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Abstract  

Belitung Island faces a series of interconnected environmental problems, particularly in forest 

conservation. Protected forest areas play a crucial role in supporting life but their sustainability is 

threatened by human activities such as mining exploitation and forest conversion for plantations. 

Therefore, protecting and restoring protected forest areas are priorities for maintaining the ecosystem's 

sustainability on Belitung Island. An evaluation was conducted to assess the ecological conditions of 

conservation areas on Belitung Island by visualizing changes in protected land cover to assist conservation 

efforts. In this study, the evaluation system for vegetation cover conditions on Belitung Island and Lalang 

Mountain Grand Forest Park used random forest (RF) regression algorithms and remote sensing data. 

Satellite image data were used to determine the extent of vegetation cover on Belitung Island, utilizing 

combinations of bands from Landsat Satellites and MODIS Percent Tree Cover. Satellite images from 2013 

to 2023 were used for comparison. This evaluation revealed several class changes in vegetation cover on 

Belitung Island based on percent tree cover classification over the years serving as an evaluation of land 

use in the areas under review. The R-squared value of 0.73 indicated that the samples used to predict land 

cover demonstrated a relatively high level of accuracy. This study could serve as an effective means of 

predicting and estimating large-scale vegetation changes, as well as a monitoring tool for conservation 

areas on Belitung Island. 

Keywords: Forest Conservation, Random Forest, Remote Sensing, Tree-Cover Dynamics

1. Introduction 

Conservation forests are areas with specific characteristics, primarily functioning to preserve 
the plant and wildlife diversity as well as their ecosystems [1]. Belitung Island, a natural 
destination in the middle of the Indian Ocean, possesses valuable assets in the form of vast 
nature and rich biodiversity. The Lalang Mountain conservation forest is an area on Belitung 
Island that needs to be preserved. However, the island has recently come under the spotlight 
due to extensive tin mining land clearance, with tin mining reported to have occurred since 
1852, according to the Regional Development Planning Agency (Bappeda) of Bangka Belitung 
Province [2]. This has sparked intense debate over environmental protection versus 
economic interests. Moreover, the forests on Belitung Island are home to many unique plant 
and animal species holding significant value locally and globally as part of a fragile ecosystem. 
Additionally, these forests serve as important carbon sinks, helping mitigate climate change 
impacts [3]. 

However, the abundant mineral wealth on Belitung Island offers substantial economic 
opportunities. Still, mining activities' major impact is landscape alteration [4], often 
associated with negative environmental impacts. Mining encompasses various stages of 
activities, from initial research and management to exploitation and marketing of minerals 
[5]. These stages include general investigation, exploitation, feasibility assessment, 
infrastructure development, mining operations, processing and refining, transportation and 
product marketing, and various post-mining activities [6]. Consequently, it is important to 

https://doi.org/10.29244/medkon.30.2.250
about:blank
about:blank
https://crossmark.crossref.org/dialog/?doi=10.29244/medkon.30.2.250&domain=pdf&date_stamp=2025-06-05


Media Konservasi RESEARCH ARTICLE 

This journal article is © Aurellia et al. 2025 Media Konservasi , 2025, 2  | 251 

assess the impact of land clearing for mining on Belitung Island with the escalating conflict 
between conservation efforts and industrial development. 

Remote sensing methods can provide robust analysis perspectives and methods for 
evaluating conservation effectiveness [7]. Moreover, remote sensing has been widely used 
for multi-scale and long-term monitoring of ecological environments and natural resources 
[8]. Landsat 7 and 8 are used in remote sensing data processing supported by the random 
forest method, which can process large amounts of data. However, there may be difficulty in 
interpretation and the need for proper model tuning [9]. Previous studies have reported that 
the land use conditions in the Belitung Regency have already been influenced by tin mining, 
which has increased land use for exploitation [10]; land cover classification results based on 
Landsat-8 OLI imagery using the random forest method [11], a spatial approach represented 
by visual media in the form of maps and calculations of the percentage of land cover area 
geometry in Sijunjung Regency ; the application of automated supervised machine learning 
methods for monitoring land cover changes in Tirtomoyo District [12]; water quality 
classification using the random forest algorithm [4]. Therefore, combining remote sensing 
and random forest methods is ideal for obtaining the required data. 

