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Abstract 

Peatlands are ecosystems that store immense amounts of carbon in their soil and therefore play a 

critical role in the global carbon cycle. However, due to climate change and anthropogenic 

disturbance, these ecosystems are transitioning from net carbon sinks to net carbon sources. This 

is especially true for tropical peatlands due to the extensive conversion of these systems to 

agricultural land. Despite their important ecosystem services and high vulnerability to becoming 

net carbon sources, tropical peatlands are not well represented in the literature relative to their 

temperate and boreal counterparts. This may perhaps be due to harsh environmental conditions 

and/or due to site remoteness. In this dissertation, I explore the possibility of tropical peatland 

study through an unconventional methodology, while also conducting field measurements to 

contribute to the expanding literature of in situ observations in tropical peatlands. The first 

project focuses on testing whether the Optical Trapezoid Model (OPTRAM), a remote sensing-

based model, is capable of reproducing the temporal water table fluctuations in tropical 

peatlands. I found that OPTRAM performs optimally in minimally forested and non-forested 

areas (0.7 < R < 1). On the other hand, in heavily forested areas, OPTRAM performance was 

substantially weaker (average R of −0.04 to 0.24). The second project aims to expand on the first 

project by testing OPTRAM’s ability for predicting the probability of burned area occurrence 

multiple days ahead of time. I acquired burned area data from the Global Fire Emissions 

Database (version 4.1s). It was found that the OPTRAM value ten days prior was a relatively 

good indicator of burned area. Low OPTRAM values ten days prior generally had non-zero 

probability values, while high OPTRAM values ten days prior typically had a value of zero. The 

third project aims to compare the peat soil greenhouse gas fluxes between an undrained peat 

swamp forest, a young oil palm plantation, and a mature oil palm plantation (during second 
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rotation of planting). Additionally, environmental variables such as air temperature, vapor 

pressure deficit, water table level, and precipitation were compared and their relationship with 

soil carbon dioxide, methane, and nitrous oxide fluxes was assessed. I found that soil methane 

fluxes were diminished and soil nitrous oxide and carbon dioxide fluxes were generally elevated 

at the plantation sites relative to the undrained site. Additionally, air temperature and water table 

level were found to be the largest contributors to soil greenhouse gas flux variability, while the 

effects of vapor pressure deficit and precipitation were minimal. Overall, this dissertation shows 

the successful application of remote sensing in tropical peatlands and has implications for better 

understanding the role these systems play in the global carbon cycle and in contributing to 

ongoing climate change. Furthermore, it contributes to the much-needed on-the-ground 

measurements in these ecosystems which may inform future conservation and sustainability 

policies in the region.     
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Chapter 1: Introduction and Background 

 

1.1 The Global Carbon Cycle 
 

The global carbon (C) cycle is a crucial process that can have effects on Earth’s climate and its 

inhabitants. While some C is immobile and may have been stored underground and “untouched” 

for millions to billions of years, a great amount of it is also being transferred between different 

reservoirs (Bruhwiler et al., 2018). Mobile C may be exchanged from and to many different 

reservoirs, including between the atmosphere, ocean, land, and living organisms (Bruhwiler et 

al., 2018) (Figure 1.1). During its movement through the cycle, the C may take on many forms, 

including carbon-dioxide (CO2) and methane (CH4) which are considered “greenhouse gases” or 

“GHGs” for their capacity to trap heat from the Sun. A portion of the incoming shortwave 

radiation from the Sun is absorbed by the Earth, which is then re-emitted back to space in the 

form of infrared radiation. The infrared radiation is then absorbed by GHGs in the atmosphere 

and is eventually re-radiated in all directions, thereby waring the Earth. For decades, scientists 

have warned that an increased concertation of atmospheric CO2 and CH4 would lead to a gradual 

warming of the Earth, and therefore affect its climate in a multitude of ways. The 

Intergovernmental Panel on Climate Change (IPCC), a United Nations body for assessing 

climate change-related science, has reported over the years that not only has the planet already 

warmed significantly, but it is also on track to warm even more if no mitigation efforts are 

performed (IPCC, 2023). 
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Figure 1.1: An illustration of the global carbon cycle with carbon pools and fluxes. Figure 

reproduced from Friedlingstein et al., 2025.   

 

 

 

While much commentary has focused on the industrial contributions to climate change, there are 

also critical GHG emissions from land (Friedlingstein et al., 2025). The terrestrial C cycle is one 

of the most important and unique components of the global C cycle since humans may have a 

direct influence on it. It is also one of the largest sources of uncertainty among the many C 

sources and sinks and has substantial year-to-year variation (Friedlingstein et al., 2020; Zeng et 
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al., 2005). This has been attributed to both natural climatic variability such as the El Niño-

Southern Oscillation (ENSO) (Cox, 2019; Cox et al., 2013; Liu et al., 2017; Wang et al., 2013; 

Zeng et al., 2005) and also anthropogenic factors (Friedlingstein et al., 2025). For thousands of 

years, agricultural practices have altered land cover for the benefits of food production, but the 

environmental consequences of these practices have just been relatively recently revealed. These 

consequences mainly originate from the soil, which are one of the largest belowground C stores 

on land. When preparing the land for food production, certain practices disturb the soil, resulting 

in large gas emissions which include GHGs. Additionally, aboveground C stores, such as trees, 

may be cut down and removed as part of land preparation, resulting in a direct removal of C 

from the system, which also has an impact on tree-to-soil carbon fluxes such as in the form of 

root exudates (Tresder et al., 2005). Moreover, it is important to note that humans do not 

necessarily need to be present for the land to be disturbed. Terrestrial systems are also subject to 

natural disturbances. These may include lightning-induced fires or impacts on the frequency and 

intensity of precipitation due to the El Niño-Southern Oscillation (ENSO). Like anthropogenic 

disturbances, these also in gas emissions which include GHGs. Interestingly, since anthropogenic 

disturbances are believed to be driving a change in climate, it may very well be that the natural 

disturbances are somewhat linked to anthropogenic activity as well in the long term. Since 

terrestrial systems are subject to direct impact by humans, there are considered to be a vulnerable 

store of C. Poor land management may potentially result in high C emissions from the land to 

atmosphere in the form of CO2, therefore exacerbating ongoing climate change. As a result, it is 

vital that practices are implemented to retain as much C in the system as possible. 
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1.2 Peatlands in the Global Carbon Cycle 
 
When considering systems that are most likely to contribute the most to global warming, one 

must consider the magnitude of C that is currently stored. A higher amount of C storage means 

that, if disturbed, the system has the potential to release more C (in the form of GHGs) to the 

atmosphere and therefore would have a greater impact on the climate. One system that has some 

of the largest stores of soil C are peatlands (Page et al., 2011; Ribeiro et al., 2021; Yu, 2012), 

making them an important area of study among scientists. Peatlands are primarily composed of 

peat, a type of soil that is mostly made of organic rather than mineral content. This organic 

content is typically composed of plant materials such as leaves and branches. When the 

accumulation rate of these organic materials exceeds the microbial decomposition rate, peat is 

formed and then piled up layer by layer (Vitt, 2013). After thousands of years, this process can 

result in the accumulation of a thick peat layer above the mineral substrate or bedrock. Due to its 

organic contents, this layer is rich in C and can have a thickness of less than a meter to more than 

five meters (Hooijer et al., 2012; Page et al., 2011). The key to peat accumulation is in the 

system’s environmental conditions. Typically, waterlogged systems facilitate peat accumulation 

due to causing anaerobic conditions (Vitt, 2013). The absence of oxygen slows microbial 

decomposition rates and thereby promotes the accumulation of peat (Vitt, 2013). The condition 

of high water table (WT) means that peatlands may form in a myriad of areas across the globe. 

This includes its formation in boreal, temperate, tropical regions (Immirzi et al., 1992; Page et 

al., 2011). Even though these systems are estimated to only cover ~3% of the global land surface, 

they store approximately ~33% of the global soil C (Yu et al., 2010; Huang et al., 2021), which 

renders them as being a significant contributor to not only the terrestrial C cycle, but also the 

global C cycle (Figure 1.2). In addition to C sequestration, peatlands provide a variety of other 
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ecosystem services. This includes serving as a habitat for numerous plants and animals while 

also acting as a hydrological regulator (Ribeiro et al., 2021; Harenda et al., 2018). 

 

 

 

Figure 1.2: An illustration showcasing the wetland carbon cycle which is similar to the peatland 

carbon cycle. Figure reproduced from Limpert et al., 2020. 

 

 

1.3 The Significance and Vulnerability of Tropical Peatlands 

  
Of the regions where peatlands may be found around the globe (Figure 1.3), peatlands in the 

tropics are relatively understudied. This may be due to the characteristically harsh and humid 
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conditions of tropical systems, making it challenging to establish and maintain research sites. 

The tropical environmental conditions have even led many researchers to believe that C turnover 

in these systems is large, and therefore the peat C pool is relatively small. However, recent 

reported estimates have demonstrated otherwise (Ribeiro et al., 2021; Leifeld & Menichetti, 

2018; Dargie et al., 2017; Moore et al., 2013; Page et al., 2011). Many of these systems are also 

located in remote areas which makes them difficult to access. Furthermore, the lack of tropical 

peatland studies reflects the historical bias of researchers of the global north. Years of 

colonization, exploitation, and exclusion of researchers in the tropics has contributed to so-called 

“parachute science”, where northern scientists (typically from wealthy countries) conduct 

fieldwork in the region without properly engaging and/or acknowledging the local scientists and 

community.  

 

This tropical peatland knowledge gap is unfortunate since estimations suggest that these systems 

disproportionately contribute to the global peatland C stock relative to their areal coverage 

(~12% of global peatland area but contributing ~20% of the global peatland C stock) (Joosten, 

2010; Dohong et al., 2017; Page et al., 2011). It is also an area of great disturbance due to the 

development of plantations within the last few decades (Dohong et al., 2017; Koh et al., 2011).  
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Figure 1.3: A global map of peatland extent. Figure reproduced from Melton et al., 2022. 

 

 

Peatlands in the tropics are different from those located in temperate and boreal regions due to 

their more predominant occurrence in lush forests. More frequent rainfall also lowers 

decomposition rates due to high WT and facilitates peat accumulation. Conversely, temperate 

and boreal peatlands are typically composed of mosses and generally receive less rainfall relative 

to tropical peatlands. Even though less attention has been given to tropical peatland research, it is 

not to say that high quality in-situ studies of these systems do not exist. There have been many 

projects that set out to quantify tropical peatland gas fluxes, and these have been carried out 

using two popular methods: soil flux chambers (Melling et al., 2005; Murdiyarso et al., 2010; 

Hadi et al., 2005; Inubushi et al., 2003; Couwenberg et al., 2009; Rieley et al., 2008; Furukawa 

et al., 2005; Jauhiainen et al., 2012) and eddy covariance (Hirano et al., 2007; Deshmukh et al., 

2020; Deshmukh et al., 2021; Tang et al., 2018; Deshmukh et al., 2023). These studies have 

indicated tropical peatland gas fluxes to be highly reliant on environmental variables. It is shown 
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that a high WT generally leads to less CO2 emissions but higher CH4 emissions, while a low WT 

promotes the opposite, less CH4 emissions but higher CO2 emissions (Huang et al., 2021). Some 

researchers have also attempted to quantify tropical peatland C stocks. This has been done 

through the estimation of peatland coverage (Gumbricht et al., 2017; Xu et al., 2018), of which 

then peat depth and volume may be deduced to obtain a value for C stocks. For all tropical 

peatlands, this number has been calculated to be ~152-288 Gt C (Ribeiro et al., 2021). C stock 

estimates for individual peatland regions have also been made, with Indonesia, Malaysia, Peru 

(Pastaza-Marañon), and Africa (Cuvette Centrale, Congo) having ~30 Gt C, ~9.1 Gt C, ~3.14 Gt 

C, ~30.6 Gt C, respectively (Rudiyanto et al., 2015; Page et al., 2011; Draper et al., 2014; Dargie 

et al., 2017). Southeast Asian peatlands, in particular, are at a high risk of losing their C stocks 

due to the immense amount of land cover change that has occurred in recent decades. The largest 

peat C stock in Asia is also located within the southeastern region (mostly in Indonesia and 

Malaysia) (Dommain et al., 2011; Dommain et al., 2015; Rudiyanto et al., 2015; Page et al., 

2011; Sjögersten et al., 2014), meaning that the magnitude of C release may also be greater if 

these systems are disturbed. Due to this reason, studies on Southeast Asian peatlands may be 

some of the most abundant within the realms of tropical peatland research. On the other hand, 

although limited, there is also published literature on tropical peatlands located outside of the 

Southeast Asian region, such as those in Africa (i.e. the Rugezi Marsh in Rwanda, Okavango 

Delta in Botswana, Sudd catchment in Sudan and the Cuvette Centrale within the Congo Basin 

(Grundlings and Grootjans, 2018; Bwangoy et al., 2010; Dargie et al., 2017) and South America 

(i.e. Rio Basin in Brazil, Pastaza-Marañón Foreland Basin in Peru, and the northern Peruvian 

Amazon (Draper et al., 2014; Lähteenoja et al., 2013; Lähteenoja et al, 2009a; Lähteenoja et al., 
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2009b; Hergoualc’h et al., 2020; Hergoualc’h et al., 2023). The fact that these peatland areas are 

understudied makes them all the more appealing for further research.  

 

Relatively recently, in 2017, Dargie et al. published a paper showing that the Cuvette Central is 

the largest peatland complex in the tropics. The fact that the mere existence of this peat layer was 

just recently found indicates that there may be more tropical peatland areas yet to be discovered. 

Even with these unknowns, there have been multiple efforts to map the global peatland spatial 

distribution (Lappalainen, 1996; Parish et al., 2008; Joosten, 2010). One recent study introduced 

PEATMAP, which used high spatial resolution inventories of wetland distributions on regional, 

national, and global scales to create a new global peatland map. Another map, Peat-ML, used a 

machine learning approach and utilized soil and geomorphological data as inputs to create a 

spatially continuous estimate of global peatland extent (Melton et al., 2022). Yet another study 

aimed to estimate the peatland areas, depths, and volumes in the subtropics and tropics using an 

expert system model that relied on biophysical indices (Gumbricht et al., 2017). The Gumbricht 

et al (2017) study, PEATMAP (Xu et al., 2018), and Peat-ML (Melton et al., 2022) estimated 

tropical (23.5°S - 23.5°N) peatland extent to be 1.70 ×106 km2, 0.94 ×106 km2, 0.96 ×106 km2, 

respectively. 

 

These areas are currently at risk of becoming C sources. In fact, many tropical peatlands have 

been reported as being sources of C in recent decades due to heavy disturbance (Khakim et al., 

2020; Leng et al., 2019; Lee et al., 2012; Saharjo, 2006; Simorangkir, 2006). This disturbance 

can rise from both natural and anthropogenic sources. Natural disturbances in tropical peatlands 

typically occur due to drastic changes in the intensity and frequency of rainfall. The most intense 
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disturbances have occurred as a result of the strong effects caused by the El Niño-Southern 

Oscillation (Page et al., 2002; Khakim et al., 2020). During periods of El Niño, the magnitude of 

the trade winds are weakened, resulting in an increase in sea surface temperatures (SST) in the 

central and eastern tropical Pacific Ocean. The above-average SST causes a change in 

atmospheric circulation, which thereby decreases rainfall in Southeast Asia and increases rainfall 

on the west coast of South America (i.e. in areas such as Peru). The relatively recent extreme 

instances of El Niño occurred in 1997 and 2015. In these instances, many Southeast Asian 

countries experienced heavy droughts which had a large impact on peatlands in the region (Page 

et al., 2002; Khakim et al., 2020). If peat does not receive rainfall for an extended period of time, 

the surface layer will typically become abnormally dry. This dry surface peat layer will then be 

at a high risk of catching fire. 

 

Tropical peatland fires are known to release a substantial amount of C to the atmosphere, and 

many of the fires persist due to smoldering combustion (Turetsky et al., 2015). In 1997 and 2015, 

the El Niño event played a significant role in the drying of the peat in Southeast Asia which 

resulted in devastating fires (Page et al., 2002; Khakim et al., 2020). In addition to C emission, 

these tropical peatland fires emit immense amounts of particulate matter (PM). The combination 

of C and PM emissions can cause extreme reductions in air quality and may even lead to 

transboundary haze events (Varkkey, 2013). For instance, Kuching, a city in Malaysia on the 

island of Borneo, experienced drastically elevated PM, sulfur dioxide, carbon monoxide, and 

methane concentrations as a result of forest fires in Indonesia (Davies et al., 1999). Haze events 

can also decrease visibility, impact vegetation productivity (Fan et al., 1990), and result in severe 

economic losses (Barber and Schweithelm, 2000). One of the more major concerns, however, is 
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regarding its health effects. Lower fetal/infant survival rates (Jayachandran, 2009), increases in 

mortality rates (Sahani et al., 2014; Koplitz et al., 2016) and increases of respiratory problems 

(Kunii et al., 2002) have all been reported due to the hazardous air quality associated with haze 

events. 

 

While natural disturbances can have large impacts on tropical peatlands, it is important to note 

that these are exacerbated by anthropogenic activity. Since anthropogenic disturbances are more 

prominent than natural disturbances in these systems, their impact is most often the greatest. 

Land conversion to agriculture has some of the largest impacts which, for tropical peatlands, 

mainly takes the form of creating land that is suitable for palm plantation establishment. First, 

the land is deforested, which directly removes the aboveground C store from the system. One of 

the more prominent methods for clearing land is called the “slash and burn” technique. This 

involves cutting down existing vegetation and then burning it to clear the land (Lee et al., 2012; 

Saharjo, 2006; Simorangkir, 2006). If not managed properly, these burning practices may turn 

into mega-fires, especially during times of extreme drought (i.e. during strong El Niño periods in 

Southeast Asia).  

Overtime, the removal of biomass decreases the net peat C accumulation (Könönen et al., 2016). 

The diminished canopy cover also increases the amount of direct solar radiation received by the 

soil. This increases the surface soil temperature and eventually causes the soil to dry due to 

increased evaporation (Dargie et al., 2019; Jauhiainen et al., 2012). After deforestation, the land 

is typically drained by constructing drainage canals. One study showed that these canals are 

highly widespread, occurring in 65% of Southeast Asian peatlands (Dadap et al., 2021). 

Generally, drainage facilitates crop growth and ensures that they provide maximum yield (Dargie 
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et al., 2019). However, this also causes a lowering of the WT which exposes the top peat layers 

to the atmosphere. The increase in oxygen availability allows certain microbes to undergo 

aerobic decomposition and enhances the release of CO2 to the atmosphere. In addition, the 

drying of the top layer causes the peat to shrink, resulting in subsidence and an increase in peat 

bulk density (Hooijer et al., 2012). The presence of heavy machinery on peat also contributes to 

an increase in peat bulk density (Hooijer et al., 2012), which lowers the overall water holding 

capacity of the peat and makes the land more susceptible to flooding (Holden, 2005; Wösten et 

al., 2008; Posa et al., 2011; Evers et al., 2017). 

 

To combat the ongoing degradation of tropical peatlands, some nations have implemented 

policies that encourage or even legally require the proper management of peat. For example, the 

Indonesian government has implemented policies such as the Protection and Management of 

Peatland Ecosystem and Guideline on Oil Palm Plantation on Peatland that give details on 

mandatory management practices (Evers et al., 2017). These include policies such as maintaining 

the WT between 60 cm and 80 cm during palm oil cultivation and prohibiting cultivation on 

areas where the peat depth is greater than 3 meters (Evers et al., 2017). Malaysia has also 

implemented policies, but unlike Indonesia, most are merely guidelines and not legally binding. 

For instance, the Malaysian National Action Plan for Peatlands gives recommendations for fire 

prevention and zero-burn strategies (Evers et al., 2017). Furthermore, through various research 

publications, the Malaysia Palm Oil Board has provided guidance to planters for best practices 

when cultivating on peatland (Evers et al., 2017). As for tropical South America and Africa, 

peatland-specific policies pushing for sustainability and conservation are generally lacking. 

Other initiatives have also been introduced that cover the regional scale. These include the 
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Association of Southeast Asian Nations (ASEAN) Peatland Management Initiative, the ASEAN 

Peatland Management Strategy, and the Action Plan for Sustainable Management of Peatlands 

in ASEAN Member Countries (Evers et al., 2017). This dissertation will contribute to the ongoing 

research of tropical peatlands by not only providing further knowledge on these systems, but to 

also ultimately aid in forming new, actionable policies that promote sustainable practices and 

effective conservation. 

 

1.4 Dissertation Objectives and Questions 
 
Given these research gaps, here I aim to study the contribution of tropical peatlands to the C 

cycle using remote sensing and in-situ observations. To do so, this dissertation focuses on three 

aspects: 

1. The detection of water table level from space 

2. Utilizing the water table level information to forecast fire probability 

3. Quantifying soil GHG fluxes and its sensitivity to various environmental variables in 

three peatlands with varying disturbance regimes     

 

The second chapter of this dissertation will attempt to study tropical peatlands from a different 

angle, namely though remote sensing. This approach will allow many of the previously 

inaccessible tropical peatlands to be studied, and therefore will provide a crucial foundation of 

knowledge to stakeholders and practitioners. As previously discussed, one of the most important 

aspects of tropical peatlands is their high potential for emitting C to the atmosphere and 

exacerbating ongoing climate change. Therefore, given the strong relationship between C 

emissions and WT, I explore the efficacy of a remote sensing-based model in reproducing 
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temporal WT fluctuations in tropical peatlands. The research questions for the second chapter are 

the following: 

- Is OPTRAM capable of capturing temporal variations in tropical peatland WT? 

- Does OPTRAM performance depend on the area where applied and/or extent of 

disturbance? 

- Does OPTRAM performance depend on surface vegetation density?  

 

Inputs of this model require surface reflectance values which I obtained from the Landsat 7 

Enhanced Thematic Mapper Plus and Landsat 8 Operational Land Imager data products. The 

model was then validated at six different peatland sites spanning the countries of Indonesia, 

Malaysia, and Peru. It was found that OPTRAM performed optimally over regions with sparse 

vegetation and performed poorly in regions with high vegetation cover. More detailed 

information regarding the findings of this study are discussed in chapter 2. 

  

The third chapter will expand on the model application by testing whether it is effective in 

predicting the probability of tropical peatland burned area occurrence. Using both the model 

output and burned area data from the Global Fire Emissions Database, I will test how well the 

model predicts the probability of burned area occurrence in tropical peatlands. This study will 

cover tropical peatlands in Indonesia, Malaysia, Peru, and Africa. Our research question is:  

- Can OPTRAM be used to reliably predict burned area occurrence in tropical peatlands 

multiple days ahead of time? 
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The fourth chapter aims to contribute to the traditional in situ study of tropical peatlands through 

fieldwork in Malaysia. This work will involve comparing peat GHG emissions and its 

relationship with environmental variables within three peatland ecosystems with varying 

disturbance in Sarawak, Malaysia. The three peat ecosystems will be the following: an undrained 

peat swamp forest, a young oil palm plantation, a mature oil palm plantation. The research 

questions are the following: 

- Do the relationships between soil GHG fluxes and water table level hold across tropical 

peatlands with differing disturbance regimes?  

