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Abstract

Peatlands play a central role in the global carbon cycle, particularly in northern latitudes. Hence,
monitoring large-scale gross primary production (GPP) in northern peatlands is essential for
understanding the impact of climate change on terrestrial carbon sequestration. Few studies have
quantified GPP simultaneously across contrasting peatland types and management regimes using
remote sensing data. To address this gap, we developed a Landsat-based approach that tracks
ecosystem responses across peatland case study areas in Germany, Estonia and Finland that
representing natural, drained and restored peatland management regimes. We used a random forest
machine-learning model, trained and validated with eddy covariance (EC) flux tower observations, to
predict spatial and temporal variability in GPP from Landsat spectral and thermal data. The results
demonstrate that Landsat can effectively capture variation in gross GPP across peatland types, including
natural, drained, and restored sites. GPP predictions showed good agreement with EC flux tower
observations (overall R?2= 0.57, RMSE = 3.0 g C m2 d-"), indicating that Landsat-based models capture
much of the spatial-temporal variability in productivity across our sites, though site-specific errors vary
(R?range 0.38-0.69). These findings support the use of satellite-driven approaches for consistent, large-
scale monitoring of peatland productivity across different management conditions.

1. Introduction

Peatlands are essential components of terrestrial carbon (C) storage, functioning as long-term C sinks
through the accumulation of organic matter under persistently waterlogged conditions (Limpens et al
2008; Knox et al 2017, Loisel and Gallego-Sala 2022). Peatlands cover roughly 3% of the global land
surface yet store nearly one-third of the world’s soil C stock. This emphasizes their disproportionate role
in regulating the climate (Parish et al 2008; Beaulne et al 2021; Ribeiro et al 2021). Peatland vegetation
assimilates atmospheric carbon dioxide (CO,) primarily through gross primary production (GPP), making
GPP a key indicator of ecosystem C sequestration (Spielmann et al 2019; Tay et al 2025). Most previous
research has focused on individual sites, with findings limited to broader regional scales (Kross et al
2013). Understanding the spatiotemporal patterns of peatland GPP is important for reducing
uncertainties in global C budgets and evaluating peatland ecosystem responses to climate variability
and land—-atmosphere interactions, particularly across boreal, hemiboreal and temperate regions (Kross
et al 2013; Junttila et al 2021; Junttila et al 2023; Tong et al 2025).

Peatland GPP and CO, fluxes have been extensively investigated using site-level eddy covariance (EC)
measurements, which provide continuous, high-frequency observations of net C exchange, from which
GPP and ecosystem respiration can be derived through flux partitioning (Kross et al 2013; Krasnova et al
2025; Yildiz et al 2025). EC flux towers provide information on how peatland vegetation responds to key
environmental drivers, including solar radiation, air and soil temperatures, water table depth and soil
moisture, capturing diurnal, seasonal, and interannual patterns of C uptake (Lees et al. 2021; Yao et
al.2022). Most EC flux-based studies have focused on agricultural, forest, and grassland ecosystems,
whereas observations of peatlands remain limited (Kross et al 2013; Hurkuck et al 2016). Moreover, EC
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flux measurements are sensitive to low-turbulence conditions and to uncertainties in flux partitioning.
Their ability to represent C exchange across heterogeneous landscapes is also limited by the relatively
small spatial footprint of flux towers (Cai et al 2021; Hussain et al 2024b; Yildiz et al 2025). The spatial
variability of peatlands, arising from micro-topography, differences in vegetation composition and
hydrological gradients, exerts a significant influence on GPP at the landscape scale (Malhotra et al 2016;
Xie et al 2023). Integrating EC measurements with spatially extensive and temporally consistent satellite
remote sensing observations enables a comprehensive assessment of peatland C uptake across
heterogeneous landscapes (Tramontana et al 2016; Walther et al 2018; Isoaho et al 2024). This
approach supports large-scale monitoring of CO, dynamics and upscaling site-level GPP (Hussain et al
2024a; Ghazaryan et al 2024; Walcker et al 2025).

