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Abstract:

Peatlands in Indonesia are subject to subsidence in re~en: years, resulting in significant soil
organic carbon loss. Their degradation is responsible f.r scveral environmental issues; however,
understanding the causes of peatland subsidence is >f prime concern for implementing mitigation
measures. Here, we employed time-ser,.>s Small BAseline Subset (SBAS) Interferometric
Synthetic Aperture Radar (InSAR) using ALOS PALSAR-2 images to assess the relationship
between subsidence rates and lanr. v=e,.and cover (LULC) change (including drainage periods)
derived from decadal Landsa* a.*a (1972-2019). Overall, the study area subsided with a mean
rate of -2.646+£1.839 cruycar In 2018-2019. The subsidence rates slowed over time, with
significant subsidence decveases in peatlands after being drained for 9 years. We found that the
long-time persistence of vegetated areas leads to subsidence deceleration. The relatively lower
subsidence rates are in areas that changed to rubber/mixed plantations. Further, the potential of
subsidence prediction was assessed using Random Forest (RF) regression based on LULC
change, distance from peat edge, and elevation. With an R? of 0.532 (RMSE = 0.594 cm/year),
this machine learning method potentially enlarges the spatial coverage of INSAR method for the

higher frequency SAR data (such as Sentinel-1) that mainly have limited coverage due to



decorrelation in vegetated areas. According to feature importance in the RF model, the
contribution of LULC change (including drainage period) to the subsidence model is comparable
with distance from peat edge and elevation. Other uncertainties are from unexplained factors
related to drainage and peat condition, which need to be accounted for as well. This work shows
the significance of decadal LULC change analysis to supplement INSAR measurement in tropical
peatland subsidence monitoring programs.

Keywords: Peat subsidence, SBAS InSAR, LULC change, trop'cal peatlands, PALSAR-2,

Landsat

1. Introduction:

Peatlands, formed from the accumulation f uccomposed organic materials over millennia,
are considered to be critical natural carboi. ~inks due to their large carbon storage capabilities
(Loisel et al., 2021; Yu et al., 2010>. De-nite covering only 3% of the Earth’s land surface,
peatlands are crucial in the globa’ cahon cycle (FAO, 2020). Their contribution to the carbon
cycle is 612 Gt, and is equivclent to a quarter of the global carbon storage (Yu et al., 2010).
Tropical peatlands accou' it Tu~ 18-25% of total peatland volume, although they only contribute to
11% of total peatland area due to higher concentration of carbon (carbon stocks per area; 40-
62%) than boreal peatlands (Donato et al., 2011; Page et al., 2011). South-East Asia has 43%
(24.8 Mha) of tropical peatlands worldwide, where the peatlands are mostly located in Indonesia
(20.7 Mha; 36%; the percentage is recalculated referring to Dargie et al., (2017)) (Hooijer et al.,
2006, 2012; Page et al., 2011).

Degradation of Indonesian tropical peatlands is a major negative issue driven by human

activities (e.g., deforestation, conversion to plantations, and construction) and climatic changes



(e.g., El Nifo Southern Oscillation) (Bourgeau-Chavez et al., 2018; Osaki et al., 2016).
Miettinen et al., (2016) reported extensive deforestation in tropical peatlands in Insular South-
East Asia (i.e., Malaysian peninsula, Sumatra, and Borneo) due to the conversion to industrial
plantations and small-holder areas during the period of 1990 to 2015, with the remaining forest
comprising only 29% of the total area. This deforestation also includes small peat-covered
islands such as Bengkalis Island (Indonesia), which lost 90% of the total area (Juniyanti et al.,
2020). As a result, the peatlands emitted 2.5 Gt of carbon (140G Mt/year) during that period
(Miettinen et al., 2017).

Waterlogged conditions in a pristine peatland keep anoxic states of the peat; however,
when the peatland is drained, oxygen enters soil ‘cading to oxidation (FAO, 2020).
Simultaneously, peat subsidence occurs, promnrti~g ronsolidation (compression of peat layers
below groundwater level), biological oxid tior,, and soil shrinkage due to desiccation (Wdsten et
al., 1997). Thus, the peat subsidence raw is mainly determined by temperature and the presence
of oxygen (Gambolati et al., 2005 O.h«r key factors include peat type, rate of decomposition,
density and the peat deposit th.~kness, drainage depth, climate, land use, and drainage period
(Grzywna, 2017; Hooijer f* a1., ~012; Hoyt et al., 2020; Wosten et al., 1997).

The only way to .7lt subsidence is by rewetting the peat (Wosten et al., 1997), hence,
water management plays a key role in peatlands restoration (Hooijer et al., 2012). The wetness
condition of peatlands is associated with the existing land use/land cover (LULC), for instance,
plantations need drainage practices that influence peatlands' wetness condition (Prastyaningsih et
al., 2019). The rate of carbon loss or emission factor due to peatland degradation is also related
to particular LULC types as documented by the Intergovernmental Panel on Climate Change

(IPCC) (Drosler et al., 2014). The subsequent subsidence rates after a land conversion depend on



land and water management, hence subsidence rates could vary for a particular LULC class in a
prolonged period although the long-term subsidence is generally constant at 5 cm/year (Hooijer
et al., 2012). Hoyt et al., (2020) revealed that the carbon emissions due to peatland subsidence
could not be determined only by LULC classes, but mostly related to drainage conditions,
however, the long-term LULC change has not been considered. The availability of Landsat
archive data since the 1970s offers a great opportunity to explore the relationship between
decadal LULC change and peat subsidence rates, and potential.y at large spatial scales that
would not be possible otherwise.

Peat subsidence can be measured using some terrectrial-based methods. The traditional
technique is monitoring the surface change from the reference datum by anchoring poles
vertically into the underlying mineral subsoil /E ‘an< et al., 2019; Ichsan et al., 2013). Other
measurements are the utilization of geodcic-',ased approaches (Dahdal, 2011; Grzywna, 2017;
Reeve et al., 2013), and the Rod Surface Elevation Table—Marker Horizon (RSET-MH) method
(Jaya et al., 2016; Webb et al., 20"3). Fiowever, these methods are point-based and unable to
represent a large area. In co.*rasy, the Interferometric Synthetic Aperture Radar (INSAR)
technique has been wide"’ u>=d to monitor land surface movements in a wider area more
efficiently. The archive.' and prolonged INSAR images enable time-series monitoring with
millimeter accuracy (Xue et al., 2020).

