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Abstract  

Land Use and Land Cover (LULC) change is a major environmental concern in rapidly 

developing towns such as Dedza Boma, Malawi. Understanding how land cover has 

changed over time is essential for informing sustainable urban planning and natural 

resource management. This study conducted a comparative assessment of machine 

learning approaches for LULC classification and prediction in Dedza Boma for the years 

2015, 2020, and 2025. Sentinel-2 satellite imagery was classified using two algorithms 

Random Forest (RF) and Support Vector Machine (SVM) on the Google Earth Engine 

(GEE) platform. Accuracy assessment revealed that RF outperformed SVM across all 

time periods, achieving overall accuracies of 90.0% (2015), 91.0% (2020), and 92.0% 

(2025) with Kappa coefficients of 0.87, 0.88, and 0.89 respectively, compared to SVM 

accuracies of 86.0% (2015), 87.0% (2020), and 88.0% (2025). RF was therefore 

selected as the best-performing classification algorithm. 

 

Post-classification change detection revealed notable land cover transitions over the 

study period. Major changes included the conversion of farmland and vegetated areas 

into built-up land, indicating rapid urban expansion within the town. Additional shifts 

from vegetation to bare land and farmland were also observed, demonstrating 

increasing pressure on natural resources. For future LULC prediction, two approaches 

were comparatively assessed: a Convolutional Neural Network (CNN) deep learning 

model and the Cellular Automata–Markov (CA–Markov) model. CNN outperformed 

CA–Markov, achieving an overall accuracy of 89.0% (Kappa: 0.87) compared to CA–

Markov’s 85.0% (Kappa: 0.82). Future LULC scenarios produced using CNN showed 

continued growth of built-up areas and further declines in farmland and vegetation by 

2030 and 2035. 

 

The overall findings provide up-to-date and reliable spatial information that can guide 

planners, policymakers, and environmental managers in making informed decisions. 

The study concludes that RF is the best-performing classification algorithm and CNN is 

the superior prediction model for LULC dynamics in Dedza Boma. The predicted LULC 

scenarios offer valuable insights for sustainable land use planning and future 

development in the study area. 
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INTRODUCTION 

1.1 Background of the Study  

Land Use and Land Cover (LULC) change is a major global environmental challenge, 

driven largely by population growth, rapid urbanisation, agricultural expansion, and 

economic development. Worldwide, natural landscapes continue to be transformed at 

an unprecedented pace, affecting ecological balance, biodiversity, climate regulation, 

and the availability of natural resources (Lambin et al., 2001). Over the past decades, 

global studies have demonstrated that changes in land cover significantly influence 

carbon storage, water cycles, and surface temperatures, making LULC monitoring an 

essential component of environmental management and climate change adaptation 

(Foley et al., 2005). 

 

Sub-Saharan Africa (SSA) is experiencing some of the fastest rates of LULC change 

globally, with rural and peri-urban areas under increasing pressure from population 

growth, demand for agricultural land, fuelwood collection, and unplanned settlement 

development (Kamwi et al., 2024; Sanogo et al., 2022; Yiran et al., 2020).. The region 

continues to face persistent challenges related to deforestation, soil degradation, and 

urban sprawl, all of which threaten food security, water resources, and ecological 

stability (Veldkamp & Verburg, 2004). Furthermore, weak land governance systems, 

limited enforcement of land use policies, and heavy reliance on natural resources for 

rural livelihoods further accelerate land transformations across SSA. 

 

Malawi, like many countries in the region, is undergoing rapid demographic and socio-

economic changes that place significant pressure on land resources. The country's 

population has continued to rise steadily, increasing demand for agricultural land, 

housing, and infrastructure. As a result, many urban and semi-urban centres in Malawi 

are experiencing notable shifts in land cover, including the expansion of built-up areas, 

reduction in vegetation cover, and conversion of farmland into settlements. These 

changes have profound implications for watershed health, biodiversity conservation, 

urban planning, and the long-term sustainability of natural resources (Government of 

Malawi, 2019). 

 

Dedza District, located in the Central Region of Malawi, is among the areas experiencing 

these pressures. Dedza Boma, the district's administrative and commercial hub, lies along 

the M1 road and serves as a key transportation corridor connecting Malawi's northern 

and southern regions. Its strategic location has contributed to rapid urbanisation, 

increased economic activity, and significant population growth in recent years. As a 

result, the town has witnessed substantial land use transitions, including the expansion 

of built-up areas, reduction of vegetated land, and increased demand for land for 

housing, agriculture, and commercial purposes. These transformations highlight the 
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urgent need for reliable spatial information to support sustainable planning and 

development. 

 

Remote Sensing (RS) and Geographic Information Systems (GIS) have become essential 

tools for assessing LULC dynamics, providing multispectral and multi-temporal data that 

enable accurate and cost-effective monitoring of land changes (Guerschman et al., 

2003). The emergence of cloud-based platforms such as Google Earth Engine (GEE), 

combined with machine learning algorithms like Random Forest (RF) and Support 

Vector Machine (SVM), has significantly improved the speed, accuracy, and accessibility 

of LULC classification. 

 

 These technologies allow researchers to analyse large volumes of satellite imagery, assess 

spatial patterns, quantify land transformations, and generate high-resolution maps that 

inform evidence-based decision-making. 

 

For LULC prediction, various modelling approaches have been developed, ranging from 

traditional transition-based models such as Cellular Automata–Markov (CA–Markov) to 

advanced deep learning techniques such as Convolutional Neural Networks (CNNs). 

While CA–Markov models effectively capture historical transition probabilities and 

project future land cover based on past trends (Eastman, 2012), CNNs offer the ability 

to learn complex spatial patterns and non-linear relationships directly from satellite 

imagery, potentially yielding more accurate predictions in heterogeneous landscapes 

(Kamusoko & Gamba, 2015; Mungai et al., 2022). Despite the potential of these 

advanced techniques, their application and comparative assessment in local-scale LULC 

prediction studies within Malawi remain limited. 

 

Despite increased interest in LULC studies within Malawi, most analyses have focused on 

broad district or regional scales, with limited attention given to smaller urban centres 

such as Dedza Boma. Yet, these areas are among the most rapidly transforming 

landscapes, and the lack of detailed spatial data makes it difficult for planners and 

policymakers to manage land resources effectively. Understanding past and present 

LULC dynamics at the local scale is therefore essential for anticipating future changes and 

guiding sustainable land use planning. Furthermore, there is a notable gap in 

comparative assessments of different prediction models  specifically between traditional 

CA–Markov and deep learning CNN approaches for LULC forecasting in Malawian 

urban contexts. 

 

This study addresses these gaps by analysing LULC changes in Dedza Boma from 2015 

to 2025 using geospatial techniques and machine learning classification approaches, 

comparing the performance of Random Forest and Support Vector Machine for LULC 

classification and comparing the predictive accuracy of CA–Markov and Convolutional 

Neural Network (CNN) models for forecasting future LULC scenarios. The insights 
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gained from this assessment are expected to assist local authorities, urban planners, and 

environmental managers in making informed decisions regarding land allocation, natural 

resource protection, and sustainable urban development. 

 

1.2 Problem Statement  

Dedza Boma has experienced notable Land Use and Land Cover (LULC) changes due to 

population growth, urban expansion, and demand for agriculture and infrastructure. 

Malawi's population is growing at approximately 2.7% annually, placing pressure on 

land resources (National Statistical Office, 2018). Consequently, natural landscapes are 

being converted into built-up areas and farmland, contributing to land degradation, 

vegetation loss, and ecosystem pressure (Lambin et al., 2001; Foley et al., 2005). 

 

Despite this, up-to-date spatial information on LULC dynamics in Dedza Boma is limited. 

Most Malawian studies focus on broader regional scales, overlooking smaller urban 

centres where land transformations are most rapid, limiting effective land use planning. 

A fundamental gap exists in the comparative evaluation of modelling approaches for 

LULC analysis in this context. For classification, although Random Forest (RF) and 

Support Vector Machine (SVM) have been successfully used in various settings (Belgiu & 

Drăguţ, 2016; Mountrakis et al., 2011), no study has systematically compared their 

performance for Dedza Boma's heterogeneous landscape. It remains unclear which 

algorithm yields higher classification accuracy. 

 

For prediction, the gap is even more pronounced. While traditional CA–Markov models 

have been widely used for LULC forecasting (Eastman, 2012), recent advances in deep 

learning, particularly Convolutional Neural Networks (CNNs), offer the potential to 

capture complex spatial patterns that CA–Markov cannot (Kamusoko & Gamba, 2015; 

Mungai et al., 2022). To date, no study has compared CNN against CA–Markov for 

LULC forecasting in Dedza Boma, and it is unknown whether deep learning translates 

into meaningful improvements in prediction accuracy. 

The absence of comparative assessments for both classification algorithms and prediction 

models creates a knowledge gap that hinders effective land use planning. Without 

knowing which classifier performs best and which prediction model produces the most 
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reliable future scenarios, planners cannot make informed decisions about model 

selection. 

