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Abstract Tropical peatlands store copious amounts of carbon (C) and play a critical role in the global
C cycle. However, this C store is vulnerable to natural and anthropogenic disturbances, leading these
ecosystems to become weaker C sinks or even net C sources. Variabilities in water table (WT) greatly
influence the magnitude of greenhouse gas flux in these biomes. Despite its importance in C cycling,
observations of the spatiotemporal dynamics of tropical peatland WT are limited in spatial extent and
length. Here, we use in situ WT measurements from tropical peatlands in Indonesia, Malaysia, and Peru to
evaluate the satellite‐based Optical Trapezoid Model (OPTRAM). The model uses the pixel distribution in
the shortwave infrared transformed reflectance and normalized difference vegetation index (NDVI) space to
calculate indices that are then compared against in situ WT data. 30‐m resolution Landsat 7 and Landsat 8
images were utilized for model parameterization. We found OPTRAM to best capture tropical peatland WT
dynamics in minimally forested and non‐forested areas (low to intermediate NDVI) (0.7 < R < 1) using the
“best pixel” approach (the pixel with the highest Pearson‐R correlation value). In areas with relatively
higher NDVI, OPTRAM index did not correlate with WT (average R of − 0.04 to 0.24), likely due to trees
being less sensitive to WT fluctuations. OPTRAM shows potential for reliably estimating tropical peatland
WT without the need for direct measurements, which is challenging due to site remoteness and harsh
conditions.

Plain Language Summary Tropical peatlands store copious amounts of carbon in their soil and
biomass. The position of the water table (WT) relative to the soil surface plays a large role in how much
greenhouse gases (GHGs) (i.e., carbon dioxide, methane, and nitrous oxide) is emitted or taken up and may also
give insight into areas most vulnerable to fire. Therefore, estimating tropical peatland WT fluctuations over
space and time is essential for understanding the global carbon and GHG budgets. Due to harsh environmental
conditions and site remoteness, direct measurements of tropical peatland WT are limited in spatial extent and
length. As a result, other methods must be developed to estimate the spatiotemporal variability of this parameter.
Through manipulation of satellite surface reflectance, we demonstrate the feasibility of estimating fluctuations
in tropical peatland WT from space. This method is tested on sites spanning Peru, Indonesia, and Malaysia. We
find that WT fluctuations are accurately quantified over areas that are minimally forested or non‐forested. Our
findings provide a pathway to map tropical peatland WT from space leading to improved understanding of WT‐
dependent processes such as GHG emissions and fire risk, both of which contribute greatly to global climate
change.

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

RESEARCH ARTICLE
10.1029/2024JG008116

Key Points:
• OPTRAM is capable of accurately

capturing the temporal variability of
tropical peatland water table

• OPTRAM performs optimally over
minimally forested and non‐forested
areas

Supporting Information:
Supporting Information may be found in
the online version of this article.

Correspondence to:
N. Koupaei‐Abyazani,
nikaan.koupaei@gmail.com

Citation:
Koupaei‐Abyazani, N., Burdun, I., Desai,
A. R., Hergoualc'h, K., Hirano, T.,
Melling, L., et al. (2024). Tropical peatland
water table estimations from space.
Journal of Geophysical Research:
Biogeosciences, 129, e2024JG008116.
https://doi.org/10.1029/2024JG008116

Received 7 MAR 2024
Accepted 28 MAY 2024

Author Contributions:
Conceptualization: Nikaan Koupaei‐
Abyazani, Iuliia Burdun
Data curation: Kristell Hergoualc'h,
Takashi Hirano, Lulie Melling, Guan
Xhuan Wong
Formal analysis: Nikaan Koupaei‐
Abyazani
Funding acquisition:
Kristell Hergoualc'h, Takashi Hirano,
Lulie Melling, Guan Xhuan Wong
Investigation: Nikaan Koupaei‐Abyazani
Methodology: Nikaan Koupaei‐Abyazani,
Iuliia Burdun
Project administration: Nikaan Koupaei‐
Abyazani
Software: Nikaan Koupaei‐Abyazani
Supervision: Ankur R. Desai
Validation: Nikaan Koupaei‐Abyazani
Visualization: Nikaan Koupaei‐Abyazani
Writing – original draft:
Nikaan Koupaei‐Abyazani
Writing – review & editing:
Nikaan Koupaei‐Abyazani, Iuliia Burdun,

© 2024. The Author(s).
This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any
medium, provided the original work is
properly cited.

