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Satellite radaradvancescarbonemissions
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Carbon markets face growing criticism over unreliable measurements of carbon credits. Tropical
peatlands, which contain some of Earth’s most concentrated carbon, represent a huge, untapped
opportunity for emission reductions, but remain excluded from the market due to challenges in
measuring emissions due to degradation. Here, we demonstrate satellite L-band Interferometric
Synthetic Aperture Radar as a solution to estimate carbon dioxide emissions by accurately measuring
peat subsidence. Our framework accounts for major radar noise sources in tropical environments that
were previously unaddressed, and is validated against high-rate ground-measured peat motion in
both space and time. The radar results capture episodic peat motion linked to dry-wet cycles across
different landuses, and long-term rates accurate up to0.6 mm yr−1, equivalent to 0.97 tCO2ha

−1 yr−1 in
emissions. This scalable, cost-effective approach provides a robust tool for Monitoring, Reporting,
and Verification, benefitting carbon markets, local regulation, and global climate mitigation efforts.

Robust estimation of carbon emissions from degrading tropical peatlands
has been a longstanding challenge. The 2013 Intergovernmental Panel on
Climate Change (IPCC) Wetlands Supplement1 highlighted this issue,
noting that Tier 1 emission factors are limited by sparse data availability in
tropical regions. While Tier 1 uses generalised emission factors based on
land use categories, the report called for more spatially and temporally
comprehensive data to developTier 2 andTier 3 emission factors that better
capture the complexity of these peat environments. These challenges are
further reflected in the carbon market. The uptake of peat-based carbon
credits has largely been impeded by a lack of robust data2.More broadly, the
carbonmarket has been strugglingwith the accountability of carbon credits,
often relying onquestionable or inadequatemeasurement practices to prove
that emissions have been reduced or avoided3,4. The scarcity of measure-
ments risks misrepresenting complex environments, especially when
extrapolated to large areas, potentially leading to exaggerated or inaccurate
valuation of carbon credits5–7.

Peat motion, or the rise and fall of the peat surface, is a valuable
indicator of peat condition, reflecting both the hydrology and carbon bal-
ance. Peatlands are concentrated carbon stores, containing around 33% of
global soil carbonwithin 3–4% of global land area8. However, they turn into
carbon sourceswhen degraded, releasing up to 1GtCO2 yr

−1 globally due to
drainage1. Over shorter periods, both natural and human-modified peat-
lands shrink and swell in response to groundwaterfluctuations over dry-wet

cycles. Over longer periods, lowered groundwater due to drainage or other
forms of degradation lead to subsidence, driven by physical processes of
compaction and consolidation, and by peat oxidation, which releases CO2

9.
Peat motion thus complements groundwater and CO2 measurements,
especially as these data are widely unavailable10,11. Peat motion has several
applications in Measurement, Reporting, and Verification (MRV), includ-
ing understanding peat responses to disturbances such as drainage, land use
change, and climatic variability12–16, assessing the effectiveness of rewetting
and restoration17–19, verifying peat-based carbon credits in compliance and
voluntary carbon markets2, and estimating CO2 emission factors and
greenhouse gas inventories12,20,21.

Interferometric Synthetic Aperture Radar (InSAR) remote sensing
offers a unique value for peatlandMRVthrough its spatiotemporal coverage
and precision in measuring peat motion. InSAR utilises phase shifts of
microwave signals to measure changes in the satellite-to-ground distance
with millimetre-scale precision. The advantages include continuous spatial
coverage, high spatial resolution, frequent revisits for temporal analysis, and
weather- and cloud-independency. These capabilities address challenges
faced in peatland MRV, where ground-based sampling is often limited by
sparse spatial coverage and infrequent measurements, leading to unreliable
measurements and high monitoring costs that limit the effectiveness of
regulation22, uptake of projects in carbon markets2, and emissions
reporting10,11.
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To date, the success of InSAR as a tropical peatland monitoring tool
remains limited. Whilst studies have measured peat motion with C-band
InSAR in temperate regions23,24, C-band’s short wavelength makes it chal-
lenging in the tropics due to phase ambiguity (i.e., challenge of counting
complete phase cycles) when detecting larger peat displacements observed
in the region and decorrelation over denser vegetation25–28. Consequently,
studies have used longer wavelength L-band InSAR, which suffers less from
vegetation decorrelation.However, the L-band accuracy has been unproven
in the tropics, with no study directly validating InSAR against in-situ peat
motion data to date12,19,25. Newly available InSAR algorithms, such as for
closure phase bias29 and ionospheric noise30,31 that are essential for the
tropics, also warrant the need to update InSAR-derived peat motions in the
region.

Here we present an L-band InSAR framework for mapping tropical
peat motion, which is validated both spatially and temporally against
ground-truth peatmotion data. Using an InSAR framework with improved
noise corrections and high-rate field measurements, we address the fol-
lowing key questions: How accurate is InSAR for short- and long-term peat
motion? Under what conditions does InSAR perform effectively? Finally,
what trends in peat behaviour does InSAR reveal? By addressing these
questions, we aim to demonstrate a route towards cost-effective, large-scale
peat motion monitoring as a proxy for tropical peatland carbon balance,
which is an essential prerequisite for addressing this globally important
source of carbon emissions.

