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Abstract 
Land cover change is a global environmental issue driving the Urban Heat Island (UHI) effect, in which artificial surfaces experience 

higher temperatures than vegetated areas. Tanjungpinang City, the capital of the Riau Islands Province, has experienced rapid development 
driven by population growth, leading in the conversion of green spaces into settlements and infrastructure and increasing urban heat 
island (UHI) risks. This study analyzes changes in land cover and land surface temperature (LST) from 2003 to 2023 and examines their 
Correlation. Using Google Earth Engine (GEE), we processed Landsat and MODIS imagery and used correlation analysis to assess the 
relationship between land cover changes and land surface temperature (LST) dynamics. The results of the study indicate that during the 
2003–2023 period, Built-up Land experienced a significant increase of 27.15 km², which inversely correlated with a reduction in 
Vegetation area by 14.02 km². This transformation triggered an expansion of areas categorized under high and very high land surface 
temperatures in Tanjungpinang City. Correlation and regression analyses confirm a strong negative relationship between Vegetation and 
LST, underscoring vegetation's crucial role in reducing heat through shading and evapotranspiration. Conversely, Built-up Land shows a 
strong positive correlation with LST, highlighting its contribution as a primary driver of surface heat. Meanwhile, Water Bodies and Bare 
Land exhibit more varied influences with relatively minor impacts on overall urban temperature fluctuations. In general, this research 
concludes that the conversion of vegetated land to Built-up Land is the main factor driving increases in surface temperatures in 
Tanjungpinang City. These findings are expected to serve as a strategic foundation for the local government in evaluating spatial planning 
policies and prioritizing the integration of Green Open Spaces to achieve sustainable urban planning that is adaptive to climate change. 
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1. Introduction  

The dynamics of land cover change have become a 
critical issue in global environmental studies due to their 
significant role in degrading urban environmental quality 
(Ahmad et al., 2023). The conversion of natural land into 
built-up areas has been proven to directly contribute to 
increases in Land Surface Temperature (LST) (Rangel-
Peraza et al., 2024). LST is a crucial physical environmental 
parameter, as it represents the energy exchange between 
the Earth's surface and the atmosphere through heat 
storage and release mechanisms (Zhu et al., 2023). In the 
context of global climate change, LST monitoring is widely 
used as a primary indicator to understand surface 
responses to environmental changes at the local scale. 
Widespread and uncontrolled increases in LST may trigger 
the Urban Heat Island (UHI) effect, in which urban areas 
experience significantly higher temperatures than 
surrounding regions with natural or rural land cover (Kafy 
et al., 2021).  

Technically, the relationship between land cover change 
and LST is influenced by differences in physical properties 
and heat absorption capacities among land cover types 
(Vujovic et al., 2021). Natural surfaces, such as vegetation 
and water bodies, have high evapotranspiration capacity, 
which contributes to natural cooling despite their relatively 

low solar reflectance (Irawandani et al., 2018). In contrast, 
urbanization replaces vegetation with impervious surfaces 
such as concrete and asphalt, which have high heat-storage 
capacity and slowly release heat (Chatterjee & Majumdar, 
2022). These materials absorb solar energy during the day 
and gradually release it at night, allowing high 
temperatures to persist for more extended periods (S. W. 
Wang et al., 2021). This condition is further exacerbated by 
urban form and building density, which hinder air 
circulation and promote heat accumulation in highly 
developed areas (Voogt & Oke, 2003). 

Numerous studies have shown that landscape patterns 
and spatial structure strongly influence the spatial 
distribution of LST. Vegetation generally exhibits a strong 
inverse relationship with surface temperature, where 
higher vegetation density corresponds to lower surface 
temperatures (Guha & Govil, 2020). However, in tropical 
regions, surface heat levels are not solely influenced by 
vegetation but are also affected by air humidity and building 
density (Adeyeri et al., 2024). Such thermal imbalances 
result in decreased environmental comfort, increased 
energy consumption for cooling, and heightened risks of 
health-related issues (J. Wang et al., 2023; Ouria et al., 2025) 

Tanjungpinang City, as the capital of the Riau Islands 
Province, represents a relevant study area due to its coastal 
characteristics influenced by land–sea interactions. Land 
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and sea breeze mechanisms play a vital role in regulating 
temperature dynamics, making even minor land cover 
changes capable of significantly affecting land surface 
temperature fluctuations (Cheval et al., 2024). These 
conditions render Tanjungpinang City vulnerable to 
terrestrial heat accumulation that is not fully offset by 
natural cooling from sea breezes, thereby potentially 
intensifying the Urban Heat Island phenomenon. 
Furthermore, as a center of government and economic 
activity, Tanjungpinang City has experienced rapid changes 
in land use over the past two decades (Sudjana et al., 2024). 
This development has driven significant alterations in land 
cover, particularly through the conversion of green spaces 
into residential and built-up areas. Such changes not only 
reduce the availability of green open spaces, which play a 
crucial role in maintaining ecosystem balance, but also 
contribute to increased surface temperatures and overall 
environmental degradation (Jannah & Bioresita, 2023). The 
rise in surface temperatures resulting from land cover 
change has become an increasingly critical issue, especially 
in coastal areas, where urbanization and settlement 
expansion have been shown to intensify urban heat island 
effects and reduce urban thermal comfort (Siregar et al., 
2019). As a strategically important coastal city in the 
development of the Riau Islands Province, land cover 
change and rising surface temperatures in Tanjungpinang 
require serious attention, as these processes affect not only 
local environmental conditions but also regional climate 
dynamics (Zhu et al., 2023). Therefore, understanding how 
land cover change influences land surface temperature in 
Tanjungpinang City is essential. 

This study aims to analyze land cover change and 
surface temperature distribution in Tanjungpinang City 
using remote sensing and Geographic Information Systems 
(GIS), supported by statistical analysis as a quantitative 

approach to data interpretation. This methodology has 
been widely applied in previous studies and has proven 
effective for monitoring environmental changes across 
large spatial scales (Wahyudi et al., 2018). The primary data 
sources used in this study consist of Landsat and MODIS 
satellite imagery, which are analyzed using land cover 
classification techniques and Land Surface Temperature 
(LST) analysis. Specifically, this study seeks to identify land 
cover change patterns over 20 years, with analysis points in 
2003, 2013, and 2023. In addition, this research maps the 
distribution of surface temperatures by land cover type. It 
evaluates the relationship between land cover and surface 
temperature to understand the spatial Correlation between 
these two variables (Stamou et al., 2025). 

