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ABSTRACT

Remote sensing has emerged as a valuable tool for monitoring peatland water table depth
(WTD), offering local to global-scale observations and high-frequency monitoring capabilities.
We present the first attempt to adapt the trapezoidal model concept to SAR, developing the
SAR trapezoid model (SARTRAM) for peatland WTD remote sensing. The model is based on the
interpretation of the pixel distribution within the surface backscatter-radar vegetation index
(RVI) trapezoid space. We used Sentinel-1 and Sentinel-2 data to evaluate and compare the
performance of SARTRAM, surface backscatter (y°) and the traditional optical trapezoid model
(OPTRAM) in 29 restored peatlands and 98 WTD logging sites in Scotland and Lithuania. We
employed five different model value extraction methods: value at logger point, average buffer
value, best-pixel (BP) within the peatland area, BP within 100 m (BP100m) and 500 m (BP500m)
search distance buffers. To enhance performance, a moving average window (MAW) filter was
applied to SARTRAM. This study demonstrated that SARTRAM exhibited substantial potential,
particularly when temporal MAW filtering was applied, resulting in a 10-19% improvement in
correlation with WTD compared to the initial SARTRAM results. SAR backscatter showed an
average Spearman correlation coefficient of 0.52 and 0.57 with WTD for BP500m and BP
methods (VV polarization), respectively. The model with MAW-filtered SARTRAM achieved
average Spearman correlation values of 0.65 and 0.62 with the VH and VV polarization data
for the BP and BP500m methods, respectively. OPTRAM outperformed SARTRAM across all
value extraction method cases, resulting in average correlation coefficients of 0.85 and 0.83 for
the BP and BP500m methods, respectively. Nevertheless, SARTRAM demonstrated slightly
better overall results compared to traditional WTD prediction methods based on SAR back-
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scatter signal analysis.

1. Introduction

Predominantly situated in high latitudes (~45°-70°)
(UNEP 2022; Loisel and Gallego-Sala 2022, Yu et al.
2010), the majority of peatlands store approximately
25% of the global soil carbon stock (Gorham 1991;
Kochy, Hiederer, and Freibauer 2015; Leifeld and
Menichetti 2018; Yu et al. 2010), equating to half of
the carbon content present in the Earth’s atmosphere
as CO, (Drosler et al. 2008). The soil moisture in
surface peat layers and the water table depth (WTD)
are important features that control the interface
between aerobic and anaerobic conditions. This, in
turn, may significantly impact the role of peatlands
in the carbon cycle, shifting them from a carbon sink
to a CO, source (Belyea and Malmer 2008; Beyer et al.
2021; Kwon et al. 2022; Loisel et al. 2021; McNeil and
Waddington 2003; Nugent et al. 2018; Schwieger et al.
2021). Additionally, peatlands play a crucial role in
flood control (Acreman and Holden 2013; Ahmad

et al. 2020; Gao, Holden, and Kirkby 2016), mainte-
nance of water quality (Martin-Ortega et al. 2014;
Pschenyckyj et al. 2023), and serve as a habitat for
many plant and animal species (UNEP 2022;
Littlewood et al. 2010).

For centuries, peatlands have been exposed to
intense human activities, such as land-use change
and drainage, resulting in the degradation of their
ecosystems and hydrology (Fluet-Chouinard et al.
2023; Hoper et al. 2008; Loisel and Gallego-Sala
2022; Page and Baird 2016). Nowadays, these pro-
cesses are further accelerated by climate change
(Swindles et al. 2019). In recent decades, the restora-
tion of degraded peatlands has been increasingly
acknowledged as an important component in climate
change mitigation, with most initiatives prioritizing
water table (WT) restoration (D’Acunha, Lee, and
Johnson 2018; Gatis et al. 2023; Holden et al. 2011;
Parry, Holden, and Chapman 2014; Schimelpfenig,

CONTACT Laurynas Jukna @ laurynas.jukna@gf.vu.lt

Supplemental data for this article can be accessed online at https://doi.org/10.1080/10095020.2026.2660547

© 2026 Wuhan University. Published by Informa UK Limited, trading as Taylor & Francis Group.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow the posting

of the Accepted Manuscript in a repository by the author(s) or with their consent.


http://orcid.org/0000-0002-3499-9989
http://orcid.org/0009-0003-8802-2553
http://orcid.org/0000-0002-2025-779X
http://orcid.org/0000-0001-8126-3459
https://doi.org/10.1080/10095020.2026.2660547
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/10095020.2026.2660547&domain=pdf&date_stamp=2026-04-24

2 (&) L. JUKNAETAL

Cooper, and Chimner 2014; Shuttleworth et al. 2019).
As a crucial parameter to evaluate, peatland WTD is
commonly measured using ground-based in-situ tech-
niques (Kartiwa et al. 2023; Nijp et al. 2019;
Whittington et al. 2007). Despite providing accurate
results, in-situ measurements are relatively expensive
and oriented toward single, small-area observations,
making them less effective for mapping spatial varia-
tions in large peatland areas. Additionally, due to their
relative inaccessibility, peatlands are also considered
challenging areas to monitor. All of this serves as
a strong motive to deploy satellite remote sensing,
allowing for the continuous and cost-effective spatio-
temporal monitoring of water table dynamics in large
spatial extents.

In recent years, remotely sensed WTD studies have
predominantly focused on using three distinct types of
satellite sensors: active microwave (synthetic aperture
radar (SAR)), passive microwave (passive radiometers),
and passive optical (visible, near-infrared (NIR), short-
wave infrared (SWIR), and in some cases thermal range
operating multispectral optical sensors) (Résédnen,
Tolvanen, and Kareksela 2022). Two predominant
techniques for determining WTD can be identified in
studies employing active microwave radar satellite sen-
sors. The primary and most frequently applied techni-
que involves the application of incoherent backscatter
strength analysis (Asmufl, Bechtold, and Tiemeyer
2018, 2019; Dabrowska-Zielinska et al. 2016; Isoaho
et al. 2024; Jaenicke, Englhart, and Siegert 2011;
Kasischke and Bourgeau-Chavez 1997; Kasischke et al.
2008; Kim et al. 2017; Krzepek, Schmidt, and Iwaszczuk
2022; Lees et al. 2021; Mohammadimanesh et al. 2018a,
2018b; Risanen, Tolvanen, and Kareksela 2022; Reddin
et al. 2025; Toca et al. 2023; Torbick et al. 2012). The
secondary, less commonly used approach is associated
with the analysis of bulk peat movement through the
coherent differential phase component of the signal
(Chen et al. 2020; Hrysiewicz et al. 2023; Kim 2013;
Mohammadimanesh et al. 2018a; Tampuu et al. 2020;
Walker et al. 2025). In both instances, predominantly
C-band sensor data are employed (Sentinel-1, Radarsat-
2, ENVISAT-ASAR, ERS-1, ERS-2), while less fre-
quently, L-band (ALOS PALSAR-1) and X-band
(TerraSAR-X) sensors have been used. The advantages
of SAR data application are primarily associated with its
relatively high spatial resolution and insensitivity to
weather conditions. Additionally, it exhibits a strong
signal sensitivity to soil moisture content (Asmuf3,
Bechtold, and Tiemeyer 2018; Toca et al. 2022).
However, despite these advantages, most studies utiliz-
ing microwave backscatter signals over natural peat-
lands demonstrate ambiguous results (Réisédnen,
Tolvanen, and Kareksela 2022). Some report relatively
low (Krzepek, Schmidt, and Iwaszczuk 2022), whilst
others moderate (Asmuf, Bechtold, and Tiemeyer
2018, 2019; Bechtold et al. 2018; Millard et al. 2018)

