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Abstract
Greenhouse gas (GHG) emissions originating from rewetted peat extraction sites are largely unknown. While the emissions
can be quantified with chamber measurements, spatial upscaling is needed to quantify the emissions over the whole rewetted
areas. Therefore, we developed a method to upscale chamber-measured GHG emissions with drone and satellite imagery.
We measured GHG fluxes in five different surface types within three rewetted peatlands in northern Finland across two
growing seasons. We spatially classified surface types within drone mapped areas with random forest classifier and further
upscaled the surface type %-covers outside the drone areas with multitemporal Sentinel-2 imagery using extreme gradient
boosting regression. With predicted surface type %-covers, we calculated total and area-normalised GHG flux sums for each
measurement moment. The drone-based surface type classifiers performed well (class specific F-scores 0.28–0.97, overall
accuracies 0.76–0.85) as did the satellite-based surface type %-cover models (R2= 0.38–0.99). Predicted surface type covers
appeared realistic and followed topographical gradient observed from the high-resolution classification. Upscaled and area-
normalised GHG fluxes ranged from 0.24 to 5.91 g CO2-C m–2 d–1, 0.01 to 0.34 g CH4-C m–2 d–1 and -98 to 61 μg N2O-N
m–2 d–1 depending on site and time. High water and reed %-cover reduced overall emissions due to higher emission factors
in drier surface types but due to lack of gross primary production estimations, no conclusion could be drawn about net
ecosystem carbon balances. Our results indicate that combination of field measurements, drone flights, and satellite imagery
can be used to upscale surface area estimates and GHG fluxes.
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Introduction

Peatlands are critical ecosystems providing carbon storage
(Joosten et al. 2016), unique habitats for species (Chapman
et al. 2003), and water regulation (Ramchunder et al. 2012).
Human-induced drainage has largely impacted peatlands,
with 11% of them being strongly altered (Leifeld and
Menichetti 2018). Artificial drainage lowers the water table
depth, which exposes peat to aerobic decomposition

(Whittington and Price 2006; Itoh et al. 2017), causing
greenhouse gas (GHG) emissions that accelerate climate
change (Leifeld and Menichetti 2018; Wilkinson et al.
2023).

Peat extraction for horticultural and energy purposes has
contributed to around 10% of the loss of peatlands outside
the tropical zone (Joosten and Clarke 2002). In Finland,
former and current peat extraction areas cover up to around
135,000 ha (Syke 2023) while recently peat extraction has
been significantly reduced and a large number of sites have
been shut down. After the peat extraction has ceased, sev-
eral after-use practices can occur in the peat extraction site
(Räsänen et al. 2023). One of the most popular after-uses is
to rewet the site by creating shallow water bodies (e.g.
Kozlov et al. 2016; Lundin et al. 2017; Reddin et al. 2025).
The water bodies enable plant colonization (Kozlov et al.
2016) and increase anoxic conditions that reduce carbon
dioxide (CO2) and nitrous oxide (N2O) emissions but pro-
mote methane (CH4) emissions (Minke et al. 2016; Jordan
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et al. 2020). Rewetted peat extraction sites typically consist
of different microsites and larger landscape features such as
open water areas and reed islands. Consequently, there can
be large spatial differences in the GHG fluxes—part of the
site can act as a carbon sink while other parts of the site can
be carbon sources depending on local vegetation, soil, and
hydrological characteristics (Minke et al. 2016; Jordan et al.
2020; Ge et al. 2024). As former peat extraction sites are
often relatively large, laborious field-based monitoring
across the whole site is not usually feasible. Therefore, more
localised but representative field measurements need to be
combined with spatial upscaling.

Remote sensing, particularly drone and satellite obser-
vations, has been used to spatially monitor and upscale
different field-measured ecosystem functions and char-
acteristics such as land cover, vegetation patterns, water
table depth, and GHG fluxes (Steenvoorden et al. 2023;
Isoaho et al. 2024b, a; Villoslada et al. 2024). Satellite
imagery has been widely used to produce large-area esti-
mates of GHG fluxes by linking GHG measurements to
categorical land cover or vegetation classifications or con-
tinuous remotely sensed variables through regression
methods (Davidson et al. 2017; Räsänen et al. 2021; Lud-
wig et al. 2024). Satellite imagery typically has a relatively
coarse spatial resolution (≥ 10 m pixel size in freely
accessible datasets) but seamless global availability with
frequent revisit time. Instead, drone datasets enable ultra-
high spatial resolution (cm-level pixel size) characterisation
of peatland GHG fluxes, yet with a limited spatial and
temporal extent (Lehmann et al. 2016; Kelly et al. 2021;
Sjögersten et al. 2023). It has been shown that in highly
heterogeneous landscapes such as peatlands (Räsänen and
Virtanen 2019), GHG upscaling using coarse-resolution
data can be biased due to inaccurate area estimates
(Hashemi et al. 2025; Ivanova et al. 2026). Furthermore, the
chamber measurements typically cover areas notably
smaller than the pixel size of satellite imagery, causing a
spatial mismatch. Therefore, there is a methodological need
to combine coarse-resolution satellite products with high-
resolution drone imagery to produce GHG flux estimates
over large spatial extents.