Results and Discussion
Peat motion from field measurements
To validate InSAR-derived peatmotion, we focused on tropical peatlands of
Palangkaraya, Central Kalimantan, Indonesia, where we collected high-

resolution field measurements at 8 sites (Fig. 1a). All sites are within or
adjacent to the formerMegaRice Project area, where over 1million hectares
of peat swamp forest were deforested and over 4000 km of canals were
constructed to drain peat for unsuccessful rice cultivation between 1996 and
1998. Excessive drainage and subsequent partial land abandonment led to
dry, scrub-covered peat that is vulnerable to frequent fires, especially during
dry seasons32,33, notably causing major fires in 1997 and 201534. The peat-
lands now mainly comprise smallholder cropland, smallholder and indus-
trial plantations, scrubland, and secondary forests35. Drainage continues
through the formerly constructed network of canals and smaller canals
subsequently dug (Fig. 1a) to support agricultural activities. This has
resulted in rapid, ongoing subsidence driven by compaction, consolidation,
andoxidationof thepeat,withoxidation also leading tohighCO2 emissions.

Our field measurements showed both high levels of episodic fluctua-
tion in peat surface elevation, linked to dry-wet cycles, and long-term
subsidence at drained sites (Fig. 1b). The 8 sites comprise different land uses
including oil palm plantations, cropland, fern-dominated scrubland, and
secondary forests. Measurements were made using peat cameras between 1
November 2018 and 24March 2024 following the method of Evans et al.14.
These timelapse camerasmovewith the peat surface and capture images of a
stable reference point, providing sub-millimetre precision of peat motion at
a two-hourly frequency. Short periods of data loss affected all sites in late
2021 and early 2022 but the datum point remained unchanged between
measurement periods. Episodic subsidence was observed at most sites
during the dry seasons from 2019 to 2023, typically occurring betweenMay
and September when minimal rainfall induces lowered groundwater levels
(Supplementary Fig. 1). The dry seasons, with <5mm 30-day mean rainfall
recorded at the nearby Tjilik Riwut Airport weather station (2.22°S,
113.95°E, 10 to 65 kmaway fromsites), arehighlighted inFig. 1b.UPRforest
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Fig. 1 | Field-measured peat motion in drained peatlands of Palangkaraya,
Central Kalimantan, Indonesia. a Land use, drainage canals, peat camera sites, and
InSAR coverage (inset). b Vertical displacement measured by peat cameras and 30-
day mean rainfall recorded at the nearby Tjilik Riwut Airport weather station

between 2018 and 2024. Positive and negative values indicate uplift and subsidence,
respectively, throughout this study. Dry periods with <5 mm 30-day mean rainfall,
typically between May and September, are highlighted.
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did not subside in most years as it was flooded most of the time based on
groundwater levels (Supplementary Fig. 1) and field observations14. The
largest episodic subsidence, up to 8 cm, occurred in 2019 and 2023 during
dry seasons. These subsidence events coincided with positive phases of the
National Oceanic and Atmospheric Administration Oceanic Niño Index36

and were thus likely intensified by the interannual El Niño14, which causes
drought-like conditions every few years in the region33,37. Both events were
followed by several centimetres of uplift, coinciding with the onset of rain.
However, rebounded peat surface elevations were lower than before the dry
seasons despite similar groundwater levels, suggesting permanent peat loss
due to oxidation, or irreversible compaction and consolidation due to
drying14.

Validation of InSAR peat motions
Using ALOS-2 ScanSAR imagery acquired between 12 October 2018 and 9
August 2024, we derived displacement time series, which show peatmotion
at each acquisition date and its evolution over time, and estimated the
corresponding long-term rates, which represent the average displacement
per year over the full observation period. ALOS-2 is a Japanese L-band radar
satellite capable of providing repeat observations every 14 days in ScanSAR
mode, with 350 km x 350 km coverage per image. Using an InSAR time
series analysis approach (see Methods), we produced spatially continuous
measurements at 180m x 180m spatial resolution across Central Kali-
mantan (Fig. 1).

Our L-band InSAR results captured episodic fluctuations observed in
field measurements at the majority of the sites, including plantations,
cropland, and scrubland. Large subsidence and rebound during and after

both El Niño dry seasons, and greater stability during non-El Niño periods
were similarly observed in InSAR (Fig. 2). The average root mean squared
error (RMSE) and Pearson’s correlation coefficient (r) between epoch-to-
epoch displacements of the peat cameras and InSAR were 1.70 ± 0.31 cm
and 0.75 ± 0.09 across these 6 sites, and 1.75 ± 0.34 cm and 0.70 ± 0.14
across all sites, including forest sites (Table 1a, b). The lowest RMSE was
1.27 cm at Hampangen plantation, and the highest r was 0.88 at Misik
plantation (Table 1a, b). The sites where InSAR performed less well were
Kalampangan cropland (highRMSEof 2.21 cm, but high rof 0.83) andUPR
forest (low r of 0.40, but low RMSE of 1.55 cm). In both cases, InSAR
captured the long-term trend, showing subsidence at the cropland site and
no change at the forest site, but overestimated the amount of short-term
motion compared to observed values (Fig. 2). At the second forest site at
KHDTK, a longdata gap in the peat camera data precluded a full assessment
of short-term variations.

