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ABSTRACT 

Interpolation techniques are highly effective numerical methods for achieving comprehensive spatial 

data coverage without the need to measure data at every location within the study area. Traditional 

interpolation methods, such as Inverse Distance Weighted (IDW) and Kriging, are numerical 

computations that rely on mathematical models without considering environmental influences on the 

spatial factors being interpolated. On the other hand, Support Vector Machines (SVM) are machine 

learning algorithms designed to enhance the accuracy of numerical computations. This research aims 

to improve and compare traditional interpolation techniques, specifically IDW, Ordinary Kriging (OK), 

and OK + SVM. The latter technique combines the OK interpolation concept with SVM learning to 

classify land cover and weight the interpolation of spatial data related to Land Surface Temperature 

(LST) in urban areas. The study revealed that the IDW technique produced values of Tmax and Tmin that 

were the closest to the actual measured values, followed by OK + SVM and OK, respectively. 

Furthermore, when assessing the interpolated data from 1,650 points extracted from LST using each 

technique against statistical tests such as MAE, MSE, and RMSE, it was found that OK + SVM 

provided better results than IDW and OK. Therefore, OK + SVM enhances interpolation accuracy by 

incorporating land cover classification, outperforming IDW and OK in LST estimation. 
 

Key-words: Mathematical Method; Support Vector Machines; Inverse Distance Weighted; Ordinary 

Kriging; Land Surface Temperature; Geostatistic; Non-geostatistic; Digital Image Processing. 

 

 
1. INTRODUCTION 

 

Heat is a fundamental physical factor that affects the survival of all living organisms on Earth, as 

living organisms must maintain an appropriate thermal balance to survive (Prohmdirek et al, 2020; 

Nord & Giroud, 2020;). If organisms receive excessive heat from the environment, or conversely, if 

they lose too much heat to the environment, they may not be able to survive in those environments 

(Dahlke et al, 2020). Therefore, the amount of heat is essential for the survival of various life forms 

on Earth (Bennett et al, 2021). Generally, the level of heat is indicated or defined by the term 

"temperature".  As such, temperature levels are used as a measure of heat in various systems, including 

environmental heat (Thompson et al, 2020).  

 
1Department of Physics, Faculty of Science, Mahasarakham University, Maha Sarakham 44150;  

64010262003@msu.ac.th; teerawong@msu.ac.th; thinnakon.ang@gmail.com 
2Department of Geoinformatics, Faculty of Informatics, Mahasarakham University, Maha Sarakham 44150, 

Thailand; satith.s@msu.ac.th     
3Department of Biology, Faculty of Science, Mahasarakham University, Maha Sarakham 44150, Thailand; 

yannawut.u@msu.ac.th   
4Space Technology and Geo-Informatics Research Unit, Faculty of Science, Mahasarakham University, 

Thailand 44150 

*Corresponding author 

http://dx.doi.org/10.21163/GT_2025.201.21
https://orcid.org/0000-0001-7502-7281
https://orcid.org/0000-0002-4231-9285
https://orcid.org/0000-0002-7189-4908
https://orcid.org/0000-0001-6555-0730
https://orcid.org/0009-0002-1439-8518


314 

 

The study and measurement of environmental heat are often explained by the average 

temperature of each area, which represents the temperature at various points within the study area 

(Huang et al, 2019). However, average temperature may be too broad a parameter for studying and 

measuring heat at every specific point within an area (Duan et al, 2019). This is because each area 

has variations in thermal energy depending on the environment and the specific conditions of the 

surface at each location (Venter et al, 2020). Therefore, to obtain heat data for every point within an 

area for more detailed spatial temperature studies, a parameter known as Land Surface Temperature 

(LST) has been studied.  

