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Abstract 

Monitoring and prediction of built-up land expansion is necessary to support spatial planning. This study 

predicts built-up land expansion using CA-Markov integrated with four machine learning models, including 

logistic regression, Support Vector Machine (SVM), Multilayer Perceptron (MLP), and Random Forest (RF). 

These models were applied to Magelang City and its peri-urban areas from 2013 to 2025. During 2013 to 2025, 

Magelang City and its peri-urban areas experienced LULC changes. Residential buildings, non-residential 

buildings, agriculture land, and agroforestry land increased in area over time. Meanwhile, bare land and 

shrubland decreased in area over time. The results also show that there was an expansion of built-up land in 

Magelang City and its peri-urban areas from 2013 to 2025, from 2,674.35 ha to 3,483.81 ha.  The 2013 and 

2019 LULC maps were used as input in predicting built-up land expansion in 2025. The model was trained 

using LULC change in 2013 to 2019 and selected driving factors. The driving factor with the most significant 

influence was the distance to existing built-up land. The results showed that the SVM model achieved the highest 

accuracy, with an overall accuracy of 98.4% and a Figure of Merit (FOM) of 15.3%. This indicates that the 

SVM model is a most suitable model for predicting built-up land expansion in Magelang City and its peri-urban 

areas. 
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1. Introduction 

Land conversion is the process of changing land from 

one use to another, whereby this phenomenon tends 

to convert non-built up land into built-up land and 

agricultural land into non-agricultural land [1]. This 

issue needs to be considered in regional development 

because it has a direct impact on environmental 

sustainability, food security, and spatial planning [2]. 

Land conversion often occurs on built-up land 

because built-up land is the type of land use that 

experiences the most rapid change [3]. Built-up land 

can be defined as land that has undergone a process 

of hardening or development [4]. The conversion of 

non-built-up land to built-up land has occurred in 

several cities in Indonesia, one of which is Magelang 

City. According to data from the Environment 

Agency, there has been a reduction in agricultural 

land during 2013 to 2023 from 210.7 ha to 105.54 ha. 

This phenomenon can occur due to the conversion of 

agricultural land into built-up land [5]. 

The conversion of non built-up land into built-up 

land in Magelang City may be influenced by its 

position as a growth centre. This reflects Magelang 

City's role as the Purwomanggung Regional Activity 

Centre in accordance with Central Java Provincial 

Regulation No. 6 of 2010. The Purwomanggung area 

is a development zone consisting of Purworejo 

Regency, Wonosobo Regency, Magelang Regency, 

Magelang City and Temanggung Regency. 

Magelang City's position as a growth centre will 

make it an area that experiences rapid development 

compared to the surrounding areas [6]. This is also 

supported by the strategic location of Magelang City, 

which is at the intersection of transportation and 

economic routes between Semarang-Magelang-

Yogyakarta and Purworejo, as well as at the 

intersection of local and regional tourist routes 

between Kopeng-Borobudur Yogyakarta and Dieng 

[7]. This strategic location will trigger increased 
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economic growth in Magelang City. The potential for 

economic growth will trigger an increase in 

population and the expansion of built-up land, as it 

can encourage people from other regions to move to 

Magelang City [8]. 

Land conversion in Magelang City has led to 

increasingly limited land availability in the city 

centre, prompting the community to expand their 

settlements to the peri-urban areas [9]. Peri-urban 

areas often experience rapid development as part of 

urban expansion [10]. This indicates that peri-urban 

areas of Magelang City also have the potential to 

experience built-up land development as a result of 

the urban expansion occurring in Magelang City 

[11]. Administratively, Magelang City directly 

borders several sub-districts in Magelang Regency, 

including Mertoyudan Sub-district, Secang Sub-

district, Tegalrejo Sub-district, Bandongan Sub-

district, and Candimulyo Sub-district. Urban 

expansion in these subdistricts was marked by a 

decline in agricultural land area over time, with a 

reduction of 518 ha from 2009 to 2011 [12]. The 

expansion of built-up land to the peri-urban areas can 

also be driven by factors such as good accessibility, 

the availability of existing built-up land, and the 

planning of new infrastructure[13]. One major 

infrastructure project that could have an impact is the 

Yogyakarta-Bawen Toll Road that can encourage the 

development of built-up land centred on toll exit 

points [14]. This is because the toll road will improve 

accessibility for the community, thereby impacting 

changes in the structure and pattern of land use in the 

surrounding area and triggering the conversion of 

land use from non-built up to built up [15]. 

Urban expansion in Magelang City and its peri-

urban areas has created the potential for uncontrolled 

built up land development, which needs to be 

monitored regularly [16]. In addition, this can also be 

supported by predictions of future built-up land 

expansion [17]. Monitoring and prediction can be 

carried out using remote sensing data to observe 

historical land use change patterns[18]. One type of 

data that can be used is Landsat 8 OLI and Landsat 9 

OLI-2 imagery with medium spatial resolution, 

which has several advantages, including high 

temporal resolution, free availability, and easy access 

[19]. Simulation of built-up land expansion can be 

carried out using cellular automata (CA), a 

simulation method that can determine the 

behavioural change process of a system. CA has five 

constituent elements, including cellular space, the 

state of each cell, neighbouring cells that can 

influence the status of a cell, rules that can determine 

cell status changes, and time [20]. The CA model is 

a popular model that can capture the urbanisation 

process from the past to the future [17].  

Cellular automata requires driving factors for 

urban expansion, both spatial and social factors, so 

that the prediction results can match the dynamics of 

society [21]. The influence of driving factors will 

shape the probability of land use change, which can 

be analysed using machine learning models. Machine 

learning models that can be used include logistic 

regression, support vector machine (SVM), 

multilayer perceptron (MLP), and random forest 

(RF). Four machine learning models were selected to 

represent different modelling approaches commonly 

used in land-use change prediction. Logistic 

Regression was included as a baseline statistical 

model to capture linear relationships between driving 

factors and built-up expansion. SVM and MLP were 

employed to represent non-linear machine learning 

approaches capable of modelling complex 

relationships in spatial data. RF was selected as an 

ensemble learning method known for its strong 

predictive performance and robustness in land-use 

change modelling.  

Several previous studies have compared machine 

learning models integrated with CA in predicting 

land use change [22][23][24] and [25]. Each model 

will produce different predictions and accuracy, so a 

comparison is needed to determine the most suitable 

model for predicting urban expansion in Magelang 

City and its peri-urban areas. This study aims to (1) 

monitor built-up land expansion, (2) compare 

machine learning models integrated with CA for 

predicting built-up land expansion, and (3) determine 

the most suitable machine learning model for 

predicting built-up land expansion in Magelang City 

and its peri-urban areas. 

 

2. Material and Method 

2.1 Study Area 

This research was conducted in the administrative 

area of Magelang City and other subdistricts in 

Magelang Regency adjacent to the city. 

Administratively, Magelang City is adjacent to the 

north by Secang District, to the south by Mertoyudan 

District, to the east by Tegalrejo and Candimulyo 

Districts, and to the west by Bandongan District. 

