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ABSTRACT
Peatlands play a pivotal role in global carbon cycling and the 
conservation of biodiversity even though they cover a small fraction 
of the Earth’s terrestrial surface. These ecosystems are, however, 
increasingly vulnerable due to climate change impacts and anthro-
pogenic activities, leading to significant degradation in many areas. 
This review compiles and analyses various studies that employ 
remote sensing for comprehensive peatland mapping and monitor-
ing. Remote sensing offers detailed insights into critical peatland 
features, including the classification of peatland vegetation, assess-
ment of water table dynamics, mapping of vegetation condition 
and diversity and the estimation of carbon stocks. Furthermore, the 
review delineates the utility of remote sensing in monitoring the 
recovery processes of restored peatlands, highlighting the scarcity 
of long-term studies. It also emphasizes the potential of integrating 
hyperspectral, multispectral and SAR data as well as cross-scale 
analyses. Concluding with future directions, the review underscores 
the necessity for enhanced upscaling techniques, integration of 
multi-sensor data and the application of modelling to enrich our 
understanding and management of peatland ecosystems.
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1. Introduction

Peatlands are unique wetland ecosystems that constantly store vast amounts of carbon in 
the form of plant residues that, due to the absence of oxygen in the water-saturated soil, 
decompose at very low rates. Although peatlands cover only 3–4% of the Earth’s land 
surface, these ecosystems are responsible for storing around 21–30% of the world’s soil 
carbon (Hilbert, Roulet and Moore 2000; Jackson et al. 2017; Leifeld and Menichetti 2018; 
Minasny et al. 2023; Monteverde et al. 2022; UNEP 2022).

While the term ‘peatland’ is used globally, there is no universally accepted defini-
tion (Lourenco, Fitchett and Woodborne 2023). Generally, a peatland is considered an 
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area where peat, an organic-rich soil composed of at least 30% organic material (by 
dry weight), which has naturally accumulated at the surface (Lourenco, Fitchett and 
Woodborne 2023; Tanneberger et al. 2021). The presence of vegetation is not 
a determining factor in this definition. The term encompasses ‘mires’, which are 
types of peatlands where peat formation is ongoing (Joosten and Clarke 2002; 
Tanneberger et al. 2021). For broader categorization, especially in the context of 
carbon-rich soils, the term ‘organic soil’ is also used. This approach is also adopted 
by the Intergovernmental Panel on Climate Change (IPCC), refers to soils with sub-
stantial organic matter content.

Peatlands are dynamic ecosystems characterized by complex interactions between 
hydrology, plant community structure and carbon cycling processes. The key to their 
functionality lies in their hydrological regime, whose large water bodies have been 
identified as important regulators for regional climate (Leifeld and Menichetti 2018) and 
water systems (Nordbeck and Hogl 2023). High water table levels minimize oxygen 
availability, reducing decomposition rates and thereby promoting carbon accumulation. 
However, these anoxic conditions also favour the production and emission of methane, 
an important greenhouse gas (Bhullar et al. 2013). The biogeochemical processes are 
accompanied by significant acidification and leaching of nutrients, leaving many peat-
lands as nutrient-poor, acidic environments where only specialist species survive. This has 
led to the development of unique floristic and faunistic species communities in peatlands 
of this planet, with many species being endemic and endangered (Minayeva, Bragg and 
Sirin 2017). The distribution of peatland species is closely aligned with the hydrological 
dynamics. Many plant species in these ecosystems are particularly vulnerable to changes 
in moisture, temperature, nutrient availability and redox conditions. Environmental 
changes, such as changes in temperature and water table can therefore significantly 
influence the plant communities (Dieleman et al., 2015; Limpens et al., 2008). While 
faunistic species would respond directly to environmental changes and indirectly to the 
changes in the plant communities, the related variations in primary production rates and 
the decomposition of plant matter would significantly impact the carbon dynamics of the 
ecosystem (Y. Zhou et al. 2023). Climate change would therefore induce multiple inter-
twined responses in peatlands (Mozafari et al. 2023), most of which would lead to 
deterioration of these unique ecosystems.

The carbon storage mechanism in peatlands depends on the anaerobic conditions in 
the waterlogged soil. In the absence of oxygen and at low pH values, many of the 
abundant soil organisms cannot contribute to the decomposition of organic matter, 
which is continuously entering the soil from the active aboveground vegetation. The 
organic matter accumulates and undergoes a very slow degradation process which leads 
to the formation of distinguishable forms of peat, the terminal stages of which qualify 
peat, after being excavated and dried, as effective fuel for heating and cooking. Early 
civilizations have therefore exploited peatlands for this fuel source, leaving a typical 
cultural landscape behind. At later stages, agriculture expanded and required more 
land, for which farmers started to drain the peatlands. The lowered water table now 
allowed oxygen to infiltrate, a starting point for a still ongoing degradation process. The 
consequent massive carbon loss has led to large peatland areas to sink in, while surround-
ing areas with mineral soil remained at the original elevation, exposing the peatland to 
a higher risk of temporal flooding (Ikkala et al. 2021; Kreyling et al. 2021; Tanneberger et al. 
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2021). Currently, an estimated 11.7% of peatlands are considered being degraded (UNEP 
2022).

