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Abstract 

Spatially land-use/cover (LULC) models are necessary for sustainable 

environmental planning. Monitoring the process of LULC changes and 

planning for sustainable use of land can be successfully achieved by 

using the remote sensing multi-temporal data, spatial criteria and 

predictor models. In this study, LULC change analysis and modeling 

was performed on a protected area in the northeast of Iran. An 

integrated Cellular Automata-Markov Chain land change model was 

carried out to simulate the future landscape change during the period of 

2019–2039. The predictive power of the model was successfully 

evaluated using Kappa indices. As a consequence, land change model 

predicts very well a continuing growing tendency in woodland, dense 

and sparse shrublands, as well as a downward trend in bare soil. Hence, 

if the current trends of change continue regardless of the actions of 

sustainable development, a good condition for natural area will ensue.  
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Introduction 

Many interacting components affect the global environment change and land-use and land-

cover (LULC) change is probably one of the most important components which has a 

significant impact on ecological systems (Vitousek, 1994). LULC has long been faced with 

changes and probably will change in the future as well (Keshtkar and Voigt, 2015). These 

changes are occurring in different scales (local to global) and in different time periods (days 

to millennia) (Townshend et al., 1991). Regional and/or local mapping of LULC changes is 

important because it can provide input data for environmental models dealing with topics 

such as species distributions, climate change and sustainable development policies, or spatial 

planning and flood risk assessment (Funkenberg et al., 2014; Keshtkar and Voigt, 2016). 

Several statistical and geospatial models have been used to model LULC change, including 

logistic regression models (Hu and Lo, 2007), neural networks (Basse et al. 2014), Markov 

chains (Kamusoko et al., 2009), and cellular automata (CA; Poelmans and Van Rompaey 

2010). These approaches are often combined together to create a hybrid model. In this 

research, we applied a cellular automata-Markov chain model (CA-Markov) to simulate 

future LULC changes. Both cellular automata (CA) and the Markov chain model have great 

advantages in the study on LULC changes (Sang et al., 2011). CA-Markov model is based on 

the initial distribution and transition matrix; it assumes that the drivers, which have created 

the current situation for the region LULC, will continue to operate as before in the future 

(Guan et al., 2011). The objective of this study is to simulate future LULC changes based on 

the CA-Markov model in our study area which is a protected area in the northeast of Iran.   
 

 

Materials and methods 
Study areas 

The study was carried out in Ghorkhoud region. It is a protected area that locate in Khorasan 

shomali province (950-3000 m a.s.l., 43000 ha). This area comprises of different landscape unit, 

including valley bottoms and ravines, plateaus with different degree of dissection and rocky hilly 
uplands. The climate is cold semi-arid, with an annual average temperature of 13°C, and a mean 

annual precipitation of 360 mm (Keshtkar et al., 2013). This protected area presented three main 

classes: woodland, shrubland, and bare soil.  

 
Satellite data and LULC mapping 

For spatial-temporal analysis of LULC change of the study area, time-series of atmospherically-
corrected surface reflectance (level-2) Landsat images from 1999 to 2019 were obtained from the 

United States Geological Survey (USGS) website (https://earthexplorer.usgs.gov/). For LULC 

classification, three images dated 16 May 1999 (Landsat 5), 06 June 2009 (Landsat 5), 07 May 2019 
(Landsat 8) with path/row 162/34 were sampled. 

Images were stacked, subset and analyzed in the ENVI (version 5.3) environment and classified using 

the support vector machine (SVM) algorithm. The landscape maps presented five classes: woodland, 
open shrubland, sparse shrubland, dense shrubland, and bare soil (Table 1). Assessment of 

classification accuracy is necessary when LULC maps are derived from remote sensing techniques. 

Although the accuracy is limited by satellite image resolution, accuracy assessment of LULC maps 

was achieved using a random sampling method. After LULC classification, 170 sample points were 
randomly selected for the evaluation of classification accuracy for five classes. Accuracy assessment 

was based on the calculation of the overall accuracy. Due to the unavailability of updated land-cover 

data, field experience and Google Earth images were used as supporting details for accuracy 
assessment.  
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Table 1. List of LULC classes and description for each class 

Description Class name 

Mixed woodland Woodland 

Very stony bare soil Bare land 

Broadleaved deciduous dense dwarf shrubs and dense short herbaceous Dense Shrubland 

Broadleaved deciduous sparse dwarf shrubs and sparse short herbaceous Sparse Shrubland 

Broadleaved deciduous dwarf shrubland with high shrub emergents Open Shrubland 

 

Simulation of LULC change 

Modeling systems are intended to simplify the complexity of environmental systems and make 
them easier to understand (Tan et al., 2005). Markov chain models have been widely applied for 

ecological modeling as they show the descriptive power and simple trend projection. The CA model 

addresses spatial allocation and location of change and as it has many advantages for modeling urban 

phenomena including (a) cell (b) neighborhood, (c) rules, (d) time, and (e) state (Keshtkar and Voigt, 
2015). Mainly the modeling system consisted of the following procedures: (a) land-cover maps of 

1999, 2009 and 2019 were assessed, (b) the transition area matrix and transition suitability images 

were calculated using the Markov process, (c) the LULC map of 2019 was predicted using CA-
Markov model (d) the actual and predicted maps of the year 2019 were evaluated, and finally (e) the 

LULC maps for the year 2029 and 2039 were simulated using the CA-Markov model. 