This study is expected to provide insights into the 
impacts of land cover change on surface temperatures in 
Tanjungpinang City, serving as a foundation for improved 
regional planning and environmental management. 
Furthermore, the findings are expected to offer valuable 
recommendations for local governments and relevant 
stakeholders in formulating more sustainable urban spatial 
planning policies that are adaptive to climate change and 
support mitigation and adaptation efforts in response to 
rising temperatures driven by land cover change 
(Alisjahbana & Murniningtyas, 2018). 

The study area is located in Tanjungpinang City, Riau 
Islands Province, along the coastline of Bintan Island 
(Figure 1). Geographically, it lies between 0°55′00″–
1°10′00″ N and 104°23′00″–the Natuna Sea borders 
104°35′00″ E. Tanjungpinang City to the north and south, 
and Bintan Regency to the east and west. Administratively, 
the city covers approximately 150 km² (BPS 
Tanjungpinang, 2023) and consists of four districts: Bukit 
Bestari, Tanjungpinang Barat, Tanjungpinang Kota, and 
Tanjungpinang Timur.(BPS Tanjungpinang, 2023). 

 

Fig 1. Research Area 

 

2.  Materials and Methods 

This research employed a laptop equipped with ArcGIS 
10.8 and QGIS 3.34 for spatial analysis, Microsoft Office 
2019 for document processing, and Google Earth Engine 
(GEE) for cloud-based geospatial analysis and visualization. 
Access to GEE was obtained through its official web 
platform (https://earthengine.google.com/), which allows 

users to conduct advanced remote sensing and geospatial 
data processing directly in the cloud using its integrated 
JavaScript and Python APIs. 

The datasets used in this study included Landsat 5 TM 
imagery (2003), Landsat 8 OLI imagery (2013 and 2023), 
MODIS imagery (2003, 2013, and 2023), the Tanjungpinang 
City Administrative Map, and the Indonesian Topographic 
Map (RBI). These datasets were selected for their relevance 

https://earthengine.google.com/


 
142  Afriadi, A., et al./ JGEET Vol 11 No 1/2026   
 

to the analysis of land cover change using remote sensing 
and GIS techniques. 
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Fig 2. Framework diagram 

 

2.1  Pre-Processing 
 

The pre-processing stage constitutes the initial step in 
Landsat satellite image processing, preceding the primary 
analysis. This phase involves radiometric correction to 
enhance visual quality and spectral pixel accuracy 
(Handayani et al., 2017), followed by cropping Landsat and 
MODIS imagery to match the study area boundaries. 
A. Radiometric Correction 

Radiometric correction was performed using Google 
Earth Engine (GEE) for both Landsat 5 Thematic Mapper 
(TM) and Landsat 8 Operational Land Imager (OLI) 
datasets. The correction process advanced to the Top of 
Atmosphere (TOA) reflectance level, converting Digital 
Number (DN) values into reflectance values that represent 
surface energy reflection above the atmosphere (Wulder et 
al., 2022). This critical step improves spectral accuracy, 
reduces atmospheric interference, and ensures data 
consistency for subsequent analysis. 
B. Band Compositing 

Following TOA reflectance correction, multispectral 
band compositing integrates spectral channels into a single 
composite image, providing a comprehensive 
representation of surface features and facilitating more 
straightforward interpretation (Kalamkar & Geetha Mary, 
2023). For Landsat 5-TM, bands 1 (blue), 2 (green), 3 (red), 
4 (NIR), 5 (SWIR-1), and 7 (SWIR-2) were combined. 
Landsat 8-OLI utilized bands 1 (coastal), 2 (blue), 3 (green), 
4 (red), 5 (NIR), 6 (SWIR-1), and 7 (SWIR-2). 
C. Resampling 

The difference in spatial resolution between land cover 
data derived from Landsat imagery, which has a spatial 
resolution of 30 meters (Alfiansyah et al., 2023), and Land 
Surface Temperature (LST) data from MODIS, with a spatial 
resolution of 1 kilometer (Yoo et al., 2020), requires a 
resolution harmonization step before further analysis. 
Therefore, a resampling process was applied during data 
pre-processing. The MODIS LST data, initially available at 1 
kilometer, were resampled to 30 meters to match the 
Landsat imagery resolution. This resampling was 
conducted in ArcMap 10.8 using bilinear interpolation, 

which is appropriate for continuous data such as land 
surface temperature. Bilinear interpolation calculates new 
pixel values as a weighted average of surrounding pixels, 
resulting in a smoother, more representative temperature 
surface (Livada et al., 2023). This resampling step aligns the 
spatial units of analysis between the LST and land cover 
data, enabling subsequent analyses to be conducted 
consistently. 
D. Image Cropping 

The final pre-processing step involved cropping the 
composited Landsat 5-TM, Landsat 8-OLI, and MODIS 
images using ArcMap 10.8 to focus exclusively on 
Tanjungpinang City's administrative boundaries, 
optimizing data processing efficiency and analytical 
relevance. 

2.2 Land Cover Classification and Land Surface 
Temperature Analysis 

A. Land Cover Classification 
 

Land cover classification was performed using a 
supervised classification approach. Supervised 
classification is a digital image processing method that 
identifies and categorizes pixels into specific classes based 
on their spectral characteristics (Egorov et al., 2015). A 
commonly employed technique is Maximum Likelihood 
Classification (MLC), which assumes that the spectral 
distribution of each class follows a distinct pattern. This 
method assigns pixel membership to a particular class 
based on the highest probability, using statistical estimates 
such as mean vectors and covariance matrices derived from 
training samples. The accuracy of classification heavily 
depends on the representativeness of the training data, as 
improper estimation can lead to less precise results (Lu et 
al., 2003). 

Land cover classification was performed using a 
supervised classification method, with training areas 
manually identified from visual interpretation of 
composited Landsat imagery, taking topographic map 
information into account. The user selected representative 
areas for each land cover class, such as built-up areas, water 
bodies, vegetation, and bare land (Moraes et al., 2024). 
From these areas, several pixels were chosen as training 
samples based on similarity in tone, color, and texture 
(Seyam et al., 2023; Farnaz et al., 2025). These samples 
were then analyzed on the imagery to obtain the statistical 
information required for the classification process. To 
ensure consistent and accurate results, training areas were 
selected from regions with high homogeneity. 
B. Land Surface Temperature (LST) classification 

Land Surface Temperature (LST) classification groups 
surface temperature distributions into several classes 
based on specific value ranges. The primary purpose of this 
classification is to facilitate spatial analysis of heat 
distribution across a given area (Kurniantoro et al., 2023). 