This paper aims to analyze the environmental and natural changes on Belitung Island to 
provide evaluations to maintain the balance between nature conservation and development. 
Quantitative and qualitative approaches were used to model and interpret the satellite 
imagery for Belitung Island. Mining Business Permit (IUP) areas were included to help analyze 
the causes of vegetation changes, along with the classification of tree cover percentage on 
Belitung Island and Lalang Mountain. A deeper understanding of these dynamics is hoped to 
help formulate appropriate policies to support sustainable development on Belitung Island. 

2. Materials and Methods 

2.1. Study Area 

Belitung is an island located in the Bangka Belitung Province, situated between 107°31.5' - 
108°18' East Longitude and 2°31.5'-3°6.5' South Latitude, with an approximate area of 4,800 
km² [13]. Belitung Island is 500 meters above sea level, with its highest peak in Gunung Tajam, 
and has a production forest area of ~9,432.53 hectares. While there have been no changes 
to the conservation forest area, the protected forest area has slightly increased by 643,30 
hectares or 0.23% [11]. Lalang Mountain Conservation Forest is a conservation area spanning 
three locations from Perawas village, Buluhtumbang village to Air Seruk village [2]. Lalang 
Mountain must preserve its flora, fauna, and ecosystem biodiversity to ensure expected 
production without diminishing or damaging its forest functions. The study area is shown in 
Figure 1. 
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Figure 1. The study area location of Belitung Island and Gunung Lalang, Indonesia. 

2.2. Data and Materials 

The Google Earth Engine (GEE) was utilized for satellite image acquisition, processing, and 
analysis. GEE is a platform that offers image processing algorithms and computations using 
various application programming interfaces [12], providing a range of classification 
algorithms, such as random forest [14]. In this paper, all satellite images were obtained from 
GEE’s database. 

Landsat 7 and 8 satellite images served as independent data sources, both of which have 
eight multispectral bands, each with a spatial resolution of 30 meters and a panchromatic 
band with a resolution of 15 meters [4] Integrating multi-source data is crucial to complement 
each other and provide data with minimal noise. Terra MODIS Vegetation Continuous Fields 
imagery was used as dependent data. It utilizes the percent tree cover band, which measures 
the percentage area covered by the tree canopy within one satellite image pixel. This value 
ranges from 0% to 100%, where 0% indicates no tree cover and 100% indicates full coverage 
by tree canopy. Details of the satellites are provided in Table 1. 

Table 1. Satellite platforms used for this study. 

Year Satellite Resolution 

1999 – 2024 USGS Landsat 7 Level 2, Collection 2, Tier 1 30 m 

2013 - 2024 USGS Landsat 8 Level 2, Collection 2, Tier 1 30 m 

2000 - 2020 MOD44B.006 Terra Vegetation Continuous Fields 
Yearly Global 250m 

250 m 

 

Landsat 7 and 8 images were first combined into a single image collection using the merge 
function in GEE. Then, the bitmask-based cloud masking function was applied to remove 
cloud cover and shadows. This technique uses bit information within the QA_PIXEL to 
determine pixel quality, including the presence of clouds or cloud shadows, and it is an 
efficient and commonly used method with Landsat datasets, although it may have limitations 
in detecting thin clouds or misidentifying shadows. Following this, time and area filtering was 
performed on all the Landsat 7, Landsat 8, and MODIS data for the selected periods, 2013, 
2015, 2017, 2019, 2021, and 2023. Scale resampling of the data resolutions by 250 pixels was 
performed to simplify the processing between bands. 
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2.3. Remote Sensing Indices 

Two primary remote sensing indices were used: the normalized difference vegetation index 
(NDVI) to compare the greenness of vegetation based on the spectral values of the near-
infrared (NIR) and red (RED) channels [4][15]:  

NDVI =
NIR−RED

NIR+RED
           (1) 

The NIR channel captures the reflectance values in the near-infrared spectrum, which 
vegetation strongly reflects, while the RED channel captures the reflectance values in the red 
spectrum. The NDVI can be used to quantify the density and health of vegetation cover in a 
given area with higher NDVI values typically indicating denser and healthier vegetation. In 
comparison, lower values suggest sparse or stressed vegetation cover. 