LST is one of the widely studied spatial parameters because it reflects the temperature and 

weather conditions of the area. Hence, LST has been extensively researched (Phan & Kappas, 2018; 

Cristobal et al, 2018; Shahfahad et al, 2020; Cilek & Cilek, 2021; Auntarin et al, 2021; Kovács & 

Haidu, 2022). Assessing and managing LST is crucial for the survival of living organisms (Xiao et 

al, 2018). Estimating LST combined with interpolation processes is one of the methods that allows 

for accurate access to LST parameters (Guha & Govil, 2021; Palafox-Juárez et al, 2021; Binarti & 

Santoso, 2023). Interpolation is a mathematical method employed to approximate the values of 

unknown data points situated between established, known data points. This technique serves to bridge 

gaps in the data. Technical traders utilize interpolation to gain insights into historical price 

movements, even in the absence of complete information (Vedantu, 2024; Magyari-Sáska et al, 2025). 

Although remote sensing technology has advanced and can facilitate the calculation and estimation 

of LST parameters, this method is still an approximation based on the blackbody radiation principle 

measured by various satellite sensors (Pade & Mountrakis, 2018). This method also has limitations 

related to cloud cover and sky clarity (Li et al, 2023; Militino et al, 2019; Chen et al, 2020). Therefore, 

discrete ground temperature measurements combined with interpolation processes remain a popular 

method for studying LST parameters (Kartal & Sekertekin, 2022; khosravi & Balyani, 2019; Li et al, 

2020). However, although interpolation methods are widely used for studying LST parameters, the 

number of measurement stations or sensors available to measure these parameters is limited. This 

limitation results in a smaller dataset for interpolation calculations, which in turn reduces the 

efficiency of the interpolation process (Giustini et al, 2019). Therefore, improving interpolation 

techniques is a potential approach for further studying and enhancing the acquisition of LST 

parameters (Shtiliyanova et al, 2017; Rosillon et al, 2024; Zhang & Du, 2019; Li et al, 2020).  

The selection of models and interpolation calculations today is generally based on the spatial data 

distribution obtained, combined with various statistical parameters for decision making (Sanguesa et 

al, 2023; Fuhg et al, 2021). For instance, Ordinary Kriging interpolation requires variogram modeling 

of data distribution using various functions to create a variogram graph for model selection 

(Krivoruchho & Gribov, 2019). However, solely considering the statistical distribution of the data to 

be interpolated may not be sufficient to obtain accurate interpolated data (Moustapha et al, 2018). 

This is because each type of spatial data is influenced by various environmental factors, such as LST, 

which is directly influenced by land cover as a primary environmental factor (Karakus, 2019). To 

achieve complete and accurate interpolation of spatial data, particularly when the data involves 

multiple variables, only a few studies have explored the combined influences of environmental factors 

on spatial data interpolation (Du et al, 2020). Spatial data plays a crucial role in planning, risk 

assessment, and decision-making in environmental management (Granville et al, 2023) since it can 

represent different statuses at every location within the study area and can be analyzed and assessed 

for potential scenarios across various times and locations (Cai et al, 2019). However, obtaining such 

data is not feasible from every location directly due to limitations in manpower, equipment, budget, 

and difficult geographical access. As a result, the study and generation of spatial data often employ 

spatial interpolation processes in combination with geostatistical methods (Fouedjio & Klump, 2019).  

The generation of spatial data from discrete measurements at various points within an area has 

been studied and developed for various research topics (Hu et al, 2019; Sekulic et al; 2020; Fung et 

al, 2022; Subedi et al, 2019), including spatial variable studies and mathematical model development 

for interpolation calculations. In this research, the spatial interpolation process is studied and 

compared, utilizing both traditional interpolation models (Inverse Distance Weighting : IDW), 
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Ordinary Kriging (OK) and a new method. The new spatial interpolation model developed combines 

the Kriging interpolation concept with machine learning, specifically Support Vector Machines 

(SVM), to learn the environmental factors that influence the spatial variable known as LST. The 

objective of this study is to improve and compare the interpolation processes for the spatial variable 

LST using traditional interpolation methods from the non-geostatistics group using IDW, the 

geostatistics group using OK, and a new interpolation method that combines the Kriging interpolation 

concept with SVM machine learning to learn the environmental factors affecting the spatial variable 

LST. These factors involve learning the land cover that influences LST through SVM classification, 

implemented via the ArcGIS software. 