Remote sensing-based methods can estimate C uptake through GPP at diverse spatial and temporal
scales, from individual ecosystems to regional and global extents (Gelyb6 et al 2013; Sun et al 20193;
Zhu et al 2024, Christiani et al 2024). Among these approaches, the light use efficiency (LUE) model,
initially developed by Monteith (1972) and widely applied for satellite-based GPP estimation, relates GPP
to the amount of photosynthetically active radiation (PAR) absorbed by vegetation and the efficiency with
which it is converted into biomass (Monteith 1972; Xiao et al 2005; Zhang et al 2017; Hussain et al
2024b). Since 1999, the Moderate Resolution Imaging Spectroradiometer (MODIS) has provided global
GPP estimates at a spatial resolution of 1 km (MOD17A2), capturing broad spatial and temporal patterns
across diverse ecosystems (Running and Zhao 2015). However, satellite-based GPP models for
peatlands have received less attention than those developed for major terrestrial ecosystems such as
forests, croplands, and grasslands on mineral soils, even though peatlands can be significant C sinks
(Lees et al 2021; Balogun et al 2023; Huang et al 2024). Moreover, MODIS often underestimates GPP in
natural peatlands and flooded areas due to its coarse spatial resolution (1 km), pixel heterogeneity,
limitations in climate input data and assumptions about LUE parameters (Kanniah et al 2009; Gelyb6 et
al 2013; Knox et al 2017). These limitations reduce the accuracy of estimating fine-scale GPP-based C
uptake variability in complex peatland ecosystems. In contrast, Landsat-based GPP estimation, with its
finer spatial resolution (30 m) and enhanced spectral sensitivity, can provide spatially detailed estimates
of peatland GPP than coarse-resolution products such as MODIS (Knox et al 2017; Hussain et al 2024a).

Landsat imagery, incorporating spectral bands and land surface temperature (LST), provides a valuable
approach for estimating GPP across spatially heterogeneous peatland landscapes (Fu et al 2014; Sun et
al 2019b; Sun et al 2024). Landsat sensors include the thematic mapper (TM), enhanced thematic
mapper plus (ETM+), operational land imager (OLI), and operational land imager/thermal infrared sensor
(OLI/TIRS). They offer fine spatial resolution and enhanced spectral sensitivity, enabling detailed
mapping of spatial patterns in C assimilation across diverse peatland ecosystems. The broad spatial
coverage and long-term continuity of Landsat data facilitate the upscaling of site-level GPP
measurements to broader landscape extents. In addition, machine learning algorithms, particularly
random forest (RF) regression, provide a reliable approach for integrating diverse remote sensing inputs
to predict GPP across heterogeneous ecosystem landscapes (Sarkar et al 2022; Lassalle and de Souza
Filho 2022; Qian et al 2024, Rhif et al 2025). Most existing studies using machine learning have focused
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on forest ecosystems (Chen et al 2019b; Chen et al 2019a), agricultural landscapes (Wolanin et al 2019),
mangrove ecosystems (Tang et al 2023) and grassland ecosystems (Wang et al 2023). The application
of machine learning methods to peatlands remains limited, particularly in spatially heterogeneous boreal
and hemiboreal ecosystems at northern latitudes and under contrasting management conditions
(Beaver et al 2024).