-  Does soil GHG flux sensitivity to environmental controls such as air temperature, soil 

temperature, vapor pressure deficit, and precipitation hold across differing tropical 

peatland disturbance regimes?  
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Chapter 2: Tropical Peatland Water Table 
Estimations from Space 
 
 
Koupaei‐Abyazani, N., Burdun, I., Desai, A. R., Hergoualc’h, K., Hirano, T., Melling, L., 

Swails, E., Ing Tang, A. C., & Wong, G. X.1 

 
2.1 Introduction 
 
Tropical peatlands contain ∼20% of the global peatland carbon (C) stock (Leifeld & Menichetti, 

2018; Page et al., 2011) despite covering ∼12% of the global peatland area (Dohong et al., 2017; 

Joosten, 2009; Melton et al., 2022; Xu et al., 2018). These biomes act as large reservoirs for C 

and play a critical role in the global C cycle (Page et al., 2011; Ribeiro et al., 2021). Changes in 

peatland WT are documented to govern GHG flux variability, especially in tropical regions 

where there is ample precipitation (Adeolu et al., 2015; Hergoualc'h et al., 2023; Hirano et al., 

2014, 2015; Holden et al., 2004; Kwon et al., 2013; Rosenberry et al., 2006; Strack et al., 2005; 

Taufik et al., 2022, 2023). Carbon dioxide (CO2) fluxes are recorded to be greater when WT is 

lowered, while methane (CH4) fluxes increase at persistently high WT (Hoyos-Santillan et al., 

2019; Wong et al., 2020). Nitrous oxide (N2O) is emitted in both drained and undrained 

peatlands as it is produced through nitrification in aerobic conditions and denitrification in 

anaerobic conditions (Parn et al., 2018; Swails et al., 2021). The high dependency of GHG fluxes 

on WT suggests that rewetting drained tropical peatlands may aid in reducing CO2 emissions or 

enhancing sequestration (Lestari et al., 2022).   

1Reprinted from Koupaei‐Abyazani, N., Burdun, I., Desai, A. R., Hergoualc’h, K., Hirano, T., Melling, L., Swails, 
E., Ing Tang, A. C., & Wong, G. X. (2024). Tropical Peatland Water Table Estimations From Space. Journal of 
Geophysical Research: Biogeosciences, 129(6), e2024JG008116. https://doi.org/10.1029/2024JG008116 
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The associated risk of increased CH4 emissions is low and, therefore, unlikely to negate CO2 

emission reductions (Hergoualc'h & Verchot, 2012; Jauhiainen et al., 2008).  

 

Most peatland soils are characterized by their high porosity, allowing for high water storage 

capacity and high hydraulic conductivity (Evers et al., 2017; Huat et al., 2011; Melling, 2016; 

Taufik et al., 2022). Drastic change in WT has been documented to have effects on peat bulk 

density (Hooijer et al., 2012), hydraulic conductivity (Price, 2003), subsidence (Wösten et al., 

1997), and surface-layer oxidation (Hooijer et al., 2012). This is especially the case for tropical 

peatlands during El Niño events (Khakim et al., 2020). 

 

In addition, low WT leads to decreases in soil moisture and puts the aerated layer of peat at risk 

of fire (Dadap et al., 2019; Wösten et al., 2008), especially during the dry season and associated 

El Niño events in Southeast Asia. This can lead to extended smoldering periods (Turetsky et al., 

2015) and extreme C emissions (Christian, 2003; Kuwata et al., 2017; Parker et al., 2016; 

Stockwell et al., 2014) which poses a serious health risk due to transboundary haze episodes 

(Cheong et al., 2019; Davies, 1999; Gaveau et al., 2014; Promsiri et al., 2023; Varkkey, 2013). 

Furthermore, fires can have large effects on hydrologic stability through the burning of low-

density surface-layer peat (Thompson & Waddington, 2013). There is evidence, though, that 

peatland restoration by rewetting an area may reduce fire hazard (Taufik et al., 2023). 

 

Despite its environmental impact, the quantification of tropical peatland WT variability has not 

been well-documented relative to peatlands in temperate and boreal regions. To date, continuous 

ground-based WT observations are scarce, and those that do exist are spatially and temporally 
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limited (Busman et al., 2023; Dargie et al., 2017; Hergoualc'h et al., 2020; Hirano et al., 2012; 

Swails et al., 2021; Tang et al., 2018; Wright et al., 2013). Therefore, the spatiotemporal 

variability of tropical peatland WT is largely unknown, increasing uncertainties in all WT-

dependent variables. As a result, it is crucial to resolve WT dynamics at high spatial resolution 

across a broad area to better understand its regional and local effects on GHG emissions and fire. 

 

Some studies have purely used synthetic aperture radar (SAR) to monitor peatland WT (Bechtold 

et al., 2018; Kim et al., 2017), while several more have focused on only using optical approaches 

(Harris & Bryant, 2009; Kalacska et al., 2018; Meingast et al., 2014; Śimanauskienė et al., 

2019). One study has used machine learning to predict spatiotemporal variability in tropical 

peatland WT (Hikouei et al., 2023), while another monitored this parameter via variabilities in 

Earth's gravitational field (Swails et al., 2019). 

 

Tropical peatland hydrology has been simulated in a scalar-based hydrologic model (Cobb & 

Harvey, 2019), process-based land models (Apers et al., 2022; Mezbahuddin et al., 2015) and 

also utilized for reproducing effects on GHG fluxes (Mezbahuddin et al., 2014). While these 

efforts have proven somewhat successful, restrictions persist due to limited spatial estimations of 

tropical peatland hydrological parameters. The Optical Trapezoid Model (OPTRAM) (Sadeghi et 

al., 2017) may aid in closing this gap by providing reliable estimates of WT in these systems, and 

therefore reducing model uncertainty and improving our understanding of peatland hydrology in 

the tropics. 
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Here, we test the effectiveness of OPTRAM (Sadeghi et al., 2017) in capturing temporal, spatial, 

and spatiotemporal WT variability for the first time in tropical peatlands. OPTRAM, originally 

developed for estimating soil moisture, has previously been shown to reliably retrieve water 

tables in boreal and temperate peatlands (Burdun, Bechtold, Sagris, Komisarenko, et al., 2020; 

Burdun, Bechtold, Sagris, Lohila, et al., 2020; Burdun et al., 2023; Räsänen et al., 2022). 

However, it is assumed that WT retrieval in forested tropical peatlands is weaker due to more 

dense vegetation cover, though this has not been evaluated. We use satellite images from the 

Landsat 8 Operational Land Imager Collection 2 Level 2 and Landsat 7 Enhanced Thematic 

Mapper Plus Collection 2 Level 2 Surface Reflectance Products as inputs and validate the model 

using in situ WT measurements from six tropical peatland sites in Southeast Asia (Sarawak, 

Malaysia and Central Kalimantan, Indonesia) and South America (Loreto, Peru) with various 

disturbance (i.e., drained, undrained, degraded, and converted). We set out to answer the 

following questions: 

 

- Is OPTRAM capable of capturing temporal variations in tropical peatland WT? 

 

- Does OPTRAM performance depend on the area where applied and/or extent of 

disturbance? 

 

- Does OPTRAM performance depend on surface vegetation density? 

 
 2.2 Methods 
 
2.2.1 The Optical Trapezoid Model (OPTRAM) 
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OPTRAM was first proposed by Sadeghi et al. (2017) in response to the Thermal-Optical 

Trapezoid Model's shortcomings (Figure 2.1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1: A diagram of the OPTRAM model. Individual pixels i (black dots) are plotted in the 
normalized difference vegetation index (NDVI) and shortwave infrared transformed reflectance 
(STR) space. Wet (blue line) and dry (red line) edges are determined through visual inspection. 
These edges are utilized in evaluating STRmax,i and STRmin,i for each pixel. STRi represents the 
STR value for a given pixel. All three of these parameters are used in determining the OPTRAM 
index for each pixel via equation 2.5. 
 
 
OPTRAM uses optical remote sensing data and relies on pixel distributions within the shortwave 

infrared transformed reflectance (STR) and normalized difference vegetation index (NDVI) 

space (Figure 2.2). NDVI acts as an indicator of vegetation density and health and is determined 

based on the interactions between light and chlorophyll (Zeng et al., 2022): 
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                                    !"#$	 = 	 !!"#	#	!#$%!!"#	$	!#$%
                                              (2.1) 

 

where SNIR and SRed represent the near-infrared and red surface reflectance, respectively. STR is a 

manipulation of the shortwave infrared (SWIR) surface reflectance: 

 

                                    '()	 = 	 (&#	!&'"#)(
(()(!&'"#)

                                            (2.2)      

 

where SSWIR is the SWIR surface reflectance. 
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Figure 2.2: Flowchart illustrating steps followed for calculating OPTRAM and obtaining a WT 
estimation. 
 
 
 
 
The STR-NDVI pixel distribution is used to define the dry and wet edges of the space (Figure 

2.1), with each edge characterized by a linear equation: 

 

                            !"#!"#," 	= 	&!"#'()*	 +	,!"#                                                (2.3) 

 

                            !"#!%&," 	= 	&!%&'()*	 +	,!%&                                               (2.4) 

 
 
STRmin,i, mmin, and bmin are the STR value, slope, and intercept for the dry edge, respectively. The 

same holds for STRmax,i, mmax, and bmax but for the wet edge. i indicates an arbitrary pixel in the 

STR-NDVI space within the dry and wet edges. These edges are typically drawn through visual 

inspection (Chen et al., 2020; Sadeghi et al., 2017) and create a trapezoid around the pixel 

distribution (Figure 2.2). 

 

After parameterization, STRmin,i and STRmax,i are used to calculate the OPTRAM index via the 

following equation: 

 

                             *+(),-	$!"./	 = 	 !)*)	#	!)**)+,)
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                     (2.5) 
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2.2.2 Satellite Images 
 
For sites with in situ WT data during and after 2014 (Table 1), input variables for equations 2.1 

and 2.2 were provided by the Landsat 8 Operational Land Imager Collection 2 Level 2 Surface 

Reflectance Product (L8 OLI). L8 OLI provides ground-level spectral reflectance across nine 

spectral bands at 30-m resolution every 16 days (Vermote et al., 2016). L8 OLI images were 

downloaded from the USGS Earth Explorer server (https://earthexplorer.usgs.gov) and the red, 

near-infrared (NIR), and SWIR surface reflectances were utilized for OPTRAM 

parameterization. This corresponds to bands 4 (0.64–0.67 μm), 5 (0.85–0.88 μm), and 7 (2.11–

2.29 μm) in L8 OLI, respectively. Additionally, bands 4 and 5 were used to calculate NDVI, 

while band 7 was used to compute STR (Figure 2.2). 

 

 

Table 2.1: Site Information Including Coordinates, Years of Data Used for Validation, 
Publication Source, Nature of Disturbance, and Dominant Vegetation Cover. 
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For sites with in situ data before 2014 (when L8 OLI was not yet online) (Table 1), we used the 

Landsat 7 Enhanced Thematic Mapper Plus Collection 2 Level 2 Surface Reflectance Product 

(L7 ETM+) (Masek et al., 2006). Like L8 OLI, L7 ETM+ provides ground-level spectral 

reflectance at 30-m resolution with a 16-day repeat cycle but has only eight spectral bands 

compared to L8 OLI's nine. These images were also downloaded from the USGS Earth Explorer 

server and were manipulated such that L7 ETM+ images overlapped with L8 OLI images to 

ensure similar regional coverage. The bands used from L7 ETM+ were bands 3 (red; 0.63–0.69 

μm), 4 (NIR; 0.77–0.90 μm), and 7 (SWIR; 2.08–2.35 μm). L7 ETM+ and L8 OLI bands were 

not cross-harmonized. It is important to note that the Scan Line Corrector, which compensates 

for the forward motion of the Landsat 7 satellite, failed permanently in May 2003. As a result, 

the image area was duplicated. These duplicated areas have been removed, causing data gaps. 

Despite removing duplicated areas, about 78% of the pixels are still available 

(https://www.usgs.gov/landsat-missions/landsat-7). All calculations and analyses were conducted 

in Python (version 3.8.13 and 3.9.18). 

 

Many L7 ETM+ and L8 OLI images contain cloudy pixels, especially in the tropics. This blocks 

specific wavelengths from reaching the instrument, and these pixels are therefore deemed 

unusable for OPTRAM. To account for this, we only used images with a cloud cover of 50% or 

less as determined by the “C function of mask” algorithm (Foga et al., 2017). To further omit 

cloudy L8 OLI pixels, we filtered pixels via the product's quality assurance flags outlined in the 

Landsat 8–9 Collection 2 Level 2 Science Product Guide version 5 (Masek et al., 2006). Only 

pixels labeled as “clear” were kept in our analysis. To further constrain the amount of cloudy L7 

ETM+ pixels, we only kept pixels characterized as “low cloud confidence” according to the 
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Landsat 4–7 Collection 2 Level 2 Science Product Guide version 4 (Cook, 2014; Cook et al., 

2014; Vermote et al., 2016). These measures allowed OPTRAM to be run with largely 

unobstructed surface reflectance values, resulting in more reliable OPTRAM indices and, 

consequently, a better representation of surface water content. 

 

2.2.3 Site Descriptions 
 
OPTRAM was validated using in situ WT from sites in Indonesia (Hirano et al., 2012, 2015), 

Malaysia (Nishina et al., 2023; Tang et al., 2020), and Peru (Hergoualc'h et al., 2020). The 

Indonesian peat swamp forest sites are located near Palangkaraya in Central Kalimantan, 

Indonesia and vary in disturbance. One is relatively intact with little drainage (IN-undrained; 

2.32°S, 113.90°E), while the other is drained (IN-drained; 2.35°S, 114.04°E) (Ohkubo et al., 

2021) (Figures 2.3 and 2.4). Both were selectively logged until the late 1990s. IN-undrained 

resides in an area designated a National Park in 2006. The undrained site contains a network of 

small canals while the drained site contains a large canal (25 m wide and 3.5–4.5 m deep) which 

is ∼400 m from the site (Hirano et al., 2012). At these two sites, WT was measured half-hourly 

via a water level logger (DL/N; Sensor Technik Sirnach AG, Sirnach, Switzerland or DCX-22 

VG; Keller AG, Winterthur, Switzerland) (Hirano et al., 2007; Ohkubo et al., 2021). 
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Figure 2.3: Locations of sites used for OPTRAM validation. 
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Figure 2.4: Pictures of sites used for OPTRAM validation. 
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Two other sites are located in Malaysia. One is an undrained peat swamp forest (PSF) in 

Maludam National Park in the Betong Division of Sarawak, Malaysia (MA-undrained; 

1.4536°N, 111.1494°E) (Tang et al., 2020). This site has been subject to large-scale protection 

measures since 2000, and presents a WT near or above the peat surface (Tang et al., 2020). WT 

was measured on a half-hourly basis via a water level logger (DL/N 70 STS Sensor, Technik 

Sirnach AG) (Tang et al., 2020). The other site is an oil palm plantation converted from peat 

swamp forest in 2001 (MA-converted; 2.1860°N, 111.8459°E) (Nishina et al., 2023) (Figures 2.3 

and 2.4). MA-converted contains numerous drainage ditches which were likely used to facilitate 

oil palm plantation establishment (Nishina et al., 2023). The water table at MA-converted was 

measured every half hour by a piezometer (HOBO, Onset, Bourne, MA, USA). 

 

The Peruvian sites are located in the Northern Peruvian Amazon in Loreto province and 

comprise a moderately degraded (PE-mDeg; 3.8394°S, 73.32502°W) and heavily degraded (PE-

hDeg; 3.80898°S, 73.30713°W) PSF (Hergoualc'h et al., 2020) (Figures 2.3 and 2.4). Both sites 

were subject to M. flexuosa palm cutting for fruit harvesting and logging. The WT relative to the 

soil surface was monitored in a perforated polyvinyl chloride tube (diameter: 5 cm; length: 1.5 

m) installed permanently in the soil (Hergoualc'h et al., 2020). WT data at PE-mDeg and PE-

hDeg were computed to site-scale using the relative proportion of area occupied by cut palms on 

a hummock and adjacent hollow, and live palms on a hummock and adjacent hollow 

(Hergoualc'h et al., 2020; Hergoualc'h, 2024). 

 

The site years used for OPTRAM validation were 2015–2018 for IN-undrained, 2013–2017 for 

IN-drained, 2011–2014 for MA-undrained, 2018–2019 for MA-converted, 2015–2018 for PE-
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mDeg, and 2014–2018 for PE-hDeg (Table 1). Lack of continuous daily data for PE-mDeg and 

PE-hDeg forced us to use L8 OLI images that did not align exactly with dates of in situ WT data. 

Although WT did not substantially vary on small timescales (i.e., days to weeks) (Hergoualc'h et 

al., 2020), we caution that results at these sites may be affected by this misalignment to a certain 

degree. 

 

2.2.4 Data Computation and Statistical Testing 
 
To assess OPTRAM's capability for reproducing the variability in WT (and not exact values), we 

constructed a matrix of spatially identical in situ WT values covering a 5–9 km radius centered 

around the location of WT measurement. We also created a matrix of OPTRAM indices with 

values varying based on topographical characteristics (see summarized workflow in Figure 2.2). 

The Pearson correlation coefficient (R) was utilized to assess OPTRAM's effectiveness in 

capturing temporal variability in WT: 

 

                          )	 = 	 ∑ (,)	#	,-)(.)	#	.̅)	!
)	01	

0∑ (,)	#	,-)(!
)	01	 ∑ (.)	#	.̅)(!

)	01	
	                             (2.6) 

 

where yi and pi represent the in situ WT observation and OPTRAM estimation at time index i, 

respectively. "# denotes the mean of the observations while $̅ indicates the mean of the 

estimates. N is the number of data points. The per-pixel correlation was then projected onto the 

map of the site to create a correlation map. Model performance was evaluated using the “best 

pixel” approach (Burdun, Bechtold, Sagris, Lohila, et al., 2020) which involves choosing the 

highest R-value to represent the correlation between OPTRAM index and in situ WT. 
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Due to cloud masking, the Pearson-R correlation value for each pixel was not calculated with the 

same number of data points. To test the impact of this issue on results, we constructed a spatial 

distribution of “number of data points” for each pixel and compared it with each site's Pearson-R 

correlation map. In addition, the scarcity of long-term data records further limited the number of 

data points that could be included. Therefore, we set a threshold for the number of data points to 

be included in certain sites when identifying the “best pixel.” This was done to omit erroneously 

high Pearson-R values due to a low number of data points. For MA-converted, PE-mDeg, and 

PE-hDeg, the “best pixel” was determined from a pool of pixels with a number of data points 

≥13. For IN-drained and MA-undrained, the threshold was set at 21 and 17, respectively. There 

was no threshold for other sites due to the relatively high number of data points at the “best 

pixel” location. 

 

2.2.5 OPTRAM and Vegetation Density 
 
In a previous study in northern peatlands (Burdun, Bechtold, Sagris, Lohila, et al., 2020), the 

performance of OPTRAM was optimal in areas with minimal shrubs or trees. To test this in 

tropical peatlands, we used NDVI as an indicator for vegetation density (Zaitunah et al., 2018). 

NDVI's assessment of vegetation “greenness” is correlated with vegetation crown density, 

allowing its use as a proxy for vegetation density (Zaitunah et al., 2018). Afterward, we assessed 

its relationship with the OPTRAM index-WT Pearson-R value on a per-pixel basis. High and 

low NDVI values represented high and low vegetation density, respectively. Since tropical PSF 

are characterized by evergreen vegetation, we calculated NDVI using only September surface 

reflectance values for each site. This month was chosen due to being at the end of the dry season 
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and consequently creating conditions where satellite images are less likely to be obscured by 

cloud cover. 

 

2.2.6 Testing Relationship Differences Between El Niño and Non-El Niño Years 
 
The years of data used for four of the sites fell within the 2015–2016 strong El Niño year (IN-

undrained, IN-drained, PE-mDeg, and PE-hDeg). However, only the IN-undrained and IN-

drained sites were used since PE-mDeg and PE-hDeg did not have sufficient data for analysis. 

The El Niño period was defined to occur from January 2015 through March 2016. A two-sided t-

test was used to calculate the 95% confidence interval for the slopes of El Niño and non-El Niño 

regression lines. Slopes were considered significantly different if 95% confidence intervals did 

not overlap with one another. These were applied to pixels with the first, second, and third 

largest Pearson-R value. 

 

2.2.7 Uncertainty Analysis 
 
We utilized a cross-validation approach to incorporate uncertainty in OPTRAM's ability for 

detecting changes in WT. The best pixel for each site was chosen for this analysis. We fitted a 

regression line using the “linregress” function from the “stats” module within the “SciPy” library 

in Python. The regression line was fitted using all but one single data point. We then calculated 

the difference between the observed and predicted OPTRAM index values. This was repeated for 

all data points. The mean absolute error (MAE) was then calculated as: 

 

                                  -,.	 = 	∑ |2)	#	,)|+
)01

3                                          (2.7) 
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where xi, yi, and n represent the observed OPTRAM index value, predicted OPTRAM index 

value, and number of data points, respectively. 

 

2.3 Results 
 
2.3.1 OPTRAM Parameterization 
 
We observed a positive relationship between the STR and NDVI across most sites, with varied 

type of relationship (i.e., linear, exponential, etc.) depending on the date (Figure 2.5). For 

example, Figure 2.5 shows a linear relationship between STR and NDVI at IN-undrained at the 

end of January and September 2018, while an exponential relationship was observed at the 

beginning of May and December 2018. 
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Figure 2.5: 30-m resolution Landsat 8 pixels plotted in the shortwave infrared transformed 
reflectance (STR) and normalized difference vegetation index (NDVI) space. Only four dates in 
2018 are shown at IN-undrained to illustrate the diversity in pixel distributions. The wet edge is 
represented by the blue line and the dry edge is the red line. These were drawn through visual 
inspection such that most of the pixels resided between the two lines. Note that the slope and 
intercept of these lines remain constant for each date. mmin, bmin, mmax, and bmax were 2.121, 
−0.296, 30.134, and 5.856, respectively. 
 

 

The STR value peaked within the dense pixel area at an NDVI of ∼0.85–0.9 on all four different 

dates (Figure 2.5). The wet and dry edges were determined via visual inspection by drawing two 

lines such that, between them, a majority of the pixels were contained (Figure 2.5). This resulted 

in the following parameterization: 
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                                &'(!"#," 	= 	 (2.121)(0123) 	− 	0.296                                      (2.8) 

 

                              &'(!%&," 	= 	 (30.134)(0123) 	+ 	5.856                                     (2.9) 

 

 

These values for mmin, bmin, mmax, bmax were used for all sites and dates. While images with cloud 

cover of 50% or less were retained for analysis, we did not further filter pixels using quality 

assurance flags at this stage. 

 
2.3.2 In Situ Water Table Variability 
 
In situ WT varied considerably over time at all sites. At IN-undrained, WT exhibited a distinct 

seasonal cycle, fluctuating between an average depth of ∼−60 cm and the peat surface, with the 

exception of the 2015 dry season (very strong El Niño year) when WT reached a depth as low as 

∼140 cm below the peat surface (Hirano, 2023) (Figure 2.6). At IN-drained, similar temporal 

variability in WT was observed (Figure 2.6). At MA-undrained, WT had a seasonal cycle, with 

WT being mostly below the peat surface during the dry seasons and above during the wet 

seasons. From 2011 through 2014, WT varied between ∼−39 and ∼24 cm (Figure 2.6) (Melling 

& Wong, 2024). 
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Figure 2.6: Time series of daily averaged in situ water table (WT) at the Indonesian and 
Malaysian sites. For Peruvian sites, time series shows the WT approximately every 2–5 months. 
A positive WT indicates a water table above the peat surface. Note that dates for IN-undrained 
and IN-drained and dates for PE-mDeg and PE-hDeg align. WT data used from Hirano et al. 
(2012), Tang et al. (2020), and Hergoualc'h et al. (2020). 
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The sampling frequency was lower at Peruvian sites, occurring monthly (we show every 2–5 

months in Figure 2.6), compared to the daily sampling at IN-undrained and IN-drained (Hirano, 

2023). At PE-mDeg, WT remained at or near the peat surface during the sampling period from 

2015 to 2016 and increased to ∼20 cm in mid-2017 (Figure 2.6) (Hergoualc'h, 2024). Similarly, 

WT was close to the peat surface throughout 2015 and 2016 at PE-hDeg. However, in mid-2017, 

WT at PE-hDeg increased to ∼50 cm, concurrent with the increase observed at PE-mDeg (Figure 

2.6) (Hergoualc'h, 2020; Hergoualc'h, 2024). 

