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Abstract: The fast urbanisation and dynamic urban transformations resulting from population growth and migration require the 14 

identification and detection of such changes for effective urban management and sustainable development. Urban growth mod-15 

elling is an important analytical tool to understand and address the complex challenges of urbanisation. A review of existing 16 

literature shows several research gaps. Most of the existing urban growth prediction models consider only geographical, topo-17 

graphical or socio-economic factors separately. Existing Cellular Automata (CA)-based models usually take into account only the 18 

current state of the neighbouring cells and the accuracy of their predictions is mainly based on the accessibility index or suitability 19 

index of the cells. To address these limitations, this paper proposes an integrated model that combines the strengths of CA and 20 

ANN to predict urban growth. The developed model first generates four-class LULC maps consisting of vegetation cover, surface 21 

water, bare soil, and urban land from the corrected imagery. These classes are then reclassified into two categories namely urban 22 

and non-urban. Geographical factors such as proximity from the urban center, roads, railways, water resources, and town centres, 23 

along with neighbourhood development intensity, estimates accessibility. Topographical factors like aspect, soil type, ground-24 

water quality, and flood inundation determines suitability and socio-economic factors including population density, proximity 25 

to economic centres, and land value defines zoning. The model performance is evaluated using Percent Correct Match, Moran’s 26 

I, and Shannon’s Entropy. A confusion matrix, overall accuracy, and kappa statistics were used to evaluate classification accuracy. 27 

In addition, the model assessed land-use transitions through a transition matrix, conducted sensitivity analysis, and quantified 28 

urban area changes using statistical measures. Satellite images of Thoothukudi District, Tamil Nadu, India were pre-processed 29 

and classified into LULC (land use land cover) categories using the developed integrated model. Change detection techniques 30 

were used to identify changes such as urbanisation, loss of vegetation and changes in water bodies over time. These patterns are 31 

used to predict future LULC distribution for the year 2030 to help sustainable planning and environmental conservation. 32 

Keywords: ANN, CA, Geographical factors, Topographical factors, Socio-economic factors, Urban growth. 33 

 34 

1. Introduction 35 

Urbanization is an important global challenge of the 21st century, reshaping landscapes, economies, and socie-36 

ties at an unprecedented pace. Cities are continuously expanding due to population increase, economic develop-37 

ment, and migration, resulting in rapid and often unplanned land use changes. Understanding, monitoring, and 38 

predicting these spatial transformations have become vital for effective urban planning, infrastructure development, 39 

and sustainable resource management. Urban growth modelling provides a systematic approach to analyse the dy-40 

namics of city expansion and to forecast future growth patterns under varying environmental and socio-economic 41 

conditions. 42 
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Various modelling techniques have been proposed over the years to simulate the spatial dynamics of urban 43 

expansion. These include the statistical methods, machine learning models and CA-based approaches. But those 44 

models often come with big limitations. Much of the work is narrowly focused on one dimension such as geograph-45 

ical, topographical or socio-economic, neglecting the complex interrelationships between these factors which shape 46 

urban development. In addition, traditional CA models usually only consider the current state of adjacent neigh-47 

bourhood cells and only consider either the accessibility index or the suitability index to predict urban transitions. 48 

These simplifications reduce the accuracy and reliability of urban growth predictions, especially in diverse urban 49 

environments. This work proposes an integrated urban growth prediction model which combines the adaptive 50 

learning capacity of Artificial Neural Networks (ANN) and the computing efficiency of CA to solve these encounters. 51 

The novelty and contribution of this works as follows: 52 

• The pre-processed imagery is classified into four different Land Use Land Cover (LULC) classes namely 53 

urban land, surface water, vegetation cover and bare soil using Maximum Likelihood Classification (MLC) 54 

techniques. These classes are then reclassified into a binary scheme of urban and non-urban categories, 55 

where vegetation cover, surface water, and bare soil are merged into the non-urban class. 56 

• The ANN model estimates the transition probability from a non-urban to an urban state by simultaneously 57 

incorporating geographical, topographical, and socio-economic factors. This approach allows to simulate 58 

urban expansion in a more detailed and accurate manner. 59 

• The CA model simulates urban growth pattern by transition rules derived from multiple inputs such as 60 

geographical factors based on ANN outputs, topographical factors based on weighted average outputs and 61 

socio-economic factors based on logistic regression outputs. 62 

• The models are evaluated using well-established spatial and statistical metrics like Moran’s Spatial Auto-63 

correlation Index, Percent Correct Match (PCM), and Shannon’s Entropy. 64 

• Thoothukudi District in Tamil Nadu, India is the model application. It is trained by data of 2016-2020 and 65 

then used to predict land-use pattern of 2021-2025. For validation, the predicted results are compared with 66 

the actual maps of the same period. The calibrated model is then applied to generate the urban growth pro-67 

jections for 2030. These projections reveal the actual and predicted growth patterns and are an appreciated 68 

tool for urban forecasting and development. 69 

The method of the proposed hybrid model for predicting urban expansion, including the construction of the 70 

CA and ANN models, is explained in Section 3. It also explains the training and testing phases of the ANN, as well 71 

as its role in calibrating the CA model. The results of the proposed hybrid model are shown in Section 4, along with 72 

a detailed review of the results. Section 5 finishes up the paper by summarizing the key findings. 73 

2. Related Works 74 

Early CA models in urban studies were formulated using basic methodological approaches such as neighbour-75 

hood coherence constraints and Boolean rules for transition functions. These functions have evolved through the 76 

integration of dynamic transition rules, heuristic methods, fuzzy set theory, and multi-criteria evaluation techniques. 77 

Studies that integrate ANN with CA models for urban analysis, while incorporating geographical, topographical, 78 

and socio-economic factors, are relatively limited. The existing works, which are closely relevant to the proposed 79 

work, are covered in this section.  80 

Ahmad et al. [1] developed a hybrid framework of Cellular Automata-Artificial Neural Network (CA-ANN) to 81 

study spatiotemporal changes in the Sundarbans Delta, India. The research used the multi-temporal satellite derived 82 