Temporal decorrelation (changes of land surface conditions) becomes the main issue in the
tropical region, where volume scattering is dominant on the dense vegetation coverage (Pepe &
Calo, 2017; Wei & Sandwell, 2010). Time-series INSAR can reduce decorrelation and improve
signal-to-noise ratio by observing the temporal movement of land surface based on a stack of

multitemporal Synthetic Aperture Radar (SAR) images (Agram & Simons, 2015). Among



numerous techniques, the two most notable approaches are Persistent Scatterer Interferometry
(PS InSAR) (Ferretti et al., 2001) and Small BAseline Subset (SBAS) (Berardino et al., 2002).
PS InSAR is focused on the detection of movement of stable objects such as in urban areas.
SBAS InSAR uses a distributed scatterer through small spatial and short temporal baselines to
maximize coherence and is also capable of detecting non-linear movements (Gheorghe & Armas,
2016; Minh et al., 2020; Osmanoglu et al., 2016). A recent technique, Intermittent SBAS
(ISBAS), was developed utilizing intermittently coherent pixels u.>t improve the capability of
INSAR measurement in low coherence areas (Sowter et al., 221.C). Therefore, these approaches
(SBAS and ISBAS) are more often implemented for the . ral areas, including peatlands in the
temperate zone (Alshammari et al., 2018; Cigna et al. 27.14; Stockamp, 2018) and the tropics
(Hoyt et al., 2020; Khakim et al., 2020; Marsha'! .* al , 2018; Zhou et al., 2019). These previous
studies are summarized in Table A.1.

While most of our understanding «hout INSAR based land subsidence monitoring is based
on existing LULC, less is known a~au- t'1e decadal change in LULC and land subsidence as we
hypothesized that there is a rel."ionsnip between them (Figure 1). Therefore, this study aims to
improve our knowledge te ~su.™te the peat subsidence rate in Bengkalis Island, Indonesia, using
time-series SBAS InSA™ pased on ALOS PALSAR-2 (Phased Array type L-band Synthetic
Aperture Radar-2) data and analyze the subsidence rate with decadal LULC changes and
drainage periods. LULC maps were derived from the Landsat time-series (Landsat 1, 5, and 8)
images from 1972 to 2019. Furthermore, this study assesses the potential of enlarging spatial
coverage of SBAS InSAR results by several parameters comprising LULC maps, distance from

the edge of peatlands, and elevation data.



2. Study Area:

Bengkalis Island is a peat-dominated island, located 10 km from the east coast of Sumatra
Island, Indonesia. Seventy-four percent (665 km?) of the total area is covered by at least 1 m
deep peat deposits with a maximum thickness of 10-15 m (Supardi et al., 1993). Most peatlands
in western Indonesia started to form after the Deglacial and during the Early Holocene period —
these include peatlands in Bengkalis Island which were formed approximately 5,400 years ago
(Dommain et al., 2014). The peat formation began with the topoge:.2us peat deposits as a result
of debris plant accumulation in the nearly flat coastal plain. the.. followed by the formation of
domed peat, i.e., ombrogenous deposits (Supardi et al., 1523). Five peat domes lie in Bengkalis
Island. Our focus is on the north-western side of the is.=ad, including Areas 1, 2, 3, 4, and a
small area of Area 5 (Figure 2). The categorizat."n 's based on the peat domes in this island,
referring to Supardi et al., (1993).

In recent decades, from 1990 to 2013, the forest area in Bengkalis Regency (including
Bengkalis Island) has declined fro~ 6.22 ha to 191 ha (Rijal, 2019). By 2019, only 10% of the
study area was covered by f.vests, while industrial plantations covered most of the area
(Juniyanti et al., 2020).

3. Materials and Metho.'s:

The methodology of this study consists of 4 parts, i.e., peat subsidence rates estimation
derived from SBAS InSAR, LULC classification and change, analysis between subsidence and
drainage period as well as LULC change, and subsidence modeling using machine learning

regression. The flowchart of this study is depicted in Figure 3.



3.1. Materials
3.1.1. PALSAR-2 Data

PALSAR-2 is an L-band SAR sensor equipped on ALOS-2 satellite, working at a 1.2 GHz
frequency and 23.6 cm wavelength. The L-band wavelength can minimize the errors induced by
temporal and volumetric decorrelation in the vegetated area (Wei & Sandwell, 2010). This
sensor provides a larger coverage of the coherent area in peatlands as compared to the higher
frequency SAR data (i.e., Sentinel-1) (Alshammari et al., 2018; Cigna et al., 2014; Zhou et al.,
2019). PALSAR-2 data are provided by Japan Aerospace =.pzioration Agency (JAXA) in
Stripmap mode with level 1.1 Single Look Complex (SLC,. Table 1 shows the total of 12 images
acquired during the 2016-2019 period.
3.1.2. Landsat Data

This study used multispectral Lanc'sat series images, including Landsat 1 MSS (Multi
Scanner System), Landsat 5 TM (Thei~atic Mapper), and Landsat 8 OLI (Operational Land
Imager). The acquisition date expa~ds hztween 1972 and 2019 to cover the decadal changes as
shown in Table 2. Landsat 5 anc Landsat 8 images were obtained from the Google Earth Engine
(GEE) cloud computing p'~ttc 1. Only the cloud-free images were selected, then a cloud mask
method was applied basc Y on CFMask (C code based on the Function of Mask) algorithm (Foga
et al., 2017). The datasets were corrected for surface reflectance level using LEDAPS (Landsat
Ecosystem Disturbance Adaptive Processing System) method (Claverie et al., 2015; Masek et al.,
2006). Since the surface reflectance level of Landsat 1 is not available on the GEE, we
downloaded and processed the required data from the USGS EarthExplorer

(https://earthexplorer.usgs.gov/).



3.1.3. Field Data

Groundwater level (GWL) derived subsidence rates were used to validate the SBAS
INSAR results. The GWL measure can describe subsidence rate in tropical peatlands (Comeau et
al., 2013; Dariah et al., 2014; Hirano et al., 2014; Hooijer et al., 2012; Husnain et al., 2014;
Jauhiainen et al., 2012; Wosten et al., 1997). We measured the water table depth by blowing into
a long straw in a perforated PVVC tube inserted vertically through the peat surface until hearing a
‘bubbling’ sound (Hooijer et al., 2012; Ichsan et al., 2013). GWL ucta were collected during the
field survey on 10-13 September 2019 to cover 64 points. Tk a.ily GWL data of 3 sites in the
study area were acquired from SIPALAGA (Peatland Wa.~r Monitoring System), were used to
calibrate the temporal change of field measurement. The *ocation of field based GWL data and
SIPALAGA sites are depicted in Figure 2.