One possible solution for the combination is to (1) link
field-measured GHG fluxes to a drone-based vegetation,
land, or surface cover classification within a small area and
(2) upscale the classification and GHG flux estimates to a
larger area covered by satellites through surface type-
specific regression models. In this approach, GHG fluxes
would thus be linked to percentage-cover estimates of sur-
face type classes within satellite pixels instead of one
categorical class for each pixel. A similar approach has been
used for vegetation, land cover, and wetness characteristics
(Riihimäki et al. 2019; Bergamo et al. 2023; Keränen et al.
2024; Villoslada et al. 2024; Putkiranta et al. 2025; Klehr

et al. 2025) but not yet for GHG fluxes. Drone data is
needed as a mediator between satellite pixels and field plots
since the field measurements usually cover only a small
proportion of a satellite pixel; for instance, chamber-based
GHG flux measurements cover typically o 1 m2 and
satellite pixels ≥100 m2. Therefore, satellite pixel %-cover-
based upscaling could provide more accurate estimations
compared to satellite pixel class-based approach.

To develop and test GHG flux upscaling for rewetted
peat extraction sites, we link chamber-measured ecosystem
respiration (CO2 emissions from autotrophic and hetero-
trophic respiration, hereafter Reco), CH4, and N2O fluxes
from three sites in northern Finland to drone and satellite
data. Our specific aims are to (1) upscale surface types in
high spatial resolution using multispectral drone imagery
with a limited extent, (2) upscale surface type areas across
the entire site using multitemporal satellite imagery, and (3)
calculate landscape-scale GHG emissions based on the areal
extent of surface types and chamber measurements.

Materials and Methods

Study Sites and Field Data

We studied three rewetted peat extraction sites in northern
Finland (Fig. 1). In their natural state, the sites were
minerotophic fens and part of larger aapa mire complexes
(Sallinen et al. 2019), but they were drained for peat
extraction in the 1970s–1990s. After the peat extraction
ceased, sites were ash-fertilized and abandoned for one to
three years after which they were partly rewetted in 2019
(Joutsensuo), 2013 (Epäilyksensuo), and 2009 (Martti-
lansuo). The most recently rewetted Joutsensuo has the
lowest proportion of open water and has remained relatively
open with low tree cover. In Epäilyksensuo and Martti-
lansuo, open water covers around half of the sites while the
drier parts of the sites are partly covered by trees and tall
shrubs.—

From the study sites, we identified six clearly distinct
surface types (Table 1) that differed from each other based
on plant functional type covers (Fig. S1). We monitored
these surface types with opaque closed chambers between
May and September in 2024 and 2025, and measured Reco,
CH4, and N2O exchange once a month (see exact mea-
surement dates in supplementary material Table S1). Each
site had three measurement plots for each surface type.
However, the surface type “bare peat” was only monitored
in Joutsensuo and the type “tall shrubs” was not monitored
at all as it was not possible with chambers due to tall
(41 m) vegetation. Collars with water-filled grooves were
permanently inserted 20–40 cm into the soil to ensure an
airtight seal, and fluxes were measured using an opaque
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chamber (60 × 60 x 20–40 cm) connected to portable LI-
COR LI-7810 and LI-7820 gas analysers. Measurements
from open water and reed were conducted with a floating
chamber (⌀30 × 40 cm). The chambers had a vent for
pressure stabilization. Air temperature inside the chamber
was recorded at the beginning and end of each

measurement. Each measurement lasted three minutes, from
which we calculated fluxes (g m–2 d–1) based on ideal gas
law and linear regression. All concentration time series were
visually inspected, and data affected by chamber leakage or
ebullition events were excluded. As one dry vegetation plot
from Joutsensuo showed suspiciously high CH4 fluxes

Fig. 1 Study sites before drainage, during peat extraction, and after rewetting. Numbers within aerial images indicate their acquisition years. Aerial
images and background map are open data from National Land Survey of Finland

Table 1 Surface type classes and
their descriptions within the sites

Class Description

Bare peat Bare peat without vegetation. Greenhouse gas (GHG) fluxes were measured only in
Joutsensuo due to low cover of bare peat in the two other sites. Joutsensuo measurements
were utilised as a reference for Marttilansuo. In Epäilyksensuo, the class was not utilised.

