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Land cover changes can influence surface temperatures and environmental 

conditions; therefore, spatial and temporal monitoring is crucial for regional 

management and climate-change mitigation. This study analyzes land-cover and 

Land Surface Temperature (LST) dynamics in West Kotawaringin Regency in 

2005, 2015, and 2025 using Google Earth Engine, Landsat 7, Landsat 8, and 

Landsat 9 imagery, Random Forest classification, accuracy assessment, and LST 

extraction. Forest area decreased by 228,930 ha, from 598,649 ha (63.37%) in 

2005 to 369,719 ha (39.14%) in 2025, while agricultural land increased by 

172,131 ha, from 207,659 ha (21.98%) to 379,790 ha (40.20%). The classification 

yielded an Overall Accuracy of 0.93 and Kappa coefficients of 0.89-0.90. Mean 

LST increased from 19.50°C to 22.31°C in forest areas and from 24.58°C to 

26.20°C in settlements. The spatial pattern consistently shows lower mean LST in 

forested areas than in built-up and other non-forest surfaces. Scientifically, the 

study integrates multi-temporal land-cover and LST analysis at the regency scale 

to support spatial planning, environmental management, and climate-change 

mitigation. 
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1. Introduction 

Changes in land cover are a dynamic process resulting from both natural causes and human activities [1]. 

Population growth increases demand for residential and infrastructure development and can contribute to urban 

expansion and land-use/land-cover change [2], [3] Unplanned land-use and land-cover changes can degrade 

environmental quality, reduce biodiversity, and increase ecological risks in terrestrial ecosystems [4]. 

Therefore, continuous monitoring is necessary to maintain a balance between development needs and 

environmental conservation. 

Land-cover conversion also alters surface thermal conditions. Replacing vegetated cover with built-up or other 

non-vegetated surfaces is generally associated with higher land surface temperatures and lower thermal 

comfort [5], [6]. Higher temperatures may place organisms under stress, disturb life cycles, and contribute to 

habitat degradation. Studies [6], [7] have reported clear differences in land surface temperature where 

vegetation has been replaced by built-up or sparsely vegetated land. This change reduces evapotranspiration 
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and modifies the exchange of energy at the surface. Monitoring both land cover and land surface temperature 

can therefore provide evidence for environmental management, spatial planning, and land-use policy. 

Remote sensing data has been widely used to analyze vegetation because it is more cost-effective, faster, and 

more accurate. This data can measure changes in land cover over time across a wide area and over long periods 

[8]. It demonstrates a clear relationship between land cover and land surface temperature, whereby changes in 

land cover can substantially influence surface temperature patterns across a region [9].This data enables the 

monitoring of land cover and surface temperature to support the rapid and accurate management of natural 

resources.  

Remote sensing data hold great potential for analyzing changes in land cover and variations in land surface 

temperature in West Kotawaringin Regency. The Regency is located in Central Kalimantan Province, 

Indonesia, and has a total administrative area of approximately 10,759 km2. In fact, this regency experiences 

year-round land-cover dynamics due to the expansion of agriculture and plantations, as well as forest and land 

fires. Previous research indicates a deforestation rate of 24,975 hectares per year, or 1.9 % annually, during 

2000-2021 [10], as well as recurring forest and land fires, particularly in peatland and plantation areas [11]. 

Earlier studies were concentrated in Arut Utara Subdistrict or Pangkalan Bun and did not provide a regency-

wide, multi-temporal comparison of land-cover classes and Land Surface Temperature (LST) using one 

consistent framework [8], [10], [12]. Therefore, this study evaluates land-cover and LST dynamics across West 

Kotawaringin Regency in 2005, 2015, and 2025 using Landsat imagery, Random Forest classification, LST 

analysis, and Google Earth Engine. The research question is how land-cover composition and LST patterns 

changed across the three observation years and how LST differed among land-cover classes. The novelty of 

this study lies in integrating regency-scale multi-temporal land-cover classification and class-based LST 

comparison within the same remote-sensing workflow to support sustainable natural-resource management 

and climate-change mitigation. 