Given that each plot's measuremer tirie is different, the field measurement data were
calibrated with SIPALAGA daily data. ‘e SIPALAGA data of 10 September 2019 was used as
the basis, then we calculated the m~an i ferences from the SIPALAGA data of the next 3 days.
The mean differences are 0.73, '.35, and 1.73 cm respectively for the second, third, and fourth
days, which were used for ~an.2vating the field based GWL data on the corresponding day.

Further, we conve: *2a GWL data to mean annual GWL by adding the value of 28.09 cm
obtained from the subtraction between daily data and the mean annual SIPALAGA data.
Subsidence rates were calculated using GWL data based on the following equation derived from
Hooijer et al., (2012):

VD = 0.69 + (0.0598 x GWL) (1)
where, VD is annual vertical displacement (cm/year, subsidence as negative value) and GWL

(cm) is the mean annual GWL.



3.2. Methods
3.2.1. SBAS InSAR

MintPy (Miami INSAR Time-Series Software in Python) toolbox was used to process
SBAS InSAR (Yunjun et al., 2019). This toolbox requires a stack of differential interferograms
that have been generated using ISCE (Interferometric SAR Scientific Computing Environment)
(Rosen et al., 2012). The SBAS INnSAR processing is depicted ir. ~igure 4. The steps in ISCE
consist of coregistration, interferogram generation, Goldstein .Zaptive filtering, topographic
phase removal, and phase unwrapping. We used the max.mum temporal baseline of 1 year to
construct the image pairs during coregistration. Multiloc\ing was applied with a factor of 22
(azimuth looks) x 9 (range looks) to minimize sre'le noise and enhance coherence (Chen et al.,
2020). The topographic contribution was ¢ btr acted using 1-arc second SRTM Version 3.0 DEM
data. We employed a 2D statistical-cos. network-flow phase-unwrapping algorithm (SNAPHU)
to unwrap the interferograms (Cher & .7ecker, 2001).

The stack of unwrap.=d interferograms was then processed in the MintPy
smallbaselineApp workfl>w “yYunjun et al., 2019). Correlation-based SBAS network
modification was applieu with a coherence of 0.7 (Chaussard et al., 2015), yet all networks have
spatial coherence above the threshold (Figure 5a). A point in the center of Bengkalis City
(1.4714° N, 102.1097° E) was selected as the reference since it is considered the most stable area
without displacement. Unwrapping error correction was applied with a bridging method by
connecting regions with moderate to high coherence using tree searching algorithms (Yunjun et

al., 2019). We set the threshold to mask the pixels having temporal coherence below 0.4.
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Tropospheric phase contribution was eliminated using the estimated tropospheric delay
derived from ERA-5 (Jolivet et al., 2011). Also, we applied linear phase deramping to correct
phase ramps resultant from residual tropospheric and ionospheric delays. The topographic phase
residual caused by elevation model error was corrected based on the proportionality with the
perpendicular baselines (Fattahi & Amelung, 2013). After corrections, noise may still remain,
hence an evaluation was conducted by calculating the root mean square (RMS) of the residual
phase. Based on the RMS value evaluation (Figure 5b), the result ci PALSAR-2 data acquired on
16/07/2016 was discarded in the velocity calculation. Bec~use *iis study assumes that only
vertical displacement occurred in the peatlands areas, hence, the Line of Sight (LOS)
displacement for each date was converted to vertical disp'acement by dividing it with the cosine
of incidence angle. Vertical velocity was compute™ by the linear fit on the vertical displacement
images with the start dates on 13/02/2074 ("aitial observation date) and 01/27/2018 (starting
from 2018), and the same end dates, i.e., ?4/08/2019. The 2018 shorter-time calculation was also
considered, as a recent study used ~ s.o.ter time span of SBAS InSAR processing (Khakim et
al., 2020). We then evaluate. the vertical velocity results using the GWL based annual
subsidence.

3.2.2. LULC Classificau."'n

Land use/land cover (LULC) classes used in this study are built-up areas, cleared/burned
land, shrub, oil palm plantations, rubber/mixed plantations, forest (secondary and primary),
water, and mangroves. These classes refer to a previous study by Crowson et al., (2019) with
some adjustments considering the local conditions in the study area.

We added several image transformations for the classification input to improve the results,

consisting of the Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1974),
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Mangrove Vegetation Index (MVI) (Baloloy et al., 2020), and Normalized Burn Ratio (NBR)

(Key & Benson, 2005). The image transformations were calculated using the following

equations:
NDVI = % @)
NBR = % ()
MVI = (S(;V/’I’;—m (4)

Since SWIR bands are not available for Landsat 1, we i1 >z include NBR, and replaced
MVI with Normalized Difference Wetness Index (NDWI, ‘Gao, 1996). The equation of NDWI

is as follows:

NDWI = firezn—NIR)
(Green+NIR)

()

We referred to the Indonesian topogi>»hic map of 1977 (1:100,000) for the selection of
training samples of the Landsat 1972 da., due to the limited interpretability from its lower
spatial and spectral resolution. This to,ographic map was also used to help interpret the 1988 and
1998 Landsat images. Google Zar.h image was used to assist the interpretation of 2010 and 2019
Landsat images, while a mo.aic of SPOT images (dated in 2013) provided by the Indonesian
Geospatial Agency was wlized for interpreting the 2015 Landsat image. Some training samples
are also based on the field visit (10-13 September 2019) for the 2019 image. The training
samples are well distributed in the study area, with the number corresponding to the area of each
LULC (Cheng et al., 2018).

A traditional machine learning algorithm-based Support Vector Machine (SVM) was

applied to classify the LULC using Dzetsaka plugin in QGIS, based on the scikit-learn library

(Karasiak, 2019). The SVM approach is a supervised learning model primarily used for non-
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parametric classification to handle high-dimensional data (Vapnik, 2000). In such LULC
classification cases using satellite imagery, SVM has comparable performance to Random Forest
classifier and deep learning-based methods (Kadavi & Lee, 2018; Liu et al., 2017; Mansaray et
al., 2020). This algorithm is also capable of avoiding an over-fitting problem (Bahari et al.,
2014).

Accuracy assessment was carried out by confusion matrix and weighted F1 score. Sample
points were selected using stratified random sampling in AcA" «Ma toolbox (QGIS plugin)
(Llano, 2019; Olofsson et al., 2014). A total of 511-512 samp!2s 127 each image were interpreted
and assigned to the corresponding LULC class using u.» same method for training sample
selection.

