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Abstract. Land cover changes reflect the pressure of development and 
increased human activities that have an impact on environmental 

imbalance. As a strategic coastal city, Tanjungpinang faces challenges 

in maintaining the sustainability of its regional ecosystem. This study 
aims to analyze the dynamics of land cover changes and predict their 

conditions until 2043 using remote sensing technology and geographic 

information systems (GIS), incorporating Cellular Automata and 

logistic regression methods. The results of the study showed that land 
cover changes between 2003 and 2023 increased built-up area by 27.15 

km² and decreased Vegetation by 14.02 km². Bare Land increased by 

1.45 km² at the beginning of the period, then reduced to a total of 12.74 
km². Water bodies decreased by 0.39 km². Predictions for 2043 

indicate that built-up area increased by 5.12 square kilometres, while 

Vegetation decreased by 6.33 square kilometres. Bare land increased 

by 1.34 km², while water bodies declined by 0.14 km². This pattern 
indicates a trend of converting vegetative land into built-up areas due 

to the increasing demand for regional space. 
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1. Introduction 
Land cover changes in various regions are the result of complex interactions between human activities 

and natural systems, where urbanization, land conversion, and infrastructure development are the 
main factors driving this transformation [1]. Population growth and rapid economic growth have 

created tremendous pressure on land availability, while the need for space for settlements, industrial 
areas, and infrastructure continues to increase in the face of limited available land, thus encouraging 

land conversion from natural conditions to built-up regions [2]. The impact of this change is not only 
seen in the physical transformation of the surface but also disrupts the balance of the ecosystem by 

affecting water flow patterns and microclimate conditions and causing various environmental 
problems such as increased surface runoff, decreased soil absorption capacity, and disruption of the 

sustainability of natural habitats [3]. 
Tanjungpinang City, as the capital of the Riau Islands Province, has experienced rapid 

development over the last few decades, marked by an increase in population and a growing need for 
housing, infrastructure, and supporting facilities such as transportation, trade centres, and public 

spaces [4]. However, the progress of a city does not always have a uniformly positive impact. Behind 
the physical and economic growth, various adverse environmental impacts have emerged [5]. One of 

the most significant impacts is the massive conversion of land use, especially the conversion of green 
open spaces into built-up areas [6]. This condition results in a decline in environmental quality marked 

by a reduction in air catchment areas, an increased risk of accumulation and flooding, and an increase 
in surface temperatures due to the effects of urban heat. Rapid changes in land cover without 
sacrificing effective spatial control also trigger conflicts over the use of space, ecosystem degradation, 

and the loss of the city's ecological function. The similarity between physical development and 
environmental preservation reflects the weak integration of poverty principles in city planning [7]. As 

a coastal city that has a strategic role in supporting regional growth, Tanjungpinang faces serious 
challenges related to the dynamics of land cover changes [8]. These changes not only impact local 

environmental conditions but also affect environmental dynamics at the regional level. Therefore, a 
comprehensive understanding of land cover change trends is required, including pattern analysis and 

predictions of future changes as a basis for making appropriate decisions in preparing sustainable 
spatial plans [9]. 

Studies on land use changes in Tanjungpinang City have been conducted in previous studies, such 
as the study [10], which focuses on the development of residential areas and land use predictions using 

the Land Change Modeler (LCM) based on secondary data in the form of land use maps. Unlike 
previous studies, this study utilizes primary data in the form of Landsat satellite imagery, interpreted 

using the Maximum Likelihood Classification (MLC) method, to produce a multitemporal land cover 
map. This approach provides a more accurate and objective representation of the spatial conditions of 

the area. Furthermore, this study integrates the Cellular Automata (CA) method and logistic 
regression to model land cover changes spatially and temporally until 2043, which aligns with the 

planning period in the Tanjungpinang City RTRW 2024–2044. 
This study aims to analyze land cover changes and predict future land cover conditions in 

