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Abstract 
 

Tropical peatlands in Central Kalimantan, Indonesia, represent important terrestrial 

carbon stores and support highly diverse tropical rainforest ecosystems with 

significant ecological, hydrological, and climatic functions. However, decades of 

drainage development, deforestation, plantation expansion, land-use change, and 

recurrent fire have contributed to extensive peatland degradation across the region. 

Large-scale hydrological disturbance following the Mega Rice Project initiated in the 

1990s further accelerated peat drying, vegetation degradation, forest loss, and 

increased fire vulnerability. This study analysed peatland degradation in south-eastern 

Central Kalimantan between 2017 and 2025 using remote sensing and GIS-based 

spatial analysis. Satellite-derived indicators including the Normalized Difference 

Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), VIIRS 

active fire detections, annual forest loss data, and supplementary Land Surface 

Temperature (LST) information were integrated with environmental variables related 

to hydrology, terrain, drainage infrastructure, and land use. Particular emphasis was 

placed on NDWI as a proxy indicator of peatland moisture conditions associated with 

hydrological disturbance. Spatial and statistical analyses were performed using 

Pearson correlation, hotspot analysis, Ordinary Least Squares (OLS), Geographically 

Weighted Regression (GWR), Random Forest (RF), and weighted spatial overlay 

techniques. The results showed that peatland degradation is spatially heterogeneous, 

with major degradation hotspots concentrated in the southern and central peatland 

regions where vegetation decline, moisture reduction, forest loss, and fire occurrence 

overlapped. Drainage-related variables, particularly proximity to drainage canals, 

consistently emerged as dominant factors influencing peatland moisture dynamics and 

degradation patterns, while Topographic Wetness Index (TWI) showed weaker and 

less consistent relationships. The findings further demonstrated that degradation 

processes vary spatially according to local environmental conditions and disturbance 

intensity rather than occurring uniformly across the peatland landscape. Although 

vegetation and moisture indicators showed relatively strong relationships, fire 

occurrence appeared to be influenced by additional climatic and anthropogenic factors 

beyond those included in the analysis. Overall, the study highlights the critical role of 

hydrological disturbance in tropical peatland degradation and emphasises the 

importance of long-term hydrological restoration and sustainable peatland 

management, particularly in heavily drained peatland areas. The integration of remote 

sensing, GIS, and spatial modelling techniques provides a useful framework for 

identifying degradation hotspots and supporting future peatland restoration and 

conservation strategies in tropical regions. 

 

Keywords: geography, GIS, remote sensing, tropical peatlands, peatland degradation, 

drainage canals, hydrological disturbance, Central Kalimantan. 
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Abstrak 
 

Lahan gambut tropis di Kalimantan Tengah, Indonesia, merupakan penyimpan karbon 

daratan yang penting serta mendukung ekosistem hutan hujan tropis dengan fungsi 

ekologis, hidrologis, dan klimatologis yang signifikan. Namun, pembangunan 

jaringan drainase, deforestasi, ekspansi perkebunan, perubahan penggunaan lahan, 

dan kebakaran berulang telah menyebabkan degradasi lahan gambut secara luas di 

wilayah tersebut. Gangguan hidrologis akibat Proyek Lahan Gambut Sejuta Hektar 

(Mega Rice Project) sejak tahun 1990-an semakin mempercepat pengeringan gambut, 

degradasi vegetasi, kehilangan hutan, dan meningkatnya kerentanan terhadap 

kebakaran. Penelitian ini menganalisis degradasi lahan gambut di bagian tenggara 

Kalimantan Tengah selama periode 2017–2025 menggunakan penginderaan jauh dan 

analisis spasial berbasis GIS. Indikator berbasis satelit, termasuk Normalized 

Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), 

deteksi titik api aktif VIIRS, data kehilangan hutan tahunan, serta informasi Suhu 

Permukaan Lahan (LST) yang digunakan sebagai indikator pendukung, diintegrasikan 

dengan variabel lingkungan yang berkaitan dengan hidrologi, topografi, drainase, dan 

penggunaan lahan. Penelitian ini menempatkan NDWI sebagai indikator proksi 

kondisi kelembapan gambut yang berkaitan dengan gangguan hidrologis. Analisis 

dilakukan menggunakan korelasi Pearson, analisis hotspot, Ordinary Least Squares 

(OLS), Geographically Weighted Regression (GWR), Random Forest (RF), dan 

teknik weighted spatial overlay. Hasil penelitian menunjukkan bahwa degradasi lahan 

gambut bersifat heterogen secara spasial, dengan hotspot utama terkonsentrasi di 

wilayah gambut bagian selatan dan tengah area penelitian. Wilayah tersebut 

menunjukkan tumpang tindih antara penurunan vegetasi, pengurangan kelembapan, 

kehilangan hutan, dan kejadian kebakaran. Variabel drainase, terutama kedekatan 

terhadap kanal drainase, secara konsisten menjadi faktor dominan yang memengaruhi 

dinamika kelembapan gambut dan pola degradasi, sementara Topographic Wetness 

Index (TWI) menunjukkan hubungan yang lebih lemah dan kurang konsisten. Hasil 

penelitian juga menunjukkan bahwa proses degradasi bervariasi sesuai kondisi 

lingkungan lokal dan intensitas gangguan. Meskipun indikator vegetasi dan 

kelembapan menunjukkan hubungan yang relatif kuat, kejadian kebakaran tampaknya 

dipengaruhi oleh faktor iklim dan aktivitas manusia lainnya di luar variabel yang 

dianalisis. Secara keseluruhan, penelitian ini menyoroti pentingnya gangguan 

hidrologis dalam degradasi lahan gambut tropis serta menekankan perlunya restorasi 

hidrologis jangka panjang dan pengelolaan lahan gambut berkelanjutan, terutama 

pada wilayah dengan drainase intensif. Integrasi penginderaan jauh, GIS, dan 

pemodelan spasial memberikan kerangka kerja yang berguna untuk mengidentifikasi 

hotspot degradasi dan mendukung strategi restorasi serta konservasi lahan gambut 

tropis di masa mendatang. 

 

Kata kunci: geografi, GIS, remote sensing, lahan gambut tropis, degradasi lahan 

gambut, kanal drainase, gangguan hidrologis, Kalimantan Tengah.  
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1 INTRODUCTION 
 

Tropical peatlands are wetland ecosystems formed through the long-term accumulation of 

partially decomposed organic material under waterlogged conditions (WWF Indonesia, 

2009). The peat material mainly consists of plant remains, including trees, roots, and other 

organic matter that decompose slowly in saturated environments. Over thousands of years, 

this process forms thick peat deposits that store large amounts of organic carbon. Globally, 

tropical peatlands are mainly distributed across Southeast Asia, the Congo Basin, and parts of 

the Amazon, where they function as major carbon stores and important ecological systems 

(Page et al., 2011; Dargie et al., 2017). 

Indonesia, located in Southeast Asia, contains one of the world’s largest areas of tropical 

peatlands, covering approximately 13.4 million hectares mainly distributed across Sumatra, 

Kalimantan, and Papua (Anda et al., 2021). Although tropical peatlands occupy only a small 

proportion of the Earth’s land surface, they play an important role in the global climate 

system due to their substantial carbon storage capacity (Page & Baird, 2016). In addition, 

tropical peatlands support high biodiversity and contribute to regional hydrological regulation 

by storing and gradually releasing water during wet and dry periods (Page & Baird, 2016). 

These ecosystems are therefore important for environmental stability, climate regulation, and 

local livelihoods. 

Over recent decades, tropical peatlands across Southeast Asia, including Indonesia, have 

experienced extensive degradation caused by large-scale land-use change and hydrological 

disturbance (Mishra et al., 2021). In Central Kalimantan, extensive drainage canal 

construction, deforestation, agricultural expansion, and recurrent peat fires have significantly 

altered natural peatland hydrology (Page at al., 2009; Taufik et al., 2019).  Much of this 

disturbance is associated with the Mega Rice Project (Choy & Onuma, 2025) initiated in the 

mid-1990s, which introduced large-scale drainage networks into peatland areas (Toumbourou 

et al., 2025). Lowering of the water table has increased peat drying, oxidation, carbon 

emissions, and fire vulnerability, resulting in long-term environmental impacts (Page et al., 

2009; Taufik et al., 2019). Central Kalimantan was selected as the focus of this study because 

it represents one of the most heavily disturbed tropical peatland regions in Indonesia, where 

extensive drainage, recurrent fires, and land-use conversion have caused widespread peatland 

degradation (Page et al., 2009; Toumbourou et al., 2024). The region therefore provides an 

important case study for understanding peatland degradation processes in Southeast Asia.  

Previous studies have identified drainage as a major driver of peatland degradation in 

Indonesia (Dadap et al., 2021; Salmayenti et al., 2025). Peatlands located closer to drainage 

canals or within areas of high canal density often experience stronger drying, vegetation 

stress, and increased fire susceptibility because drainage lowers water tables and creates drier 

peat conditions that are more vulnerable to burning and degradation (Sinclair et al., 2020; 

Dadap et al., 2021). In addition, peatland degradation does not occur uniformly across the 

landscape but varies spatially due to differences in hydrological conditions, drainage 

intensity, land-cover change, fire frequency, and local environmental characteristics (Sinclair 

et al., 2020; Mishra et al., 2021). 
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Peatland restoration efforts, including canal blocking and hydrological rewetting, have been 

implemented in parts of Central Kalimantan to reduce peat drying and fire risk (WWF 

Indonesia, 2009). However, due to the spatial variability of degradation processes, it remains 

difficult to identify priority areas for restoration and environmental management. Spatially 

explicit analyses are therefore needed to better understand how hydrological disturbance and 

environmental factors influence peatland degradation, including vegetation decline, moisture 

reduction, fire occurrence, and forest loss across the region. 

Previous studies have examined various aspects of peatland degradation, including vegetation 

change, fire occurrence, carbon emissions, hydrological disturbance, and deforestation, using 

different datasets and analytical approaches (Miettinen et al., 2017; Mishra et al., 2021). 

However, fewer studies have integrated multiple satellite-derived indicators of vegetation 

condition, surface moisture, fire activity, and temperature together with drainage-related and 

terrain-based environmental variables within a single spatial framework to examine spatial 

variability in peatland degradation. In Central Kalimantan, the long-term spatial interactions 

between drainage networks, environmental conditions, and multiple peatland degradation 

indicators remain complex and require further investigation. 

Tropical peatlands are large, environmentally sensitive, and often difficult to access, GIS and 

remote sensing provide effective tools for analysing long-term spatial patterns of peatland 

degradation. Remote sensing data provide spatially continuous observations that can be used 

to analyse vegetation condition and environment dynamics across large areas (Yan et al., 

2025) 

1.1 Aim  

The aim of this thesis is to analyse how hydrological conditions, drainage patterns, terrain 

characteristics, and land-use pressures influence peatland degradation in Central Kalimantan 

between 2017 and 2025. Using remote sensing and GIS, the study maps vegetation stress, 

surface moisture changes, fire occurrence, and land surface temperature as indicators of 

peatland condition. By integrating these satellite-derived indicators with hydrological 

variables and spatial regression analyses, the study seeks to identify the environmental 

drivers of degradation and highlight areas that are most vulnerable. The results provide 

spatial evidence that can support peatland management, restoration planning, and climate 

mitigation efforts. 

1.2 Research questions 

1. Spatial patterns: Spatial patterns: Where are the major areas of peatland degradation, 

characterized by reduced vegetation greenness (Normalized Difference Vegetation Index, 

NDVI), reduced moisture conditions (Normalized Difference Water Index, NDWI), increased 

fire occurrence, forest loss, and increased land surface temperature (LST) in Central 

Kalimantan between 2017–2025?  

2. Indicator relationships: How are satellite-derived indicators (NDVI, NDWI, fire 

occurrence, and LST) spatially related, and what do these relationships indicate about 

peatland degradation processes? 
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3. Environmental drivers: How do hydrological, terrain, and land-use factors including 

drainage proximity, canal density, elevation, slope, and topographic wetness index (TWI) 

explain spatial variation in peatland degradation indicators? 

1.3 Hypotheses 

H1: Hydrological variables, particularly drainage canal proximity and topographic wetness 

index (TWI) are the strongest predictors explaining spatial variation in satellite-derived 

peatland degradation indicators (NDVI, NDWI, fire occurrence, and LST). 

H2: Relationship between peatland degradation indicators and environmental drivers vary 

spatially across the peatland area rather than occurring uniformly. 
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2 THEORETICAL BACKGROUND 

2.1 Hydrology of tropical peatlands  

Most tropical peatlands in Southeast Asia are raised peat domes that are predominantly rain-

fed (ombrotrophic) and highly dependent on stable hydrological conditions (Apers et al., 

2022; Ritzema, 2007; Page et al., 2006). These peatlands are mainly distributed in lowland 

region such as Central Kalimantan, Indonesia, although some ombrotrophic peatlands may 

also occur in tropical highland areas (Apers et al., 2022; Page at al., 2011). Unlike many 

temperate and boreal peatlands, tropical peatlands are commonly covered by dense peat 

swamp forest vegetation, including broadleaf evergreen species and palm-dominated 

ecosystems (Girkin et al., 2022).  

Under natural conditions, peatland hydrology is largely regulated by precipitation inputs, 

evapotranspiration, and lateral water movement within peat soils, which together help 

maintain high water-table conditions (Mishra et al., 2021). Because tropical peatlands 

commonly form dome-shaped systems with strong lateral hydraulic connectivity, changes in 

water levels in one area may influence hydrological conditions across large portions of the 

peatland (Hooijer et al., 2010; Taufik et al., 2019). Water tables are normally maintained 

close to the peat surface, which helps preserve saturated conditions and limits peat 

decomposition (Morris & Waddington, 2011). 

Tropical peatlands are highly sensitive to hydrological disturbance (Nguyen et al., 2016) 

particularly artificial drainage, which lowers water tables and increases peat drying (Apers et 

al., 2022), which can enhance peat oxidation, subsidence, vegetation degradation, and carbon 

loss (Hooijer et al., 2012; Ohkubo et al., 2021). Due to the lateral hydraulic connectivity of 

peat soils, drainage effects may propagate beyond the immediate canal area, lowering 

surrounding water tables and contributing to uneven spatial patterns of degradation across the 

peatland landscape (Sinclair et al., 2020). 

As a result, peatland degradation often develops heterogeneously rather than uniformly. 

Variations in drainage intensity, vegetation cover, local hydrological conditions, and 

disturbance history contribute to strong spatial variability in peatland degradation patterns 

(Lampela et al., 2016; Taufik et al., 2019). 

2.2 Peat dome structure and hydrological characteristics  

Tropical peatlands in Central Kalimantan commonly occur as peat domes formed through the 

long-term accumulation of organic material under waterlogged conditions. These domes 

typically have greater peat thickness in their centre and gradually thin toward the margins 

(Page et al., 2011). Peat dome morphology plays a fundamental role in controlling peatland 

hydrology, nutrient distribution, and ecosystem functioning (Nguyen et al., 2016). 

