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Abstract: Oil palm (Elaeis guineensis) is the most important oil crop worldwide, with 
global demand projected to keep rising. In Indonesia, Sumatera and Kalimantan 
accounts for about 95% of the country’s oil palm plantation area, making these regions 
central to both economic growth and land use change. The rapid expansion of oil palm 
plantations in Sumatra has triggered significant land cover changes with wide-ranging 
environmental and socio-economic consequences. This study integrates multi-source 
remote sensing data with Least Squares Linear Regression (LSLR) modeling to quantify 
the dynamics of oil palm land use and evaluate their impacts on both ecological 
conditions and human communities. Environmental pressures were evaluated using 
land surface temperature (LST) and aerosol density, while socio-economic changes were 
examined through population density and night light data. The results indicate that 
most oil palm regions in Sumatra are experiencing moderate to high environmental 
stress, characterized by rising temperatures and increased aerosol concentration linked 
to large-scale plantation conversion. At the same time, plantation zones have become 
focal points of urbanization, attracting population growth and settlement expansion that 
reshape local socio-economic structures. For instance, Bengkulu exhibits accelerated 
urban-driven land conversion, while Jambi and North Sumatra demonstrate stronger 
interactions between plantation development and community growth. These findings 
highlight the intertwined nature of environmental degradation and socio-economic 
change, offering critical insights for land-use management, sustainability policies, and 
regional development planning in Indonesia. 
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1. Introduction 
Oil palm (Elaeis guineensis), Southeast Asia's flagship commodity[1-2], plays a 

crucial role in the global economy and also central component of Indonesia’s 
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agricultural economy, with Sumatra and Kalimantan representing the lion’s share of 
national plantation area. Recent mapping efforts show that Indonesia’s oil palm area has 
more than doubled in recent decades, illustrating the scale of land transformation 
underway [3,4]. The rapid expansion of plantations, especially into forested and 
peatland areas, has been linked to serious environmental consequences, including 
biodiversity loss, greenhouse gas emissions, and disruption of ecosystem services [5-7]. 

Conversion of forests and peatlands to monoculture plantations alters local 
microclimates, often increasing land surface temperature (LST) and aerosol loads 
associated with biomass burning and land clearing [8,9]. Remote sensing studies have 
documented these biophysical effects in tropical regions, making LST and aerosol 
density viable indicators of environmental pressure in agriculturally transformed 
landscapes [10,11]. Meanwhile, socio-economic dynamics tend to shift in concert with 
plantation expansion: population influx, infrastructure development, and urbanization 
often accompany large estates, reshaping local livelihoods and settlement patterns 
[12,13]. Night-time light intensity and population density from satellite and census data 
have become widely accepted proxies for measuring such socio-economic 
transformations at landscape scales [14-16]. 

Despite numerous studies focusing individually on environmental or 
socio-economic consequences, integrated analyses that quantify their spatial and 
temporal co-evolution remain scarce. To address this gap, this study applies Least 
Squares Linear Regression (LSLR) to multi-source remote sensing indicators LST and 
aerosol density for environmental pressure, and night-time lights plus population 
density for socio-economic change to map their rates of change and identify overlap 
zones of ecological stress and social transformation on Sumatra. This approach aims to 
provide robust evidence for land-use planning and policy formulation that reconcile 
development with environmental sustainability. 

2. Materials and Methods 

2.1. Study Area 
The study area of this research is the island of Sumatera, Indonesia, with the 

astronomical location of 6° N - 6° S and 95° E - 105° E. This area, seen in Figure 1, is 
selected as it is one of the biggest palm oil producers in Indonesia. 

  

 

Figure 1. Study Area: Sumatera Island 
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2.2. Data Sources and Geospatial Analysis 
 To provide accurate modeling results for each stage, the data used in this study 
utilizes a diverse set of multi-resolution spatial datasets compiled from various 
international organizations. Edaphic data, including bulk density, soil pH, organic 
carbon content, and soil water content, were sourced from OpenLandMap at a spatial 
resolution of 250 meters. Climatic data include precipitation from TerraClimate (4.5 km), 
evapotranspiration from MOD16A2 (500 m), and land surface temperature from 
MOD11A1 (1 km). Vegetation indices such as NDVI and EVI were obtained from 
MOD13Q1 (250 m), while elevation and slope data were derived from SRTM imagery 
(30 m). Additional datasets include population density from WorldPop (100 m), oil palm 
distribution from the Global Oil Palm Map (100 m), nighttime light intensity from VIIRS 
(500 m), and aerosol density from the MAIAC product (1 km). Supplementary data such 
as administrative boundaries were obtained from GADM, and socio-economic variables, 
including GDP and aggregated crop yield, were sourced from GAEZ+ and global GDP 
datasets. All of these datasets were used as input variables in a machine learning model 
based on the Least Square Linear Regression algorithm. 
 