Tanjungpinang City by utilizing remote sensing technology and Geographic Information Systems 
(GIS) [11]. The combination of the two technologies provides a strong ability to analyze the dynamics 

of land cover changes, considering various factors that influence them [12]. The driving factors 
considered in this study include road networks, built-up areas, slope gradients, elevations, rivers, and 

population density. All of these factors play an important role in explaining land change patterns and 
are used as variables in predicting land cover conditions in Tanjungpinang City in 2043 [13]. For 

simulation and prediction purposes, the cellular automata (CA) method is used, which is known to be 
accurate in modelling spatial and temporal changes in the land [14]. This model has the advantage of 

producing accurate and dynamic spatial-temporal predictions and can effectively describe complex 
spatial phenomena. Additionally, the logistic regression method is employed to elucidate the 
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relationship between the dependent variable, represented by the land cover category, and the 

independent variables at both interval and categorical scales [15]. Analysis was conducted on Landsat 
satellite imagery data from 2003, 2013, and 2023 as a basis for predicting land cover conditions in 

2043. 
The research location is in Tanjungpinang City, Riau Islands, situated on the coast of Bintan 

Island. The city is located at coordinates 0°55′00″N – 1°10′00″N and 104°23′00″E – 104°35′00″E. 

Geographically, the boundaries of Tanjungpinang City include the Natuna Sea to the north, Bintan 
Regency to the east and west, and the Natuna Sea and Bintan Regency to the south. Tanjungpinang 

City has an area of approximately 150 km², consisting of four sub-districts [16]. 
 

 
Figure 1. Research area 

 

2. Materials and Methods 
This study utilizes several software tools to support the analysis and prediction of land cover changes 
through 2043. ArcGIS 10.8 and QGIS 3.34, along with the MOLUSCE (Modules for Land Use 

Change Evaluation) plugin, are utilized for spatial analysis and modelling land cover change. 
Microsoft Office 2019 is used in document processing and reporting. Additionally, Google Earth 

Engine (GEE) is utilized as a cloud-based platform for processing and analyzing satellite imagery data, 
supported by the JavaScript programming language, which is run online through the official Google 

Earth Engine page (https://earthengine.google.com/).  
The primary data in this study consists of Landsat 5 TM satellite imagery (2003) and Landsat 8 

OLI (2013 and 2023), which are used to identify land cover changes based on the observation period. 
Other supporting data include the Tanjungpinang City administrative map, the Indonesian 

Topographic Map (RBI), the National Digital Elevation Model (Demnas), road networks, river 
networks, and population data. All of these data serve as input in spatial analysis and land cover 

prediction modelling. 

https://earthengine.google.com/
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Figure 2. Framework diagram 
 

2.1 Pre-Processing 
The pre-processing stage is the initial step in processing Landsat satellite imagery before the primary 
analysis is carried out [17]. At this stage, radiometric correction is applied to improve the visual quality 

and accuracy of pixel spectral values. Furthermore, a cropping process is performed on the Landsat 
image to align with the boundaries of the research area. 

 

2.1.1 Radiometric Correction 
Radiometric correction in this study was performed using the Google Earth Engine (GEE) platform 

[18]. This correction process was applied to Landsat 5 Thematic Mapper (TM) and Landsat 8 
Operational Land Imager (OLI) images, which are the primary sources of remote sensing data in the 

study. Correction was carried out until it reached the Top of Atmosphere (TOA) reflectance stage, 
which is the stage of converting Digital Number (DN) values into reflectance values that describe the 

amount of reflected energy above the atmosphere. This step is crucial for enhancing the accuracy of 
spectral values, minimizing the impact of atmospheric disturbances, and ensuring that the data used 
has sufficient consistency and quality before proceeding with further analysis. 

 

2.1.2 Composite Band 
After Landsat 5 and Landsat 8 image data undergo radiometric correction to reach the Top of the 

Atmosphere (TOA) stage, a multispectral band merging process (composite band) is carried out [19]. 
This process aims to integrate information from each spectral channel into a single composite image 

that represents the characteristics of the Earth's surface objects more comprehensively, as well as to 
facilitate identification and interpretation. For Landsat 5-TM imagery, the composite is created using 

Bands 1 (blue), 2 (green), 3 (red), 4 (near-infrared), 5 (shortwave infrared 1), and 7 (shortwave infrared 
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2). Meanwhile, in Landsat 8-OLI imagery, Bands 1 (coastal), 2 (blue), 3 (green), 4 (red), 5 (near-

infrared), 6 (shortwave infrared 1), and 7 (shortwave infrared 2) are used. 
 

