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Abstract: Peatlands are important ecosystems providing a
critical range of ecosystem services such as carbon storage,
habitat for biodiversity and water regulation. Most peat-
lands in Germany are drained, causing carbon emissions,
land subsidence and ecosystem service loss. Rewetting and
sustainable peatland management practices, such as paludi-
culture, are gaining interest as they allow the productive use
of wet or rewetted peatlands while providing ecosystem ser-
vices and supporting biomass production. Comprehensive
monitoring of peatlands is essential for the implementation
of rewetting and peatland management but also forms the
basis for creating financial incentives, such as for emission
certificates or improved sales opportunities for the biomass.
However, current monitoring techniques are unable to
ensure scalable and efficient ecosystem monitoring in terms
of cost, reliability, resolution and integrity. Here, we report
on a project that addresses the development of a modu-
lar, user-centered digital platform for monitoring peatland
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ecosystem services. We present the research, establishment
and deployment of an integrated, multi-purpose sensor net-
work as a large-scale monitoring approach. The platform
utilizes sensor networks and remote sensing (RS) through
unmanned aerial vehicles (UAV), artificial intelligence (AI)
and visual computing (VC). Key components include the
automated recording and processing of water level maps
via real-time sensor networks and the classification of veg-
etation using UAV imagery and Al These data streams are
integrated into transferable models for assessing ecosystem
services to verify carbon and/or biodiversity credits and
support paludiculture at regional and international scales.

Keywords: Al-driven vegetation classification; bioeconomy;
hydrological monitoring; paludiculture; peatland; UAV re-
mote sensing

Zusammenfassung: Moore sind essenzielle Okosysteme,
die eine Vielzahl von Leistungen wie Kohlenstoffspei-
cherung, Lebensraum fiir Biodiversitit und Wasserregu-
lierung erbringen. Die meisten Moore in Deutschland
sind entwassert, was zu Kohlenstoffemissionen, Boden-
senkungen und dem Verlust von Okosystemleistungen
fuhrt. Wiedervernassung und nachhaltige Bewirtschaf-
tungspraktiken wie Paludikultur gewinnen zunehmend an
Bedeutung, da sie eine produktive Nutzung nasser oder
wiedervernisster Moore ermdglichen und gleichzeitig Oko-
systemleistungen erhalten sowie die Biomasseproduktion
unterstiitzen. Eine umfassende Uberwachung von Mooren
ist nicht nur fiir die Umsetzung von Wiedervernassung
und Moormanagement unerldsslich, sondern bildet auch
die Grundlage fiir die Schaffung finanzieller Anreize, et-
wa flir Emissionszertifikate oder verbesserte Absatzmog-
lichkeiten der Biomasse. Allerdings sind die derzeitigen
Monitoring-Methoden nicht in der Lage, eine skalierbare
und effiziente Erfassung von Okosystemleistungen im Hin-
blick auf Kosten, Zuverléssigkeit, Auflosung und Integritét
sicherzustellen. Hier berichten wir iiber ein Projekt, das

8 Open Access. © 2026 the author(s), published by De Gruyter. [ XN This work is licensed under the Creative Commons Attribution 4.0 International License.


https://doi.org/10.1515/auto-2025-0092
mailto:timothy.james.husting@igd-r.fraunhofer.de
https://orcid.org/0009-0000-5054-8136
https://orcid.org/0000-0001-9151-7686
https://orcid.org/0009-0003-6206-1730
https://orcid.org/0009-0000-3235-651X
https://orcid.org/0000-0002-8544-8167
https://orcid.org/0009-0008-0772-9888
https://orcid.org/0000-0002-6248-9388

DE GRUYTER OLDENBOURG

sich der Entwicklung einer modularen, nutzerzentrierten
digitalen Plattform zur Uberwachung von Okosystemleis-
tungen von Mooren widmet. Wir stellen die Forschung
sowie den Aufbau und die Implementierung eines inte-
grierten, multifunktionalen Sensornetzes als grofiflichigen
Monitoring-Ansatz vor. Die Plattform nutzt Sensornetzwer-
ke und Fernerkundung (RS) mittels unbemannter Luftfahr-
zeuge (UAV) sowie kiinstlicher Intelligenz (AI) und visual
Computing (VC). Zentrale Komponenten umfassen die auto-
matisierte Erfassung und Verarbeitung von Wasserstands-
karten uber Echtzeit-Sensornetzwerke sowie die Klassifi-
zierung von Vegetation mithilfe von UAV-Bildern und KI.
Diese Datenstréme werden in tbertraghare Modelle inte-
griert, um Okosystemleistungen zu bewerten, Kohlenstoff-
und/oder Biodiversitétszertifikate zu verifizieren und Palu-
dikultur aufregionaler und internationaler Ebene zu unter-
stlitzen.

