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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Optical remote sensing alone has limi
tations in monitoring peatland water 
table (WT).

• We assess whether the inclusion of 
environmental variables improves WT 
models.

• Topographic variables improve spatial 
WT models in northern aapa mires.

• Canopy height model and depth to 
water improve spatiotemporal WT 
models in a drained peatland forest.
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A B S T R A C T

Water table (WT) is a key indicator of peatland ecosystem functioning, but its spatiotemporal monitoring is 
challenging. Optical remote sensing has been used in peatland WT monitoring with varying success, but few 
studies have tested whether environmental variables—particularly topographic and tree stand structure variables 
derived from LiDAR—improve modelling performance. We tested whether environmental variables improve (1) 
uncrewed aerial vehicle-derived spatial WT models in two northern boreal, partly drained aapa mires and (2) 
satellite image-derived spatiotemporal WT models in a southern boreal drained peatland forest in Finland. We 
employed random forest regression and variable selection techniques to model WT, using optical remote sensing 
and environmental variables as predictors. Our results showed that environmental variables related to topog
raphy and tree stand structure improve modelling performance, with R2 increasing by 0.01–0.19 compared to 
optical-only models. Our findings support the integration of optical and environmental data for spatial and 
spatiotemporal WT monitoring in boreal peatlands.
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1. Introduction

Peatlands store nearly 30% of terrestrial carbon despite covering 
only 3% of the global land surface (Minasny et al., 2023; J. Xu et al., 
2018). They also sustain unique biota and provide essential ecosystem 
services, such as catchment water management, biodiversity conserva
tion, and recreational areas (Ramchunder et al., 2012; Juutinen et al., 
2024). The water table (WT) is an important indicator for peatland 
condition, as it is closely connected to ecosystem properties such as peat 
subsidence, greenhouse gas dynamics, and vegetation patterns (Evans 
et al., 2021; Ma et al., 2022; Koch et al., 2023; Albert-Saiz et al., 
2025). WT is closely linked to peatland wetness, especially in 
Sphagnum-dominated peatlands, in which capillary connectivity keeps 
the surface saturated (Rydin et al., 2006; Thompson and Waddington, 
2008). In fens and Carex-dominated peatlands, the relationship is 
weaker due to higher hydraulic conductivity and greater microtopo
graphic variability (Ahmad et al., 2025; Crockett et al., 2016). WT is 
commonly monitored due to its straightforward measurement protocol 
(e.g., dipwells) and its comparability across different sites (Albert-Saiz 
et al., 2025). However, point-based measurements capture only local
ized conditions and may not provide a good overall representation of WT 
across an entire peatland complex. Furthermore, spatially and tempo
rally comprehensive monitoring is challenging because peatlands are 
often large in extent and located in remote regions.

Remote sensing is widely used to monitor WT dynamics. While WT 
cannot be directly measured using remote sensing, remotely sensed data 
can serve as proxies for various factors linked to WT, including land 
cover, surface moisture, vegetation greenness and structure, and 
microtopography. In particular, optical and radar satellite- and 
uncrewed aerial vehicle (UAV)-based observations are commonly used 
for temporal WT analyses (Bechtold et al., 2018; Asmuß et al., 2019; 
Räsänen et al., 2022; Burdun et al., 2023; Isoaho et al., 2023). Beyond 
optical and radar sensors, airborne geophysical techniques—such as 
electromagnetic induction and ground-penetrating radar—can provide 
additional information on peat properties and moisture (Henrion et al., 
2024; Trappe and Kneisel, 2019). Nevertheless, relatively few studies 
have focused on upscaling plot-level WT measurements into spatially 
continuous maps across heterogeneous peatland environments (e.g., 
Kalacska et al., 2018; Isoaho et al., 2023, 2024).

Of the different remote sensing techniques, optical remote sensing 
has generally performed best in modelling WT in boreal peatlands 
(Räsänen et al., 2022; Burdun et al., 2023; Isoaho et al., 2024), largely 
because surface reflectance and vegetation indices act as indirect in
dicators of peat surface moisture conditions and WT (Jackson et al., 
2004; Sadeghi et al., 2017). Optical data have performed better in 
open peatlands, where the optical signal originates mainly from ground 
vegetation (Räsänen et al., 2022; Burdun et al., 2023) than in forested 
peatlands, where dense tree canopies obscure the ground surface signal, 
reducing the sensitivity of optical data to detect near-surface wetness. 
This canopy effect is an important limitation, especially because many 
peatlands—both naturally and due to historical drainage—have sub
stantial tree cover (e.g., Ikkala et al., 2022). Radar data, particularly at 
commonly used C-band frequencies, also face limitations because 
penetration depths are shallow and backscatter is strongly influenced by 
canopy structure (Bechtold et al., 2018; Millard and Richardson, 2018). 
Consequently, optical data often outperform radar, although multi- 
sensor approaches combining both have yielded the best overall WT 
modelling results (Räsänen et al., 2022; Isoaho et al., 2024; Reddin et al., 
2025).