or even high-performance (Klinke et al. 2018; Lees et al.
2021) rates. Passive microwave electromagnetic spec-
trum sensors, such as SMOS or SMAP, show strong
correlations with WTD (Bechtold et al. 2020). However,
SMOS and other passive microwave sensors (SMAP,
ASCAT) have clear drawbacks, particularly due to their
low spatial resolution, which significantly limits their
suitability for small-scale area research. The primary
focus of optical multispectral satellite instrument appli-
cations has been on the use of various spectral indices
(D’Acunha, Lee, and Johnson 2018; Harris and Bryant
2009; Isoaho et al. 2024; Linkevi¢iené et al. 2023;
Meingast et al. 2014; Ridsinen, Tolvanen, and
Kareksela 2022; Reddin et al. 2025; Simanauskiené
et al. 2019). These indices can be classified into groups
of water-sensitive and chlorophyll-sensitive indices.
Water-sensitive indices are primarily derived from
SWIR and NIR bands, with some indices utilizing
combinations of visible bands, such as green and red.
Chlorophyll-sensitive indices generally involve data
from NIR and visible spectrum bands, specifically
green or red. It is generally accepted that the accuracy
of WTD prediction based on optical spectral indices, in
most instances, surpasses SAR-based analysis (Rdsdnen,
Tolvanen, and Kareksela 2022). Also, the latest genera-
tion multispectral satellite sensors maintain high spatial
resolution, which is preferred in small-scale peatland
area research. Nevertheless, the sensitivity to atmo-
spheric conditions (i.e. cloud cover) is a major limita-
tion of optical satellite data (Reynolds, Mota, and
Nightingale 2025), which makes it difficult to perform
time-consistent observations with high temporal
frequency.

In recent years, a novel method based on optical
multispectral satellite data has gained widespread
acceptance. Introduced by Sadeghi et al. (2017) and
subsequently employed by Burdun, Bechtold, Sagris,
Komisarenko, et al. (2020), Burdun, Bechtold, Sagris,
Lohila, et al. (2020), Burdun et al. (2023), the optical
trapezoid model (OPTRAM) demonstrates high cor-
relations with peatland water table fluctuations.
Although OPTRAM was originally designed for opti-
cal data, SAR signal sensitivity to soil moisture and
applicability in vegetation cover monitoring through
radar vegetation index (RVI) (Nasirzadehdizaji et al.
2019) adaptation enables the application of trapezoid
model principles to SAR data. Implementation of the
SAR-based trapezoid model could potentially enhance
the frequency of consecutive observations for the
satellite-based WTD fluctuation analysis.

As far as we are aware, there have been no pub-
lished attempts to do this. To fill this gap, we aimed
to modify and thus adapt the trapezoid model con-
cept to SAR data, here referred to as SARTRAM,
using satellite and WTD data from 29 peatlands in
Scotland and Lithuania. The specific objectives of
this study were: (i) to adapt the trapezoid model



concept to SAR Sentinel-1 C-band data, (ii) to eval-
uate the performance of the SAR-based trapezoid
model (SARTRAM) in predicting restored peatland
WTD, and (iii) to compare the capabilities of
SARTRAM with traditional OPTRAM and SAR
backscatter 9° data in restored peatland WTD
monitoring.
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2. Materials and methods
2.1. Study area

Within the scope of this study, 4 peatland sites in
Lithuania and 25 in Scotland were investigated. The
chosen sites are located between 54°N and 57°N lati-
tude (Figure 1). The peat thickness in all investigated
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Figure 1. Locations of the 29 peatland study areas. Four areas are located in Lithuania, and 25 are located in Scotland.
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Figure 2. Surface area of studied peatlands and logger count in each peatland.
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sites exceeds 30 cm. All peatlands fall under the classi-
fication of raised bogs.

The surface area of the peatlands varies from very
small (0.08 km?) to large (23.41 km?) (Figure 2). All
the peatlands included in this study have historically
been affected by drainage and cultivated for agricul-
ture (by grazing or plowing), forestry (by drainage to
improve tree volume), or peat extraction activities.
Over the last decade, peatland restoration programs
have been initiated for all the sites. Under the Scotland
Nature Agency Peatland Action program, restoration
measures started in 2013 (Peatland Action 2024). In
Lithuania, restoration was initiated by various
NGOs (Foundation for Peatland Restoration and
Conservation, Lithuanian Fund for Nature, Nature
Heritage Fund) and the State Service for Protected
Areas, taking place between 2017 and 2020. The
main restoration measures undertaken included tree
removal and ditch blocking to raise WT levels
(Pakalne et al. 2021). Restoration descriptions and
start dates for each site are available in Appendix 1.

2.2. Data

2.2.1. In-situ water table data

To measure WT levels in both locations — Scotland
and Lithuania, automatic loggers were employed. In
total, data from 98 loggers (86 for Scotland and 12 for
Lithuania) were used. The available data spans differ-
ent time periods for each location. In Lithuania, the
WT data generally covers the years from 2017 to 2021,
while in Scotland, the data extends over a longer per-
iod, from 2013 to 2022. WT data from the Scotland
Nature Agency Peatland Action program is publicly
available through the program’s website (Peatland
Action 2024) and is free to use for research purposes.
The WT data for Lithuanian peatlands was provided
by the Foundation for Peatland Restoration and
Conservation. All locations in Scotland were measured
at daily and monthly temporal resolutions, while loca-
tions in Lithuanian peatlands were measured at
3-h intervals. To align the Lithuanian peatland data
with the Scottish dataset and with remote sensing data
from Sentinel-1 and Sentinel-2 satellites, it was aver-
aged to daily WT means. Logger name abbreviations
used in this article and their respective original names
are provided in Appendix 1.

2.2.2. Satellite remote sensing data

Publicly available SAR and optical multispectral
data from European Space Agency Copernicus mis-
sions Sentinel-1 and Sentinel-2 were used. Satellite
data covered the period between 2015 and 2022,
depending on WT data availability from individual
peatlands and loggers. On average, for all 98 WT
logging sites, 326 Sentinel-1 SAR observation dates
were used. For Sentinel-2, the average number of

observations was much lower, with 34 dates per
logger. The highest number of observations for
Sentinel-1 was recorded for one logger from the
Barlosh Moss site with 420 observations, and 25
loggers from the Flanders Moss site with 419-420
observations. For Sentinel-2, sites with the highest
observation number were Black Moss (BLACKI1
and BLACK2 loggers) with 84 observations, and
Sachara (S1-5 loggers), Pusc¢ia (P3-5), and
Auks$tumala (A8-10) sites with >60 observation
dates (Figure 3).

