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A B S T R A C T   

Peatland water table depth (WTD) and wetness have widely been monitored with optical and synthetic aperture 
radar (SAR) remote sensing but there is a lack of studies that have used multi-sensor data, i.e., combination of 
optical and SAR data. We assessed how well WTD can be monitored with remote sensing data, whether multi- 
sensor approach boosts explanatory capacity and whether there are differences in regression performance be
tween data and peatland types. Our data consisted of continuous multiannual WTD data from altogether 50 
restored and undrained Finnish peatlands, and optical (Landsat 5–8, Sentinel-2) and Sentinel-1 C-band SAR data 
processed in Google Earth Engine. We calculated random forest regressions with dependent variable being WTD 
and independent variables consisting of 21 optical and 10 SAR metrics. The average regression performance was 
moderate in multi-sensor models (R2 43.1%, nRMSE 19.8%), almost as high in optical models (R2 42.4%, nRMSE 
19.9%) but considerably lower in C-band SAR models (R2 21.8%, nRMSE 23.4%) trained separately for each site. 
When the models included data from several sites but were trained separately for six habitat type and man
agement option combinations, the average R2 was 40.6% for the multi-sensor models, 36.6% for optical models 
and 33.7% for C-band SAR models. There was considerable site-specific variation in the model performance (R2 

− 3.3–88.8% in the multi-sensor models ran separately for each site) and whether multi-sensor, optical or C-band 
SAR model performed best. The average regression performance was higher for undrained than for restored 
peatlands, and higher for open and sparsely treed than for densely treed peatlands. The most important variables 
included SWIR-based optical metrics and VV SAR backscatter. Our results suggest that optical data works usually 
better than does C-band SAR data in peatland WTD monitoring and multi-sensor approach increases explanatory 
capacity moderately little.   

1. Introduction 

Boreal peatlands are under change because of human-induced dry
ing, degradation and restoration, and there is a need to develop methods 
to monitor the state of peatlands and assess restoration success 
(Andersen et al., 2017; Chimner et al., 2017). As remote sensing pro
vides objective spatially explicit and temporally extensive data, it has 
been suggested to be a useful method for peatland monitoring (Chasmer 
et al., 2020a, 2020b). 

A key parameter for peatland ecosystem functioning is water table 
depth (WTD), i.e., how close to the surface the water body in the peat 
pool reaches. In peatlands, WTD correlates with soil and surface mois
ture, especially just above the water table (Kellner and Halldin, 2002; 

Strack and Price, 2009; Lafleur et al., 2005). 
So far, WTD, wetness and soil moisture have been monitored with 

different remote sensing sensors, including optical, thermal, passive 
microwave and active microwave (Babaeian et al., 2019; Li et al., 2021; 
Peng et al., 2021; Santi et al., 2016). The highest spatial resolution can 
be achieved with optical and active microwave such as synthetic aper
ture radar data (SAR), while passive microwave observations have low 
spatial resolution (Babaeian et al., 2019; Li et al., 2021; Peng et al., 
2021) that hampers monitoring in peatlands due to their small size and 
spatial heterogeneity (Burdun et al., 2020; Kalacska et al., 2018; Burdun 
et al., 2020). Some studies have also indicated that optical indices 
outperform thermal ones in peatland wetness studies (Burdun et al., 
2020). Indeed, development and research utilizing in particular SAR 
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data but also optical sensors has been widespread in soil moisture 
studies, also in peatlands. Furthermore, decadal satellite observations (e. 
g., NASA/USGS Landsat and MODIS) provide opportunities for moni
toring the state of peatlands for long time periods while newer satellites 
such as Sentinel satellites provide high spatial and temporal resolution 
for the most recent past (El Hajj et al., 2017; Gao et al., 2017; Paloscia 
et al., 2013; Ambrosone et al., 2020; Sadeghi et al., 2017; Bauer- 
Marschallinger et al., 2018). 