Schlisselwérter: Biookonomie; hydrologisches Monitoring;
KI gestiitzte Vegetationsklassifikation; Moor; Paludikultur;
UAV Fernerkundung

1 Introduction

Intact peatlands provide ecosystem services such as long-
term carbon storage, water and nutrient regulation, habi-
tats for specialized species, cultural value, and agricultural
yield potential [1]-[3]. Many peatlands have been subject
to anthropogenic, degrading land use practices based on
drainage which alter their soil structure and vegetation sub-
stantially [3]. As a result, they lose productivity, regulatory
functions, and biodiversity value. Additionally, they became
sources of high carbon dioxide (CO,) emissions [4], [5].

The most effective measure to restore ecosystem ser-
vices of drained peatlands and reduce their CO, emissions is
rewetting. Therefore, rewetting efforts are currently being
implemented across a growing number of sites, especially in
Germany, where 92 % of peatlands have been drained, con-
tributing approximately 6.6 % of the country’s total green-
house gas (GHG) emissions [6]. However, rewetting requires
fundamental land-use changes and adapted practices, often
linked to land abandonment or income losses [7].

One approach to support rewetting and land use
changes is the implementation of incentives through pay-
ments for ecosystem services and commercialization of
biomass from wetland management in paludiculture. Palu-
diculture is the cultivation of wet peatlands to produce
raw materials such as fibers and bioplastics [8], [9]. To
support the expansion of paludiculture and the develop-
ment of associated value chains and to quantify ecosystem
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services such asreduced GHG emissions [10]-[12], improved
habitat for biodiversity or improved water management [1],
an integrated and efficient monitoring approach is neces-
sary. However, designing such a support system is challeng-
ing, as it has to meet the requirements of a highly com-
plex ecosystem while keeping handling simple for heteroge-
neous users. This includes optimizing spatial and temporal
resolution, cost-efficiency, scalability and user-friendliness
to enable a modular toolbox that can be tailored to specific
sites/projects and user needs.

Currently, no efficient, scalable system exists to record
key ecosystem variables or generate measurable, reportable
and verifiable (MRV) data for peatland restoration [13]-[15].
As a solution, we suggest to combine sensor networks,
unmanned aerial vehicles (UAV)-based remote sensing (RS),
artificial intelligence (AI) and visual computing (VC) into a
scalable, user-centered monitoring platform. The core com-
ponents are (1) the automated monitoring of water table
depth via modular multi-sensor networks for real-time data
collection, (2) the monitoring of vegetation by classifica-
tion of its composition through UAV RS and AL and (3) the
development of transferable hydrological and vegetation
models for assessing peatland conditions based on this data.
Together, these components enable integrated monitoring
of ecosystem services, especially GHG emissions and wet
biomass production.

2 State of the art

2.1 Multisensor observation: UAVs
and sensor networks for peatland
monitoring

Monitoring peatlands is complex and relies on comprehen-
sive data collection. Techniques include data loggers for
recording water table data or biochemical variables or dis-
crete samplings [16], both disturb peat and wildlife and
are costly in transport and labor. Data are also recorded
with visual surveys, coring, gauge measurements or GHG
flux chamber measurements [17], [18]. Often, point-based
monitoring captures variables only locally, leaving spatial
and temporal variability largely uncovered [16]. Satellite
technologies have advanced in the last couple of years, but
their application for peatland assessment remains limited
due to the small-scale heterogeneity of peatland systems
[16]. Drones and automation technologies have so far only
been used for research and have not been integrated on a
large scale.

Developments in internet of things (IoT) technologies
enable distributed, in situ monitoring with continuous,
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high-frequency measurements and real-time transmission
[19]-[21]. Systems with piezometers and weather sensors,
e.g. in Malaysia and Brunei stream water table and atmo-
spheric data to dashboards [22]. More advanced implemen-
tations couple IoT with machine-learning to forecast water
tables to trigger automated rewetting [23]. While IoT tech-
nologies offer high temporal resolution and local accuracy,
their spatial coverage is often limited, whereas RS provides
landscape-scale information. Combining IoT technologies
and RS (IoT technologies for precise observations and cali-
bration, RS for spatial context) can enhance monitoring reli-
ability and scalability. Long-term standardized datasets on
peatland dynamics also hold potential as “data-as-a-service”
in the bioeconomy and climate context.

Despite these advances, research gaps remain. Key
challenges lie in long-term deployment and maintenance,
as well as in the development of transferable models and
the integration of interdisciplinary approaches. Addressing
these gaps is essential to enable smart technology and pow-
erful models to overcome existing trade-offs.