Peatlands represent one of the most significant terrestrial C reservoirs, storing an estimated 600 Gt of
carbon globally (Yu et al 2010; Roberts et al 2025). Their long-term role as C sinks has been increasingly
compromised by climate warming and anthropogenic disturbances, particularly across Europe, where
centuries of widespread drainage have profoundly transformed peatland hydrology and biogeochemical
processes (Giese et al 2025). In boreal and hemi-boreal regions, C cycling is further influenced by forest
management practices, as nearly two-thirds of boreal forests are managed, with management intensity
being particularly high in Nordic countries (Gauthier et al 2015; Kuuluvainen and Gauthier 2018; de
Quesada et al 2025). Consequently, many peatlands have shifted from being C sinks to becoming C-
neutral or even C sources. Finland exemplifies this scenario, with peatlands covering approximately 8.8
Mha, nearly one-third of the national land area, including roughly 1 Mha of shallow-peat areas with 4.7
Mha drained for forestry, significantly contributing to soil CO, emissions (Forsell et al 2022; Alm et al
2023). Similar trends are observed in Germany, where emissions from peatlands and other organic soils
amount to around 53 Mt CO,e yr-', representing over 7 % of national greenhouse gas emissions (UBA
2022; Wichmann and Nordt 2024). In Estonia, peatlands cover roughly 22 % of the land area
(Tanneberger et al 2017), yet only about 5.5 % remain in a natural or near-natural statedue to extensive
drainage and peat extraction over the twentieth century (Paal and Leibak 2011; Karofeld et al 2017).
These transformations demonstrate the ncessity for accurate assessment of peatland carbon dynamics
to etermine whether managed peatlands function as C sinks, remain C neutral, or act as C sources, and
to inform effective mitigation and restoration strategies.

Despite changes in peatland C storage and growing pressures from forest management and
environmental change in Finland, Germany, and Estonia, the spatial and temporal dynamics of GPP
remain inadequately quantified at landscape and regional scales, particularly in peatlands. This is mainly
attributable to the lack of high-resolution observational data required to adequately capture the effects
of management practices, particularly clear-cutting and partial-cutting, on peatland C dynamics
(Korkiakoski et al 2023). The aim of this study is to quantify the spatiotemporal dynamics of peatland
GPP using Landsat satellite data under different management regimes, specifically clear-cutting and
partial-cutting. The specific objectives are to (i) evaluate Landsat-based GPP estimates across sites, (ii)
analyze the spatial and temporal variability of GPP under different management regimes, and (iii)
evaluate the consistency of Landsat-derived predictors. By integrating Landsat remote sensing, EC flux
data with RF regression modeling, this study provides a scalable framework for high-resolution GPP
estimation. It addresses critical observational gaps in managed peatlands and enhances the capacity to
assess C flux responses to forest management and environmental change at landscape-to-regional
scales.
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2. Materials and methods

2.1 Study sites

This study included four peatland case study sites in three countries: Lettosuo in Finland, Agali-ll in
Estonia, Anklam and Zarnekow in Germany (Fig. 1). The Lettosuo site is located in southern Finland with
geographical coordinates at N60°38.653' E23°57.498', 125 m a.s.l. This site serves as a key research site
for investigating greenhouse gas (GHG) fluxes and ecological dynamics within forestry-drained peatland
ecosystems. This area is characterized by a managed peatland forest predominantly composed of Scots
pine (Pinus sylvestris L.) with patches of deciduous vegetation and understory vegetation, including
species typical of peatland habitats. The site represents a classic drained peatland ecosystem, which
has been subjected to extensive hydrological and ecological modifications over the decades as part of
Finland’s forestry management practices. Two management regimes were examined at this site: clear-
cut and partial-cut.

The Agali-ll site is situated in the Jarvselja Training and Experimental Forestry District, Estonia, with
geographical coordinates at N58°29.088', E27°31.823', 32 m a.s.l. Covering 3.5 ha, it represents a
forestry-drained peatland ecosystem dominated by a 40—50-year-old downy birch (Betula pubescens
Ehrh.) stand growing on nitrogen-rich peat soil. The site is characteristic of managed drained peatland
forests in the boreal region, where drainage has substantially altered hydrological conditions and
vegetation structure (Ranniku et al 2024).

The Anklam site (DE-Akm), with geographical coordinates at N53°51.970', E13°41.005, 1 m a.s.l,, is
located in northeastern Germany. This site represents a managed peatland ecosystem that has
undergone significant drainage and agricultural conversion over time. One of the main research focuses
on this site is to evaluate the impact of rewetting measures on peatland carbon dynamics. Rewetting, a
restoration technique aimed at raising the water table to reduce peat oxidation, is expected to mitigate
CO, emissions by slowing peat decomposition.