The impact of carbon release from drained peatlands is considerable, influencing the 
global carbon balance (Loisel et al. 2021; Qiu et al. 2020). Peatland conservation and 
restoration therefore hold significant importance in the international context, as outlined 
by various global policy frameworks and conventions (EU Habitats directive, Natura 2000 
network; EU Biodiversity strategy for 2030). The United Nations Convention to Combat 
Desertification (UNCCD) recognizes peatlands as vital for land use planning and integral 
to the climate change agenda, primarily due to their carbon storage capabilities and the 
potential for reducing greenhouse gas emissions through restoration efforts. This senti-
ment is echoed in the United Nations Framework Convention on Climate Change 
(UNFCCC), which includes peatlands in its Kyoto Protocol, the Paris Climate Agreement 
and national greenhouse gas reporting. The IPCC also provides technical recommenda-
tions for reporting on greenhouse gas emissions from peatlands. The Ramsar Convention 
on Wetlands, the 2030 Agenda for Sustainable Development and the UN Environment 
Assembly resolution on the conservation and sustainable management of peatlands all 
underscore the role of peatlands in achieving climate change mitigation targets and 
biodiversity conservation (FAO 2020). To effectively support the conservation and restora-
tion commitments outlined and sustainable management of peatlands, it is necessary to 
enhance the understanding of the feedback mechanisms involved. For this purpose, 
comprehensive data analysis and modelling are essential. Both approaches benefit from 
the availability of large data sets.

Field data gathering in peatlands can be challenging. Waterlogging and often dense 
vegetation cover, and their often remote and inaccessible locations make fieldwork 
labour-intensive, slow and costly. Consequently, using remote sensing to map and 
monitor peatlands presents a practical alternative (Millard et al. 2020; Minasny et al. 
2019). Remote sensing, with its ability to provide timely, accurate and large-scale data, 
has emerged as an invaluable tool in assessing peatland hydrological, carbon cycle as well 
as vegetation dynamics, condition (e.g. degradation) and restoration (Minasny et al. 2023). 
Although some of the processes, such as root system dynamics, microbial activity, 
sedimentation not been a focus of remote sensing-based studies, remote sensing-based 
data has been widely used for mapping peatland extent, as well as vegetation character-
istics and diversity (Cabezas et al. 2015; Mcmorrow et al. 2004; Steenvoorden and Limpens 
2023). As interactions between hydrological dynamics, vegetation characteristics and 
carbon cycling are critical for maintaining ecosystem services and determining the 
response of peatlands to environmental changes, monitoring these processes are essen-
tial for a better understanding of the system. In this context, remote sensing derived 
proxies can provide insights into hydrological processes, changes in vegetation cover and 
production and can be used as inputs to derive greenhouse gas (GHG) emissions, thereby 
enhancing our ability to monitor and manage these dynamic ecosystems. Optical sensors 
provide information regarding vegetation properties, such as composition as well as 
condition, such as moisture content. Nevertheless, the data from optical sensors can be 
affected by clouds, lowering the number of images available for the analysis. Radar data, 
on the other hand, are independent of weather conditions and, with their sensitivity to 
moisture and roughness of the surface, can provide complementary information to 
optical data.
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The primary aim of this review is to provide an in-depth analysis of remote sensing- 
based methods for peatland monitoring, particularly focusing on following critical 
aspects: vegetation and biodiversity mapping, water table dynamics assessment, SOC 
and carbon flux assessment and monitoring of restoration. Although a few reviews exist 
(Czapiewski and Szumińska 2022; Lees et al. 2018), most of them focus on the topic of 
assessment of GHG fluxes based on remote sensing data. Considering that in recent years 
there have been more studies with an increasing focus on mapping of biodiversity, as well 
as on the assessment of soil organic carbon, water table dynamics and monitoring of 
restoration, our review places its focus on these specific aspects. Firstly, the review will 
explore the latest advancements in remote sensing technologies, including satellite, 
airborne and UAV data, and how they are utilized to map and monitor peatlands. This 
includes assessing the effectiveness of these methods in identifying different plant 
species, monitoring vegetation health and detecting changes in biodiversity. Secondly, 
the review focuses on the capabilities of remote sensing in accurately mapping and 
understanding water table fluctuations, which are essential for comprehending the 
hydrological processes in peatlands. Lastly, the review targets the quantification of SOC 
stocks using remote sensing, evaluating the accuracy and reliability of these methods in 
estimating carbon sequestration and release in peatlands. Throughout the review, the 
challenges and limitations of current remote sensing approaches are critically examined, 
along with suggestions for future advancements to enhance peatland monitoring.