2. MATERIALS AND METHODS 

2.1. Study Area 

The study area is Talat Sub-district, Mueang Maha Sarakham District, Maha Sarakham Province, 

Thailand (Fig. 1). Mueang Maha Sarakham District is situated in the central part of the province, 

leaning towards the eastern side. It covers an area of approximately 556.70 square kilometers. The 

district shares its borders with neighboring administrative areas as follows:   

To the north, it borders the sub-districts of Tha Khon Yang and Makha in the Kantharawichai 

District of Maha Sarakham Province, as well as the sub-district of Kut Khong Chai in the Khong Chai 

District of Kalasin Province. To the east, it is adjacent to the sub-districts of Wang Saeng in the 

Kaedam District and Si Kaew and Muang Lat in the Mueang Roi Et District of Roi Et Province.   

To the south, it shares boundaries with the sub-districts of Suea Koke and Ngu Ba in the Wapi 

Pathum District of Maha Sarakham Province. To the west, it borders the sub-districts of Kaeng Ka in 

the Kosum Phisai District and Bo Yai in the Borabue District of Maha Sarakham Province. 

 

 
Fig. 1. Maps of Talat Sub-district, Mueang Maha Sarakham District, Maha Sarakham Province, Thailand. 

 

The general topography of the area is a high plain with sandy or loamy soils. The average 

elevation ranges from 130 to 230 meters above mean sea level. The average temperature ranges from 

27.91°C to 39.3°C, with a minimum temperature of 15.0°C. The area experiences three distinct 

seasons: the hot season from February to June, the rainy season from June to November, and the cold 

season from November to February. The average annual rainfall ranges from 1,000 to 1,200 

millimeters. Most of Talat Sub-district is covered by residential buildings and various constructions, 

as it serves as the economic and commercial center of Maha Sarakham Province. 



316 

 

2.2. Methodology 

To maintain conciseness in the presentation of this research, the operational method is illustrated 

in Fig. 2, with each aspect of the operation being detailed individually in the subsequent items. 

 

 
Fig. 2. The operational method. 

2.2.1. Land Surface Temperature Analysis 

Data from the LANDSAT-8 OLI/TIRS satellite, recorded in December of 2018 and 2023, were 
used to analyze Land Surface Temperature (LST) for this study. The LANDSAT-8 OLI/TIRS sensor 
features nine bands in the Operational Land Imager (OLI) range and two bands in the Thermal 
Infrared Sensor (TIRS) range, namely band 10 and band 11. The TIRS sensor was developed using 
new quantum physics technology to detect thermal radiation. TIRS detects the long wavelengths of 
light emitted from the Earth, whose intensity depends on LST. These wavelengths, called thermal 
infrared, are beyond the human visible spectrum. The specifications of the TIRS sensor are shown in 
Table 1.  

Table 1.  

The specifications of the TIRS sensor. 

Landsat 
Band 

Thernmal 
Band  

Lower Band 
Edge (μm) 

Upper Band 
Edge (μm) 

Center 
Wavelength 

(μm) 

Maximum Allowed 
Radiance Error 

Watts/(m2/*srad*μm) 

10 1 10.6 11.2 10.9 0.059 (0.4 K at 300 K) 

11 2 11.5 12.5 12 0.049 (0.4 K at 300 K) 

 

The data from TIRS (band 10), expressed in digital numbers (DN), was transformed into top-of-

atmosphere (TOA) spectral radiance by utilizing the radiance rescaling factors detailed in the 

metadata file, as indicated in Equation 1 (Singh et al, 2022). Furthermore, the TIRS (band 10) data 

can be converted from spectral radiance to top-of-atmosphere brightness temperature by applying the 

thermal constants found in the MTL file, as outlined in Equation 2 (Rashid et al, 2022; Guha et al, 

2020). 