The Zarnekow site (DE-Zrk), with geographical coordinates at N53°52.557', E12°53.341',0 m a.s.l, is
situated in northeastern Germany. This site is a rewetted fen peatland, formerly drained and used for
agricultural purposes, but has since been restored as part of efforts aimed at reducing GHG emissions.
Located within the Polder Zarnekow region, the site is characterized by rich organic soils with vegetation
dominated by wetland plant species, including sedges (Carex spp.) and reed grasses (Phragmites
australis Trin. ex Steud.), which are typical of fen ecosystems.

2.2 In situ GPP data

We computed daily total GPP (hereafter GPPg;x) from gap-filled EC flux-derived GPP data. Positive
values indicate C uptake by the ecosystem. Daily GPPg,;x data were aggregated to annual cumulative.
To analyse long-term productivity patterns, daily GPPgx values were aggregated to annual cumulative
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GPP for each site (Lettosuo 2016—2024, Agali-lIl 2021-2023, DE-Akm site 2009-2014, and DE-Zrk site
2013-2014). This data set provides a consistent basis for evaluating spatial and temporal variability in
carbon assimilation across different peatland sites. We used site-level daily GPP products derived from
EC measurements after gap filling and flux partitioning. Although post-processing workflows may have
differed slightly among sites, all datasets were based on standard EC processing procedures and were
harmonized to daily time steps for analysis.

2.3 Satellite data

We used the spectral and thermal bands from Landsat-5, -7, -8 and - 9 Level-2 (surface reflectance
product) for predicting the GPP values and the LST product as the thermal predictor. The spatial
resolution of Landsat imagery is 30 m for the spectral bands (Blue, Green, Red, near infrared (NIR),
shortwave infrared (SWIR1, SWIR2)) and 60-120 meters depending on the sensor for LST. We created
15-meter radius buffers around all measurement locations to extract the average spectral values with
Google Earth Engine (GEE). Although EC flux footprints typically extend over 100—500 m, the smaller
buffer was used to capture homogeneous vegetation conditions near the tower while minimizing
spectral mixing from adjacent land-cover types. To ensure data quality, images with more than 30%
cloud cover were excluded. Additionally, we applied the Fmask and the quality assurance (QA) bands
integrated in the Landsat products to mask clouds, cloud shadows, and snow-covered pixels.

2.4 GPP model building and validation

We fitted a random forest regression model (Breiman, 2001) for predicting the GPP values for all sites
separately and as combined (Fig. 2). Spectral and thermal bands (Blue, Green, Red, NIR, SWIR1, SWIR2,
LST) were used as the predictor variables, and GPP calculated from the field measurements were the
response variables. We extracted Landsat time-series data for the overlapping pixel at each site using
Google Earth Engine (GEE). Then, we kept only the days that coincided with the EC flux tower data. The
model was built within the Caret package in R-Studio. We used the parameters of 300 trees and one third
(1/3) of tries at every split for the dataset. We used a partition of 70% train and 30% test. We trained the
Random Forest with the train partition and evaluated the performance of the model with the test
partition. We also trained a Random Forest model for each site and cross-validated with the data from
the rest of the sites. The accuracy metrics used were the mean error (ME), root-mean-square error
(RMSE), and coefficient of determination (R?). In addition, we used the Gini metric to estimate the
importance of each spectral and thermal band to GPP prediction. The variable importance values were
scaled 0-100, summing up to 100, with all spectral variables’ importance for GPP modeling. Finally, we
applied the Random Forest model to predict GPP to Landsat images using GEE.