2. Methods

Structured queries on the Web of Science (http://apps.webofknowledge.com/.), using 
combinations of key terms and their synonyms related to Peatland, remote sensing, and 
earth observation (Table 1) were conducted from 1 October 2023 to 10 May 2024. The 
search was restricted to the results of articles and reviews. The analysis of these docu-
ments involved focusing on research where essential phrases appeared, and the papers 
where the utilization of satellite, airborne or Unoccupied Aerial Vehicles (UAV) data for 
mapping and monitoring peatlands were not a central theme were excluded. 
Additionally, we employed a snowball sampling technique to identify relevant papers 
from references in the literature, which, although not discovered through the systematic 
search, were significant to the primary objectives of this review. The initial query resulted 
in 291 papers. These papers were examined for their thematic content. Publications that 
focused on broad-scale classification, where peatland was just one of the many classes, 
were excluded from further analysis. Papers that used only the Digital Elevation Model 
(DEM) were also omitted, even if ‘remote sensing’ was listed as a keyword. Approximately 
50 papers concentrated on fire assessment and post-fire recovery in peatland areas; these 

Table 1. Search query design.
AND

OR Peatland Classif Remote*sens
Bog Model Optical
Fen Monitor Radar

Map Hyperspectral
UAV
SAR
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were also excluded from further discussion. The resulting set of studies (227 articles and 
reviews; Supplementary 1) was then analysed to identify the main research directions for 
the use of remotely sensed data for the three key thematic areas.

In this review, we not only focused on general information extracted from the studies 
but specific aspects such as different thematic and methodological focus, including (1) 
focus area, (2) sensor type and platform used and (3) thematic focus of the study has been 
investigated.

3. Results

The review shows a significant increase in the use of remote sensing methods in peatland 
research (Figure 2). This increase is attributed to the greater availability of remote sensing 
data sets, such as Sentinel 1 and 2 coupled with the increase in the use of hyperspectral 
sensors. These advancements have enabled more comprehensive and varied analyses in 
peatland studies. The typical elements analysed using satellite data include classification 
and identification of peatland vegetation, monitoring of peatland state and restoration 
impacts, water table depth analysis and the estimation of carbon in peatlands. It was 
observed that the majority of the studies utilized satellite-based remote sensing data, 
while airborne data represented the least used platform, as shown in Figure 3.

The geographic spread of the studies is uneven across the globe. Generally, there is 
a greater emphasis on mapping and monitoring peatlands in temperate and boreal 
regions, while tropical peatland mapping has received less attention. Most of the research 
concentrates on specific countries like Canada, UK, Germany, Indonesia and Finland, with 
only a handful of studies conducting extensive cross-country analyses, such as those 
targeting Northern Peatlands (Supplement 1). This focus is likely influenced by the 
prominent peatland expanses in these areas. For example, vast boreal peatlands are 
found in Canada. In Europe, roughly all areas north of 50° latitude is notable for its 
significant peat bogs and mires (Montanarella, Jones and Hiederer 2006). In Indonesia, 
tropical peatlands have received significant attention due to their large area and crucial 
ecological role. However, it is crucial to acknowledge that much of the research con-
ducted in these countries often focuses on small, selected areas rather than expansive, 
landscape-scale investigations (Figure 1).

3.1. Applications of remote sensing in peatland vegetation mapping and 
biodiversity assessment

The assessment of vegetation condition and biodiversity in peatlands using remote 
sensing is vital, as the floristic composition and health of peatland vegetation are key 
indicators of ecosystem integrity and functionality, reflecting the impacts of changes in 
moisture, temperature and nutrient conditions. This dynamic interplay affects primary 
production and decomposition, in turn influencing carbon flux and habitat quality (Harris, 
Charnock and Lucas 2015). For instance, a higher proportion of vascular plants is asso-
ciated with increased soil respiration, contributing significantly to ecosystem carbon 
fluxes (Walker et al. 2016). Vegetation compositions in peatlands not only affect the 
overall net ecosystem exchange but also influence how carbon fluxes respond to envir-
onmental changes and extreme events (Lees et al. 2018). Furthermore, the abundance 
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and composition of species can be used as an indicator of the success of peatland 
management and rewetting activities (Arasumani et al. 2023; Beyer et al. 2019). Another 
proxy that can be derived from remote sensing is plant phenology, which may be 
considered an indicator of the changing climate and the adaptation of species to new 
environmental conditions (Antala et al. 2022).

The use of Sentinel-2 data has been instrumental in mapping vegetation phenology, as 
demonstrated by (J. P. Arroyo-Mora, Kalacska, Soffer, et al. 2018; Garisoain et al. 2023). 
These studies were conducted in diverse areas, characterized by different sizes (3.7 ha to 
2800 ha respectively). Derived information on phenology is important for not only plant 
traits such as Leaf Area Index (LAI) but also for identifying patterns and main growth areas 
of dominant species such as sphagnum. This in turn can help to identify the optimal 

Figure 1. Peatland extent based on global peatland map (Greifswald Mire Centre 2022) and peatland 
emissions per country data gathered from (Greifswald Mire Centre 2015).

Figure 2. Number of studies with the use of remote sensing for peatland monitoring per year (a) and 
per country (b).
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timing for image acquisition, which requires detailed information about the spectral 
characteristics of natural species over the growing season. The variation of spectral 
response with the phenological cycle has been extensively studied by (Cole, McMorrow 
and Evans 2014). They compared point-based hyperspectral measurements and derived 
phenological change using narrowband vegetation indices (Red Edge Position, 
Photochemical Reflectance Index, Plant Senescence Reflection Index and Cellulose 
Absorption Index) to identify the best windows that show the highest phenological 
change in the spectra for an upland peatland undergoing restoration in Northern 
England. Along with optical data, SAR data were also used for peatland vegetation 
characterization (Bourgeau-Chavez et al. 2017; Karlson et al. 2019; Merchant et al. 2017; 
White et al. 2017).