Our L-band InSAR results also closely matched long-term, multi-
annual rates of peatmotionmeasured in thefield. Both the peat cameras and
InSAR showed rates around −1 to 0 cm yr−1 across all sites over 5.5 years
(Table 1c, d, negative values indicate subsidence throughout). The smallest
absolute difference between peat camera and InSAR rates was 0.06 cm yr−1

at UPR forest, and the largest was 0.59 cm yr−1 at RePeat scrubland
(Table 1e).TheRMSEof the rates across the 8 siteswas 0.36 cm yr−1, withno
overall tendencyof InSAR tounderestimateoroverestimate the rates.To the
best of our knowledge, no tropical peatland study has directly compared
InSAR with in-situ field-measured peat motion. For example, previous
studies only compared overall InSAR and field-measured peat motion
ranges without site-to-site validation12,28, or compared InSAR indirectly

Dry period
Reference date

Peat camera
InSAR (excl. 2019 El Niño)
InSAR

-10

-5

0

D
is

pl
ac

em
en

t (
cm

)

Scrubland, RePeat

-10

-5

0

D
is

pl
ac

em
en

t (
cm

)

Cropland, Misik

-10

-5

0
D

is
pl

ac
em

en
t (

cm
)

Plantation, Misik

Ja
n-

20
19

M
ay

-2
01

9

Sep
-2

01
9

Ja
n-

20
20

M
ay

-2
02

0

Sep
-2

02
0

Ja
n-

20
21

M
ay

-2
02

1

Sep
-2

02
1

Ja
n-

20
22

M
ay

-2
02

2

Sep
-2

02
2

Ja
n-

20
23

M
ay

-2
02

3

Sep
-2

02
3

Ja
n-

20
24

-10

-5

0

D
is

pl
ac

em
en

t (
cm

)

Forest, KHDTK

Cropland, Kalampangan

Scrubland, South

Ja
n-

20
19

M
ay

-2
01

9

Sep
-2

01
9

Ja
n-

20
20

M
ay

-2
02

0

Sep
-2

02
0

Ja
n-

20
21

M
ay

-2
02

1

Sep
-2

02
1

Ja
n-

20
22

M
ay

-2
02

2

Sep
-2

02
2

Ja
n-

20
23

M
ay

-2
02

3

Sep
-2

02
3

Ja
n-

20
24

Forest, UPR

Plantation, Hampangen

Fig. 2 | Comparison of InSAR-derived peat motions against peat camera field
measurements. InSAR captured both long-term subsidence and episodic fluctua-
tions in peat motion at several field validation sites. InSAR displacements were
projected from the line-of-sight to the vertical direction. Error bars indicate the
InSAR phase standard deviation, σϕ , which was derived from coherence that was

propagated through the inversion matrix used for time series analysis. The peat
camera at Misik plantation likely detected stronger, localized subsidence compared
to its surroundings during the 2019 ElNiño – a downshifted InSAR time series shows
better fit with peat camera displacements after the 2019 El Niño.
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against peat motion inferred from in-situ groundwater levels25. Our results
therefore, demonstrate accuracy and represent the most direct one-to-one
field validation of InSAR-derived peat motion in the region thus far.

Deviations between InSARandfieldmeasurements are expected, given
their differing spatial and temporal resolutions. InSAR detects average peat
motions within 180m x 180m pixels, while field measurements are point-
based. Deviations thus arise from local-scale heterogeneity, especially in
heavily managed areas where varying management or proximity to ditches
causes varying subsidence within an image pixel. At Misik plantation,
nearbymanual subsidence polemeasurements showed less subsidence than
at the peat camera post-2019 El Niño and aligned better with InSAR
(Supplementary Fig. 2). InSAR may thus accurately reflect the landscape-
average subsidence, rather than faster subsidence at the specific camera
location during the 2019 El Niño. Excluding the 2019 El Niño, InSAR
showed high consistency in RMSE and r with the peat camera (Fig. 2,
Table 1). Next, ALOS-2’s 14- or 28-day revisit interval is better suited for
detecting longer-term trends overmonths, suchas fromElNiñodry seasons
and persistent drainage effects. Shorter fluctuations are less detectable, such
as three rapid uplift episodes at Kalampangan cropland in 2019, which
corresponded to irrigation timings14 (Fig. 2).