2.2 Remote sensing: the situation
of peatland vegetation monitoring

A key research focus in peatland vegetation detection with
RS is the development of automated methods for high-
resolution classification in aerial and satellite imagery
[24]. Such mappings are necessary for identifying domi-
nant species, vegetation structures, and biomass qualities
and quantities. Vegetation mapping still depends on time-
consuming fieldwork by experts, which is often costly and
difficult to scale across large areas or repeated monitoring
campaigns [25], [26].

UAVs increasingly generate high-resolution orthomo-
saics, which, in combination with artificial neural networks
(ANNs), allow for the recognition of complex patterns and
support object- and pixel-based classifications. In practice, a
trade-off between classification accuracy and the temporal
as well as logistical effort per unit area has traditionally
persisted. However, advances in smart technologies and
powerful models offer ways to overcome this limitation [15].

UAV-based RS provides extensive spectral and spa-
tial information that can enhance model accuracy [27].
Multispectral sensors capture near-infrared and red-edge
regions, which are sensitive to vegetation physiology. These
domains enable detection of characteristic reflectance pat-
terns, used in indices as normalized difference vegetation
index (NDVI) or enhanced vegetation index (EVI). Besides
spectral data, UAV photogrammetry generates dense point
clouds that can be used to derive digital surface mod-
els (DSMs) and raster maps. The integration of spectral,
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structural and geometric data enhances classification when
coupled with advanced machine learning frameworks. This
approach addresses challenges such as limited site access
due to flooding, high vegetation heterogeneity beyond satel-
lite resolution and distinguishing morphologically similar
species like narrow- versus broad-leaved cattail (Typha
angustifolia vs. Typha latifolia) or reed (Phragmites aus-
tralis) and reed canary grass (Phalaris arundinacea) [7].

2.3 Al-models for peatland vegetation
classification

Recent studies indicate that applying ANNs are a promis-
ing tool for object detection and semantic segmentation.
For example, U-Net models have been used successfully to
detect invasive species in coastal and dune environments
with IoU (Intersection over Union) accuracies up to 0.832
[28]. YOLO-based models [29] allowed to identify arable flora
with accuracies between 49 % and 100 % at 1.2 mm ground
resolution [30]. The fine spatial resolution allows for shape
and structural features to support classification. Conse-
quently, the use of ANNs, especially deep convolutional neu-
ral networks (DCNNs) and transformer-based models, opens
new possibilities for semantic segmentation of small-scale
peatland vegetation [31], [32]. However, several research
gaps remain:
— Lack of domain-specific, well-annotated training
datasets for peatland vegetation.
— Insufficient adaptation of existing systems to new veg-
etation communities on degraded sites.
—  Missing robust, transferable models that integrate mul-
tispectral, structural, and metadata inputs.

These gaps are being addressed in the approach introduced
here.

2.4 Hydrological information: practical
solutions for peatland hydrology

Precise monitoring and modelling of the terms of the water
balance is crucial for managing rewetted sites and estimat-
ing GHG emissions, because both need high water tables
throughout the year [33], [34]. Current methods rely mainly
on stationary in situ sensors, comprehensive modeling or
satellite-based RS. While satellites provide large-scale infor-
mation, their use is limited by low resolution and high
uncertainty [35], [36]. Hydrological modelling interpolating
point measurements offers an alternative but is incapable
to fully incorporate the large terrain heterogeneity typical
of peatlands [37].
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Machine learning approaches can improve the
accuracy and scalability of water table forecasting. For
tropical peatlands of Indonesia, Li et al. [23] showed that
such models capture complex hydrological dynamics. High-
resolution research models deliver precise results but of-
ten lack scalability [38]. This highlights the need for trans-
ferable, site-specific approaches that combine modular
IoT-RS networks with real-time data to map water levels
dynamically and spatially.

2.5 Vegetation-proxy-based GHG accounting
using the GEST approach

Current approaches to quantify peatland GHG emissions
rely either on direct flux measurements (flux chambers,
eddy covariance) [39] or on proxy-based models such as
the “IPCC default emission factors” [40], the “Peatland Emis-
sions Predictor” (PEP) [41], and the “Greenhouse Gas Emis-
sion Site Type” (GEST) approach [42]. Eddy covariance inte-
grates GHG fluxes at the ecosystem scale [43], while cham-
bers provide localized measurements of specific gases [44].
In contrast, GEST requires fewer resources and enables
upscaling by linking land use, water table and vegetation
types with site-specific emission factors [42].

The GEST approach builds on the relationship between
site conditions like vegetation composition or hydrology and
GHG dynamics, with plant communities serving as proxies
for long-term water table regimes and emission character-
istics [42], [45]. Based on vegetation surveys by experts com-
munities are assigned to GEST categories, which provide
the basis for site-level emission factors. While practical due
to easily accessible data recordings, the method still relies
on manual mapping and expert interpretation, making it
resource intensive. Additional challenges include high per-
sonnel needs, community transitions and limited scalability.
Moreover, novel vegetation communities on degraded peat-
lands challenge the applicability of existing GEST categories.
To address these limitations, recent research explores RS
and machine learning for automated vegetation classifica-
tion [46]-[48], which could reduce costs and enhance the
applicability of GEST at larger scales.