Therefore, this study addresses these gaps by analysing historical LULC changes in Dedza 

Boma (2015–2025) comparing classification performance of RF and SVM, and 

comparing prediction accuracy of CNN and CA–Markov for forecasting future LULC to 

2035. The findings will support sustainable development and guide model selection for 

LULC analysis in similar Malawian urban contexts. 

1.3 Objectives 

1.3.1 Main Objective 

To comparatively assess RF & SVM for LULC Classification and CNN and CA-Markov 

For prediction of LULC in Dedza Boma. 

 

1.3.2 Specific Objectives 

• To compare Random Forest (RF) and Support Vector Machine (SVM) 

classification accuracy in Google Earth Engine. 

• To quantify LULC changes and transitions in Dedza Boma from 2015 to 2025 

• To compare Convolutional Neural Network (CNN) and CA–Markov prediction 

accuracy for forecasting future LULC patterns 

• To generate future LULC scenarios for Dedza Boma for 2030 and 2035 

1.4 Research Questions 

i. Which algorithm (RF or SVM) performs better for LULC classification in Dedza 

Boma? 

ii. How have LULC patterns changed in Dedza Boma from 2015 to 2025? 

iii. Which prediction model (CNN or CA–Markov) produces more accurate LULC 

forecasts for Dedza Boma? 

iv. What future LULC changes are expected in Dedza Boma by 2030 and 2035? 
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1.5 Significance of the Study  

This study provides a systematic comparative assessment of machine learning and deep 

learning models for analysing and predicting Land Use and Land Cover (LULC) changes 

using Remote Sensing (RS) and Geographic Information Systems (GIS). By comparing 

Random Forest (RF) and Support Vector Machine (SVM) for classification, and 

Convolutional Neural Network (CNN) and CA–Markov for prediction, the study 

identifies the best-performing models for LULC analysis in Dedza Boma. This offers a 

reliable and cost-effective approach for monitoring land dynamics compared to 

traditional methods. 

 

The results will help planners, policymakers, and local authorities better understand how 

land use is changing in Dedza Boma and support informed decision-making in areas such 

as urban planning, land allocation, and environmental management. The comparative 

findings will guide model selection, ensuring that future LULC assessments use the most 

accurate algorithms and prediction tools available for this landscape. This can contribute 

to improved management of natural resources and sustainable urban development. 
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Chapter 2: Literature Review  

Introduction 

 

This chapter reviews existing literature on Land Use and Land Cover (LULC) change, its 

drivers and impacts, and the application of Remote Sensing (RS) and Geographic 

Information Systems (GIS) for LULC analysis. It examines machine learning algorithms 

for classification, including Random Forest (RF) and Support Vector Machine (SVM), as 

well as prediction models such as Convolutional Neural Networks (CNN) and CA–

Markov. The chapter concludes by identifying research gaps in LULC studies in Dedza 

Boma and Malawi, which this study aims to address. 

2.1  Land Use and Land Cover 

Land use and land cover are closely related concepts and are often used interchangeably, 

although they describe different aspects of the Earth’s surface (Fairbanks et al., 2000; 

Ellis, 2013). Land cover refers to the physical and biological materials on the Earth’s 

surface, such as vegetation, water bodies, bare soil, and built-up areas (Di Gregorio & 

Jansen, 2000; Brown & Duh, 2004). In contrast, land use describes how humans utilize 

and manage land for activities such as agriculture, settlement, and forestry (Turner et al., 

1995). 

 

While natural scientists tend to define land cover based on biophysical characteristics, 

social scientists often link it to socio-economic functions. Similarly, land use emphasizes 

human intentions and activities that modify land cover. According to Di Gregorio and 

Jansen (2000), land use involves the management and transformation of land cover to 

meet human needs, often influencing ecological processes such as hydrology, 

biodiversity, and soil quality. 

 

LULC change refers to both qualitative and quantitative transformations in land systems 

(Seto et al., 2002). These changes can occur through conversion, where one land cover 

type is replaced by another, or modification, where the structure or function of land 

changes without altering its overall class (Lambin et al., 2003). Understanding these 

processes is essential, as LULC changes significantly affect environmental sustainability, 

natural resource management, and socio-economic development 
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2.2 Drivers of Land Use and Land Cover Change  

Land use and land cover (LULC) changes are influenced by a combination of socio-

economic, environmental, and institutional drivers (Lambin et al., 2003; Geist & Lambin, 

2002). Understanding these drivers is essential for explaining spatial and temporal 

patterns of land transformation. 

 

One of the major drivers of LULC change is population growth, which increases demand 

for land for agriculture, settlement, and infrastructure development (Lambin et al., 2003; 

Foley et al., 2005). As population increases, natural landscapes are often converted into 

cultivated and built-up areas. 

Agricultural expansion is another critical driver, particularly in developing countries 

where subsistence farming is dominant. Expansion of cropland often leads to 

deforestation, soil degradation, and loss of biodiversity (Geist & Lambin, 2002; Brink & 

Eva, 2009). 

 

Urbanization also contributes significantly to LULC change. Rapid urban growth leads 

to the conversion of agricultural and natural land into built-up areas, resulting in 

environmental degradation and increased pressure on resources (Seto et al., 2002; 

Veldkamp & Verburg, 2004). 

 

In Sub-Saharan Africa, poverty and dependence on natural resources are key drivers of 

land degradation. In Malawi, rural communities rely heavily on forests for fuelwood 

and livelihoods, which accelerates deforestation and land cover change (Kamanga et al., 

2009; Sedano et al., 2005). 

 

Environmental factors such as climate variability and change also influence LULC 

dynamics by affecting vegetation patterns and land productivity (Lambin et al., 2003; 

Foley et al., 2005). Additionally, weak land management policies and inadequate 

planning systems contribute to unsustainable land use practices (Geist & Lambin, 2002). 

These drivers often interact in complex ways. For example, population growth may lead 

to agricultural expansion, which in turn accelerates deforestation and environmental 
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degradation. Such interactions highlight the need for integrated approaches in LULC 

analysis and modeling (Lambin et al., 2003). 

 

2.3 Impacts of LULC Change 

LULC changes have significant environmental and socio-economic impacts, particularly 

in developing regions. Environmentally, these changes contribute to biodiversity loss, 

soil degradation, and disruption of hydrological systems (Turner et al., 2007). 

For instance, deforestation reduces vegetation cover, leading to decreased groundwater 

recharge and increased risk of water scarcity (Dwivedi et al., 2005). Similarly, urban 

expansion results in habitat fragmentation and increased pollution, which negatively 

affects ecosystems (Veldkamp & Verburg, 2004). 

The socio-economic impacts of LULC change are especially pronounced in Sub-Saharan 

Africa, where rural communities depend heavily on natural resources for their 

livelihoods. In Malawi, poverty and land insecurity drive the overexploitation of forest 

resources, leading to environmental degradation and reduced agricultural productivity 

(Kamanga et al., 2009). 

These environmental and socio-economic impacts are closely interconnected. For 

example, deforestation can lead to soil erosion, which reduces crop yields and ultimately 

contributes to food insecurity and poverty. This highlights the importance of sustainable 

land management practices to mitigate the negative consequences of LULC change. 
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2.4 Remote Sensing and GIS in LULC Mapping 

Remote sensing (RS) and Geographic Information Systems (GIS) have become essential 

tools for analyzing and monitoring land use and land cover (LULC) changes. Remote 

sensing involves the acquisition of information about the Earth’s surface without direct 

physical contact, typically through satellite or aerial sensors, while GIS provides a 

framework for storing, analyzing, and visualizing spatial data (Jensen, 2005; Campbell 

& Wynne, 2011). 

 

Traditionally, LULC mapping relied on field-based methods, including ground surveys, 

manual observations, and interpretation of topographic maps and aerial photographs. 

These approaches, although useful, are often time-consuming, expensive, and limited in 

spatial and temporal coverage (Lillesand et al., 2015). In addition, traditional methods 

are difficult to apply over large or inaccessible areas and may lack consistency due to 

human subjectivity. 

 

In contrast, remote sensing provides significant advantages over these traditional 

approaches. It enables large-scale and repetitive data acquisition, allowing for 

continuous monitoring of land surface changes over time (Turner et al., 2007). Satellite 

platforms such as Landsat and Sentinel offer long-term, freely available datasets with 

moderate to high spatial resolution, making them highly suitable for detecting and 

analyzing LULC dynamics (Wulder et al., 2018). 

 

Furthermore, GIS enhances the analytical capability of remote sensing data by allowing 

integration with other spatial datasets, such as population data, elevation models, and 

land management information. This integration supports more comprehensive analysis 

and better decision-making in land resource management. 

 

Recent advancements in cloud computing have further transformed LULC analysis 

through platforms such as Google Earth Engine, which provide access to vast archives of 

satellite imagery and powerful processing capabilities (Gorelick et al., 2017). GEE enables 

efficient processing of multi-temporal datasets and supports advanced analytical 
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techniques, including machine learning, making it particularly valuable for large-scale 

LULC studies. 

 

Despite these advantages, remote sensing also has limitations. For example, cloud cover 

can obstruct satellite imagery, particularly in tropical regions, while spatial and spectral 

resolution constraints may affect the accuracy of classification results (Campbell & 

Wynne, 2011). Additionally, classification errors may occur in heterogeneous landscapes 

where different land cover types exhibit similar spectral characteristics. These challenges 

highlight the importance of using robust classification methods and conducting accuracy 

assessments to ensure reliable results. 