2. Method 

2.1 Time and Location 

The research was carried out over approximately seven months, from November 2025 to May 2026. During 

this period, the authors prepared the data, processed the satellite images, classified land cover, assessed 

classification accuracy, extracted LST, and interpreted the results. The study area was West Kotawaringin 

Regency in Central Kalimantan Province, located at approximately 2°24'0" S and 111°43'59.99" E (Figure 1). 

 
Figure 1. Research Location 
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2.2 Data and Software 

The analysis used the administrative boundary of West Kotawaringin Regency and Landsat imagery for 

three observation years. Landsat 7 represented 2005, Landsat 8 represented 2015, and Landsat 9 represented 

2025 (Table 1). Thermal information from these images was used to derive land surface temperature. Image 

processing and analysis were conducted in Quantum GIS and Google Earth Engine (GEE). 

Table 1. Research data 

No Data Scale/Resolution Source 

1.  Administrative data for 

West Kotawaringin 

Regency 

1:50,000 

Geospatial Information Agency (BIG) of the 

Republic of Indonesian 

2.  Landsat 7 imagery for 

2005, Landsat 8 

imagery for 2015, and 

Landsat 9 imagery for 

2025 

30 m https://earthexplorer.usgs.gov/ 

 

 

2.3 Data Collection and Analysis Procedures 

Figure 2 shows the framework of this research method. The research methodology framework is generally 

divided into three stages. The first is the classification of land cover using Landsat-7 imagery from 2005, 

Landsat-8 imagery from 2015, and Landsat-9 imagery from 2025. Land cover classification using the Random 

Forest algorithm.  Followed by accuracy testing and analysis of changes in land cover. The second step 

involved analysing land surface temperature using Landsat-7 imagery from 2005, Landsat-8 imagery from 

2015, and Landsat-9 imagery from 2025. This stage was followed by an analysis of changes in land surface 

temperature. Finally, this study analysis trends in land surface temperature for each land cover class in 2005, 

2015 and 2025. 

 
Figure 2. Methodological framework 

2.3.1 Random forest classification 

Image preprocessing included atmospheric correction, cloud masking, and median compositing. Land cover 

was then classified with Random Forest, which combines decisions from multiple trees. In Google Earth 

Engine, the classifier was specified as ee.Classifier.smileRandomForest (10, 5), corresponding to 10 trees and 

5 variables at each split. Land cover classification variables using the coastal/aerosol, blue, green, red, near-

https://earthexplorer.usgs.gov/
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infrared, and shortwave infrared-2 bands from Landsat imagery. Classification sample points were placed at 1 

x 1 km intervals within the study area, resulting in a total of 9,460 sample points. These points are divided into 

two sets: 80% training data and 20% test data. This data partitioning aims to achieve representative 

classification accuracy [13]. The same procedure was applied to the Landsat 7, 8, and 9 images to map seven 

classes: forest, agricultural land, grassland, wetland, settlement, other land, and water bodies. The classified 

maps for 2005, 2015, and 2025 were compared, and LST was summarized for each class. Random Forest was 

selected because its ensemble structure can represent nonlinear class boundaries and is less sensitive to 

overfitting than a single decision tree [14]. 

2.3.2 Accuracy test 

The land cover classification results obtained were tested for accuracy using a confusion matrix (Table 2). 

A confusion matrix is useful for comparing machine learning classification results with training data to 

determine the accuracy of the classification results [15]. Subsequently, the Overall Accuracy (OA) and Kappa 

Accuracy (KA) were calculated. The land cover classification results are considered good and accurate if the 

accuracy value exceeds 85% [16]. 