 

2.3.3 Estimating Tropical Peatland Water Table Variability via OPTRAM 
 
Overall, the performance of OPTRAM in reproducing the temporal variability of tropical 

peatland WT varied spatially and was largely dependent on the density of vegetation. At IN-

undrained, the relationship between OPTRAM index and in situ WT greatly varied (∼−0.7 < R < 

∼0.95). In areas with little to no vegetation, OPTRAM performance was optimal, with Pearson-

R values >∼0.6 (Figure 2.7). Moreover, Pearson-R correlations of up to 0.94 were found, with 

the “best pixel” (R = 0.94; p < 0.001) located in an area with minimal vegetation cover. 

Conversely, no significant correlation was found at the location of in situ WT measurement 

where there was abundant tree cover (R = −0.17; p > 0.05). 
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Figure 2.7: Pearson-R correlation values (30-m resolution) and number of data points (NDP) per 
pixel (30-m resolution) at all study sites. The middle hexagon is the location of in situ water table 
measurement and the triangle is the location of the “best pixel” (pixel with largest positive 
Pearson-R within the domain). 
 

At IN-drained, a similar result was obtained. Areas with low vegetation cover were also areas 

where OPTRAM was best at detecting temporal WT variability (Figure 2.7). Areas with high 

vegetation showed spatially sporadic correlations ranging from R = ∼−0.6 to R = ∼0.5 (Figure 

2.7). At the location of in situ WT measurement, the R-value was 0.62 (p < 0.05; without 

outlier), with the “best pixel” yielding an R-value of 0.87 (p < 0.001; when only pixels with 21 

or more data points were considered) (Figure 2.7). 
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For PE-mDeg, correlations were once again relatively high (R > 0.5) in areas with low 

vegetation cover (Figure 2.7). This was superimposed with areas that had zero correlation due to 

the presence of buildings and ponds. Areas with high vegetation cover were associated with 

sporadic correlations that ranged from R = ∼−0.75 to R = ∼0.5) (Figure 2.7). OPTRAM did not 

capture WT variability at the location of WT measurement (R = −0.32; p > 0.05). The “best 

pixel” (R = 0.82; p < 0.001) was in an area with relatively minimal vegetation cover (Figure 2.7). 

 

Correlation patterns at PE-hDeg varied drastically relative to that of PE-mDeg. Besides an area 

of high correlation values that was observed from the middle left section to the top middle 

section, there were no other notable patterns between vegetation density and correlation strength 

between OPTRAM index and in situ WT (Figure 2.7). A positive correlation was found at the 

location of WT measurement (R = 0.57; p > 0.05) (Figure 2.7). The “best pixel” (R = 0.79; p < 

0.05; without outlier), in this case, should not be given credence due to the primarily disordered 

relationship between vegetation density and correlation strength. 

 

Unlike other sites, MA-undrained showed higher correlations in the presence of moderate 

vegetation cover (R = ∼0.5). The “best pixel” (R = 0.49; p > 0.05; without outlier) was in an area 

with relatively low vegetation cover. The location of WT measurement (Melling & Wong, 2024) 

was situated in an area with relatively high vegetation cover and yielded a correlation of R = 

−0.17; p > 0.05) (Figure 2.7). 

 

Similar to PE-hDeg, the correlation distributions at MA-converted did not show a pattern 

between high and low vegetated areas (Figure 2.7). Therefore, the “best pixel” R-value (R = 
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0.88; p < 0.001) cannot be regarded as being an accurate representation of OPTRAM 

performance. At the location of WT measurement, the R-value was 0.007 with a corresponding 

p-value greater than 0.05 (Figure 2.7). 

 

The “best pixel” scatterplots (Figure 2.8) show for all sites a fairly universal relationship 

between OPTRAM index and in situ WT, with an increase of OPTRAM index by ∼0.1 for every 

∼20 cm increase in WT. This was true even for sites that had outliers. 
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Figure 2.8: Scatterplots showcasing the correlation between OPTRAM index and in situ WT at 
each site. The red points are taken at the WT monitoring location and the blue are located at the 
“best pixel” location. 
 
 
 
2.3.4 NDVI's Influence on OPTRAM Performance 
 
For IN-undrained and IN-drained, as NDVI increased, Pearson-R tended to decrease (Figure 

2.S1 in Supporting Information). The two Indonesian sites also experienced mostly positive 

Pearson-R values below an NDVI of ∼0.6 (Figure 2.S1 in Supporting Information). For PE-

mDeg and PE-hDeg, the pixels did not show a noticeable trend, and instead showed Pearson-R 

values that ranged from ∼−0.75 to 0.75 from an NDVI of ∼0.15–0.85 (Figure 2.S1 in Supporting 

Information). However, at an NDVI of ∼0.85, most pixels were situated within a Pearson-R 

value of −0.5 to 0.5 (Figure 2.S1 in Supporting Information). MA-undrained showed little 

relationship between Pearson-R and NDVI. Most pixels were located at NDVI greater than ∼0.6 

and there was a wide spread of Pearson-R values above an NDVI of ∼0.7 (Pearson-R value 

range of ∼−0.7 to 0.75) (Figure 2.S1 in Supporting Information). MA-converted, like PE-mDeg 

and PE-hDeg, did not show a noticeable trend, with Pearson-R values ranging from ∼−0.6 to 

∼−0.85 across most NDVI values (mostly when NDVI > ∼0.6) (Figure 2.S1 in Supporting 

Information). 

 

At all sites, pixels with NDVI values 0–0.4 and 0.4–0.7 also had higher average correlation 

values relative to pixels with NDVI values between 0.7 and 1 (Figure 2.9). At IN-undrained, the 

average R values were approximately the same for NDVI values 0–0.4 and 0.4–0.7 (average R = 

∼0.35). However, for NDVI values between 0.7 and 1, the average R value dropped to ∼0.14. 

IN-drained experienced a similar relationship, with an average R value of ∼0.4 for NDVI of 0–
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0.4 and 0.4–0.7 and an average R value of ∼0.24 for NDVI between 0.7 and 1. For PE-mDeg, 

the NDVI range 0.4–0.7, had the largest average R value (average R = ∼0.14). This was 

followed by NDVI 0–0.4 (average R = ∼0.1) and 0.7–1 (average R = ∼0.01). While PE-hDeg 

showed positive average R values for NDVI thresholds 0–0.4 and 0.4–0.7 (average R values of 

∼0.01 and ∼0.04, respectively), the NDVI threshold of 0.7–1 yielded a negative average R value 

of ∼−0.035). Lastly, MA-undrained and MA-converted showed similar average R-values for 

each NDVI threshold. An average R value of ∼0.12 for an NDVI range of 0–0.4 was found for 

both sites. For NDVI threshold 0.4–0.7, average R values of ∼0.175 and ∼0.16 were found at 

MA-undrained and MA-converted, respectively. For NDVI threshold 0.7–1, an average R value 

of ∼0.075 was observed at MA-undrained, while an average R value of ∼0.07 was found at MA-

converted. 
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Figure 2.9: Histograms showing the average R-value for various NDVI classes (0–0.4, 0.4–0.7, 
0.7–1) for each site. For these intervals, the lower bound is included but the upper bound is not. 
 
 
 
 
2.3.5 The Number of Data Points and OPTRAM Performance 
 
The number of data points per pixel (NDP) generally did not impact the correlation strength 

between OPTRAM index and in situ WT. The distribution was mainly a result of filtering cloudy 

pixels via the “C Function of Mask” algorithm to ensure pixel quality. Moreover, L7 ETM+ 

images were subject to data gaps due to permanent failure of the Scan Line Corrector. 



 

 
 
 

52 

 

At IN-undrained, there was a mixture of low and high NDP where high correlations were 

observed (R > ∼0.6) (Figure 2.7). This did not, however, influence the strength of correlation 

(Figure 2.7). This was also the case for IN-drained. The remaining sites had lower NDP 

throughout the landscape relative to IN-undrained and IN-drained (with the exception of MA-

undrained) (Figure 2.7). Therefore, we applied thresholds to use for NDP to obtain reliable 

results for the “best pixel” location. With that said, distributions of NDP on a site-by-site basis 

also did not greatly affect correlation strength (Figure 2.7). 

 
 
2.3.6 Impact of El Niño and Non-El Niño Years 
 
We could not show the significant difference between El Niño and non-El Niño years at all sites 

due to limited data. Here, we used the IN-undrained and IN-drained sites for this analysis. It is 

important to note that these sites had only 5 and 6 data points covering El Niño years, 

respectively. Despite Figure 2.10 showing different linear regression slopes for El Niño and non-

El Niño years, 95% confidence intervals of these linear regression slopes are highly overlapped 

(Table 2.S1). 
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Figure 2.10: Scatterplot of OPTRAM versus in situ WT for IN-undrained and IN-drained. The 
data points and regression line are red for El Niño years and blue for non-El Niño years. These 
plots only show the pixel with the highest Pearson-R value. 
 
 
 
2.3.7 Uncertainty in OPTRAM Index-Water Table Relationship 
 
Using the cross-validation approach for each site's best pixel, we found the mean of the 

difference between the observed and predicted OPTRAM index values (observed OPTRAM 
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index value minus predicted OPTRAM index value) to be 0.001, 0.0007, 0.009, 0.009, −0.003, 

−0.0008 for IN-undrained, IN-drained, PE-mDeg, PE-hDeg, MA-undrained, and MA-converted, 

respectively. The MAE was 0.044 for IN-undrained, 0.045 for IN-drained, 0.045 for PE-mDeg, 

0.021 for PE-hDeg, 0.072 for MA-undrained, and 0.026 for MA-converted. The OPTRAM index 

is a unitless quantity and therefore MAE is also a unitless quantity. The values for the mean of 

the difference between observed and predicted OPTRAM index values and MAE are small 

relative to typical OPTRAM index values calculated in this study (∼1–3 orders of magnitude 

smaller). 

 

2.4 Discussion 
 
This study shows OPTRAM to be capable of reproducing tropical peatland WT in areas with low 

vegetation density. In particular, it will allow stakeholders to estimate changes in WT using the 

OPTRAM index, where an increase of ~0.1 for the OPTRAM index is approximately equivalent 

to a 20 cm increase in WT over minimally vegetated areas. Stakeholders may then use this 

information to estimate WT-dependent variables such as the magnitude of carbon emissions and 

the probability of fire occurrence. 

 

Temporal variability of in situ WT was similar among sites in close proximity such as IN-

undrained and IN-drained (typically following rainfall patterns), and PE-mDeg and PE-hDeg. 

This supported our assumption that temporal fluctuations in WT within the same tropical 

peatland landscape are uniform (Burdun, Bechtold, Sagris, Lohila, et al., 2020), although specific 

magnitudes may differ. Our results indicate that OPTRAM may potentially be used for WT 
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estimation on different timescales, especially in areas where long-term in situ measurements are 

not available. 

 

However, it is important to note that this study was carried out on a limited number of sites. 

Additionally, there were a limited number of observations which did not allow us to conclusively 

trace the effect of El Niño on OPTRAM performance. 

 

2.4.1 Comparison with Past Studies 
 
A direct comparison with past studies using OPTRAM is problematic since, to date, this is the 

first time this method has been used to replicate WT variability in tropical peatlands. The idea of 

utilizing OPTRAM for peatland WT retrieval is also in its infancy since its original intended use 

was for estimating soil moisture. 

 

Our study shows that OPTRAM effectively monitors WT over areas with little to no vegetation 

cover. This is likely due to the vegetation moisture status of trees being less sensitive to WT 

fluctuations relative to that of grasses and shrubs (Burdun et al., 2023). Therefore, we posit that 

the model is successful even over non-tree species (i.e., shrubs, ferns, sedges, and pitcher plants). 

 

One of the first applications of OPTRAM was in northern peatlands by Burdun, Bechtold, 

Sagris, Lohila, et al. (2020). This work also used the “best pixel” approach and found similar 

results to those found in this study—large correlations in areas with minimal vegetation cover 

and low correlations in areas with high vegetation cover. It was also concluded that the degree of 

spatial resolution affects OPTRAM performance, with higher resolutions (30-m) yielding higher 
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R-values relative to lower resolutions (500-m). A similar study compared two trapezoid models 

for WT retrieval at several northern bogs (Burdun, Bechtold, Sagris, Komisarenko, et al., 

2020)—namely, OPTRAM and the Thermal-Optical Trapezoid Model (TOTRAM). Results 

showed that temporal correlations with in situ WT were higher using OPTRAM versus 

TOTRAM indices. 

 

That study concluded that neither model could recreate the spatial variability of WT, but instead, 

OPTRAM was observed to perform optimally over the treeless portions of the multiple bog 

landscapes (Burdun, Bechtold, Sagris, Komisarenko, et al., 2020). The same result was found 

when testing OPTRAM at 53 northern peatland sites (Burdun et al., 2023). Specifically, 

OPTRAM sensitivity to WT decreased when tree cover density was 50% or more (Burdun et al., 

2023). Furthermore, the lack of spatial correlation may go beyond vegetation density and occur 

due to differences in the WT-soil moisture relationship in certain areas. A similar result was 

obtained in this study when applying OPTRAM to tropical peatlands, where spatial differences 

in OPTRAM performance were a function of vegetation density patterns. 

 

Another study found a combination of optical and synthetic aperture radar (SAR) (multi-sensor 

approach) may better resolve in situ peatland WT measurements (Räsänen et al., 2022). 

However, like methods solely using optical data, the same limitations were found, such as higher 

average regression performance over sparsely treed and open peatlands. Interestingly, it was also 

discovered that a multi-sensor approach performs best in undrained rather than restored peatlands 

(Räsänen et al., 2022), agreeing with our results when applying an optical method at tropical 

peatlands. 
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2.4.2 Study Limitations and Application Approaches to Other Tropical Peatlands 
 
Due to the nature of the study area, this work is subject to limitations. First, the quality of surface 

reflectance data is restricted owing to the typically cloudy conditions of tropical regions. As a 

result, many pixels were discarded to maintain reliable calculations for OPTRAM index and 

NDVI. This filtering introduced many data gaps in the OPTRAM index time series. These were 

then exacerbated by limited temporal in situ WT at the sites. Therefore, regression analysis could 

not be conducted if in situ and OPTRAM index data were not available for the same timestamp, 

which further limited our data pool. Fortunately, this is compensated for by the high temporal 

representation of data points used, with a maximum of five site years of data. 

 

Mean absolute errors (MAE) in the OPTRAM index-WT relationship were relatively small 

compared to OPTRAM index values, except for PE-hDeg. This potentially highlights the high 

uncertainty that comes with estimating WT via OPTRAM in degraded tropical peatland systems. 

 

The lack of spatial pattern in correlations over an undrained heavily degraded forest (PE-hDeg) 

and a drained plantation (MA-converted) indicates OPTRAM to not be able to capture WT in 

areas with high disturbance and high drainage. One explanation may be that the relatively high 

bulk density of the upper peat layer limits horizontal water flow which affects vegetation 

moisture status (Burdun et al., 2023). Additionally, it may be that exceedingly low WT results in 

a loss of the WT and vegetation moisture status connection and therefore decreases OPTRAM 

performance (although this was not the case for Peruvian sites) (Burdun et al., 2023). 
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Many of the “best pixel” correlations at sites had notably high Pearson-R values. We caution 

readers not to attribute this to OPTRAM's overall effectiveness in monitoring WT. Rather, it is 

important to note that the main takeaway lies in the spatial distribution of the OPTRAM index-

WT correlation strengths. To apply OPTRAM successfully at other tropical peatland sites, 

stakeholders must find either open or low-vegetated areas. We realize that some of these systems 

are densely vegetated, and that in most areas, OPTRAM would perform poorly. However, since 

the upper peat layer has high hydraulic conductivity due to saturation/inundation, temporal WT 

fluctuations are synchronized over several kilometers (Hergoualc'h et al., 2020; Hirano et al., 

2012). This, in turn, allows OPTRAM to reproduce WT fluctuations across the landscape using 

only a relatively small area within the peatland. However, WT synchronization may be lost due 

to drainage ditches (i.e., MA-converted), which may cause unreliable OPTRAM-based 

estimations of peatland WT. 

 

Even in the case of densely vegetated tropical peatlands such as PSF, one can estimate WT 

variations using only non-forested areas or areas with low vegetation. Furthermore, some tropical 

peatlands are herbaceous swamps (Hastie et al., 2022; Urbina & Benavides, 2015; Villa et al., 

2019), making these locations an ideal fit for OPTRAM application. 

 

When comparing per-pixel NDVI and R-values, we assumed tropical NDVI to experience 

minimal variation at each site. Therefore, we used surface reflectance values from a date in 

September to represent NDVI at each site. We acknowledge that tropical vegetation surface 

reflectance values may differ temporally due to the wet and dry seasons, so we chose the 
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shoulder month of September to incorporate in our analyses. However, even with this approach, 

the reader should be cautioned when interpreting each pixel's R and NDVI relationship. 

 

We can infer that pixels with high positive correlation values and high NDVI are not situated 

within the red clusters as shown in Figure 2.7. As established in the previous section, these 

clusters of red (high positive correlation between OPTRAM index and in situ WT) appeared in 

locations with low and intermediate NDVI (Figure 2.9). Therefore, pixels with both high 

Pearson-R and high NDVI are likely not included within the red pixel clusters and may instead 

be a speck of red within a sea of blue (negative correlation) or white (no correlation). This may 

be due to small data samples and spurious correlation, but future studies are encouraged to 

investigate further. 

 

Future work should expand on tropical peatland WT retrieval via remote sensing through 

approaches that will not necessarily depend on vegetation cover and clouds. For example, the 

National Aeronautics and Space Administration's Soil Moisture Active Passive satellite measures 

soil water content in the L-band that may penetrate clouds and dense vegetation (Dadap et al., 

2019), albeit with relatively coarse resolution (9 km). Leveraging these kinds of methods to also 

yield WT approximations must be a priority of future work, especially due to the overall limited 

representation in tropical peatland ecosystems. 

 

Additionally, more on-the-ground data should be acquired in these systems to ensure the 

accuracy of these methods. In the context of this work, this would mean a higher temporal 
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representation of in situ WT at tropical peatland sites to enable a more robust calculation of the 

OPTRAM index-WT relationship. 

 

2.4.3 Implications for OPTRAM's Ability to Detect Changes in Tropical Peatland 
Water Table 
 
Tropical peatland hydrology remains understudied relative to temperate and boreal peatlands. 

Our findings can open many paths to further understanding these ecosystems—from determining 

GHG flux magnitudes to applying OPTRAM within global models to decrease uncertainties in 

model output. Additionally, we obtained promising results using identical OPTRAM 

parameterization for all studied sites, therefore suggesting that the same OPTRAM 

parameterization may be applicable in other tropical peatlands. In Figure 2.11, the points in the 

STR and NDVI space overlap, meaning that OPTRAM parameterization (and therefore 

calibration) is valid at each site. As a result, this may be the first step toward the applicability of 

universal OPTRAM parameterization over tropical peatlands. OPTRAM parameterization is a 

time-consuming process, so a universal parameterization may greatly facilitate OPTRAM 

application at a global scale. This can potentially increase the spatiotemporal coverage of WT 

variability estimates in tropical peatlands and will only be limited spatiotemporally by the 

surface reflectance product in use. Additionally, we showed that the OPTRAM-WT relationship 

does not differ significantly between El Niño and non-El Niño years. Therefore, OPTRAM may 

also be used during El Niño years to provide estimates of temporal variations in tropical peatland 

WT. However, it is important to note that cloudy conditions characteristic of El Niño years in 

certain regions may result in OPTRAM being less useful. Additionally, this analysis consisted of 

only 5–6 data points that were within El Niño years for two study sites. Future work should 

therefore utilize more data in order to reach a more robust conclusion. 
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Figure 2.11: STR-NDVI space showing large overlap between all sites. This indicates that 
OPTRAM parameterization is valid for all sites. Only pixels labeled as “clear” are shown. NDVI 
and STR values were taken from three timesteps throughout the year (beginning, middle, and end 
of year) to take into account seasonality of the wet and dry seasons at each site. IN-undrained, 
IN-drained, PE-mDeg, PE-hDeg, MA-undrained, and MA-converted used values from 2018, 
2017, 2018, 2018, 2014, and 2018, respectively. Blue line is the wet edge and red line is the dry 
edge. 
 

 

OPTRAM's ability to estimate changes in WT may provide stakeholders with information on 

past and current hotspots where peat subsidence occurs. Therefore, it may also indicate areas 

prone to flooding (in the event of high precipitation) and fire (in the event of low precipitation) 

(Ballhorn et al., 2009; Hoscilo et al., 2011; Khakim et al., 2020; Page et al., 2002; Turetsky et al., 

2015). Additionally, OPTRAM may be used as a line of evidence for tropical peatland areas in 

need of rewetting. Owing to its vast spatial representation via remote sensing, OPTRAM may 
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allow stakeholders to pinpoint locations of persisting low WT. This can prompt appropriate 

actions to prevent the risk of high CO2 emissions (Deshmukh et al., 2021). However, it is 

important to note that this would be possible if WT synchronization is not lost due to 

anthropogenic drainage and/or rewetting. 

 

Based on our results, it is likely possible to capture tropical peatland WT variability for a single 

landscape that may span many kilometers, regardless of vegetation cover. If one section of the 

peatland is covered with minimal vegetation, this will suffice as an area where OPTRAM may be 

applied to retrieve WT variability within the entire peatland landscape. Future studies should 

prioritize applying OPTRAM to other types of peatlands (i.e., mountain peatlands) to determine 

whether a non-lowland system would yield different results. Furthermore, studies may 

experiment with non-linear OPTRAM parametrizations (Ambrosone et al., 2020) and new 

variants of OPTRAM (Sadeghi et al., 2023) to determine whether correlations with WT improve. 

 

2.5 Conclusion 
 
This study used the 30-m resolution Landsat 7 ETM+ and Landsat 8 OLI surface reflectance 

products to test OPTRAM's capability for monitoring WT variations in tropical peatlands. We 

found a positive correlation (0.7 < R < 1) between OPTRAM index and in situ WT in areas that 

had low to intermediate vegetation cover (low to intermediate NDVI). The positive correlation 

strength decreased and, in some instances, became negative in areas with high vegetation cover 

(high NDVI). At each site, the pixel associated with the location of in situ WT measurement 

showed relatively smaller correlation between in situ WT (apart from IN-drained and PE-hDeg 

where R = 0.62 and R = 0.57, respectively). Site disturbance had an effect more on the pattern of 
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correlation distribution rather than strength, with low disturbance resulting in more structured 

patterns relative to sites with high disturbance. The main limitations of this study were cloud-

induced data restrictions and the general lack of in situ WT data with high temporal resolution. 

