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Abstract: Land use and land cover changes fundamentally shape global environmental and societal dynamics. The study uses an 

integrated CA-Markov Model to analyze and predict the land use and cover changes from 2003 to 2023 in Chuko Town and its 

surroundings. LULC maps were extracted from Landsat 5, Landsat 7, and Landsat 8 data and the CA-Markov model simulated the 

LULC for 2043. The findings reveal a significant expansion of the built-up area, increasing from 243.18 hectares in 2003 to 356.60 

hectares in 2013 and further to 982.33 hectares by 2023. In contrast, the bare land decreased from 426.74 hectares in 2003 to 388.86 

hectares in 2013 and 280.26 hectares in 2023. However, the vegetation category remained relatively stable, with areas of 2241.81 

hectares, 2221.58 hectares, and 2085.53 hectares in 2003, 2013, and 2023, respectively. The validation model for 2023 showed an 

overall KIA value of 0.8, indicating reasonable prediction accuracy. Looking ahead to 2023-2043, the built-up area is projected to 

increase by 721.81 hectares, while the areas of bare land, agriculture, and vegetation are predicted to decrease by 182.03 hectares, 

386.29 hectares, and 153.49 hectares, respectively. This projection suggests reducing vegetation, agriculture, and bare land areas by 

2043. Thus, understanding historical and simulated LULC changes is invaluable for decision-makers and urban planners to formulate 

effective policies and strategies to address urban growth, make informed decisions, and promote sustainable city development. 
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1. Introduction 

Land use and land cover changes are pivotal in shaping 

global environmental and societal dynamics [1]. Among 

the prominent catalysts of such changes in developing 

countries are rapid urbanization and population growth, 

which significantly pressures natural and built 

environments [2]. Moreover, multiple factors contribute to 

the transformation of land use and land cover (LULC), 

including socioeconomic, environmental, institutional, 

deforestation, overgrazing, natural ecological environment, 

and the emergence of informal settlements [3]–[5]. 

Regrettably, these alterations in LULC frequently result in 

the loss of habitats for numerous species [6]. 

In many developing countries, particularly in Africa 

and Asia, most of the population resides in rural areas. This 

can be attributed to limited access to essential services 

such as electricity, clean water, healthcare, and 

employment opportunities. Consequently, many prefer to 

migrate to urban areas for better living conditions and 

more favorable prospects [7]. 

https://doi.org/10.55151/ijeedu.v5i2.114
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Urban growth in third-world cities and towns has 

been marked by intertwined structures and tendencies, 

exacerbating several detrimental effects, including 

pollution, ecological degradation, the loss of agricultural 

land and green spaces, and impoverished settlements [8]–

[10]. Human activities, such as deforestation, urbanization, 

and land degradation, are often critical factors in response 

sable for changes in land use and land cover (LULC) [11], 

[12]. However, it is essential to acknowledge that natural 

factors can also shape LULC alterations [13], [14]. 

The field of land use and land cover (LULC) change 

involves applying various modeling techniques to 

comprehend and forecast changes in the Earth's surface 

over time. Some frequently utilized models in this domain 

include Land Change Modeler (LCM), Earth Trend, Cellular 

Automata (CA), Markov Chain, CA-Markov, GeoMod, and 

STChoice [15]–[17]. It is imperative for researchers to 

conscientiously weigh these differences and approach 

model selection and comparison with caution to ensure 

the production of robust and dependable outcomes in 

LULC modeling [16]. 

Numerous studies have been conducted to evaluate 

the changes in land use and land cover (LULC) and to 

model and predict the future extent of LULC in different 

regions across the country [18]–[21]. However, a notable 

gap exists in conducting a comprehensive analysis of the 

LULC drivers, particularly in areas predominantly 

characterized by agroforestry practices. Therefore, it is 

essential to systematically examine the spatiotemporal 

dynamics of land use and land cover in Chuko Town and 

its surrounding areas. 

 

2. Material and Method 

2.1. Description of Study Area 

Chuko is located in the Sidama Region of Ethiopia, 

approximately 338 kilometers from the capital city, Addis 

Ababa. The study area is well-known for its rich diversity of 

agricultural products, which include coffee, Inset, 

pineapple, and avocado. 

Geographically, Chuko is positioned between 6°31' 

and 6°38' North latitude and 38°17' and 38°25' East 

longitude. The town's elevation varies between 1215 and 

2029 meters above sea level, contributing to its varied 

terrain and ecological characteristics. 

The study area experiences a mean annual rainfall 

ranging from 1240 to 1400 mm, further influencing its 

agricultural productivity and environmental conditions. 