Environmental variables have the potential to improve remote 
sensing-based ecosystem mapping in peatlands (Ghazaryan et al., 2024). 
Earlier studies have shown that vegetation patterns and greenhouse gas 
fluxes in peatlands can be better modelled through the combined use of 
optical and environmental data (Räsänen et al., 2020; Koch et al., 2023). 
In particular, digital elevation model (DEM) and their derivatives have 
been important predictors in modelling vegetation patterns (Harris and 

Baird, 2019; Liang and Wang, 2020). Still, only a few studies have tested 
the relationship between topography and peatland wetness (Ikkala et al., 
2022; Isoaho et al., 2023; Reddin et al., 2025). Additionally, some 
empirical studies have shown that the effects of drainage on peatland 
WT depend on the distance to drainage ditches (Braekke, 1983; 
Haapalehto et al., 2014), but this relationship has not been widely 
studied. Despite these studies, few have utilised optical data together 
with environmental data for WT monitoring in peatlands.

We use spatial and spatiotemporal WT measurements from two study 
regions in Finland to investigate whether environmental variables can 
enhance optical remote-sensing-based WT modelling. Specifically, our 
objectives are to assess whether LiDAR-derived environmental variables 
improve (1) models depicting spatial patterns of WT based on ultra-high- 
resolution UAV data in heterogeneous aapa mire complexes, and (2) 
models capturing spatiotemporal WT patterns based on medium- to 
high-spatial-resolution satellite imagery in drained peatland forests.

2. Materials and methods

2.1. Study sites and field data

We studied three sites located in two regions of Finland (Fig. 1). In 
northern Finland, Matorovansuo and Välisuo (hereafter collectively 
referred to as Pallas) are aapa mires; i.e., concave mires in which central 
areas are minerotrophic and include wet flarks (Eurola et al., 1995; 
Laitinen et al., 2007). Both sites have undergone drainage along the 
peatland edges in the 1960s but have remained relatively wet and 
treeless in the undrained areas. The open areas contain typical northern 
aapa mire vegetation, such as various graminoids (e.g., Carex magel
lanica, Eriophorum vaginatum, and Trichophorum cespitosum) and 
Sphagnum mosses (e.g., S. lindbergii, S. jensenii and S. fuscum). The 
wettest open areas are flark fens characterized by flark–string patterns i. 
e., water-filled depressions (flarks) alternating with drier hummocks 
(strings). In the drained and treed areas, there is abundant tree cover 
dominated by Scots pine (Pinus sylvestris) and Norway spruce (Picea 
abies), which have become denser after drainage. Forest vegetation (e.g., 
Pleurozium schreberi and Vaccinium myrtillus) has partly replaced typical 
peatland vegetation in the ground and field layers. For our analyses, we 
divided the Pallas region into open and treed areas (Fig. 1).

Lettosuo is located in southern Finland and is a nutrient-rich drained 
peatland forest. The site was first partially drained in the 1930s and 
more extensively in the 1960s. In 2016, the site was experimentally 
harvested for impact monitoring using three different treatments: (1) a 
clearcut area where all trees were removed, (2) a partial cut area in 
which all dominant pines were harvested, and (3) a control area that 
remained untouched during the harvesting (Korkiakoski et al., 2023). 
The current tree stand consists of Norway spruce, downy birch (Betula 
pubescens), and Scots pine, with substantial variation in tree size and 
species distribution across the different treatments.

We defined WT relative to the local peatland surface with 
centimetre-level accuracy (WT < 0 below the surface; WT > 0 above the 
surface). In Pallas, we manually measured WT using perforated plastic 
standpipe wells installed in the peat soil (see Heikkinen et al., 2026). In 
total, we measured WT at 169 measurement points (72 in treed areas 
and 97 in open areas) between 23 and 25 July 2023 (Table 1; Fig. 1). In 
Lettosuo, 25 automatic loggers (Odyssey® Capacitance Water Level 
Logger, Dataflow Systems Ltd., New Zealand) were installed in perfo
rated plastic standpipe wells to monitor WT during the growing seasons 
of 2017–2023. Of these loggers, three were placed in the clearcut area, 
15 in the partial-cut area, and seven in the control area (Table 1; Fig. 1). 
The loggers recorded data hourly, and we calculated daily averages for 
modelling purposes.

2.2. Collecting and processing drone data

We used a DJI Matrice 300 RTK UAV to collect multispectral imagery 
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(MicaSense Altum-PT) and LiDAR data (YellowScan mapper+) for Pallas 
on 22–24 July 2023. Flights were conducted in terrain-following mode, 
with the UAV referencing the National Land Survey (NLS) 2 m DEM to 
maintain altitudes of ~120 m for multispectral flights and ~ 100 m for 
LiDAR flights.

The multispectral flights were conducted with 70% front and 75% 
side overlap, yielding a 5.0 cm ground sampling distance. The multi
spectral data were normalised using reflectance panels and an irradiance 
sensor to ensure spectral consistency, while trajectory corrections were 
obtained in real time via the VRS network. We processed the Altum-PT 
images in Agisoft Metashape (version 2.0.4) using a structure-from- 
motion process to build ultra-high-resolution orthomosaics with ~5 
cm resolution. From the spectral bands, we calculated spectral moisture 
and vegetation indices that are widely used in peatland and wetness 
studies (Table 1, Table S1). Around each WT measurement point, we 
created 15 cm radius buffers and extracted area-weighted averages of 
the spectral bands and indices (Table 2).

LiDAR data were acquired with a YellowScan Mapper+ laser scanner 
equipped with an Applanix APX-15 IMU, operating at a 70.4◦ scanning 
angle and 240 kHz pulse rate. The LiDAR flights were conducted at a 
speed of 7–8 m/s, and 55% line overlap. The resulting point density was 
~385 pulses m− 2 in Välisuo and ~ 400 pulses m− 2 in Matorovansuo. 
Trajectory corrections were applied using Applanix POSPac with Trim
net VRS data. Preprocessing in YellowScan CloudStation v2.4 included 
classification of ground and non-ground points, followed by raster
ization into digital terrain models (DTMs) and digital surface models 
(DSMs) at 20 cm resolution.