Despite these shortcomings, our results indicate this method to be effective in monitoring 

tropical peatland WT variability over open and minimally vegetated areas. Furthermore, for 

tropical peatlands with high vegetation cover, one may apply OPTRAM to an open or minimally 

vegetated area to represent WT variability across the landscape. 

 

The influence of WT on GHG emissions, surface-level peat subsidence, and fire vulnerability 

renders OPTRAM to be useful for understanding peatland features that are beyond hydrology. 

Moreover, since OPTRAM's methodology involves remotely sensed variables, one may apply 

this model to a broad range of tropical peatlands, including those currently not accessible by 

researchers. To improve on the OPTRAM method for application in tropical peatlands, future 

work may combine optical and SAR methods to investigate whether new approaches better 

reproduce in situ WT variability. 

 

2.6 Global Research Collaboration 
 
All principal investigators (PI) of the tropical peatland sites were included as co-authors on this 

study and made contributions to the manuscript. The in situ water table data in this work was 

used and shared online (via a public online repository) with permission from all site PIs. This 

includes Dr. Takashi Hirano for the Indonesian sites, Dr. Kristell Hergoualc'h for the Peruvian 

sites, and Dr. Guan Xhuan Wong and Dr. Lulie Melling for the Malaysian sites. 
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2.7 Open Research 
 
Landsat surface reflectance data were downloaded from the USGS earth explorer. In situ water 

table data was used with permission from Takashi Hirano, Lulie Melling, Guan Xhuan Wong, 

and Kristell Hergoualc'h. Data for the Peruvian sites are available in Hergoualc'h et al. (2020) at 

https://doi-org.ezproxy.library.wisc.edu/10.17528/CIFOR/DATA.00243. Site-scale water table 

data for PE-mDeg and PE-hDeg used for analysis is available in Hergoualc'h, 2024 at https://doi-

org.ezproxy.library.wisc.edu/10.6084/m9.figshare.25334854.v1. Data for the Indonesian sites are 

available in Hirano, 2023 at https://doi-

org.ezproxy.library.wisc.edu/10.6084/m9.figshare.22321129.v1. Data for the Malaysian sites are 

available in Melling & Wong, 2024 at https://doi-

org.ezproxy.library.wisc.edu/10.6084/m9.figshare.25299358.v1. The code used for computing 

OPTRAM indices for each site may be accessed via 

https://github.com/koupsci/OPTRAM_code_updated.git. 
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2.9 Supporting Information 
 
 

 
Figure 2.S1: Per-pixel Pearson correlation values plotted against per-pixel September NDVI 
values for each site. For IN-drained, PE-mDeg, PE-hDeg, MA-undrained, and MA-converted, a 
pool of data was used based on a threshold for the number of data points (number of data points 
was at least 21, 13, 13, 17, and 13, respectively). Each pixel’s color represents the point density, 
with yellow representing the greatest and purple the least. 
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Table 2.S1: 95% confidence intervals for regression line slopes for El Niño years and non-El 
Niño years. The regression line slopes were calculated with pixels containing the first, second, 
and third largest Pearson-R value. 
 
 
 
 
Hergoualc’h, Kristell (2024). Site-scale Water Table Level at a Moderately Degraded and 
Heavily Degraded Site within a Peat Swamp Forest in the Northern Peruvian Amazon.. figshare. 
Dataset. https://doi.org/10.6084/m9.figshare.25334854.v1  
  
Data Set 2.S1: This dataset contains site-scale water table level (WT) data at a moderately 
degraded (PE-mDeg) and heavily degraded (PE-hDeg) site within a peat swamp forest in the 
Northern Peruvian Amazon. Positive and negative values indicate WT above and below the 
surface, respectively. 
 
The spatially stratified WT data from Hergoualc’h et al. (2020) was site-scaled using the 
following hummock to hollow relative proportions for the PE-mDeg and PE-hDeg sites: 
 

• PE-mDeg 
o Live-hummock: 0.08 
o Live-hollow: 0.79 
o Cut-hummock: 0.01 
o Cut-hollow: 0.12 

  
• PE-hDeg 

o Live-hummock: 0.02 
o Live-hollow: 0.59 
o Cut-hummock: 0.02 
o Cut-hollow: 0.38 

 
This data was used to validate a WT-retrieval model based on Landsat 8 surface reflectance data. 
Therefore, in addition to the in-situ WT measurement dates, the acquisition dates of each Landsat 
8 image are provided as well. 
 

Site Rank of Pearson-R 95% confidence interval for El Niño years 95% confidence interval for non-El Niño years Slopes significantly different?
1st largest [0.157 , 0.629] [0.588 , 0.786] No
2nd largest [0.094 , 1.139] [0.478 , 0.678] No
3rd largest [0.026 , 1.996] [0.587 , 1.425] No
1st largest [-0.034 , 0.716] [0.255 , 0.475] No
2nd largest [0.053 , 0.778] [0.214 , 0.406] No
3rd largest [-0.069 , 0.756] [0.247 , 0.447] No

IN-undrained

IN-drained
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Chapter 3: Forecasting Tropical Peatland Burned 
Area Potential 10-30 Days in Advance 
 
 

3.1 Introduction 
 
 
Peatlands are known for storing large amounts of carbon (C) in their soil (Dohong et al., 2017; 

Joosten, 2010; Leifeld and Menichetti, 2018; Melton et al., 2022; Page et al., 2011; Xu et al., 

2018). This is mainly due to litter deposition exceeding decomposition rates, resulting in a net 

accumulation of C. The high soil C stocks makes peatlands a major contributor to the global C 

cycle (Page et al., 2011; Ribeiro et al., 2021). While undisturbed peatlands maintain their C 

within the soil, natural and anthropogenic disturbances cause immense amounts of C emissions 

(Cooper et al., 2020; Hooijer et al., 2010; Turetsky et al., 2002; Turetsky et al., 2015). A vast 

number of peatlands have been drained for the purpose of creating favorable conditions for 

agriculture, and these activities are global, spanning boreal, temperate, and tropical peatlands 

(Gerin et al., 2023; Hapsari et al., 2017; Knox et al., 2015). In addition to anthropogonic 

disturbances, natural climatic phenomena such as El Niño have also contributed to peatland 

disturbance, particularly in tropical peatlands (Khakim et al., 2020; Parker et al., 2016). 

 

Whether it be anthropogenic drainage or El Niño-induced decreases in precipitation, these 

disturbances contribute to a decrease in water availability and, consequently, cause drying in the 

peat surface layer (Page et al., 2009; Turetsky et al., 2015; Usup et al., 2004). This may have 

many effects on the system including peat oxidation and subsidence. During peat oxidation, a 

great amount of carbon-dioxide is released (Dohong et al., 2017; Hooijer et al., 2012), further 

exacerbating climate change. The compaction and shrinkage of the peat surface layer also causes 
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critical peatland ecosystem services (i.e. C sequestration and flood prevention) to be diminished 

(Evers et al., 2017). 

 

Among these consequences is also an increase in fire risk due to the resulting drier conditions 

(Jaenicke et al., 2010; Dohong et al., 2017). Like many other disturbances, fires may naturally 

occur or be man-made. The most common form of natural fire ignition is known to be lightning 

(Kunii et al., 2002), while man-made fires are usually caused due to agricultural practices such as 

“slash and burn” (Dohong et al., 2017). Tropical peatlands are typically vulnerable to fire due to 

year-to-year climatic variability that may cause extreme droughts. For example, during the El 

Niño year of 2015 and 2016, the Southeast Asia region experienced drastic decreases in 

precipitation, resulting in large amounts of peat drying (Khakim et al., 2020; Parker et al., 2016). 

Some Indonesian peatlands, for example, emitted immense amounts of C, partly due to the 

expansive fires that occurred in the region during that time (mean emission rate of 11.3 Tg CO2 

per day during September-October 2015 over maritime Southeast Asia) (Huijnen et al., 2016; 

Khakim et al., 2020). Moreover, some fires cause transboundary haze events due to particulate 

matter (PM) emissions (Varkkey, 2013). The Malaysian city of Kuching, for instance, had 

elevated PM, sulfur dioxide, carbon monoxide, and methane concentration during the 1997 fires 

that occurred in Indonesia (Davies, 1999). These events can have a large impact on the regional 

economy, with an estimated 8.9 to 9.7 billion USD in economic losses after the 1997-1998 

Southeast Asian haze episode (Barber & Schweithelm, 2000). Haze events also imply hazardous 

air quality, which can have serious negative health effects for the population. Health effects 

include a lowering of fetal/infant survival rates (Jayachandran, 2009), increases in mortality rates 

(Koplitz et al., 2016; Sahani et al., 2014) and more cases of respiratory problems (Kunii et al., 



 80 

2002). In tropical peatlands, anthropogenic activity also increases peat fire susceptibility. A 

desire for more agricultural activity has led to more drainage (Fatoyinbo, 2017) and deforestation 

(Hirano et al., 2012) of these systems, ultimately leading to degradation, especially in Southeast 

Asia (Dohong et al., 2017; Ribeiro et al., 2021). Despite these drastic landscape changes and 

prominent fire occurrences, studies pertaining to tropical peatland fire risk are limited. In this 

study, we test the capability of the Optical Trapezoid Model (OPTRAM), as applied in the 

tropics (Koupaei-Abyazani et al., 2024), for predicting tropical peatland burned area. 

 
3.2 Methods 
 
3.2.1 The Optical Trapezoid Model (OPTRAM) 
 

OPTRAM was utilized as a proxy for WTL (Burdun et al., 2020a; Burdun et al., 2020b; Burdun 

et al., 2023) in tropical peatlands. This model calculates the OPTRAM index, which has been 

found to be correlated to tropical peatland WTL variability over sparsely vegetated areas 

(Koupaei-Abyazani et al., 2024). OPTRAM uses the relationship between the normalized 

difference vegetation index (NDVI) and shortwave infrared transformed reflectance (STR) to 

determine the OPTRAM index (Figure 3.1). NDVI is dependent on surface reflectance in the red 

and near-infrared (NIR) (equation 3.1) while STR is a function of shortwave infrared reflectance 

(SWIR) (equation 3.2). 

 

                                     !"#$	 = 	!"#$#%&!"#'#%&                                                     (3.1) 

                                     '()	 = 	 ()$	+,"#)
!

(.)(+,"#)                                                      (3.2) 
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Once the relationship between STR and NDVI is plotted, two lines are drawn that try to 

encompass most of the pixels. This is done through visual inspection (Chen et al., 2020; Sadeghi 

et al., 2017). The top and bottom lines are denoted as the wet and dry edges, respectively, and are 

represented by the following equations (equations 3.3 and 3.4): 

 

                             !"#!"#," 	= 	&!"#'()*	 +	,!"#                                            (3.3) 

 

                            !"#!%&," 	= 	&!%&'()*	 +	,!%&                                           (3.4) 

 

!"#!"#,", &!"#, and ,!"# is the STR value, slope, and intercept of the dry edge, respectvely, 

while the same is true for !"#!%&,", &!%&, and ,!%& but for the wet edge.  The OPTRAM index 

is then calculated based on a ratio of the differences in certain STR values (equation 3.5). 

 

                  *+(),-	$!"./	 = 	 +/#"	$	+/##"$,"
+/##&',"	$	+/##"$,"

                           (3.5) 

 

 !"#" is the STR value of specific pixel within the wet and dry edges. !"#!"#," and !"#!%&," are 

the STR values at the dry and wet edge of that same pixel, respectively. 

 

To obtain surface reflectance values, we used the Moderate Resolution Imaging 

Spectroradiometer (MODIS) MOD09GA product (version 6.1). MOD09GA provides daily 

surface reflectance values at 500-meter spatial resolution. We used band 1 (RED; 620-670 nm), 2 

(NIR; 841-876 nm), and 7 (SWIR; 2105-2155 nm) for OPTRAM index calculation. It is also 

corrected for various atmospheric conditions such as Rayleigh scattering, gasses, and aerosols. 
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However, it is important to note that this product is not bidirectional reflectance distribution 

function (BRDF) corrected. Due to high cloud cover in the tropics, we omitted any pixels that 

were designated as “cloudy” and also those that had a cloud shadow. This was based on Table 13 

of the “MODIS Collection 6.1 (C61) LSR 

Product User Guide” (https://lpdaac.usgs.gov/documents/925/MOD09_User_Guide_V61.pdf). 

We used the Google Earth Engine Code Editor (GEE) to obtain a daily time series of red, NIR, 

and SWIR surface reflectance and then proceeded to manipulate the values in Python (version 

3.10.4). 

 

 

Figure 3.1: A diagram of the OPTRAM model. Individual pixels i (black dots) are plotted in the 
normalized difference vegetation index (NDVI) and shortwave infrared transformed reflectance 
(STR) space. Wet (blue line) and dry (red line) edges are determined through visual inspection. 
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These edges are utilized in evaluating STRmax,i and STRmin,i for each pixel. STRi represents the 
STR value for a given pixel. All three of these parameters are used in determining the OPTRAM 
index for each pixel via equation 3.5. 
 

3.2.2 The Global Fire Emissions Database (Version 4.1s) 
 

The Global Fire Emissions Database (GFED) provides global monthly burned area from 

mid-1995 through 2016 at 0.25° spatial resolution (Giglio et al., 2013). This data product 

combines 500-meter MODIS burned area maps with active fire data from the Tropical Rainfall 

Measuring Mission (TRMM) and Visible and Infrared Scanner (VIRS) and the Along-Track 

Scanning Radiometer (ATSR) (Giglio et al., 2013). We used GFED version 4.1s which is 

boosted by small fire burned area (Randerson et al., 2012; Randerson et al., 2017). This specific 

dataset includes fires that are smaller than the 500-meter resolution of the MODIS burned area 

product used in other GFED versions (Dadap et al., 2019). We decided to include small fires 

since, on average, these represent ~39% of total burned area in insular Southeast Asian peatlands 

alone (Randerson et al., 2012). 

 

GFED assumes a constant emission factor per unit burned area, making variations in daily 

emissions and burned area proportional (Dadap et al., 2019). Daily emissions data is provided in 

the form of a daily fraction, meaning that it indicates what fraction of total emissions was 

emitted in the different days of a given month. Daily fractions from each month were multiplied 

by the total burned area value for that month to obtain a proxy value for burned area at daily 

resolution. This allowed us to match the temporal scale of burned area with that of OPTRAM 

index. We used data from the year 2003 through 2016. Earlier years could not be used due to 

unavailability of daily emissions data. Furthermore, data for more recent years (2017 and 
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onwards) is still in “beta” and therefore incomplete, which is why data up to and including 2016 

was used. We will be using only the dry season (defined here as June through October) of each 

respective region for analysis.   

 
3.2.3 Testing OPTRAM’s Capability of Predicting Burned Area 
  

We tested OPTRAM’s capability for predicting burned area by shifting the OPTRAM index time 

series 10, 20, and 30 days forward relative to the burned area time series. This allowed us to 

evaluate the relationship between current burned area and an OPTRAM index that was 10, 20, 

and 30 days in the past. These specific number of days were chosen based on a previous study 

involving tropical peatlands and burned area (Dadap et al., 2019). In this way, we may test 

whether OPTRAM indices are an indicator of burned area variability. We also explored how the 

number of consecutive low OPTRAM days (below a certain threshold) impacts the probability of 

burned area occurrence the next day. We used the top 100 longest streaks of consecutive days 

and each streak of consecutive days was unique (i.e. no double-counting). 

 

The Python programming language (version 3.10.4) and “pandas” package was utilized to 

organize the time series and manipulate data. It is important to note that, due to cloud cover and 

cloud shadows, the OPTRAM index time series was subject to many data gaps. Additionally, we 

assumed that data gaps within the burned area time series indicated zero peatland burned area. 

As a result, we inserted the number “zero” within all gaps in the burned area time series. 
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3.2.4 Study Sites 
 

We conducted our analyses in Indonesia, Malaysia, Peru, and Africa and chose points for 

OPTRAM evaluation that were within a GFED grid cell (Figure 3.2; Figure 3.S13; Figure 3.S14; 

Figure 3.S15). Peatland area was determined using two approaches. The first approach used 

GFED-identified peat area. The GFED dataset provides a “partitioning” component in its 

“emissions” group. Within this component, the type of fire contributing to the carbon emissions 

is identified, one of which is peat indicated as “C_PEAT” in GFED 4.1s. Using this 

methodology, we only included months within our defined dry season where “C_PEAT” is non-

zero. If “C_PEAT” turned out to be zero for all months and years, we used the second approach. 

The second approach used Peat-ML (Melton et al., 2022) to determine peatland areas. Peat-ML 

is a product that provides a spatially continuous estimate of global peatland extent using machine 

learning (Melton et al., 2022). The product uses inputs such as soil and geomorphological data, 

vegetation indices via remote sensing, and drivers of peatland formation to create a map of 

global peatland extent (Melton et al., 2022). Areas with a peatland extent of greater than ~30% 

were used. These two approaches allowed us to have some confidence that OPTRAM was being 

applied on peatland. 

 

Previous work has found OPTRAM performance to be dependent on vegetation density 

(Koupaei-Abyazani et al., 2024). Therefore, we utilized NDVI time series at each site to 

determine whether it was a good fit for OPTRAM application. We omitted NDVI values 

designated as “cloudy” and also those that had a cloud shadow according to Table 13 of the 

“MODIS Collection 6.1 (C61) LSR Product User Guide” 
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(https://lpdaac.usgs.gov/documents/925/MOD09_User_Guide_V61.pdf). A previous study found 

that the average correlation between OPTRAM index and WTL was relatively high when NDVI 

was less 0.7 (Koupaei-Abyazani et al., 2024). Therefore, we only chose locations where the 

majority of daily NDVI values (greater than 50%) were less than 0.7 for Indonesia, Peru, and 

Africa during the defined dry seasons of 2003 through 2016 (Table 1). For Malaysia, we used a 

threshold of NDVI less than 0.75 since we could not find areas with NDVI less 0.7 (Table 1). 
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Figure 3.2: The twelve Indonesian site locations used in this study. Satellite images from Google 

Maps. 
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Table 3.1: Table listing the site names, locations of sites, NDVI threshold used, number of total data points 
and number of data points below a specific NDVI, and percentage of data points below a specific NDVI 
threshold. 

SITE Location (Latitude, Longitude) NDVI Threshold Used Number of Data Points Below NDVI Threshold Total Number of NDVI Data Points Percentage of Data Points Below NDVI Threshold
Indonesia 1  -2.45218, 114.0321 <0.7 457 519 88.05
Indonesia 2  -2.44247, 114.03194 <0.7 427 524 81.49
Indonesia 3  -2.43158, 114.02958 <0.7 439 539 81.45
Indonesia 4  -2.50805, 114.04499 <0.7 464 483 96.07
Indonesia 5  -2.50339, 114.03973 <0.7 457 468 97.65
Indonesia 6  -2.53622, 114.047 <0.7 458 511 89.63
Indonesia 7  0.96675, 102.05846 <0.7 315 381 82.68
Indonesia 8  0.95964, 102.05467 <0.7 273 333 81.98
Indonesia 9  0.93827, 102.03848 <0.7 255 349 73.07

Indonesia 10  1.58673, 101.67299 <0.7 157 179 87.71
Indonesia 11  1.58882, 101.68041 <0.7 160 176 90.91
Indonesia 12 1.56454, 101.69234 <0.7 161 183 87.98

Peru 1  -4.82942, -75.57941 <0.7 303 550 55.09
Peru 2  -4.83519, -75.57602 <0.7 340 528 64.39
Peru 3  -4.83143, -75.57271 <0.7 328 531 61.77
Peru 4  -4.84181, -75.56947 <0.7 347 555 62.52
Peru 5  -4.83615, -75.56827 <0.7 387 543 71.27
Peru 6  -4.83918, -75.5617 <0.7 440 544 80.88
Peru 7  -4.5689, -75.82784 <0.7 264 499 52.91
Peru 8  -4.71029, -75.77343 <0.7 418 499 83.77
Peru 9  -4.71243, -75.77995 <0.7 345 498 69.28

Peru 10  -4.6938, -75.77117 <0.7 309 512 60.35
Peru 11  -4.68679, -75.77411 <0.7 256 503 50.89
Peru 12  -4.70136, -75.77821 <0.7 281 491 57.23

Malaysia 1  1.48541, 111.20297 <0.75 316 452 69.91
Malaysia 2  1.48348, 111.19488 <0.75 287 442 64.93
Malaysia 3  1.47893, 111.20095 <0.75 289 452 63.94
Malaysia 4 1.42418, 111.14592 <0.75 319 608 52.47
Malaysia 5 1.356, 111.15321 <0.75 312 592 52.7
Malaysia 6 1.41905, 111.22322 <0.75 339 568 59.68
Malaysia 7  1.52504, 111.18545 <0.75 238 411 57.91
Malaysia 8  1.52909, 111.17232 <0.75 249 431 57.77
Malaysia 9  1.53673, 111.18253 <0.75 249 424 58.73

Malaysia 10  1.51253, 111.18494 <0.75 256 442 57.92
Malaysia 11  1.50533, 111.17841 <0.75 257 440 58.41
Malaysia 12  1.51631, 111.17275 <0.75 253 438 57.76

CongoBasin 1  -0.11842, 17.06305 <0.7 439 468 93.8
CongoBasin 2  -0.11862, 17.07082 <0.7 436 460 94.78
CongoBasin 3  -0.12467, 17.06734 <0.7 439 460 95.43
CongoBasin 4  -0.13337, 17.06895 <0.7 411 450 91.33
CongoBasin 5  -0.14118, 17.06354 <0.7 432 463 93.3
CongoBasin 6  -0.14745, 17.07616 <0.7 392 472 83.05
CongoBasin 7  -0.1306, 17.15094 <0.7 364 540 67.41
CongoBasin 8  -0.12759, 17.14956 <0.7 338 509 66.4
CongoBasin 9  -0.12798, 17.15403 <0.7 385 539 71.43

CongoBasin 10  -0.14831, 17.15228 <0.7 361 522 69.16
CongoBasin 11  -0.14567, 17.15026 <0.7 350 522 67.05
CongoBasin 12  -0.1308, 17.14588 <0.7 329 509 64.64
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3.3 Results 
 
3.3.1 Indonesia Sites 
 
3.3.1.1  10, 20, and 30-day forward shifted OPTRAM values 
 
 
When shifting OPTRAM values 10 days forward with respect to the burned area proxy, the 

Indonesian sites generally showed a higher value for burned area proxy when the OPTRAM 

value 10 days before was low (Figure 3.3). Note that high and low OPTRAM values indicate wet 

and dry surface conditions, respectively. Most burned area proxy values above 0.006 occurred 

when the OPTRAM value 10 days before was less than 0.4 (Figure 3.3). Conversely, when the 

OPTRAM value 10 days before was greater than 0.6, most of the burned area proxy values were 

zero (Figure 3.3). 
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Figure 3.3: Scatterplot showing the relationship between burned area proxy (unitless) and 10-
day forward-shifted OPTRAM values (unitless) at each site. Vertical brown dotted lines 
indicated constant OPTRAM values of 0, 0.1, 0.2, 0.3, 0.4, 0.5, and 0.6. The yellow, orange, red, 
and black horizontal dotted lines show constant burned area proxy values for each site. The 
dotted lines were added to facilitate data visualization.    
 