Magelang City has an area of 18.56 km2, which is 

divided into 3 urban villages and 17 rural villages 

[26]. Then, the subdistricts adjacent to Magelang 

City, including Mertoyudan, Bandongan, Secang, 

Tegalrejo, and Candimulyo, have areas of 46.25 km2, 

48.56 km2, 51.39 km2, 38.26 km2, and 49.28 km2, 

respectively [27]. The total area of the entire study 

area is 252.29 km² that divided into 8 sub-districts. 

The study area map is presented in Figure 1.   
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Figure 1: Study area of Magelang City and its surrounding districts:  

Mertoyudan, Bandongan, Secang, Tegalrejo, and Candimulyo 

 

Magelang City is strategically located in the centre of 

Java Island. In addition, Magelang City is also 

located at the intersection of economic and 

transportation routes between Yogyakarta-Magelang 

Semarang and Temanggung-Purworejo. Magelang 

City is also located at the intersection of regional and 

local routes between Yogyakarta-Borobudur Kopeng 

and the Dieng Plateau. In terms of topography, 

Magelang City is classified as highland because it is 

located at an altitude of + 370 metres above sea level 

with a slope gradient ranging from 50 to 450[28]. 

Then, Mertoyudan District, which borders Magelang 

City to the south, is the residential centre of 

Magelang Regency [29]. Meanwhile, Bandongan 

District has hilly topography and cool air, known as 

an agricultural area and a rapidly developing 

residential area [30]. Secang Subdistrict is located in 

the north and serves as a strategic route connecting 

Magelang City and the northern part of Central Java, 

with dynamic economic and trade activities [31]. 

Tegalrejo Subdistrict is located in the west of 

Magelang City and has productive agricultural land 

as well as small-scale industrial and service activities 

growing around the residential area [32]. Meanwhile, 

Candimulyo Subdistrict is located in the southwest 

with a relatively flat to undulating landscape, 

dominated by rice farming and horticulture activities 

[33]. The methodologhy in this study is presented in 

Figure 2. 

2.2 Data Collection 

In this study, the data collected included remote 

sensing imagery data to extract LULC classes and 

data on driving factors of built-up land expansion. 

The imagery data used were Landsat 8 OLI images 

from 2013 and 2019 and Landsat 9 OLI-2 images 

from 2025. The images used were L1TP level images 

that had been geometrically corrected. Other data 

used were data on the driving factors of built-up land 

expansion. The data used came from various sources. 

Some data was obtained from agencies in Magelang 

City and Magelang Regency. The data obtained from 

agencies included the distribution of educational 

facilities, health facilities, industrial areas, 

commercial facilities, roads, rivers, and population 

density. This data was obtained in vector format. 

Then, the Euclidean distance process was carried out 

to measure the distance to these objects, and the 

driving factor data was produced in raster format. 

Other data used was DEMNAS, which was obtained 

from tanahairindonesia.go.id. The DEMNAS used 

had a spatial resolution of 8 metres. DEMNAS was 

used to extract elevation data. Next, DEMNAS was 

processed to obtain slope data. All data was then 

resampled to have the same spatial resolution of 15 

metres with the UTM zone 49S projection system 

with WGS 1984 datum. The specifications of the data 

used in the study are presented in Table 1. 
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Table 1: Specifications of the data used in the research 
 

No. Data Type Source 

1 Landsat 8 OLI Raster USGS, EarthExplorer 

2 Landsat 9 OLI-2 Raster USGS, EarthExplorer 

3 Educational Facilities Vector Public Works and Spatial Planning Agency 

4 Health Facilities Vector Public Works and Spatial Planning Agency 

5 Industrial Areas Vector Public Works and Spatial Planning Agency 

6 Commercial Facilities Vector Public Works and Spatial Planning Agency 

7 Road Vector Public Works and Spatial Planning Agency 

8 River Vector Public Works and Spatial Planning Agency 

9 Population Density Vector Central Statistics Agency 

10 DEMNAS Raster tanahair.indonesia.go.id 

 

2.3 LULC Classification 

LULC classification was carried out using Landsat 8 

and Landsat 9 imagery with L1TP product level. 

Classification was performed on Landsat 8 OLI 

imagery from 2013 and 2019 and Landsat 9 OLI-2 

imagery from 2025. The date of acquisition of the 

data for each image used is presented in Table 2. 

Image pre-processing was carried out with 

radiometric correction to TOA reflectance level 

using Equation 1: 

 

p cal pM Q A =  +  

Equation 1 

Where : 

       ρλ = TOA reflectance  

     Mp = Spectral reflection multiplication scale 

    Qcal = digital number (DN) 

      Ap = Spectral reflectance addition scale 

 

Table 2: Date of image data acquisition 
 

No. Data Acquisition Date 

1 Landsat 8 OLI 12 September 2013 

2 Landsat 8 OLI 13 September 2019 

3 Landsat 9 OLI-2 19 July 2025 

 

The next step is to perform pan-sharpening, which is 

the process of combining high-resolution 

panchromatic band with low-resolution multispectral 

bands to produce colour images with high spatial 

resolution[19]. Landsat 8 OLI and Landsat 9 OLI-2 

images were used, which have multispectral bands 

with a spatial resolution of 30 m and panchromatic 

bands with a spatial resolution of 15 m. Pan-

sharpening was performed using the Gram-Schmidt 

method, which combines multispectral and 

panchromatic band images by applying vector 

orthogonal transformations. This method was chosen 

because it can increase the spatial resolution of the 

image while maintaining the original spectrum of the 

multispectral bands so that it does not change much 

after pan-sharpening [34]. This process produces a 

multispectral image with a spatial resolution of 15 m, 

and all LULC classifications in the analysis were 

generated at this spatial resolution. The image bands 

used in the LULC classification consist of red, green, 

and blue (RGB) bands, as these bands provide 

sufficient spectral information to distinguish major 

land-cover types such as vegetation, built-up areas, 

and water bodies [35]. Since the main objective of 

this study is to analyse urban expansion, the visible 

bands are adequate for identifying built-up areas and 

other dominant land-cover classes. In addition, the 

pan-sharpening process improves the spatial 

resolution of the imagery, which enhances the 

detection of urban features [19]. 

LULC classification was performed using a 

random forest model on Google Earth Engine (GEE). 

Classification with random forest was performed by 

forming trees, beginning with the creation of subsets 

of data equal to the number of iterations performed. 