LULC datasets to document past land transformation patterns. ANN was trained on spatial variables to predict 83 

transition probabilities for various land-use classes. These probabilities were integrated into a CA model, which 84 

simulated spatial dynamics based on neighbourhood influence rules. The absence of high-resolution remote sensing 85 

data limits their research. Moreover, it lacks a more detailed LULC classification and an integrated simulation frame-86 

work based on neural networks. 87 

Farhan et al. [2] presented a CA-Markov chain based model to predict the change in land surface temperature 88 

(LST) and LULC in Islamabad. The study used historical LULC data from 1992–2022 to compute transition proba-89 
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bility matrices using Markov analysis. These probabilities were spatially allocated using CA rules. The model pro-90 

duced predictions up to 2042, highlighting rapid urban expansion and corresponding increases in LST. The low-91 

resolution Landsat images used in this study may have made it more difficult to identify small-scale features, espe-92 

cially in heterogeneous landscapes.  93 

A Convolutional Neural Network and Long Short-Term Memory (CNN-LSTM) hybrid network model was 94 

constructed by Varma et al. [3] to predict LULC changes. The study used satellite imagery as input to identify both 95 

temporal and spatial patterns. CNN extracted spatial features, while LSTM captured temporal dependencies. The 96 

simulations were not performed using high-quality LULC data, which may limit their ability to effectively detect 97 

LULC change patterns and produce accurate predictions. WetNet, a spatial-temporal ensemble deep learning system 98 

that combines Sentinel-1 and Sentinel-2 data for wetland categorisation, was proposed by Hosseiny et al. [4]. The 99 

study used multi-source satellite imagery as input. Their approach comprised three sub models, each integrating 100 

multiple recurrent and convolutional layers to capture spatial and temporal features. 101 

An ANN-based approach for investigating the association between land surface temperature and land use-102 

dependent carbon patterns was introduced by Sarkar et al. [5]. The inputs were LULC data and environmental var-103 

iables. The ANN was used to model the complex relationship of land use changes and associated temperature vari-104 

ations. Their results showed the effects of anthropogenic land-use changes on the environment. The forest cover 105 

change detection effectiveness may have been limited due to the limited availability of cloud-free remote sensing 106 

imagery used as input to this study. Jianxin Yang et al. [6] proposed a spatiotemporally explicit CA model to simulate 107 

urban expansion. In their study, urban demand factors and historical LULC maps were used to increase the accuracy 108 

of predictions. The CA model dynamically simulated the urban growth. This model is constrained by intensive cal-109 

ibration of high parameter sensitivity for urban growth. 110 

Yuehui Qian et al. [7] proposed a hybrid method of CA and spatiotemporal convolution techniques for dynamic 111 

land use simulation. They used multi-temporal LULC datasets as input to their study and proposed convolution-112 

based methods to capture spatial dependencies. This approach ignores the mixed land-use realities of high-density 113 

urban environments. Yan Zhou et al. [8] analysed the effectiveness of land use planning policies in controlling the 114 

growth of construction land in China. Their study analysed the policy impacts with long-term LULC datasets. The 115 

study uses mathematical and econometric modelling to measure the intensity of growth management. But it does 116 

treat the real process of enforcement as a black box. 117 

Haoran Zeng et al. [9] proposed a state-of-the-art CA framework which integrates economic development zones 118 

and land-use policies into the urban growth modelling. The model took LULC datasets, policy constraints and eco-119 

nomic indicators as inputs. Their work emphasizes the identification of urban growth patterns. However, it fre-120 

quently underrepresents the influence of urban policy and planning on urban development. The spatial limitations 121 

and classifiers in CA-based urban growth models were systematically compared by Cassiano Bastos Moroz et al. 122 

[10]. The study evaluated different input datasets and classification techniques to identify optimal modelling strate-123 

gies. The results emphasized the role of spatial constraints in improving the accuracy of predictive models. Although 124 

the study compared the most commonly used classifiers, its scope remained limited. Furthermore, several machine 125 

learning and additional calibration techniques for spatial restrictions in CA models are still being investigated. 126 

Najib Ansari et al. [11] proposed a CA–ANN hybrid model for urban expansion analysis in Kolkata. The model 127 

used historical LULC maps along with spatial drivers such as road proximity and population density. ANN esti-128 

mated transition probabilities, while CA simulated spatial growth patterns. The model cannot reproduce unprece-129 

dented non-linear changes of urban development. Gopal Kumar et al. [12] developed a CA-ANN model for model-130 

ling and prediction of urban growth of Indore. Variables studied included spatial variables such as elevation, road 131 

networks and land suitability. The model generated future LULC maps that are useful for sustainable urban plan-132 

ning and policy development. The model does not forecast abrupt disturbances such as new economic corridors, 133 

industrial parks or significant changes to Indore city. 134 

Tania Yeasmin et al. [13] developed an ANN model of CA for predicting the land cover dynamics in the urban 135 

areas of Bangladesh. The study used multi-temporal satellite datasets and spatial drivers as inputs. The model's 136 

generalisation ability is limited as the study does not consider the use of transfer learning and data augmentation 137 

techniques that could enhance the performance and reduce the dependence on large training datasets. A hybrid 138 
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model of ANN–CA with Bayesian Weight of Evidence has been proposed by Muhamad Iqbal Januadi Putra et al. 139 