The higher InSAR accuracy estimations given above are achieved
through robust noise reduction, which was unaccounted for in previous
studies. The ionospheric noise was up to 6.7m, averaging 2.3 ± 1.5m
between any two points across the 350 km x 350 km ALOS-2 image
(Supplementary Fig. 6b). We used a range split-spectrum correction30,31

which better captures the spatial complexity of ionospheric noise
(Supplementary Fig. 6) as opposed to ad-hoc use of linear or quadratic
detrending in previous studies12,15,19,25. The closure phase bias caused up to
30 cm of cumulative false subsidence over 5.5 years, especially over scrub-
land and forests (Supplementary Fig. 7a). We used a larger temporal net-
work of interferograms than previous studies12,15,19,25 and an additional
correction of Zheng et al.29 to reduce the bias. Tropospheric noise was up to
15 cm at any given time (Supplementary Fig. 8). Corrections using global
atmospheric models in previous studies12,15,19,25 led to worse or no change in
theRMSEand r of rates anddisplacements compared towithout correction,
while our correction based on spatially correlated noise characteristics
improved the performance across all sites (Supplementary Table 1).

The sub-centimetre accuracy in L-band InSAR long-term rates with
corrections applied as outlined above could significantly improve peat
carbon emission estimations. A widely used method by Couwenberg &
Hooijer20 converts subsidence rates to CO2 emissions by relating subsidence
to changes in anoxic peat thickness (see Methods). Based on this approach,
the long-term rate accuracy of up to 0.06 cm yr−1 translates to 0.97 t CO2

ha−1 yr−1 of uncertainty in CO2 emissions, assuming all subsidence is due to
peat oxidation. This assumption is appropriate for long-drained peatlands
where oxidation dominates subsidence, such as the Mega Rice Project area
analysed here, but does not apply to recently drained peatlands where
compaction and consolidation dominate subsidence. The sub-centimetre
accuracy, at least two orders of magnitude smaller thanmajor InSARnoises
unaccounted for in prior studies, thus enhances reliability in estimatingCO2

emissions from peat motion. Additionally, this level of accuracy is achieved
cost-effectively and over a large area across sites, overcoming practical
limitations of ground-based measurements such as subsidence poles, flux
towers, and chambers. Current carbon emission reporting frameworks rely
heavily on point-based ground measurements, like in the case of Tier 1
emission factors in the 2013 IPCCWetlands Supplement1. Achieving broad
coverage with these methods is costly and labour-intensive. Subsidence
poles, in particular, require numerous readings to derive an accurate mea-
surement that accounts for human error and variability due to micro-
topography within a single site38. In contrast, the InSAR accuracy
demonstrated here may be upscaled with ease and thus offers a practical
solution for site- to regional-scale carbon emission estimates.

Variability and drivers of peat motion
We found high variability in long-term rates of subsidence within similar
land uses and drainage intensities; this underpins the value of InSAR for
refining carbon emissions, since no single environmental factor strongly
predicts peat motion. Extending our analysis to all peatlands of Central
Kalimantan, we observed large overlap and similar mean long-term rates
across landuses (Fig. 3c). Correlations of long-term rateswith distance from
the peat edge (r = 0.16, Fig. 3d) and with drainage canal density (r =−0.20,
Fig. 3e) were weak. A possible interpretation is that greater drainage density
leads to higher subsidence rates, as expected, but that areas close to the peat
edge tend to have thinner peat and therefore subside less, or remain stable if
most peat has been lost. The weak correlationsmay reflect a combination of
high local-scale variations in land management, InSAR measurement
uncertainties, landuse classification errors, or unquantified impacts ofwater
management. For example, one study suggested that differing canal depths
and flow control structures likely influence peat motions more than drai-
nagedensity in the formerMegaRiceProject area13.As rewetting efforts gain
traction, variations in water management could further accentuate peat
motion variability. If water management is indeed influencing the InSAR
results, this would imply that the method has the potential to monitor
changes in peat condition due to interventions such as peat re-wetting,
though further analysis using data from areas with known water table
changes is needed.

Table 1 | InSAR accuracy against peat camera field measurements

# Land use Peat camera site Displacements (cm) Long-term rates (cm yr−1) (f) Mean σϕ (cm)

(a) RMSE (b) r (c) Peat camera (d) InSAR (e) Difference

1 Oil palm plantation Misik 1.73 0.88 −0.98 −0.76 −0.23 0.52

Misik (excl. 2019 El Niño) 1.02 0.71 −0.58 −0.43 −0.15 0.54

2 Oil palm plantation Hampangen 1.27 0.69 −0.43 −0.67 0.24 0.68

3 Cropland Misik 1.63 0.73 −0.41 −0.96 0.55 0.37

4 Cropland Kalampangan 2.21 0.83 −0.32 −0.69 0.37 0.56

5 Fern-dominated scrubland RePeat 1.83 0.69 −1.12 −0.53 −0.59 0.43

6 Fern-dominated scrubland South 1.56 0.67 −1.06 −0.80 −0.26 0.73

7 Secondary forest KHDTK 2.25 0.68 −0.64 −0.85 0.21 0.83

8 Secondary forest UPR 1.55 0.40 −0.11 −0.18 0.06 0.89

Overall 1.75 ± 0.34 0.70 ± 0.14 - - 0.36 -

Overall (excl. forests) 1.70 ± 0.31 0.75 ± 0.09 - - 0.40 -
a, bRMSE and r were computed between epoch-to-epoch displacements of InSAR and peat cameras.
c, d, eDifferences in the long-term, multiannual rates were computed from the peat camera velocity minus the InSAR velocity.
fLower mean InSAR phase standard deviation, σϕ indicates better ease of tracking motion for an InSAR pixel.