Each tree is trained with a random subset of the 

training data and has a random subset of features to 

perform splits. The reflectance values of objects in 

each band of the training data are entered into the 

tree. Then, each tree produces its own class decision, 

and majority voting is performed to determine the 

LULC class of a pixel [36]. LULC classification is 

divided into seven classes, namely residential 

buildings, non-residential buildings, bare land, 

agriculture land, agroforestry land, shrubland, and 

water body. The samples used in LULC 

classification were determined using stratified 

random sampling, where the sample size was 

determined using the Slovin method [37] using 

Equation 2: 
 

21 ( )

N
n

N e
=

+
 

Equation 2 

Where : 

n = sample size 

N = population size  

e = margin of error (0.05) 
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The samples were divided into training samples to 

build the model and testing samples to test the LULC 

classification results at a ratio of 70:30. The testing 

sample is used to validate the LULC classification 

against the ground truth. The LULC classification for 

2025 was validated through field surveys conducted 

in the study area. Meanwhile, the validation of the 

2013 and 2019 LULC classifications was carried out 

using high-resolution imagery available on the 

Google Earth platform. The accuracy of the LULC 

classification results was tested using a confusion 

matrix, which is a square matrix representing the 

number of samples classified in each class and the 

actual class according to the field survey results. The 

confusion matrix shows the overall accuracy, user's 

accuracy, producer's accuracy, omission error, and 

commission error values [38]. Then, the seven land 

use classes will be generalised into built-up and non-

built-up land classes as shown in Table 3. 

 

Table 3: LULC Classification 
 

No. Class LULC Classification 

1 Built-up land Residential buildings 

Non-residential buildings 

2 Non built-up land Bare land 

Agriculture land 

Agroforestry land 

Shrubland 
Water Body 

 

2.4 LULC Transition and Driving Factors Map 

From the LULC map, a transition map of LULC 

changes from 2013 to 2019 was then created. This 

transition map has two classes, namely changed and 

unchanged. Then, maps of the driving factors of 

built-up land expansion were created, consisting of 

10 factors, including distance to roads, distance to 

rivers, distance to educational facilities, distance to 

health facilities, distance to industrial areas, distance 

to commercial facilities, distance to existing built-up 

land, population density, elevation, and slope. The 

driving factors used in this study were selected based 

on their relevance to the urban expansion process as 

reported in previous land-use change studies [23] 

[24] and [25], as well as the availability and spatial 

consistency of data for the study area. These factors 

represent physical and accessibility-related 

characteristics that may influence the likelihood of 

land conversion into built-up areas. Topographic 

variables such as slope and elevation were included 

because terrain conditions affect the feasibility of 

urban development. Accessibility-related variables, 

including distance to roads and distance to facilities, 

were selected because areas with better accessibility 

tend to attract more development. In addition, 

population density was considered to represent 

socio-economic pressure that may drive urban 

expansion. 

The driving factors were analysed using Cramer's 

V test, which can describe the strength of the 

relationship between the driving factors and land use 

transition based on the Chi-square (χ²) statistical 

value of the independence test. The Cramer's V value 

ranges from 0 to 1, and the relationship between the 

two variables is stronger if the value is closer to 1 

[39]. If the Cramer’s V values range between 0.15 

and 0.4, the variables are considered to have a 

moderate influence on land-use changes and are 

deemed acceptable. Values greater than 0.4 indicate 

a strong association between land-use change 

patterns and driving variables, whereas variables 

with values below 0.15 are excluded from the model 

due to weak relationships [40]. 

The selected driving factors were tested for 

multicollinearity to determine the correlation 

between the factors used. Multicollinearity occurs 

when two or more independent variables are highly 

correlated, which can affect the stability and 

reliability of regression coefficients. To detect 

multicollinearity among the driving factors, the 

Variance Inflation Factor (VIF) and tolerance values 

were calculated. VIF is derived from the coefficient 

of determination (R²) obtained by regressing each 

explanatory variable against the remaining variables. 

A VIF value close to 1 indicates no correlation 

among variables, while values greater than 5 indicate 

potential multicollinearity. The tolerance value, 

defined as the reciprocal of VIF, indicates 

multicollinearity when it is lower than 0.1–0.2 [41]. 

 

2.5 Transition Potential Map 

A transition potential map is a map that shows the 

probability of each pixel changing from non-built-up 

land to built-up land. Transition potential maps have 

pixel values ranging from 0 to 1, where pixels with 

values closer to 1 have a higher probability of 

change. Transition potential maps are created using 

pixel values from driving factor maps and LULC 

transition map. In this analysis, sample points were 

determined using stratified random sampling. 

Transition potential maps were created using four 

machine learning models, including logistic 

regression, SVM, MLP, and RF. Transition potential 

maps were generated using the R programming 

language in the RStudio environment, which was 

used to implement the machine learning models and 

perform spatial data processing. 

 

2.5.1 Logistic regression 

Logistic regression is a model that analyses the 

relationship between several independent variables 

and several dependent variables that are categorical. 
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This model can estimate the probability of an event 

occurring by entering training data into a logistic 

curve [42]. A transition potential map is created with 

the driving factor value as the independent variable 

and LULC transition as the dependent variable. The 

logistic regression used is binary logistic regression 

because the dependent variable used only consists of 

two categories, namely changed and unchanged. 

Logistic regression produces coefficient values that 

indicate the magnitude of each driving factor's 

influence on LULC transition and the probability of 

LULC transition for each pixel [43]. The probability 

of transition is calculated using Equation 3: 

 

1 1 2 2 ... p pp X X X   = + + + +  

Equation 3 

Where: 

        p = probability of a grid cell having a LULC  

              transition 

        α = constant value 

       X = influencing factor 

      β = coefficient of driving factor X 

 

 

2.5.2 Support Vector Machine (SVM) 

Support Vector Machine is a supervised learning 

method that maps input vectors to a higher-

dimensional space and then separates the data using 

a hyperplane based on maximum margin [44]. In 

creating a transition potential map using SVM, 

driving factors are used as predictor variables and 

LULC transitions are used as target variables. The 

basic principle of SVM is to project data into a high-

dimensional space through a kernel to separate 

classes with maximum distance or margin using a 

hyperplane. The SVM used in this study uses a radial 

basis function kernel. The kernel in SVM is a way of 

calculating the similarity between data in a high-

dimensional space without calculating the 

coordinates of that space [45]. The RBF kernel 

calculates the proximity of data using Equation 4: 

 

( )2
( , ) expi j i jK x x x x= − −  

Equation 4 

Where: 

        xi, xj = two data points 

∥ xi−xj∥ 2 = euclidean squared distance between  

                     two points 

             γ = parameters that regulate the width  

                  of influence 

 

The RBF kernel works by calculating the K value for 

each pair of data points that indicate their proximity 

in space. Then, the kernel value projects the data into 

infinite-dimensional space where linear separation 

occurs. SVM then uses the kernel value to determine 

the hyperplane that can maximise the distance 

between classes. The SVM model was optimized 

through hyperparameter tuning using 5-fold cross-

validation. The tuning process evaluated the 

regularization parameter (C) and the kernel 

parameter (sigma), which control the trade-off 

between model complexity and classification error as 

well as the influence range of the kernel function. 