Tall shrubs Trees and tall shrubs, merged into dry vegetation for GHG assessments because GHG
fluxes of tall shrubs could not be measured with chambers.

Dry vegetation Grasses and mineral forest-type vegetation with some mire species; water table depth
below the surface.

Wet vegetation Carex-dominated vegetation with some Sphagnum and other wet mire species (such as
Eriophorum vaginatum); water table depth very close or above the surface.

Reed Usually at the very end of littoral zone; aquatic reed grasses, aquatic Carex, other aquatic
plants; water table depth above the surface.

Water Full water %-cover, no vegetation above the water surface.

Plant functional type covers for each class within each site can be seen from Supplementary material Fig. S1.
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across the two growing seasons, it was excluded from fur-
ther analysis.

We assessed whether GHG fluxes differed between each
surface type pairs by conducting pairwise Mann–Whitney U
tests using all measurements. Additionally, we conducted
Kruskal-Wallis test over all surface types to assess whether
there were differences between the types in total. We con-
ducted statistical tests for each site separately.

To generate GHG coefficients, i.e. gas specific emission
factors for each surface type per measurement moment, we
calculated average GHG coefficients over measured fluxes
per surface type per site. As we did not measure tall shrubs,
we used dry vegetation coefficients for Reco and N2O fluxes
as reference because they were in line with existing litera-
ture on measurements from afforested peat extraction sites
(Mäkiranta et al. 2007; Bravo et al. 2018; Buzacott et al.
2025). However, for CH4, we used a constant value
(0.002928 g CH4-C m–2 d–1) from Buzacott et al. (2025) as
our measured dry vegetation CH4 coefficients were notably
higher than the measured CH4 emissions from afforested
peat extraction sites in earlier studies.

Remote Sensing Data

We used ultra-high spatial resolution drone and medium
spatial resolution satellite multispectral imagery in our

upscaling analysis (see image capture dates in Table S2).
We conducted drone flights in July and August 2025 using
DJI Matrice 350 RTK drone and AgEagle MicaSense
Altum-PT sensor on consistent overcast days which mini-
mized the effect of shadows within the study sites. The
flights were conducted with the speed of 9 m/s, side and
front overlaps of 75%, and an altitude of 118 m from the
take-off point. The captured images were converted into
orthomosaics with spatial resolution of ~5 cm using
structure-from-motion procedure in Agisoft Metashape
(version 2.0.3) and radiometrically calibrated using Mica-
Sense reflectance panel and irradiance sensor.

We used Sentinel-2 Level-2A reflectance product as our
medium resolution multispectral imagery. We manually
selected four cloud-free images from different phenological
moments within the growing season 2025 for each site
separately (Table S2) and projected the images to Finnish
coordinate system (EPSG: 3067) with a spatial resolution of
10 m using nearest neighbour interpolation.

From all multispectral data, we calculated several spec-
tral vegetation and moisture indices (Table 2). Additionally,
we used canopy height model (CHM; spatial resolution of
1 m) calculated by Finnish Forest Centre from LiDAR data
captured by National Land Survey of Finland. LiDAR data
were captured in summers 2022 for Joutsensuo and Epäi-
lyksensuo, and in 2024 for Marttilansuo.

Table 2 Used remote sensing variables and their abbreviations, equations, references, and data sources

Predictor Abbreviation Equation Reference Source

Blue reflectance Blue Drone, Sentinel-2

Green reflectance Green Drone, Sentinel-2

Red reflectance Red Drone, Sentinel-2

Red Edge reflectance RE Drone

Red Edge reflectance 1 RE1 Sentinel-2

Red Edge reflectance 2 RE2 Sentinel-2

Red Edge reflectance 3 RE3 Sentinel-2

Red Edge reflectance 4 RE4 Sentinel-2

Near-infrared reflectance NIR Drone, Sentinel-2

Shortwave infrared reflectance 1 SWIR1 Sentinel-2

Shortwave infrared reflectance 2 SWIR2 Sentinel-2

Normalised difference vegetation index NDVI NIR�Red
NIRþRed Tucker 1979 Drone, Sentinel-2

Enhanced vegetation index EVI 2:5 � NIR�Red
NIRþ6 � Red�7:5 � Blueþ1 Liu and Huete 1995 Drone, Sentinel-2

Soil adjusted vegetation index SAVI 1:5 � NIR�Red
NIRþRedþ0:5 Huete 1988 Drone, Sentinel-2

Normalised difference red edge index NDRE NIR�RE
NIRþRE Barnes et al. 2000 Drone, Sentinel-2