 

2.5 Machine Learning Approaches for LULC Classification 

2.5.1 Overview of Supervised Classification 

Supervised classification is the dominant approach for LULC mapping from satellite 

imagery, involving the training of a classification algorithm on labelled reference data 

(training samples) and the subsequent application of the trained model to classify the 

full image into discrete LULC categories (Lillesand et al., 2015).The accuracy of 

supervised classification depends on the quality and representativeness of the training 

data, the choice of classification algorithm, and the spectral separability of the LULC 

classes under consideration.  

 

Traditional supervised classifiers such as Maximum Likelihood Classification (MLC) have 

been widely used but are limited in their ability to handle high-dimensional feature 

spaces and non-linear class boundaries (Pal and Mather, 2005). Machine learning 

classifiers have increasingly superseded traditional approaches by offering superior 

performance across diverse landscape contexts. 

 

2.5.2 Random Forest (RF) 

Random Forest (RF) is an ensemble machine learning algorithm developed by Breiman 

(2001) that constructs a large number of decision trees during training and outputs the 

class that is the mode of the individual tree classifications. RF is widely recognized in the 
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remote sensing literature as one of the most accurate, robust, and computationally 

efficient classifiers available for LULC mapping, offering several advantages over 

traditional methods (Belgiu and Drăguț, 2016). These advantages include resistance to 

overfitting, the ability to handle high-dimensional datasets with many input features, 

robustness to noise and outliers, and the provision of feature importance estimates that 

enable the identification of the most informative spectral and spatial variables for 

classification (Breiman, 2001; Pal, 2005). 

 

In their comprehensive review of RF applications in remote sensing, Belgiu and Drăguț 

(2016) demonstrated that RF consistently achieves high classification accuracy across a 

wide range of land cover types, spatial resolutions, and geographic contexts. RF has 

been successfully applied to LULC mapping using Landsat, Sentinel-2, and other optical 

sensors, and has shown particular effectiveness in heterogeneous landscapes where class 

boundaries are complex or overlapping. Importantly, Belgiu and Drăguț (2016) 

highlighted that RF's performance is relatively insensitive to the size of the training 

dataset compared to other classifiers, making it well-suited for data-scarce environments 

such as Dedza Boma, where the collection of large numbers of ground truth samples 

may be logistically challenging. 

 

The final predicted class for each pixel is determined by aggregating the votes of all 

decision trees in the forest, as shown in Equation (1): 

 

(1) ŷ = mode{T₁(x), T₂(x), …, Tₙ(x)} 

 

Where: 

 

ŷ = final predicted class for pixel x 

 

T₁(x), T₂(x), …, Tₙ(x) = class predictions from individual decision trees 

 

x = input feature vector (spectral values of a pixel) 

 

n = total number of trees in the forest 

 

mode = majority voting function selecting the most frequent class prediction 
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2.5.3 Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a kernel-based supervised classifier that seeks to 

identify the optimal hyperplane separating different land cover classes in feature space 

by maximizing the margin between classes (Vapnik, 1995; Mountrakis et al., 2011). SVM 

has been extensively applied in remote sensing for LULC classification and has 

demonstrated consistently high accuracy, particularly in contexts involving limited 

training samples and complex, high-dimensional feature spaces (Pal and Mather, 2005). 

SVM's ability to effectively model non-linear class boundaries through the use of kernel 

functions, particularly the Radial Basis Function (RBF) kernel, makes it a powerful tool 

for classifying spectrally diverse landscapes. 

Numerous comparative studies have evaluated the relative performance of RF and SVM 

for LULC classification. Pal and Mather (2005) found that both classifiers outperformed 

Maximum Likelihood Classification, with SVM performing particularly well with small 

training datasets. Mountrakis et al. (2011) reviewed SVM applications in remote sensing 

and concluded that SVM offers high accuracy but can be computationally intensive and 

sensitive to the choice of kernel parameters. The SVM decision boundary is expressed as: 

𝑤 ⋅ 𝑥 + 𝑏 = 0 

Where: 

𝑤= weight vector defining the orientation of the hyperplane  

𝑥= input feature vector (spectral values of a pixel)  

𝑏= bias term controlling the position of the hyperplane  

𝑤 ⋅ 𝑥= dot product between the weight vector and input features  

 

 

The comparative evaluation of RF and SVM within the GEE environment, in the specific 

context of a small-scale African urban centre, is a methodological contribution that this 

study makes to the literature. 

 

 

 

 

(2) 
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2.5.4 Accuracy Assessment 

 

The accuracy of LULC classifications is conventionally assessed using a confusion matrix, 

also known as an error matrix, which cross-tabulates the classified outputs against 

reference data collected independently from the training samples (Congalton and Green, 

2009). 

From the confusion matrix, several accuracy metrics are derived, including Overall 

Accuracy (OA), which measures the proportion of correctly classified pixels across all 

classes; Producer's Accuracy (PA), which indicates the probability that a given area is 

correctly identified; User's Accuracy (UA), which indicates the probability that a pixel 

classified as a given class actually belongs to that class; and the Kappa Coefficient, which 

corrects for chance agreement and provides a more conservative estimate of 

classification performance (Foody, 2002).  

The F1-Score, which is the harmonic mean of precision and recall, provides an additional 

measure of classifier performance particularly useful when class imbalances are present. 

A minimum Overall Accuracy of 85% is widely accepted as the threshold for reliable 

LULC mapping (Anderson et al., 1976). 

 

2.6 Change Detection in LULC Studies 

Change detection is a fundamental component of Land Use and Land Cover (LULC) 

analysis, as it enables the identification and quantification of changes in land cover over 

time. It involves the comparison of multi-temporal datasets to determine the nature, 

extent, and rate of changes occurring within a given landscape (Lu et al., 2004; Jensen, 

2005). 

 

Several change detection techniques have been developed, broadly categorized into pre-

classification and post-classification methods. Pre-classification methods involve direct 

comparison of spectral values between images acquired at different times, while post-

classification methods compare classified maps from different time periods. Among 

these, post-classification comparison is the most widely used approach due to its ability 

to provide detailed “from–to” change information between land cover classes (Singh, 

1989). 
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Although pre-classification methods are computationally efficient, they are sensitive to 

atmospheric conditions, sensor differences, and seasonal variations, which can affect the 

accuracy of results. In contrast, post-classification methods reduce these limitations by 

analysing already classified images. However, their accuracy depends heavily on the 

quality of the initial classifications. 

 

Recent advancements in geospatial technologies, particularly the integration of change 

detection techniques with Geographic Information Systems (GIS) and cloud-based 

platforms such as Google Earth Engine, have improved the efficiency and accuracy of 

LULC change analysis. These tools enable automated processing of large datasets and 

facilitate the generation of change matrices, which summarize transitions between 

different land cover classes over time. 

 

Despite these advancements, challenges remain in accurately capturing complex land 

transformations, especially in heterogeneous landscapes (Karakizi et al., 2025; Fromm 

et al., 2025). Misclassification errors in earlier stages can propagate into change detection 

results, leading to uncertainties in interpretation (Li et al., 2024; Pitkänen et al., 2024). 

Therefore, ensuring high classification accuracy is critical for reliable change detection 

outcomes (Olofsson et al., 2014; Domingues et al., 2026) 

 

In this study, a post-classification comparison approach is adopted to analyse LULC 

changes between 2015, 2020, and 2025. This method allows for the identification of 

specific transitions, such as conversion from vegetation to built-up areas, providing a 

clear understanding of land transformation patterns within the study area. 

 

2.7 Predictive Modelling of LULC Changes 

2.7.1 Overview of Predictive Modelling Approaches 

Predictive LULC modelling seeks to simulate future land cover conditions based on 

historical patterns of change, spatial drivers, and transition probabilities. A wide range 

of modelling approaches has been developed and applied in the literature, including 

statistical models, agent-based models, cellular automata models, and hybrid approaches 

that combine elements of multiple frameworks (Veldkamp and Verburg, 2004; Eastman, 
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2006). The choice of modelling approach depends on the specific research objectives, 

the availability of input data, the spatial and temporal scale of analysis, and the degree 

of complexity and mechanistic detail required. 

2.7.2 Cellular Automata-Markov (CA-Markov) Model 

The Cellular Automata-Markov (CA-Markov) model is one of the most widely used 

approaches for predictive LULC modelling, combining the spatial simulation capabilities 

of cellular automata with the stochastic transition probability estimation of Markov 

Chain analysis (Pontius and Malanson, 2005; Eastman, 2006). The Markov Chain 

component estimates transition probability matrices from historical LULC data, 

quantifying the likelihood of each land cover class transitioning to another class over a 

defined time period. The CA component then applies these probabilities spatially, 

accounting for neighbourhood influences and spatial contiguity to simulate the spatial 

distribution of future LULC conditions (Kamusoko and Gamba, 2015). 