3.2.3. Associating Vertical Velocity with Drairag - P .riod and LULC

The effect of decadal changes of LU -.C vas analyzed by relating them to vertical velocity.
We resampled the resolution of LULC n.~os to 90x90 m to match the pixel size and extent of the
vertical velocity image. All pixel~ w>r. extracted with the values of those parameters. We
excluded the peat burst area in the northern tip of the island since it is caused by an external
source, i.e., coastal erosior. Wtzr and mangrove areas were also masked in this analysis.

We firstly examine tne vertical velocity of the current LULC (2019) for different drainage
periods. Mann-Whitney U-test was used to see if the peat subsidence in the earlier drainage
period is significantly lower than the later period for the particular LULC class. This non-
parametric test identifies the differences in central tendency between two independent samples
(Feltovich, 2003). In this first analysis, we did not consider the changes of LULC yet. The
drainage period refers to the time when deforestation occurred by considering the change of

forested areas. According to LULC maps, a drainage period map was generated representing the
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age: (I) drained between 1972 and 1988 (47-31 years); (Il) between 1988 and 1998 (21-31
years); (I11) between 1998 and 2010 (9-21 years); (IV) between 2010 and 2015 (4-9 years); and
(V) between 2015 and 2019 (4-0 years). Second, we included the decadal LULC change in the
analysis of vertical velocity by calculating the mean value of each LULC change. This analysis
was to understand the effect of the transformation and the persistence of LULC on peat
subsidence.
3.2.4. Vertical Velocity Modeling

To explore the potential of prediction, we used a Rande: +'2rest (RF) regression approach
using the reference of vertical velocity produced by SB+.S INSAR and the inputs comprising
LULC change (1972, 1988, 1998, 2010, 2015, and 2019,, -ustance from peat edge, and elevation
data. As the peatlands have a dome shape, the varameters of distance from peat edge and
elevation are associated with peat thickn’ss vvhich is one of the factors describing subsidence
rates (Hoyt et al., 2020; Rudiyanto et ', 2018). Distance from the peat edge was calculated
based on Euclidean distance, while the ='avation data is from a high-resolution (0.27-arcsecond)
Indonesian digital surface mou>l (namely DEMNAS) acquired through INSAR processing in
2013. A previous study ur-ca.~u the vertical velocity derived from ALOS PALSAR-1 data at a
regional scale using LUL" data (1990 and 2007) and distance from peat edge (Hoyt et al., 2020).
In this study, we extended the LULC data to cover the earliest condition that can be captured by
optical satellite data (1972) with decadal change. We processed the RF algorithm using EnMAP-
Box in QGIS software (van der Linden et al., 2015). The total samples (61,414 pixels) were split:
70% of samples for training and the rest for testing. The 30% of validation samples refers to the
percentage of decorrelated areas resulted from previous studies using C-band SAR data (ERS

and Sentinel-1) in order to observe the potential of covering the incoherent areas when the
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similar time-series INSAR method is applied using higher frequency SAR data (Umarhadi et al.,
2021).

We set a hyperparameter grid with different numbers of trees (ntrees) (i.e. 100, 200, 500,
and 1,000) where the model selection was implemented through GridSearchCV (Grid Search
with Cross Validation; CV = 3). The best estimator was chosen based on the coefficient of
determination (R?) value. We evaluated the learning performance using 10-fold cross-validation,
then tested the results by assessing root mean square error (RMSE,. To compare the significance
of each variable to the model, mean decrease in impuritv ‘N,2) feature importances were

computed based on totally randomized trees in asymptotic .nditions (Louppe et al., 2013).

4. Results
4.1. Peatland Subsidence

Figure 6 illustrates the vertical u.~olacement of each PALSAR-2 data based on SBAS
INSAR processing. Eighty-eight piv=ls 2 0.68% of the study area cannot be characterized using
a coherence threshold of 0.4. Clher wnan the initial image, land subsidence dominated the study
area. Although corrections o *.opospheric delay, phase ramp, and topographic residual have
been performed, the res:Jual phase remained. Based on the RMS calculation in Figure 5b, the
displacement image of 16/07/2016 was discarded for velocity calculations, showing the apparent
phase ramps in the western part of that image (Figure 6).

Vertical velocity (cm/year) was calculated based on the first acquisition date (13/02/2016)
and 2018 (27/01/2018). Figures 7a-b depict the difference between the vertical velocity of the
two images. In the subsidence area, the depression rates calculated from 2018 are higher than

from 2016. Vertical velocity is based on the slope of the best fitting line to the displacement time
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series. As shown in Figure 6, the significant subsidence is detected in the latest date
(24/08/2019), hence the shortening calculation period (from 2018) is more affected by the
displacement values of the last observation date.

We evaluated the vertical velocities calculated from the two different starting dates using
GWL based annual subsidence by plotting the scatterplots as shown in Figures 7c-d. Out of 64
field data that we collected, only 47 data that we used due to decorrelation in INSAR result. The
vertical velocity calculated from 2018 has a higher coefficient of de.>rmination and lower RMSE
value with GWL based annual subsidence (R* = 0.263, p < 2uZ, RMSE = 1.383 cm/year) in
comparison to the vertical velocity with the initial date o1 2016 (R* = 0.098, p < 0.05, RMSE =
1.415 cml/year). It shows that the vertical velocity calcula.=d from 2018 is more accurate than the
calculation from 2016 to represent the ground ¢~@. Therefore, we used the vertical velocity
calculation from 2018 for the analysis witt LULC change (Subsection 4.3) and modeling
(Subsection 4.4).

Based on the estimated verti~al ‘«locity, we observed that almost the whole study area
experienced land subsidence. Vivithout including the non-peat area, the average vertical velocity
IS -2.646+1.839 cm/year 'Iu!*fs are also detected in the built-up and cleared areas in the
northern part with a max.mum value of 4.416 cm/year. As per peat areas, the mean velocities are
-3.505+3.332, -3.087+2.134, -2.348+1.402, and -2.324+1.373 cm/year respectively, in Areas 1,
2, 3, and 4. Significant subsidence areas are recorded in the north-western tip (Area 1), with the
highest rate of -17.416 cm/year, due to the bog bursts. This phenomenon is induced by coastal
erosion and peat landslide that causes the peat flowing out to the sea at a rapid rate (Yamamoto

etal., 2019).
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4.2. LULC Classification and Transformation

The results of the LULC classifications are shown in Figure 8a and the area in percentage
is presented in Table 3. In 1972, almost half (48.43%:; 272.13 km?) of the study area was still
covered by forests. There were no oil palm plantations detected in this first observation period,
yet deforestation had occurred as evidenced by the cleared/burned areas (13.85%), shrubs
(8.66%), and rubber/mixed plantations (21.69%) in the vicinity of the forest edge. Subsequently,
deforestation gradually increased in the following decades, leading *0 15.43 km? (2.75%) forest
coverage remaining in 2015. In 2019, the forest area slightly i~c.22sed in the south-eastern side
of the study area (Figure 8a).