For both Sentinel-1 and Sentinel-2, data were
obtained for the growing season (April-October), as
other months might have been affected by snow cover-
age and frost. Dates when the water level was higher
than the peatland surface (i.e. inundation dates) were
excluded to prevent having specular reflection in the
images.

C-band SAR Sentinel-1 GRD data (RVI, VV linear,
and VH linear) with a 10-m resolution and
a 6-d revisit time were used to calculate SARTRAM.
The data were obtained from Google Earth Engine
(Gorelick et al. 2017). All acquisitions were acquired
in an ascending orbit, minimizing the dew effect dur-
ing the ascending overpass time of 6 pm (Toca et al.
2023). Additionally, the original SAR backscatter sig-
nal (y°), expressed in both linear units and decibels
(dB), was utilized to evaluate its performance in pre-
dicting WTD, in comparison to SARTRAM.

Optical Sentinel-2 data, with 13 spectral bands,
spatial resolutions ranging from 10 to 60 m, and
a 5-d revisit time (at the equator), was downloaded
from the dataset available on Google Cloud Storage.
Atmospherically corrected Sentinel-2 Level 2A pro-
ducts were used for the analysis. Sentinel-2 Level 2A
Surface Reflectance products are available for dates
from 2017. Therefore, for dates in 2015-2017,
Sentinel-2 Level 1C products were downloaded and
atmospherically corrected to match Level 2A products
using the Sen2Cor algorithm (Main-Knorn et al.
2017). Images were filtered based on cloud percentage.
It was set to up to 30% when filtering Sentinel-2 tiles
for download, but during data preprocessing, only the
images with a cloud cover below 10% over the studied
peatland extent were selected. All Sentinel-2 data
downloading and preprocessing steps were implemen-
ted via R using the “sen2r” package (Ranghetti et al.
2020).

2.2.3. Data processing steps

For Sentinel-1 data, the preprocessing algorithm
developed by Mullissa et al. (2021) was employed to
address border noise, conduct multi-temporal Lee
Sigma filtering (with a kernel size and image collection
set to 5), and perform radiometric terrain normaliza-
tion using STRM’s 30-m resolution DEM, resulting in
y° backscatter. We adhered to this coarser resolution
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DEM due to the unavailability of higher-resolution
DEMs in the majority of Scotland.

As the quality of optical satellite data frequently
suffers from the presence of cloud cover, clouds and
cloud shadows in Sentinel-2 images were masked
based on Sen2Cor scene classification (SCL), includ-
ing classes of medium- and high-probability clouds,
thin cirrus, cloud shadows, and no data. Sentinel-2
bands with resolutions of 20 and 60 m were resampled
to a resolution of 10 m using the nearest neighbor
method. Images were clipped by the peatland areas
and merged into multiband rasters.

2.2.4. OPTRAM calculation

To obtain multitemporal OPTRAM values from
Sentinel-2 satellite data for the investigated peatland
sites, we followed Sadeghi et al. (2017) methodology,
where a trapezoid is formed by normalized difference
vegetation index (NDVI) as a measure of vegetation
cover and shortwave infrared transformed reflectance
(STR) as a measure of moisture content. For the deli-
neation of primary dry and wet edges, initially, the
R code provided by Burdun, Bechtold, and
Komisarenko (2022) was adapted and employed.
Nevertheless, the presence of pixel oversaturation fre-
quently led to inaccuracies in the determination of the
wet edge, necessitating further manual adjustments
based on visual inspection.

2.2.5. SARTRAM calculation
By adapting the trapezoid model concept to SAR data
and proposing it as the SAR trapezoid model, we
hypothesize that, similar to OPTRAM, SARTRAM
can help determine the temporal changes in WTD.
Unlike traditional SAR backscatter signal-based
WTD observation techniques, SARTRAM utilizes
two signals: vegetation chlorophyll information from
the RVI and moisture information from SAR back-
scatter signal y°. Consequently, SARTRAM relies on
two assumptions: (i) a linear relationship between soil
moisture and 9°, and (ii) a linear relationship between
soil (in this case, peat) and vegetation moisture
content.

(i) First, SAR backscatter signal sensitivity to soil
moisture is explained by the difference between
the dielectric constants of water (~80) and soil
particles (~4) (Mohan et al. 2015; Schmugge
et al. 1974). Second, a direct linear relationship
between surface soil moisture and SAR inten-
sity (in dB) was demonstrated by Ulaby,
Moore, and Fung (1986). Later, this relation-
ship was applied in various soil moisture-
related studies (Esch 2018; Le Hégarat-Mascle
et al. 2002; Quesney et al. 2000; Zribi et al.
2005). Third, Toca et al. (2022) recently
demonstrated a strong sensitivity of

backscattering strength to hydrological pat-
terns in a peatland ecosystem, indicating that
moisture is the primary factor controlling back-
scattering values. This finding also aligns with
the results of Asmuf3, Bechtold, and Tiemeyer
(2019), who identified WTD as the primary
determinant of backscattering strength in
drained temperate grasslands with underlying
peat soils.

(ii) Sphagnum mosses are the dominant vegetation
in most peatlands in temperate and high-
latitude regions. Sphagnum mosses lack roots
and internal water-conducting tissue (Tuba,
Slack, and Stark 2011). They absorb water
directly through their surface (Hyyryldinen
et al. 2018). Consequently, the water content
in Sphagnum responds strongly to fluctuations
in peat moisture and WTD. Water retained
within Sphagnum is primarily influenced by
water availability from precipitation, peat
moisture, and most importantly - WT (Gong
et al. 2020; Harris, Bryant, and Baird 2006).

To conclude, if both assumptions are met, SARTRAM
values can further be calculated in a projected two-
dimensional y°- RVT space.

Usually, when utilizing OPTRAM, the moisture-
sensitive signal (STR) is combined with a vegetation
index (VI) to construct a trapezoid space. The highest
STR values along the vegetation cover gradient define
the areas with the highest soil moisture content,
whereas the lowest STR values define the areas with
the lowest soil moisture content. This trapezoid space
is then used to linearly scale soil moisture (Babaeian,
Bechtold, Sagris, Komisarenko, et al. 2020; Burdun,
Bechtold, Sagris, Lohila, 2020; Burdun et al. 2023;
Sadeghi et al. 2017). To construct a trapezoid space
for SARTRAM, we combined RVT as the target vege-
tation index and Sentinel-1 backscatter signal (y°) in
VH and VV polarization as an indicator of soil moist-
ure (Figure 4). The validity of the vegetation index
used in trapezoidal models is conditional on its sensi-
tivity to chlorophyll content (and hence, to soil water
content). As referred to in Burdun et al. (2023), the
choice of vegetation index does not significantly affect
trapezoid model performance. Hence, in the case of
optical data-based trapezoid models, the most com-
mon vegetation index used is NDVI. In the
SARTRAM case, we assume RVI meets the necessary
conditions. Originally created by Kim and Van Zyl
(2009), modified for dual-polarization SAR data by
Trudel, Charbonneau, and Leconte (2012), and
adapted for Sentinel-1 data by Nasirzadehdizaji et al.
(2019), RVT is known as an index suitable for vegeta-
tion monitoring (Holtgrave et al. 2020; Kumar, Rao,
and Sharma 2013). Some studies suggest that RVT is
less sensitive to environmental condition changes
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value of pixel i; yp,,; and yy,;, ; are y° values of the dry and wet edge at the RVI of the pixel j, respectively.