Table 2. Confusion matrix 

Reference 

data 
Classified into classes 

Total 
Producer's 

Accuracy A B C D E F G 
A X₁₁ X₁₂ X₁₃ X₁₄ X₁₅ X₁₆ X₁₇ X₁₊ X₁₁/X₁₊ 
B X₂₁ X₂₂ X₂₃ X₂₄ X₂₅ X₂₆ X₂₇ X₂₊ X₂₂/X₂₊ 
C X₃₁ X₃₂ X₃₃ X₃₄ X₃₅ X₃₆ X₃₇ X₃₊ X₃₃/X₃₊ 
D X₄₁ X₄₂ X₄₃ X₄₄ X₄₅ X₄₆ X₄₇ X₄₊ X₄₄/X₄₊ 
E X₅₁ X₅₂ X₅₃ X₅₄ X₅₅ X₅₆ X₅₇ X₅₊ X₅₅/X₅₊ 
F X₆₁ X₆₂ X₆₃ X₆₄ X₆₅ X₆₆ X₆₇ X₆₊ X₆₆/X₆₊ 
G X₇₁ X₇₂ X₇₃ X₇₄ X₇₅ X₇₆ X₇₇ X₇₊ X₇₇/X₇₊ 

Total X₊₁ X₊₂ X₊₃ X₊₄ X₊₅ X₊₆ X₊₇ N  
 

Class codes: A forest; B agricultural land; C grassland; D wetland; E settlement; F other land; G water 

bodies. UAⱼ = Xⱼⱼ/X₊ⱼ. 
                               OA = (Σᵢ₌₁ʳ Xᵢᵢ / N) × 100                                     (1) 

         

                    KA = [NΣᵢ₌₁ʳXᵢᵢ − Σᵢ₌₁ʳ(Xᵢ₊X₊ᵢ)] / [N² − Σᵢ₌₁ʳ(Xᵢ₊X₊ᵢ)] × 100%                   (2) 

Where OA is Overall Accuracy, KA is the Kappa coefficient, Xᵢᵢ is the diagonal value of row i and column 

i, Xᵢ₊ and X₊ᵢ are the corresponding marginal totals, and N is the total number of reference observations. 

2.3.3 Land surface temperature classification 

Land surface temperature was calculated from the Landsat thermal data using Equation [17]. The calculation 

converted digital numbers to spectral radiance, radiance to brightness temperature in Kelvin, and Kelvin to 

degrees Celsius, as summarized in Table 3. 

Table 3. Land surface temperature calculation 
No Description Formula 

1 Radiance Lλ = ML × Qcal + AL 
2 Radiance to Surface Temperature (Kelvin) T = K2 / ln(K1 / Lλ) 
3 Conversion from Kelvin to Celsius T2 = T − 273.15 

In Table 3, Lλ denotes spectral radiance; ML and AL are the multiplicative and additive rescaling factors; Qcal is the 

digital number; K1 and K2 are the thermal calibration constants; T is temperature in Kelvin; and T2 is temperature in 

degrees Celsius. 
 

For mapping, the LST values were arranged into the operational classes proposed by Fahwari et al. [18] 

(Table 4). This classification is a simplified version designed to be easy to understand and to facilitate data 

analysis. 

Table 4. Land surface temperature class 
No  Temperature (°C) Description 

1.  26-35 High 

2.  24-25 Medium 

3.  21-23 Low 
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2.3.4 Analysis of land cover changes 

Land-cover change analysis was conducted to identify temporal dynamics by comparing the mapped areas 

in 2005, 2015, and 2025. Changes were calculated for 2005-2015 and 2015-2025 as the later-year area minus 

the earlier-year area (Table 5). Therefore, positive values indicate expansion and negative values indicate 

reduction. The analysis reports area, percentage, and inter-period change for each land-cover class. Table 5 is 

adapted from the analytical format used in study [19]. 