The combination of favorable geographical features and 

climate conditions makes Chuko an essential area for 

studying land use and land cover changes and their 

implications on the region's agricultural landscape. 

 

 

Figure 1. Locational Map of the Study Area 

 

2.2. Software 

Table 1 presents a list of software packages used in this 

research to support data analysis and processing in the 

context of map preparation and modeling of Land Use, 

and Land Cover (LULC) changes in the study area. These 

software tools play a crucial role in the analysis phase and 

are invaluable tools for researchers in processing image 

data, performing image classification, conducting change 

analysis, and performing atmospheric correction before 

the mapping process. 

 

Table 1. Software Packages 

No. Software Purpose 

1 Arc GIS 10.8 For data analysis and map 

preparation 

2 ERDAS Imagine 

2015 

 For pre-processing and post-

processing, such as image 

classification. 

3 IDRISI Selva 17 For change analysis and modeling 

future LULC of the study area  

4 QGIS For pre-processing, such as 

Atmospheric correction 

 

Utilizing these software packages is paramount in this 

research, as they play a crucial role in effectively processing 

data and providing comprehensive insights into the 

complexities of land use and changes in the study area. 

The accuracy and precision offered by these software tools 

are anticipated to enhance decision-making processes 

related to resource management and environmental 

protection within the researched region. 

 

2.3. Data Sources 

For the classification of land use and land cover (LULC), 

three sets of Landsat images from 2003, 2013, and 2023 
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were obtained from the USGS Earth Explorer websites. 

Specifically, Landsat 5, Landsat 7, and Landsat 8 images 

were utilized in this study. 

To assess the accuracy of the LULC classification, 

historical images from Google Earth were incorporated, 

providing additional reference information. Moreover, 

ground reference points were collected using a Handheld 

GPS device, which served as ground truth data for the 

classification process. For a detailed overview of the data 

used in this study and their respective sources (Table 2). 

 

Table 2. Data Sources 

No. Data Type 
Acquisition 

Date 
Sensor 

Spatial 

Resolution 
Sources 

Cloud 

Cover 
Path/Row 

1 Landsat 8 15/02/2023 OLI-TIRS 30 meters USGS Earth Explorer 0.02 168/55 

2 Landsat 7 12/02/2013 ETM+ 30 meters “            “ 0.03 168/55 

3 Landsat 5 17/02/2003 TM 30 meters “            “ 0.01 168/55 

4 Chuko Town Boundary - - - Chuko Town Municipality - - 

5 Ground Truth data - - - Fieldwork and Google Earth - - 

 

2.4. Image Pre-Processing 

To ensure consistency and compatibility in the analysis, all 

Landsat data were subjected to image pre-processing. The 

data were adjusted and projected to the WGS 84 datum 

and UTM Zone 37 North coordinate systems. Additionally, 

the dark Object Subtraction (DOS) method was employed 

to effectively remove atmospheric noise from the images, 

enhancing the quality and accuracy of the subsequent 

analyses. 

 

2.5. Land Use Land Cover Classification 

In preparation for conducting supervised classification on 

the Landsat images of 2003, 2013, and 2023 using ERDAS 

IMAGINE, two preliminary steps were carried out to 

improve the accuracy of land-cover identification. First, the 

Normalized Difference Vegetation Index (NDVI) was 

applied to enhance the distinction between different land 

cover types. Next, unsupervised classification techniques 

were utilized to refine the identification process further. 

After completing these pre-processing steps, the 

Landsat images underwent supervised classification using 

the maximum likelihood method. This approach identified 

and categorized the land-cover classes into four distinct 

groups: Built-up, bare land, agriculture, and vegetation. 

 

2.6. Rate of Change of LULC in the Study Area 

For each LULC, the rate of change was computed using 

the formula proposed [22]. 

𝑅(%) =
(𝐴2 − 𝐴1)

(𝑇2 − 𝑇1)
× 100 (1) 

Where: Rate of change, A1 and A2 area of each time 

sequence, t1 and t2 corresponding time area. 

 

2.7. Markov Chain Model 

The Markov chain model is a predictive tool that 

determines the probability of transitioning from one state 

to another based on the principles of Markov stochastic 

process systems [23]. This model facilitates the analysis of 

how areas transition between different conditions over a 

specific period by evaluating and summarizing the 

changes in land use using various probabilities [24], [25]. 

The initial transition probability matrix (P) is obtained 

to transform distinct land use types. Mathematically, the 

elements of this matrix (Pij) can be expressed using 

equations (2) and (3). This mathematical representation 

allows for a systematic analysis of land use changes and 

provides valuable insights into the study area's future land 

cover dynamics. 