The classification process is carried out through 
reclassification steps based on pixel temperatures from 
MODIS satellite imagery for 2003, 2013, and 2023. These 
temperature values are then categorized into five classes. 

Table 1. Classification & Value LST (Ally et al., 2024) 

Classification Value LST 
Class 1 < 250 C 
Class 2 25,10 C - 280 C 
Class 3 28,10 C - 300 C 
Class 4 30,10 C - 320 C 
Class 5 > 32,10 C 
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2.3  Analysis of Land Cover Change and LST Change 

Analysis of Land Cover Change and Land Surface 
Temperature (LST) Change Using the Overlay Technique. 
The overlay technique is a spatial analysis method that 
combines multiple spatial data layers with the same 
geographic reference to generate new information (Zhao et 
al., 2019). In the context of Geographic Information Systems 
(GIS), overlay techniques are used to systematically and 
structurally identify spatial changes that occur over time 
(Anasiru, 2016; Hermosilla et al., 2022). 

In this study, the overlay technique was used to map 
land cover changes and Land Surface Temperature (LST) 
changes across two time periods: 2003-2013 and 2013-
2023. The overlay process was conducted pairwise for each 
period to identify spatial changes in each land cover class. 
Through this process, information was obtained regarding 
land cover dynamics, revealing shifts in land use classes 
within specific areas over time (Rosandi et al., 2024). 

The exact process was applied to LST data that had 
previously been classified. Subsequently, overlay analysis 
was performed for both periods. The results show the 
spatial distribution of areas experiencing either increases 
or decreases in surface temperature. 

2.4  Analysis of the Influence of Land Cover Change on 
Land Surface Temperature 

Analysis of the Influence of Land Cover Change on Land 
Surface Temperature Using Statistical Approaches. The 
study employs two main statistical approaches: correlation 
analysis and regression analysis, aimed at understanding 
the relationship between land cover variables and Land 
Surface Temperature (LST) (Noviani et al., 2024). The study 
was conducted separately for each observation year (2003, 
2013, and 2023) to examine the dynamics and patterns of 
variable relationships across periods independently. 
A. Correlation Analysis 

Correlation analysis was used to assess the strength of 
association between land cover and LST for each year. This 
analysis does not infer causation but instead evaluates the 
direction and strength of the relationship between 
variables (Eboy & Kemarau, 2023). 

(𝒙, 𝒚) =  
𝒏 ∑ 𝒙𝒚−∑ 𝒙 ∑ 𝒚

√[𝒏 ∑ 𝒙𝟐−(∑ 𝒙)𝟐][𝒏 ∑ 𝒚𝟐− (∑ 𝒚)𝟐]

 (1)  

r = Correlation Coefficient 
x = Independent Variable 
y = Dependent Variabel  
n = Banyaknya Pengamatan 

The value of r indicates a positive relationship if an 
increase in one variable is followed by a rise in the other, a 
negative relationship if an increase in one variable is 
followed by a decrease in the other, and a value close to zero 
if no linear relationship exists between the variables. In 
short, the correlation coefficient helps determine both the 
direction and strength of the relationship between two 
variables (Alexander, 2020). Additionally, the magnitude of 
r reflects the strength of this relationship: values between 
0.00 and 0.199 are considered very weak, 0.20 and 0.39 as 
weak, 0.40 and 0.59 as moderate, 0.60 and 0.79 as strong, 
and 0.80 and 1.00 as very strong (Table 2). 

Table 2. Correlation Coefficient Criteria (Siregar et al., 2019) 

Correlation coefficient Classification 
0,00 – 0,199 Very Weak 
0,20 – 0,399 Weak 
0,40 – 0,599 Moderate 
0,60 – 0,799 Stong 
0,80 – 1,000 Very Strong 

B. Regression Analysis 
Regression analysis was used to statistically model the 

influence of land cover changes on Land Surface 
Temperature (LST) for each observed year (Nurwanda & 
Honjo, 2020). This model not only examines the 
relationships between variables but also quantifies the 
contribution of each land cover class, such as built-up areas, 
vegetation, water bodies, and bare land, to local surface 
temperature (LST) values. Through this analysis, we can 
identify which land cover class has the most significant 
impact on annual changes in surface temperature. 

The regression results reveal the extent to which each 
land cover class contributes to variations in surface 
temperature, providing a clearer understanding of the 
relationship between land cover changes and surface 
temperature patterns in Tanjungpinang City. 

𝑌 =  𝑎 + 𝑏𝑋    (2) 

Y = Dependent Variable 

X = Independent Variable 

a = Constant (intercept) 

b = Regression Coefficient (Slope) 

3.  Results & Discussion 

3.1  Pre-Processing 

Pre-processing of Landsat and MODIS imagery was 
performed using the Google Earth Engine (GEE) platform 
(https://earthengine.google.com/). Landsat data 
processing included defining the Region of Interest (ROI), 
selecting imagery based on temporal criteria, converting 
data to Top of Atmosphere (TOA) reflectance, generating 
band composites, and exporting the processed images. This 
workflow was consistently applied for the observation 
years 2003, 2013, and 2023. For MODIS imagery, pre-
processing involved defining the ROI, determining the 
observation period, and calculating annual mean Land 
Surface Temperature (LST) values. Figure 3 presents a 
representative GEE script illustrating the processing 
workflow. The complete set of Google Earth Engine scripts 
used in this study is available at https://bit.ly/4bqR4it.  

 
Fig 3. Script Pre-Processing 

The results of the pre-processing stage are shown in 
Figure 4, which displays the image output after radiometric 
correction, band compositing, and clip/cropping. This pre-

https://earthengine.google.com/
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processing provides an overview of the data condition, 
which is now ready for further analysis of both Landsat and 
MODIS imagery. 

 
Fig 4. Landsat and MODIS Imagery Map 

3.2  Land Cover Classification and LST Classification 

A. Land Cover Classification 
The land cover classification process was carried out 

by defining training sample areas. The greater the number 
of samples used, the higher the classification accuracy 
(Kausarian et al., 2023). Sample selection was based on land 
cover categories, including Water Bodies, Built-Up Areas, 
Bare Land, and Vegetation. Class grouping was performed 
through Landsat image interpretation using band 
combinations, taking into account visual characteristics 
such as texture, color, and pattern (Farnaz et al., 2025). 