Normalised difference water index NDWI Green�NIR
GreenþNIR McFeeters 1996 Drone, Sentinel-2

Shortwave infrared transformed reflectance STR ð1�SWIR1Þ2
2�SWIR1 Sadeghi et al. 2015 Sentinel-2

Normalised difference moisture index NDMI NIR�SWIR1
NIRþSWIR1 Gao 1996 Sentinel-2

Normalised difference moisture index 2 NDMI2 NIR�SWIR2
NIRþSWIR2 Gao 1996 Sentinel-2

Moisture stress index MSI SWIR1
NIR Vogelmann and Rock 1986 Sentinel-2

Canopy height model CHM LiDAR

281 Page 4 of 15 Environmental Management (2026) 76:281



High-resolution Surface Type Classifications

To build drone-based surface type classifications for each
site, we built training and validation data with stratified
random sampling. We first average-resampled drone bands
and indices into 50 cm spatial resolution after which we
conducted unsupervised classification to 15 different clus-
ters with Iso Clustering (Tou and Gonzales 1974). For each
cluster, we randomly sampled 20 points for which we
assigned surface type class based on visual interpretation of
original-resolution drone imagery and experience accumu-
lated during field visits. In Marttilansuo, our stratified ran-
dom sampling included only four points for the class bare
peat due to its low %-cover in the drone-covered area;
therefore, we manually added 20 bare peat points to
improve the classification as underrepresent classes are
often poorly classified (Khan et al. 2024). For each point,
we generated 25 cm radius buffers for which we extracted
means and standard deviations of the original-resolution
drone predictors (Table 2). For CHM, we only calculated
mean due to its lower 1 m spatial resolution. Additionally,
we calculated standard deviations of drone predictors and
average CHM for the 50 cm resolution grid used for sam-
pling to produce spatial predictions.

We classified surface types with the random forest
machine learning algorithm (Breiman 2001) due to its
ability to handle predictor multicollinearity and non-linear
relationships. To address spatial autocorrelation, we used
spatial clustering (Brenning 2012; Mahoney et al. 2023) to
place sample into 10 spatial folds which were used for
tuning and validating the classifiers. We set number of trees
to 500 as performance usually stabilises after 100 trees
(Rodriguez-Galiano et al. 2012; Probst et al. 2019) and we
grid searched optimal mtry using ranger and mlr3 packages
(Wright and Ziegler 2017; Lang et al. 2019) in R (version
4.5.2). We assessed the classification performance by cal-
culating class-specific precision, recall, and F-score and the
overall accuracy of the entire multi-class classification.
With the constructed classifiers, we predicted classes across
the 50 cm resolution grid to produce spatial layers with
distinct surface classes

Upscaling surface type %-covers and emissions
outside drone areas

We upscaled %-cover of drone-derived surface types to
Sentinel-2 pixels (Fig. 2). To generate training and valida-
tion data, we calculated proportional cover of the drone-
classified surface types for each Sentinel-2 pixel within the
drone areas. In Marttilansuo, we lacked large bare peat areas
within the drone area; therefore, we visually digitalised
extra polygons with peat cover from aerial image of
National Land Survey of Finland captured in summer of

2024. With the extra bare peat polygons, we calculated
proportional covers of the bare peat within the Sentinel-2
pixels (n= 38) which intersected the polygons.

We used extreme gradient boosting (XGBoost; Chen and
Guestrin 2016) regression for upscaling the drone-estimated
surface type %-covers with predictors being multitemporal
Sentinel-2 variables and 10 m average-resampled CHM.
XGBoost is able to predict extreme values relatively well
(Meinshausen 2006; Velthoen et al. 2023) which was
essential in our case as our response variables (surface type
%-covers) had a fixed range of 0 to 100 with a relatively
large number of 0 s (e.g. other classes than water in water-
covered areas) and 100 s (water in water-covered areas). We
conducted the modelling separately for each site and fine-
tuned the hyperparameters for each model using randomised
search with spatial tenfold cross validation generated with
spatial clustering and 100 optimisation rounds (see Table S3
for the tuned values) with mlr3 package. Similarly, we
validated the models with spatial tenfold cross validation.
We calculated explained variance (R2; 1 – mean square
error / variance of response variable), root mean square
error (RMSE) and normalised root mean square error
(nRMSE, RSME divided by the range of response variable)
to assess the model performance.

With the constructed models, we predicted surface type
%-covers over the entire study sites outside the drone-
covered areas. From the predictions, we normalised each
pixel %-cover sum to be 100. In most of the cases, the
normalisation adjusted the predicted values only a few
%-points. From the normalised predictions, we summarised
the areas for each surface type. Using the surface type area
sums, we calculated the momentary GHG flux sums based
on the field-measured and surface type-averaged GHG
coefficients. Additionally, we calculated area normalized
means for GHG fluxes for each measurement moment by
dividing total GHG flux sums with the total area of sites.