 

When creating thresholds for 10-day forward shifted OPTRAM values and comparing to burned 

area proxy values, a clear decreasing trend becomes evident. For 10-day forward shifted 

OPTRAM values that are between zero and 0.05 (zero inclusive and 0.05 exclusive), the 

percentage of data points where the burned area proxy value was ≥ 0.0001 was ~37% (Figure 

3.4). Therefore, the percentage of burned area proxy data points less than 0.0001 within the same 
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10-day forward shifted OPTRAM threshold was ~63% (Figure 3.4). The percentage of data 

points when the burned area proxy value was ≥ 0.0001 generally continued to decrease as the 

magnitude of 10-day forward shifted OPTRAM thresholds increased (Figure 3.4). Starting from 

~37%, the percentage changed to ~35%, ~26%, ~24%, ~19%, ~18%, ~17%, ~18%, ~13%, 

~10%, ~8%, ~2%, and ~4% as the magnitude of the 10-day forward shifted OPTRAM threshold 

increased (Figure 3.4). 

 

 

 

Figure 3.4: A histogram showcasing the relationship between the percentage of data with burned 
area proxy ≥ 0.0001 or < 0.0001 that are within each 10-day forward shifted OPTRAM threshold 
for each site. Red and blue indicate burned area proxy values ≥ 0.0001 and < 0.0001, 
respectively. Note that the scale of the y-axis is different for each site.     
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Another analysis showed a similar trend but this time for burned area proxy values of strictly 

zero and non-zero. For 10-day forward shifted OPTRAM thresholds of zero to 0.05 (zero 

inclusive and 0.05 exclusive) and 0.05 to 0.1 (0.05 inclusive and 0.1 exclusive), the percentage 

of data points where the burned area proxy value was non-zero was ~41% and ~42%, 

respectively (Figure 3.5). This percentage generally decreased as the magnitude of the 10-day 

forward shifted OPTRAM threshold increased (Figure 3.5). 

 

 

Figure 3.5: A histogram showcasing the relationship between the percentage of data with burned 
area proxy equal to zero or not equal to zero that are within each 10-day forward shifted 
OPTRAM threshold for each site. Red and blue indicate burned area proxy values not equal to 
zero and equal to zero, respectively. Note that the scale of the y-axis is different for each site.        
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In addition to only including 10-day forward shifted OPTRAM thresholds, we also performed 

analysis to include thresholds for both the 10-day forward shifted OPTRAM values and the 

burned area proxy values. We found that as the magnitude of 10-day forward shifted OPTRAM 

threshold increased, the percentage of data points with a burned area proxy equal to zero steadily 

increased (Figure 3.6). On the other hand, the percentage of data points with burned area proxy 

between zero and 0.002 (zero exclusive and 0.002 inclusive) steadily decreased (Figure 3.6). 

Other thresholds for the burned area proxy did not show a notable trend. Although, it is 

important to note that many instances where the percentage of non-zero burned area proxy data 

points was zero was when the 10-day forward shifted OPTRAM threshold was either 0.5 to 0.6 

(0.5 inclusive and 0.6 exclusive) or ≥ 0.6 (Figure 3.6). 
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Figure 3.6: A two-dimensional histogram showing the percentage of data points that fall within 
a specific 10-day forward shifted OPTRAM threshold and peat_BA (burned area proxy) 
threshold at each site. Percentage values are indicated within each square with white, gray, and 
black colors representing low, intermediate, and high percentage values. Note that the burned 
area proxy thresholds vary for each site. 
 

 

When shifting OPTRAM index values 20-days forward, a similar trend can be seen. Generally, 

higher burned area proxy values corresponded with lower 20-day forward-shifted OPTRAM 

index values (Figure 3.S1). The percentage of burned area values (whether ≥ 0.0001 or ≠ 0) also 

followed a similar trend, with higher percentages occurring at lower OPTRAM index thresholds 

and then generally decreasing as the magnitude of the OPTRAM index thresholds increase 

(Figure 3.S2; Figure 3.S3). At the lowest OPTRAM index threshold (0 ≤ OPTRAM index < 

0.05), ~72% of the burned area proxy data points had values ≥ 0.0001 (when no burned area was 

defined as < 0.0001) (Figure 3.S2), while ~77% of the burned area proxy datapoints had values 
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that were non-zero (when no burned area was defined as strictly zero) (Figure 3.S3). The 

smallest percentage of burned area values occurred at relatively high OPTRAM index threshold 

values, with ~3.8% and ~5.8% at a threshold of 0.55 ≤ OPTRAM index < 0.6 for burned area 

defined as ≥ 0.0001 and ≠ 0, respectively (Figure 3.S2; Figure 3.S3). A similar trend was 

observed when thresholds for the burned area proxy were added. Most of the burned area fell 

between the values of 0 (exclusive) and 0.002 (inclusive) and the percentage decreased with 

increasing OPTRAM index threshold (Figure 3.S7). Furthermore, when shifting OPTRAM 

values 30 days forward relative to the peat burned area, a similar relationship is seen to that of 

10-day and 20-day forward shifted OPTRAM values. In other words, as the OPTRAM index 

value increased, the burned area proxy value (and the percentage of burned area proxy within a 

specific OPTRAM index threshold) decreased (Figure 3.S2; Figure 3.S5; Figure 3.S6; Figure 

3.S8). 

 

3.3.1.2  Peat Burned Area Dependence on Continuously Low OPTRAM Indices in 
Indonesia 
 

The burned area proxy was also impacted by both the number of consecutive days OPTRAM 

indices were below a certain threshold and by the magnitude of that threshold. In general, as the 

number of consecutive days with OPTRAM below a certain threshold increased, the number of 

instances (presented as a percentage) of non-zero burned area proxy increased (Figure 3.7). This 

was not true when the OPTRAM threshold was increased (< 0.35, < 0.4, and < 0.45). In all those 

cases, the highest consecutive number of days was seven, and all had zero burned area the day 

after. Note, however, that the number of instances when this occurred was extremely limited (n = 

1 or n = 2) (Figure 3.7). 
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Figure 3.7: Percentage of zero and non-zero burned area proxy a day after consecutive days when 
OPTRAM was below a certain threshold at the Indonesian sites. X-axis shows the number of 
consecutive days that OPTRAM was below a certain threshold. The “n” value shows the number of 
instances of burned area proxy values for each number of consecutive days. Green and yellow 
represent zero and non-zero burned area proxy values respectively.  



 97 

 
 
 
3.3.2 Malaysia Sites 
 
3.3.2.1  10, 20, and 30-day forward shifted OPTRAM values 
 
 
The relationship between the burned area proxy and 10-day forward shifted OPTRAM index for 

the Malaysian sites was quite different relative to that of the Indonesian sites. While most non-

zero burned area data points resided at moderate to low OPTRAM values (< 0.5), there were still 

instances of high burned area (> 0.0014) for OPTRAM values greater than 0.6 (Figure 3.3). 

 

The fraction of data points with a burned area proxy ≥ 0.0001 within each 10-day forward shifted 

OPTRAM threshold did not show any notable trend (Figure 3.4). Percentages varied between 

zero and ~2.29%, with the largest number of points with ≥ 0.0001 proxy burned area residing 

within a 10-day forward shifted OPTRAM threshold of 0.3 to 0.35 (0.3 inclusive and 0.35 

exclusive). The OPTRAM threshold of zero to 0.05 (zero inclusive and 0.05 exclusive) contained 

the smallest number of points with proxy burned area ≥ 0.0001 (Figure 3.4). There was also no 

notable trend when the burned area proxy was set to non-zero (Figure 3.5). Percentages varied 

between 0 and ~5.93% for non-zero burned area proxy within each 10-day forward shifted 

OPTRAM threshold. The largest number of instances occurred within the 10-day forward shifted 

OPTRAM threshold of 0.3 to 0.35 (0.3 inclusive and 0.35 exclusive), while the smallest occurred 

within 0 to 0.05 (0 inclusive and 0.05 exclusive) (Figure 3.5). 

 

When including thresholds of burned area proxy in addition to the 10-day forward shifted 

OPTRAM thresholds, there were no notable trends when the burned are proxy was zero across 
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all OPTRAM thresholds (Figure 3.6). However, there was a larger percentage of data points with 

burned area proxy values of zero for OPTRAM thresholds between zero and 0.1 (zero inclusive 

and 0.1 exclusive) and 0.1 to 0.2 (0.1 inclusive and 0.2 exclusive). There were many instances 

where zero data points were found within relatively high OPTRAM thresholds. For example, for 

10-day forward shifted OPTRAM thresholds of 0.5 and higher, there were no data points that 

had a burned area proxy between 0.0004 and 0.0006 (.00004 exclusive and 0.0006 inclusive) and 

between 0.0006 and 0.0008 (0.0006 exclusive and 0.0008 inclusive). Although, it is important to 

note that, for the same OPTRAM thresholds, there were some data points that had an even 

greater burned area proxy value of greater than 0.0008 (Figure 3.6). 

 

20-day forward shifts in the OPTRAM index relative to the burned area proxy did not drastically 

change results. The highest percentage of burned area proxy values occurred at OPTRAM 

indices between 0.35 (inclusive) and 0.4 (exclusive) for burned area defined as ≥ 0.0001 (Figure 

3.S3) and between 0.55 (inclusive) and 0.6 (exclusive) for burned area defined as ≠ 0 (Figure 

3.S4). Like the 10-day forward shifted OPTRAM values, when introducing thresholds for the 

burned area proxy, no trend was observed. Although, there were many instances at high 

OPTRAM values (≥ 0.3) where large peat burned areas (0.0004 < burned area proxy ≤ 0.0008) 

did not appear (Figure 3.S7). 30-day forward shifted OPTRAM values had high burned area 

proxy percentages occurring at moderate OPTRAM values (0.3 ≤ OPTRAM < 0.35) (with the 

peak percentage occurring at 0.55 ≤ OPTRAM < 0.6 for when burned area occurrence was 

defined as being ≥ 0.0001) (Figure 3.S5; Figure 3.S6). In addition to the multiple instances of 

low/zero percentages when burned area proxy values were > 0.0004 and OPTRAM was ≥ 0.3, 
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there were also instances of zero percentages for burned area proxy values > 0.0004 when 

OPTRAM was low (< 0.3) (Figure 3.S8).      

3.3.2.2  Peat Burned Area Dependence on Continuously Low OPTRAM Indices in 
Malaysia 
 
Generally, the number of consecutive days that showed the largest percent of non-zero burned 

area proxy was between 2 and 4 days regardless of the OPTRAM index threshold (Figure 3.S9). 

For OPTRAM indices below 0.15, there were no instances of non-zero burned area proxy. In 

most instances, longer consecutive days below a certain OPTRAM threshold yielded higher non-

zero burned area percentages (Figure 3.S9). 

 

3.3.3 Peru Sites 
 
3.3.3.1  10, 20, and 30-day forward shifted OPTRAM values 
 
The sites in Peru showed a prominent relationship between 10-day forward shifted OPTRAM 

thresholds and burned area proxy values. Most instances of non-zero burned area proxy values 

occurred below a 10-day forward shifted OPTRAM value of 0.4 (Figure 3.3). The largest burned 

area proxy values occurred between OPTRAM values of 0.1 and 0.3 (Figure 3.3). 

 

The only instances of burned area proxy ≥ 0.0001 were for 10-day forward shifted OPTRAM 

thresholds of 0.1 to 0.15 (0.1 inclusive and 0.15 exclusive), 0.15 to 0.2 (0.15 inclusive and 0.2 

exclusive), 0.2 to 0.25 (0.2 inclusive and 0.25 exclusive), 0.25 to 0.3 (0.25 inclusive and 0.3 

exclusive), 0.3 to 0.35 (0.3 inclusive and 0.35 exclusive), 0.35 to 0.4 (0.35 inclusive and 0.4 

exclusive) (Figure 3.4). A decreasing trend was found when moving from an OPTRAM 

threshold of 0.25 to 0.3 (0.25 inclusive and 0.3 exclusive) to a threshold of 0.35 to 0.4 (0.35 

inclusive and 0.4 exclusive). The highest number of data points that had a burned area value ≥ 
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0.0001 was between 0.25 to 0.3 (0.25 inclusive and 0.3 exclusive) (~2.4% of data points within 

the specific OPTRAM threshold) (Figure 3.4). 

 

Results were similar for when the burned area proxy was set to zero and non-zero values. In 

addition to the previously mentioned 10-day forward shifted OPTRAM thresholds, two 

additional thresholds also contained non-zero burned area proxy values, being 0.05 to 0.1 (0.05 

inclusive and 0.1 exclusive) and 0.4 to 0.45 (0.4 inclusive and 0.45 exclusive) (Figure 3.5). No 

apparent trend was found other than a decreasing percentage of data points having non-zero 

burned area proxy values from an OPTRAM threshold of 0.25 to 0.3 (0.25 inclusive and 0.3 

exclusive) to a threshold of 0.4 to 0.45 (0.4 inclusive and 0.45 exclusive). The highest percentage 

was between an OPTRAM threshold of 0.25 and 0.3 (0.25 inclusive and 0.3 exclusive) (~4%) 

(Figure 3.5). 

 

 

When including thresholds for burned area proxy, there was an increasing trend from an 

OPTRAM threshold of 0.3 to 0.4 (0.3 inclusive and 0.4 exclusive) up to when OPTRAM was ≥ 

0.6 when the burned area proxy value equaled zero (Figure 3.6). At the 10-day forward shifted 

OPTRAM thresholds of 0.5 to 0.6 (0.5 inclusive and 0.6 exclusive) and ≥ 0.6, all data points had 

a burned area proxy value of zero. It is important to note that, within the OPTRAM threshold of 

zero to 0.1 (zero inclusive and 0.1 exclusive), all non-zero burned area proxy data points had a 

value between zero and 0.00005 (zero exclusive and 0.00005 inclusive) (Figure 3.6). 
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Interestingly, when shifting OPTRAM values 20 days forward, the trends become almost 

opposite relative to when OPTRAM is shifted 10 days forward. For the case when burned area is 

defined as ≥ 0.0001, 20 day forward shifted OPTRAM values showed minimal burned area 

proxy percentages for an OPTRAM index of ~0.25-0.45. Instead, larger relative values occurred 

when OPTRAM was small (0.05-0.2) and large (0.45 ≤ OPTRAM < 0.5 and 0.55 ≤ OPTRAM < 

0.6) (Figure 3.S3). A similar change may be seen when peat burned area was defined as being ≠ 

0 (Figure 3.S4). When burned area proxy was given multiple thresholds, the percentage of 

burned area proxy data points with a value of zero increased as OPTRAM index increased 

(Figure 3.S7). Furthermore, it should be noted that 20-day forward shifted OPTRAM values had 

more instances of non-zero burned area proxy percentages at high OPTRAM values (≥ 0.4) 

relative to that of 10-day forward shifted OPTRAM values (Figure 3.S7; Figure 3.6).  

 

The relationship between burned area proxy and 30-day forward shifted OPTRAM values did 

not have as strong of a trend when compared to 10-day and 20-day forward shifted OPTRAM 

values. Besides the dramatic 100% non-zero and ≥ 0.0001 peat burned area values between 

OPTRAM values of 0 (inclusive) and 0.05 (exclusive), the burned area proxy percentages stayed 

relatively consistent with one another as OPTRAM index increased. Although, it is important to 

note that there was a large increase at 0.45 ≤ OPTRAM < 0.5 and 0.55 ≤ OPTRAM < 0.6 for 

both the non-zero and ≥ 0.0001 peat burned area cases (Figure 3.S5; Figure 3.S6). When 

including multiple burned area proxy thresholds in the analysis, no apparent trend was found 

(Figure 3.S8). 

 
3.3.3.2  Peat Burned Area Dependence on Continuously Low OPTRAM Indices in Peru 
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The number of consecutive days where burned area proxy was non-zero was between 2 and 5 

days. As the OPTRAM index threshold increased, the number of consecutive days with non-zero 

peat burned area data points increased as well (Figure 3.S10). Non-zero burned area proxy values 

occurred a day after when the OPTRAM index threshold was below 0.15 for two consecutive 

days. Alternatively, non-zero burned area proxy values occurred a day after when the OPTRAM 

index threshold was below 0.45 for five consecutive days (Figure 3.S10).  

 

3.3.4   Congo Basin Sites 
 
3.3.4.1  10, 20, and 30-day forward shifted OPTRAM values 
 
 
For sites in the Congo Basin, all burned area proxy values above 0.0004 occurred at 10-day 

forward shifted OPTRAM values that were below 0.4 (Figure 3.3). Additionally, there were only 

three data points with non-zero burned area proxy values that also had OPTRAM values greater 

than 0.68 (Figure 3.3). 

 

When the burned area proxy was set to ≥ 0.0001, there were no data points within the 10-day 

forward shifted OPTRAM thresholds of 0 to 0.05 (0 inclusive and 0.05 exclusive), 0.5 to 0.55 

(0.5 inclusive and 0.55 exclusive), 0.55 to 0.6 (0.55 inclusive and 0.6 exclusive) (Figure 3.4). All 

other OPTRAM thresholds contained a non-zero percentage of data points with burned area 

proxy ≥ 0.0001. There was a decreasing trend of percentage of data points from OPTRAM 

thresholds of 0.25 to 0.3 (0.25 inclusive and 0.3 exclusive) to a threshold of 0.4 to 0.45 (0.4 

inclusive and 0.45 exclusive) (~2.79% to ~1.15%). There was also a large rise in the percentage 

of data points for the OPTRAM threshold of 0.45 to 0.5 (0.45 inclusive and 0.5 exclusive) 

(~3.23%) (Figure 3.4). 
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When the burned area proxy was set strictly to zero and non-zero, there was no notable trend. 

The highest percentage values occurred at 10-day forward shifted OPTRAM thresholds of 0.15 

to 0.2 (0.15 inclusive and 0.2 exclusive), 0.25 to 0.3 (0.25 inclusive and 0.3 exclusive), 0.4 to 

0.45 (0.4 inclusive and 0.45 exclusive), and 0.45 to 0.5 (0.45 inclusive and 0.5 exclusive) with 

~6.12%, ~6.3%, ~5.75%, and ~5.38%, respectively (Figure 3.5). 

 

When including thresholds for burned area proxy in addition to 10-day forward shifted 

OPTRAM thresholds, there was no apparent trend for data points that had a burned area proxy 

value of zero across increasing magnitudes of OPTRAM thresholds (Figure 3.6). However, for 

OPTRAM thresholds of 0.5 to 0.6 (0.5 inclusive and 0.6 exclusive) and ≥ 0.6, there were no data 

points within the burned area proxy thresholds of 0.0002 to 0.0003 (0.0002 exclusive and 0.0003 

inclusive), 0.0003 to 0.0004 (0.0003 exclusive and 0.0004 inclusive), and > 0.0004 (Figure 3.6). 

 

For 20 day forward-shifted OPTRAM index values where the definition of burned area proxy 

was ≥ 0.0001, the percentage of burned area proxy had an increasing trend from an OPTRAM 

threshold of 0 ≤ OPTRAM < 0.05 to 0.35 ≤ OPTRAM < 0.4. Afterwards, there was a percentage 

drop at 0.4 ≤ OPTRAM < 0.45 before another generally increasing trend to OPTRAM ≥ 0.6 

(Figure 3.S3). When peat burned area was defined as ≠ 0, the trend was similar, but the dramatic 

drop in peat burned area percentage occurred later at a threshold of 0.45 ≤ OPTRAM < 0.5 

(Figure 3.S4). No trend was observed when also adding in multiple thresholds for peat burned 

area (Figure 3.S7). 
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For 30 day forward-shifted OPTRAM indices, generally a larger burned area proxy percentage 

occurred at higher OPTRAM values. When burned area proxy was defined as ≥ 0.0001, the 

largest percentages occurred at OPTRAM thresholds of 0.45 ≤ OPTRAM < 0.5, 0.55 ≤ 

OPTRAM < 0.6, and OPTRAM ≥ 0.6 (Figure 3.S5). On the other hand, when burned area proxy 

was defined as ≠ 0, the greatest peat burned area percentages were within the OPTRAM 

thresholds of 0.4 ≤ OPTRAM < 0.45, 0.45 ≤ OPTRAM < 0.5, and OPTRAM ≥ 0.6 (Figure 3.S6). 

When adding in thresholds for burned area proxy, no trend was found (Figure 3.S8).  

     

3.3.4.2  Peat Burned Area Dependence on Continuously Low OPTRAM Indices in the 
Congo Basin 
 

Regardless of the OPTRAM threshold magnitude, burned area proxy was non-zero a day after 

when OPTRAM was lower than the specific threshold for 2-4 consecutive days (Figure 3.S11). 

No apparent trend was found between non-zero burned area proxy and the number of 

consecutive days that OPTRAM index was below a certain threshold. When OPTRAM index 

was below 0.2, 0.3, 0.35, and 0.45, the percentage of instances for when non-zero burned area 

proxy occurred were almost identical between the number of consecutive days (Figure 3.S11). 

For OPTRAM index thresholds that had multiple consecutive days, there was always no instance 

of non-zero burned area proxy for the highest number of consecutive days. 

  

3.4 Discussion 
 

In this study, we showed that OPTRAM is somewhat capable of predicting burned area in 

tropical peatlands. The degree of performance varies on a site-to-site basis. This work opens the 

possibility of using remote sensing methods to detect the probability of future fire occurrences in 
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tropical peatlands. As a result, it may provide an easier way for assessing peatland fire risk and 

may also be used as a means for detecting, mitigating, and even eliminating fire-related 

phenomena such as haze events, before they occur.  

 
 
3.4.1 OPTRAM’s Capability for Predicting Tropical Peatland Burned Area 

 
Our results show OPTRAM to have varying degrees of efficacy when attempting to predict the 

probability of burned area occurrence. There was high variability based on where OPTRAM was 

applied. At the Indonesia sites, a strong relationship was found between burned area proxy value 

and 10, 20, and 30-day forward-shifted OPTRAM thresholds. This shows that OPTRAM plays a 

major factor in determining the magnitude of the burned area proxy within those sites. One of the 

reasons for its effectiveness may be the majority of NDVI values that were below 0.7 throughout 

the defined dry seasons for the years 2003 through 2016. For all the Indonesian sites, the 

percentages of NDVI below 0.7 ranged from ~73% to ~98% (Table 3.1). This showcases the 

importance of vegetation cover when attempting to find a suitable location for OPTRAM 

application. Additionally, due to the high hydraulic conductivity of the upper peat layer, 

OPTRAM applied at a single site may provide details regarding the temporal water table 

dynamics of the greater peatland landscape, even if the site has degraded or been drained (Hirano 

et al., 2012; Hergoualc’h et al., 2020; Burdun et al., 2020b; Koupaei-Abyazani et al., 2024). This 

means that burned area probabilities may potentially be detected within the peatland landscape 

even if OPTRAM is not applied in the exact location of interest. This is advantageous since, even 

if the location of interest has high vegetation density, another location within proximity and with 

low vegetation density may be chosen to obtain the desired information.    
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The sites in Malaysia did not show a clear relationship between 10-day and 20-day forward 

shifted OPTRAM values and burned area proxy relative to the sites in Indonesia. This may be 

due to the relatively small number of NDVI values below 0.75 (between ~50% and ~70% of the 

data points) during the defined dry seasons of 2003 through 2016 (Table 3.1). As a result, surface 

moisture may not have been well represented by OPTRAM indices, resulting in a reduction of 

the OPTRAM and burned area proxy relationship. For 10-day forward shifted OPTRAM values, 

there were different results between burned area proxies of zero or non-zero and ≥ 0.0001 or < 

0.0001. There were more instances of non-zero burned area proxy data points within large 

OPTRAM values relative to low OPTRAM values (Figure 3.5). Conversely, more instances of 

burned area data points ≥ 0.0001 were found when OPTRAM values were relatively low (Figure 

3.4). This may show how sensitive OPTRAM is when defining thresholds for when burned area 

occurred and did not occur. 