Of the optical bands and indices, shortwave infrared (SWIR) bands 
and indices have been shown to be promising in soil moisture detection. 
As SWIR reflectance is sensitive also to vegetation, SWIR-based wetness 
indices typically include also near-infrared (NIR) (Sadeghi et al., 2017; 
Wang and Qu, 2007; Gao, 1996), or visible light reflectance (Zhang 
et al., 2013). One of the most recent development has been the use of 
optical trapezoid model (OPTRAM) that utilizes normalized difference 
vegetation index (NDVI) as a measure of vegetation content and SWIR 
transformed reflectance (STR) as a measure of soil moisture. A two- 
dimensional STR-NDVI space, in which each pixel represents one 
observation, models soil moisture along varying vegetation content 
(Sadeghi et al., 2017). Studies in peatlands have shown that OPTRAM 
works well in WTD monitoring (Burdun et al., 2020; Burdun et al., 
2020), but there are also other optical metrics that have been tested in 
peatland WTD or wetness detection. For instance, some studies have 
reported a high correlation between narrowband airborne or field 
spectroscopy-based SWIR-NIR indices and soil moisture or WTD 
(Kalacska et al., 2018; Meingast et al., 2014; Harris and Bryant, 2009). 
Some have also shown that MODIS NDVI is highly positively correlated 
with WTD (Šimanauskienė et al., 2019), whereas others have reported a 
negative correlation between MODIS NDVI and WTD (D’Acunha et al., 
2018). The link between NDVI and WTD is probably indirect as NDVI is 
sensitive to changes in vegetation greenness, composition, and structure 
(McPartland et al., 2019). It has also been discussed that wet area 
development within peatland can be monitored with spaceborne visible 
and infrared bands (Kolari et al., 2021), while others have suggested that 
there are differences between study areas in which indices work best in 
wet area detection (Ludwig et al., 2019). 

In SAR data analyses in peatlands, the use of Sentinel-1 C-band SAR 
data has increased during the last decade (Holtgrave et al., 2018; 
Dabrowska-Zielinska et al., 2018; Lees et al., 2021; Manninen et al., 
2022; Asmuß et al., 2019) while also sensors such as C-band ENVISAT 
ASAR, C-band Radarsat, C-band ERS and L-band PALSAR have been 
used (Torbick et al., 2012; Bechtold et al., 2018; Millard et al., 2018; 
Millard and Richardson, 2018; Kim et al., 2017; Kasischke et al., 2009). 
It has been shown that various SAR polarizations, including those of 
Sentinel-1, i.e., vertical transmission combined with vertical reception 
(VV) or with horizontal reception (VH), and combinations of them are 
useful in wetness studies (Dabrowska-Zielinska et al., 2018; Lees et al., 
2021; Asmuß et al., 2019). Some studies have assessed whether data 
from ascending or descending orbit functions better in WTD monitoring; 
in some studies, there have been small differences between the orbits 
(Asmuß et al., 2019; Bechtold et al., 2018) but other studies have found 
that ascending orbit functions better (Dabrowska-Zielinska et al., 2018). 
In addition to water and surface moisture, SAR backscatter is sensitive to 
surface and vegetation structure. Therefore, some of the SAR studies 
have used optical NDVI data to correct for vegetation effects in the SAR 
backscatter (Holtgrave et al., 2018; Dabrowska-Zielinska et al., 2018). 
Other studies have shown that vegetation effects can be compensated 
also with SAR-based calculations (Dabrowska-Zielinska et al., 2018; 
Manninen et al., 2022); in open peatlands, simple sine equations that 
model vegetation growth and senescence can also compensate for 
vegetation effects (Lees et al., 2021). 

There is a lack of studies that test satellite imagery-based monitoring 
at different peatland habitat types under different management regimes. 
This is crucial, since peatland habitat types, ranging from densely treed 
to open peatlands, also differ in their trophic and moisture status 
(Chasmer et al., 2020a, 2020b). Furthermore, many of the peatlands 

have been heavily degraded due to drainage, and some of the degraded 
peatlands have been restored during the past decades (Andersen et al., 
2017; Chimner et al., 2017), while other peatlands have not been 
actively drained (Kolari et al., 2021; Sallinen et al., 2019). The few 
multi-site studies have included < 20 study sites (Burdun et al., 2020; 
Holtgrave et al., 2018; Lees et al., 2021; Asmuß et al., 2019; Bechtold 
et al., 2018). Even fewer studies have assessed the combined use of 
optical and SAR imagery in peatland wetness monitoring, and most of 
them have used only NDVI from optical imagery (Holtgrave et al., 2018; 
Dabrowska-Zielinska et al., 2018; Millard et al., 2018). Only in one 
study, optical Sentinel-2 data was used more versatilely and was com
bined with Landsat thermal and Sentinel-1 SAR data (Klinke et al., 
2018). 