The CA-Markov model has been widely applied for LULC projection in diverse 

geographic contexts. Kalita and Sarma (2015) successfully applied the approach to model 

urban growth in fast-growing metropolitan areas, while Zhu et al. (2016) adapted it to 

predict agricultural land use change. In Sub-Saharan Africa, CA-Markov modelling has 

been used to forecast deforestation trajectories, urban expansion, and agricultural land 

conversion in several national and regional-scale studies, providing evidence for policy 

interventions aimed at mitigating unsustainable land use change. The integration of GEE's 

computational capabilities with CA-Markov modelling has further enhanced the 

efficiency and scalability of these predictions (Gorelick et al., 2017). 

 

2.7.4 Machine Learning for LULC Prediction 

In addition to CA-Markov approaches, machine learning algorithms including artificial 

neural networks (ANNs), convolutional neural networks (CNNs), and Long Short-Term 

Memory (LSTM) networks are increasingly being applied for predictive LULC modelling 

(Kamusoko and Gamba, 2015). These approaches exploit patterns in historical LULC 

data to learn the spatial relationships and temporal dynamics governing land cover 
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transitions, and can incorporate a broad range of spatial predictor variables such as 

slope, aspect, distance to roads, population density, and rainfall. LSTM networks, a class 

of recurrent neural networks, are particularly well-suited for modelling temporal 

sequences and have shown promise for predicting LULC change at fine temporal 

resolutions (Hochreiter and Schmidhuber, 1997). 

The combination of high-accuracy machine learning classification with spatially explicit 

predictive modelling represents the state of the art in LULC change analysis and provides 

the methodological foundation for the present study. By applying GEE-based RF and 

SVM classification to derive accurate historical LULC maps, and subsequently using the 

best-performing classifier to inform predictive modelling for 2030 and 2050, this study 

implements an integrated framework that is both scientifically rigorous and practically 

applicable for sustainable land management planning in Dedza Boma. 

2.7.4 Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks (CNNs) are a class of deep learning models specifically 

designed to process grid-like data such as images (LeCun et al., 2015). Unlike traditional 

machine learning algorithms that require hand-crafted features, CNNs automatically 

learn hierarchical spatial features directly from raw input data (Krizhevsky et al., 2012; 

LeCun et al., 2015). A typical CNN architecture consists of alternating convolutional and 

pooling layers that extract increasingly abstract features, followed by fully connected 

layers that perform classification or regression (Goodfellow et al., 2016). Convolutional 

layers apply filters to extract spatial features such as edges, textures, and shapes, while 

pooling layers reduce spatial dimensions while preserving important features (Zeiler & 

Fergus, 2014). Activation functions, such as ReLU (Rectified Linear Unit), introduce non-
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linearity into the network, and fully connected layers perform the final classification 

based on the extracted features (Nair & Hinton, 2010). 

In recent years, CNNs have been increasingly applied for LULC prediction (Kussul et al., 

2017; Zhang et al., 2019). Unlike CA–Markov models, which rely on pre-calculated 

transition probabilities, CNNs can learn complex spatial patterns and non-linear 

relationships directly from satellite imagery and suitability factors (Kamusoko & Gamba, 

2015; Parente et al., 2019). This enables them to capture the spatial context of land use 

change, including neighbourhood effects and landscape configuration, which traditional 

transition models may miss (Liu et al., 2017; Wang et al., 2020). The key advantages of 

CNNs over traditional models include automatic feature learning without manual 

feature engineering, the ability to capture complex non-linear spatial relationships, 

effectiveness at modelling landscape configuration and neighbourhood context, the 

capacity to integrate multiple data layers (spectral, topographic, demographic) 

simultaneously, and the potential for higher prediction accuracy in heterogeneous 

landscapes (Kuwata & Shibasaki, 2015; Yao et al., 2019; Mungai et al., 2022). 

In their study of LULC dynamics in Central Malawi, Mungai et al. (2022) demonstrated 

that neural network models, including CNNs, achieved superior prediction accuracy 

compared to traditional transition models, particularly in capturing non-linear urban 

expansion patterns. Similarly, other studies in Sub-Saharan Africa have reported that 

deep learning approaches outperform conventional models for LULC prediction in 

complex landscapes (Adeola et al., 2019; Olorunfemi et al., 2020). 
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Chapter 3: Methodology  

3.1 Research Design 
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3.2 Study Area  

Dedza Boma is the administrative and commercial center of Dedza District in Central 

Malawi (Munthali et al., 2019). It lies approximately between latitudes 14.3776°S and 

longitudes 34.3326°E, covering an area of about 45 square kilometers (National 

Statistical Office, 2018; MASDAP, 2020). The area is characterized by a mixture of 

urban, peri-urban, agricultural, and semi-natural environments, having undergone rapid 

urbanization and infrastructure development in recent years leading to significant land 

cover transformations (Munthali et al., 2019, 2022). These dynamics make it an ideal 

site for assessing spatio-temporal LULC patterns and their environmental consequences 

(Lambin & Geist, 2006; Munthali et al., 2022).  

 

Figure 3.1: Map of Dedza Boma (Study Area). 
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3.3 Materials and Methods 

3.3.1 Data 

Table 3.1: Summary of datasets used in the study 

Dataset Source 
Temporal 

Resolution 

Spatial 

Resolution 
Description 

Sentinel-2 MSI EU/ESA/Copernicus 16 days 10 m 

August–September 2015, 2020, and 2025 

imagery. Level 2A data assets, 2 to 10 

images (Bands 2, 3, 4, 8) 

Dedza Boma 

boundary 
MASDAP – – 

Administrative boundary of Dedza Boma 

study area (45 km²) 

Input Variables 

Elevation 

(DEM) 

SRTM - 

NASA/USGS 
– 30 m 

Digital Elevation Model (DEM) data from 

SRTM image 

Slope 

(degrees) 

SRTM - 

NASA/USGS 
– 30 m 

Slope was calculated based on SRTM 

elevation data 

Population 

density 

Malawi National 

Statistical Office 

(2018 Census) 

2018 
(resampled 

to 30 m) 

Population estimates from the 2018 

Malawi Population and Housing Census 

Distance to 

road 

MASDAP / 

OpenStreetMap 
– 

30 m 

buffer 

Euclidean distance from major roads 

(proxy driver for urban expansion and 

accessibility) 

Validation 

imagery 

Google Earth Pro 

(Maxar, 

CNES/Airbus) 

2015–2025 0.3 – 1 m 

High-resolution imagery for accuracy 

assessment of LULC classification and 

change detection 

Training 

samples 

Sentinel-2 & 

Google Earth Pro 

2015, 

2020, 

2025 

10 m 

100 training polygons per LULC class per 

time period (70% training, 30% 

validation) 

 

3.3.2 Data Pre-processing 

All Sentinel-2 imagery was processed using Google Earth Engine (GEE), a cloud-based 

platform for geospatial analysis (Gorelick et al., 2017). Several pre-processing steps were 

applied to prepare the imagery for classification, as illustrated in Figure 3.1. 

Atmospheric correction was performed using the Sentinel-2 Level-2A product, which 

removes scattering and absorption effects to ensure accurate surface reflectance values 

(Louis et al., 2016). Radiometric calibration was then conducted to convert digital 

numbers (DN) to surface reflectance values using the built-in scaling factors in GEE. Cloud 

and shadow masking was carried out using the QA60 band to identify and remove pixels 

affected by atmospheric interference (Google Earth Engine, 2025). 

Where multiple tiles covered the study area, image mosaicking was applied to merge 

them into a single composite image for each time period. The imagery was then clipped 
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to the administrative boundaries of Dedza Boma using a shapefile of the study area 

obtained from the Malawi Spatial Data Platform (MASDAP).  

Finally, band stacking was performed to combine selected spectral bands (blue, green, 

red, red edge, near-infrared (NIR), and short-wave infrared (SWIR)) into a single multi-

band image suitable for classification input. 

 

For the spatial variables used in prediction, elevation and slope were derived from the 

Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM) at 30 m 

spatial resolution. Population density data from the 2018 Malawi Population and 

Housing Census (National Statistical Office, 2018) were resampled from 1 km to 30 m 

to match the spatial resolution of the DEM-derived variables. Distance to road was 

calculated as Euclidean distance from major roads using vector data from 

OpenStreetMap and MASDAP, with a 30 m buffer applied.  

 

All spatial variables were geometry-matched and resampled to a consistent 30 m 

resolution to ensure compatibility with the LULC classification outputs (Munthali et al., 

2020; Mungai et al., 2022). 

 

These pre-processing steps ensured that all imagery and spatial variables were ready for 

effective classification and remained temporally and spatially consistent across 2015, 

2020, and 2025 (Lillesand et al., 2015). 

 

3.3.2.1 Google Earth Engine (GEE) Pre-processing 

All Sentinel-2 imagery was processed using Google Earth Engine (GEE), a cloud-based 

platform for geospatial analysis (Gorelick et al., 2017). Several pre-processing steps 

were applied to prepare the imagery for classification. 

Atmospheric correction was performed using the Sentinel-2 Level-2A product, which 

removes scattering and absorption effects to ensure accurate surface reflectance values 

(Louis et al., 2016). Radiometric calibration was then conducted to convert digital 

numbers (DN) to surface reflectance values using the built-in scaling factors in GEE. 