The optimal parameter combination obtained from 

the tuning process was C = 0.5 and sigma = 

0.252574, which produced the best model 

performance and was therefore used in the final SVM 

model. The trained SVM model is then used to 

calculate the probability value of change in each 

pixel in the image. SVM calculates probabilities by 

converting margins into probabilities, a process 

known as plat scaling [46]. This method adjusts the 

logistic function to the margin results using Equation 

5: 
 

( )
1

1|
1 exp( ( ) )

P y x
Af x B

= =
+ +

 

Equation 5 
 

Where: 

      f(x) = margin value of SVM  

A and B = parameters estimated from validation  

                 data 

 

2.5.3 Multilayer Perceptron (MLP) 

MLP is a type of feedforward neural network that has 

several layers, consisting of an input layer, a hidden 

layer, and an output layer [47]. In creating a 

transition potential map using the MLP model, 

driving factors are used as predictor variables and 

LULC transitions as target variables. MLP analyses 

data using a simple neural network with an input 

layer consisting of driving factors of built-up land 

expansion. The process is carried out by randomly 

initialising the weights for each connection between 

neurons. Then, forward propagation is carried out 

with a sigmoid activation function. Next, the error is 

calculated, followed by back propagation by 

calculating the error derivative against the weights 

and updating the weights so that the error decreases 

[48]. Iteration is carried out until the minimum error 

is achieved. The MLP model was optimized using a 

grid search approach with 5-fold cross-validation to 

determine the optimal hidden layer size. Several 

candidate values (1, 3, 5, and 7) were evaluated 

during the tuning process. The results indicated that 

a hidden layer size (size) of 1 produced the best 

model performance and was therefore selected for 

the final MLP model. The trained MLP model is then 

used to calculate the probability value of change in 
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each pixel in the image. Probability calculations are 

performed using the sigmoid function, which will 

produce a probability value of change ranging from 

0 to 1 [49]. The sigmoid function changes the values 

produced by the output layer using Equation 6: 

 

1

1 z
y

e−
=

+
 

Equation 6 

Where: 

       y = probability of change 

       e = Euler number (~2.71828) 

       z = result of the output layer 

 

2.5.4 Random Forest (RF) 

RF is an ensemble method based on decision trees, in 

which this method constructs many trees consisting 

of random subsets of samples and features. The trees 

are constructed by creating subsets of training 

samples through a bagging approach [50]. Each tree 

will be trained with a different subset of data and 

produce its own decision. RF model parameters were 

optimized by tuning the mtry parameter using a grid 

search approach with 5-fold cross-validation. Several 

candidate values were evaluated, and the optimal 

parameter was selected based on the highest 

classification accuracy, resulting in mtry  5 for the 

final model. The number of trees (ntree) was set to 

500 to ensure stable and robust prediction 

performance. Decision making is based on majority 

voting, where each tree will give a decision and the 

class that receives the most votes will be selected as 

the final decision [51]. In creating a transition 

potential map using the RF model, driving factors are 

used as predictor variables and LULC transitions as 

target variables. The driving factor values of each 

pixel are entered into each tree in the forest, then each 

tree will predict whether the class will change or 

unchanged. Next, the final probability value is 

calculated by dividing the number of trees that 

predict change by the total number of trees [52]. The 

resulting probability value will range from 0 to 1. 

 

2.6 Transition Probability Matrix 

The transition probability matrix for built-up and 

non-built-up land classes was created using a Markov 

chain. Markov Chain is a statistical method used to 

calculate the probability of transition of land cover 

classes from one type to another based on historical 

data [53]. Markov chain can calculate the probability 

of one land use class changing to another within a 

certain period of time based on two land use maps 

from different times [54]. In this study, a Markov 

chain was used to calculate the probability of non-

built-up land changing to built-up land in 2025 based 

on LULC maps from 2013 and 2019. The Markov 

chain calculated the transition probability by 

counting the number of pixels in each class in the first 

and second years. Then, the probability is calculated 

by dividing the number of pixels that changed from 

the initial class to the final class by the total initial 

pixels of the initial class. Each probability value is 

then used to construct a transition probability matrix 

[55]. Probability values range from 0 to 1, where the 

closer the probability value is to 1, the greater the 

likelihood of change [56]. The probability matrix 

represents the likelihood of land use change over a 6-

year period, from 2013 to 2019, and is used to model 

changes over the next 6 years, from 2019 to 2025.  

Furthermore, the probability matrix and the number 

of pixels in each class in 2019 are used to predict the 

number of pixels in each class in 2025 using 

Equation 7: 
 

St+1 = St·P 

Equation 7 
 

Where : 

S(t+1) = prediction of the number of pixels in   

            each class in the future, i.e. t+1 

   P = transition probability matrix 

   St = number of pixels in each class at time t 

 

2.7 LULC Change Simulation Using CA-Markov 

Simulation of LULC changes was carried out using a 

cellular automata model.  Cellular automata (CA) is 

a dynamic system, where space is represented by a 

grid of uniform cells, each of which can be in one of 

a limited number of states. The state of each cell 

evolves over time according to a set of transition 

rules that depend on the states of its neighbouring 

cells [57]. The basic components of cellular automata 

consist of cell space, cell state, neighbourhood, 

transition rules, and time steps [58]. Simulations 

were conducted to predict LULC changes in 2025 

based on LULC maps from 2013 and 2019. In this 

study, a raster of LULC classification results with a 

cell size of 15x15 m was used. The neighbourhood 

filter used was the Moore neighbourhood filter, 

which is a 3x3 neighbourhood filter that considers 8 

neighbouring pixels around the central pixel. 

Simulation of LULC changes using CA was 

conducted using two main inputs: a transition 

probability matrix derived from a Markov Chain and 

transition potential maps generated using four 

machine learning models, namely logistic regression, 

SVM, MLP, and RF. The transition probability 

matrix estimates the quantity of land-use changes 

between classes over time, while the machine 

learning models generate transition potential maps 

representing the probability of each cell being 

converted into built-up areas based on the analyzed 

driving factors.   
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Figure 2: Flow chart on model comparison in predicting built-up land expansion 

 

The transition potential maps were subsequently 

integrated into the CA–Markov framework to guide 

the spatial allocation of land-use changes. In this 

process, the Markov chain determines the expected 

amount of land-use transition, whereas the CA 

component allocates these changes spatially based on 

neighborhood rules and transition suitability derived 

from the machine learning models. Cells with higher  

 

 

transition potential values have a greater likelihood 

of being converted during the simulation process. 

Through this integration, the model can simulate 

both the quantity and spatial distribution of future 

LULC changes. Each machine learning model 

produced a separate transition potential map, which 

was then used within the CA–Markov simulation to 

evaluate the effectiveness of different models in 

predicting spatial patterns of LULC change.  
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The combination of transition probability matrix 

from Markov Chain and transition potential maps 

from four machine learning models is then used by 

cellular automata to predict built-up land expansion 

in Magelang City and its peri urban areas in 2025. 

This simulation also uses disaster-prone areas as a 

constraint area, consisting of flood-prone and 

landslide-prone areas. The use of disaster-prone 

areas as a constraint means that built-up land 

development will only be simulated in areas that are 

not prone to disasters. The use of constraints aims to 

ensure that predictions form an ideal pattern and 

support sustainable development. 