In addition, other remote sensing-based metrics have been derived using satellite and 
UAV-based data (Knoth et al. 2013; Steenvoorden, Bartholomeus and Limpens 2023), such 
as phenometrics, LAI, Above Ground Biomass (AGB), as well as Plant Functional Types 
(PFTs), habitat types, and communities. However, there are challenges reported when 
directly mapping peatland PFTs from remote sensing data (Schaepman-Strub et al. 2008; 
Schmidtlein et al. 2012) primarily due to the difficulties in identifying characteristic 
spectral signatures using traditional spectral- or pixel-based approaches (Harris, 
Charnock and Lucas 2015).

Multispectral and hyperspectral data were used to map peatland floristic gradients 
(Harris, Charnock and Lucas 2015), peat health (Stuart et al. 2022) and vegetation 
composition after rewetting (Frick et al. 2011). Field or simulated spectroscopy, as 
used by (Schaepman-Strub et al. 2008), estimated the fractional cover and AGB. 
Erudel et al. (2017) utilized in situ hyperspectral measurements to evaluate the 
potential of hyperspectral data in separating and classifying habitats. They tested 

Figure 3. (a) the proportion of satellite, airborne, UAV and Plot level spectroscopy and (b) network 
graph showing the use of different sensors for specific thematic focus more than 70% of the papers 
focused on vegetation properties, some of which used vegetation based proxies for the assessment of 
processes such as restoration or derivation of metrics such as above ground biomass and carbon. 
Around 10% of papers focused on SOC and greenhouse gas fluxes, and another 10% on water table 
depth and hydrological dynamics. Twenty-nine of the papers used hyperspectral data.
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three methods based on the similarity of spectral reflectance and supervised classi-
fication based on vegetation indices and spectral ranges. Their findings highlighted 
the effectiveness of various VIs and several distance metrics for the identification of 
peatland species. Furthermore, functional types and traits as well as peatland plant 
communities were also characterized (Kattenborn et al. 2017; McPartland et al. 2019; 
Thomas et al. 2003) using airborne hyperspectral data. Investigations into biomass 
and plant functional types were also conducted by Pang et al. (2022), with the use of 
field spectroscopy data. Airborne hyperspectral data were also used for mapping 
biotopes, as well as assessing moisture and fertility gradients in peatlands 
(Middleton et al. 2012).

Similarly, UAV-based hyperspectral data, for instance, was effectively utilized by 
Räsänen et al. (2020) for mapping peatland vegetation AGB and LAI. Moreover, a variety 
of datasets and their combinations, including PlanetScope, UAV data and LiDAR data, 
have been employed for the classification of habitat types and plant communities, as 
evidenced by (Beyer et al. 2019; Räsänen et al. 2019). LAI and AGB were also estimated 
using UAV-based LiDAR, hyperspectral and RGB sensors (Assiri et al. 2023). They found 
that LiDAR was the most useful variable for AGB estimation with the most accurate model 
including indices retrieved from both LiDAR and hyperspectral data. The study of foliar 
chlorophyll, as explored by (Kalacska, Lalonde and Moore 2015), further underscores the 
range of applications for hyperspectral data. In the realm of habitat-type assessment, the 
combination of UAV and Worldview data proved effective, as shown by (Räsänen et al. 
2019). Although they have highlighted the usefulness of ultra high-resolution data 
with cm level pixel size (0.05–0.08 m) for mapping fine-scale variability in peatland 
vegetation and showed potential for assessing spatial dynamics in biogeochemical 
processes such as carbon cycling, they also acknowledge the challenges of similar 
assessment over large geographical areas due to limitations of image acquisition and 
data processing. Likewise, the investigation into plant composition and species diversity 
by (McPartland et al. 2019) added valuable insights on the use of field and aerial 
hyperspectral data for assessing the peatland ecological response to changes in tempera-
tures and CO2 levels in boreal peatlands.

Although less, airborne (Mcmorrow et al. 2004) and spaceborne hyperspectral applica-
tions are also emerging (Arasumani et al. 2023), with recent studies assessing the poten-
tial of multi-date PRISMA data for peatland vegetation mapping. Mcmorrow et al. (2004) 
highlighted the effectiveness of SWIR data and spectral indices for peat composition 
assessment.

Other applications include the use of Sentinel-2 and Sentinel-1 time series to assess 
the impact of restoration activities (Ball et al. 2023). Here, the Sentinel-2 data were 
compared with an aerial imagery as well, with satellite data showing higher accuracy 
and potential for large-scale monitoring of restoration activities using remote sensing 
derived proxies of vegetation, soil moisture and water table depth. Similarly, degrada-
tion and further restoration were observed using L-band radar data (Z. Zhou et al. 
2019) and Landsat data (Torabi Haghighi et al. 2018). The vegetation response to 
varying conditions has also been observed by (Bryant and Baird 2003) based on 
spectroscopy data. Franke, Keuck and Siegert (2012) showcased the use of multi- 
temporal high-resolution RapidEye data for large-scale assessment of grassland use 
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intensity, highlighting the importance of seasonality in selecting adequate observation 
dates.