2.3. Processing satellite images

We used Google Earth Engine (Gorelick et al., 2017) to access and 
process Sentinel-2 Level-2 A surface reflectance product from the 
growing seasons of 2017–2023 for Lettosuo. First, we filtered out all 
images with >30% cloud cover. Then, we applied a cloud and cloud- 
shadow mask using CloudScore+ product, which has outperformed 
other cloud-masking algorithms (Pasquarella et al., 2023). We used a 
threshold value of 0.7 on the CloudScore+ cs_cdf layer, which effectively 
masked clouds and shadows while preserving most of the good quality 
pixels. To mask pixels with snow cover during the growing seasons, we 
used the Scene Land Cover classification provided within the Sentinel-2 
product.

We used all Sentinel-2 spectral bands available at 10 and 20 m spatial 
resolutions (Table 2). From these bands, we also calculated a set of 
spectral indices (Table 2, Table S1). Finally, we constructed a 15 m 
radius buffer around each logger location in Lettosuo, from which we 
calculated area-weighted averages of the processed Sentinel-2 data. We 
conducted additional quality filtering of the downloaded observations 
by removing obvious outliers (shortwave infrared transformed reflec
tance (STR) < 10, Normalised Difference Vegetation Index (NDVI) < 0, 
Enhanced Vegetation Index (EVI) outside the − 1–1 range). Additionally, 
we included only observation dates that provided valid data for all 
loggers, further reducing the influence of clouds that may have passed 
the earlier filters. After all filtering, we used data from 88 Sentinel-2 
images in our WT analysis.

Fig. 1. Study site locations in Finland, manual water table measurement locations in Pallas (Matorovansuo and Välisuo), and logger locations in Lettosuo. Back
ground aerial images for the Pallas region and Lettosuo are open data provided by the National Land Survey of Finland. Background images for Matorovansuo and 
Välisuo are RGB composites derived from MicaSense Altum-PT orthomosaics (see Section 2.2).
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2.4. Environmental variables

We quantified several LiDAR-derived environmental variables from 
our study sites (Table 3, Table S1). For Pallas, we constructed a UAV- 
LiDAR-based canopy height model (CHM) by subtracting DTM from 
the DSM. We resampled Pallas CHM to 1 m resolution using averaging 
after which we applied a 3-cell-radius average filter to capture a more 
general CHM around the manual WT measurement locations. For Let
tosuo, we used a 1 m resolution CHM from Finnish Forest Centre which 
was calculated from the 0.5 points m− 2 airborne LiDAR data by the 
National Land Survey of Finland from 2019.

From the DTM, we calculated the SAGA wetness index (SWI; Böhner 
and Selige, 2006), a widely used topographic wetness index, using the 
following parameters from Ikkala et al. (2022): suction of 256, minimum 
slope of 0, offset slope of 0.1, and slope weighting of 1. To reduce noise 
and smooth local variations in SWI, we applied a 5-cell radius median 
filter. We calculated slope and aspect using a 3 × 3 cell neighbourhood, 
and the topographic position index (TPI; Guisan et al., 1999; Weiss, 
2011) using circular neighbourhood with radii of 5 and 10 m. For 
Pallas, we calculated depth to water (DTW; Murphy et al., 2009) index 
from the UAV-derived DTM using D8 stream network initiation 
thresholds of 0.5, 1, 2, 4, and 10 ha. For Lettosuo, we obtained DTW with 
identical initiation thresholds from the Natural Resources Institute 
Finland (Salmivaara, 2023). Finally, we calculated the planar distance to 
the closest drainage (DTD) from each measurement point using drainage 
network data from the National Land Survey of Finland. We extracted all 
environmental variables using the same buffers as for the optical data: 
15 cm radius for Pallas and 15 m for Lettosuo.

2.5. Statistical analyses

We used random forest regression (Breiman, 2001) to model WT in 
both study regions using remote sensing variables as predictors. We built 
separate models for Pallas and Lettosuo with different treatments and 
datasets. First, we separated Pallas for treed and open areas, and Let
tosuo for clearcut, control and partial cut areas (Fig. 1). Second, for each 
treatment we constructed models with optical data only (UAV and SAT, 
for Pallas and Lettosuo, respectively), and optical data with environ
mental variables (UAV-ENV and SAT-ENV). We also conducted site- 
specific models with combined data from all treatments using same 
dataset separations (Table 4). In total, we had 14 different model 
combinations.

Prior to implementing the models, we applied the Variable Selection 
Using Random Forests (VSURF) algorithm (Genuer et al., 2015) to select 
the most relevant predictors for modelling the WT. VSURF utilizes a 
three-step procedure (thresholding, interpretation, and prediction) with 
nested random forest models and variable importance metrics to remove 
irrelevant and redundant variables from the dataset. We repeated the 
VSURF procedure 10 times and retained all predictors selected in at least 
one iteration. This procedure aims to increase model robustness and has 
previously improved performance in remote sensing-based modelling 
(Putkiranta et al., 2024).