 

2.8 Accuracy Assessment 

Accuracy assessment of LULC change simulation 

results was conducted to determine the extent to 

which the model built could represent actual 

conditions in the field. Accuracy testing was 

conducted to determine the model's ability to 

represent built-up land expansion in Magelang City 

and its peri-urban areas. Accuracy testing can be 

conducted in two ways, namely the accuracy of the 

quantity of change and the accuracy of the location 

of change. The accuracy test was conducted using 

two inputs, consist of the results of the simulation of 

built-up land expansion Magelang City in 2025 from 

the four models and the existing built-up land map in 

Magelang City in 2025 obtained from the results of 

multispectral classification of Landsat 9 OLI-2 pan-

sharpened imagery.  

The accuracy test for the quantity of change can 

be performed using overall accuracy. Overall 

accuracy is calculated by comparing the percentage 

of correctly classified pixels with the total number of 

pixels in the image[59]. This calculation is conducted 

by comparing the simulation prediction results with 

the existing built-up land map in 2025.  The result 

will be a percentage that shows the extent to which 

the simulation results can represent the development 

of built-up land in Magelang City. Meanwhile, the 

location accuracy test is carried out by calculating the 

figure of merit (FOM). FOM shows the percentage 

of overlap between the predicted change area and the 

existing change area. FOM ranges from 0 to 100%, 

where the higher the FOM, the better the model's 

performance in representing the location of built-up 

land development [60]. FOM was selected as the 

main evaluation metric because it measures the 

agreement between observed and simulated land-use 

changes by focusing specifically on areas where 

changes occur. Unlike overall accuracy, which can 

be influenced by large areas of unchanged land, FOM 

evaluates the model's ability to correctly predict 

spatial changes. Therefore, it provides a more 

appropriate measure for assessing the performance of 

land-use change simulations. FOM is calculated 

using three components, namely hits, misses, and 

false alarms using Equation 8: 

 

Hits
FOM

Hits Misses False alarms
=

+ +
 

Equation 8 
 

Where: 

                Hits = number of pixels predicted to  

                           change and actually change 

           Misses = number of pixels predicted not to  

                           change but actually change 

 False alarms = number of pixels predicted to change  

                          but do not actually change 

 

3. Result and Discussion 

3.1 LULC Classification 

The 2013, 2019, and 2025 LULC classification maps 

were classified using the random forest method with 

pan-sharpened Landsat imagery. LULC in 2013, 

2019, and 2025 changed over time. The LULC 

classification maps are presented in Figure 3. All 

LULC classes except water body experienced 

changes in area over time. The change in area for 

each LULC class is presented in Figure 4. The largest 

increase in area was in residential buldings, with an 

increase of 526.77 ha from 2013 to 2019 and a further 

increase of 242.96 ha by 2025. Nonresidential 

buildings increased by 30.17 ha from 2013 to 2019 

and then by 9.56 ha by 2025. Meanwhile, agriculture 

land increased by 322.58 ha from 2013 to 2019 and 

then increased by 435.92 ha by 2025. Agroforestry 

land decreased by 1,218.04 ha from 2013 to 2019 and 

then increased by 1,273.64 ha by 2025. The LULC 

that decreased was shrubland, which increased by 

373.57 ha from 2013 to 2019 and then decreased by 

1,159.76 ha by 2025. The largest decrease in LULC 

was in bare land, which decreased by 33.89 ha from 

2013 to 2019 and will decrease by 802.42 ha by 2025. 

The LULC map shows that residential and non-

residential buildings are concentrated in the central 

part, which is the Magelang City area. Meanwhile, 

agriculture land, agroforestry land, and shrubland are 

widely spread across the peri-urban areas 

surrounding Magelang City. Agriculture land is 

mostly found in the western part, which is part of the 

Bandongan District. Agroforestry land is mostly 

found in the south-eastern part, which is part of the 

Candimulyo District. This shows that the Magelang 

City area is mostly dominated by built-up land, while 

the surrounding peri-urban areas are still dominated 

by non-built-up land. The peri-urban area, which is 

still dominated by non-built-up land, allows for the 

expansion of built-up land from Magelang City to the 

surrounding areas. 
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Figure 3: Land Use Land Cover (LULC) Map of: (a) 2013, (b) 2019, (c) 2025 

 

 
 

Figure 4: LULC area between 2013, 2019, and 2025 
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Gains, losses, and net changes in each LULC class 

are presented in Table 4. Residential buildings had 

the largest net change from 2013 to 2019 at 2.09%, 

indicating that residential buildings increased 

significantly in area and contributed significantly to 

LULC changes. Then, from 2019 to 2025, residential 

buildings had a positive net change of 0.96%, 

indicating that residential buildings in Magelang City 

and its peri-urban areas increased over time. This 

shows that Magelang City and its surrounding areas 

experienced a large percentage increase in residential 

buildings over time. Furthermore, non-residential 

buildings also had a positive net change of 0.12% 

from 2013 to 2019 and 0.04% from 2019 to 2025. 

This indicates that non-residential buildings also 

increased, but their contribution was not as 

significant as residential buildings. Bare land had a 

net change of -0.13% from 2013 to 2019 and -3.18% 

from 2019 to 2025. This shows that the area of bare 

land is decreasing over time. Agriculture land 

increased in area with a net change of 1.28% from 

2013 to 2019 then increased from 2019 to 2025 with 

a net change of 1.73%. This indicates that the area of 

agriculture land increased. Agroforestry land 

decreased in area from 2013 to 2019 with a net 

change of -4.83% but then increased from 2019 to 

2025 with a net change of 5.05%. This shows that the 

area of agroforestry land is increasing over time. 

Shrubland increased in area with a net change of 

1.48% from 2013 to 2019 but then decreased with a 

net change of -4.60% from 2019 to 2025. This shows 

that LULC changes in Magelang City and its peri-

urban areas are dynamic. Meanwhile, water body did 

not experience any gain or loss, so the net change was 

0. 

The accuracy of the LULC classification results 

was tested against the actual LULC classes using a 

confusion matrix. A total of 120 samples were used 

for the accuracy test. The confusion matrix shows the 

overall accuracy, user accuracy, and producer 

accuracy values presented in Table 5. Overall 

accuracy increased from year to year, from 90.83% 

in 2013 to 91.67% in 2019 and 93.33% in 2025. This 

also occurred in the kappa value, which increased 

from 0.88 to 0.89 and then further to 0.91. This 

increase could have occurred because the quality of 

Landsat images improved from year to year so that 

LULC classification could be carried out with higher 

accuracy. Overall accuracy in all three years showed 

fairly good results, as it was above 90%. LULC 

classification results can be used for further analysis 

if they have a minimum accuracy of 85% [61]. The 

LULC classification results in this study can be used 

for further analysis because they already meet this 

requirement. 