3 Results
3.1 Model performance
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Landsat-based predictions showed good overall agreement with EC-derived GPP observations (overall R?
=~ 0.57, RMSE = 3.0 g C m-2d-"; Fig. 3; Table 1), indicating Landsat-based models capture much of the
spatial-temporal variability in productivity across our sites, though site-dependent errors vary (R? range
0.38-0.69). Model performance was strongest at Fl-Let clearcut (R2=0.72, RMSE =2.37 g Cm?2d™" and
Fl-Let partialcutting (R2=0.63, RMSE = 2.77 g C m2 d™), whereas lower agreement was observed at Agali
(R2=0.29, RMSE = 4.53 g C m? d™). Intermediate performance was obtained for DE-Akm (R2=0.64, RMSE
=3.48 g Cm?2d") and DE-Zrk (R?=0.57,, RMSE = 1.67 g C m2 d™"). Predicted GPP generally reproduced
the observed seasonal and inter-site variability in tower-derived GPP, although larger deviations between
observed and predicted values were evident during periods of high productivity. Mean error (ME) values
ranged from - 1.51 to 1.88 g C m? d”, indicating relatively limited systematic bias across sites.

Cross-site validation results (Table 1) demonstrated robust model generalization, with mean error, RMSE,
and R? values supporting consistent performance across sites. The leave-one-site-out validation
confirmed that the model is transferable between ecosystems, maintaining stable accuracy even when
tested on independent locations. Mean error values (Table 1) indicated site-dependent bias, with
underestimation at Agali-ll and DE-Zrk and overestimation at DE-Akm and the FI-Let_clearcut site.

Table 1

Cross-site validation accuracy metrics obtained by
training a Random Forest regression model with all sites
except one site that is left for testing. The metrics
represent the mean error (ME), root-mean-squared error

(RMSE), and coefficient of determination (R?). Units for
ME and RMSE aregC m2d™".

Site ME RMSE R? n
‘Agali-II' -1.01 2.56 0.69 25
'Fl-Let_clearcut’ 0.34 2.76 0.61 68

'FI-Let_partialcutting' -0.40 2.80 0.53 66

'DE-Akm’ 0.91 3.66 0.49 18
'DE-ZrkK’ -0.64 2.11 038 8
All 0.37 3.00 0.57 180

Seasonal dynamics of GPP were also well represented by the model (Fig. 4). The seasonality plots
illustrate that predicted GPP follows the observed flux tower data closely throughout the growing
season, capturing both the onset and decline of photosynthetic activity. Seasonal amplitude differed
among sites, with stronger peaks at the Finnish managed sites and lower or more constrained
productivity dynamics at the German peatland sites.

An example map of predicted GPP for the Lettosuo site in Finland (Fig. 5) visually demonstrates the
spatial distribution of modeled productivity within the site, with higher modeled productivity associated
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with vegetated areas and lower values in less productive or more open zones. This demonstrates the
capacity of the model to produce spatially explicit GPP estimates at Landsat resolution.. The left panel
shows a Landsat-8 false color composite (SWIR1—NIR—Red), while the right panel displays the
corresponding GPP prediction. The predicted map clearly distinguishes productive vegetated areas from
less active zones, confirming the model’s potential for regional-scale productivity mapping and
monitoring. We also demonstrated the predicted GPP in partial cut and clear-cut management regimes
in Finland (Fig. 6).

Predicted GPP differed between the two Finnish management regimes (Fig. 6). The clear-cut area
showed stronger seasonal peaks and a more uniform spatial pattern, whereas the partial-cut area
displayed lower seasonal amplitude and greater within-site heterogeneity.

3.2 Variable importance

Variables related to NIR reflectance, SWIR bands, and LST exhibited the highest Gini importance values,
highlighting their dominant role in explaining GPP variability across sites (Fig. 7).

Predictor importance varied among sites (Fig. 7). NIR and LST consistently ranked among the most
important predictors across all sites, whereas the relative contribution of visible and SWIR bands
differed by peatland type and management regime. At the Finnish sites, Red and SWIR1 gained
importance under clear-cut and partial-cut conditions, while the German sites showed a stronger
contribution from Red and SWIR2.