[14]. LULC maps and spatial drivers (slope and distance to infrastructure) were used in the study. The model avoids 140 

overfitting and underfitting by not using additional spatial variables, and does not use modelling frameworks to 141 

capture non-linear and exponential urban growth.  142 

Anthony Yeh et al. [15] reviewed a detailed study of CA models for urban and regional planning. The study 143 

described principles of CA, transition rules and spatial simulation techniques. The model does not integrate CA with 144 

big data or social media data, which restricts its predictive power. Mehrez Marzougui et al. [16] proposed a deep 145 

learning model for LULC classification using satellite imagery. In the study, convolutional neural networks were 146 

used to extract spatial features. The applicability of the model to a wide variety of satellite datasets with different 147 

spectral and spatial characteristics is limited because the model generalisation and computational efficiency are not 148 

considered. 149 

Shazada Ahmad et al. [17] studied the relation between LULC changes and atmospheric pollution with the help 150 

of ANN models. The study used environmental and satellite data as input. The approach is limited by overtraining 151 

and the assumption of static driving variables, which reduces the accuracy of localised analyses. For analysis of post-152 

earthquake urban changes in Turkey, ANN–Markov model was proposed by Fatih Sunbul et al. [18]. LULC datasets 153 

for simulating future urban growth in disaster scenarios. The results showed significant land-use changes due to 154 

seismic events. This framework has several limitations such as poor integration of socio-economic data, satellite 155 

image misclassification and lack of real-time validation. 156 

Zhiyong Lv et al. [19] proposed a land-cover change detection neural network model based on cross-attention. 157 

The model used satellite imagery and state-of-the-art deep learning to improve the accuracy of detection.  When 158 

used for geographic areas at regional or global scale, the model is computationally expensive and demands expen-159 

sive hardware resources. Md. Namzur Rahman et al. [20] analysed the impacts of urban expansion on land surface 160 

temperature and carbon emissions using machine learning techniques. It used LULC maps and environmental data 161 

as input. The results do not translate into an overall land-use prioritisation strategy to effectively counter urban 162 

expansion, surface warming and rising greenhouse gas emissions. Previous studies integrating LULC analysis with 163 

ANN and CA have shown a high capability to forecast future urban growth by modelling the land-use transition 164 

probabilities and realistic spatial expansion patterns. These hybrid CA-ANN frameworks outperform many conven-165 

tional methods in learning complex behaviours of urban conversions from historical satellite-derived LULC maps 166 

and simulating neighbourhood-driven urban expansion over time. Thus, the generated prospective LULC maps 167 

offer useful assistance for sustainable urban planning, infrastructure development and environmental management. 168 

While the existing methods offer various advantages, they also have some limitations that require further at-169 

tention. Many current models are based mainly on a few driving factors such as proximity to roads and slope, and 170 

neglect important socio-economic, accessibility, land suitability and regulatory zoning influences. Moreover, simpli-171 

fied CA transition rules may not be able to capture the complexity of irregular urban sprawl dynamics. Moreover, 172 

the black-box nature of ANN based prediction models limits the interpretability of their decision-making process. 173 

Many studies also depend on moderate-resolution datasets that constrain the detection of fine-scale land-use 174 

changes in rapidly urbanising regions. In addition, model validation is often limited to conventional accuracy met-175 

rics, with little attention paid to sophisticated performance metrics, uncertainty quantification and scenario-based 176 

forecasting. Likewise, the majority of reported approaches have been evaluated only in specific regional settings, 177 

limiting their wider applicability and scalability.  178 

To tackle these encounters, the proposed work proposes a more inclusive LULC prediction framework that 179 

incorporates accessibility, land suitability and zoning constraints into a single transition function. This allows a more 180 

realistic simulation of urban growth processes. The framework is developed to improve the prediction accuracy by 181 

improved CA simulation strategies and ANN-based learning, and to show better performance compared with con-182 

ventional CA-only and Multi-Criteria Evaluation (MCE)-CA baseline models. In addition, the work emphasizes pol-183 

icy-relevant urban zonation supported by quantified uncertainty analysis, thereby providing more reliable and use-184 

ful information for future land-use management and sustainable urban planning. These contributions are expected 185 

to produce more accurate, interpretable, and policy-oriented urban expansion maps for long-term decision-making. 186 

3. Methodology 187 
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The developed urban growth model includes several key steps to predict and analyze how cities expand. It 188 

begins with data pre-processing, where raw geographical, topographical, and socio-economic datasets are collected, 189 

cleaned, normalized, and prepared for analysis. This is followed by the design of the CA model, in which transition 190 

rules are defined based on the geographic, topographic, and socio-economic characteristics of each cell. These factors 191 

are used to estimate the accessibility index, suitability index, and zoning index, respectively. The next step, CA cal-192 

ibration, involves ANN training, where the ANN is employed to generate the accessibility index for the CA-based 193 

model. The weighted average and logistic regression methods are used to estimate the suitability and zoning indexes 194 

for the CA-based model. Furthermore, the efficiency of the designed ANN will be evaluated by comparing it with 195 

the conventional MCE integrated CA model. The prediction phase of CA after the calibration, the model is applied 196 

to predict the probability of land conversion from non-urban to urban land and analyse the effects of different neigh-197 

bourhood sizes on the prediction accuracy. The CA evaluation process then assesses the model accuracy and perfor-198 

mance through spatial and statistical metrics such as Shannon’s Entropy [21], Percent Correct Match [22] and Mo-199 

ran’s Spatial Autocorrelation Index [23]. Lastly, the generation of urban expansion zonation maps visualizes the 200 

predicted urban expansion, highlighting distinct zones of potential development and offering valuable insights to 201 

support efficient urban planning and sustainable land-use management. 202 

3.1 Data Pre-processing 203 

Figure 1 shows the pre-processing of collected remote sensing data into a format of data that is suitable for 204 

training and testing of the ANN based CA model. 205 

 206 

Figure 1. Data Pre-Processing 207 

Satellite images for the periods 2016–2020 and 2021–2025 of Thoothukudi, located in Thoothukudi District, 208 

Tamil Nadu, India were obtained from the Sentinel-2 satellite under the Copernicus Programme dataset. This was 209 

used for the analysis of urban growth patterns. Images having cloud cover below 10% were chosen, primarily from 210 

the dry season (16th February 2016, 21st January 2018, 7th February 2023 and 5th August 2025) to ensure temporal 211 
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consistency. Annual median composites were generated to reduce atmospheric noise and residual cloud contami-212 

nation. Pre-processing was performed in QGIS and included atmospheric correction, radiometric correction, geo-213 

metric correction, layer stacking, clipping to the study area, and cloud masking.  214 

