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ABSTRACT:  

Land use change, monitoring and predicting the future land use is often demanded by decision makers. 

Many land use change models have been developed aiming at the accurate prediction of land use 

changes. This study is aimed at mapping land use changes during past years and predicting the future 

trends in the rural environment of the Dinevar region to support local decision makers. For this 

research, we used the archive of Landsat satellite images of 2000, 2006, 2012 and 2018 to investigate 

the land-use changes in and initial pre-processes such as geometrical correction, radiometric correction. 

PCA was utilised to reduce the bands and multi-spectral images were fused with panchromatic band 

using Gram-Schmidt method to increase spatial separation. Four land uses of agriculture, rocky lands, 

pasture and bare soil were extracted through maximum likelihood method and predictions are made 

using CA-Markov chain.  Land use for 2018 was predicted and the results were compared with the 

field observations, to evaluate the validity of the prediction method. Finally, the prediction was 

conducted for 2024 and 2030 land use. The highest extent of changes in the study period (2000-2030) 

was related to the change from pasture to bare soil with 1689 hectares. Based on the results, 0.7499% 

of changes were occurred between 2000 and 2006, 0.8562% between 2000 and 2012, and remaining 

15% from 2012 to 2018. It indicates that the highest rate of changes in the area occurred within 2000-

2006, while stagnation occurred in the period of 2006 to 2012. These changes increased during the last 

5-years due to the promotion of rural life. The results show that human activity and lifestyle changes 

have caused many changes in LULC in the area. Based on the results of this paper, many aspects of 

rural, agricultural, natural hazard, natural resources and even social studies can be understood in the 

study Reasons of land use changes are discussed at the end. 
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1. INTRODUCTION  

Land use/cover (LULC) and its environmental effects have become the most debatable subject 

since 1990s and is considered as one of the major subjects of studying the global changes (Anderson 

et al.2017; Feddema et al., 2005; Luo et al, 2003; Liu, 1992; Wang et al, 2006). It has been figured 

out that the factors such as changing the land use and cutting the trees are very complicated (Golnow 

& Lakes, 2014).  ñLand use/cover change detection can identify potential environmental events 

associated with rapid urbanisation, forest conversion, and agricultural expansionò (Zurqani et al., 

2018; Drummond and Loveland, 2010; Agaton et al., 2016). The life in arid rural areas and limited 

natural resources cause poverty and may impact the overall living system of the people. The 

techniques of discovering changes using multi-temporal satellite imaging data helps to understand the 

dynamics of landscape such as desertification and land degradation which are considered as 

worldwide problems affecting soils, vegetation and the livelihoods of rural populations (Padonou et 

al., 2017; DôOdorico et al., 2013; Gao and Liu, 2010, Zhang et al.,2012). LULC are two different 

terms where, LC represents the physical characters of land surface such as spatial distribution of 

vegetation, water and other spatial features which are created merely by human residences (Dimyati 

et al, 1996). On the other hand, LU argues how the land is being exploited for human use and 

residence, e.g. the role of land for economic uses (Rawat & Kumar, 2015). The changes of LU/LC 
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are rapid and comprehensive procedures. Human activities in changing the land is absolutely 

significant through changing LULC (Liu et al, 2005; Tian et al, 2014; Liu and Tian, 2010; Hurtt et al, 

2006; 2005b). Land cover data documents how much of a region is covered by forests, wetlands, 

impervious surfaces, agriculture, and other land and water types. Water types include wetlands or 

open water. Land use shows how people use the landscape ï whether for development, conservation, 

or mixed uses. The different types of land cover can be managed or used quite differently (NOAA, 

2019). Research studies aimed at integrating socio-economic and geo-bio-physical factors are 

increasingly being used in order to improve ourunderstanding of the causes and effects of land-use 

change and to support sustainable landscape development (Mottet et al, 2006). Identifying changes in 

land surface objects can provide valuable information for specialists in geometrics, crisis 

management, urban management, agriculture and forestry (Janalipour and Taleai, 2017). 