4. Discussion

4.1 Model performance

Our results show that Landsat-based RF models can capture a substantial share of peatland GPP
variability across contrasting sites, although predictive performance differed among peatland types and
management conditions. Estimating peatland GPP from Landsat imagery depends on the ability of
multispectral and thermal signals to reflect ecosystem-scale photosynthetic activity (Gitelson et al 2012;
Chen et al 2019b; Cao et al 2025). In this study, we employed the RF to relate Landsat spectral bands
(Blue, Green, Red, NIR, SWIR1, SWIR2), and LST to EC flux—derived GPP across different peatland sites.
RF is well-suited for peatlands because it models nonlinear relationships and interactions caused by
heterogeneous vegetation, variable water content, and management disturbances (Beaver et al 2024; Li
et al 2024). This approach leverages NIR reflectance to capture canopy structure, leaf area, and internal
scattering, all of which are closely associated with photosynthetic activity (Wu et al 2025; Dashti et al
2025). LST responds to thermal adaptation and surface energy balance, which influence photosynthetic
and physiological processes to affect C uptake (Nievola et al 2017; Hussain et al 2026). At the Agali-II
site, NIR and LST each contribute about 18% to total Gini importance, showing the collective role of
canopy structure and microclimate in regulating GPP in the heterogeneous peatland ecosystem.
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Spectral properties of Landsat bands contributions emphasize the unique site conditions and the impact
of management practices. At Lettosuo, both clear-cut and partial-cut schemes increased the influence of
the Red and SWIR1 bands, due to soil exposure and regenerating vegetation changing reflectance and
water-absorption signals. In both sites in Germany, the Red and SWIR2 bands were more pronounced,
indicating that vegetation composition, peat moisture, and canopy density modulate the spectral
sensitivity of Landsat data to photosynthetic activity (Hislop et al 2018; Wang et al 2022). The practical
implication is that while NIR and LST provide broad, transferable predictors, visible and SWIR bands
capture local ecological variability, canopy structure changes, and management-induced spectral
differences (Harris and Bryant 2009; Hislop et al 2018; Zhang et al 2025). These wavelength response
characteristics indicate the need to use multiple spectral bands to capture compositional variability in
peatland C uptake measurements accurately.

RF model captured substantial spatiotemporal variation in peatland GPP across the study sites. Among
the site-specific cross-validation results, the highest predictive accuracy was observed at Agali-ll,
whereas performance was lower at DE-Zrk and DE-Akm. Across all sites, the combined RF model
retained strong predictive skill, demonstrating the ability of Landsat-based approaches to generalize
across countries while remaining sensitive to local ecological and management conditions (Pax-Lenney
et al 20071; Zelioli et al 2025). The results are consistent with established controls of peatland GPP, such
as canopy structure, thermal regulation, and water availability, and further support the effectiveness of
multi-band RF models for accurate, cross-site estimation of productivity (Schaefer et al 2012; Wu et al
2016).

4.2 GPP variability under clear-cut and partial cut
management regimes

RF results represented spatial and temporal patterns in peatland GPP closely linked to management
regimes, although variability and uncertainty remained across sites (Cai et al 2021; Lees et al 2021).
Lettosuo's clear-cut peatlands management regimes demonstrated relatively homogeneous spatial
patterns due to simplified canopy structure and reduced vertical complexity (Kettridge et al 2013;
Korkiakoski et al 2023). Tree removal likely reduced canopy shading and may have enhanced light
penetration to the regenerating understory, thereby simplifying within-pixel spectral composition and
improving the relationship between Landsat-derived reflectance and photosynthetic activity (Hussain et
al 2024a; Liu et al 2025). However, spatial interpretation, related to rapid colonization by early
successional grasses, shrubs, and herbaceous species, produced pronounced seasonal peaks in GPP,
reflecting high sensitivity to radiation and temperature (Huenneke et al 2002; Blanco et al 2016; Preston
and Fjellheim 2020; Hussain et al 2024a). Open canopy increased the influence of the visible and SWIR
bands, as changes in soil exposure and moisture varied the reflectance patterns, accentuating the
rational value of these bands in detecting management-induced changes (Blanco et al 2016; Hussain et
al 2024a).
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Lettosuo partial-cut management regimes retained varying levels of overstory and a heterogeneous
understory, with aggregate spatial variability in leaf area, light distribution, and microclimate (Battaglia et
al 2002; Bose et al 2014; Leppa et al 2020). This structural heterogeneity introduced spectral complexity
within Landsat pixels, slightly reducing predictive performance. The retained canopy regulated light
accessibility and surface temperatures, assisting in stabilizing soil moisture and buffering against short-
term environmental extremes associated with the thinning shock from the management intervention
(Mayer et al 2020; Hussain et al 2024a). Consequently, the seasonal variability of GPP was reduced
relative to clear-cut sites, with moderate productivity throughout the growing season. These patterns
theoretically reflect the interaction of canopy structure with light, temperature, and water availability,
which jointly regulate photosynthesis and C uptake (GOULDEN et al 2011; Mayer et al 2020).