Sentinel-2 channels B2, B3, B4, and B8, each having a spatial accuracy of 10 m, were used for classification. Then, 215 

the corrected satellite imageries were first classified into four LULC classes, namely urban land, vegetation cover, 216 

surface water, and bare soil, using the Maximum Likelihood Classification technique, after which the non-urban 217 

classes were merged into a single non-urban category for urban growth modelling. Reference samples were gener-218 

ated using Google Earth historical imagery. 100 urban and 300 non-urban samples were randomly divided into 219 

training and testing datasets. Accuracy of classification was evaluated using an error matrix, kappa statistics, and 220 

overall classification accuracy. This study employs six spatial variables to characterize the urban growth parameters 221 

of each cell in the urban development simulation. They are 222 

• proximity from the urban center (S1) 223 

• proximity from road networks (S2) 224 

• proximity from the closest railways (S3)  225 

• proximity from the nearest water resource (S4) 226 

• proximity from the nearest town centre (S5) 227 

• degree of development in the neighbourhood cells (S6) 228 

The distance variables are obtained by the Euclidean distance tool of QGIS software. The degree of development 229 

in the neighbourhood was measured using the Von Neumann neighbourhood, which considers the four cells adja-230 

cent to the central cell. 231 

3.2 Cellular Automata (CA) Design 232 

Three crucial elements of sustainable urban design must be taken into account, specifically, geographical factors 233 

(accessibility), topographical factors (suitability) and demographical factors (zoning). To address these issues, this 234 

work uses a hybrid type of CA for modelling the urban growth. The hybrid CA Model includes the Standard, Suit-235 

ability and Constrained type of CA models to increase the accuracy and reproducibility of urban land usage pattern 236 

predictions. The designed hybrid CA model uses the accessibility index (AIt(x,y)), suitability index (SIt(x,y)) and 237 

zoning index (ZIt(x,y)) of the pixel (x,y) during tth time to simulate future land-use maps of that cell. 238 

AIt(x,y) denotes the accessibility index of the pixel (x,y) during tth time for transition to urban cell. The geograph-239 

ical parameters mentioned above (S1, S2, S3, S4, S5) are used to calculate the accessibility index by using ANN. 240 

SIt(x,y) denotes the suitability index of the pixel (x,y) during tth time for transition to urban cell. Suitability index is 241 

essential for determining appropriate land use in urban planning, thereby promoting efficient and sustainable land-242 

use management. The topographical factors such as aspect, soil type, ground water quality and flood inundation are 243 

also considered to calculate the suitability index. Here the parameter ‘aspect’ represents the physical factor of the 244 

land and the other parameters belong to the environmental factors. The aspect map is calculated from Digital Eleva-245 

tion Model (DEM) using the QGIS tool. Therefore, land suitability shows an important role in influencing the state 246 

transitions of a cell within an idealized urban development pattern. It is computed as follows. 247 

𝑆𝐼௧(ݔ, (ݕ = ∑ ௜ܹ ௜ܺ௜ (1) 248 

Here Wi is the weight factor of the ith parameter (aspect, soil type, ground water quality and flood inundation) 249 

and Xi is the criterion score of the ith parameter. 250 

ZIt(x,y) denotes the zoning index of the pixel (x,y) during tth time for transition to urban cell. The demographical 251 

factors such as population density, distance from economical centres and land value are used to estimate the zoning 252 

index. The parameter ‘population density’ is the social factor and the remaining parameters are the economic factors. 253 

The zoning index is calculated by the following stepwise logistic regression. 254 
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ln ( ܼ𝐼௧(ݔ, 1(ݕ − ܼ𝐼௧(ݔ, (((ݕ = ∑ ௜ߚ ௜ܻ(ݔ, ௜(ݕ (2) 255 

Where Yi are demographical factors and βi denotes the coefficient associated with the ith factor in the logistic 256 

regression model. 257 

To calculate this equation, projected population growth is required. Based on historical population data, future 258 

population growth can be estimated using the geometric progression method as follows. 259 ܲ(ݐ) = ܲ(0) (1 + ݇)ௗ(3) 260 

Here P(t) denotes the projected data of population at upcoming period ‘t’. P(0) is the initial population. ‘k’ rep-261 

resents the average percentage growth rate (geometric mean) and ‘d’ denotes the projection period, expressed in 262 

decades. Finally, the calculated development probability of a cell is compared with the pre-defined threshold value. 263 

If the calculated value exceeds the predefined threshold, the cell undergoes a state transition from the non-urban 264 

class to the urban class. Thus the calculation of the development probability of a cell includes the geographical, 265 

physical, environmental, social and economic factors for transition to urbanized state. 266 

3.3 Artificial Neural Network (ANN) Design 267 

In this work, an ANN is used to calibrate the CA. Figure 2 shows the design of ANN which generates the Mean 268 

Accessibility Value for a sample of cells. The designed ANN generates accessibility index of the pixel (x,y) from the 269 

extracted urban growth attributes. A multilayer feedforward neural network trained using the backpropagation al-270 

gorithm was employed for urban growth prediction. The network architecture consists of two hidden layers, an 271 

output layer, and an input layer. Each urban growth parameter associated with the pixel (x,y) was represented by a 272 

neuron in the input layer. As these parameters represent various proximity measures, all input values were trans-273 

formed to the interval [0,1] to ensure compatibility using the function of sigmoid activation. Eight neurons made up 274 

the input layer, which was followed by two hidden layers of sixteen neurons each and an output layer. The Rectified 275 

Linear Unit (ReLU) activation mechanism was used by the hidden layers to improve learning performance and de-276 

crease gradient vanishing problems. 277 

The output layer comprised one neuron employing a sigmoid activation function to generate the accessibility 278 

index for pixel (x,y), which was used to estimate its transition probability from the non-urban class to the urban class. 279 