 

Table 4: Gain, loss, and net change for each LULC classification 
 

LULC 

2013-2019 2019-2025 

Gain  

(%) 

Loss  

(%) 

Net Change 

(%) 

Gain 

(%) 

Loss 

(%) 

Net Change 

(%) 

Residential Buildings 2.17 -0.8 2.09 0.99 -0.03 0.96 

Non Residential Buildings 0.13 -0.01 0.12 0.04 0 0.04 

Bare Land 1.20 -1.33 -0.13 0.14 -3.32 -3.18 

Agriculture Land 7.63 -6.35 1.28 5.08 -3.35 1.73 

Agroforestry Land 3.00 -7.83 -4.83 5.55 -0.5 5.05 

Shrubland 2.21 -0.73 1.48 0.26 -4.86 -4.60 

Water Body 0 0 0 0 0 0 

 

Table 5: User accuracy, producer accuracy, overall accuracy, and Kappa value  

for each LULC classification 
 

LULC 
2013 2019 2025 

UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) 

Residential Buildings 100.00 87.50 100.00 88.89 100.00 100.00 

Non-Residential Buildings 80.00 100.00 100.00 100.00 100.00 100.00 

Bare Land 71.43 83.33 80.00 100.00 80.00 80.00 

Agriculture Land 82.50 91.67 90.48 86.36 93.02 88.89 

Agroforestry Land 97.62 89.13 90.24 94.87 92.50 94.87 

Shrubland 100.00 100.00 83.33 100.00 80.00 100.00 

Water Body 100.00 100.00 100.00 100.00 100.00 100.00 

Overall Accuracy (%) 90.83 91.67 93.33 

Kappa Values (%) 0.88 0.89 0.91 
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Based on the accuracy evaluation results, each LULC 

class showed generally high classification 

performance throughout the observation years. The 

residential buildings class had consistently high UA 

and PA, even reaching 100% in 2019 and 2025, 

which demonstrated the model's excellent ability to 

recognise residential buildings. The non-residential 

buildings class also showed perfect accuracy in 2019 

and 2025, indicating no pixel recognition or omission 

errors. In the bare land class, the 2013 accuracy (UA 

71.43%, PA 83.33%) showed that there were still 

commission and omission errors, although 

performance improved in subsequent years. The 

agriculture land class maintained high accuracy with 

UA and PA above 80%, reflecting stable 

classification in agricultural areas. The agroforestry 

land class had the highest UA and PA throughout the 

year (>90%), indicating excellent class separation. 

For shrubland, accuracy decreased in 2019 (UA 

83.33%), but PA remained at 100% in 2025, 

indicating that no shrubland pixels were missed but 

that pixels from other classes were misclassified as 

shrubland. Meanwhile, water body consistently had 

100% UA and PA throughout the year, indicating 

that water body are the most easily recognisable 

class. Overall, this pattern shows that most classes 

have excellent accuracy, with minor variations in 

certain classes that are more prone to classification 

errors. The LULC classification results were 

generalised into two classes, consisting of built-up 

land and non-built-up land. Residential and non-

residential buildings were classified as built-up land, 

while other LULC was classified as non-built-up 

land. The maps of built-up land in 2013, 2019 and 

2025 are presented in Figure 5. Built-up land 

increased in area from year to year, growing from 

2,674.35 ha in 2013 to 3,231.29 ha in 2019.  

 

 
 

Figure 5: Built-Up and Non Built-Up land map of (a) 2013, (b) 2019, and (c) 2025 
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Figure 6: Built-Up and Non Built-Up area 

between 2013, 2019, and 2025 

 

Then, in 2025, it will increase to 3,483.81 ha. 

Meanwhile, the area of non built-up land has 

decreased over time, from 22,555.2 ha in 2013 to 

21,998.27 ha in 2019. Then, in 2025, it decreased to 

21,745.76 ha. The graph showing changes in built-up 

and non-built-up land areas is presented in Figure 6. 

The reduction in non-built-up land area was due to 

the conversion of LULC from non-built-up land to 

built-up land. This shows that in Magelang City and 

its peri-urban areas, there has been an increase in the 

area of built-up land over time, indicating the 

expansion of built-up land.  

However, the rate of increase in built-up land 

declined significantly from the period 2013 to 2019 

to the period 2019 to 2025. From 2013 to 2019, there 

was an increase in built-up land area of 556.94 ha, 

while from 2019 to 2025 there was only an increase 

of 252.52 ha. This shows that during the period from 

2013 to 2019, the annual growth rate of built-up land 

was 3.47%. However, in the period from 2019 to 

2025, the annual growth rate decreased to 1.3%. This 

phenomenon may be due to the limited availability of 

land over time. If more lands are developed into 

built-up areas, the availability of potential land for 

development with flat slopes and strategic locations 

will decrease. In addition, the COVID-19 pandemic 

from 2020 to 2022 was also a key factor in this 

slowdown. The COVID-19 pandemic caused 

economic uncertainty, a decline in construction 

activity, and delays in housing projects. This 

certainly had a significant impact on the drastic 

slowdown in the addition of built-up land. In 

addition, the increase in built-up land occurred more 

in peri-urban areas than in Magelang City. From 

2013 to 2025, there was an increase in built-up land 

area of 710.62 ha in peri-urban areas. Meanwhile, in 

Magelang City, there was only an increase in built-

up land area of 98.84 ha. This is due to the limited 

availability of land near the city centre, resulting in 

more built-up land development occurring in the 

surrounding peri-urban areas. The peri-urban area 

that experienced the most expansion of built-up land 

was Mertoyudan Subdistrict, located in the southern 

part. This may be influenced by Mertoyudan 

District's position as a residential centre in Magelang 

Regency and its conditions that are conducive to 

development. Mertoyudan District has a low slope 

and elevation, is close to the main road, and is close 

to the city centre and public facilities. This will 

encourage development in Mertoyudan District to be 

faster than other peri-urban areas around Magelang 

City. 

The land-use transition analysis from non built-

up land to built-up land is presented in Table 6. 

During the period 2013–2019, agriculture land 

represented the largest source of newly developed 

built-up areas, suggesting that urban growth largely 

occurred through the transformation of productive 

land surrounding existing settlements. In contrast, 

during the period 2019–2025, the conversion of bare 

land and agroforestry land became more dominant, 

while the contribution of agriculture land decreased. 

This shift indicates a change in the pattern of urban 

expansion, where development increasingly occurred 

on previously unused or less intensively managed 

land rather than on agriculture areas. Overall, the 

results indicate that the availability of convertible 

land types plays an important role in shaping the 

pattern of built-up expansion in the study area. 

 

3.2 Driving Factors Map 

This study utilised 10 driving factors of built-up land 

expansion, including distance to roads, distance to 

rivers, distance to educational facilities, distance to 

health facilities, distance to industrial areas, distance 

to commercial facilities, distance to existing built-up 

land, population density, elevation, and slope. Maps 

of all driving factors are presented in Figure 7. 

Driving factors in the form of distance to objects 

were calculated using Euclidean distance in metres. 

Meanwhile, the population density map was created 

using polygon to raster. The Cramer's V values for 

each driving factor are presented in Table 7.  
 