(such as soil moisture) than single-polarization back-
scatter and is suitable for monitoring vegetation phe-
nological patterns, as well as biomass and vegetation
moisture content (Kim and Van Zyl 2009; Kumar,
Rao, and Sharma 2013).

To calculate RVI from Sentinel-1 data, we followed
the methodology outlined by Holtgrave et al. (2020),
where )y, represents the backscatter in single VH polar-
ization and yy., represents the backscatter in single VV
polarization.

4 X yy
RVI = — = Vi (1)
Yvu + Yvv
As a measure of soil moisture, we used Sentinel-1
original signal backscatter values y°(we tested both
yyv and yyy polarisations).

O __ A0
Yi )}min,i

0 0
Ymax,i ~ Ymin,i

2

WsaRTRAM,0 i =

where )7 is the y° value of pixel 4, y;, ; and yp; . are y°
values of the dry and wet edge at the RVI of the pixel i,
respectively.

To calculate the wet and dry edge for SARTRAM,
we used the same approach as in the case of OPTRAM,
which has been used in numerous studies (Babaeian
et al. 2018; Burdun et al. 2023; Sadeghi et al. 2017).

y?nin,z: intyint Smin X RVI (3)
= intpax+ Smax X RVI (4)

0
ymax,i

where inty;, and Sy, are the intercept and slope of
the dry edge, respectively, and inty,,x and Sp,y are

the intercept and slope of the wet edge, respec-
tively. The wet edge is formed by the pixels with
the highest y° values along the RVI gradient. These
pixels are assumed to have the wettest conditions.
The dry edge is formed by the pixels with the
lowest 9° values along the RVI gradient with the
presumably lowest moisture availability (and dee-
pest WTID). y°-RVI trapezoid space is constructed
using a time series of all pixels within the studied
site. As in OPTRAM’s case, we parameterized
SARTRAM’s final wet and dry edges by visual
inspection.

It is important to mention that within the y°-RVI
space, SARTRAM values for pixels sharing the same y°
values will differ if their positions along the RVI gra-
dient axis vary. This indicates a scenario in which the
y° value for particular pixels could be recorded at
different stages of the vegetational season or within
different types of peatland vegetation cover. Similarly,
identical RVI values, but differing y° values will also
signify distinct SARTRAM pixels. In the latter case,
peatland areas representing the same vegetation type
would exhibit variations in y° scattering due to WTD-
induced scattering differences. Specifically, a deeper
WTD would result in a weakened y° signal, whereas
a shallower WTD would lead to signal amplification.
In this way, similar to other trapezoidal models,
SARTRAM accounts for the vegetation type-specific
relationships, which is also pertinent to SAR vegeta-
tion phenology and classification studies (Del Frate
et al. 2003; Skriver 2012; Udali, Lingua, and Persson
2021; Xu et al. 2019).
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Due to specular reflectance, y°-surface soil moist-
ure relationship is valid for partially and fully satu-
rated soil, but not for inundation conditions. For this
reason, pixels incorporating standing water should be
eliminated from the analysis process.

2.2.6. Data analysis

Other WTD remote sensing studies in peatlands
show high variations in correlation or regression
analysis results (Abdelmajeed and Juszczak 2024;
Asmuf3, Bechtold, and Tiemeyer 2018, 2019;
Burdun, Bechtold, Sagris, Komisarenko, et al. 2020;
Burdun, Bechtold, Sagris, Lohila, et al. 2020; Burdun
et al. 2023; Kim 2013; Lees et al. 2021; Millard et al.
2018; Risanen, Tolvanen, and Kareksela 2022;
Simanauskiené et al. 2019). This is usually explained
by differences between study sites (natural or
drained, restored or not), the locations of WT log-
gers, the density of wooded vegetation in the area,
and WTD depth (Millard and Richardson 2018;
Riasanen, Tolvanen, and Kareksela 2022). As
a result of these factors, the satellite image pixel
most sensitive to WTD may not necessarily coincide
with the location of the logger. To address this issue,
Burdun, Bechtold, Sagris, Lohila, et al. (2020) intro-
duced the best pixel technique, where the pixel that
has the highest correlation with WTD within the
peatland area is considered as best-pixel and used
for the WTD prediction. In this study, in addition to
pixel values corresponding to the WT logger loca-
tion point (PTS), an average 25-m buffer around the
logger point values (BUFF25m) was extracted for
SARTRAM, surface backscatter y° and OPTRAM,
alongside the best pixel for the entire peatland area
(BP). We also supplemented the original best-pixel
approach, calculating the best-pixel values for 100-m
(BP100m) and 500-m (BP500m) buffers around the
logger point.

Linear regression was employed to estimate the
relationship between a SARTRAM, OPTRAM, and
SAR backscatter signal (y°) variable as the predictor
and WTD as the target variable. The accuracy of the
linear models was assessed by calculating Spearman
correlation coefficients (R) and the root mean squared
error (RMSE) of the predicted and actual WTD values.
These models were used to compare the performance
of OPTRAM and SARTRAM, as well as SARTRAM
and SAR backscatter signal (y°) (calculated in both
linear units and decibels (dB)) in monitoring WTD
fluctuations. Spearman’s correlation was selected over
alternative methods due to the non-normal distribu-
tion of WTID data in most (95%) loggers, which was
tested with the Anderson-Darling Normality Test
(p-value of 0.05).

To demonstrate that the observed relationships are
not driven by temporal autocorrelation, an anomaly
correlation was additionally performed. Anomalies for

both the WTD and SARTRAM time series were cal-
culated by computing monthly means across the years
and subtracting them from the original WTD and
SARTRAM values. The resulting WTD and
SARTRAM anomalies were then correlated, enabling
a comparison between the original and anomaly-based
correlations.

For further analysis steps, a time series of
SARTRAM data for each site and logger was smoothed
by calculating the moving average (MAW) with
a window size of 3 data points. WTD prediction cap-
abilities of temporally filtered and unfiltered
SARTRAM were then compared using linear regres-
sion. To evaluate SARTRAM performance at the ver-
tical WTD scale, a segmented regression analysis with
one breaking point was used. The existence of a single
breakpoint was tested with the Davies test (p-value of
0.05), while the linear model fit in both segments was
expressed by R and RMSE values.

3. Results
3.1. WTD variations between study sites

Water table depth data showed that Lithuanian sites
exhibited deeper WTD values and higher temporal
WTD fluctuations than Scottish peatland sites, with
multiannual average WTD values of -24.24 and
-10.84 cm and multiannual average standard devia-
tions of 16.61 and 8.10 cm for Lithuanian and Scottish
peatlands, respectively (Figure 5). Most of the sites had
multiannual average WTD values between —5 and
—18 cm, with the exception of Amalvas, Sachara,
Moine Mhor 01, and Cardowan that had deeper
WTD conditions (—35.64--22.77 cm) and Red Moss
of Netherlay as well as Abernethy 03 with nearly
inundation conditions (Figure 5). Sites with the dee-
pest average WT levels also demonstrated the highest
multiannual variability in WTD values (Figure 5).