Oil palm plantations started to grow in 1988 witi, «n area of 3.41 km? (0.61%). The oil
palm plantation area continuously expanded to 3. 2¢% of the total area in 2019. Rubber/mixed
plantations covered 36.95% of the total ares. in 2010 and remained the largest LULC class
(33.93% coverage, 2019). Shrub area n.~reased significantly to 34.23% in 1988 and gradually
decreased in the following decades ~nc \.as replaced by plantations. In general, shrubs are in the
transition between forests and L 'antacions, as the low vegetation grew after the forests were cut
and removed.

Spatially, significa.t deforestation occurred in Areas 3 and 4 as observed in 1988 and
1998. This is followed by the growth of oil palm plantations in the eastern side of the study area.
During the period between 1998 and 2010, large areas were deforested, particularly in Areas 1
and 2. Nearly Areas 1 and 2 were replaced by oil palm plantations (Figure 8a). Forests in Area 3
represent <50% of the previously forested area.

Based on the confusion matrices (Tables A.2-A.7), our results achieved an overall accuracy

of >80% for all classifications (Table 3, Table A.8). The weighted F1 score of each year show
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somewhat similar to overall accuracy, reconfirming the accuracy of the classification results.
Even though Landsat 1 has fewer bands (four bands) and a lower spatial resolution (60 m), the
accuracy is comparable to the other classification results derived from Landsat 5 and 8. This is
mainly because of the absence of oil palm plantations in 1972. The spectral signature of oil palm
plantations is similar to other vegetated lands (rubber/mixed plantations and forest) and shrubs
due to several factors, including forest age and management priority (presence of understory
vegetation). These differences can cause some misclassifications ir. \~e 1988-2019 images.

4.3. Relationship Between Subsidence and Drainage Perio”: ~s *%ell as LULC

We calculated the mean vertical velocity correspo.ding to recent LULC types for the
whole area as well as the drained area before 1972 and a.*=r 1972 based on the forest area of the
1972 map (dashed lines in Figure 9a). Regardi>.s Jf the drainage period, oil palm (-3.250
cm/year) subsided at a higher rate than ¢ aer LULC classes (Mann-Whitney U-test; p < 0.05),
followed by shrub and forest classes. The separation of the general drainage period clearly shows
the difference that vertical velocit’ in tr.e area drained before 1972 is much slower than after
1972 in all LULC classes. The "aresc subsided more in the area drained after 1972 (Figure 9a).
Comparatively, rubber/miv~a o'untations show relatively low subsidence.

To further evaluaw. tne effects of the drainage period, we divided the drained area after
1972 into 5 periods. The bar graph in Figure 9a describes the mean values of the vertical velocity
of the recent (2019) LULC map calculated from each drainage period, while the significance of
decelerated subsidence is shown in Figure 9b. Cleared/burned area, oil palm, and rubber/mixed
plantations show a significant decrease of subsidence rate along with the older drainage time in
the first three periods (9-47 years), although the difference between Period Il and Period 111 in

cleared/burned area is not significant. The rates in the forest are quite similar across the drainage
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period (-3.224 to -3.622 cm/year). The shrub class does not show clear trends, yet there are
significant decreases after Period Il (Figure 9b).

We further quantified mean subsidence rates considering the change of LULC (Table 4).
Our focus is on the unaltered LULC classes in the following observation period(s) after the
conversion. In general, those classes changed in the earlier periods (from 1988 and 1998) have
lower subsidence rates than in recent changes. The subsidence rates of areas changed to
rubber/mixed plantations are relatively lower, which are followed vy the reforested areas in 1988
and 1998. Reforested area in Table 4 is represented by the ne: turzst area that changed to forest
in the following year(s). However, the more recent refores.~tions (2010 and 2015) are not lower
than the others. A notable contrast is observed for oil .=im plantations, where the plantations
converted in 1998 subsided much slower than the *.o1'ag plantations. In contrast, the differences
are not clear for the areas changed to cl are./burned and shrub. The changes from the forest
clearly show that the subsidence is hign.or as the ground area is more exposed (cleared/burned,
shrub, and oil palm). While the rev-aeint.d areas (oil palm, rubber/mixed plantations, and forest)
from cleared/burned areas in the vecent period subsided at a high rate.

In the LULC change mc:+ix (Table 4), the subsidence rates of the unchanged LULC types
are apparent. As already mentioned, the subsidence rates of older oil palms are lower than the
younger oil palms, along with unchanged oil palm areas. The persistent forest areas subsided at a
higher rate than the unchanged rubber/mixed plantations, even though the forests that were intact
since 1988 (-3.224 cm/year).

4.4. Vertical Velocity Estimated from RF Regression
Before processing the model, we assessed the relationship between vertical velocity and

distance from peat edge as well as elevation. Figure 10 shows the scatterplots of these
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parameters, depicting the coefficient of determination of 0.312 (p < 0.05) and 0.332 (p < 0.05),
respectively.

Based on the GridSearchCV model selection, the best estimator is the model with 1,000
trees (R? = 0.532). It shows that 53.20% of the vertical velocity can be explained by these
parameters. MDI feature importances were calculated, resulting in the ratio of 0.338, 0.299, and
0.363 for, respectively, LULC change, distance from peat edge, and elevation. Figure 11a depicts
the image of modeled vertical velocity. The model produced a (c'atively small error with an
RMSE of 0.594 cm/year calculated from 18,424 testing sar:~lel. The scatterplot between the
modeled vertical velocity and SBAS InSAR of testing sam,.'es is illustrated in Figure 11b.

Visually, the image of SBAS INSAR result (Figure ~"u) and vertical velocity model (Figure
11a) are fairly similar; however, some pixels are (' 1te different. To delineate differences, profile
lines (Figure 11c) are plotted on the 2 peut areas. Thus, Profiles A, B, and C represent
respectively, Areas 2, 3, and 4. The proi.'e lines show that the values are not precisely the same,
yet, they have the same pattern vith', significant variances. The highest contrast is in the

middle of Profile B, with a diffe. =nce of 2.720 cm/year.