Under natural conditions, the water table remains close to the surface, limiting decomposition 

and supporting peat swamp forest vegetation (Page et al., 2006; Mishra et al., 2021). Water 

movement is typically slow and occurs laterally from the dome centre toward the margins 

(Page et al., 2006). Saturated conditions and water tables near the peat surface also reduce 
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oxygen diffusion, causing decomposition to proceed slowly under anaerobic conditions 

(Morris and Waddington, 2011). 

This hydrological configuration makes tropical peat domes highly sensitive to drainage 

disturbance (Saputra et al., 2026), particularly where drainage canals intersect or border 

peatland systems (Sinclair et al., 2020). Drainage lowers the water table locally but may also 

propagate drying across large portions of the peat dome due to the strong hydraulic 

connectivity of peat soils (Hooijer et al., 2010). Prolonged lowering of the water table can 

increase peat oxidation, subsidence, moisture loss, and vegetation stress. 

These hydrological characteristics provide an important framework for understanding 

peatland drying and degradation processes in tropical peatland systems. 

2.3 Drainage canals and peatland degradation  

Drainage canals are widely recognized as a key driver of peatland degradation in tropical 

peatland system (Lampela et al., 2016; Ritzema, 2007). In Southeast Asia, drainage canals 

networks are commonly constructed to support agricultural expansion, plantation 

development, logging, and various land conversion activities (Page et al., 2011; Ritzema, 

2007). These canals alter natural hydrology system by increasing water outflow and lowering 

groundwater levels, thereby disrupting the naturally saturated conditions required for 

peatland stability (Hooijer et al., 2010). 

Lowering of the water table exposes peat to aerobic conditions, increasing peat oxidation and 

accelerating organic matter decomposition (Morris & Waddington, 2011; Hooijer et al., 

2012). Prolonged drainage promotes peat drying, moisture decline, and land subsidence, 

particularly during the first years after drainage establishment (Hooijer et al., 2012; Ritzema 

et al., 2007). These hydrological changes reduce the capacity of peatlands to retain water and 

maintain ecological stability. 

Due to the strong lateral hydraulic connectivity of tropical peat soils, the impacts of drainage 

are not restricted to areas immediately adjacent to canals. Drying effects may propagate 

across large portions of peat domes, extending hydrological disturbance far beyond canal 

margins (Hooijer et al., 2010; Astiani et al., 2017). Consequently, peatland degradation often 

develops heterogeneously across the landscape, with stronger drying conditions commonly 

observed closer to drainage features (Lampela et al., 2016; Taufik et al., 2019). 

Field-based studies further demonstrate the substantial hydrological impact of drainage 

canals. In tropical peatlands, drainage has been shown to increase water table depth from 

approximately 11.7 cm to 37.3 cm below the peat surface, with drying effects extending up to 

500 m from drainage canals (Astiani et al., 2017). 

Lowering of the water table also alters peatland microclimatic conditions, including increased 

soil temperature and reduced moisture content, which together accelerate peat decomposition 

and increase vegetation stress (Hirano et al., 2009; Dadap et al., 2020). These changes may 

reduce tree biomass growth, alter forest structure, and decrease ecosystem resilience in 

degraded peatland landscapes (Astiani et al., 2017). In addition, prolonged drainage can 

increase CO₂ emissions and gradually transform peatlands from long-term carbon sinks into 
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net carbon sources, thereby contributing substantially to greenhouse gas emissions (Hooijer et 

al., 2012; Leifeld et al., 2019). 

 

     

Figure 2.1. Conceptual illustration of tropical peatland degradation following drainage canal 

construction and land-use conversion (adapted from GRID-Arendal, 2024). 

Figure 2.1. illustrates the transition from intact peat dome conditions to drained peatland 

systems following drainage canal construction and land-use conversion. The figure highlights 

the lowering of the water table and associated peat drying processes within tropical peatland 

landscapes. 

2.4 Deforestation and land-use change in tropical peatlands 

Peatland forest cover in Southeast Asia declined from 76% to 29% between 1990 and 2015 

(Mishra et al., 2020). During the early 2000s, deforestation rates in insular Southeast Asia 

were among the highest globally (Miettinen et al., 2011), with continued peatland conversion 

occurring in subsequent decades (Miettinen et al., 2016; Horton et al., 2021). In Kalimantan, 

major drivers of peatland deforestation include agricultural expansion, plantation 

development, infrastructure growth, and timber harvesting to meet both local and global 

demands (Curran et al., 1999; Astiani et al., 2017). Large areas of peat swamp forest have 

been converted to oil palm plantations, pulpwood plantations, and smallholder agricultural 

land, particularly in Indonesia and Malaysia (Gaveau et al., 2014; Miettinen et al., 2016; 

Simorangkir, 2007). 

Deforestation contributes directly to peatland degradation through the removal of forest cover 

that helps regulate microclimatic conditions and maintain moist surface environment.  

Previous studies have shown that disturbance to forest canopy cover can alter peatland 

microclimatic and hydrological conditions, increasing vulnerability to drying and degradation 

(Mishra et al., 2021; Choy & Onuma, 2025). Vegetation loss increases solar exposure, raises 

surface temperatures, and accelerates peat drying, oxidation, and subsidence (Page et al., 

2011; Miettinen et al., 2017). In many tropical peatland regions, deforestation is also closely 

associated with drainage canal construction and land conversion activities, which further 

intensify hydrological disturbance and ecosystem degradation. 

Drained and deforested peatlands are generally more accessible and more vulnerable to 

repeated disturbance, contributing to continued environmental degradation across peatland 

landscapes (Field et al., 2016). Understanding these land-use processes is therefore important 

for interpreting spatial patterns of peatland degradation. 
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2.5 Anthropogenic disturbance and drainage development in Central 

Kalimantan 

Large-scale peatland disturbance in Central Kalimantan intensified during the Mega Rice 

Project (MRP) initiated in 1996 (Novitasari et al., 2018; Horton et al., 2021). The project 

aimed to convert approximately one million hectares of peat swamp forest into rice 

cultivation areas through the construction of extensive drainage canal networks (Page et al., 

2009). These canals rapidly lowered groundwater levels and disrupted the natural 

hydrological conditions of tropical peat domes. 

Although the Mega Rice Project ultimately failed due to unsuitable peat soil conditions and 

hydrological instability, the drainage infrastructure remained across large parts of the 

landscape. The lowered water tables contributed to peat oxidation, land subsidence, increased 

fire vulnerability, and widespread forest degradation (Page et al., 2009; Taufik et al., 2019). 

Following the collapse of the project, many drained peatland areas were gradually converted 

into oil palm plantations, acacia pulpwood plantations, and smallholder agricultural land 

(Gaveau et al., 2014; Austin et al., 2019). 

Remote sensing studies have shown that forest loss in Central Kalimantan is strongly 

associated with drainage canal proximity, logging activities, and plantation expansion (Austin 

et al., 2019; Gaveau et al., 2022; Horton et al., 2021). Between 2001 and 2023, extensive 

peatland forest loss was documented across southern Central Kalimantan, particularly within 

former Mega Rice Project regions (Global Forest Watch, 2024). Recurrent peat fires, many of 

which are associated with human land-clearing activities and increased accessibility provided 

by drainage canals, have further reinforced degradation processes by creating feedback 

between drainage, peat drying, vegetation loss, and burning (Field et al., 2016). In the ex-

Mega Rice Project area, Horton et al. (2021) found that fire occurrence was strongly 

associated with anthropogenic factors, particularly proximity to settlements and drainage 

canals, highlighting the importance of land accessibility and human disturbance in controlling 

peatland fire distribution. Drainage-related peat drying has also been identified as an 

important factor increasing peatland fire susceptibility in Indonesian peatlands (Ruwaimana 

et al., 2024). 

In response to severe peatland fire events, Indonesia established the Peatland Restoration 

Agency (Badan Restorasi Gambut, BRG) in 2016 to coordinate peatland restoration and 

rewetting initiatives. The agency was later expanded into the Peatland and Mangrove 

Restoration Agency (Badan Restorasi Gambut dan Mangrove, BRGM). Restoration 

strategies include canal blocking, hydrological rewetting, revegetation, and fire prevention 

measures aimed at reducing peatland degradation and fire risk. Despite these interventions, 

legacy drainage infrastructure and ongoing plantation expansion continue to influence 

peatland hydrology and environmental degradation across Central Kalimantan (Taufik et al., 

2019; BRGM, 2026). 
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2.6 Fire, climate variability in tropical peatland 

Fire is a major disturbance process in tropical peatlands and plays a central role in peatland 

degradation in Southeast Asia, where peatland carbon dynamics are strongly influenced by 

the balance between peat accumulation and peat loss (Page et al., 2002; Field et al., 2016; 

Ruwaimana et al., 2024). Unlike fires in mineral soil forests, peat fires can burn both above 

and below the ground surface. Once ignited, peat can smoulder for extended periods due to 

its high carbon content, porous structure, and low moisture conditions, making fires difficult 

to detect and extinguish (Page et al., 2009; Sinclair et al., 2020; Grosvenor et al., 2024). 

Because combustion may continue beneath the surface even during intermittent rainfall, peat 

fires often persist longer than surface vegetation fires and can affect extensive areas of 

peatland ecosystems (Grosvenor et al., 2024). 

The occurrence of peatland fire is strongly influenced by the interaction between climatic 

variability and human activities. In Indonesia, fire is commonly associated with land-clearing 

practices related to agricultural expansion, plantation development, and smallholder farming 

activities (Field et al., 2009; Goldstein et al., 2020). Oil palm expansion has been identified as 

one of the major direct drivers of forest conversion in Indonesia, accounting for 

approximately one-third of old-growth forest loss between 2001 and 2019 (Gaveau et al., 

2022). Fires are frequently intentionally ignited to clear vegetation because burning is 

considered a rapid and inexpensive land preparation method (Simorangkir, 2007). Under dry 

conditions, however, these fires can spread uncontrollably into surrounding peatland areas 

(Ruwaimana et al., 2024; Simorangkir, 2007). Hydrological disturbance substantially 

increases peatland fire susceptibility by reducing moisture retention and increasing forest 

vulnerability to burning (Cochrane, 2003; Taufik et al., 2019). Artificial drainage lowers the 

groundwater table, reduces peat moisture content, and exposes deeper peat layers to oxidation 

and ignition (Hooijer et al., 2010; Taufik et al., 2019). Declining water levels also reduce 

conditions necessary for peat accumulation and may accelerate peat decomposition and 

carbon loss (Ruwaimana et al., 2024). 

Drained peatlands therefore become considerably more flammable compared to intact peat 

swamp forests. Previous studies have shown that fire occurrence is often concentrated near 

drainage canals, roads, deforested regions, plantation areas, and other accessible disturbed 

landscapes, reflecting the combined influence of hydrological alteration and human 

accessibility (Konecny et al., 2016; Goldstein et al., 2020; Gaveau et al., 2022). Recent large-

scale analyses further demonstrate that fire occurrence increases significantly with drainage 

density, particularly in disturbed tropical peatland systems (Salmayenti et al., 2025). 

Central Kalimantan has a humid tropical climate characterized by high annual rainfall, 

relatively stable temperatures, and a seasonal dry period typically occurring between July and 

September (Aldrian & Susanto, 2003). During El Niño years, reduced precipitation and 

prolonged drought conditions can substantially lower peat moisture content, increase peat 

drying, and create favourable conditions for fire ignition and spread across tropical peatlands 

(Field et al., 2016; Ruwaimana et al., 2024; Grosvenor et al., 2024; Hirano et al., 2024). 

Severe fire events in Indonesia, including those in 1997, 2015, and 2019, have been closely 

associated with ENSO-related drought conditions (Wooster et al., 2012; Field et al., 2016; 
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Grosvenor et al., 2024). The 2015 peatland fire event alone released an estimated 0.89–1.75 

Gt CO₂ equivalent into the atmosphere, contributing substantially to global greenhouse gas 

emissions (Field et al., 2016). 

Repeated burning can further accelerate peatland degradation by removing vegetation cover, 

reducing peat thickness, altering surface characteristics, and disrupting ecological functioning 

(Page et al., 2011; Turetsky et al., 2015). Fire therefore acts both as a driver and a 

consequence of peatland degradation, interacting closely with drainage, deforestation, land-

use change, and climatic variability within tropical peatland landscapes. Severe peat fires 

may remove peat accumulated over long time periods and contribute substantially to carbon 

emissions from tropical peatlands (Ruwaimana et al., 2024). 

2.7 Remote sensing indicators of peatland condition 

Remote sensing and GIS provide effective approaches for monitoring peatland conditions 

across large spatial scales, particularly in tropical regions where field observations are often 

limited (Kamlun & Phua, 2024). Satellite-derived indicators can be used to assess vegetation 

condition (Yan et al.,2025), surface moisture, thermal characteristics, land-cover change, and 

fire activity, which are important components of peatland degradation processes. In tropical 

peatlands, remote sensing techniques have been widely applied to detect vegetation 

disturbance, peat drying, land-cover change, and fire occurrence associated with hydrological 

alteration and anthropogenic activities (Kamlun & Phua, 2024; Mishra et al., 2021). 

In this study, peatland degradation is defined as the deterioration of peatland ecological and 

hydrological functions resulting from drainage, deforestation, land-use change, and recurrent 

fire. Peatland degradation was assessed using multiple satellite-derived indicators 

representing different dimensions of ecosystem condition. NDVI, NDWI, and forest loss 

were treated as primary indicators of vegetation condition. Fire occurrence was included as 

an indicator of disturbance because recurrent peat fires are both a manifestation and a driver 

of peatland degradation. Land Surface Temperature (LST) was included as a supplementary 

environmental indicator reflecting thermal responses associated with peat drying, vegetation 

loss, and hydrological disturbance. Consequently, LST is interpreted primarily as an 

environmental response to degradation processes rather than as a direct measure of peatland 

degradation itself. 

2.7.1 Normalized Difference Vegetation Index (NDVI) 

The Normalized Difference Vegetation Index (NDVI) is widely used to assess vegetation 

greenness, biomass, and vegetation condition using the contrast between near-infrared and 

red spectral reflectance (Rouse et al., 1974; Pettorelli et al., 2005). Higher NDVI values 

generally indicate dense and healthy vegetation, whereas lower values may reflect vegetation 

stress, degradation, deforestation, or disturbance (Pettorelli et al., 2005). In tropical peatlands, 

reductions in NDVI can indicate vegetation loss associated with drainage, fire, land 

conversion, and declining ecosystem condition. 



11 

 

2.7.2 Normalized Difference Water Index (NDWI) 

The Normalized Difference Water Index (NDWI) is widely used to represent vegetation and 

surface moisture conditions and is sensitive to changes in vegetation water content (Gao, 

1996). In tropical peatlands, moisture availability plays an important role in maintaining peat 

stability and regulating decomposition and fire susceptibility (Page & Baird, 2016). Lower 

NDWI values generally indicate reduced vegetation moisture and drier surface conditions, 

whereas higher values reflect greater vegetation water content (Gao, 1996). Prolonged drying 

can increase peat oxidation, subsidence, and vulnerability to fire, making NDWI a useful 

indicator for monitoring hydrological conditions and peatland degradation processes. 

