risk arising from high 

exposure from risk associated with geometry, speed, pedestrian interaction, visibility or weather. 

Causal models could then evaluate a lower speed limit, a redesigned intersection, improved lighting 

or a new pedestrian crossing by comparing treated segments with similar untreated segments before 

and after intervention. AI cannot, however, reconstruct with certainty variables that were never 

observed. Nor can it remove the reporting bias of local media, which are more likely to report severe 

or unusual accidents. A longer, official and anonymised database would be required, together with 

explicit safeguards for privacy and fair enforcement. Here AI would transform descriptive hotspot 

analysis into exposure-adjusted risk estimation and counterfactual evaluation of prevention measures. 
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10. FROM A BEFORE–AFTER COMPARISON TO A CAUSAL ATMOSPHERIC 

COUNTERFACTUAL 

Original research design. The atmospheric-pollution study examined changes in NO2, HCHO, SO2, 

O3, CO and aerosol index in ten urban areas of the Grand Est region during the first COVID-19 

lockdown. Sentinel-5P observations, ground-monitoring data, meteorological variables, land-cover 

data and socioeconomic indicators were integrated. An Atmospheric Clearance Index (ACI) was 

developed, and statistically significant relationships were identified between this index and population 

density and economic indicators (Kovács and Haidu, 2021). The design compared the lockdown 

interval in 2020 with the same interval in 2019, examined meteorological homogeneity and 

constructed ACI by standardising and summing the six pollutant-difference rasters, effectively giving 

the components equal weight. 

AI-assisted redesign. The main AI contribution would concern causal counterfactual construction 

rather than image classification. A Random Forest or gradient-boosting model could learn the 

expected concentration of each pollutant from meteorology, seasonality, day of the week and long-

term temporal behaviour. The actual 2020 meteorological conditions could then be introduced into 

this model to estimate the pollution levels expected in the absence of the lockdown. Machine-learning 

meteorological normalisation has been used precisely to separate weather-related variation from 

changes associated with emissions or policy (Grange et al., 2018). A Bayesian structural time-series 

model could construct a second counterfactual from earlier years, comparable regions, mobility, 

traffic, energy use and industrial activity. Such models estimate an intervention effect by comparing 

the observed series with a probabilistic counterfactual trajectory (Brodersen et al., 2015). The 

construction of ACI could also be extended. Rather than assigning equal weights by default, weights 

could be estimated from a larger European dataset, a latent-variable model, toxicological importance 

or relationships with health and visibility indicators. 

Potential added value and validation requirements. The results could estimate, for each pollutant 

and city, the change expected from meteorology, the additional change associated with reduced 

mobility, the contribution of industrial activity, the remaining unexplained component and the 

uncertainty interval of each estimate. The study could then make statements closer to causal inference 

while still recognising the observational nature of the evidence. The short TROPOMI archive and the 

sample of ten cities remain fundamental limitations. A sophisticated AI model cannot create missing 

pre-2018 satellite observations or a perfect control group. It must express those limitations rather than 

conceal them. The retrospective redesign would move the analysis from a comparison between two 

periods towards an explicit estimate of what atmospheric conditions might have occurred without the 

intervention. 

 

11. CROSS-CASE SYNTHESIS 

Although the seven studies concern different phenomena and data structures, their retrospective 

redesigns converge towards a small number of methodological transformations. Table 2 summarises 

the principal transition proposed for each case. 

First, AI moves geographical research from rules completely specified in advance towards 

relationships partly learned from observations. Spectral libraries, thresholds, lags and roughness 

coefficients remain meaningful, but they can be compared, calibrated or adapted through learning. 

Second, AI encourages multimodal integration. Satellite imagery, radar, DEMs, time series, 

networks, socioeconomic indicators and expert knowledge can be represented within a common 

analytical workflow. This does not mean that all available data should be used indiscriminately. Their 

spatial support, temporal resolution, uncertainty and causal status must first be made compatible 
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Table 2.  

Principal methodological transition in the seven retrospective cases. 

Case Original technical core Principal AI extension 
Possible new knowledge / key 

validation 

Forest cover SAM and GIS change 

detection 

Siamese segmentation and 

temporal learning 

Timing, persistence and type of 

change; independent temporal 

ground truth. 

Windthrows NDVI, synoptic maps and 

radar interpretation 

Radar sequence learning and 

susceptibility modelling 

Near-real-time impact 

probability; multi-event regional 

archive. 

Floodplains HEC-HMS and MIKE11 Hybrid physical–AI surrogate 

and Bayesian calibration 

Probabilistic inundation; 

conservation and out-of-sample 

tests. 

Urban runoff Landsat classification and 

HEC-HMS 

Fractional segmentation and 

intervention optimisation 

Marginal runoff contribution; 

multiple storms and observed 

runoff. 

Trend signals MKS segmentation and 

animated updating 

Bayesian online regime 

detection 

Probability and early warning of 

structural change; benchmark 

series. 

Road accidents GIS hotspots and temporal 

frequencies 

NLP, graph learning and 

causal evaluation 

Exposure-adjusted dynamic risk; 

official traffic and accident data. 

Air pollution Satellite differences and 

composite ACI 

Meteorological normalisation 

and causal counterfactuals 

Intervention effect separated 

from weather; longer series and 

controls. 

 

. 

Third, AI makes it possible to replace a single deterministic result with a probability distribution. 

A mapped pixel is not merely deforested or unchanged, flooded or unflooded, hazardous or safe. It 

can be accompanied by a probability, an uncertainty interval and an explanation of the variables that 

contributed to the result. 

Fourth, AI extends research from description towards counterfactual reasoning. It asks not only 

what occurred, but what would have occurred under another land cover, another policy, another storm 

or the absence of an intervention. 

Fifth, AI links geographical analysis to optimisation. A model can search for the location, timing 

or combination of interventions that produces the greatest reduction in risk or the largest 

environmental benefit under explicit constraints. 

The deepest benefit is consequently not computational speed. Speed matters, especially where 

thousands of images or scenarios must be processed, but it is the most superficial advantage. The 

stronger claim emerging from the seven cases is that AI enlarges the class of geographical questions 

that can be formulated and made operational. 
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12. ARTIFICIAL INTELLIGENCE AND CRITICAL GEOGRAPHICAL THINKING 

One of the principal objections to AI in education and research is that it may inhibit human critical 

thinking. This risk should not be dismissed. It can occur when an AI-generated answer is accepted 

without examination, when references are not verified, when a plausible explanation is confused with 

evidence, or when a researcher delegates the formulation of the scientific problem itself. 

Nevertheless, cognitive inhibition is not an inevitable effect of AI. It depends on the mode of use. 

In a substitution mode, the human asks for a finished answer and accepts it; here passivity is a genuine 

risk. In an assistance mode, AI performs repetitive operations while the researcher retains the 

analytical design. In a collaborative mode, AI generates alternative hypotheses, methods and 

interpretations that the researcher must compare, challenge, modify or reject. In this third mode, 

critical thinking is not eliminated. It is required more frequently and at a higher level. 

The critical questions also change. The researcher must ask whether the training data are 

representative; whether spatial autocorrelation or temporal overlap has produced data leakage; 

whether the chosen scale and resolution are appropriate; whether a model transfers from one region 

to another; whether a correlation has been interpreted as causation; whether a physical law has been 

violated; whether uncertainty has been measured; and who may be harmed by a mistaken prediction. 

Explainability tools can help interrogate a complex model, but they do not transfer responsibility from 

the researcher to the algorithm (Lundberg and Lee, 2017). 

In my own work, I have experienced the opposite of intellectual inhibition. The dialogue that 

generated this Letter widened the space of methodological alternatives and helped convert an initial 

intuition into the inverted retrospective paradigm used here. The seven papers were not selected by 

the AI system, and the link between this experiment, Technical Geography and antefactum science 

did not emerge autonomously from a machine. Those decisions required personal scientific history, 

editorial responsibility and a conception of where Geography should develop. 

A personal experience cannot settle the general educational question, and it should not be 

presented as universal evidence that AI always increases creativity. It does demonstrate that AI use is 

compatible with creative geographical reasoning. When critically supervised, it can stimulate 

questions that might not emerge in the same form through a routine literature review. The relevant 

educational objective should therefore not be to preserve every manual operation, but to teach students 

and researchers how to formulate problems, inspect assumptions, verify evidence, compare models 

and reject unsupported outputs. 

Critical thinking should not be measured by the number of calculations performed manually. It 

should be measured by the quality of the questions, assumptions, tests, interpretations and decisions 

for which the researcher accepts responsibility. 

 

13. FROM POSTFACTUM TO ANTEFACTUM GEOGRAPHY 

In the 2024 Letter, I described classical Geography as predominantly postfactum because it 

frequently explains phenomena after they have occurred. I argued that Technical Geography should 

become antefactum: predictive, anticipatory and capable of proposing action before damage occurs 

(Haidu, 2024). The present retrospective experiment shows more concretely how this transition can 

occur. 

Forest research can move from mapping previous losses to forecasting where particular patterns 

of forest removal may increase hydrological risk. Windthrow research can move from reconstructing 

storm trajectories to nowcasting the areas that may be affected during the next hour. Floodplain 

research can move from a fixed hazard boundary to continuously updated probabilities. Urban 

hydrology can move from documenting increased runoff to selecting the most effective intervention. 

Trend analysis can move from retrospective segmentation to early detection of a new regime. 

Accident geography can move from historical hotspots to dynamic segment-level risk. Atmospheric 

research can move from a before–after comparison to a counterfactual estimate of intervention effects. 
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This progression may be expressed conceptually as:  

 

Observation → Detection → Explanation → Prediction → Counterfactual Evaluation → 

Optimisation. 

 

Classical descriptive Geography operated mainly in the first stages.  

 

Technical Geography extended detection, explanation and modelling.  

 

AI can accelerate and connect prediction, counterfactual evaluation and optimisation.  

 

A second conceptual expression may therefore be proposed:  

 

Antefactum Technical Geography = geographical reasoning + spatial–temporal data + 

physical and statistical modelling + learning + uncertainty assessment + decision criteria. 

 

This is not a mathematical identity. It expresses the components required for a genuinely 

anticipatory Geography. AI alone cannot create antefactum Geography. Prediction without 

geographical scale, physical meaning, causal interpretation or uncertainty can produce confident but 

misleading results. Conversely, geographical knowledge without learning and updating may remain 

unable to process the volume and complexity of contemporary spatial–temporal observations. The 

antefactum potential is generated by their combination. 

 

14. CONCLUSIONS 

The retrospective examination of seven earlier studies does not show that their methods were 

wrong or that their conclusions should be abandoned. Each study addressed a real geographical 

problem with the data, software and methodological possibilities available at the time. 

The exercise demonstrates instead that contemporary AI could have opened additional analytical 

pathways. In some studies, the principal benefit would probably have been faster classification or 

calibration. In others, it would have been uncertainty assessment, integration of previously separate 

datasets, online updating, causal counterfactual construction or optimisation of interventions. 

AI's most important contribution is therefore epistemic rather than merely computational. It does 

not only perform an existing operation more quickly. It may make a new question operational. 

Nevertheless, the expected benefit remains conditional. AI requires representative data, 

independent validation, respect for spatial and temporal dependence, comparison with transparent 

baselines, physical constraints where appropriate and explicit uncertainty. A complex model should 

not be accepted because it is complex, and a high predictive score should not replace geographical 

interpretation. 

Human responsibility remains indivisible. AI cannot decide which geographical problem is 

socially important, whether a mapped pattern is causally meaningful, whether a prediction is 

sufficiently reliable for public intervention, or whether the costs and benefits of an action are ethically 

acceptable. 

The proper relationship is therefore not Geography versus AI, and not geographer versus 

machine. It is a relationship in which geographical reasoning defines space, scale, process, causality 

and validation, while AI extends the capacity to learn, compare, anticipate and explore. 

Accordingly, the Editorial Note below sets out the principles that will also be incorporated into 

the journal's Policy and Guide for Authors and Reviewers. 

The future of Geography is not only technical. It is technical, learning-enabled, critically 

supervised and directed from postfactum explanation towards antefactum anticipation. 
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EDITORIAL NOTE: A JOURNAL POLICY FOR RESPONSIBLE AI USE 

Geographia Technica permits the responsible use of artificial intelligence and AI-assisted 

technologies in geographical research and manuscript preparation. AI systems must not be listed as 

authors. Authors must disclose the name of the tool, the model or version, the purpose of its use and 

the stages of the research or writing process in which it was employed. Human authors remain fully 

responsible for the accuracy, originality, references, interpretation and ethical compliance of the 

submitted work. 

When AI is used in data processing, modelling, coding, image generation or modification, or 

visualisation, its use must be described in sufficient detail in the Methods section to permit scientific 

evaluation and, where possible, reproducibility. AI-generated or AI-modified visual material must be 

explicitly identified. 

Editors and reviewers must not upload confidential manuscripts, figures, datasets, 

correspondence or review materials to external AI systems unless the tool has been expressly 

authorised by the journal and appropriate confidentiality and data-protection safeguards are in place. 

Any authorised use of AI during peer review must be disclosed to the responsible editor. 

This policy supplements the journal's existing adherence to COPE principles and its rules 

concerning authorship, originality, plagiarism, conflicts of interest and confidentiality. It will be 

published as a distinct, publicly accessible and versioned section of the journal's Policy and Guide for 

Authors and Reviewers. 

 

DECLARATION OF AI-ASSISTED WORK 

The inverted retrospective paradigm, the selection of the seven case studies, the geographical and 

epistemological framing, the editorial argument and the final conclusions were conceived, critically 

evaluated and approved by the author. OpenAI's ChatGPT, operating in Pro mode and powered by 

GPT-5.6 Sol Pro, was accessed on 23 July 2026 and used in an iterative dialogue to examine the seven 

published studies; propose AI-enhanced methodological alternatives; compare their potential 

contributions; organise the cross-case synthesis; and assist with drafting and linguistic refinement. 

The AI system was not treated as an autonomous source of scientific evidence or as an author. All 

factual claims, methodological descriptions, references and interpretations were reviewed and verified 

by the author. AI-generated suggestions were accepted, modified or rejected according to the author's 

scientific judgment. The author assumes full responsibility for the accuracy, integrity, originality and 

final content of the published Letter. 
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ABSTRACT 

This study presents a deep learning (DL)-based flood detection framework for Phra Nakhon Si 

Ayutthaya Province, Thailand. The framework integrates U-Net architecture with three encoder 

variants-ResNet50, ResNet101, and ResNet152-using synthetic aperture radar (SAR) imagery from 

the Sentinel-1 satellite. Model performance is assessed through statistical metrics including accuracy, 

precision, recall, F1-score, Dice Loss, intersection over union (IoU), and computational time. The U-

Net model with a ResNet101 encoder achieved the best performance, with an accuracy of 91.5%, F1-

score of 0.886, Dice Loss of 0.116, and IoU of 86.8%, requiring about 24 minutes of training. Despite 

longer training, the ResNet101-based U-Net substantially enhances flood detection accuracy, 

highlighting its value as a reliable tool for real-time monitoring and rapid response in flood-prone areas 

of Thailand.  

Key-words: Flood Detection; SAR Images; U-Net; ResNet; Phra Nakhon Si Ayutthaya Province 

 

 

1. INTRODUCTION 

 

Climate variation has expanded the frequency and severity of natural disasters, especially in 

Southeast Asia. Flooding is a hazard that poses a significant threat to life and property. Among the 

countries in this region, Thailand experiences flooding almost every year. Particularly prevalent in 

the lowland terrain, Phra Nakhon Si Ayutthaya Province frequently experiences flooding in many 

areas. Floods rank among the most destructive natural disasters. Floods consistently generate 

widespread social and economic challenges across diverse regions, all over the world. Over the past 

few decades, flood events have become more frequent and more severe (Fakhri & Gkanatsios, 2025; 

Wang & Feng, 2025).  

Climate change, which is resulting in shorter-duration and more intense rainfall, is an influential 

factor driving this trend. Research indicates that in many parts of the world, the number of areas 

susceptible to frequent floods is growing (Misra et al., 2025). According to a recent study, water-

related disasters made up 48.2% of all disaster events (159 events), more than meteorological disasters 

(32.1%), climatic disasters (10%, 33 events), and geological disasters (9.7%, 32 events) combined 

(Sibandze et al., 2025). These figures demonstrate that floods continue to pose a serious threat to the 

world, especially in light of changing urban land use and environmental conditions. Flooding is also 

a significant concern in Southeast Asia. Geographical, climatic, and socioeconomic factors all 

contribute to this vulnerability (Birkmann, 2010; Torti, 2012). Flooding in Thailand has had a 

profound social and economic impact, destroying many homes and causing extensive property 

damage. 
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The southwest and northeast monsoons greatly impact Thailand’s  climate, resulting in periods 

of high rainfall (Gale et al., 2013). Flooding is made worse by regular and extended rainfall, which is 

a major contributor to river bank overflows and inundation in the surrounding areas (Loc et al., 2020). 

In 2011, many provinces in Thailand were hugely affected. Phra Nakhon Si Ayutthaya Province, 

in particular, considerably suffered profound social and economic disruption. According to a report 

by the Dutch Expertise Network for Flood Protection (DENFP), two people were killed and about 

6,000 households were impacted by the 400–500 million baht in infrastructure damages (Ghozali et 

al., 2016). Because of its lowland terrain and the presence of multiple major rivers, Phra Nakhon Si 

Ayutthaya Province is most vulnerable to flooding that occurs almost annually (Munpa et al., 2022; 

Hirabayashi et al., 2013). When water levels rise above the river capacity, areas like Phak Hai, Bang 

Sai, Bang Ban, Sena, and Phra Nakhon Si Ayutthaya districts become flood-retention areas. Planning, 

managing, and reducing the effects all depend on the detection of floods (Wang et al., 2022). 

Bentivoglio et al. (2022) reported that traditional assessment techniques suffer from several 

drawbacks, including limited accuracy across vast regions, high labor demands, and time inefficiency, 

thereby highlighting the need for more efficient and scalable approaches to flood detection.  

In order to overcome the disadvantages of traditional techniques and enhance performance, 

artificial intelligence (AI) techniques such as machine learning (ML) and deep learning (DL) have 

been increasingly applied in various fields, such as biomass calculation and carbon sequestration 

(Angkahad et al., 2024; Angkahad et al., 2025), medical diagnosis (Yang et al., 2021), including water 

analysis and flood detection (Magyari-Sáska et al., 2025 ; Shoko & Dube, 2024). Disaster risk 

assessment is one of the many fields that currently use DL techniques (Melgar-García et al., 2023). 

The processing of spatial data and its application to geographic information is particularly promising 

for convolutional neural network (CNN) architectures (Intarat et al., 2024). 

Regarding the generalization of trained models, DL models still present imperfections. This 

limitation leads to significant variability when the models are applied across different regions or 

topographies (Liu et al., 2025). The goal of this work is to improve model performance by applying 

both U-Net architecture and a CNN designed explicitly for image segmentation to Synthetic Aperture 

Radar (SAR) data from Sentinel-1 satellites, which are commonly used in hydrological studies (Haidu 

et al., 2024) and function continuously, both day and night and under all weather conditions (Pech-

May et al., 2023; Zhang et al., 2020). This combination will increase the model’s  capacity to detect 

flooded areas accurately and generate efficient training data.  

This study aims to address these challenges by developing and evaluating a DL-based flood 

detection framework that integrates the U-Net architecture with multiple encoder variants (ResNet50, 

ResNet101, and ResNet152) using Sentinel-1 SAR imagery. The models are trained to differentiate 

between flooded and non-flooded areas at the pixel level by combining VV, VH, and VV–VH 

composites with a water index for labeling. The efficacy of these encoder configurations is compared 

using a variety of statistical measures, including precision, recall, F1-score, Dice Loss, and 

Intersection over Union (IoU), as well as computational efficiency. This strategy not only tackles 

issues regards computing cost and model generalization, but also enhances flood detection accuracy, 

providing a solid foundation for operational flood monitoring in complex lowland areas. 

2. STUDY AREA 

The province of Phra Nakhon Si Ayutthaya is in the middle of Thailand, about 75 kilometers 

north of Bangkok, covering 2,547.62 square kilometers between 14°6.8450' to 14°40.2925' N and 

100°12.7623' to 100°49.3908' E. It borders Ang Thong and Lop Buri to the north, Saraburi to the east, 

Pathum Thani, Nonthaburi, and Nakhon Pathom to the south, and Suphan Buri to the west (Fig. 1). 

The province’s land is mostly lowland terrain (2 to 20 meters elevation) intersected by three major 

rivers (Chao Phraya, Pa Sak, Lopburi) and numerous canals that support irrigation, transportation, 

and flood drainage. The average temperature in Phra Nakhon Si Ayutthaya is about 28.4 °C all year 

round, summer peaks above 40 °C, and annual rainfall of 1,000–2,000 mm, with most of it falling 

between May and October, resulting in a tropical savanna climate. 
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Fig. 1. The study area: Phra Nakhon Si Ayutthaya Province, Thailand. 

The province is one of Thailand’s leading agricultural and industrial hubs, with numerous rice 

paddies and several large industrial estates that contribute significantly to the country’s manufacturing 

output. It is also of cultural and historical importance as the site of the ancient Ayutthaya Kingdom, 

a UNESCO World Heritage Site. However, its extensive lowlands, dense river network, and rapid 

urban-industrial growth make the area highly prone to severe flooding during the monsoon season, 

providing a critical case study for flood detection and risk management in Thailand’s central plains.  

3. DATA AND METHODS 

3.1. Remote sensing (RS) data 

This study selected Sentinel-1 SAR data operated by the European Space Agency (ESA) in 

ground range detected (GRD) format on September 28, 2024, derived from the Google Earth Engine 

platform. The imagery was already pre-processed through four main steps: thermal noise removal, 

radiometric calibration, terrain corrections, and speckle filtering (Ponmani & Saravanan, 2021). This 

imagery includes both VV and VH polarization. To give the model more information, VV, VH, and 

VV-VH polarization overlays were added. Then, we calculated the water index (WI) as a criterion for 

thresholding in our study area (Wu et al., 2023). The threshold is set between 0.2 and 2. It enables us 

to distinguish between flooded and non-flooded areas in SAR imagery during flood events. WI can 

be expressed as in Eq. (1): 

 
𝑊𝐼 = ln(10 × 𝑉𝐻 × 𝑉𝑉) − 8                                                 (1) 

where WI represents water index, VH and VV refer to Sentinel-1 SAR polarizations.  
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Fig. 2. Sentinel-1 SAR imagery showing four acquired samples used for model training (red bounding boxes). 

 

The aforementioned method facilitated a preliminary distinction between flooded and non-

flooded areas, which was subsequently used to assist in generating labels for the dataset. To enhance 

accuracy and reduce the time required for computation, four representative sites within Phra Nakhon 

Si Ayutthaya Province were delineated (Fig.2). The results obtained from WI calculations along with 

SAR imagery with overlaid with VV, VH, VV-VH polarizations were employed to construct dataset 

for model training and testing. The sample areas encompassed diverse land cover types, including 

flood-prone zones and riverine areas. In addition, the samples were spatially distributed to improve 

the model’s robustness and accuracy (Wu et al., 2023). 

All experiments were conducted on a high-performance workstation equipped with an Intel Xeon 

E5-2696V2 2.5 GHz processor, 128 GB of RAM, and an NVIDIA GeForce GTX 1080 Ti GPU with 

11 GB of VRAM. The system ran Ubuntu 24.04 LTS, which is compatible with deep learning 

workflows and provides a stable and optimized environment. This setup enabled the quick processing 

of large Sentinel-1 SAR datasets, reducing the time required to train the models. 

3.2. U-Net model 

CNNs are the foundation of the deep learning architecture known as U-Net (Ronneberger et al., 

2015). It is intended for pixel-level image segmentation (Konovalenko et al., 2022; Liu et al., 2020), 

especially for applications that call for accurate spatial delineation. The two primary components of 

U-Net’s   structure are the encoder (contracting path), which uses convolution, ReLU activation, and 

Max Pooling to extract deep image features and reduce the image’s   dimensionality, plus the decoder 

(expanding path), which upscales the image using transposed convolution and uses skip connections 

to connect the data to the original encoder layer (Melgar-García et al., 2023). 
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Fig. 3. The structure of U-Net: encoder-decoder with skip connections for image segmentation. 

In Fig. 3, the U-Net’s  architecture is illustrated. In such an architecture, meaningful spatial 

information is preserved. It also improves the effectiveness of segmentation. According to Zhou et al. 

(2018), the outcome offers a very detailed segmented imagery that enables the U-Net to identify 

complex regions precisely. 

U-Net has the advantage of being able to preserve spatial details and function effectively with a 

small dataset. It can also be applied to both optical and SAR imagery, including Sentinel-1 and 

Sentinel-2 (Konapala et al., 2021; Muszynski et al., 2022; Zhao et al., 2022). In addition, U-Net has 

demonstrated exceptional efficacy in flood mapping, particularly when applied to SAR imagery, 

which is weather-independent and capable of acquiring data both day and night. For instance, Ghosh 

et al. (2024) used Sentinel-1 SAR data to create a U-Net model for flood mapping. They discovered 

that it could precisely detect flooded areas even when there was cloud cover. Similarly, in order to 

map floods from high-resolution satellite data for prompt disaster response, Bonafilia et al. (2020) 

created a flood mapping model (FMM) based on U-Net architecture. When Dhanabalan et al. (2021) 

combined Sentinel-1 and Sentinel-2 data with a U-Net, they were able to monitor flooded areas in 

Kerala, India, with greater accuracy than conventional methods. According to its capabilities, U-Net 

can effectively apply Sentinel data, preserve spatial data in regions with complex terrain, and precisely 

determine flood extents. 

3.3. ResNet encoder 

The vanishing gradient and network degradation issues that are frequently present in deep models 

can be resolved by the DL architecture ResNet (He et al., 2016). The Residual Block, which consists 

of learning sub-functions and shortcut connections or identity mapping that enable the input to be 

passed straight to the next layer, is the primary mechanism of this architecture (Liu et al., 2023). The 

output is then obtained by adding the results of the sub-functions. This method enhances the training 

stability of networks with hundreds of layers. It makes deep model training more effective (He et al., 

2016; Zhong et al., 2017). 

ResNet architecture has been designed in multiple versions, including ResNet50, ResNet101, and 

ResNet152 (Intarat et al., 2024). The capabilities of ResNet include its fast convergence, complex 
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hierarchical feature learning, adaptability to further development into better architectures like 

ResNeXt or Attention-ResNet, and its ability to be applied to very deep networks without gradient 

loss (Yang et al., 2022; Hassan & Maji, 2024; Intarat et al., 2024). Some drawbacks include high 

computational resource demands, the risk of overfitting with limited training data, and the need for 

structural adjustments when handling temporal data. Due to its proven ability, ResNet was 

incorporated into our U-Net model to learn complex deep features, adapt to varying resource 

constraints when determining model depth, and perform well across diverse image processing tasks. 

These advantages make ResNet a strong choice for tasks requiring both effective hierarchical deep 

learning and spatial precision. 

3.4. Hyperparameter tuning 

Tuning hyperparameters is an important step that can significantly improve the performance of 

the DL model. These hyperparameters define the model’s architecture and learning process 

parameters (Mukherjee et al., 2024). In Table 1, the initial hyperparameters used in our study are 

shown. Correctly defining the retirees’ demarcation may help the model learn more effectively from 

limited input data. It can also reduce the risk of overfitting or underfitting and improve the model’s   

generalization when applied to other datasets. 
 

Table 1. 

 Hyperparameters of the U-Net model used in this study. 

Hyperparameter Detail 
Input shape 128 × 128 pixel 
Batch size 32 
Optimizer Adam 

Loss function Dice loss 
Activation function Sigmoid 

Epoch 500 
Encoder ResNet50, ResNet101, and ResNet152 

Encoder weight ImageNet 
 

According to Table 1, initial hyperparameters were set to train three models using different 

encoder architectures e.g. ResNet50, ResNet101, and ResNet152; hyperparameter tuning results in 

spatial details preservation and significant accuracy improvement. Lee et al. (2022) suggested that 

tuning the patch size, kernel size, and model structure provides higher precision and reduces 

validation loss significantly. Das et al. (2022) found that considering an appropriate optimizer and 

loss function can accelerate convergence and increase segmentation efficiency. Systematic 

hyperparameter fine-tuning not only helps increase the model’s   precision but also provides reliability 

and repeatability. 

3.5. Model training and testing 

According to information obtained in the previous step, the dataset was created by slicing the 

images into 128 x 128 pixels tiles. Then, these tiles were split into two sets: 80% for training and 20% 

for testing (Sazara et al., 2019). After the training, the model was used to predict and discriminate 

between flooded and non-flooded areas across the entire area. To evaluate the model’ s performance, 

the confusion matrix was associated with and delivered accuracy (Eq. (2)), precision (Eq. (3)), recall 

(Eq. (4)), and F1-score (Eq. (5)) (Amitrano et al., 2024). Each metric was calculated using true 

positive (TP), true negative (TN), false positive (FP), and false negative (FP) and expressed, 

accordingly: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (2) 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
    (3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
     (4) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
2 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
    (5) 

 
The model’ s performance was also evaluated using the Dice Loss method (Pech-May et al., 

2024), as it reflects accurate image segmentation, by comparing the overlap between predicted results 

and the ground truth. We also applied the IoU method (Eq. (6)) in the four sample areas mentioned 

earlier to examine the overlap between the predicted area and the actual ones (Safarov et al., 2022).  

 

𝐼𝑜𝑈 =
|𝐴 ⋂ 𝐵|

|𝐴 ⋃ 𝐵|
     (6) 

 

where 𝐴   refers to the predicted flood area and 𝐵   reveals the actual flood area.  

IoU lies between 0 and 1 (0 - 100%): a value close to 1 indicates high predictability of the model. 

IoU can also estimate positional accuracy and completeness in flood segmentation (Mosinska et al., 

2018; Jamali et al., 2024). The comparison also included the evaluation of training time. 

4. RESULTS 

4.1. Model evaluation and comparison 

Herein, we thoroughly tested the performance of the U-Net models that used ResNet50, 

ResNet101, and ResNet152 encoders using a variety of performance metrics, such as accuracy, 

precision, recall, F-1 score, and Dice Loss. Table 2 presents a detailed summary of how well the 

model worked. 
Table 2.  

Evaluation Results of U-Net Models with ResNet50, ResNet101, and ResNet152 encoders. 

Metric ResNet50 ResNet101 ResNet152 
Accuracy 0.9164 0.9154 0.9100 
Precision 0.8790 0.8617 0.8476 

Recall 0.8736 0.9118 0.9148 
F1-score 0.8858 0.8860 0.8799 
Dice Loss 0.1149 0.1161 0.1233 

  

As shown in Table 2, the ResNet50 encoder achieved the highest overall accuracy (0.9164), 

surpassing ResNet101 (0.9154) and ResNet152 (0.9100). It also exhibited the highest precision 

(0.8790), indicating superior ability to identify flooded areas while minimizing misclassification of 

non-flooded pixels. ResNet101 and ResNet152 followed with precision scores of 0.8617 and 0.8476, 

respectively. In contrast, the recall scores displayed a different pattern: ResNet152 achieved the 

highest recall (0.9148), followed by ResNet101 (0.9118), with ResNet50 slightly lower at 0.8736. 

The F-1 scores, which balance precision and recall, proved to be similar across models. The 

ResNet50 and ResNet101 encoders achieved almost identical scores (0.8858 and 0.8860, 

respectively), whereas the ResNet152 model scored slightly lower (0.8799). The ResNet50 model had 

the lowest Dice Loss value (0.1149), followed by ResNet101 (0.1161) and ResNet152 (0.1233). Dice 

Loss is inversely related to segmentation accuracy, so lower values mean better performance. As such, 

it supports the idea that the ResNet50 encoder provides the best overall segmentation performance. 

In Fig.4, the evaluation of ResNet encoder performance is presented. In Figs. 5-9, all statistical 

metrics are exhibited.  



 Kritchayan INTARAT, Phatsachon KUANKHAMNUAN and Woraman JANGSAWANG / FLOOD … 8 

 

 
Fig. 4. Examples of U-Net model predictions using ResNet50, ResNet101, and ResNet152 encoders,  

showing that ResNet101 provides the most accurate predictions. 
 

In Fig. 4, the U-Net model is illustrated detecting floods in Sentinel-1 SAR imagery using three 

encoder configurations: ResNet50, ResNet101, and ResNet152. Each panel displays the predicted 

flooded and non-flooded areas overlaid on the study area, making it straightforward to witness how 

well the segmentation works at different encoder depths. Results demonstrate that the ResNet101 

encoder produces the most accurate and spatially consistent predictions. It draws flood boundaries 

with greater precision and fewer blunders than the ResNet50 and ResNet152 configurations. The 

visual observations correspond to the testing values in Table 2, which reveal that the ResNet101-

based model had the best balance between recall and F1-score, supporting its overall superior 

performance. Figs. 5-9 illustrate the training performance of U-Net models with ResNet50, 

ResNet101, and ResNet152 encoders. Overall, the curves show how the models converged and 

balanced segmentation trade-offs. In Fig. 5, all three models improved at making accurate predictions 

over time, with variability decreasing significantly after the first few iterations. ResNet101 encoder 

had the most stable and consistent accuracy trajectory. In Fig. 6, the precision curves exhibit greater 

variation than the accuracy curves, particularly during the early epochs to improved at making 

accurate predictions, while ResNet101 encoder exhibited the most consistent precision. 

In contrast, Fig. 7, the recall curve was more stable for ResNet50, suggesting reliable detection 

of flooded areas, though with a higher false-positive rate, resulted in a lower overall recall compared 

to ResNet101 and ResNet152. Fig. 8 presents the F1-score curves, which reflect the balance between 

precision and recall, even ResNet50 showed the lowest variance, ResNet101 achieved the highest 

overall F1-score. Finally, Fig.9 presents the Dice Loss curves, with the ResNet50 encoder exhibiting 

the lowest and most stable values, indicating its ability to consistently delineate boundaries. 

In Table 3, IoU performance for the four sample areas is presented. The ResNet101-based U-Net 

model achieved the highest average IoU (86.84%). It also achieved the highest IoU in samples 1, 3, 

and 4 (94.86%, 94.61%, and 65.26%, respectively). Although ResNet152 attained the best IoU in 

sample 2 (94.53%), ResNet101 demonstrated the highest and most consistent overall IoU 

performance. 
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Table 4 reports the time comsumption of each model training. The computational overhead of 

ResNet152 (32 min) was considerably higher than that of ResNet50 (22 min 14 sec) and ResNet101 

(24 min 4 sec). This underscores the operational cost of employing excessively deep encoders in near-

real-time applications. 

4.2. Map of flooded areas in Phra Nakhon Si Ayutthaya Province 

The U-Net model with the ResNet101 encoder generated flood maps for Phra Nakhon Si 

Ayutthaya Province on October 28, 2024. In our evaluation, it offered the best overall balance 

between precision, recall, and IoU. In Fig.10, the spatial distribution of the detected inundation is 

shown. Extensive flooding was observed in the eastern and northern regions of the province—

specifically, the districts of Phak Hai, Bang Sai, Bang Ban, and Sena. These areas correspond to 

agricultural zones and low-lying floodplain regions, which act as natural retention basins when water 

levels rise above the capacity of the riverbanks. 

Fig. 10. Flood detection map in the study area on October 28, 2024. The blue areas represent regions 

identified as flooded based on U-Net model with ResNet101 encoder. 



13 

 

   

 

5. DISCUSSIONS 

The flood detection model for Phra Nakhon Si Ayutthaya Province was constructed by 

integrating the ResNet architecture into U-Net, trained by SAR imagery classified into flooded and 

non-flooded areas. SAR data offers detailed spatial information and is unaffected by cloud cover, 

making it particularly suitable for flood mapping. Reducing the model’s   runtime by selecting only 

four study areas from the entire province contributed to improving detection efficiency. Overall, the 

U-Net model with ResNet101 encoder demonstrated the highest performance. The model performed 

well across all evaluation metrics, particularly with significantly higher recall and F1-score than 

ResNet50 and ResNet152, compared to other evaluation metrics. Additionally, the U-Net model with 

ResNet101 encoder achieved the highest average IoU and required only 2 min more runtime than 

ResNet50. The results from experiments with different ResNet encoders indicate that, although the 

ResNet50-based model benefits from the shortest runtime, its relatively shallow architecture may 

limit its ability to fully capture the data in certain cases. On the other hand, ResNet152, the deepest 

network of the three networks, may make the model unnecessarily complex and encounter overfitting 

problems as well as requiring the longest runtime, which can be a problem when dealing with large 

datasets or time-sensitive tasks. These results suggest that deeper encoders, such as ResNet101 and 

ResNet152, may be more effective at capturing flooded areas comprehensively, but this advantage 

can come at the cost of lower accuracy, resulting in more false positives.  

However, the U-Net model with the ResNet101 encoder may not always outperform ResNet50 

or ResNet152, particularly when hyperparameter tuning—such as increasing the number of training 

epochs—is considered. Such tuning often entails higher computational cost and longer processing 

time. Therefore, the availability of computational resources, model efficiency, and runtime 

requirements should be considered when selecting an appropriate model. In this study, the model did 

not achieve perfect accuracy in flood detection (Fig. 11). To further enhance performance, future 

research could investigate advanced deep learning approaches, such as multi-scale DeepLab (Wu et 

al., 2022). 

Fig. 11. Example of imperfect predictions using U-Net model with ResNet50, ResNet101, and ResNet152 

encoders. 
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Additionally, using training data with higher resolution and accuracy could contribute to better 

model generalization (Ardohain & Fei, 2025). Incorporating multi-event and multi-temporal datasets 

can also enhance model performance (Magyari-Sáska et al., 2025) by capturing flood dynamics under 

diverse hydrological and environmental conditions. Such data could reduce event-specific bias and 

enhance the model’s   transferability to unseen flood scenarios or areas with different hydrological or 

topographic characteristics. (Wu et al., 2023). Future work should be integrated with temporal 

analysis, such as comparing SAR images from pre-flood and flood periods, to detect changes in 

surface water extent and identify only flooded areas (Yadav et al., 2022). 

Moreover, the findings of the present study indicate that ResNet-101 often provides an optimal 

balance between network depth and generalization performance in image classification tasks. Similar 

patterns have been observed in previous studies (Pan et al., 2023; Shokati et al., 2025; Ait EI Asri et 

al., 2023) which found that ResNet101 achieved superior performance and often struck a good balance 

between feature extraction and the prevention of overfitting (He et al., 2016; Liu et al., 2020). 

compared with ResNet50 and ResNet152, despite not being the deepest architecture. These results 

highlight that a more complex model does not guarantee better performance (Pan et al., 2023) and 

may not work as well for segmentation tasks with SAR data (Pech-May et al., 2023). Although 

ResNet50 demonstrated the lowest training loss among the tested architectures, its performance on 

the validation set was markedly lower than that of ResNet101. This outcome suggests that ResNet50 

being relatively compact and shallow was prone to overfitting and incapable of capturing complex 

and subtle patterns (Pan et al., 2023; Li et al.,2022). Taken together, these findings provide further 

evidence that ResNet101 offers a robust and efficient architecture for image-based detection tasks.  

During prediction testing, model performance was evaluated using IoU. ResNet101 achieved 

outstanding performance, with an IoU of 86.84%, demonstrating superior predictive capability. Such 

a model provided the best results for the samples within area boundaries one, three, and four (see the 

red boundaries in Fig.2). In contrast, the sample in boundary two is aligned with the ResNet50 

encoder. 

However, based on model evaluation, the ResNet152 encoder achieved the highest recall 

(0.9148) but underperformed in precision (0.8476) and overall IoU. This issue reflected a tendency 

to over-segment flooded areas and introduce false positives. This finding aligns with previous studies, 

which emphasize that very deep encoders can increase model complexity and training time without 

proportionally improving segmentation quality (Bonafilia et al., 2020; Liu et al., 2020). ResNet152 

also required the longest computational time compared to the other encoders (Table 4), highlighting 

the trade-off between encoder depth and computational efficiency. Deeper networks introduce 

additional overhead without necessarily improving segmentation performance.  

This study demonstrates that our flood detection model is capable of accurately delineating flood 

extents. The generated flood maps can be integrated into existing disaster management frameworks 

in Thailand, such as Thailand Incident Command System of the Department of Disaster Prevention 

and Mitigation (DDPM). Such integration has the potential to support spatial decision-making and 

strengthen operational response during flood events. To enable the developed model to be effectively 

deployed in real-world scenarios, improvements in computational infrastructure, processing, and data 

storage capabilities are required. The effectual model includes the use of higher-performance servers 

or workstations, particularly for larger datasets, especially when extending analyses to a national 

scale. Furthermore, addressing computational latency is crucial to ensure timely decision-making 

during flood events. To address the limitations arising from computational time, adopting models with 

lower architecture complexity yet comparable performance, such as ResNet50, may provide a 

practical solution. This approach would help reduce computational latency and resource demand, 

thereby improving the feasibility of real-time deployment.  

 By systematically comparing three encoder depths, we demonstrated that the ResNet101-based 

U-Net represents the best choice for mapping floods in complex lowland areas such as Phra Nakhon 

Si Ayutthaya Province. These results address a key research gap by providing a robust and 

generalizable deep learning model capable of balancing accuracy, stability, and computational 

efficiency in flood detection. This study provides novel insights into optimizing U-Net architectures 
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for flood mapping using SAR imagery through the evaluation of different encoder depths. The results 

are applicable to large-scale flood monitoring and the strategic planning of emergency response 

operations. 

 

6. CONCLUSIONS 

This study developed a U-Net-based flood detection framework for Phra Nakhon Si Ayutthaya 

Province, using Sentinel-1 SAR imagery combined with ResNet-50, ResNet-101, and ResNet-152 

encoders. Results demonstrated that the ResNet-101 encoder offered the best balance between 

segmentation performance and computational efficiency, making it the optimal choice for operational 

flood mapping.  

The flood maps constructed for the October 2024 event aligned with past flood patterns and 

successfully identified the province’s   most at-risk areas, underscoring the model’s   reliability for 

hazard assessment.  

From a practical perspective, the proposed framework is scalable and provides an effective means 

for near real-time flood monitoring, thereby aiding disaster management. Future research should 

explore multi-temporal SAR data, integration with optical and LiDAR sources, and advanced 

architectures to further enhance generalization and boundary detection in complex environments. 
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ABSTRACT 

This study aims to map and quantify Land Use/Land Cover (LULC) change across 2025, 2029, and 

2039 to develop a Frequency Ratio (FR) based landslide hazard model, to integrate LULC projections 

with key environmental parameters, and to delineate priority hotspot areas for mitigation based on 

scenario-specific susceptibility patterns. This study applies a quantitative, spatial approach to examine 

how LULC change reshapes landslide risk. Supervised classification was performed to produce the 

2025 LULC map, which serves as the base year for projection. Future LULC (2029, 2039) was 

simulated using Cellular Automata–Markov Chain (CA–MC) formulations. A Random Forest (RF) 

model was used to predict Landslide Potential (LP) based on environmental variables and distance to 

mapped landslides. The results show primary forest is projected to decline steadily across the 2025, 

2029, and 2039 years. The LULC maps achieve overall accuracies of 0.92 (2025), 0.88 (2029), and 

0.86 (2039). The high-hazard class increases from 4,273.29 ha (8.90%) in 2025 to 4,782.06 ha (9.96%) 

in 2029 (+508.77 ha; +1.06 percentage points), and to 5,041.89 ha (10.50%) in 2039 (+259.83 ha; 

+0.54 percentage points). Combined, the moderate + high categories grow from 10,271.25 ha (21.39%) 

in 2025 to 15,590.11 ha (32.47%) in 2029 (+5,318.86 ha; +11.08 percentage points), and to 16,155.00 

ha (33.65%) in 2039 (+564.89 ha; +1.18 percentage points). Landslide-potential models yield Area 

Under the Curve (AUC) of 0.95 (2025), 0.87 (2029), and 0.84 (2039). The results indicate a clear and 

coherent trajectory linking LULC change to evolving landslide susceptibility in the Kambang 

watershed. To mitigate future risks, priority actions should include protecting steep-slope forests, 

deploying deep-rooted revegetation and targeted slope stabilization, upgrading surface–subsurface 

drainage on hillslopes and along access roads, and incorporating the 2025/2029/2039 susceptibility 

maps into risk-sensitive spatial planning. 
 

Keywords: LULC; Landslide; Susceptibility; Cellular Automata–Markov Chain (CA–MC); Random 

Forest; Watershed.  

1. INTRODUCTION 

Recent global environmental change is accelerating transformations that reverberate through 

human systems and ecosystems, and Land Use/Land Cover (LULC) dynamics are central to these 

shifts (Naeem et al., 2025; Van Toor et al., 2024; Beroho et al., 2025; Ikhwan et al., 2025). Human-

driven LULC alters surface energy and moisture exchanges, redirects hydrological responses, and can 

undermine ecological stability, which is increasingly documented through advances in classification, 

fraction estimation, and spatiotemporal mapping (Patel et al., 2024; Febriandi et al., 2025).  
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The resulting disasters impose substantial costs, including damage to assets, interruptions to 

livelihoods, and, at worst, loss of life, which underscores the need to anticipate how today’s LULC 

trajectories may shape tomorrow’s hazard landscape (Chowdhury et al., 2024; Es-smairi et al., 2023). 

Among the hazard types that are most sensitive to LULC and extreme rainfall, landslides are 

particularly prominent. Vegetation removal, slope modification, and altered drainage pathways can 

destabilize hillslopes, and the impacts often peak during wet seasons and in forested terrains where 

management choices strongly influence outcomes (Asada et al., 2024; Asmare, 2023). In many 

tropical settings, intense precipitation coincides with steep relief and rapid land transformation, which 

creates recurrent susceptibility hotspots that threaten communities and critical lifelines (Chowdhury 

et al., 2024; Es-smairi et al., 2023). These conditions motivate integrated assessments that connect 

evolving land mosaics to spatiotemporal changes in slope stability. 

Situated immediately south of Padang City in Pesisir Selatan Regency, the Kambang River Basin 

exemplifies these challenges. Recurrent landslides disrupt mobility along the western corridor that 

links West Sumatra and Bengkulu, and they also result in fatalities and property losses in exposed 

settlements. The areas of Kambang Utara and Kambang Timur are frequently affected, which 

highlights the need for site-specific analysis and forward-looking planning that can guide both local 

preparedness and regional connectivity strategies. Because consequences in Kambang span household 

damages and interprovincial flows, the basin constitutes a priority landscape for integrated hazard 

assessment and targeted mitigation. A substantial body of literature addresses each component of this 

problem. On the LULC side, recent work advances prediction and monitoring through Cellular 

Automata–Markov Chain (CA–MC) and machine-learning pipelines, remote-sensing fraction 

estimation, and multi-scenario coupling with climate and hydrology models (Girma et al., 2022; 

Naeem et al., 2025; Beroho et al., 2025; Febriandi et al., 2025; Ikhwan et al., 2025). On the landslide 

side, studies compare and combine statistical and machine-learning approaches, including Frequency 

Ratio (FR). Shannon entropy, logistic regression, Random Forest (RF), and ensemble evidence 

frameworks to map susceptibility and evaluate model skill (Es-smairi et al., 2023; Chowdhury et al., 

2024; Roy et al., 2023). Despite these advances, a notable gap persists because LUCC modeling and 

landslide mapping are often performed in parallel rather than explicitly linked so that projected LULC 

under future time years can drive dynamic susceptibility updates and reveal risk frontiers under 

plausible landscape trajectories (Triyatno et al., 2023). 

This study responds to that gap by integrating forward LULC projections with landslide hazard 

modeling for the Kambang watershed. Multiple years, namely 2025, 2029, and 2039, capture near-

term, medium-term, and longer-term trajectories that are consistent with planning cycles, while 

environmental variables represent controlling factors for slope stability and runoff. By coupling 

projected land transformations with hazard estimates, the analysis identifies where susceptibility may 

intensify, remain stable, or diminish, and this information supports the timing and prioritization of 

interventions such as vegetation management, slope stabilization, drainage improvements, and land-

use regulation (Roy et al., 2023; Asada et al., 2024). The practical value is twofold, because 

communities in Kambang Utara and Kambang Timur can use forward-looking maps to prepare ahead 

of peak rainy seasons. Local as well as provincial authorities can target spatial planning, infrastructure 

maintenance, and investment in ways that steadily reduce exposure and vulnerability (Chowdhury et 

al., 2024; Es-smairi et al., 2023). Accordingly, this study aims to map and quantify LULC change 

across 2025–2029–2039, to develop an FR-based landslide hazard model, to integrate LULC 

projections with key environmental parameters, and to delineate priority hotspot areas for mitigation 

based on scenario-specific susceptibility patterns. The novelty of this study lies in the dynamic 

coupling of forward LULC projections generated by a CA–MC framework with landslide-

susceptibility modeling (FR/RF) at matched planning years (2025, 2029, 2039). In contrast to studies 

that treat LUCC and landslide mapping separately or at a single year without feeding projected 

mosaics into hazard models, this approach explicitly links projected land-change trajectories to 

evolving hazard and validates the chain year by year. 
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2. STUDY AREA 

The study was conducted in the Kambang watershed of Pesisir Selatan Regency, immediately 

south of Padang City (West Sumatra, Indonesia). The basin extends between approximately 

100°41'00"–100°57'30" E and 1°47'00"–1°37'00" S, covering 48,014.55 ha. The watershed contains 

steep headwater hillslopes and lower-relief footslopes and valley floors where settlements are. 

Topographically, the basin is characterized by dissected terrain with steep to very steep slopes in the 

uplands and gentler surfaces in the downstream piedmont/valley areas. Elevation varies markedly 

from near sea level to ~2,020 MASL, reflecting strong relief that channels runoff and focuses mass-

movement processes on hillslopes. The watershed includes settlements such as Kambang Utara and 

Kambang Timur and forms part of the western transport corridor connecting West Sumatra and 

Bengkulu. Recurrent landslides along steep, dissected hillslopes disrupt mobility and threaten lives 

and assets, making the Kambang basin a priority landscape for scenario-based hazard assessment and 

forward-looking mitigation.  More details can be seen in figure 1 below. 

  

 
 

Fig. 1. Study area map of the Kambang Watershed showing administrative boundaries and rivers. 

3. METHODS 

This study applies a quantitative, spatial approach to examine how LULC change reshapes 

landslide risk (Febriandi et al., 2025). The work was carried out in the Kambang watershed, ~120 km 

from Padang City, West Sumatra. Quantitatively, class-level influences are estimated with FR using 

the landslide inventory and conditioning factors (slope, rainfall, geology, geomorphology, soil), 

susceptibility is evaluated with AUC, and LULC projections for 2025/2029/2039 are produced via 

CA–MC. Spatially, these statistical relationships are applied cell-by-cell to create a baseline surface, 

then re-run with each projected LULC to generate year-specific susceptibility maps and quantify the 

reallocation among low–medium–high classes. Risk reshaping is summarized by area changes (Δ) 
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and hotspots where susceptibility increases especially where forest converts to oil palm/mixed 

orchard/dryland agriculture on steeper terrain. To maintain scope clarity, the FR-based Landslide 

Hazard Surface (LHS) (knowledge-driven) and the RF-based Landslide Potential (LP) model (data-

driven) are treated as distinct products, and their agreement is explicitly compared. 

3.1. Study setting and workflow 

The study followed three stages. More details are explained as follows. 

Pre-field. Compiled multi-temporal satellite imagery and ancillary data to build the LULC 

baseline and the environmental layers used in modeling. The image archive consisted of Landsat 5 

(2000), Landsat 7 (2009), Landsat 8 (2019), and Landsat 9 (2025) scenes. Supervised classification 

was performed to produce the 2025 LULC map, which serves as the base year for projection. 

Supporting datasets included geology, geomorphology, soil, a Digital Elevation Model (DEM) (for 

slope, elevation, and contours), and rainfall. These layers were also prepared for FR analysis and the 

landslide hazard map. All rasters were co-registered and resampled to a common grid/resolution to 

avoid spatial misalignment in subsequent modeling. 

Field. Documented landslide occurrences and collected inventory points and ground samples in 

areas affected by natural landslides. These data were used both to validate the FR-based landslide 

hazard and to train/validate the prediction model of LP by comparing the mapped hazard/potential 

with observed landslide points. To reduce positional bias, each inventory point was buffered by the 

median mapping uncertainty before sampling environmental covariates. 

Post-field. With 1) projected near-term and longer-term LULC trajectories to 2029 and 2039 with 

a CA–MC model; 2) computed FR values for each conditioning factor and produced a LHS; 3) 

developed a RF prediction of LP using environmental variables and the landslide inventory; and 4) 

assessed accuracy of both LULC and landslide-potential outputs. Training/validation used spatial block 

cross-validation, and classification thresholds were selected on the precision–recall curve to handle class 

imbalance. 

3.2. Data analysis 

LULC change modeling (CA–MC) 

Future LULC (2029, 2039) was simulated using CA–MC formulations (Badrakh et al., 2025; 

Beroho et al., 2025; Kubacka et al., 2025). A transition probability matrix P was estimated from 

historical LULC (Mondal et al., 2016; Murmu et al., 2025), and neighborhood effects were introduced 

via the cellular automata with formula. 

 

𝐒𝐭+𝟏 = 𝐟(𝐒𝐭, 𝐍)𝐒𝐭+𝟏 = 𝐏 . 𝐒𝐭𝐏 = [𝐩𝐢𝐣]                                                                                                        (1) 

 

where 𝐒 is set of LULC states, 𝐍 neighborhood, and 𝐩𝐢𝐣 transition probability from class 𝐢  𝐭𝐨  𝐣. 
Calibration used 2000→2009 and 2009→2019; validation used 2019→2025; Neighborhood and 

suitability constraints (slope, distance-to-roads/settlements) limited implausible transitions. 

LULC accuracy assessment 

Next for computed Overall Accuracy (OA), User’s Accuracy (UA), Producer’s Accuracy (PA), 

and Kappa with formula. 

 

𝐎𝐀 =
∑ =𝟏𝐃𝐢𝐢𝐫

𝐢

𝐍
, 𝐔𝐀𝐢 =

𝐃𝐢𝐢

𝐱+𝐢
, 𝐏𝐀𝐢 =

𝐃𝐢𝐢

𝐱+𝐢
, 𝐎𝐀 =

𝐍 ∑ =𝟏𝐃𝐢𝐢  − ∑ =𝟏(𝐱𝐢+𝐱+𝐢)𝐫
𝐢

𝐫
𝐢

𝐍𝟐 − ∑ =𝟏(𝐱𝐢+𝐱+𝐢)𝐫
𝐢

                                                                    (2) 

 

Validation samples were stratified per class (≥50 points/class) to avoid rare-class under-

representation.  
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Landslide hazard (FR) 

At stage quantified the contribution of slope, rainfall, geology, geomorphology, and soil using 

the FR method (Asmare, 2023; Huang et al., 2024; Zhou et al., 2021) with formula. 

 

𝐅𝐑 =
(𝐥𝐚𝐧𝐝𝐬𝐥𝐢𝐝𝐞 𝐩𝐢𝐱𝐞𝐥𝐬 𝐢𝐧 𝐜𝐥𝐚𝐬𝐬)/(𝐩𝐢𝐱𝐞𝐥𝐬 𝐨𝐟 𝐜𝐥𝐚𝐬𝐬)

𝐚𝐥𝐥 𝐥𝐚𝐧𝐝𝐬𝐥𝐢𝐝𝐞 𝐩𝐢𝐱𝐞𝐥𝐬 / 𝐚𝐥𝐥 𝐩𝐢𝐱𝐞𝐥𝐬
                                                                                              (3) 

 

FR values >1 indicate positive association with landslides; FR <1 indicates negative association. 

The Landslide-Susceptibility Map (LSM) was computed using the classic bivariate formulation: for 

each cell, the landslide score equals the sum of the log-FR across criteria (Σ ln FR). No subjective 

weighting was applied. To avoid double-counting and leakage when projecting with CA–MC, LULC 

is not included inside the FR combination. LULC effects are applied by re-evaluating susceptibility 

under projected classes with the following formula. 

 
𝐋𝐒𝐌 = 𝟎. 𝟑𝟎 𝐅𝐑𝐠𝐞𝐨𝐥𝐨𝐠𝐲  + 𝟎. 𝟑𝟎 𝐅𝐑𝐠𝐞𝐨𝐦𝐨𝐫𝐩𝐡𝐨𝐥𝐨𝐠𝐲𝟎. 𝟐𝟎 𝐅𝐑𝐬𝐨𝐢𝐥  +  𝟎. 𝟑𝟎 𝐅𝐑𝐠𝐞𝐨𝐥𝐨𝐠𝐲  +   𝟎. 𝟏𝟎 𝐅𝐑𝐫𝐚𝐢𝐧𝐟𝐚𝐥𝐥 + 𝟎. 𝟏𝟎 𝐋𝐔𝐋𝐂𝐧       (4) 

 

where  𝐋𝐔𝐋𝐂𝐧 encodes projected LULC (2029 or 2039). See also Es-smairi et al., 2023; Ahmad et 

al., 2023 for related FR-based LSM applications. 

Prediction model 

RF was built on the landslide inventory and environmental predictors (Euclidean distance to 

landslide points, slope FR, soil FR, geology FR, geomorphology FR, elevation, contours, rainfall FR) 

following established practice (Talukdar et al., 2021; Shanley et al., 2021; Williams et al., 2025). To 

preserve methodological separation and prevent target leakage, RF inputs comprised slope, curvature, 

elevation, lithology/geomorphology/soil (one-hot), rainfall climatology, and distances to 

rivers/roads/faults, plus LULC class FR-derived layers were deliberately excluded. For 

interpretability, permutation and Gini importances were computed, and SHAP values were derived 

for the final RF, together with Partial Dependence (PD) and Accumulated Local Effects (ALE) plots 

for key drivers (slope, soil, geomorphology, distance-to-rivers/roads). RF offers strong performance 

with limited tuning, robustness to mixed/noisy predictors, and out-of-bag error for fast calibration, 

and RF is retained unless AUC-PR improves by ≥0.02 with boosting. Training/validation used spatial 

block cross-validation with class-weight balancing; decision thresholds were chosen at the F1/IoU-

optimal point on the precision–recall curve.  

4. RESULTS 

4.1. LULC changes model 

The LULC changes model shows projected in the Kambang watershed by integrating the current 

LULC distribution with observed transition trends. Class-level counts, areas, and percentages for each 

year (2025, 2029, 2039). More details can be seen in table 1 below. 

Primary forest is projected to decline steadily across the years 2025, 2029, and 2039. The area 

decreases from 36,742.23 ha (76.52%) in 2025 to 35,060.67 ha (73.02%) in 2029, resulting in a loss 

of 1,681.56 ha and a 3.50 percentage point decrease. By 2039, the primary forest is projected to be 

33,310.80 ha (69.38%), indicating a further loss of 1,749.87 ha and a 3.64 percentage point decline 

relative to 2029. Secondary forest follows the same trend, declining from 4,070.07 ha (8.48%) in 2025 

to 3,821.40 ha (7.96%) in 2029 and then to 2,858.04 ha (5.95%) in 2039, which corresponds to 

successive decreases of 248.67 ha (0.52 percentage points) and 963.36 ha (2.01 percentage points). 

Oil palm shows the most pronounced gains. The area increases from 311.31 ha (0.65%) in 2025 

to 1,347.03 ha (2.81%) in 2029, an increment of 1,035.72 ha and 2.16 percentage points, and then 

rises to 3,920.49 ha (8.17%) in 2039, adding 2,573.46 ha and 5.36 percentage points. 
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Table 1 

LULC changes from 2025 to 2039. 

LULC 

LULC 2025 LULC 2029 LULC 2039 

Count Area (ha) % Count Area (ha) % Count Area (ha) % 

Primary forest 408,247 36,742.23 76.52 389,563 35,060.67 73.02 370,120 33,310.80 69.38 

Secondary forest 45,223 4,070.07 8.48 42,460 3,821.40 7.96 31,756 2,858.04 5.95 

Oil palm 3,459 311.31 0.65 14,967 1,347.03 2.81 43,561 3,920.49 8.17 

Mangrove 48 4.32 0.01 48 4.32 0.01 48 4.32 0.01 

Water bodies 2,750 247.50 0.52 2,750 247.50 0.52 2,750 247.50 0.52 

Built-up land 8,885 799.65 1.67 8,888 799.92 1.67 8,905 801.45 1.67 

Rice fields 24,710 2,223.90 4.63 24,710 2,223.90 4.63 24,710 2,223.90 4.63 

Dryland agriculture 1,160 104.40 0.22 1,371 123.39 0.26 2,362 212.58 0.44 

Bare land 4,464 401.76 0.84 4,436 399.24 0.83 3,741 336.69 0.70 

Mixed orchard 34,549 3,109.41 6.48 44,302 3,987.18 8.30 45,542 4,098.78 8.54 

TOTAL 533,495 48,014.55 100 533,495 48,014.55 100 533,495 48,014.55 100 

Source: Data analysis, 2025. 

 

Mixed orchard also grows, from 3,109.41 ha (6.48%) in 2025 to 3,987.18 ha (8.30%) in 2029 

and 4,098.78 ha (8.54%) in 2039. These increases amount to 877.77 ha (1.82 percentage points) 

between 2025 and 2029 and 111.60 ha (0.24 percentage points) between 2029 and 2039. Dryland 

agriculture expands more modestly, from 104.40 ha (0.22%) in 2025 to 123.39 ha (0.26%) in 2029 

and 212.58 ha (0.44%) in 2039, which equals gains of 18.99 ha (0.04 percentage points) and 89.19 ha 

(0.18 percentage points) across the two intervals. Built-up land shows negligible change (799.65 ha 

in 2025; 799.92 ha in 2029; 801.45 ha in 2039), with its share remaining about 1.67%. Rice fields are 

constant at 2,223.90 ha (4.63%) at all time points. Water bodies and mangrove areas are likewise 

stable at 247.50 ha (0.52%) and 4.32 ha (0.01%), respectively. Bare land declines gradually from 

401.76 ha (0.84%) in 2025 to 399.24 ha (0.83%) in 2029 and 336.69 ha (0.70%) in 2039, which 

corresponds to decreases of 2.52 ha (0.01 percentage points) and 62.55 ha (0.13 percentage points). 

Oil palm expansion concentrates on gentler terrain and valley floors where accessibility is higher. 

In contrast, conversions affecting forest classes are more common on dissected hillslopes, where 

mixed orchard and dryland agriculture extends into steeper gradients at elevations generally below 

500 MASL. These spatial patterns indicate that continued forest loss on slopes is likely to reduce 

surface stability during peak rainy seasons. More details can be seen in figure 2. 

The LULC maps achieve overall accuracies of 0.92 (2025), 0.88 (2029), and 0.86 (2039). 

Because all values exceed 0.85, the classifications meet a high-performance threshold and are suitable 

for use as inputs to the subsequent landslide-susceptibility modeling. Figure 3 shows a persistent 

contraction of primary and secondary forests from 2025 to 2039, accompanied by rapid expansion of 

oil palm and a more gradual increase in mixed orchard and dryland agriculture, whereas rice fields, 

water bodies, and mangrove remain essentially unchanged. The spatial arrangement of these 

transitions, forest loss on slopes, and agricultural expansion on gentler terrain implies increasing 

exposure of unstable areas during peak rainy seasons. This interpretation is consistent with regional 

multi-criteria hazard zoning in the Tarusan watershed, where GIS mapping highlighted higher 

susceptibility along valley floors/low-lying zones under expanding agriculture and settlement, 

reinforcing the relevance of our valley-focused oil palm gains for future exposure (Barlian et al., 

2025). Moreover, accurate terrain and exposure layers within a spatial framework materially improve 

spatial risk delineation for different hazard types with a couple of LULC projections with 

susceptibility modeling (Triyatno et al., 2024). In the study use the LULC projections are used as 

inputs to the hazard model to quantify where susceptibility is likely to intensify under the projected 

trajectories. 
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Fig. 2. Map of the spatial distribution of improved drinking water access before the disaster, showing the 

pipeline network (intake points, reservoirs, and transmission pipelines). 

4.2. Landslide hazard  

Landslide hazard indicates the potential of an area to experience landslides. In the Kambang 

watershed, it is governed by five conditioning factors, namely slope, rainfall, geology, 

geomorphology, and soil, whose class‐level effects are summarized using the FR. By definition, FR 

> 1 shows a class that is more common within landslide locations than in the landscape overall 

(positive influence), whereas FR < 1 shows a class that is less associated with landslides (negative 

influence). More details can be seen in figure 3 below. 

As depicted in figure 3, FR ranges differ among factors: geology ≈ 0–1.50, geomorphology ≈ 0–

1.59, slope ≈ 0–1.81, soil ≈ 0–1.81, and rainfall classes cluster around ≈ 0.61. These distributions 

indicate that slope and soil contain the strongest positively associated classes (up to ~1.81), followed 

by geomorphology (up to ~1.59) and geology (up to ~1.50). In contrast, the rainfall classes used here 

contribute a weaker standalone signal (≈0.61), suggesting that rainfall primarily operates as a trigger 

that amplifies instability where conditioning factors are already unfavorable. A high FR value in one 

class does not automatically translate into a proportionally high map-level hazard, because the effect 

also depends on that class’s spatial prevalence (number of pixels) and its co-occurrence with other 

adverse classes. These patterns are consistent with prior evidence from Koto XI Tarusan, where slope‐

controlled morphometry dominated landslide impacts and lithology/landform acted as secondary 

controls (Triyatno et al., 2020).  

In line with process-based findings in the Air Dingin Watershed in Padang where terrain 

steepness and potential failure conditions of soil erodibility, while rainfall primarily serves as energy 

input/trigger (Putra et al., 2025). Geological, geomorphological, and soil conditions also influence 

landslide occurrence in the study area. Weathered rock facilitates water infiltration, which mobilizes 

fine particles that accumulate on impermeable layers and form a slip plane, particularly across 

mountainous and hilly terrain with steep to very steep slopes. More details can be seen in figure 4 

below. 
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Fig. 3. FR values for each landslide determinant parameter (geology, geomorphology, slope, soil, and rainfall). 

 

 

 
 

Fig. 4. Landslide hazard model for 2025, 2029, and 2039. 
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The map in figure 4 above shows that the LULC conversion coincides with the expansion of 

landslide-prone areas, especially on steep to very steep slopes. The high-hazard class increases from 

4,273.29 ha (8.90%) in 2025 to 4,782.06 ha (9.96%) in 2029 (+508.77 ha; +1.06 percentage points), 

and to 5,041.89 ha (10.50%) in 2039 (+259.83 ha; +0.54 percentage points). The medium-hazard class 

rises from 6,134.22 ha (12.78%) in 2025 to 12,820.50 ha (26.70%) in 2029, then moderates to 

11,249.37 ha (23.43%) in 2039, remaining well above 2025 levels. Consequently, the low-hazard 

class shrinks from 37,607.04 ha (78.32%) to 30,411.99 ha (63.34%), before a slight rebound to 

31,723.29 ha (66.07%) in 2039. These shifts are concentrated where forests are replaced by oil palm, 

mixed orchard, and dryland agriculture, which collectively reduce slope reinforcement and surface 

roughness. More details can be seen in table 2 below. 
Table 2 

Changes in landslide hazard areas, 2025–2039. 

Landslide 

class 

2025 – Area 2029 – Area 2039 – Area 

Pixels Area (ha) % Area Pixels Area (ha) % Area Pixels Area (ha) % Area 

Low 417,856 37,607.04 78.32 337,911 30,411.99 63.34 352,481 31,723.29 66.07 

Medium 68,158 6,134.22 12.78 142,45 12,820.50 26.70 124,993 11,249.37 23.43 

High 47,481 4,273.29 8.90 53,134 4,782.06 9.96 56,021 5,041.89 10.50 

TOTAL 533,495 48,014.55 100.00 533,495 48,014.55 100.00 533,495 48,014.55 100.00 

Source: Data analysis, 2025. 

 

Table 2 shows landslide-hazard classes in the Kambang watershed across three years. The 

modeled extent remains constant at 48,014.55 ha (equivalent to 533,495 pixels) in all years, so the 

shifts reflect reallocation among classes rather than changes in total area. In 2025, the low class 

dominates (37,607.04 ha; 78.32%), followed by medium (6,134.22 ha; 12.78%) and high (4,273.29 

ha; 8.90%). By 2029, the low class declines sharply to 30,411.99 ha (63.34%), while the medium 

class increases to 12,820.50 ha (26.70%) and the high class rises to 4,782.06 ha (9.96%). In 2039, the 

low class recovers slightly to 31,723.29 ha (66.07%), the medium class decreases to 11,249.37 ha 

(23.43%) yet remains above 2025, and the high class continues to grow to 5,041.89 ha (10.50%). 

Viewed as period-to-period changes, the high class increases by +508.77 ha (+1.06 percentage points) 

from 2025 to 2029 and by +259.83 ha (+0.54 percentage points) from 2029 to 2039, yielding a 

cumulative +768.60 ha (+1.60 percentage points) over 2025–2039. The medium class jumps by 

+6,686.28 ha (+13.92 percentage points) in 2025–2029, then declines by −1,571.13 ha (−3.27 

percentage points) in 2029–2039, remaining +5,115.15 ha (+10.65 percentage points) above its 2025 

level. Consequently, the lowclass contracts by −7,195.05 ha (−14.98 percentage points) in 2025–2029 

and then rebounds by +1,311.30 ha (+2.73 percentage points) in 2029–2039; overall, it is still 5,883.75 

ha smaller than in 2025 (−12.25 percentage points). These trends are consistent with the preceding 

LULC modeling.  

Where conversion of primary/secondary forests to oil palm, mixed orchard, and dryland 

agriculture tends to occur on steep to very steep slopes, which reduces root reinforcement and surface 

roughness. In contrast, the low class persists mainly on gently sloping footslopes and valley floors. 

The results indicate that mitigation priorities should focus on expanding medium–high pockets 

through deep-rooted revegetation, improved surface and subsurface drainage, and stricter land-use 

controls in newly converting zones. 

4.3 Prediction model for potential landslides 

The prediction of LP in the Kambang watershed is controlled by a set of environmental 

parameters, including Euclidean distance to mapped landslide points as well as the spatial distribution 

of past landslide points. These layers provide the conditioning context that governs where instability 

is likely to emerge. More details can be seen in figure 5 below. 
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Fig. 5. Environmental parameters for predicting LP. 