Moderate and coarse scale remote sensing data has also been used for the assessment 
of disturbances and condition in peatlands (Artz et al. 2019; Connolly et al. 2011; 
Pflugmacher, Krankina and Cohen 2007). Furthermore, the study by Cabezas et al. 
(2015) demonstrated how multiscale remote sensing data, including data from the 
Landsat 8 and Pleiades, could be utilized to classify and evaluate different vegetation 
types and their associated carbon storage capacities. This approach allowed for the 
differentiation of vegetation cover and health based on the spectral indices derived 
from the optical data, enabling a more accurate estimation of aboveground carbon stocks 
influenced by different management practices. One of the main challenges in remote 
sensing based peatland characterization is the structural complexity of peatlands. 
Additionally, the limitations of these techniques stem from the temporal and spatial 
resolutions of remote sensing data, as well as from in situ plant diversity and mixing 
(Erudel et al. 2017).

3.2. Water table depth assessment

Water Table Depth (WTD) in peatlands is an essential factor in terms of emissions of the 
three main greenhouse gases (Bechtold et al. 2014; Evans et al. 2021; Minasny et al. 2023). 
Low water levels lead to more aerated soil pore space, resulting in emissions of CO2 and 
nitrous oxide (N2O) (Bechtold et al. 2014; Evans et al. 2021). In contrast, high groundwater 
levels promote the absorption of these gases because waterlogging prevents oxygen 
from penetrating the soil and organic material from plants is not entirely broken down. 
However, rising water levels can lead to methane (CH4) emissions (Bechtold et al. 2014; 
Evans et al. 2021).

Remote Sensing sensors can only penetrate the outermost surface of soil, with optical 
and thermal sensors monitoring only the soil surface or vegetation cover and microwave 
sensors using X-, C- and L-bands monitoring the first few centimetres of the soil (Babaeian 
et al. 2019; Li et al. 2021) and can therefore not directly measure WTD. However, due to 
the high hydraulic conductivity of peatlands, there is a close connection between the 
groundwater level and the surface moisture of the soil, as capillary forces bring water from 
the groundwater table into unsaturated zone (Dettmann and Bechtold 2016).

Soil moisture and water content can be assessed by optical sensors either directly from 
the spectral signal of soils or indirectly from plant reflection (Burdun, Bechtold, Sagris, 
Lohila, et al. 2020), as well as from thermal emission and microwave backscattering 
(Sadeghi et al. 2017). For peatlands covered with vegetation year round, optical remote 
sensing using indices relying on water absorption bands has been a way to monitor soil 
moisture. For example, Harris and Bryant (2009) demonstrated that spectral indices based 
on (NIR) and shortwave infrared (SWIR) can be used to derive information on the near- 
surface moisture of peatlands dominated by Sphagnum mosses from airborne multi-
spectral imagery. Likewise, hyperspectral images have been used to estimate WTD by 
employing a narrow band water index as a proxy for vegetation (Kalacska et al. 2018).

Further studies used the combination of optical and thermal data for WTD based on 
the interpretation of the pixel distribution between Land Surface Temperature (LST) and 
a vegetation index (Sadeghi et al. 2017), such as Thermal-Optical TRApezoid Model 
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(TOTRAM). Further variation of this model is the Optical TRApezoid Model (OPTRAM) 
which relies on optical satellite imagery by replacing the LST parameter with SWIR 
transformed reflectance (STR) (Sadeghi et al. 2017). It is thus making use of the physical 
linear relationship between STR and soil moisture content, as well as the relationship 
between root soil water content and vegetation water content (Sadeghi et al. 2017). The 
OPTRAM approach was used to retrieve temporal water table dynamics for northern fen 
and bog peatlands with Landsat, MODIS and Sentinel-2 data and has been found useful, 
especially for sites without or with tree cover density below 50% for shallow to moderate 
water tables (Burdun et al. 2020a, 2020b, 2023; Räsänen, Tolvanen and Kareksela 2022). 
TOTRAM, on the other hand, failed to provide good estimation results for northern peat 
bogs, which may be due to the very variable solar energy available at these latitudes 
largely determining vegetation growth. It might therefore not be a suitable indicator for 
representing vegetation stress but may produce better results in climatic zones, in which 
water and not energy is the limiting factor for vegetation growth (Burdun, Bechtold, 
Sagris, Komisarenko, et al. 2020).

Due to SAR sensitivity to dielectric properties of surfaces, there has been an increase in 
the studies with the use of different datasets to estimate the groundwater-level dynamics 
in peatlands at different degradation stages. For example, Bechtold et al. (2018) used 
ENVISAT Advanced Synthetic Aperture Radar (ASAR), while later studies used Sentinel-1 
(Asmuß, Bechtold and Tiemeyer 2019; Lees, Artz, et al. 2021; Räsänen, Tolvanen and 
Kareksela 2022; Toca et al. 2023). While using C-band radar has generally been found to 
have a high potential for deriving WTD, there are some factors limiting an accurate 
estimation. For example, low radar backscatter may be caused by a very shallow WTD 
during flooding and consequent soil inundation as well as by deep WTD in drier soil 
conditions. Asmuß, Bechtold and Tiemeyer (2019) found the best correlation for 
a medium-high WTD between −0.60 m and −0.20 m.