The Adam optimization technique was used to train the ANN at a learning rate of 0.001. Additionally, it uses binary 280 

cross-entropy to reduce prediction error. Training, verification, and testing categories covering 70%, 15%, and 15% 281 

of the samples in the dataset, respectively. To avoid overfitting, the model underwent training for a maximum of 282 

100 iterations. Training was stopped early when the validation loss stopped improving. Dropout regularization was 283 

incorporated into the hidden layers at a rate of 0.2 to improve generalization performance. 284 

 285 

Figure 2. Accessibility Index Calculation 286 
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The pre-processed training data is sampled into a group of urban and non-urban cells. The urban growth pa-287 

rameters of each urban cell are feed into the ANN which produces the accessibility index of the cell. Similarly, the 288 

accessibility index of all the cells in the non-urban category is generated using the ANN. Then the mean accessibility 289 

value of the urban and non-urban category is calculated which can be used as a threshold value of accessibility index 290 

for ANN training. 291 

3.3.1 ANN Training 292 

Figure 3 shows the training of the ANN which can be used for CA calibration. The urban growth parameters of 293 

urban and non-urban cells are feed into the ANN and get the accessibility index. The input from the ith neuron in the 294 

input layer to the jth neuron in the hidden layer for cell (x,y) is calculated as follows. 295 

௝ܪ = ∑ ,ݔ)௜௝𝑆௜ݓ (ݕ (4) 296 

Where Hj denotes the aggregated input to the jth hidden neuron for cell (x,y), and Si(x,y) represents the ith urban 297 

growth parameter associated with that cell. wij represents the link weight between the jth hidden neuron and the ith 298 

input neuron in the ANN. Sigmoid activation function is used in the hidden layer. The hidden layer’s activation for 299 

the signal is 300 11 + ݁−ுೕ (5) 301 

The output ‘T’ for cell (x,y) is calculated from 302 

ܶ = ∑ ௝ݓ 11 + ݁−ுೕ (6) 303 

Here, wj represents the link weight between the output neuron and the jth hidden neuron. Then the accessibility 304 

index ‘T’ is compared with the mean Accessibility Index (mAI) value. Based on this comparison, the conjugate gra-305 

dient approach is used to update the network’s weights and biases.  This leads to minimising the discrepancy be-306 

tween network outputs (T) and the targets (mAI value). This procedure is repeated until the target is reached, based 307 

on the difference between the outputs and the targets. If the calculated result of urban cell is higher than the mAI 308 

parameter of urban category, then it is back propagated to the network through weight updating process. Otherwise 309 

the generated value is acceptable and then it is checked against whether it is the last cell. In the same way, the 310 

generated value of the non-urban cell is less than the mDA value of non-urban category, and then it is back propa-311 

gated to the network through weight updating process. Otherwise the generated value is acceptable and then it is 312 

checked against whether it is the last cell. If that cell is the last cell, then the process of ANN training is finished. The 313 

network is sufficiently tuned to replicate urban expansion after training. The output of the trained neural network 314 

is the accessibility index of a cell. 315 

 316 

Figure 3. ANN Training 317 
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3.3.2 ANN Testing 318 

Figure 4 shows the ANN testing process. The predicting data is given as input to the suitable ANN and the 319 

accessibility index is calculated. Then it is used along with suitability index and zoning index to identify whether 320 

the cell is transited to urban cell or remains in the non-urban cell using the developed CA Model. This process is 321 

repeated until the last pixel of the input dataset. The CA transition rules are framed with the cells geographical 322 

factors defined by the ANN outputs, topographical factors defined by weighted average output and the socio-eco-323 

nomic factors defined by logistic regression method outputs. If the target cell is urban, it stays urban, otherwise, for 324 

non-urban cells, the decision for converting it to urban is taken with the help of the designed CA transition rule. 325 

 326 

Figure 4. ANN testing 327 

3.4 ANN-CA Integration 328 

The CA model uses the accessibility index, suitability index, and zoning index of each cell as transition rules 329 

and applies them across the grid to simulate future land-use maps. Standard cellular automata is used to calculate 330 

the development probability )( },{

t

yxd of a cell at position (x,y) over time ‘t’ depending on its surrounding states. 331 

ܲ(݀{௫,௬}௧ ) = ,ݔ}𝑆௧ܥ)݂ ,{ݕ ݊ܿ)(7) 332 

Here 𝑆௧{ݔ,  is the current state of the cell (x,y) and ‘f’ is a transition function that determines how the cell 333{ݕ

changes based on its state and its neighbors. ‘N’ denotes the neighbourhood of a cell, representing the surrounding 334 

cells in the grid. The transition function ‘f’ is defined in equation (8) 335 

݂ )},,{( NyxCSt = 𝑆ܣ) ܺ ܶܦ𝐼௧(ݔ, (ݕ + 𝑆𝐼௧(ݔ, (ݕ + ܼ𝐼௧(ݔ, (ݕ + ,ݔ)ேܤܰ  336 (8)((ݕ

Where ‘SDT’ is a stochastic disturbance term represents denotes unidentified simulation mistakes. This may 337 

result in more realistic patterns. It is defined as 338 𝑆ܶܦ = 1 + (− ln ఈ(ߛ (9) 339 

Here ‘γ’ is a standard random variable between 0 and 1, and ‘α’ is the parameter that controls the amount of 340 

the stochastic variation. In this study, the value of ‘α’ was experimentally calibrated as 2.0 based on iterative simu-341 

lations to balance compact and dispersed urban growth patterns while minimizing prediction error. 342 ܰܤே(ݔ,  denotes the neighborhood influence on the cell (x,y) from ‘N’ neighbors. In this study, N=4 corre-343 (ݕ

sponds to the Von Neumann neighbourhood is used. The transition rules for N=4 is defined as 344 