 Titipong PHOOPHATHONG, Teerawong LAOSUWAN, Satith SANGPRADID, Yannawut UTTARUK, … 317 

 

 

𝐿𝜆 = 𝑀𝐿 . 𝑄𝑐𝑎𝑙 + 𝐴𝐿                                                                            (1) 

where: 

𝐿𝜆= TOA spectral radiance (Watts/(m2 *srad*μm)) 

𝑀𝐿= Band-specific multiplicative rescaling factor from the metadata 

𝐴𝐿= Band-specific additive rescaling factor from the metadata 

𝑄𝑐𝑎𝑙= Quantized and calibrated standard product pixel values (DN) 

 

𝐵𝑇 =
𝐾2

𝐼𝑛[(
𝐾1
𝐿𝜆

)+1]
− 273.15                                                                        (2) 

where: 

𝐵𝑇  = Top of atmosphere brightness temperature (K) 

𝐿𝜆= TOA spectral radiance (Watts/(m2 *srad*μm)) 

𝐾1, 𝐾2= Band-specific thermal conversion constant from the metadata 

 

2.2.2. Spatial Interpolation Analysis 

Interpolation for the spatial interpolation process, whether using geostatistic or non-geostatistic 

methods, is widely used to address the spatial discontinuity of known data points. However, regardless 

of the interpolation technique employed, the concept of spatial interpolation is fundamentally based 

on Equation 3 (Yang et al, 2020). This describes the calculation and estimation of* unknown data 

points in an area based on known data points in that area using the weighted variable 𝜆𝑖.When i 

represents the iteration of the number of known data points in the area. The weighted variable reflects 

the influence of neighboring known data and ensures that the interpolated data is appropriately 

weighted using various techniques and methods. From Equation 3, it can be observed that the 

interpolated data 𝑍(𝑥0) is derived from the summation of known data points in the area, each 

multiplied by the corresponding weighted variable at each location 𝑍(𝑥𝑖) in the region. 

 

𝑍(𝑥0) = ∑ 𝜆𝑖𝑍(𝑥𝑖)
𝑁

𝑖=1
                                                                           (3) 

 

From Equation 3, it can be observed that the data obtained from the process of inserting the value 

𝑍(𝑥0) results from the sum of known values in the area at position 𝑍(𝑥𝑖), multiplied by the weighting 

variable at each position within that region. 

2.2.3. Inverse Distance Weighting (IDW) Analysis 

IDW is one of the most straightforward and basic spatial interpolation methods. Although it is 

not a geostatistical interpolation method, its basic concept involves calculating and estimating 

unknown data points from known data points. The closer the unknown point is to a known data point, 

the more influence that known data point will have on the interpolation result. Thus, this method 

considers the distance between the unknown and known data points as a key factor in interpolation, 

expressed in the weighted variable in Equation 4 (Singh & Verma; 2019). The final equation for the 

IDW interpolation process is shown in Equation 5 (Li, 2021). 

𝜆𝑖 =
𝑑𝑖𝑗

−𝑝

∑ 𝑑
𝑖𝑗
−𝑝

𝑛

𝑖=1

                                                                                                (4) 

where: 

𝑑𝑖𝑗 = The distance between the known value at position i and the value to be inserted at position j. 

𝑝 = The total number of predictions for each validation case 

 

Through this method, the net equation of the interpolation process using the IDW technique can 

be represented as shown in Equation 5. 
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𝑍𝑗 =
∑ 𝑍𝑖𝑗𝑑𝑖𝑗

−𝑛
𝑁

𝑖=1

∑ 𝑑𝑖𝑗
−𝑛

𝑁

𝑖=1

                                                                                            (5) 

2.2.4. Ordinary Kriging (OK) Analysis 

OK is one of the most basic methods for the Kriging process and is a geostatistical interpolation 

method. However, it still adheres to the general interpolation equation concept. This method analyzes 

data using a statistical model that examines the variance between two points, as shown in Equation 6 

(Gai et al, 2019). The equation in Equation 6 serves as the basic calculation for Semi variance, which 

is further developed into a Variogram model, as shown in Equation 7 (Khan et al, 2023). The 

Variogram model is created to fit the curve according to the statistical distribution of the data, with 

examples of models including Spherical, Exponential, Linear, and Gaussian. 