In addition to sensitivity to moisture, vegetation leads to variations in backscatter 
not only based on moisture content but also because of biomass and dense canopies 
and structure. Volume scattering of the SAR signal typically arises as a result of the 
rough surface structure of leaves, branches and stems. To account for this impact of 
vegetation growth, some studies have used additional equations based on vegetation 
indices from optical satellite data to correct for it (Dabrowska-Zielinska et al. 2018). The 
influence of vegetation on the backscatter signal depends on site management, for 
example, some grasslands might face sudden drops in biomass, likely influencing the 
correlation with WTD (Bechtold et al. 2018). The time of year and climate conditions 
have an impact on the backscatter as well – including parameters to account for 
seasonality of water regimes in the WTD prediction were found to improve the result 
as they found higher backscatter values in autumn and winter when WTD was lower 
and lower backscatter in spring and summer, when the WTD was high for Northern 
Scottish blanket bogs (Toca et al. 2023).

Räsänen, Tolvanen and Kareksela (2022) tested different optical (Landsat, Sentinel-2) 
and C-band Sentinel-1 data for assessing WTD using random forest regressions run for 
different study sites and found optical-based features (e.g. SWIR based metrics) better 
performing in most cases. Furthermore, large differences have been observed in the 
performance of the regression models between and within peatland habitat types.
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Further assessments and integration of L band data could be suitable and allow for 
more accurate monitoring as its longer wavelength allows for even better penetration of 
vegetation and soil penetration (Li et al. 2021; Räsänen, Tolvanen and Kareksela 2022). 
However, some of the data, such as Soil Moisture and Ocean Salinity (SMOS) and Soil 
Moisture Active Passive (SMAP) missions, have coarse spatial resolution which does not 
make it useful for peatland monitoring (Burdun, Bechtold, Sagris, Lohila, et al. 2020). 
Peatlands are often heterogeneous and small in size, so there is a need for adequate 
spatial resolution when monitoring them (Bechtold et al. 2018; Burdun, Bechtold, Sagris, 
Lohila, et al. 2020). Nevertheless, these data can be used for large-scale assessment. In 
addition to satellite-based WTD and moisture assessment, UAV (Isoaho et al. 2023; 
Kameoka et al. 2021; Rahman et al. 2017) and other high-resolution data (Toca et al. 
2022) have been also reported as useful for this task. For their study, area in Finland 
(Isoaho et al. 2023) used MicaSence Altum-PT sensor to collect multispectral and thermal 
imagery and derived several vegetation indices and used linear mixed models to explain 
the variability of water table levels. Kameoka et al. (2021) used RGB and thermal data for 
a similar assessment in tropical peatland in Indonesia. Rahman et al., 3017 used different 
approaches and first classified surface water based on Aeryon HDZoom30 optical imagery 
and then used the data on water levels and digital elevation and geostatistical models 
derived continuous information.

3.3. Soil organic carbon and greenhouse gas fluxes

Although fewer studies have focused on the use of remote sensing for SOC assessment in 
peatlands, with more focus on other systems, such as croplands (Castaldi et al. 2019; 
Gholizadeh et al. 2021) they show considerable potential for the use of multi- and 
hyperspectral data. In case of peatlands, studies emerged that use visible and near- 
infrared spectroscopy for quantifying SOC as well as nitrogen content in peatlands 
(Mendes and Sommer 2023; Mendes et al. 2022) over Europe using available LUCAS 
survey data. Other studies used ALOS PALSAR and Landsat data in combination with 
field data for estimating peat thickness and carbon stocks (Crezee et al. 2022) and SPOT 
data (Akumu and McLaughlin 2014). A similar study used Sentinel-1 data for peat thick-
ness and carbon stock assessment (Fiantis et al. 2024).

Lopatin et al. (2019) tested the use of aboveground vegetation attributes based on 
UAV hyperspectral data as proxies to predict peatland belowground C stocks. This was 
based on the relations between remotely detectable vegetation attributes (i.e. vegetation 
height, aboveground biomass, species richness and floristic composition of vascular 
plants) and C stocks. Nevertheless, estimating belowground carbon stocks in peatlands 
using optical data and canopy height measurements is a complex task due to data 
limitations such as the challenges in providing belowground information from optical 
sensors, rather than methodological shortcomings. Algorithms such as random forests 
and support vector machines known for handling non-linear relationships and effectively 
modelling canopy reflectance, height and carbon gradients generally offer more accuracy 
than traditional linear models. Despite their capabilities, deep learning methods like 
Convolutional Neural Networks are increasingly used in remote sensing applications 
due to their performance (Odebiri et al. 2023; Odebiri, Odindi and Mutanga 2021) and 
can further improve the predictive capabilities of the models for reliable belowground 

6382 G. GHAZARYAN ET AL.



carbon stock estimation. In addition, integrating ecological insights with remote sensing 
could enhance mapping precision and deepen ecosystem function understanding. 
However, more research is needed to identify aboveground indicators that can reduce 
soil sampling for belowground carbon stock model calibration.