Table 6: Land Use transition matrix 
 

Land Use Type Converted to Built-up (2013–2019) (ha) Converted to Built-up (2019–2025) (ha) 

Agriculture Land 367.04 52.29 

Bare Land 96.21 110.61 

Agroforestry Land 101.19 89.24 

Shrubland 58.64 33.21 

Water Body 0.00 0.00 
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Figure 7: Driving factors map, (a) Distance to roads, (b) Distance to rivers, (c) Distance to educational 

facilities, (d) Distance to health Facilities, (e) Distance to commercial facilities, (f) Distance to industrial 

areas, (g) Distance to existing built-up areas, (h) Population density, (i) Elevation, and (j) Slope 
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Table 7: Cramer’s V values for each driving factors 
 

Driving Factor Cramer’s V 

Distance to Road 0.195 

Distance to River 0.151 

Distance to Educational Facilities 0.157 

Distance to Health Facilities 0.176 

Distance to Commercial Facilities 0.048 

Distance to Industrial Areas 0.156 

Distance to Existing Built Up Areas 0.418 

Population Density 0.198 

Elevation 0.151 

Slope 0.151 

 

Table 8: Multicollinearity test results for each driving factors 
 

Driving Factor Tolerance VIF 

Distance to Road 0.857 1.167 

Distance to River 0.915 1.093 

Distance to Educational Facilities 0.805 1.243 

Distance to Health Facilities 0.273 3.661 

Distance to Industrial Areas 0.424 2.360 

Distance to Existing Built Up Areas 0.546 1.833 

Population Density 0.697 1.434 

Elevation 0.317 3.156 

Slope 0.546 1.327 

 

The driving factors were tested using Cramer's V to 

determine the influence of each factor on LULC 

change from built-up to non-built-up land. The 

driving factor with the highest Cramer's V value is 

distance to existing built-up land, with a value of 

0.4184. A driving factor can be categorised as good 

if it has a value greater than 0.4. This shows that 

distance to existing built-up land has a significant 

influence on LULC change. This is because new 

built-up land tends to be built near existing built-up 

land [62]. Another factor that also has a significant 

influence on the development of built-up land is 

population density, with a Cramer's V value of 

0.1982. This is because population growth tends to 

drive the development of built-up land as a result of 

increasing housing needs Areas with high population 

densities have greater potential to experience LULC 

changes from non-built-up to built-up land [63]. 

Driving factors can be used in modelling if they 

have a value greater than 0.15. All driving factors 

except distance to commercial facilities have values 

greater than 0.15 and can therefore be used for further 

analysis. This indicates that most of the driving 

factors used in this study have an influence on built-

up land expansion in Magelang City and its peri-

urban areas. However, there is one factor, distance to 

commercial facilities, which has a value of less than 

0.15, which has a value of 0.0475. This indicates that 

this factor cannot be used for further analysis and 

must therefore be eliminated. The small Cramer's V 

value indicates that distance to commercial facilities 

does not have a significant influence on LULC 

changes from non-built-up land to built-up land. 

These results indicate that there are only 9 driving 

factors that will be used in modelling. 

Before being included in the modelling process, 

the driving factors were tested for multicollinearity 

to avoid highly correlated variables that could affect 

the stability and reliability of the model. 

Multicollinearity was evaluated using the Variance 

Inflation Factor (VIF) and tolerance values. The 

results of the multicollinearity test in Table 8 show 

that all driving factors have VIF values below 5 and 

tolerance values above 0.2. This indicates that there 

is no significant multicollinearity among the driving 

factors used in the modelling. In other words, the 

selected variables do not have strong linear 

relationships with one another and therefore can 

independently contribute to explaining the spatial 

variation of built-up land expansion. Ensuring the 

absence of multicollinearity improves the robustness 

of the modelling process and allows each driving 

factor to provide meaningful information in 

predicting the transition potential to built-up areas. 

 

3.3 Transition Potential Map 

Transition potential maps were created using logistic 

regression, SVM, MLP, and RF models in R Studio. 

Each model analysed the relationship between 

driving factors and LULC change in different ways, 

resulting in different outputs. The transition potential 

map shows the probability of a pixel changing from 

non-built-up land to built-up land. The value ranges 

from 0 to 1, where the closer the value is to 1, the 
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greater the likelihood that the pixel will change to 

built-up land. The transition potential maps created 

using the four models are presented in Figure 8. The 

results show that the transition potential maps created 

using each model have different pixel value ranges 

but remain within the range of 0 to 1. The largest 

range is owned by the random forest model with 

values between 0 and 0.996. Meanwhile, the smallest 

range is possessed by the MLP model with a value 

range between 0.12459 and 0.735342.  

 

 
 

Figure 8: Transition potential map, (a) Logistic regression, (b) SVM, (c) MLP, and (d) RF 
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The differences in the transition potential maps 

across the four models are also reflected in the 

distribution of pixel values. In the logistic regression 

map, pixels with high probability values are 

predominantly concentrated in the city centre, 

particularly along the main road. In contrast, pixels 

with low probabilities are dispersed across the 

Bandongan in the western part and Candimulyo 

subdistricts in the south-eastern part, where 

agroforestry is the dominant land use. In the SVM 

transition potential map, high-probability pixels are 

more widely scattered throughout Magelang City in 

the centre part and Mertoyudan subdistrict in the 

southern part, while low-probability pixels are fewer 

and distributed across Bandongan in the western part, 

Tegalrejo in the eastern part, and Candimulyo in the 

south-eastern part. Similarly, in the MLP transition 

potential map, high-probability pixels are 

extensively distributed in Magelang City in the 

centre part, Mertoyudan in the southern part, and 

Secang Districts in the northern part. Conversely, 

Bandongan, Tegalrejo, and Candimulyo Districts are 

largely dominated by low-probability pixels, with 

values approaching zero. In the RF transition 

potential map, high-probability pixels are less 

numerous compared to the other models and are 

primarily located near the main roads. Meanwhile, 

low-probability pixels are widely distributed across 

areas characterized by agroforestry land use, 

particularly in Bandongan, Tegalrejo, and 

Candimulyo subdistricts. 

In all four maps, it can be observed that pixels 

with high probability values tend to be located in the 

Magelang City and Mertoyudan District areas. This 

may be influenced by several factors, including their 

proximity to the city centre, existing built-up areas, 

main roads, industrial areas, and public facilities such 

as educational and health facilities. In addition, areas 

in both regions also tend to have low elevation and 

slope. Built-up land tends to be developed on land 

with low elevation and slope because it has better 

carrying capacity for development. Land with high 

elevation and slope has higher surface runoff, which 

increases the risk of flooding and landslides, making 

it unsuitable for development [64]. 

 

3.4 Simulated Built-Up Map 

Transition potential maps created using logistic 

regression, SVM, MLP, and RF models are 

integrated with transition probability matrices 

created with Markov Chain to predict the 

development of built-up land in Magelang City and 

its peri-urban areas using cellular automata. The map 

of the simulated development of built-up land is 

presented in Figure 9. The map of the simulated 

development of built-up land shows different results 

for the four models. The differences are shown in the 

distribution of built-up land pixels between models. 