 

The sites in Peru and the Congo Basin showed a differing relationship between 10-day forward 

shifted OPTRAM index and burned area proxy. Generally, however, a majority of data points 

with non-zero and ≥ 0.0001 burned area proxy values occurred at small OPTRAM values at both 

sites (Figure 3.4; Figure 3.5). This may be due to the high percentage of data points that had an 

NDVI less than 0.7 at each site (~51% to ~84% for Peru and ~65% to ~95% for the Congo 

Basin), therefore leading to more reliable OPTRAM values. For 20 and 30-day forward shifted 

OPTRAM values, the relationship at the Peruvian and Congo Basin sites also differed. The 

greater percentage of burned area proxy occurrences for intermediate OPTRAM values (between 

0.25 and 0.45) at the Congo Basin sites relative to the Peruvian sites may indicate that 

mechanisms other than moisture content are responsible for peat burned area at each site. Future 
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work may use these results as a starting point for investigating why moisture availability 20 and 

30-days beforehand results in such a discrepancy between the two site locations. One explanation 

may be that Congo Basin peatlands have been subject to less disturbance relative to their 

Peruvian counterparts (Dargie et al, 2019; Horn et al., 2018), and therefore this may change the 

relationship between surface moisture content and burned area proxy for each site. 

 

OPTRAM also has potential for predicting burned area probabilities when the OPTRAM index is 

below a certain value for a number of consecutive days. This indicates that stakeholders may use 

this methodology to evaluate tropical peat fire risk and potentially mitigate fires before their 

occurrence. Fire mitigation measures may include raising the water table, restoring native 

vegetation, and utilizing fire-free land preparation techniques (Dohong et al., 2018). 

 

3.4.2 Comparison with Other Studies 
 

 To our knowledge, this is the first study that tests OPTRAM’s capability for burned area 

prediction in peatlands. While there are no studies for exact comparison, there are some similar 

studies. For example, previous work has found a relationship between burned area and soil 

moisture received from the Soil Moisture Active Passive (SMAP) (Dadap et al., 2019). This 

study covered Sumatra, Borneo, and Peninsular Malaysia and focused on the El Niño period of 

2015-2016 (Dadap et al., 2019). It was found that dry soil 30 days prior to fire has a correlation 

with larger burned area (Dadap et al., 2019).  

 

Another study used hydropedological modeling to determine areas with good restoration 

potential (Wösten et al., 2008). Furthermore, it was stated that groundwater level prediction 
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maps may be used to extrapolate groundwater level dynamics to larger areas (Wösten et al., 

2008). This, in turn, may act as a fire hazard warning system for Southeast Asian peatlands 

(Wösten et al., 2008). 

 

3.4.3 Study Limitations 
 
Due to the large presence of clouds and cloud shadows in the tropical region, many OPTRAM 

values were deemed not reliable and therefore omitted from further analysis. This limitation in 

the number of data points may have impacted the strength of the relationship between burned 

area proxy and 10, 20, and 30-day forward-shifted OPTRAM values. Additionally, since 

OPTRAM performance is highly reliant on vegetation density (Burdun et al., 2020b; Burdun et 

al., 2023; Koupaei-Abyazani et al., 2024), only site locations with relatively low vegetation 

cover may be used. Furthermore, site locations near managed systems such as palm plantations 

may not provide accurate results for landscape-level WTL. This is due to drainage ditches 

causing a loss of WTL synchronization with the rest of the peatland landscape. 

 

It is important to note that not all NDVI values were less than 0.7 (or less than 0.75 for the 

Malaysian sites). Therefore, for the timestamps where NDVI was greater than or equal to these 

values, the OPTRAM values may not have been a reliable estimation of surface moisture 

content. However, finding sites where daily NDVI values are all below a certain value during the 

defined dry seasons of 2003 through 2016 is not likely, which is why we used the approach 

described in section 2.4 for this study.      
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Another limitation is in our decision to use the MODIS MOD09GA product (version 6.1) which 

is not BRDF-corrected. The surface reflectance data may therefore be influenced by solar and 

sensor viewing geometry, causing BRDF-related variability rather than actual surface change. 

Additionally, the MODIS MOD09GA product (version 6.1) has a 500-meter spatial resolution, 

which may limit its ability to detect finer-scale surface dynamics. Even though OPTRAM has 

been shown to perform more optimally using products with finer spatial resolutions (Burdun et 

al., 2020b), we prioritized using a product that has a daily temporal resolution to facilitate 

comparisons with GFED data. The MODIS MOD09GA (version 6.1) product also has a long 

temporal extent (from 2000 to present), making it a favorable product for use in this study. 

 

3.4.4 Implications of Using OPTRAM for Burned Area Prediction 
 
This work not only has implications for the environment, but also spans the domains of health 

and economy as well (Page et al., 2002; Khakim et al., 2020). The ability to predict burned area 

occurrence can provide stakeholders with an idea of areas in need for restoration. This can then 

potentially lower the probability of peat fire and decrease the chance of fire-related phenomena 

such as haze. 

 
Large haze events, for example, are an occurrence in Southeast Asia during the presence of peat 

fires, especially during El Niño events (Kunii et al., 2002). OPTRAM may help pinpoint areas 

most vulnerable to fires many days beforehand, and therefore appropriate action may be taken to 

reduce the chance of fire before its occurrence. As a result, the associated health impacts (Afroz 

et al., 2003; Jayachandran, 2009; Koplitz et al., 2016; Sahani et al., 2014; Kunii et al., 2002), 

visibility issues (Sumaryati et al., 2022), economical losses (Rosenfeld 1999; Heil and 
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Goldammer, 2001; Page et al. 2002; Barber & Schweithelm, 2000), and decreases in 

photosynthetic rates (Fan et al., 1990) may be mitigated. 

 

But perhaps one of the most devastating environmental impacts of fire is the loss of carbon from 

the peatland to the atmosphere. Due to peat’s high carbon content, peat fires can release immense 

amounts of greenhouse gases (GHGs), including carbon-dioxide and methane, which contributes 

to global warming and ongoing climate change (Page et al., 2002; Hooijer et al., 2010; Ballhorn 

et al., 2009; Hergoualc’h & Verchot, 2011; van der Werf et al., 2008). In insular Southeast Asia, 

the fire situation is unique in that the extent, frequency, and severity of fire is on the rise (Page 

and Hooijer, 2016). This has been attributed to a drastic conversion of land from pristine peat 

swamp forest to plantations (Miettinen et al., 2011; Miettinen et al., 2012a; Miettinen et al., 

2012b). This study may aid in reducing fire-related carbon emissions by providing stakeholders 

the necessary information to take action on fire-prone environments. This may be anything from 

initiating rewetting activities (Ojanen and Minkkinen, 2020; Novita et al., 2024) to restoring the 

natural water regulation through reforestation (Lampela et al., 2017).   

 

3.5 Conclusion 
 

We demonstrated that OPTRAM has the potential for predicting the probability of burned area 

occurrence 10, 20, and 30 days ahead of time, albeit with varying degrees of accuracy, at 

multiple tropical peatland sites spanning Indonesia, Malaysia, Peru, and the Congo Basin. To 

obtain reliable retrievals of surface moisture content, OPTRAM must be applied in areas with 

low NDVI. The Indonesia site showed the strongest relationship between 10, 20, and 30-day 

forward shifted OPTRAM values and burned area proxy, with lower and higher OPTRAM 
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values corresponding to higher and lower burned area proxy values, respectively. We believe this 

to be partly due to the high percentage of data points with low NDVI values at the Indonesian 

sites relative to other sites. 

 

The ability to predict the burned area probability 10, 20, and 30 days ahead of time in tropical 

peatlands is very beneficial since stakeholders may take informed action before fires occur and 

therefore lessen its negative impact on health and the environment. For example, fire prevention 

means that potential haze events may be mitigated, as well as its associated health impacts. 

OPTRAM’s inherent remote sensing approach allows for a vast application in many tropical 

peatlands around the globe. As a result, tropical peatlands with low surface moisture content may 

be identified and restored such that the probability of future fire substantially decreases. Peat fire 

prevention also leads to a decrease of GHGs to the atmosphere and thereby aids in mitigating the 

effects of ongoing climate change.  
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3.6 Supplemental Figures 
 
 
 
 

 

Figure 3.S1: Scatterplot showing the relationship between burned area proxy (unitless) and 20-
day forward-shifted OPTRAM values (unitless) at each of the sites. Vertical brown dotted lines 
indicated constant OPTRAM values of 0, 0.1, 0.2, 0.3, 0.4, 0.5, and 0.6. The yellow, orange, red, 
and black horizontal dotted lines show constant burned area proxy values for each site. The 
dotted lines were added to facilitate data visualization.    
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Figure 3.S2: Scatterplot showing the relationship between burned area proxy (unitless) and 30-
day forward-shifted OPTRAM values (unitless) at each of the sites. Vertical brown dotted lines 
indicated constant OPTRAM values of 0, 0.1, 0.2, 0.3, 0.4, 0.5, and 0.6. The yellow, orange, red, 
and black horizontal dotted lines show constant burned area proxy values for each site. The 
dotted lines were added to facilitate data visualization.    
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Figure 3.S3: A histogram showcasing the relationship between the percentage of data with 
burned area proxy ≥ 0.0001 or < 0.0001 that are within each 20-day forward shifted OPTRAM 
threshold for each site. Red and blue indicate burned area proxy values ≥ 0.0001 and < 0.0001, 
respectively. Note that the scale of the y-axis is different for each site.     
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Figure 3.S4: A histogram showcasing the relationship between the percentage of data with 
burned area proxy equal to zero or not equal to zero that are within each 20-day forward shifted 
OPTRAM threshold for each site. Red and blue indicate burned area proxy values not equal to 
zero and equal to zero, respectively. Note that the scale of the y-axis is different for each site.        
 

 

 

 

 

 

 



 116 

 

 

 
Figure 3.S5: A histogram showcasing the relationship between the percentage of data with 
burned area proxy ≥ 0.0001 or < 0.0001 that are within each 30-day forward shifted OPTRAM 
threshold for each site. Red and blue indicate burned area proxy values ≥ 0.0001 and < 0.0001, 
respectively. Note that the scale of the y-axis is different for each site.     
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Figure 3.S6: A histogram showcasing the relationship between the percentage of data with 
burned area proxy equal to zero or not equal to zero that are within each 30-day forward shifted 
OPTRAM threshold for each site. Red and blue indicate burned area proxy values not equal to 
zero and equal to zero, respectively. Note that the scale of the y-axis is different for each site.        
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Figure 3.S7: A two-dimensional histogram showing the percentage of data points that fall within 
a specific 20-day forward shifted OPTRAM threshold and peat_BA (burned area proxy) 
threshold at each site. Percentage values are indicated within each square with white, gray, and 
black colors representing low, intermediate, and high percentage values. Note that the burned 
area proxy thresholds vary for each site. 
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Figure 3.S8: A two-dimensional histogram showing the percentage of data points that fall within 
a specific 30-day forward shifted OPTRAM threshold and peat_BA (burned area proxy) 
threshold at each site. Percentage values are indicated within each square with white, gray, and 
black colors representing low, intermediate, and high percentage values. Note that the burned 
area proxy thresholds vary for each site. 
 

 

 

 

 

 

 



 120 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

Figure 3.S9: Percentage of zero and non-zero burned area proxy a day after consecutive days 
when OPTRAM was below a certain threshold at the Malaysian sites. X-axis shows the number 
of consecutive days that OPTRAM was below a certain threshold. The “n” value shows the 
number of instances of burned area proxy values for each number of consecutive days. Green 
and yellow represent zero and non-zero burned area proxy values respectively.  
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Figure 3.S10: Percentage of zero and non-zero burned area proxy a day after consecutive days when 
OPTRAM was below a certain threshold at the Peruvian sites. X-axis shows the number of 
consecutive days that OPTRAM was below a certain threshold. The “n” value shows the number of 
instances of burned area proxy values for each number of consecutive days. Green and yellow 
represent zero and non-zero burned area proxy values respectively.  



 122 

 
 

 
 
 
 
 
 
 
 
 

 

 

Figure 3.S11: Percentage of zero and non-zero burned area proxy a day after consecutive days when OPTRAM 
was below a certain threshold at the Congo Basin sites. X-axis shows the number of consecutive days that 
OPTRAM was below a certain threshold. The “n” value shows the number of instances of burned area proxy 
values for each number of consecutive days. Green and yellow represent zero and non-zero burned area proxy 
values respectively.  
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Figure 3.S12: The twelve Malaysian site locations used in this study. Satellite image from 

Google Maps. 
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Figure 3.S13: The twelve Peruvian site locations used in this study. Satellite image from Google 

Maps. 
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Figure 3.S14: The twelve site locations in the Congo Basin that were used in this study. Satellite 

image from Google Maps. 
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Chapter 4: Impacts of Anthropogenic Disturbance on 
Soil Greenhouse Gas Fluxes in Malaysian Peatlands  
  
 
 
4.1 Introduction 
 

Tropical peatlands contain high soil carbon (C) stocks and make significant contributions to the 

global carbon cycle (Yu et al, 2010; Huang et al., 2021; Ribeiro et al., 2021). These systems also 

provide a variety of services such as hydrological regulation (Harenda et al., 2018; Holden, 

2005; Wösten et al., 2008; Posa et al., 2011; Evers et al., 2017) and C sequestration (Ribeiro et 

al., 2021; Warren et al., 2017; Dommain et al., 2011; Dommain et al., 2014; Kurnianto et al., 

2015) while also hosting an immense amount of biodiversity (Posa et al., 2011; Phillips, 1998; 

Bezuijen et al., 2001; Wibisono & Pusparini, 2010; Evers et al., 2017). In the past several years, 

tropical peatlands have been subject to high amounts of anthropogenic activity. This includes 

drainage (lowering the water table), deforestation, and burning (Dohong et al., 2017; Hooijer et 

al., 2012; Jaenicke et al., 2010). These practices are mainly carried out for the purpose of 

preparing the land for agriculture. In Southeast Asia, this typically takes the form of an oil palm 

plantation (Hooijer et al., 2010; Koh et al., 2011; Miettinen et al., 2012). 

 

The disturbances during land conversion not only eliminate tropical peatland ecosystem services 

but also contribute to ongoing climate change through immense amounts of C emission. A 

significant amount of tropical peatland C emissions are through human-induced drainage 

(Dohong et al., 2017; Leng et al., 2019). This can then result in peat oxidation, subsidence, and 

an increase in fire risk (Hooijer et al., 2012; Usup et al., 2004; Page et al., 2009). A landscape 

may also be deliberately set on fire using the slash-and-burn tactic, where oil palms from a 
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previous generation are burned away to open space for the next set of crops (Dhandapani and 

Evers, 2020; Myllyntaus et al., 2002). During slash-and-burn, the highly fire prone surface peat 

layer may catch fire, which may then continuously burn through smoldering for as long as 

multiple months (Rein, 2013; Turetsky et al., 2015). The persistency of the fires not only reduces 

the organic matter content of the peat soil, but also leads to further drying and an increase in 

susceptibility to more C loss (Sazawa et al., 2018; Wiggins et al., 2018). 

 

The drastic changes in biogeochemical and hydrological dynamics imposed by land cover 

change in tropical peatlands is an ongoing area of study. However, given the challenges of site 

and lab access, and the long history of greater attention paid to mid and high latitude peatlands, 

studies on tropical peatlands have not been as well-represented in the literature relative to those 

in temperate and boreal regions. Therefore, more studies must be carried out on natural and 

disturbed tropical peatlands to better elucidate the change in ecological dynamics and to also 

inform plantation owners and stakeholders of sustainable alternatives for maintaining the land. 

 

Many studies have used in-situ methods to quantify the greenhouse gas (GHG) fluxes and 

environmental variables in tropical peatlands. This includes peatlands in Malaysia (Melling et 

al., 2005a; Tang et al., 2020; Tang et al., 2018; Ishikura et al., 2019; Kiew et al., 2018; Wong et 

al., 2018), Indonesia (Deshmukh et al., 2020; Deshmukh et al., 2021; Hirano et al., 2014; Hirano 

et al., 2009; Hirano et al., 2007; Hirano et al., 2012), Peru (Hergoualc’h et al., 2020; Hergoualc’h 

et al., 2023), and the Congo Basin (Dargie et al., 2017). Studies have found that disturbed 

tropical peatland ecosystems are a net C source to the atmosphere (Hergoualc’h et al., 2020; 

Hergoualc’h et al., 2023; Hirano et al., 2012; Deshmukh et al., 2023). These findings are 
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significant since tropical peatlands have typically been found to be a net C sink for thousands of 

years. (Dommain et al., 2014). Furthermore, some are recently losing annual C at rates exceeding 

pre-disturbance C uptake, leading these systems to become a substantial net C source (Dommain 

et al., 2014). 

 

Here, we have a unique opportunity to study the soil GHG fluxes of three tropical peatlands with 

varying disturbance regimes in Sarawak, Malaysia. The period of the study is from May 2024 

through January 2025 and therefore encompasses both the wet and dry seasons in the region. The 

sites include an undrained peat swamp forest, a young oil palm plantation, and a mature oil palm 

plantation. Prior studies have found that increased water table levels result in decreased carbon-

dioxide (CO2) emissions and enhanced methane (CH4) emissions, with data on nitrous oxide 

(N2O) generally being limited (Deshmukh et al., 2023; Hirano et al., 2012; Hergoualc’h et al., 

2020; Hergoualc’h et al., 2023; Jauhiainen et al., 2012a; Jauhiainen et al., 2012b; Hooijer et al., 

2012). Furthermore, environmental controls such as air temperature, soil temperature, vapor 

pressure deficit (VPD), and precipitation have been found to modulate tropical peatland GHG 

fluxes (Hergoualc’h et al., 2020; Hirano et al., 2009). For example, soil CH4 emissions have been 

found to increase linearly with increasing air temperature and increase exponentially with 

increased annual precipitation (Hergoualc’h et al., 2020), while increases in soil respiration were 

observed with increasing soil temperature (Hirano et al., 2009). Increased VPD has also been 

documented to decrease gross primary production due to stomatal closure (Hirano et al., 2009), 

leading to a potential reduction in soil C inputs. Therefore, through this dataset, we intend to 

answer the following questions: 
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- Do the relationships between soil GHG fluxes and water table level hold across tropical 

peatlands with differing disturbance regimes? If so, what are the implications for the 

water table management of these systems to limit soil GHG emissions? 

- Does soil GHG flux sensitivity to environmental controls such as air temperature, soil 

temperature, VPD, and precipitation hold across differing tropical peatland disturbance 

regimes?  

 

Taking soil gas flux and micrometeorological observations from a relatively undisturbed, 

recently disturbed, and long-term disturbed tropical peatland provides a path for elucidating the 

exact impact of land cover change on these systems. With this knowledge, new policies may be 

proposed to limit or prohibit practices that are contributing to high C emissions. 

  

4.2 Methods 
 
4.2.1 Site Description 
 

The sites in this study are located in Maludam National Park (hereon “Undrained”; 1°27.211'N, 

111°8.967'E), Betong (hereon “Young Plantation”; 1°23.988'N, 111°24.111'E), and Sibu (hereon 

“Mature Plantation”; 2°11.163’N, 111°50.738’E) (Figure 4.1). All three sites in this study are 

located in Sarawak, Malaysia and are within a 58 km radius. The distance from Undrained to 

Young Plantation, Undrained to Mature Plantation, and Young Plantation to Mature Plantation is 

~29 km, ~113 km, and ~100 km, respectively.   

 

“Undrained” is an undrained peat swamp forest located ~45 km northwest of the Betong division 

of Sarawak, Malaysia (Wong et al., 2018). It was officially declared a park in 2000 with an area 
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of ~43200 ha, with further protections in 2015 increasing the area to ~53600 ha (Tang et al., 

2020). The peat profile resembles a dome shape and therefore water naturally flows away from 

the dome center into the surrounding bodies of water when the peat is saturated (Tang et al., 

2020). Due to precipitation being the main source of its nutrients, Undrained is classified as 

ombrotrophic and nutrient poor (oligotrophic). Throughout the year, the water table is typically 

near or above the peat surface and varies with the amount and duration of precipitation (Tang et 

al., 2020). The average tree height within the sampling area is ~35 meters and dominated by the 

Shorea albida species (Tang et al., 2020). 

 

“Young Plantation” is a young oil palm plantation near the Betong division in Sarawak, 

Malaysia (Wong et al., 2025). In the region, the average annual precipitation from 1990 to 2020 

was ~3154 mm (Wong et al., 2025). The land was occupied by a secondary peat swamp forest 

before being converted in March 2017 (Wong et al., 2025). Land conversion took place from 

March 2017 to April 2018 where the land was drained to lower the water table level (Wong et 

al., 2025). In May 2018, the seedlings of Elaeis guineensis were planted and fertilizer was added 

two times every year to facilitate oil palm growth (Wong et al., 2025).  

 

“Mature Plantation” is a mature oil palm plantation located southwest of Sibu in Sarawak, 

Malaysia (Nishina et al., 2023). The average annual air temperature in the area between 2004 and 

2016 was 26.5 °C and mean annual precipitation was ~2915 mm (Ishikura et al., 2018). The 

previous ecosystem on the land was a mixed ombrotrophic peat swamp forest and the initial 

deforesting and transplanting of oil palm began in 2004 (Nishina et al., 2023). The water table 

level from April 2018 through June 2019 fluctuated between 16 to 101 cm below the soil surface 
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and was mostly lower during the dry season relative to the wet season (Nishina et al., 2023). It is 

important to note that the specific study sites for Mature Plantation were located in a region 

where the second rotation of planting was taking place. Therefore, the oil palm trees were not 

fully grown at the time of sampling.  
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Figure 4.1: A map of Borneo Island showing the three study site locations along with pictures. 
Undrained, Young Plantation, and Mature Plantation are represented by green, blue, and red, 
respectively. 
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4.2.2 Soil and Soil Gas Samples 
 

Soil gas samples were taken using the closed chamber method. A total of 8 stainless steel 

chambers were placed on the surface of the soil at each site. The chambers were ~20 cm in 

diameter and ~25 cm in height. A cover was placed on the chamber and clipped with 6 binder 

clips so that gas may accumulate within the chamber. 20 mL of gas samples were taken via a 25 

mL polypropylene syringe and then transferred to a previously vacuumed vial. At each site, gas 

samples were taken between approximately 9am and 1pm local time and were taken four times: 

at minute 0, 10, 20, and 40.  

 

CO2, CH4, and N2O concentrations were evaluated after approximately two weeks from the 

sample date using gas chromatography (Agilent Technologies 7890A). For CO2, we specifically 

studied the soil efflux (soil-to-atmosphere exchange). Fluxes for CO2, CH4, and N2O were 

calculated using the following equation: 

 

                            !"#	%&'(	 = 	 (+)(ℎ) .∆"∆#/ .
$%&

$%&'(/ (0)                      (4.1) 

             

where p is the density of the gas in question, h is the average chamber height, ∆"∆# is the change in 

gas concertation over time, T is the average air temperature, and ! is the molecular weight ratio 

of either C to CO2 or CH4 or nitrogen to N2O. For data quality control, we fit the concentration 

measurements to a simple linear regression model to determine the coefficient of determination 

("$). We then set predetermined "$ thresholds for CO2, CH4, and N2O. If any flux value had an 

associated "$ value that was less than the threshold, that flux value was omitted from our 
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analysis. The number of data points remaining for CO2, CH4, and N2O after applying the 

threshold was 193, 126, and 148 data points, respectively. 