Lithuanian and Scottish peatlands exhibited differ-
ent seasonal WTD fluctuations, with the water level
being the highest in autumn (September-October) for
Scotland (-11.59 cm, on average) and in spring
(April-May) for Lithuania (-19.36 cm, on average),
and the lowest in summer (June-August) (-16.19
cm, on average) and summer-autumn (-34.63--33.4
cm, on average) for Scotland and Lithuania, respec-
tively (Figure 5).

3.2. Correlation of SARTAM and OPTRAM with
WTD

Figure 6 shows WTD correlation with SARTRAM VH,
SARTRAM VV, and OPTRAM variables for different
spatial trapezoid model value extraction models:
BP100m, BP500m, and BP, as well as BUFF25m and
PTS at WTD logger location.
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Figure 5. Water table depth statistics at seasonal and multiannual scales for the study peatlands (Avg.: Average; Std. Dev.:

Standard deviation values).

A few general patterns emerge from the obtained
results. First, both OPTRAM and SARTRAM predomi-
nantly demonstrate positive correlations with WT
dynamics. Second, OPTRAM outperforms SARTRAM,
obtained with both VH and VV polarizations for all
model value extraction cases. The best results for both
OPTRAM and SARTRAM were observed with the BP
model, where average R and RMSE values were 0.85 and
4.63 cm, 0.59 and 7.48 cm, and 0.58 and 7.52 cm for
OPTRAM, SARTRAM VH, and VV, respectively. The
poorest WTD prediction results were observed for the
PTS and the BUFF25m models, with the latter showing
slightly better performance compared to the former. For
these models, the correlation values obtained for
SARTRAM VH and VV were low, and the RMSE values
were high.

OPTRAM PTS and BUFF25m models showed
a relatively higher performance, but still the lowest
among all OPTRAM value extraction methods
(Figure 7). Third, comparing the correlations between
different best pixel value extraction models shows that
the R-value increases as the diameter of the best pixel
search buffer increases.

For the BP500m model, the WTD correlations with
both OPTRAM and SARTRAM were higher for all

research sites than those for the 100-m buffer (BP100m)
and slightly inferior to the correlations for the BP model.
Within some specific study sites, the R values remained
the same or very close for both the BP500m and BP
models (Figure 6). Fourth, SARTRAM calculated with
VH polarization on average performed similarly to VV
polarization, with the exception of a slight increase in
R values in the BP and PTS VH polarization models.

Because of limitations in spatial resolution and the
possible small-scale variations in observation area
physical conditions (topography and microtopogra-
phy, variation in vegetation cover, short-term inunda-
tions, overall WTD), SAR data-based products can
demonstrate not only high spatial but also temporal
variations. Figure 8 shows the correlation between
SARTRAM VH and SARTRAM VYV values, obtained
through different value extraction methods, with
applied temporal data filtering, and WTD at the ana-
lyzed study sites (Figure 8). As indicated by higher
R coefficients and lower RMSE, the applied moving
average window (MAW) improved the linear relation-
ship between the measured features and the variable
(Figure 9).

The average R values obtained with BP were
0.65 for SARTRAM VH and VV, while the RMSE
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Figure 6. Spearman correlation between WTD and SARTRAM VH and VV polarization and OPTRAM (S2) data calculated for PTS,
BUFF25m, BP100m, BP500m, and BP models. Correlation values are given for all 98 logger sites in 29 peatlands.

values were 6.89 cm and 6.91 cm for VH and VV
polarizations, respectively. The BP500m model
correlations with WTD were slightly lower and
reached 0.62 for VH and VV polarization, while
RMSE reached 7.13 and 7.19cm for VH and VV
polarizations. BP100m model correlations with
WTD for both VH and VV polarizations were
0.51, and RMSE was 7.69 cm (Figure 9).

Despite the increase in SARTRAM performance, as
with the unfiltered data, PTS and BUFF25m models
demonstrated the lowest correlation with WTD
values. The trend of the best-pixel correlation decrease
and RMSE increase with the decrease in buffer dia-
meter remained consistent.

From the perspective of temporal data, WTD
time series are often autocorrelated, which
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Figure 7. The average R and RMSE values for all SARTRAM- and OPTRAM-based WTD prediction models.

complicates correlation calculations as it violates
the assumption of independent data points. In
this case, the calculated average Spearman anomaly
correlations closely matched the original Spearman
correlations in value (Appendix 3), suggesting that
the observed relationship may exist independently
of autocorrelation effects. Additionally, Appendix 4
presents the time series comparison of WID and
SARTRAM with MAW for the best-performing BP
and BP500m models, showing similarity in trends
across most loggers.

To account for the substantial difference in observa-
tion counts between Sentinel-1 and Sentinel-2 satellite
data (Figure 3), the SARTRAM time series was addition-
ally aligned with Sentinel-2 using a fuzzy join within a +
2-d window, when exact date matches were unavailable.
This ensured a comparable number of observations
across both methods, resulting in 3023 matched observa-
tions across all loggers. The average R for OPTRAM
ranged from 0.62 to 0.82, outperforming SARTRAM,
which exhibited lower R values of 0.48-0.60 for VV and
0.46-0.60 for VH (without MAW) across all value extrac-
tion cases. This suggests that OPTRAM remains superior
even when SARTRAM is limited to a shorter time series.
The highest average R values were consistently achieved
using the BP model, while the lowest were observed with
the PTS model, except in the case of the OPTRAM
BUFF25m model, which performed worse than the PTS
model. Regarding RMSE for linear regression models,
SARTRAM ranged from 6.48 to 7.45 for VV and 6.51
to 7.54 for VH, whereas OPTRAM demonstrated lower
RMSE values, ranging from 4.34 to 6.53. Notably, the
average statistically significant R values for the shorter
SARTRAM time series (Appendix 6) were not lower than
those for the longer SARTRAM series (Figure 7), indicat-
ing that the initially observed correlation coefficients
were not simply a result of longer time series availability.

3.3. Performance of SARTRAM depending on the
depth of WT

Segmented regression was performed following the
assumption of Burdun et al. (2023) that below a site-

specific threshold represented by the calculated break-
point, the model’s ability to explain WTD diminishes.

As expected, in most cases, breaking points were
different for all SARTRAM value extraction models.
The depth of the breaking points for all loggers is
provided in Appendix 5. The average values of break-
ing points for the BP model were —20.6 and —21.5 cm
for VH and VV polarization, respectively. For
BP500m and BP100m VH and VV models, average
breaking point positions were identified at —23.0 and
—-22.0 cm as well as —20.0 and —19.8 cm depth, respec-
tively. Also, breaking point values were different for
SARTAM VH and VV polarizations and varied greatly
among sites. The deepest WT of the breaking point for
BP models was identified for the RMO5 logger at
-93.6 cm in Red Moss of Balerno peatland with VH
and at —73.2 cm with VV polarization for the MOI2
logger in Moine Mhor 01 peatland, Scotland. For
BP500m VH and VV models, the deepest breaking
point values were found for the S3 and S2 loggers
(-119.8 and -82.7cm, Sachara peatland)
(Appendix 5). All the deepest breaking point values
were found at sites with low average WTD. The site-
average WTD at Sachara was —33.1 cm, at Red Moss of
Balerno —12.2 cm, and Moine Mhor 01, -34.5 cm.