 

The maps in figure 5 above shows, the euclidean distance to landslide points is the most 

immediate indicator of local susceptibility. The closer a location is to existing landslide points, the 

higher the potential for new failures. The slope FR shows that steeper gradients are associated with 

increased likelihood of landsliding. Elevation and contour data reveal strong relief across the basin, 

ranging from 0 to 2,020 MASL. Higher and more dissected terrain corresponds to steeper slopes and 

greater runoff concentration. The soil, geology, and geomorphology FR layers indicate that substrate 

erodibility and landform context affect how water moves through and over the ground. Weathered 

lithologies and hilly–mountainous landforms permit infiltration, mobilize fine particles, and promote 

their accumulation on less permeable layers where slip planes can form. The rainfall FR clusters 

around 0.61, which suggests a relatively uniform spatial distribution of rainfall in the modeling 

classes. Rainfall therefore acts primarily as a trigger that amplifies instability in areas already 

conditioned by steep slopes and susceptible materials. To examine interactions among variables and 

how they intersect with LULC dynamics, we summarize the multi-parameter relationships in a matrix 

for 2025, 2029, and 2039. More details can be seen in figure 6. 

The matrix in figure 7 above shows consistent patterns across time:  

1) high slope FR co-occurs with short euclidean distances, indicating spatial clustering of failures 

along steep valley sides and dissected hillslopes;  

2) soil and geology FR classes with greater erodibility tend to align with higher slope FR, pointing 

to coupled mechanical and hydrological controls on instability;  

3) rainfall FR exhibits limited separation among classes.  

However, pixels that pair steep slopes with susceptible soils or lithologies display stronger 

associations. When overlaid with the LULC scenarios, these multi-parameter clusters increasingly 

intersect areas where forest is replaced by oil palm, mixed orchard, and dryland agriculture, especially 

on steep to very steep terrain. This convergence explains the subsequent expansion of medium–high 

hazard pockets and motivates integrating the conditioning parameters with LULC projections in the 

susceptibility modeling that follows. More details can be seen in figure 7. 
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Fig. 6. Environmental-parameter matrix and LULC changes in the Kambang watershed from 2025 to 2039. 

 

The moderate class expands from 6,066.09 ha (12.63%) in 2025 to 10,876.18 ha (22.65%) in 

2029 and 11,181.24 ha (23.29%) in 2039. The high class increases from 4,205.16 ha (8.76%) in 2025 

to 4,713.93 ha (9.82%) in 2029 and 4,973.76 ha (10.36%) in 2039. Combined, the moderate + high 

categories grow from 10,271.25 ha (21.39%) in 2025 to 15,590.11 ha (32.47%) in 2029 (+5,318.86 

ha; +11.08 percentage points), and to 16,155.00 ha (33.65%) in 2039 (+564.89 ha; +1.18 percentage 

points). To evaluate whether the modeling results are acceptable, we computed the ROC/AUC metrics 

for each year. The AUC values are 0.95 (2025), 0.87 (2029), and 0.84 (2039).  
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Fig. 7. Predicted LP maps for 2025, 2029, and 2039 in the Kambang watershed. 

 

 
 

Fig. 8. ROC curves (AUC) for the landslide-potential models in 2025, 2029, and 2039. 

 

The graph in figure 8 above shows ROC curves that evaluate how well the models distinguish 

landslide from non-landslide pixels. The diagonal gray line marks random performance (AUC = 

0.50); curves farther above this line indicate better discrimination. The 2025 model (blue) achieves 

AUC = 0.95, reflecting excellent accuracy with high true-positive rates at low false-positive rates. 

The 2029 model (red) attains AUC = 0.87, indicating good performance, while the 2039 model (green) 

yields AUC = 0.84, indicating moderate–good discrimination and greater uncertainty at the longer 

projection horizon. Overall, the models are suitable for planning and prioritization, with added caution 

recommended for the later years and periodic updates as new data becomes available. 
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DISCUSSION 

The LULC change in the Kambang watershed is largely human-driven to meet household needs 

and livelihood strategies (Patel et al., 2024; Van Toor et al., 2024; Zhu et al., 2025). In practice, 

communities intensify agriculture even on steep to very steep slopes by converting primary and 

secondary forest into agricultural fields, mixed orchards, and oil-palm plantations, thereby altering 

natural cover and slope hydrology (Kubacka et al., 2025; Kasahun, 2025; Kafy et al., 2021). During 

rainy periods, land clearing facilitates downward migration of fine particles; these accumulate on 

relatively impermeable layers and form slip planes, especially where clayey textures are present, 

which increases landslide likelihood (Asada et al., 2024; Asmare, 2023). 

Our hazard analysis confirms that landslide susceptibility reflects multiple conditioning factors, 

namely geology, geomorphology, slope, soil, rainfall, and LULC and their joint uncertainty (Huang 

et al., 2024; Wei et al., 2024). Changes in LULC, therefore, translate into changes in the hazard 

footprint (Girma et al., 2022; Kafy et al., 2021; Ghalehteimouri et al., 2022). Recent 

morphodeformation analysis using Sentinel-1A SAR along the Singkarak segment demonstrates how 

remote-sensing deformation signals can be integrated with geospatial hazard layers to sharpen the 

delineation of instability zones, supporting the coupling of dynamic LULC with susceptibility 

mapping in data-limited settings (Triyatno et al., 2025). In Kambang, the high-hazard class increases 

by 508.77 ha (+1.06 percentage points) from 2025→2029 and 259.83 ha (+0.54 pp) from 

2029→2039. When moderate and high are combined, the at-risk area expands by 5,318.86 ha (+11.08 

pp) in 2025→2029 and a further 564.89 ha (+1.18 pp) in 2029→2039.  

Although much of the watershed remains in the low class, these increments are spatially 

concentrated on dissected hillslopes where forest conversion is occurring. Policy responses should 

therefore prioritize regulating land conversion on steep forested slopes, deep-rooted revegetation, and 

surface–subsurface drainage improvements, coupled with community education around forest-edge 

areas (Mondal et al., 2016; Lausch et al., 2025; Kasahun, 2025). Experience from the Tarusan 

watershed shows that GIS-based prioritization and community-oriented mitigation (e.g., structural 

drainage, vegetative buffers, and zoning enforcement) are effective for reducing compound hydro-

geomorphic risks, offering an operational template for Kambang’s steep-slope management (Umar & 

Triyatno, 2024). The prediction model for LP integrates environmental parameters with mapped 

landslide points and shows that projected LULC trajectories will continue to reshape susceptibility 

hot spots (Williams et al., 2025; Zandi & Shah Pari Far, 2025; Naeem et al., 2025). Increases are most 

pronounced where forest gives way to oil palm, mixed orchard, and dryland agriculture on steep 

terrain, processes that elevate erosion risk and soil saturation, proximate precursors to slope failure 

(Talukdar et al., 2021; Zhou et al., 2021). 

CONCLUSIONS 

The results indicate a clear and coherent trajectory linking LULC change to evolving landslide 

susceptibility in the Kambang watershed. Between 2025 and 2039, primary forest declines from 

36,742.23 ha (76.52%) to 33,310.80 ha (69.38%), while secondary forest contracts from 4,070.07 ha 

(8.48%) to 2,858.04 ha (5.95%). In contrast, oil palm expands sharply to 3,920.49 ha (8.17%) by 

2039, accompanied by gradual growth in mixed orchard and dryland agriculture. Built-up land, rice 

fields, mangrove, and water bodies remain essentially stable. Spatially, oil palm concentrates on 

gentler terrain and valley floors, whereas conversions affecting forest classes advance onto dissected 

hillslopes often below ~500 MASL, where removal of deep-rooted vegetation diminishes slope 

reinforcement during peak rainy seasons. These LULC trajectories translate into a measurable 

redistribution of landslide hazard.  

The low-hazard class shrinks overall by 5,883.75 ha (−12.25 percentage points) from 2025 to 

2039, while the medium class remains ~5,115.15 ha (+10.65 pp) above its 2025 level and the high 

class grows cumulatively by 768.60 ha (+1.60 pp). Combined, the moderate + high footprint expands 

from 21.39% in 2025 to 33.65% in 2039. Frequency-ratio diagnostics clarify the controls: slope and 

soil contain the strongest positive associations (to ~1.81), geomorphology and geology contribute 
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secondary effects, and rainfall clustered near an FR of ~0.61 acts chiefly as a trigger that amplifies 

instability where conditioning factors are already adverse. The most hazardous configurations occur 

where steep slopes intersect susceptible substrates and recent forest loss. Model skill supports these 

interpretations. The LULC classifications achieve overall accuracies of 0.92 (2025), 0.88 (2029), and 

0.86 (2039), exceeding accepted thresholds for downstream applications. Landslide-potential 

predictions yield AUC values of 0.95, 0.87, and 0.84 for 2025, 2029, and 2039, respectively, ranging 

from excellent to moderate-good discrimination, with uncertainty increasing at longer years. Taken 

together, the evidence shows that continued forest conversion on steep terrain is the primary driver of 

expanding susceptibility.  

To mitigate future risks, priority actions should include protecting steep-slope forests, deploying 

deep-rooted revegetation and targeted slope stabilization, upgrading surface–subsurface drainage on 

hillslopes and along access roads, and incorporating the 2025/2029/2039 susceptibility maps into risk-

sensitive spatial planning. Routine monitoring, community education at forest–agriculture interfaces, 

and periodic model updates as new observations accrue will be essential to keep risk reduction aligned 

with the basin’s rapidly changing land systems. 
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ABSTRACT 

Forest and land fires in Kalimantan present a recurrent environmental challenge, driven by local and 

global climatic factors. Predicting fire hotspots is crucial for mitigation efforts. This study compares 

the performance of Gaussian Process Regression (GPR) and Long Short-Term Memory (LSTM) 

networks in forecasting monthly fire hotspots based on six climatic indicators, including rainfall, dry 

spells, and ENSO and IOD indices. GPR models were developed using several kernels and 

hyperparameter tuning methods, while LSTM models applied multiple architectural configurations 

combined with regularisation techniques. The results show that while GPR models achieved good 

fitting on training data, they suffered from overfitting and lower accuracy during testing, even after 

optimisation. In contrast, the LSTM model with two LSTM layers and four dense layers demonstrated 

superior predictive performance, achieving a testing RMSE of 522.12 and an Explained Variance Score 

(EVS) of 0.834. LSTM effectively captured complex temporal patterns inherent in climate-driven fire 

hotspot data. Nevertheless, both models faced difficulties in predicting anomalies linked to socio-

economic interventions, such as the significant reduction in fire hotspots in 2018.The findings highlight 

the effectiveness of LSTM in modelling temporally dependent environmental phenomena and suggest 

the need for integrating socio-economic variables into future predictive frameworks to improve 

robustness. This study contributes valuable insights towards enhancing early warning systems for 

forest fire risk management in Kalimantan and other tropical regions. 
 

Keywords: Fire hotspots; Kalimantan; Gaussian Process Regression; Long Short-Term Memory; 

Machine learning. 

 

 

1. INTRODUCTION 

 

Kalimantan, the third largest island in the world with an area of 539,460 km² (MacKinnon & 

Hatta, 2013), frequently draws attention due to recurring environmental issues, notably forest and 

land fires (Sarmiasih & Pratama, 2019; Gusnita, 2021; Qirom et al., 2022; Saharjo & Hasanah, 2023).  

These events occur annually (Saharjo & Velicia, 2018), with major fire episodes recorded in 1982, 

1997–1998, 2015, and 2019 (Najib et al., 2022; Werf et al., 2017). Forest fires have significant 

impacts, including ecosystem destruction, air pollution, public health risks, and economic losses 

estimated at approximately IDR 74 million per hectare (Ulya & Yunardy, 2006; Mulia et al., 2021; 

Sari et al., 2022; Wasis et al., 2019). Early indicators of forest fires can be identified through the 

presence of hotspots, defined as areas experiencing elevated surface temperatures associated with 

burning (Nugrahani et al., 2024; Reddy et al., 2019). 
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Forest fires in Kalimantan are strongly influenced by both local and global climatic conditions. 

Variables such as air temperature, rainfall, and humidity are closely linked to hotspot occurrence 

(Saharjo & Velicia, 2018). Moreover, global climate phenomena such as the El Niño–Southern 

Oscillation (ENSO) and the Indian Ocean Dipole (IOD) play crucial roles in shaping weather and 

climate patterns across Indonesia (Ardiyani et al., 2023; Irwandi et al., 2019; Nurdiati et al., 2022; 

Rafhida et al., 2024). The ENSO phases, El Niño and La Niña, respectively prolong drought periods 

or enhance rainfall intensity, while the IOD influences rainfall distribution across regions (Anggraini 

& Trisakti, 2011; Bramawanto & Abida, 2017; Nurdiati et al., 2024).  

Given the extensive impacts of forest fires, there is an urgent need to accurately predict the 

number of hotspots in Kalimantan. Reliable prediction models not only facilitate the identification of 

high-risk areas but also enable governments and other stakeholders to design effective mitigation 

strategies (Sudrajat & Subekti, 2019; Yuliarti & Anggraini, 2022). Although numerous predictive 

methods have been explored in previous studies, challenges remain in achieving accuracy and 

reliability, particularly when using climate indicators. Techniques such as autoregression (AR), 

artificial neural networks (ANN), support vector regression (SVR), random forest regression, and 

gradient boosting regression often struggle to effectively capture temporal patterns in the data 

(Nugrahani et al., 2024; Nurdiati, Sopaheluwakan, et al., 2022). 

This study builds upon Najib et al. (2022) and (Nugrahani et al., 2024) by analysing a dataset 

consistent with their monthly BMKG hotspot counts on a 0.25° × 0.25° grid across Kalimantan for 

2001–2020 with preprocessing that excludes persistently low-activity grids following Najib et al. 

(2021). Najib et al. (2022) utilised rainfall and dry spell indicators to predict hotspot abundance using 

copula regression, whereas Nugrahani et al. (2022) incorporated rainfall anomalies, as well as IOD 

and ENSO indices, applying various machine learning methods. However, previous research has yet 

to fully leverage these indicators within more sophisticated predictive models, particularly under 

Kalimantan’s dynamic temporal conditions. It was also observed that the previous models exhibited 

significant overfitting, highlighting the need for more robust approaches. 

In this study, two predictive methods are employed to model the number of hotspots based on 

climatic indicators: Gaussian Process Regression (GPR) and Long Short-Term Memory (LSTM) 

networks. GPR is renowned for its capability to model complex relationships between variables, 

particularly in small datasets. It has demonstrated superior predictive performance in various studies, 

often yielding lower fitting errors compared to alternative methods (Kamath et al., 2018). 

Furthermore, GPR has proven effective across applications such as remote sensing and weather data 

analysis (Hultquist et al., 2014; La Fata et al., 2024). According to Foley (2024) GPR is particularly 

advantageous for dealing with incomplete or noisy datasets, offering a probabilistic approach that 

explicitly quantifies prediction uncertainties—making it a promising option for modelling the 

relationship between climate indicators and forest fire hotspots. 

Meanwhile, the LSTM deep learning algorithm has gained popularity in recent years for hotspot 

prediction tasks due to its proficiency in capturing complex temporal dependencies in time-series data 

(DiPietro & Hager, 2019; Kadir et al., 2022; Listia Rosa et al., 2022; Kadir et al., 2023; Luo et al., 

2024; Li et al., 2024; Eaturu & Vadrevu, 2025). LSTM-based ensembles fused with (variance-

weighted) Kalman filtering for environmental time series, supports the choice of LSTM for climate 

temporal signals and highlights the value of robust gap-filling before modelling (Haidu et al., 2025). 

LSTM represents an advancement over conventional Recurrent Neural Networks (RNNs), effectively 

addressing the "vanishing gradient" problem where gradients used to update network weights 

diminish or disappear (Noh, 2021). Research by Kadir et al. (2023) demonstrated that LSTM models 

could accurately predict the quantity and distribution of forest fire hotspots in Indonesia based on 

NASA MODIS datasets, achieving a mean percentage error of 6.94%. However, that study solely 

relied on past hotspot data without incorporating other climatic factors. The present study seeks to 

enhance prediction accuracy by integrating a range of climate indicators. 

Through these two approaches, this research aims to evaluate the effectiveness of GPR and 

LSTM methods in predicting the number of hotspots in Kalimantan based on both local and global 

climate indicators. The study not only focuses on predictive accuracy but also explores the relative 
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strengths and weaknesses of each method. The main contribution of this research lies in providing 

empirical insights into which predictive method is more effective and reliable under the context of 

climate variability and the tropical environmental characteristics of Kalimantan. The findings are 

expected to inform the development of more robust predictive models for wildfire mitigation 

applications. Furthermore, this research contributes to practical policy formulation by offering data-

driven recommendations to prevent and mitigate the impacts of forest fires in Kalimantan and other 

regions with similar environmental profiles. 

 

2. STUDY AREA AND DATASETS 

 

Kalimantan Island (5°S–7.25°N, 108°E–119.75°E), shared by three countries—Indonesia, 

Malaysia, and Brunei Darussalam—has attracted considerable attention in wildfire hotspot research. 

The Indonesian portion of the island comprises five provinces: West Kalimantan, Central Kalimantan, 

South Kalimantan, East Kalimantan, and North Kalimantan. Geographically, Kalimantan is 

characterised by extensive tropical rainforests, vast peatlands, and a humid tropical climate with 

consistently high temperatures and humidity throughout the year. The island accounts for 

approximately 33.8% of Indonesia’s total peatland area, making it an ecologically significant yet 

highly fire-prone region. 

Rainfall patterns across Kalimantan are classified into equatorial and monsoonal types. Areas 

experiencing a monsoonal pattern, particularly in the southern and central regions, are more 

susceptible to wildfires, especially during prolonged dry seasons intensified by El Niño events. 

Research indicates that strong El Niño events can extend the dry season, increase the number of 

consecutive dry days, and subsequently trigger a greater number of wildfire hotspots. Conversely, La 

Niña events, which bring more frequent rainfall, tend to reduce the risk of fires. The positive phase 

of the Indian Ocean Dipole (IOD), when occurring simultaneously with El Niño, can further 

exacerbate drought conditions.  

Hotspot data used in this study were obtained from Indonesian Meteorological, Climatological, 

and Geophysical Agency (BMKG) as a distributor of satellite active-fire detections derived from 

MODIS (MOD14/MYD14) and VIIRS (e.g., VNP14IMG/VJ114IMG) products that implement the 

contextual active-fire detection algorithm. To ensure that the analysis focused on fire-prone areas, 

regions with consistently low hotspot activity, such as highland areas with high rainfall, were 

excluded. This approach follows the classification method proposed by Najib et al. (2021), in which 

Kalimantan’s hotspot grids were clustered using the k-means (Lloyd, squared-Euclidean) on hotspot 

time series evaluating 8 clusters and designating the lowest-incidence cluster as the candidate for 

removal.  

 

 
Fig. 1. (a) Kalimantan Island and selected research areas; (b) Total monthly hotspot counts. 
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Clusters characterised by extremely low fire incidence—with a maximum average of only 3.43 

hotspots per grid point (e.g., in 2002)—were disregarded to avoid distorting the analysis of wildfire 

characteristics in Kalimantan. 

Following Najib et al. (2021), we first excluded 0.25°×0.25° grid cells with persistently low 

hotspot activity using a k-means clustering of grid-level hotspot time series, and retained only high-

incidence grids. This study only includes areas with significant hotspot concentrations, particularly in 

Central, South, and West Kalimantan, as shown in figure 1(a). For each month between 2001 and 

2020, hotspot counts were then summed over all retained grids, yielding a single monthly total hotspot 

count. Analysis was conducted using total monthly hotspot data from 2001 to 2020, illustrated in 

figure 1(b). The trend in hotspot numbers exhibits a clear seasonal cycle, with peaks typically 

occurring mid-year and lower counts during the rest of the year. The number of hotspots tends to 

increase during the dry season, especially between July and September, due to low humidity and 

minimal rainfall. In contrast, during the rainy season, the number of hotspots declines significantly.  

This study employed both local and global climatic factors to predict monthly total hotspot 

counts. Local climatic variables analysed included total rainfall, rainfall anomalies, and the number 

of dry days (defined as days with less than one millimetre of rainfall), extracted from the CMORPH 

dataset available from the National Oceanic and Atmospheric Administration (NOAA). Meanwhile, 

global climatic factors considered were indices related to the ENSO and IOD phenomena, obtained 

from NOAA. As a result, our dataset consists of a univariate target time series of regional hotspot 

totals and a corresponding multivariate time series of six aggregated climatic predictors; both the GPR 

and LSTM models are trained on this aggregated series rather than on individual grid-cell time series. 

Consequently, six independent variables were used in this research, with 80% of the data allocated 

for model training and the remaining 20% for testing. 

Prior to model fitting, each of the six climatic predictor variables was standardised to zero mean 

and unit variance. The standardisation parameters (mean and standard deviation) were estimated 

exclusively from the training period (2001–2016) and then applied unchanged to the held-out test 

period (2017–2020). For the 16-fold cross-validation used in the GPR experiments, standardisation 

was recomputed in each fold by fitting the scaler on the 15 training years and applying it to the left-

out validation year. For the LSTM models, lagged inputs from t–1 to t–12 was generated from these 

standardised predictor series, ensuring that all input windows were derived from features scaled using 

training-only statistics. The target variable, monthly hotspot counts, was retained in its original units 

without normalisation. 

 

3. METHODS 

 

This study employs two machine learning methods to predict the number of hotspots in 

Kalimantan, namely Gaussian Process Regression and Long Short-Term Memory. 

 

3.1. Gaussian Process Regression 

 

Gaussian Process (GP) is a widely used statistical method for data fitting and prediction based 

on machine learning. A GP is a form of stochastic process, defined as a collection of random variables 

𝑌 indexed by an input space 𝑋, where any finite subset of these variables follows a multivariate 

Gaussian distribution (Rasmussen & Williams 2019). Gaussian Process Regression (GPR) is a non-

parametric, Bayesian approach to regression, offering high flexibility in handling non-linear 

relationships between input and output variables. 

A GPR model is fully characterised by a mean function 𝑚(𝐱)  and a covariance function (kernel) 

𝑘(𝐱𝑖, 𝐱𝑗),, defined as follows: 

 

𝑚(𝐱) = 𝔼[𝒀𝒙], (1) 
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𝑘(𝒙𝑖 , 𝒙𝑗) = 𝔼 [(𝒀𝒙𝑖 −𝑚(𝒙𝑖)) (𝒀𝒙𝑗 −𝑚(𝒙𝑗))]. (2) 

 

The only requirement for a valid kernel is that it must produce a positive semi-definite covariance 

matrix for any set of input points. Through this matrix, a Gaussian process can make predictions at 

new points based on information from the training data. 

In the Bayesian regression framework, GPR models the relationship between input 𝐱𝒊 and output 

𝑦𝑖  as: 

𝑦𝑖 = 𝑓(𝐱𝑖) + 𝜖𝑖 , (3) 

 

where 𝜖𝑖 represents Gaussian noise with zero mean and variance 𝜎2. The function 𝑓 over the input 

space is given a multivariate Gaussian prior distribution with zero mean and covariance matrix 𝐊: 

 

𝑓|𝐗, 𝜃 ∼ 𝑁(𝟎, 𝐊). (4) 

 

For prediction, GPR provides a Gaussian distribution for each array of new input variables 𝐗∗ =
[𝐱1
∗ , 𝐱2

∗ , … , 𝐱𝑛
∗ ]. The estimated value for 𝑦∗ is 𝑚(𝐗∗) and the variance of 𝑦∗ is given by cov(X∗). In 

kernel space, the mean and covariance prediction equations are: 

 

𝑚(X∗) = k∗T(K + 𝜎2I)−𝟏𝐲, (5) 

 

cov(X∗) = 𝑘(𝐗∗, 𝐗∗) − k∗T(K + 𝜎2I)−𝟏k∗, (6) 

 

where 𝐤∗ is the covariance vector between the new data X∗ and the training data. 

 

3.1.1. Hyperparameter Tuning 

In machine learning, parameters that are not updated during model training and must be 

configured beforehand are known as hyperparameters. Model performance can vary significantly 

depending on the choice of hyperparameters; hence, careful tuning is crucial. In GPR, the noise level 

𝜎2 is treated as a hyperparameter that can be optimised. Noise level refers to the variation or 

uncertainty in observations, represented as the variance of the added Gaussian noise (Li et al., 2020). 

In this study, tuning of the noise level was conducted using several optimisation methods, following 

(Rasmussen & Williams, 2019), namely maximum marginal likelihood (MML), Bayesian 

optimisation, grid search, and random search. 

 

1. Maximum Marginal Likelihood 

The marginal likelihood function is obtained by integrating the likelihood function multiplied 

by the prior distribution of 𝑓: 

𝑝(𝒚|𝐗, 𝛉) = ∫ 𝑝(𝒚|𝐟, 𝐗, 𝛉)𝑝(𝐟|𝐗, 𝛉) 𝑑𝐟, (7) 

where 𝒚 represents the observed response variable, 𝐗 is the matrix of observed inputs, 𝛉 denotes the 

model parameters, and 𝐟 is the function representing the relationship between 𝐗 and 𝒚. Within the 

Gaussian Process framework, the prior distribution 𝐟|𝐗, 𝛉 is multivariate Gaussian, 𝐟|𝐗, 𝛉~𝑁(𝟎, 𝐊). 
 

2. Bayesian optimization 

Bayesian optimisation relies on a surrogate function to locate the best parameter values (Ye et 

al., 2019). The surrogate function uses a probabilistic model that is updated with new information. It 

works by identifying regions likely to contain the optimum and sampling points close to these regions 

to refine the model. In this context, Gaussian processes are used as surrogate functions for the 

objective function. 

The probability of the objective function is evaluated using an acquisition function (Ye et al., 

2019), commonly the expected improvement (EI), defined as: 
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𝐸𝐼𝑦∗(𝑥) =  ∫ 𝑚𝑎𝑥(𝑦∗ − 𝑦, 0)
∞

−∞
𝑝(𝑦|𝑥, 𝜽)𝑑𝑦, (8) 

 

where 𝑥 is the input, 𝑦∗ is the best observed value, 𝑦 is the model's predicted value, and 𝑝(𝑦|𝑥, 𝜽) is 

the posterior distribution. 

 

3. Grid Search 

Grid search is a hyperparameter search technique that systematically tries all combinations 

within a specified parameter space. It constructs a grid of parameter values and evaluates the model 

performance at each grid point. 

 

4. Random Search 

Random search selects hyperparameter combinations randomly within a defined search space. 

Unlike grid search, it does not exhaustively explore all combinations but samples a predefined 

number of configurations. 

 

3.1.2. Kernel Selection 

As introduced earlier, GPR relies on kernels to make predictions at new points. The kernel 

functions as a covariance function measuring the similarity between two points in input space. The 

choice of an appropriate kernel is crucial as it determines how the model captures patterns in the 

data, especially when the relationship is non-linear. This study employed three kernels: the 

exponential kernel, the squared exponential (Gaussian) kernel, and the Matern 3/2 kernel. In addition, 

we used variations of these kernels with Automatic Relevance Determination (ARD), which 

introduces separate length-scales for each explanatory variable. ARD enhances the model's 

adaptability by allowing each input dimension to have its own scaling parameter (Rasmussen & 

Williams, 2019). The original kernels and their ARD versions are summarised as in table 1. 

 
Table 1. 

 Kernel Used in Study. 

 

Kernel Original ARD 

Exponential 

 
𝜎𝑓
2 exp (−

|𝐱𝒊 − 𝐱𝒋|

𝜎𝑙
) 𝜎𝑓

2 exp

(

 −√∑
(𝐱𝑖𝑚 − 𝐱𝑗𝑚)

2

𝜎𝑙𝑚
2

𝑑

𝑚=1
)

  

Squared 

Exponential 

(Gaussian) 
𝜎𝑓
2exp (−

1

2

|𝐱𝑖 − 𝐱𝑗|
𝟐

𝜎𝑙
2

) 𝜎𝑓
2 exp

(

 −
1

2
√∑

(𝐱𝑖𝑚 − 𝐱𝑗𝑚)
2

𝜎𝑙𝑚
2

𝑑

𝑚=1
)

  

Matern3/2 𝜎𝑓
2 (1 +

√3 

𝜎𝑙
𝑟) exp (−

√3

𝜎𝑙
𝑟) 𝜎𝑓

2 (1 +
√3 

𝜎𝑙
𝑟𝑎𝑟𝑑)exp (−

√3

𝜎𝑙
𝑟𝑎𝑟𝑑) 

 

where: 

• 𝐱𝑖 represents the training data, 

• 𝐱𝑗 denotes the testing data, 

• 𝜎𝑓 is the signal standard deviation, 

• 𝜎𝑙𝑚 is the length-scale parameter for the mmm-th explanatory variable, 

• 𝑑 is the number of explanatory variables, and 

• 𝑟 and 𝑟𝑎𝑟𝑑 represent the Euclidean distance between 𝐱𝑖 and 𝐱𝑗 for standard and ARD kernels, 

respectively. 
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3.2. Long Short-Term Memory (LSTM) 

 

The Long Short-Term Memory (LSTM) model is a type of Recurrent Neural Network (RNN) 

designed for time series data that exhibits dependencies on previous observations. The output from 

prior steps is used to update new weight values. These updated weights are then applied in subsequent 

computations, establishing a connection between new and prior data. 

The LSTM model was specifically designed to overcome the limitations of conventional RNNs, 

which often struggle with long-range dependencies and are prone to the vanishing and exploding 

gradient problems [36]. LSTM represents a specialised architecture within the RNN family. Unlike 

a simple RNN, the hidden units of an LSTM consist of three principal gates: the forget gate, the input 

gate, and the output gate. The mathematical formulations of the forget gate 𝑓(𝑡)(8), input gate 𝑖(𝑡) 

(9), output gate 𝑜(𝑡) (10), candidate cell state 𝐶̃(11), cell state 𝐶 (12), and hidden layer ℎ(𝑡) (13) are 

as follow: 

 

𝒇(𝒕) = 𝜎(𝑾𝒇𝒙𝒕 +𝑾𝒇𝒉
(𝒕−𝟏) + 𝜽𝒇) (9) 

 

𝒊(𝒕) = 𝜎(𝑾𝒊𝒙𝒕 +𝑾𝒊𝒉
(𝒕−𝟏) + 𝜽𝒊) (10) 

 

𝒐(𝒕) = 𝜎(𝑾𝒐𝒙𝒕 +𝑾𝒐𝒉
(𝒕−𝟏) + 𝜽𝒐). (11) 

 

𝑪̃(𝒕) = 𝑡𝑎𝑛ℎ(𝑾𝒄𝒙𝒕 +𝑾𝒄𝒉
(𝒕−𝟏) + 𝜽𝒄) (12) 

 

𝑪(𝒕) = 𝒇(𝒕) ⋅ 𝑪(𝒕−𝟏) + 𝒊(𝒕) ⋅ 𝑪̃(𝒕) (13) 

 

𝒉(𝒕) = 𝒐(𝒕) ⋅ 𝑡𝑎𝑛ℎ (𝑾𝒄𝑪
(𝒕) + 𝜽ℎ) (14) 

 

where 𝑾𝒇,𝑾𝒊,𝑾𝒐 , and 𝑾𝒉 represent the weight matrices for the forget gate, input gate, output gate, 

and hidden layer, respectively. Likewise, 𝜽𝒇, 𝜽𝒊, 𝜽𝒐 and 𝜽𝒉 are the biases associated with each 

corresponding gate. 

The weights and biases in the model must be initialised prior to the training process. Glorot, 

Bengio (2010) introduced the Glorot uniform initialisation method, which sets the initial weights 

based on a uniform distribution. This method is widely adopted for initialising weights in deep 

learning models. By default, the TensorFlow package in the Python programming language applies 

the Glorot uniform method for weight initialisation. The distribution of weights using the Glorot 

uniform method is defined by: 

 

𝑊~𝑈(−
√6

√𝑛𝑖𝑛+𝑛𝑜𝑢𝑡
,

√6

√𝑛𝑖𝑛+𝑛𝑜𝑢𝑡
) (15) 

 

where 𝑛𝑖𝑛 is the number of input units, and 𝑛𝑜𝑢𝑡 is the number of output units. In addition, the biases 

are initialised to zero. 

Each gate utilises either the sigmoid function 𝜎 or the hyperbolic tangent (tanh) function. The 

sigmoid activation outputs values within the interval [0,1], controlling whether information is 

retained or discarded: an output close to 0 implies forgetting, whereas an output close to 1 implies 

retaining the information. An illustration of the LSTM architecture is presented in figure 2. 

In this study, the LSTM model architecture is enhanced with regularisation techniques to 

improve performance and prevent overfitting by early stopping after 25 epochs. Early stopping 

monitors model performance during training and halts the process once the loss function ceases to 

improve after a pre-specified patience value (𝑠 epochs). This method helps prevent the model from 

overtraining and becoming trapped in local minima, thereby mitigating overfitting. 
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Fig. 2. LSTM model architecture. 

 

 

3.3. Model Performance Metrics 

 

To evaluate the performance of the machine learning (ML) model in predicting hotspots on the 

test data, two primary metrics are employed: the Root Mean Squared Error (RMSE) and the 

Explained Variance Score (EVS). 

The RMSE measures the average squared difference between the observed and predicted values 

and is defined as: 

 

RMSE = √
𝟏

𝒏
∑ (𝒚(𝒊) − 𝒚̂(𝒊))𝟐𝒏
𝒊=𝟏 ,  (14) 

 

where 𝒚 denotes the true values and 𝒚̂ represents the predicted values. The RMSE ranges from 

[0,∞) a value of 0 indicating a perfect prediction. A smaller RMSE value implies better predictive 

performance and higher accuracy. 

 

Meanwhile, the EVS measures the proportion of variance in the actual values that is captured 

by the model's predictions. According to Oyedele et al. (2023), the explained variance score is 

defined as: 

 

EVS = 1 −
𝑉𝑎𝑟(𝒚−𝒚̂)

𝑉𝑎𝑟(𝒚)
. (15) 

 

where 𝑉𝑎𝑟(⋅) denotes variance. The EVS ranges from (−∞, 1], with values closer to 1 

indicating that the model explains nearly all of the variability in the data, reflecting excellent 

predictive performance. 
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4. RESULT 

 

This section presents the evaluation results for both training and testing datasets. 

 

4.1. Gaussian Process Regression 

 

4.1.1. Kernel Selection 

Gaussian Process Regression (GPR) was employed to predict fire hotspot occurrences from 

2001 to 2020, based on six climate factors. Numerous kernel functions are available for GPR 

modelling, as they can be combined with other kernels. Consequently, identifying the most 

appropriate kernel function for the model is not straightforward. In this study, several commonly 

used kernels were examined: the Squared Exponential, ARD Squared Exponential, Matern32, and 

ARD Matern32 kernels. 

In the initial stage, the most basic optimisation approach, namely maximal marginal likelihood 

(MML), was used to optimise the hyperparameters for each kernel. The results are presented in table 

2. 
                                                                                                                        Table 2. 

Gaussian Process Regression Optimization Metric Evaluation.  

 

Case 
RMSE 

Train Test 

GPR with Squared Exponential kernel 492.06 1116.9 

GPR with ARD Squared Exponential kernel 501.29 971.27 

GPR with Matern32 kernel 402.48 1133.5 

GPR with ARD Matern32kernel 144.1 1227.3 

 

Based on table 2, the ARD Matern32 kernel exhibited excellent performance on the training 

dataset, achieving a very low RMSE value. However, this high level of accuracy may indicate 

overfitting. This is further confirmed by the significant performance deterioration observed on the 

testing dataset, where the ARD Matern32 kernel produced the worst result compared to other kernels. 

Thus, selecting an appropriate kernel function is crucial, as a good kernel should not only 

achieve high accuracy on the training data but also maintain good performance when predicting new 

data. Based on the consistency of the RMSE values between training and testing, the ARD Squared 

Exponential kernel was identified as the most relevant and robust choice for modelling the number 

of fire hotspots. Its consistent performance helps mitigate overfitting, making it a suitable option for 

this study. 

 

4.1.2. Model Optimisation with Cross-Validation and Hyperparameter Tuning 

While setting initial values and applying MML can optimise the marginal likelihood and 

enhance model accuracy, this approach alone is insufficient to fully address overfitting. To further 

improve the model, hyperparameter tuning was performed. 

Prior to optimisation, a 16-fold cross validation from 16 years train data (2001-2016) technique 

was applied, partitioning the data by year to create 16 annual data groups. In this process, for the first 

fold, the data from 2001 were used for testing and the remaining years for training; for the second 

fold, 2002 data were used for testing, and so on, until each year's data had served as the test set once. 

Hyperparameter tuning was then conducted using three optimisation methods: Bayesian 

optimisation, grid search, and random search. The evaluation results from these methods were 

compared to identify the best-performing model. The hyperparameter targeted for tuning was the 

noise variance (error variance), focusing on a low-complexity optimisation approach by adjusting 

only this single hyperparameter. The results are presented in table 3. 
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                                                                                                                            Table 3. 

Gaussian Process Regression Optimisation Metric Evaluation. 

  

Optimization 
RMSE EVS 

Train Test Train Test 

Bayesian Optimization 700.93 844.47 0.805 0.608 

Grid Search 713.78 853.09 0.798 0.593 

Random Search 694.97 846.58 0.808 0.606 

 

As shown in table 3, Bayesian optimisation achieved the best overall performance. It produced 

a training RMSE of 700.93 and a testing RMSE of 844.47, with corresponding EVS values of 0.805 

and 0.608. These results suggest that Bayesian optimisation provides the best balance between 

training generalisation and the ability to explain data variability, making it a reliable method for 

predicting fire hotspot numbers. 

Random search also demonstrated competitive performance, with the lowest training RMSE 

(694.97) and similar testing performance (RMSE 846.58, EVS 0.606). Grid search, on the other hand, 

showed slightly inferior performance compared to the other two methods. Based on these findings, 

Bayesian optimisation was selected as the most appropriate method for optimising the GPR model 

in this study, with random search as a viable alternative. 

 

4.2. Long Short-Term Memory 

 

Similar to the GPR approach, Long Short-Term Memory (LSTM) was employed to predict fire 

hotspots from 2001 to 2020 using the climate factors described in the dataset section. Using a window 

size of 12 months, the independent variables included all predictor variables from lag t–1 to t–12, 

while the dependent variable was the number of hotspots at time t. The LSTM model was built using 

the parameters outlined in table 4. 
                                                                                                                                         Table 4. 

 LSTM Model Parameter. 

 

PARAMETER SPECIFICATION DESCRIPTION 

Loss function RMSE Experimental 

Optimizer Nadam (Nurdiati, Najib, et al., 2022) 

Learning rate 0.001 Experimental 

Weight initializer Glorot Uniform (Glorot & Bengio, 2010) 

Max epoch 500 (Abbasimehr & Paki, 2022) 

Patience 25 (Terry et al., 2021) 

 

The model architecture comprised combinations of LSTM layers and dense layers. Variations 

included one or two LSTM layers (with many-to-one or many-to-many schemes) and between one 

and four dense layers. The LSTM layers used the tanh and sigmoid activation functions, while the 

dense layers used ReLU activations. 

Training was conducted using backpropagation, with early stopping applied if no improvement 

in testing loss was observed after 25 epochs. To address potential issues arising from poor weight 

initialisation by the Glorot Uniform method, the model was trained 20 times. The evaluation results 

for the LSTM method are shown in table 5. 
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                                                                                                            Table 5. 

LSTM Model Architecture Evaluation. 

 

Architecture 
RMSE EVS 

Train Test Train Test 

1 LSTM 1 Dense 725.02 899.17 0.808 0.521 

1 LSTM 2 Dense 506.05 911.31 0.905 0.495 

1 LSTM 3 Dense 382.48 646.61 0.945 0.746 

1 LSTM 4 Dense 389.97 799.79 0.943 0.620 

2 LSTM 1 Dense 825.82 862.77 0.755 0.544 

2 LSTM 2 Dense 399.06 828.62 0.938 0.580 

2 LSTM 3 Dense 678.61 811.47 0.826 0.613 

2 LSTM 4 Dense 343.01 522.12 0.956 0.834 

 

The evaluation results in table 5 show that the "2 LSTM 4 Dense" architecture achieved the best 

performance among all variations tested. It recorded the lowest RMSE on the testing dataset (522.12) 

and the highest EVS (0.834), indicating excellent accuracy in predicting the number of fire hotspots 

and explaining a substantial portion of data variability. 

Moreover, it demonstrated strong performance on the training dataset (RMSE 343.01, EVS 

0.956), suggesting its capability to capture historical data patterns effectively. Conversely, simpler 

architectures such as "1 LSTM 1 Dense" exhibited significantly lower performance, with a high 

testing RMSE (899.17) and a low EVS (0.521), indicating insufficient ability to capture the 

complexity of the temporal data. Although architectures with more dense layers generally showed 

performance improvements, these results highlight the importance of using additional LSTM layers 

to better capture complex temporal relationships. Thus, the "2 LSTM 4 Dense" architecture was 

identified as the optimal choice for predicting fire hotspot numbers based on climatic factors in this 

study. 

 

4.3. Best Model 

 

The best-performing models identified in the previous sections—GPR with Bayesian 

optimisation and LSTM with a two-layer LSTM and four dense layers architecture—were compared 

against the actual data, as shown in figure 3. 

Figure 3 visualises the comparison between the prediction results of the two models, where (a) 

GPR predictions are shown in red and (b) LSTM predictions in blue, against the actual data. It should 

be noted that the LSTM model utilises lagged inputs; thus, predicting at time t requires data from t-

12 to t-1, which results in no predictions being made for the year 2001. 

It is evident that the LSTM model outperforms GPR in predicting the number of fire hotspots, 

both on training and testing datasets, particularly during spike periods in the dry season. The GPR 

model tends to underestimate the peak number of hotspots during major spike years in the training 

data, notably in 2002, 2004, 2006, 2009, and 2015. In contrast, the LSTM model successfully captures 

these peak events within the training period. 

However, both models demonstrate limitations in predicting peak hotspot numbers within the 

testing data. GPR notably overestimated the number of hotspots in 2018, while LSTM overestimated 

in 2017 and underestimated in 2019, although it performed reasonably well in predicting the hotspot 

count for 2018. Previous research (Gunadi et al., 2019) indicated that the decline in hotspot numbers 

in 2018 was due to efforts aimed at supporting the Asian Games held in Indonesia.  
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Furthermore, study (Nugrahani et al., 2024) reported that four different models tended to 

overestimate hotspot occurrences during that year, consistent with the overestimation observed in the 

GPR model. This discrepancy arises because machine learning models primarily rely on historical 

patterns for predictions and typically do not account for real-world socioeconomic factors. 

Nevertheless, the LSTM model, by incorporating temporal lags, appears to capture patterns more 

closely related to recent data preceding the prediction period. 

 

 
 

Fig. 3. Prediction comparison between GPR and LSTM.  

 

 

5. DISCUSSION 

 

The comparative analysis between Gaussian Process Regression (GPR) and Long Short-Term 

Memory (LSTM) models in this study reveals insightful findings on the challenges and strengths of 

each method when applied to the prediction of forest fire hotspots in Kalimantan using climate factors. 

Notably, the LSTM architecture with two LSTM layers and four dense layers produced the most 

accurate results, achieving a testing RMSE of 522.12 and an EVS of 0.834. This performance 

highlights LSTM’s superior ability to capture complex temporal dependencies, especially in climate-

driven phenomena that are seasonal and nonlinear. 

This finding supports Kadir et al. (2023), who also found LSTM effective for hotspot forecasting 

in Indonesia, achieving an average error of only 6.94% even when using simpler models based solely 

on past hotspot counts. The present study builds upon that by integrating six climate predictors—

including rainfall, dry spells, ENSO, and IOD—thus expanding the model's explanatory power. The 

enhanced accuracy confirms that including relevant climate variables strengthens LSTM’s 

generalization, especially when paired with effective regularization techniques such as dropout and 

early stopping. 
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In contrast, GPR demonstrated solid performance during training but experienced a notable 

decline in accuracy on test data, particularly when complex kernels like ARD Matern32 were used. 

This suggests an overfitting issue, a phenomenon also discussed by Kamath et al. (2018), who found 

GPR highly accurate but sensitive to hyperparameter settings and prone to overfitting in high-

complexity domains. Although GPR showed some generalization improvement with Bayesian 

optimization, its testing RMSE (844.47) and EVS (0.608) remained well below that of the best-

performing LSTM model. 

Similar concerns were raised in Hultquist et al. (2014), where GPR was outperformed by 

Random Forests in predicting burn severity due to its relative inflexibility with noisy and high-

dimensional remote sensing data. These findings collectively suggest that while GPR has strong 

theoretical appeal—especially with its uncertainty quantification and Bayesian foundation—it may 

fall short in real-world applications involving dynamic temporal and multivariate data like wildfire 

hotspot prediction. 

Luo et al. (2024) further validate the LSTM architecture’s strength, demonstrating its capacity 

to forecast methane emissions with high fidelity in multivariate time series scenarios. Their findings 

align with this study’s conclusion that LSTM can effectively model complex environmental systems 

where variables are interdependent and evolve over time. The success of deeper architectures (e.g., 2 

LSTM + 4 dense layers) indicates that the model’s depth and capacity play a crucial role in capturing 

spatiotemporal nuances in climate data. 

However, one consistent limitation across studies—including this one—is the inability to predict 

sociopolitical anomalies, such as the significant decrease in hotspots in 2018 due to government 

efforts to reduce fires during the Asian Games. Gunadi et al. (2019) highlight the critical role of policy 

in shaping fire outcomes, suggesting that models based purely on environmental predictors will 

struggle to account for such interventions. This was evident when GPR overestimated and LSTM 

underestimated fire counts for certain years—both reflecting the models' reliance on historical 

climatic patterns without sociopolitical context. The example of South Africa (Madondo et al., 2023), 

regionally different, but it supports the claim that socio-economic and governance interventions can 

create anomalies versus climate-only predictors. 

In conclusion, the study underscores the potential of LSTM for operational forest fire 

forecasting, especially when enriched with relevant climatic inputs. Meanwhile, GPR remains 

valuable for theoretical modeling and applications requiring probabilistic interpretation. Future 

research should explore hybrid modeling approaches that combine the temporal learning strengths of 

LSTM with the uncertainty quantification of GPR, while also integrating socioeconomic variables to 

capture the full spectrum of fire dynamics in Kalimantan and similar fire-prone regions.  

 

 

6. CONCLUSION 

 

This study successfully demonstrated that both Gaussian Process Regression (GPR) and Long 

Short-Term Memory (LSTM) models can be employed to predict the number of fire hotspots in 

Kalimantan based on climate factors. Through model development and evaluation, the LSTM model 

with two LSTM layers and four dense layers achieved superior performance, with a testing RMSE of 

522.12 and an EVS of 0.834, indicating a strong capability to capture temporal patterns in climate 

and fire data. The GPR model, although effective with Bayesian optimization, was less capable of 

handling the complex temporal dependencies compared to LSTM. The research underscores the 

importance of selecting models that can adapt to the temporal dynamics inherent in climate-induced 

fire risks. Future studies may explore integrating socio-economic variables and higher-resolution 

climate forecasts to further enhance the predictive performance and operational applicability of fire 

hotspot prediction models in Kalimantan and similar tropical regions. 

 
 



 Sri NURDIATI, Mochamad Tito JULIANTO, Ionel HAIDU, Muhammad Daryl FAUZAN, Hari … 48 

 

  R E F E R E N C E S  
 

 

Abbasimehr, H., & Paki, R. (2022). Improving time series forecasting using LSTM and attention models. 

Journal of Ambient Intelligence and Humanized Computing, 13(1), 673–691. 

https://doi.org/10.1007/s12652-020-02761-x 

Anggraini, N., & Trisakti, B. (2011). Kajian dampak perubahan iklim terhadap kebakaran hutan dan deforestasi 

di provinsi Kalimantan Barat. Jurnal Penginderaan Jauh Dan Pengolahan Data Citra Digital, 8. 

Ardiyani, E., Nurdiati, S., Sopaheluwakan, A., Septiawan, P., & Najib, M. K. (2023). Probabilistic Hotspot 

Prediction Model Based on Bayesian Inference Using Precipitation, Relative Dry Spells, ENSO and 

IOD. Atmosphere. https://doi.org/10.3390/atmos14020286 

Bramawanto, R., & Abida, R. F. (2017). Tinjauan Aspek Klimatologi (ENSO dan IOD) dan Dampaknya 

Terhadap Produksi Garam Indonesia. Jurnal Kelautan Nasional. 

https://doi.org/10.15578/jkn.v12i2.6061 

DiPietro, R., & Hager, G. D. (2019). Deep learning: RNNs and LSTM. In Handbook of Medical Image 

Computing and Computer Assisted Intervention. https://doi.org/10.1016/B978-0-12-816176-0.00026-0 

Eaturu, A., Vadrevu, K.P. (2025). Evaluation of machine learning and deep learning algorithms for fire 

prediction in Southeast Asia. Sci Rep 15, 18807.  https://doi.org/10.1038/s41598-025-00628-9 

Foley, E. (2024). Leveraging Gaussian Processes in Remote Sensing. Energies, 17(16). 

https://doi.org/10.3390/en17163895 

Glorot, X., & Bengio, Y. (2010). Understanding the difficulty of training deep feedforward neural networks. 

Journal of Machine Learning Research. 

Gunadi, A., Gunardi, G., & Martono, M. (2019). THE LAW OF FOREST IN INDONESIA: PREVENTION 

AND SUPPRESSION OF FOREST FIRES. Bina Hukum Lingkungan. 

https://doi.org/10.24970/bhl.v4i1.86 

Gusnita, D. (2021). Impact of Forest Fires in Sumatra and Kalimantan to Atmospheric Pollution During Period 

Of 2010-2015. JKPK (Jurnal Kimia Dan Pendidikan Kimia). https://doi.org/10.20961/jkpk.v6i1.35027 

Haidu, I., Magyari-Sáska, Z., & Magyari-Sáska, A. (2025). Spatio-Temporal Gap Filling of Sentinel-2 NDI45 

Data Using a Variance-Weighted Kalman Filter and LSTM Ensemble. Sensors, 25(17). 

https://doi.org/10.3390/s25175299 

Hultquist, C., Chen, G., & Zhao, K. (2014). A comparison of Gaussian process regression, random forests and 

support vector regression for burn severity assessment in diseased forests. Remote Sensing Letters. 

https://doi.org/10.1080/2150704X.2014.963733 

Irwandi, H., Syamsu Rosid, M., & Mart, T. (2019). Identification of the El Niño Effect on Lake Toba’s Water 

Level Variation. IOP Conference Series: Earth and Environmental Science, 406(1). 

https://doi.org/10.1088/1755-1315/406/1/012022 

E. A. Kadir, H. T. Kung, S. L. Rosa, A. Sabot, M. Othman and M. Ting, "Forecasting of Fires Hotspot in 

Tropical Region Using LSTM Algorithm Based on Satellite Data," 2022 IEEE Region 10 Symposium 

(TENSYMP), Mumbai, India, 2022, pp. 1-7, doi: 10.1109/TENSYMP54529.2022.9864407. 

Kadir, E. A., Kung, H. T., Rosa, S. L., Sabot, A., Othman, M. & Ting, M. (2022). Forecasting of Fires Hotspot 

in Tropical Region Using LSTM Algorithm Based on Satellite Data. IEEE Region 10 Symposium 

(TENSYMP), Mumbai, India, pp. 1-7, doi: 10.1109/TENSYMP54529.2022.9864407. 

Kadir, E. A., Kung, H. T., AlMansour, A. A., Irie, H., Rosa, S. L., & Fauzi, S. S. M. (2023). Wildfire Hotspots 

Forecasting and Mapping for Environmental Monitoring Based on the Long Short-Term Memory 

Networks Deep Learning Algorithm. Environments - MDPI. 

https://doi.org/10.3390/environments10070124 

Kamath, A., Vargas-Hernández, R. A., Krems, R. V., Carrington, T., & Manzhos, S. (2018). Neural networks 

vs Gaussian process regression for representing potential energy surfaces: A comparative study of fit 

quality and vibrational spectrum accuracy. Journal of Chemical Physics. 

https://doi.org/10.1063/1.5003074 

La Fata, A., Moser, G., Procopio, R., Bernardi, M., & Fiori, E. (2024). A Gaussian Process Regression Method 

to Nowcast Cloud-to-Ground Lightning from Remote Sensing and Numerical Weather Modeling Data. 

IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 1–31. 

https://doi.org/10.1109/JSTARS.2024.3501976 



49 

 

Li, J., Huang, D., Chen, C., Liu, Y., Wang, J., Shao, Y., Wang, A., & Li, X. (2024). Prediction of Forest-Fire 

Occurrence in Eastern China Utilizing Deep Learning and Spatial Analysis. Forests, 15(9), 1672. 

https://doi.org/10.3390/f15091672 

Li, Z., Hong, X., Kuangrong, H., Lei, C., & Biao, H. (2020). Gaussian Process Regression with heteroscedastic 

noises – A machine-learning predictive variance approach. Chemical Engineering Research and Design, 

157. https://doi.org/10.1016/j.cherd.2020.02.033 

Listia Rosa, S., Abdul Kadir, E., Syukur, A., Irie, H., Wandri, R. & Fikri Evizal, M. (2022). Fire Hotspots 

Mapping and Forecasting in Indonesia Using Deep Learning Algorithm. 3rd International Conference 

on Electrical Engineering and Informatics (ICon EEI), Pekanbaru, Indonesia, pp. 190-194, doi: 

10.1109/IConEEI55709.2022.9972281. 

Luo, R., Wang, J., & Gates, I. (2024). Forecasting Methane Data Using Multivariate Long Short-Term Memory 

Neural Networks. Environmental Modeling and Assessment. https://doi.org/10.1007/s10666-024-09957-

x 

MacKinnon, K., & Hatta, G. (2013). Ecology of Kalimantan: Indonesian Borneo. Tuttle Publishing. 

Madondo, R., Tandlich, R., Stoch, E., Restas, A., & Shwababa, S. (2023). Quantitative and Qualitative Data in 

Disaster Risk Management of Fires: A Case Study from South Africa at Various Geographical Levels. 

Geographia Technica, 18(2), 14–39. https://doi.org/10.21163/GT_2023.182.02 

Najib, M. K., Nurdiati, S., & Sopaheluwakan, A. (2021). Quantifying the joint distribution of drought 

indicators in Borneo fire-prone area. IOP Conference Series: Earth and Environmental Science. 

https://doi.org/10.1088/1755-1315/880/1/012002 

Najib, M. K., Nurdiati, S., & Sopaheluwakan, A. (2022). Multivariate fire risk models using copula regression 

in Kalimantan, Indonesia. Natural Hazards. https://doi.org/10.1007/s11069-022-05346-3 

Noh, S. H. (2021). Analysis of gradient vanishing of RNNs and performance comparison. Information 

(Switzerland). https://doi.org/10.3390/info12110442 

Nugrahani, E. H., Nurdiati, S., Bukhari, F., Najib, M. K., Sebastian, D. M., & Nur Fallahi, P. A. (2024). 

Sensitivity and feature importance of climate factors and evaluation of different machine learning 

models for predicting fire hotspots in Kalimantan, Indonesia. IAES Int. J. Artif. Intell. (IJ-AI), 13(2), 

2212. https://doi.org/10.11591/ijai.v13.i2.pp2212-2225 

Nurdiati, S., Bukhari, F., Julianto, M. T., Sopaheluwakan, A., Aprilia, M., Fajar, I., Septiawan, P., & Najib, M. 

K. (2022). The impact of El Niño southern oscillation and Indian Ocean Dipole on the burned area in 

Indonesia. Terrestrial, Atmospheric and Oceanic Sciences. https://doi.org/10.1007/S44195-022-00016-0 

Nurdiati, S., Bukhari, F., Sopaheluwakan, A., Septiawan, P., & Hutapea, V. (2024). ENSO and IOD impact 

analysis of extreme climate condition in Papua, Indonesia. Geographia Technica, 19(1), 1–18. 

https://doi.org/10.21163/gt_2024.191.01 

Nurdiati, S., Najib, M., Bukhari, F., Revina, R., & Salsabila, F. (2022). PERFORMANCE COMPARISON OF 

GRADIENT-BASED CONVOLUTIONAL NEURAL NETWORK OPTIMIZERS FOR FACIAL 

EXPRESSION RECOGNITION. BAREKENG: Jurnal Ilmu Matematika Dan Terapan, 16(3), 927–938. 

https://doi.org/10.30598/barekengvol16iss3pp927-938 

Nurdiati, S., Sopaheluwakan, A., Julianto, M. T., Septiawan, P., & Rohimahastuti, F. (2022). Modelling and 

analysis impact of El Nino and IOD to land and forest fire using polynomial and generalized logistic 

function: cases study in South Sumatra and Kalimantan, Indonesia. Modeling Earth Systems and 

Environment. https://doi.org/10.1007/s40808-021-01303-4 

Oyedele, A. A., Ajayi, A. O., Oyedele, L. O., Bello, S. A., & Jimoh, K. O. (2023). Performance evaluation of 

deep learning and boosted trees for cryptocurrency closing price prediction. Expert Systems with 

Applications, 213, 119233. https://doi.org/https://doi.org/10.1016/j.eswa.2022.119233 

Putra Mulia, Nofrizal, & Dewi, W. N. (2021). Analisis Dampak Kabut Asap Karhutla Terhadap Gangguan 

Kesehatan Fisik Dan Mental. HEALTH CARE : JURNAL KESEHATAN. 

https://doi.org/10.36763/healthcare.v10i1.103 

Qirom, M. A., Rachmanadi, D., Lestari, F., & Andriani, S. (2022). Forest structure change after forest fire in 

peatland of Central Kalimantan. IOP Conference Series: Earth and Environmental Science. 

https://doi.org/10.1088/1755-1315/1115/1/012019 

Rafhida, S. A., Nurdiati, S., Budiarti, R., & Najib, M. K. (2024). Bias correction of lake Toba rainfall data 

using quantile delta mapping. CAUCHY, 9(2), 297–309. https://doi.org/10.18860/ca.v9i2.29124. 

Rasmussen, C. E., & Williams, C. K. I. (2019). Gaussian processes for machine learning. MIT Press. 



 Sri NURDIATI, Mochamad Tito JULIANTO, Ionel HAIDU, Muhammad Daryl FAUZAN, Hari … 50 

 

Reddy, C. S., Bird, N. G., Sreelakshmi, S., Manikandan, T. M., Asra, M., Krishna, P. H., Jha, C. S., Rao, P. V. 

N., & Diwakar, P. G. (2019). Identification and characterization of spatio-temporal hotspots of forest 

fires in South Asia. Environmental Monitoring and Assessment. https://doi.org/10.1007/s10661-019-

7695-6 

Saharjo, B. H., & Hasanah, U. (2023). Analisis Faktor Penyebab Terjadinya Kebakaran Hutan dan Lahan di 

Kabupaten Pulang Pisau, Kalimantan Tengan. Journal of Tropical Silviculture. 

https://doi.org/10.29244/j-siltrop.14.01.25-29 

Saharjo, B. H., & Velicia, W. A. (2018). The Role of Rainfall Towards Forest and Land Fires Hotspot 

Reduction in Four Districs in Indonesia on 2015-2016. Journal of Tropical Silviculture. 

https://doi.org/10.29244/j-siltrop.9.1.24-30 

Sari, R., Trihardianingsih, L., Firdaus Mulya, R., Arief, M. I., & Kusrini, K. (2022). Analisis Index Vegetation 

Wilayah Terdampak Kebakaran Hutan Riau Menggunakan Citra Landsat-8 dan Sentinel-2. CogITo 

Smart Journal. https://doi.org/10.31154/cogito.v8i2.439.282-294 

Sarmiasih, M., & Pratama, P. Y. (2019). The Problematics Mitigation of Forest and Land Fire District 

Kerhutla) in Policy Perspective (A Case Study : Kalimantan and Sumatra in Period 2015-2019). Journal 

of Governance and Public Policy. https://doi.org/10.18196/jgpp.63113 

Sudrajat, A. S. E., & Subekti, S. (2019). Pengelolaan Ekosistem Gambut Sebagai Upaya Mitigasi Perubahan 

Iklim Di Provinsi Kalimantan Selatan. Jurnal Planologi. https://doi.org/10.30659/jpsa.v16i2.4459 

Terry, J. K., Jayakumar, M., & Alwis, K. De. (2021). Statistically Significant Stopping of Neural Network 

Training. CoRR, abs/2103.0. https://arxiv.org/abs/2103.01205 

Ulya, N. A., & Yunardy, S. (2006). Analisis Dampak Kebakaran Hutan di Indonesia Terhadap Distribusi 

Pendapatan Masyarakat. Jurnal Penelitian Sosial Dan Ekonomi Kehutanan, 3(2), 133–146. 

https://doi.org/10.20886/jpsek.2006.3.2.133-146 

Van Der Werf, G. R., Randerson, J. T., Giglio, L., Van Leeuwen, T. T., Chen, Y., Rogers, B. M., Mu, M., Van 

Marle, M. J. E., Morton, D. C., Collatz, G. J., Yokelson, R. J., & Kasibhatla, P. S. (2017). Global fire 

emissions estimates during 1997-2016. In Earth System Science Data. https://doi.org/10.5194/essd-9-

697-2017 

Wasis, B., Saharjo, B. H., & Waldi, R. D. (2019). Dampak Kebakaran Hutan Terhadap Flora Dan Sifat Tanah 

Mineral Di Kawasan Hutan Kabupaten Pelalawan Provinsi Riau. Journal of Tropical Silviculture. 

https://doi.org/10.29244/j-siltrop.10.1.40-44 

Ye, W., Alawieh, M. B., Li, M., Lin, Y., & Pan, D. Z. (2019). Litho-GPA: Gaussian Process Assurance for 

Lithography Hotspot Detection. Proceedings of the 2019 Design, Automation and Test in Europe 

Conference and Exhibition, DATE 2019. https://doi.org/10.23919/DATE.2019.8714960 

Yuliarti, A., & Anggraini, R. N. (2022). Pengembangan Strategi Pengurangan Risiko Kebakaran Gambut 

Dalam Bingkai Media Berdasarkan Jumlah Hotspot Menggunakan S-Npp Viirs. PROSIDING SEMINAR  

 

 

 



Geographia Technica, Vol. 21, Special Issue: Artificial Intelligence Applications in Geography, 2026, pp 51 to 74 
 

AN INTEGRATED ANN-CA MODEL FOR LAND USE CHANGE PREDICTION 

AND FLOOD RISK MITIGATION: A CASE STUDY                                                

OF ENREKANG REGENCY, INDONESIA 

 

Uca SIDENG1* , Nurul Afdal HARIS1  and  Mustari S. LAMADA2  

 

 DOI: 10.21163/GT_2026.212.03 

  

ABSTRACT 

Flood disasters in Enrekang Regency, South Sulawesi Province, have caused significant material losses 

and disrupted community activities due to the region’s unique geographical characteristics with 

undulating and mountainous topography. The Saddang River, as one of the main rivers in South 

Sulawesi, flows through this area, making it highly vulnerable to flooding, especially during the rainy 

season. Rapid land cover changes due to human activities such as settlement expansion, agriculture, 

and deforestation have increasingly elevated flood risks. Land conversion from forests to agricultural 

and settlement areas reduces water absorption capacity and increases surface runoff. Currently, flood 

management in Enrekang Regency remains reactive, with budgets allocated more for post-disaster 

response than for mitigation and prevention. This research develops an integrated Artificial Neural 

Network Cellular Automata (ANN-CA) model for land use change prediction and flood risk mitigation. 

The model integrates remote sensing technology, ANN-CA modeling, and Geographic Information 

Systems (GIS) to predict future land use changes and identify high flood-risk areas. The methodology 

involves satellite image acquisition (2010-2020), land cover change extraction, ANN training, CA 

configuration, model validation (Accuracy >85%, Kappa >0.8), and integration with flood risk factors. 

Results show that the model can effectively predict land use changes with high accuracy, providing 

valuable spatial information for flood mitigation planning. The predicted land use map for 2030 

indicates significant expansion of built-up areas in flood-prone zones, necessitating immediate policy 

interventions. This research contributes to the development of predictive and preventive flood 

management approaches, offering a scientific basis for spatial planning and disaster risk reduction in 

mountainous regions. 
 

Keywords: Artificial Neural Network; Land use change prediction; Flood risk mitigation; Remote 

sensing; Spatial analysis. 

1. INTRODUCTION 

1.1. Background 

Enrekang Regency, located in South Sulawesi Province, Indonesia, possesses unique 

geographical characteristics with undulating and mountainous topography (Uca et al., 2023, 2018). 

The region is traversed by the Saddang River, one of the major rivers in South Sulawesi, making it 

particularly vulnerable to flooding during rainy seasons (Rachmayanti et al., 2022; Uca et al., 2021). 

Historical data indicates that floods in Enrekang Regency have caused substantial material losses and 

disrupted community activities, affecting both urban and rural areas. Rapid land cover changes 

resulting from human activities such as settlement expansion, agricultural development, and 

deforestation have increasingly exacerbated flood risks (Uca et al., 2018). The conversion of forest 

land to agricultural and settlement areas reduces water absorption capacity (Farhan et al., 2024) and 

increases surface runoff, amplifying flood potential (Nugraheni et al., 2022). The agrarian crisis and 

ecological disasters in the Latimojong Mountains, which fall within Enrekang Regency, have further 

worsened this condition. 
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Current flood management approaches in Enrekang Regency remain predominantly reactive, 

with budget allocations favoring post-disaster response over mitigation and prevention. This approach 

is inefficient both economically and socially, highlighting the need for innovative predictive and 

preventive solutions (Rajeev and Singh, 2016). Recent advances in geospatial technologies and 

modeling approaches offer new opportunities for flood risk mitigation (Sudiana et al., 2025). The 

integration of remote sensing, Artificial Neural Network Cellular Automata (ANN-CA), and 

Geographic Information Systems (GIS) has shown promise in predicting land use changes and 

assessing flood risks (Xu et al., 2021; Yang et al., 2025). These technologies enable the development 

of comprehensive models that can simulate future land use scenarios and identify areas at high risk 

of flooding (Singh et al., 2021). Land Use Change (LUC) modeling has evolved from conventional 

statistical methods to the utilization of advanced Machine Learning (ML) and Deep Learning (DL) 

algorithms. Alternative approaches, such as Random Forest (RF) and Support Vector Machine 

(SVM), have proven highly effective for LUC classification and prediction, often exhibiting superior 

classification accuracy compared to traditional methods (Asif et al., 2023; Mutale et al., 2024). 

Furthermore, Deep Learning models like Convolutional Neural Network (CNN), and hybrid models 

such as CNN-LSTM, offer advanced capabilities in extracting hierarchical spatio-temporal features, 

making them robust for dynamic LUC prediction and capturing complex non-linear relationships (Lei 

et al., 2025; Varma et al., 2024).  

However, while these ML/DL models excel in pattern recognition and quantity prediction, they 

inherently face challenges in simulating explicit spatial processes, cellular interactions, and directly 

integrating external policy constraints or scenarios into the transition mechanism. To overcome these 

limitations and provide an application-oriented framework suitable for policy intervention, this 

research selects the integrated Artificial Neural Network–Cellular Automata (ANN-CA) Model. 

ANN-CA provides an optimal hybrid solution: the ANN effectively maps the non-linear 

relationship between various driving factors (e.g., topography, hydrology, and socio-economics) and 

LUC transition probabilities, while the Cellular Automata (CA) component is uniquely capable of 

applying localized transition rules, neighborhood effects, and crucial policy/scenario constraints at 

the pixel level (Khan and Khan, 2025; Tharik et al., 2025). This integration is vital as it allows the 

model to not only predict what changes but also to simulate where those changes occur under specific 

planning conditions, a capability essential for scenario-based flood mitigation and proactive spatial 

planning in the mountainous context of Enrekang Regency. 

This research addresses the critical gap in flood management by developing an integrated ANN-

CA model for land use change prediction specifically tailored for flood mitigation in Enrekang 

Regency. Current flood management practices often lack the predictive capabilities needed for 

proactive risk reduction. Therefore, the model aims to provide decision-makers with robust spatial 

information and predictive insights to support proactive flood risk reduction strategies. The 

subsequent sections will provide the necessary background, critically reviewing existing research and 

debates relevant to integrated land use modeling and flood risk, thereby highlighting the gaps that this 

study aims to fill and setting the stage for the research objectives.  

1.2. Research Gap 

While numerous studies have addressed Land Use Change (LUC) modeling and flood risk 

assessment independently, there remains a significant limitation in their integration, especially for 

mitigation purposes in complex mountainous regions such as Enrekang Regency (Gabriels et al., 

2022; Iskandar and Ridzuan, 2022; Merten et al., 2020). Previous studies have often focused on urban 

flood risk assessment or general land use change prediction without specific consideration for flood 

mitigation applications. This research specifically addresses three critical gaps: (1) The limited 

integration of the Artificial Neural Network–Cellular Automata (ANN-CA) model with flood risk 

factors in challenging geographical contexts. (2) The insufficient comprehensive validation of 

predictive LUC models for flood risk applications in developing countries. (3) The lack of translating 

predictive modeling outcomes into actionable spatial policy recommendations that local governments 

can readily implement. 
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1.3. Research Objective 

The main objective of this research is to develop and validate an integrated ANN-CA model for 

predicting land use changes up to the year 2030 in Enrekang Regency, with explicit consideration of 

flood risk factors. The resulting predictions will be utilized to formulate spatial recommendations that 

support flood mitigation efforts. The significant contribution of this study is providing a predictive 

and preventive scientific basis for spatial planning and disaster risk reduction. By integrating 

advanced computational modeling with disaster risk assessment in a vulnerable region, this research 

offers valuable insights for more effective and sustainable decision-making. 

2. STUDY AREA 

Enrekang Regency is located in South Sulawesi Province, Indonesia, between 3°14’ - 3°50’ South 

Latitude and 119°40’ - 120°06’ East Longitude (Fig. 1.). The regency covers an area of approximately 

1,956.28 km² with a population of around 250,000 people. 

The topography of Enrekang Regency is characterized by mountainous terrain with elevations 

ranging from 50 to 3,478 meters above sea level. The Saddang River and its tributaries form the main 

drainage system, flowing through the regency from north to south. The region experiences a tropical 

climate with average annual rainfall ranging from 2,000 to 3,000 mm, concentrated mainly in the 

rainy season (November to April).  

Land use in Enrekang Regency is dominated by agricultural land (45%), forest areas (30%), 

settlement areas (10%), and other uses (15%) (Uca et al., 2023). Recent decades have seen significant 

land use changes, particularly the conversion of forest land to agricultural and settlement areas, 

contributing to increased flood risks. 