2.7.3 Land Surface Temperature (LST) 

Land Surface Temperature (LST) provides information on surface thermal conditions and 

energy exchange processes (Weng, 2009). Deforestation and drainage disturbances can alter 

evapotranspiration and hydrological functioning in tropical peatlands, contributing to 

enhanced drying and degradation processes (Treby et al., 2024). Drained and disturbed 

tropical peatlands often exhibit altered surface energy balance and drying associated with 

vegetation loss and hydrological disturbance (Dommain et al., 2010; Treby et al., 2024). 

Drained and deforested peatlands often exhibit higher surface temperatures compared to 

intact peat swamp forests due to reduced canopy cover and lower moisture content 

(Dommain et al., 2010; Hirano et al., 2024). Although temperature variation in equatorial 

regions is generally smaller than in temperate regions, spatial differences in LST can still 

provide useful information on environmental disturbance and drying patterns. In this study, 

LST was used as a supplementary indicator of thermal responses associated with peatland 

degradation and environmental change rather than as a direct measure of peatland 

degradation itself. 

2.7.4 Fire occurrence (VIIRS) 

Fire occurrence represents an important indicator of peatland disturbance and degradation. 

Active fire detections derived from the Visible Infrared Imaging Radiometer Suite (VIIRS) 

provide near-daily observations of thermal anomalies associated with biomass burning and 

peat fires (Schroeder et al., 2014; Giglio et al., 2016). In tropical peatlands, fire occurrence is 

closely linked to drainage, drought conditions, land-cover change, and human activities (Field 

et al., 2016). Because peat fires are strongly associated with degraded and drained peatlands, 

VIIRS fire detections can provide useful information for identifying spatial patterns of 

disturbance and fire-prone areas. 

2.8 Environmental drivers of peatland degradation 

Peatland degradation is controlled by several interacting environmental and human-induced 

drivers that influence hydrology, vegetation condition, surface moisture, and disturbance 

intensity. In tropical peatlands, hydrological conditions are particularly important because 

high water tables limit peat decomposition, while water table lowering exposes peat to 

oxygen and accelerates oxidation and carbon loss (Morris & Waddington, 2011; Hooijer et 
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al., 2012). Therefore, variables related to drainage, terrain, and forest loss are important for 

understanding spatial variation in peatland degradation. 

The indicator framework adopted in this study differs from the standard UNCCD Good 

Practice Guidance for SDG Indicator 15.3.1, which assesses land degradation using land 

cover change, land productivity, and soil organic carbon. However, several indicators used in 

this thesis are conceptually related to this framework. Forest loss corresponds to land cover 

change, while NDVI provides information related to vegetation productivity. Because direct 

measurements of soil organic carbon were unavailable, the study focused on peatland 

moisture conditions represented by NDWI, which provide information on hydrological 

degradation processes that are particularly important in tropical peatland ecosystems. 

Additional indicators including fire occurrence and drainage-related variables were 

incorporated to capture peatland-specific degradation processes that are not explicitly 

represented within the SDG 15.3.1 framework. This approach therefore complements 

established land degradation assessments while addressing the unique characteristics of 

tropical peatlands. 

Drainage proximity and canal density are key drivers of peatland degradation. Drainage 

canals lower groundwater levels and increase water outflow from peatland areas, leading to 

peat drying, oxidation, subsidence, and increased carbon emissions (Hooijer et al., 2010; 

Hooijer et al., 2012; Dadap et al., 2021). Dadap et al. (2021) showed that drainage canals are 

widespread across Southeast Asian peatlands and that drainage density provides important 

information for explaining peat subsidence and emissions. Areas closer to canals are often 

more strongly affected by drying because canal impacts can extend into the surrounding 

peatland (Astiani et al., 2017). Higher canal density may therefore indicate stronger 

hydrological disturbance and greater degradation risk. 

Terrain characteristics can also influence peatland moisture patterns. Elevation and slope 

affect water movement, drainage direction, and local water accumulation. Although tropical 

peatlands often have low relief, small topographic differences can influence hydrological 

gradients and water-table variation. In peat dome systems, water generally moves laterally 

from the dome centre toward the margins, and microtopographic differences can create 

spatial variation in wetness conditions (Lampela et al., 2016). These local differences may 

affect vegetation condition, peat moisture, and degradation vulnerability. 

The Topographic Wetness Index (TWI) is commonly used as a terrain-based indicator of 

potential moisture accumulation and soil moisture distribution (Kopecký et al., 2021). Higher 

TWI values generally represent areas with greater potential for water accumulation, while 

lower values may indicate relatively drier or better-drained conditions. In peatland 

environments, TWI can provide useful information on relative wetness, although it may not 

fully capture artificial drainage effects caused by canals (Morris & Waddington, 2011). 

Therefore, TWI is best interpreted together with drainage variables such as canal proximity 

and canal density. 

Forest loss is another important driver of peatland degradation. Removal of forest cover 

reduces shading, increases surface exposure, and alters local microclimatic and hydrological 
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conditions, contributing to enhanced peat drying and degradation processes (Dommain et al., 

2010; Page et al., 2011). Deforested peatlands may experience higher surface temperatures, 

reduced moisture retention, and greater vulnerability to drying and fire (Dommain et al., 

2010). In Southeast Asian peatlands, forest loss has been strongly associated with plantation 

expansion, drainage, and land-use conversion (Miettinen et al., 2016). Gaveau et al. (2022) 

also showed that oil palm expansion has been a major driver of forest conversion in 

Indonesia, including in Kalimantan. 

Together, drainage, terrain conditions, and forest loss influence peatland degradation by 

altering moisture availability, vegetation condition, and disturbance intensity. These drivers 

do not act independently but interact across the landscape, creating spatially heterogeneous 

degradation patterns. This makes them important explanatory variables for analysing 

variation in peatland moisture decline and degradation processes. 

2.9 Spatial statistical and machine learning approaches 

Spatial statistical and machine learning approaches are useful for analysing relationships 

between peatland degradation indicators and environmental drivers. These methods can help 

identify whether degradation patterns are explained by hydrological, terrain, and land-use 

variables, and whether these relationships are spatially uniform or vary across the landscape. 

Ordinary Least Squares (OLS) regression is a global regression approach used to examine 

relationships between a dependent variable and a set of explanatory variables across a study 

area (Majid & Bilal, 2018). In spatial environmental studies, OLS can provide an initial 

understanding of which environmental variables are statistically associated with degradation 

indicators. However, OLS assumes that relationships between variables remain spatially 

constant across space, which may be insufficient for environmentally heterogeneous 

landscapes such as tropical peatlands (Majid & Bilal, 2018). 

Spatial autocorrelation refers to the tendency for nearby locations to exhibit similar values or 

characteristics rather than being randomly distributed across space (Fotheringham et al., 

2002). Moran’s I is commonly used to evaluate whether spatial patterns are clustered, 

dispersed, or random and can also be applied to regression residuals to assess whether 

unexplained spatial structure remains after modelling (Esri, 2024). In addition, the Koenker 

(Breusch–Pagan) statistic is used to evaluate whether relationships between explanatory 

variables and the dependent variable remain stable across the study area. Significant Moran’s 

I and Koenker statistics may indicate spatial non-stationarity, suggesting that relationships 

vary geographically and that local regression approaches may be more appropriate for 

analysing spatial environmental processes (Fotheringham et al., 2002). 

Geographically Weighted Regression (GWR) is a local regression technique designed to 

address spatial non-stationarity by estimating separate local regression coefficients for each 

location, allowing relationships between variables to vary spatially rather than assuming a 

single global relationship (Brunsdon et al., 1996; Comber et al., 2023). This makes GWR 

particularly useful for peatland degradation studies, where the influence of drainage, terrain, 

vegetation, and land-use factors may differ according to local environmental conditions and 

disturbance intensity. Because GWR produces location-specific parameter estimates, the 
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results can be mapped and interpreted spatially to identify areas where environmental drivers 

exert stronger or weaker influence across the landscape (Matthews & Yang, 2012). 

Hotspot analysis is another spatial statistical approach used to identify areas where high or 

low values are spatially concentrated. The Getis-Ord Gi* statistic is commonly used to 

identify statistically significant hotspots and cold spots within spatial datasets (Getis & Ord, 

1992). The method uses z-scores and p-values to determine whether clusters of high or low 

values differ significantly from random spatial patterns (Esri, 2024). In environmental 

studies, hotspot analysis is useful for identifying areas with concentrated disturbance patterns 

such as fire occurrence and environmental degradation (Manepalli et al., 2011). In peatland 

studies, hotspot analysis can help identify areas with recurring fire occurrence and spatially 

concentrated degradation patterns. 

Random Forest (RF) is an ensemble machine-learning method that combines multiple 

decision trees to improve prediction accuracy and reduce model variance (Breiman, 2001). 

RF can model complex and non-linear relationships and interactions between predictor 

variables and response variables without assuming linearity, making it useful for analysing 

environmental drivers that may not have simple linear relationships with peatland 

degradation indicators. In this study, Random Forest regression was used to investigate the 

relative importance of environmental variables influencing peatland moisture change, 

represented by NDWI slope. Predictor variables included drainage-related, terrain, and land-

use factors such as distance to canals, canal density, topographic wetness index (TWI), forest 

loss, and canal-block proximity. In addition to predictive modelling, RF provides variable 

importance measures that can be used to evaluate the relative contribution of environmental 

variables to model performance (Louppe et al., 2013). One of the most commonly used 

importance metrics is Mean Decrease in Impurity (MDI), which is based on the reduction of 

node impurity contributed by each predictor variable across the ensemble of decision trees 

(Scornet, 2021). Model performance can be evaluated using measures such as coefficient of 

determination (R²), root mean square error (RMSE), and out-of-bag (OOB) error, which 

provide information on explanatory power and prediction error. 

Together, OLS, Moran’s I, Koenker diagnostics, GWR, and Random Forest provide 

complementary approaches for understanding peatland degradation. OLS provides a global 

overview, Moran’s I and Koenker diagnostics indicate whether spatial effects are present, 

GWR examines local variation in relationships, and Random Forest helps identify important 

drivers and potential nonlinear patterns. 
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3 STUDY AREA 

3.1 Geographic location 

Figure 3.1 shows the location and peatland extent of the study area in south-eastern Central 

Kalimantan, Indonesia. The study area is located approximately between 113°E–116°E 

longitude and 2°S–3°S latitude and covers approximately 23,155 km², of which peatlands 

account for approximately 11,523 km² (49.8%) based on peatland delineation derived from 

the KHG dataset (KLHK, 2026). 

The study area forms part of the broader tropical peatland landscape of Central Kalimantan 

and is dominated by lowland peat swamp ecosystems characterized by extensive peat swamp 

forests and large peat dome systems that are highly sensitive to hydrological disturbance 

(Page et al., 2006; Lampela et al., 2016). In addition to relatively intact peat swamp forest, 

the landscape also contains extensive drainage canal networks and areas affected by land-use 

change, plantation expansion, and recurrent fire events (Page et al., 2009; Ritzema, 2007). 

Over recent decades, these disturbances have altered large portions of the peatland 

environment, resulting in a heterogeneous landscape consisting of degraded vegetation, 

agricultural land, disturbed peatlands, and remnant peat swamp forest. 

 
 

Figure 3.1. Location and peatland extent of the study area in Central Kalimantan, Indonesia. 

The inset map shows the location of the study area within Indonesia 

Source: Peatland data from KLHK (KHG-FEG 2026). Administrative boundaries from 

GADM (2023). Basemap: Esri, TomTom, Garmin, USGS (accessed 2026). 
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Peatland areas are concentrated primarily within the southern lowland areas, where low 

elevation, extensive drainage infrastructure, and seasonal drying contribute to increased 

vulnerability to peat drying and fire occurrence (Taufik et al., 2019; Ruwaimana et al., 2024). 

The area experiences a humid tropical climate with high annual rainfall and a seasonal dry 

period typically occurring between July and September (Aldrian & Susanto, 2003). 

These environmental conditions make the study area highly suitable for investigating spatial 

variation in peatland degradation and moisture dynamics. 
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4 DATA AND METHODOLOGY 

4.1 Methodological workflow 

 
 

Figure 4.1. Detailed Methodological workflow. 
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4.2 Data sources 

This study integrated satellite remote sensing data, terrain data, and vector datasets describing 

peatland extent, drainage infrastructure, forest loss, and land cover to analyse spatial pattern 

of peatland degradation in Central Kalimantan.  

4.2.1 Satellite data 

Satellite imagery from Sentinel-2 and Landsat platforms was used to analyse peatland 

environmental conditions between 2017-2025. To improve temporal consistency and 

minimise seasonal effects, dry-season imagery acquired between July and September was 

selected, as this period generally has lower rainfall and reduced cloud cover in Central 

Kalimantan (Aldrian & Susanto, 2003). 

Multispectral satellite imagery from Sentinel-2, provided by the European Space Agency 

(ESA), was downloaded through the Copernicus Open Access Hub (ESA, 2026a). Sentinel-2 

provides optical imagery with a spatial resolution of 10–20 m and a revisit frequency of five 

days at the Equator (ESA, 2026a). During image selection, scenes with cloud cover between 

0–40% were used. Multiple images acquired between July and September each year from 

2017 to 2025 were used in this study (Appendix A1). Annual NDVI and NDWI composite 

layers were generated from the selected imagery. Cloud and cloud-shadow masking were 

applied during preprocessing using the Scene Classification Layer (SCL), as described in 

Section 4.3.2. 

Land Surface Temperature (LST) was derived from Landsat 8–9 Operational Land 

Imager/Thermal Infrared Sensor (OLI/TIRS) Collection 2 Level-2 data obtained from the 

United States Geological Survey (USGS) EarthExplorer platform (USGS, 2026). The LST 

has a spatial resolution of 30 m. Dry-season imagery acquired between July and September 

during 2017–2025 was used to improve temporal consistency and minimise seasonal 

variability. Scenes with cloud cover greater than 30% were excluded during image selection. 

Annual LST layers were generated from the selected Landsat imagery and subsequently used 

to derive both mean LST and LST temporal trends. The Quality Assessment (QA_PIXEL) 

band included in the Collection 2 Level-2 dataset was used to identify and exclude cloud, 

cloud-shadow, and other low-quality pixels. Landsat provides a long historical record and 

thermal infrared bands suitable for estimating surface temperature, which is a relevant 

indicator of peatland drying and degradation. 

Fire activity data was derived from active fire detections obtained from VIIRS downloaded 

via the NASA Fire Information for Resource Management System (FIRMS) (NASA, 2026). 

VIIRS detects thermal anomalies associated with active fires at approximately 375 m spatial 

resolution and provides near-daily observations for the period 2017–2025. Low-confidence 

detections were removed using attribute filtering, and only detections classified as high 

confidence (“h”) were retained for analysis to improve detection reliability. All VIIRS active 

fire detections occurring within the peatland study area were included. No additional filtering 

was applied to distinguish vegetation fires from other fire types. 