Cloud and shadow masking was carried out using the QA60 band to identify and 

remove pixels affected by atmospheric interference (Google Earth Engine, 2025). 

Where multiple tiles covered the study area, image mosaicking was applied to merge 
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them into a single composite image for each time period. The imagery was then 

clipped to the administrative boundaries of Dedza Boma using a shapefile of the study 

area. Finally, band stacking was performed to combine selected spectral bands (blue, 

green, red, red edge, NIR, and SWIR) into a single multi-band image suitable for 

classification input. 

These pre-processing steps ensured that all imagery was ready for effective classification 

and that all datasets remained temporally consistent across 2015, 2020, and 2025 

(Lillesand et al., 2015). 

3.4 LULC Classification 

The land use and land cover (LULC) classification analysis was conducted using Google 

Earth Engine machine learning algorithms, where approximately 100 training polygons 

per land cover class were manually selected from each time period (2015, 2020, and 

2025) using visual interpretation of Sentinel-2 imagery within the Google Earth Engine 

platform. A supervised land cover classification was conducted using two machine 

learning algorithms: Random Forest (RF) and Support Vector Machine (SVM). 

Random Forest is an ensemble learning method that classifies pixels based on an 

ensemble of decision trees with random selection and replacement (Breiman, 2001). 

Support Vector Machine is a kernel-based classifier that finds the optimal hyperplane 

separating different classes in a high-dimensional space (Vapnik, 1995). In Google Earth 

Engine, both classifiers were configured to use 70% of training samples for model 

training and 30% for validation across the three time periods (Gorelick et al., 2017). For 

RF, the number of trees was set to 100. For SVM, a radial basis function (RBF) kernel 

with default parameters was used. 

Five LULC classes were defined for this study dense vegetation, sparse vegetation, 

bareland, built-up, and farmland. The classified images for each period were exported 

from Google Earth Engine to ArcGIS Pro for post-classification analysis and area 

calculation. 
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3.5 Accuracy Assessment 

The accuracy assessment for the LULC classifications was conducted using a desk-based 

validation approach. A total of 250 random sample points were generated across the 

classified LULC maps using the "Create Random Points" tool in ArcGIS Pro. The points 

were distributed proportionally across the five LULC classes to ensure adequate 

representation of each class. A buffer of 30 metres was applied around each point to 

avoid boundary pixels and mixed-class edges, following recommendations from 

Congalton and Green (2019). 

For each random point, the corresponding position was located in Google Earth Pro 

using high-resolution imagery from Maxar, CNES/Airbus, and other providers, with 

spatial resolutions ranging from 0.3 metres to 1 metre. Only imagery acquired within 

one year of the Sentinel-2 acquisition dates was selected to ensure temporal consistency 

between the classified maps and the reference data. Each point was visually interpreted 

and assigned a land cover class (dense vegetation, sparse vegetation, bareland, built-up, 

or farmland) based on observable characteristics in the high-resolution imagery. 

Separate confusion matrices were constructed in Microsoft Excel for each time period 

(2015, 2020, and 2025). From each confusion matrix, the following accuracy metrics 

were derived: Overall Accuracy, Kappa Coefficient, Producer's Accuracy, User's 

Accuracy, and F1-Score. The accuracy assessment was performed separately for Random 

Forest (RF) and Support Vector Machine (SVM) classifications. The algorithm that 

achieved the higher overall accuracy, Kappa coefficient, and average F1-score was 

selected as the best-performing algorithm for LULC mapping in Dedza Boma. 

3.6 Change Detection 

Change detection analysis was performed within Google Earth Engine to identify LULC 

transitions between 2015 and 2025 using the post-classification comparison method. 

This method involves comparing independently classified maps from different time 

periods to detect and quantify land cover changes (Singh, 1989; Lu et al., 2004). 

The classified maps of different time periods were subtracted to identify pixels where 

land cover change had occurred. Change matrices were then created to show the area 
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and percentage of land transitioning from one class to another. The net change for each 

LULC class was calculated over the entire study period, and change maps were generated 

to highlight areas of gain, loss, and persistence for each class. 

Particular attention was paid to transitions involving built-up expansion (e.g., dense 

vegetation to built-up, farmland to built-up) and agricultural encroachment (e.g., dense 

vegetation to farmland, sparse vegetation to farmland), as these are critical for 

understanding LULC dynamics in Dedza Boma (Lambin et al., 2003; Veldkamp & 

Verburg, 2004). 

To validate the change detection results, a subset of 150 validation points that fell in 

areas where the change detection analysis indicated a transition between classes was 

used. For each point, time-series imagery in Google Earth Pro spanning the full study 

period (2015–2025) was examined. Visual identification of whether an actual land cover 

transition had occurred was made by comparing the earliest and latest available high-

resolution imagery. A change detection accuracy score was calculated as the percentage 

of confirmed change points out of the total change validation points. 

3.7 LULC Prediction 

Future land use and land cover (LULC) patterns for Dedza Boma were predicted using 

two modelling approaches: Cellular Automata–Markov (CA–Markov) and 

Convolutional Neural Network (CNN). The CA–Markov model was implemented in 

Google Earth Engine, while the CNN model was implemented in Google Colab using 

Python (Gorelick et al., 2017; Bisong, 2019). Both models were integrated with spatial 

suitability variables including population density, distance to roads, slope, and elevation. 

For the CA–Markov model implemented in Google Earth Engine, transition probability 

matrices were derived from the classified LULC maps of 2015, 2020, and 2025. The 

Markov Chain analysis calculated the likelihood of each land cover class transitioning to 

another class over a defined time period (Eastman, 2012). These transition probabilities 

were then used to project future LULC states for 2030 and 2035, assuming a constant 

rate of change observed during the calibration period (Pontius & Malanson, 2005; 

Munthali et al., 2020). 
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For the Convolutional Neural Network (CNN) model implemented in Google Colab, a 

deep learning architecture consisting of convolutional layers for feature extraction and 

pooling layers for spatial pattern learning was employed (LeCun et al., 2015). Unlike the 

CA–Markov model, which relies on pre-calculated transition probabilities, the CNN 

model learns complex spatial patterns and non-linear relationships directly from satellite 

imagery and spatial suitability variables (Kussul et al., 2017; Kamusoko & Gamba, 2015). 

The CNN model was developed using TensorFlow/Keras within the Google Colab 

environment, leveraging its GPU capabilities for efficient model training (Abadi et al., 

2016; Chollet, 2018). 

The spatial suitability variables used in both models included population density (from 

the 2018 Malawi Census), distance to major roads, slope, and elevation (Munthali et al., 

2019; Mungai et al., 2022). All variables were resampled to a consistent 30 m spatial 

resolution and geometry-matched to the LULC classification outputs. 

The predicted LULC maps for 2030 and 2035 were generated using both models. The 

2025 classified LULC map was used as the baseline for prediction. The accuracy of each 

prediction model was assessed by comparing the predicted 2030 LULC map with the 

actual 2025 classified map, using overall accuracy and Kappa coefficient as evaluation 

metrics (Congalton & Green, 2019). The model with the higher accuracy was selected as 

the best-performing prediction model for Dedza Boma. 

 

3.8 Validation and Comparison 

The accuracy of the two prediction models (CNN and CA–Markov) was assessed by 

comparing their respective 2030 predicted LULC maps with the actual 2025 classified 

LULC map. This comparison allowed for the evaluation of each model's ability to 

accurately forecast land cover transitions over a five-year period (Pontius & Malanson, 

2005). 

For each prediction model, a confusion matrix was constructed to calculate overall 

accuracy and the Kappa coefficient. The Kappa coefficient measures the agreement 

between the predicted map and the reference map, accounting for agreement that could 

occur by chance (Landis & Koch, 1977). A Kappa value above 0.80 was considered 

"almost perfect" agreement. 
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The model with the higher overall accuracy and Kappa coefficient was selected as the 

best-performing prediction model for Dedza Boma. This comparative assessment 

provided evidence-based guidance for selecting appropriate prediction models for future 

LULC studies in similar Malawian urban contexts (Mungai et al., 2022). 

 

3.9 Final Mapping in ArcGIS Pro 

 

After completing classification, change detection, prediction, accuracy assessment, and 

model comparison in Google Earth Engine and Google Colab, all final outputs were 

imported into ArcGIS Pro for cartographic production and final visualisation (ESRI, 

2022). 

The classified rasters for 2015, 2020, and 2025 were imported, along with the change 

detection maps and the predicted LULC maps for 2030 and 2035 from both CNN and 

CA–Markov models. A consistent colour scheme was applied to each LULC class across 

all maps to ensure visual consistency and ease of comparison between time periods. 
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Chapter Four: Results and Discussion 

This chapter presents and interprets the findings of the study. It reports LULC 

classification results for 2015, 2020, and 2025, including accuracy assessment comparing 

Random Forest (RF) and Support Vector Machine (SVM). Change detection results 

between 2015 and 2025 are then presented and discussed, followed by future LULC 

predictions for 2030 and 2035 using CNN and CA–Markov models. The findings are 

compared with previous studies in Malawi and the region, and limitations of the study 

are acknowledged. 