Here, we monitored peatland WTD data from 50 restored and un
drained peatland study sites using optical (Landsat 5–8 and Sentinel-2) 
and C-band SAR (Sentinel-1) satellite imagery. Using multi-annual in- 
situ WTD data as a reference, we asked how well WTD can be monitored 
with remote sensing data, whether multi-sensor approach boosts 
explanatory capacity, and if there are differences in regression perfor
mance between sensor types, peatland habitat types, and between un
drained and restored sites. 

2. Methods 

2.1. Study sites and water table depth data 

We included 50 study sites in the analysis, located between 60◦ and 
66◦ N in Finland (Fig. 1, Table S1). Each site is represented by one WTD 
monitoring point located within a larger peatland complex. Six of the 
sites are included in the Natural Resources Institute Finland peatland 
restoration monitoring network (Tolvanen et al., 2020) while the rest 44 
sites are included in the Parks & Wildlife Finland (Metsähallitus) per
manent monitoring network of restored peatlands. We divided the sites 
into three different peatland habitat types (spruce mires, pine mires, and 
open mires) and two management options (restored and undrained) 
(Table 1). All sites had peat depths > 30 cm. 

Spruce mires are minerotrophic peatlands with abundant tree cover, 
main tree species being Norway spruce (Picea abies) and Downy birch 
(Betula pubescens). Field layer is mostly covered by forbs and shrubs 
while feather mosses and Sphagnum cover the ground layer. The mean 
(±standard deviation) WTD in the monitoring data was 15 ± 10 cm and 
24 ± 13 cm for the undrained and restored sites, respectively (Table S1). 
Pine mires have sparser tree cover and are nutrient-poorer than spruce 
mires. Main tree species is Scots pine (Pinus sylvestris). Field layer is 
dominated by shrubs and ground layer by Sphagnum mosses. WTD was 
13 ± 5 cm and 19 ± 6 cm for the undrained and restored sites, respec
tively. Open mires have few to no trees and are highly heterogeneous in 
their nutrient status and in the field and ground layer vegetation. While 
some sites are dominated by shrubs and Sphagnum, some are sedge and 
wet brown moss dominated. WTD for the undrained and restored sites 
was 13 ± 4 cm and 16 ± 4 cm, respectively. 

The restored sites had been drained for forestry between 1950 s and 
1970 s and restored by filling the ditches and cutting the tree stand to 
mimic the pre-drainage state between 2007 and 2013. The area of 
restoration measures around the monitoring plots ranged between 1 and 
24 ha (mean 6 ha). The undrained peatlands were not heavily affected 
by human management but might have dried partially due to drainage of 
adjacent peatland areas (Kolari et al., 2021; Sallinen et al., 2019). 

We obtained WTD monitoring data collected with automatic loggers 
for each site. The measurements were conducted with Solinst Levelog
gers and InTech TruTrack loggers, and the raw data were converted into 
WTD by taking the nearby air pressure (Solinst Leveloggers) or mea
surement depth (InTech TruTrack) into account. The data was collected 
either every four hours or half-hourly, and we calculated for each site 
the mean WTD per day for the snow-free period between May and 
October for further analyses. 
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2.2. Satellite imagery and its preprocessing 

We applied a 25 m radius buffer around each WTD monitoring site 
and calculated temporal trends for selected optical and C-band SAR 
metrics (Table 2) for each year between May and October in Google 
Earth Engine (Gorelick et al., 2017). We calculated the mean value for 

each metric within the buffered area. The 25 m buffer was selected so 
that it included multiple pixels to remove noise from the data but so that 
it was a relatively homogeneous area within the focal peatland and 
excluded other land cover or habitat types or management options. 