Other approaches used remote sensing data (Landsat, ALOS PALSAR) to first map the 
peatland area and then combine the results with an extensive soil coring dataset to 
produce the map of soil carbon stocks (Bourgeau-Chavez et al. 2021; Hribljan et al. 2017). 
In another example, spectral indices from RapidEye satellite data, LiDAR and electrical 
conductivity data for SOCstocks mapping (de Sousa Mendes et al. 2023).

Airborne hyperspectral imagery was used to map biophysical variables related to 
C dynamics, such as CO2 uptake efficiency (J. P. Arroyo-Mora, Kalacska, Soffer, Moore, 
et al. 2018). Significantly more studies have used remote sensing data for the assessment 
of carbon budgets (Park, Takeuchi and Ichii 2020), which include components such as GPP 
(Czapiewski and Szumińska, 2022; Kross et al. 2013, 2013; Lees, Khomik et al., 2021; 
Y. Zhou et al. 2023), ecosystem respiration (Burdun et al. 2021; Junttila et al. 2021), 
methane emissions (Lehmann et al. 2016; Tucker et al. 2022) and dissolved organic carbon 
(Cherukuru et al. 2021; Parry et al. 2015). The majority of these studies rely on MODIS data. 
Nevertheless, Landsat (Burdun et al. 2021; Crichton et al. 2015; Schubert et al. 2010) and 
Sentinel data have been used for this as well. These studies provide an opportunity to 
further assess the impact of rewetting (Y. Zhou et al. 2023).

4. Discussion

This review reveals a large number of research focusing on peatland monitoring that 
employs a variety of remote sensing data and methodologies. Predominantly, these 
studies aim to identify the most effective data sets, timing of the acquisition and algo-
rithms for mapping vegetation composition, habitat types and communities. There is 
a growing trend in using SAR and optical time series for assessing water table depth. 
Additionally, emerging research focuses on evaluating peatland restoration patterns. This 
is often done by deriving proxies and classifying the abundance and composition of 
species which can be further used as an indicator of the peatland management and 
rewetting activities.

WTD and hydrological dynamics were successfully monitored using optical data. 
Several studies have also demonstrated the effectiveness of radar for this purpose. This 
is in agreement with Czapiewski et al. (2022), who also emphasized the usefulness of 
Sentinel-1 for WTD assessment. A smaller number of studies utilized aboveground vege-
tation proxies for SOC assessment. This link might stem from the positive correlation 
between vegetation and SOC, particularly relevant in peatlands where soil is often 
covered by vegetation (Lamichhane et al., 2019), making it hard to create bare soil 
composites and extraction of soil spectra when relying only on optical data. While 
Remote Sensing cannot directly measure GHG emissions, it can provide proxies that, 
when combined with models, help estimate these emissions. Remote Sensing based data 
can be used to derive inputs necessary for GHG emission models, particularly those 
related to vegetation cover and productivity (Lees et al. 2018).

In many studies hyperspectral imaging showed better performance than multispectral 
data, which can be due to the capability of hyperspectral data to capture finer spectral 
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signatures of vegetation than multispectral sensors (Kalacska, Lalonde and Moore 2015; 
Räsänen et al. 2020) Most of the studies highlighted the importance of SWIR band and 
derived indices both for mapping vegetation and moisture assessment (Bubier, Rock and 
Crill 1997; Burdun, Bechtold, Sagris, Lohila, et al. 2020). Nevertheless, still many studies 
also successfully used VNIR (500–900 nm) data. It is important to note that the application 
of hyperspectral imaging at large scales can be challenging. This is partly because many 
studies utilizing hyperspectral data were conducted with in situ measurements using 
spectroradiometers, which may limit their scalability. Additionally, hyperspectral data 
from satellites are not as widely available as multispectral data from platforms like 
Landsat and Sentinel, and they often have coarser spatial resolution compared to these 
multispectral datasets. Moreover, platforms such as Landsat and Sentinel offer much 
better temporal resolution, enabling continuous mapping and monitoring of peatlands, 
a crucial aspect not fully addressed when relying solely on hyperspectral imaging or 
airborne and UAV data for peatland monitoring (Figure 4).

4.1. Challenges and opportunities

Ground validation is one of the main challenges of remote sensing based peatland 
mapping and monitoring, as it is crucial that observations align with actual on-site 
conditions (Lees et al. 2018). Especially in heterogeneous landscapes, the task of integrat-
ing field-collected data with remote sensing image pixels is challenging and a significant 
portion of the uncertainty in models that utilize remote sensing for large-area mapping is 
rooted in the integration of field data (Leitão et al. 2018). Especially in the case of satellite 
data use, there are limitations in capturing fine-scale biodiversity patterns (Harris and 
Bryant 2009; Krankina et al. 2008) as often it was shown that spatial variability in species 
composition (both vascular and mosses) in peatlands can be observed at small spatial 
scales (<1 m) (Kalacska, Lalonde and Moore 2015).