We fitted all random forest models using 500 decision trees. For each 

model, we tuned the number of variables randomly sampled at each split 
(mtry) by minimizing out-of-bag error using the tuneRF function from 
the randomForest package in R (Kuhn, 2008). We evaluated model 
performance using spatially and spatiotemporally structured cross- 
validation approaches tailored to the data characteristics of each site. 
In Pallas, each measurement location contained a single WT observa
tion. To account for spatial autocorrelation, we validated the models 
using spatial block cross-validation with 100 m block sizes. This block 
size was selected based on empirical variogram analysis of WT and a 
block-size sensitivity analysis, which showed stabilised model perfor
mance at block sizes ≥100 m. We randomly assigned blocks to five folds 
and iteratively trained the model on four folds while validating it on the 
remaining fold. We repeated the entire modelling and validation pro
cedure 100 times using different random seeds to account for stochastic 
variability in model fitting and fold assignment.

In Lettosuo, we collected repeated WT measurements over multiple 
years at the same locations, while environmental predictors remained 
temporally constant. To account for this spatiotemporal dependency and 
avoid information leakage, we applied a strict spatiotemporal cross- 
validation strategy. We defined test folds as the interaction between 
plot identity and year, while the training data consisted of all other plots 
and years. This approach ensured that no information from the same 
plot and the same year was present in the training set when predicting 
the test fold. We repeated the entire cross-validation procedure 10 times 
using different random seeds to account for stochastic variability in 
model fitting.

We quantified model performance using the coefficient of determi
nation (R2), calculated as the squared Pearson correlation coefficient 
between observed and predicted WT values, and the root mean square 
error (RMSE). We averaged performance metrics across validation folds 
and repeated runs. To assess predictor contributions, we extracted 
random forest variable importance scores from each model run, aggre
gated them across folds and repetitions, and calculated mean impor
tance values for each predictor.

We upscaled spatial WT estimates for our study sites using the 
trained models. Before upscaling, we masked human-made objects, such 
as roads and duckboards, from the Pallas sites. For upscaling purposes, 
we resampled all optical and environmental variables to 1 m spatial 
resolution in Pallas and to 10 m resolution in Lettosuo. For Lettosuo, we 
performed upscaling using manually selected, cloud-free Sentinel-2 
images from early summer (18 May 2019), midsummer (15 July 2018), 
and autumn (10 September 2019). We selected these dates to evaluate 
whether the models could capture spatiotemporal variation in WT 
throughout the growing season.

We examined the marginal effects of predictors on the response using 
partial dependence plots (PDPs). For each random forest model, we 
calculated PDPs with the pdp package (Greenwell, 2016) in R on a 
regular grid of predictor values, while averaging over the remaining 
variables. To obtain ensemble-level PDPs, we combined the results from 
all models: for each predictor, predictions were aligned to a common 
grid and summarized as the mean effect with 95% intervals across 
models.

Table 1 
The minimum, median, maximum, and standard deviation of the measured water table by study site and treatment.

Location Area type / treatment Measured water table level (cm)

Minimum Median Maximum Standard deviation Number of measurements

Pallas Combined − 78 − 7 13 15.1 169
Pallas Open − 78 − 3 13 13.8 97
Pallas Treed − 60 − 19 5 14.0 72
Lettosuo Combined − 87.8 − 38.1 1.3 18.1 1731 from 25 stations
Lettosuo Clearcut − 64.1 − 43.9 − 25.4 7.8 201 from 3 stations
Lettosuo Control − 87.8 − 51.0 − 7.1 17.1 507 from 7 stations
Lettosuo Partial cut − 73.6 − 30.1 1.3 15.8 1023 from 15 stations
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3. Results

3.1. Water table modelling performances

Modelling performance ranged from relatively poor to moderate 
across sites and area types (Fig. 2), with R2 values between 0.16 and 0.59 
and RMSE ranging from 8.26 to 16.71 cm. The inclusion of environ
mental variables consistently improved model performance, increasing 
R2 by 0.01–0.19 and reducing RMSE by 0.31–4.51 cm across all cases. In 
Pallas, UAV-ENV models produced nearly identical R2 values in open 
and treed areas (0.41 and 0.42). In Lettosuo, the magnitude of 
improvement resulting from incorporating environmental variables 
varied by area type. The highest R2 was observed in the control area, 
where R2 increased from 0.49 to 0.59 and RMSE decreased substantially 
from 16.71 to 12.19 cm. In contrast, the clearcut areas showed only 
minor improvements (R2: 0.16 to 0.17; RMSE: 8.57 to 8.26 cm).

The upscaled WT maps in Pallas showed high spatial heterogeneity 
in WT (Fig. 3). Strings showed lower WT values compared to the wetter 
flarks. Additionally, the treed area appeared drier than the open area. 
UAV-ENV models showed lower WT values and higher spatial hetero
geneity in treed areas than the UAV models.

Upscaled WT maps for Lettosuo showed temporal and spatial vari
ability (Fig. 4). Across all seasons, WT in the control area was consis
tently the lowest, while WT in the partial cut and clearcut areas was 
higher. This pattern was consistent in both the combined and area- 
specific modelling approaches. Temporal variation was also evident: 
WT generally decreased from early summer to midsummer and autumn. 
Including environmental variables (SAT-ENV models) increased spatial 
heterogeneity in the WT maps compared to SAT models, particularly 
during midsummer and autumn. Furthermore, the area-specific models 
showed slightly enhanced spatial differentiation among the different 
treatments compared to the combined model.