In the optical image analysis, we used Landsat 5–8 and Sentinel-2 
surface reflectance data with the following bands: blue, green, red, 
NIR, SWIR1 (~1600 nm) and SWIR2 (~2200 nm). Landsat data was 
available over the whole monitoring period, while Sentinel-2 data was 
available since May 2017. We harmonized all datasets to match with 
Landsat 8 OLI bands (Zhang et al., 2018; Roy et al., 2016). We selected 
only images with maximum cloud cover 20% and masked remaining 
clouds. Gaps in the Landsat 7 data caused by the scan line failure were 
filled with a fixed 300 m square kernel. We calculated 21 indices for 
each image, each of which has been judged relevant for wetness or wet 
area detection (Table 2). Of the chosen indices, parameterization is 
required for OPTRAM and exponentially fitted OPTRAM (OPTRAMexp). 

Fig. 1. The location of the study sites within southern Finland. The numbers refer to specific sites which are detailed in Table S1.  

Table 1 
Number of study sites for each habitat type and management option.    

Management options In total   
Restored Undrained 

Habitat types Spruce mire 9 5 14 
Pine mire 15 8 23 
Open mire 7 6 13 

In total 31 19 50  
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Following earlier studies (Burdun et al., 2020; Ambrosone et al., 2020; 
Babaeian et al., 2018; Sadeghi et al., 2015), we visually interpreted STR- 
NDVI space that included all pixels for each monitoring site buffer area 
and time point and assigned linear (OPTRAM) or exponential (OPTRA
Mexp) threshold lines for the dry and wet edges. 

In SAR image analysis, we utilized ground range detected Sentinel-1 
data available since October 2014. To secure data consistency, we 
included data only from ascending orbit. We followed the preprocessing 
steps by (Mullissa et al., 2021); in other words, we applied additional 
border noise correction, reduced speckle with multi-temporal (Quegan 
and Jiong Jiong, 2001) Lee Sigma filter (Jong-Sen Lee et al., 2009) with 
kernel size and number of images set to 5 and conducted radiometric 
terrain normalization utilizing National Land Survey of Finland 10 m 
spatial resolution digital terrain model and converted the data to deci
bels. We calculated 10 SAR metrics for each image (Table 2). The angle 
and sine correction were calculated using the equations by (Lees et al., 
2021) who developed the equation for open peatland ecosystems in 
Great Britain. We modified the sine correction equation to match to a 
typical Finnish growing season so that the correction was close to 0 at 
doy 140 (approximate start of growing season) and 277 (approximate 
end of growing season) and close to maximum value of 1 at doy 208 
(approximate peak of growing season) (equation (1)). 

σ◦

sine = σ◦

angle − sin(0.023 × (doy − 140)) (1) 

In which σ◦

sine and σ◦

angle are sine and angle corrected backscatter 
coefficients (in decibels), respectively, and doy is the day of the year of 
image acquisition. We tested the sine correction on our data, and it 
increased the correlation between WTD and VV backscatter on average 
by 14 %-points. 

In some cases, erroneous observations may exist particularly in the 

optical data that is sensitive to weather even though clouds are masked 
from the data. To identify and replace outliers, we used Friedman’s 
super smoother (Friedman, 1984) separately for each metric and site. 

2.3. Statistical analyses 

To assess how well the temporal trends in WTD can be predicted with 
remote sensing data, we ran separate random forest regressions (Brei
man, 2001) for each study site (N = 50) with the dependent variable 
being the measured daily WTD and independent variables consisting of 
remote sensing metrics (Table 2, Fig. 2). Additionally, we implemented 
combined models for the habitat type and management option combi
nations (N = 6) in which data from several study sites were lumped 
together. 

We used random forest, an ensemble of bootstrapped classification 
and regression trees, which has functioned well in remote sensing ana
lyses with multiple collinear explanatory variables and with temporal 
data and reported to be insensitive to overfitting (Douna et al., 2021; 
Belgiu and Drăguţ, 2016). We set the number of trees to 500 and number 
of variables tested at each tree node to the square root of available 
variables (Belgiu and Drăguţ, 2016). To boost regression performance, 
to further avoid overfitting, and to remove irrelevant variables, we 
conducted genetic algorithm variable selection (Kuhn and Johnson, 
2013; Scrucca, 2013) with five-fold cross-validation and three iteration 
rounds before implementing the final regression models. 