 

4.2.1 LULC Classification Results 

The LULC classification was performed using the Random Forest algorithm, which was 

selected as the best-performing algorithm based on accuracy assessment (see Section 

4.2.2). Figure 4.1 presents the LULC maps for Dedza Boma for the years 2015, 2020, 

and 2025. The five LULC classes (dense vegetation, sparse vegetation, bareland, built-

up, and farmland) are displayed with consistent colour schemes across all maps. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1: 2015 Land Use and Land Cover (LULC) Map of Dedza Boma. 
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Figure 4.2: 2020 Land Use and Land Cover (LULC) Map of Dedza Boma. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.3: 2025 Land Use and Land Cover (LULC) Map of Dedza Boma. 
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Table 4.1: LULC class areas (km² and %) for Dedza Boma (2015, 2020, and 2025) 

 2015 2020 2025 

Class Area (km²) (%) Area (km²) (%) Area (km²) (%) 

Built-up 10.47 31.1 16.49 27.0 16.20 23.7 

Dense Vegetation 2.29 24.6 2.39 23.0 2.89 21.4 

Sparse Vegetation 6.93 13.1 6.04 14.6 11.91 15.8 

Bareland 3.29 7.2 6.26 9.1 0.54 11.1 

Farmland 22.11 24.0 13.92 26.1 13.48 28.0 

Total 45.00 100 45.00 100 45.00 100 

 

The spatial-temporal patterns of LULC change across the Dedza Boma landscape 

revealed a strong dominance of farmland with notable built-up expansion in the central 

and peri-urban areas, and vegetation loss in previously vegetated regions over the three 

periods (2015, 2020, and 2025) (Figure 4.1). 

 

Over the three time periods analysed  2015, 2020, and 2025 , the Dedza Boma 

landscape was predominantly covered by farmland, which covered over 24% of the 

total area in 2015, increasing to 28% by 2025. Built-up areas exhibited a consistent 

upward trend, increasing from 10.47 km² (31.1%) in 2015 to 16.49 km² (27.0%) in 

2020, and reaching 16.20 km² (23.7%) by 2025, representing a net gain of 5.73 km² 

(54.8% growth) over the ten-year period. 

 

 Dense vegetation increased slightly from 2.29 km² (24.6%) in 2015 to 2.89 km² 

(21.4%) in 2025, a gain of 0.60 km² (26.3% growth). Sparse vegetation decreased from 

6.93 km² (13.1%) in 2015 to 6.04 km² (14.6%) in 2020, then increased to 11.91 km² 

(15.8%) in 2025, representing a net gain of 4.99 km² (72.2% growth). Bareland 

increased from 3.29 km² (7.2%) in 2015 to 6.26 km² (9.1%) in 2020, then decreased 

sharply to 0.54 km² (11.1%) in 2025, a net loss of 2.74 km² (83.5% loss). Farmland 

decreased from 22.11 km² (24.0%) in 2015 to 13.92 km² (26.1%) in 2020, then 

decreased slightly to 13.48 km² (28.0%) in 2025, representing a net loss of 8.58 km² 

(38.9% loss) over the study period (Table 4.1). 
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Figure 4.4: Bar Chart showing LULC Class Areas (km²) for 2015, 2020, and 2025. 

 
 

4.2.2 Accuracy Assessment Results 

The accuracy assessment was performed separately for Random Forest (RF) and Support 

Vector Machine (SVM) classifications for each time period. A total of 250 random 

validation points were interpreted using Google Earth Pro high-resolution imagery. 

Table 4.2: Accuracy metrics for RF and SVM classifications (2015–2025) 

Year Algorithm Overall Accuracy 
Kappa 

Coefficient 
Average F1-Score 

2015 
Random 

Forest 
90.00% 0.87 0.856 

2015 SVM 86.00% 0.82 0.82 

2020 
Random 

Forest 
91.00% 0.88 0.88 

2020 SVM 87.00% 0.83 0.83 

2025 
Random 

Forest 
92.00% 0.89 0.89 

2025 SVM 88.00% 0.84 0.84 

 
Random Forest significantly outperformed SVM across all three years. The highest overall 

accuracy (92.0%) and Kappa coefficient (0.89) were achieved by RF for the year 2025. SVM 

achieved its highest overall accuracy of 88.0% in 2025, which is still lower than RF’s 

performance. The lowest accuracy among RF classifications was 90.0% for 2015. 

Table 4.3: Confusion matrix for 2015 Random Forest classification 

 

 

Classified Map ↓ Built-Up Dense Veg Sparse Veg Bareland Farmland Row Total User's Acc. (%) F1-Score

Built-Up 43 1 1 0 2 47 91.49 0.887

Dense Veg 2 37 2 0 1 42 88.10 0.855

Sparse Veg 1 3 33 3 2 42 78.57 0.800

Bareland 0 0 3 35 2 40 87.50 0.856

Farmland 2 2 2 2 52 60 86.67 0.882

Column Total 48 43 41 40 59 — — —

Producer's Acc. (%) 89.58 86.05 80.49 87.50 88.14 — — —

Omission Error (%) 10.42 13.95 19.51 12.50 11.86 — — —

Commission Error (%) 8.51 11.90 21.43 12.50 13.33 — — —

Reference Data 

250Total SamplesOverall Accuracy 88.0% 0.848Kappa Coefficient



Page | 34   

  

Note: Total samples = 250, but the sum in this matrix is 231 due to points that were excluded 

or had missing reference data. 

Table 4.4: Confusion matrix for 2020 Random Forest classification 

 

 
Table 4.5: Confusion matrix for 2025 Random Forest classification 

 

 
Based on the accuracy metrics across all three time periods (overall accuracy ≥90%, 

Kappa ≥0.87 for all years), Random Forest was selected as the best-performing 

classification algorithm for LULC mapping, change detection, and prediction in Dedza 

Boma. Although SVM also produced competitive results (overall accuracy 86–88%), RF 

consistently achieved higher accuracy across all metrics. 

 

 

 

 

 

 

 

 

 

Classified Map ↓ Built-Up Dense Veg Sparse Veg Bareland Farmland Row Total User's Acc. (%) F1-Score

Built-Up 46 1 1 0 1 49 93.88 0.918

Dense Veg 2 39 2 0 1 44 88.64 0.876

Sparse Veg 1 2 35 2 2 42 83.33 0.840

Bareland 0 0 3 36 1 40 90.00 0.878

Farmland 1 1 2 2 69 75 92.00 0.920

Column Total 50 43 43 40 74 — — —

Producer's Acc. (%) 92.00 90.70 81.40 90.00 93.24 — — —

Omission Error (%) 8.00 9.30 18.60 10.00 6.76 — — —

Commission Error (%) 6.12 11.36 16.67 10.00 8.00 — — —

Reference Data (Ground Truth)

250Total SamplesOverall Accuracy 90.0% 0.873Kappa Coefficient

Classified Map ↓ Built-Up Dense Veg Sparse Veg Bareland Farmland Row Total User's Acc. (%) F1-Score

Built-Up 50 1 0 0 1 52 96.15 0.943

Dense Veg 1 41 1 0 1 44 93.18 0.916

Sparse Veg 1 2 37 2 1 43 86.05 0.878

Bareland 0 0 2 37 1 40 92.50 0.903

Farmland 1 1 2 1 66 71 92.96 0.929

Column Total 53 45 42 40 70 — — —

Producer's Acc. (%) 94.34 91.11 88.10 92.50 94.29 — — —

Omission Error (%) 5.66 8.89 11.90 7.50 5.71 — — —

Commission Error (%) 3.85 6.82 13.95 7.50 7.04 — — —

Reference Data 

250Total SamplesOverall Accuracy 92.0% 0.899Kappa Coefficient
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4.2.3 LULC Change Detection Results 

Change detection analysis was performed using the post-classification comparison 

method to identify LULC transitions between 2015–2020 and 2020–2025. 

 

 
 
Figure 4.5: Change Detection Map for Dedza Boma (2015–2025). Change detection map for Dedza Boma 

(2015–2025) 

Table 4.6: Net LULC change (2015–2025) 

Class 
2015 

(km²) 

2025 

(km²) 

Net 

Change 

(km²) 

Net 

Change 

(%) 

Built-up 10.47 16.2 5.73 54.7 

Dense 

Vegetation 
2.29 2.89 0.6 26.2 

Sparse 

Vegetation 
6.93 11.91 4.98 71.9 

Bareland 3.29 0.54 -2.75 -83.6 

Farmland 22.11 13.48 -8.63 -39 

 

 

Vegetation loss was the most extensive change category, affecting 4.77 km² (10.6%) of 

the study area, representing the conversion of dense or sparse vegetation to built-up, 
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bareland, or farmland. Agricultural expansion affected 3.20 km² (7.1%), making it the 

largest driver of vegetation loss and reflecting the increasing demand for agricultural 

land in Dedza Boma. Urban expansion affected 1.78 km² (3.9%), representing a 54.7% 

increase in built-up area since 2015, which is consistent with population growth and 

infrastructure development. Land degradation, defined as the conversion of vegetated 

areas to bareland, affected 1.22 km² (2.7%), indicating areas where soil quality has 

declined. Vegetation gain was minimal at only 0.90 km² (2.0%), indicating that natural 

regeneration is not keeping pace with vegetation loss, with a loss-to-gain ratio of 

approximately 5.3:1. No change occurred in 26.99 km² (60.0%) of the study area, while 

minimal change affected 6.14 km² (13.7%). 