Table 3. Land cover training sample Area 

 

The subsequent process involved conducting Maximum 
Likelihood Classification (MLC) analysis based on land 
cover training sample categories for Landsat imagery from 
2003, 2013, and 2023. A classification smoothing process 
was then applied to minimize pixel-level errors in the 
analysis. The final classification results for all three years 
(2003, 2013, and 2023) are presented in Figure 5. 

Based on land cover classifications conducted in 2003, 
2013, and 2023, the results show that in 2003, the area of 
water bodies was 4.54 km², accounting for 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%). Built-up land exhibited a significant increasing 

trend, from 11.34 km² (7.54%) in 2003 to 25.34 km² 
(16.85%) in 2013, and continued to rise to 38.49 km² 
(25.59%) in 2023. Meanwhile, bare land increased slightly 
from 23.75 km² (15.79%) in 2003 to 25.21 km² (16.76%) in 
2013, but then declined sharply to 11.02 km² (7.33%) in 
2023. Vegetation cover, which represented the largest land 
cover category, decreased from 110.75 km² (73.64%) in 
2003 to 94.96 km² (63.14%) in 2013. Although the 
vegetation area increased slightly to 96.73 km² (64.32%) in 
2023, the overall trend still indicates a decline compared to 
the initial year of observation. 

 
Fig 5. Classification results of Landsat imagery for 2003,  

2013 and 2023 

Table 4. Land Cover Change in 2003, 2013, and 2023 

Year Land Cover Area (Km²) 
Percentage 

(%) 

2003 

Water Bodies 4.54 3.02 
Built-up Land 11.34 7.54 

Bare Land 23.75 15.79 
Vegetation 110.75 73.64 

Total 150.38 100.00 

2013 

Water Bodies 4.88 3.24 
Built-up Land 25.34 16.85 

Bare Land 25.21 16.76 
Vegetation 94.96 63.14 

Total 150.38 100.00 

2023 

Water Bodies 4.15 2.76 
Built-up Land 38.49 25.59 

Bare Land 11.02 7.33 
Vegetation 96.73 64.32 

Total 150.38 100.00 

 
Fig 6. Land Cover Change Graph for 2003, 2013, and 2023 

B. Land Surface Temperature (LST) classification 
The Land Surface Temperature (LST) classification was 

performed by reclassifying MODIS image pixel values into 
five temperature categories (Zhang et al., 2022). The first 
class, designated as very low temperature, comprises 
values below 25°C. The second class (low temperature) 
ranges from 25.1°C to 28°C. The third category, classified as 
moderate temperature, encompasses values between 
28.1°C and 30°C. Subsequently, the high temperature class 
covers the range from 30.1°C to 32°C. Finally, the 
exceptionally high temperature category includes all values 
exceeding 32°C. 



 
Afriadi, A., et al./ JGEET Vol 11 No 1/2026 145 

 

 
Fig 7. Classification results of the Land Surface Temperature (LST)  

for 2003, 2013, and 2023 

Based on the classification results of Land Surface 
Temperature (LST) in 2003, 2013, and 2023, there has been 
a significant dynamic change in surface temperature over 
the past two decades. In 2003, the very low temperature 
class (<25 °C) covered 31.55 km², but declined to 15.58 km² 
in 2013, before increasing again to 20.66 km² in 2023. The 
low temperature class (25.1–28 °C) showed an increase 
from 50.31 km² in 2003 to 66.25 km² in 2013, but then 
decreased to 50.98 km² in 2023. Meanwhile, the moderate 
temperature class (28.1–30 °C) experienced a sharp decline 
from 49.57 km² in 2003 to 30.07 km² in 2013, with a slight 
increase to 34.60 km² in 2023. The high-temperature class 
(30.1–32 °C) exhibited a significant upward trend, 
increasing from 7.22 km² in 2003 to 25.92 km² in 2013, and 
remained relatively stable in 2023 at 25.95 km². The very 
high temperature class (>32°C) also showed a gradual 
increase, from 11.73 km² in 2003 to 12.55 km² in 2013, and 
further to 18.19 km² in 2023. Overall, these results suggest 
a consistent trend of increasing land surface temperatures. 

Table 5. Temperature Changes in 2003, 2013, and 2023 

Year LST (°C) Description 
Area 

(Km²) 
Percentage 

(%) 

2003 

<25 °C Very Low 31.55 20.98 
25.1 - 28 °C Low 50.31 33.46 
28.1 - 30 °C Moderate 49.57 32.96 
30.1 - 32 °C High 7.22 4.80 

> 32 °C Very High 11.73 7.80 
Total 150.38 100.00 

2013 

< 25 °C Very Low 15.58 10.36 
25.1 - 28 °C Low 66.25 44.06 
28.1 - 30 °C Moderate 30.07 20.00 
30.1 - 32 °C High 25.92 17.24 

> 32 °C Very High 12.55 8.35 
Total  150.38 100.00 

2023 

< 25 °C Very Low 20.66 13.74 
25.1 - 28 °C Low 50.98 33.90 
28.1 - 30 °C Moderate 34.60 23.01 
30.1 - 32 °C High 25.95 17.25 

> 32 °C Very High 18.19 12.10 
Total 150.38 100.00 

    

 
Fig 8. Temperature Change Graph for 2003, 2013, and 2023 

3.3 Changes in Land Cover and Land Surface 
Temperature (LST) 

 

A. Land Cover Change 
Land cover changes observed during the periods 

2003–2013, 2013–2023, and the entire span from 2003 to 
2023 reflect dynamic patterns of spatial utilization and 
significant transformations in the physical landscape of the 
study area. The most notable change occurred in built-up 
land, which increased by 14.01 km² between 2003 and 
2013 and by 13.14 km² from 2013 to 2023. This growth 
amounts to a total increase of 27.15 km² over the last two 
decades, indicating rapid urbanization and development, 
likely driven by population growth, infrastructure 
expansion, and socio-economic development. In contrast, 
vegetation cover declined sharply by 15.79 km² during the 
first decade, followed by a modest recovery of 1.77 km² 
between 2013 and 2023. Despite this slight regrowth, the 
overall reduction in vegetation cover reached 14.02 km², 
highlighting ongoing ecological pressure from land 
conversion and reduced green space. 