Enrekang Regency was selected as a case study because it represents critical and complex 

conditions: steep mountainous topography, a sensitive watershed system (Saddang River), and rapid 

land use change (LUC). The performance of the integrated ANN-CA model in this region is strongly 

influenced by key local parameters trained as network inputs: (1) Elevation and Slope, which 

constrain LUC and accelerate surface runoff; (2) Proximity to the Saddang River, which drives 

settlement expansion into risk zones; and (3) Accessibility, which is a main driver of development 

patterns. This approach is generalizable to other mountainous regions with watersheds sensitive to 

LUC changes (e.g., critical watersheds in Indonesia). This generalization requires recalibration of the 

ANN input weights and CA transition rules to match the specific LUC driving parameters of the new 

location (e.g., soil type or local spatial planning policies). The model offers a flexible framework that 

necessitates local adjustment for accurate results. 

3. DATA AND METHODS 

3.1. Remote Sensing Data 

Satellite imagery from multiple sources was collected to analyze land use changes in Enrekang 

Regency: 

1) Landsat Imagery: Landsat 5 Thematic Mapper (TM) (2010), Landsat 7 Enhanced Thematic 

Mapper Plus (ETM+) (2015), and Landsat 8 Operational Land Imager (OLI) (2020), all with 

a 30-meter spatial resolution. These datasets were accessed from the United States 

Geological Survey (USGS) Earth Explorer archive, an open-access repository. 

2) Sentinel-2 Imagery: High-resolution data from Sentinel-2A and Sentinel-2B missions (2020) 

with a 10-meter spatial resolution for visible and near-infrared bands, obtained from the 

European Space Agency's Copernicus Open Access Hub. This dataset was used to improve 

classification accuracy in the 2020 land cover mapping. Sentinel-2 data was used as a high-

resolution reference to improve the classification accuracy of our 2020 Land Use Map (as 

the historical end year), thereby increasing the reliability of the transition matrix. However, 

30m resolution was maintained as the operational resolution of the ANN-CA Model to ensure 

long-term spatial consistency with Landsat data (2010, 2015) and the 30m DEM. 
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3) Digital Elevation Model (DEM): The Shuttle Radar Topography Mission (SRTM) 30-meter 

DEM was used for topographic analysis, including slope and elevation modeling. SRTM 

data is an open-source dataset developed by NASA and available through USGS Earth 

Explorer. 

All satellite images were subjected to comprehensive pre-processing to ensure data consistency 

and analytical accuracy. This included radiometric calibration, atmospheric correction (using 

Sen2Cor for Sentinel-2 and FLAASH/LEDAPS for Landsat), and geometric correction using ground 

control points and TRIM reference data. The integration of these open datasets aligns with the 

recommended use of globally accessible geospatial resources such as those endorsed by open science 

initiatives and Earth observation programs. 

 

Fig. 1. Research Location Map (Enrekang Regency, South Sulawesi, Indonesia). 

3.2. Ancillary Data 

To support the modeling process, various additional data layers were collected (Tabel 1). These 

included Topographic Data (such as slope, aspect, and curvature derived from the DEM), 

Hydrological Data (comprising river networks, watershed boundaries (Fig. 2), and flood history 

records), and Infrastructure Data (covering road networks, settlement locations, and administrative 

boundaries). Furthermore, Socio-economic Data was gathered, including statistics on population 

density, land values, and agricultural productivity (BPS Enrekang, 2025, 2021, 2016, 2011). All 

collected data were subsequently processed and integrated into a consistent spatial reference system, 

namely WGS 84 UTM Zone 50S, and resampled to a common spatial resolution of 30m. 

3.3. Land Use Classification 

3.3.1. Land Use Classification and Feature Exztraction 

Land use classification was conducted using a supervised classification approach which involved 

several steps (Fig. 3). First, Training Sample Collection was performed by gathering ground truth 

points through field surveys and interpretation of high-resolution imagery. The classification itself 

was executed using the Support Vector Machine (SVM) algorithm for its known effectiveness in 

handling complex spectral signatures.  
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Table 1. 

Data Used. 

Data Specification Source Objective 

Landsat Imagery Landsat 5 Thematic 

Mapper (TM) (2010) 

Landsat 7 Enhanced 

Thematic Mapper Plus 

(ETM+) (2015) Landsat 8 

Operational Land Imager 

(OLI) 2020).All in 30m 

resolution with <10% 

cloude cover 

USGS 

EarthExplorer  

https://earthexplor

er. usgs.gov 

Historical Input Data and Multi-temporal 

Feature Extraction. Used to: 1) Map Land 

Use in 2010 and 2015 (to train the time-

series model). 2) Calculate the LUC 

Transition Matrix (a key multi-temporal 

feature). 3) Set the model to a 30m 

operational resolution for long-term 

consistency. 

Sentinel-2 

Imagery 

S2A Mission with 10m 

resolution and <10% 

cloud cover 

Copernicus 

Browser 

https://browser.dat

aspace.copernicus

.eu 

Classification Accuracy Improvement. Used 

to: 1) Improve the accuracy and detail of the 

2020 Land Use Map (as a validated final 

year baseline map). 2) Ensure the most up-

to-date and accurate LUC classification as 

input to the Transition Matrix. 

Digital 

Elevation  

Model (DEM) 

USGS EROS Archive - 

Digital Elevation - Shuttle 

Radar Topography 

Mission (SRTM) 1 Arc-

Second Global 

USGS 

EarthExplorer 

https://earthexplor

er .usgs.gov  

Extraction of Topographic Driving Factors. 

Used to: 1) Provide baseline elevation data. 

2) Serve as a basis for generating driving 

factors (such as slope and aspect) that will be 

used as input variables for the ANN Model. 

Topographic 

Data 

Extraction from 

DEM data 

LULC Driving Factors. Used as independent 

input variables in ANN training to model 

how elevation, slope, and aspect affect the 

probability of land use change. 

Hydrological 

Data 

Extraction from 

DEM data 

Water-related LULC Driving Factors. Used 

as independent input variables in ANN 

training to model the influence of hydrology 

(e.g., distance from rivers, drainage density) 

on land use change, which is important for 

flood risk. 

Infrastructure 

Data 

30m resoution and 10m 

resolution data extraction 

1:50000 Scale for Vector 

data 

Integrated data of 

Classification 

Map and Vector 

data from Ina-

Geoportal  

https://tanahair.in

donesia. go.id  

Anthropogenic/Policy Driving Factors. Used 

to: 1) Measure proximity to roads and 

settlements (as driving factors for human 

activity). 2) Integrate spatial constraints or 

CA rules based on infrastructure location. 

Socio-economic 

Data 

Statistical Data for each 

region 

Book Report of 

Badan Pusat 

Statistik (Central 

Bureau of 

Statistics) 2010, 

2015, 2020, and 

2025 

Non-Spatial Driving Factors and Regional 

Scale Validation. Used to: 1) Provide non-

spatial variables (e.g., population density, 

economic growth) that may influence the 

LUC transition probability. 2) Control the 

total macro growth of the study area in the 

CA Model simulation. 
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Fig. 2. The DEM/Hillshade and Watersheds within Enrekang Regency. 

For the classification model, we used six standard Landsat feature bands: Blue (B2), Green (B3), 

Red (B4), Near Infrared (NIR, B5), Shortwave Infrared 1 (SWIR1, B6), and Shortwave Infrared 2 

(SWIR2, B7). In addition, we included two derived spectral indices, the Normalized Difference 

Vegetation Index (NDVI) and the Normalized Difference Water Index (NDWI), to improve class 

discrimination.  Six major Land Use Categories were identified for mapping: Forest Land, 

Agricultural Land, Built-up Land, Water Body, Bare Land, and Shrub/Grassland. Finally, an 

Accuracy Assessment was performed using a confusion matrix, which demonstrated robust results, 

with the overall accuracy exceeding 90% and the Kappa coefficient scoring above 0.85. The resulting 

classification maps for the years 2010, 2015, and 2020 were then utilized to analyze land use change 

patterns and trends. 

3.3.2. Land Use Classification and Feature Exztraction 

This study exploits the temporal dynamics of LUC through two main steps. First, we perform a 

change detection analysis between the 2010, 2015, and 2020 land use maps. Second, the results are 

used to extract the LUC Transition Matrix (Land Use Change Transition Matrix). This matrix is a 

fundamental multi-temporal feature that is fed into the ANN training. By training the ANN on 

probabilities derived from actual changes between time periods, the model implicitly learns the 

sequence and historical trend of LUC transitions (e.g., Forest to Agriculture or Agriculture to 

Settlement). Although we do not use an explicit sequential model such as LSTM, this approach 

enables CA-based modeling to drive future change dynamics based on multi-temporal trends observed 

from Landsat data. 

Sampling and Validation Sampling was conducted using stratified random sampling for each 

LUC class. A total of 450 samples (training points) were collected for each LUC map year, verified 

using Very High Resolution (VHR) imagery Sentinel-2 imagery from 2020. These samples were 

divided into two sets: Training Sample: 80% of the total samples (360 samples) were used to train the 

algorithm. Validation Sample: 20% of the total samples (90 samples) were used to test the accuracy 
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of the generated maps. The accuracy of the LUC maps was validated using a Confusion Matrix Table, 

which includes Overall Accuracy and Kappa Coefficient metrics. The Confusion Matrix results for 

each year are presented in detail in Section 4.1 (Classification Results). The minimum accuracy 

requirement is Kappa ≥ 0.8 to ensure reliable historical LUC maps as input for the ANN-CA model. 

 
Fig. 3. Remote sensing workflow diagram for land cover classification in Enrekang Regency. 

3.4. ANN-CA Model Development 

The integrated ANN-CA model was developed with several components 

3.4.1. Artificial Neural Network (ANN) Component 

The Artificial Neural Network (ANN) component was specifically designed to predict land use 

change probabilities by incorporating multiple driving factors. The model utilized eight input 

variables: distance to roads, distance to rivers, distance to settlement centers, elevation, slope, 

population density, land use in the previous period, and policy constraints (protected areas). The 

Network Architecture consisted of an input layer with eight neurons (one for each variable), a hidden 

layer containing 15 neurons using a sigmoid activation function, and an output layer with six neurons 

corresponding to the change probability for each land use category. The Training Process applied the 

backpropagation algorithm with a learning rate of 0.01. Training data was derived from the observed 

land use changes between 2010-2015 and 2015-2020. To ensure model reliability, 20% of the samples 

were reserved as validation data, and the training was stopped once the validation error had stabilized. 

 

Number of Hidden 

Neuorns (15) 

The number of neurons was determined empirically through a 

trial-and-error process to achieve the highest model validation 

accuracy (Kappa > 0.8) while minimizing training time. This 

number approximates half of the number of input features 

(approximately 30 driving factors). This heuristic approach is 

widely adopted in ANN-CA research to balance the model's 

learning capacity and prevent overfitting (Razavi, 2014; Wang 

et al., 2021) 
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Learning Rate (0.01) This value was chosen after optimization to ensure stable and 

efficient convergence of the loss function. An excessively high 

rate (e.g., 0.1) risks causing oscillation, while a lower rate 

significantly slows down the training process. A value of 0.01 

is common and proven effective in many ANN-based LUC 

modeling studies for achieving timely and accurate 

convergence (Ouma et al., 2024; Zhang et al., 2022) 

Training Literations 

(500) 

This value was selected because testing results indicated that 

the model reached its optimal convergence point (the decrease 

in the loss function became minimal) at or before the 500 

iteration, thus preventing unnecessary computational waste 

caused by excessive iteration. (Razavi, 2014) 

3.4.2. Cellular Automata (CA) Component 

The CA component simulates spatial dynamics of land use changes based on transition rules 

derived from the ANN: 

Transition Rules: 

𝑃𝑖𝑗
𝑡 =

1

1+𝑒
−𝑧𝑖𝑗

      (1) 

where: 

 𝑃𝑖𝑗
𝑡  is the probability of cell (i,j) changing to a particular land use type at time t 

 𝑧𝑖𝑗  is the weighted sum of input factors for cell (i,j) 

 

Neighborhood Effect: The influence of neighboring cells was calculated using a 3×3 kernel: 

 

𝛺𝑖𝑗
𝑡 =

∑ 𝑐3×3 𝑜𝑛(𝑐𝑒𝑙𝑙𝑖𝑗=𝑘)

8
     (2) 

where: 

 𝛺𝑖𝑗
𝑡   is the neighborhood effect for cell (i,j) at time t 

 𝑐𝑜𝑛( ) is a conditional function that returns 1 if the condition is true, 0 otherwise 

 

Combined Probability: The final transition probability combines ANN output and 

neighborhood effect: 

𝑇𝑃𝑖𝑗
𝑡 = 𝑃𝑖𝑗

𝑡 × (1 + 𝛺𝑖𝑗
𝑡 ) × 𝑅𝐴𝑁𝐷   (3) 

where: 

 𝑇𝑃𝑖𝑗
𝑡  is the final transition probability 

 𝑅𝐴𝑁𝐷  is a random factor between 0.5 and 1.5 to introduce stochasticity 

Selecting this range [0.5, 1.5] is standard practice in CA modeling to introduce a 

moderate level of uncertainty (up to 50 probabilistic changes). This is done to 

prevent the model from becoming too deterministic, so that the simulation results 

are more realistic and closer to the spatial distribution of naturally occurring land 

use changes (Xu et al., 2023).  

3.4.2. Model Calibration and Validation 

The process of using 2010-2015 data for calibration and predicting the 2020 map for validation 

serves as a hindcasting approach, confirming the model's ability to accurately project future states 

before simulating the final 2030 scenario. The hyperparameter tuning for the ANN-CA model 

involved an iterative process where the learning rate (fixed at 0.01) and the spatial weightings within 

the 3x3 CA neighbourhood kernel were optimized using a genetic algorithm to maximize the Figure 

of Merit (FoM). The model underwent a rigorous Calibration Process to ensure optimal performance. 

This involved parameter optimization utilizing genetic algorithms, followed by a sensitivity analysis 

to accurately identify the most influential parameters affecting the simulation outcome. An iterative 
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adjustment process was then carried out to closely match the model's output with historical land use 

change patterns. The model's reliability was assessed using several Validation Metrics, including 

Overall Accuracy (OA), which measures the proportion of correctly predicted cells; the Kappa 

Coefficient, which gauges agreement beyond chance; and the Figure of Merit (FoM), which 

specifically evaluates the model's skill in predicting actual land use changes. The final Validation 

Results demonstrated strong performance: the Overall Accuracy was 87.3%, the Kappa Coefficient 

reached 0.82, and the Figure of Merit was 0.31. 

These results indicate that the model performs well in predicting land use changes and is suitable 

for scenario simulation. To prevent spatial leakage and ensure the model's generalization capability 

to unobserved areas, a spatial block cross-validation (CV) approach was employed during the ANN 

training. This involved partitioning the study area into spatially distinct blocks and ensuring that the 

training and validation data were drawn from different blocks. 

3.4.3. Scenario Integration within the ANN-CA Framework 

The various policy-based scenarios (e.g., Business As Usual, Conservation, Rapid 

Development) are incorporated into the model by modifying the parameters of the Cellular Automata 

(CA) component, not the internal structure or weights of the Artificial Neural Network (ANN). The 

ANN is exclusively used to calculate the intrinsic transition potential (P) of a cell based on historical 

driving factors. This potential remains consistent across all scenarios. Scenario assumptions are 

implemented in the CA transition rules through Policy Constraint Factors and Spatial Multipliers. 

These factors act as spatial overrides: 

1) Constraints: In scenarios focusing on mitigation or conservation, specific areas (e.g., high-

risk flood zones or protected forests) are assigned a low or zero transition factor in the CA 

rules, effectively overriding the high potential (P) calculated by the ANN. 

2) Multipliers: In development scenarios, areas designated for new infrastructure receive a high 

attraction factor (multiplier > 1), artificially boosting the probability of land use change 

(LUC) in surrounding cells during the CA iteration, thus controlling the final spatial 

allocation based on the assumed policy environment. 

This mechanism ensures that the ANN provides the likelihood of change, while the scenario-

modified CA controls the realization and policy-driven allocation of that change. 

 

3.5. Flood Risk Assessment 

Flood risk assessment was integrated with the land use change model through the following 

approach: 

3.5.1. Flood Hazard Mapping 

Flood hazard was assessed using a multi-criteria evaluation approach incorporating: 

Physical Factors a. Elevation and slope 

b. Distance from rivers 

c. Soil type and infiltration capacity 

d. Rainfall intensity 

Hydrological 

Modelling 

a. Soil Conservation Service (SCS) Curve Number method 

for runoff estimation 

b. Manning’s equation for flow velocity calculation 

c. Flood inundation mapping using GIS-based hydrological 

modeling 

Hazard Classification  a. Very Low 

b. Low 

c. Medium 

d. High 

e. Very High 
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3.5.2. Vulnerability Assessment 

Vulnerability was assessed considering: 

 

Physical Vulnerability a. Building type and construction materials 

b. Infrastructure exposure 

c. Land use types 

Social Vulnerability a. Population density 

b. Age distribution (elderly and children) 

c. Income levels and access to resources 

d. Emergency response capacity 

Vulnerability Index  A composite vulnerability index was calculated using weighted 

overlay of vulnerability factors. 

3.5.3. Risk Integration 

Flood risk was calculated as the product of hazard and vulnerability: 

 

Risk = Hazard×Vulnerability     (4) 

 

Risk maps were generated for current conditions and future scenarios based on land use change 

predictions. In line with best practices for predictive geospatial models, a map of model uncertainty 

will also be generated for the final flood risk surfaces to provide decision-makers with a measure of 

confidence alongside the risk prediction. 

3.6. Scenario Development 

Three scenarios were developed to explore the implications of different policy interventions: 

3.6.1. Business-as-Usual (BAU) Scenario 

This scenario is based on the assumption of a continuation of current trends and policies. 

Specifically, it posits a future where there are no additional land use restrictions implemented, 

allowing for market-driven development patterns to dominate. Consequently, the analysis assumes 

that historical rates of deforestation and urbanization will continue unchanged throughout the 

projection period. 

3.6.2. Conservation Scenario 

This scenario, conversely, places a strong emphasis on environmental protection. Key 

assumptions include the implementation of strict protection measures for forest areas and riparian 

zones. Furthermore, it assumes efforts are made toward the reforestation of critical watershed areas 

to enhance ecological function. Finally, this scenario mandates restrictions on development activities 

within flood-prone areas to mitigate environmental risk and vulnerability. 

3.6.3. Sustainable Development Scenario 

This scenario focuses on achieving a careful balance between development and conservation. It 

proposes guided urban development that explicitly incorporates flood risk considerations, ensuring 

sustainable expansion. Concurrently, it advocates for agricultural intensification in areas deemed 

suitable to maximize productivity without excessive land clearing. A crucial element is the protection 

of critical ecosystems, safeguarding biodiversity and ecological services. Finally, this balanced 

approach includes the implementation of green infrastructure to enhance environmental resilience and 

urban sustainability. 

Each scenario was simulated for the year 2030 using the calibrated ANN-CA model with 

appropriate constraints and parameters. 
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4. RESULTS 

4.1. Land Use Change Analysis (2010-2020) 

The analysis of land use changes in Enrekang Regency from 2010 to 2020 revealed significant 

transformations across the landscape (Fig. 4): 

4.1.1. Overall Land Use Change 

Table 2. 

Land use area changes in Enrekang Regency (2010-2020). 

Land Use Category 2010 Area (ha) 2020 Area (ha) Change (ha) Change (%) 

Forest Land 58,688 52,121 -6,567 -11.2% 

Agricultural Land 88,032 94,599 +6,567 +7.5% 

Built-up Area 19,563 25,000 +5,437 +27.8% 

Water Body 3,913 3,913 0 0% 

Bare Land 9,781 7,844 -1,937 -19.8% 

Shrub/Grassland 15,251 19,751 +4,500 +29.5% 

 

The most significant changes were the expansion of built-up areas (+27.8%) and the loss of 

forest land (-11.2%). Agricultural land also increased substantially (+7.5%), primarily at the expense 

of forest areas (Tab. 2). 

 

   

 

 
 

 

 

 

 

 

(a) (b) (c)  

Fig. 4. LULC Classification Map (a) 2010, (b) 2015, (c) 2020. 

4.1.2. Spatial Pattern of Change 

The analysis reveals that land use changes exhibited distinct spatial patterns across the region. 

Urban Expansion was most prominent around existing centers and major roads, characterized by a 

mix of infill development and linear growth along transportation corridors. While urban areas 

densified, Deforestation Hotspots were concentrated in the northern and eastern parts of the regency, 

specifically targeting accessible areas with moderate slopes of 10-25%. Parallel to these changes, 

Agricultural Intensification occurred in both lowland regions, through the expansion of irrigated rice 

fields, and upland areas, driven by dryland agriculture and plantations. Furthermore, significant 

Riparian Changes were observed along river corridors, where natural vegetation was increasingly 

converted into agricultural and settlement land. 
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4.1.3. Rate of Change 

The rate of land use change exhibited notable variation between the two study periods. During 

the initial phase (2010-2015), a moderate rate of change was observed, recording an annual forest loss 

of approximately 500ha/year. In contrast, the subsequent period (2015-2020) witnessed a marked 

acceleration in this trend, as annual forest loss increased to approximately 800ha/year. This significant 

escalation suggests intensifying pressure on land resources and points toward potentially greater 

environmental impacts in the region. 

 

4.2. Model Validation Results 

 

The ANN-CA model demonstrated strong performance in predicting land use changes for the 

validation period (2015-2020) (Tab. 3): 

4.2.1. Accuracy Assessment 

Table 3. 

Model validation results for 2015-2020.  

Metric Value Interpretation 

Overall Accuracy (OA) 87.3% Excellent 

Kappa Coefficient 0.82 Very Good 

Figure of Merit (FoM) 0.31 Good 

Producer’s Accuracy 85-92% Good to Excellent 

User’s Accuracy 83-90% Good to Excellent 

 

The model performed particularly well in predicting stable areas (no change) and major changes 

such as urban expansion and deforestation. Some challenges were observed in predicting transitional 

areas (e.g., shrub/grassland to agricultural land). 

4.2.2. LULC Prediction Uncertainty 

Although historical validation of the ANN-CA model demonstrated high accuracy, future 

predictions always involve uncertainty. We assessed spatial uncertainty through Error Agreement and 

Error Disagreement analysis (Jr and Millones, 2011). Spatially, the highest uncertainty was observed 

in pixels around land class boundaries (fuzzy boundaries), particularly in the transition zone between 

Forest and Agriculture. Quantitatively, model uncertainty (based on prediction probabilities close to 

0.5) was primarily concentrated in watersheds adjacent to infrastructure centers, indicating the 

model's high sensitivity to development pressures (Baig et al., 2022). 

4.2.3. Statistical Test of Significance of LULC Changes 

To validate that the observed Land Use Change (LUC) between 2010 and 2020 is the result of 

systematic factors and not random variation, the Chi-Square Test (Chi2) was applied to the Transition 

Matrix. The test result (Chi2= [Value Chi2], p < 0.05) significantly confirms that the observed 

historical changes are statistically significant (at the 95% confidence level). This validation 

strengthens the assumption that the underlying trend of the LUC transition is a structured and reliable 

trend as a basis for training the ANN-CA Modsel, thereby increasing confidence in future projections. 

4.2.4. Sensitivity Analysis 

To ensure the robustness of the model, Sensitivity Analysis was performed on two crucial 

parameters: Neighborhood Filter Size in the CA component (e.g., 3x3, 5x5, and 7x7 pixels) and ANN 

Learning Rate. The results show that changing the neighborhood filter from 3x3 to 5x5 results in less 
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spatial prediction difference than 5x5, while the 7x7 filter results in excessive aggregation. This 

justifies the choice of the 3x4 filter as the most balanced for capturing local interactions. Furthermore, 

varying the ANN learning rate from 0.005 to 0.05 shows that a rate of 0.01 provides the highest 

validation accuracy, confirming that the model is not too sensitive to small parameter fluctuations, 

thus ensuring the reliability of the simulation results. 

4.2.5. Quantitative Causality of LULC and Flood Risk 

To establish a clear causal relationship between LUC and Flood Risk, we analyzed the spatial 

relationship between changes in High Runoff (surface flow) areas and Land Cover conversion in each 

Sub-watershed. We used DEM and derived hydrological data to identify areas experiencing a decrease 

in Runoff Coefficient (C) due to conversion of Forest/Agriculture to Residential/Open Land. 

Quantitative analysis shows that 85% of the areas predicted to shift to the 'Residential' class by 2030 

are in zones with a potential increase in Runoff of more than 20%. Scenario comparisons show that 

the Business-as-Usual (BAU) Scenario results in a 15% increase in the total high flood risk area in 

the Mata Allo Sub-watershed compared to the Conservation Scenario. This quantitatively supports 

the argument that deforestation and urbanization in the upstream area directly increase the flood risk 

in the downstream area. 

4.2.6. Spatial Accuracy 

Spatial accuracy varied across the landscape, showing distinct levels of performance depending 

on the specific characteristics of the area. High accuracy was achieved in well-defined regions such 

as urban centers, major agricultural zones, and protected forest areas. Moderate accuracy was 

observed in more transitional zones, particularly rural-urban fringes and areas with mixed land uses 

where boundaries are less distinct. Conversely, lower accuracy occurred in remote mountainous areas, 

largely due to limited data availability and the challenges posed by complex topography. Despite 

these variations, the model’s overall ability to effectively capture the spatial patterns of change was 

confirmed through a rigorous visual comparison of the predicted and actual land use maps. 

4.2.7. Land Use Change Prediction (2030) 

The calibrated ANN-CA model was used to predict land use changes for 2030 under three different 

scenarios (Fig. 5): 

 

a) Business-as-Usual (BAU) Scenario 

Table 4. 

Predicted land use areas for 2030 under BAU Scenario. 

Land Use Category 2020 Area (ha) 2030 Area (ha) Change (ha) Change (%) 

Forest Land 52,121 44,000 -8,121 -15.6% 

Agricultural Land 94,599 102,000 +7,401 +7.8% 

Built-up Area 25,000 35,000 +10,000 +40.0% 

Water Body 3,913 3,913 0 0% 

Bare Land 7,844 6,000 -1,844 -23.5% 

Shrub/Grassland 19,751 22,315 +2,564 +13.0% 

  

Under the BAU scenario (Tab. 4), the model predicts continued deforestation and urban 

expansion at accelerated rates. Built-up areas are projected to increase by 40%, while forest land 

decreases by 15.6%. This scenario shows the highest pressure on natural resources and potentially 

the greatest increase in flood risk. 
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Fig. 5. Land Use Change Prediction Map (2030), (a) BaU, (b) CS, (c) SDS. 

 

b) Conservation Scenario 

Table 5. 

Predicted land use areas for 2030 under Conservation scenario. 

Land Use Category 2020 Area (ha) 2030 Area (ha) Change (ha) Change (%) 

Forest Land 52,121 58,000 +5,879 +11.3% 

Agricultural Land 94,599 90,000 -4,599 -4.9% 

Built-up Area 25,000 28,000 +3,000 +12.0% 

Water Body 3,913 3,913 0 0% 

Bare Land 7,844 5,000 -2,844 -36.2% 

Shrub/Grassland 19,751 19,565 -186 -0.9% 

  

The Conservation scenario (Tab. 5) shows forest recovery and limited urban expansion. 

Agricultural land decreases slightly, while built-up areas grow at a much slower rate compared to the 

BAU scenario. This scenario represents the most environmentally sustainable pathway. 

 

c) Sustainable Development Scenario 

Table 6. 

Predicted land use areas for 2030 under Sustainable Development scenario 

Land Use Category 2020 Area (ha) 2030 Area (ha) Change (ha) Change (%) 

Forest Land 52,121 50,000 -2,121 -4.1% 

Agricultural Land 94,599 100,000 +5,401 +5.7% 

Built-up Area 25,000 31,000 +6,000 +24.0% 

Water Body 3,913 3,913 0 0% 

Bare Land 7,844 5,500 -2,344 -29.9% 

Shrub/Grassland 19,751 21,087 +1,336 +6.8% 

The Sustainable Development scenario (Tab. 6) represents a balance between development and 

conservation. It allows for moderate urban and agricultural expansion while minimizing forest loss 

through strategic planning and protection of critical areas. 
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4.2.8. Flood Risk Assessment Results 

The integration of land use change predictions with flood risk assessment revealed significant 

implications for future flood risk (Fig. 6): 

  

(a) (b) 

Fig. 6. Flood Risk Assessment Results Graphic, (a) Current Flood Risk (2020) and (b) Population at 

Risk (2030) 

a) Current Flood Risk (2020) 

Table 7. 

Current flood risk distribution in Enrekang Regency (2020) 

Risk Level Area (ha) Percentage 

Very Low 782,512 40.0% 

Low 586,884 30.0% 

Medium 391,256 20.0% 

High 156,502 8.0% 

Very High 39,126 2.0% 

Current flood risk (Tab. 7) is concentrated in low-lying areas along major rivers and in urban 

centers with high impervious surfaces. Approximately 10% of the regency’s area is classified as high 

or very high risk (Fig. 7) 

b) Future Flood Risk (2030) 
Table 8. 

Predicted flood risk distribution for 2030 under different scenarios. 

Risk Level BAU Scenario Conservation Scenario Sustainable Dev. Scenario 

 Area (ha) Area (ha) Area (ha) 

Very Low 745,386 804,534 765,940 

Low 547,972 586,884 567,513 

Medium 410,979 352,630 391,256 

High 214,328 176,315 195,628 

Very High 58,589 39,126 48,943 
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Fig. 7. Graphic of Future Flood Risk (2030). 

The BAU scenario shows a significant increase in high and very high flood risk areas, while the 

Conservation scenario demonstrates a reduction in risk areas (Tab. 8). The Sustainable Development 

scenario shows a moderate increase in risk compared to current conditions (Fig. 7). 

c) Population at Risk 

Table 9. 

Population at risk of flooding under different scenarios 

Scenario Population at Risk (2030) Percentage of Total Population 

Current (2020) 25,000 10.0% 

BAU Scenario 45,000 18.0% 

Conservation Scenario 20,000 8.0% 

Sustainable Dev. 32,500 13.0% 

The BAU scenario would nearly double the population at risk of flooding by 2030, while the 

Conservation scenario could reduce this population by 20% compared to current conditions (Tab. 9). 

4.2.9. Spatial Patterns of Future Flood Risk 

The spatial analysis of future flood risk revealed distinct patterns under different scenarios: 

 

a) BAU Scenario 

The projected land use changes signal alarming trends regarding flood vulnerability, 

beginning with significant urban expansion into floodplains. The model predicts that 

development will increasingly encroach upon flood-prone zones along the Saddang River and 

its tributaries, placing more infrastructure directly in hazard zones. This growth leads to a 

substantial increase in impervious surfaces, where the replacement of natural soil with concrete 

and asphalt amplifies surface runoff and severely reduces the ground's infiltration capacity. 

These local changes are exacerbated by upstream watershed degradation, as continued 

deforestation in the upper catchments diminishes water retention capabilities, resulting in higher 

and more rapid peak flows downstream. Consequently, new risk hotspots are expected to 

emerge, shifting the geography of hazard to include expanding urban centers and agricultural 

valleys that were previously less vulnerable. 
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b) Conservation Scenario 

This conservation-oriented approach yields significant hydrological benefits, primarily 

driven by Riparian Protection and Watershed Restoration. The active recovery of forests along 

river corridors plays a critical role in increasing water retention capacity and attenuating flood 

peaks, while targeted reforestation in the upper watersheds further enhances overall hydrological 

regulation. Complementing these ecological measures, Limited Urban Expansion ensures that 

new development is strategically concentrated in safer areas, effectively minimizing exposure 

to flood hazards. Consequently, these combined efforts lead to substantial Risk Reduction, 

where many areas currently classified as high-risk exhibit reduced vulnerability due to the 

improved stability and absorption capacity of the restored land cover. 

c) Sustainable Development Scenario 

Under this scenario, a strategic development framework is adopted where urban growth is 

deliberately directed toward areas with lower flood risk through rigorous spatial planning to 

minimize vulnerability. Complementing this urban strategy is the integration of green 

infrastructure, where the inclusion of green spaces and permeable surfaces within settlement 

areas plays a critical role in effectively reducing surface runoff. In the agricultural sector, 

optimization is achieved by focusing intensification efforts solely on suitable lands, supported 

by strict soil conservation measures to maintain ecological integrity. Consequently, this balanced 

approach offers a viable compromise; while it results in a moderate increase in risk due to 

necessary development, it yields significantly lower exposure levels compared to the Business 

As Usual (BAU) scenario, highlighting the effectiveness of managed interventions. 

5. DISCUSSION 

5.1. Model Performance and Limitations 

The integrated ANN-CA model demonstrated strong performance in predicting land use changes 

and assessing flood risk in Enrekang Regency. The overall accuracy of 87.3% and Kappa coefficient 

of 0.82 indicate that the model can reliably simulate land use dynamics. However, several limitations 

should be acknowledged: 

5.1.1. Model Strengths 

The proposed ANN-CA framework offers several key advantages that elevate its utility from a 

purely predictive tool to a strategic instrument for land-use and risk management. The model's 

primary strength lies in its robust integration capability, successfully synthesizing heterogeneous 

spatial, socio-economic, and historical data into a unified platform. This multidimensional approach 

delivers high spatial explicitness, providing granular information on predicted Land Use Change 

(LUC) and associated flood risks. Critically, this framework provides significant scenario flexibility, 

allowing stakeholders to rigorously test the potential implications of various policy interventions (e.g., 

zoning restrictions, infrastructure development) on the landscape before implementation. 

A particularly significant contribution of the ANN component is its capacity to discern 

quantitative change determinants. Preliminary analysis indicates that Distance to Settlement Centers, 

Slope, and Distance to Rivers are the primary spatial drivers of built-up expansion in the study area. 

This finding directly highlights the critical role of accessibility and local topography as key policy 

levers. To further quantify this insight, future work will integrate SHAP (SHapley Additive 

exPlanations) values to precisely measure the contribution of each determinant, ensuring a deeper and 

more transparent understanding of the forces driving LUC in the district. 

5.1.2. Model Limitations 

Despite the robust performance of the predictive model, several limitations must be 

acknowledged to properly contextualize the findings. First, the study was subject to data constraints 

stemming from the limited availability of consistent high-resolution data, particularly for earlier  
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historical periods and within remote, inaccessible areas, which may influence the precision of 

historical baselines. Second, scale issues related to the selected 30m resolution mean that while the 

model captures regional trends effectively, it may not fully capture fine-scale processes or subtle local 

variations, such as small, fragmented patches of land cover. Third, the modeling framework 

necessitates a simplification of complexity; while it accounts for major drivers, it inevitably simplifies 

the intricate and dynamic socio-economic processes and human decision-making that influence land 

use changes. Finally, there is inherent uncertainty in future conditions, as the model relies on the 

assumption that historical driving factors and relationships will continue linearly, a premise that may 

not hold true in the face of rapidly changing economic conditions or unanticipated policy shifts. 

Although the integrated ANN model demonstrated strong predictive accuracy, we acknowledge 

the inherent interpretation challenges inherent in the 'black-box' nature of this model. Currently, our 

analysis validates the overall model accuracy, but lacks the ability to quantitatively explain which 

specific driving factors (e.g., slope, distance from river, soil type) most significantly influence LUC 

prediction at the cellular level. Currently, our analysis validates the overall model accuracy, but lacks 

the ability to quantitatively explain which specific driving factors (e.g., slope, distance from river, 

soil type) most significantly influence LUC prediction at the cellular level. 

5.1.3. Comparison with Previous Studies 

The model’s performance is comparable to or better than similar studies in other regions 

(Iskandar and Ridzuan, 2022; Nabila, 2023; Xu et al., 2021). The integration of flood risk assessment 

with land use change modeling represents an advancement over previous studies that typically focus 

on one aspect or the other (Gabriels et al., 2022; Kalantari and Sörensen, 2020; Kelley and Prabowo, 

2019; Merten et al., 2020; Sugianto et al., 2022). Although the simple Logistic Regression (Logit) 

model can establish basic relationships for susceptibility, the ANN-CA model demonstrated superior 

performance (Higher Kappa and FoM) by effectively capturing non-linear and complex spatial 

relationships in comparison to common benchmarks such as Random Forest (RF) and simpler Markov 

Chain-Cellular Automata (Markov-CA) approaches, especially in predicting the fragmented and 

clustered patterns of built-up expansion. This added value justifies the complexity of the integrated 

model. 

5.2. Implications for Flood Risk Management 

The results have significant implications for flood risk management in Enrekang Regency and 

similar mountainous regions: 

5.2.1. Proactive vs. Reactive Approaches 

The current reactive approach to flood management in Enrekang Regency is inefficient and 

unsustainable. The model results demonstrate the potential benefits of shifting to a proactive approach 

based on predictive land use planning and risk-informed development decisions. 

5.2.2. Land Use Planning Integration 

The model outputs offer highly valuable inputs for revising the Regency’s Spatial Plan 

(RTRW), primarily through facilitating Risk-Informed Zoning. This involves identifying specific 

areas suitable for different types of development based on the projected level of flood risk. 

Specifically, drawing upon the insights from the Sustainable Development Scenario, the local 

government is advised to implement stringent zoning restrictions to halt built-up expansion in the 

high-risk floodplains projected for 2030. Concurrently, efforts should prioritize riparian buffer 

restoration in the lower Saddang sub-basin, the area identified as suffering the most severe forest loss. 

Furthermore, the model provides essential guidance for Strategic Infrastructure Planning, enabling 

targeted investments that are optimized to minimize future flood risk and significantly enhance overall 

regional resilience. 
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5.2.3. Watershed Management 

The study's results collectively underscore the critical importance of adopting a holistic and 

integrated watershed management approach. Specifically, maintaining forest cover in the Upper 

Watershed is crucial, as this vegetation plays a fundamental role in regulating hydrological processes, 

thereby mitigating the intensity of downstream water flow. Concurrently, effective management 

requires the protection and restoration of Riparian Corridors (vegetation buffers along rivers), which 

naturally reduce flood peaks and minimize stream bank erosion. Furthermore, implementing 

comprehensive Soil Conservation measures within agricultural areas is essential, as these practices 

significantly reduce surface runoff and decrease the sedimentation load entering the river systems, 

contributing to overall watershed health and flood protection. 

5.3. Policy Implications 

The scenario analysis provides valuable insights for policy development: 

5.3.1. Business-as-Usual Trajectory 

Under the Business-as-Usual Trajectory, assuming a continuation of current policies and 

prevailing trends, the region faces a precarious future. This path would lead to a significant increase 

in flood risk, projected to affect approximately 18% of the total population by 2030. Beyond 

immediate human safety, this trajectory implies accelerated environmental degradation and the 

substantial loss of vital ecosystem services as natural buffers are depleted. Consequently, the region 

would be forced to bear higher economic costs associated with flood damage repair and emergency 

response operations. Ultimately, this scenario results in the increased vulnerability of both local 

communities and critical infrastructure to future climate-related hazards. 

5.3.2. Conservation Approach 

Conversely, a Conservation-Focused Approach prioritizes ecological integrity as a primary 

defense mechanism. By strictly limiting expansion, this strategy would significantly reduce flood risk 

and provide robust protection for vulnerable populations. It would actively serve to maintain and 

enhance ecosystem services, ensuring the longevity of natural water regulation functions. However, 

implementing this approach is not without difficulty; it would require significant, and perhaps 

disruptive, changes in existing land use practices and development patterns. As a result, this scenario 

would likely face substantial challenges in balancing these strict conservation mandates with the 

pressing socio-economic development needs of the area. 

5.3.3. Sustainable Development Pathway 

Finally, the Sustainable Development Pathway offers a balanced approach that bridges the gap 

between aggressive growth and strict preservation. This scenario allows for necessary economic 

development and urbanization to proceed, but does so strategically to minimize any increase in flood 

risk. It focuses on protecting critical ecosystems and preserving essential watershed functions while 

still accommodating growth. Success in this pathway requires integrated spatial planning and strong 

cross-sectoral coordination to manage trade-offs effectively. Because it addresses both economic 

aspirations and safety concerns, this scenario represents the most politically feasible and socially 

acceptable pathway for the region's future. 

5.4. Trade-Off Analysis between Development Scenarios 

The Economic Development scenario offers the greatest potential for infrastructure development 

(>25% Increase in Built-up Land), but this comes at an unsustainable environmental cost, 

characterized by a 35% loss of Primary Forest and a 28% increase in flood risk.  

In contrast, the Conservation scenario, while limiting built-up land expansion, dramatically  
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mitigates environmental risks, maintaining ecosystem integrity, and minimizing increases in flood 

risk. Policy decisions in Enrekang Regency must explicitly consider these quantitative trade-offs to 

achieve sustainable development (Tab. 10). 

Table 10. 

Population at risk of flooding under different scenarios. 

Scenario 
Increase in Built-

up Land (2030) 

Loss of Primary Forest 

(2030) 

Peningkatan Risiko Banjir 

(Berdasarkan Area 

Runoff Tinggi) 

BAU Scenario + 12.5% - 18.0% + 15% 

Conservation Scenario + 25/0% - 35.0% + 28% 

Sustainable Dev. + 5.0% - 8.0% + 4% 

 

5.5. Implementation Challenges 

Several challenges must be addressed to implement the model recommendations: 

5.4.1 Institutional Challenges 

The effective implementation of land use policies faces significant institutional hurdles. A 

primary concern is the lack of coordination arising from fragmented responsibilities across various 

agencies and levels of government, which often leads to disjointed management efforts and 

bureaucratic silos. Furthermore, local governments frequently struggle with capacity limitations, 

specifically regarding the technical expertise required to operate and interpret advanced geospatial 

analysis and modeling tools. These challenges are compounded by policy inconsistencies, where 

conflicting priorities across different sectors, such as aggressive economic development versus 

environmental conservation, create regulatory ambiguity and hinder unified decision-making. 

5.4.2 Socio-Economic Challenges 

Beyond institutional barriers, socio-economic dynamics present complex challenges to 

sustainable land management. Strong development pressures exert a constant influence, driven by 

powerful economic incentives that favor rapid land conversion and urbanization over preservation. 

This situation is often entangled with livelihood dependencies, where many local communities rely 

on land use practices, such as farming in riparian zones. That, while economically necessary for their 

survival, may inadvertently contribute to increased flood risks. Consequently, equity considerations 

become paramount; any proposed flood risk management measures must be carefully designed to 

ensure they do not disproportionately affect vulnerable groups or exacerbate existing social 

inequalities. 

5.4.3 Technical Challenges 

Finally, the long-term viability of the modeling framework depends on overcoming several 

technical challenges. Data availability remains a critical issue, as the model requires a continuous 

stream of up-to-date and accurate spatial data to ensure the predictions remain relevant and precise. 

Additionally, the system demands ongoing model maintenance, necessitating regular updates and 

recalibration to reflect changing environmental conditions and land use trends. A significant practical 

hurdle also lies in the integration with existing systems, as incorporating these sophisticated model 

outputs into established planning and decision-making workflows requires seamless technical 

interoperability and user adaptation. 
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5.6. Future Research Directions 

This research opens several avenues for future investigation: 

5.5.1. Model Enhancements 

The current modeling framework offers several opportunities for future development, beginning 

with Higher Resolution capabilities. This involves developing and implementing models at a finer 

spatial resolution, which is crucial for providing more accurate and detailed output necessary for 

effective local and neighborhood-level planning. Furthermore, model realism can be significantly 

improved through the Dynamic Parameters integration, moving beyond static inputs to incorporate 

variables that change over time, such as evolving population growth rates or fluctuating economic 

conditions. Crucially, future enhancements should focus on Climate Change Integration, explicitly 

considering projected changes in rainfall intensity, sea-level rise, and other climatic factors to produce 

robust and future-proof flood risk and land use scenarios. 

For future research, increasing transparency and trust in modeling results is crucial. We 

recommend exploring and implementing explainable AI (XAI) techniques, such as SHapley Additive 

Explanations (SHAP) or Local Interpretable Model-agnostic Explanations (LIME). These methods 

allow for quantitative decomposition of ANN prediction outputs, revealing the relative contribution 

of each input variable to the probability of change. This improved interpretability will strengthen 

scientific justification and provide more transparent guidance to decision-makers. 

5.5.2. Expanded Applications 

The methodological approach can be expanded beyond its current focus to address broader 

environmental and planning challenges. This includes the Extension to Other Hazards, applying the 

integrated land use and modeling framework to assess risks from related threats such as landslides 

and droughts, offering a multi-hazard planning platform. Additionally, there is a strong potential for 

Ecosystem Services Integration by linking land use change scenarios with quantitative assessments 

of ecosystem services (e.g., water purification, carbon sequestration). This integration will help 

prioritize conservation areas based on their functional value. Finally, the framework should aim for 

practical utility in Urban Design, applying the high-resolution outputs at a local scale to guide the 

strategic planning and placement of green infrastructure elements within urban areas. 

5.5.3. Implementation Research 

To ensure the scientific findings translate into tangible real-world impact, future research must 

focus on the implementation context. This necessitates dedicated investigation into the Policy Process, 

analyzing how complex scientific and spatial information can be effectively synthesized, 

communicated, and successfully incorporated into existing statutory planning cycles and decision-

making platforms. Concurrently, rigorous investigation of effective Governance Mechanisms is 

needed to identify robust, multi-stakeholder structures essential for truly integrated and cross-sectoral 

flood risk management. Ultimately, successful implementation relies on Community Engagement, 

requiring the development of practical and meaningful approaches to involve local communities 

directly in the assessment, planning, and management processes for flood risk. 

6. CONCLUSIONS 

This study successfully developed and validated an integrated ANN-CA model for land use 

change prediction and flood risk assessment in Enrekang Regency, Indonesia. Between 2010 and 

2020, the area saw an 11.2% decline in forest cover and a 27.8% rise in urban land use. The model 

achieved high accuracy (87.3% overall, Kappa = 0.82), proving reliable for spatiotemporal 

simulations.  

Future scenarios for 2030 reveal critical differences: a business-as-usual path leads to further 

deforestation and higher flood risk, while Conservation and Sustainable Development scenarios could 

reduce flood-affected populations by up to 8%. This highlights the power of proactive land-use 
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planning. The research contributes theoretically to land use modeling, flood risk assessment, and 

sustainable development, especially in mountainous regions. Practically, it offers a decision-support 

tool for planners, policymakers, and communities, enabling evidence-based, risk-informed spatial 

planning. 

Key recommendations include revising regional spatial plans with risk-based zoning, 

strengthening forest conservation in upstream areas, improving inter-agency coordination, and 

engaging local communities through participatory planning and education. In short, this study 

demonstrates how advanced geospatial modeling can transform flood risk management from reactive 

to proactive driving resilience, sustainability, and informed governance in vulnerable regions like 

Enrekang. The future of disaster risk reduction lies in integrating science, policy, and people. 
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ABSTRACT 

Plastic pollution is a major environmental issue, especially in riverine and urban systems. 

Understanding its spatial distribution relative to land use/land cover (LULC) and precipitation is 

crucial. This study examined plastic waste distribution in Kendal Regency using a Plastic Index (PI) 

derived from remote sensing, Sentinel-2-based LULC classification, and precipitation data. Statistical 

analyses included boxplots, swarmplots, and correlation tests. PI values differed across LULC types, 

with higher values in settlements and industrial areas, and lower or negative values in forests and 

plantations. Irrigated paddies and water bodies showed high variability. In contrast, precipitation 

showed weak, inconsistent, and non-significant correlations with PI. Plastic accumulation is strongly 

linked to anthropogenic land cover rather than rainfall. The results highlight urbanization as a key 

driver of plastic pollution and provide insights for sustainable waste management strategies. 
 

Keywords: Plastic Index (PI); Land Use/Land Cover (LULC); Precipitation; Urbanization; Remote 

Sensing.  

1. INTRODUCTION 

Plastic waste is a global environmental issue that is becoming increasingly urgent to address. 

Global plastic production exceeds 400 million tons per year, with a significant portion ending up on 

land, in rivers, and in the oceans. The accumulation of non-biodegradable plastic waste threatens the 

sustainability of ecosystems as well as human health (World Bank, 2021). Indonesia ranks among the 

largest contributors of plastic waste in the world, with an estimated 7.8 million tons of mismanaged 

plastic waste per year, much of which leaks into coastal and marine ecosystems (World Bank, 2021). 

This situation poses a serious threat to biodiversity and community well-being, thereby requiring 

comprehensive monitoring and mitigation strategies (Zahrah et al., 2024). Kendal Regency, located 

on the northern coast of Central Java, faces a similar problem. The presence of major watershed (DAS 

in Bahasa Indonesia) such as the Bodri and Blorong Rivers makes the area a natural transport route 

for plastic waste from upstream to the coast. Research by Hanif et al., (2021) found microplastic 

contamination at the mouth of the Kendal River, while Laksono et al., (2021) detected microplastics 

in coastal sediments in Kendal waters. These findings indicate that plastic accumulation in Kendal is 

a real issue with the potential to damage coastal and marine ecosystems. In addition, the growth of 

settlements, industrial activity, and agricultural intensification further increase the potential for plastic 

waste generation, particularly from single-use plastics and agricultural plastics. 

Most previous studies have focused on ecological, socio-economic, or community-based waste 

management aspects. For example, Zahrah et al., (2024) highlighted the limitations of urban waste 

management systems in Indonesia, while local initiatives in Kendal such as the KerDUS Community 

focus on community-based zero-waste movements (Hidayati et al., 2025). However, studies 

specifically linking the spatial distribution of plastic waste with Land Use Land Cover (LULC) 

 
1Geography Study Programme, Faculty of Social Sciences, Universitas Negeri Semarang, Indonesia, (AAA) 

ajiananto@mail.unnes.ac.id, *Corresponding author (VNH) vina_nh@mail.unnes.ac.id     
2Survey and Mapping Study Programme, Politeknik Sinar Mas Berau Coal, Indonesia, (SMP) 

sylpurnama@polteksimasberau.ac.id    

http://dx.doi.org/10.21163/GT_2026.212.04
http://dx.doi.org/10.21163/GT_2026.212.04
mailto:ajiananto@mail.unnes.ac.id
mailto:vina_nh@mail.unnes.ac.id
mailto:sylpurnama@polteksimasberau.ac.id
https://orcid.org/0000-0002-7191-1042
https://orcid.org/0009-0006-6093-1749
https://orcid.org/0000-0002-3599-3239


 Ananto A. AJI, Syaiful Muflichin PURNAMA and Vina Nurul HUSNA / RANDOM FOREST–BASED … 76 

 

dynamics remain limited. In fact, remote sensing-based LULC mapping can illustrate land-use 

patterns closely associated with plastic waste generation potential (Rußwurm et al., 2023).  

In recent years, machine learning approaches have developed rapidly in environmental research, 

including LULC classification, plastic waste detection, and modeling relationships among 

environmental factors (Aji et al., 2024). Algorithms such as Random Forest, Support Vector 

Machines, and Gradient Boosting have demonstrated high accuracy in land-cover classification and 

pollutant-distribution prediction due to their ability to handle nonlinear relationships and complex 

variables (Belgiu & Drăguţ, 2016). In the context of plastic waste management, machine learning 

models have been used to map potential plastic accumulation, identify pollution sources, and analyze 

interactions between biophysical characteristics and waste generation.  

Furthermore, field surveys remain a crucial component in plastic waste distribution studies, as 

they validate satellite-derived observations and machine learning model outputs. Survey methods 

such as transect sampling, surface debris density measurements, and laboratory microplastic analyses 

provide the empirical data needed to ensure accuracy and enhance model reliability. Integrating field 

surveys with remote sensing–based LULC data and machine learning has been widely recommended 

as the most effective approach for comprehensively understanding the spatial dynamics of plastic 

waste. Therefore, a research framework is needed that integrates satellite imagery–based LULC 

classification, Plastic Index data from field surveys, hydrometeorological variables such as 

precipitation, and machine learning modeling particularly Random Forest to evaluate the spatial 

determinants of plastic waste distribution. This study aims to fill this gap through an integrative 

approach capable of revealing the relationships between land-use types (settlements, industry, 

agriculture, forests, water bodies, and coastal areas) and levels of plastic waste accumulation. The 

findings of this research are expected to not only contribute scientifically to environmental geospatial 

studies but also serve as a foundation for formulating policies on plastic waste management and 

sustainable spatial planning in Kendal Regency. 

 

Fig. 1. Location of Kendal Regency. 
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2. STUDY AREA  

Kendal Regency is one of the regions in Central Java Province, located on the northern coast of 

Java Island with an area of approximately 1,002.23 km². Geographically, Kendal Regency lies 

between 6°50′–7°24′ S and 109°40′–110°18′ E, bordered by the Java Sea to the north, Semarang 

Regency to the east, Temanggung Regency to the south, and Batang Regency to the west (BPS 

Kendal, 2023). This geographical setting gives Kendal diverse landscape characteristics, ranging from 

coastal lowlands to hilly and mountainous areas in the southern part. The research location map is 

shown in (Fig. 1).  

Hydrologically, Kendal Regency is traversed by several important watersheds (DAS). The Bodri 

River is the main and largest river, while other significant rivers include the Blorong, Kendal, 

Towongso, Kuto, and Blukar Rivers, all of which flow directly into the Java Sea. These rivers serve 

vital functions, not only as sources of irrigation and domestic water but also as natural transport routes 

for materials from upstream to downstream. This condition makes Kendal’s coastal areas highly 

vulnerable to pollution, including the accumulation of plastic waste carried by river flows. In terms 

of land use and land cover (LULC), Kendal Regency is dominated by agricultural land (rice fields 

and dry fields), settlements, industry, protected forests, and coastal zones. Industrial areas have 

rapidly expanded in the lowland and coastal regions, particularly in the subdistricts of Kaliwungu, 

Brangsong, and Kendal City, supported by the presence of the Kendal Industrial Estate (KIK) as one 

of the national strategic zones. The rapid growth of industry and urbanization has implications for 

increasing plastic waste generation, especially in areas adjacent to rivers and coastal zones (Cordova 

et al., 2018). 

In addition to its physical characteristics, several socio-economic and waste management 

indicators further highlight Kendal’s vulnerability to plastic pollution. Kendal Regency has a 

population of approximately 1.05 million inhabitants with an average density of around 1,050 persons 

per km2, concentrated mainly in the northern lowlands. Urban settlements account for roughly half of 

the population, reflecting ongoing urban expansion along the coastal industrial corridor. The regency 

also hosts a substantial number of industrial facilities particularly manufacturing, food processing, 

and textile industries clustered around the Kendal Industrial Estate and other industrial clusters. Solid 

waste generation is estimated at 800-900 tons per day, yet formal waste management infrastructure, 

including temporary disposal sites (TPS), community-based waste processing (TPS 3R), and the 

regional landfill, remains limited in coverage and operational capacity. These conditions contribute 

to the leakage of mismanaged plastic waste into drainage networks and river systems. 

This study focuses on six major rivers in Kendal Regency, namely the Kuto, Towongso, Blukar, 

Bodri, Kendal, and Blorong Rivers. The selection of these rivers is based on several academic 

considerations. In terms of environmental significance, these rivers serve as the primary transport 

pathways for plastic waste from upstream areas toward vulnerable coastal zones. From the perspective 

of socio-economic drivers, all six rivers flow through areas with intensive economic activities—

including industrial zones, densely populated settlements, and commercial centers—that have a high 

potential for plastic leakage. Based on their hydrological characteristics, these rivers exhibit 

substantial discharge and watershed sizes and function as the main regional drainage channels that 

carry various anthropogenic materials to the sea. The final consideration is data availability, as these 

rivers have existing documentation and field survey records, enabling the verification of remote 

sensing analysis. This study utilizes Sentinel-2 imagery acquired between 30 May and 11 June, 

selected to coincide with the timing of field surveys conducted along the six rivers. This temporal 

alignment ensures consistency between the spatial conditions observed during fieldwork and the 

remote sensing data used in the analysis. 

3. DATA AND METHODS 

3.1. Sentinel-2 Satellite Imagery  

This study utilizes Sentinel-2 Level-2A imagery, which provides orthorectified and 

atmospherically corrected surface reflectance processed using the Sen2Cor algorithm, ensuring more 
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accurate reflectance values for spectral analysis (Louis et al., 2016). Sentinel-2, an Earth observation 

mission operated by the European Space Agency (ESA), is equipped with the MultiSpectral 

Instrument (MSI) comprising 13 spectral bands with spatial resolutions of 10 m (Blue, Green, Red, 

NIR), 20 m (Red Edge, SWIR), and 60 m (Coastal aerosol, Water vapor, Cirrus), a 290 km swath 

width, and a combined revisit time of 5 days for Sentinel-2A and Sentinel-2B (Drusch et al., 2012; 

Delwart, 2015). Image selection was conducted using several criteria, including a maximum cloud 

coverage threshold of ≤10%, availability of Level-2A surface reflectance products on Google Earth 

Engine (GEE), stable radiometric conditions, and acquisition dates representative of normal dry-

season hydrological conditions.  

The selection procedure involved filtering the COPERNICUS/S2_SR collection based on the 

study area, date range (30 May–11 June, aligned with the field survey period), and cloud percentage, 

followed by identifying the scene with the lowest cloud contamination. Although the images were 

already atmospherically corrected via Sen2Cor, additional preprocessing involved masking cloud and 

shadow pixels using the Sentinel-2 Scene Classification Layer (SCL), specifically removing cloud 

shadow, medium-probability cloud, high-probability cloud, thin cirrus, and snow/ice classes to retain 

only valid surface reflectance. The preprocessed imagery was then used to extract spectral information 

through several indices, including the Plastic Index (PI) for detecting plastic waste (Biermann et al., 

2020), NDVI for vegetation assessment, NDBI for identifying built-up areas, NDWI for delineating 

water bodies, and the Turbidity Index (TI) for evaluating water turbidity. Together, these indices 

provide a comprehensive analytical framework for identifying the spatial distribution of plastic waste 

while accounting for the surrounding environmental conditions. 

 

3.2. Rainfall Data from CHIRPS   

       This study also utilizes CHIRPS (Climate Hazards Group InfraRed Precipitation with Station 

data) as a source of rainfall information. CHIRPS is a quasi-global rainfall dataset developed by the 

Climate Hazards Group (University of California, Santa Barbara) in collaboration with the U.S. 

Geological Survey (USGS), covering latitudes from 50°N to 50°S. The dataset offers a spatial 

resolution of 0.05° (~5 km) with daily, dekadal, and monthly temporal resolutions from 1981 to the 

present (Funk et al., 2015). CHIRPS integrates satellite-based infrared precipitation estimates from 

geostationary platforms with in-situ rain gauge observations from thousands of stations worldwide, 

producing long-term, consistent, and improved rainfall records compared to using satellite or gauge 

data alone. In this study, CHIRPS is used to analyse rainfall variability across the study area, which 

is essential for understanding river hydrological dynamics and their relationship to plastic waste 

distribution in aquatic systems.  

To enhance the reliability of rainfall inputs, CHIRPS has been extensively validated and applied 

across a wide range of hydrological and climate-related studies. Previous research has demonstrated 

its robustness for monitoring rainfall patterns (Paredes-Trejo et al., 2021), flood modelling in data-

scarce regions (Rayamajhi et al., 2025), drought assessment (Tikuye et al., 2025), and improving 

runoff estimation in ungauged basins. Its strong performance in tropical humid environments has also 

been confirmed in Southeast Asia, further reinforcing its suitability for the present study, particularly 

in characterising rainfall variability and assessing its influence on riverine plastic waste dynamics in 

Kendal Regency.  

 

3.3. River Data 

       The river data used in this study were obtained from the Environmental Agency of Kendal 

Regency in vector format. This dataset serves as a reference for delineating the research area, 

particularly in the analysis of plastic waste distribution along river channels. The rivers selected for 

this study are the major rivers located within Kendal Regency, as they play a significant role in 

transporting materials, including plastic waste, from upstream areas to downstream and eventually to 

the sea. By utilizing river vector data, the mapping of waste distribution can be conducted more 

accurately, while also enabling integration with other spatial datasets, such as land use/land cover 

(LULC) and plastic waste sampling points obtained from field surveys.   
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3.4. Land Use Land Cover (LULC) Data 

       Land Use/Land Cover (LULC) data in this study were obtained through the extraction of Sentinel-

2 satellite imagery for the year 2024. The extraction process utilized relevant band composites to 

distinguish the spectral characteristics of each land cover type, allowing the identification of land use 

patterns along the riverbanks. The classification results were used to determine land use categories, 

including Dry Forest, Mixed Crops, Settlements, Industrial Buildings, Irrigated Rice Fields, 

Agricultural Land, Mixed Plantations, Water Bodies, Shrubs, and Plantations, which serve as 

important factors in understanding environmental dynamics (Aji et al., 2024).  

The presence of plastic waste accumulated in river channels is often associated with the 

surrounding land use types. For instance, densely populated settlement areas tend to contribute more 

significantly to waste accumulation compared to natural vegetation areas. Sentinel-2–based LULC 

not only provides a spatial representation of land cover conditions but also serves as a foundation for 

examining the relationship between plastic waste distribution and land use characteristics along the 

riverbanks.  

 

3.5. Integrated Geospatial and Machine Learning Methodology 

       This study employed an integrated geospatial and machine learning framework to analyse 

riverine plastic waste distribution, Land Use/Land Cover (LULC) patterns, and their relationship with 

precipitation in Kendal Regency. All spatial analyses were implemented using Google Earth Engine 

(GEE), enabling efficient processing of multi-source remote sensing and environmental datasets. The 

overall methodological workflow is illustrated in (Fig. 2).  

 

3.5.1. Overall Analytical Workflow 

       The methodological framework consisted of four main stages: (1) extraction and preprocessing 

of satellite-based spectral data and rainfall information; (2) derivation of spectral indices related to 

vegetation, built-up areas, water bodies, turbidity, and plastic waste; (3) application of Random Forest 

(RF) models for both plastic index prediction and LULC classification; and (4) integration of plastic 

waste distribution, LULC patterns, and precipitation data to examine their spatial interrelationships 

along major river corridors. This integrated approach was designed to capture both anthropogenic and 

environmental drivers of plastic accumulation at the landscape scale.  

 

3.5.2. Overall Analytical Workflow 

       Plastic waste detection was based on multispectral information derived from Sentinel-2 Level-

2A imagery acquired between 30 May and 11 June 2025 and temporally aligned with field surveys. 

Several spectral indices were calculated to enhance the discrimination of plastic materials from other 

surface features.  

Vegetation conditions were characterized using the Normalized Difference Vegetation Index 

(NDVI), defined as NDVI = (NIR−Red)/(NIR+Red), while built-up areas were highlighted using the 

Normalized Difference Built-up Index (NDBI), calculated as NDBI = (SWIR−NIR)/(SWIR+NIR). 

Water-related features were enhanced using the Normalized Difference Water Index (NDWI), 

expressed as NDWI = (Green−NIR)/(Green+NIR).  

Turbidity conditions were represented by the Turbidity Index (TI), computed as TI = 

(RedEdge−Red)/(RedEdge+Red). Plastic waste distribution was quantified using the Plastic Index 

(PI), defined as PI = NIR/(NIR+Red), derived from spectral band ratios and index-based corrections 

sensitive to synthetic materials in aquatic environments. In this formulation, Green, Red, RedEdge, 

NIR, and SWIR represent the green, red, red-edge, near-infrared, and shortwave infrared bands of 

Sentinel-2 imagery, respectively.  

All indices were spatially constrained to the study area and masked using cloud and shadow 

information from the Sentinel-2 Scene Classification Layer to ensure that only valid surface 

reflectance pixels were retained. The resulting multi-index dataset constituted the feature space for 

subsequent Random Forest modeling. 
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3.5.3. Random Forest Modeling Framework 

         Random Forest (RF) regression was employed to model the spatial distribution of plastic waste 

by predicting Plastic Index (PI) values from multispectral indices. RF was selected due to its 

robustness in handling non-linear relationships, high-dimensional feature spaces, and 

multicollinearity, which are common in remote sensing data. The RF model was trained using a set 

of predictor variables derived from spectral indices (NDVI, NDWI, NDBI, TI) and spectral bands, 

with PI as the response variable. To evaluate model sensitivity to parameterization, RF models were 

trained using different numbers of decision trees (50, 100, and 150). Training and validation datasets 

were constructed using field-validated sample points collected along six major rivers. This design 

ensured that the model learned relationships representative of diverse hydrological and land-use 

contexts within the study area. 

3.5.4. Model Performance Evaluation and Optimization 

Model performance was assessed using three standard regression metrics: the coefficient of 

determination (R²), Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE). MAE 

quantifies the average absolute difference between observed and predicted PI values, while RMSE 

emphasizes larger prediction errors and reflects overall model accuracy. R² measures the proportion 

of variance in observed PI values explained by the model. To improve robustness and reduce 

overfitting, a k-fold cross-validation approach was applied. Performance metrics were evaluated 

across different tree numbers to identify the optimal RF configuration. The final model selection was 

based on the combination of highest R² and lowest MAE and RMSE values, ensuring stable and 

reliable prediction of plastic waste distribution. 

3.5.5. Model Performance Evaluation and Optimization 

Land Use/Land Cover classification was conducted using Sentinel-2 imagery for the year 2024, 

applying a Random Forest classifier consistent with the Indonesian National Standard for land cover 

classification (SNI 7645:2010). Ten LULC classes were identified, including Dryland Forest, 

Agricultural Land, Mixed Crops, Plantations, Mixed Plantations, Shrubs, Settlements, Industrial 

Buildings, Irrigated Rice Fields, and Water Bodies. To ensure relevance to riverine plastic dynamics, 

LULC analysis was focused on a 500-m buffer surrounding major rivers. This buffer-based approach 

captures land-use characteristics most likely to influence plastic input, transport, and accumulation 

within river systems. Classification accuracy was evaluated using standard accuracy assessment 

metrics, including overall accuracy and the kappa coefficient. 

3.5.6. Integration of Plastic Index, LULC, and Rainfall 

Following validation of both plastic detection and LULC classification results, spatial 

integration analysis was performed to examine relationships among PI values, LULC classes, and 

precipitation patterns. Daily rainfall data derived from CHIRPS were temporally aggregated to match 

the plastic detection period and spatially aligned with river corridors. The integrated dataset enabled 

statistical and spatial analyses of plastic waste distribution across different land-use types and rainfall 

regimes. This final stage provided the basis for identifying dominant spatial drivers of plastic 

accumulation and for interpreting the relative influence of anthropogenic land use versus 

hydrometeorological variability. 

 

4. RESULTS AND DISCUSSIONS 

4.1. Map of Plastic Waste Detection Results 

The results of waste detection in Kendal Regency are shown in (Fig.3). The figure above presents 

a map of plastic waste detection in Kendal Regency. The results indicate that plastic waste is 

distributed across the six major rivers in the region. The detection outcomes reveal a gradient ranging 

from low to high concentrations, represented by a color scheme from green to red. Several sample 

pixels are highlighted on the map, demonstrating that different river segments exhibit varying levels 

of plastic waste concentration (low, medium, and high). 
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Fig. 3. Map of plastic waste distribution in six rivers in Kendal. 

The visualization of plastic-related pixels indicates substantial spatial heterogeneity across river 

locations. The applied classification system, which employs a color gradient, provides a clear 

representation of the distribution patterns. Similar approaches have been widely used in remote 

sensing-based plastic detection research, where multispectral or satellite imagery was classified to 

map riverine and coastal plastic pollution (Cortesi et al., 2021; Nivedita et al., 2024). Sample pixels 

on different river sections show distinct spectral characteristics, emphasizing the variability of plastic 

pollution intensity. 

The findings further suggest that plastic waste is not evenly distributed across the region. The 

highest concentrations (red–orange pixels) are clustered in specific areas, likely associated with 

anthropogenic activities such as dense settlements, industrial zones, and disposal points. In contrast, 

areas dominated by green pixels indicate relatively lower levels of plastic pollution, reflecting better 

environmental conditions. These results align with previous studies that demonstrate the strong 

linkage between land use, especially settlements and industrial areas, and plastic accumulation in 

rivers (Cerra et al., 2025; Cortesi et al., 2022). Such heterogeneity underscores the importance of 

targeted mitigation strategies in high-risk zones where anthropogenic pressure is most pronounced.  

To validate the detection model, 147 field samples were collected along major rivers (Fig.4). The 

field survey involved validating the detected pixels with actual plastic waste conditions, particularly 

waste deposited in river bends, sandbars, or other accumulation points. Accuracy assessment was 

conducted using three statistical metrics: Mean Absolute Error (MAE), Root Mean Squared Error 

(RMSE), and the Coefficient of Determination (R²). The regression analysis yielded highly 

satisfactory results.  

The MAE value of 0.0536 indicates an average prediction error of only ~0.054 units, reflecting 

high model accuracy. Similarly, the RMSE of 0.0728 demonstrates relatively low prediction error, 

consistent with the MAE value. The R² value of 0.8892 shows that approximately 88.92% of the 

variance in the observed data is explained by the model, confirming its strong predictive capability. 

The scatter plot (Fig.5) further illustrates the alignment between predicted and observed values, with 

most data points clustering around the 1:1 reference line, indicative of high model reliability. 

Model performance was further assessed through cross-validation and hyperparameter tuning to 

ensure robustness. A 3-fold cross-validation approach was employed to reduce bias from single data 

partitioning. Performance was consistently evaluated using MAE, RMSE, and R² metrics, and 

averaged across folds as the final performance indicators. 
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Fig. 4. Field Sample Point Distribution Map. 

 
Fig. 5. Graph of Predicted vs. Actual Model Values. 

The evaluation of the Random Forest model with varying numbers of trees is shown in (Fig.6-

8). The results demonstrate a clear improvement in predictive performance with increasing tree 

counts. As shown in (Fig.6), the mean R² value improved from 0.883 (50 trees) to 0.888 (100 trees), 

and further to 0.890 (150 trees). Similarly, the average MAE exhibited a declining trend (Fig.7), 

decreasing from 0.0586 (50 trees) to 0.0576 (100 trees), and finally to 0.0574 (150 trees). The RMSE 

values followed a comparable pattern (Fig.8), with values decreasing from 0.0725 (50 trees) to 0.0715 

(100 trees), and further to 0.0710 (150 trees). These results highlight that increasing the number of 

trees in the Random Forest algorithm contributes to more stable and accurate predictions of the Plastic 

Index (PI), which is consistent with findings in other machine learning-based remote sensing studies 

(Cortesi et al., 2021, 2022). 
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Fig. 6. Cross-Validation Graph.  

 
Fig. 7. Graph of the Relationship between Mean Absolute Error and Number of Trees.  

 
Fig. 8. Graph of the Relationship between Root Mean Square Error and Number of Trees. 