Results

High-resolution Surface Type Classifications

Drone and CHM-based surface type classification per-
formed mostly well (class-specific F-scores 0.28–0.97,
overall accuracies 0.76–0.85; Fig. 3). There was some
variation in the accuracy between the types, with water (F-
scores= 0.94–0.97), tall shrubs (0.87–0.96), and bare peat
(0.89–0.94) being the most accurately classified, while
accuracies were lower for reed (0.60–0.75), wet vegetation
(0.30–0.64) and dry vegetation (0.56–0.88). Generally, the
classifiers performed the best in Epäilyksensuo. Classifica-
tion maps showed spatial variation and relatively high
spatial heterogeneity of classes (Fig. 4). There were some
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salt-and-pepper-like misclassifications especially in dry
vegetation areas in Joutsensuo but in general the patterns
looked realistic.

Medium-resolution Surface Type %-cover
Regression Performances

Multitemporal satellite and CHM-based regressions had
mostly a relatively good performance (R2= 0.38–0.98,
RMSE= 3.63–10.56, nRMSE= 0.04–0.11; Fig. 5). Water
(R2 = 0.94–0.98, RMSE= 6.03–9.01, nRMSE =
0.06–0.09) and tall shrubs (R2= 0.92–0.96, RMSE =
3.63–6.96, nRMSE= 0.04–0.07) models performed the

best across the sites, while bare peat, reed, and wet vege-
tation models had in general the lowest performances. The
dry vegetation model performed well in Jousensuo and
Epäilyksensuo but worse in Marttilansuo.

Based on prediction maps, in all sites, the %-covers
followed a gradient of dry vegetation–wet
vegetation–reed–water (Fig. 6). Spatial predictions looked
credible although predicted reed %-cover in Joutsensuo was
not as high as in the training area. Moreover, the bare peat
cover was underestimated in the southwestern part of the
site (see Figs. 1 and 6). The areal extent of the different
surface types differed largely between the sites (Fig. 6B).
For example, bare peat had a relatively high total %-cover

Fig. 2 Simplified
methodological flow chart of the
study. GHG refers to
greenhouse gas
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in the most recently rewetted site Joutsensuo (around 12%),
while in the two other sites, it had negligible %-cover.

Summed Greenhouse Gas Emissions

Measured GHG fluxes showed variation among surface
types. Open water consistently exhibited the lowest Reco

(0.02–2.33 g CO2-C m–2 d–1) and CH₄ fluxes (0.00–0.04 g
CH4-C m–2 d–1; Table S4–S5) while highest Reco was
measured from dry (0.26–8.75 g CO2-C m–2 d–1) and wet
vegetation (0.44–7.23 g CO2-C m–2 d–1). CH₄ fluxes were
highest on reed (0.01–0.59 g CH4-C m–2 d–1), dry vegeta-
tion (0.02–1.11 g CH4-C m–2 d–1), and wet vegetation
(0.02–0.47 g CH4-C m–2 d–1). In contrast, N₂O fluxes highly

Fig. 4 Drone-derived high resolution surface type maps (bottom panel) and RGB-presentations from constructed orthomosaics (top panel).
Background aerial images are open data from National Land Survey of Finland

Fig. 3 Class-specific and overall
performance metrics of the
drone and canopy height model-
based high spatial resolution
surface type classifications for
each site. F1 refers to F-score
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varied temporally and spatially and showed no consistent
pattern among surface types (Table S6).

Mann–Whitney U tests indicated that Reco differed
between most class pairs with statistical significance (p
value o 0.05). Dry and wet vegetation had the smallest
difference with statistical significance found only in Mart-
tilansuo (Fig. S1). CH4 fluxes differed similarly but statis-
tical significances were not found between dry vegetation
and reed in Epäilyksensuo, and dry and wet vegetation in
Marttilansuo (Fig. S2). N2O fluxes did not differ statistically
significantly from each other across most class pairs
(Fig. S3). Kruskal-Wallis tests showed statistically sig-
nificant difference between the classes for each site and
GHG (Figs. S1–S3).

Upscaled GHG flux sums showed high spatial and
temporal variation across the study sites (Fig. 7). Reco was
generally the highest in July and lowest in October. Simi-
larly, CH4 fluxes followed similar seasonal trend, but in
Joutsensuo, the highest total CH4 emissions occurred in
September across both growing seasons. N2O fluxes
showed the highest variation within the growing seasons,
with sites alternating between a net source and a net sink
depending on the measurement moment.