2.1.3 Clip/Cropping 
After the multispectral band merging process is complete, the next stage is to crop or cut the image. 
Cropping is done to limit the coverage area of satellite imagery to only the areas that are the focus of 

the research [20]. This step is used for data processing efficiency and to focus the analysis on relevant 
areas. The cropping process is carried out on Landsat 5-TM and Landsat 8-OLI images. Cropping is 

done based on the administrative boundaries of Tanjungpinang City. 
 

2.2 Land Cover Classification 
The land cover classification used in this study refers to the approach proposed by [26], which divides 
land cover into four main classes, namely water bodies, built-up land, Vegetation, and bare land. In 

this classification, each land cover class encompasses several types of land use that share similar 
physical characteristics and functions, as outlined in Table 1. These classifications are designed to 

simplify the analysis of satellite imagery by grouping similar land use types into broader, more 
manageable categories. For instance, the vegetation class may encompass forests, plantations, and 
grasslands, all characterized by the presence of dense or sparse vegetation cover. Built-up land 

encompasses residential areas, commercial zones, and infrastructure, including roads and buildings, 
reflecting human-altered landscapes. Water bodies comprise rivers, lakes, and coastal waters, while 

bare land typically refers to exposed soil, rocky surfaces, or areas with minimal Vegetation. This 
standardized classification enhances the consistency and comparability of land cover change analysis 

over time and across different regions. 
 

Table 1. Land cover classification 

Land Cover Description 

Water Body Rivers, wetlands, lakes, ponds and reservoirs 

Bare Land 
Vacant lands, open areas, sandy surfaces, and landfill or 

waste disposal areas 

Built-up Area 
Residential developments, commercial and industrial 

areas, and transportation infrastructure 
Vegetation Urban parks, tree cover, grasslands, and agricultural areas 

 

Land cover classification is done using the Supervised Classification approach. Supervised 
classification is a digital image processing method that identifies and categorizes pixels into specific 

classes based on their spectral characteristics [21] [22]. One commonly used approach is Maximum 
Likelihood Classification (MLC), which assumes that the spectral distribution of each class follows a 

pattern. This method determines pixel membership in a class based on the highest probability by 
utilizing statistical estimates, including mean vectors and covariance matrices, derived from training 

samples. The representativeness of the training data significantly influences the success of the 
classification, as inaccurate estimates can lead to less accurate classifications [23]. 

Land cover classification using the supervised classification method is carried out by manually 
determining the training area through visual interpretation of composite Landsat imagery, taking into 

account topographic map information [21]. The user selects representative areas for each land cover 
class, such as built-up areas, water bodies, Vegetation, and Bare land. From these areas, several pixels 

are selected as training samples based on the similarity of hue, colour, and texture [24]. These samples 
are then analyzed using the image to obtain the statistical information needed for the classification 

process. To ensure consistency and accuracy of the results, the training area is selected from an area 
with a high level of homogeneity [25]. 
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2.3  Land Cover Change Analysis 
Land Cover Change Analysis Using Overlay Techniques. Overlay techniques are a method in spatial 

analysis used to combine multiple layers of spatial data with the same geographic reference to produce 
new information. In the context of Geographic Information Systems (GIS), overlay techniques are 

used to identify spatial changes that occur over time in a systematic and structured manner [27]. 
In this study, the overlay technique was used to map land cover changes in two time periods, 

namely 2003–2013, 2013–2023, and 2003-2023. The overlay process was conducted in pairs for each 
period to identify spatial changes within each land cover class. Through this stage, information was 

obtained regarding land cover dynamics, which revealed shifts in land use classes over a specific 
period. 