𝛾(𝑋𝑖 , 𝑋0) = 𝛾(ℎ) =
1

2
𝑣𝑎𝑟[(𝑍(𝑋𝑖) − 𝑍(𝑋0))]                                                      (6) 

𝛾(ℎ) =
1

2𝑛
∑ (𝑍(𝑋𝑖) − 𝑍(𝑋𝑖 + ℎ))2𝑛

𝑖=1
                                                                  (7) 

When n represents the number of pairs of distances separated by a length h, based on the 

fundamental equation for interpolation in Equation 4, and considering the analysis of variance for two 

positional data points, the interpolation equation using the kriging method can be expressed as shown 

in Equation 8. 

𝑍(𝑋0) = ∑ 𝜆𝑖𝑍(𝑥𝑖)
𝑁

𝑖=1
+ [1 − ∑ 𝜆𝑖

𝑁
𝑖=1 ]𝜇                                                              (8) 

 

In this context, 𝜇 represents a known stationary mean. The parameter 𝜇 is considered constant 

throughout the entire domain and is determined as the average of the data. For ordinary kriging, 

Equation 8 will be applied under the condition that [1 − ∑ 𝜆𝑖
𝑁
𝑖=1 ] = 0 is specified, meaning that 

∑ 𝜆𝑖
𝑁
𝑖=1 = 1 is a straightforward property derived from this mathematical conditioning approach. 

2.2.5. Support Vector Machine (SVM) Analysis 

SVM is a machine learning tool classified as Supervised Learning, based on Statistical Learning 

Theory. It is used to classify data points by constructing a Hyperplane in an N-dimensional space, 

where N represents the number of features used to classify the data points, as illustrated in Fig. 3. In 

this research, SVM was used to classify Land Cover, which plays a significant role in studying the 

spatial interpolation of the LST variable. 

 

 
 

Fig. 3. Support Vector Machine (SVM) Analysis. 
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2.2.6. Statistical Testing 

One of the most critical steps in model development is evaluating the accuracy of the model's 

predictions. Therefore, in this research, three statistical tests were employed: The first is Mean 

Absolute Error (MAE), a widely popular metric calculated by averaging the absolute errors, as shown 

in Equation 9 (Kostpoulou; 2021) . The second is Mean Squared Error (MSE), a method for measuring 

accuracy by addressing the problem of Mean Error (ME), which considers the squared differences 

between actual and predicted values, as shown in Equation 10 (Li et al, 2022). The third is Root Mean 

Squared Error (RMSE), which measures error by comparing the square root of the mean squared 

differences between predicted and actual values, as shown in Equation 11 (Zhou et al, 2019). 

MAE = 
1

𝑛
∑ |𝑦 − 𝑦𝑖|𝑛

𝑖=1                                                                                  (9) 

MSE = 
1

𝑛
∑ (𝑦 − 𝑦𝑖)2𝑛

𝑖=1
                                                                           (10) 

RMSE = √
1

𝑛
∑ (𝑦 − 𝑦𝑖)2𝑛

𝑖=1                                                                        (11) 

where:  

y represents the actual measured data 

yi denotes the data derived from the model and  

n signifies the total number of data points. 

3. RESULTS  

3.1. Land Use/Land Cover Analysis 

The land area of Talat Sub-district, Maha Sarakham Province, Thailand, based on data from the 

Land Development Department, can be classified into four categories of Land Use/Land Cover: 

Agriculture, Marsh, Urban, and Water, as shown in Fig. 4. The figure is divided into two parts: 4 (a) 

and 4 (b), which depict the Land Use/Land Cover of Talat Sub-district in 2018 and 2023, respectively. 

For clarity and detail, the classification of Land Use/Land Cover in Talat Sub-district, Maha Sarakham 

Province, is presented in Table 2. 

 
Table 2.  