Table 5. Land cover class 

No Land Cover Class Classification 

Year 

2005 2015 2025 
∆2005-

2015 

∆2015-

2025 

Ha % Ha % Ha % Ha % Ha % 

1.  Forests ... ... ... ... ... ... ... ... ... ... 

2.  Agricultural Land ... ... ... ... ... ... ... ... ... ... 

3.  Grasslands ... ... ... ... ... ... ... ... ... ... 

4.  Wetlands ... ... ... ... ... ... ... ... ... ... 

5.  Settlements ... ... ... ... ... ... ... ... ... ... 

6.  Other Land ... ... ... ... ... ... ... ... ... ... 

7.  Water Bodies ... ... ... ... ... ... ... ... ... ... 

 

2.3.5 Analysis of changes in land surface temperature 

Land surface temperature analysis was conducted to describe temperature variation among land-cover 

classes. The analysis summarized minimum, maximum, mean, and standard deviation values for each class 

[19]. These descriptive statistics were used to compare thermal patterns among forest, agricultural land, 

grassland, wetland, settlement, other land, and water bodies. Because the analysis is descriptive and does not 

include Pearson correlation, regression, or another inferential test, the results are interpreted as spatial-temporal 

associations rather than proof of a causal statistical relationship between land cover and LST (Table 6). 

Table 6. Relationship between land cover and land surface temperature in year X 

No 
Land Cover Class Classification 

Year X 

 Min(°C) Max(°C) Average(°C) Stdev(°C) 

1.  Forests … … … … 

2.  Forests … … … … 

3.  Agricultural Land … … … … 

4.  Grasslands … … … … 

5.  Wetlands … … … … 

6.  Settlements … … … … 

7.  Other Land … … … … 

8.  Water Bodies … … … … 

 
3. Results and Discussions 

3.1 Analysis of Land Cover Changes 

Table 7 and Figure 3 summarize land-cover changes in West Kotawaringin from 2005 to 2025. Between 

2005 and 2015, forest area declined by 176,627 ha, whereas agricultural land increased by 149,610 ha. The 

findings of this study demonstrate that changes to forests resulting from the conversion of land to agricultural 

use. [20] The findings of this study indicate that there was a strong trend towards the expansion of oil palm 

plantations during the period 2009–2016. The key drivers of this expansion were smallholders and companies. 

The trend towards the expansion of oil palm plantations is driven by their high economic value compared with 

other agricultural commodities [21]. The period 2015–2025 shows a trend of a 52,302 ha reduction in forest 

area, whilst the same period shows a trend of a 30,473 ha increase in grasslands area. Consequently, the main 

changes that have occurred are a reduction in forest area and an increase in agricultural area. This change is 

linked to the growing demand for palm oil products for food, cosmetics and biodiesel [22]. The conversion of 

forest to oil palm plantations is heavily influenced by economic factors [22-23]. To ensure that this conversion 

does not occur too rapidly in the future, an environmentally friendly oil palm plantation strategy is required, 

involving the increase in crude oil production through fertilisation techniques and the selection of high-quality 
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seedlings. In addition, spatial planning that takes into account the carrying capacity and environmental capacity 

of West Kotawaringin Regency. 

The conversion of forest to non-forest land results in a reduction in tree canopy cover on the Earth’s surface. 

This reduction in tree canopy cover has the potential to increase Land surface temperature (LST). This 

phenomenon is clearly evident during the dry season, when LST on bare land and agricultural land are higher, 

whilst forested areas have lower LST. Consequently, rapid and massive deforestation increases the risk of a 

significant rise in LST [24]. The best strategy is to preserve existing forests and increase the area of urban 

forests in order to keep temperatures stable.   