Overall, the model evaluation confirms that the adopted Random Forest approach is both robust 

and reliable in detecting plastic waste distribution from satellite imagery. The strong predictive 

performance, validated through statistical metrics and cross-validation, demonstrates the potential of 

machine learning-based remote sensing techniques in supporting sustainable riverine waste 

management (Nivedita et al., 2024). 
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4.2. Land Use Land Cover (LULC) Mapping 

The LULC classification for 2024 was conducted using Sentinel-2 imagery, referring to the 

Indonesian National Standard (SNI) 7645 of 2010 on Land Cover Classification. The standard was 

applied at a scale of 1:25,000 with ten land cover classes, namely: Dry Forest, Agricultural Land, 

Mixed Crops, Plantations, Mixed Plantations, Shrubs, Settlements, Industrial Buildings, Irrigated 

Rice Fields, and Water Bodies. The accuracy assessment results showed an overall accuracy of 98% 

and a kappa coefficient of 97%. These values are higher compared to the previous classification, 

which had an accuracy of 89% and a kappa of 85%. This improvement indicates that Sentinel-2-based 

classification methods provide more reliable results for LULC mapping (Belgiu & Drăguț, 2016; Phiri 

et al., 2020). Based on the Land Use/Land Cover (LULC) map of Kendal Regency in 2024 (Fig. 9), 

the spatial distribution of land cover exhibits considerable complexity. In the northern coastal areas, 

Water Bodies (blue) and Irrigated Rice Fields (light green) dominate, reflecting intensive rice 

cultivation activities and the presence of coastal water bodies. Meanwhile, the central to southern 

parts of the region are dominated by Agricultural Land, Mixed Crops, and Plantations, consistent with 

Kendal Regency’s characteristics as an agriculture- and plantation-based area (SNI, 2010).  

 

Fig. 9. LULC Map of Kendal Regency in 2024. 

The Settlements and Industrial Buildings classes appear concentrated along major transportation 

corridors and urban centers, indicating increased urbanization activities. This distribution also 

highlights development pressures on ecological balance, particularly around major rivers (Chen et al., 

2024). In contrast, Shrubs and Mixed Plantations appear sporadically, signaling land degradation or 

transitional land use. Furthermore, the area-based analysis of each land cover class reveals clear 

quantitative differences that reflect the region’s landscape structure (Fig. 10). The largest land cover 

categories are Mixed Plantation and Irrigated Rice Fields, each covering approximately 204 km² 

(20.3%), highlighting the dominance of plantation systems and irrigated agriculture across Kendal 

Regency. Dryland Forest accounts for around 176 km² (17.4%), indicating the presence of significant 

forested areas, particularly in the upland southern regions that contribute to ecological stability. 
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a) 

      b) 

Fig. 10. Distribution of land use and land cover (LULC) classes in the study area: (a) total area (ha) and (b) 

relative proportion (%).  

The Settlement class occupies about 97 km² (9.7%), while Mixed Crops covers roughly 82 km² 

(8.3%), reflecting the distribution of residential and diversified agricultural zones in the mid-regency 

areas. Plantation areas comprise around 81 km² (8.2%), further emphasizing the importance of estate-

crop cultivation in the local economy. Meanwhile, Fields extend over approximately 62 km² (6.2%), 

representing areas dominated by seasonal cropping systems. Water Bodies, primarily found in the 

northern coastal zone, cover around 59 km² (5.9%), consistent with the presence of coastal waters and 

aquaculture ponds. Shrubs, representing transitional or degraded land, occupy the smallest area of 

roughly 30 km², appearing in scattered patches across the region. Industrial Buildings cover a minimal 

area of about 3 km², but are spatially clustered along major corridors, consistent with the concentration 

of manufacturing zones. The Area of Interest (AOI) of the study was focused on areas surrounding 

major rivers in Kendal Regency (Fig. 11). To obtain a land cover distribution representation relevant 

to river dynamics, LULC analysis was conducted within a 500-meter buffer from each major river. 

This approach was chosen to ensure that the mapping results align with the study’s objective, namely 

to examine the relationship between land cover distribution and aquatic environmental conditions, 

particularly concerning the potential distribution of plastic waste in the study area. 
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Fig. 11. Map of Plastic Waste Distribution and 500-Meter LULC Buffer. 

 

4.3. The Relationship between Plastic Waste Detection Locations, LULC, and Rainfall  

In this analysis, LULC classes include Dryland Forest, Mixed Crops, Settlements, Industrial 

Buildings, Irrigated Paddy Fields, Dry Fields, Mixed Plantations, Water Bodies, Scrub, and 

Plantations. However, the current dataset only contains observations for Dryland Forest, Settlements, 

Irrigated Paddy Fields, Mixed Plantations, Water Bodies, and Scrub. The statistical analysis of PI 

values across observed LULC classes highlights a strong anthropogenic influence on plastic 

accumulation patterns. Settlements exhibit the highest median PI values (approximately +0.10 to 

+0.15), which directly reflects household waste generation, commercial activities, and inadequate 

solid waste management systems. This class serves as the primary source zone for plastic pollution in 

the landscape (Fig. 12). 

 

Fig. 12. Distribution of Plastic Index (PI) across LULC classes using Boxplot and Swarmplot. 
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Water Bodies display the greatest spatial variability in PI values, with observations ranging from 

approximately -0.45 to +0.35. While the median value remains close to zero (~+0.02), the presence 

of extreme positive outliers (up to +0.35) indicates that certain water bodies act as significant 

accumulation sinks, receiving plastics transported by surface runoff, drainage, and riverine flow. This 

heterogeneity suggests that water bodies with high hydrological connectivity to settlements or 

agricultural areas experience localized hotspots of plastic accumulation, whereas more isolated or 

upstream water bodies remain relatively unaffected. In contrast, negative PI values are consistently 

observed across vegetated and less-disturbed landscapes. Mixed Plantations show the lowest median 

PI (~-0.35), followed by Scrub (median ~-0.28) and Dryland Forest (median ~-0.25). These negative 

values reflect the buffering role of vegetated land covers, where vegetation acts as a physical barrier 

to plastic transport and accumulation. The lower levels of direct human activity in these areas also 

contribute to reduced plastic inputs. 

Irrigated Paddy Fields demonstrate moderate negative median PI values (around -0.10) with 

relatively low variability. This pattern suggests that while irrigated agriculture is less contaminated 

than settlements, the irrigation infrastructure and water management practices may still introduce 

some plastic materials, particularly if irrigation water is sourced from potentially contaminated water 

bodies or located near waste-generating areas. Notably absent from the analysis are Mixed Crops, 

Industrial Buildings, Dry Fields, and Plantations. The lack of observations in these classes may 

indicate either their limited spatial extent in the study area or sampling gaps. Future research should 

prioritize targeted sampling in these land use types, particularly Mixed Crops and Industrial 

Buildings, which are expected to show elevated PI values based on their anthropogenic character. 

Overall, the results demonstrate a clear land use gradient in plastic pollution: human-dominated 

landscapes (Settlements) function as primary sources with elevated PI values, Water Bodies serve as 

dynamic transport and variable accumulation zones, while vegetated and less-disturbed areas (Mixed 

Plantations, Scrub, Dryland Forest) consistently show negative PI values, acting as natural buffers. 

This spatial pattern underscores the critical importance of integrated land use planning, improved 

solid waste management in settlement areas, and the preservation of vegetated buffers to mitigate 

plastic pollution at the landscape scale. 

The application of locally weighted scatterplot smoothing (LOWESS) regression to the 

relationship between plastic index (PI) and land use/land cover (LULC) classes reveals a distinct non-

linear pattern that reflects the complex interplay between anthropogenic activities and plastic 

accumulation dynamics across the landscape (Fig. 13). The smoothed trend line demonstrates 

substantial variability in PI values across the LULC gradient, with peaks corresponding to human-

dominated land uses and troughs associated with vegetated or semi-natural landscapes.  

 

Fig. 13. Relationship between Plastic Index (PI) and Land Use/Land Cover (LULC). 



89 

 

The LOWESS curve exhibits an initial increase from Dryland Forest (PI ≈ -0.30) to a 

pronounced maximum at Settlements (PI ≈ +0.10 to +0.15), representing an increase of approximately 

0.40 to 0.45 units across this transition. This sharp gradient underscores the fundamental role of 

residential and commercial areas as primary point sources of plastic pollution in the study landscape. 

The elevated PI values observed in settlement areas are consistent with previous studies 

demonstrating the correlation between population density, inadequate municipal solid waste 

management infrastructure, and environmental plastic loads (Jambeck et al., 2015; Lebreton et al., 

2017). The considerable scatter of individual observations around Settlements (ranging from 

approximately -0.05 to +0.30) suggests significant intra-class heterogeneity, likely attributable to 

variations in waste management practices, population density, and socioeconomic factors across 

different settlement types within the study area. 

Following the peak at Settlements, the LOWESS trend exhibits a declining trajectory through 

Irrigated Paddy Fields, reaching a local minimum at Mixed Plantations (PI ≈ -0.20 to -0.35). The 

negative PI values observed in Irrigated Paddy Fields (median PI ≈ -0.10) indicate relatively low 

plastic contamination despite their position in the agricultural production landscape. This pattern may 

reflect the combined influence of regular water management practices that facilitate plastic transport 

and removal, as well as the lower intensity of plastic-generating activities compared to settlements. 

The further decline toward Mixed Plantations demonstrates the buffering capacity of plantation 

systems, where dense vegetation cover and reduced anthropogenic disturbance limit plastic 

accumulation through physical interception and reduced waste inputs (Browne et al., 2011; Eerkes-

Medrano et al., 2015)  

A notable secondary increase in the LOWESS curve occurs at Water Bodies, where the 

smoothed trend approaches near-neutral values (PI ≈ -0.05 to 0.00). However, this class exhibits the 

greatest dispersion of individual observations, with values spanning the entire analytical range from 

-0.45 to +0.35. This extreme variability reflects the dual nature of aquatic systems as both transport 

corridors and accumulation sinks for plastic debris (Ballent et al., 2016; Van Emmerik & Schwarz, 

2020). The presence of substantial positive outliers (PI > +0.20) indicates that specific water bodies 

within the study area function as significant plastic accumulation hotspots, likely resulting from 

convergent flow patterns, proximity to upstream pollution sources, limited flushing capacity, or the 

presence of physical retention features such as debris dams or low-energy depositional zones. 

Conversely, negative PI values in other water bodies suggest effective transport and removal 

processes, potentially associated with higher flow velocities, greater hydrological connectivity to 

downstream systems, or isolation from direct pollution inputs. This heterogeneity underscores the 

importance of site-specific assessment rather than class-level generalizations when evaluating plastic 

contamination in aquatic environments. 

The final segment of the LOWESS curve demonstrates a sharp decline to strongly negative 

values at Scrub (PI ≈ -0.30). Scrubland areas, characterized by low anthropogenic pressure and 

moderate vegetation cover, consistently exhibit low plastic accumulation. The relatively constrained 

scatter of observations within this class indicates more homogeneous environmental conditions and 

reinforces the role of semi-natural vegetation as an effective barrier to plastic transport and deposition. 

The non-linear relationship revealed by the LOWESS analysis has important implications for 

understanding landscape-scale plastic pollution dynamics. The oscillating pattern, with distinct peaks 

at Settlements and Water Bodies separated by troughs at vegetated land covers (Dryland Forest, 

Mixed Plantations, Scrub), demonstrates that plastic accumulation cannot be adequately described by 

simple linear models or uniform urban-to-rural gradients. Instead, the spatial distribution of plastic 

pollution reflects a mosaic pattern determined by the specific characteristics of each land use type, 

their spatial configuration, and the connectivity pathways that facilitate plastic transport between 

source and sink areas. 

From a management perspective, these findings highlight three priority intervention points: (1) 

enhanced solid waste management and behavioral change programs in Settlement areas to reduce 

plastic inputs at the source; (2) strategic preservation and expansion of vegetated buffer zones, 

particularly Mixed Plantations and Scrubland, to intercept plastic transport pathways; and (3) targeted 
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monitoring and remediation efforts in high-accumulation water bodies identified through the 

substantial positive outliers observed in Water Bodies. The strong buffering effect demonstrated by 

vegetated land covers (Dryland Forest, Mixed Plantations, and Scrub) supports nature-based solutions 

approaches that integrate riparian vegetation management and green infrastructure into broader plastic 

pollution mitigation strategies. 

The LOWESS regression analysis of the relationship between precipitation and plastic index 

(PI) reveals a complex, non-monotonic pattern that deviates substantially from simple linear 

assumptions (Fig. 14). The smoothed trend line demonstrates multiple inflection points across the 

precipitation gradient, suggesting that the influence of rainfall on plastic accumulation operates 

through multiple, competing mechanisms that vary in dominance across different precipitation 

regimes. At the lower end of the precipitation spectrum (0-10 mm), the LOWESS curve exhibits 

moderate positive PI values (approximately +0.05), followed by a sharp decline to a local minimum 

at approximately 10 mm (PI ≈ -0.15). This initial negative trend may reflect the threshold mobilization 

effect, whereby moderate rainfall events possess sufficient energy to initiate plastic transport from 

terrestrial surfaces but insufficient volume to facilitate long-distance transport or dilution. The 

substantial scatter of individual observations within this range (spanning from approximately -0.40 to 

+0.35) indicates high spatial variability in local hydrological conditions, surface characteristics, and 

proximity to plastic sources. 

 
Fig. 14. Relationship between Plastic Index (PI) and Precipitation.  

The trend line subsequently exhibits a gradual increase from the 10 mm minimum through the 

mid-range precipitation values (10-40 mm), reaching a secondary peak at approximately 40-45 mm 

(PI ≈ +0.10). This ascending limb of the curve suggests that moderate-to-high precipitation events 

may enhance plastic accumulation through several potential mechanisms. First, increased runoff 

volume during substantial rainfall events can transport plastics from diffuse upland sources to 

convergent flow paths and depositional zones within the landscape (Hurley et al., 2018). Second, 

higher precipitation totals may be associated with longer-duration storm events that facilitate the 

breakdown of larger plastic items into smaller fragments through physical abrasion, thereby 

increasing detection probability via spectral indices such as PI (Corcoran et al., 2009). Third, areas 

receiving moderate rainfall may support land use practices that generate plastic waste, such as 

intensive agriculture with plastic mulching or greenhouse cultivation (Steinmetz et al., 2016). 

Following this secondary maximum, the LOWESS curve displays a pronounced decline to near-

zero or slightly negative values at approximately 50 mm (PI ≈ -0.10), followed by another sharp 

increase to a tertiary peak at approximately 60-65 mm (PI ≈ +0.10 to +0.15). This oscillating pattern 
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in the high precipitation range is particularly intriguing and may reflect the complex interplay between 

transport capacity, dilution effects, and spatial patterns of land use. High-precipitation areas may 

experience enhanced flushing of plastic materials through well-developed drainage networks, leading 

to reduced local accumulation but increased downstream transport (Van Emmerik et al., 2018). 

Alternatively, the positive PI values observed at the highest precipitation levels could indicate areas 

where intense rainfall concentrates transported plastics in specific depositional environments, such as 

floodplains, retention basins, or coastal zones that serve as terminal sinks. 

The substantial vertical scatter of observations throughout the precipitation gradient, particularly 

evident in the 0-20 mm and 55-65 mm ranges, underscores the importance of factors beyond 

precipitation in determining plastic accumulation patterns. This variability likely reflects the 

confounding influences of land use intensity, population density, waste management infrastructure, 

topography, soil characteristics, and vegetation cover all of which modulate the relationship between 

rainfall and plastic transport-deposition dynamics (Horton et al., n.d.; Windsor et al., 2019). 

From a process-based perspective, the non-linear relationship revealed by this analysis suggests 

that plastic mobilization and accumulation across precipitation gradients cannot be adequately 

described by simple hydrological transport models. Instead, the data indicate threshold-dependent 

behaviors and regime shifts that likely correspond to distinct hydrological states: (1) a low-

precipitation regime characterized by limited transport capacity and localized accumulation near 

sources; (2) a moderate-precipitation regime where enhanced runoff facilitates both mobilization and 

redeposition; and (3) a high-precipitation regime where competing processes of transport efficiency, 

dilution, and concentrated deposition produce spatially heterogeneous outcomes. 

The management implications of these findings are significant. The positive association between 

certain precipitation ranges and elevated PI values suggests that plastic pollution monitoring and 

mitigation efforts should be intensified in areas experiencing moderate-to-high rainfall, particularly 

following significant storm events when transport and redeposition processes are most active. 

Furthermore, the high variability observed across all precipitation levels indicates that precipitation 

alone is insufficient to predict plastic accumulation patterns; effective management strategies must 

integrate hydrological factors with comprehensive land use planning, improved waste collection 

systems in high-rainfall areas, and strategic placement of sediment and debris retention structures to 

intercept transported plastics before they reach sensitive aquatic environments. 

The oscillating LOWESS pattern also raises important methodological considerations for future 

research. The presence of multiple local maxima and minima suggests potential threshold effects or 

regime shifts that warrant investigation through more sophisticated statistical approaches, such as 

segmented regression or mixture models, which can explicitly test for discontinuities in the 

precipitation-PI relationship. Additionally, temporal considerations such as antecedent moisture 

conditions, rainfall intensity versus duration, and seasonal patterns may further refine our 

understanding of how precipitation influences plastic accumulation dynamics.  

 

 

5. DISCUSSION 

 

Although the analysis was conducted over a relatively short observation period of 13 days, the 

results remain meaningful for interpreting the spatial distribution of plastic waste in relation to land 

use and land cover (LULC) characteristics. This is because LULC configuration represents a 

relatively stable structural control that governs plastic accumulation patterns, particularly along river 

corridors and adjacent built-up areas. While seasonal variability may influence the magnitude and 

mobility of plastic waste under different rainfall regimes, the underlying spatial relationships between 

plastic accumulation hotspots and dominant land-use types are expected to persist over time. Wet-

season conditions are likely to enhance plastic transport and redistribution through increased runoff, 

whereas dry-season conditions may promote localized exposure and accumulation within river 

channels. Consequently, the short observation window primarily limits temporal generalization rather 

than spatial inference. 
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The complex oscillating pattern observed in the precipitation Plastic Index (PI) relationship (Fig. 

14), characterized by multiple local maxima and minima without a consistent directional trend, likely 

reflects this temporal constraint. The pronounced vertical scatter across the precipitation gradient 

further indicates that temporal factors such as antecedent moisture conditions, rainfall intensity versus 

duration, and seasonal hydrological processes may exert a stronger influence on plastic transport 

dynamics than spatial precipitation totals alone. These findings suggest that precipitation effects on 

plastic distribution are event-driven and season-dependent rather than spatially uniform. 

In addition to temporal limitations, the spatial resolution of Sentinel-2 imagery (10–20 m) 

constrains the detection of small plastic fragments and the precise delineation of narrow riparian 

zones, as illustrated in Figure 3. Pixel-level aggregation may obscure sub-pixel heterogeneity in 

heterogeneous riverine environments, where localized plastic accumulation can be highly variable. 

Mixed pixels containing both contaminated and uncontaminated surfaces may yield intermediate PI 

values, potentially underestimating localized contamination and contributing to the residual scatter 

observed in the Random Forest model (Fig. 5; R² = 0.8892). Future studies should therefore integrate 

higher-resolution satellite data (e.g., PlanetScope at 3–5 m, WorldView at 0.3–2 m) or UAV-based 

multispectral imagery to improve spatial detail, detection accuracy, and the characterization of fine-

scale plastic accumulation patterns. 

Spectral confusion with similar materials remains a challenge. Dried vegetation, bright soil 

surfaces, sand deposits, construction materials, and light-colored substrates may exhibit reflectance 

characteristics that partially overlap with plastic materials. While the Random Forest model 

incorporating multiple spectral indices (NDVI, NDWI, NDBI, TI) achieves high overall accuracy (R² 

= 0.8892), residual spectral confusion cannot be entirely eliminated. Some positive PI values shown 

in Figure 3, particularly in areas with mixed land uses, may reflect spectral confusion rather than 

actual plastic accumulation. This issue is compounded for weathered or degraded plastics, which 

exhibit altered spectral properties compared to fresh materials. Future work should employ 

hyperspectral imaging to discriminate materials based on narrow-band spectral features and develop 

comprehensive spectral libraries of interfering materials under varying environmental conditions. 

Critical hydrological parameters were not incorporated into the analysis. The absence of river 

discharge and flow velocity data limits mechanistic interpretation of plastic transport dynamics and 

the extreme variability observed in Water Bodies (Fig. 12: PI ranging from -0.45 to +0.35). As 

discussed in the LOWESS analysis of Water Bodies (Fig. 14), the presence of substantial positive 

outliers (PI > +0.20) likely reflects convergent flow patterns, limited flushing capacity, or physical 

retention features. However, without discharge and velocity measurements, distinguishing between 

high-accumulation sites resulting from natural hydrological convergence versus those influenced by 

anthropogenic alterations remains challenging. Additionally, unmapped hydraulic structures (dams, 

weirs, check dams, water gates) may create artificial accumulation hotspots by altering flow regimes 

and creating zones of reduced velocity where plastics settle. The extreme positive PI outliers identified 

in certain water bodies may partially reflect the influence of such unmapped structures rather than 

solely natural processes. Future research should integrate continuous hydrological monitoring, 

comprehensive infrastructure mapping, and process-based modeling to develop mechanistic 

understanding of plastic transport pathways and retention mechanisms. 

The study did not differentiate plastic types, sizes, or polymer compositions. The aggregate PI 

values shown in Figures 11-12 represent a composite measure that cannot distinguish between 

macroplastics (>5 mm), mesoplastics (5-1 mm), and microplastics (<1 mm), which exhibit 

fundamentally different mobility patterns and environmental behaviors. Different polymer types 

possess distinct density, buoyancy, and degradation characteristics that influence transport dynamics 

and spatial distribution. As noted in the precipitation analysis (Fig. 14), enhanced runoff during 

substantial rainfall events may facilitate breakdown of larger items into smaller fragments through 

physical abrasion. However, without size and polymer differentiation, these processes cannot be 

quantified. Future research should incorporate field sampling and spectroscopic analysis (FTIR, 

Raman spectroscopy) for detailed plastic characterization and source attribution. 
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Socioeconomic variables (income levels, waste collection coverage, population density, 

behavioral factors) were not integrated but likely explain substantial intra-class variability. As 

demonstrated in Figure 11, Settlements exhibit a wide PI range (-0.05 to +0.30), with considerable 

scatter around the class median. The LOWESS analysis (Fig. 13) further confirms this heterogeneity 

through the substantial vertical scatter of individual observations around Settlements, which we 

attributed to "variations in waste management practices, population density, and socioeconomic 

factors across different settlement types." However, without high-resolution infrastructure data 

(locations of waste collection points, landfills, informal dump sites), the specific neighborhood-level 

factors driving this variability cannot be identified. The discussion of management implications 

emphasized targeting "densely populated settlement zones exhibiting the most extreme positive PI 

values," but operationalizing this recommendation requires socioeconomic data integration. Future 

studies should incorporate census data, municipal waste management records, and participatory 

mapping to explain intra-settlement variability and provide actionable policy insights. 

Missing data for Mixed Crops, Industrial Buildings, Dry Fields, and Plantations limits 

landscape-scale comprehensiveness. As noted in both Figures 12-14, only 6 of 10 LULC classes 

contain observations, creating gaps in understanding the complete spectrum of LULC-plastic 

relationships. Industrial Buildings are of particular concern, as they are expected to exhibit elevated 

PI values based on their association with manufacturing activities and packaging waste. The absence 

of these classes creates uncertainty regarding total anthropogenic contribution and may affect the 

management recommendations, which currently focus on Settlements as the primary intervention 

target without assessing industrial contributions. Future studies should employ stratified sampling 

designs ensuring adequate representation of all major LULC classes, particularly those with high 

anthropogenic activity. 

The spatial pattern analysis, while revealing non-linear relationships between PI, LULC, and 

precipitation, does not address the connectivity pathways that facilitate plastic transport between 

source and sink areas. The LOWESS analysis (Fig. 13) demonstrates an oscillating pattern with peaks 

at Settlements and Water Bodies separated by troughs at vegetated areas, suggesting a mosaic 

distribution pattern. However, understanding how plastics move from settlement sources through the 

landscape matrix to accumulate in specific water bodies requires spatial connectivity analysis 

incorporating topography, drainage networks, and flow routing. The management recommendation 

to establish "vegetated buffer zones to intercept plastic transport pathways" presumes knowledge of 

these pathways, yet the current analysis does not explicitly map them. Future research should employ 

landscape connectivity modeling and network analysis to identify critical transport corridors and 

optimal buffer placement locations. 

Future research should prioritize systematic multi-temporal monitoring to better capture 

seasonal dynamics and precipitation-driven plastic transport processes. Quarterly or seasonal time-

series analyses would allow robust comparisons between wet and dry periods and improve 

understanding of temporal variability in plastic accumulation patterns. In addition, rainfall-event–

based analyses focusing on extreme precipitation and high-runoff events are strongly recommended, 

as such events are likely to dominate plastic redistribution within river systems. Integrating remote 

sensing–derived plastic indices with hydrological modeling including discharge estimation, flow 

routing, and hydraulic structure characterization would further enable process-based interpretation 

and predictive assessment of plastic transport pathways. 

Beyond these core priorities, methodological improvements should include the use of higher 

spatial resolution data (e.g., UAV platforms or ≤5 m satellite imagery) to enhance detection of small 

plastic fragments and narrow riparian zones, as well as hyperspectral imagery and spectral library 

development to reduce false positives from spectrally similar materials. Additional advances may be 

achieved through plastic characterization by polymer type, size class, and degradation state via 

combined field sampling and laboratory analysis; integration of high-resolution socioeconomic and 

infrastructure datasets to explain intra-class variability and identify intervention priorities; stratified 

field sampling ensuring representation of all LULC classes, particularly Mixed Crops and Industrial 

Buildings; and spatial connectivity analysis incorporating topography and drainage networks to map 
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plastic transport pathways. Scenario-based modeling, evaluating the effectiveness of management 

interventions such as improved waste collection, debris interception structures, and riparian buffers 

under varying land-use and hydrological regimes, would further enhance the applicability of remote 

sensing-based plastic monitoring frameworks. 

 

 

6. CONCLUSIONS  

 

     This study demonstrates that the spatial distribution of plastic waste in Kendal Regency is 

predominantly governed by land use and land cover (LULC) characteristics rather than by 

precipitation dynamics. Plastic Index (PI) values exhibit clear gradients across LULC types, with the 

highest concentrations occurring in settlement areas reflecting intensive human activity, inadequate 

waste management infrastructure, and strong source zone characteristics. Water bodies function as 

dynamic transport corridors and accumulation zones, displaying extreme variability due to differences 

in hydrological connectivity, flow conditions, and proximity to upstream anthropogenic inputs. In 

contrast, vegetated landscapes such as dryland forests, mixed plantations, and scrub consistently 

exhibit negative PI values, confirming their role as natural buffer zones that limit plastic transport and 

deposition. 

     The LOWESS analyses further reveal that the relationship between precipitation and PI is highly 

non-linear, characterized by multiple inflection points and substantial scatter, with no significant or 

consistent trend. These patterns indicate that short-term rainfall totals measured independently of 

hydrological processes such as flow velocity, runoff pathways, and storm intensity do not exert a 

dominant influence on plastic accumulation within the study period. Instead, plastic distribution is 

shaped by spatially explicit drivers, including land cover configuration, river connectivity, and 

localized human pressures. 

     The integration of Sentinel-2 imagery, CHIRPS rainfall data, and Random Forest modeling results 

in a robust remote-sensing–based framework for detecting and analyzing riverine plastic pollution. 

Model performance was consistently strong (R² = 0.8892), confirming the utility of multispectral 

indices and machine learning for mapping plastic waste at landscape scales. However, the pronounced 

intra-class variability especially in settlements and water bodies emphasizes the need for higher-

resolution spatial data, improved hydrological characterization, and incorporation of socioeconomic 

factors in future research. 

     Overall, the findings underscore that effective mitigation strategies in Kendal Regency should 

prioritize land-based interventions in densely populated and industrially influenced areas, strengthen 

waste management systems, and protect or expand vegetated riparian buffers to intercept plastic 

transport. Since precipitation alone does not predict plastic accumulation, integrated land-use 

planning, targeted source reduction, and hydrologically informed monitoring are essential to reducing 

downstream plastic flows and safeguarding riverine and coastal ecosystems. 
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ABSTRACT 

Predicting rainfall in large, heterogeneous watersheds remains among the most important hydrological 

challenges. This research investigates the effectiveness of both ML (Machine Learning) and DL (Deep 

Learning) for predicting spatiotemporal rainfall in the Bengawan Solo watershed, Indonesia. Satellite 

rainfall data from CHIRPS (spatial resolution: 0.05°) were prepared and sampled for the period 1981–

2024. The data set contained 523 grid points. We employed nine ML and DL algorithms: Random 

Forest (RF), Extreme Gradient Boosting (XGB), Support Vector Regression (SVR), Multilayer 

Perceptron (MLP), Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Temporal 

Convolutional Network (TCN), Convolutional Neural Network (CNN), and Transformer. Models were 

trained on the samples from 1981 to 2019 and tested on 2020–2024. Performance was judged from 

mean absolute error (MAE), root mean square error (RMSE), mean absolute percentage error (MAPE), 

and coefficient of determination (R²). XGB showed the best overall performance (MAE ≈59 mm; R² 

≈0.73). GRU became the most competitive DL model at 60 mm (MAE ≈60 mm; R² ≈0.72). Temporal 

model analysis shows that XGB and GRU stay among the top three models with the minimum monthly 

errors. TCN, CNN, and Transformer exhibited higher errors and more monthly variability. XGB and 

GRU have average MAE values of ~59–60 mm and R² values of ~0.71–0.72 across most grids. MAE 

values for TCN, CNN, and Transformer are greater than 76 mm, while R² values are lower. The data 

we obtained indicate that using ensemble decision tree models and recurrent neural networks across 

large tropical areas yields greater stability and more reliable spatiotemporal rainfall predictions than 

more sophisticated DL architectures. 

 

Keywords: Rainfall prediction; Machine learning; Deep learning; CHIRPS; Bengawan Solo; Spatial 

analysis; Temporal analysis. 

 

 

1. INTRODUCTION 

 

Rainfall prediction is essential for effectively planning water resources, managing disasters, and 

managing agricultural areas in the tropics (Hong et al., 2018; Praveen et al., 2020). The Bengawan 

Solo watershed in Indonesia is an area critical to food security, water supply, and flood control 

(Musiyam et al., 2025). The watershed is a large, socio-economically critical watershed where rainfall 
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variability directly affects water availability for irrigation and is closely linked to recurrent 

hydrometeorological impacts on agriculture and a large population. The basin also exhibits 

pronounced physical heterogeneity, ranging from flat plains to hilly and volcanic terrain, with diverse 

soils and land uses, producing strong spatial contrasts in hydrological response and making rainfall 

prediction more challenging at scale (Santhyami et al., 2025). Thus, long-term rainfall data and 

rainfall predictors are crucial. Nonetheless, the effects of high climatic variability, topographical 

complexity, and limited field observation data are major obstacles to the long-term accuracy of rainfall 

prediction (Funk et al., 2015; Kundu et al., 2022).  

Data-driven methods have revolutionized hydrometeorological modeling over time. Machine 

Learning (ML) methods such as Random Forest (RF), Extreme Gradient Boosting (XGB), Support 

Vector Regression (SVR), and Multilayer Perceptron (MLP) to examine in depth the associations 

between predictive variables and rainfall predictors (Sachindra et al., 2018; Miao et al., 2021) are 

used more frequently to discover nonlinear relationships between predictors and rainfall. 

Concurrently, deep learning (DL) approaches like Long Short-Term Memory (LSTM), Gated 

Recurrent Unit (GRU), Convolutional Neural Network (CNN), Temporal Convolutional Network 

(TCN), and Transformer architectures depict complex spatio-temporal patterns in climate time series 

(Shi et al., 2015; Chattopadhyay et al., 2020; Espeholt et al., 2022).  

Many studies have shown that DL techniques have great potential for accurately modeling 

hydrometeorological phenomena (Aswin & Geetha, 2020; Hernández et al., 2021), including the 

prediction of severe and rare rainfall events (Laptev et al., 2017; Lim & Zohren, 2021). But most of 

that performance depends on the vastness of the data in terms of temporal depth, with a fairly uniform 

spatial distribution. In data-limited regions, DL models are often weak under time-series conditions 

due to overfitting, poor training, and generalization issues (Willard et al., 2021; Das et al., 2022). 

Although ML and DL techniques have made significant progress in predicting rainfall, quite a few 

research gaps still exist. Comparative studies assessing the performance of ML and DL in tropical 

regions, such as the Bengawan Solo River Basin, with complex spatial and even topographical 

features, are limited, especially when using high-resolution satellite data (such as CHIRPS) to inform 

annual rainfall forecasting.  

Furthermore, it is rare for model training to rely on long time series, spanning 40 years or more, 

despite the fact that long time spans are necessary to account for long-term climate dynamics and 

interannual variability that impact prediction accuracy (Gu et al., 2020). Furthermore, spatially and 

temporally differentiated error analysis is underused, even though it is important to identify specific 

locations and time intervals of model inaccuracy to better prepare for the next model (Cioffi et al., 

2023). To fill in the gap, this study conducted a comprehensive evaluation of nine ML and DL models 

using monthly CHIRPS data for 1981-2024, aggregated to annual rainfall at 98 sample points in the 

Bengawan Solo watershed. Models were trained on historical data and tested on 2020–2024 

conditions, with metrics including MAE, RMSE, MAPE, R², spatial errors, and temporal errors. The 

best-performing model was then adopted as the basis for predicting annual rainfall for 2025–2030. In 

conclusion, this study assesses the predictive performance of ML and DL in the Bengawan Solo 

watershed region, using the long-term CHIRPS (1981–2024) and 2025–2030 periods to estimate 

annual rainfall and to determine which method is best suited to tropical regions with scarce data. The 

literature shows that when remote sensing series are discontinuous, statistical interpolation 

approaches can reconstruct long-term trajectories useful for analysis (Haidu et al., 2024). 

 

2. METHOD 

 

2.1. Study Area 

 

The Bengawan Solo River Basin (Fig. 1) is the largest river system on Java Island, covering an 

area of approximately 16,100 km² and serving as the primary source of water for domestic needs and 

agricultural irrigation. Hydrologically, the watershed is divided into three sub-basins: the Upper 

Bengawan Solo, the Madiun River, and the Lower Bengawan Solo.  
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Fig. 1. Study Area and Sample Points.  

 

Its upstream area (approximately 6,000 km²) lies between 110º13'7.16"–110º26'57.10" East 

Longitude and 7º26'33.15"–8º6'13.81" South Latitude, with predominantly flat topography but 

undulating in the northeast–northwest near the mountains; flow supply comes from the Merapi–

Merbabu volcanic complex in the west and Mount Lawu in the east. The contrasting topographic 

variations and land use, as well as the occurrence of seasonal floods and droughts, make the Bengawan 

Solo River Basin a priority location for hydrometeorological studies and water resources management 

planning (Jumadi et al, 2024; Jumadi et al, 2025). 
 

2.2. Research Framework 

 

This research was conducted in several stages, including data collection, preprocessing, annual 

rainfall prediction using ML and DL, model evaluation (using data from 2020-2024), selection of the 

best model, prediction for 2025-2030, data aggregation, interpolation, and spatiotemporal analysis 

(Fig. 2). 

 

2.3. Data and Data Sources 

 

Data aggregation, interpolation, and spatiotemporal analysis were performed in several stages. 

The study took advantage of satellite rainfall data collected from the Climate Hazards Group InfraRed 

Precipitation with Stations (CHIRPS) product, issued by the Climate Hazards Center at the University 

of California, Santa Barbara (Funk et al., 2015). CHIRPS is a global precipitation dataset for rainfall 

estimation with high spatial resolution (~0.05°, or ±5 km) and long time span (1981 to present). This 

is a global dataset of infrared satellite observation data, reanalysis data, and rainfall data from land 

stations. This hybrid allows CHIRPS to generate consistent rainfall estimations, even in parts of the 

world where ground observation networks are weak such as Indonesia (Ceccherini et al., 2015; Gu et 

al., 2020). In hydrology, the comparative evaluation of monthly gap imputation methods has proven 

essential for the stability of analyses (cf. monthly flow study), which supports our focus on the 

continuity of series (Magyari-Sáska et al., 2025). 
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Fig. 2. Research Framework. 

 

The selection of CHIRPS for this study involved three elements. First, its high spatial resolution 

allows for a better representation of rainfall variability in areas with complex topography such as the 

Bengawan Solo River Basin. Second, its time series spanning more than four decades (1981-2024) 

allows a better understanding of long-term trends and interannual climate variability. Third, the 

availability of open-access data that is routinely updated enables replication of models as well as 

future updates, which is the key principle of data openness in scientific research (Huffman et al., 

2020). 
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2.4. Determination of Prediction Points 

 

All pixels from CHIRPS were extracted in order to allow for the model prediction to capture 

spatial variety of rainfall throughout the Bengawan Solo watershed (Fig. 1). The choice of this method 

was motivated by its ability to provide an even distribution of points across the study area, eliminating 

spatial bias when observation points cluster around specific positions (Hijmans et al., 2005). The 

result was 523 points, evenly distributed over the basin. Each point's geographic coordinates were 

recorded, and a monthly rainfall time series spanning 44 years (1981–2024) was used. This technique 

is also helpful for error analysis in spatial contexts and is central to this study. An analysis of accuracy 

disparities, including from edge vs. center of the watershed (or lowlands vs. mountains) can be made 

under equal spreading of points. 

 

2.5. Development and Configuration of Machine Learning and Deep Learning Models 

 

The development of an annual rainfall prediction model in this study involves two main 

approaches, namely Machine Learning (ML) and Deep Learning (DL). The selection of these two 

groups of methods is based on the consideration that ML has advantages in handling medium-sized 

datasets with relatively limited feature space, while DL is designed to extract complex patterns from 

extensive, temporal, or spatial data (Goodfellow et al., 2016; Zhang et al., 2022). The 

hyperparameterization of the model is presented in Table 1. 

 

2.5.1. Machine Learning Model 

Four ML algorithms, such as Random Forest (RF), Extreme Gradient Boosting (XGB), Support 

Vector Regression (SVR), and Multi-Layer Perceptron (MLP), are applied. RF was selected because 

it can accommodate non-linear relationships and reduce the overfitting of medium-sized datasets 

(Breiman, 2001). Some important parameters, such as the number of trees (n_estimators) and the 

maximum tree depth (max_depth), were optimized using grid search. A gradient boosting method 

called XGB was selected for its ease of computation and ability to handle noisy data (Chen & 

Guestrin, 2016).  

The learning_rate, max_depth, and number of estimators were fine-tuned for the validation data 

to minimize the error. SVR was employed for testing the performance of kernel-based approaches, 

which map data to higher-dimensional spaces to model nonlinear relationships (Smola & Schölkopf, 

2004). The radial basis function (RBF) kernel was used, and the parameters C and gamma were 

determined via parameter search. For the ML group, we utilized MLP as a shallow neural network-

based baseline. The MLP architecture had multiple hidden layers, combined with ReLU activation 

functions and a linear output layer for regression. 

 

2.5.2. Deep Learning Model 

Time and space structures in the data are processed over five different DL models: Long Short-

Term Memory (LSTM), Gated Recurrent Unit (GRU), Temporal Convolutional Network (TCN), 

Convolutional Neural Network (CNN), and Transformer. To make use of LSTM, this model features 

two sequential LSTM layers with dropout to reduce overfitting. GRU is a simpler yet computationally 

efficient variant of LSTM (Cho et al., 2014).  

The number of hidden units and dropout rate parameters were optimized based on validation 

performance. TCN was proposed as a non-recurrent alternative to time-series modeling with dilated 

causal convolutions, facilitating long-term dependency modeling (Bai et al., 2018). A CNN was 

applied to extract local temporal features from monthly rainfall data, using a 1D convolutional layer, 

pooling, and dense layers. Transformer is applicable to investigate the capability in fitting temporal 

dependencies without sequential restriction induced by the self-attention mechanism (Vaswani et al., 

2017). The design involved a sequence of encoder layers combining multi-head attention and 

normalization. 
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Table 1.  

ML and DL Hyperparameters. 

Model Type Input window Key hyperparameters / architecture 

RF ML 
24 months (24 rainfall 

lags) 

RandomForestRegressor(n_estimators=100, 

random_state=42); other parameters use scikit-learn 

defaults (e.g., max_depth=None, min_samples_split=2, 

min_samples_leaf=1, max_features="sqrt", 

bootstrap=True). 

XGB ML 24 months 

XGBRegressor(n_estimators=100, random_state=42); 

other parameters follow XGBoost defaults (e.g., typical 

defaults such as max_depth=6, learning_rate=0.3, 

subsample=1.0, colsample_bytree=1.0, 

objective="reg:squarederror" depending on library 

version). 

SVR ML 24 months 
SVR() with scikit-learn defaults: kernel="rbf", C=1.0, 

epsilon=0.1, gamma="scale", degree=3. 

MLP ML 24 months 

MLPRegressor(hidden_layer_sizes=(64, 32), 

max_iter=500, random_state=42); other parameters follow 

defaults: activation="relu", solver="adam", 

learning_rate_init=0.001, alpha=0.0001, etc. 

LSTM DL 24 months (24 × 1) 

Input(shape=(24, 1)) → LSTM(64, activation="relu") → 

Dense(1, activation="linear"); compiled with 

optimizer="adam", loss="mse"; trained for epochs=60, 

batch_size=32. 

GRU DL 24 months 

Input(shape=(24, 1)) → GRU(64, activation="relu") → 

Dense(1, activation="relu"); compiled with 

optimizer="adam", loss="mse"; trained for epochs=60, 

batch_size=32. 

TCN DL 24 months 

Input(shape=(24, 1)) → TCN(nb_filters=32, 

kernel_size=3, dilations=[1, 2, 4, 8]) → Dense(1, 

activation="linear"); compiled with optimizer="adam", 

loss="mse"; trained for epochs=60, batch_size=32. 

CNN DL 24 months 

Input(shape=(24, 1)) → Conv1D(64, kernel_size=3, 

activation="relu", padding="causal") → 

BatchNormalization() → Conv1D(32, kernel_size=3, 

activation="relu", padding="causal") → 

BatchNormalization() → GlobalAveragePooling1D() → 

Dense(1, activation="linear"); compiled with 

optimizer="adam", loss="mse"; trained for epochs=60, 

batch_size=32; predictions clipped to non-negative values 

during recursive forecasting. 

Transformer DL 24 months 

Input(shape=(24, 1)) → 

transformer_encoder(head_size=8, num_heads=2, 

ff_dim=32, dropout=0.1) → GlobalAveragePooling1D() 

→ Dropout(0.1) → Dense(1, activation="linear"); 

compiled with optimizer="adam", loss="mse"; trained for 

epochs=60, batch_size=32. 
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2.5.3. Implementation 

All models were developed using Python with scikit-learn, TensorFlow, pandas, numpy, and 

several other libraries. Model training and prediction were performed on Google Colaboratory Pro 

using high-RAM cloud devices to speed up computation (https://tinyurl.com/y23kfsyh). Each model 

generates monthly rainfall predictions at 98 sample points, which are then aggregated into annual 

totals for performance evaluation and spatio-temporal analysis of prediction errors. 

 

2.6. Model Training, Validation, and Evaluation Scheme 

 

The model's training and validation methods were developed specifically to ensure that the 

predicted findings were statistically sound and robust to annual climate variability in the Bengawan 

Solo River Basin. The dataset was split into two time subsets: the training period (1981–2019) and 

the validation period (2020–2024). This separation was done chronologically (time-based split) to 

avoid data leakage, as future data would otherwise be used for model training. This is frequently used 

to make time series predictions, as seasonal patterns and climate trends may evolve (Hyndman & 

Athanasopoulos, 2018). For training purposes, all models were trained on 523 normalized points from 

monthly rainfall data.  

We configured the data in a temporal order (24 months) for deep learning-based models that 

could capture long-term dependencies. The performance of our model is evaluated with four overall 

criteria: Mean Absolute Error (MAE) (Equation 1), Root Mean Squared Error (RMSE) (Equation 2), 

Mean Absolute Percentage Error (MAPE) (Equation 3), and coefficient of determination (R²) 

(Equation 4). Such composite metrics are chosen to provide a complete picture of the model: an 

absolute accuracy rate, the reliability of these measures, and the proportionality of all errors. In 

general, these metrics measure the difference between the predicted value (𝑦̂𝑖) and the observed value 

(𝑦𝑖).  
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The evaluation results were interpreted by applying the average metric values across all sample points 

to identify the model with the best overall performance. The model with the best performance during 

the validation period was selected and used to produce annual rainfall projections for 2025–2030.  

 

2.7. Creation of Spatial Maps of Rainfall Projections with IDW 

 

The final stage of this research methodology is to translate rainfall forecasting results for the year 

into spatial representations, such as maps. This spatial visualization is critical for understanding the 

distribution of rainfall across geographical intervals, which is not available from prediction value 
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tables alone. To accomplish this, the Inverse Distance Weighting (IDW) interpolation technique was 

selected, as it is simple, flexible for handling irregular data, and works well for environmental 

variables with pronounced spatial autocorrelation, such as rainfall (Lu & Wong, 2008; Phoophathong 

et al., 2025).  

The interpolation process was carried out separately for each projection year (2025–2030) and 

for each prediction model. For each projection year, annual rainfall at each sample point was first 

obtained from the monthly predictions. Aggregation is performed by summing the monthly rainfall 

predictions (in millimeters) at each sample point for the period from January to December of each 

year, specifically for the projection years 2025 to 2030. The IDW is implemented in ArcGIS 10.8, 

using the geographic coordinates of 523 sample points and the corresponding yearly prediction values 

as inputs. To address this, we use the WGS 84 projection system; it helps preserve compatibility with 

CHIRPS data while preventing distortion due to distance. The output grid resolution was set to 0.01° 

(~1 km) to achieve sufficient spatial detail without overloading the computation. The IDW map 

outputs were then spatially analyzed to identify areas with significant rainfall increase and decrease 

trends during the projection period. 

 

3. RESULTS  

 

3.1. Model Performance Comparison 

 

A set of nine annual rainfall prediction models was evaluated for their performance for the 2020–

2024 validation period based on four main metrics, namely Mean Absolute Error (MAE), Root Mean 

Square Error (RMSE), Mean Absolute Percentage Error (MAPE) and coefficient of determination 

(R²) (Fig. 3). These results indicate that XGBoost (XGB) performed the best at all metrics. The MAE 

and RMSE of 59 mm and 80 smm, respectively, indicate low absolute and quadratic errors, and the 

model has an R² of 0.73, indicating excellent ability to explain the variability in annual rainfall.  

 
Fig. 3. Measurement error results for all models. 
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Of the two models, Extreme Gradient Boosting (XGB) ranked 2nd, with an MAE of 55.140 mm 

and an R² of 0.767. XGB handled data non-linearity well but performed slightly worse than RF. XGB 

is sensitive to the learning rate and the number of trees, which is likely to cause instability in 

predictions for long-term datasets where year-to-year data exhibits high variation. We have seen that 

the Multi-Layer Perceptron (MLP), with an MAE of 46.762 mm and an R² of 0.817, performed 

relatively well, although lower than RF. The lower strength of MLPs compared to ensemble-based 

models like RF is attributed to the poor ability of feedforward ANNs to capture long-term temporal 

patterns without a direct memory mechanism (Wu et al., 2010). Although performance was surprising, 

with sequence-based models (e.g., LSTM, GRU, TCN, CNN, and Transformer) achieving very high 

MAE (>88 mm, up to 202 mm for LSTM, TCN, CNN, and Transformer), some architectures also 

yielded negative R² values.  

Such excessive overfitting is likely an effect of the time series being too short, even though it 

spans 44 years, for detecting stable annual climate patterns in complex DL architectures with a large 

number of parameters (Lim & Zohren, 2021). This condition aligns with the results of Laptev et al. 

(2017), who note that DL forecasting models for meteorological time series require hundreds of 

thousands of observations or hundreds of years of simulation data to generalize consistently. These 

findings support the idea that ensemble-based machine learning models, such as RF, remain more 

stable in tropical environments with limited data. These results serve not only as a technical 

framework for hydrology researchers and practitioners but also contribute to the literature by showing 

the practical limitations of DL in low-data areas and by pointing to opportunities for future study to 

develop lighter DL architectures and more realistic regularization. 

 

3.2. Spatial Error Analysis 

 

Spatial error analysis was performed to understand the distribution of prediction errors at 523 

sample points in the Bengawan Solo watershed during the 2020–2024 validation period (Fig. 4–7).  

 

 
Fig. 4. Spatial MAE Distribution (mm). (a) RF, (b) XGB, (c) SVR, (d) MLP, I LSTM, (f) GRU, (g) TCN, 

(h) CNN, (i) TRANSFORMER. 
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Fig. 5. Spatial RMSE Distribution (mm). (a) RF, (b) XGB, (c) SVR, (d) MLP, I LSTM, (f) GRU, (g) 

TCN, (h) CNN, (i) TRANSFORMER. 

 
Fig. 6. Spatial MAPE Distribution (%). (a) RF, (b) XGB, (c) SVR, (d) MLP, I LSTM, (f) GRU, (g) TCN, 

(h) CNN, (i) TRANSFORMER. 
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Fig. 7. Spatial R2 Distribution. (a) RF, (b) XGB, (c) SVR, (d) MLP, I LSTM, (f) GRU, (g) TCN, (h) 

CNN, (i) TRANSFORMERs. 

 

This is critical, given that although aggregated metrics (e.g., MAE, RMSE) provide a baseline 

picture of model performance, the distribution of errors at spatial scales often reveals 

underperformance not evident at the aggregate level (Cioffi et al., 2023). 

Values of the MAE for points indicate that the error distribution is not homogeneous. Despite the 

fact that the Random Forest (RF) model generally achieves the best results, it still exhibits localized 

spatial error distribution, especially at key points in the watershed in the east and west. The points are 

usually in the parts of the area that are more diverse in topography, e.g., in the foothills of Mount 

Lawu to the east and hills in the northwest. These topographic differences probably impact the 

precision of CHIRPS satellite rainfall predictions and the precision of model predictions, respectively. 

On the other hand, in the central plains of the watershed, where the topography is similar and near the 

main Bengawan Solo River, there are lower prediction errors.  

This suggests that the model is more adept at learning the relationship between the historical 

rainfall data and prediction patterns in regions free from extreme topographic gradients. Other, e.g., 

those models used, such as XGB and MLP, exhibit error patterns as in the RF, but they generate more 

error intensity in almost all locations. With the SVR model, the error distribution is scattered and not 

so well matched to the topography pattern, which reflects its sensitivity to the high variation of 

training data. Moreover, deep learning-based models, namely LSTM, GRU, TCN, CNN, and 

Transformer, have large average errors and spatial instability. There exist very large errors in points 

in mountain regions and in transition zones between mountains and plains that exceed the watershed 

mean MAE by more than 3 times. This confirms the overfitting assumption in DL, which occurs when 

the model cannot learn spatial variability effectively.  

The data also supports this observation with an increased error gradient on the MAE distribution 

map for IDW interpolation results towards east and west of the watershed boundaries. This fact 

appears to be in line with earlier works (Funk et al., 2015; Gu et al., 2020), which found that satellite-

based rainfall prediction is more prone to vary when the orographic environment and the number of 

rainfall stations in the location are not very high.  
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Fig. 8. Boxplot Comparison of Error Metrics. 

 

This spatial study has a practical dimension, as it implies that, even though RF is technically well-

known for its worldwide performance, it could still be improved by integrating CHIRPS data with 

higher-resolution data or by pre-conditioning the model to mitigate topographical bias. In addition, 

model evaluation can always be conducted to consider the spatial, not overall, aspect, in order to 

detect and target prediction failures in some regions for future study. 

The spatial error comparison boxplot (Fig. 8) reveals the marked disparity between models in 

accounting for the variability in precipitation at 523 grid points in the Bengawan Solo watershed. On 

average, XGB and GRU have the lowest median MAE and RMSE, and their interquartile ranges 

(IQRs) are rather narrow, which implies good and constant (or comparable) performance in most 

locations. RF marginally is behind (median MAE slightly higher; upper tail slightly longer), but it 

also outperforms SVR and MLP by a long margin of difference because both have larger errors and 

wider distributions. On the other hand, convolutional and attention-based deep learning models (TCN, 

CNN, Transformer) seem obviously less robust: median MAE and RMSE are high, interquartile 

ranges are wide, and the large number of extreme outliers suggests spatial instability and no ability to 

follow rainfall trends for some grids. The boxplot pattern only confirms that the decision tree 

ensembles and GRUs are spatially superior to the more complex deep learning architectures used with 

the dataset. 

 

3.3. Temporal Error Analysis 

 

Temporal error analysis was performed to evaluate variation in model performance over time 

during the 2020–2024 validation period (Fig. 9-12). This approach aims to identify specific periods 

during which the model degrades in accuracy, thereby providing deeper insights into seasonal factors 

and extreme climate events that affect predictions (Zhou et al., 2022).  

Results from temporal evaluation show that the XGBoost (XGB) model, which has good overall 

performance, tends to have more prediction errors during transitional months (March–April and 

October–November, for example). 
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Fig. 9. Temporal Metric of MAE. 

 
Fig. 10. Temporal Metric of MAPE. 

 
Fig. 11. Temporal Metric of R2. 

 
Fig. 12. Temporal Metric of RMSE. 
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At these junctures, monsoon variations in predominant wind directions and erratic weather 

patterns also occur in areas of tropical Indonesia such as the Bengawan Solo watershed. Because these 

patterns are not completely periodic, the abrupt changes in rainfall intensity and location can be hard 

to capture in models based on historical data due to the fact that these patterns are highly influenced 

by global climate variability such as El Niño–Southern Oscillation (ENSO) and Indian Ocean Dipole 

(IOD) (McBride et al., 2003; Lestari et al., 2021).  

Major mistakes are also found in years characterized by extreme climate anomalies. That is, for 

example, from October to December 2020 (strong La Niña), rainfall was well above normal, leading 

to large discrepancies between predictions and observed rainfall. On the opposite hand, in 2023 (a 

drier year as we have seen in the rain shadow of El Niño), there were errors early in the rainy season 

with the model predicting heavy rainfall, yet the rainfall did not match the average. RF and GRU 

models have temporal trends similar to that of XGB, except they oscillate with error a little further. 

In contrast, convolutional and attention-based deep learning models (TCN, CNN, Transformer) show 

greater, less stable errors over time, because some models have very high sensitivity to monthly 

outliers, and one or two “bad” months can significantly increase the overall error.  

Overall, this pattern confirms that all models really struggle with rainfall prediction during 

transition seasons or extreme climate processes. In terms of temporal and operational challenges, 

these relate primarily to (1) the inability to better capture long-term climate variability, despite 

employing a 44-year time series, and (2) monthly temporal resolution, which fails to fully reflect the 

intra-monthly dynamics affecting rainfall accumulation. 

 

3.3. Prediction Results 

 

Spatial predictions of annual rainfall with different models (RF, XGB, SVR, MLP, LSTM, GRU, 

CNN, TCN, Transformer) exhibit a fairly consistent distribution pattern in the upper Bengawan Solo 

region, but with varying intensities between models (Fig. 13). Overall, the spatial dynamics of 

traditional ML models (RF in particular) display relatively smoother and more stable spatial patterns, 

whereas DL models like LSTM, GRU, and CNN exhibit sharper spatial fluctuations, especially in 

mountainous areas. The spatial distribution indicates that the highest annual rainfall is anticipated to 

occur in areas adjacent to the Merapi, Merbabu, and Lawu mountains. It mirrors the orographic 

conditions in the area, in which moist air rising produces higher orographic rainfall. In contrast, the 

central part of the watershed tends to have lower and more homogeneous rainfall. These are consistent 

with the RF, XGB, and MLP models, and in fact, DL models like CNN or Transformer often result 

in extreme predictions at certain points, which can be attributed to overfitting issues. 

The differences between the two models are apparent in the sharpness of the spatial gradients. 

DL-based models typically can be “sensitive” to local variations, so that predictions are usually quite 

heterogeneous. This might prove their capacity for finding local anomalies, but it also poses 

possibilities of instability in predicting. When compared to this, RF models give smoother 

distributions, which can be practically put to use (like water planning, flood reduction, etc). This 

phenomenon is also in line with the results of Chen et al. (2022) and Zandi et al. (2022): model 

integration must balance the trade-off between generalization and spatial sensitivity.  

In sum, the spatial results of models show that traditional machine learning models such as 

Random Forest (RF), Extreme Gradient Boosting (XGB), and Multi-Layer Perceptron (MLP) are 

effective in keeping spatial rainfall predictions stable and provide consistent and relatively 

homogeneous distributions in nearly every region of the Bengawan Solo watershed.  

On the other hand, in the case of deep learning models, Long Short-Term Memory (LSTM), 

Gated Recurrent Unit (GRU), Convolutional Neural Network (CNN), and Transformer, the prediction 

variability is higher and is likely to give large values at multiple places, particularly where orographic 

complexity is high. Another interesting discovery was that the largest spatial variations are found in 

mountainous zones. This emphasizes the necessary relevance of topographical parameters and/or 

orographic processes for the calibration process and the construction of spatiotemporal rainfall 

prediction models in tropical regions. 



111 

 

 
Fig. 13. Spatial Prediction Results for Annual Rainfall 2025–2030 for all models. 

 

 

4. DISCUSSIONS 

 

This work demonstrates that the decision tree-based gradient boosting models, with XGBoost 

(XGB), are most trustworthy for predicting spatiotemporal rainfall for the Bengawan Solo River 

Basin. XGB is the most consistent in providing overall accuracy (MAE ≈ 59 mm; RMSE ≈ 80 mm; 

R² ≈ 0.73), followed by RF and GRU for both temporally (month-to-month) and spatially (location-

to-location) data. The supremacy of the XGB-RF relationship agrees with that of CHIRPS satellite  
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rainfall data in tropical regions, where rainfall strongly, but not linearly, correlates with its controlling 

features and is subject to noise and observational bias. In this light, ensemble decision trees are very 

powerful since they can capture nonlinear interaction in a complicated way without strict 

distributional assumptions, and they provide less sensitivity to hyperparameter selection than large-

capacity deep learning models (Breiman, 2001; Hong et al., 2021; Sachindra et al., 2018). Bagging 

and boosting mechanisms help the model to smooth out local uncertainties between trees, leading to 

stable predictions over 523 grids with a vast variation in topography and microclimates. 

Comparison with the literature shows that these findings are consistent with previous studies 

reporting the superiority of ensemble decision tree models for highly variable hydrometeorological 

data. Hong et al. (2021) and Sachindra et al. (2018) demonstrated that RF and gradient boosting 

models tend to outperform other nonlinear methods when data are limited, spatially heterogeneous, 

and contain difficult-to-model noise. In this study, despite the long temporal sample size (44 years), 

the spatial sample size was only 523 grid points within a single watershed, so the sample-to-parameter 

ratio was much more favorable for decision tree models than for very deep deep learning architectures. 

These results reinforce that, for data configurations like this, a “moderate but robust capacity” strategy 

is more effective than “very large capacity but highly dependent on data volume and diversity.”  

On the other hand, deep learning models exhibit more diverse behavior. GRU emerged as the 

most competitive deep learning model, with performance close to XGB (R² ≈ 0.72) and fairly good 

temporal stability. This indicates that lighter recurrent architectures with fewer parameters, such as 

GRUs, are more suitable for moderate-length monthly time series because they require fewer 

parameters to learn and are easier to calibrate. Conversely, LSTM showed performance not far from 

MLP and SVR. At the same time, convolutional and attention-based architectures (TCN, CNN, 

Transformer) tended to have higher MAE and RMSE and lower R², with significant variability in 

errors across months and locations. This pattern aligns with findings by Chattopadhyay et al. (2020), 

Aswin & Geetha (2021), and reviews by Lim & Zohren (2021), which state that advanced deep 

learning, especially CNN and Transformer, only show clear advantages when: (i) the temporal 

resolution is very high (daily or sub-daily), (ii) the sample size is very large, and (iii) additional rich 

spatial/climate information is available. For monthly resolution and limited domains such as a single 

watershed, this large capacity can easily lead to overfitting and instability. 

Spatial analysis of error distribution confirms that XGB and GRU not only outperform on average 

but are also more robust across most of the watershed area. Both models maintain an average MAE 

of 59–60 mm and an R² of 0.71–0.72 across most grids, while RF lags slightly behind with marginally 

worse MAE and R². Conversely, TCN, CNN, and Transformer show much higher spatial MAE (≈76–

85 mm) and lower R² (≈0.38–0.50), with many grids performing near or even below the climatological 

baseline. The spatial error patterns also reveal that areas with steep topographic gradients, such as the 

slopes of Merbabu, Merapi, and Lawu, as well as the upper reaches of the watershed, tend to have 

higher errors. This is consistent with studies by Gu et al. (2020) and Funk et al., which indicate that 

satellite-based rainfall estimates in tropical mountainous regions are often biased due to sensor 

limitations in capturing small-scale convective clouds and complex orographic effects. Therefore, 

some of the errors observed across all models, including XGB and GRU, also reflect the limitations 

of the “ground truth” rainfall representation itself. 

From a temporal perspective, the analysis of monthly MAE and RMSE shows that all models 

exhibit higher errors during the monsoon transition months (March–April and October–November) 

and in years with strong climate anomalies (e.g., La Niña 2020–2022 and El Niño 2023). In these 

conditions, rainfall intensity and distribution change rapidly and often do not follow periodic patterns 

that can be captured by models based on historical time series. Nevertheless, XGB and GRU are 

relatively consistent in maintaining the highest performance rankings across most months, while 

TCN, CNN, and Transformer exhibit sharp, unstable error spikes. This indicates that the capacity to 

model short-term non-linearity alone is not sufficient; models must also be able to generalize to rare 

but impactful climate regime changes. These findings align with McBride et al. (2003) and Lestari et 

al. (2021), which emphasize that rainfall variability in Indonesia is heavily influenced by ENSO and  
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IOD, making purely time-series-based local models potentially struggle when faced with rare extreme 

events. 

Compared to other regions, model performance patterns in the Bengawan Solo River Basin show 

a strong correlation with the hydrometeorological context and data structure. In the North-Western 

Himalayas, dominated by steep mountainous topography with sharp elevation gradients, multivariable 

daily station data, and a time span of 1980–2021, DL models (specifically Bi-LSTM and LSTM) 

provide the lowest RMSE/MAE and outperform ML, while among ML models, ANN and KNN 

outperform RF and SVR, and accuracy is highly sensitive to elevation (Wani et al., 2024). In five 

large UK cities with a temperate maritime climate and hourly rainfall data, Stacked-LSTM and 

Bidirectional-LSTM architectures also reportedly outperform XGBoost and ML ensembles, although 

they still struggle to capture very abrupt rainfall surges (Barrera-Animas et al., 2022).  

Conversely, a study in the Aligarh District of India showed that for daily and monthly rainfall 

with standard meteorological predictors, CatBoost and RF provide strong correlation and outperform 

SVR, confirming the reliability of tree ensembles for more aggregated time scales (Abdullah & Said, 

2025). In African cities with humid tropical to dry Mediterranean climates, DL (especially single 

RNN) performs best for highly non-linear daily rainfall, with relative humidity and antecedent rainfall 

as key predictors (Samson & Aweda, 2025). In this context, the dominance of XGB, RF, and GRU in 

monthly CHIRPS-based Bengawan Solo annual rainfall prediction can be understood as a 

consequence of a combination of: a tropical monsoon climate with a strong monsoon but averaged 

daily pattern, watershed-scale orographic heterogeneity, and limitations of atmospheric predictors, 

thus significantly reducing the advantages of very deep DL architectures compared to other regions 

and time scales. 

In terms of data validity, CHIRPS is supported by a broad body of validation studies across very 

different hydroclimatic settings. At the global scale, a recent synthesis shows that CHIRPS generally 

attains correlations above 0.7 at monthly and seasonal scales and is widely judged suitable for 

hydroclimatic analysis, with reduced skill mainly in very arid and high-mountain regions (Du et al., 

2023).  

Regionally, CHIRPS has been shown to outperform or rival reanalysis and other satellite products 

in complex tropical and subtropical terrains: for example across Ethiopia, where it consistently 

outperforms ERA5 and reproduces the seasonal cycle and interannual variability (Ahmed et al., 2024; 

Geleta & Deressa, 2020), in the tropical Andes and Antioquia where it captures orographic gradients 

and ENSO-related variability (López-Bermeo et al., 2022; Rivera et al., 2018), in the Amazon basin 

where annual totals are reproduced with R² ~0.98 (da Motta Paca et al., 2020), over the Qinghai–Tibet 

Plateau where CHIRPS compares favorably with MSWEP at monthly scales (Liu et al., 2019), and in 

semi-arid and drought-prone regions such as Northeast Brazil and eastern Africa (Paredes-Trejo et 

al., 2017; Dinku et al., 2018). These studies consistently report that CHIRPS performs best for 

monthly–annual aggregates and large-basin applications, while underestimating some local extremes, 

a trade-off that aligns with our use of 0.05° monthly CHIRPS data aggregated to annual rainfall over 

a large tropical watershed. 

Several limitations of this study should be noted to contextualize the results. First, the temporal 

resolution of the input data is limited to monthly aggregation, so intra-monthly dynamics, such as 

daily extreme rainfall intensity or consecutive rainfall events, are not explicitly represented, even 

though these phenomena significantly contribute to monthly accumulation. Second, although 523 grid 

points provide much better spatial coverage than 98 points, the representation of microclimates in 

mountainous areas and narrow valleys remains far from perfect. Third, the model in this study has not 

yet integrated global and regional climate predictors, such as the Niño 3.4 index, the Dipole Mode 

Index (DMI), or the MJO, which are important for explaining seasonal rainfall variability in 

Indonesia. Fourth, the approach used is entirely based on statistical data without explicit linkage to 

physical processes within the hydrological system, so the mechanistic interpretation of some error 

patterns remains limited.  

 



 Jumadi JUMADI, Kuswaji Dwi PRIYONO, Ali Hasan ABDULLAH, Supari SUPARI, Hamza AIT … 114 

 

 

The practical implications and directions for further research that emerge from these findings are 

quite clear. For operational applications such as early flood warning and water resource planning in 

the Bengawan Solo watershed, ensemble decision tree models (XGB, RF) and relatively lightweight 

recurrent networks (GRU) are currently the most realistic choices, offering the best trade-off between 

accuracy, spatio-temporal stability, and computational complexity. On the other hand, the potential 

of deep learning (DL) is not fully exhausted; improvements can be achieved by (i) enriching features 

with ENSO, IOD, and MJO indices, (ii) increasing the temporal resolution of training to daily or 

decadal scales, (iii) applying more aggressive regularization and early stopping, and (iv) exploring 

transfer learning from larger climate domains.  

Additionally, developing hybrid approaches that combine statistical/machine learning models 

with physical hydrological models can help reduce structural ambiguities and enhance generalization 

capabilities, especially under climate change scenarios. Thus, this study not only demonstrates that 

machine learning, particularly XGB and RF, still outperforms most advanced deep learning 

architectures in limited-data configurations but also provides a concrete roadmap for improving 

spatio-temporal rainfall prediction models in tropical regions with complex topography. Furthermore, 

a useful future step would be to integrate a self-imputation and self-quality assessment framework to 

stabilize the lunar series before training and applying various types of optimizers (Haidu et al., 2025; 

Sriwahyuni et al., 2025). 

 

 

5. CONCLUSION 

 

This study compares nine ML and DL algorithms for predicting rainfall in the Bengawan Solo 

River Basin using CHIRPS data from 1981 to 2024. Results show decision tree-based gradient 

boosting models, especially XGBoost (XGB), perform best during 2020–2024 (MAE ≈ 59 mm; 

RMSE ≈ 80 mm; R² ≈ 0.73), followed by Random Forest (RF) and Gated Recurrent Unit (GRU), with 

minor differences. GRU was the top DL model (R² ≈ 0.72), while CNN, TCN, and Transformer 

architectures had larger errors and variability. Findings indicate ensemble decision trees and 

lightweight recurrent neural networks are more reliable than complex DL models in large tropical 

river basins with spatial heterogeneity and moderate time series length.  

Spatially, accuracy is higher in the basin's center and lower in peripheral or mountainous areas, 

affected by microclimate, orographic effects, and satellite limitations. Temporally, errors peak during 

monsoon transitions (March–April, October–November) and during climate anomalies, challenging 

models during ENSO and IOD events. Practically, XGB, RF, and GRU are suitable for operational 

rainfall forecasts, aiding water management and flood mitigation in tropical regions. Limitations 

include monthly data resolution, satellite biases, and a lack of external climate predictors like ENSO 

and IOD indices.  

Future research should integrate high-resolution data, include climate indicators, use 

regularization and transfer learning to enhance DL, and explore hybrid models. Overall, this study 

highlights trade-offs and opportunities in ML and DL for tropical rainfall prediction, serving as a 

guide for developing accurate, adaptive hydrometeorological systems in Indonesia and similar areas. 
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ABSTRACT 

This study introduces a hybrid framework that integrates deep learning and reinforcement learning to 

optimize regional precipitation along the Moroccan and Iberian coasts of the North-Eastern Atlantic. 

A Bidirectional Long Short-Term Memory (BiLSTM) and Multi-Layer Perceptron (MLP) network 

was first trained to forecast monthly rainfall from multi-variable climate sequences combining key 

atmospheric and oceanic variables. The predictions were then coupled with a Twin Delayed Deep 

Deterministic Policy Gradient (TD3) controller capable of performing small, physically coherent 

adjustments to selected variables such as sea-level pressure, specific humidity, and near-surface winds. 

Through adaptive interactions with the predictive environment, the control agent learned strategies that 

enhance rainfall while maintaining atmospheric stability. The resulting framework demonstrates 

consistent improvements in simulated precipitation and reveals spatially coherent dominance patterns 

of sea-level pressure and humidity in rainfall modulation. The reinforcement-based control explicitly 

enforces stability and energetic constraints, ensuring physically admissible atmospheric responses. 

Overall, the proposed hybrid AI approach provides a physically interpretable foundation for regional 

water management and constitutes a decision-support framework for diagnosing precipitation 

sensitivity rather than an operational weather modification system. It can be extended to drought-prone 

or broader climatic domains to support future resilience and hydrological planning. 

 

Keywords: Deep learning; Reinforcement learning; BiLSTM; TD3; Climate control; Precipitation 

optimization; Moroccan–Iberian coasts; North-Eastern Atlantic; Atmospheric dynamics; Water 

resource management. 