Understanding the drivers of spatial and temporal variability in C uptake is critical for practical peatland
management. The observed patterns illustrate that forest management changes the magnitude,
distribution, and responsiveness of peatland GPP by changing canopy architecture, understory
composition, and soil exposure (ref). From a practical perspective, incorporating knowledge of structural
complexity and successional dynamics improves the interpretation of Landsat-derived GPP, enhances
model accuracy, and supports robust C accounting in managed peatlands. These results also emphasize
the need to consider management-driven heterogeneity when scaling satellite-based productivity
estimates across diverse peatland ecosystems.

4.3 Landsat-derived variables performance

Across all study sites, Landsat-derived variables consistently captured the influential controls of
peatland GPP, despite differences in vegetation structure, climate and management regimes (Wietecha
et al 2025). NIR reflectance and LST consistently appeared as the most influential predictors of peatland
GPP, emphasizing their significant role in capturing key ecosystem processes (Harris et al 2015; De
Clerck et al 2026). At Agali-ll, NIR and LST each accounted for approximately 18% of total predictor
importance, underscoring the importance of canopy structure and thermal conditions for GPP
estimation at this drained peatland site. NIR reflectance is highly sensitive to canopy structure, leaf area
index (LAI), and internal leaf scattering, all of which are closely correlated to the photosynthetic capacity
of vegetation (Harris and Dash 2011; Hussain et al 2024b). High NIR values typically indicate dense,
healthy vegetation with greater potential for C assimilation, whereas lower values may reflect sparse or
stressed canopies (Burdun et al 2023). LST provides the thermal environment experienced by the
ecosystem, encompassing surface energy balance and temperature-dependent constraints on
photosynthetic activity (Chang et al 2021; Bai et al 2025). Since terrestrial photosynthesis and
ecosystem respiration (RE) are strongly temperature-dependent, LST can indicate changes in carbon
uptake and use efficiency, particularly under elevated surface temperature conditions (Ensminger et al
2004; Wang et al 2015; Nievola et al 2017; Jiang et al 2025). This relationship not only strengthens the
theoretical foundation for linking spectral and thermal signals to ecosystem productivity but also offers
practical direction for developing remote sensing—based monitoring frameworks capable of reliably
estimating C fluxes across diverse and heterogeneous peatland landscapes.
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The contributions of visible (Blue, Green, Red) and SWIR bands varied among sites, reflecting differences
in soil exposure, peat moisture, and vegetation composition. This site-specific ecological and
management-induced variation is particularly relevant in substantially complex or partially managed
peatlands. Multisensor data could provide finer-resolution physiological or structural understanding, and
their limited coverage makes multispectral Landsat data a practical choice for large-area GPP
monitoring (Crichton et al 2015). Overall, the results confirm that core predictors like NIR and LST are
broadly transferable, while secondary bands enhance sensitivity to local heterogeneity and management
effects.