Table 7. Land cover 2005, 2015, and 2025 
No  Land Cover 2005  2015  2025  2005-2015 2015-

2025 

  Ha % Ha % Ha % Ha Ha 

1.  Forests 598,649 63.37 422,022 44.67 369,719 39.14 -176,627 -52,303 

2.  Agricultural Land 207,659 21.98 357,269 37.82 379,790 40.20 149,610 22,521 

3.  Grasslands 41,700 4.41 40,506 4.28 70,980 7.51 -1,194 30,474 

4.  Wetlands 62,617 6.62 52,009 5.50 53,229 5.63 10,607 -1,219 

5.  Settlements 3,790 0.40 5,473 0.57 4,005 0.42 1,683 -1,468 

6.  Other Land 20,789 2.20 58,034 6.14 56,916 6.02 -37,245 1,118 

7.  Water Bodies 9,374 0.99 9,267 0.98 9,934 1.05 -107 667 

 Total 944.580 100.00 944.580 100.00 944.580 100.00   

 

 
 

(a) (b) 

 
(c) 

 

Figure 3. (a) Land Cover 2005; (b) Land Cover 2015; (c) Land Cover 2025 
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3.2 Accuracy of Land Cover 

Table 8 reports an Overall Accuracy (OA) of 0.93 for each of the three classified maps. Kappa values were 

0.89 in 2005 and 0.90 in 2015 and 2025. These estimates were obtained by comparing the test samples with 

the assigned land-cover classes. All three OA values exceed the 85% criterion adopted in this study [16], 

indicating a high level of agreement at the map level between the classification and the reference labels. The 

result is also consistent with the use of an ensemble classifier: Random Forest combines multiple trees to 

accommodate complex spectral patterns in remote-sensing data [25]. 

Table 8. Accuracy of land cover 

No Year 
Accuracy (%) 

OA KA 

1 2005 0.93 0.89 

2 2015 0.93 0.90 

3 2025 0.93 0.90 

Average 0.93 0.93 

 

3.3 Analysis of Soil Surface Temperature 

Figure 4 shows mean LST trends for forest and non-forest areas in West Kotawaringin Regency for 2005, 

2015, and 2025. Mean LST in forest areas increased from 19.50°C in 2005 to 21.34°C in 2015 and 22.31°C in 

2025. Mean non-forest LST increased from 21.87°C to 23.55°C and 23.73°C over the same years. Thus, non-

forest areas remained warmer than forest areas in all three observations. This pattern is consistent with earlier 

studies showing that reduced vegetation and increased built or exposed surfaces are associated with higher 

LST [26]. The thermal contrast can be explained by vegetation shading and evapotranspiration, which dissipate 

energy as latent heat, whereas built-up and less-vegetated surfaces tend to store and reradiate a larger 

proportion of incoming energy [27], [28]. These results show a consistent descriptive association, but no 

inferential statistical test was performed to establish the strength or causality of the land-cover-LST 

relationship. 

 
Figure 4. Mean Land Surface Temperature of forest and non-forest areas, 2005-2025 

According to Table 9, mean LST in 2005 varied among land-cover classes. LST data were obtained for 

January, June, and September; these months were selected based on the availability of images with relatively 

low cloud cover and good image quality. Settlements recorded the highest mean value at 24.58°C, followed 

by other land at 23.68°C, agricultural land at 21.41°C, grasslands at 21.21°C, water bodies at 20.21°C, 

wetlands at 20.14°C, and forest at 19.50°C. The settlement class also reached a maximum LST of 28.38°C, 

whereas the forest maximum was 21.99°C. The lower mean LST in forest and wetland classes is consistent 

with the cooling role of denser vegetation and moist surfaces [19]. The spatial distribution of LST in 2005 is 

shown in Figure 5a. 
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In 2015, LST data were obtained for June, October, and November, other land recorded the highest mean 

LST at 27.14°C and the highest maximum value at 33.32°C, followed by settlements with a mean of 25.99°C 

and a maximum of 30.10°C. Agricultural land and grasslands had mean LST values of 23.13°C and 22.75°C, 

respectively. Lower means were found in water bodies 21.48°C, forest 21.34°C, and wetlands 20.77°C. The 

lower LST of vegetated classes relative to built or exposed surfaces is consistent with the role of 

evapotranspiration and canopy shading in dissipating heat [28]. The spatial distribution of LST in 2015 is 

shown in Figure 5b. 