Segmented regression analysis confirmed that,
despite  significant variation between  sites,
SARTRAM values decrease with increasing water
table depth. However, the rate of decline diminishes
beyond the identified threshold. Furthermore, low
SARTRAM and WTD R values are frequently
observed in relation to conditions of periodic near-
surface WT. These trends are well reflected in the
FLANW104 (Flanders Moss peatland, Scotland) and
GRE1 (Greenhead Moss peatland, Scotland) sites
shown in Figure 10.

3.4. Comparison of SARTRAM performance with
SAR backscatter (y°) signal for peatland WTD
prediction

The correlation between WTD and 9° (in both linear
and dB units) across all 98 sites in 29 peatlands showed
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Figure 8. Spearman correlation between SARTRAM (VH and VV polarizations) with applied temporal data filtering (using moving
average window) and WTD for PTS, BUFF25m, BP100m, BP500m, and BP models. Correlation values are given for all 98 loggers in
29 peatlands.
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Table 1. Spearman correlation coefficient values between y° backscatter signal (in linear and dB units) in VV and VH
polarizations, SARTRAM, and WTD calculated for PTS, BUFF25m, BP100m, BP500m, and BP models.

Data source Polarization PTS BUFF25m BP100m BP500m BP
y° dB VH 0.24 0.27 0.38 0.51 0.56
wW 0.24 0.28 0.41 0.52 0.57
y° linear VH 0.24 0.27 0.38 0.51 0.56
wW 0.24 0.28 0.41 0.52 0.57
SARTRAM VH 0.26 0.29 0.43 0.55 0.59
wW 0.25 0.29 0.43 0.55 0.58
y° db with applied MAW VH 0.28 0.30 0.47 0.59 0.63
wW 0.28 0.30 0.49 0.60 0.64
y° linear with applied MAW VH 0.28 0.30 0.47 0.59 0.62
wW 0.28 0.30 0.49 0.60 0.64
SARTRAM with applied MAW VH 0.29 0.32 0.51 0.62 0.65
wW 0.29 0.32 0.51 0.62 0.65
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an extremely low R value when calculated convention-
ally, whereas in the PTS model, the R between y° and
WTD reached 0.24 for both VH and V'V polarizations,
and in the BUFF25m models, it reached 0.27 for VH
and 0.28 for VV. SARTRAM, on the other hand,
showed slightly higher R scores using the PTS and
BUFF25 models and in all other value extraction
cases (Table 1). With BP100m, correlation values
reached 0.43, while for y° they were 0.38 and 0.41,
respectively. Similarly, for BP500m, SARTRAM
reached R of 0.55, while with y° they were 0.51 (VH)
and 0.52 (VV). Lastly, the BP method showed the
same trend, for SARTRAM reaching 0.59 (VH) and
0.58 (VV), while for y° R was 0.56 and 0.57.

Higher R values across all y° analysis cases were
observed using VV polarization data. This finding is
consistent with other studies (Asmuf3, Bechtold, and
Tiemeyer 2019; Toca et al. 2023). For SARTRAM, the
VV and VH polarization models demonstrated similar
performance. The same trend persisted following the
application of the MAW filter. Additionally, MAW
filtering substantially increased the overall correlation
of SARTRAM and WTD by 10.34%-18.61% across all
value extraction methods (reaching 0.51, 0.62, and 0.65
for BP100m, BP500m, and BP models, respectively).
A similar increase in R-values with MAW was observed
for y° in both linear and dB units, with average
increases ranging from 7.1% to 23.68% across all value
extraction methods (reaching 0.49, 0.60, and 0.64 for
BP100m, BP500m, and BP models, respectively).

The results suggest that the application of the
MAW filter proportionally enhances the R-values.
However, the correlation between y° and WTD with
all value extraction methods remains lower than that
observed between SARTRAM and WTD.

4. Discussion

4.1. Strengths and drawbacks of SARTRAM
compared to OPTRAM

We introduced the synthetic aperture radar trapezoid
model, the first attempt to adapt the well-recognized
OPTRAM concept to the Sentinel-1 SAR data for
WTD prediction in peatlands. We compared the
Sentinel-1-based SARTRAM capabilities to Sentinel-
2-based OPTRAM using the WTD data from 98 log-
gers from 29 peatlands in Scotland and Lithuania, as
well as five OPTRAM and SARTRAM value extraction
methods (PTS, BUFF25m, BP100m, BP500m, and
BP). Based on the results of this study, OPTRAM
and SARTRAM models were compared in terms of
data size and continuity, computation, capabilities,
and relationship with WTID.

Computation. While OPTRAM is computed using
moisture and vegetation chlorophyll information
derived from STR and NDVI, SARTRAM utilizes the

same information derived from either VV or VH
polarization backscatter for moisture and RVI index
for chlorophyll. Both variables are calculated using
mid-to-high spatial resolution data from the
Sentinel-2 VIS-NIR and SWIR spectral ranges (10-
and 20-m resolution) for OPTRAM and VV and VH
polarization products Sentinel-1 GRD data (10-m spa-
tial resolution) for SARTRAM. Consequently, both
OPTRAM and SARTRAM are well-suited and have
the potential for small and large spatial extent peatland
investigations.

Data size and continuity. Due to optical satellite data
being sensitive to cloud cover and natural light condi-
tions, OPTRAM is limited in providing data with con-
sistent temporal resolution, resulting in a limited
number of observations with irregular frequency
despite frequent Sentinel-2 revisit times. In contrast,
the SAR-based SARTRAM operates independently of
light and weather conditions. SAR’s capability to pene-
trate clouds, smoke, and haze, as well as the ability to
acquire data both day and night, enables the extraction
of SARTRAM data with consistent high-frequency tem-
poral resolution and offers a huge advantage compared
to optical satellite data. Within the scope of this study,
OPTRAM had only 10.2% of SARTRAM’s observation
count. The total observation count for OPTRAM was
3301, compared to 30,546 for SARTRAM. Therefore, in
terms of data frequency and consistency, SARTRAM
may be better suited for continuous peatland WTD
monitoring compared to OPTRAM.

Capabilities in WTD prediction. Consistent with
previous studies (Burdun, Bechtold, Sagris,
Komisarenko, et al. 2020; Burdun, Bechtold, Sagris,
Lohila, et al. 2020; Burdun et al. 2023), our results
demonstrate that OPTRAM exhibits strong correla-
tions with WTD in Lithuanian and Scottish peatlands,
with an average R-value of 0.85 for BP models. All
SARTRAM-based models show weaker correlations
with WTD, with averages ranging from 0.25 for PTS
to 0.59 for BP models without MAW and from 0.28 to
0.65 for MAW-applied PTS and BP models.