5. Discussion
5.1. Peat Subsidence Estimation by SBAS InSAR

By setting a coherence threshold of 0.4, the SBAS InSAR processing could cover almost
the whole of the study area, although this threshold is higher than the previous studies (i.e., 0.2-
0.25) using Sentinel-1 C-band and ALOS PALSAR (Khakim et al., 2020; Marshall et al., 2018;
Zhou et al., 2019). L-band PALSAR-2 has the advantage of having a higher coherence in a

vegetated area compared to the X and C-band SAR sensors such as TerraSAR-X, Radarsat-1/2,
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and Sentinel-1. However, temporal-resolution is a limitation of the PALSAR-2 data since only
few images are available for a particular area in a given period, although the designed revisit
time is 14 days. For instance, in our study area, only 12 images are available between 2016-2019,
of these images four have a gap of more than 150 days. The image number of ScanSAR mode
acquired by PALSAR-2 is more than the Stripmap mode (used in this study), with a wider swath
to cover a larger area. However, this mode has a coarser resolution, i.e., 100 m (WD1) and 60 m
(WD2). Future studies can evaluate the implementation of Sca"SAR acquisition mode of
PALSAR-2 in tropical peatlands and combine it with Stripmar mc2: (Park et al., 2020).

Our SBAS InSAR result has an R? of 0.263 (p < 2.05) and an RMSE value of 1.383
cm/year using the reference of GWL based annual sub.ience. Hooijer et al., (2015) reported
that although several studies found a strong corve!~.tica between GWL and subsidence, some of
them also observed a low correlation, he::ce SWL based subsidence data does not completely
represent the actual condition. Validau~n of subsidence derived from InSAR techniques in
tropical peatlands is still challengir2. «\zn more in a peat-dominated island like our study area.
As summarized in Table A.1, b.~ause of lack of data, no studies used the ideal long-term GNSS
data for validating time-ser*=s !»SAR based peat subsidence in South-East Asia. The recent study
validated the results by c~lculating the stable points in a non-peatland area (>15 km away from
peat edge) (Hoyt et al., 2020). It cannot be achieved in this study because the most considered
stable area (in the city center) is in the transition area that is very close to the peat edge (<2 km).
We recommend the combination of GNSS station data with long-term (SIPALAGA data in
Indonesia) and short-term (field measurement) GWL data would improve the quality of

validation.
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The results show that subsidence rates in Area 2 are higher than Areas 3 and 4 (Figure 7b)
due to the more recent drainage period and domination of oil palm plantations in this area. The
mean velocity of Area 2 is -3.087+2.134 cm/year, while Areas 3 and 4 are -2.348+1.402 and -
2.324+1.373 cmlyear, respectively. Our results are consistent with similar INSAR-based peat
subsidences with a reported mean rate of -2.2 cm/year (Hoyt et al., 2020), and field measurement
by Wasten et al., (1997) (-2 cm/year), yet it is below the long-term subsidence rate (-5 cm/year)
measured by Hooijer et al., (2012). The subsidence in about half ¢i1 Area 1 is mostly affected by
the peat burst driven by coastal erosion. The eroded pez*'a.Zs then formed a secondary
decomposition sandwiched with clay layers in an anaerob.~ condition (Yamamoto et al., 2019).
Nonetheless, this phenomenon has the potential of carbai. accumulation, annually accounting for
7.4x10% tC/km? (Yamamoto et al., 2019), becomin > wr.rth exploring for future studies.

5.2. Peat Subsidence Relationship with I‘egradation Period and LULC Change

The decadal LULC maps reveale that the degradation of peatlands in the study area
occurred immensely. The first repr+tec criver is the Forest Use Management Agreement issued
in 1986 by the government to divide all forest areas in Riau province (including Bengkalis
Island) into forest conce-siu~ areas (to be developed for oil palm and industrial forest
plantations) (Juniyanti e al., 2020). The political situation also worsened as the weak state
control caused uncontrolled substantial illegal logging in 1999-2005 by local people. They later
registered the lands, then sold them to local elites (i.e., political elites, business elites, cultural
elites, and bureaucratic elites) for larger-scale plantations (McCarthy, 2010; Purnomo et al.,
2019). As a result, forests that covered 48.4% of the total area in 1972, only remained 3.3% in
2019. Therefore, along with excessive resource use, the lack of governance has led to an

exponential degradation of forests in Bengkalis Island.
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We examined the association of vertical velocity with recent LULC (2019) and drainage
period as well as with the LULC change. By dividing ‘before 1972’ and ‘after 1972, the impact
of drainage time is apparent, showing that the subsidence in the area drained before 1972 has
slowed down (Figure 9). The more detailed separation to include the decadal drainage period
show the clear trends only for the periods older than 9 years for oil palm and rubber/mixed
plantations (Table 4). A previous study reported that peat surface can collapse up to 142 cm in
the first 5 years after drainage, with 75 cm lowering in the first yea: (Hooijer et al., 2012). This
substantial subsidence is not found for the latest drainacz ucriod (Period V) because the
surrounding forest area has already been drained some ve.rs before our SAR observation date.
As observed in the field, although covered by forest, the GWL is far below the surface (direct
GWL observation = -64.7 cm, mean annual GWL = -34.9 cm). The low GWL in forest area is
relevant to the understanding that draine e rondition in plantation areas affects the adjacent
forests (Hooijer et al., 2014), even for pr.-tine forests (Evans et al., 2019).

Overall, the subsidence in refare~t..d areas (after being drained) and the intact forests do
not have significantly lower rai.~ (1dble 4). The term of intact forests is the areas where forests
did not change to other L1'" C ~'asses from 1988 to 2019. The rates are higher even in the newly
reforested area between 2915 and 2019 compared to those changed to rubber/mixed plantations.
As mentioned before, this is due to the dry condition of peat soil due to drainage canals in the
surroundings. The interchanges between rubber/mixed plantations and forest show relatively
lower subsidences among the others. We found that the drainage canals in rubber/mixed
plantations are less dense than in oil palm plantations, which may be the reason that the
transition to rubber/mixed plantations subsided slower than oil palm plantations. Mechanical

compaction on the harvesting paths and planting rows using heavy machinery also contributes to
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high subsidence in oil palm plantations during land preparation (Lewis et al., 2020; Othman et
al., 2009). The compaction allows accessibility and improves palm growth through increased
bulk density. Furthermore, we observed that the LULC persistence may lead to the decrease of
subsidence rates, showing by the lower subsidence in the areas where were changed in the earlier
periods (i.e., changed from LULC 1988 and 1998) than the recent changes. It is mainly because a
LULC conversion or plantation rotation is initiated by land clearing, land management, or even
fires leading to mechanical compaction (Evans et al., 2019).