Land Use/Land Cover Classification 

Class Sub class Description 

Agriculture; A A0 

A1 

A3 

A4 

A5 

A7 

A8 

A9 

Integrated farm/Diversified farm 

Abandoned paddy field 

Abandoned perennial 

Mango 

Floricultural/Ornamental plant 

Cattle farm house 

Lotus 

Abandoned aquaculture land 

Marsh; M M1 

M2 

M2+A1 

M4 

Shrubland 

Marsh and Swamp 

Marsh and Swamp + Active paddy field 

Landfill 

Urban; U U1 

U2 

U3 

U4 

U5 

U6 

City, Town, Commercial 

Village 

Institutional land 

Road 

Factory 

Resort, Hotel, Guesthouse 

Water; W W1 

W2 

River, Canal 

Farm pond 
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(a) 

 

 
(b) 

 

Fig. 4. Support Vector Machine (SVM) Analysis. 

3.2. LST Analysis Using LANDSAT 8 Data 

 

The results of LST analysis using LANDSAT 8 data are shown in Fig. 5 (a) 2018 and (b) 2023), 

respectively. In 2018, the analysis revealed that the maximum, minimum, and average LST values 

were 30.553°C, 22.978°C, and 27.1608°C, respectively. In 2023, the analysis indicated maximum, 

minimum, and average LST values of 25.273°C, 18.280°C, and 21.534°C, respectively. The 

significant decrease in LST in 2023 compared to 2018 can be attributed to above-average rainfall in 

the study area during the rainy season from June to November 2022. This led to short-term flooding 

from late September to early October, resulting in increased soil moisture. Additionally, previously 

vacant areas experienced vegetation growth due to the increased rainfall, contributing to lower LST 

values. This observation aligns with ground temperature data from the Meteorological Department in 

Maha Sarakham Province, which recorded maximum, minimum, and average temperatures of 

32.600°C, 20.220°C, and 26.400°C in December 2018, and 27.000°C, 18.000°C, and 22.000°C in 

December 2023, respectively.   

Furthermore, the LST data calculated and generated from LANDSAT 8 satellite data for 2018 

and 2023, when mapped as LST spatial data, revealed approximately 25,000 data points along the x 

and y planes. 

 

 
(a) 

 
(b) 

Fig. 5. LST Analysis Using LANDSAT 8 Data. 
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This research extracted the data into two sets: the first set of 550 data points was used as initial 

parameters for interpolation techniques, including IDW, OK, and OK+SVM. After the interpolation 

process, each technique generated spatial data to create LST maps, resulting in the same number of 

data points as the LST maps calculated from LANDSAT 8 satellite data, totaling 25,000 data points. 

However, since 25,000 data points may be too numerous for evaluating and comparing the 

interpolated values from each technique, a second set of 1,650 data points, representing three times 

the initial data before interpolation, was extracted to serve as parameters for statistical testing to assess 

the model's consistency with direct LST calculations. 

3.3. LST Analysis from Each Technique 

The results of LST analysis from each technique in this study are shown in Fig. 6 (a-d) and 7 (a-

d). Fig. 6 and 7 depict the LST analysis results for 2018 and 2023, respectively, with subfigures a-d 

for each year, (a) shows the LST analysis results, (b) shows the results using the IDW technique, (c) 

shows the results using the OK technique, and (d) shows the results using the OK+SVM technique. 

In Fig. 6 (b) and 7 (b), which represent the traditional IDW interpolation technique, the maximum 

and minimum temperatures were 30.455°C and 23.939°C in 2018, and 23.991°C and 18.895°C in 

2023, respectively.  Fig. 6 (c) and 7 (c) show the results of the OK technique, with maximum and 

minimum temperatures of 29.463°C and 24.868°C in 2018, and 22.725°C and 20.274°C in 2023, 

respectively. Finally, Fig. 6 (d) and 7 (d) show the results of the OK+SVM technique, with maximum 

and minimum temperatures of 30.225°C and 24.388°C in 2018, and 23.311°C and 19.678°C in 2023, 

respectively. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 6. LST Analysis in 2018 (a) LANDSAT 8, (b) IDW, (c) Ordinary kriging and                                            

(d) Ordinary kriging + SVM. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
Fig. 7. LST Analysis in 2018 (a) LANDSAT 8, (b) IDW, (c) Ordinary kriging and (d) Ordinary kriging +SVM. 