Forest-loss data were obtained from the Hansen Global Forest Watch (GFW) platform 

provided by the World Resources Institute (WRI), based on the Hansen Global Forest Change 
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dataset (Hansen et al., 2013; version 2024 v1.12). The dataset provides annual forest-loss 

information for the period 2001–2024 at a spatial resolution of approximately 28 m (Hansen 

et al., 2013; Global Forest Watch, 2026). Because forest-loss data for 2025 were not available 

at the time of analysis, the most recent available dataset (2024) was used. 

4.2.2 Terrain data  

Terrain data were derived from the Copernicus Digital Elevation Model (DEM) Global 

Coverage dataset (COP-DEM-GLO-30-DGED), provided through the Copernicus 

Programme and accessed via the Amazon Web Services (AWS) Open Data Registry (ESA, 

2026b). The DEM has a spatial resolution of 30 m and was used as the basis for terrain 

analysis in this study. 

4.2.3 Peatland hydrological data 

Peatland hydrological unit (Kesatuan Hidrologis Gambut) data were provided by the 

Directorate of Peat Ecosystem Protection and Management, Ministry of Environment and 

Forestry (KLHK), Indonesia (KHLK, 2026). The dataset classifies land based on peat depth, 

where non-peatland areas contain mineral soils or land with peat depths of 0-0.5 m, while 

peatland areas contain peat soils with peat depth greater than 0.5 m (KHLK, 2026).  

The broader study area included both peatland and non-peatland environments. However, the 

main statistical and spatial modelling analyses were restricted to mapped peatland areas 

because peatlands differ substantially from surrounding mineral soil landscapes in their 

hydrological and ecological characteristics, which could otherwise influence the modelling 

results. Some descriptive maps and visualisations were nevertheless produced for the broader 

study area to provide environmental context and illustrate regional spatial patterns. 

Drainage canal and canal block datasets were provided by Peatland and Mangrove 

Restoration Agency (BRGM), Indonesia (BRGM, 2026). The dataset includes the spatial 

distribution of drainage canals and canal-blockings structures within the peatland area 

(Appendix A2). The datasets were obtained through academic collaboration and were 

provided for research purposes in this study (R. Amin, personal communication, 2026). 

4.2.4 Land-use/land cover data 

Land-cover information was obtained from the ESA WorldCover 2021 dataset, provided by 

the European Space Agency (ESA), with a spatial resolution of 10 m (ESA, 2021). The 

dataset provides a standardized global land-cover classification derived from Sentinel-1 and 

Sentinel-2 satellite imagery and includes 11 land-cover classes. 

Within the tropical peatland study area, nine land-cover classes were present: tree cover, 

shrubland, grassland, cropland, built-up areas, bare or sparse vegetation, permanent water 

bodies, herbaceous wetlands, and mangroves (Figure 4.2). Detailed information on the 

proportional coverage of each original ESA WorldCover class is provided in Appendix A3. 

The dataset was used to characterize environmental conditions within the study area and 

served as the basis for the land-cover reclassification described in Section 4.4.6. 
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Figure 4.2. Land-Cover distribution within the study area in 2021 based on ESA WorldCover 

data. 

4.3 Data preprocessing and indicator generation 

4.3.1 Spatial data preprocessing 

Selected satellite imagery covering the study area was mosaicked, reprojected to WGS 1984 

UTM Zone 49S, and clipped to the study area boundary. Datasets were subsequently clipped 

using the peatland mask. Continuous raster datasets were resampled using bilinear 

interpolation, whereas categorical datasets such as land cover were resampled using nearest 

neighbour interpolation during reprojection to ensure spatial consistency among datasets. 

Spatial resolution varied depending on the original dataset and analytical purpose. 

Resampling was primarily applied to analyses related to NDWI slope. A summary of the 

spatial resolution and temporal coverage of derived variables is provided in Appendix A4.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                        

4.3.2 Vegetation and moisture indices (NDVI and NDWI)  

Vegetation condition was assessed using NDVI, calculated at 10 m spatial resolution from 

Sentinel-2 imagery as: 

NDVI =  
𝐵8−𝐵4

𝐵8+𝐵4
 

Where B8 is the near-infrared band (NIR) and B4 is red band of Sentinel-2 imagery. 

Surface moisture conditions were assessed using NDWI, calculated at 20 m spatial resolution 

as: 
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NDWI = 
𝐵8𝐴−𝐵12

𝐵8A+𝐵12
 

Where B8A is narrow near-infrared band and B12 is the shortwave infrared (SWIR) band of 

Sentinel-2 imagery. 

Annual NDVI composite layers were generated using the maximum value of cloud-filtered 

Sentinel-2 scenes acquired between July and September for each year of the study period to 

represent peak vegetation greenness conditions. In contrast, annual NDWI composite layers 

were generated using the mean value of cloud-filtered Sentinel-2 scenes to represent average 

surface moisture conditions. 

Temporal trends in NDVI and NDWI were calculated using a pixel-wise linear trend analysis 

applied to the annual composite layers between 2017 and 2025. The slope was calculated in 

Raster Calculator using the standard least-squares slope formula: 

Slope =
 (𝑛 ∑(𝑡𝑖 𝑥𝑖 ) − (∑𝑡𝑖)( ∑𝑥𝑖)

(𝑛∑(𝑡𝑖
2) − (Σtᵢ)²

 

where 𝑥𝑖represents the annual NDVI or NDWI raster value for year 𝑖, 𝑡𝑖represents the 

corresponding year, and 𝑛 is the number of annual observations (𝑛 = 9) for the period 2017–

2025. The resulting slope represents the average annual rate of change in NDVI or NDWI 

over the study period.  

Positive slope values indicate increasing vegetation greenness or moisture conditions, 

whereas negative slope values indicate declining vegetation greenness or moisture conditions. 

The trend calculation includes an intercept and therefore does not constrain the fitted 

relationship to pass through the origin. In this study, NDVI and NDWI slopes were 

interpreted as indicators of vegetation and moisture change rather than direct measures of 

peatland degradation. Potential degradation patterns were identified by evaluating these 

trends together with forest loss, fire occurrence, and drainage-related variables. 

4.3.3 Land Surface Temperature (LST) derivation  

LST was calculated at 30 m spatial resolution from Landsat 8-9 TIRS Band 10 data. Filtered 

thermal data were converted to degrees Celsius to generate annual LST layers for the period 

2017-2025. Mean LST layers were subsequently calculated to represent average surface 

temperature conditions during the study period, whereas LST trends were derived to 

represent long-term temporal changes in surface temperature. Temporal trends in LST were 

calculated using the same pixel-wise linear slope approach described in Section  

4.4 Derivation of environmental variables 

4.4.1 Distance to canal  

A distance raster with 10 m spatial resolution was generated from the drainage canal network 

using Distance Accumulation tools in ArcGIS Pro. The raster represents the distance from 



22 

 

each raster cell to the nearest drainage canal and is subsequently used as an explanatory 

variable in the statistical analyses. 

4.4.2 Canal density 

Canal density was calculated from the drainage canal network using Line Density tool in 

ArcGIS Pro with a 10 m output resolution The analysis generated a continues raster surface 

representing the spatial concentration of drainage canals across the peatland areas. Higher 

density values indicate areas with more intensive drainage infrastructure. 

4.4.3 Distance to canal blocks 

Canal blocks are structures designed to restrict water flow and increase water retention in 

drained peatlands. A distance-to-canal-block raster with 10 m spatial resolution was 

generated using the Distance Accumulation tool in ArcGIS Pro. The raster represents the 

distance from each raster cell to the nearest canal block and was included as an explanatory 

variable in the Random Forest analysis to assess the potential influence of restoration efforts 

on peatland moisture conditions. Shorter distances may indicate a greater potential influence 

of canal-blocking structures on nearby peatland moisture conditions, although the effect may 

depend on the direction of water flow and hydrological connectivity within the canal 

network. 

4.4.4 Topographic Wetness Index (TWI) 

TWI was derived from the Copernicus DEM using flow accumulation, flow direction, slope, 

and specific catchment area (SCA). TWI represents the spatial distribution of potential 

surface moisture and wetness based on terrain characteristics and was calculated as: 

𝑇𝑊𝐼 =  𝑙𝑛 ( 
𝑎

𝑡𝑎𝑛𝛽
)  

Where a represents the specific catchment area (SCA) and β represents the slope angle in 

radians. 

Higher TWI values indicate areas with greater potential moisture retention, whereas lower 

values represent relatively drier areas. The TWI raster was used as an explanatory variable to 

assess the influence of topography on peatland moisture conditions and degradation patterns. 

4.4.5 Fire density 

Fire density was derived from VIIRS active fire detections for the period 2017–2025. Fire 

data were downloaded as point-based detections representing fire occurrences within the 

study area. The datasets were subsequently clipped to peatland areas to retain only fire 

detections occurring within mapped peatlands. 

The point-based fire detections were converted into a continuous raster surface using Kernel 

Density Estimation (KDE) in ArcGIS Pro. KDE was applied using a 2 km search radius and a 

10 m output cell size to represent the spatial distribution and intensity of fire occurrence. 

Density values were expressed as fire detections per square kilometre. The KDE approach 

was primarily used to describe the general spatial concentration and intensity of fires across 
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the peatland areas. The resulting fire density raster was included as an explanatory variable in 

the statistical analysis. 

4.4.5 Forest loss 

Forest-loss data from Global Forest Watch were available annually for the period 2001–2024. 

For visualisation of long-term forest-loss patterns, cumulative forest loss was grouped into 

three periods (2001-2008, 2009-2016, and 2017-2024). These periods were used to illustrate 

the historical progression of forest loss within the study area. 

For analyses related to recent peatland degradation, forest loss occurring during the study 

period was examined separately using the periods 2017-2020 and 2021-2024. This 

subdivision was intended to distinguish earlier and more recent forest-loss patterns that may 

influence current peatland condition. Because forest-loss data for 2025 were not available at 

the time of analysis, the most recent available data from 2024 were used in the statistical 

analyses. 

4.4.6 Land cover 

To improve the interpretability of the land-cover data, the original ESA WorldCover classes 

were reclassified into five broader land-cover categories: 

1. Intact forest: tree cover  

2. Degraded vegetation: shrubland, grassland, and bare/sparse vegetation  

3. Agriculture: cropland  

4. Built-up areas  

5. Wet area: permanent water bodies, herbaceous wetlands, and mangroves  

The reclassification was performed in ArcGIS Pro using the Reclassify tool. The resulting 

land-cover layer was used to characterize land-cover patterns within peatland areas and was 

included as an explanatory variable in the Random Forest modelling. 

Although the ESA WorldCover dataset represents land-cover conditions in 2021 only, 

historical tree-cover data from the Hansen Global Forest Change dataset indicate that large 

portions of the peatland landscape were forested in 2000 (Appendix A5). Therefore, 

shrubland, grassland, and sparse vegetation classes were interpreted as potentially disturbed 

land-cover types within a historically forested peatland environment. However, these classes 

were not assumed to represent degradation independently and were interpreted together with 

forest-loss, NDVI, NDWI, and fire-occurrence indicators when assessing peatland 

degradation. 

4.5 Spatial and statistical analyses 

4.5.1 Fishnet generation and zonal statistics 

A regular fishnet grid consisting of 1 km x 1 km cells was created to divide the peatland area 

into equal spatial units for analysis. The fishnet approach was used to integrate environmental 

variables and remote sensing indicators derived from datasets with different spatial 

resolutions and formats, including raster and point-based data. Summarising data within 
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fishnet cells also reduced spatial noise and improved comparability among variables during 

statistical analyses 

A 1 km × 1 km grid size was selected to provide a practical balance between spatial detail 

and regional-scale analysis across the large peatland study area. Although the original 

datasets had spatial resolutions ranging from approximately 10 m to 30 m, the larger grid 

facilitated integration of multiple datasets within a common analytical framework. While 

some fine-scale information may have been lost during the aggregation process, the selected 

grid size was considered appropriate for identifying broader spatial patterns of peatland 

degradation and environmental drivers. 

Zonal statistics were applied to summaries raster values within each fishnet cell. Mean values 

of NDVI slope, NDWI slope, TWI, fire density, canal density, distance to canal, and forest 

loss, were extracted for each grid cell. Additional variables, including land cover and distance 

to canal blocks, were also incorporated for use in the Random Forest modelling. 

The resulting fishnet-based dataset was used as input for subsequent statistical and spatial 

modelling analyses. 

4.5.2 Hotspot analysis of fires 

Spatial hotspot analysis was performed using the Getis-Ord Gi* statistic in ArcGIS Pro to 

identify statistically significant spatial clusters of fire occurrence within the peatland area. 

Unlike the Kernel Density fire analysis, which describes the general spatial concentration and 

intensity of fire detections, the Getis-Ord Gi* statistic identifies statistically significant spatial 

clusters of high and low fire occurrence. The analysis was applied to annual VIIRS active fire 

detections to distinguish areas with significantly high concentrations (hotspots) and low 

concentrations (coldspots) of fire activity. 

The Getis-Ord Gi* statistic calculates a z-score and p-value for each spatial feature based on 

the concentration of neighbouring fire detections within a defined spatial neighbourhood. 

Statistically significant positive z-scores indicate fire hotspots, whereas statistically 

significant negative z-scores represent coldspots. 

The years 2019 and 2023 were selected for hotspot analysis because they represented periods 

with relatively high fire activity within the VIIRS active fire detection dataset, whereas 

limited fire detections were observed during 2020-2022. 

Hotspot analysis was performed using the Euclidean distance method with a fixed distance 

band of 500 m to define the spatial neighbourhood between fire detections. Confidence levels 

of 90%, 95%, and 99% were used to classify statistically significant hotspots. 

4.5.3 Integrated peatland degradation map 

An integrated peatland degradation map was developed for peatland areas only using 

indicators representing key degradation processes, including vegetation decline (NDVI 

slope), moisture reduction (NDWI slope), TWI, fire density, forest loss, and distance to 

drainage canals. LST was not included in the integrated degradation map due to its relatively 

weak relationships with peatland moisture dynamics and limited spatial variability compared 

with the other indicators. 
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Prior to overlay analysis, all variables were individually reclassified into three ordinal classes 

representing low (1), moderate (2), and high (3) degradation influence using the Natural 

Breaks (Jenks) classification method in ArcGIS Pro. The Jenks method was selected because 

it identifies natural groupings within the data by minimizing within-class variance and 

maximizing between-class variance, thereby improving the representation of spatial 

differences in peatland degradation intensity. The resulting class thresholds and interpreted 

relationship of each indicator to peatland degradation processes are provided in Appendix A6. 

For NDVI and NDWI slope, strong negative trends were classified as high degradation 

influence, whereas weak negative or positive trends were classified as low degradation 

influence.  

For fire density and forest loss, higher values represented higher degradation influence. 

Forest-loss areas during 2017–2024 were grouped into two temporal periods (2017-2020 and 

2021-2024) (Appendix A6). The classification was based on the relative extent of forest loss 

within peatland areas, where the period with larger mapped forest-loss extent was assigned a 

higher degradation influence class, whereas areas without detected forest loss were classified 

as low degradation influence. 