We assume that the stronger correlation rates
between WTID and OPTRAM compared to WTD
and SARTRAM may be determined by a number of
complex reasons: (i) First, due to conceptual differ-
ences in the nature of data. The SAR backscatter signal
is dependent on the dielectric constant and the tar-
geted surface roughness. The C-band SAR signal has
some (albeit limited) capability to penetrate through
vegetation (El Hajj et al. 2019; Toca et al. 2022), and
the backscattered microwave radiation is sensitive to
the soil dielectric permittivity (Asmuf3, Bechtold, and
Tiemeyer 2018; Schmugge et al. 1974). In theory, this
should provide reliable results for monitoring soil
moisture content and WTD, including in a peatland
environment. Nevertheless, in most cases, the targeted
surface area “illuminated” by SAR consists of various



types and properties of individual scatterers (e.g.
wind-moving plant leaves), whose backscatter signal
effects on pixel information cause distortion and
noise, complicating further analysis and interpreta-
tion, as well as possible results. Nevertheless, due to
water absorption bands, the presence of moisture in
objects can be detected through changes in spectral
reflectance in SWIR bands. At the VNIR range, the
chlorophyll absorption band area is also located. This
provides the premise for the evaluation of plant chlor-
ophyll content, which, among other factors, is related
to water content in plants and, consequently, its con-
tent in soil. The combination of the mentioned optical
data features in different ways (e.g. spectral indices,
separate band analysis, trapezoid model calculation)
allows to reach comparably good results. (ii) Second,
the heterogeneity of surface physical conditions plays
a significant role. As correctly stated by Toca et al.
(2023) due to the SAR signal’s complex nature, it can
be affected by huge variety of physical surface proper-
ties like topography and microtopography (e.g. gullies,
hags, hummocks, hollows, pools, ridges and furrow
pattern), varying species composition of vegetation
cover, soil density, and texture, soil, and vegetation
moisture content, inundation.

Relationship with WTD. Both SARTRAM and
OPTRAM values demonstrate a comparable relation-
ship with water table depth. Consistent with findings
from this and previous studies, OPTRAM values gen-
erally decrease as the water table drops (Burdun et al.
2023). However, this decline becomes less pronounced
at certain depths, and at intermediate to very deep WT
levels, OPTRAM values exhibit smaller variations.
Similarly, SARTRAM values decrease with deeper
water table levels, but this decline diminishes beyond
a certain depth. This general trend is reflected in the
statistical relationship between SARTRAM/OPTRAM
and WTD. As WTD increases, RMSE values for
SARTRAM and OPTRAM rise, while the correlation
coefficient R decreases.

Low SARTRAM and WTD R values are also
observed under near-surface water table conditions.
This is attributed to the y° double-bounce scattering
effect in shallowly inundated vegetation. Similar rela-
tionships have been reported in other SAR studies
(Asmufl, Bechtold, and Tiemeyer 2018, 2019;
Bechtold et al. 2018; Toca et al. 2023). The influence
of inundation and shallow WT conditions on WTD
prediction results has also been noted in OPTRAM
studies using optical data (Burdun, Bechtold, Sagris,
Lohila, et al. 2020).

4.2. Advantages of SARTRAM compared to the
SAR backscatter signal (y°)

Most studies exploring the relationship between WTD
and microwave backscatter have reported moderate
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correlation coefficients ranging from 0.38 to 0.54,
depending on the study sites and the dataset used
(Asmufl, Bechtold, and Tiemeyer 2018, 2019;
Bechtold et al. 2018). In our study, y° exhibited sig-
nificantly lower correlations with WID when calcu-
lated using conventional methods (0.24 for PTS and
up to 0.28 for BUFF25m). Although the R values for y°
and WTD increased with the BP models and the
application of the MAW filter, SARTRAM consis-
tently outperformed §° in all the analyzed cases. The
largest difference in performance between SARTRAM
and y° was observed in the BP100m and BP500m
models, with SARTRAM reaching R values of 0.62
and 0.61, respectively. Despite its overall superior per-
formance, SARTRAM also addresses vegetation phe-
nology and vegetation composition-specific
relationship problems. Some studies suggest that sea-
sonal and interannual variations in the correlation
between y° and WTD are influenced not only by
WTD dynamics but also by changes in biomass and
vegetation phenology (Asmufl, Bechtold, and
Tiemeyer 2018). In the case of the SARTRAM, as
with other trapezoid models, the effect of vegetation
structure and phenology is minimized by projecting
two-dimensional space, where the moisture-sensitive
signal is combined with a vegetation index and the
model value is determined by the point location within
the space. The findings of this study indicate that
SARTRAM exhibits stable performance rates and low
variability across different WTD dynamics conditions.

4.3. Best pixel approach and the problem of
peatland area and best pixel distance to the WT
measuring point

The best pixel approach, first introduced by Burdun,
Bechtold, Sagris, Komisarenko, et al. (2020), signif-
icantly improves correlations between WT and the
indices used. It operates under the assumption that
high horizontal peat conductivity leads to the syn-
chronization of WT and its temporal changes over
a large area of peatlands. Consequently, WT
dynamics detected in the best pixel can be extrapo-
lated to a larger peatland area (Burdun, Bechtold,
Sagris, Lohila, et al. 2020). We believe this assump-
tion holds for peatlands with homogeneous surface
characteristics, including surface roughness, topo-
graphy, vegetation cover, and hydrological condi-
tions. Typically, these conditions are found in
undisturbed natural peatland areas rather than in
cultivated peatlands or those undergoing the
restoration process. However, our research indi-
cates that the best pixel approach, without search
distance limitations, is rather risky to use. This is
evident when Spearman correlation coefficients (R)
are calculated between WTD measurements from
loggers within the same peatland (Appendix 2),
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showing a negative relationship between the dis-
tance separating loggers and the correlation
strength. When loggers are placed more than 1 km
apart, the correlation weakens, with R values often
falling below 0.6. This concern was also highlighted
by Isoaho et al. (2024), who found that the best-pixel
method can be problematic as the best pixels may
not be located near WT measurement points, poten-
tially leading to misrepresentative temporal trends,
especially in restored peatlands where hydrological
changes occur non-uniformly. In our case, we deter-
mined two issues related to the best-pixel approach:
(i) the best-fitting SARTRAM/OPTRAM pixel,
determined using the WTD values of a specific
WTD logger, usually was located closer to another
WTD logger within the same peatland with different
WT dynamics; (ii) the best-pixel correlation coeffi-
cient value increased with the increase in peatland
surface area, leading to the best pixel dependency on
the peatland size. Although the correlations

decrease, the issue is mitigated with the introduc-
tion of a best-pixel search buffer distance.

Figure 11 presents cases that examine whether
a logger’s best pixel is closest to the logger for which
it was identified as the best pixel or to a different
logger with different WTD values. Our research indi-
cated that when a 500 m best pixel search buffer is
applied, the match ratio within the search distance is
equalized. With a 100 m buffer, the observed best pixel
was generally closest to the logger for which it was
determined to be the best.