 

2.4  Land Cover Prediction Analysis 
The selection of the Cellular Automata (CA) method, combined with logistic regression, in this study, 

is based on the data characteristics and analysis objectives that require a spatial-temporal predictive 
approach. With a long period of land cover observation, spanning 2003, 2013, and 2023, a method is 

needed that can capture patterns of change that occur gradually over the medium to long term. Logistic 
regression is used to identify and measure the influence of driving factors on land cover change. The 
results of this regression are in the form of change probabilities, which serve as the basis for modelling 

using Cellular Automata. CA functions to project changes dynamically by considering spatial 
proximity between cells. The combination of these two methods accurately captures the complexity 

of land changes over a long period of time. In the application, the Cellular Automata (CA) and 
Logistic Regression (LR) models are processed through the MOLUSCE plugin in QGIS 3.34 software 

[15, 28]. The CA model functions to represent the dynamics of land cover change in a geospatial 
context. At the same time, the LR method is used to identify statistical relationships between land 

cover and various driving factors, such as distance to roads, distance to rivers, population density, 
elevation, slope, and proximity to built-up areas. 

The prediction stage begins by using land cover data from 2003 and 2013 as a basis for modelling 
land cover projections for 2023. The prediction results are then validated for accuracy by comparing 

them to actual data from 2023, which measures the level of model accuracy based on the Kappa value. 
After validation shows acceptable results, the model will continue to project land cover changes until 

2043. The Kappa statistical test is used to evaluate the level of classification accuracy based on the 
error matrix. The Kappa coefficient value ranges from 0 to 1, is generally lower than the overall 

accuracy value, and can be calculated using the following formula [29]: 
 

 
The letter r indicates the number of rows in the matrix, xii is the number of observations in the 

i-th row and i-th column, while xi+ and x+i represent the total margin for the i-th row and i-th column, 
respectively. N refers to the total number of all observations. Model validation plays a crucial role in 

assessing the accuracy of prediction results [30]. The Kappa accuracy level falls within the range of 
values between 0 and 1 [29], as shown in Table 2. 

Table 2. Kappa value 

Kappa Value Classification 

< 0.20 Poor 

0.21 – 0.40 Fair 

0.41 – 0.60 Moderate 
0.60 – 0.80 Good 

0.81 – 1.00 Very Good 
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After the model shows an acceptable level of accuracy, the process continues by projecting land 

cover changes until 2043. In this study, the time interval from 2003 to 2013 spans 10 years, so one 
iteration in the model represents this period. Therefore, the land cover projection for 2043 is carried 

out through two consecutive iterations, namely from 2013 to 2023 (first iteration) and from 2023 to 
2043 (second iteration). All stages of prediction and this iteration process are carried out using the 

MOLUSCE plugin in QGIS software [31]. 
 

3. Results and Discussion 

3.1 Pre-Processing 
Landsat image pre-processing was carried out using the Google Earth Engine (GEE) platform with 
stages arranged to support land cover analysis. The steps taken include determining the study area 

(Region of Interest/ROI), selecting images based on their IDs, converting them to Top of Atmosphere 
(TOA) reflectance, compiling band composites, and exporting the processed images. This entire 

process was applied consistently to data from 2003, 2013, and 2023, ensuring that the results of the 
spatial analysis can be compared fairly and objectively. Figure 3 shows the script used in this process. 

2003 2013 2023 

   

Figure 3. Script pre-processing 

The results of the pre-processing stage are shown in Figure 4, which displays the output of Landsat 

imagery after undergoing radiometric correction, band compositing, and clipping and cropping 
according to the study area. This pre-processing provides an overview of the condition of Landsat 

image data, which is ready for further analysis related to land cover changes. 
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Figure 4. Landsat imagery map 

3.2 Land Cover Classification 
The land cover classification process is carried out by determining the training sample area. The more 
samples used, the better the accuracy of the classification results [32]. Sample determination is based 

on land cover categories, which include Water Bodies, Built-up Areas, Bare Land, and Vegetation. 
Class grouping is carried out through Landsat image interpretation based on a combination of bands, 

taking into account visual characteristics such as texture, colour, and pattern. 