3.2. Variable importance

In Pallas, NDVI was the most important variable in the combined 
area model (Fig. 5a), SWI in treed area model (Fig. S2), and SAVI in the 
open area model (Fig. S3). In all UAV-ENV models, variables from both 
environmental and UAV data were selected for the final models. Of the 
optical variables, vegetation indices (NDVI, SAVI, GDVI, EVI), spectral 
bands (NIR, BLUE, RED), and NDWI were among the most important 
(Figs. 5a, S1, S2). Among the most important variables, SWI showed 
positive dependence on WT, with higher values associated with higher 
WT. In contrast, the dependence was opposite for TPI and vegetation 
indices (Figs. 5a, S1, S2), while spectral bands showed nonlinear 
dependence (Figs. 5a, S1, S2).

In Lettosuo, CHM was the most important variable in all SAT-ENV 
models (Figs. 5b, S5), except in the clearcut and control area (Figs. S3, 
S4). Other environmental variables (Aspect, TPI_5m, Slope, DTW, and 
SWI) were also among the most important predictors. From the satellite- 
derived variables, vegetation indices (NDVI, NDRE, SAVI), spectral 
bands (BLUE, RED, RE2, RE3, RE4), and moisture indices (NDMI2 and 
MNDWI) were found to be important in the models. According to the 
partial dependence plot in the combined area model, CHM showed a 
positive dependence on predicted WT up to ~3 m in height, followed by 
a broad plateau at intermediate heights, and a negative trend at the 
highest CHM values (Fig. 5b). Spectral vegetation and moisture indices 
were both positively and negatively related to WT, while the top
ography–WT relationships were less clear (Figs. 5b, S3, S4, S5).

4. Discussion

We have demonstrated that LiDAR-derived environmental variables 
improve the performance of both spatial and spatiotemporal WT models 
in boreal peatlands compared to models relying solely on optical UAV or 
satellite data. While multi-source remote sensing has been widely 

Table 2 
Spectral bands and indices used in this study, their equations, and their sources (uncrewed aerial vehicle [UAV] or satellite imagery).

Variable Abbreviation Equation Reference UAV/Satellite

Blue reflectance BLUE Both
Green reflectance GREEN Both
Red reflectance RED Both
Red edge reflectance RE UAV
Red edge 1 reflectance RE1 Satellite
Red edge 2 reflectance RE2 Satellite
Red edge 3 reflectance RE3 Satellite
Red edge 4 reflectance RE4 Satellite
Near-infrared reflectance NIR Both
Shortwave infrared band 1 reflectance SWIR1 Satellite
Shortwave infrared band 2 reflectance SWIR2 Satellite
Shortwave infrared transformed reflectance STR (1 − SWIR1)2

2 × SWIR1
Sadeghi et al., 2015

Satellite

Enhanced Vegetation Index EVI 2.5×
(NIR − RED)

(NIR + 6 × RED − 7.5 × BLUE + 1) Liu and Huete, 1995
Both

Green Difference Vegetation Index GDVI NIR − GREEN
Sripada et al., 2006

Both

Green Normalised Difference Vegetation Index GNDVI NIR − GREEN
NIR + GREEN Gitelson et al., 1996

Both

Normalised Difference Red Edge Index NDRE NIR − RE
NIR + RE Sims and Gamon, 2002

Both

Normalised Difference Vegetation Index NDVI NIR − RED
NIR + RED Tucker, 1979

Both

Soil Adjusted Vegetation Index SAVI
(

NIR − RED
NIR + RED + 0.5

)

× (1 + 0.5) Huete, 1988
Both

Modified Normalised Difference Water Index MNDWI Green − SWIR2
GREEN + SWIR2

H. Xu, 2006 Satellite

Moisture Stress Index MSI SWIR1
NIR Hunt and Rock, 1989

Satellite

Normalised Difference Moisture Index NDMI NIR − SWIR1
NIR + SWIR1 Gao, 1996

Satellite

Normalised Difference Moisture Index 2 NDMI2 NIR − SWIR2
NIR + SWIR2 Gao, 1996

Satellite

Normalised Difference Water Index NDWI GREEN − NIR
GREEN + NIR McFeeters, 1996

Both
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applied in peatland vegetation and greenhouse gas studies (Räsänen 
et al., 2020; Koch et al., 2023; Koupaei-Abyazani et al., 2024), our 
findings demonstrate its effectiveness for WT modelling. By combining 
high-resolution UAV imagery or multi-year satellite observations with 
LiDAR-based environmental variables, we were able to model WT pat
terns with relatively good performance.

Previous studies have explored UAV- and satellite-based spatial WT 
mapping (Lendzioch et al., 2021; Isoaho et al., 2023, 2024; Rahman 
et al., 2017), but to our knowledge, only a few have used a dataset as 
comprehensive as ours — including manual measurements, logger data, 
and a diverse range of remote sensing and environmental variables 
(Koch et al., 2023; Reddin et al., 2025). Our results further show that 
models incorporating environmental variables performed better than 
UAV- or satellite-only models in monitoring WT dynamics in treed 
peatland areas, which has been a major challenge in previous studies 
(Räsänen et al., 2022; Burdun et al., 2023).

4.1. Modelling performance across areas

Based on our results, the performance of WT models varied by 
location, area type, and variable set. This is not surprising, as earlier 
studies have also reported high between-site variation in the modelling 
performance of peatland WT (Räsänen et al., 2022; Burdun et al., 2023).