When upscaled GHG fluxes were normalised by site
area, Joutsensuo had the highest Reco (0.73–5.91 g CO2-C
m–2 d–1) and CH4 fluxes (0.02–0.34 g CH4-C m–2 d–1) across
the two growing seasons (Fig. 8). Epäilyksensuo had the
lowest Reco (0.24–1.04 g CO2-C m–2 d–1) and Marttilansuo
had the lowest CH4 (0.01–0.13 g CH4-C m–2 d–1). N2O
fluxes varied between –98 and 61 μg N2O-N m–2 d–1 with all

the sites having similar temporal patterns across the two
growing seasons.

Discussion

Drones as a Bridge Between Field Data and Satellite
Imagery

We have shown that drone-derived high-resolution classi-
fication maps and satellite imagery can be used to upscale
wetland surface type %-covers outside the drone-covered
areas with a relatively good accuracy. Furthermore, the
remote sensing-derived surface type areas can be used to
quantify momentary GHG fluxes. While previous studies
have upscaled GHG fluxes using remote sensing-based
classifications, they have mainly utilised a coarse approach
by assigning one surface type class to each pixel in medium
resolution satellite imagery (e.g. Ludwig et al. 2024) or
spatially limited areas with high-resolution imagery (e.g.
Sjögersten et al. 2023).

We argue that surface type %-cover approach is superior
to one-class-per-one-pixel approach when assessing GHG
fluxes over large areas that cannot be fully covered by drone
flights. Nevertheless, one-class-per-one-pixel approach can
be sufficient in areas where spatial heterogeneity is low and
the surface types cover large and continuous areas. In our
study, multiple surface types were apparent in a single
Sentinel-2 pixel. Additionally, some surface types can be
highly underrepresented in the mapped area and can occupy

Fig. 5 The calculated performance metrics from extreme gradient boosting regression models used for upscaling the surface type %-covers across
the study area. Observed-predicted scatter plots can be found from Supplementary material Fig. S5
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only a small part of Sentinel-2 pixels, which would lead to a
non-presence in the site if a pixel-based classification would
be conducted. For instance, the reed class occupied only a
small proportion in several Sentinel-2 pixels in Epäi-
lyksensuo (see Fig. 9).

Upscaling from drone to satellite level functions properly
if the %-cover variation is captured well in the training data.
In our case, we had to digitize more training data for
Marttilansuo bare peat regression model due to lack of high
bare peat %-cover Sentinel-2 pixels in drone mapped area.
While this improved the bare peat %-cover model

performance, the model still lacked enough data, which led
to underestimation of peat cover in the southwestern part of
the site. In future studies, the drone-covered area should be
planned so that it captures the variation within all focal
surface types.

We used a 50 cm spatial resolution grid in our upscaling.
The grid corresponds approximately to the areal extent of
the used chambers (60 cm × 60 cm) and is also in line with
an optimal spatial resolution for characterising surface
patterns in highly heterogeneous wetland ecosystems
(Räsänen and Virtanen 2019; Steenvoorden and Limpens

Fig. 6 Satellite imagery-based predictions of surface type %-covers for
Joutsensuo (first row), Epäilyksensuo (second row) and Marttilansuo
(third row) (A) and summed areas for each site (B). The class bare peat

is missing from Epäilyksensuo as it did not exist in the site. Aerial
images in the background are open data from National Land Survey of
Finland
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2023). Earlier studies have also discussed that object-based
image analysis methods should be used in cases where pixel
size is much smaller than the size of the objects of interest
(Blaschke et al. 2014), i.e. surface type patches in our case.
While our 0.25 m2 sized pixels are still smaller than typical
surface type patches, they are notably larger than the ori-
ginal ~0.025 m2 pixels in the drone data and thus avoid the
problem of random noise typical to pixel-based classifica-
tions (Blaschke et al. 2014) and object-based classifications
with very small segments (Räsänen and Virtanen 2019).
Furthermore, earlier studies have indicated that if segment
size in object-based methods is too large, classification
accuracy is decreased (Räsänen and Virtanen 2019; Steen-
voorden and Limpens 2023); therefore, the segmentation of
the 50 cm pixels into objects could have led to less
accurate maps.

We could have used other, higher spatial resolution,
satellite datasets, such as PlanetScope (spatial resolution of
3 m; Planet Team (2024)) for our upscaling purposes. While

Bergamo et al. (2023) used PlanetScope to upscale Rosa
Rugosa %-cover in Estonian coastal habitats, Riihimäki
et al. (2019) and Keränen et al. (2024) showed that Sentinel-
2 can offer better fractional vegetation and flark %-cover
estimations compared to PlanetScope, probably due to lat-
ter’s lower radiometric quality (Frazier and Hemingway
2021). Nevertheless, image fusion of PlanetScope and
Sentinel-2 have provided increased performance in land-
cover classification when compared to both datasets alone
(Zhao et al. 2026), and the methodology could have been
utilised in this study as well.