Table 3. Land cover training sample area 

Land 

Cover 
Training Sample Area 

Band Combination 
Description 

L 5 TM L 8 OLI 

Water 

Body 

 

432 543 

The water body is a combination of waters 

in the form of rivers, lakes, and reservoirs, 

based on a combination of 543, which is 

pitch black with a smooth texture. 

Bare Land 

 

742 753 

Bare land is dry land that lacks elements of 
development or vegetation growth. Based 

on the combination of 753, it appears to be 

a light brown. 

Built-up 

Area 

 

245 
536 

 

Settlements are areas of built-up area that 
are close together and dense, based on the 

combination of 536 in blue. 

Vegetation 

 

742 753 

Vegetation is green land covered with 

forests, bushes, or gardens. In the 

combination of band 753, the vegetation 

area appears bright green. 
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The following process is to perform a Maximum Likelihood Classification (MLC) analysis based 

on the training category of land cover samples in Landsat images in 2003, 2013 and 2023, and a 
smoothing process is carried out on the classification results; the classification smoothing process aims 

to minimize the error value in the pixels being analyzed. The classification results on Landsat images 
in 2003, 2013, and 2023 are presented in Figure 5 

 

 
Figure 5: Classification results of landsat imagery for 2003, 2013, and 2023 

Based on the land cover classifications conducted in 2003, 2013, and 2023, the results obtained 
were that in 2003, the area of water bodies was recorded at 4.54 km² or approximately 3.02% of the 

total area. This area increased in 2013 to 4.88 km² (3.24%) but decreased again in 2023 to 4.15 km² 
(2.76%). The built-up area shows a significant increasing trend, namely from 11.34 km² (7.54%) in 

2003 to 25.34 km² (16.85%) in 2013, and continues to increase to reach 38.49 km² (25.59%) in 2023. 
Meanwhile, the area of bare land experienced a slight increase from 23.75 km² (15.79%) in 2003 to 

25.21 km² (16.76%) in 2013, but then decreased drastically to 11.02 km² (7.33%) in 2023. Meanwhile, 
the most significant land cover type, vegetation cover, experienced a decrease in the area from 110.75 

km² (73.64%) in 2003 to 94.96 km² (63.14%) in 2013. Although the vegetation area increased again to 
96.73 km² (64.32%) in 2023, the overall trend remained downward compared to the initial year of 

observation. 
 

Table 4. Land cover change in 2003, 2013, and 2023 

Land Cover 
2003 2013 2023 

Area (Km2) Percentage (%) Area (Km2) Percentage (%) Area (Km2) Percentage (%) 

Water Body 4.54 3 4.88 3 4.15 3 

Built-up Area 11.34 8 25.34 17 38.49 26 

Bare Land 23.75 16 25.21 17 11.02 7 

Vegetation 110.75 74 94.96 63 96.73 64 

Total 150.38 100 150.38 100 150.38 100 
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Figure 6. Land Cover Change Graph for 2003, 2013, and 2023 

 

3.3 Land Cover Change 
Land cover changes observed from 2003 to 2013, 2013 to 2023, and overall from 2003 to 2023 reveal 
the dynamics of space use that reflect changes in regional conditions. The built-up area experienced 

the most significant increase [33], specifically 14.01 km² between 2003 and 2013 and 13.14 km² 
between 2013 and 2023, resulting in a total rise of 27.15 km² over the last two decades. In contrast, 
vegetation cover experienced a sharp decline of 15.79 km² in the first period, followed by a slight 

increase of 1.77 km² in the following decade [34]. Overall, vegetation coverage declined by 14.02 km² 
from 2003 to 2023. On bare land, there was an increase of 1.45 km² from 2003 to 2013, followed by a 

drastic decrease of 14.19 km² from 2013 to 2023, resulting in a total decline of 12.74 km² from 2003 
to 2023. This indicates that bare land emerged due to a decrease in Vegetation and was subsequently 

converted into a built-up area. Meanwhile, water bodies experienced small fluctuations, with an 
increase of 0.33 km² in the first decade, followed by a decrease of 0.72 km² in the subsequent decade. 