The implementation of a best pixel search buffer
also mitigated the impact of peatland area size on
correlation values. Figure 12 illustrates the correlation
between the best pixel and the size of the peatland
area. Within our study sites, the OPTRAM and
SARTRAM BP models demonstrated moderate corre-
lation values between peatland surface area and the
best-pixel correlation when the best pixel selection
encompassed the entire peatland area. This indicates
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that larger peatland areas are associated with higher
potential R values. However, employing the best pixel
search buffer approach resulted in reduced R values
between the peatland surface area and the best-pixel
correlation. Therefore, a clear trend is evident: as the
diameter of the search buffer for the best pixel
decreases, the best-pixel’s correlation dependency on
the peatland area also decreases.

4.4. Further possible application scenarios and
optimization steps of SARTRAM

This study aimed to adapt the trapezoid model con-
cept for use with SAR data and assess its performance,
resulting in moderate to strong correlations with
WTD, though generally lower than those observed
between OPTRAM and WTD. However, several
potential avenues for further optimization of
SARTRAM are observed, which could improve its
correlation with WTD in future research.

First, different corrections can be applied to SAR
backscatter data before calculating SARTRAM. Several
studies (Asmuf’, Bechtold, and Tiemeyer 2019;
Bechtold et al. 2018; Lees et al. 2021) employed angle
corrections that were not applied in this study. Lees
et al. (2021) suggested that these corrections could
enhance results by 8.6%, whilst Bechtold et al. (2018)
found that they did not significantly improve reliabil-
ity. Lees et al. (2021) also identified that seasonal
corrections, which account for vegetation growth,
further improve results, indicating that this or other
vegetation corrections possibly could improve
SARTRAM performance. Together with angle and
seasonal corrections and water level data smoothing,
the aforementioned study achieved a mean correlation
of 0.77 with VV polarization backscatter and water
levels in UK wetlands.

Some studies (e.g. D’Acunha, Lee, and Johnson
2018; Jaenicke, Englhart, and Siegert 2011) have
argued that in peatlands, there is a lag between
changes in water table depth and subsequent changes
in vegetation and surface soil properties (e.g. moist-
ure). Jaenicke, Englhart, and Siegert (2011) reported
that WTD and VH backscatter correlations increased
by 0.28 with a nine-week lag. Therefore, calculating
cross-correlation with a lag between water table mea-
surements and SAR backscatter could also potentially
enhance SARTRAM results.

Toca et al. (2023) also leveraged additional weather
filtering and smoothing and found the best results
using Random Forest Regression (R* = 0.66, RMSE =
2.1). However, it is worth noting that their model
relied heavily on categorical variables, such as season
and site characteristics, while SAR metrics showed
lower importance. For SARTRAM, only MAW
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filtering was applied; however, the implementation of
additional measures in future research has the poten-
tial to further enhance SARTRAM’s performance.

The partial automation of determining dry and wet
edges in OPTRAM, which usually requires visual
interpretation (Babaeian et al. 2018; Sadeghi et al.
2017), has been achieved by Burdun et al. (2023)
using Google Earth Engine (GEE). This automation
could be adapted to SARTRAM in future applications.

Furthermore, SARTRAM changes the NDVI used
in OPTRAM with the RVI index; however, other radar
vegetation indices can also be adapted. For example,
RNDVI (Mastro et al. 2023) and DSPVI (Periasamy
2018) - both applicable to Sentinel-1 GRD data - are
linked to vegetation structure and biomass and could
serve as alternatives. Additionally, variables derived
from Sentinel-1 SLC data, such as coherence, which
correlates with canopy cover (Villarroya-Carpio,
Lopez-Sanchez, and Engdahl 2022), could be inte-
grated. Some studies have also synthesized NDVI
from SAR using neural networks (Calota, Faur, and
Datcu 2022; Mazza et al. 2018), offering another
potential substitute for NDVI. Similarly, future
research could explore the feasibility of synthesizing
OPTRAM from SAR data or combining OPTRAM
and SARTRAM in a way that allows SARTRAM to
substitute  OPTRAM during cloudy conditions.
Moreover, instead of using VV or VH backscatter
values, indices that mitigate the influence of vegetation
and enhance soil moisture estimation—such as
DpRVIc (Bhogapurapu et al. 2022)—could be incor-
porated into SARTRAM.

The concept of SARTRAM is based on OPTRAM,
which was initially used as a proxy for soil moisture
(Sadeghi et al. 2017) and was first applied to peatland
water table depth determination by Burdun, Bechtold,
Sagris, Komisarenko, et al. (2020). SARTRAM could
be utilized not only in water table depth studies but
also in soil moisture research, as microwave backscat-
ter depends on both surface roughness and soil moist-
ure. Additionally, SARTRAM has only been employed
in rewetted peatlands, which typically show lower
correlation values compared to natural peatlands
(Rasanen, Tolvanen, and Kareksela 2022). Therefore,
applying SARTRAM to natural undisturbed peatlands
with different management regimes could represent
a promising direction for future research.
Furthermore, we only tested SARTRAM for raised
bog type peatlands. Future research should enhance
the applicability of SARTRAM by evaluating its effec-
tiveness across diverse peatland types.

Lastly, as one of the SAR advantages in predicting
peatland WTD, some studies emphasize the micro-
wave vegetation penetration capabilities (El Hajj
et al. 2019; Toca et al. 2022). However, as this cap-
ability is limited to C-band, applying L-band SAR
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would potentially increase penetration, leading to pos-
sibly better results by eliminating vegetation cover,
biomass, and deep WT levels effect.

5. Conclusions

To overcome the limitations of OPTRAM, this paper
suggested a SAR-data-based adaptation of the trape-
zoid model, SARTRAM, for remote peatland WTD
depth monitoring. Our assessment of the SARTRAM
capabilities and their comparison to OPTRAM led to
the following findings:

(1) OPTRAM outperformed SARTRAM using all
value extraction methods (PTS, BUFF25m,
BP100m, BP500m, and BP). However,
SARTRAM demonstrated considerable poten-
tial, especially when temporal filtering (mov-
ing average window) was applied, which
improved correlation with WTD up to 10%-—
19%, and average R values increased to 0.65
and 0.62 for BP and BP500m models with VH
polarization.

(2) SARTRAM demonstrated slightly better per-
formance compared to traditional WTD pre-
diction techniques based on the SAR
backscatter signal.

(3) The best pixel method significantly enhances the
accuracy of WTD predictions. However, two
issues with the best-pixel method were observed:
(i) the selected pixels were frequently positioned
closer to other WTD loggers rather than the
loggers from whose observations they were
derived, and these neighboring loggers exhibited
distinct WTD dynamics; (ii) the best-pixel corre-
lation had a moderate-to-strong positive correla-
tion with peatland surface area. The
implementation of a best-pixel search distance
bulffer, although resulting in a slight reduction in
WTD-SARTRAM  correlation,  effectively
addressed these issues.

(4) The relationship between SARTRAM and
WTD weakens in two specific instances: first,
as WTD increases, and second, under shallow
near-surface WID conditions.

The primary advantage of SARTRAM lies in its
ability to provide continuous data. Unlike
OPTRAM and other optical data-based methods,
SARTRAM is unaffected by cloud cover or weather
conditions, ensuring temporally consistent data for
predicting WID dynamics. However, SAR data is
sensitive to variations in microtopography and sur-
face roughness, presenting an opportunity for future
improvements to SARTRAM through the implemen-
tation of additional correction and filtering
techniques.
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