We used random forest and XGBoost for our classifi-
cation and regression tasks, respectively, but we could have
tested more sophisticated methods. Random forest often
performs relatively well when compared to other machine
learning algorithms in remote sensing tasks (Belgiu and
Drăguţ 2016), but some studies have shown that deep neural
networks can have a slight edge on performance (Sharma
et al. 2024; Ball et al. 2026). Furthermore, convolutional

Fig. 7 Summed ecosystem respiration (CO2-C), CH4-C and N2O-N
fluxes per measurement moment across the entire study sites. Bars
represent total fluxes, and stacked colours show the contribution of

different surface types. Tall shrubs sums are based on coefficients from
dry vegetation for CO2 and N2O and based on constant coefficient
from Buzacott et al. (2025) for CH4
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neural networks have been broadly tested in remote sensing
tasks and have shown superior performance in cases when
spatial context matter (Kattenborn et al. 2021). In our case
convolutional neural network approach might have
decreased misclassification of reed in areas where open
water does not exist, such as drier areas in Joutsensuo.
Furthermore, recent development in remote sensing foun-
dation models, i.e. pre-trained models that have been

constructed from multisource geospatial big data have
shown promise (Lu et al. 2025). Recent studies have shown
mixed evidence of foundation models, with one study
showing improved performance compared to multitemporal
satellite imagery (Ball et al. 2026) while another case
showing that the better performance in not guaranteed
(Rojas Lucero et al. 2026). Therefore, future studies could
test whether foundation models could be used for upscaling

Fig. 8 Area normalised means for ecosystem respiration (CO2-C), CH4-C and N2O-N fluxes across the entire study sites at different measurement
moments. Emission factors for each surface type per site and month are in supplementary material (Tables S4–S6)

Fig. 9 Example of Sentinel-2
pixels (red grid) containing
several surface types in
Epäilyksensuo. RGB-
presentation of Altum-PT
orthomosaic in the left and
classified surface types in
the right
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drone-based classifications more efficiently than multi-
temporal Sentinel-2 imagery and airborne LiDAR data.

Spatiotemporal Variation Within Greenhouse Gas
Emissions

We observed high spatial and temporal variation in GHG
fluxes between the surface types and sites. Additionally, we
were able to derive emission factors that capture site-
specific total emissions more realistically than the chamber
observations alone. Our area normalized Reco (0.24–5.91 g
CO2-C m–2 d–1) were comparable with earlier studies from
rewetted peat extraction sites (0.49–8.67 g CO2-C m–2 d–1;
(Tuittila et al. 1999; Minke et al. 2016)). In our study, open
water had lowest Reco, and the total open water %-cover
strongly influenced the overall site-level emissions. In
contrast, the highest Reco were measured from dry and wet
vegetation depending on the site, likely reflecting the var-
iation in dominating vegetation and soil conditions between
sites. Joutsensuo had the highest Reco in both study years,
which was due to smaller open water area and larger pro-
portion of dry vegetation compared to the other sites.

All sites were CH4 sources throughout the growing
seasons with emissions varying between sites and mea-
surement moments. The area normalised CH4 fluxes
(0.01–0.41 g CH4-C m–2 d–1) were generally within the
range of previous observations from rewetted peat extrac-
tion sites (0.02–0.37 g CH4-C m–2 d–1; Minke et al. 2016;
Jordan et al. 2020; Aitova et al. 2023; Mander et al. 2023).
However, fluxes in our study were notably higher than
fluxes reported by e.g. Tuittila et al. (2000) for a recently
rewetted Finnish cutover fen (o0.01 g CH4-C m–2 d–1)
likely because methanogenic communities at their site had
not yet fully developed after rewetting. Similar to Reco, CH4

fluxes were lowest in open water whereas the highest
emissions, depending on the site, were measured from reed,
dry vegetation, and wet vegetation likely due to plant-
mediated CH₄ transport and better substrate availability
(Minke et al. 2016; Ge et al. 2024). Among the sites,
Joutsensuo had the highest area-normalised fluxes due to its
lower open water %-cover and higher emissions from dry
vegetation which occupied large areas within the site.
However, our measurements only accounted for diffusive
CH4 fluxes while ebullition from water surfaces were not
included which may cause some underestimation of the
total emissions.