Bare land exhibited a different trend. It initially 
increased by 1.45 km² from 2003 to 2013, likely due to 
deforestation or land clearing activities. However, over the 
following decade, bare land decreased by 14.19 km², 
resulting in a net reduction of 12.74 km². This pattern 
suggests that areas once left exposed were subsequently 
developed into built-up zones. Meanwhile, water bodies 
experienced only minor fluctuations, increasing slightly by 
0.33 km² in the first decade and decreasing by 0.72 km² in 
the second. Overall, water bodies declined by 0.39 km², a 
relatively small but notable change, indicating alterations in 
aquatic systems potentially due to land reclamation, 
sedimentation, or climate-related factors. Together, these 
trends illustrate the spatial and ecological transformation 
of the landscape, shaped by both anthropogenic pressures 
and natural processes (Bogaert et al., 2014).

 

Table 6. Land Cover Area Difference 

Land Cover 
Year Year Year difference difference difference 

2003 2013 2023 2003 & 2013 2013 & 2023 200 &  2023 

Water Bodies 4.54 4.88 4.15 0.33 -0.72 -0.39 

Built-up Land 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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Fig 9. Land Cover Change Map 2003, 2013, & 2023 

A more detailed examination at the district scale 
indicates that land cover changes exhibit diverse spatial 
patterns, reflecting differences in regional functions and 
development intensity among districts. Bukit Bestari 
District experienced a consistent increase in built-up land, 
from 3.93 km² (9%) in 2003 to 7.23 km² (16%) in 2013, and 
further expanding to 10.11 km² (22%) in 2023. This growth 
was accompanied by a substantial decline in vegetation 
cover during the initial period, decreasing from 36.13 km² 
(80%) to 26.60 km² (59%). Although vegetation cover 
partially recovered in 2023 to 29.54 km² (66%), Bukit 
Bestari remains an area under considerable urbanization 
pressure, while still retaining relatively better green space 
potential compared to districts with higher levels of built-
up development. 

In contrast, Tanjungpinang Barat District has been 
dominated by built-up land since the early period of 
observation. In 2003, built-up areas accounted for 77% of 
the district, rising to 90% in 2013 and 91% in 2023. 
Vegetation cover in this district is minimal and relatively 
stagnant, remaining at approximately 9–14% over the two-
decade period. The very high dominance of built-up land 
characterizes this district as the urban core, with a mature 
level of urbanization and a limited capacity to mitigate 
environmental impacts associated with intensified urban 
activities. 

Meanwhile, Tanjungpinang Kota District exhibits more 
moderate land cover changes. Built-up land increased 

gradually from 1.29 km² (3%) in 2003 to 3.70 km² (9%) in 
2023. Vegetation remained the dominant land cover type, 
accounting for more than 75% of the area throughout the 
study period, despite minor fluctuations. This condition 
suggests that Tanjungpinang Kota District has maintained a 
balance between urban development and vegetation cover, 
potentially contributing to greater stability in surface 
environmental conditions. 

The most dynamic changes occurred in Tanjungpinang 
Timur District, where built-up land expanded sharply from 
2.62 km² (4%) in 2003 to 11.49 km² (19%) in 2013, and 
increased further to 20.56 km² (33%) in 2023. This 
expansion coincided with a decline in vegetation cover from 
41.65 km² (68%) to 35.17 km² (57%). These patterns 
indicate that Tanjungpinang Timur has emerged as a new 
urban expansion zone, characterized by intensive land 
conversion from vegetated and open areas into built-up 
land (Saputri et al., 2025). Overall, the inter-district 
variation in land cover change confirms that urbanization 
processes within the study area are spatially uneven, and 
differences in land cover structure play a critical role in 
explaining spatial variations in land surface temperature 
(Mohamed et al., 2025). A summary of land cover 
distribution and dynamics across districts is presented in 
Table 7, while the spatial patterns of land cover change are 
illustrated in Figure 10. 

Table 7. Land Cover Change by District 

Year Land Cover 

Bukit Bestari 
District 

Tanjungpinang 
Barat District 

Tanjungpinang 
Kota District 

Tanjungpinang 
Timur District 

Area 
(Km²) 

Percen
tage 
(%) 

Area 
(Km²) 

Percen
tage 
(%) 

Area 
(Km²) 

Percen
tage 
(%) 

Area 
(Km²) 

Percen
tage 
(%) 

2003 

Water Bodies 1,07 2% 0,03 1% 1,55 4% 1,90 3% 
Built-up Land 3,93 9% 3,50 77% 1,29 3% 2,62 4% 
Bare Land 3,81 8% 0,36 8% 4,34 11% 15,25 25% 
Vegetation 36,13 80% 0,65 14% 32,31 82% 41,65 68% 
Total 44,94 100% 4,53 100% 39,49 100% 61,42 100% 

2013 

Water Bodies 1,31 3% 0,01 0% 1,65 4% 1,91 3% 
Built-up Land 7,23 16% 4,09 90% 2,53 6% 11,49 19% 
Bare Land 9,80 22% 0,03 1% 5,35 14% 10,02 16% 
Vegetation 26,60 59% 0,41 9% 29,95 76% 38,00 62% 
Total 44,94 100% 4,53 100% 39,49 100% 61,42 100% 

2023 

Water Bodies 1,02 2% 0,00 0% 1,48 4% 1,65 3% 
Built-up Land 10,11 22% 4,12 91% 3,70 9% 20,56 33% 
Bare Land 4,28 10% 0,00 0% 2,69 7% 4,04 7% 
Vegetation 29,54 66% 0,41 9% 31,62 80% 35,17 57% 
Total 44,94 100% 4,53 100% 39,49 100% 61,42 100% 
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Fig 10. Land Cover Change by District 

B. Land Surface Temperature Change 
The analysis of Land Surface Temperature (LST) 

changes from 2003 to 2013, 2013 to 2023, and overall from 
2003 to 2023 reveals thermal dynamics that reflect changes 
in land cover and anthropogenic activities. The Very Low 
temperature category (<25°C) experienced a significant 
decrease of 15.97 km² from 2003 to 2013, followed by an 
increase of 5.08 km² in the subsequent decade; however, it 
still showed an overall decline of 10.89 km². Meanwhile, the 
Low category (25.1–28°C) increased by 15.94 km² in the 
first decade but then sharply declined by 15.27 km² in the 
following decade, resulting in a relatively minor net change 
of +0.67 km². The Moderate category (28.1–30°C) 

experienced a substantial reduction of 19.50 km² from 
2003 to 2013, followed by a modest increase of 4.53 km², 
resulting in a total decrease of 14.97 km². The high-
temperature category (30.1–32°C) expanded by 18.71 km² 
between 2003 and 2013, remaining relatively stable 
thereafter, resulting in a cumulative increase of 18.73 km², 
indicating the spread of high-temperature areas. The Very 
High category (>32°C) exhibited a gradual rise, with an 
increase of 0.82 km² in the first decade and 5.64 km² in the 
second, resulting in a total addition of 6.46 km². This trend 
may reflect heat concentration in certain zones due to a 
reduction in green open spaces or the intensification of 
human activities.