Mixed/rubber plantations seem to be the most sustainer ! U_C type compared to the other
classes, however, the only way to halt the subsidence -ate is through a rewetting practice
(Wosten et al., 1997). This cannot be afforded by this *vpe of plantation, which needs a dry
condition (Prastyaningsih et al., 2019). Wet agri~u"ur¢ practice (paludiculture) is promoted these
years, becoming the best solution since it ~vor's in two ways at once, i.e., restoring the peatland
ecosystem and providing economic vaices (Budiman et al., 2020; Prastyaningsih et al., 2019;
Tan et al., 2021). This practice can ~Isc bzlp prevent the dry condition in forest areas through the
implementation of canal blockii.ns aid soil rewetting in the surrounding forests (Budiman et al.,
2020). Yet, this is still a biz «1.2".enge to involve both the local people and the companies that are
engaged in industrial pla. tauons (Baffoni et al., 2017).

We only identified general LULC classes as a trade-off of taking advantage of long archive
medium-resolution Landsat data. Sentinel-2 data, with 10 m spatial resolution, would be worthy
of consideration to provide more detailed LULC classes, including paludiculture-based
vegetation types that were not explored in this study. Thus, the detailed classification can help

the monitoring of restoration activity.
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5.3. Potential of Machine Learning to Predict Peat Subsidence

According to the coefficient of determination, peat edge (R? = 0.321) and elevation (R* =
0.332) are potential to explain the variation in vertical velocity, hence these two parameters were
evaluated in the study. Further, feature importances were assessed in the RF model, showing that
the contribution of LULC change (including drainage period) to vertical velocity accounted
nearly equal (MDI = 0.338) to other two parameters: distance from peat edge (MDI = 0.299) and
elevation (MDI = 0.363). Although not directly representing tia. actual peat condition, the
approach of distance from peat edge and elevation can k2 uczd for associating with peat
subsidence.

We examined the potential of vertical velocitv [:ediction by applying RF regression
between SBAS INSAR result and the parameters ~inecisting of decadal LULC changes (1972 to
2019), proximity to peat edge, and ele 7atiun. The modeling result shows that about half
(53.20%) of the vertical velocity can be ~xplained by the parameters based on the coefficient of
determination. More than 40% of the »ertical velocity variation might come from the other
important factors that were not v nsidered in this study, including drainage condition (proximity,
drainage depth, and canal =ai*2nance) (Hooijer et al., 2014) as well as peat type, organic matter
decomposition rate, ana neat deposit thickness and density (Grzywna, 2017). Also, our LULC
maps have around a decade gap. The interval shortening of LULC maps increases the number of
learning variables that can improve the modeling results. However, our traditional machine
learning procedure can reach relatively low error (RMSE = 0.594 cm/year). In the future, this
combination of time-series INSAR and machine learning methods can be applied to cover the
uncharacterized areas due to the decorrelation problem in the vegetated peatland area. For

instance, in tropical peatlands, the incoherent area based on Sentinel-1 is 30% of the total land
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area (Umarhadi et al., 2020), while another study reported only 62% coverage for the coherent

area despite using ALOS PALSAR data (Zhou et al., 2019).

6. Conclusion

This study showed that peat-dominated Bengkalis Island is subsiding in a range of long-
term peat subsidence (mean = -2.646+1.839 cm/year), except in the northern tip of the island
where significant subsidence is driven by peat burst. We spatially nroved the previous studies
that the longer drainage period contributes to the decelera*:~ri =i subsidence rates, with the
significant differences in the period >9 years after being u-ained for oil palm and mixed/rubber
plantations. The slowing rates are also apparent for ti.. persistent vegetation-covered LULC
types (oil palm, mixed/rubber plantations, and foi~st) Rubber/mixed plantations maintained the
relatively lower subsidence compared to ¢ ther LULC classes, nevertheless, these plantations do
not stop the subsiding peat — only rewe.'ng practice does. Further, we revealed the potential of
decadal LULC maps, distance frem "¢ peat edge, and elevation to predict vertical velocity
through RF regression with an ?MSE of 0.594 cm/year. This machine learning method shows
the potential of spatial cov2ray~ enlargement to cover the decorrelated areas which may occur in

the vegetated area of trop.*<al peatlands.
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Figure Captions
Figure 1: Conceptual diagram illustrating the process of peat subsidence with the influence of

drainage period and LULC change.

Figure 2: Location of the study area (part of Bengkalis Island) with Landsat 8 image (composite
of 654) acquired on 11/02/2019. Peat area is delineated referring to Supardi et al., (1993). The

northern tip of the island is a coastal erosion area, which is excluded in our analysis. SIPALAGA
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(Peatland Water Monitoring System) data were provided by the Peatland Restoration Agency of

Indonesia.

Figure 3: Flowchart describing the methodology of this study.

Figure 4: Flowchart of SBAS INSAR processing.

Figure 5: (a) Baseline plot showing the network of interferograms with the average spatial
coherence value, and (b) RMS value plot of residual phasc shcwing the elimination of

displacement image higher than the threshold (three times thc me iian value).

Figure 6: Vertical displacement with the reference of .~e fi/st date (13/02/2016). A black dot in

the first image indicates the location of the referer ce pnint.

Figure 7: Vertical velocity calculated with. - period of (a) 13/02/2016 to 24/08/2019 and (b)
27/01/2018 to 24/08/2019 with (c and d) v>e scatterplots in a relationship with GWL based

annual subsidence, respectively.

Figure 8: (a) Land use/lanc cowv>r (LULC) maps for 1972, 1988, 1998, 2010, 2015, and 2019;
(b) drainage period d.-ivod f om the LULC maps. The northern tip of Area | is masked due to

coastal erosion, as well «s mangroves and water bodies considered as non-peat areas.

Figure 9: (a) Mean vertical velocity (cm/year) of recent LULC (2019) categorized based on
general drainage periods (dashed lines) and more specific drainage periods after 1972 (solid
bars). (b) Results of Mann-Whitney U-test showing whether subsidence rate significantly

decelerated over time (asterisk symbol shows that the decrease is significant).
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Figure 10: (a) Distance from peat edge and (b) elevation data with scatterplots (c and d) showing

the relationship with vertical velocity.

Figure 11: Vertical velocity derived from (a) Random Forest regression (ntrees = 1000); (b)

Scatterplot; and (c) profile lines for comparison between the RF model and SBAS InSAR.
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Figure 1: Conceptual diagram illustrating e piccess of peat subsidence with the influence of

drainage period and LULC change.
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Figure 2: Location of the stuc'v o ea (part of Bengkalis Island) with Landsat 8 image (composite
of 654) acquired on 11/0z/."1y. Peat area is delineated referring to Supardi et al., (1993). The
northern tip of the island 1 a coastal erosion area, which is excluded in our analysis. SIPALAGA
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27/01/2018 to 24/08/2019 with (c anc’ d; :n2 scatterplots in a relationship with GWL based

annual subsidence, respectively.