Figure 4. Multi-scale framework of peatland mapping and monitoring with remote sensing based 
datasets supporting the assessment of biodiversity, water table depth, and emission in peatlands with 
different conditions.
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For example, in some cases, radar satellite data alone might be too coarse for monitor-
ing peatlands as these ecosystems might exhibit a high degree of sub-pixel heterogeneity 
in vegetation composition and microtopography (Sadeghi et al. 2017; Toca et al. 2023). 
The spatial scale might be a factor in why some studies found that there is no ‘one-size-fits 
-all approach’ for deriving WTD in peatlands (Räsänen, Tolvanen and Kareksela 2022; Toca 
et al. 2023). Also, Burdun, Bechtold, Sagris, Lohila, et al. (2020) found the quality of 
OPTRAM results to be highly dependent on the spatial resolution of the data used. In 
the case of WTD, integration of thermal data has been shown beneficial (Burdun, Sagris 
and Mander 2019). Other challenges, such as cloud cover and sensor calibration, can 
further decrease the amount of available imagery for analysis. For this, the integrated use 
of multisource data can be a solution as shown in the case of the use of PlanetScope and 
Sentinel data, as well as synergistic use of SAR and optical data (Figure 4).

4.2. Future prospects

Expanding the presented research directions, future monitoring efforts could focus on 
improving the spatial and temporal resolution of data by integrating them from various 
sources. This integration aims to detect subtle and rapid changes in peatland ecosystems.

Another approach can be cross-scale assessment and improvement of upscaling 
possibilities. Some attempts have been made for PFT and microforms mapping with 
UAV data. They found that spatial vegetation characteristics significantly influence the 
minimum spatial resolution required for accurately capturing microforms. For PFTs, 
a resolution of at least 0.25 m is necessary (Steenvoorden and Limpens 2023). Other 
upscaling approaches have been tested for GPP assessment ecosystem respiration 
based on Sentinel-2 and MODIS data (Junttila et al. 2021) and UAV data (Kelly et al. 
2021), using PlanetScope data for methane flux upscaling (Ingle et al. 2023) or for 
mapping near-surface moisture using data from laboratory, field and airborne imagery 
(Harris and Bryant 2009). However, additional multi-scale assessments can improve these 
methodologies. Further advancements in multi-scale assessment could involve the inte-
gration of UAV-derived high-resolution data with satellite imagery to bridge the gap 
between local- and regional-scale observations. Alternatively, UAV data can also be used 
to validate the large area output generated based on satellite data, such as nested 
approaches shown based on UAV and Sentinel-2 data (Bhatnagar et al. 2021). This synergy 
could significantly enhance our understanding of peatland dynamics, especially in the 
context of climate change. The application of advanced sensor technologies such as 
hyperspectral imaging, LiDAR and radar can yield a more comprehensive analysis of 
peatland characteristics. For example, combining 30 m resolution hyperspectral data 
(e.g. PRISMA, EnMAP) with the temporally denser Sentinel-2 time series, which offers 10  
m resolution, presents a promising avenue for detailed monitoring (Arasumani et al. 
2023). This created the baseline for further use of data coming from future missions 
such as CHIME (Copernicus Hyperspectral Imaging Mission for the Environment) and 
HyspIRI/SBG (Surface Biology and Geology) for more operational assessment.

Extended remote sensing research over time is crucial for evaluating the success of 
restoration methods in peatlands and for gaining insights into the recuperation of these 
environments. Although advancements have been made in this field, there remains 
a significant lack of documented studies from locations that have experienced restoration 
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efforts. The potential for such studies based on Sentinel-2 has already been demon-
strated, as evidenced by Ball et al. (2023).

Many peatland processes, such as SOC dynamics and the effects of restoration, 
unfold over extended periods, often spanning 30–50 years. Remote sensing alone may 
not suffice to capture the full scope of these long-term processes. Process-based 
models can aid in scenario-based analysis, offering predictions and insights into future 
peatland conditions under varying environmental and management scenarios 
(Mozafari et al. 2023) as well as improved estimations of different variables (Bechtold 
et al. 2020). Dynamic feedbacks between plant growth and soil organic carbon are 
modelled in the described models (Basso et al. 2018). Such relationships must be 
explicitly taken into account when soils are not in equilibrium due to climatic condi-
tions or land use changes.

5. Conclusion

The review underscores the increasing significance and application of remote sensing in 
the mapping and monitoring of peatlands. Specifically, it centred on the assessment of 
vegetation and biodiversity, where the application of hyperspectral and multispectral 
sensors was emphasized as a promising strategy for cross-scale analysis. There was 
a notable increase in the utilization of remote sensing methodologies, primarily driven 
by the increased availability of datasets such as Sentinel 1 and 2 and the adoption of 
hyperspectral sensors. The statistical breakdown revealed a predominant focus on satel-
lite-based remote sensing data, with a smaller number of studies using airborne and UAV 
data. The criticality of multi-temporal acquisition and the essential role of seasonality in 
such assessments were highlighted. For Water Table Depth assessment, the integrated 
use of optical and Synthetic Aperture Radar technologies was emphasized. Additionally, 
the review brought to light recently emerging methods for evaluating peatland restora-
tion and the potential for Soil Organic Carbon mapping based on above-ground vegeta-
tion properties. However, challenges remain, particularly in ground validation and 
integrating field data with remote sensing observations. The review points to the neces-
sity of integration of multisource data and for cross-scale assessments, which can bridge 
the gap between local and regional observations. Moving forward, further research 
should concentrate on the integration of process-based modelling for comprehensive 
long-term assessment.
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