 

Soil samples were taken at each chamber location at each site using a soil auger. Samples were 

taken from 0-25 cm and 25-50 cm of the soil profile. In the laboratory, all soil samples were 

weighed using an analytical balance. To determine bulk density, the peat was dried before 

weighing. The volume for bulk density was calculated using a digital actual volumenometer. The 

electroconductivity and cation exchange capacity of the peat was evaluated using MS 2458:2012 

and ammonium acetate (pH 7), respectively. 

 
4.2.3 Other Measured Variables 
 
At each site, VPD (Campbell Scientific HygroVUE10) and precipitation (Texas Electronics TR-

525-M10) were measured. We only utilized daytime VPD (9am-3pm) values in our analysis. For 

each month, we recorded a single averaged VPD value and single summed precipitation value at 

each site. At the location of each chamber, the air temperature and soil temperature at 5 cm and 

10 cm depth (copper & alloy thermocouple) was also recorded.  

 

Perforated polyvinyl chloride tubes were used to measure the water table level relatively near the 

chambers at each site. Each month, the water table was measured manually using a tape measure 

and also recorded automatically every 30 minutes (HOBO U20-001-04 Water Level Logger) at 

each site. 

 

4.2.4 Data Analysis 
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We used the Python programming language for all data analysis. We used the “linregress” 

command within the “SciPy” Python package to calculate the Pearson correlation coefficient, p-

value, and slope and intercept for the line of best fit. Additionally, we utilized the standard error 

of the slope of each GHG concentration (CO2, CH4, and N2O) over time to calculate flux 

uncertainty for each chamber. 

 

4.3 Results 
 

4.3.1 Impact of Peatland Conversion to Oil Palm on Soil Greenhouse Gas Fluxes 

The GHG flux timeseries had notable variation from site to site. Additionally, some sites 

experienced large flux variation between the subsites, indicating peat GHG flux heterogeneity 

even across small distances. At Young Plantation and Mature Plantation, CO2 flux magnitudes 

were comparable. On the other hand, CO2 flux magnitudes at Undrained were notably smaller. 

The opposite was found for CH4, as Young Plantation and Mature Plantation maintained lower 

CH4 flux magnitudes over the study period relative to Undrained. N2O flux magnitudes at 

Undrained were miniscule when compared to those at Young Plantation and Mature Plantation. 

While CO2 and CH4 flux magnitudes exhibited large month-to-month variability across sites and 

most subsites, N2O flux magnitudes were fairly constant, with generally synchronized spikes 

sometimes occurring across subsites during certain months.  

4.3.2 Carbon Dioxide Flux 

 At the first subsite (Undrained-1A, Undrained-1B, Undrained-1C, Undrained-1D), the largest 

efflux occurred during July, August, October, and December at Undrained-1D, Undrained-1B, 

Undrained-1C, Undrained-1A, respectively (Figure 4.2). The flux range (difference between 
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maximum and minimum flux) for each chamber also varied substantially. Undrained-1A, 

Undrained-1B, Undrained-1C, and Undrained-1D had CO2 flux ranges of approximately 1.99, 

1.54, 1.28, 1.81 µmol CO2 m-2 s-1, respectively (Figure 4.2). For the second subsite (Undrained-

2A, Undrained-2B, Undrained-2C, Undrained-2D), the CO2 flux patterns were similar among 

Undrained-2A, Undrained-2B, and Undrained-2C. These chambers exhibited a generally 

increasing flux from May 2024 to August 2024, and then showed decreasing flux from August 

2024 to January 2025 (Figure 4.2). Undrained-2D showed a considerably different pattern, with 

large fluxes in July and December and the low fluxes in June and September (Figure 4.2).  

The chambers at Young Plantation were similar within each subsite, albeit with minor 

exceptions. The first subsite exhibited increasing fluxes from approximately the May to July 

months, and then decreased from around August to October (although not the case for Young 

Plantation-1A and Young Plantation-1D), followed by another increase from October to 

December (Figure 4.2). At the second subsite, fluxes varied between months, with one high flux 

occurring in May/June, a low flux in July, and then another high flux in August/September 

(Figure 4.2). The ranges of CO2 fluxes were approximately 6.07, 8.51, 5.78, and 12.09 µmol CO2 

m-2 s-1 for Young Plantation-2A, Young Plantation-2B, Young Plantation-2C, and Young 

Plantation-2D, respectively (Figure 4.2).  

The CO2 fluxes at Mature Plantation were relatively more stable than at Undrained and Young 

Plantation. All chambers at the first subsite showed minimal deviations from a flux value 

between 0 and 3.16 µmol CO2 m-2 s-1 (Figure 4.2). This was generally true for all chambers at the 

first subsite from May through October. The flux range for Young Plantation-1A, Young 

Plantation-1B, Young Plantation-1C, and Young Plantation-1D was 5.53, 5.38, 4.99, 4.15 µmol 
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CO2 m-2 s-1, respectively (Figure 4.2). Similar stability was observed at the second subsite. With 

the exception of Young Plantation-2D, the most stable period occurred from July through 

November, where the CO2 efflux remained between 0 and 6.31 µmol CO2 m-2 s-1 (Figure 4.2). 

Young Plantation-2C was the only chamber that exhibited continued flux stability through 

January 2025 (Figure 4.2). Flux ranges at the second subsite were 9.78, 9.16, 13.02, 9.67 µmol 

CO2 m-2 s-1 for Young Plantation-2A, Young Plantation-2B, Young Plantation-2C, and Young 

Plantation-2D, respectively (Figure 4.2).   
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 Figure 4.2:  CO2 flux over time at each chamber across all sites and subsites. CO2 flux error bars are also shown. 
Positive values indicate CO2 source. The horizontal black dotted line indicates zero flux.  
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4.3.3 Methane Flux 
 
Overall, CH4 flux data was limited at Undrained. However, Undrained-1D and Undrained-2A 

had the longest continuous records for CH4 flux data. At the first subsite, all individual chambers 

showed large variability among themselves, and no particular pattern was present. The 

continuous record at Undrained-1D showed that CH4 fluxes were relatively stable from May 

through July and August through October (Figure 4.3). The largest fluxes were observed in May 

and November (Figure 4.3). The second subsite also exhibited large flux variations between 

chambers. For example, Undrained-2B showed some CH4 flux magnitudes to be between 0.17 to 

0.66 µmol CH4 m-2 s-1 while Undrained-2D was between 0.002 and 0.01 µmol CH4 m-2 s-1 

(Figure 4.3). The chamber with the most continuous flux data, Undrained-2A showed a peak 

CH4 efflux in August and a stable flux from November through January (Figure 4.3). At the 

Young Plantation site, there was more agreement among the chambers in terms of CH4 flux 

patterns. At the first subsite, all chambers exhibited a maximum CH4 efflux in November (Figure 

4.3). Before and after November, the CH4 flux was relatively stable (Figure 4.3). This same flux 

pattern was observed at the second subsite (Figure 4.3). It is also worth noting that during some 

months the chambers reported a CH4 sink, such as in August for Young Plantation-1D and in 

January for Young Plantation-2A (Figure 4.3). Data at Mature Plantation was also limited, and 

therefore most flux data was discontinuous between consecutive months. However, it can be 

clearly observed that, at both first and second subsites, there are many instances the chamber 

locations acting as CH4 sinks (Figure 4.3). 
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Figure 4.3:  CH4 flux over time at each chamber across all sites and subsites. CH4 flux error bars are also shown. 
Positive and negative values indicate CH4 source and sink, respectively. The horizontal black dotted line indicates 
zero flux.  
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4.3.4 Nitrous Oxide Flux 
 
For Young Plantation, the N2O flux had similar temporal variability at the first subsite (Young 

Plantation-1A, Young Plantation-1B, Young Plantation-1C, Young Plantation-1D). Within the 

nine-month period, all chambers at the first subsite showed a maximum land-to-atmosphere N2O 

flux in June. This was then followed by a general decline from July through January (Figure 4.4). 

At the second subsite for Young Plantation (Young Plantation-2A, Young Plantation-2B, Young 

Plantation-2C, Young Plantation-2D), more variability was observed between chambers. For the 

data points we recorded, the maximum N2O flux from the ecosystem to atmosphere over the nine 

month period occurred during June at Young Plantation-2A and Young Plantation-2B, July at 

Young Plantation-2C, and May at Young Plantation-2D (Figure 4.4). While at Young Plantation-

2B and Young Plantation-2C the N2O flux declined after the maximum and remained small, 

Young Plantation-2A and Young Plantation-2D saw an increase from August to November and 

from November to December, respectively (Figure 4.4). Mature Plantation exhibited the most 

variable N2O fluxes out of all sites. It also experienced substantial variability between chambers 

within a single subsite. At the first subsite (Mature Plantation-1A, Mature Plantation-1B, Mature 

Plantation-1C, Mature Plantation-1D), the peak land-to-atmosphere N2O flux occurred in 

October for Mature Plantation-1B and Mature Plantation-1C. On the other hand, the peak N2O 

flux at Mature Plantation-1A and Mature Plantation-1D occurred during December and May, 

respectively (Figure 4.4). Generally, there was large variability during the nine month period and 

the N2O flux did not exhibit any noteworthy pattern (Figure 4.4). The second subsite (Mature 

Plantation-2A, Mature Plantation-2B, Mature Plantation-2C, Mature Plantation-2D) also showed 

large temporal variability. The N2O flux was at its peak during October, December, May, and 
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January for Mature Plantation-2A, Mature Plantation-2B, Mature Plantation-2C, and Mature 

Plantation-2D, respectively (Figure 4.4). With the exception of Mature Plantation-2B which 

exhibited a generally increasing N2O flux pattern from May 2024 through December 2024, the 

second subsite did not show a notable pattern throughout the study period (Figure 4.4). 
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Figure 4.4:  N2O flux over time at each chamber across all sites and subsites. N2O flux error bars are also shown. 
Positive and negative values indicate N2O source and sink, respectively.  The horizontal black dotted line indicates 
zero flux.  
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4.3.5 Role of Environmental Drivers on Soil Greenhouse Gas Fluxes in Undrained 
and Drained Tropical Peatlands 
 
4.3.5.1  Water Table Level 
 
The relationship between water table level and CO2 flux varied between the undrained peat 

swamp forest and the two oil palm plantations. While a significant inverse relationship was 

observed between the two variables at Undrained (R = -0.35; p < 0.01) (Figure 4.5), no 

correlation was found at Young Plantation (R = 0.02; p > 0.05) and Mature Plantation (R = 0.11; 

p > 0.05) (Figure 4.5). Water table level and CH4 did not show any relationship among the three 

sites (Figure 4.5). At Young Plantation and Mature Plantation, N2O and water table level 

exhibited a statistically significant positive relationship, while at Undrained, there was a weak 

negative relationship (R = -0.24; p > 0.05 at Undrained, R = 0.32; p < 0.05 at Young Plantation, 

R = 0.29; p < 0.05 at Mature Plantation) (Figure 4.5). 
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Figure 4.5: CO2, CH4, and N2O flux versus water table level at each of the sites along with the Pearson 
correlation coefficient (R) and p-value (stated as whether the value is greater or less than 0.05). Each color 
represents an individual chamber. 
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4.3.5.2  Average Air Temperature 
 
CO2 flux showed a weak positive relationship with average air temperature at Undrained, but no 

relationship at Mature Plantation (R = 0.2; p > 0.05 at Undrained, R = -0.09; p > 0.05 at Mature 

Plantation). At Young Plantation, a moderate and statistically significant positive correlation was 

found (R = 0.33; p < 0.01) (Figure 4.6). There was no strong relationship between CH4 flux and 

average air temperature at each of the sites (R = 0; p > 0.05 at Undrained, R = 0.23; p > 0.05 at 

Young Plantation, R = -0.08; p > 0.05 at Mature Plantation) (Figure 4.6). N2O flux showed a 

very weak and insignificant positive relationship with average air temperature at Undrained (R = 

0.22; p > 0.05). At Young Plantation and Mature Plantation, there was little to no correlation (R 

= 0.18; p > 0.05 at Young Plantation, R = -0.18; p > 0.05 at Mature Plantation) (Figure 4.6). 
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Figure 4.6: CO2, CH4, and N2O flux versus average air temperature at each of the sites along with the Pearson 
correlation coefficient (R) and p-value (stated as whether the value is greater or less than 0.05). Each color 
represents an individual chamber. 
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4.3.5.3  Soil Temperature at 5 cm and 10 cm Depth  
 
 
Soil temperature at 5 cm depth had opposite effects on CO2 flux at Undrained and Young 

Plantation. As soil temperature at 5 cm depth increased, Undrained and Young Plantation 

experienced a decrease and increase in CO2 flux, respectively (R = -0.32; p < 0.05 at Undrained, 

R = 0.37; p < 0.01 at Young Plantation) (Figure 4.7). At Mature Plantation, no relationship was 

found between soil temperature at 5 cm depth and CO2 flux (R = 0.01; p > 0.05) (Figure 4.7). At 

all three sites, soil temperature at 5 cm depth did not have an effect on CH4 flux (R = -0.09; p > 

0.05 at Undrained, R = 0.19; p > 0.05 at Young Plantation, R = -0.04; p > 0.05 at Mature 

Plantation) (Figure 4.7). There was also no relationship found between soil temperature at 5 cm 

and N2O flux at Young Plantation and Mature Plantation (R = -0.02; p > 0.05 at Young 

Plantation, R = -0.01; p > 0.05 at Mature Plantation) (Figure 4.7). At Undrained, the correlation 

between soil temperature at 5 cm and N2O flux was negative and statistically insignificant (R = -

0.29; p > 0.05 at Undrained) (Figure 4.7). 

 

For soil temperature at 10 cm depth, Undrained and Mature Plantation exhibited no relationship 

with CO2 flux (R = 0.09; p > 0.05 at Undrained, R = 0.04; p > 0.05 at Mature Plantation) while 

Young Plantation showed a weak positive relationship (R = 0.22; p > 0.05) (Figure 4.8). The 

correlation between soil temperature at 10 cm depth and CH4 flux was non-existent at Young 

Plantation and Mature Plantation (R = 0.07; p > 0.05 at Young Plantation, R = 0; p > 0.05 at 

Mature Plantation) (Figure 4.8). However, there was a weak negative relationship at Undrained 

(R = -0.24; p > 0.05) (Figure 4.8) When observing the dependency of N2O flux on soil 

temperature at 10 cm depth, Undrained was found to have a weak negative correlation (R = -
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0.21; p > 0.05) while Young Plantation and Mature Plantation did not show any relationship (R = 

-0.04; p > 0.05 at Young Plantation, R = 0.02; p > 0.05 at Mature Plantation) (Figure 4.8).   
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Figure 4.7: CO2, CH4, and N2O flux versus soil temperature at 5 cm depth at each of the sites along with the 
Pearson correlation coefficient (R) and p-value (stated as whether the value is greater or less than 0.05). Each 
color represents an individual chamber. 
 



 158 

 

 

 

Figure 4.8: CO2, CH4, and N2O flux versus soil temperature at 10 cm depth at each of the sites along with the Pearson 
correlation coefficient (R) and p-value (stated as whether the value is greater or less than 0.05). Each color represents 
an individual chamber. 
 



 159 

4.3.5.4  Precipitation 
 
Overall, CO2 efflux showed large chamber-to-chamber variability with increasing precipitation 

at Undrained. For example, while at Undrained-2D there was a large CO2 efflux (~4.9 µmol CO2 

m-2 s-1) at a monthly precipitation of 396.8 mm, there was a notably smaller CO2 efflux for 

Undrained-2C (~0.88 µmol CO2 m-2 s-1) (Figure 4.9) for the same precipitation value. There was, 

however, a generally increasing flux pattern when considering all chambers up until a 

precipitation value of 611.1 mm. At a monthly precipitation of 611.1 mm, all recorded CO2 

effluxes substantially decreased. At Young Plantation, chamber-to-chamber variability was also 

high, and low CO2 effluxes were also observed at the highest monthly precipitation value (Figure 

4.9). For Mature Plantation, some chambers experience a sudden spike in CO2 efflux at 

intermediate monthly precipitation values, before decreasing and then increasing again at the 

highest monthly precipitation value (Figure 4.9). Due to the limited amount of CH4 flux data, it 

was difficult to observe any relationships between CH4 flux and precipitation. However, at 

Young Plantation there were relatively large CH4 effluxes at all the chambers when monthly 

precipitation was at an intermediate value of 284.5 mm (Figure 4.9). The N2O flux and 

precipitation relationship was not able to be determined at Undrained due to lack of data. 

Although, at Young Plantation and Mature Plantation, there were relatively large N2O fluxes at 

some chambers when monthly precipitation was at lower-intermediate values (191.8 mm and 

238.3 mm, respectively) (Figure 4.9). 
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Figure 4.9: A bar plot showing CO2, CH4, and N2O flux of individual chambers for a single monthly precipitation 
value. Precipitation values were summed for each month. 
 



 161 

4.3.5.5  Vapor Pressure Deficit 
   
The CO2 flux at each site showed substantial variability with increasing VPD (Figure 4.10). At 

Undrained, there were notably smaller CO2 fluxes at VPD values of ~0.49 and ~0.79 kPa (Figure 

4.10). Relatively higher CO2 fluxes were recorded at a VPD of ~0.69, ~0.7, and ~0.75 kPa 

(Figure 4.10). At Young Plantation, some chambers experienced CO2 fluxes that were large at 

low VPD values (with the exception of when VPD was ~0.5) (Figure 4.10). No relationship was 

observed between CO2 fluxes and VPD at Mature Plantation (Figure 4.10). Unfortunately, due to 

the lack of CH4 flux data at Undrained and Mature Plantation, we could not resolve any 

relationship between CH4 flux and VPD at those sites (Figure 4.10). However, Young Plantation 

did show higher CH4 fluxes across all recorded chambers at a VPD of ~0.745 kPa (Figure 4.10). 

For N2O flux, lack of data prevented us from determining its relationship with VPD at Undrained 

(Figure 4.10). At Young Plantation, the highest N2O fluxes at many of the chambers occurred at 

a VPD of ~0.77 and ~0.89 kPa (Figure 4.10). However, no general pattern was found between 

VPD and N2O flux at the site. N2O flux increased at some chambers and decreased at others at 

Mature Plantation. For example, from a VPD of 0.72 to 0.83 kPa, the N2O flux generally 

increased at Mature Plantation-1D and Mature Plantation-2A (Figure 4.10). On the other hand, 

Mature Plantation-2D showed a decreasing pattern in N2O flux from ~0.74 to ~0.92 kPa (Figure 

4.10). 
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Figure 4.10: A bar plot showing CO2, CH4, and N2O flux of individual chambers for a single monthly VPD value. 
VPD values were averaged for the times of 9am to 3pm only. 
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4.4 Discussion 
 
The differences in soil GHG flux at each site shows that agriculture-related disturbance can have 

an immense impact on peat’s ability to maintain carbon and nitrogen (Figure 4.11). These 

impacts are mainly observed through drainage, which lowers the water table, promotes peat 

oxidation, and releases CO2 to the atmosphere (Carlson et al., 2015; Hooijer et al., 2012; Evans 

et al., 2019). Peatland drainage also tends to decrease CH4 emissions due to the presence of 

oxygen reducing methanogenic processes (Murdiyarso et al., 2010; Somers et al., 2023; 

Deshmukh et al., 2020; Hirano et al., 2009; Melling et al., 2005b). N2O emissions are minimal in 

undisturbed tropical peatlands due to the limitation of nitrogen within the system (Jauhiainen et 

al., 2012b; Teh et al., 2017). On the other hand, nitrogen is abundant in agricultural settings due 

to anthropogenic input of nitrogen fertilizer (Nishina et al., 2023; Hayashi et al., 2020). Our 

study observed a similar pattern in magnitude of flux differences between the undrained and both 

oil palm plantations, suggesting that peatland drainage and oil palm cultivation has a broadly 

consistent set of impacts across tropical peatland systems. 
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Figure 4.11: Approximate mean [minimum-maximum] soil greenhouse gas fluxes across all 
months for all sites. Negative and positive values indicate sink and source, respectively. CO2-
equivalent (CO2-eq) fluxes were calculated using 100-year time horizon global warming 
potential values of 38 (Neubauer, 2014) and 273 (IPCC, 2023) for CH4 and N2O, respectively 
(Frolking et al., 2006). 
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4.4.1 Drainage and Oil Palm Cultivation on Tropical Peat Decreases Methane 
Emissions and Promotes Carbon Dioxide and Nitrous Oxide Emissions 

 
 
Elevated N2O fluxes at Young Plantation and Mature Plantation suggest increased nitrogen 

inputs compared to Undrained. Most fertilizers used in oil palm plantations contain nitrogen in 

the form of ammonium and therefore provide ample substrate for ammonia-oxidizing bacteria to 

undergo nitrification. This results in a high abundance of nitrate in the soil which, combined with 

anaerobic conditions, can result in denitrification and consequently an increase in N2O flux from 

the soil to the atmosphere. Due to the drained nature of the oil palm plantation sites, the water 

table is low, creating aerobic conditions that are unfavorable for denitrification on a bulk soil 

scale. However, small pockets of oxygen-limited areas may exist within the peat structure and 

therefore act as local hot spots for N2O emission. On a larger scale, precipitation events can 

temporarily increase water saturation in the soil and may thereby expand anaerobic conditions 

and consequently increase N2O emissions over a larger area. At undrained sites (such as 

Undrained in this study), saturated soils promote anaerobic conditions that are prevalent across 

much of the landscape. Although these conditions favor denitrification, low nitrate availability—

resulting from decreased nitrification—limits N2O emissions. In general, our study agrees with 

similar previous studies (Jauhiainen et al., 2012b; Teh et al., 2017). We attributed the large 

spikes in N2O emissions at Young Plantation and Mature Plantation to the fertilizer applied many 

days before.  

 

CO2 emissions are highly dependent on oxygen availability since microbes mainly use oxygen to 

break down organic C and emit CO2. One of the common ways to achieve an oxygen-limited 

environment is through water-logged conditions. In these conditions, pore spaces are filled 
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entirely with water which blocks air from entering. Furthermore, due to its significantly lower 

diffusivity in water than in air, oxygen is poorly distributed in saturated soils. As a result, CO2 

emissions are decreased in tropical peatlands under these conditions (Lam et al., 2022; Hirano et 

al., 2012). This was clearly displayed in our study at Undrained, where soil CO2 fluxes were 

markedly lower at various points during the study period than at Young Plantation and Mature 

Plantation. Low water tables at Young Plantation and Mature Plantation allowed for more soil 

aeration and therefore more oxygen availability, leading to an increase in peat oxidation and CO2 

emissions. In addition, intensified microbial activity indicates ongoing loss of organic matter 

within the peat profile which, when combined with compaction and shrinkage, contributes to 

peat subsidence and an increase in overall peat bulk density (Hooijer et al., 2012). As pore space 

within the peat profile decreases, the soil's capacity to retain and regulate water declines, 

increasing the risk of flooding (Hein et al., 2022; Uda et al., 2017). Furthermore, lowered 

moisture content increases fire risk due to dry peat being more susceptible to ignition and 

combustion (Turetsky et al., 2015), especially if there is high oxygen availability. 

 

At many points throughout the study period, the chambers at Undrained showed much larger 

CH4 emissions than at Young Plantation and Mature Plantation. Since Undrained is undrained, 

the landscape is waterlogged and oxygen-limited, favoring anaerobic decomposition 

(Hergoualc’h et al., 2020). Specifically, methanogenic archaea produce CH4 as a byproduct of 

their metabolic process, and this CH4 is then emitted from the soil to the atmosphere. In aerobic 

environments such as those at Young Plantation and Mature Plantation, CH4 emissions are 

inhibited due to the presence of oxygen. Methanogenic activity is greatly reduced in these 



 167 

environments due to the oxygen sensitivity of both methanogenic enzymes and the archaea 

themselves. 