Studies have shown that converting pastures to agricultural fields leads to the change in 

microbiological and biochemical properties of soil such as soil degradation etc. (Hajiabbasi et al, 

2007; Aleagha et al, 2011). However, excessive exploitation of renewable natural resources (pastures) 

and the habitat supplying the needs of human population have had degrading effects on these 

important environmental resources. Such trend reduces the efficiency of these resources and threatens 

the humanôs life (Karimi and Karami Dehkordi, 2015; Hadeel, 2009). GIS provides a flexible 

environment for collecting, storing, displaying and analysing digital data necessary for change 

detection which has been used successfully in many developed and developing countries (Amade et 

al., 2018; Liping et al., 2018; Reis, 2008; Khan et al., 2016; Zeleke & Hurni, 2001). Some studies 

have been conducted about seizing the land, changing the land use as well as converting the pastures 

to agriculture lands. (Wetzel, 2012; Wetzel, 2012; Hove & Gwiza, 2015; Van der Sluis et al, 2017; 

You et al, 2015, Butt et al, 2009; Hajiabbasi et al, 2007; Aleagha et al, 2011 and Karimi and Karami 

Dehkordi, 2015). Keeping in mind the importance of land use and changes, the aim of this study is to 

investigate the extent of rural land use manipulation over the years 2000-2015430 using Remote 

Sensing Data and Geographic Information Systems (GIS) as well as its prediction for 2020 and 2025 

years for Dinevar rural area in western Iran.  

1.1. Study Area 

Dinevar rural area is located in the central part of Dinevar section located in Kermanshah 

Province in the West of Iran. Dinevar Rural Area is located within geographical longitude of E47ę21' 

to E47ę36' and latitude of N34ę31' to N34ę41' (Fig. 1).  

 
Fig. 1. The Location of Study Area in Iran. 

 



Mohammad MALEKI, John Lodewijk VAN GENDEREN, Seyed Mohammad TAVAKKOLI-SABOUR é 95 

 

The extent of study area is 34,313 hectares. According to the statistics of 2013, this area contains 

44 inhabited villages and 9201 residential population while major activities of the residents in this 

area include cultivation and pastoralism. Most of lands are cultivated as dry farming. The oldest 

settlement in the region dates back to 9800 BC and is formed on a hill known as Sheikhi Abad near 

an adjacent river (Sadidi et al., 2016).  

2. METHODOLOGY  

2.1. Data 

Landsat images of four time-points: 2000, 2006, 2012 and 2018 were used in this study. The goal 

is to detect the changes between four classes of land such as Agriculture, Pasture, bare Soil and Rocky 

Land. Considering the circumstances in the study area, the best time for imaging is late May to early 

June, since agricultural fields are still vegetated and not harvested at this period whereas pastures are 

almost dried out. Therefore, agricultural fields can be best separated from pastures and rocky lands 

during this time. Table 1 shows images used in this study. The images downloaded from archive of 

Earth-explorer site. 
                                                                                                          Table 1.  

Images used. 

Resolution 
the exact 

date 
the path/row 

scene per 

year 

30 M 05-JUN-00 Path: 167 / Row: 36 1 

30 M 06-JUN-600 Path: 167 / Row: 36 1 

30 M 06-JUN-002 Path: 167 / Row: 36 1 

30 M 15-JUN-008 Path: 167 / Row: 36 1 

2.2. Pre-processing and processing 

After providing the raw images, the primary pre-processing such as geometric and radiometric 

corrections were applied to prepare the images. Using Dark Object Subtraction, the atmospheric 

changes were applied on TM, ETM+ and OLI images. Principle Component Analysis (PCA) is one 

of the techniques that reduces the correlation on the cost of number of bands (Amini, 2009 and 

Rasouli, 2008). Therefore, PCA was used in this study to reduce the number of bands and to 

decorrelate the data. Multi-spectral images were fused to the single panchromatic band, in order to 

enhance spatial resolution using Gram-Schmidt technique (Jawak and Luis, 2013). The first 

components of a PCA contain the most information of the initial data. Fig. 2 shows an example of 

scree plot of eigenvalues vs. component number. The expected information is reduced with the 

component number which indicates an inverse correlation between component number and 

information content. The steep trend of the eigenvalues indicates the fast reduction of information 

with increasing component number. A threshold should be set in order to select the components 

containing the most information.  

 
Fig. 2. Scree Plot. Eigenvalue vs. component number (janda.org, 2018).  
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2.3. Classification and predict changes 

Additional data sources like topography maps, field surveys, and google earth data were also 

used in this study. Strategy sampling using this classification, additional old data and images visual 

interpretation. The satellite images were classified by nearest neighbour classifier (Because usually a 

land use / cover is more than the area of a Landsat pixel method of sample collection was stratified 

random.  Accuracy of results were evaluated based on error matrices and Kappa statistics. Finally, a 

map of LULC changes during 2000-2018 was provided. In order to predict the changes, CA-Markov 

technique was used. The changes were first predicted for 20188 in order to examine the reliability of 

techniques using available ground truth of 2015. The LULC predictions were made for years 2024 

and 2030, then the user changes compared to year 2000 were identified. Markov models can be 

integrated with cellular automata models (a.k.a. Markov-CA models), and such models have been 

used to model and predict land use change at different scales (Guan et al., 2011; Weng, 2002; Ye & 