Table 8. Land Surface Temperature Difference 

LTS 
Year Year Year difference difference difference 
2003 2013 2023 2003 & 2013 2013 & 2023 2003 &  2023 

<25 °C 31.55 15.58 20.66 -15.97 5.08 -10.89 
25,1-28°C 50.31 66.25 50.98 15.94 -15.27 0.67 
28,1-30°C 49.57 30.07 34.60 -19.50 4.53 -14.97 
30,1-32°C 7.22 25.92 25.95 18.71 0.02 18.73 

>32 °C 11.73 12.55 18.19 0.82 5.64 6.46 

 
Fig 11. Land Surface Temperature Change Map 2003, 2013, and 2023 

A further examination at the district scale indicates that 
the distribution and dynamics of Land Surface Temperature 
(LST) exhibit pronounced spatial contrasts, corresponding 
to differences in land cover composition and development 
intensity across districts. In 2003, Bukit Bestari District was 
predominantly characterized by low to moderate 
temperature classes, with the <25 °C and 25.1–28 °C 

categories accounting for more than 70% of the area. 
However, by 2013 and 2023, a clear shift toward higher 
temperature classes was observed, marked by an increase 
in the proportion of regions exceeding 32 °C from 15% in 
2003 to 18% in 2023. This shift reflects intensified urban 
activity and a reduced capacity of the environment to 
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dissipate heat, although portions of the district still 
exhibited relatively low temperatures in vegetated areas. 

Tanjungpinang Barat District displays the most extreme 
thermal characteristics among all districts. Since 2003, this 
district has been dominated by high- to very-high-
temperature classes, with areas exceeding 32 °C accounting 
for 80% of the total area. Although this proportion declined 
in 2013 and 2023, the dominance of the 30.1–32 °C and >32 
°C classes remained pronounced. These conditions indicate 
high development intensity, dense built-up structures, and 
limited green open spaces, which collectively contribute to 
persistent surface heat accumulation. 

Tanjungpinang Kota District exhibits relatively more 
stable thermal conditions. In both 2003 and 2013, the 
district was dominated by low-to-moderate temperature 
classes, particularly within the 25.1–28 °C range. By 2023, 
the area with temperatures below 25 °C increased to 43%, 
highlighting the role of vegetation and water bodies in 
maintaining thermal balance. The absence of temperature 
classes exceeding 32 °C throughout the observation period 
further suggests that thermal pressure resulting from 

urban development in this district remains relatively 
controlled. 

The most dynamic thermal changes occurred in 
Tanjungpinang Timur District. In 2003, this district was 
characterized by moderate temperatures (28.1–30 °C), 
which covered approximately 75% of the area. However, by 
2013 and 2023, a significant shift toward high- and very-
high-temperature classes was evident. In 2023, the 
combined extent of the 30.1–32 °C and >32 °C classes 
accounted for nearly half of the district area. This increase 
corresponds with the rapid expansion of built-up land, 
reinforcing indications of emerging urban heat zones within 
newly developed areas. Overall, inter-district differences in 
LST patterns confirm that areas dominated by built-up land 
and limited vegetation tend to experience higher and more 
persistent increases in surface temperature (Fathoni, 
2025). Conversely, districts that retain relatively extensive 
vegetation cover exhibit more stable thermal conditions 
(Gomaa et al., 2025). The distribution of land surface 
temperature classes across districts is presented in Table 9, 
while the spatial patterns of LST change are illustrated in 
Figure 12. 

Table 9. Land Surface Temperature Change by District 

Year LST (°C) 
Bukit Bestari District 

Tanjungpinang Barat 
District 

Tanjungpinang Kota 
District 

Tanjungpinang 
Timur District 

Area 
(Km²) 

Percent
age (%) 

Area 
(Km²) 

Percentage 
(%) 

Area 
(Km²) 

Percent
age (%) 

Area 
(Km²) 

Percent
age (%) 

2003 

<25 °C 17,21 38% 0,00 0% 12,62 32% 1,72 3% 

25,1-28°C 15,98 36% 0,00 0% 25,65 65% 8,68 14% 
28,1-30°C 3,13 7% 0,00 0% 0,40 1% 46,05 75% 

30,1-32°C 2,10 5% 0,88 20% 0,77 2% 3,46 6% 
>32 °C 6,52 15% 3,65 80% 0,06 0% 1,50 2% 

Total 44,94 100% 4,53 100% 39,49 100% 61,42 100% 

2013 

<25 °C 4,06 9% 0,00 0% 10,49 27% 1,04 2% 

25,1-28°C 25,55 57% 0,00 0% 27,89 71% 12,82 21% 

28,1-30°C 5,83 13% 0,00 0% 0,62 2% 23,61 38% 
30,1-32°C 2,31 5% 3,29 72% 0,49 1% 19,83 32% 

>32 °C 7,19 16% 1,25 28% 0,00 0% 4,11 7% 
Total 44,94 100% 4,53 100% 39,49 100% 61,42 100% 

2023 

<25 °C 2,46 5% 0,00 0% 17,10 43% 1,10 2% 
25,1-28°C 23,70 53% 0,00 0% 19,23 49% 8,05 13% 

28,1-30°C 9,85 22% 0,00 0% 2,25 6% 22,50 37% 
30,1-32°C 0,89 2% 2,49 55% 0,90 2% 21,66 35% 

>32 °C 8,03 18% 2,04 45% 0,00 0% 8,12 13% 

Total 44,94 100% 4,53 100% 39,49 100% 61,42 100% 

 
Fig 12. Land Surface Temperature Change by District 

C. Correlation Between Land Cover and Land Surface 
Temperature (LST) 
The correlation analysis between land cover and Land 