InSAR motions were projected from the line-of-sight to the vertical direction for all calculations.
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Over shorter timescales, the InSARdisplacements provide insights into
the peat’s response to disturbances and recovery. During the 2019 El Niño,
all landuses experienced subsidence (Fig. 3a), but several swamp, forest, and
scrubland areas fully rebounded after the dry season, with no long-term
subsidence (Fig. 3b). In contrast, cropland and plantations showed partial
rebound, implying irreversible subsidence and long-term peat loss. Within
each land use, areas with less subsidence during El Niño do not necessarily
experience less long-term subsidence (Supplementary Fig. 3). These could
again be due to localised differences in drainage intensity and water
management13, or becausepeat in less degraded sites retains greater elasticity
to respond to dry-wet cycles. This elasticity helps natural peatlands stay
wetter during droughts and was observed in intact Sumatran forests, while
drained plantations showed less short-term variability but faster long-term
subsidence39. As with high-latitude peatlands, InSAR’s ability to track sea-
sonal and short-termmotion in tropical peatlandsmay serve as a diagnostic
tool for assessing peat condition and associated CO2 emissions40.

Thehigh spatial and temporal variabilities inpeatmotions foundabove
underscore the benefit of direct, location-specific monitoring of hetero-
geneous tropical peat landscapes through L-band InSAR. Conventional
approaches rely on sparse measurements, such as subsidence poles, and use
proxies, such as land use or drainage intensities shown above, to extrapolate
and estimate CO2 emissions over large areas. These proxies cannot capture
fine-scale spatial or temporal variations in peat motion that InSAR reveals
and may lead to under- or over-estimation of CO2 emissions. In contrast,
the InSAR framework here would provide continuous coverage and direct
measurements across heterogeneous peatlands, reducing reliance on

proxies, generalised assumptions, or static measurements, and enabling
more accurate and comprehensive emission estimates.

Conclusions
In conclusion, we demonstrated an L-band InSAR approach that accurately
captures episodic and interannual peat motion trends in the tropics, with
direct validation against high-rate, field-measured peat motion. Although the
temporal resolution of ALOS-2 limits the investigation of shorter-term
trends, newer L-band satellites like ALOS-4 and NISARwill overcome this in
the coming years. Our framework targets degraded parts of peatlands, where
CO2 emissions are highest, and monitoring is most needed. The results here
will benefit peatlandMRV, filling gaps in existing approaches that lack spatial
and temporal coverage. InSAR also provides a source- and location-specific
proxy for belowground peat degradation, complementing broader atmo-
spheric CO2 measurements such as from flux towers and satellite spectro-
meters. Accuracy and scalability from InSAR are crucial, especially as
Southeast Asia sees a rise in carbonmarkets such as IDX Carbon (Indonesia)
and Climate Impact X (Singapore), where robust peatland MRV is essential
for transparency. Because these markets build upon widely established or
recognised protocols for carbon emission estimations, such as those that have
been used for IPCC reporting, integrating InSAR measurements into these
protocols would enhance the robustness of emission estimates and improve
the integrity of both scientific reporting and carbonmarket accounting. With
peat management and restoration recognized as key to meeting global CO2

emissions reduction targets, the InSAR framework here offers a cost-effective
and scalable solution for supporting these critical efforts.

Fig. 3 | Large-scale trends in InSAR-derived peat motions and their correlation
with different environmental factors. a, b Areas that subsided more during the
2019 El Niño did not necessarily subside more in the long term. Long-term rates
showed weak correlation with c land use, where centre bold lines refer to the mean,

d proximity from the peat edge, and e drainage canal density. All InSAR motions
were projected from the line-of-sight to vertical direction and are relative to a stable
reference point in the city centre of Palangkaraya. Areas with high mean InSAR
phase standard deviation, σϕ > 0.7 cm were excluded from the analysis.
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Methods
InSAR analysis
Weused 92 PALSAR-2ALOS-2 ScanSARL1.1 images acquired between 12
October 2018 and 9 August 2024, along Path 28, Frame 3650. To derive
displacements, we first used the alosStack module30 in the InSAR Scientific
Computing Environment (ISCE) v2.6.3 software41 to resample images to a
commongridusing the19 June2020 image as the reference, interfere images
to form interferograms, perform ionospheric corrections, and multi-look,
filter, and unwrap interferograms. We multi-looked the interferograms by
17 and 56 in range and azimuth directions, respectively, resulting in pixel
sizes of around 180m x 180m after geocoding.