𝑆(𝑡 + 1) = 𝑝𝑖𝑗 × 𝑠(𝑡)   (2) 

 

𝑃𝑖𝑗 = (

𝑝11 𝑝12 𝑝1𝑛
𝑝21 𝑝22 𝑝2𝑛
𝑝31 𝑝32 𝑝3𝑛

)𝑎𝑛𝑑 

 

(0 ≤ 𝑃𝑖𝑗 < 𝑎𝑛𝑑∑𝑃𝑖𝑗

𝑁

𝑗=1

= 1, (𝑖, 𝑗 = 2, . . . 𝑛)) 

(3) 

 

Where: S (t) is the state of the system at time t, S (t +1) is 

the state of the system at a time (t +1); Pij is the matrix of 

transition probability in a form. 

 

2.8. Cellular Automata (CA) 

Cellular Automata (CA) is a widely used model for 

exploring spatial dynamics and understanding land use 

changes over time [26]. It is a renowned simulation model 

that operates on a discrete space and time, where 

interactions are localized [27]. In the CA model, the 

landscape is represented as a network of cells, and each 
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cell is updated at each time stage (T+1) according to a 

transition law based on the states of its neighboring cells 

and following specified transition rules [24]. This local and 

iterative updating process allows the CA model to simulate 

the evolution of land use patterns over time, capturing the 

complex interactions and feedback mechanisms that drive 

land use changes. 

 

 

Figure 2. Methodology Flow chart 

 

3. Result and Discussion 

3.1. LULC Changes (2003-2023) 

The analysis of land use and land cover (LULC) changes 

from 2003 to 2023 reveals significant transformations in 

the landscape. During this period, the built-up area 

experienced remarkable expansion, increasing from 243.18 

hectares in 2003 to 356.60 hectares in 2013 and further 

expanding to 982.33 hectares by 2023. In contrast, the bare 

land category declined, shrinking from 426.74 hectares in 

2003 to 388.86 hectares in 2013 and further decreasing to 

280.26 hectares in 2023. Similarly, agricultural land 

decreased from 1502.93 hectares in 2003 to 1447.41 

hectares in 2013 and 1066.54 hectares in 2023. Despite 

these changes, the vegetation category remained 

relatively stable, with 2241.81 hectares, 2221.58 hectares, 

and 2085.53 hectares in 2003, 2013, and 2023, respectively. 

These LULC dynamics reflect the complex interaction 

between urbanization and agricultural practices in the 

study area. 

 

 

Figure 3. Area Coverage of Land Use and Land Cover 

 

The expansion of built-up areas and the decline of 

farming lands indicate the ongoing urban development 

and land use changes driven by population growth and 

economic activities. The relative stability of vegetation 

areas emphasizes preserving natural ecosystems amidst 

rapid urbanization. 

 

   

Figure 4. Land Use Maps in Different Years, (a) 2003; (b) 2013; (c) 2023. 
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3.2 Land Use Land Cover Change Detection (2003-2023) 

The change detection analysis is crucial to examine the 

expansion and development of land and urban areas over 

time, calculated with equation (1).  

 

 

Figure 5. Land Use Land Cover Change Detection (2003-2023) 

 

The above (Figure 5) represents the net change in 

each land category from 2003 to 2023. The built-up area 

increased by 739.15 hectares, showing a 30.40% year-to-

year growth. However, there were decreases in the bare 

land category by 146.48 hectares, agriculture by 436.39 

hectares, and vegetation by 156.28 hectares. Positive 

values generally indicate an increase in area, while 

negative values indicate a decrease. 

 

3.3 Classification Accuracy Assessment 

Google Earth and handheld GPS both provide 

complementary methods for evaluating accuracy. While 

Google Earth offers a visual platform for more extensive 

analyses, GPS devices provide ground-truth data with 

accurate location information. The kappa value ranges 

from 0.41 to 0.6, showing moderate agreements; 0.61 to 

0.80, having strong agreements; and 0.81 to 1, indicating 

nearly perfect contracts [28]. For 2003, 2013, and 2023, 

Chuko Town's and surrounding overall categorization 

accuracy of kappa value is 83%, 85%, and 87.3%, 

respectively. 

 

3.4 Markov Chain Transition Probabilities 

The Markov transition probability matrix in Table 3 was 

calculated using equations (2) and (3). The LULC for 2023 

was estimated using the 2003–2013 probability matrices, 

and the CA-MC Model is predicted using the 2013–2023 

probability matrices. 