In total, there was a decline in water bodies of 0.39 km² over two decades, which, although small in 
quantitative terms, still reflects physical changes in the water elements in the area. 

Land cover changes in Tanjungpinang City exhibit a pattern consistent with the findings of studies 
in other coastal cities in Indonesia. For example, in Jayapura City, there has been a decrease in 

vegetation cover of up to 67.28% [35], which reflects the impact of development on the environment. 
Although the scale of change differs, both in Tanjungpinang and Jayapura, a similar trend is observed, 

namely the reduction of green areas due to increased development of built-up areas. This development 
pressure on the environment is not only a local issue but also a widespread problem that affects various 

coastal areas. This finding is also supported by the study of [36], which shows that coastal development 
in Java Island has caused massive conversion of natural Vegetation, including mangroves and 

wetlands, into built-up areas and supporting infrastructure. Thus, land cover changes in 
Tanjungpinang are part of a broader phenomenon related to development pressure in coastal areas in 

Indonesia. 
 

Table 5. Land cover change in 2003, 2013, and 2023 

Land Cover Year 2003 (Km2) Year 2013 (Km2) Year 2023 (Km2) 
Difference 2003 & 

2013 (Km2) 

Difference 2013 

& 2023 (Km2) 

Difference 2003 & 

2023 (Km2) 

Water Body 4.54 4.88 4.15 0.33 -0.72 -0.39 

Built-up Area 11.34 25.34 38.49 14.01 13.14 27.15 

Bare Land 23.75 25.21 11.02 1.45 -14.19 -12.74 

Vegetation 110.75 94.96 96.73 -15.79 1.77 -14.02 
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Figure 7. Land cover change map 2003-2013, 2013-2023 & 2003-2023 

3.4 Land Cover Prediction 
Land cover prediction in 2043 begins with a model accuracy test using data from 2003 and 2013 to 

predict conditions in 2023. The prediction results are validated against actual 2023 data using the 
Kappa Accuracy method as the basis for model feasibility. Once deemed feasible, the prediction is 

continued until 2043 through two iterations, each representing 10 years. 
 

 

Figure 8. Modelling Accuracy 
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The results of the 2023 land cover prediction validation, as shown in Figure 8, indicate an 

accuracy level of 84.58%, which falls within the "Very Good" category according to the Kappa value 
interpretation [29]. This suggests that the agreement between the prediction results and the actual data 

is very high. Thus, the predictive model used is considered reliable and can be trusted to project future 
changes in land cover [37]. This high level of accuracy is a strong basis for continuing predictions until 

2043. 
 

Table 6. Land cover change in 2003, 2013, and 2023 

Lann Cover Existing 2023 (Km2) Prediction 2023 (Km2) 

Water Body 4.15 5.14 

Built-up Area 38.49 35.42 

Bare Land 11.02 13.25 

Vegetation 96.73 96.57 

Total 150.38 150.38 

Kappa Accuracy 0.845859 

Kappa Accuracy (%) 84.58 

 

 

Figure 9. Maps of existing and predicted land cover 

Comparison between predicted results and actual land cover conditions in 2023. The Built-up 

Area category experienced a difference of 3.07 km², where the expected area was slightly lower than 
the exact area. For the Bare Land category, there was a difference of 2.23 km², with the predicted area 

being higher than the existing data. Meanwhile, Water Body showed a difference of 0.99 km², while 
Vegetation had the most minor difference, at 0.16 km², between the predicted results and actual 

conditions. 
The differences in area within each land cover class indicate that there is variation between the 

model's prediction results and reality in the field. However, overall, the Kappa value of 84.58% 
obtained from the validation process indicates that the model has excellent performance in simulating 

spatial patterns of land cover change [29]. This value provides a strong basis for continuing the land 
cover prediction process into the following years. 