47



T

Land use/land cover

I Built-up 0Oil palm plantations Water
Cleared/burr-dar.» Rubber/mixed plantations [lll Mangroves
Shrub B Forest

1930
T

Drainage period
Before 1972 9-21 years (lll)
31-47 years (1) [ 4-9 years (IV)
21-31years (1) IMO0-4 (V) Il Unchanged forest

1025
T

Figure 8: (a) Land use/land cover (LULC) maps for 1972, 1988, 1998, 2010, 2015, and 2019;
(b) drainage period derived from the LULC maps. The northern tip of Area I is masked due to

coastal erosion, as well as mangroves and water bodies considered as non-peat areas.
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Figure 9: (a) Mean vertical velocity (r/ycar) of recent LULC (2019) categorized based on
general drainage periods (dashed I'ne.} and more specific drainage periods after 1972 (solid
bars). (b) Results of Mann-WI.:tne * U-test showing whether subsidence rate significantly

decelerated over time (as’eris”” symbol shows that the decrease is significant).
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Figure 11: Vertical velocity derived from (a) R=.7om Forest regression (ntrees = 1000); (b)

Scatterplot; and (c) profile lines for compariczn v~tween the RF model and SBAS InSAR.
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Table 1: List of PALSAR-2 SAR data.

Date Time interval (days) Perpendicular baseline (m)
13/02/2016 - -
16/07/2016 154 -195.3
24/09/2016 70 -134.2
03/12/2016 70 11.1
11/02/2017 70 -240.4
15/07/2017 154 57.6
27/01/2018 196 -88.4
07/04/2018 70 -527.0
19/05/2018 42 -275.2
25/08/2018 )8 -151.1
12/01/2019 140 -2.2
24/08/2019 224 1.2

Table 2: List of Landsat i~:.2qe..

Image acquisition Landsat sensor Pixel size Bands used

Green, Red, Near

05/10/1972 Landsat 1 60 m

Infrared (NIR) 1, NIR 2
22/12/1988 Landsat 5 30m Blue, Green, Red, NIR,
27/07/1998 Landsat 5 30m Shortwave Infrared
02/02/2010 Landsat 5 30m (SWIR) 1, SWIR 2
15/01/2015 Landsat 8 30m Blue, Green, Red, NIR,
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11/02/2019 Landsat 8 30m SWIR 1, SWIR 2

Table 3: LULC area in percentage, color-coded from blue (low percentage) to red (high

percentage).
Area in percent (%)

LULC class
1972 1988 1998 2010 2015 2019
Built-up 1.94 0.68 219 528 4.66 5.37
Cleared/burned area 13.85 4.36 8.34 4.43 11.41 6.27
Shrub 8.66 34.33 2R 12 18.59 16.76 14.27
Oil palm plantations 0.00 0.61 SR 20.56 27.85 31.12
Rubber/mixed plantations 21.69 19.53 25.40 36.95 30.78 33.93
Forest 48.43 34..3 29.55 9.68 2.75 3.33
Water 0.66 1.01 0.63 1.07 0.57 1.06
Mangroves 4.77 5.26 5.40 5.43 5.22 4.65
Accuracy (%) 81€)  83.17 85.55 83.20 83.76 80.04

Weighted F1 score (%) Q1.90 81.90 85.22 82.87 83.78 79.45

Table 4. LULC change n atri,- with mean vertical velocity values (cm/year), color-coded from
blue (high value) to red /I w value). Change matrices with multiple years in the heading indicate
no further LULC changes after the first mentioned year. Only values with more than 10 pixels

are included in the table.

LULC 2019
Cleared/ Oil Rubber/
Shrub ) Forest
burned palm mixed
LULC Cleared/burned  -3.512  -3.043 -4.474 -4320 -4.368
2015 Shrub -4,018 -3981 -3.775 -3.686 -3.523
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Oil palm
Rubber/mixed

Forest

-3.283 -3.269 -4102 -3.527 -3.634
-4.074 -3.730 -3.263 -2.873 -3.4l1
-3.792 -3.876 -3.664 -3.268 -3.196

Cleared/burned

LULC 2015 and 2019
-3.336 -3.935 -4987 -2.983

LULC Shrub -3.469 -3.979 -4120 -3.417 -4.084
2010 Oil palm -3.472 -4014 -4129 -2.891
Rubber/mixed -3.775 -4070 -3.238 -2.735 -3.365
Forest -3.474 -3.561 -3.77%6 -2.933 -3.174
LULC 2010 221E, and 2019
Cleared/burned -4.223 2°.20 -2.890
Shrub -3.498 -3.453 -3.108 -2.860 -3.215
LULC
Oil palm -2.335  -2.317
1998
Rubber/mixed 3..84 -2.518
Forest -3 9h -4.288 -4347 -2.990 -3.178
"~ LULC 1998, 2010, 2015, and 2019
Cleared/burned -3.101 = -2.292 -2.841
Shrub -3.915 -2316 -2.537 -2.401
LULC
Oil palna -2.465
1988
Rubber/m..-ed -2.271
Foi st -2.912 -2.633 -3.224

54



Credit Author Statements
Deha Agus Umarhadi is responsible for data collection, data processing, overall investigation,
and writing;

Ram Avtar and Wirastuti Widyatmanti are responsible for supervision, resources and
conceptualization;

Pankaj Kumar, Ali P. Yunus, Khaled Mohamed Khedher, Mamoru Ishikawa and Ali Kharrazi
are responsible for analysis and reviewing the manuscript.

55



Declaration of interests
The authors declare that they have no known competing financial interests or personal relationships
that could have appeared to influence the work reported in this paper.

56



nal Pre-proof

Graphical Abstract

Distance from peat edge

Impact of LULC change and
degradation period on peat Random Forest
subsidence regression

= Subsidence rates decrease along
with the longer time of drainage
period.

= Persistence of vegetated areas
leads to subsidence deceleration.

-10 6 -4 -2 0
~odel (cmiyear)

ot
- et
Eeg et
PRt il trere

Potential ~“ ~ubsia. e estimation in
decorr ated « as

57



Highlights

« SBAS InSAR reveals subsidence in degraded peatlands in a tropical Island.
« Subsidence rate decreases along with the longer time of drainage period.

« Persistence of vegetated areas leads to subsidence deceleration.
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