Based on the matrix analysis (Table 3), the results 

indicate that the Built-up areas in 2003 tend to remain as 

Built-up until 2023 with a probability of 0.78. The likelihood 

of changing to Bare-land is 0.13, and to Agricultural 

regions is 0.09. The Bare-land areas in 2003 have a high 

probability (0.92) of remaining as Bare-land until 2023. The 

probability of changing into Built-up is 0.04, while 

changing into Agricultural or Vegetation areas each has a 

probability of 0.03 and 0.01, respectively. The Agricultural 

areas in 2003 also tend to maintain their status with a 

probability of 0.91. The probability of changing into Bare-

land is 0.04, and changing into Built-up or Vegetation 

areas has a probability of 0.01 and 0.05, respectively. The 

vegetation areas in 2003 have a high probability (0.94) of 

remaining as vegetation until 2023. The probability of 

changing into Bare-land is 0.02, and changing into Built-

up or Agricultural areas, each has a probability of 0.01 and 

0.04, respectively. 

 

Table 3. Markova Transition Probability Matrix 

Period Category Built-up Bare-land Agriculture Vegetation 

2003-2013 

For 2023 
Built-up 0.78 0.13 0.09 0.00 

Bare-land 0.04 0.92 0.03 0.01 

Agriculture 0.01 0.04 0.91 0.05 

Vegetation 0.01 0.02 0.04 0.94 

2013-2023 

For 2043 
Built-up 0.67 0.08 0.14 0.11 

Bare-land 0.33 0.16 0.16 0.36 

Agriculture 0.14 0.03 0.35 0.48 

Vegetation 0.11 0.01 0.20 0.68 

 

The Built-up areas tend to maintain their status as 

Built-up with a probability of 0.67 until 2043. The 

probability of changing into Bare-land is 0.08, and 

changing into Agricultural or Vegetation areas has a 

probability of 0.14 and 0.11, respectively. The Bare-land 

areas in 2013 tend to remain Bare-land with a probability 

of 0.16 until 2043. The probability of changing into Built-

up is 0.33 while changing into Agricultural or Vegetation 

areas each has a probability of 0.16 and 0.36, respectively. 

The Agricultural areas in 2013 have a probability of 0.48 to 

remain Agricultural until 2043. The probability of changing 

into Built-up is 0.14, and changing into Bare-land or 

Vegetation areas each has a probability of 0.03 and 0.35, 

respectively. The Vegetation areas in 2013 have a high 

probability (0.68) to remain vegetation until 2043. The 

probability of changing into Built-up is 0.11, and changing 

into Bare-land or Agricultural areas has a probability of 

0.01 and 0.20, respectively. 

 

3.5 Integrated CA–MC Model Implementation and 

Validation 

Table 4 compares the area coverage for each Land Use and 

Land Cover (LULC) class between the classified and 

simulated maps for 2023. The area coverage for each LULC 

class in the classified and simulated maps is comparable, 

indicating a close agreement between the simulated and 

actual classified areas. For instance, the built-up area in the 

2003 - 2013 2013 - 2023 2003 - 2023

Built-up 4.67 17.53 30.40

Bare-land -0.89 -2.79 -3.43

Agriculture -0.37 -2.63 -2.90

Vegetation -0.10 -0.61 -0.70
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classified map covered 982.33 hectares, while the 

simulated map showed an area coverage of 1010.86 

hectares for the year 2023. Table 4 compares the classified 

and simulated LULC areas (in hectares) for each LULC class 

in 2023. 

 
Table 4. Comparison of Classified and Simulated LULC 

No. 
LULC (Ha) Purposes 

LULC 2023 Classified 2023 Simulated 

1 Built-Up 982.33 1010.86 

2 Bare-Land 280.26 250.43 

3 Agriculture 1066.54 976.65 

4 Vegetation 2085.53 2176.72 

 

Table 4 presents the validation results for each Land 

Use and Land Cover (LULC) class. The overall Kappa Index 

of Agreement (KIA) value of the validation model for 2023 

was found to be 0.80. Among the LULC categories, the 

built-up area exhibited the highest similarity, with a KIA of 

0.90, while the vegetation category showed a moderate 

level of similarity, with a KIA of 0.75 for the simulated and 

classified LULC maps of 2023. Both bare land and 

agriculture demonstrated high similarity, with a KIA of 0.80 

between the simulated and classified maps for the same 

year. 