We then used the Miami InSAR time-series software in Python
(MintPy) v1.5.3 software42 to perform Small BAseline Subset (SBAS) net-
work inversion to solve for stepwise displacements between images, correct
for solid Earth tides (SET) and closure phase biases, and geocode the time
series result. Pixels from all interferograms were included and weighted by
the inverse of phase covariance43,44 for the SBAS network inversion, which
ensures that noisy pixels are downweighted. For post-processing analyses
relating to land uses, distances from peat edge, and drainage canal densities,
we excluded pixels with a highmeanphase standard deviation (σϕ > 0.7 cm)
to improve robustness of the analyses. SET refers to the deformation of the
Earth’s crust caused by the gravitational attraction of the moon, Sun,
and other celestial bodies. To remove these non-peat displacements, we
applied MintPy’s SET correction, which uses PySolid45,46 to estimate the
tidal deformation at each location and image acquisition timebased onLove
numbers and celestial ephemerides. Finally, we corrected the geocoded
time series for spatially correlated tropospheric noise using an independent
algorithm described in a later section. We did not apply the topographic
residual correction in MintPy as the ALOS-2 orbits are well controlled
with typical perpendicular baselines of ALOS-2 data between 100m and
500m relative to the reference image (Supplementary Fig. 4). These result in
small height ambiguities where the topographic residual correction is not
critical47.

The reference point of the InSAR analysis was collocated with the
CPKY Global Navigation Satellite System (GNSS) station located in the
urban area of Palangkaraya (−2.220°,113.926°). The station is stable, with a
vertical velocity of <1mm yr−1 from 2018 to 2024, based on a GNSS time
series processed following the method of Susilo et al.48. To ensure a fair
comparison between peat cameras and InSAR, we projected the line-of-
sight InSAR displacements and rates to the vertical by dividing the cosine of
pixel-wise local incidence angles. We detail the parameters that led to large
reductions in noise in the derived displacements and rates in the following
sections.

Ionospheric noise correction
We estimated the ionospheric phase using the range split-spectrum
approach in the alosStack module30,31. We heavily multi-looked inter-
ferograms by 80 and 448 in range and azimuth, respectively, to improve the
signal-to-noise ratio, while still maintaining sufficient detail to estimate the
long-wavelength ionospheric phase. The correction is most robust over
areas that suffer from minimal decorrelation. Thus, we only used
bandwidth-4 interferograms, which maintain reasonable coherence over
most pixels, to solve for the ionospheric contribution of each individual
image.Wedefine the bandwidth as themaximum temporal separation used
to pair images to form the network of interferograms. In a bandwidth-4
interferogram network, for example, each image is paired with the next 4
images acquired after itself to form 4 different interferograms. The band-
width is thus agnostic to the number of days between images. We also
removed decorrelated areas when estimating the ionospheric phase, then
rely on the spatial interpolation of the estimated ionospheric phase to fill
gaps over decorrelated areas. These decorrelated areas often occur over
rivers and water bodies that may not be captured in the water body dataset
from the Shuttle Radar TopographyMission49. An example of an improved
ionospheric correction due to the removal of decorrelated areas is shown in

Supplementary Fig. 5. Supplementary Fig. 6 shows the offsets in displace-
ment caused by ionospheric noise for each date when an image was
acquired.

Closure phase bias correction
Closure phase bias refers to the discrepancy amongst triplets of phases (ϕ),
where ϕAC � ϕAB � ϕBC≠0 andA, B, and C are different time epochs. The
bias is most prominent in a small bandwidth interferogram network50 likely
because of short-lived signals such as vegetation and soil moisture changes
that may cause inconsistency within phase triplets51,52. To minimize the
effect of closure phase biases, we used (1) a redundant number of inter-
ferograms from a bandwidth-20 network, weighted by σ2ϕ for the SBAS
network inversion, and (2) a correction method following Zheng et al.29 in
MintPy. An infinitely large bandwidth is most ideal to minimize the effects
of closure phase bias, as demonstrated by several studies based on C-band
Sentinel-1 images29.However, this is notpractical for tropical peatlands even
with L-band ALOS-2 images, which decorrelate faster with increasing
bandwidth due to the longer temporal baselines, commonly of 14, 28 days,
or more, as compared to 6 or 12 days for Sentinel-1. Large bandwidths are
also not practical formost areas in the tropical peatlands,where coherence is
already low, and large bandwidth interferograms would be mostly dec-
orrelated. The inclusion of decorrelated interferograms will then have an
insignificant impact on the SBAS network inversion since the inter-
ferograms areweighted by σ2ϕ.We thus increased the number of bandwidths
used only up to 20, where we observed convergence of the SBAS network
inversion (Supplementary Fig. 7). This is computationally efficient and also
maximizes the performance of the closure phase bias correction of Zheng
et al.29. As shown in Supplementary Fig. 7, the closure phase bias is con-
tinually reduced with increasing number of bandwidths used, especially for
the initial smaller bandwidths. The correction is also most critical over
scrubland and forests, which experience the largest bias, followed by crop-
land, then plantations (Supplementary Fig. 7). Finally, the quality of the
estimated closure phase depends on the coherence and cannot be reliably
estimated if the data is decorrelated. We thus applied different levels of
closure phase bias correction for each pixel to avoid introducing unwrap-
ping errors during the correction–using smaller bandwidths to estimate the
bias for pixels which decorrelate faster, and larger bandwidths for those
which decorrelate slower.