The differences in modelling performance partly reflect fundamental 
differences in the temporal availability of the WT datasets. In general, 
the models had higher R2 in the Lettosuo peatland forest site than in the 
Pallas aapa mire site. The logger dataset from Lettosuo spans multiple 
years and growing seasons, whereas the Pallas dataset is based on a 
single WT measurement at the peak of the 2023 growing season. 
Therefore, the Lettosuo WT data is more comprehensive and captures 
both spatial and temporal variation which may be beneficial when 
detecting WT patterns with remote sensing. Nevertheless, the range of 
observed WT values is relatively similar between the study sites 
(Table 1).

At Pallas, the UAV model without environmental variables showed 
lower accuracy in treed areas compared to combined and open areas. 
This is expected, likely due to the dense canopy cover limiting the 
effectiveness of optical remote sensing in detecting surface moisture and 
ground vegetation signals (Burdun et al., 2023). Nevertheless, the in
clusion of environmental variables (particularly topographic variables 
such as SWI, DTW, and TPI; Fig. S1) in the treed area boosted modelling 
performance such that UAV-ENV models had similar performance in 
open and treed areas. This highlights the role of environmental variables 
in compensating for the limitations of optical data under dense canopy 
cover.

The models in Lettosuo showed more diverse performance across 
different harvesting treatments, in which the densely treed control area 
produced the highest R2 but also the highest RMSE. This may be due to 
the more structurally complex vegetation in control areas, which cap
tures a broader range of WT conditions but also introduces more 
modelling uncertainty. The clearcut area had the lowest R2 and RMSE, 
which was probably caused by the narrower range of observed WT 
compared to other areas (Table 1). Additionally, the inclusion of envi
ronmental variables did not meaningfully improve WT model perfor
mance in the clearcut area (R2 increase from 0.16 to 0.17). One plausible 
reason is that in the absence of trees and substantial microtopography, 
temporally constant environmental predictors provided very little 
additional information. The clearcut area also contained only three WT 
measurement points, which is insufficient for the model to learn the 
behaviour of temporally constant spatial predictors. Future studies 
could utilise more sampling points in such areas to improve model 
generalisability and better capture the spatial variability of WT in post- 
harvest peatland environments.

4.2. Role of optical variables

Spectral bands and indices provided complementary information to 
environmental predictors at both sites. Phenological development dur
ing the summer season affects optical reflectance and thus the detect
ability of WT from Sentinel-2 data. Vegetation greenness and canopy 
density increase from early to mid-summer, leading to higher NIR 
reflectance and vegetation index values, which typically peak at the 
height of the growing season and may stabilise or decline toward late 
summer.

In Pallas, vegetation and moisture indices (e.g., SAVI, NDVI, GDVI, 
EVI, NDWI) and reflectance bands (BLUE, RED, NIR) were among the 
most important predictors (Fig. 5a; Figs. S1–S2). The PDPs showed a 
negative dependence between vegetation indices and WT, indicating 
that higher vegetation greenness and productivity were associated with 
lower WT. This pattern aligns with peatland ecology: lower WT enables 
the growth of vascular plants, whereas higher WT restricts vascular 
plants but favours mosses such as Sphagnum (Bengtsson et al., 2021; 
Breeuwer et al., 2009). The PDPs for NDWI and WT also showed a logical 

Table 3 
Used environmental variables, descriptions, sources, and resolutions.

Variable Description Source and spatial resolution

Pallas Lettosuo

CHM The height or distance 
between the ground and the 
top of vegetation or above 
ground features

UAV LiDAR, 1 
m

Airborne LiDAR, 
NLS and Finnish 
Forest Centre, 1 m

SWI An improved topographic 
wetness index that uses a 
modified catchment area 
calculation to predict 
wetness potential in flat 
areas more accurately

DTM (UAV- 
LiDAR), 1 m

DTM (NLS airborne 
LiDAR), 2 m

Slope The steepness or gradient of 
a terrain surface

DTM (UAV 
LiDAR), 1 m

DTM (NLS airborne 
LiDAR), 2 m

Aspect The directional orientation 
of the slope

DTM (UAV 
LiDAR), 1 m

DTM (NLS airborne 
LiDAR), 2 m

TPI The difference between the 
elevation of each terrain cell 
and the average elevation of 
its surrounding cells, 
calculated with 5 and 10 m 
neighbourhood radiuses

DTM (UAV 
LiDAR), 1 m

DTM (NLS airborne 
LiDAR), 2 m

DTD Planar distance from each 
measurement point to the 
nearest ditch

Topographic 
database (NLS)

Topographic 
database (NLS)

DTW Cumulative slope to the 
nearest modelled stream, 
initiated with 0.5, 1, 2, 4 and 
10 ha upslope contributing 
areas

DTM (UAV 
LiDAR), 1 m

Luke, 2 m 
(calculated from 
NLS 2 m DTM)

UAV is uncrewed aerial vehicle; CHM is Canopy height model; DEM is Digital 
elevation model; DSM is Digital surface model; DTD is Distance to drainage; 
DTW is Depth to Water; DTM is Digital terrain model; NLS is National Land 
Survey of Finland; SWI is SAGA wetness index; TPI is Topographic position 
index; Luke is Natural Resources Institute Finland.

Table 4 
Modelling set-up by site, area type/treatment, and dataset used. UAV refers to 
uncrewed aerial vehicle data, SAT refers to satellite data, and ENV refers to 
environmental data.