 

Existing 2023 Prediction 2023 
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Figure 10. Land Cover Prediction Map for 2043 

 
Figure 11. Land cover change graph from 2023 to 2043 

Land cover predictions for 2043 show significant changes in several land cover categories 

compared to existing conditions in 2023. The Built-up Area category increased by 5.12 km², from 
38.49 km² to 43.61 km². This change signifies a substantial expansion of built-up areas, reflecting the 

trend of regional development toward urbanization and increased development activities, including 
settlements, public facilities, and infrastructure. In contrast, the Vegetation category decreased by 6.33 

km², from 96.73 km² to 90.40 km². This decrease indicates the conversion of vegetative land to other 
uses, which is most likely related to the increasing need for land for development.  

The Bare Land category showed an increase of 1.34 km², from 11.02 km² to 12.36 km². This 
could indicate the process of opening new land that has not been optimally utilized, which is likely 

related to development activities or the conversion of vegetative land [6]. Meanwhile, the Water Body 
cover experienced little change, decreasing by 0.14 km², from 4.15 km² to 4.01 km², reflecting the 

relative stability of the water area over the last 20 years. Overall, the results of this prediction provide 
an overview of the direction of land use changes, which are increasingly directed towards physical 

development, especially the expansion of built-up areas, that directly or indirectly affect the decline in 
vegetation area [28]. 
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The findings of this study provide an important contribution to supporting spatial planning 

policies, especially in coastal areas such as Tanjungpinang City. Information on land cover changes 
that have occurred and predictions for the period until 2043 can be used by local governments as a 

basis for compiling a more targeted Regional Transport and Regional Water (RTRW). This data can 
help identify areas experiencing high development pressure so that stricter environmental control or 

protection is needed. In addition, the results of this prediction are also helpful as a tool to anticipate 
long-term environmental impacts, such as reduced green open space and increased flood risk due to 

uncontrolled urbanization [38]. 
In terms of education, the results of this study can serve as a concrete example to illustrate the 

impact of development on the environment. This material is relevant for learning related to geography, 
environment, and regional and city planning. Visualization and analysis of land cover change data 

over time facilitate an understanding of the importance of maintaining a balance between development 
and environmental sustainability [39]. In addition, the predictive approach employed in this study also 

introduces the use of geospatial technology as an analytical tool that plays a crucial role in sustainable 
development planning.  

 
4. Conclusion 
Land cover changes in Tanjungpinang City from 2003 to 2023 exhibit significant spatial shifts. Built-
up land cover experienced the sharpest increase, from 11.34 km² (7.54%) in 2003 to 38.49 km² 

(25.59%) in 2023. This increase reflects the rapid process of urbanization and infrastructure 
development in response to population growth and economic activity. In contrast, vegetation cover 

decreased from 110.75 km² (73.64%) to 96.73 km² (64.32%), indicating pressure on the natural 
environment due to land conversion. Open land, which had increased to 25.21 km² in 2013, decreased 

again to 11.02 km² in 2023 due to its conversion into built-up areas. Waterbody cover is relatively 
stable, but the fluctuations that occur remain relevant as indicators of changes in coastal ecosystems. 

Predictions up to 2043 show a consistent trend of change, where built-up land is estimated to increase 
to 43.61 km², Vegetation decreases to 90.40 km², open land increases slightly to 12.36 km², and water 

bodies decrease to 4.01 km². Validation of the predictive model using 2023 data yielded an accuracy 
value of 84.58% with a Kappa value that falls within the "very good" category. This demonstrates that 

the approach employed (a combination of logistic regression and Cellular Automata) is effective in 
mapping land cover dynamics spatially and temporally. 

Scientifically, this study contributes to the development of a land use change prediction model 

based on multi-temporal spatial data that can be replicated for other areas. In terms of application, the 
results of this study can be utilized by local governments and stakeholders as a scientific reference in 

the preparation and review of the Tanjungpinang City Spatial Plan (RTRW). This spatial information 
can also be used to identify areas with high development pressure, allowing for more focused land 

conversion control and area protection. 
As a suggestion further research is suggested to integrate socio-economic dimensions and regional 

development policy directions as driving variables in the prediction model. In addition, the use of 
high-resolution satellite imagery and field survey data can improve the accuracy of the analysis and 

answer the need for more detailed spatial data in sustainable regional planning. 
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