In CA-Markov model, a contiguity filter selection (5×5 Moore neighborhood kernel) to define 
neighborhood interactions, and one iteration per year were employed to predict the future changes in 

2029 and 2039. The contiguity filter down-weights the suitability of pixels that are far from existing 

areas of each LULC class. The role of this filter is to ensure that the best choices for land-cover 

transformation are limited to cells that are both inherently suitable and in close proximity to existing 
areas of that land-cover class; this gives preference to contiguous suitable areas. In each iteration, 

pixels with the highest transition probability to transfer from one category to another category turn 

into a new category; while pixels with lower probabilities remain unchanged. If 10 iterations are 
selected for the model, the model allocates one tenth of all cells which are expected to be transferred 

to another category during each repetition (Eastman, 2006). The multi-objective land allocation 

(MOLA) procedure was used to resolve the land allocation conflicts. All land-cover classes act as 
claimant phenomena and contend for land within the host class (Eastman, 2006). The outcome of this 

process was a rendering of a potential LULC distribution at the specified time of 20 years into the 

future at two steps of 10 years. Ten years for each time step was chosen as it corresponded to the time 

step by which the transition matrix was constructed. 

 

Model evaluation 

Evaluation of model was performed by comparing the simulated map of 2019 with the real LULC 

map of 2019 based on Kappa variations. Three kappa statistics are introduced here: the traditional 
kappa (Kstandard) which is a measure of the simulated layers’ ability to attain perfect classification, a 

modified general statistic over Kstandard (Kno) which shows the proportion of pixels classified 

correctly relative to the expected proportion classified correctly with no ability to specify quantity or 

location, and Klocation index that is able to distinguish locational accuracy of pixels in the simulation. 
Its range is from 0 (random location) to 1 (perfect location specification) (Pontius, 2000). Accuracy 

higher than 80% infers some confidence in the simulation (Cheng, 2003).  

 

Results and Discussion 

Overall accuracies for the extract LULC maps of 1999, 2009 and 2019 were, respectively, 86%, 88% 

and 92%, thus indicating the suitability of the classified remote sensing images for effective and 
reliable LULC change analysis and modeling. Figure 1 illustrates the produced LULC maps. 

 



 

  
 

Figure 1 Time series of LULC maps for 1999-2019 

 

Analysis of LULC changes in table 1 indicate that from 1999 to 2019, woodlands increased 

from 32 km2 to 47 km2 (Table 2). For the period between 1999 and 2009, around 14 km2 have 

been changed to woodlands and 1.5 km2 within the period 2009–2019. With change of 

national and regional policies the rate of deforestation started to decline or stopped. The effect 

of this policy change is visible in the results of this study, so that we have an increase in 

woodland areas, while a downward trend have accelerated in open shrubland and bare soil 

areas. The woodland, sparse shrubland, and dense shrubland were continuously increased, and 

the open shrubland and bare soil were continuously decreased. Open shrubland decreased 

significantly from 223 km2 to 171 km2 during 1999–2019. During this period, bare soil 

decreased from 26 km2 to 21 km2.  
 

Table 2. Absolute quantities for LULC classes (in Km2) for 1999-2019. 

 Bare Soil Open Shrubland Sparse Shrubland  Dense Shrubland Woodland 

1999 26.02 223.55 109.09 47.84 32.05 

2009 24.22 190.66 113.09 64.53 46.05 

2019 20.97 171.49 120.27 78.17 47.65 

 

Table 3. Distribution of LULC classes (in Km2) and percentage of changes for 2019-2039. 

 Year Change in LULC Structure 

 2019 2029 2039 Δ%2019–2029 Δ%2029–2039 Δ%2019-2039 

Woodland 47.65 49.31 60.55 3.48 22.79 27.07 

Dense Shrubland 78.17 84.84 95.97 8.53 13.12 22.77 

Sparse Shrubland 120.27 121.85 120.19 1.31 -1.36 -0.07 

Open Shrubland 171.49 161.74 144.5 -5.69 -10.66 -15.74 

Bare Soil 20.97 20.80 17.33 -0.81 -16.68 -17.36 

 

Evaluation of model was performed by comparing the simulated map of 2019 with the real 

LULC map of 2019 based on Kappa variations. Models with accuracies in excess of 80% are 

typically considered very strong predictive tools. The Kstandard value was 88.7%, which 

verifies the accuracy of this model. The model performed very well in its overall ability to 

predict land-cover map of 2019 (Kno=89.7%), and the Klocation value of 91.7% indicates that 



 

the model provides a reasonable representation of location. Therefore, based on the Kappa 

values obtained, the CA-Markov model can be used to simulate future LULC conditions. 

 

 
Figure 2 Simulated map of LULC type from 2019 to 2039 

 

Our results indicate that 10.9% of the entire study area has been occupied as woodlands in 

2019, which will increase to 13.8% by 2039, while for the other LULC types (except dense 

shrubland), descending rate will observe by 2039 (Table 3). For example, open shrubland was 

seen to decline from 171 km2 (39.1%) to 144 km2 (32.9%) during 2019-2039. Also, for the 

other two LULC classes, similar trends were observed, i.e. from 21 km2 (4.8%) to 17 km2 

(3.9%) and 120.3 km2 (27.42%) to 120.2 km2 (27.40%) for bare soil and sparse shrubland, 

respectively. The forecasted LULC maps for 2019 to 2039 are displayed in Figure 2. 

Preventing deforestation and early grazing has improved the condition of woodlands and 

shrublands in the study area. The results clearly show that, unlike other areas, protected areas 

are moving towards climax community. The results of this study can help local authorities to 

better understanding the current situation and possible future conditions as well as adopt 

appropriate strategies for management of protected areas.  
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