The enhanced vegetation index (EVI) was also utilized to minimize errors and ambiguity, 
which can be significant due to varying atmospheric background conditions and canopy 
[15][16]: 

𝐸𝑉𝐼 = G 
NIR − RED

(NIR + C1 × RED − C2 × BLUE+ L)
        (2) 

Equation 2 incorporates reflectance values from multiple spectral bands and accounts for 
factors such as aerosol scattering and canopy background, enhancing its sensitivity to 
vegetation changes compared to traditional indices like NDVI. The term G serves as a scale 
factor adjusting the overall magnitude of the index and NIR, RED, and BLUE represent the 
reflectance values in their respective spectral channels. Additionally, the weighting factors 
C1 and C2 are applied to correct for aerosol influences, while the parameter L accounts for 
canopy and soil background effects. EVI provides a more robust measure of vegetation health 
and density, particularly in areas with varying atmospheric conditions or surface 
characteristics. 

2.4. Random Forest Regression 

Random forest (RF) is a popular machine learning algorithm, particularly for classification and 
regression tasks, which operates by constructing multiple decision trees. In each tree, 
training is performed on data samples independently and then combined into a single model 
[17]. It utilizes bagging (bootstrap aggregating) to train individual models with random 
subsets of data in parallel to create aggregate predictors, with 70% of the data used for 
training, while the remaining 30% is used for testing [18]. 

The parameters for RF regression to model the prediction of percent tree cover are as 
follows: 

1. 10,014 points were sampled and distributed randomly in the area of interest, Belitung 
Island. The values were extracted from each band for every point encompassing several 
spectral bands and vegetation indices, including red, green, blue, NIR, shortwave infrared 
(SWIR), NDVI, EVI, and percent tree cover. 

2. The data were divided into training (70%) and validation (30%) samples with 6972 
training samples and 3042 validation samples extracted randomly. The training samples 
were used to build the prediction model, while the validation samples were used to test 
the constructed prediction model. 

3. The number of trees (Ntree) was 500 to create a model with 500 decision trees which is 
commonly used because it exhibits stable error rates before reaching the number of 
classification trees [19]. 

The percent tree cover band from MODIS was the dependent variable, while the Landsat 
bands, such as Red, Green, Blue, NIR, SWIR, NDVI, and EVI, served as independent variables. 
Each spectral band provided different information about the characteristics of the Earth's 
surface. Therefore, a model was constructed to accurately predict tree cover in Belitung 
Island using a combination of data from Landsat bands as independent variables and percent 
tree cover from MODIS as the dependent variable. This model utilized the RF regression 
algorithm to combine information from various spectral bands and generate accurate 
predictions. 
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The r² or coefficient of determination was used as a benchmark to assess the model accuracy. 
Generally, a higher r² value indicates that the model has better precision and accuracy in 
predicting the percent tree cover. In the context of using Landsat 7 and Landsat 8 satellite 
imagery and MODIS data for predicting tree cover, a high r² value indicates that the model 
can effectively capture patterns and relationships in the data. The categories of r² values are 
shown in Table 2. 

Table 2. R-Square Categories [20]  

r2 Category 

𝑟2 ≥  0. 67 Strong 

0. 33 ≤ 𝑟2 <   0.67 Moderate 

0. 19 ≤ 𝑟2 < 0.33 Weak 

 

2.5. Analysis 

The percentage of tree cover was classified into four categories based on its density to 
identify and understand the tree cover distribution and monitor changes over time. Class 1 
0-25% represents areas with very low or almost no tree vegetation; Class 2 25-50% indicates 
areas with moderate tree vegetation; Class 3 50-75% has dense tree vegetation; Class 4 75-
100% indicates areas with very dense and thick tree vegetation. Then, the vegetation type 
was estimated based on the vegetation density and the original bands of the satellite image 
to classify the vegetation and land use (Table 3). 

Table 3. Classification Table Based on Vegetation Density Analysis. 

Category 
Percentage 
range  (%) 

Density 
Vegetation 

Class 1 0 <  𝑥 ≤ 25 Zero to low Water bodies, settlements, mines 

Class 2 25 < 𝑥 ≤ 50 Low to moderate Shrubs, grassland, agriculture area 

Class 3 50 < 𝑥 ≤ 75 Moderate to fairly high Agriculture, oil palm cultivation 

Class 4 75 < 𝑥 ≤ 100 Fairly high to high Forest, mangroves 

      

The dynamics of changes in the area of each class were evaluated from 2013 to 2023 to 
understand how tree cover has changed over a decade, providing insights into trends of 
deforestation or reforestation. Important information can be obtained regarding changes in 
local ecosystems by analyzing changes in the area of each class.  