ௗܰ௘௩(ݔ, (ݕ = ܦܷ) ௫ܲ−1,௬ + ܦܷ ௫ܲ+1,௬ + ܦܷ ௫ܲ,௬−1 + ܦܷ ௫ܲ,௬+1) 4⁄ (10) 345 
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The urban development potential (UDP(x,y)) of a cell (x,y) is modelled as a combination of the accessibility, 346 

suitability, and zoning factors. It is defined as 347 ܷݔ)ܲܦ, (ݕ = ,ݔ)𝐼ܣ1ݓ (ݕ + ,ݔ)2𝑆𝐼ݓ (ݕ + ,ݔ)3ܼ𝐼ݓ  348 (11)(ݕ

The weights (w1, w2 and w3) were calibrated through iterative comparison between simulated and observed 349 

urban growth patterns using historical land-use data from 2016–2020. The transition threshold value of accessibility 350 

index (T) was experimentally determined as 0.5 after multiple simulation trials to achieve the highest Percent Correct 351 

Match (PCM) and spatial agreement with actual urban growth. If the development probability is greater than T, then 352 

the transition state of that cell is urban. Otherwise it remains in non-urban state. The calibration procedure involved 353 

repeated adjustment of the transition threshold, stochastic dispersion parameter, and neighbourhood influence set-354 

tings until the simulated urban growth pattern closely matched the observed land-use changes. Shannon’s entropy, 355 

Moran’s spatial autocorrelation index, and Percent Correct Match (PCM) were used to assess the model’s perfor-356 

mance. To further validate the effectiveness of the developed CA-ANN framework, the results were compared with 357 

a conventional Multi-Criteria Evaluation (MCE) based urban growth model. While the MCE model relies on fixed 358 

weighted overlays of spatial factors, the CA-ANN approach dynamically captures nonlinear spatial interactions and 359 

neighbourhood-driven urban transitions. 360 

The PCM compares cells that were anticipated to move to an urban area with those that actually did so within 361 

the same study period. The number of cells in each category divided by the actual number of cells that experienced 362 

transition yielded the PCM metric, as shown in equation (11). 363 ܲܯܥ = ∗ ℎܽ݊݃݅݊݃ܿ ݎ݋݂ ݀݁ݐܿ݅݀݁ݎ݌ ݕ݈ݎ݁݌݋ݎ݌ ݏ݈݈݁ܿ #)   364 (12)(݀݁ݐݎ݁ݒ݊݋ܿ ݕ݈݈ܽ݁ݎ ݏ݈݈݁ܿ #) / (100 

The accuracy with which the model has predicted the urban spatial pattern or morphology is measured using 365 

the Moran spatial autocorrelation index. The similarity of objects within a region is measured by spatial correlation. 366 

There is a strong spatial correlation between two objects that are adjacent to one another and have very similar 367 

spatial characteristics. There is little spatial auto-correlation between two nearby objects with differing spatial char-368 

acteristics. A regionalized, smooth, clustered pattern is indicated by a Moran spatial autocorrelation index greater 369 

than zero, whereas an uncorrelated, random pattern is shown by a Moran spatial autocorrelation value equal to zero. 370 

A geographical variable (xi) can have its degree of spatial concentration or dispersion among 'n' zones meas-371 

ured using Shannon’s Entropy (SEn). It is calculated by 372 

𝑆ܧ௡ = ∑ ௜ln݌ ( ௜)௡݌1
௜=1 (13) 373 

Where ‘pi’ denotes the likelihood that an event will occur in the ith  zone (݌௜ = /௜ݖ ∑ ௜)௡௜=1ݖ , ‘zi’ represents the 374 

phenomenon’s observed value in the ith zone and ‘n’ represents all of the zones. Entropy has a value between 0 and 375 

ln(n). By analysing whether land development in a city or town is compact or spread, entropy can be utilized to 376 

determine the level of urban expansion. 377 

3.5 Generation of urban growth zonation maps 378 

In the conventional CA simulation, a unit problem is handled cell by cell. The fundamental building block of 379 

cellular automata, the cell, only has two binary values: 0 for no change and 1 for successful development.  These 380 

“black or white” cells don’t have any intermediate values. This creates an issue when it’s necessary to distinguish 381 

growth rates between cells or for a cell over time. By assigning each cell a value between 0 and 1, the cell’s “grey” 382 

state can be used to address this unit issue. It can be used for two things. First, a cell’s degree or percentage of 383 

development can be correctly represented by the “grey” condition. Partially developed cells are called “grey” cells. 384 

However, if the resolution were raised, a “grey” cell may be split into several absolute “black” and “white” sub-385 

cells. Second, the “grey” state can also be thought of as a helpful dummy variable to show the development likeli-386 

hood or accumulation of development throughout the process of the CA model’s iterations. The “grey” state ܩௗ௧ ,ݔ)  387 (ݕ

of a cell in this CA model indicates the developed (urbanized) percentage of the cell (x,y). First, using conventional 388 
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cellular automata, the development probability of a cell at time ‘t’ can be computed based on its neighbouring states 389 

using equation (6). A cell’s additional developed percentage or additional “grey” state ∆ܩௗ௧ ,ݔ)  at time ‘t’ is both 390 (ݕ

dependent on the constraint score and proportional to the likelihood. The aggregate of the obtained percentages for 391 

each iteration step is the final “grey” state. The `grey’ state is restricted to the range (0,1). Therefore, when ܩௗ௧ ,ݔ)  392 (ݕ

reaches 1, ∆ܩௗ௧ ,ݔ)  is assigned a value of 0. In the constrained CA model, a cell’s grey-state value is updated using 393 (ݕ

the following iteration formula. 394 

,ݔ)𝑆௧+1ܥ (ݕ = { ௗ௧ܩ ݂݅ ݀݁ݖܾ݅݊ܽݎݑ ,ݔ) (ݕ = 0 ݂݅ ݀݁ݖܾ݅݊ܽݎݑ ݕ݈݈ܽ݅ݐݎܽ݌1 < ௗ௧ܩ  ,ݔ) (ݕ < ,ݔ)𝑆௧ܥ1 ௗ௧ܩ ݂݅  (ݕ ,ݔ) (ݕ = 0 (14) 395 