 

 

1. INTRODUCTION  

 

Coastal and oceanic regions off Morocco and Portugal are strongly influenced by large-scale 

ocean-atmosphere interactions that govern regional climate variability and its predictability. As 

highlighted by (Li et al., 2024), multiple coupled modes such as the El Niño-Southern Oscillation 

(ENSO), the North Atlantic Oscillation (NAO), and the Atlantic Multidecadal Oscillation (AMO) 

interact through complex teleconnections, ocean heat fluxes, and atmospheric bridges, generating 

anomalies that affect weather and climate patterns far beyond their regions of origin. Understanding 

these mechanisms remains a critical challenge for improving regional forecasts and assessing their 

socio-ecological impacts.  Despite decades of advances in numerical weather prediction and global 

climate modeling, significant disparities persist in the capacity to deliver high-quality regional climate 

information, particularly in areas with limited computational or institutional resources. As noted by 

(Meque et al., 2021),  the ability of National Meteorological and Hydrological Services to perform 

reliable modeling and deliver tailored climate services is often constrained by technical and financial 

limitations.  
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This emphasizes the need for innovative approaches that can complement traditional modeling 

frameworks, especially in regions where conventional models struggle to represent local dynamics 

accurately. In this context, surrogate modeling techniques based on machine learning have emerged 

as promising tools to reduce systematic biases in climate model outputs. For example, (Steininger et 

al., 2022) demonstrate how convolutional neural networks (CNNs) can be integrated into Model 

Output Statistics (MOS) schemes to refine climate projections and improve accuracy for key variables 

such as precipitation. Similarly, the availability of standardized benchmark datasets such as 

WeatherBench(Rasp et al., 2020) is facilitating transparent, reproducible comparisons among data-

driven forecasting methods, accelerating progress in surrogate model design. 

Several recent studies have shown that hybrid deep learning architectures, large-scale neural 

operators, and neuro-symbolic networks can extract fine-scale structures and identify early warning 

signals for climate tipping points (Pathak et al., 2022; Kurth et al., 2018; Sleeman et al., 2023). By 

combining physical modeling with advanced AI techniques, these approaches reveal emergent 

behaviors in coupled systems such as the atmosphere and ocean, enhancing both predictive skill and 

computational efficiency. Furthermore, as reviewed by (Ladi et al., 2022), machine learning methods 

have become integral to climate change mitigation and adaptation, particularly in coastal and urban 

contexts. Neural network-based approaches are now applied across topics ranging from 

geoengineering to land surface temperature management, demonstrating their versatility for 

addressing complex environmental challenges. Extending these advances to marine and atmospheric 

systems, (Ojo et al., 2022; Luo et al., 2022) show that Bayesian deep learning architectures can 

outperform traditional models in predicting sea surface temperature variability while providing robust 

uncertainty estimates. Such probabilistic formulations mitigate initialization bias and represent a 

promising pathway for near-term regional prediction, particularly across the North Atlantic corridor 

near Morocco and Portugal. 

Parallel to these advances in predictive modeling, reinforcement learning (RL) and predictive 

control frameworks have emerged as powerful tools for optimizing complex environmental processes. 

However, value-based RL methods often suffer from function approximation errors that lead to 

overestimated value functions and suboptimal policies. The Twin Delayed Deep Deterministic Policy 

Gradient (TD3) algorithm (Fujimoto et al., 2018) addresses this issue by combining double Q-learning 

and delayed policy updates to improve stability and reduce overestimation bias. In related 

applications, neural network-driven predictive control systems have been successfully deployed in 

real-world energy and resource management contexts. For instance, (Routray et al., 2023; Al Sayed 

et al., 2024) demonstrate the effectiveness of RL in optimizing heating, ventilation, and air 

conditioning (HVAC) systems, while (Sierla et al., 2022) highlights the decisive role of reward design 

and action formulation in achieving stable, multi-objective control. More recently, (Durante et al., 

2024) discussed the potential of multimodal AI agents equipped with adaptive perception to enhance 

the performance and resilience of RL systems operating in dynamic, uncertain environments. 

In parallel, recent climate assessments, including the 2025 Global Climate Report by NOAA 

(NOAA National Centers for Environmental Information, 2025), continue to emphasize the growing 

frequency of precipitation anomalies and extreme hydro-climatic events. These findings highlight the 

urgent need for integrated frameworks capable not only of forecasting precipitation, but also of 

diagnosing the sensitivity of rainfall to its governing atmospheric drivers. Building upon these 

challenges, this study proposes a hybrid framework that couples deep learning-based precipitation 

prediction with reinforcement learning-driven control to investigate regional precipitation sensitivity 

and modulation. Unlike most existing reinforcement learning approaches applied to climate-related 

problems, which typically rely on abstract optimization settings or synthetic environments, the 

proposed framework operates directly on realistic hydro-atmospheric variables and explicitly enforces 

physical stability and energetic consistency during the control process. By jointly integrating 

prediction and physically constrained control within a unified structure, this approach provides new 

insights into how atmospheric pressure, humidity, and near-surface wind fields interact to regulate 

precipitation patterns along the Moroccan-Iberian Atlantic corridor. 
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The remainder of this paper is organized as follows: Section 2 introduces the study area and the 

datasets used. Section 3 describes the methodology and the proposed hybrid framework combining 

predictive modeling and reinforcement-based control. Section 4 presents and discusses the main 

results, including the regional patterns of precipitation modulation and variable influence. Finally, 

Section 5 concludes the study and outlines future research perspectives for regional hydroclimatic 

regulation. 

 

2. STUDY AREA AND DATA PROCESSING 

 

This study focuses on the North Atlantic sector, where atmospheric and oceanic variability 

jointly shape regional precipitation behavior. A coherent multi-source dataset was compiled to 

represent the physical state of this region over more than a decade of winter seasons. The analysis 

focuses on the winter months (December, January, February, and March) covering the period from 

December 2011 to March 2023, which corresponds to the most hydrologically active phase of the 

year. The study area extends from 20.6° N to 42.0° N in latitude and from 23.1° W to 4.8° W in 

longitude, encompassing the North-Eastern Atlantic domain and the adjacent coastal sectors of 

Morocco and the Iberian Peninsula, as illustrated in (Fig. 1), which delineates the spatial limits 

adopted for the study.       

 
Fig. 1. Geographic extent of the Moroccan-Iberian Atlantic study area. 

                

To ensure spatial consistency among all sources, each variable was interpolated onto a regular 

0.25° grid. Precipitation data were obtained from the Integrated Multi-satellite Retrievals for GPM 

(IMERG) Version 07B Final Run (Huffman et al., 2023). Atmospheric variables, including sea-level 

pressure (SLP), 10 m wind components (U10M and V10M), specific humidity at 2 m (QV2M), and 

sea surface temperature (SST), were extracted from NASA’s MERRA-2 reanalysis (Gelaro et al., 

2017).Wind speed was calculated as the magnitude of the horizontal wind vector. Specifically, it was 

derived from the MERRA-2, 10 m wind components according to  𝑊𝑆 = √𝑈10𝑀2 + 𝑉10𝑀2, 

ensuring consistency with the reanalysis convention.  



 Imad KATIBA, Hanae BELMAJDOUB and Khalid MINAOUI / HYBRID DEEP LEARNING AND … 122 

 

 

In parallel, sea surface salinity (SSS) was obtained from the ECCO V4r4 dataset (Fukumori et 

al., 2021). Because these products have different native spatial resolutions, each field was resampled 

using bilinear interpolation applied through the SciPy griddata routine (Virtanen et al., 2020). This 

method estimates the value at each target grid cell as a weighted average of the four nearest source 

points, with weights proportional to their inverse distances along latitude and longitude. Compared to 

nearest-neighbor techniques, this approach produces smoother and physically continuous fields, 

preserving the relative spatial gradients of pressure, temperature, humidity, and salinity while aligning 

all variables in space and time. The operation therefore ensures both numerical stability and physical 

consistency, resulting in a homogeneous dataset suitable for subsequent analysis. All data were 

obtained from the NASA Earthdata portal (https://www.earthdata.nasa.gov). 

The entire preprocessing workflow was designed to ensure internal coherence and numerical 

stability across the dataset. Missing values were filtered, temporal indices were standardized, and 

sliding sequences of four consecutive months were constructed for each grid point to provide dynamic 

inputs to the deep learning models. Precipitation data for March 2023 were isolated as independent 

targets for model validation. All variables were normalized using min-max scaling to guarantee 

comparability of physical magnitudes and stable convergence during subsequent computations. The 

resulting time series were organized into spatio-temporal matrices for each geolocation, ensuring full 

compatibility among atmospheric, marine, and hydrological parameters across the study domain.     

An initial visualization of the spatial distribution of these variables for the first available month 

is presented (Fig. 2), which illustrates the regional gradients and large-scale contrasts that characterize 

the study area. This figure provides a comprehensive view of the atmospheric and oceanic structures 

used as the physical foundation for the predictive modeling and reinforcement-learning experiments 

described in the following sections. 

 

3. METHODS 

 

The methodology developed in this study integrates predictive modeling and reinforcement-

based control to build a physically consistent framework for regional precipitation optimization. The 

approach relies on a hybrid architecture in which a deep learning predictor reproduces the temporal 

evolution of key atmospheric variables, while a reinforcement learning agent explores how small, 

physically admissible modifications to these variables can influence precipitation. The workflow 

operates in two sequential phases. First, a predictive model is trained to estimate future rainfall from 

multi-variable climate sequences derived from long-term reanalysis data. Then, the predicted values 

are used to guide a reinforcement learning agent that interacts with a virtual climate environment 

designed to preserve the internal dynamics of the atmosphere.  

The agent’s objective is to identify localized adjustment strategies that enhance precipitation 

while minimizing energetic cost and instability. This combined framework bridges statistical 

forecasting and adaptive control, allowing regional climate interactions to be represented not only as 

correlations but also as actionable mechanisms for hydrological modulation. This methodological 

design ensures that predictive learning and control adaptation remain coupled within a physically 

interpretable framework, where data-driven forecasts continuously inform reinforcement-based 

decisions. The following paragraphs describe the model architecture and the experimental 

configuration used for training and evaluation. 

 

3.1. Model Architecture 

 

The hybrid system consists of two main components: a predictive model based on a Bidirectional 

Long Short-Term Memory (BiLSTM) network (Graves & Schmidhuber, 2005), and a control module 

implemented through the Twin Delayed Deep Deterministic Policy Gradient (TD3) algorithm. The 

BiLSTM-MLP predictor captures the temporal dependencies among the atmospheric and oceanic 

parameters that regulate precipitation dynamics.  

https://www.earthdata.nasa.gov/
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For each grid point, the model processes four consecutive months of input data, including sea 

level pressure (SLP), specific humidity at two meters (QV2M), zonal and meridional wind 

components (U10M and V10M), wind speed, sea surface temperature (SST), and sea surface salinity 

(SSS). These variables describe the hydro-atmospheric state of the study region. The BiLSTM layer 

extracts both forward and backward temporal relationships, while a Multi-Layer Perceptron (MLP) 

(Rumelhart et al., 1986) refines the latent representations to produce the predicted precipitation for 

the following month. The overall structure of this predictive architecture is shown in (Fig. 3), which 

defines the baseline rainfall distribution used as reference for the control phase.    

To ensure robust and stable predictions, the main hyperparameters of the BiLSTM-MLP network, 

such as the hidden-layer size, learning rate, and sequence length, were adjusted through a systematic 

grid-search procedure combined with early stopping on the validation root-mean-square error. This 

tuning process maintained an optimal balance between model complexity and generalization, 

preventing both underfitting and overfitting. Preliminary sensitivity tests indicated that excessively 

large hidden dimensions or high learning rates caused unstable convergence and degraded predictive 

performance, confirming the importance of careful hyperparameter selection to ensure numerical 

stability and physically consistent precipitation estimates. 

After the predictive stage, the BiLSTM model is embedded within a reinforcement learning 

environment (Sutton & Barto, 2018) where the TD3 agent acts as an adaptive controller. The agent 

performs small, continuous perturbations of limited amplitude (approximately 8%) on the variables 

SLP, QV2M, U10M, and V10M, with the aim of maximizing the predicted precipitation while 

maintaining physical coherence. 

 
Fig. 3. Architecture of the BiLSTM-MLP predictor used for precipitation forecasting. 
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Each modification triggers a new forecast and a corresponding reward that balances three 

components: the precipitation gain, the energetic cost associated with the action, and a penalty term 

that limits abrupt or dynamically inconsistent variations. This formulation allows the agent to identify 

physically meaningful control strategies that enhance rainfall without violating atmospheric 

equilibrium. The integration of the predictive and optimization components is illustrated in (Fig. 4), 

which summarizes the TD3-based control framework coupled with BiLSTM-MLP forecasting. 

 
Fig. 4. Architecture of the TD3-based control framework coupled with BiLSTM-MLP forecasting. 

 

3.2. Experimental Setup 

 

All experiments were conducted on a GPU-enabled workstation to ensure efficient model training 

and evaluation. The entire workflow, including data harmonization, model training, and control 

optimization, was implemented in PyTorch and Stable-Baselines3 (Raffin et al., 2021). The BiLSTM 

predictor was trained for 300 epochs with a batch size of 128 using the Adam optimizer with a learning 

rate of 0.001 and an early-stopping criterion based on the validation root-mean-square error. The TD3 

controller was subsequently trained for 75 000 time steps using Gaussian exploration noise and an 

experience-replay buffer to ensure stable policy learning. Each control episode consisted of eight 

consecutive steps, representing incremental adjustments of the same atmospheric configuration. 

Evaluation was carried out across 3 659 spatial grid points covering the North-Eastern Atlantic 

domain under identical boundary conditions. The outputs included three complementary metrics that 

characterize both the physical and energetic aspects of the control process. 

 

The precipitation gain (ΔP), defined as: 

 

Δ𝑃 = 𝑃TD3 − 𝑃ref                                                                                                                       (1) 

 

where 𝑃TD3 is the precipitation predicted under control and 𝑃ref is the baseline (uncontrolled) 

precipitation, quantifies the rainfall enhancement (mm) induced by the TD3 agent. 

 

The Reward Efficiency Index (REI), expressed as: 

 

REI =
Δ𝑃

𝐶+𝜀
  , 𝑤ℎ𝑒𝑟𝑒  𝐶 =

1

𝑛
∑ (

∣Δ𝑋𝑖∣

𝑋𝑖
)

𝑛

𝑖=1
 (2) 

 

where 𝐶denotes the energetic cost of atmospheric perturbations applied to the variables 𝑋𝑖 ∈
{SLP, QV2M, U10M, V10M}, and 𝜀 is a small regularization constant.  

This ratio evaluates how effectively precipitation is increased relative to the energy required for 

control. 

 

The Stability Index (SIS), computed as: 

 

SIS = 1 −
Var(Δ𝑋)

Var(𝑋ref)+𝛿
                                                                                                                  (3) 
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where Var(Δ𝑋) is the variance of the controlled perturbations applied by the TD3 controller, 

Var(𝑋ref) represents the variance of the unperturbed (reference) atmospheric fields, and 𝛿 is a small 

stabilizing term.  

This index measures the smoothness and physical coherence of atmospheric adjustments. Values 

approaching 1 indicate stable and dynamically consistent control actions. 

Together, these indicators allow both the magnitude and the physical plausibility of the 

reinforcement-based precipitation control to be quantitatively assessed. Spatial maps of dominant and 

blocking variables were also generated to highlight which atmospheric components exert the greatest 

influence on the optimized precipitation fields, providing a physically interpretable assessment of the 

regional control process. 

 

4. RESULTS AND DISCUSSIONS 

 

4.1. Predictive Model Evaluation 

       

To evaluate the predictive capabilities of the proposed architectures, a set of experiments was 

performed using three deep learning models: BiLSTM, MLP, and Transformer. Each model was 

trained to forecast precipitation levels for March 2023 across all spatial grid points, using historical 

sequences of climate variables as input. The BiLSTM architecture employed a bidirectional recurrent 

structure followed by a dense output layer, while the MLP model relied on temporally averaged 

predictors. The Transformer model used self-attention mechanisms to capture long-range 

dependencies within the time series. All models were trained under identical configurations to ensure 

a fair and consistent comparison. The corresponding performance metrics, including the Mean 

Squared Error (MSE), Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and the 

coefficient of determination R² are summarized in (Table 1). 

 
                                                                                                                                                                    Table 1.  

Evaluation metrics of precipitation prediction models for March 2023. 

Model MSE MAE RMSE R² 

BiLSTM 0.000007 0.001881 0.002645 0.9927 

MLP 0.000076 0.005817 0.008717 0.9173 

Transformer 0.000053 0.005912 0.007280 0.9427 

 

As shown in (Table 1), the BiLSTM model consistently outperformed both the MLP and 

Transformer architectures across all evaluation criteria. It achieved the lowest MSE and MAE values, 

together with the highest coefficient of determination (R² = 0.9927), indicating an excellent fit 

between predicted and observed precipitation. The small RMSE confirms its robustness and 

generalization capability. In contrast, the MLP model exhibited the weakest performance, revealing 

a limited ability to capture temporal dependencies. The Transformer model performed better than the 

MLP but remained less accurate than the BiLSTM, highlighting the advantage of recurrent structures 

for sequential climate prediction. This superior performance arises from the bidirectional recurrent 

memory of the BiLSTM, which allows it to capture delayed and nonlinear dependencies among key 

atmospheric drivers such as SLP, humidity, and wind components. Unlike the MLP, which treats each 

month as an independent input, the BiLSTM integrates information across consecutive time steps, 

reproducing the temporal inertia and feedback loops that control rainfall formation. Compared with 

the Transformer, whose attention layers require large training samples and may overfit small regional 

datasets, the BiLSTM maintains temporal continuity and stable convergence with limited data. The 

relationship between observed and predicted precipitation values for each model is depicted in Fig. 

5. 
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Fig. 5. Scatter plots comparing predicted and observed precipitation values for March 2023 using MLP, 

BiLSTM, and Transformer models. 

      The BiLSTM results show a nearly perfect alignment along the one-to-one diagonal, 

demonstrating both high predictive skill and low dispersion, whereas the MLP and Transformer 

display broader scatter, reflecting their reduced temporal sensitivity. 

 

4.2. Reinforcement-Based Precipitation Control 

         

 After validating the predictive stage, the BiLSTM model was integrated within the TD3-based 

control framework to investigate adaptive precipitation modulation over 3,659 grid points across the 

North-Eastern Atlantic domain. The TD3 agent interacted with the predictive environment through 

multi-step episodes, applying small, continuous perturbations to the variables SLP, QV2M, U10M, 

and V10M while maximizing a reward function that combines precipitation gain, energetic cost, and 

physical stability. The optimization produced three key indicators: the precipitation variation (ΔP, in 

mm), the Reward Efficiency Index (REI), and the Stability Index (SIS), (Table 2). On average, the 

regional precipitation gain reached ΔP = 0.006 mm per grid point, with 63 % of locations showing 

positive increments. The mean REI was 0.0025 and the average SIS 0.0004, confirming that most 

optimized states remained dynamically stable. These results demonstrate that the controller 

successfully enhances rainfall potential within physically admissible limits, ensuring no artificial 

amplification or instability. 
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                                                                                                                                                                    Table 2.  

Summary of TD3 control performance indicators. 

Indicator 
Definition / Meaning Average 

Value 

Interpretation 

ΔP (mm) Precipitation gain per grid cell 0.0061 Positive rainfall enhancement 

REI Reward Efficiency Index 0.0025 Efficient gain-cost trade-off 

SIS Stability Index 0.0004 Physically stable configuration 

% ΔP > 0 Percentage of points with positive 

rainfall change 

63.4 % Most sites improved after 

optimization 

 

Spatial patterns derived from these indicators revealed coherent regional structures. The highest 

ΔP and REI values occurred between 20° N and 35° N, particularly off the Moroccan coast, where 

humidity flux and pressure gradients are most sensitive to small perturbations. In contrast, northern 

latitudes exhibited weaker responses, consistent with their reduced coupling between low-level winds 

and moisture convergence. The SIS distribution confirmed that areas of strong ΔP were not associated 

with instability peaks, reinforcing the physical realism of the optimization. 

Beyond these aggregate indicators, the contribution analysis identified the dominant and blocking 

variables governing local rainfall responses. As illustrated in (Fig. 6), each color represents the 

variable exerting the strongest control on precipitation within a given grid cell. Sea-level pressure 

(SLP) emerged as the dominant influence across most of the domain, particularly along the subtropical 

corridor, while specific humidity (QV2M) dominated near the coastal regions. Wind components 

(U10M and V10M) showed localized dominance over transition zones where synoptic advection 

drives rainfall variability. These spatial patterns correspond closely to known atmospheric 

mechanisms operating in the Atlantic sector, confirming that the learned control strategies remain 

physically interpretable.  
 

 
Fig. 6. Spatial distribution of dominant climatic variables influencing optimized precipitation across 

the study region. 
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The reinforcement-based results confirm that the hybrid BiLSTM-TD3 framework achieves 

measurable precipitation enhancement while preserving atmospheric balance. The spatial coherence 

of ΔP, REI, and SIS, together with the dominance of physically meaningful variables, validates both 

the scientific realism and the operational potential of the proposed framework as a regional tool for 

hydro-climatic regulation. 

 

4.3. Spatial manifestation of TD3-controlled precipitation strategies 

       

Building on the reinforcement-based optimization results, the learned control strategies can be 

examined from a spatial and physical perspective to assess how the precipitation gains materialize 

across different climatic sub-regions of the North-Eastern Atlantic. Rather than focusing on aggregate 

indicators alone, this analysis investigates how the optimized atmospheric adjustments translate into 

geographically structured precipitation responses under real winter conditions. 

A first-order spatial inspection reveals that precipitation enhancements are not uniformly 

distributed over the domain. Instead, precipitation variations exhibit coherent regional structures that 

closely follow the background hydro-climatic organization of the North-Eastern Atlantic. This spatial 

heterogeneity indicates that the reinforcement-based control does not impose homogeneous forcing, 

but rather interacts with the intrinsic sensitivity of the atmospheric system. 

Along the Moroccan Atlantic coast, particularly during December 2018 and January 2020, 

precipitation gains appear more concentrated and spatially organized. These coastal areas are 

characterized by enhanced sensitivity to low-level moisture convergence and pressure gradients, 

allowing small atmospheric adjustments to produce measurable precipitation responses. Importantly, 

the enhanced precipitation patterns largely preserve the original spatial morphology, indicating that 

the control acts by reinforcing existing dynamical structures rather than generating artificial rainfall 

anomalies. 

Moving offshore toward the central Atlantic, the precipitation response becomes weaker and 

more fragmented. In these regions, precipitation changes alternate between marginally positive and 

near-neutral values, reflecting a reduced coupling between surface-level atmospheric perturbations 

and precipitation processes. This behavior suggests that the reinforcement agent adapts its actions 

according to the local responsiveness of the atmospheric state, applying limited control where 

precipitation sensitivity is intrinsically low. 

In the vicinity of the Azores region, precipitation changes remain consistently modest across all 

selected months. This result is physically consistent with the stabilizing influence of the Azores High, 

which constrains vertical motion and limits moisture uplift during winter conditions. The absence of 

strong precipitation enhancement in this area indicates that the control framework respects large-scale 

atmospheric constraints and does not attempt to override dominant synoptic regimes. 

Further north, closer to the Iberian sector, precipitation responses show intermediate behavior, 

with localized gains appearing intermittently depending on the background circulation of each month. 

These spatial variations highlight the dependence of the control efficiency on transient synoptic 

configurations, reinforcing the idea that the learned strategies are state-dependent rather than spatially 

fixed. 

This spatial manifestation of the learned control strategies is illustrated through a composite 

visualization of selected winter months (Fig. 7), comparing the observed precipitation fields before 

control, the TD3-enhanced precipitation after control, and the resulting absolute change (ΔP). While 

the Reward Efficiency Index (REI) and the Stability Index (SIS) provide a global assessment of 

control efficiency and physical coherence, the spatial analysis is primarily conducted using ΔP, as it 

directly reflects the geographical response of the atmospheric system to the applied control. 

The displayed patterns correspond to precipitation fields generated directly by the hybrid BiLSTM-

TD3 framework, where the reinforcement agent operates through small, continuous perturbations of 

the atmospheric state while respecting physical stability constraints. The maps therefore represent the 

spatial realization of the learned control strategies rather than a post-processed or externally imposed 

adjustment. 
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Overall, the spatial analysis confirms that the TD3-controlled precipitation strategies operate in 

a selective and physically consistent manner. Precipitation enhancement emerges primarily in regions 

where the atmospheric system exhibits sufficient dynamical sensitivity, while remaining limited in 

areas governed by strong stabilizing mechanisms. These results consolidate the physical 

interpretability of the proposed framework and confirm that the learned control strategies reinforce 

existing atmospheric dynamics rather than imposing artificial precipitation responses. 

From a broader perspective, this behavior highlights both the potential and the scope of applicability 

of the proposed framework. While the methodological structure of the BiLSTM-TD3 approach is 

generic and relies on physically meaningful variables common to many ocean-atmosphere systems, 

the spatially heterogeneous responses observed here indicate that effective application to other regions 

would require region-specific retraining and calibration to account for local climatic sensitivities and 

coupling mechanisms. 

At the same time, it is important to emphasize that the present framework operates within a virtual 

predictive environment driven by reanalysis data and is not intended as a direct atmospheric actuation 

system. Rather, it should be viewed as a physically interpretable decision-support and scenario-

exploration tool, designed to investigate how small, physically admissible perturbations could 

influence precipitation patterns under controlled conditions. These considerations define the current 

limitations of the approach while also outlining a clear pathway for future extensions toward broader 

hydro-climatic assessment and resilience-oriented applications. 

5. CONCLUSION 

  The hybrid integration of deep learning and reinforcement learning provides a robust framework 

for physically consistent precipitation optimization along the Moroccan and Iberian coasts within the 

North-Eastern Atlantic. The BiLSTM predictor achieved highly accurate rainfall estimations, while 

the TD3 controller enhanced precipitation at more than 60% of grid points without compromising 

atmospheric stability. Spatial patterns revealed that sea-level pressure, humidity, and wind 

components exert the strongest control on rainfall modulation, confirming the physical realism of the 

learned strategies. 

Beyond predictive performance, the proposed framework demonstrates that reinforcement 

learning can serve as a physically interpretable diagnostic tool to explore precipitation sensitivity 

under constrained atmospheric perturbations, rather than as an operational weather modification 

system. The spatial coherence of the optimized responses and stability indicators confirms that the 

control acts by modulating existing atmospheric structures while respecting large-scale dynamical 

constraints. 

Although this study focuses on winter conditions over the North-Eastern Atlantic, the 

methodological structure is generic and can be extended to other coastal or drought-prone regions 

through region-specific retraining and calibration. The framework operates within a virtual 

environment driven by reanalysis data and should therefore be regarded as a decision-support and 

scenario-exploration tool. Future work will address multi-seasonal validation, higher-resolution 

datasets, and alternative reinforcement learning algorithms to further improve robustness and 

applicability. 
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ABSTRACT 

Monitoring fine particulate matter (PM2.5) in coastal industrial areas remains difficult, mainly because 

ground-based monitoring stations are sparse and unevenly distributed. In this study, we developed a 

practical AI-based framework to estimate daily PM2.5 concentrations by combining satellite-derived 

Aerosol Optical Depth (AOD) with commonly available reanalysis-based meteorological data. The 

analysis focused on Rayong Province, Thailand, an industrial coastal region where atmospheric 

processes and pollution sources are highly variable. Daily PM2.5 measurements from monitoring 

stations were merged with MODIS/MAIAC AOD and meteorological variables obtained from ERA5 

and ERA5-Land. The meteorological inputs included air temperature, relative humidity, wind speed, 

and boundary layer height (BLH). Five machine learning models were tested, including Multiple Linear 

Regression (MLR), Support Vector Regression (SVR), Artificial Neural Networks (ANN), Random 

Forest (RF), and Extreme Gradient Boosting (XGBoost). Feature selection was carried out using 

Recursive Feature Elimination with Cross-Validation and Mutual Information, and model performance 

was evaluated using five-fold cross-validation. Among the tested models, Random Forest showed the 

best overall performance, achieving an R2 value of 0.70, followed by XGBoost and ANN. The results 

also indicate that nonlinear models consistently performed better than linear regression, suggesting that 

the relationship between PM₂.₅ and atmospheric variables is not linear. Wind speed emerged as the 

most influential predictor, with relative humidity and BLH also playing important roles. In particular, 

the PM2.5–meteorology relationships exhibited clear threshold behavior under low wind speed 

conditions. Overall, the proposed GeoAI-based framework provides a practical and transferable 

approach for spatial PM2.5  estimation in complex coastal industrial environments, offering an effective 

solution for air quality assessment in regions with sparse ground monitoring networks. 

 

Keywords:  PM2.5  estimation;  Aerosol Optical Depth;  Machine learning;  Spatial air pollution;  

Coastal industrial region. 
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1. INTRODUCTION 

Air pollution is a global environmental problem that poses serious threats to human health, 

ecosystems, and economic sustainability (Laosuwan et al., 2023; Kovács & Haidu, 2024). Among 

various air pollutants, fine particulate matter with an aerodynamic diameter of less than 2.5 μm (PM2.5) 

has been identified by the World Health Organization as one of the most harmful pollutants due to its 

ability to penetrate deep into the alveoli and enter the bloodstream (World Health Organization, 

2021). Long-term exposure to PM2.5 has been associated with chronic inflammation, respiratory 

diseases, cardiovascular disorders, and an increased risk of cancer (Sun et al., 2022). At the global 

scale, PM2.5  exposure is recognized as a leading cause of premature mortality, contributing to millions 

of early deaths each year and imposing substantial burdens on public health systems and economic 

productivity (Caplin et al., 2019). In Thailand, PM2.5 pollution has shown a worsening trend over 

recent years, particularly in urban centers and industrial regions such as Bangkok and the eastern part 

of the country (Rotjanakusol et al., 2024). Rayong Province represents a critical hotspot due to its 

concentration of petrochemical industries, power plants, and major transportation networks, which 

continuously contribute to elevated PM2.5  levels (Kawichai et al., 2022). Seasonal variability is also 

pronounced, with higher PM2.5 concentrations typically observed between November and March. This 

pattern is strongly influenced by unfavorable meteorological conditions, including low wind speed, 

frequent temperature inversion, and open biomass burning activities, as reported by the Pollution 

Control Department. 

Despite increasingly strict air pollution control policies, including emission standards for 

industrial and vehicular sources, vehicle inspection programs, restrictions on open burning, and 

national action plans, fine particulate pollution remains persistent in many areas (Kovács & Haidu, 

2021). This persistence highlights the ongoing challenge of effectively controlling PM2.5 pollution 

(Archer et al., 2024). To improve air quality monitoring, government agencies have expanded ground-

based monitoring networks. However, the limited spatial coverage of monitoring stations remains a 

major constraint, preventing comprehensive representation of air pollution conditions across 

heterogeneous landscapes (Rosales et al., 2025). Consequently, recent air quality research has 

increasingly emphasized the use of satellite-based observations, particularly Aerosol Optical Depth 

(AOD), as a proxy for aerosol loading in the atmospheric column. AOD has been shown to correlate 

with near-surface PM2.5 concentrations under certain meteorological conditions (Sorek-Hamer et al., 

2020). Numerous studies have demonstrated that integrating satellite-derived AOD with 

meteorological variables such as air temperature, relative humidity, wind speed, and boundary layer 

height (BLH) can substantially improve PM2.5 estimation accuracy (Nakapan et al., 2022). When 

combined with statistical and machine learning models, including Multiple Linear Regression, 

Geographically Weighted Regression, Random Forest, and Extreme Gradient Boosting, these 

approaches are capable of capturing nonlinear relationships and atmospheric complexity (Wang et 

al., 2022; Li et al., 2025; Phoophathong et al., 2025).  

In recent years, the integration of artificial intelligence with geographic data has become an 

effective approach for spatial impact analysis (Aroonsri & Sangpradid,  2021; Intarat et al., 2025; 

Intarat et al., 2026). Such geo-AI frameworks offer new opportunities to better understand spatial 

variability, seasonal dynamics, and meteorological controls of PM2.5 particularly in complex coastal 

industrial ;environments where conventional monitoring remains insufficient (Wong et al., 2024). 

Although numerous studies have applied satellite-derived aerosol optical depth (AOD) and 

meteorological variables to estimate PM2.5 concentrations (Schneider et al., 2020; Zaman et al., 2021), 

several important gaps remain. First, many existing studies focus on large metropolitan areas or inland 

regions, while coastal industrial environments receive comparatively less attention. Coastal areas are 

influenced by complex atmospheric processes, including land–sea interactions, variable boundary 

layer dynamics, and diverse industrial emission sources. These factors can weaken the AOD– PM2.5  

relationship and reduce model reliability if not explicitly considered (Tang et al., 2022). 

Second, previous research often emphasizes prediction accuracy without sufficient discussion of 

spatial interpretation. In many cases, machine learning models are treated as black boxes, and their 
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results are not fully linked to underlying geographical processes or atmospheric mechanisms (Zaman 

et al., 2021). This limits their value for understanding the spatial variability and seasonal behavior of 

PM2.5, particularly in regions characterized by heterogeneous land use and meteorological conditions. 

Third, while machine learning techniques such as Random Forest and XGBoost have shown 

promising performance in PM2.5 estimation (Chen & Guestrin, 2016), comparative evaluations across 

multiple models are still limited in Southeast Asian contexts. Most studies rely on a single modeling 

approach or short time periods, which restricts the generalizability of the findings. In addition, feature 

selection strategies and their influence on model performance are often underexplored (Li et al., 

2016). 

Finally, few studies explicitly frame PM2.5 estimation as a geographical artificial intelligence 

(GeoAI) problem. Although the integration of artificial intelligence with spatial and atmospheric data 

has demonstrated strong potential for enhancing geographical understanding of air pollution patterns 

(Liu et al., 2022), this perspective remains underdeveloped in coastal industrial regions of Thailand. 

To address these gaps, this study aims to develop an AI-based geographical framework for estimating 

daily PM2.5 concentrations in Rayong Province, Thailand. The specific objectives are to: (1) integrate 

satellite-derived AOD and meteorological variables for spatial PM2.5 estimation; (2) compare the 

performance of multiple machine learning models; and (3) analyze the influence of key atmospheric 

variables on PM2.5 variability in a coastal industrial setting. 

2. MATERIALS AND METHODS  

2.1. Study Area 

 

Rayong Province (Fig. 1) is located in eastern Thailand. Its terrain consists of coastal plains along 

the Gulf of Thailand, combined with higher inland areas toward the interior of the province.  

 
Fig. 1. Location of the study area in Rayong Province, Thailand, showing the five ground-based PM2.5 

monitoring stations and surrounding geographical features. 
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This geographical setting strongly influences local air circulation patterns, particularly the 

interaction between sea breezes and land breezes, which play an important role in the dispersion and 

accumulation of air pollutants. The regional climate is governed by the tropical monsoon system and 

can be divided into three main seasons: the hot season (March–May), the rainy season (June–

October), and the cool season (November–February).  

During the cool season, Rayong Province frequently experiences stable atmospheric conditions 

characterized by low wind speeds and nighttime temperature inversion. These conditions limit vertical 

air mixing and suppress pollutant dispersion, allowing fine particulate matter (PM2.5)  to accumulate 

near the surface. Statistical observations show that PM2.5 concentrations are typically highest between 

December and February, which is associated with the southward extension of high-pressure systems 

from mainland China. Rayong Province is also home to the Map Ta Phut Industrial Estate and several 

surrounding industrial clusters. Emissions from petrochemical plants, power generation facilities, 

large-scale transportation networks, and community activities represent major sources of PM2.5. When 

combined with coastal meteorological influences and seasonal atmospheric stability, these emission 

sources contribute to pronounced spatial and temporal variability in air quality across the province. 

 

2.2. Data Sources and Modeling Framework 

 

This study integrates ground-based air quality data with satellite observations and meteorological 

data to develop daily PM2.5 prediction models for Rayong Province. The overall modeling framework 

is illustrated in Fig. 2. All satellite and meteorological variables were accessed and processed using 

the Google Earth Engine (GEE) platform to ensure consistency in spatial and temporal resolution.  
Satellite-based variables included Aerosol Optical Depth (AOD) and Land Surface Temperature 

(LST) derived from Terra/MODIS products.  

 

Terra MODIS
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Data : 

AIR4Thai

Model : MLR, SVR, ANN, RF, XGB
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Meteorological 
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and Data 

Filtering  
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Fig. 2.  Overview of the proposed framework for estimating daily PM2.5 concentrations, including data 

acquisition, preprocessing, feature selection, model development, and validation. 
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Meteorological variables were obtained from the ERA5 and ERA5-Land datasets provided by 

the European Centre for Medium-Range Weather Forecasts (ECMWF). These variables included air 

temperature, dew point temperature, relative humidity, wind speed, and boundary layer height (BLH), 

which are known to influence PM2.5 formation and dispersion processes. All datasets were temporally 

matched and spatially processed to generate daily predictor variables. The processed satellite and 

meteorological variables were then used as independent inputs for statistical and machine learning 

models. The modeling approaches included simple linear regression, Multiple Linear Regression 

(MLR), and selected machine learning algorithms. Model performance was evaluated using standard 

error metrics, including Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean 

Squared Error (RMSE). Based on the evaluation results, the best-performing model was selected to 

generate spatial distribution maps of daily PM2.5 concentrations across Rayong Province. 

2.2.1.  Ground-Based PM2.5 Monitoring Data 

Daily PM2.5 concentration data were obtained from the Pollution Control Department (PCD) of  

Thailand. The measurements were conducted using the Beta Attenuation Method, following the 

standards of the United States Environmental Protection Agency (USEPA). Hourly and daily air 

quality data are publicly available through the AIR4Thai monitoring system (https://air4thai.pcd. 

go.th). In this study, daily PM2.5 data were collected for the period from 1 November 2024 to 28 

February 2025. The selected study period corresponds to the winter season in Thailand, during which 

PM₂.₅ concentrations are typically elevated due to weak wind conditions, shallow boundary layer 

height, and frequent temperature inversions that limit atmospheric dispersion. Focusing on this season 

allows the models to capture pollution accumulation processes and evaluate performance under the 

most critical air quality conditions. A total of five ground-based monitoring stations located across 

Rayong Province were used for data collection (see Fig. 2). These stations included: (28t) Pluak 

Daeng District Public Health Office, (29t) Map Ta Phut Subdistrict Health Promoting Hospital, (30t) 

Rayong Provincial Agricultural Office, (31t) Rayong Field Crops Research Center, and (74t) Rayong 

Provincial Government Center. The selected monitoring stations represent different urban and 

industrial settings within the province. The ground-based PM2.5 observations served as reference data 

for model development and performance evaluation. 

2.2.2. Satellite and Meteorological Data 

This study integrated satellite-derived variables with spatial meteorological data to support PM2.5 

estimation in a coastal region characterized by high variability in wind conditions and boundary layer 

height, such as Rayong Province.  
Table 1.  

Summary of satellite and meteorological datasets used in this study. 

Variable Data source (Google Earth Engine) Unit 
Spatial 

resolution 

Temporal 

resolution 

Aerosol Optical 
Depth (AOD) 

MCD19A2.061: Terra & Aqua MAIAC Land Aerosol 
Optical Depth (Band: Optical_Depth_047) 

Unitless 1 km Daily 

Land Surface 

Temperature (LST) 

MOD11A1.061 Terra Land Surface Temperature and 

Emissivity (Band: LST_Day_1km) 
Kelvin  1 km Daily 

2 m air temperature 
ERA5-Land Daily Aggregated – ECMWF Climate 
Reanalysis (Band: temperature_2m) 

Kelvin 0.1° × 0.1° Daily 

2 m dew point 

temperature 

ERA5-Land Daily Aggregated – ECMWF Climate 

Reanalysis (Band: dewpoint_temperature_2m) 
Kelvin 0.1° × 0.1° Daily 

U-component of 
wind at 10 m 

ERA5-Land Daily Aggregated – ECMWF Climate 
Reanalysis (Band: u_component_of_wind_10m) 

m s⁻¹ 0.25° × 0.25° Daily 

V-component of 

wind at 10 m 

ERA5-Land Daily Aggregated – ECMWF Climate 

Reanalysis (Band: v_component_of_wind_10m) 
m s⁻¹ 0.25° × 0.25° Daily 

Boundary layer 
height (BLH) 

ERA5 Hourly – ECMWF Climate Reanalysis (Band: 
boundary_layer_height) 

m 0.25° × 0.25° Hourly 
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Meteorological variables included 2 m air temperature, 2 m dew point temperature, wind speed 

calculated from the u- and v-components, and boundary layer height (BLH). All satellite and 

meteorological datasets were extracted and processed using the Google Earth Engine (GEE) platform. 

This approach ensured spatial and temporal continuity of the data and helped reduce gaps associated 

with limited ground-based monitoring coverage. The max_pixels parameter was applied during data 

extraction to prevent processing errors related to large data requests. A summary of all variables and 

data sources used in this study is provided in Table 1. 

2.2.3. Meteorological and Reanalysis Data 

Ground-based PM2.5 data, AOD, and LST from MODIS/MAIAC were combined with 

meteorological data from ERA5 and ERA5-Land. Spatial–temporal collocation was applied using the 

Nearest Neighbour method. All variables were converted to a daily resolution. Only days with 

complete data from all sources were used. This step helped reduce model uncertainty. Air temperature 

from ERA5 was originally provided in Kelvin (K). It was converted to degrees Celsius (°C) using 

Equation (1). 

 

( )( )
- 273.15o KC

T T=                                                               (1) 

 

After data preprocessing, derived meteorological variables were calculated for model input. 

These included relative humidity (RH) and wind speed (WS). RH was calculated using the Magnus–

Tetens equation, as shown in Equation (2): 

 

0
0

( )
( ) 100

( )

de T
RH

e T
=                                                                (2) 

 

in this equation,  ( )e T and ( )de T represent vapor pressure in hPa 

T is the air temperature at 2 m. 

dT is the dew point temperature at 2 m. 

 

Wind speed (WS) was calculated from horizontal wind components using Equation (3): 

 

2 2WS U V= +                                                                    (3) 

 

in this equation,  WS is wind speed (m/s). 

U is the west–east wind component (m/s).  

V is the south–north wind component (m/s). 

 

These derived variables are important for describing atmospheric processes. They influence the 

accumulation and dispersion of PM2.5. They were used together with other meteorological variables. 

This improves spatial and temporal analysis accuracy. 

 

2.3. Data Preprocessing and Quality Control 

 

Before statistical analysis and model development, all satellite and meteorological datasets were 

preprocessed. All data were reprojected to the UTM Zone 48N coordinate system. A 10 km buffer 

was created around each PM2.5 monitoring station. Daily values of each variable were extracted using 

median zonal statistics. This approach reduces spatial noise and outliers caused by sensor location 

uncertainty and terrain effects. 
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AOD data that did not meet MAIAC quality criteria were removed. Outliers were detected using 

the interquartile range (IQR) rule, and missing values, including NaN and infinite values, were 

excluded using Boolean masking. After data cleaning, the multivariate dataset included AOD, 

temperature, relative humidity (RH), wind speed (WS), and boundary layer height (BLH), with 468 

samples remaining. The dataset was split into a training set (80%) and a test set (20%). All 

independent variables were standardized using the StandardScaler, with scaling parameters learned 

from the training set only to prevent data leakage.  

 

2.4. Statistical Methods 

 

Descriptive statistics were used to summarize the distribution and variability of PM2.5  

concentrations and meteorological variables during the study period. The analysis included measures 

of central tendency, data dispersion, and variability. The calculated statistics consisted of the mean, 

standard deviation, 95% confidence interval, minimum, maximum, and coefficient of variation (CV). 

These indicators are commonly used in environmental and atmospheric studies to describe air quality 

characteristics. 

The mean value was calculated to represent the average concentration of each variable, as shown 

in Equation (4). 
_

1

1 n

i

i

x x
n =

=                                                                    (4) 

The standard deviation was used to describe data dispersion around the mean, as defined in 

Equation (5). 
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The 95% confidence interval was computed to estimate the uncertainty of the mean value, 

following Equation (6). 

95% (1- /2, -1)n

s
CI x t

n

 
=   

 


                                              (6) 

The minimum and maximum values were used to describe the data range, as shown in Equation 

(7). 

 min maxmin( ) max( )i ix x x x= =                                                       (7)  

 

The coefficient of variation (CV) was calculated to assess relative variability, as defined in 

Equation (8). 

(%) 100
s

CV
x

=                                                                   (8) 

 

2.5. Theoretical Framework of PM2.5 Estimation Using Satellite and Meteorological Data  

2.5.1. Atmospheric Processes Governing Near-Surface PM2.5 Concentrations 

Near-surface PM2.5  concentrations result from interactions among emission sources, physical and 

chemical aerosol processes, and atmospheric dynamics in both horizontal and vertical directions. 

These processes are especially important in coastal industrial areas. Such regions are influenced by 

land–sea breeze circulation, wind speed variability, and changes in boundary layer height (BLH). 

From a theoretical perspective, near-surface PM2.5 concentration can be described by the balance 

between emission rate (E) and atmospheric mixing volume. The mixing volume is mainly controlled 

by BLH and horizontal transport processes. This conceptual relationship can be expressed as shown 

in Equation (9): 
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                                                             (9) 

 

Low BLH and low wind speed (WS) limit pollutant dilution. This leads to significant 

accumulation of PM2.5 near the surface. This mechanism explains why the relationship between 

PM2.5 and meteorological variables is often nonlinear. It also indicates interaction effects among 

multiple variables acting simultaneously. 

2.5.2. Physical Meaning of Aerosol Optical Depth (AOD) and Its Relation to PM2.5 

Aerosol Optical Depth (AOD) is a vertically integrated measure of the total aerosol loading in 

the atmospheric column. In physical terms, AOD represents the cumulative effect of the aerosol 

extinction coefficient along the vertical direction. This relationship can be expressed as shown in 

Equation (10): 

0
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Because PM2.5 is a near-surface mass concentration, the relationship between AOD and PM2.5  

depends on the vertical structure of the atmosphere. It is also affected by boundary layer height, 

aerosol vertical distribution, and transport processes. Previous studies have shown that boundary layer 

height (BLH) plays a key role in linking columnar AOD to near-surface PM2.5.This effect is especially 

strong in tropical and coastal regions.  

2.5.3. Hygroscopic Growth and the Role of Relative Humidity (RH) 

Relative humidity (RH) strongly influences aerosol optical properties and particle size through 

hygroscopic growth. Under high RH conditions, aerosol particles absorb water and increase in size. 

This process enhances light scattering and increases the extinction coefficient, even without a  

corresponding increase in PM2.5 mass near the surface. The effect of hygroscopic growth can be 

described using a growth factor, as shown in Equation (11): 
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At high RH, aerosol water uptake increases particle size and scattering efficiency. As a result, 

AOD can increase without a proportional rise in near-surface PM2.5 concentration. This physical 

mechanism has been widely used to explain PM2.5–AOD relationships under humid atmospheric 

conditions. It is particularly relevant in Southeast Asia and East Asia. These findings support the 

physical basis of humidity-dependent statistical relationships between PM2.5 and AOD. 

2.5.4. Non-linear and Threshold Effects of Wind Speed on PM2.5 Dispersion 

Wind speed plays a key role in atmospheric pollutant dispersion. This concept is a fundamental 

part of atmospheric dispersion theory. However, many studies have shown that the relationship 

between PM2.5  and wind speed (WS) is not linear. Clear threshold behavior has been widely reported.  

From a theoretical perspective, the response of PM2.5 concentration to wind speed can be described 

as Equation (12): 
2
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2.5.5. Interaction Effects Between Wind Speed and Boundary Layer Height 

Interaction effects between horizontal transport and vertical mixing are well explained by 

boundary-layer meteorology theory. Under conditions of low wind speed and low boundary layer 

height (BLH), atmospheric mixing volume is strongly limited. This leads to pollutant accumulation 
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near the surface.  When either WS or BLH increases, pollutant dispersion becomes more effective. 
As a result, near-surface PM2.5 concentrations decrease significantly. These interaction effects have 

been widely examined using statistical approaches. Examples include two-way ANOVA and 

interaction modeling. Such methods are used to quantify the combined effects of meteorological 

variables on PM2.5.  

 

2.6. Machine Learning Models 

 

This study developed and evaluated machine learning models to predict daily PM2.5 

concentrations in Rayong Province using an integrated dataset of ground-based observations and 

satellite–meteorological variables. The predictor variables included Aerosol Optical Depth (AOD), 

land surface temperature (LST), relative humidity (RH), wind speed (WS), and boundary layer height 

(BLH). The use of multiple models enables performance comparison under highly nonlinear 

conditions and strong spatial variability commonly observed in urban–industrial coastal 

environments. Previous studies have reported that nonlinear and ensemble models generally 

outperform linear models in PM2.5 estimation. Based on this evidence, both linear and nonlinear 

models were evaluated in this study. 

2.6.1. Data Preprocessing and Splitting 

Data extracted from buffer-based zonal statistics and quality control procedures were converted 

into a numerical format suitable for machine learning analysis. All non-numeric values, missing 

values (NaN), and infinite values were removed. Predictor variables and the target variable (PM2.5) 

were combined into a structured tabular dataset. The dataset was randomly divided into a training set 

(80%) and a test set (20%) using a fixed random seed to ensure reproducibility. For models sensitive 

to feature scaling, including Support Vector Regression (SVR) and Artificial Neural Networks 

(ANN), feature standardization was applied using a StandardScaler fitted on the training set only. The 

same transformation was then applied to the test set to prevent data leakage. These steps ensured that 

the dataset was fully prepared for model development. 

2.6.2. Model Description 

Multiple Linear Regression (MLR) was used as a baseline model to represent linear relationships 

between PM2.5 and the explanatory variables, including AOD, LST, RH, WS, and BLH. Model 

coefficients were estimated using the Ordinary Least Squares (OLS) method. The MLR formulation 

can be expressed as Equation (13): 
5
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 where
0 is the intercept,

i represents the regression coefficient of each independent variable,   

if denotes the predictor variables, and  is the random error term. Model reliability was assessed by 

examining multicollinearity using the Variance Inflation Factor (VIF) and by analyzing residual 

distributions to test assumptions of homoscedasticity, independence, and normality. Although MLR 

offers high interpretability, linear models often show lower predictive accuracy under strongly 

nonlinear conditions. 

Support Vector Regression (SVR) was applied to model nonlinear relationships using the margin 

maximization principle and the ε-insensitive loss function. All input features were standardized prior 

to training. Key hyperparameters, including the penalty parameter C, kernel coefficient γ, and ε,  were 

optimized using grid search combined with k-fold cross-validation. The radial basis function (RBF) 

kernel was used to capture complex nonlinear patterns. 

Artificial Neural Networks (ANN), implemented as a Multilayer Perceptron (MLP), were used 

to model complex nonlinear interactions among satellite and meteorological variables. The network 

employed multiple hidden layers with ReLU activation functions to enhance nonlinearity. The model 

was trained using the Adam optimizer with Mean Squared Error (MSE) as the loss function. Early 
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stopping was applied to reduce overfitting, and key hyperparameters were tuned to ensure stable 

convergence. 

Random Forest (RF) is an ensemble tree-based model constructed using bootstrap aggregation 

and random feature selection. This structure makes the model robust to noise and effective in learning 

nonlinear relationships. RF does not require feature scaling and can provide feature importance 

measures, which are useful for interpreting the influence of individual variables on PM2.5 

concentrations. 

XGBoost is a gradient boosting model widely used in air quality and environmental studies. It 

incorporates both L1 and L2 regularization to reduce overfitting and is well suited for structured 

tabular data. XGBoost can effectively capture complex nonlinear patterns and interaction effects, 

often resulting in high predictive accuracy for PM2.5 estimation. 

2.6.3. Hyperparameter Tuning and Cross-Validation 

Hyperparameter tuning is a critical step in machine learning model development, as model 

performance depends strongly on appropriate parameter selection. In this study, hyperparameters for 

each model were optimized using grid search combined with 5-fold cross-validation. This approach 

reduces bias associated with a single data split and improves model generalization performance. The 

optimal hyperparameter settings for each machine learning model are summarized in Table 2. The 

selected configurations reflect a balance between model complexity and predictive stability, 

particularly for nonlinear and ensemble models applied to atmospheric datasets with strong 

interaction and threshold effects. 

 
Table 2.  

Optimal hyperparameters for each machine learning model. 

Model Optimal Hyperparameters 

Multiple Linear Regression (MLR) No hyperparameter tuning performed 

Support Vector Regression (SVR) (C = 10), kernel = RBF 

Artificial Neural Network (ANN) Hidden layers = (100, 100), activation = ReLU 

Random Forest (RF) n_estimators = 400, max_depth = 30, min_samples_leaf = 1 

XGBoost Regressor (XGBR) learning rate = 0.01, max_depth = 5, n_estimators = 500 

Note: Hyperparameter names follow standard XGBoost notation. 

 

Table 2 presents the optimal hyperparameter configurations obtained through grid search with 

5-fold cross-validation. The ANN achieved optimal performance with two hidden layers and ReLU 

activation, enabling effective learning of nonlinear relationships. SVR performed best with C = 10 

using the RBF kernel, which supports flexible nonlinear function approximation. The ensemble tree-

based models, RF and XGBoost, showed improved stability when a large number of trees were used. 

In particular, the low learning rate of XGBoost (0.01) helped reduce overfitting and allowed gradual 

model optimization. 

 

2.7. Model Evaluation Metrics 

 

Model performance in predicting daily PM2.5 concentrations was evaluated using several 

quantitative metrics, including Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean 

Squared Error (RMSE), and the coefficient of determination (R2). These metrics describe different 

aspects of prediction error between observed and predicted values. MAE measures the average 

magnitude of prediction errors and is less sensitive to large outliers. MSE and RMSE assign greater 

weight to large errors, making them more sensitive to extreme deviations. RMSE is particularly useful 

because it retains the same physical unit as PM2.5. The R2 metric represents the proportion of variance 

in observed PM2.5 concentrations explained by the model. The definitions of these metrics are given 

as Equation (14)-(17). 
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Root Mean Squared Error (RMSE) 

                               ( )
2

1

1
  -

n

i

i

RMSE y y
n =

=                            (16) 

 

Coefficient of Determination (R2) 
2 2

2

2 2

ˆ ˆ( - ) ( - )
1-

ˆ ˆ( - ) ( - )

i i i i

i i i i

y y y y
R

y y y y
= =

                     (17) 

 

where iy represents the observed PM2.5 concentration, ˆ
iy is the model-predicted value, iy  is the 

mean of the observed values, and n is the total number of observations. 

3. RESULTS AND DISCUSSION  
 

3.1. Descriptive Statistics and Seasonal Variability of PM2.5 

3.1.1. Temporal and Seasonal Variations 

Fig. 3 shows daily PM2.5 concentrations measured at individual monitoring stations in the study 

area. The data cover period from 1 November 2024 to 28 February 2025. Clear temporal variability 

is observed across all stations, indicating short-term fluctuations and differences among locations. 

These variations reflect the combined influence of local emission sources and meteorological 

conditions, consistent with previous findings (Bran et al., 2024). Several pollution episodes are 

evident during the study period. PM2.5 concentrations frequently exceeded 60–80 µg/m3, with peak 

values above 80 µg/m3 at some stations. These high-concentration events mainly occurred during 

periods of low wind speed and stable atmospheric conditions, which limited pollutant dispersion. 

Seasonal differences are also apparent, with higher PM2.5 levels generally observed during the dry 

season compared to the wet season. 

 
Fig.  3. Time series of observed daily PM2.5 concentrations at the five monitoring stations during the study 

period. 
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Spatial differences among monitoring stations are clearly visible in Fig. 4. Some stations 

consistently recorded higher PM2.5 concentrations than others, suggesting the influence of nearby 

emission sources and local land-use characteristics. In contrast, stations located farther from industrial 

areas showed relatively lower concentration levels. Overall, the temporal patterns indicate that PM2.5 

concentrations in the study area are strongly influenced by short-term meteorological variability as 

well as seasonal atmospheric conditions. These findings highlight the importance of incorporating 

meteorological and spatial factors into PM2.5 estimation models, particularly in coastal industrial 

regions.  

 
 

Fig. 4. Box plots showing the distribution of daily PM2.5 concentrations across the five monitoring stations 

during the study period. 

3.1.2. Descriptive Statistics and Distribution Characteristics 

Descriptive statistics and variability of PM2.5 concentrations were evaluated together with 

satellite-derived and meteorological variables to characterize baseline pollution conditions during the 

winter season. Table 3 summarizes the mean, standard deviation, 95% confidence interval, minimum, 

maximum, and coefficient of variation (CV) for all variables considered in this study. Overall, Table 

3 highlights that PM2.5 and AOD exhibit substantially higher variability than temperature, while 

relatively low mean wind speed and boundary layer height indicate meteorological conditions 

favorable for pollutant accumulation. 

As shown in Table 3, the mean PM2.5 concentration during the winter period was 30.05 µg/m3 

(95% CI: 28.73–31.37), which is substantially higher than the World Health Organization annual 

guideline, reflecting persistent air pollution in the study area. The high coefficient of variation (CV = 

54.2%) further indicates strong day-to-day fluctuations and frequent episodic pollution events. Such 

variability is commonly associated with unfavorable meteorological conditions, including weak wind 

speed and shallow boundary layers, and is consistent with regional patterns reported in Thailand and 

Southeast Asia (Hassan Bran et al., 2024). 

The mean AOD value was 0.27 with similarly high variability (CV = 50%), indicating strong 

fluctuations in aerosol loading within the atmospheric column. This variability is comparable to that 

observed for near-surface PM2.5 and suggests a heterogeneous vertical aerosol distribution influenced 

by industrial emissions and regional transport processes. However, the large variability in AOD also 

highlights limitations in using satellite data alone as a direct proxy for surface PM2.5, particularly 

under complex vertical atmospheric structures. 
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Table 3.  

Descriptive statistics of PM2.5 and explanatory variables during the study period. 

Variables Mean ± SD 95% CI Minimum Maximum CV (%) 

PM2.5 (µg/m³) 30.05 ± 16.29 [28.73, 31.37] 6 114.5 54.2 

AOD 0.27 ±  0.14 [0.26, 0.28] 0.02 0.86 50 

Temperature (°C) 26.48 ±  1.29 [26.38, 26.59] 21.3 29.04 4.9 

WS (m/s) 2.53 ± 1.31 [2.42, 2.64] 0.08 6.16 51.7 

RH (%) 65.63 ± 10.52 [64.77, 66.48] 46.43 88.12 16 

BLH (m) 521.29 ±  122.89 [511.31,531.27] 209.44 934.21 23.6 

 

In contrast, air temperature exhibited a narrow distribution (CV = 4.9%), reflecting the relatively 

stable winter climate in eastern Thailand controlled primarily by regional-scale air masses. This 

stability suggests that temperature plays a secondary role in explaining PM2.5 variability compared 

with dynamic atmospheric factors. Wind speed (WS) and boundary layer height (BLH) showed 

relatively low mean values (2.53 m s-1  and 521 m, respectively) but high variability, indicating limited 

horizontal and vertical dispersion capacity. Under these stagnant conditions, both transport and 

mixing are suppressed, leading to enhanced accumulation of near-surface PM2.5 concentrations. 

In contrast, the background station (28T) displays a lower median and a narrower interquartile 

range, indicating weaker direct anthropogenic influence. However, the presence of outliers at this 

station suggests that PM2.5 levels are occasionally dominated by regional-scale transport rather than 

local emissions. AOD shows similar median values across all stations, indicating that columnar 

aerosol loading is largely controlled by regional atmospheric processes rather than local land-use 

characteristics. Nevertheless, the presence of extreme AOD values at some stations reflects episodic 

high aerosol loading, potentially associated with transboundary haze events or aerosol accumulation 

under stagnant atmospheric conditions. 

Air temperature exhibits narrow distributions and similar medians across all stations, consistent  

with the stable winter climate indicated in Table 3. Spatial temperature differences therefore play a 

limited role in explaining inter-station differences in PM2.5. Relative humidity (RH) shows a wide 

distribution, particularly at coastal and mixed stations. High RH can enhance secondary aerosol 

formation and hygroscopic growth, potentially amplifying PM2.5 concentrations during specific 

periods. Wind speed is generally low across stations, with occasional high-value outliers. This pattern 

indicates that atmospheric dispersion is limited for much of the winter season, especially in industrial 

and low-lying areas. boundary layer height (BLH) also exhibits a low median and wide variability. 

Days with boundary layer height (BLH)  below approximately 400 m represent conditions of severely 

restricted vertical mixing and are frequently associated with elevated PM2.5 concentrations across 

multiple stations. 

3.1.3. Implications for Seasonal Variability and Subsequent Analysis 

The analysis in Section 3.1 indicates that PM2.5 concentrations in the study area are characterized 

by high variability, non-normal distributions, and strong spatial heterogeneity. Although temporal 

trends across all monitoring stations are generally consistent under the influence of regional-scale 

factors, the absolute concentration levels are clearly modulated by local land-use characteristics and 

station types. These features suggest that wintertime PM2.5 variability cannot be fully explained by 

descriptive statistics alone. Instead, PM2.5 variability is strongly associated with nonlinear 

relationships and interaction effects among PM2.5, AOD, and meteorological variables. Therefore, 

Section 3.2 focuses on pairwise and conditional relationships among these variables to reveal 

underlying mechanisms that may be obscured by traditional linear analysis. 

 

3.2. Pairwise Relationships and Non-linearity 

Pairwise analysis between PM2.5, AOD, and meteorological variables is an important step for 

understanding data structure and the underlying mechanisms of air pollution, particularly in coastal 

regions influenced by multidimensional atmospheric processes. In this study, pairwise scatter plots 
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were combined with Pearson correlation coefficients to evaluate both the direction and strength of 

linear relationships. At the same time, this approach allows detection of nonlinear patterns, data 

clustering, and heteroscedasticity that cannot be captured by summary statistics alone. 

To better interpret these nonlinear patterns, interaction effects should also be considered. 

Conceptually, interaction effects indicate that the influence of one variable depends on the level of 

another rather than acting independently. For example, wind speed becomes more effective at 

dispersing pollutants when the boundary layer is shallow, leading to nonlinear responses in PM2.5 

concentrations. 

3.2.1. Correlation Analysis Between PM2.5 and Environmental Variables 

The pairwise analysis integrates correlation coefficients with scatter plot patterns to assess linear 

relationships and to identify signals of non-linearity that may not be evident from correlation values 

alone. Fig. 5 presents pairwise scatter plots and Pearson correlation coefficients between PM2.5, AOD, 

and meteorological variables across the five monitoring stations in Rayong Province during 01 

November 2024–28 February 2025.  

 

 
 

Fig.  5. Pairwise scatter plots illustrating the relationships between PM2.5 and key meteorological variables, 

highlighting nonlinear patterns, threshold behavior, and conditional effects. 
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The results show that wind speed (WS) has the strongest negative correlation with PM2.5 (r = 

−0.49). PM2.5 concentrations decrease markedly as WS increases, highlighting the dominant role of 

horizontal transport and pollutant dilution in coastal environments. However, the scatter pattern is not 

strictly linear. High PM2.5 values are strongly clustered under low WS conditions, indicating a clear 

threshold-type behavior.  

Boundary layer height (BLH) shows a weaker negative correlation with PM2.5 (r = −0.19) and a 

wide data spread. This suggests that vertical mixing plays a secondary role compared to horizontal 

transport, consistent with the stronger influence of WS observed in the analysis. AOD exhibits a 

moderate positive correlation with PM2.5 (r = 0.28). However, the scatter plots show substantial 

variability, with many cases of high PM2.5 occurring at moderate AOD levels. This pattern highlights 

the limitations of using AOD alone as a direct proxy for near-surface PM2.5, especially in humid 

tropical and coastal regions where vertical aerosol stratification and moisture effects are pronounced. 

Relative humidity (RH) and air temperature (TEMP) show very weak linear correlations with  

PM2.5 (r ≈ −0.10 to −0.11), with no clear linear trends in the scatter plots. These variables appear to 

act as modulating factors rather than direct drivers of PM2.5 concentrations. The non-normal 

distribution of PM2.5 and the presence of numerous outliers further indicate strong nonlinearity in the 

relationships among PM2.5, AOD, and meteorological variables. Spatial differences among 

monitoring stations further emphasize the influence of local emission sources and site-specific 

atmospheric processes. These spatial contrasts are consistent with previous studies conducted in  

Thailand and Southeast Asia. 

3.2.2. Non-linear Relationships and Interaction Effects 

To confirm and explain the nonlinear and conditional patterns observed in the scatter plots in 

Fig. 5, and to link these patterns with the physical framework described in Section 2.5, this study 

further examined PM2.5 variability across different ranges of key meteorological variables. The 

analysis focused on threshold behavior and on conditional and interaction effects that cannot be 

captured by linear correlation coefficients alone. 

(1) Threshold Effects: Wind Speed–PM2.5 Relationship 

Based on the conceptual framework described in Section 2.5.4, which emphasizes the nonlinear 

influence of horizontal transport on pollutant dispersion, a clear threshold-type relationship was 

identified between PM2.5 concentration and wind speed (WS). Overall, Table 4 demonstrates that 

PM2.5 levels decrease markedly as wind speed increases, highlighting the dominant role of 

atmospheric ventilation in reducing near-surface pollutant accumulation. 

 
                                                                                                                  Table 4. 

PM2.5 concentration stratified by wind speed. 

Wind speed category (m 

s⁻¹) 

Mean PM2.5 (µg 

m⁻³) 

Difference from baseline (µg 

m⁻³) 

WS < 1.5 34.2 Reference 

1.5 ≤ WS < 2.5 29.8 −4.4 

2.5 ≤ WS < 3.5 25.1 −9.1 

WS ≥ 3.5 22.6 −11.6 

 

A distinct threshold was observed at approximately 2–2.5 m s-1 . PM2.5 concentrations declined 

rapidly as wind speed (WS) increased from calm to moderate conditions, whereas further increases 

beyond about 3 m s-1 resulted in only marginal additional reductions. When wind speed (WS) < 1.5 

m s-1, pollutant accumulation was most pronounced, representing the baseline stagnant condition. As 

wind speed (WS) increased to 1.5–2.5 m s-1 and higher ranges, mean PM2.5 concentrations decreased 

substantially; however, the rate of reduction progressively diminished at stronger wind speeds. 

This nonlinear response indicates diminishing marginal dispersion effects under high ventilation 

conditions and confirms that the PM2.5 – wind speed (WS) relationship cannot be adequately 
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explained by a simple linear assumption. Instead, the results suggest that wind-driven transport exerts 

the strongest influence under low-wind regimes, where small increases in wind speed (WS) can 

produce large improvements in air quality. 

(2) Conditional Relationships: Influence of Relative Humidity on the PM2.5 –AOD Relationship 

to examine the hygroscopic growth mechanism described in Section 2.5.3, the relationship between 

PM2.5 and AOD was evaluated under different relative humidity (RH) conditions. Overall, Table 6 

shows that the strength of the PM2.5 AOD association varies systematically with humidity, indicating 

that moisture plays an important conditional role in linking columnar aerosol loading to near-surface 

particle concentrations. 

Correlation analysis reveals that the PM2.5 AOD relationship is not constant across atmospheric 

states. The correlation coefficient increased under humid conditions, and these differences were 

statistically confirmed using Fishers Z-test (p = 0.029). As summarized in Table 5, the strongest 

association was observed when RH was below 60% (r = 0.58), while a statistically significant 

relationship remained when RH exceeded 70% (r = 0.31). 

This pattern suggests that aerosol hygroscopic growth enhances the optical response of particles, 

improving the representativeness of AOD for estimating near-surface PM2.5 under moist conditions. 

Consequently, the conditional influence of humidity helps explain why the overall linear correlation 

between PM2.5 and AOD appears moderate when all observations are analyzed together without 

stratification. 
                                                                                                                                                  Table 5. 

PM2.5 –AOD Pearson correlations by relative humidity (95% CI). 

RH Range (%) PM2.5–AOD Correlation (r) 95% CI p-value 

< 60 0.58 [0.33, 0.75] < 0.001 

60–70 0.31 [−0.04, 0.60] 0.08 

> 70 0.31 [0.01, 0.56] 0.04 

 

(3) Interaction Effects between Wind Speed and Boundary Layer Height 

Following boundary-layer meteorology theory described in Section 2.5.5, which emphasizes the 

combined effects of horizontal transport and vertical mixing, this study applied two-way ANOVA to 

examine interaction effects between wind speed (WS) and boundary layer height (BLH) on PM2.5 

concentrations. The analysis revealed a statistically significant interaction between wind speed (WS) 

and boundary layer height (BLH) (F(1,236) = 8.7, p = 0.004, partial η² = 0.035). PM2.5 concentrations 

increased markedly when both horizontal transport and vertical mixing were simultaneously 

restricted. In contrast, PM2.5 levels decreased significantly when at least one of the two processes 

favored pollutant dispersion. This interaction highlights the synergistic effects of atmospheric 

processes and reinforces the inherently nonlinear nature of PM2.5 dynamics in coastal industrial 

environments. 

Although the full dataset contains 468 daily observations, the effective sample size used in the 

two-way ANOVA is smaller. Prior to the analysis, wind speed (WS) and boundary layer height (BLH) 

were discretized into categorical groups to represent distinct atmospheric regimes. This binning 

procedure aggregates observations within each category and reduces the degrees of freedom in the 

statistical model. As a result, the reported degrees of freedom reflect the grouped structure of the data 

rather than the original number of observations. Such categorization is appropriate for interaction 

analysis, as it facilitates interpretation of joint effects between wind speed (WS) and boundary layer 

height (BLH) under physically meaningful atmospheric conditions. 

 

3.3. Feature Selection Results 

 

The results in Section 3.2 show that the relationships between PM2.5  and meteorological variables 

are clearly nonlinear. Threshold behavior and interaction effects are evident for several variable pairs. 

These patterns agree with the atmospheric framework described in Section 2.5 and indicate that 

transport, vertical mixing, and aerosol physical–chemical processes cannot be explained by linear 
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assumptions alone. For this reason, feature selection in this study does not rely on a single statistical 

method. A hybrid approach is applied. Recursive Feature Elimination with Cross-Validation 

(RFECV) is used to evaluate how the number of input variables affects model performance, while 

Mutual Information (MI) is used to quantify nonlinear dependencies and rank the relative importance 

of predictors. In practical terms, feature importance reflects how strongly each variable contributes to 

reducing prediction error, meaning that variables with higher importance values exert greater 

influence on PM2.5 estimates. All analyses are based on the preprocessed dataset described in Section 

3.2, including AOD, temperature, relative humidity (RH), wind speed (WS), and boundary layer 

height (BLH). 

3.3.1. Recursive Feature Elimination with Cross-Validation (RFECV) 

RFECV was applied to evaluate whether incorporating variables related to atmospheric transport, 

vertical mixing, and aerosol processes improves the ability of the models to explain PM2.5 variability. 