 
We found some differences when comparing our flux values to other studies that also took place 

in Sarawak, Malaysia (Melling et al., 2005a; Melling et al., 2005b; Melling et al., 2007). Soil 

CO2 flux in Melling et al., 2005b ranged from ~2.31 to ~12.33 µmol CO2 m-2 s-1, ~1.46 to ~5.67 

µmol CO2 m-2 s-1 and ~1.06 to ~7.75 µmol CO2 m-2 s-1 at a peatland forest, sago plantation, and 

oil palm plantation site, respectively. This is in slight contrast with the soil CO2 flux ranges we 

reported in Figure 4.11. In Melling et al., 2005a, the soil CH4 flux ranges were substantially 

lower than what we reported, especially between the respective peat swamp forest sites in each 

study. The range of soil N2O fluxes reported at the peat swamp forest in Melling et al., 2007 was 

comparable to that of Undrained. However, the two plantation sites in Melling et al., 2007 had 

substantially lower soil N2O flux ranges when compared to the Young Plantation and Mature 

Plantation sites in our study. Differences in CO2 and CH4 fluxes are likely due to peat C 

exhibiting a high degree of spatial heterogeneity due to differing plant material, management 

practices, and peat depth even within the same region (Girkin et al., 2019; Girkin et al., 2022). 

On the other hand, N2O flux differences may be attributed to variations in anthropogenic 

nitrogen input. In Melling et al., 2007, no fertilizer was applied at the sago plantation, which may 

be one explanation for the lower N2O fluxes relative to those at the plantations in our study.     

 

It is also important to note that the relatively large distances between sites may yield observed 

soil GHG flux differences that are not solely due to land-use change. Regional differences in 

climate and each site’s ecological history may have confounding effects which contribute to site-

to-site soil GHG flux variability.  
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4.4.2 Drivers of Soil Greenhouse Gas Fluxes 
 
At Undrained, the CO2 flux decreased as the water table level increased, showcasing the role of 

oxygen in facilitating aerobic decomposition. As previously mentioned, CO2 fluxes occur when 

oxygen availability is high. Therefore, the water table typically needs to be below the peat 

surface so that oxygen can fill pores within the peat profile. We observed this phenomenon at 

Undrained—when water table values turned negative (below peat surface), the soil CO2 efflux 

increased. This has also been observed in various other studies covering tropical peatland CO2 

fluxes (Hirano et al., 2012; Deshmukh et al., 2021). CH4 fluxes at Undrained exhibited no 

relationship with water table level which goes against previous literature (Deshmukh et al., 2021; 

Hergoualc’h et al., 2020). This may be due to the lack of labile substrates that are essential for 

methanogenesis. In these forested systems, highly recalcitrant (lignin-rich) material such as tree 

branches and trunks are omnipresent. Once trees die and their biomass reaches the surface, 

decomposition slows down due to high lignin content, especially compared to more labile 

materials like fresh leaves (Gandois et al., 2012; Gandois et al., 2014). This, in turn, may slow 

methanogenic activity, leading to reduced and potentially delayed CH4 emissions. 

Microtopographic variability can also play a role through the widespread distribution of 

hummocks and hollows (Wösten et al., 2006; Page et al., 1999). Hummocks often remain aerated 

even at high water tables, reducing CH4 emissions, while hollows can stay waterlogged at low 

water tables, which promotes CH4 production. With regards to N2O emissions, a weak negative 

relationship was found with increasing water table at Undrained. Therefore, it is unlikely that the 

aerobic and anaerobic conditions caused by the water table modulate N2O fluxes in this setting. 

Rather, it may be more about the lack of nitrate availability which limits denitrification and thus 
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decreases N2O production. At Young Plantation and Mature Plantation, CO2 fluxes were less 

sensitive to water table level fluctuations when compared to Undrained. This is in agreement 

with Deshmukh et al., 2021, which found net ecosystem CO2 exchange to be less sensitive to 

water table levels at a degraded peatland site relative to an intact site in Indonesia. This may be 

due to peat oxidation decelerating rapidly within the first five years after drainage (Hirano et al., 

2012; Hooijer et al., 2012). CH4 fluxes also exhibited minimal sensitivity to water table level. 

We attribute this to high methanotrophic activity in the upper peat layers. While CH4 production 

is possible within the deeper peat layers, it will likely be oxidized before it reaches the peat 

surface. Therefore, methane oxidation is the primary process suppressing CH4 emissions at low 

water table levels at the plantation sites (Horwath, 2007; Strack et al., 2008). N2O fluxes at the 

plantation sites showed an exponential increase with increasing water table level. This is likely 

due to increased nitrogen inputs from fertilizer application in combination with nitrification and 

denitrification processes. At low water table levels, greater oxygen availability promotes 

nitrification which leads to increased nitrate production. During periods of relatively higher 

water tables, anaerobic conditions favor denitrification which reduces nitrate and produces N2O 

as an intermediate product (Jauhiainen et al., 2012b; Schlesinger, 2013). This is likely the reason 

for elevated N2O fluxes at higher water table levels at Young Plantation and Mature Plantation. 

 

Air temperature also had some effects on GHG fluxes at each site, with the most prominent 

being an increase in GHG flux with increases in average air temperature. The general increase in 

flux may be attributed to increased microbial activity. At higher temperatures, the rate of 

chemical reactions is accelerated, meaning that microbes undergo their metabolic processes more 

quickly. Interestingly, this positive relationship was held for N2O fluxes at Undrained, even 
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though there was limited nitrogen substrate to undergo nitrification and denitrification. Due to 

higher temperatures, it is possible that the increased microbial activity can cycle even the smaller 

pools of nitrogen (Pärn et al., 2018). This is especially the case for nitrate, which is in an ideal 

condition to be converted to N2O through denitrification due to anaerobic conditions. At Young 

Plantation, the CH4 flux exhibited relatively high values at many chambers between temperatures 

of 31°C and 36°C, but some of the same chambers showed a decrease in CH4 flux when 

temperatures rose above 36°C. This is likely due to higher temperatures promoting soil drying, 

which shifts redox conditions such that anaerobic microbial processes are decreased. N2O fluxes 

at Young Plantation showed that they may be promoted when air temperature surpasses a certain 

threshold. Between 28°C and 34°C, low N2O flux values were recorded. However, between 34°C 

and 36°C, N2O flux values increased drastically. A possible explanation may be that, in addition 

to increased microbial activity and nitrogen inputs via fertilizer, the drained nature of the 

plantation creates aerobic and anaerobic zones that facilitate coupled nitrification–denitrification 

processes. Nitrification dominates in aerobic zones which supports nitrate production. This 

nitrate may then diffuse into anaerobic zones and undergo denitrification, causing elevated N2O 

emissions. Air temperature’s lack of influence on soil GHG fluxes at Mature Plantation suggest 

that this may be because this area recently underwent a second rotation of planting. Therefore, 

the associated soil disturbance may have disrupted microbial activity and subsequently 

diminished the sensitivity of GHG fluxes to air temperature changes. However, it is important to 

note that one study found certain methanotrophs to be unaffected in a disturbed Indonesian 

peatland (Arai et al., 2014). Despite our expectation to observe enhanced soil CH4 and N2O 

fluxes with increased precipitation, no relationship was found at most chambers within all sites. 

In fact, we found this relationship to be quite variable between sites, subsites, and individual 
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chambers. A similar observation was made between the VPD and soil GHG fluxes. For CO2, it is 

expected for the flux to increase (to a point) with increasing VPD due to higher VPD facilitating 

aerobic conditions (Ahmad et al., 2021). Soil CH4 fluxes, on the other hand, are expected to 

decrease with increasing VPD since oxygen-rich conditions inhibit methanogenesis. At our study 

sites, these relationships were quite variable and no clear pattern was observed, reinforcing the 

complex, multifaceted processes required for these gas emissions to occur in these systems. At 

all sites, soil N2O fluxes were highly variable with increasing VPD. This is likely due to the 

aforementioned nitrification and denitrification coupling that comes with varying oxygen 

availability, resulting in more sporadic N2O fluxes. 

 
4.4.3 Recommendations for Tropical Peatland Restoration and Sustainability  
 
 
Given these findings, numerous recommendations can be made to mitigate GHG emissions from 

tropical peatland soils. Our work clearly shows that Young Plantation and Mature Plantation, the 

converted peatlands, have a higher soil CO2 efflux relative to Undrained, the undrained 

peatlands. We have attributed this to aerobic conditions caused by low water table levels. 

Therefore, we recommend raising the water table so that peat oxidation may be slowed down. 

This can be achieved through the blocking of drainage canals in already-drained tropical 

peatlands (Novita et al., 2024). Agricultural land conversion should also avoid extremely deep 

drainage since this may increase fire risk in addition to CO2 emissions (Hirano et al., 2009; 

Hirano et al., 2012; Inubushi et al., 2003; Roucoux et al., 2017). However, stakeholders should 

be aware that while rewetting efforts have been documented to decrease CO2 emissions, the 

associated anaerobic conditions do promote elevated CH4 emissions (Ojanen and Minkkinen, 
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2020). It is therefore not advisable to raise the water table as much as possible, but rather to 

maintain it at a certain level to minimize the impact of GHG emissions.  

 

Alternatively, restoring native vegetation may also help in this endeavor. Canopy closure 

provides shade for the underlying soil surface, which reduces evaporation and allows the peat to 

retain more moisture. Furthermore, this can promote carbon sequestration through biomass 

accumulation and may contribute to long-term peat formation through woody detritus and leaf 

litter.  

 

It is important to note that, because measurements at Mature Plantation were collected during the 

second rotation of planting, the peat structure, microclimate, and nutrient dynamics may not fully 

reflect those of a fully stabilized mature stand. Therefore, the reader is cautioned that 

observations reported for this site may not completely represent mature conditions, and may also 

affect our recommended restoration measures. These efforts, along with other restoration 

strategies such as wet agriculture (also known as paludiculture) and fire management practices, 

can move these systems towards partial regeneration and restore some of their ecosystem 

services. 

 
 
 
4.5 Conclusion 
 
Our study shows that tropical peatland GHG flux dynamics are substantially altered after land 

conversion. Specifically, the converted sites exhibited larger CO2 fluxes and diminished CH4 

fluxes relative to the undrained site. N2O fluxes were generally higher at the converted sites, 

likely being due to increased nitrogen substrate within the soil through fertilizer application. Air 
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temperature and water table level were the largest contributors to soil GHG flux variability, 

while effects of precipitation and VPD were variable and did not show a clear relationship. We 

recommend rewetting and reforestation initiatives to help restore the native peatland vegetation 

while also promoting enhanced carbon sequestration and peat formation. These efforts will not 

only partially restore the many valuable ecosystem services, but will also contribute to mitigating 

the effects of ongoing climate change. 
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Chapter 5: Conclusion 
 

5.1 Dissertation Overview 
 
Quantifying the carbon cycle and its hydrological drivers in tropical peatlands is challenging for 

multiple reasons. My dissertation is among the first to evaluate how space-based approaches to 

estimating tropical peatland properties relevant to the carbon cycle can resolve that challenge. 

Specifically, it showcases that remote sensing may give researchers an accurate quantification of 

temporal water table fluctuations within a tropical peatland landscape and also provide 

meaningful forecasting of burning area. Together, these two indicators are critical drivers of the 

carbon cycle. Furthermore, this dissertation has contributed to the traditional approach of tropical 

peatland study by taking in situ measurements of soil, soil gas, water table, and other 

environmental variables to provide challenging, rarely measured observations of greenhouse gas 

emissions together with drivers. This on-the-ground work aimed to compare the soil greenhouse 

gas fluxes within three peatland sites of varying disturbance. It also analyzed how the 

relationship between soil gas flux and environmental variables differed between the three sites. 

The combined work of these chapters provides a pathway to future greenhouse gas information 

systems for tropical peatlands, essential for improving reporting of peatland-related carbon 

emission changes and the revising of emission factors used in international emission reduction 

policies.   

 

Chapter 2 used a surface reflectance-based remote sensing model, the Optical Trapezoid Model 

(OPTRAM), to estimate tropical peatland water table level. It was found that OPTRAM 

performs optimally in areas with sparse vegetation and performs poorly in areas with high 
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vegetation. This indicates that, even within the densely vegetated tropical peat swamp forests, the 

landscape-level temporal fluctuations in water table level may be monitored. This is due to the 

high horizontal hydraulic conductivity of the upper peat layer which synchronizes the rising and 

falling of water table across the peatland landscape (Hirano et al., 2012; Burdun et al., 2020; 

Burdun et al., 2023). This suggests that if a single location with sparse vegetation is found within 

a tropical peat swamp forest, OPTRAM may be successfully applied to retrieve temporal 

fluctuations in water table level at the landscape scale. It is important to note, however, that this 

is only possible in undrained tropical peatland systems where horizontal hydraulic conductivity 

is high. In drained and converted tropical peatland systems, where the horizontal hydraulic 

conductivity is low, OPTRAM-based retrieval of landscape-level water table level may not be 

possible. Furthermore, OPTRAM indicates the vegetation moisture status and uses the water 

table-vegetation moisture connection to make water table estimations. In drained and converted 

tropical peat systems, this connection is low due to an excessively low water table, and therefore 

OPTRAM may not be able to reliably retrieve water table regardless of vegetation density. 

Despite this, this work has large implications for tropical peatland management and may provide 

stakeholders and practitioners with an idea of water table fluctuations in peat ecosystems that are 

inaccessible for in situ measurements. 

 

Chapter 3 uses the findings of chapter 2 to elevate OPTRAM’s application in tropical peatlands. 

Specifically, it shows that it is possible to use OPTRAM to forecast burned area 10, 20, and 30 

days ahead of time in the peatlands of Indonesia, Malaysia, Peru, and the Congo Basin. For some 

sites, when 10, 20, and 30-day forward shifted OPTRAM values were low, the proxy value for 

the burned area was high, indicating that low OPTRAM values in the past may be indicators of 
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non-zero burned area in the present. Like in chapter 2, OPTRAM must be applied in areas with 

low vegetation density to obtain accurate retrievals of surface moisture content. This work may 

provide a way to detect peat fire before they occur, allowing stakeholders and practitioners to 

prepare for or even prevent upcoming fire events. 

 

Chapter 4 quantified soil greenhouse gas fluxes using the closed chamber method at an 

undrained peat swamp forest, a young oil palm plantation, and mature oil palm plantation (in a 

region where the second rotation of planting was taking place) over nine months. This work also 

gathered environmental data (water table level, air temperature, precipitation, etc.) to determine 

how soil greenhouse gas fluxes were impacted by these variables. It was discovered that land 

conversion for the purposes of agriculture drastically changes soil greenhouse gas flux 

magnitudes. Specifically, it was found that soil carbon-dioxide and nitrous oxide fluxes toward 

the atmosphere generally increased at the two plantation sites. Meanwhile, soil methane fluxes 

toward the atmosphere were generally lower at the plantation sites relative to the undrained site. 

Water table level and average air temperature were found to be major contributors to soil 

greenhouse gas flux variability, whereas precipitation and vapor pressure deficit had minimal 

impact. 

5.2 Study Limitations 
 
This dissertation was faced with some limitations. For example, the heavy reliance on optical 

remote sensing in Chapters 2 and 3 made OPTRAM calculations highly affected by clouds. Even 

though the affected pixels were removed, this still impacted these studies by reducing the overall 

number of data points used and thereby potentially diminishing the robustness of results. In 

chapter 3, the MODIS MOD09GA v6.1 surface reflectance product was used rather than Landsat 
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in favor of its daily temporal resolution. However, this product has a 500m resolution which may 

miss some tropical peatland properties that may have otherwise been observed with higher 

resolution. One of the major limitations in chapter 4 was during data collection in the field. For 

example, the water table was measured using a tape measure, which made it quite challenging to 

obtain exact values. Moreover, when the water table was extremely low, which was often the 

case at the plantation sites, the measurement was particularly arduous. 

 

5.3 Implications 
 
 Since many tropical peatlands are difficult to access due to being in remote locations, a remote 

sensing approach for estimating variables has large implications for advancing the field. In terms 

of this dissertation work, being able to estimate water table fluctuations is essential for many 

aspects of tropical peatland conservation. For example, if OPTRAM is found to be decreasing in 

a certain tropical peatland area, then efforts may be made to rewet the area to prevent excessive 

carbon dioxide emissions. Furthermore, this approach can inform future policy, especially in the 

Southeast Asia region where peatland conversion to plantation is rampant. Undrained and 

minimally disturbed tropical peatlands can have their water tables monitored and new policies 

may be created to sustain high water tables and prevent land conversion. Monitoring water table 

in tropical peatlands gives stakeholders and practitioners the power to make informed decisions 

about the land and prevent carbon dioxide emissions. This can be seen as a significant global 

warming mitigation tool for the tropics which, in past decades, has been known to be a 

significant carbon source in certain regions. 
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While there have been efforts in mitigating the carbon release in tropical peatlands, many of 

these regulations are not strictly enforced and sometimes act as nothing more than symbolic 

legislation to appease the local and international community. For example, in 2011, Indonesia 

established a moratorium on the granting of new licenses that allowed primary peatland forest 

conversion to palm oil plantations and timber concessions (Government of Indonesia, 2011; 

Purnomo, 2012). Additional restrictions were later implemented by Indonesia in 2017, followed 

in 2018 by a 3-year moratorium on new palm oil concessions (Government of Indonesia, 2011; 

Purnomo, 2012). However, from 2011-2018, there was found to be substantial forest cover loss 

despite these conservation efforts, and the most likely explanation was that deforestation was 

continuing to occur largely unchecked (Groom et al., 2022). 

 

Moreover, this work may inform fire prevention tactics. Not only does peat fire contribute 

substantially to carbon emissions and the exacerbation of climate change, but it also has many 

immediate effects. For instance, some megafires, such as those that took place in Indonesia in 

1997 and 2015, can cause massive haze events. This can lower visibility and dramatically 

decrease air quality, leading to adverse and sometimes lethal health effects (Davies et al., 1999; 

Sahani et al., 2014; Koplitz et al., 2016; Kunii et al., 2002). Peat fires are also different from 

conventional soils, in that, they may experience smoldering combustion that can continue to burn 

even if flames are not present (Turetsky et al., 2015). Chapter 3 of this dissertation can make 

meaningful contributions to existing fire prevention strategies, especially in Southeast Asia. It 

introduces a method where peat fire vulnerability can be actively monitored, which can inform 

stakeholders and practitioners as to when they would need to intervene to reduce future peat fire 

risk. This work may also inform sustainable agricultural practices through the findings of chapter 
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4. The in situ measurements presented in the chapter provide valuable information regarding the 

state of a tropical peatland ecosystem across varying disturbance levels. This type of study is not 

very common in the literature due to the many limitations that come with studying peatlands in 

the tropics. Based on the results in this study, plantation owners may be advised to transition to 

more sustainable practices that mitigate carbon dioxide and nitrous oxide emissions from the 

peat soil. 

5.4 Future Directions 
 
Future research should prioritize in leveraging the application of OPTRAM such that it may 

quantify other moisture-dependent tropical peatland variables. This can include estimations for 

variables such as peatland carbon dioxide emissions and subsidence. A relationship between 

water table level and carbon dioxide flux has been empirically found in past studies on tropical 

peatlands (Hirano et al., 2007; Hirano et al., 2012; Hirano et al., 2014). This relationship may be 

combined with OPTRAM to estimate soil carbon dioxide emissions for many of the peatlands in 

the tropics. OPTRAM’s capability of predicting the probability of future burned area may also 

aid in quantifying fire-related peat carbon emissions. Furthermore, due to OPTRAM’s inherent 

remote sensing approach, soil carbon dioxide emission estimates may be made even in the most 

remote tropical peatlands. This will give stakeholders an advantage by allowing estimations of 

peat carbon fluxes in landscapes that are otherwise not accessible for on-the-ground 

measurements. Existing in situ measurements of tropical peatland carbon flux can even be 

combined with OPTRAM to improve the accuracy of peat carbon flux estimations (Figure 5.1).   
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Figure 5.1: Conceptual figure showing how a combination of remote sensing and in situ 
measurements may offer a more precise assessment of overall tropical peat carbon flux. Figure 
created in Canva. 
 

 

OPTRAM-based estimates for peat subsidence may also be possible. In past studies, peat 

subsidence has been linked to peatland drainage (Hooijer et al., 2012). I showed that OPTRAM 

has the potential to track water table over time. Therefore, if the OPTRAM index is persistently 

decreasing in an area, it may also indicate greater peat subsidence in the area. Of course, future 

studies must focus on deriving a relationship between OPTRAM and in situ peat subsidence to 

determine the specific correlation between the two variables in tropical peatlands. Peat 

subsidence greatly impacts the system’s hydrology through increases in peat bulk density and 

decreases in water storage capacity. With this comes a high risk of severe flooding after heavy 

rainfall. Therefore, with this knowledge, interventions may take place to lower the risk of 
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flooding and to potentially re-establish, to an extent, the peat’s hydrological self-regulation 

capabilities. 

 

An effort must also be made to apply OPTRAM to more tropical peatlands to obtain a more 

robust association between in situ water table and OPTRAM index. Furthermore, OPTRAM 

should be applied to peatlands in the mountainous regions of the tropics to determine whether a 

highland system would yield a different relationship relative to the lowland peatlands that were 

tested in chapter 2. 

 

Future work can also involve integrating OPTRAM into tropical peatland-related models to 

determine whether model performance is improved. Since in situ tropical peatland water table 

data is relatively insufficient, OPTRAM may be a worthy proxy to consider as model input. This 

can potentially allow for more accurate modeling of tropical peatland hydrology and build upon 

existing work (Apers et al., 2022). 

 

On the other hand, researchers may also consider using bands that are not affected by clouds. For 

example, Synthetic Aperture Radar uses microwave radiation which is largely unaffected by 

clouds. Moreover, the use of remote sensing products with higher spatial resolution is 

encouraged since this may possibly yield more accurate results.    

5.5 Concluding Remarks 
 

Overall, this dissertation has shown that remote sensing may be used to quantify the water table 

level in tropical peatlands. This finding creates numerous opportunities to build upon this 
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methodology and invites future work to further explore the capabilities of remote sensing for 

quantifying tropical peatland dynamics. It can also contribute to decreasing uncertainties in the 

contributions of tropical ecosystems to the global carbon budget. As a result, this may help in 

providing more accurate information for future global scientific reports such as for the 

Intergovernmental Panel on Climate Change.      

 

This dissertation also takes a traditional approach to tropical peatland study and adds to the 

growing literature of in situ studies. It is important to continue conducting on-the-ground studies 

in tropical peatlands since this approach provides a more direct a measurement and therefore a 

relatively reliable quantification of numerous variables. This work aimed to provide a 

comparison of soil greenhouse gas emissions and its relationship with environmental variables 

between tropical peatlands at differing disturbance stages. Having this information is crucial if 

we are to fully understand the impacts of land use and land cover change on tropical peatlands. 

 

This dissertation has shown that a remote sensing approach poses a promising future for tropical 

peatland study. Through in situ measurements, it has also indicated that large changes occur to 

the system’s dynamics when converted to oil palm plantation. With this understanding, 

stakeholders and practitioners may not only make more well-informed decisions regarding 

ongoing tropical peatland sustainability initiatives, but they may also monitor these systems from 

space to mitigate or even prevent future degradation.  
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