Bai, 2008). The Markov-CA approach used in the current study is considered a spatial transition 

model as it combines the stochastic spatial Markov techniques with the stochastic spatial cellular 

automata method (Eastman, 2009). It has the advantage of predicting two-way transitions among the 

available LULC classes, in contrast to the Geomood technique that only predicts one-way loss/gain 

from one class to another (Pontius & Malanson, 2005; Halmy et al, 2015). For the preparation of 

LULC maps used of ENVI software and for predict map use of Idrisi software. Table 2 shows size of 

reference samples for classification. Fig. 3 shows the flowchart of the methodology. 
                                                                                                                                                           Table 2.   

Size of reference samples. 

LULC  

Year 

 2000 2006 2012 2018 

Agriculture  1846 1546 2037 2565 

Pasture 569 723 719 547 

bare Soil 632 654 665 421 

Rocky lands 419 614 514 373 

 
                                                                                                                                                     

Fig. 3. The flowchart of methodology. 
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Fig. 4 shows the PCA of TM and ETM+ data (right) and OLI (left). On the basis of the figure, it 

is clear that the longer we depart from the original component, give the less useful new information. 

This helps us to identify the principal components and extract the most information from the fewer 

number of image analysis. While Fig. 5 represents Scatter Plot of the images that facilitates the 

selection of features. Fig. 5 shows the correlation of image bands.  

  

 
Fig. 4. Samples of Applying PCA on TM and ETM+ Data (left side) and OLI (right Side). 

 

 

 

 
Fig. 5. Scatter Plot of Used Images in this Study. 
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3. RESULTS 

The statistical accuracy assessments of the classifications of produced maps are provided in 

Table 3. Based on the table, it is clear that a proper classification of LULC has been made in different 

periods. 
Table 3.  

The accuracy assessment of the produced maps. 

Years Class Completeness (%) Overall Accuracy Kappa Coefficient 

2000 

Agriculture 94.37 

89.55 81.31 
Pasture 84.31 

bare Soil 85.26 

Rocky lands 94.26 

2006 

Agriculture 93.73 

89.50 81.30 
Pasture 89.92 

bare Soil 88.64 

Rocky lands 85.69 

2012 

Agriculture 90.33 

90.15 86.07 
Pasture 92.43 

bare Soil 90.38 

Rocky lands 87.47 

2018 

Agriculture 91.61 

87.7 81.09 
Pasture 91.45 

bare Soil 79.63 

Rocky lands 88.12 

 

The resulted land use maps of 2000 and 2018 are respectively shown in Fig. 6 and Fig. 7. Using 

these maps, the changes in land use have been obtained for an 18 years period (The beginning and 

end of the course are the images in the study).  

 

 

 

Fig. 6. Dinevar Land Use 2000. 
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Fig. 7. Dinevar Land Use 2018. 

The map of changes for 2018 compared to 2000 is represented in Fig. 8. 13 classes including no 

change and the changes of agriculture to the pasture, agriculture to bare soil, agriculture to rocky, 

pasture to agriculture, pasture to bare soil, pasture to rocky lands, bare soil to agriculture, bare soil to 

rocky lands, bare soil to pasture, rocky lands to agriculture, rocky lands to pasture and rocky lands to 

bare soil are shown in this map.   

 
Fig. 8. Land Use Changes During 2000-2018. 
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The predicted land use changes for 2018 using CA-Markov is provided as Fig. 9. Fig. 10 shows 

the prediction for 2024 based on the former trends.  Also Fig. 11 shows LULC Changes for Year 

2030, based on Year 2000 LULC Map. 

 
Fig. 9. Predicted Changes and Land Use Conversions During 2000-2018. 

 

Fig. 10. Predicted Map of Land Use Changes During 2000-2024. 
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Fig. 11. Predicted Map of Land Use Changes During 2000-2030. 

 

Fig. 12 shows the rate of land use changes during four periods; 2000-2006, 2000-2012, 2000-

2018 and predicted 2000-2024 and 2000-2030. The rate of converting agriculture to bare soil, pasture 

to rocky and rocky to pasture during 2000-2024 will be less in comparison with 2000-2018.  

 

 
Fig. 12. Extent of land use changes in different periods (hectares). 
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