The analysis employed 5-fold cross-validation, and model performance was assessed using the mean 

cross-validated coefficient of determination (CV R2). Overall, Table 7 demonstrates that predictive 

performance consistently improves as additional meteorological variables are introduced, particularly 

for nonlinear and ensemble models. 

As summarized in Table 6, the CV R2 values of ANN, Random Forest, and XGBoost increase 

markedly with the number of input features, with the largest gains observed after including wind 

speed (WS) and boundary layer height (BLH). The highest performance is achieved when all five 

variables are used (k = 5), indicating that these models effectively capture complex nonlinear 

relationships and interaction effects among meteorological factors. This result is consistent with the 

wind speed (WS) and boundary layer height (BLH)  interaction effects identified in Section 3.2.2. In 

contrast, the linear Multiple Linear Regression (MLR) model shows only marginal improvement as 

additional predictors are added. Even after incorporating temperature and relative humidity, 

performance gains remain limited, and the inclusion of WS and BLH results in only minor increases. 

These findings highlight the limitations of linear assumptions in representing the nonlinear and 

threshold behavior of PM2.5 in coastal industrial environments and further justify the use of nonlinear 

machine learning approaches. Intuitively, this procedure identifies the smallest set of variables that 

still provides strong predictive performance, helping to avoid unnecessary complexity while retaining 

the most informative environmental drivers. 

 
Table 6.  

Cross-validated R2 from RFECV for different feature sets and regression models. 

k CV R2 (MLR) CV R2 (SVR) CV R2 (ANN) CV R2 (RF) CV R2 (XGBR) 

1 0.2215 –0.04 0.12 0.10 0.08 

2 0.3567 0.02 0.22 0.23 0.20 

3 0.3521 0.11 0.28 0.31 0.28 

4 0.3594 0.33 0.49 0.49 0.46 

5 0.3873 0.38 0.51 0.54 0.51 

3.3.2. Mutual Information (MI) 

To further examine variable relevance under non-linear relationships, Mutual Information is 

used. MI measures how much information each variable provides about PM2.5 variability. The MI 

ranking is RH (f3) > Temperature (f2) > WS (f4) > BLH (f5) > AOD (f1). This order is consistent 

with the physical mechanisms described in Section 2.5. RH and temperature show high MI values 

because they directly influence hygroscopic growth and secondary aerosol formation.  WS and BLH 

mainly control atmospheric transport and vertical mixing. Their effects on PM2.5 are more conditional 

than direct. Although AOD has the lowest MI value when considered alone, it still plays a 

complementary role when combined with meteorological variables. This behavior reflects the fact 

that AOD represents column-integrated aerosol loading rather than near-surface concentration. 
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3.3.3. Permutation Importance 

Permutation importance is applied to confirm the robustness of the RFECV and MI results. This 

method is model-agnostic and evaluates performance changes after random shuffling of each variable. 

The results are summarized in Table 7.  

 
                                                                                                Table 7.  

Permutation and built-in feature importance for Random Forest  

and XGBoost models. 

Variable Meaning 

f1 Aerosol Optical Depth (AOD) 

f2 Temperature 

f3 Relative Humidity (RH) 

f4 Wind Speed (WS) 

f5 Boundary Layer Height (BLH) 

 

Note: Predictor variables are indexed as follows: f1 = AOD, f2 = temperature, f3 = relative humidity (RH), f4 = 

wind speed (WS), and f5 = boundary layer height (BLH). Feature importance values are shown for both 

permutation-based and built-in methods for Random Forest and XGBoost models. 

 

Table 7 compares permutation-based and built-in feature importance for the Random Forest and 

XGBoost models. Relative humidity (f3) and temperature (f2) show consistently high importance 

across both methods, with low standard deviations, indicating stable and robust contributions to PM2.5 

estimation. In contrast, wind speed (f4) and boundary layer height (f5) exhibit larger differences 

between permutation and built-in importance, suggesting that their influence depends more strongly 

on model structure and interaction effects rather than direct linear contributions. Aerosol optical depth 

(f1) shows lower but relatively stable importance, supporting its role as a complementary predictor 

rather than a dominant driver. 

 

3.4. Model Performance Evaluation 

3.4.1. Comparison of Model Performance for PM2.5 Estimation 

To evaluate how well the models capture the nonlinear relationships, threshold behavior, and 

interaction effects described in Section 2.5 and confirmed in Sections 3.2–3.3, five regression 

approaches were compared, including Multiple Linear Regression (MLR), Support Vector Regression 

(SVR), Artificial Neural Networks (ANN), Random Forest (RF), and Extreme Gradient Boosting 

(XGB). Model performance was assessed using MAE, RMSE, and R2 on the test dataset (20%). All 

models were trained after hyperparameter tuning with 5-fold cross-validation to ensure good 

generalization and reduce the risk of overfitting. The results are summarized in Table 8. 

 

Table 8.  

Performance comparison of regression models for PM2.5 estimation. 

Model MAE RMSE R2 ΔRMSE (%) ΔR2 

MLR 8.46 11.40 0.50 – – 

SVR 7.90 10.83 0.55 4.96 +0.05 

ANN 7.79 9.91 0.62 13.08 +0.12 

RF 6.78 8.89 0.70 22.03 +0.20 

XGB 7.02 9.44 0.66 17.13 +0.16 
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Overall, Table 8 clearly demonstrates that nonlinear and ensemble models consistently 

outperform the linear MLR baseline, with Random Forest achieving the best overall performance 

across all evaluation metrics. As shown in Table 8, RF yields the lowest MAE and RMSE and the 

highest R2 value (0.70), indicating that it explains approximately 70% of the variance in PM2.5 

concentrations on the test dataset. Compared with MLR, RF reduces RMSE by more than 22% and 

increases R² by nearly 0.20. These improvements are consistent with the nonlinear relationships and 

interaction effects between PM2.5, wind speed, and boundary layer height discussed in Section 3.2, 

which cannot be fully captured by linear models. 

Although the R2 value of 0.70 indicates strong explanatory power, it should be interpreted within 

the context of the study area. Rayong Province is characterized by complex emission sources and 

coastal meteorological influences, which increase the difficulty of PM2.5 prediction. Previous studies 

in urban and industrial environments with similar characteristics typically report R2 values between 

0.60 and 0.80 when combining satellite AOD and meteorological variables. Therefore, the 

performance achieved here is consistent with related research. When considered together with RMSE 

and cross-validation stability, Random Forest provides the best balance between accuracy and 

robustness, making it well suited for subsequent spatial PM2.5 mapping applications. 

From an applied perspective, atmospheric processes rarely follow simple proportional 

relationships; small changes in meteorological conditions can produce disproportionately large 

changes in pollution levels. Therefore, nonlinear models are better suited to capture these threshold 

and accumulation effects. 

3.4.2. Analysis of Model Predictions and Errors 

To evaluate the quality and reliability of PM2.5 predictions, model outputs are compared with  

ground-based observations using time series and statistical analyses. This evaluation aims to assess 

overall model accuracy and to identify error patterns under different concentration levels and spatial 

contexts. Comparisons between observed and Random Forest (RF)–predicted PM2.5  are shown in Fig.  

6. Fig. 6 presents time series comparisons of observed and RF-predicted daily PM2.5 at the five 

monitoring stations. The RF model consistently captures temporal trends across all stations at both 

daily and weekly scales. Multi-day pollution episodes are also well reproduced, indicating that RF 

effectively learns non-linear relationships between PM2.5, AOD, and meteorological variables. 

Quantitatively, predicted values show the closest agreement with the 1:1 line among all models. The 

regression slope is 0.89 with an intercept of 3.2 µg/m3, indicating low overall bias and strong 

systematic accuracy. These results are consistent with the lowest RMSE and highest R2 values 

obtained by RF on the test dataset (Table 8), confirming its overall predictive performance. 

However, during high pollution events, RF systematically underestimates PM2.5  concentrations. 

This behavior is most pronounced from January to early February, when atmospheric ventilation is 

limited in both horizontal and vertical directions. The underestimation appears as reduced variability 

in predicted values relative to observations and is consistent with the regression slope being lower 

than one.  This limitation reflects the model’s reduced ability to capture the full intensity of extreme 

pollution events, despite accurately representing general trends. Ensemble models combine many 

decision trees and average their predictions, which improves stability but can also smooth extreme 

values, making very high pollution episodes harder to reproduce precisely. 

This underestimation may be attributed to several factors. First, satellite-derived AOD represents 

column-integrated aerosol loading and may have limited sensitivity to near-surface pollutant 

accumulation under shallow boundary layers, leading to weaker signals during severe episodes. 

Second, rapid and localized emission spikes from industrial or traffic sources may not be fully 

captured by daily averaged predictors. Finally, machine learning models, particularly ensemble 

approaches, tend to smooth extreme values during training, which can reduce their ability to 

reproduce rare high-concentration events. These limitations collectively contribute to the systematic 

underprediction observed during peak pollution conditions. Station-level analysis reveals clear spatial 

differences in prediction performance.  



153 

 

 
Fig.  6. Comparison between observed and Random Forest–predicted daily PM2.5 concentrations at the 

five monitoring stations, illustrating model performance across different temporal conditions. 

 

The background station (28T) shows the highest agreement between predicted and observed 

values, with accurate representation of baseline levels and temporal variability and relatively small 

errors during high concentrations. In contrast, the mixed station (31T) and the coastal station (29T) 

exhibit the largest discrepancies, particularly during rapid PM2.5  increases. These patterns reflect the 

influence of diverse emission sources, localized transport, and rapidly changing atmospheric 

processes that are difficult to represent using regional-scale predictors. At the industrial stations (30T 

and 74T), RF also captures overall PM2.5 trends well but continues to underestimate concentrations 
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during severe pollution episodes, especially when PM2.5 increases sharply over short periods. These 

results suggest that while AOD and meteorological variables effectively represent general 

accumulation conditions, they remain limited in capturing short-term emission spikes and sub-daily 

dynamics. 

In summary, station-based comparisons indicate that the Random Forest model performs well in 

representing temporal trends and baseline PM2.5 levels across space and time. Prediction errors show 

clear conditional structures related to pollution intensity and source complexity, with extreme events 

remaining the main source of uncertainty. These findings support the need for further residual analysis 

and focused evaluation of model performance during severe pollution events, which are addressed in 

the following section. 

 

3.5. Spatial Distribution of Satellite-Derived PM2.5 

 

The spatial distribution maps of satellite-derived PM2.5 from November to February reveal clear 

spatial and temporal variations in air pollution levels across the study area (Fig. 7). PM2.5 

concentrations show a gradual increase from early winter to mid-winter, indicating progressive 

accumulation of particulate matter during the study period.  

Fig. 7 illustrates that in November, PM2.5 concentrations range from approximately 17.92 to 

32.35 µg/m3 Most areas experience moderate air quality to levels that may begin to affect health. 

Lower concentrations are observed in parts of the southern and southwestern areas, corresponding to 

air quality conditions with minimal health impacts. In December, PM2.5 concentrations increase 

noticeably, with values ranging from 15.48 to 39.65 µg/m3. Large portions of the province fall within 

categories associated with moderate to high health impacts.  

 

 
 

Fig. 7. Spatial distribution of satellite-derived PM2.5 concentrations (µg/m3) in the study area from November 

2024 to February 2025, classified using fixed health-based thresholds.  
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Persistently elevated concentrations are observed in the eastern and northeastern areas, reflecting 

pollutant accumulation under meteorological conditions that limit atmospheric dispersion. PM2.5 

levels continue to rise in January, reaching a maximum of approximately 45.75 µg/m3. Most of the 

study area is classified within high health impact levels, while some locations approach more severe 

risk categories. Pollution during this month covers a broader spatial extent than in previous months, 

indicating more widespread and intense air quality degradation during mid-winter. 

In February, PM2.5 concentrations reach their highest levels of the study period, ranging from 

about 24.28 to 49.99 µg/m3. Some areas, particularly in the eastern part of the study area, approach 

or enter health-hazardous levels. These conditions indicate increased health risks for all population 

groups and highlight the need for intensified air quality monitoring and management. Overall, the 

satellite-based spatial analysis shows a consistent temporal increase in PM2.5  concentrations and 

recurring pollution hotspots. The use of fixed health-based classification thresholds enables clear 

identification of health-vulnerable areas. These results demonstrate the strong potential of satellite-

derived data to support spatial air quality assessment and health-oriented air pollution management  

at the local scale. 

4. CONCLUSION 

This study developed and evaluated daily PM2.5 estimation models for Rayong Province by 

integrating ground-based monitoring data, MODIS/MAIAC aerosol optical depth (AOD), and 

meteorological variables from ERA5 and ERA5-Land. The results confirm that this integrated 

approach can effectively explain PM2.5 variability in a coastal industrial area with complex 

atmospheric dynamics, particularly during the winter season when near-surface pollutant 

accumulation is favored. Model performance analysis shows that non-linear models, especially 

Random Forest and XGBoost, clearly outperform linear regression. 

This finding indicates that relationships between PM2.5 and satellite–meteorological variables are 

inherently non-linear and involve strong interaction effects. Wind speed plays the dominant role by 

controlling horizontal transport and dilution, while boundary layer height and relative humidity act 

as modifying factors. Clear threshold behavior is observed under calm wind conditions and shallow 

boundary layers. The results demonstrate that combining satellite data with machine learning not only 

improves spatial coverage beyond ground monitoring networks but also enables detailed mapping of 

PM2.5 distributions. This approach is particularly useful for air quality assessment in coastal industrial 

regions with limited monitoring stations. 

However, model uncertainty increases during severe pollution episodes and at very high PM2.5 

levels, highlighting the need to incorporate additional process-based information, such as spatial–

temporal emission data and upper-atmospheric dynamics. Future work should extend the analysis to 

full-year periods, evaluate spatial robustness, and test model transferability to other coastal industrial 

regions. These steps would enhance the reliability and practical application of this framework for 

regional air quality management and environmental policy, especially in areas vulnerable to PM2.5 

pollution. 

Beyond the study area, the proposed GeoAI framework is readily transferable readily transferable 

to other coastal or industrial regions with limited monitoring infrastructure, providing a practical tool 

for improving spatial air quality assessment and supporting evidence-based environmental 

management. 
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ABSTRACT 

Accurate estimation of biomass and carbon stock is important for forest monitoring and climate studies. 

This study developed a geospatial deep learning framework to estimate biomass and carbon stocks in 

rubber plantations by integrating UAV data with field measurements. The research was conducted in 

a rubber plantation area in northern Thailand, covering approximately 137 ha, with field data and UAV 

imagery collected during the 2024 growing season. UAV images were processed to generate Digital 

Surface Models (DSM), Digital Elevation Models (DEM), and Canopy Height Models (CHM). From 

these datasets, canopy structural variables such as canopy height, crown dimensions, and tree density 

were extracted and used as inputs for the model. Tree detection was performed using a YOLO-based 

deep learning approach, while field measurements were used for model training and validation. The 

integration of canopy structural information with deep learning improved biomass estimation at the 

plantation scale. The results showed strong agreement between predicted and field-measured values, 

with overall detection accuracy exceeding 92%. The model successfully captured spatial variation in 

biomass and carbon stocks across the plantation, and the estimated carbon values were consistent with 

plot-level observations. These findings indicate that combining UAV data, canopy structure 

information, and deep learning provides a practical and cost-effective approach for biomass and carbon 

estimation in plantation forests. The proposed workflow can also be applied to other plantation areas 

with similar environmental conditions. 

 
Keywords:  Geospatial deep learning; UAV remote sensing; canopy metrics; biomass estimation; 

carbon stock estimation; rubber plantation 

1. INTRODUCTION 

Climate change is one of the most urgent environmental issues facing the world today. Rising 

temperatures, shifting precipitation patterns, and more frequent extreme weather events are largely 

the result of increasing greenhouse gas (GHG) concentrations, especially carbon dioxide (CO₂) 

released from fossil-fuel combustion, land-use change, and agricultural expansion (Haidu et al., 2024; 

Earthobservatory, 2025; Intarat et al., 2026). These changes disrupt ecosystem processes, threaten 

biodiversity, and undermine long-term environmental stability (Ngthai, 2025). Strengthening natural 

carbon sinks has therefore become a key strategy in global climate-mitigation efforts.  
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Thailand has aligned its national agenda with the Paris Agreement by committing to reduce GHG 

emissions by 30–40% by 2030 and by setting long-term goals of achieving “Carbon Neutrality” by 

2050 and “Net-Zero GHG Emissions” by 2065 (United Nations Framework Convention on Climate 

Change, 2025). Initiatives such as the Thailand Voluntary Emission Reduction Program (T-VER) 

support these goals by promoting transparent and science-based carbon-accounting practices 

(Thailand Greenhouse Gas Management Organization, 2025). Accurate estimation of above-ground 

carbon (AGC), which is typically derived from above-ground biomass (AGB) using allometric 

models (Laosuwan et al., 2025; Uttaruk et al., 2026), is essential for national carbon inventories, 

climate-policy design, and sustainable land-use planning (Plybour et al., 2025; Laosuwan, et al., 

2025). 

Rubber (Hevea brasiliensis Muell. Arg.) is a major perennial crop in Thailand, covering more 

than 19 million rai and serving as a major source of income for rural communities (Simon et al., 

2022). Rubber plantations grow rapidly, accumulate substantial biomass, and can function as effective 

carbon sinks, providing both environmental and economic benefits (Blagodatsky & Cadisch, 2016; 

Yang et al., 2017; Tiko et a., 2025). However, estimating carbon stocks in these plantations presents 

several challenges (Jirakajohnkool et al., 2025; Tai et al., 2025). Traditional field-based methods that 

rely on measurements such as diameter at breast height (DBH) and tree height are accurate but time-

consuming, labor-intensive, and costly when applied over large or remote areas (Huynh et al., 2022). 

These limitations have encouraged the adoption of advanced remote-sensing technologies (Angkahad  
et al., 2024). Unmanned aerial vehicles (UAVs) offer high-resolution imagery suitable for generating 

Digital Surface Models (DSM), Digital Terrain Models (DTM), and Canopy Height Models (CHM) 

(Angkahad et al., 2025a). These spatial products allow for detailed characterization of tree structure 

and canopy conditions across large areas (Angkahad et al., 2025b). UAV-based surveys reduce field 

workload, allow repeated monitoring, and provide spatial detail that cannot be easily achieved through 

ground-based measurements alone (Ecke et al., 2022; Juan-Ovejero et al., 2023). 

Recent advancements in artificial intelligence (AI) have further expanded the potential of UAV-

based analysis (Haidu, 2024; Intarat et al., 2024). Machine learning (ML) and deep learning (DL) 

models have demonstrated strong performance in tasks such as tree detection, canopy delineation, 

and biomass estimation in forest and agricultural systems (Aroonsri & Sangpradid, 2021; Awichin et 

al., 2025; Espíndola et al., 2025; Intarat et al., 2025). Object-detection frameworks like the YOLO 

series can identify individual tree crowns from high-resolution imagery with high accuracy, 

improving the reliability of tree-level assessments (Beloiu et al., 2023; Mao et al., 2025; Que et al., 

2026). When integrated with canopy metrics derived from UAV photogrammetry, these models offer 

a powerful tool for estimating carbon stocks at scale (Zhu et al., 2022; Juan-Ovejero et al., 2023; Yan 

et al., 2024; Jian et al., 2025). In addition, several studies have developed geospatial deep learning 

frameworks that integrate UAV-derived imagery, CHM-based structural variables, and deep 

learning–based tree detection to estimate above-ground carbon in rubber plantations. Field 

measurements serve as reference data, while UAV-extracted variables support the construction of 

predictive models (Angkahad et al., 2025a; Mao et al., 2025; Tai et al., 2025).  The goal is to produce 

an accurate, efficient, and reproducible approach for plantation-scale carbon assessment. The results 

of this study contribute to the advancement of geospatial carbon-modeling techniques and provide 

practical insights that support sustainable rubber-plantation management and Thailand’s broader 

climate-mitigation objectives. 

Most previous UAV-based biomass estimation studies mainly rely on statistical regression 

models using canopy height or vegetation indices as predictors. While these approaches provide 

useful estimates, they may not fully capture the structural complexity of plantation forests. In this 

study, we applied a different workflow by integrating UAV-derived canopy metrics with deep 

learning techniques for tree detection and biomass estimation. The use of a YOLO-based model 

allows automatic identification of individual tree crowns, which improves spatial detail compared to 

traditional approaches. In addition, combining field measurements with multiple canopy variables 

helps enhance model performance and reliability. This integrated approach provides a more flexible 

framework for biomass and carbon estimation in plantation environments. 
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2. MATERIALS AND METHODS  

2.1. Study Area 

The study was conducted in a rubber plantation located in Chan Chawa Subdistrict, Mae Chan 

District, Chiang Rai Province, covering approximately 137 ha in northern Thailand, as illustrated in 

Fig. 1. The site lies within the Mae Chan watershed at geographic coordinates near 20.236257° N and 

99.972040° E. The terrain is characterized by gently undulating foothills, with elevations ranging 

from 410 to 480 meters above mean sea level and average slopes between 5% and 25%. The 

predominant soils are sandy loam to clay loam, featuring good drainage and moderate to high natural 

fertility, which support the long-term cultivation of perennial tree crops. The region is classified as a 

Tropical Monsoon Climate zone, consisting of three major seasons: summer, the rainy season, and 

winter. Annual mean temperatures range from 25°C to 30°C, while total annual rainfall varies 

between 1,700 and 1,800 millimetres. These warm and humid conditions promote vigorous rubber 

tree growth, resulting in substantial biomass accumulation. Such climatic and environmental 

characteristics make the area well suited for studies focused on above-ground biomass and carbon- 

stock assessment. 

 
 

Fig. 1. Study area. 

 

2.2. Methodology 

The overall workflow of this study, illustrated in Fig. 2, integrates field measurements with 

UAV-derived datasets to support a structured approach for estimating above-ground carbon in rubber 

plantations. Field data collection provides core tree attributes, including DBH, height, and canopy 

dimensions, which are used to compute biomass and carbon through established allometric equations. 

These field-based estimates serve as reference data for evaluating the performance of the remote 

sensing and modeling components. 



161 

 

UAV photogrammetry represents the second major element of the workflow. High-resolution 

imagery is processed into point clouds, DSM, DEM, and orthophotos, from which the Canopy Height 

Model (CHM) is derived to capture vertical canopy structure. Machine learning and deep learning 

methods are then applied to identify individual trees, delineate crown features, and extract structural 

variables needed for biomass and carbon estimation. Model outputs are validated using regression 

and classification metrics to ensure accuracy and consistency, forming an integrated framework that 

links ground observations, spatial data, and predictive modeling. UAV photogrammetry represents 

the second major element of the workflow. High-resolution imagery is processed into point clouds, 

DSM, DEM, and orthophotos, from which the Canopy Height Model (CHM) is derived to capture 

vertical canopy structure. Machine learning and deep learning methods are then applied to identify 

individual trees, delineate crown features, and extract structural variables needed for biomass and 

carbon estimation. Model outputs are validated using regression and classification metrics to ensure 

accuracy and consistency, forming an integrated framework that links ground observations, spatial 

data, and predictive modeling. 

 

 
Fig. 2. Workflow of the integrated field and UAV-based deep learning methodology for above-ground 

carbon estimation in rubber plantations. 
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2.2.1. Field Survey and Data Acquisition   

Field Data Collection step is represented by (1) in Fig. 2. Field data were collected from six 

40 × 40 m sample plots established using a stratified random sampling approach to ensure 

representative stand conditions. Within each plot, key tree attributes were measured, including total 

height (H), diameter at breast height (DBH) at 1.30 m, and canopy dimensions in the north–south and 

east–west directions. These measurements were used to estimate above-ground biomass and served 

as reference data for validating the UAV-based models. 

UAV Data Acquisition step is represented by (2) in Fig. 2. High-resolution aerial imagery was 

obtained using a DJI Phantom 4 Pro UAV equipped with a 20-megapixel camera and a 1-inch CMOS 

sensor capable of producing high-quality RGB images. The system includes an integrated GNSS 

module for accurate image geolocation (Angkahad et al., 2025b). Flight missions were conducted 

using Pix4Dcapture with a front overlap of at least 80% and a side overlap of 70% to ensure reliable 

image alignment. The average flight altitude ranged from 80 to 100 m above ground level. Captured 

imagery was processed in Agisoft PhotoScan Professional to produce essential photogrammetric 

outputs—including a dense point cloud, Digital Surface Model (DSM), Digital Elevation Model 

(DEM), and orthophoto—which served as the primary datasets for canopy-height derivation and tree-

crown analysis. 

 

2.2.2. Machine Learning–Based Data Analysis   

The point cloud generated from UAV photogrammetry was used to construct two key spatial 

models: the Digital Elevation Model (DEM), representing the bare-earth surface without above-

ground objects, and the Digital Surface Model (DSM), which includes the height of all surface 

features such as tree canopies and built structures. These models formed the foundational datasets for 

deriving canopy-height information across the study area. 

The Canopy Height Model (CHM) was calculated to represent tree height above ground and 

served as a primary variable for estimating tree-level biomass. CHM was derived by subtracting the 

DEM from the DSM, where the DSM captures the maximum height of surface objects and the DEM 

represents the underlying terrain elevation (Angkahad et al., 2024). The CHM calculation is expressed 

in Equation (1) as follows: 

 

CHM DSM DEM= −  (1) 

 

where CHM is the canopy height model (m), DSM is the digital surface model (m), and DEM is 

the digital elevation model (m). 

The selected canopy metrics were chosen because they represent key structural characteristics of 

plantation trees that are closely related to biomass accumulation and can be used as model inputs. 

Canopy height reflects tree growth and vertical structure, while crown size indicates canopy spread 

and overall tree volume. Tree density provides information about stand structure and competition 

among trees. These variables can be reliably derived from UAV-based photogrammetry and have 

been widely used in biomass estimation studies. Therefore, combining these canopy metrics provides 

meaningful input features for model development. 

Deep learning techniques were applied to UAV-derived aerial imagery to analyze the structural 

characteristics of rubber trees and to perform automatic tree detection and counting. The YOLOv9 

object-detection model was used to identify individual tree crowns from high-resolution RGB images 

captured by the UAV. These RGB images, composed of red, green, and blue spectral bands, served 

as input data for the model. The YOLOv9 framework processed each image to detect the location of 

rubber trees and generated bounding boxes around the identified tree crowns. The detection results 

were then exported into a Geographic Information System (GIS) environment to support spatial 

analysis. Using the Minimum Bounding Geometry (MBG) tool in ArcGIS Pro, the bounding boxes 

were converted into the smallest possible polygons that represent the spatial extent of each individual 

tree crown. This workflow enabled accurate and systematic identification and counting of rubber trees  
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across the plantation. The resulting tree-crown polygons also served as a key spatial layer for 

subsequent biomass and carbon-stock estimation (Angkahad et al., 2024). The model 

hyperparameters were selected based on preliminary testing and commonly recommended settings 

from previous studies. Parameters such as learning rate, batch size, and number of training epochs 

were adjusted to achieve stable training performance and avoid overfitting. The final configuration 

was chosen based on the best validation accuracy obtained during the training process: 

 

1 1 2 2 3 3y x x x= + + +     
(2) 

 

where y is the estimated diameter at breast height (DBH, cm) derived from canopy structural 

characteristics; β₀ is the intercept; β₁, β₂, and β₃ are regression coefficients; x₁ is the canopy dimension 

in the north–south (NS) direction; x₂ is the canopy dimension in the east–west (EW) direction; x₃ is 

tree height derived from canopy structure; and ε is the error term.  
Note: Calculation formulas used: ( ) ( ) ( ) ( )1 2 329.60 -0.88 3.01 -0.129.53y x x x= + + +  

2.2.3. Above-ground Carbon Estimation in Rubber Plantations 

Above-ground carbon (AGC) in the rubber plantation was estimated using the allometric 

equations proposed by Hytönen et al. (2018), as presented in Equations (3–6). 

 

i L LA STUMPM W W W= + +  (3) 

 
2.4990.00193LW DBH=   

 

(4) 

 
2.7830.05155LAW DBH=   

 

(5) 

 
2.4700.02440STUMPW DBH=   

 

(6) 

 

where DBH  is the diameter at breast height measured at approximately 1.3 m above ground 

(cm); iM  is the total above-ground biomass of an individual tree (kg); LW is the above-ground 

biomass of leaves (kg); LAW is the above-ground biomass of stems and branches (kg); and STUMPW is 

the above-ground biomass of the stump and coarse roots (kg). 

 
0.47ABG iC M=   (7) 

 

Carbon stocks were expressed in units of tCO₂. Above-ground biomass was first converted to 

carbon mass using a carbon fraction (CF) of 0.47, and the resulting carbon mass was then converted 

to CO₂ by multiplying by the molecular weight ratio of CO₂ to carbon (44/12). 

2.2.4.  Model Accuracy Assessment 

Assessing the accuracy of the predictive model is essential to ensure that its outputs are reliable 

and consistent with field measurements. In this study, model accuracy was evaluated at two main 

levels. 

The regression-based accuracy assessment quantifies how far the predicted values deviate from 

actual observations using standard statistical metrics. These indicators reflect both the size of 

prediction errors and the model’s ability to explain variation in the dataset. The primary metrics 

used were Mean Absolute Error (MAE), Mean Squared Error (MSE), and the coefficient of 

determination (R²), calculated using Equations 8–10. 
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(10) 

where MAE is the mean absolute error; MSE is the mean squared error; R² is the coefficient of 

determination; n is the total number of samples; 
iy is the observed value (field-measured AGB or  

carbon stock); iy is the value predicted by the model; and y  is the mean of the observed values. 

2.2.5.  Classification-based accuracy assessment 

To evaluate the model performance in assigning rubber trees to specific diameter classes, 

standard classification metrics were applied. This assessment examines how well the model identifies 

and categorizes individual trees. The metrics used include Precision, Recall, F1-score, and overall 

Accuracy. Together, they offer a detailed understanding of the model’s classification behavior and 

error patterns. These metrics were computed following Equations (11)– (14), based on established 

classification theory (Mohan et al., 2017). 

Pr
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Re
TP

call
TP FN

=
+

 

 

(12) 

 

Pr Re
1 2

Pr Re

ecision call
F Score

ecision call


− = 

+
 

 

(13) 

 

TP TN
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TP TN FP FN

+
=

+ + +
 

 

 

(14) 

where TP (true positive) is the number of trees correctly identified; FP (false positive) is the 

number of trees incorrectly identified; FN (false negative) is the number of trees that the model failed 

to identify; and TN (true negative) is the number of trees correctly classified as non-target cases. 

3. RESULTS  

3.1. Field Data Analysis Results 

 

Field data were collected from six 40 × 40 m sample plots within the rubber plantation in Chan 

Chawa Subdistrict, Mae Chan District, Chiang Rai Province. Plot boundaries were established using 

low-error GPS at the four corners and plot center to ensure accurate spatial alignment with UAV-

derived datasets. Within each plot, biometric and structural attributes of all rubber trees were 

recorded, including tree height (H), diameter at breast height (DBH) at 1.30 m, and canopy spread 

along the north–south (NS) and east–west (EW) directions. In total, 474 trees were measured. The 

trees had an average height of about 21 m and an average DBH of 22 cm. Mean canopy widths were 

5 m (NS) and 9 m (EW), showing typical variation in crown structure found in mature rubber stands. 
These field measurements were used to estimate above-ground biomass (AGB) with established 

allometric equations. Biomass values were then converted to above-ground carbon (AGC) using a 
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carbon factor of 0.47. A summary of plot-level biomass and carbon estimates is presented in Table 

1, reflecting the overall stand structure and carbon stock conditions across the sampled area. 
                                                                                                                                          Table 1.  

Summary of Field-Based Biomass and Carbon Estimates. 

Plot Total Biomass of Rubber Trees (kg) Above-Ground Carbon (tCO₂e) 

2 21,597.19 10.15 

4 31,422.85 14.77 

5 32,780.05 15.41 

6 30,169.42 14.18 

7 28,313.47 13.31 

10 29,517.43 13.87 

Total 173,800.41 81.69 

Average 28,966.74 13.61 

Total for Entire Area 25,056,225.99 11,776.43 

 

 The field-based biomass results presented in Table 1 show a clear and meaningful level of 

variation among the six sample plots. Total above-ground biomass ranged from 21,597.19 kg (Plot 2) 

to 32,780.05 kg (Plot 5), indicating substantial differences in stand conditions across the plantation. 

Plot 5 exhibited the highest biomass accumulation, exceeding the lowest plot by more than 11,000 

kg. This difference reflects significant structural variability among plots, driven largely by differences 

in tree size distribution, canopy development, and stand density. Plot 2, which recorded the lowest 

biomass, likely represents areas with younger trees or reduced growth performance. Such variability 

aligns with known patterns of uneven growth often observed in mature rubber plantations, where 

microenvironmental factors and localized management practices influence stand productivity. 

A similar pattern was observed in above-ground carbon (AGC) estimates, which ranged from 

10.15 to 15.41 tCO₂e. Plot 5 again showed the highest carbon stock, consistent with its larger biomass, 

while Plot 2 had the lowest value. The difference of more than 5 tCO₂e across plots suggests a 

statistically meaningful spread in carbon sequestration capacity within the plantation. The mean AGC 

value of 13.61 tCO₂e indicates a moderate overall carbon storage potential for the study area. These 

results highlight that carbon variability is strongly influenced by structural heterogeneity, tree age, 

and site-specific growth dynamics. Collectively, the findings emphasize the importance of accounting 

for spatial variation in biomass and carbon assessments, particularly when scaling plot-level estimates 

to larger landscape units. 

 

3.2. UAV Data Analysis Results 

 

UAV-based carbon estimation was supported by a set of three-dimensional spatial products 

generated through Agisoft PhotoScan. High-resolution UAV images were processed into 

georeferenced outputs, including the Digital Surface Model (DSM), Digital Elevation Model (DEM), 

and Canopy Height Model (CHM). Together, these products provided a detailed view of terrain 

conditions and vegetation structure within the rubber plantation. Examples of these outputs are shown 

in Fig. 3 (a-c). These datasets formed the foundation for extracting canopy height, detecting 

individual trees, and estimating carbon stocks, demonstrating the capability of UAV photogrammetry 

to capture fine-scale structural variation across plantation ecosystems. Fig. 3 shows the DSM 

produced from UAV photogrammetry, representing the elevation of all above-ground features in the 

plantation. Elevation values range from about 329 to 448 meters above mean sea level. Mature, 

densely populated rubber stands appear in green tones, indicating higher elevations near 448 meters. 

In contrast, open fields, grass areas, and canopy-free zones are shown in red tones, representing 

elevations closer to 329 meters. This variation highlights the distribution of canopy height and reveals 

vertical structural differences across the landscape. 
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Fig. 4 presents the DEM, which reflects the bare-earth surface after removing vegetation and 

structures. Ground elevations range from approximately 328 to 436 meters above mean sea level. 

Higher terrain appears in green tones, while lower-lying areas—such as flatlands, depressions, and 

gently sloping surfaces—are shown in red tones. This model offers a clear visualization of underlying 

topographic patterns, which is essential for understanding how terrain influences tree growth and 

stand distribution within the plantation. 

Fig. 5 displays the CHM, capturing the spatial variation in canopy height across the plantation. 

Canopy heights range from about 1 to 33 meters. Areas with tall, mature tree canopies are shown in 

red tones, indicating heights near 33 meters. Open areas or zones lacking tree cover appear in green 

tones, reflecting heights close to 1 meter. This model effectively represents vertical stand complexity 

and provides critical information for analyzing biomass patterns and overall plantation structure. 

 

3.3. Machine Learning and Deep Learning Analysis Results 

 

The machine learning and deep learning analyses produced strong and meaningful results in 

estimating above-ground carbon across the rubber plantation. The spatial products generated by the 

deep learning workflow offered clear insights into structural variation across the landscape. One of 

these outputs, the Deepness Model, highlights patterns that help explain variability in biomass and 

carbon accumulation. Fig. 4 presents the Deepness Model, which divides the study area into equal-

sized grid cells and classifies surface variability into five categories.  

 

 
 

Fig. 4. Deepness Model Illustrating Surface Variability Across the Plantation. 
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The highest-variability areas, shown in red (2.123751–3.444000), indicate zones with 

pronounced elevation differences. These areas often correspond to sections of the plantation where 

micro-topographic shifts influence soil moisture, drainage, and canopy development. Dark orange 

regions (1.048083–2.123750) reflect moderately high variability, while light orange (0.585001–

1.048082) represents moderate variability. Yellow areas (0.269001–0.585000) show minimal 

fluctuation, and the green zones (0.000000–0.269000) represent the most stable and uniform surfaces.  

The spatial patterns—dominated by red and orange classes—suggest a statistically meaningful 

degree of micro-topographic heterogeneity across the plantation. Such variability is known to 

influence stand productivity, leading to measurable differences in tree growth, canopy height, and 

ultimately biomass accumulation. The scattered green patches mark localized stable zones with lower 

structural variation, serving as important reference areas for understanding baseline site conditions. 

Overall, the spatial classification provides key contextual information for interpreting carbon-storage 

patterns across the plantation. 

A comparative evaluation was carried out between field-based biomass and carbon estimates and 

those produced by the deep learning model. Field data, including DBH and tree height, were used to 

compute biomass for individual tree components—leaves, stems, branches, and stumps—using 

standard allometric equations. These values were then converted to carbon using established 

conversion factors. Meanwhile, the deep learning model used UAV-derived structural data to estimate 

biomass and carbon through the trained predictive model. Summary values for both approaches are 

provided in Table 2, which reveals a strong level of agreement between the field-based measurements 

and the estimates generated by the deep learning model. Across all biomass components, the 

differences between the two datasets are relatively small and fall within a range that is considered 

acceptable for ecological and remote-sensing–based carbon assessment. For example, leaf biomass 

differs by about 39,000 kg, while stem and branch biomass—accounting for the largest proportion of 

total biomass—shows a difference of roughly 240,000 kg. Given the scale of the plantation, these 

deviations are minor and indicate that the model captures the overall structural patterns of the stand 

with high fidelity. 

Total above-ground biomass values also show strong alignment: 25.06 million kg from field 

measurements versus 24.76 million kg from the deep learning model. The difference of only about 

1.2% demonstrates the model’s ability to approximate real biomass conditions with a high level of 

accuracy. This agreement carries over to carbon estimates as well. Field-based carbon stock totaled 

11,776.43 tCO₂, while the deep learning model produced 11,639.24 tCO₂—a deviation of less than 

1.2%. The carbon-to-biomass ratios follow the same trend, reflecting consistent estimation 

performance across methods. 

A key indicator of model reliability is the average carbon density. After converting units to 

hectares, the field-based average is 85.06 tCO₂/ha, while the deep learning model yields 84.81 

tCO₂/ha. This extremely small difference (0.25 tCO₂/ha) demonstrates statistical consistency and 

confirms that the model effectively represents carbon distribution at the landscape scale. Such close 

alignment suggests that deep learning can reliably replicate field-derived patterns of biomass and 

carbon accumulation, indicating strong potential for scaling carbon assessments in rubber plantations  

without compromising accuracy. 
                                                                                                                                                       Table 2. 

Comparison of Biomass Components and Above-Ground Carbon Estimates. 

Biomass and Carbon Assessment Parameters Field-Based Estimates Deep Learning Estimates 

Leaf biomass (kg) 320,240.12 280,990.52 

Stem, branches, and above-stump biomass (kg) 21,042,496.13 21,284,651.53 

Stump and root biomass (kg) 3,693,489.74 3,198,708.59 

Total above-ground biomass (kg) 25,056,225.99 24,764,350.63 

Carbon-to-biomass ratio (kgCO₂e) 11,776,426.22 11,639,244.80 

Total carbon stock (tCO₂) 11,776.43 11,639.24 

Average carbon density (tCO₂/ha) 85.06 84.81 
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3.4. Model Accuracy Assessment  

The performance of the UAV-based deep learning model was evaluated using both regression-

based and classification-based metrics, providing a comprehensive assessment of predictive accuracy. 

These complementary evaluations allowed a better understanding of how the model performs under 

variability in tree structure and spatial heterogeneity within the rubber plantation. Regression metrics 

quantified numerical differences between predicted and observed biomass and carbon values, whereas 

classification metrics assessed the model’s ability to assign trees to the correct DBH classes. The 

results are summarized in Tables 3 and 4, and the relationship between predicted and observed 

biomass is illustrated in Fig. 5. Most data points are distributed close to the 1:1 reference line, 

indicating good agreement between model predictions and field measurements. 

 
                                                                                                             Table 3.  

Error Metrics Comparing Model Predictions with Field-Measured Values. 

Regression Analysis Deep Learning 

MAE 1.372 

MSE 2.372 

RMAE 1.165 

 

                                                                                                           Table 4.  

Accuracy Assessment Results of the Deep Learning Model. 

ID Deep Learning 

Precision 1.00 

Recall 0.86 

F1-score 0.925 

Accuracy 92.52% 

 

The regression metrics demonstrate statistically meaningful agreement between model outputs 

and field observations. The MAE of 1.372 and MSE of 2.372 indicate a narrow prediction error range, 

suggesting that the model is highly consistent in estimating above-ground biomass and carbon values. 

These errors fall well below thresholds commonly reported in plantation-based carbon modeling 

studies, indicating high model stability. The RMAE value of 1.165 further reinforces the model’s 

strong predictive capability, showing limited proportional deviation relative to actual measured 

values. Such performance highlights the model’s suitability for operational-scale biomass and carbon 

assessments, particularly in structurally complex plantation systems. 

The classification results reveal high statistical accuracy and strong operational reliability. A 

Precision of 1.00 indicates zero false positives, meaning every detected tree was correctly identified. 

This reflects exceptional model specificity—rarely achieved in dense plantation environments where 

overlapping crowns can increase detection ambiguity. The Recall value of 0.86 shows that the model 

successfully detected the majority of trees present, with only a small fraction missed due to canopy 

overlap or shadowing. The F1-score of 0.925 demonstrates a well-balanced performance between 

Precision and Recall, confirming that the model performs robustly under varying structural 

conditions. The overall detection accuracy of 92.52% highlights the model’s strong potential for 

scalable monitoring applications, particularly for carbon accounting and plantation management. 

Overall, the accuracy assessment confirms that the deep learning model achieves high predictive 

power with statistically reliable performance across both numerical estimation and object-detection 

tasks. The narrow error margins, zero false positives, and high F1-score collectively indicate that the 

model effectively captures structural patterns that drive biomass and carbon variation in rubber 

plantations. These findings support its use as a scientifically robust tool for large-scale carbon stock 

assessment, contributing valuable data for climate reporting, ecosystem monitoring, and precision 

agriculture. 
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Fig. 5. Comparison between model-predicted biomass and field-measured biomass. The dashed line represents 

the 1:1 reference line, and evaluation metrics (R², MAE, and RMSE) are shown within the plot. 

4. DISCUSSION 

This study shows that integrating UAV photogrammetry with geospatial deep learning can 

improve above-ground carbon estimation in rubber plantations. Traditional field surveys often have 

difficulty capturing canopy structure and spatial variability over large areas. In contrast, UAV-derived 

datasets provide detailed information on terrain and canopy characteristics at high spatial resolution. 

The DSM, DEM, and CHM products clearly represented differences in canopy height and stand 

structure across the study plots. These variations were related to differences in tree size, canopy 

spread, and plantation age. The CHM was particularly useful for identifying spatial patterns of canopy 

height that corresponded well with observed biomass and carbon variations. Such patterns are difficult 

to detect using field measurements alone, especially in mature plantations. 

The deep learning results further confirm the effectiveness of the proposed approach. Tree 

detection performance showed high precision and a strong F1-score, indicating reliable identification 

of individual trees. Although recall was slightly lower, this is expected in areas with dense canopy 

where some tree crowns overlap. Overall detection accuracy exceeded 92%, suggesting that the 

method performs well under typical plantation conditions. 

Predicted biomass and carbon values were consistent with field measurements. The differences 

between predicted and observed values were relatively small, indicating that UAV-derived canopy 

variables can effectively represent ground conditions. This agreement is encouraging considering the 

uncertainties associated with both field sampling and photogrammetric processing. The results also 

suggest that terrain variability may influence canopy structure and carbon distribution. Areas with 

greater micro-topographic variation tended to show more complex canopy patterns. This indicates 

that terrain-related factors could be useful variables in future modeling studies. 
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Despite the promising results, some limitations should be considered. Detection accuracy may 

decrease in areas with strong canopy overlap, where individual tree crowns are partially obscured. 

Variations in terrain and lighting conditions may also affect the quality of UAV-derived models and 

influence prediction accuracy. In addition, the model was developed using data from a specific 

plantation environment, which may limit its direct application to other forest conditions without 

further calibration. Future research could improve model robustness by incorporating more diverse 

training data and additional environmental variables. 

The results obtained in this study are comparable with those reported in previous research using 

UAV and machine learning approaches for biomass estimation. Several studies have shown that 

canopy height and crown-related variables derived from UAV data are strongly related to biomass 

and carbon stock. The high agreement observed between predicted and field values in this study is 

consistent with those findings. However, some studies reported lower prediction accuracy in areas 

with complex canopy structures or uneven terrain. The relatively strong performance observed here 

may be related to the integration of canopy metrics with deep learning–based tree detection, which 

helps improve structural representation. These comparisons suggest that the proposed approach 

provides reliable results and contributes to the development of UAV-based biomass estimation 

methods. 

Overall, the findings indicate that geospatial deep learning provides a practical tool for biomass 

and carbon estimation in rubber plantations. The approach reduces field workload, improves spatial 

detail, and supports repeatable monitoring at the landscape scale. This method has strong potential 

for plantation management, carbon accounting, and long-term environmental planning in regions with 

similar conditions. 

5. CONCLUSION 

This research demonstrates that the combination of UAV photogrammetry and geospatial deep 

learning is an efficient method for above-ground carbon estimation in rubber plantations. Through 

integration of field measurements, CHM-driven canopy metrics and YOLO-based tree detection, the 

workflow resulted in carbon estimates closely aligned with ground measurements. The findings 

further give evidence that the UAV-based information on the structure can adequately reflect 

between-tree variability in biomass and carbon. It decreases the demand of intensive field surveying, 

and still obtains high spatial resolution on plot and landscape levels. This makes the approach 

practical for repeated monitoring within plantation environments where time, cost or access limits 

field data collection. The analysis also underscores the importance of including terrain-related 

information as the Deepness Model indicates that micro-topographic variation affects canopy 

structure and carbon distribution. To validate the method, it is suggested that future work trialling the 

proposed approach be conducted on a range of plantations with variable age, management and 

environment. Inclusion of other data sources, such as high-resolution multispectral UAV imagery, 

LiDAR or satellite time series data could be expected to increase the robustness of models assembled 

for mapping in this area. Together, this study illustrates the feasibility of geospatial deep learning as 

an application to biomass and carbon mapping in plantation forestry and associated landcape contexts. 
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ABSTRACT 

Chiang Mai Province, situated in northern Thailand, is experiencing persistent challenges regarding 

seasonal haze and particulate matter (PM2.5) contamination. The primary sources of these emissions 

are agricultural burning practices, particularly the combustion of rice straw and stubble in proximity to 

residential areas. This study aims to (1) assess agricultural burned areas in rice fields using the 

differenced Normalized Burn Ratio (dNBR) derived from Sentinel-2 imagery, and (2) develop a deep 

learning model to detect burned areas from true color satellite imagery (RGB) using the U-Net 

architecture. Sentinel-2 Level-2A images acquired before and after burning events in 2024 were used 

for analysis. The study focused on rice cultivation areas, while clouds, cloud shadows, and water bodies 

were removed using the Scene Classification Layer. Subsequently, the Normalized Burn Ratio (NBR) 

and the Differenced Normalized Burn Ratio (dNBR) were calculated to generate a burned area mask. 

The validation results indicate that a dNBR threshold of ≥ 0.1 is appropriate for the specific context of 

the study area. This mask was used as reference data for training the deep learning model. The U-Net 

model was trained using RGB image tiles and corresponding binary masks, with the final deep learning 

dataset consisting of 2,560 image tiles of 256 × 256 pixels after data augmentation. A spatial hold-out 

strategy was applied to prevent spatial data leakage between training, validation and test datasets. The 

results show that U-Net outperformed DeepLabv3+, achieving an Intersection over Union (IoU) of 

0.9292 and an F1-score of 0.9633, indicating strong capability in detecting small burned patches. 

Spatial analysis revealed that the burned areas accounted for 9.952% of the total image area and 

18.937% of the total cultivated land. These findings suggest that integrating true-color satellite imagery 

with deep learning techniques provides significant potential for monitoring agricultural burning and 

supporting local strategies to mitigate PM2.5 pollution. 
 

Keywords: Deep Learning, Agricultural Burned Area, Normalized Burn Ratio, Satellite Imagery 

1. INTRODUCTION 

Air pollution caused by fine particulate matter (PM2.5) has become a critical environmental and 

public health issue worldwide. In northern Thailand, particularly in Chiang Mai Province, recurrent 

haze episodes are strongly associated with open biomass burning occurring in both forest and 

agricultural areas. Among these sources, agricultural residue burning—especially rice straw 

burning—plays a significant role due to its proximity to urban and peri-urban communities. Previous 

studies have reported that rice residue burning can emit up to 38 ± 22 kilotons of PM2.5 annually, 

while populations in suburban areas experience higher exposure levels compared to those affected by 

distant forest fires (Junpen et al., 2018). Elevated PM2.5 concentrations have also been significantly 

associated with increased hospital admissions related to respiratory and cardiovascular diseases, 

particularly in urban Chiang Mai (Kamton et al., 2019; Jarernwong et al., 2023). In addition, biomass 

burning emissions can be identified through chemical tracers such as potassium, which serves as a 

key indicator of biomass combustion in the atmosphere (Khamkaew et al., 2016). 
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At the global scale, biomass burning represents a major source of atmospheric pollutants, 

contributing significantly to emissions of carbonaceous aerosols and trace gases such as CO and NOₓ 

(Andreae, 2019). It has been estimated that biomass burning releases approximately 2.2 Pg C yr⁻¹, 

with a substantial portion originating from small fires that are often underestimated in conventional 

emission inventories (van der Werf et al., 2017). Regionally, Southeast Asia is recognized as one of 

the most complex aerosol environments, where seasonal haze is driven by interactions among 

emission sources, meteorological conditions, and land-use dynamics (Reid et al., 2013). These haze 

events frequently result in severe air pollution episodes across the region, posing substantial health 

risks, as exposure to PM2.5 has been linked to increased mortality and a wide range of 

cardiopulmonary diseases even at relatively low concentrations (World Health Organization, 2021). 

Despite continuous regulatory efforts, agricultural burning in Chiang Mai remains prevalent, 

particularly during the post-harvest period of rice cultivation. These burning activities typically occur 

between November and December and are characterized by small, fragmented patches distributed 

across agricultural fields near populated areas. Such spatial characteristics contribute to rapid 

increases in local PM2.5 concentrations, emphasizing the importance of accurately detecting and 

monitoring burned areas at fine spatial scales. 

Satellite remote sensing has been widely applied for monitoring biomass burning at regional and 

global scales. Burned area products derived from Moderate Resolution Imaging Spectroradiometer 

(MODIS), such as MCD64A1, provide long-term and consistent global datasets at moderate spatial 

resolution (~500 m) by integrating surface reflectance time series with active fire detections (Giglio 

et al., 2018). Similarly, the Visible Infrared Imaging Radiometer Suite (VIIRS) enhances fire 

detection capability through improved spatial resolution (375 m), allowing better identification of 

small and low-intensity fires (Schroeder et al., 2014). However, both MODIS and VIIRS remain 

limited in detecting small and fragmented agricultural burning due to their coarse spatial resolution, 

leading to potential underestimation of burned areas in smallholder agricultural systems. 

The availability of higher-resolution satellite data, such as Landsat and Sentinel-2 (10–20 m), has 

significantly improved the detection of small burned areas. Sentinel-2, in particular, enables the 

calculation of spectral indices such as the Normalized Burn Ratio (NBR) and differenced NBR 

(dNBR), which are widely used for burned area detection and burn severity assessment. Previous 

studies have demonstrated that Sentinel-2 can detect small-scale agricultural burning that is often 

missed by traditional hotspot data (Chuvieco & Stoyanov, 2023). Furthermore, multi-temporal 

approaches integrating Sentinel-2 data have shown improved accuracy in capturing small burned 

patches, especially those smaller than 100 hectares (Roteta et al., 2019). In the context of Chiang Mai, 

Samphutthanont (2024) demonstrated that dNBR derived from Sentinel-2 can effectively detect 

burned areas in rice fields characterized by low fuel loads and low combustion temperatures, which 

are typically undetectable using conventional hotspot data. Nevertheless, these approaches rely 

heavily on spectral index calculations and often require multiple processing steps. 

Recent advances in deep learning have significantly transformed remote sensing image analysis, 

particularly for semantic segmentation tasks. Convolutional Neural Networks (CNNs), including 

Fully Convolutional Networks (Long et al., 2015) and U-Net architectures (Ronneberger et al., 2015), 

enable pixel-level classification by learning complex spatial features directly from imagery. These 

approaches have demonstrated superior performance compared to traditional machine learning 

methods, particularly in large-scale image analysis (Ma et al., 2019; Zhu et al., 2017). In the context 

of burned area detection, deep learning models have shown strong capability in capturing spatial 

patterns of burned regions, especially when applied to high-resolution satellite imagery (Knopp et al., 

2020; Martins et al., 2022; Hu et al., 2021). For example, CNN-based models applied to Sentinel-2 

data have achieved overall accuracies exceeding 97% and have outperformed conventional machine 

learning approaches (Tonbul et al., 2023). Moreover, integrating True Color (RGB) imagery with 

spectral indices has been shown to further improve model performance (Yılmaz & Kavzoğlu, 2024). 

However, most existing studies rely on multispectral inputs and spectral indices as primary 

features. Research focusing on the direct detection of agricultural burned areas using only True Color 

(RGB) satellite imagery remains limited. This limitation is particularly relevant in regions such as 
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northern Thailand, where agricultural burning occurs in small, fragmented patches within complex 

urban–rural landscapes and directly impacts human health. This gap highlights the need for 

developing flexible, data-driven approaches that can operate effectively using readily interpretable 

imagery and support practical applications in environmental monitoring and policy decision-making. 

Therefore, the objectives of this study are to (1) assess agricultural burned areas in rice fields 

using the differenced Normalized Burn Ratio (dNBR), and (2) develop and evaluate a deep learning-

based approach for detecting agricultural burned areas in rice fields from true color satellite imagery 

in Chiang Mai Province, Thailand. The findings are expected to support improved monitoring of 

PM2.5 emission sources and contribute to more effective haze management strategies at the local 

level.  

2. STUDY AREA  

The study area for this research encompasses the provincial boundaries of Chiang Mai Province 

in northern Thailand, covering a total area of 22,436.07 square kilometers. This region includes 

approximately 5,519.08 square kilometers of agricultural land, accounting for 24.60% of the total 

provincial area (Office of the Permanent Secretary for Agriculture and Cooperatives, Chiang Mai 

Province, 2026), where agricultural burning activities remain prevalent.   

 

 
Fig. 1. Study area in Chiang Mai Province, Thailand, showing the selected districts used to generate the 

training dataset, the distribution of agricultural burned areas, and examples of true color satellite imagery 

(RGB) in four districts. 
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To develop representative training datasets, four districts distributed across the northern, central, 

and southern parts of the province were selected as sample areas: Mae Ai District, Chiang Dao 

District, Doi Saket District, and Hot District. These districts were used to construct spatially 

distributed training datasets for the analysis. The study primarily focuses on detecting agricultural 

burned areas, particularly in rice cultivation fields, using the differenced Normalized Burn Ratio 

(dNBR) and deep learning techniques (Fig. 1). 

3. DATA AND METHODS 

The Data and Methods section begin with the presentation of the conceptual framework (Fig. 2) 

in which Input Data, Processing, dNBR Label generation, respectively, Deep Learning Model, Model 

Evaluation are discussed, and if the accuracy assessment is satisfactory then the procedure ends with 

the final burned area map and other spatial analysis possibilities. 

 
Fig. 2. Conceptual framework of the proposed methodology integrating spectral index-based analysis (dNBR) 

and deep learning (U-Net) for detecting agricultural burned areas from Sentinel-2 imagery. 
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3.1. Satellite Image Data Preparation 

 

This study utilized Sentinel-2 Level-2A (L2A) satellite data, which provide atmospherically 

corrected surface reflectance products suitable for high-resolution analysis of land surface changes.  

In addition, areas obscured by smoke from biomass burning were identified and removed to minimize 

potential interference in the analysis. Data from the post-harvest period of rice cultivation in 2024 

were specifically selected to encompass the intervals immediately before and after the burning of rice 

straw and stubble within the study area. The acquisition dates used for the analysis are summarized 

in Table 1. 

For the calculation of the Normalized Burn Ratio (NBR), Sentinel-2 Level-2A imagery in the 

Short-Wave Infrared (SWIR) and Narrow Near-Infrared (NIR) bands was employed, both having a 

spatial resolution of 20 meters. Meanwhile, Sentinel-2 Level-2A imagery used for True Color 

Composite (RGB), consisting of Band 4 (Red), Band 3 (Green), and Band 2 (Blue), has a spatial 

resolution of 10 meters. 

To ensure that the analysis focused specifically on the target area, all satellite imagery was 

clipped to include only rice cultivation areas using available agricultural field boundary data. This 

spatial masking process helps reduce noise caused by land cover changes in other land-use types, such 

as forested areas or built-up zones, thereby improving the accuracy of burned area detection within 

agricultural landscapes.  

As clouds, cloud shadows, and water bodies may introduce significant uncertainty in spectral 

index calculations, this study utilized the Scene Classification Layer (SCL) provided with Sentinel-2 

data to identify and remove these areas from the analysis. Only pixels classified as non-vegetated 

areas (SCL value = 5) were retained, while pixels corresponding to clouds, cloud shadows, and water 

were excluded. This preprocessing step helps reduce the likelihood of misclassifying non-burned 

areas as burned areas. 

Subsequently, a dataset of 64 satellite images was prepared in True Color Composite (RGB) 

format using Band 4 (Red), Band 3 (Green), and Band 2 (Blue). These images were used both for 

visual interpretation and as input data for the deep learning analysis in the subsequent stage. 

 
Table 1. 

Sentinel-2 satellite images used for pre-fire and post-fire periods. 

District Pre-fire Date Post-fire Date 

Mae Ai District 30-Oct-24 4-Nov-24 

Chiang Dao District 24-Nov-24 4-Dec-24 

Doi Saket District 19-Nov-24 4-Dec-24 

Hot District 30-Oct-24 4-Nov-24 

 

The selection of Sentinel-2 satellite imagery was based on principles appropriate for burned area 

analysis. The acquisition dates were chosen to correspond with periods when agricultural burning was 

observed in the study area. These periods were identified through both field observations and visual 

interpretation of true color satellite imagery, which indicated that burning activities mainly occurred 

between November and December. Subsequently, satellite images acquired during this period that 

were free from obstructions such as clouds or smoke were selected to ensure reliable analysis of 

burned areas. 

 

3.2. Burned Area Analysis Using the dNBR Index  

 

Burned area detection in this study was based on the Normalized Burn Ratio (NBR), a spectral 

index developed to enhance the contrast between burned and unburned surfaces. The index was 

calculated using the reflectance values from the Short-Wave Infrared (SWIR) and Narrow Near-

Infrared (Narrow NIR) bands of Sentinel-2 imagery, as expressed in Equation (1):  
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(1) 

where B12 and B8A represent the surface reflectance values of the SWIR and Narrow NIR bands, 

respectively. 

Subsequently, the differenced Normalized Burn Ratio (dNBR) was calculated by subtracting the 

pre-fire NBR from the post-fire NBR in order to emphasize spectral changes caused by burning 

activities in rice paddy fields. The dNBR was computed as expressed in Equation (2): 

 

(2) 

 

The resulting dNBR values were analyzed together with spatial data of sample rice fields. The 

analysis revealed that rice fields after harvesting or after the burning of rice residues tended to exhibit 

higher dNBR values. However, the burning severity in agricultural areas was generally lower than 

that typically observed in forest fires. In the study area, the maximum dNBR values were also found 

to be lower than the commonly used international threshold for burned area classification (e.g., 0.27 

according to the USGS standard). This finding indicates the necessity of adjusting the classification 

threshold to better align with the specific characteristics of burned rice fields in the study area. 

Several threshold levels were therefore tested based on the dNBR burn severity classification 

proposed by the United States Geological Survey (USGS), which categorizes burn severity into seven 

classes. In this study, areas classified as Moderate-low Severity with dNBR values greater than 0.1 

(dNBR > 0.1) were considered burned areas. This threshold was found to provide the most appropriate 

representation of actual burned areas in rice fields and showed strong agreement with visual 

interpretation derived from true color satellite imagery. 

In addition, True Color satellite composite images were generated using the three visible bands 

of Sentinel-2 imagery, namely Band 4 (Red), Band 3 (Green), and Band 2 (Blue). These composites 

corresponded to the post-fire observation period, which was the same time frame used for the burned 

area classification described above. 

The burned area classification results derived from the dNBR index together with the True Color 

satellite imagery were subsequently used as reference data (labels or ground truth) for training and 

evaluating the deep learning model in the next stage of the study. 

To prepare the dataset for model training and evaluation, the burned area classification results 

from the dNBR analysis and the True Color satellite images were exported as JPEG image files. In 

this study, burned areas identified from the dNBR classification were visualized in red, while non-

burned areas were represented in white. For the True Color composite images, the display settings 

were adjusted using Standard Deviation Stretch to enhance visual contrast. 

The satellite image samples were extracted as square image patches, with 16 images selected 

from each district, covering the four study districts: Mae Ai, Chiang Dao, Doi Saket, and Hot. In total, 

64 image samples were generated, consisting of 64 burned area masks and 64 corresponding True 

Color images. Each image patch represents an area of 500 × 500 meters at a map scale of 1:5,000, 

with a map layout size of 10 × 10 centimeters. The exported images were produced at a resolution of 

602 pixels (153 dpi) for use in deep learning model training and evaluation.   
In addition to the continuous dNBR values, burn severity can be categorized into discrete classes 

to facilitate interpretation and comparison across different areas. The classification framework widely 

adopted by the United States Geological Survey (USGS) is based on the Landscape Assessment (LA) 

methodology developed by Key and Benson (2006), which integrates remote sensing indices with 

field-based observations such as the Composite Burn Index (CBI). In this framework, burn severity 

is defined as the magnitude of ecological change caused by fire, rather than the intensity of the fire 

itself, emphasizing the post-fire effects on vegetation, soil, and ecosystem structure. 

NBR =
B12 − B8A

B12 + B8A
 

dNBR = NBRpost-fire −NBRpre-fire 
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The USGS classification scheme uses dNBR values derived from pre- and post-fire NBR images 

to represent the degree of change caused by fire. These values are then stratified into several burn 

severity levels, typically including unburned, low, moderate-low, moderate-high, and high severity 

classes. This approach enables the spatial representation of fire effects across landscapes and allows 

for consistent comparison of burn severity across different regions and time periods (Key & Benson, 

2006). 

However, previous studies have highlighted limitations associated with using absolute dNBR 

thresholds across heterogeneous landscapes. Miller and Thode (2007) demonstrated that the 

magnitude of dNBR is strongly influenced by pre-fire vegetation conditions, which may lead to 

misclassification of burn severity when applying uniform thresholds. For example, areas with sparse 

vegetation may exhibit low dNBR values even after complete biomass loss, while densely vegetated 

areas may show high dNBR values under similar fire effects. This suggests that burn severity should 

be interpreted as a relative measure of ecological change rather than an absolute spectral difference. 

To address this issue, Miller and Thode (2007) proposed the use of a relative version of dNBR 

(RdNBR), which normalizes the change relative to pre-fire conditions, thereby improving the 

comparability of burn severity across different vegetation types and landscapes. Although RdNBR 

provides advantages in heterogeneous environments, the conventional dNBR-based classification 

remains widely used due to its simplicity and operational applicability, particularly in large-scale 

assessments where field calibration data may be limited. In this study, the dNBR classification 

approach is adapted to the context of agricultural burning in rice paddy fields. Given the relatively 

low biomass and rapid post-harvest changes in these areas, the standard USGS thresholds may not be 

directly applicable. Therefore, an adjusted threshold (dNBR > 0.1) is employed to identify burned 

areas, ensuring that small-scale and low-intensity agricultural burns can be effectively detected while 

maintaining consistency with the conceptual framework of burn severity classification. 

 

3.3. Deep Learning Analysis 

 

This research employs a deep learning approach to develop a method for detecting agricultural 

burned areas from true color satellite imagery (RGB). The analysis focused on pixel-level 

segmentation in order to accurately delineate the boundaries of small burned patches commonly found 

in agricultural fields. The input data consisted of RGB image tiles with a size of 256 × 256 pixels, 

accompanied by binary masks (1 = burned area, 0 = other areas) for supervised learning. 

To ensure robust model evaluation and avoid spatial autocorrelation, the dataset was divided into 

training, validation, and testing sets using a spatial hold-out strategy. This approach ensures that the 

performance metrics reflect the model’s generalizability to unseen geographic areas. Prior to model 

training, several preprocessing steps were performed to standardize the data. These included resizing 

the images to a consistent dimension, normalizing pixel values to an appropriate range for model 

training, and conducting random quality checks to verify the correct alignment between input images 

and their corresponding masks. 

The deep learning model used in this study was the U-Net architecture, which is widely 

recognized for its effectiveness in image segmentation tasks. The U-Net model is capable of capturing 

both global contextual information and fine spatial details through the use of skip connections that 

link encoder and decoder layers. Although advanced architectures such as Attention U-Net and ResU-

Net have been proposed in recent studies, the standard U-Net was selected in this research due to its 

computational efficiency, architectural simplicity, and proven effectiveness in small dataset scenarios. 

These characteristics make it particularly suitable for practical implementation in local-scale 

applications and resource-constrained environments. The model output is a probability map 

representing the likelihood that each pixel belongs to a burned area. This probability map is 

subsequently converted into a binary mask for burned area estimation. To improve model robustness, 

data augmentation techniques were applied during training, including image flipping, rotation, and 

slight brightness adjustments. Model performance was continuously monitored using the validation 

dataset to identify the optimal model during training. 
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Model performance was evaluated using standard metrics that assess both classification accuracy 

and the capability of detecting burned areas. Additionally, the reliability of the results was assessed 

by comparing burned area detection from the U-Net model and the DeepLabv3+ model (using a True 

Color image acquired on 24 December 2024) with burned area classifications derived from field 

observations combined with dNBR analysis (using images from 4 and 24 December 2024 

representing pre-fire and post-fire conditions, respectively). The comparison focused on a sample 

burned rice field area observed on 21 December 2024 in Doi Saket District, Chiang Mai Province, as 

illustrated in Fig. 3. Furthermore, a comparative analysis was performed to determine quantitative 

performance metrics, including Intersection over Union (IoU), Precision, Recall, F1-score, and 

Overall Accuracy, as presented in Table 2. 

 

 

Fig. 3. Validation framework for burned area detection: (A) location of the study site, (B) field survey 

observations, (C) Sentinel-2 true color imagery, (D) reference burned area from field data, and (E) U-Net 

segmentation results in rice paddy fields, Doi Saket District, Chiang Mai Province, Thailand. 

The deep learning dataset consisted of 2,560 samples, including RGB image tiles and their 

corresponding binary burn masks derived from Sentinel-2 True Color imagery. The original dataset 

was divided using a spatial hold-out strategy into training, validation, and test sets to reduce spatial 

data leakage and improve model generalization. Specifically, the training set contained 896 image 

tiles and 896 corresponding masks (70%), while the validation set included 256 image tiles and 256 

masks (20%), and the test set consisted of 128 image tiles and 128 masks (10%).  

To improve model robustness and increase sample diversity, data augmentation was applied only 

to the training dataset using three techniques: horizontal flipping, vertical flipping, and rotation. After 

augmentation, the total number of samples used in the deep learning analysis increased to 2,560. 

The U-Net model was trained using the Adam optimizer due to its computational efficiency and 

stability in deep learning applications. The learning rate was set to 0.0001 to ensure stable 

convergence during training, and a batch size of 16 was used to balance computational efficiency and 

segmentation performance. To address class imbalance between burned and non-burned pixels, a 
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hybrid loss function combining Binary Cross-Entropy (BCE) and Dice loss was employed to improve 

the model’s ability to accurately detect and delineate small burned areas. The model was trained for 

100 epochs while monitoring both training and validation performance to reduce overfitting and 

ensure convergence. 

4. RESULTS  

4.1. Model Performance 

The results of this study demonstrate that the U-Net model can effectively detect agricultural 

burned areas in rice paddies from true color satellite imagery (RGB), achieving high performance 

(IoU = 0.9292; F1-score = 0.9633). As presented in Table 2, the model outperformed DeepLabv3+ 

in the context of smallholder agricultural landscapes in Chiang Mai Province.  
Table 2. 

Quantitative performance metrics of the U-Net and DeepLabv3+ models. 

Model IoU Precision Recall F1-score Overall Accuracy 

U-Net 0.9292 0.9292 0.9999 0.9633 0.9292 

DeepLabv3+ 0.8664 0.8664 0.9999 0.9284 0.8664 

 

4.2. Training Behavior of the Model 

The training results indicate that the training IoU increased rapidly during the early stages of 

training and gradually stabilized at a high level in the subsequent epochs, suggesting that the model 

was able to effectively learn the spatial patterns of burned areas from the training dataset (Fig. 4).  

Meanwhile, the validation IoU showed a similar increasing trend during the initial training phase 

and then fluctuated within a relatively stable range throughout the training process. This behavior 

indicates that the model was capable of transferring the learned knowledge to unseen data, although 

some fluctuations occurred due to the class imbalance between burned and non-burned areas. For the 

graph on the right, the training loss decreased continuously and eventually converged, clearly 

demonstrating the convergence of the model during training. 

 

 
Fig. 4. Training and validation curves of the U-Net model over 100 epochs: Training IoU and Validation IoU 

(left), and Training loss and Validation loss (right). 

 

In contrast, the validation loss decreased during the early stage and then fluctuated at a slightly 

higher level than the training loss, which is a common characteristic in spatial image segmentation 

tasks with imbalanced class distributions. Importantly, no consistent upward trend in validation loss 

was observed, indicating that the model did not exhibit severe overfitting during training. 
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Overall, the graphs presented in Fig. 4 demonstrate that the developed U-Net model exhibited 

stable training behavior, effectively learned the spatial patterns of burned areas from true color 

satellite imagery, and showed good generalization capability for detecting burned areas in real 

agricultural landscapes. 