Surface Temperature (LST) in 2003 shows a strong 
relationship between land cover types and surface 
temperature variations, as demonstrated in both tabular 
data and regression graphs. Vegetation cover dominated 

the low-temperature categories, namely <25 °C and 25.1–
28 °C, with respective areas of 28.98 km² and 42.50 km², 
and exhibited a strong negative correlation with LST (r = -
0.80). This is also reflected in the LST-vegetation regression 
graph, where a negative regression coefficient (y = -2.2078x 
+ 28.773) and a high R² value (0.6404) indicate a clear 
downward trend in LST with increasing vegetation cover. 
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This pattern aligns with vegetation's ability to reduce heat 
through solar radiation absorption and evapotranspiration. 
In contrast, built-up land showed a robust positive 
correlation with LST (r = 0.87), clearly illustrated in the 
regression graph (y = 1.5851x - 2.4874, R² = 0.7647), which 
displays a consistent upward temperature trend in line with 
the expansion of built-up areas, particularly in the high-
temperature category (>32 °C), which reached an area of 
7.16 km². Water bodies exhibited a moderate negative 
correlation (r = -0.51) and demonstrated a cooling trend as 
the area increased. The LST–water regression graph 
showed a negative slope (y = -0.2452x + 1.6441; R² = 
0.2604), indicating that water tends to increase thermal 
stability in the region. Meanwhile, bare land showed a very 
weak relationship with LST (r = -0.14), and the regression 
line (y = -0.4916x + 6.2253, R² = 0.0200) showed an almost 
flat trend, suggesting an insignificant contribution to 
surface thermal dynamics, possibly due to heterogeneous 
characteristics and varying moisture conditions. 

Overall, these regression patterns reinforce the finding 
that the conversion of vegetated areas into built-up land 
was the main driver of surface temperature increase in 
Tanjungpinang City in 2003 (Table 10 and Fig. 13). 

 

Table 10. Correlation of Land Cover to Land Surface Temperature 
(LST) in 2003 

TAHUN 2003 

LST (0C) 
Water 
Bodies 

Built-up 
Land 

Bare 
Land 

Vegetation 

KM2 

1 <25 °C 0.60 0.23 1.75 28.98 
2 25,1-28°C 2.10 0.44 5.27 42.50 
3 28,1-30°C 1.18 1.08 14.11 33.20 
4 30,1-32°C 0.47 2.43 1.40 2.92 
5 >32 °C 0.19 7.16 1.23 3.16 
 correlation 

(r) 
-0.51 0.87 -0.14 -0.80 

 

 
Fig 13. Graph of the Influence of Land Cover on Land Surface 

Temperature (LST) 2003 

An analysis of the relationship between land cover and 
Land Surface Temperature (LST) in the year 2013 reveals a 
statistically significant association between land cover 
types and surface temperature variations. This relationship 
is illustrated through the spatial distribution table and the 
linear regression graph. Vegetation cover predominantly 
occurs in the lower-temperature categories, specifically 
within the <25 °C and 25.1–28 °C ranges, with respective 
areas of 11.44 km² and 49.56 km². Vegetation exhibits a 
negative correlation with LST (r = -0.48), modeled by the 
linear regression equation y = -5.5361x + 35.6, and a 
coefficient of determination R² = 0.2339. Although the R² 
value indicates moderate explanatory power, the inverse 
relationship between vegetation extent and surface 
temperature remains evident, highlighting the cooling 
influence of vegetated areas. In contrast, built-up land 
exhibits a strong positive correlation with LST (r = 0.88), as 

indicated by the regression equation y = 2.4859x - 2.3887 
and an R² value of 0.7696. This strong Correlation 
underscores the significant impact of urban expansion on 
surface temperature dynamics. In the higher temperature 
categories (30.1–32 °C and >32 °C), the extent of built-up 
land reached 10.61 km² and 9.09 km², respectively, 
indicating a concentration of development within thermally 
intensified zones. Water bodies exhibit a moderate negative 
correlation with LST (r = -0.53), as indicated in the 
regression equation y = -0.2831x + 1.8245 and an R² of 
0.2817. Although the overall area of water bodies is 
relatively limited, their spatial distribution tends to 
coincide with lower-temperature zones, reflecting their 
role in thermal regulation through evaporative cooling. 
Open land also shows a negative correlation with LST (r = -
0.48), as indicated by the regression model y = -1.3064x + 
8.9601, with an R² of 0.2296. The reduction of open land in 
higher-temperature zones may indicate ongoing land 
conversion to built-up areas, contributing to the overall 
increase in surface temperatures. In summary, the 
regression patterns observed in 2013 strongly suggest that 
the expansion of built-up land principally drives the rise in 
LST, while vegetated and water-covered areas contribute to 
thermal mitigation (Table 11 & Fig. 14). 

Table 11. Correlation of Land Cover to Land Surface Temperature 
(LST) in 2013 

 TAHUN 2013 

LST (0C) 
Water 
Bodies 

Built-
up 

Land 

Bare 
Land 

Vegetation 

KM2 

1 <25 °C 0.74 0.52 2.88 11.44 
2 25,1-28°C 2.37 2.89 11.44 49.56 
3 28,1-30°C 1.10 2.24 6.91 19.82 
4 30,1-32°C 0.32 10.61 3.81 11.19 
5 >32 °C 0.35 9.09 0.16 2.95 
 correlation 

(r) 
-0.53 0.88 -0.48 -0.48 

 

 
Fig 14. Graph of the Influence of Land Cover on Land Surface 

Temperature (LST) 2013 

Based on the analysis of the relationship between land 
cover types and Land Surface Temperature (LST) in 2023, 
variations in surface temperature were found to be 
significantly associated with the dominant land cover 
categories. Vegetation dominated the lower temperature 
ranges of <25 °C and 25.1–28 °C, with respective areas of 
25.66 km² and 39.38 km². As temperatures increased, 
vegetation cover decreased sharply, with only 1.79 km² 
recorded in the range of> 32 °C. A robust negative 
correlation was observed between vegetation and LST (r = 
-0.80), as indicated by the regression equation y = -8.5536x 
+ 45.006, with R² = 0.6388. This suggests a strong tendency 
for surface temperatures to decrease as vegetation cover 
increases, reinforcing vegetation's role in providing shade, 
enhancing evapotranspiration, and mitigating urban heat 
through thermal buffering. In contrast, built-up land 
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exhibited the opposite trend. The highest area was recorded 
in the 28.1–30 °C category (16.18 km²), with a considerable 
extent in the >32 °C category (9.86 km²). The moderate 
positive Correlation (r = 0.44) is reflected in the regression 
equation y = 1.5204x + 3.1362. However, the relatively low 
R² value of 0.194 suggests that additional factors,s such as 
surface materials, building morphology, and microclimate 
characteristics,s may also influence surface temperatures in 
urbanized zones. 