Shorter distances to drainage canals were classified as higher degradation influence due to the 

stronger potential impact of drainage on peatland hydrological conditions. Detailed threshold 

values and forest loss classifications used for degradation reclassification are provided in 

Appendix A6. 

Intermediate values between the low and high classes were assigned to the moderate 

degradation class. Subsequently, all reclassified layers were aligned to a common spatial 

resolution (20 m) and spatial extent before being combined using the Weighted Overlay tool 

in ArcGIS Pro. Equal weights were assigned to all indicators to produce the composite 

peatland degradation index. 

Table 4.1. Peatland degradation reclassification. 

 

The resulting composite raster values ranged from 6 to 18 and were subsequently grouped 

into three final degradation classes representing low, moderate, and high peatland 

degradation. 

 

 

High Low 

NDVI slope Strong negative trend Weak  or positive trend

NDWI slope Strong negative trend Weak or positive trend

TWI Low values High values

Fire density High values Low values

Forest loss High forest loss Limited (no forest loss)

Distance to drainage canal Short distance Long distance

Degradation influence
Indicators
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4.5.4 Relationship between peatland degradation indicators 

Pearson correlation was applied to examine the strength and direction of linear relationships 

among degradation indicators. The analysis focused on indicators representing different 

aspects of peatland degradation processes, including vegetation condition (NDVI slope), 

surface moisture dynamics (NDWI slope), fire disturbance (fire density) and thermal 

condition (LST slope).   

4.5.5 Baseline relationship between peatland moisture conditions and environmental 

variables 

Ordinary Least Squares (OLS) multiple linear regressions were applied to examine the global 

relationship between NDWI slope and selected explanatory variables across peatland areas.  

Two model stages were developed to examine the influence of different environmental 

variable groups: 

o Stage I included distance to drainage canal, canal density, TWI, and fire density to 

assess the influence of hydrological and disturbance-related factors on peatland 

moisture conditions.   

o Stage II additionally incorporated forest loss as a land-use disturbance factor to 

evaluate whether vegetation removal improved the explanation of peatland moisture 

degradation patterns identified in Stage I. 

OLS was used as a baseline global regression model prior to spatial modelling. Model 

diagnostics, including coefficient determination (R2), Akaike Information Criterion (AIC), 

Koenker (BP) statistics, Variance Inflation Factor (VIF), and Moran’s I of residuals, were 

used to evaluate model performance, assess multicollinearity, and examine spatial 

characteristics of regression residuals. 

4.5.6 Spatially varying relationships between changes in peatland moisture conditions 

and environmental variables 

Based on OLS diagnostics indicating spatial non-stationarity, Geographically Weighted 

Regression (GWR) was applied to examine spatially varying relationships between NDWI 

slope and selected explanatory variables across peatland areas. GWR was used to capture 

spatial variation in these relationships, as the significant Koenker (BP) statistic and spatial 

autocorrelation in the OLS residuals indicated that the relationships were not spatially stable. 

Several explanatory variables initially tested in the GWR analysis were based on the 

variables included in the OLS models. However, some variable combinations produced 

unstable or unsuccessful outputs during the GWR process in ArcGIS Pro. Therefore, a 

reduced set of explanatory variables was selected for the final GWR models based on model 

performance and successful implementation. 

Two models were developed: 

o Stage I included canal density and TWI to assess the influence of hydrological and 

terrain-related factors on NDWI slope.   
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o Stage II included distance to drainage canals, TWI, and forest loss to evaluate the 

combined influence of drainage proximity, terrain conditions, and land-use 

disturbance on NDWI slope. 

Model performance was evaluated using local R2 values, AIC, and spatial patterns of 

residuals. Moran’s I of residuals was used to assess spatial autocorrelation and compare 

residual spatial patterns between OLS and GWR models. 

4.5.7 Importance of environmental variables determining changes in peatland 

moisture change 

Random Forest (RF) modelling was applied as a machine-learning approach to assess 

variable importance and to capture non-linear relationships between NDWI slope and 

environmental drivers. A stepwise modelling approach was used to evaluate the contribution 

of different groups of explanatory variables. 

Three RF models were developed to evaluate the incremental contribution of different 

variable groups to peatland moisture modelling: 

o Model I included core environmental variables, including distance to drainage canal, 

canal density, TWI, fire density, and forest loss, to assess the influence of 

hydrological and disturbance-related factors on NDWI slope. 

o Model II additionally incorporated land-cover information evaluate whether 

vegetation and surface-condition variables improved the explanation of peatland 

moisture variability identified in Model I  

o Model III further included distance to drainage canal blocks to assess the potential 

contribution of peatland restoration structures to moisture conditions and determine 

whether restoration-related variables improved model performance  

This stepwise approach allows comparison of model performance and helps identify which 

variables significantly improve explanatory power, rather than relying on a single full model.  

The RF analysis was implemented in Python using the RandomForestRegressor algorithm 

from the Scikit-learn package (Pedregosa et al., 2011).  Prior to modelling, records containing 

missing values were removed. The dataset was randomly divided into training (80%) and 

testing (20%) subsets. 

RF models were developed using 500 decision trees with bootstrap aggregation and out-of-

bag (OOB) validation. Model performance was evaluated using coefficient of determination 

(R²), root mean square error (RMSE), and OOB score. Variable importance was evaluated 

using the Mean Decrease in Impurity (MDI) metric to identify the most influential predictors 

of peatland moisture change. 
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5 RESULTS 

5.1 Spatial patterns of peatland degradation 

5.1.1 Patterns of land cover distribution 

The land-cover composition within mapped peatland areas in 2021 was illustrated in Figure 

5.1. Intact forest remains the dominant land-cover type, accounting for approximately 71.6% 

of the peatland area. However, a substantial proportion (26%) is classified as degraded 

vegetation, indicating extensive disturbance within peat soils. Agriculture, built-up areas, and 

wet areas represent minor proportions of the peatland landscape.  

The spatial distribution shows that degraded vegetation is concentrated in southern and 

central peat zones, whereas intact forest dominates the northern and western peat area. This 

land-cover pattern provides important context for interpreting the spatial distribution of 

vegetation decline, moisture change, fire occurrence, and surface temperature. The 

percentages represent proportional coverage within mapped peat soils. 

 

 
Figure 5.1. Spatial patterns of land-cover distribution within peatland areas, 2021. 

5.1.2 Vegetation greenness and moisture dynamics 

Mean NDVI and NDVI temporal trends during 2017-2025 showed substantial spatial 

variability across peatland areas (Figure 5.2). Areas with high mean NDVI did not always 

correspond to areas with stable or increasing NDVI trends. Mean NDVI represents the long-
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term distribution of vegetation cover, whereas NDVI slope indicates areas of increasing or 

decreasing vegetation over time. 

Mean NDVI values ranged from approximately -0.08 to 0.70, indicating substantial spatial 

variability across peatland areas. Higher mean NDVI values were concentrated in remaining 

forested peatlands and along river corridors, whereas lower values were more common in 

parts of the southern and central peatland areas. Overall, the spatial pattern showed 

considerable heterogeneity in long-term vegetation cover across the peatland landscape. 

NDVI temporal trend values ranged from approximately −0.16 to 0.09 per year, showing 

both negative and positive vegetation trends across peatland areas. Negative trends were 

widespread across northern, central, and southern peatland regions, whereas positive trends 

were more localized and scattered. Overall, the spatial distribution indicated heterogeneous 

vegetation dynamics across the peatland landscape between 2017 and 2025.  

In addition to the mean NDVI and NDVI temporal trends analyses, annual maximum NDVI 

trends were also examined to assess peak vegetation greenness during the study period. The 

spatial pattern of maximum NDVI trends generally showed similar heterogeneous vegetation 

dynamics across the peatland landscape and is presented in Appendix A7. 

 
Figure 5.2. Spatial patterns of mean NDVI and NDVI temporal trends in peatland areas. 

Mean NDWI and NDWI temporal trends showed substantial spatial variability across 

peatland areas between 2017 and 2025 (Figure 5.3). Mean NDWI represents long-term 

surface moisture conditions, whereas NDWI slope reflects the direction and magnitude of 

moisture change over time. 

Mean NDWI values ranged from approximately -0.33 to 0.64, indicating substantial spatial 

variability in surface moisture conditions across peatland areas. Higher mean NDWI values 

dominated much of the peatland landscape, indicating generally wet surface conditions across 

central, northern, and several western peatland regions. In contrast, lower mean NDWI values 
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were more localized and scattered, particularly along peripheral peatland zones and other 

localized areas of reduced moisture conditions.  

NDWI temporal trend values ranged from approximately -0.10 to 0.08, showing both 

decreasing and increasing moisture trends across peatland areas. Most values were close to 

zero, indicating relatively limited overall moisture change during the study period. Negative 

trends occurred throughout the peatland landscape but were generally scattered rather than 

forming large continuous zones. Positive trends were similarly patchy and spatially dispersed. 

Overall, the spatial pattern indicated heterogeneous moisture dynamics across peatland areas 

between 2017 and 2025. 

 
Figure 5.3. Spatial patterns of mean NDWI and NDWI temporal trends in peatland areas. 

Land Surface Temperature (LST) was analysed to characterise surface thermal conditions 

across the peatland areas for the period 2017-2025. Mean LST values range from 

approximately 24.2 °C to 50.8 °C, with an overall mean of 32.7 °C (standard deviation ≈ 2.8 

°C), indicating moderate spatial variability in surface temperature. However, valid LST 

observations were spatially limited as it occurred only in scattered patches across peatland 

areas. The LST slope shows generally weak and spatially limited changes, with values 

ranging from approximately -2.8 °C to +2.6 °C over the study period. Warming trends are 

present but occur mainly in localized clusters, particularly in southern and some eastern parts 

of the peatland areas, while most areas show minimal change.  

5.1.3 Fire occurrence, density and hotspot patterns 

Overall fire activity was relatively low across most peatland areas (Figure 5.4), with a mean 

fire density of approximately 0.09 fire detections per km². However, localized hotspot areas 

reached substantially higher density values of up to approximately 6.38 fire detections per 

km². Most peatland areas showed no or very few detected fire events, while higher fire 

densities were concentrated primarily in the southern and some central parts of the study area. 
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The spatial pattern of fire occurrence points was consistent with the density results, indicating 

that fire activity was unevenly distributed and concentrated in specific locations. Fire density 

was therefore included as an explanatory variable in subsequent analyses of peatland 

degradation. 

 

Figure 5.4. Spatial patterns of fire occurrence and fire density within peatland areas. 

Forest loss shows a clear spatial pattern across the study area (Figure 5.5). The cumulative 

forest loss map (2001-2024) indicates intensive areas of forest removal, particularly in the 

southern and central parts of the study area. These areas form relatively continuous zones of 

long-term forest loss. 

 
Figure 5.5. Spatial patterns of forest loss in peatland areas. 
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In contrast, forest loss during the study period (2017-2024) appears more fragmented and 

spatially dispersed. It occurs in scattered clusters across study area, particularly in southern, 

central regions (indicated with red colours in Figure 5.5), with additional smaller patches in 

the north. By comparison, northern and western areas show comparatively lower levels of 

forest loss than the more affected southern and central regions. 

Overall, the comparison between long-term and recent forest loss indicates that forest 

removal has occurred over extended periods, whereas more recent loss appeared more 

spatially fragmented. 

To complement the spatial analysis, annual fire occurrence and forest loss were compared for 

the period 2017-2024 (Figure 5.6). Fire activity showed strong interannual variability, with a 

major peak in 2019 and a smaller increase in 2023. Forest loss also varied between years, 

with relatively high values observed during 2018-2020. Although some years with elevated 

fire activity coincided with higher forest loss, the temporal patterns were not consistent across 

all years. 

 
 

Figure 5.6. Annual fire occurrence and forest loss in peatland areas (2017-2024). 

Overall, peak fire years tend to coincide with higher forest loss, although this relationship is 

not consistent across all years. 

The Hotspot analysis of peat degradation is illustrated in Figure 5.7. The results reveal clear 

spatial clustering, with high-confidence hotspots (99%) concentrated in the southern and 

central parts of the study area, whereas northern areas showed fewer hotspots (Figure 5.7). 

Hotspots are primarily located in the southern and central peatland regions, with similar 

spatial patterns observed in both years. 

A comparison between 2019 and 2023 indicates that although hotspot extent varies, they 

consistently occur in similar regions. 
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Figure 5.7. Spatial patterns of statistically significant fire hotspots in 2019 and 2023. 

5.1.4 Peatland degradation map  

The peatland degradation map (Figure 5.8) shows a heterogeneous spatial pattern of 

degradation across the study area. Most of the peatland areas are classified as having low to 

moderate degradation levels, indicating generally stable or moderately disturbed condition. 

 

 

Figure 5.8. Peatland degradation 

map (2017-2025). 

Areas of moderate to high 

degradation were primarily 

concentrated in the southern and 

central peatland regions. These 

zones represent locations where 

multiple degradation indicators 

overlap, including close 

proximity to drainage canals, 

higher fire density, increased 

forest loss, and areas of reduced 

surface moisture and vegetation 

condition.  

In contrast, northern and western peatland regions are predominantly characterized by low to 

moderate vulnerability, indicating relatively stable hydrological conditions and lower levels 

of disturbance.
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5.2 Relationships between satellite-derived peatland degradation 

indicators 

5.2.1 Relationship between NDVI, NDWI and Fire 

The correlation matrix (Table 5.1) shows a moderate positive relationship between NDVI 

slope and NDWI slope (r = 0.653). In contrast, fire density was not significantly correlated 

with either NDVI (r = −0.058) or NDWI (r = −0.012). 

Table 5.1. Pearson correlation (r) between NDVI slope, NDWI slope, and fire density 

(n=7040). 

 
 

5.2.2 Relationship between NDWI and LST 

Due to limited spatial coverage of valid LST observations, temperature-related correlations 

were not included in the main correlation matrix. Instead, the relationship between NDWI 

slope and LST slope was examined separately using scatter plots (Figure 5.9). 

 

 
 

Figure 5.9. Scatter plot showing the Relationship between NDWI slope and LST slope in 

peatland areas (2017-2025). 

The scatter plot shows a weak negative relationship between NDWI slope and LST slope      

(r = −0.130; R² = 0.016), indicating that areas with decreasing moisture trends tended to show 

slightly higher warming trends. However, the relationship was weak and highly variable 

across peatland areas, suggesting that additional environmental factors may influence LST 

variation. 

 

 

Indicators NDVI slope NDWI slope Fire density

NDVI slope 1.000 0.653* -0.058

NDWI slope 0.653* 1.000 -0.012

Fire density -0.058 -0.012 1.000

* Significant  Correlation (p< 0.05)
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5.3 Environmental drivers of peatland degradation

This section examines how environmental variables explain the spatial variation in peatland 

degradation indicators across the study area. The analysis is restricted to peatland areas only 

(11,523 km²) which cover approximately 50% of the total study area to ensure consistency 

with the study objective. 