In random forest, when each tree is built, roughly two thirds of data 
is randomly sampled for training while the remaining one third (out-of- 
bag) is left for validation and calculating variable importance. We 
assessed model performance with the out-of-bag evaluation, which has 
been reported to be a conservative estimate of model fit when compared 
to an independent test set (Clark et al., 2010). We calculated the % of 
explained variance (i.e., random forest pseudo R2 = 1 - mean square 
error / variance of dependent variable) and normalized root mean 
square error (nRMSE; RMSE divided by the range of dependent variable 
values) for each site. To analyze differences between peatland habitat 
types and management options, we grouped the sites into three peatland 
habitat types (spruce mires, pine mires, open mires) and two manage
ment options (restored, undrained) and calculated mean R2 and nRMSE 
and other statistics for the groups. 

We calculated variable importance using the random forest mean 
decrease accuracy score from the regressions for which variables were 
chosen with genetic algorithms. To increase the cross-comparability of 
different variables between study sites, we normalized the variable 
importance scores with a min–max method to 0–1 scale for each site and 
then summed the normalized values for different peatland habitat types 
and management options. 

In our main analysis, we combined the data to include WTD, optical 
and C-band SAR data for the same dates. We included those days in the 
analysis that had optical data. For each day, we included data only from 
one optical sensor. We then searched for the closest SAR date acquisition 
date for each day with optical data with a maximum seven-day differ
ence. We decided to filter the data based on optical data availability due 
to higher temporal resolution of SAR data. The number of WTD obser
vations per each site ranged from 20 to 71 (mean 39, Table S1). For this 
dataset, we conducted regressions with three explanatory variable op
tions: (1) variables from both sensor types, (2) optical variables only, 
and (3) C-band SAR variables only. To test the robustness of the analysis, 
we also run regressions for the whole optical (33–127 observations per 
site; mean 81) and C-band SAR (60–266 observations per site; mean 
145) datasets (Table S1). For the optical analysis, this prolonged the 
monitoring period for the whole time with WTD data. For the SAR 
analysis, this increased the amount of data points per year and allowed 
to use the WTD data for the exact days with SAR data acquisition. 

The analyses were conducted in R with packages randomForest, caret 
and forecast. 

Table 2 
Explanatory variables calculated from optical and C-band SAR data. Justifica
tion and reference to each variable is given in Table S2.  

Type Variable (and used bands) Abbreviation 

Optical Angle based drought index 1 (NIR, SWIR1) ABDI1 
Angle based drought index 1 (NIR, SWIR2) ABDI2 
Blue reflectance Blue 
Difference vegetation index (red, NIR) DVI 
Green difference vegetation index (green, NIR) GDVI 
Green reflectance Green 
Modified normalized difference water index (green, 
SWIR1) 

MNDWI 

Modified normalized difference water index 2 (green, 
SWIR2) 

MNDWI2 

Normalized difference moisture index (NIR, SWIR1) NDMI 
Normalized difference moisture index 2 (NIR, SWIR2) NDMI2 
Normalized difference vegetation index (green, NIR) NDVI 
Normalized difference water index (red, NIR) NDWI 
Near-infrared reflectance NIR 
Normalized multi-band drought index (NIR, SWIR1. 
SWIR2) 

NMDI 

Optical trapezoid model (red, NIR, SWIR2) OPTRAM 
Exponentially fitted optical trapezoid model (red, NIR, 
SWIR2) 

OPTRAMexp 

Red reflectance Red 
Shortwave infrared transformed reflectance (SWIR2) STR 
Shortwave infrared band 1 reflectance SWIR1 
Shortwave infrared band 2 reflectance SWIR2 
Visible and shortwave infrared drought index (blue, red, 
SWIR1) 

VSDI 

SAR Original VH backscatter VH 
Incidence angle corrected VH backscatter VHangle 

Sine corrected VH backscatter VHsine 

Original VV backscatter VV 
Incidence angle corrected VV backscatter VVangle 

Sine corrected VV backscatter VVsine 

Normalized polarization ((VH-VV) / (VH + VV)) of 
original, angle corrected, and sine corrected VH and VV 
data, respectively 

Pol 
Polangle 

Polsine 

Incidence angle Angle  
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3. Results 

The mean explained variance and nRMSE were 42.7% and 19.8%, 
respectively, when the regressions were applied separately for each site 
and explanatory variables included both optical and C-band SAR met
rics. The results were almost equal for the models with optical variables 
only (R2 42.1% and nRMSE 19.9%) but notably lower for the models 
with SAR variables only (R2 20.8% and nRMSE 23.6%). When the 
models combined data from several sites, the mean performance of C- 
band SAR data models (R2 33.7% and nRMSE 15.3%) was closer to that 
of optical models (R2 36.6% and nRMSE 15.0%), while multi-sensor 
models had considerably higher performance (R2 40.6% and nRMSE 
14.5%) (Table 3, Fig. 3). 