N2O fluxes were close to zero, with sites alternating
between weak sources and sinks, similar to previously
reported fluxes from rewetted peat extraction sites (Minke
et al. 2016; Jordan et al. 2020; Aitova et al. 2023; Mander
et al. 2023). No consistent patterns were observed between
the surface types (Table S6). N2O emissions are known to
exhibit high spatial and temporal variability, often

characterized by short-lived emission peaks that are difficult
to predict (Minke et al. 2016; Jordan et al. 2020) and that
require continuous monitoring. This introduces consider-
able uncertainty when upscaling fluxes is based on a limited
number of manual chamber measurements that are con-
ducted around once a month. Therefore, in a way, our
upscaled results are snapshots from certain moments across
two growing seasons. Furthermore, the measured N2O
fluxes were mostly smaller than reported accuracy of the
equipment (around ±121 μg N2O-N m–2 d–1; Table S6),
hence it is possible that measured fluxes were essentially
noise. Nevertheless, the overall contribution of N2O emis-
sions to the whole GHG exchange was minor.

Our GHG emission estimates have some uncertainties
due to low number of plots per site. Even though we chose
the measurement locations carefully, it is impossible to
assess whether our plots represent the average conditions
for each surface type well. Therefore, the calculated GHG
sums and fluxes are indicative at best. The highest uncer-
tainties in our data are probably in the dry vegetation
measurements in Joutsensuo, as its measured CH4 fluxes
were substantially higher than in other surface types and
sites. One plausible reason for this behaviour might be that
the location of our dry vegetation measurements can have
been used as a landfill for soil and other material during the
rewetting of the site. Therefore, the soil properties can be
largely different compared to the other areas of the site,
which affects the CH4 fluxes (Ge et al. 2024). Additionally,
we did not have measurements within tall shrub areas which
increases the uncertainty of GHG sums across the sites as
we used the CH4 coefficients from Buzacott et al. (2025)
and dry vegetation coefficients for CO2 and N2O as refer-
ence. In Joutsensuo and Epäilyksensuo, the %-cover of tall
shrubs is relatively small but in Marttilansuo it has larger
%-cover (Fig. 6), which means that if dry vegetation CH4

coefficients were used as reference, the total CH4-C sum
would be almost double than the ones presented here
(Fig. 7). However, as forested peat extraction areas usually
emit minor CH4 emissions (Mäkiranta et al. 2007; Bravo
et al. 2018; Buzacott et al. 2025), we think that literature-
based coefficient represent the CH4 emissions better than
our own field measurements from open vegetation areas.

More ecologically realistic surface types could have
been produced using a floristic analysis based on vegeta-
tion inventories and clustering (e.g. Räsänen et al. 2020;
Wolff et al. 2025) after which GHG plots could have been
placed in a way that they better represent the ecological
gradient within the sites. However, our statistical tests
indicated that our classes mostly differed from each other
based on GHG data (Figs. S2–S4), and the vegetation
structure also differed (Fig. S1). In that sense, we were
able to capture spatiotemporal variation among GHGs
within the sites.
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When comparing the time from rewetting, there is no
clear pattern between the sites. In the case of surface types
reed and water, it seems that the measured Reco and CH4

fluxes followed the time pattern, i.e. highest fluxes are
measured from the most recently rewetted site and the
lowest fluxes from the oldest rewetted site (Table S5) which
could be resulted from turnover of labile carbon sources
(e.g. Fenner et al. 2011; Evans et al. 2016; Darusman et al.
2023). However, as the site and chamber points are limited,
this cannot be concluded from this study alone. Addition-
ally, these two surface types were the only ones that were
very similar to each other across all sites, while the plant
functional type cover structure varied more among the other
types between the sites (Fig. S1). Long-term monitoring or
a chronosequence with a large number of sites would be
needed to properly assess how the GHG fluxes develop over
time in rewetted peat extraction sites. As a final remark, we
measured only Reco; therefore, no conclusions can be drawn
about changes in the net ecosystem carbon balance of the
sites with time since rewetting.

Conclusion

We tested a drone-to-satellite surface type cover upscaling
approach to quantify chamber-measured Reco, CH4

exchange, and N2O exchange from rewetted peat extraction
sites. Machine learning-based classifiers and models pro-
duced credible area estimates for different surface types,
which were used for upscaling the field-measured GHG
fluxes. Particularly, the drone-based classification was
successfully used as a mediator between field measurements
covering small areas and notably larger Sentinel-2 satellite
image pixels. The GHG fluxes showed high spatiotemporal
variation across two growing seasons with emission peaks
in July. Additionally, high water and reed %-cover reduced
overall emissions due to higher emissions in drier surface
types but due to lack of gross primary production estima-
tions, no conclusion can be drawn about net ecosystem
carbon balances. The proposed approach can be used in
other upscaling purposes where there is a need to link point-
based measurements to satellite image pixels.
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