3.4. Maximum and Minimum Temperatures 

The LST data, extracted in the form of maximum and minimum temperatures for each technique, is 

presented in Table 3. The differences between 
max LANDSAT8,max Technique,maxT T T = − the maximum 

temperatures and 
min LANDSAT8,min Technique,minT T T = − the minimum temperatures were calculated 

and are also shown in Table 3. Maximum and minimum temperatures are the simplest and most 

straightforward variables for comparing the interpolation models of each technique.  

The temperature differences were used as a criterion to evaluate the accuracy of the models, 

where minT 0 →  and maxT 0 →  demonstrate that the interpolated temperatures closely match 

the actual measured temperatures. As shown in Table 3, in 2018, the values of maxT  and minT  

for the IDW technique were closest to 0, indicating that the interpolated maximum maxT  and 

minimum minT  temperatures from this technique were the closest to the maximum and minimum 

temperatures calculated from LANDSAT 8 satellite data. The next closest techniques were OK+SVM 

and OK, respectively. In 2023, the trends for the differences in maximum maxT  and minimum 



 Titipong PHOOPHATHONG, Teerawong LAOSUWAN, Satith SANGPRADID, Yannawut UTTARUK, … 323 

 

minT temperatures were similar to those in 2018, with the IDW technique producing values maxT  

and minT  closest to 0, followed by OK+SVM and OK, respectively.  

However, while the maximum and minimum temperatures obtained from the interpolation of 

each technique are the simplest parameters for assessing the accuracy of each model, this variable is 

only a preliminary study and comparison of interpolated values. This is because values maxT  and 

minT  represent data from a single point within the overall spatial variable under study. Nonetheless, 

the OK+SVM and OK techniques also produced values maxT  and minT  that were close to the 

LANDSAT 8 values. One notable observation is that the OK+SVM technique provided maxT  and 

minT values closer to the LANSAT 8 temperatures, which suggests that the SVM learning method, 

combined with the OK interpolation incorporating the effects of LULC, led to more accurate 

interpolated temperatures that closely match the actual measured values. 

Table 3.  

Maximum and Minimum Temperatures. 

Years Techniques maxT  minT  maxT  minT  

2018 

LANDSAT 8 

IDW 

OK 

OK+SVM 

30.553 

30.455 

29.463 

30.255 

22.978 

23.939 

24.868 

24.388 

- 

0.098 

1.09 

0.298 

- 

0.961 

1.89 

1.41 

2023 

LANDSAT 8 

IDW 

OK 

OK+SVM 

25.273 

23.991 

22.725 

23.311 

18.280 

18.895 

20.274 

19.678 

- 

1.282 

2.548 

1.962 

- 

0.615 

1.994 

1.398 

 

3.5. Statistical Testing 

 

To verify and compare the results obtained from the interpolation models of each technique, 

1,650 spatial data points at the same (x,y) positions were extracted from the LST data of each 

technique to be compared with the data directly calculated from LANDSAT 8 satellite data. The 

statistical tests MAE, MSE, and RMSE, represented by Equations 9, 10, and 11, respectively, were 

used for evaluation. These three statistical measures were employed to assess and verify the models. 

A better statistical outcome is indicated when the values of these measures converge toward 0. The 

statistical test results for this study are presented in Table 4.   

According to Table 4, in 2018, the MAE statistic for the OK+SVM technique yielded the lowest 

average error, which was 0.6682, followed by the IDW and OK techniques, respectively. 