Despite these general patterns, the models with C-band SAR data 
only had higher performance than other models at some study sites and 
higher performance than the optical models for the models combining 
data from several restored open mires or restored spruce mires. 
Furthermore, there was a significant variation in regression performance 
between peatland habitat types and management options, and even 
higher variation within some of the types (Fig. 4). In general, the per
formance was higher for open and pine mires than for spruce mires and 
higher for undrained than for restored peatlands (Table 3, Fig. 4). In the 
whole optical and C-band SAR datasets with separate models for each 

site, the general trends remained similar, with optical data (mean R2 

38.1% and nRMSE 18.8%) having higher performance than C-band SAR 
data (mean R2 24.1% and nRMSE 19.8%). 

When summed over all sites, the most important variable in the 
models run separately for each site and including multi-sensor data were 
OPTRAMexp, SWIR1, VVsine, OPTRAM and DVI (Fig. 5) There was 
considerable variation between sites as well as between peatland habitat 
types and management options concerning which variables were 
deemed the most important. For instance, even though SWIR1 and 
OPTRAM variables had the highest overall importance, they were 
rejected by the genetic algorithm at some sites. For instance, OPTRA
Mexp was rejected at all restored open mire sites (Fig. 5). Apart from sine 
corrected backscatter, almost all optical variables were deemed more 
important than C-band SAR variables, and many of the optical variables 
had almost equally high overall importance values. For the models 
combining data from several sites, the most important variable was 
NMDI followed by SWIR1, OPTRAM, OPTRAMexp and VVsine (Fig. S1). 
On average, 12 and 17 variables were deemed important by genetic 
algorithms in multi-sensor models trained separately for each site and 
combining data from several sites, respectively. 

Fig. 2. Methodological flowchart.  

Table 3 
Percentage of variance explained (% Var) and normalized root mean square error (nRMSE) for models combining data from several sites. Models were run separately 
with multi-sensor data (combination of optical and C-band SAR), optical data, and C-band SAR data. Average values for models with multi-sensor data, optical data and 
C-band SAR data are indicated in the bottom row.  

Habitat type Management option Multi-sensor Optical SAR 

% Var nRMSE (%) % Var nRMSE (%) % Var nRMSE (%) 

Open mire Undrained 49.07 11.91  45.86 12.28  38.22 13.12 
Restored 39.01 15.14  32.95 15.87  37.62 15.31 

Pine mire Undrained 47.45 12.21  47.04 12.26  39.76 13.07 
Restored 38.42 14.02  32.48 14.68  30.69 14.88 

Spruce mire Undrained 34.74 15.07  30.70 15.53  24.89 16.17 
Restored 35.07 18.62  30.63 19.25  30.87 19.22 

Average 40.63 14.50  36.61 14.98  33.68 15.29  
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4. Discussion and conclusions 

Our results show that there is no one-size-fits-all approach for 
detecting WTD and soil moisture in peatlands. There are large differ
ences between and within peatland habitat types and management op
tions in how well WTD can be tracked. Moreover, multi-sensor approach 
boosts explanatory capacity moderately little, and optical data works 
usually better than does C-band SAR data. 

The % of explained variance averaged over all sites was relatively 
similar when compared to earlier studies that have reported the squared 
correlation or coefficient of determination between spaceborne remote 
sensing variables and WTD or soil moisture to be 0.02 to 0.93 and often 
< 0.50 (Burdun et al., 2020; Burdun et al., 2020; Holtgrave et al., 2018; 

Lees et al., 2021; Asmuß et al., 2019; Torbick et al., 2012; Bechtold et al., 
2018; Kim et al., 2017; Klinke et al., 2018). However, a higher overall 
performance could have been expected due to the applied machine 
learning-based multi-sensor approach. 