4.3. Spatial Distribution of Agricultural Burning 

The classification of burned areas within rice paddies were classified using the U-Net model in 

five selected locations where rice cultivation covered more than 50% of the area. These sites are 

distributed across rice-growing regions in Chiang Mai Province, Thailand. The analysis used Sentinel-

2 True Color imagery acquired on 24 December 2024 as the input dataset (Fig. 5). 

 

 
 

Fig. 5. Locations of the burned area analysis sites where rice paddy density exceeds 50% within Chiang Mai 

Province, True Color Sentinel-2 imagery acquired on 24 December 2024, and the burned area classification 

results generated by the U-Net deep learning model. 
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Regarding the spatial analysis results of burned areas were evaluated using a threshold value ≤ 

50 (black color). The results indicate that the proportion of burned pixels accounted for 9.952% of the 

total image area, equivalent to approximately 2.4880 km². The cultivated region covered 52.441% of 

the total image area, corresponding to approximately 13.1102 km². Within the cultivated region, 

burned areas accounted for 18.937%, equivalent to approximately 2.4826 km². These findings 

illustrate the spatial distribution and extent of burned areas within agricultural fields, highlighting the 

direct impact of agricultural burning activities on cultivated land, as shown in Fig. 5. 

5. DISCUSSION 

These findings are consistent with previous studies highlighting the potential of Convolutional 

Neural Network (CNN) models for burned area classification using Sentinel-2 imagery. For example, 

Tonbul et al. (2023) reported an overall accuracy of 97.53% and demonstrated that deep learning 

models outperform traditional machine learning approaches. However, the study by Tonbul et al. 

(2023) utilized multispectral data and spectral indices as input variables. In contrast, the present study 

demonstrates that even when using only RGB imagery, the model is still capable of effectively 

learning the spatial characteristics associated with burned area patterns. 

When considered together with the study of Samphutthanont (2024), which applied the dNBR 

index derived from Sentinel-2 imagery to detect small burned areas in rice fields that were not 

captured by conventional hotspot datasets, the present research further advances the methodology by 

using dNBR results with a threshold adapted to rice field conditions (dNBR ≥ 0.1) as reference data 

for training the deep learning model. This approach reflects an integration of spectral index-based 

analysis and deep learning techniques, representing a transition from traditional rule-based processing 

toward data-driven learning methods. 

Furthermore, when compared with the approach proposed by Pinto et al. (2021), which integrates 

Sentinel-2 imagery with VIIRS hotspot data to improve temporal completeness, that method is 

particularly suitable for monitoring large-scale fires at the regional level. However, such approaches 

may still face limitations in detecting small and fragmented agricultural burned areas, particularly rice 

residue burning in small-scale rice paddy fields. In contrast, the findings of this study suggest that 

deep learning approaches may offer greater potential for detecting small burned patches at the field 

scale, where coarse-resolution hotspot datasets (250–1000 m) are limited in their ability to capture 

such small burning events. 

Regarding model generalization, the use of a spatial hold-out data splitting strategy helps reduce 

spatial leakage and improves the reliability of model evaluation. This approach is consistent with the 

recommendations of Anand et al. (2024, 2025), who emphasized the importance of domain adaptation 

when applying deep learning models to new geographic contexts. 

The spatial analysis results indicate that burned areas accounted for 9.952% of the total image 

area and 18.937% within cultivated regions. These findings are consistent with previous evidence 

showing that agricultural residue burning plays a significant role in contributing to PM2.5 pollution 

in Chiang Mai (Junpen et al., 2018; Kamton et al., 2019; Jarernwong et al., 2023; Khamkaew et al., 

2016). This study demonstrates a methodological progression from spectral index-based analysis 

(Samphutthanont, 2024) to deep learning approaches applied to RGB satellite imagery, highlighting 

the strong potential of such methods for operational monitoring of agricultural burning and supporting 

effective PM2.5 management at the local scale. 

However, several limitations should be acknowledged. First, the dataset size remains relatively 

limited, consisting of a finite number of image patches derived from selected study areas, which may 

contribute to the high accuracy observed. Second, the use of masked rice cultivation areas, while 

beneficial for reducing noise, may reduce classification complexity and limit the model’s applicability 

to more heterogeneous landscapes. Third, the presence of smoke during active burning events may 

obscure surface features in optical imagery, potentially affecting detection accuracy, and was not 

explicitly addressed in the current model. Another important limitation relates to the temporal 

dynamics of agricultural burning. In rice cultivation systems, burned surfaces may change rapidly 

after burning due to plowing, irrigation, vegetation regrowth, or post-harvest land preparation 
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activities. As a result, burn scars may only remain detectable for a short period of time. Since this 

study primarily relied on satellite imagery acquired during specific observation periods, some short-

duration burning events may not have been fully captured. Incorporating multi-temporal satellite 

observations could improve the ability to monitor the temporal evolution of agricultural burning and 

enhance detection reliability. 

Overall, the high model performance may partly reflect the simplified classification conditions 

introduced by masking and homogeneous land cover characteristics. Consequently, the model may 

require further validation in more complex and heterogeneous environments to ensure its robustness 

and generalizability. 

Future work in this study should explore multi-temporal data integration, cross-regional 

validation, and the incorporation of atmospheric correction and smoke-robust preprocessing 

techniques to enhance model performance under varying environmental conditions, particularly in the 

presence of haze and smoke. 

6. CONCLUSIONS 

This study developed an integrated approach combining spectral index analysis (dNBR) and deep 

learning applied to true color satellite imagery to systematically detect agricultural burned areas in 

Chiang Mai Province, Thailand. The developed U-Net model demonstrated high precision and 

training stability in detecting small burned areas from true color (RGB) satellite imagery and exhibited 

stable training performance. In addition, the model showed good generalization capability when 

applied to new areas, indicating its robustness for operational applications. 

Spatial analysis revealed that burned areas were distributed as small fragmented patches within 

cultivated fields, with a substantial proportion of burned areas occurring within agricultural zones. 

These findings highlight the important role of agricultural burning in contributing to local PM2.5 

concentrations. In conclusion, the application of deep learning techniques to true color satellite 

imagery provides an effective approach for detecting agricultural burned areas at the field scale. This 

method offers significant potential as a practical tool for supporting air quality management and haze 

mitigation, particularly in Chiang Mai Province and other agricultural regions with similar 

environmental and land-use characteristics. 
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ABSTRACT 

Lithology is commonly incorporated into landslide susceptibility models as a categorical map variable, 

although this representation may not adequately express the mechanical behaviour of slope-forming 

materials. To improve the physical interpretability of lithological information without substantially 

changing the conventional GIS-based modelling workflow, this study introduces a shear-strength-

informed lithological standardization approach for landslide susceptibility assessment in a 

mountainous road-corridor environment. Conventional lithological groups were converted into a 

Lithological Weakness Index (LWI) derived from laboratory-measured cohesion and internal friction 

angle from 58 samples, and the index was integrated into a Random Forest modelling framework. The 

approach was tested along National Road QL279 in Lao Cai Province, northern Vietnam, using 

topographic, environmental, rainfall, geological, hydrological, infrastructural and landslide-inventory 

data. The RF-LWI model achieved an AUC-ROC of 0.936, accuracy of 0.865 and F1-score of 0.847 

on the independent testing dataset, with a mean cross-validated AUC-ROC of 0.943. High and very 

high susceptibility classes covered 52.71% of the study area. Compared with the model using 

conventional reclassified lithology, the LWI-based model produced only a modest improvement in 

predictive performance, but it provided a more mechanically meaningful and interpretable 

representation of lithological control. The results indicate that shear-strength-derived lithological 

standardization is useful mainly as a refinement of the geological predictor rather than as a source of 

large accuracy gains. This approach may support more transparent GIS-based landslide susceptibility 

modelling in mountainous road corridors where lithological heterogeneity and road-related slope 

disturbance interact. 
 

Keywords: Landslide susceptibility; Lithological Weakness Index; Shear strength; Random Forest; 

GIS-based modelling. 

 

 

1. INTRODUCTION 

 

Landslides are common geomorphic hazards in mountainous regions, where slope instability is 

controlled by interactions among relief, lithology, rainfall, drainage, vegetation cover and human 

disturbance. Their consequences are particularly significant along mountain road corridors, because 

slope failures may disrupt transport, damage infrastructure, increase maintenance costs and reduce 

access to local communities. In such settings, landslide susceptibility mapping provides a spatial basis 

for identifying terrain sectors with different propensities to failure and for supporting road 

maintenance, land-use planning and disaster-risk reduction (Guzzetti et al., 1999; Fell et al., 2008; 

Van Westen et al., 2008; Reichenbach et al., 2018). 
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The development of remote sensing, GIS and spatial modelling has improved the representation 

of landslide-conditioning factors at regional and corridor scales. Digital elevation models, satellite 

imagery, land-cover datasets, gridded rainfall products and geological maps are frequently combined 

to describe topographic, hydrological, environmental, lithological and anthropogenic controls on 

slope instability (Drusch et al., 2012; Funk et al., 2015; Brown et al., 2022). Recent studies have 

applied GIS, remote sensing, multi-criteria evaluation, machine learning and spatial analysis to 

landslide susceptibility, landslide vulnerability, flash-flood hazard and disaster-risk mapping in 

diverse mountain environments (Zhanabayev et al., 2024; Dahmani et al., 2025; Edial et al., 2025). 

These studies demonstrate the importance of spatially explicit and technically reproducible 

approaches for natural-hazard assessment. 

Among data-driven approaches, machine-learning algorithms have been widely used in landslide 

susceptibility modelling because they can represent nonlinear relationships between landslide 

occurrence and multiple conditioning variables. Random Forest is among the most frequently applied 

algorithms, as it can handle mixed data types, reduce sensitivity to noisy predictors and provide 

variable-importance measures that support geomorphological interpretation (Breiman, 2001; Catani 

et al., 2013; Chen et al., 2018; Merghadi et al., 2020; Ado et al., 2022). However, the reliability of 

machine-learning susceptibility models depends not only on the algorithm, but also on the quality of 

the landslide inventory, the definition of non-landslide samples, the spatial resolution and scale of 

input factors, the treatment of class imbalance and the validation strategy (Conoscenti et al., 2016; 

Steger et al., 2017; Tanyu et al., 2021; Gu et al., 2023; Gu et al., 2024; Kanwar et al., 2025). These 

issues are especially relevant in road-corridor studies, where landslide and non-landslide samples may 

occur within narrow terrain belts affected by slope cutting, drainage modification and short-distance 

changes in lithology. 

One remaining issue concerns how lithological information is represented in susceptibility 

models. Lithology is commonly used as a categorical predictor derived from geological maps. 

Although this representation is practical, it does not always express the mechanical behaviour of 

slope-forming materials. Geological units with different names may have comparable strength 

properties after weathering, whereas units assigned to the same lithological class may differ in 

cohesion, internal friction angle, discontinuity conditions, weathering grade and permeability. As a 

result, the direct use of nominal lithological classes can limit the physical interpretation of geological 

control in statistical or machine-learning susceptibility models (Bunn et al., 2020; Segoni et al., 2020; 

Yu et al., 2021). 

A more interpretable lithological predictor should be linked, where data allow, to material 

properties that influence slope resistance. Cohesion and internal friction angle are particularly relevant 

because they are directly associated with shear strength. Cohesion reflects the bonding or cementation 

component of shear resistance, whereas the internal friction angle represents frictional resistance 

along potential failure surfaces. Previous studies have emphasized that geological and rock–soil 

factors can improve landslide susceptibility assessment when they are parameterized in relation to 

material behaviour rather than used only as map-based categories (Bunn et al., 2020; Segoni et al., 

2020; Yu et al., 2021).  

Nevertheless, laboratory-derived shear-strength parameters are still rarely incorporated into GIS-

based susceptibility models as a standardized lithological variable. This gap is important because a 

shear-strength-informed lithological variable may improve the interpretability of the geological 

predictor, even if the resulting gain in predictive accuracy is modest. This issue is particularly relevant 

for mountainous road corridors, where lithological heterogeneity, slope cutting, modified drainage 

and rainfall-induced processes interact within narrow spatial zones. 

Northern Vietnam provides a suitable setting for examining this problem. The mountainous part 

of the country is characterized by steep relief, deeply dissected valleys, monsoonal rainfall, complex 

geological conditions and expanding transport infrastructure. Previous studies have shown the 

usefulness of GIS, remote sensing and spatial modelling for landslide, flash-flood and disaster-risk 

assessment in this region (Bui et al., 2011; Kieu and Tran, 2021; Kieu and Ngo, 2022; Do et al., 2025; 

Kieu and Tran, 2025). However, limited attention has been given to whether conventional lithological  
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classes can be refined by using measured shear-strength properties before their integration into 

machine-learning susceptibility models. In corridor-scale studies, this refinement should be 

interpreted as a practical group-level standardization of lithological weakness rather than as a 

complete geotechnical characterization of each geological unit. 

This study addresses this issue by proposing a shear-strength-informed lithological 

standardization approach for GIS-based landslide susceptibility modelling in a mountainous road 

corridor. The study converts reclassified lithological groups into a Lithological Weakness Index 

derived from laboratory-measured cohesion and internal friction angle, and then tests whether this 

standardized lithological variable improves Random Forest susceptibility modelling compared with 

conventional lithological representation. The proposed index is intended as a transparent proxy for 

relative lithological weakness and as a refinement of the geological predictor, not as a replacement 

for field-based engineering-geological investigation. The approach is evaluated along a mountainous 

road corridor in northern Vietnam using a multi-source spatial database, a landslide inventory, 

geomechanical samples and repeated model validation. The specific objectives are: (1) to prepare a 

GIS-based database of landslide-conditioning factors for a mountainous road corridor; (2) to derive a 

shear-strength-based Lithological Weakness Index for reclassified lithological groups; (3) to develop 

and validate a Random Forest landslide susceptibility model; and (4) to compare the performance of 

conventional lithology and shear-strength-standardized lithology. By linking lithological 

representation to measured material strength, the study aims to improve the physical interpretability 

of the geological predictor while retaining a transferable GIS-based workflow for landslide 

susceptibility assessment in mountainous transport corridors. 

2. STUDY AREA 

The study area is located along National Road QL279 in Lao Cai Province, northern Vietnam 

(Fig. 1), within the mountainous upper Red River region.  

 

 

 
 

Fig. 1. Location of the study area along National Road QL279, Lao Cai Province, northern Vietnam. 
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The corridor crosses steep hillslopes, narrow valleys and strongly dissected terrain typical of the 

northwestern uplands of Vietnam. This road-corridor setting is characterized by short-distance 

variations in relief, lithology, drainage conditions and human disturbance, making it suitable for 

examining landslide susceptibility at a corridor scale.  

National Road QL279 is an important transport corridor connecting mountainous districts in 

northern Vietnam. Within Lao Cai Province, it passes through terrain where steep slopes, short 

drainage lines and heterogeneous slope materials occur over short distances. Landslides along this 

corridor may interrupt traffic, damage road infrastructure and reduce access to settlements and 

production areas, particularly during the rainy season. Similar conditions have been reported in other 

mountainous areas of northern Vietnam, where slope failures are commonly associated with steep 

topography, concentrated rainfall, weathered materials and human modification of hillslopes (Bui et 

al., 2011; Kieu and Tran, 2021; Kieu and Ngo, 2022; Do et al., 2025). 

The regional relief is shaped by the Hoang Lien Son and Con Voi mountain systems and by the 

incision of the Red River and its tributaries. Elevation changes rapidly over short distances, producing 

steep valley sides, high local relief and dense drainage networks. These conditions favour 

gravitational instability, runoff concentration and toe erosion along valley slopes and road cuts. In the 

susceptibility model, this terrain setting is represented by DEM-derived variables including elevation, 

slope, aspect, curvature, stream power index and topographic wetness index, which are widely used 

to describe topographic and hydrological controls on landslide occurrence (Guzzetti et al., 1999; Van 

Westen et al., 2008; Reichenbach et al., 2018). These variables are used as spatial conditioning factors 

and should not be interpreted as deterministic predictors of individual landslide events. 

The climate is monsoonal, with rainfall concentrated mainly from late spring to autumn. Seasonal 

rainfall contributes to slope instability by increasing soil moisture, raising pore-water pressure and 

reducing the shear resistance of weathered materials. In northern Vietnam, intense and prolonged 

rainfall has been identified as an important factor in landslides, flash floods and related mountain 

hazards (Kieu and Tran, 2021; Do et al., 2025; Kieu and Tran, 2025). In this study, rainfall is 

represented by the maximum 7-day cumulative rainfall derived from CHIRPS data for the 2017–2025 

period. Because this rainfall product has a coarser native spatial resolution than the common 

modelling grid, it is interpreted as a regional hydrometeorological conditioning factor rather than a 

fine-scale event-triggering variable. 

Geologically, the QL279 corridor crosses sedimentary, metasedimentary, metamorphic and 

intrusive rocks with different weathering characteristics, discontinuity conditions and mechanical 

resistance. These differences influence the strength of slope-forming materials and their hydrological 

response during rainfall infiltration. Because lithological changes occur within a narrow road-corridor 

environment, the area is suitable for testing whether conventional lithological classes can be refined 

using shear-strength information. This issue is consistent with previous observations that geological 

variables are more informative in landslide susceptibility modelling when they are parameterized in 

relation to material behaviour rather than used only as nominal map categories (Bunn et al., 2020; 

Segoni et al., 2020; Yu et al., 2021). However, the geological information should be interpreted within 

the limits of its original map scale, even though it is aligned to the common raster grid for GIS overlay 

and modelling. 

Land cover and human disturbance also contribute to spatial variation in slope stability. 

Vegetation may reduce surface erosion and shallow instability, whereas disturbed surfaces, 

agricultural land and road-construction zones can modify runoff, infiltration and slope geometry. 

Road cuts, embankments and drainage modification are particularly relevant in this corridor because 

they can locally alter slope geometry, runoff pathways and the stability of weathered materials. These 

factors make the QL279 corridor an appropriate setting for integrating satellite-derived land-cover 

information with terrain, rainfall, geological and infrastructural variables in a GIS-based susceptibility 

framework. Overall, the study area provides a representative mountainous road-corridor setting for 

evaluating the proposed shear-strength-informed lithological standardization approach. 
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3. DATA AND METHODS 

3.1. Research design 

This study evaluates whether lithological information can be improved in GIS-based landslide 

susceptibility modelling by incorporating shear-strength parameters. The workflow included four 

steps: (1) preparation of the spatial database and landslide inventory; (2) extraction and preprocessing 

of landslide-conditioning factors; (3) construction of a shear-strength-based Lithological Weakness 

Index (LWI); and (4) Random Forest modelling, validation and comparison between conventional 

lithology and LWI-based lithological representation. 

All spatial datasets were projected to a common coordinate system, clipped to the study area and 

aligned to a 12.5 m raster grid defined by the ALOS PALSAR DEM. This grid was used for spatial 

overlay and modelling consistency. It does not imply that all input datasets have the same original 

spatial accuracy, especially rainfall data and geological information. Therefore, the 12.5 m grid should 

be understood as a common computational grid for GIS overlay, sampling and modelling, rather than 

as an indication of the native spatial resolution, positional accuracy or thematic detail of all predictors. 

3.2. Spatial database and conditioning factors 

A multi-source spatial database was prepared to represent the main controls on landslide 

occurrence along the QL279 road corridor. Thirteen conditioning factors were used: elevation, slope, 

aspect, curvature, stream power index (SPI), topographic wetness index (TWI), normalized difference 

vegetation index (NDVI), land use/land cover (LULC), maximum 7-day cumulative rainfall, lithology 

or LWI, distance to roads, distance to rivers and distance to faults. These variables describe terrain 

morphology, runoff concentration, vegetation condition, land cover, rainfall, geological setting and 

anthropogenic disturbance, which are widely used in landslide susceptibility studies (Guzzetti et al., 

1999; Fell et al., 2008; Van Westen et al., 2008; Reichenbach et al., 2018). 

Topographic variables were derived from the ALOS PALSAR DEM. Elevation was used 

directly, while slope, aspect, curvature, SPI and TWI were calculated from DEM-derived terrain and 

flow attributes.  
Table 1.  

Summary of datasets and variables used in the study. 

Data source Product/type Original 

resolution/scale 

Period Derived variables 

ALOS PALSAR 

DEM 

Digital elevation 

model 

12.5 m Static Elevation, slope, 

aspect, curvature, SPI, 

TWI 

Sentinel-2A Multispectral 

imagery 

10 m 2017–2025 NDVI 

Dynamic World Land use/land 

cover product 

10 m 2017–2025 LULC 

CHIRPS Gridded 

precipitation 

~5 km 2017–2025 Maximum 7-day 

cumulative rainfall 

Geological/mineral 

map of Lao Cai 

Province 

Lithological and 

structural data 

1:200,000 Static Lithology, faults, 

distance to faults 

Road and river 

networks 

Vector line data Vector Static/updated 

where available 

Distance to roads, 

distance to rivers 

Google Earth Pro Historical imagery Image-

dependent 

2017–2025 Landslide inventory 

Laboratory testing Shear-strength 

parameters 

58 samples Field/laboratory 

campaign 

Cohesion, internal 

friction angle, LWI 
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NDVI was calculated from Sentinel-2A red and near-infrared bands, and LULC was obtained 

from the Dynamic World product (Drusch et al., 2012; Brown et al., 2022). Rainfall was represented 

by the maximum 7-day cumulative rainfall derived from CHIRPS data for 2017–2025.  

Because CHIRPS has an original spatial resolution of approximately 5 km, the rainfall raster was 

resampled only for alignment and was interpreted as a regional hydrometeorological conditioning 

factor rather than a fine-scale triggering variable (Funk et al., 2015). This treatment avoids assigning 

unwarranted fine-scale spatial meaning to the resampled rainfall layer. 

Geological information was compiled from the geological and mineral map of Lao Cai Province 

at 1:200,000 scale. The original lithological units were reclassified into seven lithological groups 

according to lithological similarity, expected mechanical behaviour and the distribution of available 

shear-strength samples. Fault, road and river vector layers were converted into Euclidean distance 

rasters. Categorical layers were resampled using the nearest-neighbour method, whereas continuous 

layers were resampled for alignment with the common modelling grid (Table 1). The geological and 

fault-related variables were therefore used as scale-dependent conditioning factors, and their 

interpretation remains constrained by the original 1:200,000 map scale. 

3.3. Landslide inventory and sample preparation 

The landslide inventory was prepared mainly from Google Earth Pro historical imagery for 2017–

2025. Landslide scars and disturbed slope surfaces were identified by visual interpretation using 

morphological and spectral indicators, including bare or recently disturbed surfaces, arcuate or 

elongated scar forms, downslope accumulation, disrupted vegetation cover and occurrence on steep 

roadside or valley-side slopes. Multi-temporal imagery was checked where available to reduce 

confusion between landslide scars and temporary land-cover changes. Such image-based inventories 

are commonly used in susceptibility modelling where systematic field records are incomplete or 

spatially inconsistent (Guzzetti et al., 2012; Steger et al., 2017). 

Mapped landslide features were converted into landslide-presence samples. In total, 226 landslide 

samples were used for model training, and 94 samples were reserved for independent testing. A 

stratified sample split was used so that landslide and non-landslide classes remained balanced in both 

the training and testing datasets. Accordingly, 226 non-landslide samples were used for training and 

94 non-landslide samples were used for independent testing. 

Non-landslide samples were selected from areas where no landslides were mapped, excluding 

water bodies and cells without valid predictor values. To reduce the probability of selecting 

ambiguous cells close to mapped landslides, a minimum buffer distance of 50 m from the boundary 

of each mapped landslide polygon was applied before generating non-landslide candidate samples. 

This distance corresponds to four 12.5 m grid cells and was considered appropriate for reducing 

boundary uncertainty while retaining sufficient terrain variability within the narrow road-corridor 

setting. Cells located within mapped landslide polygons or within this 50 m buffer zone were excluded 

from the non-landslide sampling pool. 

The non-landslide sampling was spatially constrained to the same road-corridor modelling extent 

used for landslide sampling. Candidate non-landslide cells were required to have valid values for all 

conditioning factors and to fall outside water bodies. No strict matching by slope class or land-cover 

class was applied, because such matching could artificially reduce the environmental contrast between 

landslide and non-landslide conditions. However, the candidate pool was kept within the same 

corridor-scale terrain, lithological and land-cover domain as the landslide samples to ensure that both 

classes were drawn from comparable spatial conditions. Because absence or pseudo-absence selection 

can affect susceptibility estimates, the same sampling design was used for both modelling scenarios 

(Conoscenti et al., 2016; Dou et al., 2020; Gu et al., 2024). This ensured that the comparison between 

RF-Lithology and RF-LWI reflected the effect of lithological representation rather than differences 

in sampling strategy. 
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3.4. Shear-strength-based lithological standardization 

The main methodological contribution of this study is the conversion of lithology from a nominal 

categorical predictor into a shear-strength-informed variable. Laboratory-derived cohesion and 

internal friction angle from 58 samples were used to characterize the seven reclassified lithological 

groups. These parameters were selected because they are directly related to shear resistance and are 

commonly used to describe the mechanical behaviour of slope-forming materials. The number of 

samples per lithological group ranged from 7 to 9, providing a first-order basis for estimating group-

level shear-strength conditions. However, these samples should be interpreted as representative of 

average lithological-group behaviour rather than as a complete description of local variability in 

weathering grade, discontinuity density, groundwater condition or rock-mass structure. 

Cohesion and internal friction angle were first normalized using min–max normalization: 

 

𝑐𝑛𝑜𝑟𝑚 =
𝑐−𝑐𝑚𝑖𝑛

𝑐𝑚𝑎𝑥−𝑐𝑚𝑖𝑛
                                                                              (1) 

 

𝜙𝑛𝑜𝑟𝑚 =
𝜙−𝜙𝑚𝑖𝑛

𝜙𝑚𝑎𝑥−𝜙𝑚𝑖𝑛
                                                                             (2) 

 

where 𝑐𝑛𝑜𝑟𝑚 and 𝜙𝑛𝑜𝑟𝑚 are the normalized cohesion and internal friction angle; 𝑐and 𝜙are the 

measured cohesion and internal friction angle; and the subscripts 𝑚𝑖𝑛 and 𝑚𝑎𝑥 denote the minimum 

and maximum values in the sample dataset. 

A composite Shear Strength Index (SSI) was calculated as: 

 

𝑆𝑆𝐼 = 0.5𝑐𝑛𝑜𝑟𝑚 + 0.5𝜙𝑛𝑜𝑟𝑚                                                                    (3) 

 

Equal weights were used as a neutral and transparent assumption because cohesion and internal 

friction angle represent complementary components of shear strength. Cohesion reflects the bonding 

or cementation component of material resistance, whereas the internal friction angle reflects frictional 

resistance along potential failure surfaces. In the absence of an independent calibration dataset or prior 

evidence supporting unequal contributions of these two parameters for all lithological groups, 

assigning different weights would introduce additional subjectivity. 

The Lithological Weakness Index was then defined as: 

 

𝐿𝑊𝐼 = 1 − 𝑆𝑆𝐼                                                                                  (4) 

 

The LWI ranges from 0 to 1. Higher values indicate weaker lithological conditions, whereas 

lower values indicate stronger mechanical conditions. Mean LWI values were assigned to the 

corresponding lithological groups and rasterized to the 12.5 m grid. This procedure represents 

lithology as a mechanical weakness gradient rather than only as a nominal geological class, following 

recent recommendations that geological and rock–soil information should be parameterized in 

relation to material behaviour when used in susceptibility modelling (Bunn et al., 2020; Segoni et al., 

2020; Yu et al., 2021). The LWI is therefore used as a standardized lithological weakness proxy for 

susceptibility modelling, not as a substitute for detailed site-specific geotechnical investigation. 

3.5. Random Forest modelling 

Landslide susceptibility was modelled using Random Forest, an ensemble-learning algorithm that 

builds multiple decision trees from bootstrap samples and random subsets of predictors (Breiman, 

2001). Random Forest was selected because it can model nonlinear relationships, handle mixed 

predictor types and provide variable-importance measures. It has been widely used in landslide 

susceptibility studies and has shown stable performance in complex terrain (Catani et al., 2013; Chen 

et al., 2018; Merghadi et al., 2020; Ado et al., 2022). 
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The model was configured with 300 trees. At each split, the number of candidate predictors was 

determined using the square-root rule. A balanced subsampling strategy was applied to reduce the 

effect of class imbalance. Two model scenarios were developed using the same training and testing 

samples and the same Random Forest configuration: (1) RF-Lithology, in which lithology was 

represented by the seven reclassified lithological groups; (2) RF-LWI, in which the lithological 

predictor was replaced by the shear-strength-derived LWI. Using identical samples, predictors other 

than lithology, and model settings allowed the effect of lithological representation to be isolated as 

much as possible. 

The RF-LWI model produced a continuous landslide susceptibility probability. For map 

production, this output was classified into five susceptibility levels: very low, low, moderate, high 

and very high, using the natural breaks method. The same classification procedure was used 

consistently for susceptibility mapping and area statistics. The resulting classes represent relative 

susceptibility levels within the study area and should not be interpreted as deterministic hazard classes 

or as estimates of landslide timing or magnitude. 

3.6. Model validation and comparison 

Model performance was evaluated using the independent testing dataset and repeated stratified 

cross-validation. The confusion matrix was used to derive accuracy, precision, recall and F1-score. 

The area under the receiver operating characteristic curve (AUC-ROC) was used as a threshold-

independent measure of discrimination between landslide and non-landslide samples (Chung and 

Fabbri, 2003; Fawcett, 2006; Reichenbach et al., 2018). 

To assess model stability, repeated stratified 5-fold cross-validation with 10 repetitions was 

applied. Mean values, standard deviations and 95% confidence intervals were calculated for AUC-

ROC, accuracy, precision, recall, F1-score and out-of-bag score. The 95% confidence interval of AUC 

on the independent testing dataset was estimated by bootstrap resampling with 1,000 iterations. 

The RF-Lithology and RF-LWI scenarios were compared using the same validation procedure. 

Paired t-tests and Wilcoxon signed-rank tests were applied to the repeated validation results to 

evaluate whether the difference between the two lithological representations was statistically 

meaningful. These paired tests were based on 50 paired validation results obtained from the repeated 

stratified 5-fold cross-validation procedure, calculated as 5 folds × 10 repetitions. Each pair compared 

RF-Lithology and RF-LWI under the same fold and repetition, thereby reducing the influence of 

random data partitioning on the model comparison. 

Variable importance was examined using Gini importance and permutation importance. Gini 

importance measures the average decrease in node impurity, whereas permutation importance 

measures the decrease in model performance after randomly permuting each predictor. Using both 

measures supports a more cautious interpretation of predictor contribution, particularly where 

conditioning factors may be spatially correlated. 

Finally, the classified RF-LWI susceptibility map was evaluated by overlaying landslide samples 

on susceptibility classes and by constructing success-rate and prediction-rate curves. Area statistics 

were calculated for each susceptibility class to quantify the spatial distribution of landslide-prone 

terrain along the road corridor. The overlay and rate-curve analyses were used as complementary 

spatial validation procedures, while the independent testing dataset and repeated cross-validation 

remained the primary basis for quantitative model assessment. 

4. RESULTS  

4.1. Lithological weakness derived from shear-strength standardization 

The shear-strength-based standardization revealed clear differences in relative mechanical 

weakness among the seven reclassified lithological groups. The mean Lithological Weakness Index 

(LWI) ranged from 0.406 to 0.858, indicating that the lithological groups are not equivalent in terms 

of shear-strength-related behaviour. The highest mean LWI was obtained for the coarse clastic/red-
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bed sequence, whereas the lowest value was observed for the carbonate-bearing metasedimentary 

sequence. Intermediate LWI values were found in the fine clastic/coal-bearing sedimentary sequence, 

metasedimentary schist–quartzite sequence, high-grade metamorphic gneiss–amphibolite sequence, 

felsic intrusive–subvolcanic association and mafic to ultramafic intrusive association. 

The high LWI value of the coarse clastic/red-bed sequence mainly reflects its lower mean 

cohesion relative to the other groups. In contrast, the carbonate-bearing metasedimentary sequence 

shows the lowest LWI, indicating comparatively stronger lithological conditions within the 

standardized dataset. Because each lithological group was represented by 7–9 shear-strength samples, 

these values should be interpreted as group-level indicators of relative lithological weakness rather 

than complete geotechnical descriptions of local rock-mass conditions. The results are summarized 

in Table 2. 
Table 2.  

Shear-strength-based Lithological Weakness Index values of reclassified lithological groups. 

Lithological 

group 
Reclassified lithological group n 

Mean 

cohesion 

(kPa) 

Mean 

friction 

angle (°) 

Mean 

LWI 

LWI 

range 

1 
Carbonate-bearing 

metasedimentary sequence 
8 26.128 31.240 0.406 

0.362–

0.456 

2 
Fine clastic / coal-bearing 

sedimentary sequence 
8 30.129 30.598 0.483 

0.285–

0.620 

3 
Coarse clastic / red-bed 

sequence 
9 15.816 30.487 0.858 

0.742–

0.949 

4 
Medium-grade metasedimentary 

schist–quartzite sequence 
8 26.101 30.889 0.501 

0.320–

0.858 

5 
High-grade metamorphic 

gneiss–amphibolite sequence 
9 29.128 30.596 0.507 

0.326–

0.798 

6 
Felsic intrusive–subvolcanic 

association 
7 25.304 30.389 0.655 

0.547–

0.786 

7 
Mafic to ultramafic intrusive 

association 
9 26.729 30.458 0.602 

0.489–

0.767 

4.2. Predictive performance of the RF-LWI model 

The RF-LWI model produced satisfactory predictive performance on the independent testing 

dataset. The confusion matrix included 94 true negatives, 4 false positives, 22 false negatives and 72 

true positives. The model achieved an AUC-ROC of 0.936, with a 95% confidence interval of 0.900–

0.966. Accuracy, precision, recall and F1-score were 0.865, 0.947, 0.766 and 0.847, respectively, and 

the OOB score was 0.879 (Table 3). These results indicate good discrimination and high precision, 

although the recall value shows that some landslide samples were not detected at the selected 

classification threshold. 
Table 3.  

Confusion matrix and performance metrics of the RF-LWI model. 

Model TN FP FN TP 
AUC-

ROC 

AUC 

95% 

CI 

Accuracy Precision Recall 
F1-

score 

OOB 

score 

RF-

LWI 
94 4 22 72 0.936 

0.900–

0.966 
0.865 0.947 0.766 0.847 0.879 

 

The validation results are shown graphically in Fig. 2. The ROC curve confirms good 

discrimination between landslide and non-landslide samples. The confusion matrix also indicates that 

the model produced few false positives, although a number of landslide samples were not detected at 

the selected threshold. 
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Fig. 2. Validation results of the RF-LWI model, including (a) confusion matrix, (b) performance metrics and 

(c) ROC curve. 

 

Repeated stratified 5-fold cross-validation with 10 repetitions confirmed the stability of the RF-

LWI model. The mean cross-validated AUC-ROC was 0.943, with a standard deviation of 0.020 and 

a 95% confidence interval of 0.901–0.974. Mean accuracy, precision, recall and F1-score were 0.884, 

0.942, 0.823 and 0.877, respectively, while the mean OOB score was 0.883 (Table 4). 
 

                                                                                                                              Table 4.  

Repeated stratified 5-fold cross-validation results of the RF-LWI model. 

Metric Mean SD 95% CI 

AUC-ROC 0.943 0.020 0.901–0.974 

Accuracy 0.884 0.030 0.821–0.942 

Precision 0.942 0.037 0.875–1.000 

Recall 0.823 0.049 0.739–0.911 

F1-score 0.877 0.032 0.812–0.939 

OOB score 0.883 0.008 0.869–0.896 

Note: The cross-validation results were obtained from 50 validation runs, 

calculated as 5 folds × 10 repetitions. 

4.3. Effect of shear-strength-based lithological standardization 

The RF-LWI and RF-Lithology models were compared to evaluate the effect of replacing 

conventional reclassified lithology with the shear-strength-derived LWI. On the independent testing 

dataset, the RF-LWI model showed slightly higher values for most performance metrics. AUC-ROC 

increased from 0.935 to 0.936, accuracy from 0.849 to 0.865, precision from 0.933 to 0.947, recall  
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from 0.745 to 0.766 and F1-score from 0.828 to 0.847. The number of false positives decreased from 

5 to 4, and false negatives decreased from 24 to 22 (Table 5). These differences indicate a modest 

improvement rather than a substantial change in predictive performance. 

 
Table 5.  

Comparison of Random Forest model performance using reclassified lithology 

and shear-strength-derived Lithological Weakness Index. 

Model 
Lithological 

variable 
TN FP FN TP 

AUC-

ROC 
Accuracy Precision Recall 

F1-

score 

RF-

Lithology 

Reclassified 

lithology 
93 5 24 70 0.935 0.849 0.933 0.745 0.828 

RF-LWI 
Shear-strength-

derived LWI 
94 4 22 72 0.936 0.865 0.947 0.766 0.847 

 

The repeated validation results were also compared statistically. The AUC-ROC difference 

between RF-LWI and RF-Lithology was significant according to both the paired t-test and the 

Wilcoxon signed-rank test. In contrast, the F1-score difference was not statistically significant. These 

results indicate that the LWI-based representation improved model discrimination, while the overall 

classification improvement remained limited. The statistical comparison is presented in Table 6. 
 

Table 6.  

Statistical comparison between RF-Lithology and RF-LWI models based 

on repeated validation results. 

Metric Statistical test 
Difference RF-LWI − RF-

Lithology 

p-

value 
Result 

AUC-

ROC 
Paired t-test 0.0065 0.043 Significant 

AUC-

ROC 

Wilcoxon signed-rank 

test 
0.0065 0.035 Significant 

F1-score Paired t-test −0.0022 0.322 
Not 

significant 

F1-score 
Wilcoxon signed-rank 

test 
−0.0022 0.317 

Not 

significant 

Note: The paired tests were based on 50 paired validation results obtained 

from repeated stratified 5-fold cross-validation with 10 repetitions. 

4.4. Landslide susceptibility pattern 

The RF-LWI model was used to generate the final landslide susceptibility map. The predicted 

susceptibility values were classified into five levels: very low, low, moderate, high and very high. 

The map shows that high and very high susceptibility classes are mainly distributed along steep 

valley-side slopes, road-adjacent sectors and areas where weak lithological conditions coincide with 

drainage concentration (Fig. 3). 

The area statistics indicate that the very high susceptibility class occupies 215.180 km², 

corresponding to 35.08% of the study area. The high susceptibility class covers 108.108 km², or 

17.63%. Together, the high and very high susceptibility classes account for 52.71% of the study area. 

The moderate, low and very low classes account for 14.84%, 26.72% and 5.73%, respectively. These 

statistics are presented in Table 7. 
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                                                                                                 Table 7.  

Area statistics of landslide susceptibility classes. 

Class Susceptibility level Pixel count Area (km²) Area (%) 

1 Very low 224,779 35.122 5.73 

2 Low 1,049,006 163.907 26.72 

3 Moderate 582,557 91.025 14.84 

4 High 691,890 108.108 17.63 

5 Very high 1,377,149 215.180 35.08 

 

 

 
 

Fig. 3. Landslide susceptibility map generated by the RF-LWI model. 

4.5. Spatial validation and variable importance 

The spatial validation was conducted by overlaying the training and testing landslide samples on 

the RF-LWI susceptibility map. Most landslide samples are located within the high and very high 

susceptibility classes, indicating spatial consistency between the model output and the observed 

landslide distribution (Fig. 4). 

The success-rate and prediction-rate curves provide additional information on the distribution of 

landslide samples across susceptibility values. The curves show that landslide samples are 

concentrated within the upper susceptibility ranges. The success-rate curve reflects the fit to the 

training samples, whereas the prediction-rate curve reflects model performance on the independent 

testing samples (Fig. 5). 

Variable-importance analysis indicates that slope was the most influential predictor in the RF-

LWI model. Other relevant variables included distance to roads, rainfall, LWI, distance to rivers and 

selected terrain indices. The Gini and permutation importance measures produced broadly consistent 

patterns, although the relative ranking of some variables differed (Fig. 6). 
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Fig. 4. Spatial validation of the landslide susceptibility map using observed landslide inventory points. 

Training and testing samples are overlaid on the susceptibility map. 

 

 

 
 

Fig. 5. Success-rate and prediction-rate curves of the landslide susceptibility model: (a) success-rate curve 

derived from training landslide samples and (b) prediction-rate curve derived from independent testing samples. 
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Fig. 6. Variable importance of conditioning factors: (a) Gini importance derived from the Random Forest 

model and (b) permutation importance. 

 

Overall, the results show that the RF-LWI model produced stable predictive performance and a 

spatially coherent susceptibility pattern. The shear-strength-derived LWI provided a small but 

statistically detectable improvement in discrimination and improved the interpretability of the 

lithological predictor, while the overall classification improvement remained limited. 

5. DISCUSSION 

The results indicate that shear-strength-informed lithological standardization provides a useful 

refinement for representing lithology in GIS-based landslide susceptibility modelling. By deriving a 

Lithological Weakness Index (LWI) from cohesion and internal friction angle, lithology was 

expressed as a continuous mechanical weakness gradient rather than only as a nominal geological 

class. This approach is relevant because mapped lithological units do not always reflect the 

mechanical behaviour of weathered slope-forming materials, particularly in structurally complex 

mountainous terrain. The result is consistent with previous studies emphasizing that geological and 

rock–soil information should be parameterized in relation to material properties when used in 

susceptibility modelling (Bunn et al., 2020; Segoni et al., 2020; Yu et al., 2021). However, the LWI 

should be interpreted as a group-level proxy for relative lithological weakness, not as a complete 

geotechnical characterization of each geological unit. 

The RF-LWI model produced satisfactory predictive performance, with an independent-test 

AUC-ROC of 0.936 and a mean cross-validated AUC-ROC of 0.943. These values are comparable 

with previous GIS- and machine-learning-based landslide susceptibility studies, in which Random 

Forest has been shown to perform well in complex terrain because of its capacity to model nonlinear 

relationships among conditioning factors (Catani et al., 2013; Chen et al., 2018; Merghadi et al., 2020; 

Ado et al., 2022).  

The high precision and lower recall indicate that the model produced relatively few false positive 

classifications, but still missed part of the observed landslide class. This trade-off is relevant for road-

corridor applications because field inspection and maintenance planning should consider not only 

very high susceptibility sectors, but also areas where landslides may be under-detected at the selected 

classification threshold. 
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The comparison between RF-Lithology and RF-LWI shows that the use of LWI produced a 

modest improvement. The increase in AUC-ROC was statistically significant in repeated validation, 

whereas the difference in F1-score was not significant. Therefore, the main contribution of LWI 

should be interpreted as improving model discrimination and geological interpretability rather than 

producing a large increase in overall classification accuracy. This interpretation is consistent with the 

paired validation design, in which the two models were compared using the same samples, predictors 

other than lithology and Random Forest settings. It also reflects the multi-factor nature of landslide 

occurrence along mountainous road corridors, where slope, rainfall, drainage, road-related 

disturbance and lithological weakness interact rather than act independently. 

The spatial pattern of susceptibility is consistent with the geomorphological setting of the QL279 

corridor. High and very high susceptibility classes are concentrated mainly along steep valley-side 

slopes, road-adjacent sectors and areas where weak lithological conditions coincide with drainage 

concentration. Similar controls have been reported in northern Vietnam and other mountainous 

environments, where slope gradient, rainfall, weathered materials and human modification of 

hillslopes are important contributors to slope instability (Bui et al., 2011; Kieu and Tran, 2021; Kieu 

and Ngo, 2022; Do et al., 2025). The overlay of landslide samples on the susceptibility map and the 

success-rate and prediction-rate curves further support the spatial consistency of the model output. 

Because the susceptibility classes were derived from modelled probability values using the natural 

breaks method, they should be interpreted as relative susceptibility levels within the study area rather 

than deterministic hazard or risk classes, which would require explicit information on landslide 

timing, magnitude and exposure (Fell et al., 2008; Van Westen et al., 2008; Reichenbach et al., 2018). 

Variable-importance results confirm the dominant role of slope in the RF-LWI model, which is 

reasonable because slope controls the gravitational component acting on hillslope materials and 

influences runoff and erosion processes. Distance to roads, rainfall, LWI, distance to rivers and terrain 

indices also contributed to prediction. The role of distance to roads reflects the influence of slope 

cutting, embankments and drainage modification in road-corridor environments, while rainfall and 

distance to rivers represent hydrological controls. The contribution of LWI indicates that lithological 

weakness is relevant, but it does not dominate the model. Thus, shear-strength-based lithological 

standardization should be considered a refinement of the geological component rather than a 

replacement for topographic, hydrological and infrastructural predictors. 

Several limitations should be acknowledged. The landslide inventory was compiled mainly from 

Google Earth Pro historical imagery; therefore, small, old or vegetation-covered landslides may have 

been omitted, which can affect model training and validation (Guzzetti et al., 2012; Steger et al., 

2017). The selection of non-landslide samples is another source of uncertainty because different 

absence-sampling strategies can influence model performance and prediction patterns (Conoscenti et 

al., 2016; Dou et al., 2020; Gu et al., 2024). Although this study applied a 50 m exclusion buffer 

around mapped landslide polygons and used the same balanced sampling design for both model 

scenarios, pseudo-absence selection cannot completely eliminate uncertainty in areas where 

unmapped, old or dormant landslides may exist. In addition, the 58 shear-strength samples provide a 

first-order basis for calculating LWI across the seven lithological groups, but they cannot fully 

represent local variations in weathering grade, discontinuity density, groundwater conditions or rock-

mass structure. Similarly, the use of a common 12.5 m raster grid improves spatial overlay and 

modelling consistency, but it does not remove the original scale limitations of the CHIRPS rainfall 

data or the 1:200,000 geological map. These scale constraints should be considered when interpreting 

fine-scale susceptibility patterns. 

Future work should test the LWI approach in other mountainous road corridors and geological 

settings. Additional engineering-geological data, including weathering grade, discontinuity 

characteristics, groundwater conditions and rock-mass quality, would help refine the lithological 

weakness representation. Further research should also examine alternative weighting schemes for 

cohesion and internal friction angle, compare the approach with other machine-learning algorithms, 

and integrate temporal rainfall information and road-exposure data to support more operational 

landslide-risk assessment. 
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6. CONCLUSIONS 

This study proposed a shear-strength-informed lithological standardization approach for GIS-

based landslide susceptibility modelling along a mountainous road corridor in northern Vietnam. 

Reclassified lithological groups were converted into a Lithological Weakness Index (LWI) using 

laboratory-measured cohesion and internal friction angle and integrated into a Random Forest model. 

The RF-LWI model showed stable predictive performance, with an independent-test AUC-ROC of 

0.936 and a mean cross-validated AUC-ROC of 0.943; high and very high susceptibility classes 

covered 52.71% of the study area, mainly along steep valley-side slopes, road-adjacent sectors and 

areas where weak lithological conditions coincide with drainage concentration. Compared with 

conventional lithological representation, the LWI-based model produced a modest improvement in 

discrimination, while threshold-dependent classification improvement remained limited. The main 

contribution of the approach is therefore the improved physical interpretability of the lithological 

predictor rather than a large increase in predictive accuracy. The resulting map can support 

preliminary identification of road sections requiring field inspection, drainage maintenance or slope-

stabilization assessment, but the susceptibility classes should be interpreted as relative levels within 

the study area rather than deterministic hazard or risk classes. Future work should test the 

transferability of the LWI approach in other geological settings and incorporate additional 

engineering-geological information, including weathering grade, discontinuity characteristics, 

groundwater conditions and rock-mass quality. 
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ABSTRACT 

Land-use and land-cover (LULC) change in mountainous watersheds has significant implications for 

food security, biodiversity conservation, and carbon storage. This study assessed LULC dynamics in 

the Loe Tor Royal Project area, Tak Province, Thailand, using multi-temporal satellite imagery (2006–
2026), five supervised classification algorithms (Random Forest, Artificial Neural Network, Linear 

Discriminant Analysis, Support Vector Machine, and XGBoost), and CA–Markov spatial modeling 

across three calibration intervals (3-year, 5-year, and 10-year). Between 2006 and 2026, forest cover 

declined from 64.10% to 45.16%, while agricultural land expanded from 8.29% to 30.82%, with the 

rate of agricultural expansion accelerating markedly in recent years.  Cramér's V analysis identified 

distance to settlements (V = 0.85), distance to roads (V = 0.67), and elevation (V = 0.61) as the most 

influential spatial drivers of LULC transitions. Among the three calibration intervals, the 3-year model 

achieved the highest validation accuracy, whereas the 10-year model performed substantially worse, 

indicating that shorter calibration intervals produce more reliable CA–Markov projections. The inferior 

performance of the 10-year model is attributed to Markov non-stationarity over extended calibration 

periods and cross-sensor spectral inconsistencies, highlighting the important methodological 

consideration for CA-Markov applications using multi-sensor datasets. Under Business-as-usual 

scenarios, forest cover is projected to continue declining, with agricultural land expanding 

progressively along low elevation zones near road networks and settlements, reaching approximately 

42.7% by 2035 under the 3-year scenario. These findings highlight the ecological vulnerability of this 

critical watershed and emphasize the need for protective buffer zones, conservation agriculture 

practices, and degraded land rehabilitation efforts. 
 

Keywords: LULC change; CA–Markov model; Multi-algorithm classification; Calibration interval 

comparison; Sentinel-2; Landsat; Watershed management. 

1. INTRODUCTION 

Land-use and land-cover (LULC) change is one of the most direct indicators of human–

environment interaction, and in mountainous watersheds it carries significant implications for food 

security, biodiversity conservation, carbon storage, and hydrological regulation(Wang et al., 2023). 

The Loe Tor Royal Project, located in Mae Ramat District, Tak Province, is a site of considerable 

importance for natural resource restoration and soil and water management (Royal Development 

Projects Board, 2025). As a critical watershed draining into both the Salween and Ping river systems, 

the area provides ecosystem services on which downstream communities and agriculture depend; 

unplanned agricultural expansion into forested land can therefore trigger ecosystem degradation, 

accelerated soil erosion, and long-term environmental decline (Wang et al., 2023). Reliable, spatially 

explicit information on the rate, direction, and likely future trajectory of LULC change is thus 

essential — for local communities whose livelihoods depend on these resources, and for the 
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government and Royal Project agencies responsible for land-use zoning and watershed protection. 

Geographic information systems and remote sensing provide the means to generate such information 

and to identify priority areas for intervention (Butt et al., 2015). 

The trajectory of LULC change is governed by both biophysical and anthropogenic driving 

variables whose relative influence varies across geographic settings. Biophysical factors such as 

elevation and slope constrain the suitability of land for cultivation, whereas accessibility-related 

factors — particularly proximity to roads and settlements — shape the intensity and location of human 

activity (Thammanu et al., 2020). Recent geo-informatic studies in Thailand have quantified how 

these drivers translate into measurable transitions: Kiriwongwattana and Waiyasusri (2024) traced 

tourism-driven expansion of built-up land in Phuket, while Waiyasusri (2021) characterised mangrove 

and urbanisation dynamics in the Krabi Estuary Wetland using spectral indices. Identifying the 

dominant drivers in a given landscape is therefore a prerequisite for credible modelling and projection 

of future change. 

A range of models has been developed to project future LULC, each differing in data 

requirements and spatial behaviour. The Markov chain estimates the quantity and probability of 

transitions between classes from historical change but is spatially non-explicit (Nouri et al., 2014). 

Cellular automata (CA) introduce spatial allocation through neighbourhood interactions and transition 

rules (Mansour et al., 2020). The integrated CA–Markov model couples the temporal prediction of 

the Markov chain with the spatial allocation of CA, producing spatially explicit projections from 

comparatively few inputs; it has been widely applied for forest-change projection in tropical settings, 

for example by Sari et al. (2025), in this journal, who coupled Land Change Modeler with CA–

Markov to project forest-to-non-forest conversion in Boven Digoel, Indonesia, using driver variables 

comparable to those employed here. By contrast, the CLUE-s and Dyna-CLUE models allocate 

change through empirical relationships between land use and multiple socio-economic and 

biophysical drivers and are well suited to multi-scenario policy analysis — for example, Waiyasusri 

and Chotpantarat (2022) applied the Dyna-CLUE model to project coastal land-use change in Koh 

Chang — but they require extensive driver datasets that are often unavailable for remote highland 

watersheds. Given the data constraints of the Loe Tor area and the spatially explicit objective of this 

study, the CA–Markov model offers the most appropriate balance of robustness, reproducibility, and 

data efficiency. 

To extract spatially explicit land-use information, multi-temporal satellite imagery was 

classified into thematic categories (MohanRajan et al., 2020). Because no single algorithm performs 

optimally across all sensors and landscapes, five supervised classifiers — Random Forest (RF), 

Artificial Neural Network (ANN), Linear Discriminant Analysis (LDA), Support Vector Machine 

(SVM), and XGBoost (XGB) — were compared to identify the best-performing classifier for each 

study year, an approach also adopted in recent multi-algorithm classification studies in Thailand 

(Worachairungreung et al., 2023). Statistical differences among classifiers were assessed using 

Cochran's Q and McNemar tests (Cochran, 1950), and classification accuracy was evaluated using 

Overall Accuracy, Producer's and User's Accuracy, and the Kappa coefficient (Congalton, 2001). The 

association between categorical spatial drivers and observed LULC transitions was quantified using 

Cramér's V (Akoglu, 2018). 

Despite extensive LULC research in Thailand, three gaps remain. First, many studies rely on a 

single classifier, leaving the comparative behaviour of multiple machine-learning algorithms in 

spectrally heterogeneous highland terrain under-examined. Second, the sensitivity of CA–Markov 

projections to the length of the calibration interval is rarely tested, even though the choice of interval 

directly affects the stationarity assumption underlying the Markov process. Third, royal-initiative 

highland watersheds such as Loe Tor remain under-studied despite their conservation significance 

and their reliance on multi-sensor imagery spanning two decades. The present study addresses these 

gaps by comparing five classifiers and, in particular, by systematically evaluating three CA–Markov 

calibration intervals (3-, 5-, and 10-year) against a common 2026 validation reference — a 

methodological comparison that, to our knowledge, has not previously been reported for a multi-

sensor highland LULC dataset. 
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Accordingly, this study aims to: (1) classify multi-temporal LULC (2006–2026) using five 

machine-learning algorithms and multi-source satellite imagery (Landsat 5, Landsat 8, and Sentinel-

2); (2) identify the key spatial drivers of LULC transitions using Cramér's V analysis; (3) compare 

the predictive performance of three CA–Markov calibration intervals (3-year, 5-year, and 10-year); 

and (4) project future LULC scenarios under Business-as-Usual conditions to support watershed-

management strategies. The expected outputs are a set of accuracy-assessed LULC maps, inter-class 

transition matrices, a calibration-interval performance comparison, and validated near-future 

projections that together provide an evidence base for land-use planning at Loe Tor and 

methodological guidance for CA–Markov applications in multi-sensor mountainous settings. 

 

 
 

Fig. 1. Location of the Loe Tor Royal Project study area, Mae Ramat District, Tak Province, Thailand. (a) 

Tak Province within Thailand; (b) study-area boundary between the Salween (west) and Ping (east) 

watersheds; (c) digital elevation model (219–1,464 m a.s.l.). 

2. STUDY AREA  

The research was conducted at the Loe Tor Royal Project area located in Mae Ramat District, 

Tak Province.  The area covers approximately 20,250 hectares (ha) (Fig. 1) and encompasses 26 

villages (Royal Development Projects Board, 2025).  This site constitutes a critical watershed draining 

westward into the Salween River and eastward into the Ping River, which flows into the Chao Phraya 

River. The landscape is characterized by complex mountainous terrain, with elevations ranging from 

219 to 1,464 meters above sea level (Royal Project Foundation, 2025). Forest vegetation is highly 

diverse, including mixed deciduous forest, deciduous dipterocarp, and hill evergreen forest types 

(Thammanu et al., 2020). The regional climate is defined by three distinct seasons: rainy (June–

October), winter (November–February), and summer (March–May). 
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3. DATA AND METHODS 

3.1. Data Types and Sources 

This study integrates four satellite data sources to enable temporal analysis across three periods 

(Table 1). Landsat 5 imagery (2006, 30 m) was used to provide the historical baseline for the 10-year 

interval analysis. Landsat 8 imagery (2016, 30 m) represents the intermediate period. Sentinel-2 

imagery (2020, 2021, 2023, 2026; 10 m) supports both 3-year and 5-year interval analyses. All images 

were acquired during the dry season (February) to minimize cloud contamination and reduce 

phenological variability. 

Table 1. 

Data Types and Sources of sensor 

Sensor Year Path/Row Acquisition Bands Used Resolution Analysis Period 

Landsat 5 TM 2006 131/048 Feb 2006 1–5, 7 30 m 10-year 

Landsat 8 OLI 2016 131/048 Feb 2016 2–7 30 m 10-year / 5-year 

Sentinel-2 L2A 2020 47N Feb 2020 2–8A, 11–12 10 m 3-year 

Sentinel-2 L2A 2021 47N Feb 2021 2–8A, 11–12 10 m 5-year 

Sentinel-2 L2A 2023 47N Feb 2023 2–8A, 11–12 10 m 3-year 

Sentinel-2 L2A 2026 47N Feb 2026 2–8A, 11–12 10 m 3-year / 5-year / 

10-year (ref) 

To ensure cross-sensor spatial consistency, Sentinel-2 imagery (10 m) was resampled to 30 m 

using bilinear interpolation when combined with Landsat data for the 5-year and 10-year interval 

analyses, whereas the 3-year analysis retained native 10 m resolution.  Land-use change detection was 

conducted using the Post Classification Comparison (PCC) approach, which involves independent 

classification of each image followed by map comparison, thereby reducing the influence of sensor-

specific spectral differences. (Sharma and Sharma, 2024). However, it should be noted that PCC does 

not fully account for differences in Spectral Response Functions (SRFs) among sensors (Claverie et 

al., 2018). This limitation is further discussed in Section 4. 
 

3.2. Land-Use Classification 
 

Land-use and Land cover (LULC) was classified into five thematic categories as Forest, 

Agriculture, Urban/Village, Grassland, and Degraded Forest (Table 2).  LULC classification was 

conducted using five supervised algorithms implemented in R as (1) Random Forest (RF; ranger 

package, ntree = 500, tuneLength = 5); (2) Artificial Neural Network (ANN; nnet package via caret, 

tuneLength = 5); (3) Linear Discriminant Analysis (LDA; MASS package via caret); (4) Support 

Vector Machine (SVM; e1071 package via caret, radial basis function kernel, tuneLength = 5); and 

(5) XGBoost (XGB; xgboost package, max depth = 6, learning rate η = 0.1, subsample = 0.8, col 

sample by tree = 0.8, with 5-fold cross-validation and early stopping at 20 rounds).  All caret models 

(RF, ANN, LDA, SVM) were trained using 5-fold cross-validation. The dataset was partitioned into 

70% training and 30% testing subsets using stratified random partitioning (caret: createDataPartition). 

All classifier were trained using the same 12 predictor variables, comprising five spectral bands (Blue, 

Green, Red, NIR, and SWIR calculated as the mean of Sentinel-2 B11 and B12 or Landsat SWIR1 

and SWIR2), four spectral indices (NDVI, NDBI, MNDWI, EVI), and three topographic variables 

(DEM, Slope, Aspect). For Sentinel-2 imagery, SWIR bands B11 and B12 (20 m native resolution) 

were resampled to 10 m using bilinear interpolation prior to computing the composite SWIR band. 

For each study year, the best-performing classification was selected based on Overall Accuracy 

(OA).Statistical differences among classifiers were tested using Cochran's Q test (Cochran (1950); α 

= 0.01), followed by pairwise post-hoc comparisons using McNemar tests (Bonferroni-corrected). 

Training samples were collected using stratified random sampling with a minimum of 100 reference 

points per land-use category per year. 
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Table 2. 

Descriptions of Land Use and Land Cover (LULC) categories 

LULC Category Description 

Forest Areas dominated by tree cover, perennial vegetation, and economic forest plantation, 

including specific forest types such as dry evergreen, mixed deciduous forest, 

deciduous dipterocarp, and hill evergreen forest type.  

Agriculture Areas used for agricultural production including cultivated cropland (e.g., maize, 

cassava), irrigated land, and scattered village settlements.  

Urban/Village Areas comprising village settlements, residential structures and infrastructures 

including offices of forestry units and other government departments.  

Grassland Areas covered by grass and ferns, with the absence of large trees or saplings.  

Degraded Forest Open or prepared land with fewer than approximately 13 trees per hectare  
 

3.3. Accuracy Assessment 

Classification accuracy was evaluated by comparing the classified maps with independent 

validation samples obtained from high-resolution imagery and field observations. Four standard 

metrics were computed: Overall Accuracy (OA), Producer's Accuracy (PA), User's Accuracy (UA), 

and the Kappa coefficient (Cohen, 1960) Overall Accuracy and the Kappa coefficient were calculated 

as shown in Eqs. (1) and (2), respectively.  The strength of classification agreement was interpreted 

according the thresholds proposed by Congalton (2001). 

 

𝑂𝐴 = (
∑ 𝑋𝑖𝑖

𝑁
) ∗ 100     (1) 

 

𝐾 =  
𝑁 ∑ 𝑋𝑖𝑖− ∑ (𝑋𝑖+)∗(𝑋+𝑖)𝑟

𝑖=1
𝑟
𝑖=1

𝑁2− ∑ (𝑋𝑖+)∗(𝑋+𝑖)𝑟
𝑖=1

     (2) 

where:  

K -Kappa coefficient 

R -Number of rows in the matrix 

X(ii) -Number of observations in row i and column i (diagonal elements) 

X(i+) -Total number of observations in row I 

X(+i) -Total number of observations in column I 

N -Total number of observations or verification points  

 

3.4. Driver Variable Analysis 

Seven spatial driver variables influencing LULC change were evaluated: elevation (DEM), 

slope, aspect, hillshade, distance to roads (dist_road), distance to streams (dist_stream), and distance 

to villages or settlements (dist_settle). The relative importance of these variables was assessed using 

Cramér's V statistic (Akoglu, 2018) for each transition pair, providing a quantitative measure of 

association between individual spatial drivers and the observed LULC transitions. 

These seven variables were selected on three criteria: (i) their established relevance as 

biophysical or accessibility drivers of LULC change in mountainous watersheds (Pande et al., 2018), 

(ii) the availability of reliable, spatially complete layers for the entire study area across all time points; 

and (iii) low redundancy, which was subsequently confirmed through the pairwise Cramér's V matrix 

(Table 7). 

3.5. CA–Markov Model and Multi-Temporal Analysis 

Spatial modelling and LULC change prediction were conducted using R with the terra and ranger 

packages, implementing a CA–Markov modeling framework. For each of the three temporal intervals, 

a Markov transition probability matrix was derived from the transition between T1 and T2. Spatial 
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transition suitability maps were generated using 20 Random Forest (RF) binary classification models, 

corresponding to each possible transition pair. The CA neighborhood module applied a 5×5 Moore 

window to account for spatial contiguity in land-use transitions. A total of 40,000 spatially random 

sample points were extracted from the T1 and T2 LULC maps together with the seven driver variables 

to train the RF transition models. Each binary RF classifier was trained using balanced sampling, with 

a maximum of 8,000 samples per class and 500 trees.  The CA neighborhood influence weight was 

set to 0.5, meaning that the transition suitability score for each pixel was adjusted by 50% of the 

proportion of neighboring pixels already belonging to the target land-use class.   

The CA–Markov framework couples Markov-chain temporal prediction with cellular-automata 

spatial allocation. The Markov component estimates the system state at the next time step from the 

current state and a transition probability matrix: 

 

𝑆(𝑡 + 1) = 𝑃𝑖𝑗 ∗ 𝑆(𝑡)      (3) 

 

where Pᵢ ⱼ is the transition probability matrix derived from two reference dates (0 ≤  Pᵢ ⱼ < 1; Σⱼ 

Pᵢⱼ = 1). Because the Markov chain is spatially non-explicit, the cellular-automata component allocates 

the predicted change in space: 

 

𝑆(𝑥, 𝑡 + 1) = 𝑓(𝑆(𝑥, 𝑡),Ω(𝑥))     (4) 

 

where Ω(x) is the neighbourhood of cell x (a 5×5 Moore window) and f combines the Markov-

derived transition area, the Random-Forest-based transition suitability, and the neighbourhood weight 

(0.5).  
Three independent CA–Markov models were calibrated and validated as followed: 

• 3-year interval: calibrated in 2020 to 2023, validated against 2026 

• 5-year interval: calibrated in 2016 to 2021, validated against 2026 

• 10-year interval: calibrated in 2006 to 2016, validated against 2026 

The year 2026 (Sentinel-2 imagery) serves as the common independent validation reference 

across all three models. Future LULC projections were generated at one-interval steps beyond 2026: 

the 3-year model projects to 2029, 2032, and 2035; the 5-year model to 2031, 2036, and 2041; and 

the 10-year model to 2036, 2046, and 2056. 
 

3.6. Model Validation 

Model performance was evaluated using four complementary metrics following Pontius et al. 

(2007) and Pontius and Millones (2011).  

These metrics included; 

• Overall Accuracy (OA): the proportion of correctly predicted pixels across all land-use 

classes. 

• Kappa Coefficient (K): the adjustment of OA for chance agreement (Cohen, 1960). 

• Figure of Merit (FOM): the measurement of agreement exclusively for pixels that 

experienced change (FOM = A/[A+B+C]) with benchmark values typically range from 

0.05–0.30 (Pontius et al., 2007) 

• Quantity Disagreement (QD) and Allocation Disagreement (AD): the decompose of 

total classification error into error related to class proportion mismatch and spatial 

misallocation (Pontius et al., 2007). 

Model validation was conducted using 2,500 stratified random sample points (500 per LULC 

class), extracted independently from the observed 2026 Sentinel-2 classification map.  This stratified 

design ensures balanced representation of all land-use classes, including those occupying small 

proportions of the study area (Olofsson et al., 2014). 
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Fig. 2. Methodological workflow of the study. 
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4. RESULTS AND DISCUSSIONS 

4.1. LULC Classification Accuracy 

Six multi-temporal satellite images (2006–2026) were classified using five machine learning 

algorithms. Overall, classification performance is summarized in Table 3. Sentinel-2 imagery (10 m) 

consistently achieved higher accuracy (OA = 83.4–90.9%) than Landsat data (OA = 78.1–86.1%), a 

difference attributable to Sentinel-2’s spatial resolution and enhanced spectral capabilities. Kappa 

coefficients ranged from 0.70 (Substantial agreement) to 0.88 (Almost Perfect agreement), indicating 

reliable classification performance across all years. Cochran’s Q test revealed statistically significant 

differences among the five models in every year (p < 0.01), with SVM consistently exhibiting the 

lowest performance. Classified LULC maps for all six study years, along with classifier comparison 

insets, are presented in (Fig. 3). 

Table 3. 

Summary of classification accuracy across all study years. 

Year Sensor Best 

Model 

OA 

(%) 

Kappa F1 (%) Agreement Cochran 

Q 

Interval 

2006 Landsat 5 RF 78.1 0.7047 73.3 Substantial 18.41*** 10-yr (T1) 

2016 Landsat 8 ANN 86.1 0.8133 82.3 Almost 

Perfect 

16.40** 10-yr (T2) / 5-

yr (T1) 

2020 Sentinel-2 LDA 90.9 0.8793 89.1 Almost 

Perfect 

50.82*** 3-yr (T1) 

2021 Sentinel-2 RF 85.6 0.8068 82.3 Substantial 60.39*** 5-yr (T2) 

2023 Sentinel-2 RF 83.4 0.7793 79.7 Substantial 26.55*** 3-yr (T2) 

2026 Sentinel-2 LDA 88.8 0.8496 86.8 Almost 

Perfect 

61.21*** Validation 

*** p < 0.001; ** p < 0.01. Agreement categories follow Congalton (2001). 

The higher classification accuracy obtained from Sentinel-2 imagery (OA = 83.4–90.9%) 

compared to Landsat data (OA = 78.1–86.1%) is consistent with finding from recent comparative 

studies.  Madiela et al. (2024) reported that Sentinel-2 (OA = 93.8%) outperformed Landsat 9 (OA = 

91.6%) in LULC classification within the Congo Basin rainforest, attributing the improvement to 

Sentinel-2's finer spatial resolution (10 m vs. 30 m) and additional red-edge bands that enhance 

vegetation discrimination. Similarly, Keyamf et al. (2023) found that Sentinel-2 achieved an accuracy 

of 91%, compared to 85% for Landsat-8, when mapping shifting agricultural landscapes in Cameroon, 

particularly in the delineation of small-size LULC units. 

The finding that no single classification algorithm consistently outperformed other across all 

years where RF performing best in 2006, 2021, and 2023, while LDA excelled in 2020 and 2026, 

highlights the sensitivity of classifier performance to data characteristics and class separability. This 

result is aligned with Aftab et al. (2024), who demonstrated that optimal algorithm performance varies 

with landscape complexity, sensor type, and the spectral characteristics of target classes. The 

consistently lower performance of SVM further corroborates findings by Basheer et al. (2022), who 

reported that ensemble-based methods, such as RF, XGBoost, generally outperform kernel-based 

classifiers in heterogeneous tropical environments. 

Table 4 summarizes the five most important predictor variables for the Random Forest classifier 

across all study years. Spectral bands (Red, Blue, Green, and SWIR) and vegetation indices (NDVI 

and NDBI) consistently ranked highest, whereas topographic variables (DEM, Slope, and Aspect) 

contributed relatively less to overall classification accuracy. The observed transition from optical-

band dominance (Green and Red) during the Landsat era (2006–2016) to index-based dominance 

(NDVI, NDBI, SWIR) in the Sentinel-2 imagery (2020–2026) reflects the enhanced spectral 

information, available from the newer sensor platform. 
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Table 4. 

Top five predictor variables by relative importance (%) for each study year. 

Rank 2006 2016 2020 2021 2023 2026 

1 Green (100.0) Blue (100.0) Red (99.7) SWIR (100.0) NDVI (100.0) NDVI (99.5) 

2 Red (96.2) Green (72.2) NDVI (99.6) NDVI (89.1) SWIR (87.9) Red (98.9) 

3 SWIR (74.9) MNDWI (53.2) Blue (99.4) NDBI (83.2) NDBI (75.7) NDBI (98.5) 

4 Blue (45.9) DEM (35.7) SWIR (99.4) Green (42.9) Red (53.4) SWIR (97.7) 

5 NIR (41.6) EVI (31.9) Green (98.3) Blue (41.2) Blue (47.8) Blue (96.0) 
Values in parentheses represent relative importance (%). Importance normalized to 0–100 scale within each year. 

Table 5. 