Additionally, when the interpolation models were tested using the MSE and RMSE statistics, the 

OK+SVM technique also showed the smallest error dispersion, with values of 0.3827 and 0.6168, 

respectively, indicating less error dispersion compared to the IDW and OK techniques. In 2023, the 

MAE statistic for the OK+SVM technique again resulted in the lowest average error, which was 

0.3609, followed by the IDW and OK techniques, respectively. The MSE and RMSE test statistics 

for the OK+SVM technique also showed the smallest error dispersion, with values of 0.2522 and 

0.5022, respectively, indicating less error dispersion compared to the IDW and OK techniques. The 

results of comparing LST data obtained from each interpolation technique with the LST data analyzed 

using LANDSAT 8 satellite data indicate that the three statistical measures—MAE, MSE, and 

RMSE—demonstrate that the OK+SVM technique produced LST data closest to the LANDSAT 8 

data. 
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Table 4.  

Statistical Testing. 

Years Techniques Static tests Values 

2018 

IDW 

MAE 

MSE 

RMSE 

0.4554 

0.4048 

0.6362 

OK 

MAE 

MSE 

RMSE 

0.6293 

0.6917 

0.8317 

OK+SVM 

MAE 

MSE 

RMSE 

0.4329 

0.3827 

0.6186 

2023 

IDW 

MAE 

MSE 

RMSE 

0.3838 

0.2788 

0.5280 

OK 

MAE 

MSE 

RMSE 

0.5201 

0.4465 

0.6682 

OK+SVM 

MAE 

MSE 

RMSE 

0.3609 

0.2522 

0.5022 

 

 

4. DISCUSSION 

 

In the discussion of the operational results from the analysis of land use and LST analysis of Talat 

Sub-district, Mueang Maha Sarakham District, Maha Sarakham Province, Thailand, there are key 

aspects to consider in order to understand the results and their implications as follows: The 

classification of land use/land cover demonstrates significant changes in the area, particularly between 

2018 and 2023, which may be attributed to both natural factors and human activities impacting land 

use, such as urban expansion and climate change.  

The research conducted by Li et al., (Li et al, 2022).  presents similar findings regarding land use 

changes in urban areas in China, highlighting the relationship between urban expansion and changes 

in the local environment. Concerning LST analysis, there was a clear shift in surface temperature 

values between 2018 and 2023, with the average temperature in 2023 being lower than in 2018. This 

might be due to higher than usual rainfall and the growth of vegetation in open spaces. Zhou et al. 

(Zhou et al, 2019), support this conclusion by indicating the impact of excessive rainfall on the 

reduction of surface temperature in suburban areas.  

Regarding the analysis using various techniques such as IDW, OK, and OK+SVM, it was found 

that the OK+SVM technique provided the least error when compared to LANDSAT 8 satellite data, 

consistent with the research by Chen et al., (Chen, et al, 2020), which evaluated interpolation models 

and found that SVM techniques, when combined with other statistical methods, significantly 

improved prediction accuracy. Although the IDW technique provided the highest and lowest 

temperature values closest to actual data in some cases, in-depth analysis using OK+SVM still 

demonstrated higher accuracy in spatial estimation, possibly due to its ability to learn and adapt to 

more complex data characteristics.  

From this discussion, it can be concluded that analyzing changes in land use and LST is crucial 

for understanding the impacts of climate change and land use on the local environment. The use of 

appropriate interpolation techniques can help obtain more accurate and reliable data, which will be 

beneficial for sustainable land resource planning and management in the future. 
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5. CONCLUSIONS 

 

This research focuses on the improvement and comparison of traditional data inference 

techniques such as Inverse Distance Weighted (IDW) and Ordinary Kriging (OK), enhanced by the 

use of Support Vector Machines (SVM) to increase numerical accuracy. The OK + SVM method 

integrates the OK inference concept with SVM learning to classify land use types and assign weights 

to spatial data inference related to Land Surface Temperature (LST) in urban areas. The research 

findings indicate that the IDW technique yields Tmax and Tmin values closest to the actual measured 

values, followed by OK + SVM and OK, respectively. However, when assessing the inferred data 

from 1,650 points extracted from LST using each technique and testing with MAE, MSE, and RMSE 

statistics, it was found that OK + SVM provided better results than IDW and OK. In conclusion, OK 

+ SVM offers superior inference outcomes compared to traditional inference techniques. 

 

Data Availability Statement: data are available on request. 
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