The logistic regression and MLP models show 

simulation results indicating that the development of 

built-up land is more concentrated in the Magelang 

City area near the city centre. This is evidenced by 

highly dense built-up land pixels within the city. 

Meanwhile, SVM and random forest show 

simulation results of built-up land development that 

is more spread out across the peri urban areas 

surrounding Magelang City. 

Each model also produced different simulation 

results regarding the increase in built-up land area. 

The logistic regression model indicated that by 2025, 

Magelang City and its surrounding areas would have 

a built-up land area of 3,412.78 hectares. Meanwhile, 

the SVM model indicated a larger built-up land area 

of 3,439.67 hectares. Meanwhile, the MLP model 

also indicates a larger built-up area compared to the 

previous two models, covering 3,483.25 hectares. 

Furthermore, the random forest model indicates the 

largest built-up area, covering 3,587.69 hectares. The 

differences in area produced by each model are 

influenced by how each model constructs the 

transition potential map. Logistic regression 

produces the smallest predicted area because it is 

linear and conservative, thus only assigning high 

probability values to areas that very clearly meet the 

criteria. This results in a more limited number of 

eligible cells, leading to the smallest area. 

Meanwhile, SVM can capture non-linear 

relationships between driving factors and changes in 

land use using an RBF kernel, resulting in a greater 

number of pixels with high probability values 

compared to logistic regression. Furthermore, MLP 

has the ability to model complex relationships 

between driving variables and changes in land use, 

resulting in a more flexible and extensive distribution 

of pixel probability values. Meanwhile, RF works by 

combining numerous decision trees, thereby tending 

to assign high potential values to a greater number of 

pixels, so that the resulting area is maximised. 

The map of simulated built-up land development 

was then tested against the existing built-up land map 

for 2025 to obtain the best model with the highest 

accuracy. The accuracy test was carried out using 

two methods, consisting of overall accuracy to 

measure the accuracy of quantitative changes and 

figure of merit (FOM) to measure the accuracy of 

location changes. FOM is calculated using three 

aspects, namely hits, misses, and false alarms. The 

distribution map of hits, misses, and false alarms in 

the four models is presented in Figure 10. The results 

of the accuracy and FOM tests are shown in Table 9. 

The logistic regression model has an overall accuracy 

of 98.3% and an FOM of 9.7%.  
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Figure 9: Simulated built-up map, (a) Logistic regression, (b) SVM, (c) MLP, and (d) RF 

 

The SVM model has an overall accuracy of 98.4% 

and an FOM of 15.3%. The MLP model has an 

overall accuracy of 98% and an FOM of 7.4%. The 

RF model has an overall accuracy of 97.4% and an 

FOM of 2.9%. These results indicate that the SVM 

model has the highest accuracy because it has a 

higher overall accuracy and FOM than the other three 

models. Meanwhile, the model with the lowest 

accuracy is RF because it has a lower overall 

accuracy and FOM than the other three models.  
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Table 9: Overall accuracy and FOM of logistic regression, SVM, MLP, and RF models 
 

Model 
LR  

(%) 

SVM 

(%) 

MLP 

(%) 

RF 

(%) 

Overall Accuracy 98.3 98.4 98.0 97.4 

Figure of Merit 9.7 15.3 7.4 2.9 

 

 

 
 

Figure 10: Distribution map of hits, misses, and false alarms: 

(a) Logistic regression, (b) SVM, (c) MLP, (d) RF 
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These findings underscore the importance of 

evaluating both the quantitative and spatial accuracy 

of land use prediction models. While overall 

accuracy reflects the model’s ability to reproduce the 

correct amount of built-up land, the Figure of Merit 

(FOM) provides a more stringent assessment by 

measuring the overlap between predicted and actual 

locations of change. A higher FOM indicates that the 

model not only predicts the correct quantity of 

change but also allocates it to the correct spatial 

locations, which is critical for urban planning and 

land management applications. The superior 

performance of the SVM model suggests that it is 

more effective in capturing the spatial dynamics of 

urban expansion in Magelang City and its 

surrounding peri-urban areas. This may be attributed 

to SVM’s ability to handle complex and non-linear 

relationships between LULC transitions and driving 

factors, particularly when the RBF kernel is used. 

Therefore, the SVM model is recommended as the 

most suitable approach for simulating future built-up 

land development in this Magelang City and its peri-

urban areas, particularly when spatial precision is 

essential for policy making, infrastructure planning, 

and environmental impact assessments. 

 

4. Conclusion 

This study shows that LULC changes occurred in 

Magelang City and its peri-urban areas between 2013 

and 2025. Residential buildings, non-residential 

buildings, agriculture land, and agroforestry land 

increased in area over time. Meanwhile, bare land 

and shrubland decreased in area over time. The 

results also show that there was an expansion of 

built-up land in Magelang City and its peri-urban 

areas from 2013 to 2025, from 2,674.35 ha to 

3,483.81 ha. The annual growth rate of built-up land 

decreased from the 2013 to 2019 period to the 2019 

to 2025 period, which may be due to the limited 

availability of land. In addition, built-up land 

expansion occurred more in peri-urban areas than in 

Magelang City. 

This study predicts built-up expansion using CA-

Markov integrated with four models, namely logistic 

regression, SVM, MLP, and RF. The driving factors 

of built-up land expansion are determined using 

Cramer's V analysis, and it is found that the factor 

that has a significant influence is the distance to 

existing built-up areas. Meanwhile, the factor with 

the smallest influence is the distance to commercial 

facilities, and this factor was not included in the 

modelling because it had a value of <0.15. The built-

up expansion prediction shows that logistic 

regression, SVM, MLP, and RF models can be used 

to construct transition potential maps as input for 

CA-Markov and produce relatively good accuracy. 

The model with the highest accuracy is SVM with an 

overall accuracy of 98.4% and FOM of 15.3%. These 

results indicate that the SVM model is the most 

suitable model to use in predicting built-up land 

expansion in Magelang City and its peri-urban areas 

because it has the highest accuracy.  

 

5. Limitation 

This study still has several limitations that can be 

improved in future research. One limitation of this 

study is that the modelling framework focuses 

primarily on predicting the expansion of built-up 

areas. Consequently, transitions among other land-

use types, such as agriculture, forest, or bare land, 

were not explicitly simulated. While this approach 

allows the study to focus on urban expansion 

dynamics, it may not fully capture the complexity of 

overall land-use change processes. Another 

limitation is that the model does not incorporate 

socio-economic factors that may influence built-up 

land expansion, such as land prices, distance to 

workplaces, regional income distribution, and land 

ownership status. Future studies could address these 

limitations by incorporating multi-class land-use 

transitions and integrating socio-economic variables 

into the modelling framework to provide a more 

comprehensive representation of land-use change 

dynamics. 
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