Site Area type / treatment Datasets

Pallas Combined (all areas) UAV; UAV-ENV
Treed
Open

Lettosuo Combined (all treatments) SAT; SAT-ENV
Clearcut
Control
Partial Cut
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response. In the treed area model, higher NDWI values corresponded to 
higher WT (i.e., wetter conditions), but the response was non-linear and 
plateaued at around − 16 cm. This reflects the fact that once soils and 
vegetation are already highly saturated, further increases in WT become 
less detectable with NDWI.

In Lettosuo, spectral variables similar to those in Pallas were also 
identified as important in the combined, control, and partial cut areas. 
However, their patterns in PDPs were less clear than in Pallas. For 
example, WT showed a non-linear dependency with NDVI (a vegetation 
greenness index) across all areas. In addition, in the combined, control, 
and partial cut areas, lower WT was associated with higher NDMI2 (a 
moisture index), although this relationship was also non-linear. WT 
appeared to plateau up to NDMI2 values of approximately 0.4–0.5, after 
which WT declined with increasing NDMI2. These unexpected patterns 
may be due to tree cover and data resolution. Unlike in Pallas, where 
high-resolution UAV data capture ground vegetation in detail, the Let
tosuo analyses relied on Sentinel-2 imagery with coarser spatial reso
lution (10 m), which averages canopy and understory reflectance within 
a single pixel.

4.3. Role of environmental variables

Different environmental variables showed high importance across 
the different models. In Pallas aapa mires, topographic variables in 
particular were deemed important, whereas in the southern boreal 
peatland forest of Lettosuo, CHM was also among the most important 
variables.

The importance of SWI in Pallas is consistent with Ikkala et al. (2022)
but not with Isoaho et al. (2023). Theoretically, SWI should capture 
wetness as it is based on topographic modelling of water flow routes and 
terrain flatness (Böhner and Selige, 2006), supporting our findings in 
Pallas where the relationship between SWI and WT was positive. Our 
sites in Pallas had greater elevation differences than the sites in the study 
by Isoaho et al. (2023), typical of northern aapa mires (Laitinen et al., 
2007), which can affect the relative importance of SWI and its func
tionality in modelling wetness gradients. Finally, unlike Isoaho et al. 
(2023), who derived DTM from structure-from-motion photogram
metry, we calculated DTM from LiDAR point clouds, which generally 
produce more reliable terrain models (e.g., Alex et al., 2020). Never
theless, in Lettosuo, the relative importance of SWI was lower than in 

Fig. 2. Mean R2 and RMSE from different model types in Pallas and Lettosuo. UAV refers to uncrewed aerial vehicle data, SAT refers to satellite data, and ENV refers 
to environmental data.
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Pallas, which may be attributed to the flatness of the site and the high 
importance of CHM.

CHM emerged as a key predictor in the spatiotemporal SAT-ENV 
models in Lettosuo. In the combined model, CHM's importance was 
the strongest, likely because it helps to distinguish between treeless and 
treed areas, where WT values differ. In addition, CHM was also the most 
important variable in the partial cut area. The importance of CHM can 
be attributed to its role as a proxy for forest structure and stand volume, 
both of which directly influence evapotranspiration rates. Previous 
studies have demonstrated that WT is highly dependent on stand vol
ume, with evapotranspiration from mature and denser tree stands acting 
as a key regulator of WT during the growing season (Hökkä et al., 2008; 
Sarkkola et al., 2010, 2013). As such, CHM serves not only as an indi
cator of canopy presence but also indirectly captures the hydrological 
impact of vegetation on peatland water dynamics. In Pallas, CHM did 
not emerge as an important predictor because tree cover is sparse, and 
WT variation is primarily controlled by macro- and microtopographical 
patterns that are characteristic of aapa mires (Laitinen et al., 2007; 
Maanavilja et al., 2011).

DTW was selected in most models, except in the Lettosuo combined 
and clearcut areas. DTW represents the cumulative slope from the 
ground surface to the nearest modelled stream and therefore integrates 
terrain configuration, flow accumulation, and water flow networks 
(Murphy et al., 2009) into a single hydrologically meaningful predictor 
(Ågren et al., 2021; Larson et al., 2022). Unlike purely local wetness 
indices, DTW captures broader landscape-scale controls on subsurface 
water availability and has been shown to perform well as a predictor of 
soil moisture and groundwater conditions in boreal forested environ
ments (Ågren et al., 2021; Rahman et al., 2017). In theory, high DTW 
values should be associated with WT deep below the ground surface and 
low DTW values with WT close to the surface; however, in our case, this 

relationship was observed only for DTW with a 0.5 ha stream network 
initiation threshold in the Pallas open and combined area models.

Our Pallas models also showed the importance of TPI, which has not 
been reported previously in GIS- or remote sensing-based WT modelling. 
TPI helps to characterise the relative location of a point—with a positive 
TPI indicating an elevated position compared to its neighbouring 
area—which is a known determinant of water accumulation (Lendzioch 
et al., 2021; Rinderer et al., 2014). TPI, measured at both 5 and 10 m 
neighbourhood distances, had a negative relationship with WT. Nega
tive TPI was linked with high and relatively constant WT, whereas 
higher TPI was linked to lower WT. This relationship is consistent with 
WT being naturally lower in elevated strings than in flat flarks 
(Heiskanen et al., 2021; Maanavilja et al., 2011). However, TPI was less 
important in Lettosuo, where flatter terrain, efficient drainage, and 
strong stand-related effects (e.g., drier areas under dense canopies 
versus wetter clearcuts) likely reduced the role of topography in shaping 
WT.