There was a large range of values in % of explained variance. This 
finding is supported by earlier studies that show a similar variation in 
remote sensing based WTD or soil moisture estimation at different sites 
(Burdun et al., 2020; Holtgrave et al., 2018; Lees et al., 2021; Asmuß 
et al., 2019; Millard and Richardson, 2018); however, the previous 
studies utilized data only from a limited number of sites. The most 
evident explanation for the high variation is the differences between 
sites. Our results show that the regression performance is on average 
lower at densely treed and relatively dry sites (spruce mires) than on 

Fig. 3. Observed (y-axis) and predicted (x-axis) water table depths for open mire (A, D, G), pine mire (B, E, H), and spruce mire (C, F, I) models with multi-sensor 
data (A-C), optical data (D-F), and C-band SAR data (G-I). Black line is 1:1 line. Predicted values are based on the models which included data from several sites and 
were trained separately for the different habitat types and management options. Model performance results are presented in Table 3. Note that observations and 
predictions for undrained (black symbols) and drained peatland sites (red symbols) are drawn in the same figures. 
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wetter and treeless or sparsely treed sites. This result is in line with 
earlier studies that show that WTD and soil moisture estimations func
tion better at open areas lacking trees that hamper the optical (Burdun 
et al., 2020) or SAR signals (Millard and Richardson, 2018). Further
more, at the drier sites, there might be weaker relationship between 
WTD and surface moisture (Kellner and Halldin, 2002) which hampers 
the ability to track WTD with remote sensing. Nonetheless, our results 
also show the high variation within densely treed, sparsely treed, and 
open peatland habitat types. 

The results showed that regression performance is on average higher 
in undrained peatlands than in study sites that have experienced recent 
restoration. In our main analyses, the restoration work was implemented 
1–10 years before the start of the observation period. The disturbance 
phase of the restoration process usually takes several years (Tolvanen 
et al., 2020; Haapalehto et al., 2017) affecting the surface vegetation 
and hydrology, which may hamper remote sensing studies. At the same 
time, for open and semi-open peatland habitat types, most or part of the 
tree stand is usually removed as a restoration action, potentially facili
tating remote sensing monitoring. Overall, the poorer explanatory 

capacity in restored sites is unfortunate because there is a high need to 
develop objective monitoring measures for peatland restoration success 
(Andersen et al., 2017; Chimner et al., 2017). 

Optical remote sensing data had higher variable importance scores, 
and models with optical data higher regression performance than C- 
band SAR data. Nevertheless, in the models including data from several 
sites, the difference between optical and C-band SAR data was smaller 
than in the average performance of separate models for each site. The 
inferiority of C-band SAR data compared to optical data is rather sur
prising because C-band SAR has some penetration capability through the 
vegetation and microwaves are sensitive to the dielectric constant (and 
thus to the water content) of the observed targets (Li et al., 2021). 
However, the result could have been different if SAR data would have 
been acquired with a greater vegetation and soil permittivity, e.g. from 
L-band (Li et al., 2021). Therefore, our results cannot be generalized to 
all SAR data. 

When looking at earlier peatland research, a direct comparison in 
optical versus SAR performance is complicated due to the lack of 
comparative studies. The low overall performance of quad-polarization 

Fig. 4. The % of explained variance (A, B) and normalized root mean square error (C, D) boxplots for undrained (A, C) and restored (B, D) peatland sites. Separate 
boxplots are shown for models having variables from both sensor types, optical data, and C-band SAR data, as well as for the three peatland habitat types. Median 
value is shown with the center line, and first and third quartiles with lower and upper hinges, respectively. Whiskers extend to the smallest and largest value no 
further than 1.5 times the interquartile range from the hinge. Each dot in the boxplot is the statistic value for one peatland site while mean value for a boxplot is 
shown with “x”. 
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C-band SAR has been reported in some of the earlier studies (Millard 
et al., 2018) while other studies show high performance of C-band SAR 
with VH or VV polarization (Lees et al., 2021; Manninen et al., 2022) 
and others intermediate performance with a high variation between 
sites with HH, HV, VH, and VV polarizations (Asmuß et al., 2019; 
Millard and Richardson, 2018). In studies utilizing optical sensors, 
similar variation in regression performance variation can be found. 
Some report high explanatory capacities, in particular with airborne 
hyperspectral or field spectroscopy narrowband indices or more so
phisticated analysis methods, such as wavelet decomposition (Kalacska 
et al., 2018; Meingast et al., 2014; Banskota et al., 2017), while others, 
in particular multispectral satellite-based studies report intermediate 
performance (Burdun et al., 2020; Burdun et al., 2020), and some do not 
even find statistically significant correlation between field- 
spectroscopy-based indices and wetness (Lees et al., 2020). 