KOUPAEI‐ABYAZANI ET AL. 1 of 22

https://orcid.org/0000-0001-6982-230X
https://orcid.org/0000-0002-1436-2550
https://orcid.org/0000-0002-5226-6041
https://orcid.org/0000-0002-8733-6484
mailto:nikaan.koupaei@gmail.com
https://doi.org/10.1029/2024JG008116
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2024JG008116&domain=pdf&date_stamp=2024-06-18


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). 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 (Chris-
tian, 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 restora-
tion 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 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.

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 eval-
uated. 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:
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‐ Is OPTRAM capable of capturing temporal variations in tropical peat-
land WT?

‐ Does OPTRAM performance depend on the area where applied and/or
extent of disturbance?

‐ Does OPTRAM performance depend on surface vegetation density?

2. Methods
2.1. The Optical Trapezoid Model (OPTRAM)

OPTRAM was first proposed by Sadeghi et al. (2017) in response to the
Thermal‐Optical Trapezoid Model's shortcomings (Figure 1).

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). NDVI acts as an in-
dicator of vegetation density and health and is determined based on the in-
teractions between light and chlorophyll (Zeng et al., 2022):

NDVI =
SNIR − SRed

SNIR + SRed
(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:

STR =
(1 − SSWIR)

2

2SSWIR
(2)

where SSWIR is the SWIR surface reflectance.

The STR‐NDVI pixel distribution is used to define the dry and wet edges of the space (Figure 1), with each edge
characterized by a linear equation:

STRmin,i = mminNDVI + bmin (3)

STRmax,i = mmaxNDVI + bmax (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).

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

OPTRAM Index =
STRi − STRmin,i

STRmax,i − STRmin,i
(5)

2.2. Satellite Images

For sites with in situWT data during and after 2014 (Table 1), input variables for Equations 1 and 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 parameteri-
zation. 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,

Figure 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 5.
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respectively. Additionally, bands 4 and 5 were used to calculate NDVI, while band 7 was used to compute STR
(Figure 2).

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

Figure 2. Flowchart illustrating steps followed for calculating OPTRAM and obtaining a WT estimation.
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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 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.

2.3. 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 3 and 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).

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 3 and 4). MA‐
converted contains numerous drainage ditches which were likely used to facilitate oil palm plantation estab-
lishment (Nishina et al., 2023). The water table at MA‐converted was measured every half hour by a piezometer
(HOBO, Onset, Bourne, MA, USA).

Table 1
Site Information Including Coordinates, Years of Data Used for Validation, Publication Source, Nature of Disturbance, and Dominant Vegetation Cover

Country Site ID Coordinates Years used Publication Nature of disturbance Dominant vegetation cover

Indonesia IN‐undrained 2.32°S, 113.90°E 2015–2018 Hirano et al. (2012) Selectively logged until late 1990s;
Designated a National Park in
2006; Little drainage due to
network of small canals

Combretocarpus rotundatus

Cratoxylum arborescens

Buchanania sessifolia

Tetramerista glabra

IN‐drained 2.35°S, 114.04°E 2013–2017 Hirano et al. (2012) Selectively logged until late 1990s;
Drained

Combretocarpus rotundatus

Cratoxylum arborescens

Buchanania sessifolia

Tetramerista glabra

Peru PE‐mDeg 3.8394°S, 73.3250°W 2015–2018 Hergoualc'h et al. (2020) Moderately degraded (timber
harvesting and palm cutting for
fruit harvesting)

Mauritia flexuosa

PE‐hDeg 3.80898°S, 73.30713°W 2014–2018 Hergoualc'h et al. (2020) Heavily degraded (timber harvesting
and palm cutting for fruit
harvesting)

Mauritia flexuosa

Cecropia membranacea

Malaysia MA‐undrained 1.4536°N, 111.1494°E 2011–2014 Tang et al. (2020) Logged before 2000; A totally
protected area since 2000

Shorea albida

Lithocarpus

Litsea

Stemonurus

MA‐converted 2.1860°N, 111.8459°E 2018–2019 Nishina et al. (2023) Oil Palm Plantation converted from
peat swamp forest in 2001

Elaeis guineensis
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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 3 and 4). Both sites were subject to M. flexuosa palm cutting for fruit har-
vesting 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‐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.

2.4. 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

Figure 3. Locations of sites used for OPTRAM validation.
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measurement. We also created a matrix of OPTRAM indices with values varying based on topographical
characteristics (see summarized workflow in Figure 2). The Pearson correlation coefficient (R) was utilized to
assess OPTRAM's effectiveness in capturing temporal variability in WT:

R =
∑
N

i=1
( yi − y) (pi − p)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
N

i=1
( yi − y)2 ∑

N

i=1
(pi − p)2

√ (6)

where yi and pi represent the in situ WT observation and OPTRAM estimation at time index i, respectively. y
denotes the mean of the observations while p indicates the mean of the estimatis. 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 per-
formance 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.