3. Results and Discussion 

3.1. Results 

3.1.1. Model Performance 

The coefficient of determination obtained from the scatterplot was 0.7455. This showed that 
the evaluation of the model performance confirmed the developed model has a high 
predictive strength and can be used to predict outcomes in other years with good accuracy 
(Figure 2). Thus, the evaluation model can predict trends or outcomes in subsequent years.  
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Figure 2.  Scatterplot of validation results versus training results showing that the model performs 
well across various levels of tree cover but with some predictions being less accurate than others. 

3.1.2. Percent Tree Cover Dynamics 

Figure 3 shows a noticeable change in the percentage of tree cover from 2013 to 2023, with 
the color gradation indicating the degree of tree cover from less (yellow) to more (dark green) 
tree cover. 

 

 

Figure 3. Percentage of tree cover on Belitung Island. A decrease in vegetation density occurred in 
2015, after which there was an increase in the percentage of tree cover, and the classification of 
class 1 (areas with very minimal vegetation) gradually decreased. 

There was a slight decrease in tree cover in certain regions in 2015 compared to 2013, 
possibly due to deforestation. Then, the tree cover remained relatively stable between 2015 
and 2017, with some areas experiencing slight increases or decreases in coverage. The tree 
cover loss until 2019 suggests deforestation or degradation of forested areas. There appears 
to be a further decline in tree cover in some areas from 2019 to 2021, suggesting the 
continuing trend of deforestation or land-use change affecting tree cover. By 2023, the maps 
show some areas potentially recovering tree cover (evidenced by more dark green patches), 
while others show signs of significant deforestation. 

The area of each class was counted and visualized in Figure 4, showing that there was a 
significant increase from 2013 to 2015 for Class 1 (0–25%), after which this area decreased 
until 2023, indicating a decline in tree cover in areas that are very sparsely wooded or have 
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been degraded. There was a continuous annual decline in Class 2 (25–50%), indicating a 
reduction in the areas with moderate tree cover. The Class 3 (50–75%) areas fluctuated, 
generally significantly increasing from 2015 to 2023, indicating that higher tree cover areas 
have increased, possibly due to rehabilitation efforts or good forest management. 

The predicted tree cover percentage map was compared to satellite RGB maps to understand 
activities potentially influencing vegetation changes in the study area. Additionally, Mining 
Business Permits (IUP) areas were incorporated to assess the potential impact of mining 
activities (Figure 5), showing that there was a loss of vegetation or tree cover from 2013 to 
2015, characterized by an increase in Class 1 with a noticeable escalation in land clearings on 
the satellite RGB maps. However, some of these areas fall outside the designated IUP zones. 
Notably, by 2017, areas previously identified as cleared (depicted in white-yellowish tones) 
began to display signs of regeneration, transitioning to green with similar trends persisting in 
subsequent years. 

 
                                               Figure 4. Area (Ha) per year of each tree cover percentage classification in Belitung Island. 
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                                               Figure 5. Natural Color (RGB) image of Belitung Island, including mining business permit (IUP) areas.  

The predicted percent tree cover map from 2013 to 2023 for Lalang Mountain, a conservation 
area on Belitung Island, is shown in Figure 6. In 2015, there was a 14.1% increase in Class 1 
(0–25%), covering 790,02 hectares, and a 21% decrease in Class 3 (50–75%), equivalent to 
535,3 hectares. In 2017, there was a 16.6% decrease in Class 1 and an 11.9% increase in Class 
3. Until 2023, Class 3 continued to increase, reaching 76.2%, or 1945.8 hectares of land, 
indicating a revitalization of vegetation becoming quite dense. 

 

 
Figure 6. Percentage of tree cover in Lalang Mountain conservation area. Consistent with the 
Belitung Island area findings, Lalang Mountain also experienced a decrease in vegetation density in 
2015. There was an increase in Class 3 by 2023, indicating that Lalang Mountain has undergone forest 
recovery. 

Graphical representations of the total area of each classification in Lalang Mountain were 
created to track the progress of each class per year (Figure 7), showing that in 2015, there 
was an increase in the area of Class 1 vegetation, followed by an increase in the area of Class 
3 vegetation in the following years.  
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Figure 7. Area (Ha) per year for each tree cover percentage classification in Lalang Mountain. 

The predicted tree cover percentage map was compared to the RGB image maps for Lalang 
Mountain (Figure 8). There are no IUP zones in Lalang Mountain, but there are noticeable 
changes in the vegetation dynamics.  

 

 
Figure 8. Natural Color (RGB) Image of Belitung Island, including Lalang Mountain Nature Reserve 
and the mining business permit (IUP) areas. 