For 2025, the available images were acquired in May, September, and October. Settlements had the highest 

mean LST (26.20°C) and a maximum of 28.14°C. Other land followed, with a mean of 25.36°C and a 

maximum of 28.11°C. Mean values were 23.33°C for agricultural land and 22.98°C for grassland. Water 

bodies, wetlands, and forest had means of 22.25°C, 22.23°C, and 22.31°C, respectively. The warmer settlement 

surfaces are consistent with the heat-storage properties of materials such as concrete and asphalt [29]. Figure 

5c presents the spatial distribution for 2025. These class differences also point to the value of retaining 

vegetation when local surface heating is considered in land-use decisions. 

The analysis was descriptive. No correlation, regression, or other inferential test was used to quantify the 

relationship between land cover and LST. The reported differences should therefore be read as thermal 

contrasts among mapped classes, not as evidence of statistical significance or causation. The satellite-derived 

LST values were not checked against measurements collected on the ground and describe the land surface 

rather than near-surface air temperature. Acquisition dates also differed among the three observation years: 

January, June, and September in 2005; June, October, and November in 2015; and May, September, and 

October in 2025. Differences in solar radiation, rainfall, and surface moisture at those times may have affected 

the LST estimates. For this reason, comparisons across years require caution 

Table 9. Land surface temperature trends from 2005 to 2025 

 
Land 

Cover 

 2005   2015   2025  
No  Min 

(°C) 

Max 

(°C) 

Average 

(°C) 

Min 

(°C) 

Max 

(°C) 

Average 

(°C) 

Min 

(°C) 

Max 

(°C) 

Average 

(°C) 

1.  Forest 16.44 21.99 19.50 19.80 22.49 21.34 20.96 23.38 22.31 

2.  Agricultural 

Land 
19.97 22.84 21.41 21.37 26.30 23.13 21.41 25.89 23.33 

3.  Grasslands 20.26 22.27 21.21 21.13 26.47 22.75 21.28 25.38 22.98 

4.  Wetlands 17.04 22.27 20.14 18.41 23.82 20.77 18.56 26.76 22.23 

5.  Settlements 23.40 28.38 24.58 23.11 30.10 25.99 24.11 28.14 26.20 

6.  Other Land 21.70 24.81 23.68 22.41 33.32 27.14 23.15 28.11 25.36 

7.  Water 

Bodies 
18.81 21.99 20.21 18.04 24.59 21.48 21.30 24.30 22.25 
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(a) (b) 

 
(c) 

 

Figure 5. (a) Land Surface Temperature 2005; (b) Land Surface Temperature 2015; (c) Land 

Surface Temperature 2025 

4. Conclusion 

Research has concluded that significant changes in land cover have occurred, and it has also identified 

trends in LST changes during the period from 2005 to 2025. Forest cover decreased from 598.649 ha to 369.719 

ha, while non-forest cover showed an increase in grassland cover of 29.270 ha and other land cover of 36.127 

ha. The random forest algorithm produces excellent classification accuracy, and thus has the potential to be 

implemented in other areas. The average LST indicates that urban areas had higher temperatures ranging from 
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28.38 to 26.20°C compared to other land cover classes such as agricultural land, grasslands, wetlands, other 

lands, and water bodies during the period from 2005 to 2025. The average LST for forest cover ranged from 

19.50 to 22.31°C from 2005 to 2025. This research successfully characterized land cover and LST on a spatial 

basis. The results of this analysis were used as a reference for LST-based land cover planning in West 

Kotawaringin Regency. The researchers recommend further research comparing LST data with field data and 

conducting inferential statistical analyses of forest cover data and LST data. 
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