2.2.1. Oil Palm Plantation 
 This study focuses on the impacts in oil palm plantation due to their significant 
contribution to the socio-economic development. The socio-economic aspect refers to the 
interrelated conditions of society and economy, encompassing factors such as 
employment, income, education, and welfare, which together determine the social 
standing and quality of life of communities [1]. Plantations have been shown to reduce 
rural unemployment by creating new jobs, improving communication infrastructure, 
increasing household income, facilitating inter-village access, and enhancing community 
knowledge of palm oil cultivation [2]. The presence of oil palm plantations have also 
helped in reducing economic risks by enabling greater engagement in off-farm activities 
and income diversification for the farmers [3]. Furthermore, the oil palm industry 
stimulates investment, generates foreign exchange, and plays a substantial role in 
improving the welfare of households involved in palm oil production. 
 Although the oil palm industry displays considerable socio-economic benefits, the 
expansion of plantations over large areas also exerts substantial environmental 
pressures. These include significant carbon losses, elevated soil emissions such as N₂O, 
and reductions in species richness and biodiversity resulting from deforestation and 
peatland conversion[4–6]. Notably, soil N₂O emissions, which contributes more than half 
of the total greenhouse gas footprint, play a major role in amplifying the global warming 
potential of oil palm cultivation [7]. 
2.2.2. Rate of Change Modeling 
 This stage employs four parameters to assess socio-economic activity and 
environmental pressures. The environmental pressure, which is a reference for the 
occurrence of environmental damage, is derived from the Land Surface Temperature 
(LST) and the Aerosol Density parameter. The Urban Rural aspect used World 
Population and Night Light to assess the rising urbanization in palm oil areas. The 
processing begins with selecting the bands to be created as a collection over time, so the 
four parameters mentioned above must be Image Collections because otherwise, the 
Image series alone cannot create the Time Band, which is the basis for processing the 
Rate of Change. 
The data processing was taken from the period 2016 to 2021. The time bands data will be 
reduced using the Reducer from the GEE library with the Linear Fit method, which is a 
least-squares linear regression. The simplicity and interpretability of this algorithm 
provide reliable statistical intervals for prediction and calibration [8]. For a more flexible 
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linear modeling approach, one of the linear regression reductions is used, which allows 
for several independent and dependent variables (O'leary, 1990). The four Rate of 
Change results will then be reclassified into three classes using the Quantile method.   
2.2.3. Urban Growth Meets Environmental Pressure 

This phase evaluates the land use change with socio–economic dynamics and 
environmental impacts in ArcGIS Pro. It includes the recategorization of two primary 
spatial layers: the Urban–Rural Index and the Environmental Pressure of land use 
change. The Urban–Rural Index is assigned a 1–3 classification representing the five 
levels of urbanization. Environmental Pressure is assigned a classification of 10–30 to 
denote different levels of environmental degradation. The layers spatially categorized in 
these classes are then added using the Raster Calculator to ascertain areas with a 
pronounced urban influence and Environmental Pressure Index ascribed. 

The intersection of the two variables results in identifiable units of oil palm plantation 
areas with urban centers. The overlay determines the areas of population growth, urban 
sprawl, infrastructure development, and economic activities under pressure with 
environmental degradation, including the oil palm plantations, which have suffered 
from population pressure. These regions are indicative of the socio–environmental 
conflict of land use in the peripheries, with large-scale oil palm plantation areas. The 
conflict focuses on the accelerated land use change which results from urbanization. The 
result of the analysis is a Land Use Change Map which delineates the principal 
transition areas and serves as a basis for assessing the impact through area–based impact 
reduction zones, which coordinates later land use planning with land use sustainability 
considerations. 

 

3. Results 
3.1. Rate of Change in Land Use Change Parameters 
3.1.1. Rate of Change of the Environmental Pressure 

Assessment of oil palm cultivation also considers the rate of change of environmental 
suitability, which derives from land surface temperature (LST) and aerosol density. 

  
(a) (b) 

Figure 2. Rate of change of the environmental pressure in Sumatera Island. (a) Land surface 
temperature aspect; (b) Aerosol density aspect. 

Figure 2a illustrates LST change across oil palm plantations, with yellow indicating 
warming and purple cooling. Existing plantations exhibit a moderate but consistent 
increase in surface temperature, as evident in the majority of results, which are 
dominated by orange tones. Changes in aerosol density are shown in Figure 2b. Aerosols 
influence Earth’s climate directly through the scattering of solar radiation and indirectly 
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through land-use practices such as slash-and-burn clearing and residue burning. Areas 
with higher aerosol density appear in blue, whereas yellow indicates a decline. 