Spatially correlated tropospheric noise correction
Tropospheric noise may havemagnitudes up to tens of centimetres53,54. It is
spatially correlated over varying distances of a few to tens of kilometres53,55,
but temporally uncorrelated over a few hours or less55. The wet (turbulent)
tropospheric component, driven by differential spatial variations in water
vapour, contributes noise across a broad range of spatial scales from a few to
tens of kilometres, as turbulent processes cascade energy from large atmo-
spheric motions to smaller scales. The dry (hydrostatic) component varies
more smoothly with pressure and temperature, and can also be modulated
by elevation-dependent water vapour55. In our study area, spatially corre-
lated tropospheric noise is dominant as observed from anomalous values of
up to 15 cm in the InSAR time series that occur at the same time epoch
across several InSAR pixels that are located close to each other (Supple-
mentary Fig. 8). For example, Hampangen plantation and UPR forest are
just a few kilometres apart, while the other 6 sites form a separate, closely
located group. Each group shares the same peaks in their time series
(Supplementary Fig. 8). We found that corrections based on global atmo-
spheric models (GAMs) such as PyAPS and GACOS worsened the InSAR
accuracy,while correctionsbasedonheight correlationwerenot effective for
reducing these tropospheric effects (Supplementary Table 1). This is likely
because of the low resolution of the atmospheric variables in GAMs, which
are not suited for removing turbulent tropospheric noise56–58. Since the
terrain around the Palangkaraya peatlands is mostly flat, the elevation-
dependent tropospheric noise is not dominant, as the thickness of the tro-
posphere that the InSAR microwave propagates through is almost
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constant56,57. Common scene stacking corrections, which rely on temporal
averaging of numerous scenes to reduce noise, were also inapplicable due to
the low frequency of revisits of ALOS-2.

Instead, we reduced the spatially correlated tropospheric noise at each
pixel by utilizing the stacked time series of neighbouring non-deforming
pixels. Based on the assumption that tropospheric noise is spatially corre-
lated, the signals at non-deforming pixels (ϕnon�def ) close to each other
would contain predominantly tropospheric noise that is similar across
pixels, and to a smaller extent other random noise that may be dissimilar
across pixels:

ϕtarget ¼ ϕtargetdef þ ϕtargettropo þ ϕtargetnoise ð1Þ

ϕnon�def ¼ ϕnon�def
tropo þ ϕnon�def

noise ð2Þ

ϕtarget refers to the phase of a target pixel which we want to remove the
tropospheric noise from. Thus, stacking the time series of these neigh-
bouring non-deforming pixels, by taking the mean, would amplify the
spatially correlated tropospheric noise while cancelling out other random
noise. This results in an approximation of the spatially correlated
tropospheric noise around a target pixel that can then be removed from
the target pixel itself:

ϕtargettropo � 1
k

Xk

i¼1

ϕnon�def ;i

 !
;where allϕnon�def are close toϕtarget ð3Þ

We applied this noise correction for each pixel independently. We defined
non-deforming neighbouring pixels as those with a velocity of less than
1mmyr−1 over thewhole time series, an average spatial coherence above0.3,
and a maximum distance of 10 km away from the target pixel. The
maximum distance was selected to be within typical spatial correlation
lengths of wet tropospheric noise of not more than tens of kilometres53,55. A
future improvement may be to use adaptive distances for each target pixel
based on spatial correlationmetrics, butwefind amaximum10 kmdistance
sufficient for removing large-magnitude tropospheric signals in this study
area (Supplementary Fig. 8). Finally, only target pixels with at least 5 non-
deforming neighbouring pixels were corrected for the spatially correlated
tropospheric noise to avoid the inclusion of other random noise. The
correction improved the average RMSE and r between InSAR and peat
camera epoch-to-epoch displacements, while the RMSE of long-term rates
was mostly unaffected (Supplementary Table 1). The reduced noise in the
time series is also shown by the smaller number of anomalous values for all
sites (Supplementary Fig. 8).

Phase variance and standard deviation
We used the phase variance, σ2ϕ or standard deviation, σϕ to indicate the
quality of InSAR measurements (Table 1f, Fig. 2). σ2ϕ is estimated from the
coherence, γ, for each InSAR pixel following Eq. 455, where γ refers to
the similarity between two SAR images acquired on different dates:

σ2ϕ ¼ 1� γ2

2Nγ2
ð4Þ

Where γ is higher, σ2ϕ and σϕ are lower, and the InSARphase ismore similar
between images, facilitatingmore reliable displacement tracking. σϕ of each
date in the displacement time series (Fig. 2) was estimated via linear pro-
pagation of σϕ of each interferogram used during the SBAS network
inversion. Themean σϕ in Table 1f was thenderived from themean of all σϕ
of each date over the entire displacement time series.