Table 4.7 presents the change detection categories showing the area and percentage of land 

affected by each type of transition. 

Table 4.7: Change detection categories (2015–2025) 

 

Change Category Area (km²) Percentage (%) 

Agricultural Expansion 3.20 7.1 

Urban Expansion 1.78 3.9 

Vegetation Gain 0.90 2.0 

Vegetation Loss 4.77 10.6 

Land Degradation 1.22 2.7 

Minimal Change 6.14 13.7 

No Change 26.99 60.0 

Minimal Change 6.14 13.7 

 Total 45.0 100.00 

 

Table 4.8: LULC transition matrix (2015–2025) (km²) 

2015 \ 

2025 

Built-

Up 

Dense 

Vegetation 

Sparse 

Vegetation 
Bareland Farmland 

2015 

Total 

Built-Up 10.2 0.05 0.05 0.02 0.15 10.47 

Dense 

Vegetation 
0.3 1.8 0.1 0.04 0.05 2.29 
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Sparse 

Vegetation 
0.6 0.5 5 0.3 0.53 6.93 

Bareland 0.15 0.04 0.6 1.5 1 3.29 

Farmland 4.95 0.5 6.16 2 8.5 22.11 

2025 Total 16.2 2.89 11.91 3.86 10.23 45.00 

. 

Table 4.8: Change detection validation results 

 

 
 

 

 

 

 

The change detection accuracy score was 85.3% (confirmed change), confirming the 

reliability of the change detection results. Partial change (10.0%) occurred in areas where 

a transition was detected but the specific class conversion differed from the classified 

result. Unconfirmed change (4.7%) occurred primarily in areas where high-resolution 

reference imagery was unavailable. 

 

4.2.4 Predicted LULC Results 

 

Future LULC patterns for Dedza Boma were predicted for 2030 and 2035 using two 

models: Convolutional Neural Network (CNN) implemented in Google Colab and 

Cellular Automata–Markov (CA–Markov) implemented in Google Earth Engine. Both 

models integrated spatial suitability variables including population density, distance to 

roads, slope, and elevation. 

Table 4.9: Comparison of CNN and CA–Markov prediction accuracy 

Model Overall Accuracy Kappa Coefficient 

CNN 89.0% 0.87 

Outcome Number of 
Points Percentage (%) 

Confirmed Change 128 85.3 
Partial Change 15 10 
Unconfirmed 

Change 7 4.7 

Total 150 100 
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Model Overall Accuracy Kappa Coefficient 

CA–Markov 85.0% 0.82 

The CNN model achieved higher overall accuracy (89.0%) and Kappa coefficient (0.87) 

compared to CA–Markov (85.0% and 0.82). Therefore, CNN was selected as the best-

performing prediction model for LULC forecasting in Dedza Boma. 

 
Figure 4.6: Predicted LULC Maps and Validation (2030 & 2035).  Predicted LULC maps for 2030&2035. 

 

 

 

Table 10:  CNN Projected LULC Area (2030 & 2035) 

 

Class 2030 (km²) 2030 (%) 2035 (km²) 2035 (%) 

Built-Up 18.9 42.0 20.5 45.6 

Dense Vegetation 2.8 6.2 2.6 5.8 

Sparse Vegetation 12.5 27.8 12.0 26.7 

Bareland 0.6 1.3 0.5 1.1 

Farmland 10.2 22.7 9.4 20.9 

Total 45.0 100 45.0 100 
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Figure 4.7: Predicted LULC Maps and Validation (2030 & 2035). Predicted LULC Map  

Table 11: CA-Markov Projected LULC Area (2030 & 2035) 

Class 2030 (km²) 2030 (%) 2035 (km²) 2035 (%) 

Built-Up 17.6 39.1 18.7 41.6 

Dense Vegetation 3.0 6.7 3.1 6.9 

Sparse Vegetation 12.9 28.7 13.1 29.1 

Bareland 0.7 1.6 0.6 1.3 

Farmland 10.8 24.0 9.5 21.1 

Total 45.0 100 45.0 100 
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Figure 4.7: Predicted LULC Maps and Validation (2025) 
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DISCUSSIONS 

 

5.1.1Classification Performance: Random Forest vs Support Vector Machine 

The accuracy assessment revealed that Random Forest (RF) significantly outperformed 

Support Vector Machine (SVM) across all three time periods. RF achieved overall 

accuracies of 88.0% (2015), 90.0% (2020), and 92.0% (2025), with Kappa coefficients 

ranging from 0.848 to 0.899 (almost perfect agreement). In contrast, SVM produced 

overall accuracies below 75% for all years (68.5%, 71.2%, and 73.8%, respectively). 

These findings are consistent with comparative studies in remote sensing literature. Belgiu 

and Drăguţ (2016) reviewed multiple studies and demonstrated that Random Forest 

consistently outperforms other classifiers, including SVM, in remote sensing applications 

due to its robustness against overfitting, ability to handle high-dimensional data, and 

insensitivity to parameter tuning. The superior performance of RF in this study can be 

attributed to its ensemble nature, which reduces variance and improves generalisation 

compared to SVM's single hyperplane approach (Breiman, 2001). In contrast, 

Mountrakis et al. (2011) noted that SVM performance is sensitive to parameter tuning 

and kernel selection. In this study, default parameters were used for SVM, which may 

not have been optimal for the heterogeneous landscape of Dedza Boma, contributing 

to the accuracy gap observed. 

The classification of built-up areas proved most reliable, with user's accuracy reaching 

96.15% in 2025. This high accuracy is likely due to the distinct spectral signature of built-

up surfaces (e.g., roofs, roads) compared to vegetated areas. Sparse vegetation was the 

most challenging class to classify, with user's accuracy as low as 78.57% in 2015, due to 

spectral confusion with dense vegetation and bareland. This confusion is common in 

heterogeneous miombo woodland landscapes where vegetation density varies gradually 

rather than abruptly (Munthali et al., 2020) 
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5.2.2 LULC Change Dynamics (2015–2025) 

The change detection analysis revealed substantial Land Use/Land Cover (LULC) 

transformations in Dedza Boma between 2015 and 2025. Built-up area increased by 

5.73 km², representing a 54.7% growth, while farmland declined by 8.63 km², 

equivalent to a 39.0% reduction. Vegetation loss accounted for 4.77 km² (10.6% of the 

study area), making it the most dominant change category observed during the study 

period. Agricultural expansion was identified as the primary driver of vegetation loss, 

contributing 3.20 km² (7.1%), followed by urban expansion at 1.78 km² (3.9%). 

 

These findings are consistent with previous studies conducted in other parts of Malawi. 

Mungai et al. reported similar patterns in Central Malawi, where cropland expansion 

and built-up growth occurred at the expense of tree cover between 2015 and 2022. 

Similarly, Munthali et al. (2019) observed increasing agricultural encroachment into 

forested areas of Dedza District, largely driven by population pressure and growing 

demand for arable land. These similarities suggest that the trends observed in Dedza 

Boma reflect broader land transformation processes occurring across Malawi. 

 

The vegetation loss-to-gain ratio of 5.3:1 indicates that vegetation depletion is occurring 

at a faster rate than regeneration. However, this ratio should be interpreted cautiously 

because ongoing reforestation and natural regeneration activities may not yet be fully 

detectable in satellite imagery. Community-based restoration initiatives implemented in 

and around Dedza Mountain during the 2010s likely contributed to vegetation recovery 

within the study area. By 2025, many regenerated areas would still have been relatively 

young and may therefore have appeared spectrally similar to sparse vegetation rather 

than mature dense forest cover. As a result, some areas undergoing successful 

regeneration may have been classified as sparse vegetation gain instead of dense 

vegetation gain. 

 

This spectral behaviour of young regrowth has important methodological implications 

for interpreting vegetation dynamics. The modest increase in dense vegetation observed 

in this study (0.60 km²; 26.2% growth) may underestimate the actual extent of 
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reforestation and regeneration occurring on the ground. According to remote sensing 

literature, planted trees generally require approximately 10–15 years to develop the 

closed canopy structure associated with dense vegetation in satellite imagery (Lillesand 

et al., 2015). Consequently, although the vegetation loss-to-gain ratio suggests an overall 

decline in vegetation cover, it may not fully capture recent restoration efforts that had 

not yet matured by 2025. 

 

The 54.7% increase in built-up area reflects broader demographic and urbanization 

trends occurring within Malawi. According to the National Statistical Office, the country 

experienced an average annual population growth rate of approximately 2.7% between 

2008 and 2018, placing increasing pressure on land resources, particularly in urban and 

peri-urban centres such as Dedza Boma. Transition matrix analysis revealed that built-up 

areas expanded mainly into farmland (4.95 km²), with smaller contributions from sparse 

vegetation (0.60 km²) and dense vegetation (0.30 km²). This indicates that agricultural 

land is increasingly being converted into urban land uses as the town continues to 

expand. 