4.4 Limitations and future research directions

Despite the strength of Landsat-based RF models, several limitations remain. The 30 m spatial resolution
limits the detection of fine-scale heterogeneity in microtopography, vegetation composition, and
moisture conditions, particularly in structurally complex peatlands. RF models did not explicitly
incorporate physiological, hydrological, or biophysical processes that regulate peatland productivity.
Temporal gaps due to cloud cover and the Landsat revisit cycle introduce uncertainty in daily GPP
estimates, particularly during periods of rapid phenological change.

Model evaluation was also constrained by the uneven number of matched Landsat-flux observations
among sites, with particularly limited samples at DE-Zrk and DE-Akm, which may have reduced the
stability of site-specific performance estimates.

Future research should integrate higher-resolution satellite data, such as drone-based observations, to
capture fine-scale heterogeneity. Incorporating site-level LUE parameters, continuous soil moisture,
water table depth, temperature measurements, and solar-induced chlorophyll fluorescence (SIF) can
enhance physiological realism and sensitivity to short-term dynamics. Multisensor fusion combining
Landsat, drones, and site-based SIF would reduce uncertainties related to cloud cover, revisit intervals,
and spectral limitations, thereby improving temporal and spatial estimates of GPP. Expanding EC flux
tower networks across diverse peatland types and management regimes would improve model
calibration and transferability. Hybrid approaches that combine machine learning with process-based
models of C, water, and energy fluxes would increase interpretability and provide mechanistic
understandings into productivity dynamics. Collectively, these strategies would enhance the ecological
relevance, accuracy, and operational utility of satellite-derived GPP, supporting improved monitoring and
management of peatland C dynamics under clear-cut, partial-cut, and other forest management
practices.

5. Conclusion

This study demonstrates the potential of Landsat remote sensing combined with RF modeling to
quantify the spatiotemporal dynamics of daily GPP across contrasting peatland and management
regimes. By integrating multispectral and thermal Landsat observations with EC flux data from Finland,
Estonia, and Germany, we developed a transferable modeling approach capable of capturing spatial and
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temporal variability in peatland productivity across drained, restored, clear-cut, and partial-cut
management scenarios. The Landsat-based models showed good agreement with EC tower-derived GPP
across all sites, with consistent performance under different vegetation structures and management
intensities. The results indicate that NIR and LST are robust predictors of peatland GPP, reflecting the
combined influence of canopy structure, vegetation vigor, and thermal controls on photosynthetic
activity. SWIR and visible bands further improved sensitivity to local variability related to peatland
management-induced changes in canopy cover. Differences between clear-cut and partial cut
management regimes highlight the strong influence of tree structure on peatland carbon uptake. Clear-
cut areas exhibited more homogeneous spatial patterns and stronger seasonal responses, whereas
partial cut sites showed reduced variability linked to retained canopy cover and microclimatic conditions.
These findings emphasize that management practices substantially alter both the magnitude and spatial
distribution of peatland GPP, with important implications for C accounting and climate mitigation
strategies. Overall, this study fills an important observational gap by providing high-resolution estimates
of peatland GPP across multiple case study areas using a consistent remote sensing approach.
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Figure 1

Geographic location of the four peatland case study sites representing contrasting peatland conditions
and management regimes in Finland, Estonia, and Germany.
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Methodological flowchart illustrating the workflow sequence from data acquisition, through processing,
analysis, and output generation.
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Comparison between GPP observed in the flux towers and GPP predicted with Landsat. Titles of the
plots indicate the mean error (ME), root-mean-square error (RMSE), and coefficient of determination (R?).

Units for ME and RMSE are g C m2d™.
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GPP seasonality in each site. Black dots represent all GPP measurements in the sites, while blue dots
represent the predicted GPP only for the measurements used for testing the model performance.
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Figure 5

Example of Landsat-based predicted GPP at the Lettosuo site in southern Finland. The left image shows

a false color composite (SWIR1-NIR-Red) from Landsat-8 and the right image shows the corresponding
predicted GPP.
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Figure 6

Predicted GPP in partial cut and clear-cut management regimes in Finland.
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Figure 7

Results of the variable selection based on the Gini importance. The variable importance was obtained by
training separate Random Forest models in each site.
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