InSAR captured the episodic fluctuations in peat motion better at peat
camera siteswhen σϕ is lower. Themean σϕ ranged from0.37 cm to 0.73 cm

across non-forested sites, where InSAR performed better and exceeded
0.80 cm at forest sites, where InSAR performed worse (Table 1f, Fig. 2) due
to several expected causes of coherence loss: Firstly, forest sites have dense,
multi-layered vegetation structures that typically cause strong volume
scattering and thus coherence loss. Secondly, vegetation growth causes
temporal decorrelation while also increasing volume scattering. The South
scrubland (mean σϕ of 0.73 cm), for example, was initially covered in short
vegetation in late 2018, but later consisted of trees and taller vegetation in
later years due to forest regrowth. Thirdly, longer than usual time gaps
between images further decrease coherence at any site, such as from mid
2023 to early 2024where the area was imaged every 42 to 84 days instead of
14 to 28 days. σϕ is thus expected to be higher at forest sites and to varying
degrees, scrubland, compared to the plantation and cropland sites. Similar
variations in σϕ also extend beyond the peat camera sites across the analysed
peat area in Central Kalimantan, where the mean σϕ was often higher over
forests than other land uses (Supplementary Fig. 9). However, σϕ still varies
widely within each land use (Supplementary Fig. 9) and is a more reliable
indicator of the InSARmeasurement quality than the generic landuse alone.

Conversion of peat motions to carbon emissions
Weused themethod of Couwenberg &Hooijer20 which has been applied in
several tropical peatland studies12,21 to approximate the amount of carbon
emissions (t CO2 ha

−1 yr−1) from peat motion rates as follows:

CO2emission ¼
subsidence rate × dry bulk density × carbon concentration × 3:67

ð5Þ

We used long-term InSAR subsidence rates, carbon concentration of
55% and dry bulk density of 0.08 g cm−3 which are mean values across
Southeast Asia peatlands12, and a C to CO2 conversion factor of 3.67. The
equation assumes that all subsidence is due to peat oxidation, but may be
scaled if a portion of the total subsidence should be attributed to compaction
and consolidation. A higher percentage of subsidence due to oxidation
would bemore reflective of peat that was drained longer before, wheremost
compaction and consolidation have already occurred during the initial
stages of drainage. For simplicity, we assumed that all measured subsidence
reflects oxidation, which is appropriate for long-drained areas such as our
study area, but not for recently drained areas where compaction and con-
solidation will dominate.

Analysis of environmental factors
We referred to 2023 maps for land uses obtained from the Ministry of
Environment and Forestry of Indonesia. For simplicity, we aggregated land
uses into broad categories of swamp, forest (primary and secondary dry
land, mangrove and swamp forests, and plantation forests), open shrub/
scrub (open land, shrubs, and swamp shrubs), smallholder agriculture (dry
land andmixeddry land farming, and ricefields), plantation, andurban area
(port, transmigration, and settlement areas). Actual land uses at the peat
cameras are based on field observations14 and may differ from the land
use maps.

The boundary of peatlands in Central Kalimantan within the ALOS-2
image and distances of each InSAR pixel to the peat edge were determined
from peat maps as of 2019 from the Indonesian Soil Research Institute.

To compute drainage canal densities,we usedpublisheddrainage canal
maps derived from optical imagery acquired by PlanetScope CubeSat sen-
sors between July and September 2017 and processed using a convolutional
neural network13. We converted the maps from a binary raster format to a
line vector shapefile format, then used the shapefile to sum the length of
drainage canals at a resolution of 1 km to obtain drainage canal densities in
units of km per km2 – following a similar convention used in the original
publication13. Finally, we resampled the lower-resolution (1 km) raster of
drainage canal densities to the same grid as the higher-resolution (180m)
raster of InSAR peat motion rates to compute the pixel-to-pixel correlation
between the two.
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Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Peat motions derived from ALOS-2 InSAR presented in this study are
available in the following DR-NTU Data repository: https://doi.org/10.
21979/N9/JGQE4O. Peat camera data were obtained under a research
permit (No. 2151/FRP/E5/Dit.KI/IV/2018, dated 11 April 2018) granted to
A.J.J.-S. by the Ministry of Research Technology and Higher Education of
Indonesia (RISTEKDIKTI), nowNationalResearchand InnovationAgency
(BRIN), and directly from the University of Palangkaraya and Centre for
International Co-operation in Sustainable Management of Tropical Peat-
land (CIMTROP) managed by L.Y. and A.J.J.-S. Access to the peat camera
data requires a valid research permit from BRIN and a formal request to
both BRIN and CIMTROP (contact through adijaya@agr.upr.ac.id), in
accordance with Indonesian research regulations. Land use and peat maps
were obtained through and should be requested from the Ministry of
Environment and Forestry of Indonesia and Indonesian Soil Research
Institute, restricted to approved researchpurposes. Thedrainage canalmaps
were obtained fromtheoriginal publicationofDadap et al.13 andarepublicly
available from https://doi.org/10.25740/yj761xk5815. Precipitation data
were obtained fromtheMeteorology,Climatology, andGeophysicalAgency
of Indonesia (BMKG) and are publicly available from the BMKG Data
Online portal https://dataonline.bmkg.go.id/ through free user registration
and login.

Code availability
InSAR processing software, including ISCE v2.6.3 and MintPy v1.5.3 are
open-source and freely available through GitHub.
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