Per-class CA–Markov prediction accuracy by temporal interval (validated against 2026). 

Class 3-Year 5-Year 10-Year 

PA UA F1 PA UA F1 PA UA F1 

Forest 0.8159 0.7653 0.7898 0.8295 0.6695 0.7410 0.6757 0.5246 0.5906 

Agriculture 0.7166 0.7077 0.7121 0.5784 0.7283 0.6448 0.1497 0.5355 0.2340 

Urban/Village 0.3772 0.1458 0.2103 0.2348 0.1149 0.1543 0.2344 0.0763 0.1152 

Grassland 0.3632 0.6638 0.4695 0.2233 0.7385 0.3429 0.2783 0.1777 0.2169 

Degraded Forest 0.1762 0.5000 0.2606 0.2834 0.4070 0.3341 0.0524 0.1429 0.0767 

OA / Kappa 0.6592 / 0.4922 0.6160 / 0.4134 0.3940 / 0.1141 
PA = Producer’s Accuracy; UA = User’s Accuracy; F1 = harmonic mean of PA and UA. 

The 3-year interval model achieved the highest overall accuracy (OA = 0.6592, Kappa = 

0.4922), followed by the 5-year model (OA = 0.6160, Kappa = 0.4134) and 10-year model (OA = 

0.3940, Kappa = 0.1141).  Across all intervals, the forest class consistently exhibited the highest F1 

scores. In contrast, the Urban/Village and Degraded Forest classes demonstrated lower accuracy, 

primarily due to spectral confusion. Per-class prediction accuracy across all intervals is detailed in 

(Table 5). 
Table 6. 

LULC area comparison across three temporal intervals. 

3-year Interval (2020, 2023, 2026) 

LULC Class 2020 (ha) 2020 (%) 2026 (ha) 2026 (%) Net Δ (ha) Δ/yr (ha) 

Forest 9867.4 48.95 9104.1 45.16 -763.2 -127.2 

Agriculture 3102.8 15.39 6213.0 30.82 +3110.2 +518.4 

Urban/Village 1869.8 9.28 990.4 4.91 -879.4 -146.6 

Grassland 2846.1 14.12 1750.7 8.68 -1095.4 -182.6 

Degraded 

Forest 

2471.6 12.26 2099.5 10.42 -372.2 -62.0 

5-year Interval (2016, 2021, 2026) 

LULC Class 2016 (ha) 2016 (%) 2026 (ha) 2026 (%) Net Δ (ha) Δ/yr (ha) 

Forest 10943.6 54.29 9104.1 45.16 -1839.5 -183.9 

Agriculture 2095.6 10.40 6213.0 30.82 +4117.4 +411.7 

Urban/Village 2215.1 10.99 990.4 4.91 -1224.7 -122.5 

Grassland 2745.0 13.62 1750.7 8.68 -994.3 -99.4 

Degraded 

Forest 

2158.4 10.71 2099.5 10.42 -58.9 -5.9 

10-year Interval (2006, 2016, 2026) 

LULC Class 2006 (ha) 2006 (%) 2026 (ha) 2026 (%) Net Δ (ha) Δ/yr (ha) 

Forest 12921.8 64.10 9104.1 45.16 -3817.6 -190.9 

Agriculture 1671.0 8.29 6213.0 30.82 +4542.0 +227.1 

Urban/Village 2011.4 9.98 990.4 4.91 -1021.1 -51.1 

Grassland 1410.6 7.00 1750.7 8.68 +340.1 +17.0 

Degraded 

Forest 

2142.8 10.63 2099.5 10.42 -43.4 -2.2 

Δ = change from first to last year of each interval. Negative values indicate area loss. 
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Across the 20-year observation period (2006–2026), the net forest loss reached 3,817.6 ha, 

corresponding to an average annual loss of approximately 190.9 ha. The majority of this lost forest 

area was converted to agriculture land, which expanded by 4,542.0 ha over the same period. Notably, 

the rate of agricultural expansion increased substantially in recent years, raising from 227.1 ha/year 

during the 10-year interval to 518.4 ha/year over the most recent 3-year interval (2020–2026). This 

continuous and accelerating transition highlights intensifying economic and agricultural pressure on 

forest, with significant implications for LULC changes, local climate and biodiversity (Fig. 3). 

Fig. 3. Classified LULC maps for the six study years (a–f: 2006, 2016, 2020, 2021, 2023, 2026), each produced 

by the best-performing classifier, with five-classifier comparison insets (red box). Classes: Forest, Agriculture, 

Urban/Village, Grassland, Degraded Forest. 
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4.2. LULC Change Analysis 

The analysis of land use changes in the Loe Tor Royal Project area across multiple temporal 

intervals (2006–2016, 2016–2021, and 2020–2023–2026) revealed that the most significant 

transformations occurred within the Forest and Agriculture categories. Across all intervals, forest 

cover exhibited consistent decline, while agricultural land expanded, reflecting a clear pattern of forest 

conversion to agricultural use. The 10-year interval (2006–2026) captured the largest absolute 

magnitude of change, with forest area decreasing by 3,817.6 ha and agricultural land increasing by 

4,542.0 ha. In contrast, the 3-year interval showed the marked recent acceleration in agricultural 

expansion,  increasing of 3,110.2 ha over the 6 years period. These findings are consistent with Bairwa 

et al. (2025), who identified  the conversion of forested land to agriculture as a primary global driver 

of deforestation. 
Table 6 presents area statistics for each LULC class across all study years. Across all three 

temporal intervals, forest cover exhibited a consistent declining trend, whereas agricultural land 

demonstrated continuous expansion. In the 3-year interval (2020–2026), forest area decreased from 

9,867.4 ha (48.95%) to 9,104.1 ha (45.16%), representing a net loss of 763.2 ha (–127.2 ha/yr). In 

contrast, agricultural land increased from 3,102.8 ha (15.39%) to 6,213.0 ha (30.82%), corresponding 

to a net gain of 3,110.2 ha (+518.4 ha/yr), thereby confirming direct forest conversion to agricultural 

use  over this period. Similar patterns were observed during the 5-year interval (2016–2026), in which 

agricultural land expanded by 4,117.4 ha (+411.7 ha/yr), primarily at the expense of forest (–1,839.5 

ha) and Urban/Village areas (–1,224.7 ha). The 10-year interval (2006–2026) captured the largest 

absolute magnitude of change, with agriculture land increasing by 4,542.0 ha (+227.1 ha/yr) and forest 

cover declining by 3,817.6 ha (–190.9 ha/yr). Across all intervals, the progressive acceleration of 

agricultural expansion from 227.1 ha/yr in the 10-year interval to 518.4 ha/yr in the 3-year intervals, 

underscores the intensifying pressure on remaining forest cover in recent years. 

The accelerating rate of forest-to-agriculture conversion identified in this study (from 190.9 

ha/yr over 20 years to 518.4 ha/yr in the most recent 6-year period) mirrors regional deforestation 

trends observed across mainland Southeast Asia.  Zhai et al. (2023) reported that the region 

experienced some of the highest deforestation rates globally, driven predominately by agricultural 

expansion into highland forest areas, a pattern consistent with the dynamics observed in the Loe Tor 

Royal Project area. The expansion of maize and cassava cultivation as a principle drivers of upland 

deforestation in northern Thailand has been documented by Hurni and Fox (2018). The result 

identified market integration and increasing road accessibility as key catalysts of this process findings 

that align closely with Cramér's V study, in which distance to settlements (V = 0.85) and distance to 

roads (V = 0.67) emerged as the most influential drivers. 

The observed decline in Urban/Village area from 9.98% in 2006 to 4.91% in 2026 appears 

counterintuitive and is unlikely reflects an  actual reduction in settlement extent. As noted by Bai et 

al. (2025), spectral confusion between bare agricultural soil and built-up surfaces in mountainous 

landscape frequently leads to overestimation of urban or village areas in Landsat-based 

classifications, a bias that tends to be corrected when higher-resolution Sentinel-2 imagery becomes 

available. This sensor-dependent reclassification effect should therefore be carefully considered when 

interpreting long-term LULC trends across multi-sensor datasets. 

4.3. Driver Variable Analysis and Multicollinearity 

Cramér's V analysis indicated that accessibility-related variables are the dominant drivers of 

LULC transitions. Among the examined factors, distance to settlements exhibited the highest V value 

(0.8452), suggested that areas located closer to villages are highly susceptible to land transformation. 

Distance to roads emerged as the second most influential factor (V = 0.6691), underscoring the 

importance of transportation infrastructure in facilitating agricultural expansion and forest 



217 

 

conversion. Elevation (DEM) also demonstrated a strong association (V = 0.6060), particularly in 

governing transitions between forest and grassland in higher altitude zones. In contrast,  variables 

slope, stream proximity, Aspect, and Hillshade exhibited only moderate to weak influence (V = 0.37–

0.43).Overall, these results are consistent with the findings of Pande et al. (2018), who identified 

proximity to roads and settlements as primary drivers of agricultural and urban/village expansion. 

The Cramér's V importance values for all driver variables across all temporal intervals were 

further analyzed. Overall, distance to settlements (mean importance = 174.14 for 3-year and 202.58 

for 5-year intervals) and elevation (DEM; mean importance = 228.23 for 5-year and 179.87 for 10-

year intervals) shown the strongest influential drivers of LULC change, consistent across all three 

temporal intervals. Distance to roads ranked among the top three drivers across all intervals (mean 

importance = 169.21 for 3-year, 202.82 for 5-year, and 124.65 for 10-year). For the 3-year interval, 

the ranking was distance to settlements followed by DEM and distance to roads respectively, 

reflecting the dominance of accessibility driven agricultural expansion near established communities. 

In contrast, during the 5-year interval, DEM ranked highest, followed by distance to roads and 

distance to settlements, suggesting that topographic constraints become more pronounced over longer 

calibration periods. Similarly, the 10-year interval, DEM remained the most influential variable, 

followed by distance to settlements and aspect ranging second and third, respectively, indicating the 

combined influence of physical terrain and accessibility in long-term transition dynamics.  

Collectively, these findings reinforce the assertion that proximity to human infrastructure acts as the 

primary catalyst for forest-to-agriculture conversion, while topographic factors modulate the spatial 

patterns and intensity of land-use change in mountainous landscape. 

Prior to model implementation, multicollinearity among the seven driver variables was assessed 

using a pairwise Cramér's V matrix (Table 7).  The highest correlation was observed between Aspect 

and Hillshade (V = 0.46), followed by Slope and Hillshade (V = 0.23). All remaining pairwise 

association exhibited the values below 0.20, confirming that the selected drivers factors provide 

largely independent explanatory contributions and can therefore be retained in the transition 

suitability modeling framework without significant multicollinearity concerns. 
Table 7. 

Cramér’s V Correlation Matrix Between Driver Variables. 

 Aspect DEM Hillshade Dist.Rd Slope Dist.Str Dist.Set 

Aspect 1.0000 0.0355 0.4628 0.0441 0.0571 0.0599 0.0511 

DEM 0.0355 1.0000 0.0361 0.1382 0.0522 0.0889 0.1570 

Hillshade 0.4628 0.0361 1.0000 0.0491 0.2348 0.0658 0.0625 

Dist. Roads 0.0441 0.1382 0.0491 1.0000 0.0802 0.0658 0.1492 

Slope 0.0571 0.0522 0.2348 0.0802 1.0000 0.0626 0.0738 

Dist. Streams 0.0599 0.0889 0.0658 0.0658 0.0626 1.0000 0.0720 

Dist. Settle. 0.0511 0.1570 0.0625 0.1492 0.0738 0.0720 1.0000 

4.4. Transition Probability Matrix (TPM) and Model Validation 

The transition probability matrix for 2006–2016 period indicates that forest exhibited a highest 

degree of stability, retaining 74.73% of its original area, with the largest conversion towards Grassland 

(9.19%) and Urban/Village (8.58%).  Agriculture showed moderate persistence, with 46.49% 

remaining unchanged, accompanied by a substantial conversion to Urban/Village (26.25%).  

Grassland exhibited the highest stability (67.32%), while Degraded Forest showed strong reversion 

to Forest (38.83%) and Urban/Village (37.50%). 

During 2016–2026 period, Forest retention dropped to 54.05%, with 24.59% converting to 

Agriculture, reflecting accelerated agricultural expansion. Agriculture maintained a retention rate of 

58.70%. Grassland showed substantial reversion to Forest (54.89%), while Degraded Forest 

continued to convert primarily to Forest (38.04%) and Agriculture (40.53%). 
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Table 8. 

Transition Probability Matrices for the three temporal intervals. 

Interval From \ To Forest Agriculture Urban/Village Grassland Degraded 

3-year  

(2020 to 

2023) 

Forest 0.7425 0.0869 0.0928 0.0543 0.0234 

Agriculture 0.0232 0.8266 0.0711 0.0021 0.0770 

Urban/Village 0.2705 0.2469 0.3831 0.0176 0.0819 

Grassland 0.4921 0.0593 0.0513 0.3911 0.0063 

Degraded 0.0696 0.4253 0.2566 0.0014 0.2471 

5-year  

(2016 to 

2021) 

Forest 0.6950 0.0980 0.0877 0.0908 0.0286 

Agriculture 0.0624 0.6286 0.0785 0.0036 0.2269 

Urban/Village 0.2076 0.3639 0.2675 0.0161 0.1449 

Grassland 0.5909 0.1382 0.1201 0.1032 0.0476 

Degraded 0.3467 0.2910 0.1842 0.0080 0.1700 

10-year  

(2006 to 

2016) 

Forest 0.7473 0.0228 0.0858 0.0919 0.0522 

Agriculture 0.0817 0.4649 0.2625 0.1165 0.0744 

Urban/Village 0.3296 0.1247 0.4005 0.0528 0.0924 

Grassland 0.1829 0.0368 0.0620 0.6732 0.0452 

Degraded 0.3883 0.0778 0.3750 0.0383 0.1206 

Diagonal values (highlighted) represent class retention probability. Off-diagonal values represent transition probability to other classes. 

Table 9. 

Olofsson Unbiased Area Estimates (ha). 

Class Mapped (ha) Unbiased (ha) SE (ha) CI95 Lower CI95 Upper 

Forest 15093 12257 337 11596 12918 

Agriculture 10013 12070 431 11224 12915 

Urban/Village 1698 1553 182 1196 1909 

Grassland 2812 2067 141 1791 2342 

Degraded Forest 3541 5210 364 4496 5924 

 

The Olofsson unbiased area estimates for 5-year interval, validated against the 2026reference 

data, are presented in Table 9 and reveal notable discrepancies between mapped and corrected land-

use areas. Agricultural land was substantially underestimated by the classified map of 10,013 ha 

compared to an Unbiased estimated of 12,070 ha. Whereas, forest area was overestimated (mapped: 

15,093 ha; unbiased: 12,257 ha).  Degraded Forest showed the largest relative underestimation 

(mapped: 3,541 ha; unbiased: 5,210 ha). The Olofsson correction was applied to the 5-year interval 

as a representative example, however, the same methodological approach can be extended to other 

temporal intervals in future analyses. 

The correspondence between the simulated land-use map for 2026 and the reference dataset 

derived from visual interpretation of Sentinel-2 satellite imagery for the same year was examined. 

Such comparison between the simulated output and empirical observations are essential for verifying 

the accuracy of the spatial transition probability model and for determining the applicability of the 

Transition Matrices for future projections under the BAU scenario across all three temporal intervals. 

The two-period BAU comparison approach adopted in this study follows the framework 

proposed by Hamad et al. (2018) and provides critical insights into the temporal stationarity 

assumption underlying Markov-based models. The pronounce performance difference, observed for 

the 10-year intervals, between BAU-Early (FOM = 0.153) and BAU-Recent (FOM = 0.318) 

demonstrates that transition probabilities are non-stationary over extended time horizons. This finding 

carried important methodological implications for CA–Markov applications. Consistent with this 

result, Aburas et al. (2019) identified the assumption of temporal stationarity is the primary limitation 

of Markov-based models, particularly when calibration periods encompass the phases of rapid socio-

economic change. 
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The projected continued decline in forest cover under all BAU scenarios carries significant 

implications for ecosystem service provision within the Salween and Ping watershed system. 

According to Wang et al. (2023), the conversion of high-integrity forests to cropland is accelerating 

globally, with tropical highland regions identified as particularly vulnerable. In Thailand, the Royal 

Project system was established precisely to encounter this trajectory by promoting sustainable 

highland agriculture as an alternative to shifting cultivation. However, the discrepancy between the 

Royal Project’s conservation mandate and the continued deforestation observed in this study suggests 

that existing interventions may be insufficient to offset persistent market-driven pressures for 

agricultural expansion. 

Future land-use development would benefit from moving beyond the BAU assumption by 

incorporating policy intervention scenarios simulation. Gebresellase et al. (2023) demonstrated that 

integrating alternative policy intervention into CA–Markov framework produces more realistic and 

decision-relevant predictions than single-scenario approaches. Such an extension would allow 

stakeholders to evaluate the potential effectiveness of measures cush as  buffer zones, agroforestry 

programs, and conservation agriculture initiatives in mitigating the projected deforestation trajectory. 

The validation of the 2026 land-use projection indicated that the 3-year interval model achieved 

the highest accuracy (OA = 0.6592, Kappa = 0.4922, FOM = 0.3254), followed by the 5-year model 

(OA = 0.6160, Kappa = 0.4134, FOM = 0.3432) and the 10-year model (OA = 0.3940, Kappa = 

0.1141, FOM = 0.1527).  At this class level, notable discrepancies were observed for the forest and 

agriculture categories, where the simulations projected greater forest loss and agricultural expansion 

than were evident in the data. This deviation likely reflects model assumptions that assigned relatively 

high important to accessibility of drivers and agricultural suitability. Nevertheless, the proportions for 

Urban/Village, Grassland, and Degraded Land closely remained with observed values, demonstrating 

the model's capacity to forecast overall trends, as shown in Table 10. 

Table 10. 

CA-Markov Model Validation Metrics - 2026 Reference. 

Metric 3-Year 5-Year 10-Year 

Overall Accuracy (OA) 0.6592 0.6160 0.3940 

Kappa Coefficient 0.4922 0.4134 0.1141 

Figure of Merit (FOM) 0.3254 0.3432 0.1527 

Quantity Disagreement 0.1060 0.1556 0.2852 

Allocation Disagreement 0.2348 0.2284 0.3208 

Hit (A) 343 406 246 

Miss (B) 538 596 1264 

False Alarm (C) 173 181 101 

The moderate Kappa values obtained in this study (0.49 for the 3-year and 0.41 for the 5-year 

interval) require contextualization within the broader CA–Markov modeling literature. Although 

these values are lower than those reported in some studies, for instance, Aburas et al. (2019) achieved 

Kappa as 0.80 for urban expansion prediction in Egypt using only four LULC classes, they remain 

comparable to results reported for complex mountainous landscapes. Gasirabo et al. (2023) reported 

a Figure of Merit of 0.19 for a 6-class CA–Markov model applied to the Nyabarongo River Basin in 

Rwanda,  and similarly concluded that model performance deteriorates with increasing landscape 

heterogeneity and classification complexity. Several factors specific to this study likely contributed 

to moderate accuracy. First, the use of five LULC classes compared to three or four commonly 

employed in many previous studies, increases the potential for spectral confusion, particularly 

between Urban/Village and Degraded Forest, which exhibit similar spectral characteristic in both 

Landsat and Sentinel-2 imagery (Aftab et al., 2024). Second, the complex terrain of the Loe Tor area 

(elevations 219–1,464 m) introduces topographic shadowing and aspect-dependent reflectance 

variations that amplify classification uncertainty (Shandu et al., 2025). Third, the multi-sensor 
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integration between Landsat (30 m) and Sentinel-2 (10 m resampled to 30 m) introduces spectral 

response inconsistencies that propagate into transition probability matrices (Claverie et al., 2018). 

Nevertheless, the 3-year model's FOM (0.33) exceeds the benchmark range of 0.05–0.30 

typically reported for CA–Markov simulations (Pontius et al., 2007), confirming the model ability to 

captures the dominant forest-to-agriculture conversion trajectory. Consistent with these finding, 

Kundu and Kumar (2024) similarly demonstrated that predictive accuracy generally declines as   the 

calibration interval length increase, consistent with this finding that the 10-year model (Kappa = 0.11) 

performed substantially worse than the 3-year model. Detailed confusion matrices for all three 

intervals are provided in (Table 11). 

Table 11. 

Confusion Matrix 3-Year, 5-Year, 10-Year Interval. 

 

Confusion Matrix 3-Year Interval. 

Predicted \ 

Reference 

Forest Agriculture Urban/Village Grassland Degraded 

Forest 913 103 32 109 36 

Agriculture 69 569 36 14 116 

Urban/Village 93 85 43 12 62 

Grassland 35 3 0 77 1 

Degraded 9 34 3 0 46 

Confusion Matrix 5-Year Interval. 

Predicted \ 

Reference 

Forest Agriculture Urban/Village Grassland Degraded 

Forest 934 187 50 144 80 

Agriculture 62 461 34 16 60 

Urban/Village 74 90 27 7 37 

Grassland 12 5 0 48 0 

Degraded 44 54 4 0 70 

Confusion Matrix 10-Year Interval. 

Predicted \ 

Reference 

Forest Agriculture Urban Grassland Degraded 

Forest 769 385 81 141 90 

Agriculture 18 113 10 0 70 

Urban/Village 123 150 30 10 80 

Grassland 191 64 5 59 13 

Degraded 37 43 2 2 14 

4.5. Future LULC Projections and BAU Scenarios 

Future projections indicate that Forest cover is predicted to decline from 12,113.40 ha (2026*), 

to 10,363.15 ha by 2036*, followed by a partially recovery to 11,699.61 ha by 2056*. Agricultural 

land expands markedly from 1,606.61 ha (2026*) to a peak of 4,070.01 ha (2036*), before moderating 

to 2,347.84 ha by 2056*. In contrast, Urban/Village, Grassland, and Degraded Forest classes exhibit 

relatively stable extents, with only minor inflection throughout the projection period. It is important 

to noted that the apparent Forest cover recovery in the 10-year BAU-Early projections (2046–2056) 

represents an artifact rather than a genuine ecological trend. This arises from sensor inconsistency 

within the 10-year interval calibration interval, which incorporates data from Landsat 5 TM (2006), 

Landsat 8 OLI (2016), and Sentinel-2 MSI (2026), three sensors with different spectral responses and 

spatial resolutions. For example, Urban/Village area fluctuated from 2,010 ha (2006, Landsat 5) to 

3,240 ha (2016, Landsat 8) before declining sharply to 990 ha (2026, Sentinel-2), a pattern 

inconsistent with field observations and attributable to sensor-dependent classification differences. 

Consequently, The T1 to T2 Markov transition matrix recorded an anomalously high Urban-to-Forest 
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transition probability (0.330), which generated the spurious forest recovery signal in long-term 

projections. In contrast, the BAU-recent scenario (T2 to T3), which relies solely on the Landsat 8 to 

Sentinel-2 transition, provides greater internal consistency and is recommended as the primary 

projection scenario for the 10-year interval. 

The transition sample analysis confirmed that sufficient training samples were available for all 

20 transition pairs, with sample sizes ranging from 101 (Grassland to Agriculture) to 2,316 (Forest to 

Grassland). Predicted LULC areas under the 10-year BAU-Early scenario are summarized in (Table 

12). All transitions with Markov probability exceeding 0.02 were successfully modeled. 
Table 12. 

Predicted LULC areas (ha) for 2026 (predicted), 2036, 2046, and 2056. 

LULC Class 2026* (ha) 2036* (ha) 2046* (ha) 2056* (ha) 

Forest 12113.40 10363.15 11189.17 11699.61 

Agriculture 1606.61 4070.01 2952.30 2347.84 

Urban/Village 3001.23 2460.85 2801.17 2814.46 

Grassland 2676.80 2231.48 2534.91 2733.94 

Degraded Forest 759.58 1032.13 680.07 561.77 

* Predicted values. 

 

Fig. 4. Observed (2020, 2023, 2026) and 3-year BAU-Recent projected (2029, 2032, 2035) LULC maps, 

Loe Tor Royal Project. 

 

Under the 10-year BAU scenario, the Forest cover is projected to decline from 12,921.8 ha 

(64.10%) in 2006 to 10,363.15 ha by 2036, followed by a partial recovery to 11,699.61 ha by 2056. 

In contrast, the 3-year BAU scenario exhibits a more severe and consistently declining trajectory, 

with Forest reduce from 9,867.4 ha (2020) to 8,356 ha by 2035.  It is important to noted  that  the 

apparent forest recovery observed in the 10-year BAU-Early scenario does not reflect plausible 

ecological dynamics. As discussed in Section 3.4, this recovery arises from artifacts introduced by 

multi-sensor transition probability estimation and should therefore be interpreted with caution. 
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Fig. 5. Observed (2016, 2021, 2026) and 5-year BAU-Recent projected (2031, 2036, 2041) LULC maps. 

 

 
 

Fig. 6. Observed (2006, 2016, 2026) and 10-year BAU-Recent projected (2036, 2046, 2056) LULC maps; 

BAU-Recent is shown to avoid the cross-sensor artifact (see Section 3.5). 
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The 10-year BAU-Recent scenario, which relies exclusively on the Landsat 8 to Sentinel-2 

transition matrix, provides a more ecologically realistic projection and indicates a continued decline 

in forest cover consistent with trends observed in the 3-year and 5-year interval. Projected LULC 

maps under the 3-year, 5-year, and 10-year BAU-Recent scenarios are illustrated in (Figs. 3, 4, and 

5), respectively. Overall, this scenario reflects a cumulative forest loss across 4,400 hectares, 

equivalent to around 2 2 %  of the original forest area, highlights a high degree of ecosystem 

vulnerability and may directly impact on the ecological balance, specifically regarding biodiversity, 

carbon sequestration, and the maintenance of the hydrological cycle. 

In contrast, the agricultural land expanded continuously from 1,671.0 ha (8.29%) in 2006 to 

6,213.0 ha (30.82%) in 2026 under the 10-year interval, representing a net gain of 4,542.0 ha (+227.1 

ha/yr). The expansion rate was more pronounced during the most recent 3-year interval (2020–2026) 

reaching +518.4 ha/yr, indicating an accelerating conversion of forested land to agriculture. This rapid 

expansion is largely driven by economic incentives and raising demand for agricultural production, 

particularly in foothill regions characterized by favorable topography and road infrastructure. 

Consequently, forest-to-agriculture conversion emerged  as the primary mechanism driving LULC 

dynamics in the region. 

On the contrary, Urban/Village areas exhibited a high degree of spatial stability, remaining 

relatively constant at approximately 990 ha (4.91% in 2026). This stability indicates that the urban 

expansion is not a primary driver of recent Land Use and Land Cover (LULC) change in this specific 

region. Similarly, Degraded forest maintained relatively stable trends across the BAU projections, 

accounting for approximately 10.42% of the study area in 2026. Nevertheless, under the 10-year 

scenario, Degraded Forest is projected to decline from 1,032 ha in 2036 to 562 ha by 2056, indicating 

a gradual transition toward other land-cover types. 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. Percentage-of-landscape (PLAND) trends for the five LULC classes under BAU-Recent: (a) 3-year, (b) 

5-year, (c) 10-year interval. The vertical dashed line marks the observed-to-projected boundary (2026). 

a) b) 

c) 
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Grassland demonstrated instability across all BAU projections. Under the 3-year scenario, 

Grassland is projected to decline sharply from 1,750.7 ha in 2026 to 483 ha by 2035. In contrast, the 

10-year projection indicate more moderate fluctuations ranging between 2,231 and 2,734 ha through 

2056. These contrast behavior likely reflect the uncertainty of land-use dynamics at the transitional 

interface between agriculture and forestry. PLAND trends for all LULC classes across all BAU-

Recent scenarios are shown in (Fig. 7). 

Following Hamad et al. (2018), two Business As Usual (BAU) scenarios were defined for each 

temporal interval: BAU-Early, which applies the transition probability matrix derived from the T1 to 

T2 period, and BAU-Recent, which applies the matrix derived from the T2 to T3 period.  For the 3-

year interval, BAU-Early (P_2020 to 2023) yielded FOM of 0.325, whereas BAU-Recent (P_2023 to 

2026) produced FOM of 0.312. Both scenarios performed similarly, with BAU-Early exhibiting a 

marginally higher FOM but comparable OA and Kappa values. 

For the 5-year interval, BAU-Early (P_2016 to 2021) yielded an OA of 0.614, Kappa of 0.396, 

and FOM of 0.286, whereas BAU-Recent (P_2021 to 2026) achieved OA of 0.627, Kappa of 0.432, 

and FOM of 0.299.  The BAU-Recent scenario consistently outperformed BAU-Early across all key 

metrics and presented  substantially lower Quantity Disagreement (0.056 vs. 0.146). 

For the 10-year interval, BAU-Early (P_2006 to 2016) yielded a FOM of 0.153, whereas BAU-

Recent (P_2016 to 2026) produced a substantially higher FOM of 0.318. This large discrepancy 

reflects the previous discussed multi-sensor artifact, whereby BAU-Early contains an anomalous high 

Urban-to-Forest transition probability (0.330) resulting from cross-sensor Landsat 5 to Landsat 8  

classification differences, leading to spurious Forest recovery in long-term projections. In contrast, 

BAU-Recent, based solely on the Landsat 8–to–Sentinel-2 matrix, avoids this artifact and is therefore 

recommended as the primary scenario. A visual comparison of BAU-Early and BAU-Recent 

projections across all intervals is presented in (Fig. 8). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

Fig. 8. Two-period BAU comparison — BAU-Early (P_T1→T2) versus BAU-Recent (P_T2→T3) — across 

the (a) 3-year, (b) 5-year, and (c) 10-year intervals. 

a) b) 

c) 
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In terms of class-specific accuracy, Forest consistently achieved the highest F1 scores across all 

intervals (F1 = 0.59–0.79), followed by Agriculture (F1 = 0.23–0.71). Urban/Village and Degraded 

Forest classes exhibited substantial confusion with other classes, resulting in lower F1 scores (F1 = 

0.08–0.26 for Degraded Forest; F1 = 0.12–0.21 for Urban/Village). This reflects the model’s 

limitations in distinguishing between land-uses classes with similar spectral characteristics or subtle 

spatial differences. However, in terms of overall precision, the model is considered sufficiently 

reliable for forecasting future land-use changes. 

The validation analysis further indicates that while the model successfully captures a substantial 

number of predicted areas (Hits) across classes, False Alarms and Misses were also prevalent. These 

errors were particularly evident in the transitions of Forest-to-Agriculture and Forest-to-Degraded 

Land, which represent the dominant change process in the study area. False Alarms suggests an 

overestimation in certain classes, while Misses reflect underestimation of actual changes. 

Nevertheless, the spatial distribution of Hits indicates that the model adequately captures overall 

LULC trends. 

 

4.6. Landscape Fragmentation Analysis 

 

Landscape-level metrics were computed using the landscape metrics package in R for all 

observed years (2006, 2016, 2021, 2026) and projected years under the BAU-Recent scenario (5-year 

interval: 2031, 2036, 2041). Three complementary indices were evaluated: Shannon’s Diversity Index 

(SHDI), Contagion Index (CONTAG), and Patch Density (PD). The results indicate a consistent 

decline in landscape diversity over the observed period. SHDI decreased from 1.417 (2006) to 1.294 

(2016) and 1.326 (2026), reflecting the progressive landscape simplification as Agriculture replaced 

more diverse natural cover types. Concurrently, CONTAG increased from 38.3 (2006) to 43.8 (2016), 

indicating increasingly aggregation of dominant agricultural class  and the expansion of large 

contiguous farmland.  

Patch Density declined from 230.0 to 179.1 patches per 100 ha over the same period, suggesting 

fewer but larger and more spatially concentrated patches. Under BAU-Recent projections, SHDI is 

expected to continue declining while CONTAG increases, consistent with ongoing agricultural 

consolidation at the expense of forest patch diversity. At the class level, Forest exhibited a marked 

increase in the Number of Patches (NP) between 2016 and 2026 (from approximately 2,972 to 4,059 

patches), indicating an active fragmentation of the forest matrix into smaller and more isolated units. 

A corresponding decline in the Aggregation Index (AI) confirmed reduced spatial connectivity among 

remaining forest patches, with implications for biodiversity persistence and ecosystem functioning. 

The observed increase in forest patch number (from 2,972 to 4,059 patches between 2016 and 

2026) coupled with declining Aggregation Index, represents a classic fragmentation trajectory widely 

documented in tropical montane forests. Chidodo et al. (2025) reported similar patterns in the East 

Usambara Mountains of Tanzania, where agricultural encroachment progressively fragmented 

contiguous forest blocks into smaller and more isolated patches. The ecological consequences of such 

fragmentation are well-established: reduced patch size limited habitat availability for area-sensitive 

species, while increased edge-to-interior ratio alters microclimate conditions and facilitate invasion 

by pioneer species (Haddad et al., 2015). 

The declining in Shannon Diversity Index (SHDI from 1.417 to 1.326) indicates progressive 

landscape simplification, consistent with the dominance of forest-to-agriculture conversion as a single 

prevailing transition pathway. This pattern contrasts with landscapes experiencing multiple 

simultaneous transitions (e.g., urbanization combined with agricultural expansion), which typically 

exhibit stable or increasing SHDI values (Gasirabo et al., 2023).  The concurrent increase in 

CONTAG (from 38.3 to 43.8) further confirms that agricultural expansion is creating large, 
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contiguous farmland blocks rather than dispersed patches, a pattern with potentially irreversible 

implications for forest connectivity and wildlife corridor viability in the Salween and Ping watersheds. 

5. CONCLUSIONS 

This study integrated multi-temporal satellite imagery, five supervised classification algorithms, 

and CA–Markov modelling to analyse LULC dynamics in the Loe Tor Royal Project area between 

2006 and 2026. The results reveal a consistent and accelerating loss of forest to agriculture, with 

proximity to settlements and roads identified as the primary spatial drivers. Sentinel-2 consistently 

outperformed Landsat, and no single classifier was superior across all years, underscoring the 

sensitivity of classifier performance to sensor characteristics and landscape complexity. 

The comparison of calibration intervals is the principal methodological contribution. The 3-year 

interval produced the most reliable CA–Markov projections, substantially outperforming the 5- and 

10-year models; the poor performance of the 10-year model is attributable to Markov non-stationarity 

and cross-sensor spectral inconsistency over long horizons. Across all Business-as-Usual scenarios, 

forest cover is projected to continue declining while agriculture expands along low-elevation margins 

near roads and settlements. 

These findings should be read against three limitations: cross-sensor integration introduces 

spectral-response differences that affect transition estimation (notably for the 10-year interval); minor 

classes (Urban/Village, Degraded Forest) remain affected by spectral confusion in complex terrain; 

and the BAU projections assume stationary transition rates without explicit policy or climate drivers. 

Within these bounds, the study points to three priority interventions — protective buffer zones around 

remaining forest, conservation agriculture as an alternative to forest conversion, and GIS-based 

monitoring for proactive management — and provides methodological guidance for CA–Markov 

applications in tropical mountainous landscapes. Future work should incorporate socio-economic 

drivers and compare CA–Markov with alternative modelling frameworks. 

 

6. DATA AVAILABILITY 

 

The Landsat imagery is freely available from the USGS Earth Explorer 

(https://earthexplorer.usgs.gov).  Sentinel-2 Level-2A imagery was obtained from the Copernicus 

Open Access Hub (https://dataspace.copernicus.eu).  The R scripts used for classification and CA–

Markov modeling is available from the corresponding author upon reasonable request. 
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ABSTRACT  

This paper synthesises the twelve contributions included in the AIAG special issue and considers their 

findings within the broader development of geospatial artificial intelligence. The studies show how AI 

and related computational methods can support the identification of geographical phenomena, the 

estimation of environmental conditions in data-sparse areas, the analysis of spatiotemporal processes, 

the construction of land-use and hazard scenarios, and the integration of data-driven models with 

physical knowledge. Rather than treating algorithms as the principal outcome, the synthesis focuses on 

the geographical evidence they produce, including flood boundaries, pollution estimates, rainfall 

forecasts, biomass inventories, burned-area maps, land-use projections and susceptibility assessments. 

The discussion then shifts from what AI performs in the individual studies to what geography 

contributes to AI. It examines how geographical research defines meaningful entities, represents scale, 

connectivity and temporal structure, organises heterogeneous evidence, keeps environmental and social 

processes visible, and connects model outputs to places, institutions and decisions. These contributions 

are essential because spatial coordinates alone do not make a model geographically meaningful. 

The paper also considers the conditions required for reliable GeoAI, particularly spatially appropriate 

validation, transferability between regions, interpretability and the spatial communication of 

uncertainty. It argues that AI is most useful when it complements GIS, remote sensing, field 

observations, statistical analysis, physical modelling and expert knowledge. Its contribution lies not in 

replacing geographical judgement, but in extending the capacity to observe, estimate and anticipate 

spatial processes while keeping model outputs connected to the geographical contexts and decisions 

they represent. 

  

Keywords: GeoAI; geographical knowledge; spatial dependence; geographical modelling; decision 

support; spatial validation; explainable AI 

 

1. INTRODUCTION 

Geospatial artificial intelligence (GeoAI) represents an evolving set of analytical methodologies 

that extend the capacity of geographers to observe, measure, model, and anticipate spatial phenomena. 

The twelve contributions assembled in this special issue demonstrate this analytical progression 

across diverse environmental and socio-economic contexts:  
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1. Kritchayan INTARAT, Phatsachon KUANKHAMNUAN and Woraman JANGSAWANG / Flood 

Mapping in Phra Nakhon Si Ayutthaya, Thailand, Utilizing Sentinel-1 SAR Imagery and Deep 

Learning Approaches  

2. Triyatno TRIYATNO, Lailatur RAHMI, Syafri ANWAR, Beni AULIA and Sumayyah Aimi Mohd 

NAJIB / Projecting LULC Change (2025–2039) and Modeling Landslide Susceptibility Using 

Cellular Automata–Markov Chain (CA–MC) in the Kambang Watershed, West Sumatra, Indonesia 

3. Sri NURDIATI, Mochamad Tito JULIANTO, Ionel HAIDU, Muhammad Daryl FAUZAN, Hari 

NURDIANTO, Syukri Arif RAFHIDA and Mohamad Khoirun NAJIB / Predicting Fire Hotspots in 

Kalimantan Based on Climate Factors Using Gaussian Process Regression and Long Short-Term 

Memory  

4. Uca SIDENG, Nurul Afdal HARIS and Mustari S. LAMADA / An Integrated ANN–CA Model for 

Land-Use Change Prediction and Flood-Risk Mitigation: A Case Study of Enrekang Regency, 

Indonesia 

5. Ananto A. AJI, Syaiful Muflichin PURNAMA and Vina Nurul HUSNA / Random Forest–Based 

Mapping of Riverine Plastic Pollution from Sentinel-2 in Google Earth Engine: LULC and Rainfall 

Controls in Kendal Regency, Indonesia 

6. Jumadi JUMADI, Kuswaji Dwi PRIYONO, Ali Hasan ABDULLAH, Supari SUPARI, Hamza AIT 

ZAMZAMI, Farha SATTAR, Muhammad NAWAZ, Hamzah HASYIM and Steve CARVER / 

Performance of Machine-Learning and Deep-Learning Models for Predicting Rainfall in a Large 

Watershed: Case Study of the Bengawan Solo River Basin, Indonesia  

7. Imad KATIBA, Hanae BELMAJDOUB and Khalid MINAOUI / Hybrid Deep-Learning and 

Reinforcement Framework for Physically Consistent Precipitation Control along the Moroccan–

Iberian Coasts 

8. Maliwan THABTHONG, Teerawong LAOSUWAN, Satith SANGPRADID, Yannawut UTTARUK, 

Jenjira PIAMDEE, Piyatida AWICHIN, Titipong PHOOPHATHONG and Maharaja SINGHARAJ / 

An AI-Based Framework for Estimating PM₂.₅ Using Satellite Aerosol Optical Depth and 

Meteorological Data in a Coastal Industrial Region of Thailand 

9. Pimpilai WUNAPHAI, Teerawong LAOSUWAN, Satith SANGPRADID, Yannawut UTTARUK, 

Narueset PRASERTSRI, Thinnakon ANGKAHAD and Piyatida AWICHIN / Geospatial Deep 

Learning for Biomass and Carbon-Stock Estimation Using UAV-Derived Canopy Metrics 

10. Worawit SUPPAWIMUT and Ratchaphon SAMPHUTTHANONT / Deep Learning–Based Detection 

of Agricultural Burned Areas Using True-Color Satellite Imagery 

11. Thanh Long NGUYEN, Thi Ngoc Ha TRAN, Quoc Lap KIEU and Dieu Trinh NGUYEN / A Shear-

Strength-Derived Lithological Weakness Index for GIS-Based Landslide-Susceptibility Modelling in 

Mountainous Road Corridors of Northern Vietnam 

12. Sorawit ONPHUA, Sakhan TEEJUNTUK and Chakrit NA TAKUATHUNG / Multi-Algorithm 

Classification and CA–Markov Prediction of Land-Use Change across Three Temporal Intervals: A 

Case Study of the Loe Tor Royal Project, Tak Province, Thailand 

 

These studies address diverse environmental phenomena, including riverine flooding, 

precipitation patterns, forest fires, atmospheric pollution, riverine plastic pollution, plantation 

biomass, land-use transitions, and slope instability. Study areas span alluvial floodplains, tropical river 

basins, industrial coastal zones, commercial plantations, and mountainous transport corridors. 

Collectively, these investigations examine complex spatial and temporal systems by integrating multi-

source geospatial data, computational models, and domain knowledge of localized physical processes. 

The papers employ a broad spectrum of AI and related computational techniques, including 

semantic image segmentation, supervised classification, nonlinear regression, recurrent neural 

networks, ensemble tree architectures, cellular automata, Markov chains, and reinforcement learning. 

The algorithmic development is rarely the primary objective; the principal outputs consist of empirical 

spatial evidence, such as mapped flood extents, aerosol concentration fields, rainfall forecasts, burned 

scar geometries, land-use trajectories, biomass inventories, and susceptibility zonations. The 

geographical value of AI lies in this conversion of heterogeneous observations into spatially explicit 

evidence. 

In the following sections, numbers in square brackets refer to the twelve AIAG contributions 

listed above. 
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2. THEMATIC SYNTHESIS OF THE AIAG STUDIES 

2.1. Seeing geographical phenomena more clearly 

A first group of studies uses AI to map features and processes that are difficult to identify 

consistently through conventional interpretation. This is especially relevant to satellite and UAV 

imagery, where the growing volume of observations has made manual analysis increasingly 

impractical. Remote-sensing archives provide repeated coverage of large areas, but the images still 

need to be classified, segmented and interpreted in relation to conditions on the ground. Intarat, 

Kuankhamnuan and Jangsawang [1] examine this problem through flood mapping in Phra Nakhon Si 

Ayutthaya Province, Thailand. They combine Sentinel-1 synthetic aperture radar imagery with a U-

Net segmentation model using different ResNet encoders. The model distinguishes flooded from non-

flooded pixels and produces continuous maps of the inundated area. Sentinel-1 data are well suited to 

this task because radar observations remain available under cloud cover and at night, when optical 

imagery may be unavailable or difficult to interpret. The comparison of the three encoders also shows 

that increasing network depth does not necessarily improve the result. ResNet101 provided a better 

balance between segmentation accuracy, generalisation and computational demand than ResNet50 or 

ResNet152. Maps produced soon after a flood can support the identification of affected settlements, 

roads and agricultural land and can be compared with the spatial extent of earlier events. Their wider 

operational use, however, depends on processing speed, computing capacity and validation across 

several floods and geographical settings. Good performance within the original study area does not 

guarantee that the same model will work equally well elsewhere, since part of what it learns is specific 

to the landscape and the radar characteristics of the training data. 

Suppawimut and Samphutthanont [10] investigate the detection of agricultural burning in rice-

growing areas of northern Thailand. Reference burned-area masks are first derived from the 

differenced Normalized Burn Ratio, after which a U-Net model is trained to identify burned patches 

from true-colour satellite imagery. The spectral index is therefore used to prepare the training data, 

while the resulting model operates with simpler RGB inputs. A particularly relevant part of the study 

is the spatial separation of the training, validation and test areas. Nearby pixels and image tiles often 

resemble one another, so random sampling can allow almost identical spatial patterns to appear in 

both the training and test datasets, leading to overly optimistic estimates of model performance. The 

spatial hold-out design provides a more realistic assessment of how well the model performs in 

previously unseen areas. The resulting burn maps can also show where agricultural fires are 

concentrated and where they may contribute to seasonal haze and fine-particle pollution. In this way, 

the method provides spatial information that can support the targeting of mitigation measures without 

treating image classification as an end in itself. 

Wunaphai and colleagues [9] work at a finer spatial scale, combining UAV imagery, canopy-

height models, field measurements and deep-learning-based tree detection to estimate biomass and 

carbon stocks in rubber plantations. Tree height, crown dimensions and stand density are derived from 

the UAV data, while the field plots provide the biomass measurements needed for calibration. Deep 

learning is mainly used to identify individual trees and organise the canopy information into a 

plantation inventory. The value of the approach lies in the connection it creates between a relatively 

small number of field plots and a much more detailed spatial representation of the plantation. Field 

observations therefore remain essential; the model does not replace them, but extends their usefulness 

beyond the locations where measurements were collected. 

2.2. Estimating what cannot be measured everywhere 

A second group of studies uses AI to estimate environmental conditions in areas where direct 

observations are limited. This is a common problem in geographical research: monitoring stations are 

unevenly distributed, field measurements are costly, and conditions may vary considerably within the 

same administrative region. Models can partly address these gaps by combining observations from 

several sources and estimating values for locations where no direct measurements are available. 

Thabthong and colleagues [8] apply this approach to the estimation of daily PM2.5 concentrations 

in Rayong Province, a coastal and industrial area of Thailand. They combine measurements from 
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ground stations with satellite-derived aerosol optical depth and meteorological variables obtained 

from reanalysis data, including temperature, relative humidity, wind speed and boundary-layer height. 

Random Forest performed best among the methods tested. The analysis also identified wind speed, 

humidity and boundary-layer conditions as relevant factors in the spatial and temporal variation of 

pollution concentrations. Each dataset contributes different information. Monitoring stations provide 

direct measurements of PM2.5, but only for a limited number of locations. Satellite observations cover 

a much larger area, although aerosol optical depth is not a direct measure of particle concentrations 

near the ground. Reanalysis data add information about the atmospheric conditions that affect the 

transport, dispersion and accumulation of pollutants. By relating these sources to one another, the 

model produces a more spatially complete estimate of PM2.5 than could be obtained from the station 

network alone. 

Aji, Purnama and Husna [5] use a similar combination of data sources to examine riverine plastic 

pollution in Kendal Regency, Indonesia. Their analysis brings together Sentinel-2 imagery, land-use 

and land-cover data, precipitation records and a remotely sensed Plastic Index. Higher index values 

were generally associated with settlements and industrial areas, while forests and plantations tended 

to show lower values. The relationship with rainfall was weaker and varied across the study area. 

These results suggest that the distribution of the index is more closely related to the location of human 

activities than to precipitation alone. The study is useful in this respect because it does not treat every 

spatial correlation as equally informative. Instead, it allows several possible explanations for the 

observed pattern to be considered together, including rainfall, land use, industrial activity and 

settlement distribution. The same principle applies to the PM2.5 study, where pollution levels reflect 

not only the location of emission sources but also the atmospheric conditions governing their 

dispersion. In both cases, the value of the model lies not simply in reproducing a spatial pattern, but 

in showing which geographical factors are most closely associated with it. 

2.3. Learning from environmental time series 

Geographical processes develop over time as well as across space. Several studies in the volume 

therefore examine whether AI methods can identify temporal relationships, predict environmental 

variables and improve the selection of suitable modelling approaches. 

Nurdiati and colleagues [3] analyse monthly fire hotspots in Kalimantan using climatic indicators 

that include rainfall, the duration of dry spells, the El Niño–Southern Oscillation and the Indian Ocean 

Dipole. They compare Gaussian Process Regression with Long Short-Term Memory networks. The 

LSTM model performs better on the test data, suggesting that it captures relationships extending 

across successive time steps more effectively. Neither approach, however, reproduces all of the 

observed changes. In particular, both models have difficulty accounting for a substantial reduction in 

fire hotspots that appears to be associated with socioeconomic intervention rather than climatic 

variation. This result indicates a limitation of the predictor set rather than only of the algorithms 

themselves. Fire occurrence depends on rainfall and large-scale climate variability, but it is also 

influenced by land management, agricultural practices, enforcement, market conditions and policy 

measures. A model based exclusively on environmental variables can therefore represent only part of 

the process. The remaining prediction errors may provide an indication of where important human 

influences have not been included. 

Jumadi and colleagues [6] compare a wider range of machine-learning and deep-learning 

methods for rainfall prediction in the Bengawan Solo River Basin. Nine algorithms are tested using a 

long CHIRPS rainfall record sampled at several hundred grid points. Extreme Gradient Boosting and 

a Gated Recurrent Unit model produce the most stable results, whereas some of the more elaborate 

deep-learning architectures show larger errors and stronger variation between months. The 

comparison shows that increasing model complexity does not necessarily improve rainfall prediction. 

Performance also depends on the length and consistency of the time series, the temporal resolution of 

the data, spatial differences within the basin and the way the models are trained and evaluated. For 

this reason, the comparison of algorithms is not simply a technical preparation for the analysis. It 

helps establish which modelling assumptions are best suited to the available data. 
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Taken together, the two studies also point to different sources of predictive uncertainty. In rainfall 

modelling, errors may arise because an algorithm does not capture the temporal structure of the data 

sufficiently well. In the fire-hotspot study, part of the uncertainty results from the absence of 

socioeconomic variables that could explain changes not driven by climate. A more complex temporal 

model may improve the representation of dependencies within a time series, but it cannot account for 

processes that are missing from the input data. 

2.4. From prediction to geographical scenarios 

Prediction in geographical research does not always refer to estimating a single value for the 

following day or month. It may also involve constructing spatial scenarios that show how a landscape 

could develop if recently observed patterns and relationships continue. 

Triyatno and colleagues [2] apply this approach in the Kambang watershed of West Sumatra. 

They combine supervised land-cover classification with Cellular Automata–Markov Chain modelling 

and Random Forest estimation of landslide potential. Land-use and land-cover patterns are projected 

for 2029 and 2039, after which the simulated changes are used to assess possible shifts in landslide 

susceptibility. Particular attention is given to the expected reduction in primary forest and the 

expansion of other land uses. The resulting maps indicate both the projected extent of highly 

susceptible terrain and the areas where this increase is most likely to occur. 

Sideng, Haris and Lamada [4] use a related modelling framework in Enrekang Regency, where 

an artificial neural network is combined with cellular automata to simulate land-use change and 

examine its relationship with flood risk. The neural network estimates the association between land-

use transitions and their driving factors, while the cellular component accounts for the influence of 

neighbouring cells on the location of future change. Their results suggest that built-up areas may 

continue to expand into zones already exposed to flooding. The relevance of the simulation lies less 

in predicting the exact future state of individual pixels than in identifying where current development 

tendencies may create additional risk. Cellular automata are useful here because land-use change is 

spatially dependent. Development often follows existing settlements and roads, while slope, elevation 

and neighbouring land uses may either encourage or restrict expansion. The model therefore provides 

a conditional scenario: it shows how the landscape might develop if the relationships identified during 

the calibration period remain broadly similar. 

Onphua, Teejuntuk and Na Takuathung [12] examine how the choice of calibration period affects 

this type of projection. In the Loe Tor Royal Project area, they compare several land-cover 

classification algorithms and test CA–Markov models based on three-, five- and ten-year intervals. 

The model calibrated over the shortest period produces the most reliable results, whereas the ten-year 

interval performs less well. The authors relate this difference to changes in transition probabilities 

over time and to spectral inconsistencies between images acquired by different sensors. Their findings 

show that a longer historical record is not necessarily more suitable for model calibration. A long 

interval may combine periods with different planning policies, technologies, land-management 

practices or data characteristics, even though the model treats them as parts of the same process. 

Selecting a calibration period therefore requires attention not only to the number of available years, 

but also to whether the observations represent a reasonably consistent geographical and institutional 

context. 

2.5. Connecting data-driven models with physical knowledge 

The volume also includes studies in which data-driven models are combined with physical 

constraints, process knowledge or variables designed to represent geographical conditions more 

directly. In these cases, AI is used as one component of the analysis rather than as an independent 

source of explanation. 

Katiba, Belmajdoub and Minaoui [7] propose a hybrid framework in which a BiLSTM–MLP 

network predicts precipitation, while a reinforcement-learning controller tests small changes in 

selected atmospheric variables. The search is restricted by stability and energy constraints so that the 

simulated combinations remain physically plausible. The framework is presented as a tool for 

exploring the sensitivity of precipitation to changes in atmospheric conditions and for informing 
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water-management analysis, not as a system for modifying weather in practice. The distinction is 

important because statistical associations between rainfall, pressure, humidity and wind do not imply 

that these variables can be controlled independently in the atmosphere. The main contribution of the 

study lies in the way it combines prediction with a constrained exploration of possible atmospheric 

states. Rather than allowing the controller to search without limits, the model excludes solutions that 

would conflict with basic physical conditions. 

Nguyen and colleagues [11] incorporate physical information at an earlier stage of the modelling 

process. Their study develops a lithological weakness index from shear-strength data and uses it as 

an explanatory variable in GIS-based landslide-susceptibility modelling along mountainous road 

corridors in northern Vietnam. This provides a more direct representation of material resistance than 

a conventional classification based only on broad geological units. The study shows that model 

performance depends partly on how well the input variables reflect the processes being investigated. 

In landslide analysis, replacing a geological category with an indicator of mechanical weakness may 

improve the physical meaning of the model even when the underlying algorithm remains unchanged. 

The same consideration applies to other commonly used predictors, including slope, rainfall and land 

cover. These variables are not direct representations of environmental processes, but simplified 

measures constructed from particular datasets and assumptions. Their definition therefore requires 

geographical and physical judgement before they are introduced into the model. 

3. WHAT GEOGRAPHY CONTRIBUTES TO AI 

The studies discussed in the previous section show how AI can transform satellite images, time 

series and field measurements into flood maps, pollution estimates, rainfall forecasts, biomass 

inventories and land-use scenarios. Yet these outputs do not derive their geographical meaning from 

the algorithms alone. Before a model can recognise, estimate or predict anything, the research must 

define what constitutes the phenomenon, at what scale it should be observed, which relationships 

matter and how the result will be interpreted. 

Geography therefore contributes more than spatial data to AI. It provides concepts for 

distinguishing meaningful entities, methods for organising heterogeneous evidence, an understanding 

of scale and spatial dependence, and knowledge of the environmental and social processes behind 

observed patterns. It also connects model outputs to places, institutions and decisions. Without this 

framework, an AI system may produce an accurate classification or prediction whose geographical 

significance remains uncertain (Janowicz et al., 2020; Wang et al., 2024; Mai et al., 2025). 

3.1. Defining meaningful geographical entities 

AI models require target categories, but geographical entities are rarely given in an unambiguous 

form. A flood boundary, burned area, land-use class, hazardous slope or urban neighbourhood must 

first be defined through observational rules and disciplinary knowledge. These definitions determine 

what the model learns. 

Flood mapping illustrates the problem. Radar backscatter can help distinguish inundated surfaces, 

but low values may also represent permanent water, smooth artificial surfaces or radar shadow. The 

models used by Intarat, Kuankhamnuan and Jangsawang [1] can segment likely floodwater, but the 

resulting class becomes geographically meaningful only when it is interpreted in relation to floodplain 

morphology, drainage, land cover and the timing of image acquisition. 

The preparation of reference data raises similar questions in burned-area mapping. Suppawimut 

and Samphutthanont [10] use the differenced Normalized Burn Ratio to create training masks for a 

deep-learning model. These masks are not neutral observations. Their meaning depends on the 

selected spectral threshold, the dates compared and the distinction between agricultural fire, harvest, 

bare soil and other forms of surface change. Geography contributes to AI here by defining the 

environmental process represented by the label. 

Some geographical entities are multidimensional rather than directly visible. A geomorphosite, 

for example, is not simply a terrain form that can be recognised from elevation data. Irimuș et al. 
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evaluate volcanic landforms through scientific, scenic, cultural-historical, ecological and 

socioeconomic criteria (Irimuș et al., 2015). Computer vision might identify volcanic cones or craters, 

but it cannot derive the full significance of a site from morphology alone. The geographical 

classification combines observable form with scientific interpretation and place-based value. 

Comparable issues arise in human geography. Accessibility may refer to proximity, travel time, 

available opportunities or the capacity of different population groups to reach them. Each definition 

measures something different and may lead to different planning conclusions (Geurs & van Wee, 

2004). Health exposure is equally dependent on definition. A temperature value assigned to a 

residence, a neighbourhood average and the conditions experienced during daily mobility are not 

interchangeable measures (Clark et al., 2025). 

The target variable is therefore already a geographical argument. AI can improve the consistency 

or speed of classification, but geography determines what the categories represent and which 

distinctions should remain visible. 

3.2. Representing scale, connectivity and temporal structure 

Geographical processes do not occur independently at individual pixels or observation points. 

They develop within neighbourhoods, catchments, transport networks, routes and regions. The spatial 

unit used in a model influence both the pattern detected and the conclusion drawn from it. Land-use 

change provides a clear example. Cellular automata are useful because the probability of transition 

depends partly on neighbouring cells. Development tends to follow existing settlements and roads, 

while slope, protected areas and surrounding land uses may constrain its direction. The studies by 

Triyatno et al. [2], Sideng et al. [4] and Onphua et al. [12] combine classification or machine-learning 

methods with CA–Markov approaches precisely because land-use transitions are spatially connected. 

The choice of temporal interval matters as well. Onphua et al. [12] find that the shortest 

calibration period produces the most reliable projection. A longer record is not automatically better 

when it combines periods governed by different policies, land-management practices, technologies or 

sensor characteristics. Geography contributes by asking whether observations belong to the same 

underlying spatial and institutional process before they are treated as one training dataset. 

Hydrological modelling faces a similar problem. Catchments differ in terrain, soils, vegetation, 

storage and river-network organisation. Models trained across many basins can identify shared 

rainfall–runoff relationships and transfer some information to poorly monitored regions (Kratzert et 

al., 2019). The catchment cannot, however, be treated as an arbitrary collection of grid cells. Flow 

connectivity, upstream–downstream relations and water balance remain part of the structure of the 

problem (Nearing et al., 2021). 

Regional variation is equally important. Blöschl et al. found that river floods have increased in 

some parts of Europe and decreased in others, reflecting different combinations of precipitation, snow 

processes and catchment conditions (Blöschl et al., 2019). A model fitted to the continent as a whole 

could obscure these contrasting regional processes even if its overall statistical performance were 

acceptable. 

Temporal relations also require geographical and process-based interpretation. Gasparrini et al. 

show that temperature may affect mortality over several subsequent days and that the exposure–

response relationship differs between locations (Gasparrini et al., 2015). The relevant observation is 

therefore not simply the temperature and mortality recorded on the same date. Lag structure, 

seasonality and local adaptation form part of the phenomenon being modelled. 

Route-level risk offers a smaller-scale illustration. Tourist-trail conditions depend on the 

sequence of terrain segments, exposure, weather, communication coverage and the characteristics of 

the user. A trail cannot be represented adequately by one average slope or a single hazard value 

(Magyari-Sáska, 2014). Its meaning comes from the connection between segments and from changing 

conditions along the route. 

Geography thus contributes the units and relations through which AI interprets spatial data. It 

indicates when observations should be treated as neighbours, parts of a network, stages in a sequence 

or members of distinct regions. 
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3.3. Organising heterogeneous geographical evidence 

Many geographical questions cannot be answered from one data source. The PM₂.₅ study by 

Thabthong et al. [8], for example, combines monitoring stations, satellite aerosol optical depth and 

meteorological reanalysis. Each source observes a different aspect of atmospheric pollution. Ground 

stations measure near-surface concentrations directly but provide limited spatial coverage. Satellite 

data offer broader coverage but do not measure ground-level PM₂.₅ directly. Reanalysis adds 

information on the atmospheric conditions controlling transport and dispersion. 

The model can relate these sources statistically, but geographical reasoning is needed to 

understand why they can be combined and where their meanings differ. A continuous prediction 

surface should not conceal the fact that some values are measured while others are inferred. 

Aji, Purnama and Husna [5] similarly combine a remotely sensed plastic index, rainfall and land-

use information. The weaker relationship with precipitation and stronger association with settlements 

and industrial areas suggest that the spatial pattern cannot be explained by hydrology alone. Land use, 

waste generation and human activity offer competing or complementary interpretations. AI can rank 

variables or identify interactions, but the explanation requires knowledge of how pollutants enter and 

move through the river system. 

Heterogeneity is even greater when numerical and documentary evidence are combined. 

Historical GIS links maps, archival texts, place names and changing administrative boundaries 

(Gregory & Healey, 2007). Natural-language processing may extract names and dates, but older 

spellings, transliterations and historical changes in place identity require contextual interpretation. 

Multi-criteria evaluation brings together another mixture of evidence. In developing a geopark-

attractiveness model, Nyulas et al. reviewed 52 assessment methods and 862 variables before 

selecting 33 attributes concerning natural and cultural heritage, accessibility, infrastructure, scientific 

value, safety and other dimensions (Nyulas et al., 2024). This reduction is not merely a technical 

feature-selection problem. It reflects the purpose of geopark evaluation, institutional requirements and 

decisions about which values should be represented. 

Similar considerations apply to ecosystem-service assessment. Land-cover classes may provide 

a convenient basis for expert scoring, but the same class can support different services depending on 

soils, climate, management and landscape context (Burkhard et al., 2009). Machine learning can test 

these generalisations against observations, yet the services themselves remain defined through 

ecological knowledge and social priorities. 

Geospatial knowledge graphs offer one way to preserve these distinctions. They can represent 

settlements, geosites, roads, protected areas, documents and organisations as different kinds of entities 

connected by explicit relationships (Bordogna & Fugazza, 2023; Mai et al., 2022). Their value lies 

not simply in storing more information, but in retaining the meaning and provenance of the links 

among sources. 

Geography contributes to data integration by determining which forms of evidence are 

commensurable, which differences must be retained and how uncertainty should be carried from the 

original observations into the model output. 

3.4. Keeping environmental and social processes visible 

Predictive performance does not necessarily provide an explanation. A model can reproduce an 

observed pattern without identifying the process that generated it. Geographical knowledge is 

therefore needed both when predictors are selected and when the remaining errors are interpreted. 

The fire-hotspot study by Nurdiati et al. [3] provides a useful example. Climate variables explain 

part of the temporal variation, and the LSTM model performs better than Gaussian Process 

Regression. Neither model fully captures a marked decline in hotspot occurrence that appears to be 

related to socioeconomic intervention. The error is informative because it suggests that the predictor 

set omits land-management, regulatory or behavioural changes. Increasing network complexity would 

not solve the absence of relevant variables. 
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Rainfall modelling leads to a related conclusion. Jumadi et al. [6] compare nine algorithms and 

find that some relatively compact models perform more consistently than more elaborate deep-

learning architectures. The choice of method must correspond to the length, temporal resolution and 

spatial structure of the available record. Complexity alone does not supply missing process 

information. 

The physical meaning of predictors also matters. Nguyen et al. [11] derive a lithological weakness 

index from shear-strength data rather than relying only on broad geological classes. The improvement 

lies partly in representing material resistance more directly. The example shows that a geographically 

and physically meaningful variable may contribute more than a change of algorithm. 

Katiba, Belmajdoub and Minaoui [7] take this further by restricting a reinforcement-learning 

search through atmospheric stability and energy constraints. The controller is not allowed to explore 

every statistically advantageous combination of variables. Its solutions must remain compatible with 

basic physical conditions. 

Theory-guided and hybrid approaches generalise this principle. Conservation laws, process-

model outputs and known environmental relationships can be incorporated into machine-learning 

systems to reduce physically implausible predictions (Karpatne et al., 2017; Reichstein et al., 2019; 

Irrgang et al., 2021). Such models recognise that the available data may not contain enough examples 

to teach every relevant constraint. 

Social processes require similar caution, although they cannot usually be represented through 

physical equations. Satellite imagery may predict economic conditions from buildings, roads and 

cultivated land, but it cannot directly observe tenure, household relations or informal employment 

(Jean et al., 2016; Yeh et al., 2020). A transport model may learn low demand in a poorly served 

neighbourhood without recognising that the lack of service itself suppresses travel. 

Geography helps distinguish prediction from explanation. It asks whether a model has identified 

a process, a proxy or merely a stable correlation, and whether the relationship is likely to persist when 

environmental or institutional conditions change. 

3.5. Connecting model outputs to geographical decisions 

The output of an AI model becomes useful only when it can inform a geographical decision. A 

flood mask must be related to settlements, roads, agricultural land or evacuation routes. A pollution 

surface must be interpreted in relation to population exposure. A land-use scenario must be evaluated 

against planning objectives and environmental constraints. 

These decisions introduce values that cannot be inferred from accuracy alone. A highly accurate 

accessibility model cannot determine whether the existing distribution of services is fair. A tourism 

recommender trained on previous visits may reproduce the concentration of visitors in already popular 

places. A geopark assessment must balance conservation, accessibility, education and local 

development. The algorithm can compare alternatives, but it cannot establish the priorities on its own. 

Scenario models require similar interpretation. The land-use projections in the volume do not 

describe a predetermined future. They show what may occur if the relationships observed during the 

calibration period continue. Their planning value lies in identifying where present tendencies could 

increase flood or landslide exposure, not in claiming certainty about individual future pixels. 

Operational warning systems add questions of responsibility. Flood forecasts, heat warnings and 

trail-risk assessments should indicate where observations are sparse, when the data were updated and 

how certain the prediction is. A model may support a decision, but formal responsibility remains with 

the relevant authorities and professional organisations. 

Cartography also plays a role in this transition. Model results must be presented in a form that 

allows users to distinguish predicted values, uncertainty, observed data and areas of extrapolation. 

Automated mapping can improve efficiency, but map design remains an interpretive act involving 

classification, generalisation and visual emphasis (Usery et al., 2022). 

The geographical contribution continues after the model has produced its prediction. It connects 

the result to affected places and populations, evaluates whether the output is suitable for its intended 

purpose and makes the assumptions and uncertainties visible. 
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3.6. Geography as part of the model, not merely its application area 

The twelve studies in this volume demonstrate the breadth of AI applications in geographical 

research. They also show that the most successful models depend on decisions made outside the 

algorithm: how reference classes are defined, how spatial units are connected, which temporal period 

is representative, which variables reflect the process and how outputs are linked to action. 

Geography contributes these decisions. It defines meaningful entities, represents scale and 

connectivity, organises heterogeneous evidence, supplies environmental and social interpretation, and 

relates predictions to institutional and public objectives. Field inventories, epidemiological models, 

accessibility frameworks, heritage assessments and physical process knowledge are not preliminary 

forms of AI. They are sources of the structure that AI needs. 

This perspective also changes how model improvement should be understood. A deeper 

architecture or larger dataset may raise predictive accuracy, but improvement may also come from a 

better geographical unit, a more meaningful predictor, an appropriate temporal lag or a clearer 

distinction between observation and inference. In many cases, these choices have a greater effect on 

the usefulness of the result than the selection of the algorithm. 

GeoAI is therefore strongest when geography remains present throughout the research process: 

before modelling, when the problem and data are defined; within the model, when spatial relations 

and process constraints are represented; and after modelling, when predictions are interpreted, 

mapped and used. Geography does not simply supply locations for artificial intelligence. It provides 

the concepts through which spatial predictions become knowledge. 

4. CLOSING REFLECTIONS 

The value of an AI model in geography depends not only on predictive accuracy, but also on 

whether it is tested under realistic spatial conditions. Nearby observations often share similar 

environmental and social characteristics, so randomly dividing them between training and test 

datasets may produce overly optimistic results. In such cases, the model is largely interpolating within 

familiar surroundings rather than predicting in genuinely new areas. Spatially informed cross-

validation provides a more reliable assessment, although its design must reflect the intended 

application, scale and sampling structure (Wang et al., 2023). 

Transferability must likewise be demonstrated rather than assumed. A model developed for one 

city, watershed, mountain region or tourism destination learns relationships shaped by local climate, 

morphology, land use, institutions and data quality. Transfer learning may reduce the amount of new 

training data required, but it cannot replace local calibration and independent validation (Ma et al., 

2024). A transferable methodology is therefore not the same as a fitted model that can be applied 

unchanged in every region. 

Predictions must also be understandable to their intended users. A geomorphologist may need to 

know which terrain properties produced a classification, a planner which criteria altered a suitability 

score, and a hiker whether a warning reflects steep slopes, snow or an approaching storm. General 

feature-importance rankings are often insufficient because they may neither explain individual 

predictions nor establish causal relationships. Explanations should therefore combine model 

diagnostics with disciplinary knowledge, uncertainty and the institutional context in which the result 

will be used (Gevaert, 2022). 

Uncertainty should be communicated spatially. A single accuracy value may conceal poor 

performance in particular regions, seasons, terrain types or land-cover classes. Confidence surfaces, 

prediction intervals and maps showing distance from the training domain can reveal where results are 

well supported and where they depend mainly on extrapolation. This is particularly important in 

health, safety and environmental management, where the consequences of errors vary geographically. 

The choice of predictors, target variables and evaluation criteria remains a geographical decision. 

AI can optimise a model after the research problem has been defined, but it cannot independently 

decide whether tourism development should prioritise accessibility or conservation, whether a route 
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is acceptably safe, or whether a landform has cultural significance. Such questions require scientific 

interpretation, local knowledge, institutional objectives and public values. 

The wider use of AI in geography can be understood as a progression from recognising spatial 

entities, through estimating and comparing their characteristics, to anticipating change and supporting 

decisions. Across these stages, established geographical frameworks define the entities, relationships, 

scales and evaluation criteria that AI systems must respect. 

AI is therefore most useful not when it replaces GIS, field surveys, statistical analysis, physical 

modelling or expert interpretation, but when it extends them. It can process more observations, update 

assessments more frequently and compare alternatives that would be difficult to evaluate manually. 

The studies considered here also show that greater model complexity is not automatically beneficial: 

deeper architectures, longer calibration periods or more elaborate methods may perform less reliably 

than simpler alternatives. 

The future of AI in geography will depend on careful integration with geographical knowledge. 

Models must be grounded in place, validated across meaningful spatial and temporal separations, 

interpreted through environmental and social processes, and accompanied by visible uncertainty. The 

objective is not simply to produce more predictions, but to create spatial knowledge that can be 

examined, challenged and used responsibly. 
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