Building on the spatial patterns (Section 5.1) and the relationships between indicators 

(Section 5.2), the analysis focuses on key drivers, including drainage proximity, canal 

density, terrain characteristics (derived from DEM), and land-use factors. 

Multiple approaches are used to assess these relationships. Correlation analysis provides an 

initial overview of how variables are related, while OLS is used to assess their overall 

influence at the global scale.  

5.3.1 Spatial pattern of drainage variables 

 
Figure 5.10. Spatial patterns of drainage variables within peatland areas, including canal 

density, distance to drainage canals, and distance to canal blocks in peatland areas (2017-

2025). 

Canal density ranged from 0 to 13.75 km/km², with the highest values concentrated in the 

southern and central peatlands, as well as several localized hotspots in the western peatland 

areas (Figure 5.10). These areas indicate intensive drainage infrastructure and a high degree 

of hydrological modification. Lower canal density values were observed across more 

fragmented northern peatlands, where canal networks appeared less developed or less 

continuous (Figure 5.10). 

The distance-to-canal map highlights the widespread influence of drainage infrastructure 

across peatland areas (Figure 5.10). Distances ranged from 0 to 32.33 km, although large 

parts of the peatland landscape were located relatively close to drainage canals. Areas 

situated farther from canals were more limited and occurred mainly in western and peripheral 

peatland zones, suggesting that only a smaller proportion of peatlands remain relatively 

isolated from drainage disturbance. 
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Distance to canal blocks ranged from 6.51 to 48.16 km across peatland areas. Shorter 

distances to canal blocks were concentrated in central and southern peatlands (Figure 5.10), 

indicating a greater presence of restoration and water-management interventions in these 

regions. In contrast, larger distances occurred mainly in northern and peripheral peatlands, 

suggesting that some peatland zones remain relatively far from canal-blocking measures. 

Overall, the drainage-related variables show a clear spatial concentration of canal 

infrastructure and restoration measures in southern and central peatlands, whereas northern 

and peripheral peatlands are generally less connected to both drainage canals and canal-block 

interventions. 

5.3.2 Drainage influence on peatland moisture 

The relationship between drainage proximity and peatland moisture was analysed using mean 

NDWI slope values across distance classes from drainage canals within peatland areas 

(Figure 5.11). NDWI slope values generally increase with distance from canals between 0-

250 m and 1001-2000 m, indicating that areas closer to canals experience stronger drying 

trends, while areas further away show more stable or slightly increasing moisture conditions. 

However, the farthest distance class (>2000 m) shows a lower mean value, suggesting local 

variability and indicating that the relationship is not strictly linear across all distances. 

 

 

Figure 5.11. Mean NDWI slope across distance-to-canal classes in peatland areas. 

5.3.3 Correlation analysis of environmental drivers 

Pearson correlation analysis was applied within peatland areas to examine the relationships 

between NDWI slope and environmental variables, including distance to canal, canal density, 

TWI, fire density, and forest loss. The correlation analysis was used as an exploratory 

assessment of linear relationships among variables, while statistical significance and 

predictor importance were evaluated through the subsequent OLS, GWR, and Random Forest 

analyses. 
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The results indicate generally weak linear relationships among the analysed variables. NDWI 

slope showed a weak negative relationship with distance to canals (r = -0.217). In 

comparison, canal density showed only a very weak relationship with NDWI slope (r = 

0.083), suggesting limited linear associations between drainage variables and moisture trends 

at the spatial scale analysed. 

Table 5.2. Pearson correlation (r) between NDWI slope and the analysed environmental 

variables. 

 

The relationship between NDWI slope and terrain conditions (TWI) was negligible (r = 

0.034), indicating limited influence of topographic wetness on moisture change. Similarly, 

NDWI slope showed very weak correlations with fire density (r = 0.037) and forest loss (r = 

0.049), suggesting no strong linear relationships between these variables. 

5.3.4 Global regression analysis (OLS) 

Ordinary Least Squares (OLS) regression was applied to assess the influence of 

environmental variables on NDWI slope within peatland areas. Two models were tested: 

Stage I, including distance to canals, canal density, TWI, and fire density. Stage II includes 

forest loss as a potential land-use disturbance. 

Table 5.3. OLS regression results for NDWI slope. 

 

Note: *p < 0.05, ***p < 0.001. 

Table 5.3. presents the OLS regression coefficients and their statistical significance for both 

model stages. In Stage I, distance to canal is the only significant variable (p < 0.01). showing 

a negative relationship with NDWI slope. Other variables, including canal density, TWI and 

fire density, are not statistically significant. In Stage II, distance to canal, fire density, and 

forest loss are highly significant (p < 0.01). while canal density being statistically significant 

at the 0.05 level. TWI remains non-significant in both models. 

NDWI Distance Canal TWI Fire Forest loss
slope  to canal density density (%)

NDWI slope 1 -0.217 0.083 0.034 0.037 0.049
Distance to canal -0.217 1 -0.42 -0.192 -0.203 0.065
Canal density 0.083 -0.42 1 0.3 0.177 0.013
TWI 0.034 -0.192 0.3 1 0.08 0.037
Fire density 0.037 -0.203 0.177 0.08 1 0.104
Forest loss (%) 0.049 0.065 0.013 0.037 0.104 1

Variables

Coefficient p-value Coefficient p-value
Distance to canals -0.000000 0.000000*** -0.000000 0.000000***

Canal density -0.000033 0.464665 0.000103 0.024590*

TWI -0.000013 0.68854 0.000022 0.469726

Fire density -0.000082 0.690306 0.000784 0.000282***

Forest loss - - -0.001158 0.000000***

OLS Variables
Stage I Stage II
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Comparison between Stage I and Stage II 

Table 5.4. OLS model diagnostics for NDWI slope. 

 

The OLS models show low explanatory power, with adjusted R² values of 0.0467 in Stage I 

and 0.0778 in Stage II, indicating that the inclusion of forest loss only slightly improved 

model performance.  

The Koenker (BP) statistic is statistically significant in both stages, indicating that the 

relationships between NDWI slope and explanatory variables are not spatially stationary.  

Residual Moran’s I values are 0.4424 in Stage I and 0.4441 in Stage II, showing positive 

spatial autocorrelation, suggesting that the OLS model does not fully capture spatial patterns 

in NDWI slope. These results indicate that a local spatial modelling approach such as GWR, 

may be more appropriate. Detailed OLS regression coefficients and diagnostic statistics for 

Stage I and Stage II models are provided in Appendix A8. 

5.3.5 Spatial variability of drivers (GWR) 

GWR was applied to capture spatial variation in these relationships, as the significant 

Koenker (BP) statistic and spatial autocorrelation in the OLS residuals indicate that 

relationships are not spatially stable. 

Different combinations of explanatory variables were tested, but models including all 

variables showed instability. Therefore, a reduced set of variables was used to ensure stable 

model estimation. Two models were examined. Stage I includes distance to canal and TWI, 

representing hydrological and terrain conditions. Stage II additionally includes forest loss to 

account for land-use influence. 

Table 5.5. GWR result for NDWI slope. 

 

The Stage II model is presented here, as it showed improved performance. Model 

performance is assessed using local R² values, which indicate how well the model explains 

NDWI slope at each location.  

Stage I Stage II

Adjusted R² 0.0467 0.0778

AIC -82,965 -83,344

Koenker (BP) statistic 357.7871 722.6975

Moran's I (residual) 0.4424 0.4441

Moran's z-score 154.6589 155.2284

OLS statistics
Value

Stage I Stage II

Adjusted R² 0.2383 0.3040

AIC 29,409 28,398

Moran's I (residual) 0.303827 0.283290

Moran's z-score 106.217934 99.038590

Moran's p-value 0.000000 0.000000

GWR Statistics
Value
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Figure 5.12. Spatial distribution 

of local R2 values in peatland 

areas (GWR Stage II). 

 

The local R² values show clear 

spatial variation in model 

performance. Higher values are 

observed in the southern and 

western parts of the study area, 

indicating that the selected 

variables explain NDWI slope 

better in these areas. 

The lower values in other areas suggest that additional factors not included in the model may 

influence moisture dynamics. 

 

 

Spatial variation of the Local Effect of Distance to Canals 

 

 

 

Figure 5.13. Spatial variation of 

the local effect to distance to 

canals in peatland areas (GWR 

Stage II). 

 

Areas with stronger negative 

coefficients are observed mainly 

in the southern and central parts 

of peatland area, indicating that 

proximity to canal is associate 

with stronger drying effects in 

these regions.  

 

In contrast, weaker or near-zero relationships are observed in other area, suggesting that the 

influence of drainage varies spatially across the peatland. 
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Spatial variation of the Local Effect of Forest loss  

 

 

 

Figure 5.14. Spatial variation of 

the local effect to forest loss in 

peatland areas (GWR Stage II). 

 

Forest loss shows a spatially 

variable relationship with NDWI 

slope. In several areas, particularly 

in the southern and central part of 

the study area, negative 

coefficients (blue) indicate that 

higher forest loss is associated 

with drying trends, 

In other area, positive or near-zero coefficient (red to yellow) suggest weaker or inconsistent 

relationship, indicating that the influence of land-use change on moister dynamic is not 

uniform across the peatland.  

The influence of TWI is generally weaker and more spatially variable (Appendix A9). In 

some areas, higher wetness is associated with reduced drying, but the relationship is not 

consistent across the study area. 

Spatial distribution of GWR Standardized Residual (Stage II) 

The spatial distribution of GWR residuals (Figure 5.15) represents the unexplained variation 

in NDWI slope after taking into account the selected variables. Compared to the OLS model, 

the residuals show a more spatially dispersed, indicating improved representation of spatial 

variability. However, some clustering remains, suggesting that additional environmental or 

local factors not included in the model may influence peatland moisture dynamics. 

The GWR model shows improved performance compared to OLS, with higher R² values and 

lower AIC, indicating a better model fit. Residual spatial autocorrelation (Moran’s I) is 

reduced compared to OLS but remains positive, suggesting that although GWR captures 

spatial variability more effectively, some spatial structure is still not fully explained. 

Overall, the GWR results confirm that peatland degradation is influenced by spatially varying 

processes, with drainage and land-use factors having stronger effects in certain areas rather 

than uniformly across the study area. 
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Figure 5.15. Spatial 

distribution of GWR 

Standardized Residual in 

peatland areas (GWR 

Stage II).

 

5.3.6 Random forest modelling 

Model performance improved across the three RF models. The baseline model 

(Model I), containing hydrological and disturbance-related variables (distance to 

canals, canal density, TWI, fire density, and forest loss), produced an R² value of 

0.123. Model II, which additionally included land-cover information, showed a slight 

improvement in performance (R² = 0.146). The highest performance was observed in 

Model III, which further incorporated distance to canal blocks and achieved an R² 

value of 0.271. A similar trend was observed for OOB accuracy, while RMSE 

decreased slightly, indicating improved predictive performance. 

Table 5.6. Comparison of random forest model performance. 

 

These results suggest that land-cover contributed only minor improvements, whereas 

restoration-related variables associated with canal blocks substantially improved 

explanatory power. 

Model Variables R² OOB RMSE

Model 1 Hydrology + disturbance 0.123 0.15 0.00603

Model 2 Model 1 + Land cover 0.146 0.177 0.00595

Model 3 Model 2 + Distance to canal block 0.271 0.27 0.0055
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Figure 5.16. Variable importance from the Random Forest (Model 3) in peatland 

areas. 

Variable importance results (Figure 5.16) show that distance to canal and distance to 

canal blocks are the most influential variables, followed by TWI and forest loss. 

Canal density and fire density have lower importance, while land cover contributes 

very little to the model. 
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6 DISCUSSION 

6.1 Major hotspots of peatland degradation 

The spatial distribution of peatland degradation is not uniform across the peatland 

areas. It is particularly concentrated in the southern and central regions. These areas 

show a combination of higher forest loss, clustered fire activity, reduced vegetation 

condition, and localized moisture decline, indicating more intense degradation 

processes. In contrast, northern peatland areas appear relatively stable, with lower 

levels of disturbance and more consistent vegetation conditions. Similar spatial 

heterogeneity in tropical peatland condition has been reported in previous studies, 

where drainage intensity, land-use disturbance, and peatland accessibility varied 

considerably across peatland landscapes (Lampela et al., 2016; Horton et al., 2021; 

Dadap et al., 2021; Taufik et al. 2019). 

The integrated peatland degradation map further supports these spatial patterns by 

combining multiple indicators into a single framework. As shown in Figure 5.8, the 

map highlights that the major degradation is concentrated in the southern and central 

peatland regions, where drainage proximity, fire activity, forest loss, and reduced 

moisture conditions overlap. This suggests that peatland degradation is spatially 

clustered and shaped by the interaction of multiple environmental and anthropogenic 

drivers rather than a single factor (Taufik et al., 2019; Ruwaimana et al., 2024). 

The limited spatial variation in land surface temperature (LST) observed in this study 

can be partly explained by the equatorial location of the study area, where 

temperatures remain consistently high throughout the year. However, previous field 

studies have shown that LST can vary by approximately 3-4 °C between dry and wet 

seasons and may increase significantly following drainage (Astiani et al., 2017). This 

suggests that while broad-scale temperature differences are relatively small, local 

variations in LST are strongly influenced by environmental conditions such as surface 

moisture, vegetation cover, and land-use disturbances. Similar relationships between 

land surface temperature, vegetation cover, and moisture availability have also been 

observed in degraded tropical peatlands (Ohkubo et al., 2021; Miettinen et al., 2017). 

The temporal pattern of fire occurrence, with a major peak in 2019 and a smaller 

increase in 2023, is consistent with previous studies linking ENSO-related drought 

and reduced rainfall to increased fire activity in Southeast Asian peatlands and 

tropical forests (Lam et al., 2026; Zheng et al., 2023). El Niño is typically associated 

with reduced rainfall and prolonged dry periods, increasing the susceptibility of 

peatlands to fire (Field et al., 2016; Gaveau et al., 2022). ENSO events typically occur 

at intervals of approximately 3–5 years and often lead to significant moisture deficits 

across regions such as Kalimantan. During these periods, reduced precipitation lowers 

water tables and decreases surface moisture, creating conditions that enhance the 

likelihood of peat ignition and the persistence of fires (Field et al., 2016; Ruwaimana 

et al., 2024; Zheng et al.,2023). 
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In peatland areas, these climatic effects are further amplified by drainage, which 

lowers the water table and accelerates drying (Apers et al., 2022). Peatland fires in 

Indonesia are largely human-induced and are commonly used for land clearing 

(Simorangkir, 2007; Cochrane, 2003), but under dry conditions they can spread 

uncontrollably and burn into underlying peat layers and root systems, resulting in 

prolonged burning, increased carbon emissions, and regional haze events (Page et al., 

2002; Mishra et al., 2020; Grosvenor et al., 2024; Page & Hooijer, 2016).  