Thus, the grey cells whose ܩௗ௧ ,ݔ)  value is ‘1’ represents the urban growth zonation maps using CA and ANN 396 (ݕ

is generated. 397 

4. Simulation and Results 398 

In the present study, the prediction model was implemented for Thoothukudi District of Tamil Nadu, India 399 

(Figure 5a). Thoothukudi District is bounded by Tirunelveli District to the west, Ramanathapuram District to the 400 

northeast, the Gulf of Mannar to the east, and Virudhunagar District to the north. The Thamirabarani River is the 401 

major river flowing through the district, supporting irrigation and drinking water needs. Srivaikuntam, Koram-402 

pallam, and Vagaikulam tanks and several other minor irrigation tanks are the important water bodies located 403 

within the study region. Agriculture and fishing are the major occupations of the people. However, in recent years, 404 

rapid industrialisation and urban growth have resulted in the conversion of land used for agriculture into industrial 405 

and residential areas. Apart from Thoothukudi city, areas such as Kovilpatti, Tiruchendur, Srivaikuntam, Ettayapu-406 

ram, and Kayalpattinam have experienced significant growth in settlements over the past decade. 407 

  
(a) (b) 

Figure 5. Pre-processed image represents the satellite data: (a) Map of the Study Area. (b) Pre-processed Image 408 

The pre-processed image of the satellite data after applying necessary image enhancement and correction tech-409 

niques is shown in Figure 5b. These processes include, removal of noise, resizing, normalisation and conversion into 410 

a suitable format for further analysis. These pre-processing steps improve the image clarity and quality, which ena-411 

ble effective extraction of meaningful features. This processed image is further used as input for the next LULC 412 

classification and prediction modules which in turn improves the accuracy and reliability of the outputs in the pro-413 

cess. 414 

Figure 6a presents the LULC classification map for the period 2021–2025, describing the distribution and extent 415 

of the different land-use and land-cover classifications in the area of investigation. The map was created by an inte-416 

grated ANN-CA model using pre-processed Sentinel-2 satellite data. Spectral features of each pixel in the image 417 

were used to classify them into specific land-use classes such as bare soil, vegetation cover, urban and surface water. 418 

The land-cover classes were represented with different colours for the purpose of improving visual clarity and in-419 

terpretation of the LULC classification map. Classification results show significant change in urban growth, surface 420 
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water and vegetation cover during the study period. A confusion matrix-based evaluation of accuracy was carried 421 

out utilising independent validation samples to test the dependability of the categorizing results. 422 

  
(a) (b) 

Figure 6. LULC Classification Maps over the time: (a) LULC Classification Map for 2021-2025. (b) LULC Classification Map 423 

for 2016-2020. 424 

The distribution of various land-use and land-cover classifications throughout the investigation region is shown 425 

on the LULC classification map for the years 2016–2020 in Figure 6b. The map was generated using the trained 426 

integrated model by classifying the Sentinel-2 pre-processed satellite imagery into different land use categories such 427 

as surface water, urban land, bare soil, and vegetation cover. Each class is represented using distinct colours to im-428 

prove visualisation and interpretation. When compared with the 2021–2025 period, this map helps identify changes 429 

such as urban expansion, reduction in vegetation cover, and variations in water bodies. The CA–ANN model was 430 

compared with a traditional MCE-based urban growth model to evaluate the effectiveness of the proposed approach. 431 

The change detection map, which shows the variations in land use and land cover between the years 2016–2020 432 

and 2021–2025, is shown in Figure 7a. The map was generated by comparing the two classified LULC maps on a per-433 

pixel basis to identify areas where changes have occurred. The changes such as urbanisation, reduction of vegetation 434 

cover and changes in water bodies are marked with different colours for easy visualisation. This comparison allows 435 

one to understand the spatial distribution and extent of land cover changes over time. Constant and large transition 436 

areas are clearly marked for easy interpretation and zero change areas are shown. This change detection map can be 437 

useful to analyse the land use trends, monitoring the environmental impacts and supporting the future land use 438 

planning and decision making. 439 

  
(a) (b) 

Figure 7. Predicted LULC Map based on Change Detection: a) Change Detection Map b) Predicted LULC Map for the year 440 

2030 441 
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Figure 7b shows the predicted LULC map of 2030, which represents the expected land-use and land-cover 442 

properties of the research area. The prediction was generated by the ANN model trained using the historical and 443 

recent LULC raster datasets. During this training process the model learns the relationship between the pixel values 444 

and corresponding land cover classes which allows it to predict future land use patterns. In this approach, the pre-445 

processed raster data are input to the trained integrated model, which analyses the spatial patterns and produces 446 

predictions for each pixel. The outcome is a classified map with each pixel assigned to a specific land cover type (e.g. 447 

bare soil, vegetation, urban land, surface water). Distinct colour codes are used for each class to facilitate interpreta-448 

tion of the spatial distribution. The predicted 2030 map shows possible trends of expansion of urban areas, reduction 449 

of vegetation cover and changes of water bodies based on changes observed in the past. This projected map is a 450 

useful tool for understanding future land use possibilities and supports planning and environmental monitoring. 451 

Additionally, this map helps in decision-making by clearly estimating the potential evolution of the research region. 452 

4.1. Classification Performance 453 

The LULC classification performance was assessed by Kappa coefficient [25,26], user accuracy, producer accu-454 

racy, and total classification accuracy [24]. The confusion matrix (Table 1) shows the accuracy assessment of LULC 455 

classification. Table 1 shows that 91.00% of the urban pixels and 91.33% of the non-urban pixels were correctly clas-456 

sified. The overall classification accuracy was 91.25% with Kappa coefficient of 0.88. 457 