 

Table 5. KIA of Each Land Use and Land Cover (LULC) Class 

LULC Class Built-up Bare-land Agriculture Vegetation 

KIA 0.90 0.80 0.81 0.75 

 

Using the classified map of 2023 as a reference, the 

simulated map achieved an accuracy rate of 87.3% in 

matching the classified map. These results provide a robust 

foundation for predicting future Land Use and Land Cover 

(LULC) changes, including the LULC projection for the year 

2043. 

In Figure 6, the projected built-up expansion will 

occur in various directions, to varying degrees, replacing 

different land-use types. Specifically, it is anticipated that 

the built environment's LULC changes between 2023 and 

2043 will primarily occur near the urban outskirts, 

particularly in the southwest and northeastern regions of 

the town. During this period, bare and agricultural land will 

be converted into built-up regions more than vegetation. 

The built-up area will increase from 982.33 hectares 

in 2023 to 1704.14 hectares in 2043, representing 

significant growth. In contrast, the bare land will decrease 

from 280.26 hectares in 2023 to 98.23 hectares in 2043, 

and agriculture will also decrease from 1066.54 hectares in 

2023 to 680.25 hectares in 2043. The vegetation will 

experience a slight decrease from 2085.53 hectares in 2023 

to 1932.04 hectares in 2043. 

 

 
 

 

Figure 6. Predicted LULC of 2043 (Map and Graphic) 

 

As a result, the predicted built-up area is expected to 

increase by 39% in the town's southern, southwestern, and 

northeastern parts. This expansion will notably impact the 

overall landscape and highlights the importance of 

managing urban development to balance growth and 

environmental preservation. 

In the simulated LULC map of the study area for the 

year 2043, it was observed that the built-up area expanded 

by 1704.14 hectares. Conversely, bare land, agriculture, 

and vegetation experienced a decline over time, with 

reductions of 98.23, 680.25, and 1932.04 hectares from 

their respective total areas. These findings are consistent 

with numerous studies on predicting and simulating Land 

Use and Land Cover (LULC) changes. The present study's 

findings align with several previous studies that have 

addressed the issue of predicting and simulating LULC 
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changes [29]–[33]. These collective findings provide 

additional support and validity to the conclusions drawn in 

this research, further reinforcing the importance of 

understanding and managing LULC dynamics for 

sustainable land use planning and environmental 

conservation. To assess the performance of the CA-Markov 

model, a comparison was made between the classified and 

simulated values for each LULC category. The results 

indicated that the model over-predicted built-up areas 

compared to the actual classification. Conversely, the 

model underestimated the extent of bare land, agriculture, 

and vegetation in the study area. 

The Kappa Index of Agreement (KIA) was used to 

forecast the LULC map 2023 for model validation. An 

overall KIA value of 0.8 exceeded the minimum acceptable 

standard, demonstrating a solid agreement between the 

observed and predicted LULC classes in Chuko Town and 

its surroundings. Specifically, the built-up classes exhibited 

relatively higher deal, while the bare land, agriculture, and 

vegetation classes demonstrated moderate understanding. 

The effectiveness of the CA-Markov model in predicting 

future spatiotemporal LULC changes in Chuko Town and 

its surroundings has been supported by various 

researchers who reported acceptable KIA values when 

applying this model in different areas [34]–[37]. These 

findings reinforce the reliability and utility of the CA-

Markov model in studying LULC dynamics and projecting 

future changes in diverse geographic regions. 

 

4. Conclusion 

This study employed advanced geospatial tools and 

models, including ERDAS Imagine 2015 and ArcGIS 10.8, 

to generate land use and land cover (LULC) maps for 2003, 

2013, and 2023 in Chuko Town and its surrounding areas. 

The CA-Markov model was utilized to analyze LULC 

dynamics and simulate future LULC distribution. The 

findings revealed significant changes in the LULC of the 

study area between 2003 and 2023, with a notable 

expansion of built-up areas at the expense of bare land, 

vegetation, and agriculture. The CA-Markov model's 

validation results demonstrated a strong agreement 

between the classified LULC map and the modeled LULC 

map for the year 2023, confirming the reliability of the 

simulation. Based on the simulated LULC map for Chuko 

Town and its surroundings, it is evident that by the year 

2043, built-up areas are projected to further expand by 

1704.14 hectares, while the extent of bare land, agriculture, 

and vegetation is expected to decrease by 98.23, 680.25, 

and 1932.04 hectares, respectively. Knowing historical and 

simulated LULC changes is invaluable for decision-makers 

and urban planners. Armed with this information, they can 

develop effective policies and strategies to address rapid 

urbanization, make informed decisions, and foster the 

development of sustainable cities. 
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