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‐

Figure 4. Pictures of sites used for OPTRAM validation.
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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.

2.5. 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 char-
acterized 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 and consequently creating conditions where
satellite images are less likely to be obscured by cloud cover.

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% con-
fidence intervals did not overlap with one another. These were applied to pixels with the first, second, and third
largest Pearson‐R value.

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:

MAE =
∑
n

i=1

⃒
⃒xi − yi

⃒
⃒

n
(7)

where xi, yi, and n represent the observed OPTRAM index value, predicted OPTRAM index value, and number of
data points, respectively.

3. Results
3.1. OPTRAM Parameterization

We observed a positive relationship between the STR and NDVI across most sites, with varied type of rela-
tionship (i.e., linear, exponential, etc.) depending on the date (Figure 5). For example, Figure 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.

The STR value peaked within the dense pixel area at an NDVI of ∼0.85–0.9 on all four different dates (Figure 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 5). This resulted in the following parameterization:

STRmin,i = (2.121)(NDVI) − 0.296 (8)

STRmax,i = (30.134)(NDVI) + 5.856 (9)
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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.

3.2. In Situ WT 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 6). At IN‐drained, similar temporal variability inWTwas observed (Figure 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 6) (Melling & Wong, 2024).

The sampling frequency was lower at Peruvian sites, occurring monthly (we show every 2–5 months in Figure 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 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 6) (Hergoualc'h, 2020; Hergoualc'h, 2024).

Figure 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.
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3.3. Estimating Tropical Peatland WT 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 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).

Figure 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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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 7). Areas with high vegetation showed spatially sporadic
correlations ranging from R = ∼− 0.6 to R = ∼0.5 (Figure 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 7).

For PE‐mDeg, correlations were once again relatively high (R > 0.5) in areas with low vegetation cover
(Figure 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 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 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 7).
A positive correlation was found at the location of WT measurement (R = 0.57; p > 0.05) (Figure 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.

Figure 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).
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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 7).

Similar to PE‐hDeg, the correlation distributions at MA‐converted did not show a pattern between high and low
vegetated areas (Figure 7). Therefore, the “best pixel” R‐value (R = 0.88; p < 0.001) cannot be regarded as being
an accurate representation of OPTRAM performance. At the location of WTmeasurement, the R‐value was 0.007
with a corresponding p‐value greater than 0.05 (Figure 7).

The “best pixel” scatterplots (Figure 8) show for all sites a fairly universal relationship between OPTRAM index
and in situWT, with an increase of OPTRAM index by∼0.1 for every∼20 cm increase inWT. This was true even
for sites that had outliers.

3.4. NDVI's Influence on OPTRAM Performance

For IN‐undrained and IN‐drained, as NDVI increased, Pearson‐R tended to decrease (Figure S1 in Supporting
Information S1). The two Indonesian sites also experienced mostly positive Pearson‐R values below an NDVI of
∼0.6 (Figure S1 in Supporting Information S1). 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 S1 in Supporting Information S1). However, at an NDVI of ∼0.85, most pixels were situated within a
Pearson‐R value of − 0.5 to 0.5 (Figure S1 in Supporting Information S1). MA‐undrained showed little rela-
tionship 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 S1 in
Supporting Information S1). 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 S1 in Supporting Information S1).

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 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 0–0.4 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.

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.

At IN‐undrained, there was a mixture of low and high NDP where high correlations were observed (R > ∼0.6)
(Figure 7). This did not, however, influence the strength of correlation (Figure 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 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 7).
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Figure 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.
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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 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 S1).

Figure 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.
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3.7. Uncertainty in OPTRAM Index‐WT 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 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).

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 stake-
holders to estimate changes in WT using the OPTRAM index, where an in-
crease 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 estimateWT‐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 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.

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 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,

Figure 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.
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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.

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 rep-
resentation 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).

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.

Journal of Geophysical Research: Biogeosciences 10.1029/2024JG008116

KOUPAEI‐ABYAZANI ET AL. 16 of 22

 21698961, 2024, 6, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024JG

008116 by C
ochrane France, W

iley O
nline L

ibrary on [30/06/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



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 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 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 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 representation of in situ WT at tropical
peatland sites to enable a more robust calculation of the OPTRAM index‐WT relationship.

4.3. Implications for OPTRAM's Ability to Detect Changes in Tropical Peatland WT

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 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 parameteri-
zation 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.

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, OPTRAMmay 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

Figure 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.
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may 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 OPTRAMmay be applied to retrieveWT 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.

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 situWT 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 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.
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Melling & Wong, 2024 at https://doi.org/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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