Table 1. Confusion Matrix for Classification Accuracy Assessment 458 

Land Use Class Urban Area Vegetation Water 

Bodies 

Barren 

Land 

Total User’s Accuracy 
(%) 

Urban Area 91 3 2 4 100 91.00 

Vegetation 4 93 1 2 100 93.00 

Water Bodies 2 3 90 5 100 90.00 

Barren Land 3 2 4 91 100 91.00 

Total 100 101 97 102 400 0 

Producer’s Accuracy 
(%) 

91.00 92.08 92.78 89.22 0 91.25 

 459 

4.2. Prediction Performance 460 

The PCM, Moran’s spatial autocorrelation index, Shannon’s entropy and land use transition matrices were used 461 

to assess prediction performance. The results of the comparison of prediction performance are shown in Table 2. The 462 

CA-ANN model performed better than the conventional MCE model in all the evaluation metrics because it can 463 

mimic the nonlinear dynamics of urban growth and neighbourhood interactions. The performance of CA predictions 464 

was evaluated based on the Moran’s spatial autocorrelation index, Percent Correct Match (PCM) and Shannon’s 465 

Entropy, which demonstrated that the model captured the spatial urban morphology and urban growth dynamics 466 

accurately. The PCM value of 91.4% obtained for the proposed model indicates a high level of agreement between 467 

the actual observed urban growth and the predicted urban transition cells. The simulated urban growth pattern 468 

showed a strong spatial clustering (Moran’s Index value of 0.81) and realistic urban morphology. Shannon’s Entropy 469 

increased from 1.42 (2016–2020) to 1.67 (2021–2025) showing increasing spatial dispersion and urban sprawl in the 470 

study area. Such results confirm the effectiveness of the proposed CA-ANN model in capturing the magnitude and 471 

the spatial characteristics of urban expansion. 472 

Table 2. MCE Versus Proposed CA-ANN Model 473 

Model Overall Accuracy (%) Kappa Coefficient PCM (%) Moran’s Index 

MCE Model 84.6 0.74 82.1 0.69 

Proposed CA–ANN Model 95.5 0.88 91.4 0.81 
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From the classified LULC maps in Table 3, there is a significant urban expansion during the periods of 2016–474 

2020 and 2021–2025. Urban land coverage increased from 18.4 to 27.9% of total study area indicating significant 475 

urban expansion. Vegetation cover decreased from 46.2% to 38.5%. Bare soil and surface water bodies experienced 476 

moderate reductions. The results show that the major cause of the urbanisation was the conversion of bare soil and 477 

vegetation cover to built-up areas. The land-use transition matrix was used to quantify changes among different 478 

LULC classes during the study period. The transition matrix shows that the greatest conversion to urban was from 479 

vegetation cover (7.1%) and then from bare soil (4.8%) which confirms the impact of urbanisation on the decline of 480 

the natural land cover. Table 4 quantifies the change matrix between the different classes of LULC for the study 481 

period. 482 

Table 3. Urban land change statistics 483 

Land Use Class 2016–2020 (%) 2021–2025 (%) Change (%) 

Urban Land 18.4 27.9 +9.5 

Vegetation Cover 46.2 38.5 −7.7 

Surface Water 12.8 10.6 −2.2 

Bare Soil 22.6 23.0 +0.4 

Table 4. Land-use transition matrix 484 

From / To Urban Area Vegetation Water Bodies Barren Land 

Urban Land 15.8 0.6 0.2 1.8 

Vegetation Cover 7.1 34.4 1.5 3.2 

Surface Water 1.2 1.0 9.3 1.3 

Bare Soil 4.8 2.5 0.4 14.9 

4.3 Sensitivity Analysis 485 

The stability and reliability of the proposed model were assessed through sensitivity analysis [27]. The analysis 486 

is to investigate the effects of transition threshold (T) and stochastic dispersion parameter (α) on the prediction re-487 

sults. The analysis showed that lower threshold values caused too much urban expansion, and higher values led to 488 

an overestimation of urban growth. The best predictive performance was achieved for a threshold value T = 0.5 and 489 

a dispersion parameter α = 2.0. With these parameter settings, the model achieved maximum spatial agreement with 490 

the observed pattern of urban growth. The analysis also reaffirmed the importance of neighbourhood effect in con-491 

trolling the compact and dispersed urban development patterns. 492 

5. Conclusions 493 

The proposed integrated urban growth prediction model overcomes the drawbacks of existing models that 494 

consider geographical, topographical and socio-economic factors independently. The proposed approach considers 495 

these factors simultaneously to improve the prediction accuracy of land use change and urban growth. Input data 496 

was pre-processed to have high quality for Thoothukudi District, Tamil Nadu. The processed images were classified 497 

into land use and land cover classes such as vegetation cover, surface water bodies, urban land and bare soil using 498 

the proposed model. Analysis of LULC maps of different time periods was conducted to understand the spatial 499 

distribution and land use patterns. The change detection analysis showed some major changes, such as urban 500 

growth, reduction of vegetation cover and change of surface water bodies. Future land use (2030) was predicted by 501 

the integrated model using both historical and recent data. 502 

The performance of the proposed CA-ANN model in prediction and LULC classification was evaluated. The 503 

Kappa coefficient and the overall classification accuracy were used to assess the classification performance. The pre-504 

dictive ability of the model was evaluated through Percent Correct Match, Shannon’s entropy, Moran’s spatial au-505 

tocorrelation index and land use transition matrices. Collectively, these measures quantify the degree of agreement 506 

of the actual and the predicted LULC maps. Sensitivity analysis was also performed to evaluate the effect of key 507 

model parameters on the predicted results, in order to assure the robustness of the proposed model. The results 508 
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imply possible urban sprawl and associated environmental changes in the study area. In general, the proposed com-509 

bined CA-ANN model is an effective tool for sustainable land management, urban planning and environmental 510 

monitoring. 511 
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