Recurrent fire may further reinforce peatland degradation through feedback processes 

in which previously degraded and fire-affected areas become increasingly susceptible 

to repeated burning (Webb & Jamaludin, 2024). Previous studies have also shown 

that drainage canals can influence peat hydrology over large spatial areas and 

substantially increase peatland fire susceptibility (Ritzema et al., 2014; Dadap et al., 

2021). 

These findings indicate that peatland degradation hotspots are shaped by the 

combined influence of hydrological disturbance, land-use change, and climatic 

variability, with these factors interacting to concentrate degradation in specific areas. 

6.2 Relationship between degradation indicators 

The analysed relationships showed that vegetation and moisture indicators were more 

strongly related to each other than to fire occurrence or land surface temperature. The 

strong positive relationship between NDVI and NDWI (Table 5.1) indicates that areas 

with higher vegetation cover generally also maintained higher surface moisture 

conditions. This suggests that vegetation condition in the peatland areas is closely 

linked to peatland moisture availability, which is consistent with previous studies 

showing that tropical peatland vegetation productivity and ecosystem functioning 

depend strongly on shallow water-table conditions and stable hydrology (Page et al., 

2011; Ritzema et al., 2014; Apers et al., 2022). 

In contrast, fire occurrence showed weak relationships with both vegetation and 

moisture indicators. This suggests that fire activity was not directly controlled by 

long-term average environmental conditions at the spatial scale analysed. Instead, fire 

events are more likely influenced by short-term drought, ignition sources, drainage 

disturbance, and human land-use activities such as land clearing and agricultural 

burning (Field et al., 2016; Gaveau et al., 2014; Konecny et al., 2016; Horton et al., 

2021). Similar patterns have been reported in Southeast Asian tropical landscapes 

where fire occurrence is often more strongly associated with land degradation and 

anthropogenic disturbance than with stable long-term vegetation conditions alone 

(Webb & Jamaludin, 2024; Mishra et al., 2021). Studies in Central Kalimantan have 

shown that peatland fires are strongly associated with anthropogenic disturbance 

(Ruwaimana et al., 2024), particularly drainage canals and land accessibility, which 

increase peat drying and fire susceptibility (Horton et al., 2021; Dadap et al., 2021). 

Land surface temperature (LST) patterns were spatially uneven and less distinct 

compared to vegetation and moisture indicators, suggesting that temperature variation 
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is influenced by local land-surface conditions rather than broad-scale environmental 

gradients (Weng, 2009; Miettinen et al., 2017). The weak inverse relationship 

between NDWI slope and LST slope (Figure 5.8) suggests that peatland drying may 

contribute to increased surface warming. Reduced moisture availability can lower 

evaporative cooling and increase heat absorption, particularly in disturbed peatlands 

with sparse vegetation cover (Ohkubo et al., 2021). However, the low explanatory 

power indicates that land surface temperature is also influenced by several additional 

factors, including vegetation structure, exposed soil surfaces, fire history, drainage 

intensity, and local atmospheric conditions. 

The interpretation of LST as a degradation indicator should be treated with caution. 

To improve consistency between years, all satellite observations were restricted to the 

July-September dry season. Although this observation period reduces seasonal 

variation, it may increase the influence of interannual climatic variability. In 

Indonesia, rainfall patterns and drought conditions are strongly influenced by large-

scale climate oscillations such as the El Niño-Southern Oscillation (ENSO), 

particularly during the dry season (Aldrian & Susanto, 2003). El Niño events are often 

associated with lower rainfall and drier conditions, which can contribute to peat 

drying and increased fire risk (Field et al., 2016; Taufik et al., 2022). 

Therefore, some of the observed LST patterns may reflect short-term climatic 

conditions rather than peatland degradation alone. In addition, satellite-derived LST 

data may be influenced by cloud contamination, atmospheric effects, and differences 

in incoming solar radiation between image acquisition dates. Thermal infrared 

observations are also limited to cloud-free conditions, which can cause data gaps and 

uncertainty in temporal analyses (Reiners et al., 2023). These factors may partly 

explain why LST showed weaker and less consistent relationships with the other 

indicators analysed in this study, particularly NDVI, NDWI, and fire occurrence. 

The results suggest that LST is better interpreted as a supplementary indicator of 

environmental change rather than a direct measure of peatland degradation. Higher 

surface temperatures may reflect peat drying, vegetation loss, forest canopy removal, 

and hydrological disturbance, but they may also be influenced by short-term climatic 

conditions. Therefore, in this study, NDVI, MDWI, forest loss, and fire occurrence 

were considered the primary indicators of peatland degradation, while LST provided 

supporting information on environmental responses associated with degradation 

processes. Future studies could improve the interpretation of LST by incorporating 

longer time series, climate and precipitation data, drought indices, groundwater 

observations, and additional validation data to better distinguish climatic variability 

from degradation-related changes 

Taken together, these findings indicate that hydrological change was the most 

consistent signal of peatland degradation in the study area. Vegetation decline 

appeared strongly linked to moisture loss, whereas fire occurrence and temperature 
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patterns were influenced by additional short-term and local factors. Overall, the 

results support previous studies emphasizing that peatland hydrology is a key 

controlling factor in peatland ecosystem stability, vegetation condition, peat 

decomposition, and fire vulnerability (Ritzema et al., 2014; Taufik et al., 2019; Apers 

et al., 2022; Morris & Waddington, 2011). 

6.3 Environmental drivers of peatland degradation 

The results indicate that hydrological disturbance associated with drainage 

infrastructure is a major factor influencing peatland degradation in the study area 

(Dadap et al., 2021). Across multiple analyses, distance to drainage canals 

consistently emerged as one of the dominant explanatory variables (Astiani et al., 

2017). Areas located closer to drainage canals generally showed stronger drying 

trends, reflected by lower NDWI slope values, while canal density was highest in the 

southern and central peatlands where degradation vulnerability was also concentrated.  

These findings support previous studies showing that drainage lowers peat water 

tables, increases peat oxidation and subsidence, and enhances susceptibility to 

vegetation stress and fire (Hooijer et al., 2010; Taufik et al., 2019; Dadap et al., 

2021). Previous studies have also shown that drainage canals can influence peat 

hydrology over large spatial areas, extending hundreds of meters from the canal 

network (Dadap et al., 2021).  

The OLS results further support the importance of drainage proximity. Distance to 

canals remained significant in both model stages, while forest loss became significant 

when included in Stage II. However, the relatively low R² values and significant 

spatial autocorrelation in the residuals indicate that OLS alone was insufficient to 

fully explain the spatial complexity of peatland moisture change. Although distance-

to-canal classes suggested slight variation in NDWI trends across peatland areas, the 

Pearson correlation between NDWI slope and distance to canals remained weak (r =   

-0.217). Together, these findings suggest that peatland degradation is not controlled 

by a single uniform process across the peatland landscape but instead varies according 

to local environmental conditions and disturbance intensity. Peatland moisture 

dynamics are influenced not only by drainage proximity but also by rainfall 

variability, vegetation cover, peat characteristics, restoration activities, and local 

hydrological connectivity (Hooijer et al., 2010; Taufik et al., 2019). In addition, 

NDWI slope represents temporal moisture change rather than absolute wetness 

conditions, meaning that positive NDWI trends near canals do not necessarily indicate 

undisturbed hydrological conditions. The grouped distance analysis further suggests 

that drainage effects may vary locally rather than following a simple linear 

relationship. Similar heterogeneity in peatland processes has been reported in 

previous studies emphasizing the importance of local hydrological variability and 

drainage effects (Belyea & Baird, 2006; Lampela et al., 2016). 

The weak Pearson correlation between NDWI slope and distance to canals does not 

necessarily contradict the regression and Random Forest results, where drainage 
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proximity remained an important explanatory variable. Pearson correlation only 

measures simple linear pairwise relationships and does not account for spatial 

variability, interactions among variables, or non-linear processes. In contrast, OLS, 

GWR, and Random Forest incorporate multiple environmental variables 

simultaneously and are therefore better able to capture the complex hydrological and 

spatial interactions influencing peatland conditions. This suggests that the influence of 

drainage canals on peatland degradation is spatially heterogeneous and may operate 

indirectly through interactions with vegetation disturbance, land-use change, and local 

hydrological conditions (Taufik et al..2019; Ritzema et al., 2007). 

Forest loss was also associated with stronger drying trends in several parts of the 

peatland areas. This is consistent with previous studies showing that vegetation 

removal reduces canopy shading, increases surface exposure, and often occurs 

together with drainage expansion and agricultural conversion (Goldstein et al., 2020; 

Gaveau et al., 2022). The combined influence of drainage and forest loss likely 

reinforces peatland degradation processes, particularly in previously disturbed areas.  

Previous studies have further shown that degraded peatlands are more vulnerable to 

recurrent burning and prolonged hydrological disturbance (Miettinen et al., 2016; 

Horton et al., 2021), potentially creating feedback loops in which repeated fire further 

accelerates degradation processes (Webb & Jamaludin, 2024). 

Random Forest provided additional insight by capturing more complex and non-linear 

relationships between peatland moisture dynamics and environmental variables. 

While OLS and GWR identified distance to drainage canals as the most consistent 

predictor, Random Forest additionally highlighted distance to canal blocks and TWI 

as important variables. This does not contradict the regression analysis but instead 

suggests that these variables may influence peatland moisture dynamics through 

localized interactions and non-linear processes that are less effectively captured by 

linear regression models. Previous studies have noted that impurity-based variable 

importance measures in Random Forest may be influenced by correlated predictor 

variables and variable distributions (Scornet, 2021).  

The importance of distance to canal blocks may also indicate that restoration 

infrastructure and water-management interventions influence peatland moisture 

conditions (Suwito et al., 2022), although canal blocks are spatially clustered and 

unevenly distributed across peatland areas. Previous studies have further shown that 

the effectiveness of canal blocking and peatland rewetting can vary depending on 

local hydrological conditions, canal spacing, restoration design, rainfall variability, 

and spatial differences in water-table dynamics (Suryadi et al., 2021; Mishra et al., 

2021). Nevertheless, Suwito et al. (2022) demonstrated that even relatively small-

scale canal blocking interventions can contribute to maintaining higher groundwater 

levels and reducing peatland drying and fire vulnerability in degraded tropical 

peatlands. 

The land-cover analysis further supports this interpretation. Degraded vegetation 

areas showed the highest fire density and forest loss, indicating that previously 
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disturbed peatlands remain vulnerable to recurrent burning and continued land-cover 

change. Built-up and agricultural areas also showed drying tendencies. Similar 

associations between recurrent fire and degraded forest conditions have also been 

observed in Southeast Asian tropical landscapes, where disturbed forests become 

increasingly susceptible to repeated burning over time (Webb & Jamaludin, 2024). 

However, the relatively high NDWI slope observed in degraded vegetation areas 

should not necessarily be interpreted as healthier peatland conditions. NDWI reflects 

changes in vegetation and surface moisture rather than direct groundwater levels 

(Gao, 1996). In degraded peatlands, drainage, vegetation removal, fire disturbance, 

exposed surfaces, shallow inundation, and vegetation regrowth mosaics can create 

heterogeneous moisture signals (Page et al., 2011; Miettinen et al., 2017; Taufik et al., 

2019). 

Taken together, the combined modelling results indicate that peatland degradation in 

Central Kalimantan is primarily driven by hydrological disturbance, with land-use 

change acting as an additional reinforcing factor. Drainage-related variables 

consistently showed stronger explanatory influence than vegetation class alone, 

highlighting the dominant role of hydrological disturbance in controlling peatland 

moisture dynamics. Drainage proximity appears more influential than vegetation class 

alone, supporting previous studies showing that peatland degradation processes 

intensify near drainage canals where water-table drawdown, vegetation disturbance, 

and fire occurrence are more pronounced (Ritzema et al., 2014; Sinclair et al., 2020; 

Dadap et al., 2021). These findings highlight the importance of hydrological 

management for peatland conservation and restoration. Effective restoration strategies 

should therefore prioritise hydrological recovery, particularly in heavily drained and 

previously deforested peatland areas. 

6.4 Hypotheses assessment 

H1 proposed that hydrological variables, particularly drainage canal proximity and 

Topographic Wetness Index (TWI), would be the strongest predictors explaining 

spatial variation in satellite-derived peatland degradation indicators (NDVI, NDWI, 

fire occurrence, and LST).  

This hypothesis was partially supported. Drainage canal proximity consistently 

emerged as one of the dominant predictors across multiple analyses, confirming the 

importance of hydrological disturbance in explaining peatland degradation patterns. 

In contrast, TWI showed relatively weak and inconsistent influence across peatland 

areas. Fire occurrence showed only weak relationships with the analysed 

environmental variables, while LST was not included in the integrated degradation 

assessment due to data limitations and its relatively weak relationship with peatland 

moisture dynamics. These findings are consistent with previous studies showing that 

drainage strongly alters peatland hydrology and contributes to peat drying, vegetation 

stress, and fire susceptibility (Hooijer et al., 2010; Taufik et al., 2019; Dadap et al., 

2021). 
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H2 proposed that relationships between peatland degradation indicators and 

environmental drivers would vary spatially across peatland areas rather than 

occurring uniformly.  

This hypothesis was supported. OLS diagnostics indicated spatial non-stationarity, 

while GWR results demonstrated that the strength and influence of environmental 

variables differed between locations. This suggests that peatland degradation 

processes are spatially heterogeneous and influenced by local environmental 

conditions, hydrological connectivity, and disturbance intensity. Similar spatial 

variability in peatland hydrology and degradation processes has been reported in 

previous studies of tropical peatlands (Lampela et al., 2016; Morris & Waddington, 

2011). 

6.5 Limitations and Future Research 

6.5.1 Remote Sensing Indicators and Data Limitations 

Several limitations should be considered when interpreting the results of this study. 

The analysis primarily relied on satellite-derived indicators and spatial datasets rather 

than direct field measurements. Variables such as NDVI, NDWI, LST, fire detections, 

and forest loss are useful for identifying landscape-scale spatial patterns of peatland 

condition, but they do not directly measure key hydrological processes such as 

groundwater levels, peat moisture content, peat thickness variation, or peat 

subsidence. In addition, detailed climatic variables such as rainfall variability were 

not included within the scope of this study. 

The indicators used in this study represent proxy measures of peatland degradation 

derived from remotely sensed observations. NDVI reflects vegetation condition, 

NDWI represents vegetation and surface moisture conditions, forest loss indicates 

canopy removal, and fire occurrence reflects disturbance events. Although these 

indicators cannot directly measure peat oxidation, carbon loss, groundwater 

dynamics, or peat subsidence, they capture important manifestations of peatland 

degradation and are widely used in tropical peatland monitoring. Therefore, the 

results should be interpreted as indirect assessments of peatland degradation rather 

than direct measurements of the underlying ecological and hydrological processes. 