Bare land was mainly concentrated within the moderate 
temperature classes (25.1–30 °C), with the highest extent of 
4.08 km² at 25.1–28 °C. A strong negative correlation (r = -
0.76) with LST is represented by the regression model y = -
0.954x + 5.0654, with R² = 0.5831, indicating that a 
reduction in bare land, likely due to land conversion, is 
associated with increased surface temperatures. 
Meanwhile, water bodies, though covering relatively small 
areas, were mainly found in the lower to moderate 
temperature categories (<28 °C), peaking at 1.90 km² in the 
25.1–28 °C range. A mild negative correlation (r = -0.62) 
with LST is observed in the regression equation y = -
0.2866x + 1.6898, yielding an R² of 0.3808, which highlights 
the contribution of water bodies in stabilizing surface 
temperatures through their natural cooling effects (Table 
12 and Fig. 15). 
 
Table 12. Correlation of Land Cover to Land Surface Temperature 

(LST) in 2023 
 TAHUN 2023 

LST (0C) 
Water 
Bodies 

Built-
up 

Land 

Bare 
Land 

Vegetation 

KM2 

1 <25 °C 0.70 2.35 2.84 25.66 
2 25,1-28°C 1.90 4.95 4.08 39.38 
3 28,1-30°C 1.19 16.18 3.89 28.31 
4 30,1-32°C 0.30 5.15 0.19 1.58 
5 >32 °C 0.06 9.86 0.02 1.79 
 correlation 

(r) 
-0.62 0.44 -0.76 -0.80 

 

 
Fig 15. Graph of the Influence of Land Cover on Land Surface 

Temperature (LST) 2023 

Land cover changes from 2003 to 2023 significantly 
influenced surface temperature dynamics. Vegetation 
consistently played a cooling role, with areas of dense 
vegetation tending to have lower surface temperatures. 
Conversely, the decline in vegetation over time, which 
aligns with rising temperatures, indicates that reduced 
vegetation directly contributes to higher surface 
temperatures. Built-up areas exhibited an inverse 
relationship: greater urban development intensity was 
associated with higher temperatures, particularly during 
the early analysis period. However, in recent years, the 
impact of built-up land on temperature has weakened, 
suggesting the possibility of other environmental 
interventions. Bare land and water bodies also contributed 

to temperature regulation, though their effects varied over 
time. These findings confirm that the conversion of 
vegetated land into built-up areas is a key factor in the rise 
of surface temperatures in Tanjungpinang City. 

The findings of this study provide important insights for 
future research, spatial planning, and urban policy 
development in coastal cities such as Tanjungpinang. The 
consistent expansion of built-up land, accompanied by a 
marked decline in vegetation cover, demonstrates that 
urban growth has occurred with limited consideration of 
thermal and ecological balance. This pattern highlights the 
need for land-use planning strategies that explicitly 
integrate thermal environmental indicators, such as Land 
Surface Temperature (LST), into zoning regulations and 
development control mechanisms. Incorporating LST as an 
ecological constraint can help planners identify priority 
areas for green space preservation and urban heat 
mitigation. At the district level, the contrasting land cover 
and LST characteristics indicate differentiated planning 
needs. Districts with intense urbanization, such as 
Tanjungpinang Barat and Tanjungpinang Timur, require 
immediate interventions through the expansion of urban 
green infrastructure, including urban parks, street trees, 
and green roofs, to reduce surface heat accumulation. In 
contrast, districts that still retain relatively extensive 
vegetation, such as Tanjungpinang Kota and parts of Bukit 
Bestari, should be prioritized as ecological buffer zones, 
where land conversion is carefully restricted to maintain 
thermal stability. 

From a policy perspective, the strong negative 
Correlation between vegetation cover and LST confirms the 
effectiveness of green spaces as a climate adaptation 
measure. This evidence supports formulating policies that 
mandate minimum green space ratios in urban 
development projects and encourage nature-based 
solutions as part of climate-resilient urban planning. 
Furthermore, the spatially uneven distribution of heat 
highlights the importance of district-specific policies rather 
than uniform citywide regulations. For future research, the 
results suggest that integrating additional variables such as 
building density, surface material characteristics, and 
urban morphology would enhance understanding of urban 
thermal dynamics. Overall, this study demonstrates that 
land cover management plays a critical role in controlling 
surface temperatures, and its findings can provide a 
scientific basis for sustainable spatial planning and policy 
formulation to mitigate urban heat stress in rapidly 
developing coastal cities. 

4. Conclusion 

This study reveals that over the past two decades 
(2003–2023), significant changes in land cover have 
occurred in Tanjungpinang City. Built-up land expanded by 
27.15 km², indicating rapid urban development, while 
vegetation cover declined by 14.02 km², reflecting a 
consistent reduction in green space. Bare land initially 
increased by 1.45 km² during the first decade but then 
sharply declined, resulting in a net decrease of 12.74 km². 
Water bodies also decreased slightly by 0.39 km², 
suggesting environmental pressure on aquatic ecosystems. 
These land cover changes directly impacted land surface 
temperature (LST). The very high-temperature category 
(>32°C) grew from 0.82 km² to 6.46 km², while the very 
low-temperature category (<25°C) decreased by 10.89 km². 
This trend highlights a clear link between vegetation loss 
and temperature rise, as well as the role of urban expansion 
in increasing thermal intensity. Areas with low 
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temperatures were predominantly vegetated, while high-
temperature zones were dominated by built-up land. 

Regression analysis reinforces these findings. In 2023, 
vegetation exhibited a strong negative correlation with LST 
(r = -0.80), indicating that increased vegetation cover 
effectively reduces surface temperature through processes 
such as evapotranspiration and solar radiation absorption. 
Built-up areas showed a positive correlation with LST (r = 
0.44), although weaker compared to previous years, 
suggesting that urban surfaces continue to contribute to 
heat buildup. Bare land and water bodies also showed 
negative correlations with LST, but their influence 
appeared to vary over time and across spatial distributions. 
Overall, the findings confirm that the conversion of 
vegetated areas into built-up land is the primary driver of 
surface temperature increases in Tanjungpinang City. 

Suggestions for future research include conducting 
direct measurements of surface temperature in the field to 
improve the accuracy of satellite-based LST interpretation. 
These field observations can serve as essential comparison 
data to enhance the accuracy of the analysis and deepen the 
understanding of temperature changes. Additionally, it is 
recommended to include more variables in the statistical 
analysis to make the research results more comprehensive 
and in-depth. 
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