By integrating both LST and aerosol changes, an environmental pressure index was 
generated, presented in Figure 3. Darker areas indicate higher environmental 
degradation, while lighter tones suggest lower pressure. Several plantation areas are 
dominated by purple and black, implying notable environmental impacts associated 
with oil palm cultivation. 

3  
 Figure 3. Environmental pressure indicator 

 

Based on the spatial data processing of remote sensing imagery assessing the rate of 
environmental pressure, the study area was classified into five categories: very low, low, 
moderate, high, and very high. The analysis indicated that no areas fell into the very low 
category. The low-pressure category accounted for 16,007.73 hectares, while the 
moderate category dominated with an area of 2,861,903.88 hectares. The high and very 
high categories covered 2,275,583.45 hectares and 1,487,028.71 hectares, respectively. 
This distribution reveals that the majority of the region is experiencing moderate to high 
levels of environmental pressure. Notably, these pressures are predominantly associated 
with large-scale land-use changes driven by oil palm plantation expansion. The 
conversion of natural forests and other ecosystems into monoculture oil palm 
plantations has contributed significantly to ecological degradation, including 
biodiversity loss, habitat fragmentation, and alterations in hydrological and soil systems. 
3.1.2. Rate of Change of the Urban Rural Aspect 
 The rise of human activity shown in Figure 4 derives from Night Light (Figure 4a) 
and World Population (Figure 4b). The urban-rural dynamics represents human 
settlement expansion in plantation areas. 
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(a) (b) 
Figure 4. Rate of change of the urban-rural aspect in Sumatera Island. (a) Night light; (b) World 
population. 

Figure 4 indicates that there has not been much change from night light data in the oil 
palm areas. However, Night Light shows a small area that exhibits a notable increase in 
population (Figure 4a). This localized rise in population is also evident in the world 
population image, shown in Figure 4b. It there is population growth inside Oil Palm 
Plantation. 

 
Figure 5. Socio-Economy Indicator. 

 The Urban-Rural rate of change was derived by integrating both night light and 
population aspects, as seen in Figure 5. Several plantations exhibit relatively high levels 
of urbanization, Based on the spatial data processing of remote sensing imagery related 
to the rate of socio-economic change, the study area was classified into five categories: 
very low, low, moderate, high, and very high. The analysis showed that no areas fell into 
the very low category. The low category covered an area of 28,237.24 hectares, while the 
moderate category dominated with a total area of 592,683.75 hectares. In addition, the 
high and very high categories accounted for 3,143,083.15 hectares and 2,875,028.23 
hectares, respectively. This distribution indicates that the majority of the region is 
experiencing socio-economic dynamics categorized as moderate to high. These 
dynamics are strongly associated with large-scale oil palm expansion, which has not 
only transformed the landscape but also acted as a magnet for population growth. This 
is supported by population density changes derived from WorldPop data, which reveal 
significant population increases in areas with intensive oil palm development. The 
presence of employment opportunities and improved infrastructure in plantation zones 
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appears to have attracted migration and contributed to socio-economic transformation 
across the region suggesting settlement growth around oil palm estates, likely associated 
with plantation workers establishing nearby communities. 

3.2. Urban and Environmental Conflict Zone 

 
Figure 6. Conflict Zone Inside Oil Palm Plantation. 

4. Discussion 

4.1 Limitations and Further Research 

This study uses the Random Forest algorithm for the machine learning method. 
Further research with various other machine learning algorithms can enhance the 
number of modeling variety as well as comparison between different algorithms. There 
is also a lack of oil palm age parameter. The age of the tree affects the yield of palm oil, 
where the older the tree gets, the lower the tree will yield. 

5. Conclusions 
This study demonstrates that the expansion of oil palm plantations in Sumatra has 

led to significant environmental and socio-economic impacts. Remote sensing analysis 
with Least Squares Linear Regression (LSLR) shows that 2,861,903.88 hectares fall into 
the moderate environmental pressure category, while 2,275,583.45 hectares and 
1,487,028.71 hectares are classified as high and very high, respectively—indicating that 
most plantation areas are under considerable ecological stress. At the same time, 
socio-economic changes are dominated by high (3,143,083.15 hectares) and very high 
(2,875,028.23 hectares) categories, reflecting rapid population growth, urbanization, and 
settlement expansion. Bengkulu demonstrates accelerated urban-driven land conversion, 
while Jambi and North Sumatra highlight stronger connections between plantation 
development and community transformation. The overlap of high environmental and 
socio-economic pressures reveals conflict-prone zones, emphasizing the urgent need for 
integrated land-use policies that reconcile ecological sustainability with regional 
socio-economic development.  
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