Land cover was represented using the ESA WorldCover 2021 dataset, which provides 

a snapshot of land-cover conditions during a single year. Although this dataset was 

useful for characterising landscape conditions within the study area, it does not 

directly capture land-cover transitions over time. Consequently, the interpretation of 

degraded vegetation classes was supported by historical tree-cover information from 

the Hansen Global Forest Change dataset (Appendix A5) and forest-loss patterns 

rather than relying solely on the 2021 land-cover classification. 
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6.5.2 Temporal and Climatic Uncertainty 

Although multi-year satellite data were used for the period 2017–2025, image 

availability in tropical regions is strongly affected by persistent cloud cover. While 

cloud masking and dry-season image selection were applied to improve consistency, 

cloud contamination and data availability still affected the spatial coverage of some 

datasets, particularly Land Surface Temperature (LST), resulting in fewer valid 

observations in certain peatland areas. 

In addition, NDVI and NDWI trends were derived using pixel-based linear trend 

analysis for the period 2017–2025. This approach assumes that vegetation and 

moisture changes follow approximately linear trends through time. However, peatland 

ecosystems may experience rapid changes, recovery periods, or short-term climatic 

fluctuations that are not fully captured by a linear trend. Consequently, the calculated 

trend values should be interpreted as general long-term trends rather than precise 

representations of interannual variability. Similar limitations apply to LST, where 

observed temperature patterns may reflect both environmental disturbance and 

interannual climatic variability. 

6.5.3 Model and Degradation Map Uncertainty 

The statistical models explained the observed spatial variation to a low degree, 

particularly in the global OLS models. This indicates that additional factors not 

included in the study may influence peatland moisture dynamics. Possible missing 

variables include rainfall variability, groundwater depth, peat thickness, water-

management practices, canal condition, and local land-use history. These factors may 

help explain part of the remaining unexplained variation. 

Although precipitation is an important variable of tropical peatland hydrology and 

influences peat moisture conditions, the present study focused primarily on drainage-

related hydrological disturbance, terrain characteristics, and land-use factors. Future 

research could incorporate precipitation data, drought indices, and climate variability 

associated with ENSO events to better evaluate their influence on peatland moisture 

dynamics, fire occurrence, and degradation processes. 

The peatland degradation map was produced by combining multiple indicators using a 

weighted overlay approach. Although the selected indicators were supported by 

previous literature, the assigned weights and classification thresholds may influence 

the final results. Different weighting choices could produce slightly different 

degradation patterns. Therefore, the map should be interpreted as a relative indication 

of peatland degradation within the study area rather than providing an exact measure 

of degradation. 

The statistical analyses identified several relationships between degradation indicators 

and environmental variables. However, these relationships do not necessarily mean 

that one factor directly caused another. For example, moisture decline was associated 

with proximity to drainage canals, but other factors such as land-use history, 

restoration activities, and climatic variability may also contribute to the observed 
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patterns. The results should therefore be interpreted as evidence of relationships 

between environmental factors and peatland degradation rather than direct proof of 

causation.  

6.5.4 Canal Block Limitations and Future Research 

The canal block dataset was used as a spatial proxy for restoration influence based on 

distance to canal-blocking structures. However, the presence of a canal block does not 

necessarily indicate functionality or successful hydrological restoration. The 

hydrological influence of canal blocks may vary spatially and is often limited to 

nearby or upstream areas. Some structures may be damaged, inactive, or vary in 

effectiveness depending on local maintenance and landscape conditions. In addition, 

although previous studies have shown that even relatively small-scale canal blocking 

interventions may contribute to maintaining higher groundwater levels and reducing 

peatland drying (Suwito et al., 2022), restoration effectiveness remains spatially 

heterogeneous and may differ considerably across peatland landscapes depending on 

local hydrological and environmental conditions. 

Future research could further evaluate the effectiveness of canal-blocking restoration 

by conducting more focused comparative analyses between restored peatland areas 

and similar non-restored areas without canal blocking. An important limitation of the 

present study is that information on the construction dates and maintenance history of 

canal-blocking structures was not available. Canal blocks were therefore treated as 

static spatial features, and it was not possible to distinguish between older and more 

recently established restoration interventions. Integrating field-based hydrological 

measurements, rainfall data, peat-depth information, restoration history, and long-

term monitoring could improve understanding of how restoration interventions 

influence peatland moisture dynamics, vegetation recovery, and fire vulnerability 

under different environmental conditions. In addition, the use of higher temporal 

resolution satellite data, groundwater monitoring, and hydrological modelling could 

provide better insight into how drainage and restoration influence peatland dynamics 

over time. Similar integrated approaches combining remote sensing, field 

observations, and hydrological modelling have also been recommended in previous 

tropical peatland restoration studies (Mishra et al., 2021). 
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7 CONCLUSION 

This study analysed how hydrological conditions, drainage patterns, terrain 

characteristics, and land-use disturbances influence peatland degradation in Central 

Kalimantan between 2017 and 2025 using remote sensing and GIS-based approaches. 

The results showed that peatland degradation is spatially heterogeneous, with major 

hotspots concentrated in the southern and central peatland regions where vegetation 

decline, moisture reduction, forest loss, and fire occurrence overlapped. 

The findings consistently highlight the critical role of hydrological disturbance in 

shaping peatland degradation patterns. Areas located closer to drainage canals 

generally showed stronger drying trends and higher degradation vulnerability, 

indicating that drainage strongly influences peatland functioning. The results further 

suggest that peatland degradation is driven by interacting hydrological and land-use 

processes rather than by a single uniform factor, with relationships varying spatially, 

across the peatland landscape according to local environmental conditions and 

disturbance intensity. 

The study also showed that vegetation dynamics and moisture-related conditions were 

closely linked, while fire occurrence appeared to be influenced by additional climatic 

and anthropogenic factors beyond long-term vegetation and moisture trends alone. 

From a management perspective, the findings emphasise the importance of 

hydrological restoration, particularly in heavily drained peatland areas and identified 

degradation hotspots. Restoration measures such as canal blocking, peatland 

rewetting, and revegetation are important for improving peatland resilience and 

reducing further degradation. 

Overall, this study demonstrates the usefulness of integrating remote sensing and 

spatial modelling techniques to analyse tropical peatland degradation in data-limited 

regions. Understanding the spatial patterns and environmental drivers of peatland 

degradation is essential for effective peatland management, restoration, and long-term 

conservation in Central Kalimantan. 
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Appendix A1 

Sentinel-2 Data Acquisition and Tile Coverage (2017–2025) 

Sentinel-2 Level-2A imagery used in this study was acquired during the dry-season 

period (July–September) for each year between 2017 and 2025. Images were selected 

based on cloud conditions and temporal consistency. Four Sentinel-2 Military Grid 

Reference System (MGRS) tiles were required to cover the study area: T49MGS, 

T49MHS, T49MHT, and T50MKC. Multiple scenes per year were mosaicked and 

processed to generate annual composites for NDVI and NDWI analysis. 

Table A1- Sentinel data acquisition and Tile Coverage (2017-2025) 

YEAR July August September Tiles used 

2017* 20170720 0 0 T49MGS T49MHS T49MHT T50MKC 

  20170725     T49MGS T49MHS T49MHT T50MKC 

2018 20180720 20180814 20180923 T49MGS T49MHS T49MHT T50MKC 

2019 20190725 20190829 20190928 T49MGS T49MHS T49MHT T50MKC 

2020 20200714 20200729 20200823 T49MGS T49MHS T49MHT T50MKC 

2021 20210724 20210808 20210927 T49MGS T49MHS T49MHT T50MKC 

2022 20220729 20220808 20220922 T49MGS T49MHS T49MHT T50MKC 

2023 20230729 20230818 20230922 T49MGS T49MHS T49MHT T50MKC 

2024 20240718 20240728 20240911 T49MGS T49MHS T49MHT T50MKC 

2025 20250725 20250802 20250923 T49MGS T49MHS T49MHT T50MKC 

 

* An exception occurred in 2017, when persistent cloud covers limited image 

availability during August and September. 

Sentinel-2 Level-2A imagery provided the spectral bands used for NDVI (B4, B8), 

NDWI (B8A, B12), and Scene Classification Layer (SCL) cloud masking. 
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Appendix A2 

Drainage canal and canal blocks in Peatland area 

 

Figure A2a. Spatial distribution of mapped drainage canals within peatland areas  

 

Figure A2b. Spatial distribution of mapped canal blocking structures within peatland 

areas  
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Appendix A3 

Original ESA WorldCover 2021 land-cover composition within the 

study area 

 

The land-cover distribution within the study area in 2021 is shown in Figure 4.2.  

The landscape is dominated by tree cover (69.04%), indicating that large portions of 

the region remain covered by forest vegetation. Grassland (14.54%) and shrubland 

(9.28%) also occupy substantial areas, particularly within disturbed and partially 

degraded peatland regions. Smaller proportions of the study area consist of cropland 

(2.65%), herbaceous wetlands (1.75%), permanent water bodies (1.69%), mangroves 

(0.59%), and built-up areas (0.34%) (Figure 3.2). 

Wetlands and mangrove areas are mainly concentrated along river corridors and 

coastal zones, whereas cropland and built-up areas are more localized and associated 

with human land-use activities (Figure 4.2).  

The spatial distribution of land-cover classes reflects the heterogeneous 

environmental conditions and varying levels of disturbance across the peatland 

landscape in Central Kalimantan. 
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Appendix A4 

Descriptive statistics of Peatland indicators and environmental 

variables (2017–2025) 

Table A4a. Descriptive statistics of Peatland indicators and environmental variables 

(2017–2025) 

 
 

 

Table A4b. Forest loss summary within study area (2017–2024)  

Variable % Area 
Total area 

(km²) 
Period 

Forest loss 6.59% 1526.5 km² 2017–2024 

 

Values represent pixel-level or raster summary statistics within the study area unless 

otherwise stated. 

 

 

 

 

 

 

 

 

 

 

 

Variables Mean Min Max Std Dev Resolution Period
NDVI MAX Trend -0.054 -2.407 2.858 0.225 10 m 2017–2025
NDVI mean 0.507 -0.130 0.719 0.059 10 m 2017–2025
NDVI slope (per 0.002 -0.160 0.092 0.011 10 m 2017–2025
NDWI mean 0.410 -0.364 0.641 0.083 20 m 2017–2025
NDWI slope 0.003 -0.118 0.085 0.011 20 m 2017–2025
LST mean 32.693 24.176 50.831 2.825 30 m 2017–2025
LST slope 0.350 -2.794 2.550 0.417 30 m 2017–2026
Distance to canals 4724.721 0 41676.203 6775.457 10 m Static
Canal density 1.136 0 15.756 1.895 10 m Static
TWI 6.048 -5.841 24.700 7.328 101,74 m Static
Fire density 0.094 0 6.382 0.337 1 km 2017–2025
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Appendix A5 

Tree Cover within Peatland Areas, 2000 

 

 

Figure A5. Tree cover within peatland areas in 2000 derived from the Hansen Global 

Forest Change dataset (Hansen et al., 2013).  

 

The figure illustrates that large portions of the peatland landscape were historically 

forested prior to subsequent forest loss and land-cover change. This information was 

used as supporting evidence when interpreting land-cover classes in the 2021 ESA 

WorldCover dataset. 
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Appendix A6 

Reclassification thresholds and forest-loss classification used for 

peatland degradation mapping 

 

Table A6. Threshold values used for peatland degradation reclassification 

 

 

 

 

Figure A6. Forest-loss classification used in the integrated peatland degradation 

analysis 

Forest-loss classes were grouped into 2017–2020 and 2021–2024 periods based on 

mapped forest-loss extent within peatland areas. 

 

 

 

 

 

High Moderate Low
NDVI slope -0.139 to -0.020 -0.020 to 0.000 0.000 to -0.076
NDWI slope -0.102 to -0.010 -0.010 to 0.000 0.000 to -0.083

TWI 4.58 to 5 5 to 10 10 to 24.33
Fire density 2 to 6.38 0.5 to 2 0 to 0.5
Forest loss 2017 to 2020 2021 to 2024 No forest loss

Distance to drainage canal 0 to 500 (m) 500 to 2000 (m) >2000 (m)

Degradation influence
Indicators
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Appendix A7 

Spatial pattern of maximum NDVI trends for the period 2017–2025 

 

+ 

 

Figure A7. Spatial pattern of maximum NDVI trends for the period 2017–2025, 

representing peak vegetation greenness reached at least once during the study period. 

 

The maximum NDVI trend values range approximately from −1.98 to 2.16. The 

values show distinct spatial heterogeneity across the study area. Areas with high 

maximum NDVI values are unevenly distributed and form distinct spatial patterns 

that differ from those observed in the mean NDVI and NDVI temporal trend maps.  

This indicates that locations capable of achieving high peak vegetation greenness do 

not necessarily maintain consistently high vegetation conditions over time. The 

maximum NDVI trend values range approximately from -2.41 to 2.86, reflecting 

substantial spatial variability in peak vegetation dynamics across the peatland 

landscape. 
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Appendix A8 

OLS Regression results for NDWI slope (Stage I and Stage II)  

Table A8a. OLS diagnostics 

Statistic Value 

  Stage I Stage II 

R² 0.0470 0.0782 

Adjusted R² 0.0467 0.0778 

AIC -82,964.7810 -83,343.7833 

Koenker (BP) statistic 357.7871 722.6975 

Moran's I (residual) 0.4424 0.4441 

 
Table A8b. OLS regression coefficient- Stage I 

Variable Coefficient Std Error t-value p-value VIF 

Distance to canals -0.000000 0.000000 -21.796803 0.000000* 1.24758 

Canal density -0.000033 0.000030 -0.871158 0.464665 1.305014 

TWI -0.000013 0.000020 -0.490987 0.688540 1.105528 

Fire density -0.000082 0.000148 -0.556995 0.690306 1.054457 

 

Table A8c. OLS regression coefficient- Stage II 

Variable Coefficient Std Error t-value p-value VIF 

Distance to canals -0.000000 0.000000 -25.944702 0.000000* 1.310896 

Canal density 0.000103 0.000038 2.703105 0.024590* 1.349535 

TWI 0.000022 0.000025 0.879371 0.469726 1.110971 

Fire density 0.000784 0.000151 5.185532 0.000282* 1.152051 

Forest loss -0.001158 0.000059 -19.677850 0.000000* 1.330954 

Note: * indicates a statistically significant p-value (p < 0.001). VIF values close to 1 

indicate low multicollinearity. 

Note:  

R² represents the proportion of variance explained by the model, while adjusted R² 

accounts for the number of predictors. AIC evaluates model fit, with lower values 

indicating better performance. The Koenker (BP) statistic tests for spatial non-

stationarity, where significant values indicate spatially varying relationships. Moran’s 

I measure spatial autocorrelation in model residuals, with positive values indicating 

clustering. The associated z-score indicates the statistical significance of this pattern. 

The t-value represents the ratio between the estimated coefficient and its standard 

error, indicating the strength of the relationship. The p-value indicates the statistical 

significance of each variable, with lower values representing stronger evidence 

against the null hypothesis. VIF (Variance Inflation Factor) measures 

multicollinearity among variables, where values close to 1 indicate low correlation 

between predictors. 
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Appendix A9 

Spatial variation in the Local Effect of TWI (GWR Stage II) 

 

 

Figure A9. Spatial distribution of GWR Standardized Residual (GWR Stage II) 
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