Our results highlight that different remote sensing indices, sensors, 
and their combinations function well at different sites. Of the optical 
bands and indices, SWIR and NIR bands and indices calculated utilizing 
these bands had high variable importance. Earlier studies have 
emphasized in particular the importance of SWIR region (Kalacska et al., 
2018; Meingast et al., 2014; Harris and Bryant, 2009). On the one hand, 
the relatively high importance of OPTRAMexp and OPTRAM was not 
surprising in light of earlier studies (Burdun et al., 2020; Burdun et al., 

2020; Ambrosone et al., 2020; Sadeghi et al., 2017); on the other hand, 
the high importance of other optical metrics shows that OPTRAM is not a 
silver bullet. Of the C-band SAR metrics, sine corrected backscatter had 
the highest importance and VV variables were more important than VH 
variables. These results are backed by earlier research, which have 
shown that sine correction may increase correlation between back
scatter and WTD almost 50% (Lees et al., 2021) and the superiority of VV 
over VH in soil moisture estimation (Asmuß et al., 2019) even though in 
peatland detection VH has outperformed VV (Räsänen et al., 2021; 
Karlson et al., 2019). The relatively low importance of normalized po
larization has also been reported earlier (Hird et al., 2017). 

There are multiple possible research avenues for future studies. First, 
it has been shown that a best pixel approach (i.e., finding the most 
representative pixel or area within the focal peatland complex) enhances 
the explanatory capacity when using OPTRAM (Burdun et al., 2020). 
Corresponding results have also been reported in SAR studies suggesting 
that treeless patches within peatlands should be chosen for remote 
sensing-based soil moisture analyses (Millard and Richardson, 2018). 
When utilizing multi-sensor and multi-index data, the search for the 
most representative area can be tedious as the optimal area potentially 
differs between metrics and sensors; nevertheless, future research could 
develop methods for automated detection of suitable remote sensing 
sites or areas. 

Fig. 5. Variable importance for the models with explanatory variables calculated from multi-sensor data (combination of optical and C-band SAR data). The boxes 
represent summed variable importance over all sites. Variable names are explained in Table 2. 
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Second, ancillary environmental data for example on weather, 
topography, tree and other vegetation structure, and site characteristics 
helps to enhance explanatory capacity (Torbick et al., 2012; Millard 
et al., 2018), and some have reported that surface temperature data has 
functioned well in peatland soil moisture detection (Klinke et al., 2018; 
Wigmore et al., 2019; Luscombe et al., 2015). Also accounting for 
temporal autocorrelation could have given a boost. Some of these data 
can be collected from remote sensing sources, e.g., topography and 
vegetation structure information can be quantified with lidar data and 
surface temperature with satellite, airborne or drone-borne observa
tions. It would be beneficial to test which additional data sources are 
most beneficial. Nonetheless, we decided to test how well WTD can be 
tracked with multitemporal spaceborne remote sensing data only and 
phenological changes in vegetation were accounted for in some of the 
predictors (e.g., OPTRAM, sine corrected backscatter) and by including 
vegetation indices as predictors. 

Third, even though we used analysis-ready imagery, especially C- 
band SAR data could have been processed further for instance by using a 
more sophisticated model than sine equation to vegetation corrections 
(Santi et al., 2016; Paloscia et al., 2013; Dabrowska-Zielinska et al., 
2018) or by using nonlocal filtering of pixel values (Manninen et al., 
2022). Moreover, SAR interferometry could have brought additional 
information about seasonal surface height and WTD variation (Kim 
et al., 2017; Tampuu et al., 2020; Mohammadimanesh et al., 2018) and 
other SAR bands than C-band could have been included in the com
parison. Finally, random forest approach could be compared to other 
machine or deep learning methods and regression approaches to assess 
the differences between models in terms of explanatory capacity and 
interpretability. 
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