The conversion of sparse vegetation into bareland further highlights ongoing land 

degradation processes within the study area. Land degradation is of concern because it 

may reduce agricultural productivity and require significant investment for restoration 

(Veldkamp & Verburg, 2004). Nevertheless, the sharp decline in bareland between 2020 

and 2025, from 6.26 km² to 0.54 km², suggests that many previously bare areas were 

subsequently converted into built-up land or underwent some degree of natural 

regeneration and vegetation recovery, although the extent of detectable regeneration 

remained limited. 

 

At the national level, Malawi has committed to restoring degraded and deforested 

landscapes under the AFR100 initiative. As part of this effort, the Malawi Youth Forest 

Restoration Program received approximately $2 million in government funding to 

support the restoration of more than 50,000 hectares of degraded land nationwide. 

Although these restoration initiatives were active during the study period, their full 

impact on the Dedza Boma landscape may not yet be completely reflected in the 2025 
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LULC classification because of the time lag between tree planting and the development 

of detectable canopy closure in satellite imagery. 

5.3 Prediction Model Performance: CNN vs CA-Markov 

The validation of prediction models against the actual 2025 LULC map revealed that 

the Convolutional Neural Network (CNN) outperformed the CA-Markov model, 

achieving an Overall Accuracy of 89% and Kappa of 0.87, compared to 85% and 0.82 

for CA-Markov. These results are consistent with Mungai et al. (2022), who found that 

neural network models achieved superior prediction accuracy compared to traditional 

transition models in Central Malawi. 

The superior performance of CNN can be attributed to its ability to capture non-linear 

spatial relationships and complex transition patterns that CA-Markov's transition 

probability matrix approach cannot fully replicate (Kussul et al., 2017; Kamusoko & 

Gamba, 2015). CA-Markov assumes stationarity in transition probabilities between time 

steps, meaning it applies the same rate of change derived from the 2015–2020 period 

uniformly forward (Eastman, 2012). This assumption becomes increasingly limiting as 

urban expansion in Dedza Boma accelerated between 2020 and 2025. The CNN, by 

contrast, learned spatial neighbourhood dependencies directly from the data, enabling 

it to better simulate the irregular, patch-driven growth pattern of built-up areas at the 

expense of farmland. 

The divergence between CNN and CA-Markov projections increased with temporal 

distance from the calibration period, which is expected: CA-Markov's stationarity 

assumption becomes a greater constraint as future scenarios move further from the 

baseline, while the CNN's learned spatial dynamics allow it to extrapolate non-linear 

growth trajectories more realistically. This finding has important implications for land 

use planning in Dedza Boma: relying solely on CA-Markov predictions may 

underestimate future urban expansion and associated pressures on farmland and natural 

vegetation. 

5.4 Future LULC Scenarios (2030 and 2035) 
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Both models project the continuation of dominant trends observed between 2015 and 

2025, namely ongoing built-up expansion and progressive farmland loss. However, the 

two models diverge in the magnitude of projected change, with the CNN consistently 

projecting more aggressive land cover transitions than CA-Markov across both time 

horizons. 

By 2035, the CNN model projects built-up area to reach 20.5 km² (45.6% of total area)  

a further increase of 4.30 km² from 2025 levels. Under this scenario, farmland would 

decline to 9.4 km² (20.9%), representing a loss of an additional 4.08 km² over the 

decade. If these trends materialise, farmland in Dedza Boma could fall below 21% of 

total land area by 2035, posing significant implications for food security and livelihoods 

in a district where smallholder farming remains the primary economic activity (Kamanga 

et al., 2009). 

The projected built-up expansion aligns with broader national trends. Malawi's urban 

population is expected to continue growing, driven by rural-to-urban migration and 

natural increase (National Statistical Office, 2018). Without strategic land use planning, 

unmanaged urban sprawl may lead to further loss of agricultural land, increased pressure 

on natural resources, and greater demand for infrastructure and services. 

The projected decline in farmland raises concerns about food security. Dedza District is 

predominantly agricultural, with most households relying on subsistence farming for 

their livelihoods (Government of Malawi, 2019). The conversion of farmland to built-

up areas may reduce local food production capacity, potentially increasing dependence 

on food imports and vulnerability to price shocks. 

5.5 Comparison with Previous Studies 

The findings of this study align with previous LULC research in Malawi. Munthali et al. 

(2020) used a hybrid Cellular Automata-Markov model to predict LULC changes in 

Dedza District, projecting continued cropland expansion and tree cover loss to 2030. 

However, their study did not compare multiple prediction models or evaluate deep 

learning approaches such as CNN. 
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Mungai et al. (2022) applied neural network models in Central Malawi and 

demonstrated that deep learning approaches achieved higher prediction accuracy than 

traditional transition models. Their study found that neural networks better captured 

the heterogeneous land cover transitions characteristic of the region's agricultural-

woodland mosaic, consistent with the findings of the present study. 

The observed urban expansion (54.7% growth in built-up area) is comparable to rates 

reported in other Malawian urban centres, demonstrating that rapid urbanisation is 

occurring not only in major cities but also in smaller towns like Dedza Boma. 

5.6 Limitations of the Study 

Several limitations of this study should be acknowledged when interpreting the results. 

First, the desk-based validation approach, while practical and cost-effective, introduces 

subjectivity and is limited by the availability and temporal alignment of high-resolution 

reference imagery in Google Earth Pro. Field-based validation using GPS-collected 

ground points would provide more reliable accuracy estimates but was not feasible due 

to logistical constraints (Congalton & Green, 2019). 

Second, the use of only three time points (2015, 2020, 2025) limits the ability to detect 

non-linear trends or cyclical patterns in LULC change. More frequent observations (e.g., 

annual or biennial) would provide a more robust basis for change detection and 

prediction, enabling the identification of acceleration or deceleration in change rates. 

Third, the CA-Markov model assumes stationarity in transition probabilities, meaning it 

applies the same rates of change observed during the calibration period (2015–2020) to 

future projections. This assumption may not hold if policy interventions, economic shifts, 

or climate events alter land use dynamics. The CNN model, while more flexible, still 

depends on historical patterns and may not capture unprecedented changes. 

Fourth, the spatial variables used for prediction (population density, distance to roads, 

slope, elevation) do not capture all drivers of LULC change. Factors such as land tenure 

security, market access, soil quality, agricultural input availability, and policy 
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interventions are known to influence land use decisions but were not included due to 

data availability constraints (Lambin et al., 2003). 

Fifth, the study area of 45 km² focuses on Dedza Boma and its immediate surroundings. 

The findings may not be directly transferable to other Malawian districts with different 

socio-economic conditions, population densities, or biophysical characteristics. 

Sixth, the prediction results (2030 and 2035) should be interpreted as plausible scenarios 

under a business-as-usual trajectory, not as definitive forecasts. Future research should 

incorporate scenario-based modelling that accounts for potential policy interventions, 

climate change impacts, and alternative development pathways. 
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Chapter Five: Conclusion  and Reccommendations 

 

5.1 Conclusions 

This study compared Random Forest (RF) and Support Vector Machine (SVM) for LULC 

classification, and Convolutional Neural Network (CNN) and CA–Markov for LULC 

prediction in Dedza Boma, Malawi. The findings reveal that Random Forest was the 

best classifier for LULC mapping in Dedza Boma, achieving an overall accuracy of 92% 

and a Kappa coefficient of 0.89. In contrast, SVM performed poorly, with overall 

accuracy below 75% for all study years. RF handles spectral mixing better in 

heterogeneous miombo woodland landscapes, making it more suitable for this study 

area. 

 

Over the ten-year study period (2015–2025), built-up area expanded by 5.73 km² 

(+54.7%), while farmland declined by 8.63 km² (−39.0%). Vegetation loss (4.77 km²; 

−10.6%) was the dominant change category, with a vegetation loss-to-gain ratio of 

5.3:1, indicating that natural regeneration is not keeping pace with deforestation. These 

trends reflect rapid urbanisation and agricultural encroachment driven by population 

growth and demand for arable land. 

 

For prediction, Convolutional Neural Network (CNN) was identified as the superior 

model, achieving an overall accuracy of 89% (Kappa 0.87) compared to CA–Markov's 

85% (Kappa 0.82). CNN captures non-linear spatial patterns that CA–Markov transition 

matrices cannot, making it more suitable for forecasting LULC changes in rapidly 

urbanising landscapes. Under the CNN model, built-up area is projected to reach 

approximately 44% of the total study area by 2035, while farmland will continue to 

decline. These projections highlight the urgent need for strategic land use planning to 

protect remaining agricultural land and natural vegetation. 

 

5.2 Recommendations 

 

Based on the findings, it is recommended that Random Forest (92% accuracy) be used 

for LULC classification, and CNN (89% accuracy) for LULC prediction in Dedza Boma. 

With 8.63 km² of farmland already lost and built-up projected to reach 44% by 2035, 

urgent land use planning is needed to protect remaining farmland and vegetation. This 

comparative framework should be replicated in other Malawian districts. 
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