In the Pallas combined area, DTD showed a clear threshold response, 
with higher WT levels beyond ~50 m from a ditch. This pattern is 
consistent with Nimr et al. (2026), who showed that immediate resto
ration effect on peatland WT was around same distance. Furthermore 
and it somewhat matches the dense ditch spacing needed for effective 
drainage (Nieminen et al., 2018). However, DTD was selected in only 
one out of seven models in the iterative VSURF procedure. This is likely 
because WT variation in other areas was more strongly explained by 
other environmental variables than by DTD. In addition, in Lettosuo, all 
loggers were located within 35 m of a ditch, limiting the detectable 
range of DTD effects on WT. Additionally, the impact of DTD on WT is 
strongly affected by the humification degree of peat, as hydraulic con
ductivity decreases strongly with higher humification (Päivänen, 1969).

Fig. 3. Spatially upscaled water tables in the Pallas region. The maps were generated using different modelling approaches: optical UAV data only (columns 1–2) 
versus optical UAV data complemented with environmental (ENV) data (columns 3–4), with either combined models for all areas or separate models for open and 
treed peatlands. UAV refers to uncrewed aerial vehicle data.
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4.4. Study limitations

Our study has several limitations that also point to directions for 
future research. First, environmental variables such as SWI, TPI, DTW, 
and CHM were static in time and therefore could not capture short-term 
hydrological dynamics. Future studies could thus also include tempo
rally dynamic environmental variables. Second, WT measurements in 
Pallas represent a single time point, which limits temporal generalisa
tion and underscores the need for repeated field measurements to better 
capture seasonal and interannual variability. Third, sampling near 
drainage features was sparse, reducing the model's ability to learn 
distance-based drainage effects; denser WT sampling along ditches 
would help address this limitation. Finally, the transferability of the 
models to other peatland types or climatic regions remains uncertain 
and should be evaluated through cross-site validation. Because 
patterned aapa mires share broadly similar macro- and microtopo
graphic structures across northern Fennoscandia, the strong influence of 
topographic variables observed in Pallas is likely applicable to other 
aapa mire systems. However, site-specific drainage histories and vege
tation structure — such as the distribution of plant functional types 
across strings and flarks, shrub and tree cover, and canopy density — 
may still influence model performance and should be taken into account 
in future studies.

4.5. Implications for peatland monitoring and restoration

Spatially continuous WT information is essential for planning peat
land restoration and monitoring its outcomes; therefore, the multi- 
source remote sensing approach demonstrated in this study offers a 
scalable alternative, with relevance in the context of current manage
ment, conservation, and restoration policies. For example, the EU Na
ture Restoration Regulation requires member states to conduct large- 
scale restoration actions in various ecosystem and habitat types, 
including wetlands, and rewet drained peatlands. Similarly, the EU 
Biodiversity Strategy 2030 and the global Kunming-Montreal Frame
work both require verifiable restoration outcomes. Tracking progress 
toward these targets demands spatially explicit, temporally repeated WT 
monitoring—a need that remote sensing-based models complemented 
with environmental variables could help to address. The upscaled WT 
maps generated with the methods described here could therefore sup
port restoration planning and post-intervention evaluation, though their 
utility depends on the availability of site-specific calibration data and 
the transferability of models to new sites.

5. Conclusions

Our study demonstrates that multi-source remote 
sensing—especially the combination of optical UAV or satellite variables 

Fig. 4. Spatially upscaled water tables in Lettosuo across three seasonal periods (early summer, midsummer, and autumn), generated using optical satellite (SAT) 
data and SAT data complemented with environmental (SAT-ENV) data with combined models for all areas or separate models for the different treatments (clearcut, 
control, partial cut).
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with LiDAR-derived environmental variables—can effectively model 
and capture spatial and spatiotemporal WT dynamics in boreal peat
lands. Notably, the inclusion of environmental variables improves WT 
prediction compared to models relying on optical variables only. 
Nevertheless, the environmental variables with the strongest effect 
differ between sites. Topographic environmental variables substantially 
improved spatial WT models in the patterned northern aapa mires of 
Pallas. In the drained peatland forest of Lettosuo, spatiotemporal WT 
prediction was further improved by the inclusion of tree-stand structure 
information. These results imply that multi-source remote sensing offers 
an efficient and scalable approach for monitoring WT across large or 
remote peatland areas and can therefore assist evidence-based decision- 
making in peatland conservation and climate mitigation efforts. Accu
rate spatial and temporal WT information is essential for assessing 
drainage impacts and monitoring restoration outcomes, which supports 
the implementation of instruments such as the EU Nature Restoration 
Regulation.
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Fig. 5. Partial dependence plots for selected predictors in the combined areas of (a) Pallas and (b) Lettosuo. The plots show the marginal effect of each variable on 
predicted water table (cm), based on the uncrewed aerial vehicle (UAV) or satellite (SAT) data models complemented with environmental (ENV) variables. The blue 
line shows the average relationship between each selected predictor and water table across model iterations, indicating how changes in selected predictor values are 
associated with increases or decreases in water table. The shaded green area represents the 95% confidence interval. The value in parentheses next to each subplot 
title shows the relative variable importance of each predictor to the model. For variable abbreviations, refer to Tables 2 and 3.
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