3.2. Discussion 

The objective of this study was to develop an accurate and robust model Random Forest (RF) 
machine learning algorithm to accurately estimate the vegetation cover, which will help us 
to determine if Belitung Island faced by things potentially harmful to environment, whether 
its naturally occurred or because of human acitivities. This lead us on how to evaluate the 
remaining and later condition of the Island. Thus, from this algorithm a model was developed 
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using remote sensing data and a random forest regression algorithm to predict the percent 
tree cover in Belitung Island and the Gunung Lalang Nature Reserve. We used two locations 
to determine the possible factor of the change. The percent tree cover density was classified 
into four classes: Class 1 with very minimal vegetation; Class 2 with low to moderate 
vegetation; Class 3 with moderate to fairly high vegetation; Class 4 with fairly high to high 
vegetation.  

The model showed that there was a significant increase in Class 1 indicating damage to 
conservation areas, possibly caused by human activities such as land clearing or natural 
disasters. Most IUP areas tended to have Class 1 percent tree cover, validating that there was 
a potential for working or abandoned mining zones. The satellite RGB maps revealed surface 
changes (from green to yellow) indicating vegetation loss. Since it was outside the IUP area, 
there are possibilities such as land change to less vegetation cover (savannas or shrubland), 
agriculture potential, residental area, or even illegal mining areas. After a sharp decline from 
2013 to 2015, Class 3 saw a very significant increase while Class 2 remained relatively stable, 
suggesting a noticeable recovery in tree cover reflecting a consistent regeneration of 
vegetation in the area. This is a good sign of reforestation in Belitung Island and Gunung 
Lalang. There was no significant area with 75–100% tree cover throughout the period 
indicating the absence of areas with dense forest cover or degradation led to the loss of high 
vegetation cover. Overall, these positive changes suggest forest or land recovery but these 
results highlight vegetation degradation that requires further attention for forest 
conservation in Belitung Island and the Gunung Lalang Nature Reserve. 

The most recognizeable change that is shown from the result is on the year of 2015. As we 
can see from Figure 3, there was a decrease in tree cover in certain regions in 2015 compared 
to 2013, possibly due to deforestation. This indicate that there was a harmful activity towards 
the vegetations. If we look at the RGB Image (Figure 4), some of them were mining zone. If 
we consider Gunung Lalang from Figure 6, the tree cover percentage was also decreased 
significantly. Since Gunung Lalang is a conservation area thus there must not any mining 
activities, it is possible that the vegetations decreased because of El Nino that happened in 
2015-2016 [21]. It is reported that in 2015, El Nino phenomenon occurred alongside the 
Equator and almost every dominating vegetations (including Oil Palm Trees and Forest) were 
affected [22]. 

The loss of tree cover until 2019 suggests deforestation or degradation of forested areas, 
which potentially caused by conversion of the forest to cropland. There appears to be a 
further decline in tree cover in some areas from 2019 to 2021, suggesting the continuing 
trend of deforestation or land-use change that affects tree cover. Previous study using Land 
Use Land Cover (LULC) method suggest that until 2020, there were many substantial parts of 
Belitung Island Forest that decreased or even entirely lost like the dryland forest [23]. In 2021 
and 2023, we can see that the tree cover is getting higher which indicate possible 
reforestation of Belitung Island. 

Though there were some declines, the tree covers overall made an increasing number based 
on Figure 4. This indicates that the forest of Belitung Island is increasing by 2023. 

This study demonstrates that changes in vegetation over large areas can be more easily 
detected using satellite imagery and it is possible to evaluate how the surface conditions of 
the study area have evolved by understanding these vegetation changes. The results revealed 
significant dynamics in vegetation density, indicating damage to conservation areas and 
emphasizing the importance of regular vegetation monitoring and the use of remote sensing 
technology for effective forest conservation, like in Belitung Island. 

Future studies should consider using higher-resolution data to improve accuracy. 
Additionally, in-depth studies of human activities such as agriculture activities, building, or 
even illegal mining potential in conservation areas can provide more precise insights into the 
causes of vegetation damage or tree cover loss. Future studies could also explore the use of 
other algorithms or a combination of algorithms to enhance the accuracy of vegetation cover 
predictions. 
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4. Conclusions  

An accurate predictive model was developed to predict the percent tree cover on Belitung 
Island, including Lalang Mountain Forest Park, and it showed signs of vegetation regeneration 
in some areas. These findings provide valuable insights for policy development to support 
sustainable development on Belitung Island, considering the need for environmental 
conservation and resource management. 
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