3 General description of the
integrated monitoring approach

3.1 System objectives

We hypothesize that an integrated monitoring approach
driving transferable models reduces monitoring costs,
increases sampling frequency and captures peatland
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heterogeneity. To support this hypothesis, the system must

fulfil three objectives:

1. Simple practical implementation and usability.

2. Effortless collection of data that reliably reflects peat-
land conditions in time and space and development
while remaining compatible with environmental and
agricultural contexts.

3. Reduction of long-term monitoring costs and provision
of environmental data for science, management, and
carbon markets.

Development proceeds in three phases: Phase 1 focuses
on UAV data acquisition, experimental Al-based vegetation
recognition, and the integration of ecological and agro-
nomic indicators. Phase 2 involves beta testing in scientific
and industrial projects to refine, validate and adapt fea-
tures. Phase 3 envisions continuous operation and large-
scale deployment with integration into value chains and cer-
tification schemes. The presented monitoring is currently
transitioning from Phase 1 to Phase 2, with the next steps
aiming at targeted implementations in research and indus-
try once defined performance thresholds are reached.

The system workflow illustrates how these objectives
are operationalized across acquisition, preprocessing and
analysis, showing how sensor inputs, UAV data and ground-
truth measurements are transformed into validated indica-
tors and emission maps, thereby linking raw data streams
with decision-relevant outputs (Table 1).

3.2 System approach

The system integrates automated environmental monitor-
ing with transfer into the bioeconomy (Figure 1). Data from
public sources (1), UAV imagery (2) and ground-truth obser-
vations (3) are consolidated and processed. Two Al-driven
pipelines are applied: (a) automated vegetation detection
and classification for biodiversity assessment and vegeta-
tion mapping, and (b) real-time hydrological mapping to
capture water table dynamics and support GHG quantifi-
cation within the GEST framework. Innovations from veg-
etation and biodiversity classification to automated GHG
quantification and smart farming applications are trans-
lated into use cases such as paludiculture, biodiversity cred-
its and voluntary carbon markets. These applications are
relevant for renewable raw materials, nature conservation
and transformative land-use processes.

Currently, the system is in experimental development.
Hardware and software components are tested under vary-
ing parameters to establish and refine core concepts for
practice-oriented peatland research and scaling strategies.
This paper therefore presents an intermediate stage of
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Process-automated environmental monitoring Transfer to the bioeconomy

Input Combination of activities and methods | Innovation Use and relevance Impact
Al - driven Vegetation Paludiculture rav??rl:t‘g :::: - M?rk(fet access
External data 1) classification application bioeconomy Ofifanvers
£ A g A y Nature Financial
a) Vegetation | Biodiversity Biodiversity 2 . <
Methods 1 recognition | classification credits 7Y con:far;/;::nal fI:rcfeanr':lr‘\I:rss
GEST =
Peatland- L A”:;Té_ted Voluntary Acgeleration Efficient
Computer ( 3) —» characterization = quantification carbon —»> of transformative seref
vision ~~ BT ) (GEST) credits e ressources
Hydrological . . More efficient
modelling b) Hydrological J »Vegeta;lon SNy e Smart L4 control of Knowledge transfer|
mapping —>  andarea farming agricultural to stakeholders
mapping processes (local, EU)
1) Available data More
2) Remote sensing (drone) Peatlands
3) Real time data wet!
4) Ground-truth-data (vegetation)

Figure 1: Schematic overview of the planned integration of data spaces, scientific interpretations, potential applications and benefits for the
bioeconomy within the project (AL artificial intelligence; GESTs: Greenhouse gas Emission Site Types; GHG: greenhouse gas).

development, where the conceptual framework is com- 3.2.2 UAV multisensory platform

plemented by ongoing prototyping and testing. Ultimately,

the system generates measurable impact by supporting To bridge the spatial and temporal gap between in situ
market access and incentives for farmers, improving measurements and coarser satellite imagery, UAV imagery
resource efficiency and EU levels and enabling large-scale g acquired using a multisensor setup combining high-
peatland rewetting. resolution RGB data (4/3 CMOS, DJI, China) with narrow-
band spectral channels (red 650 nm, NIR 860 nm, red edge
730 nm, green 560 nm), which are well-established for vege-
tation detection, biomass estimation and stress monitoring.
The DJI Mavic 3M was chosen as a commercial product
that is easy to operate, can be deployed quickly by non-
specialist users and integrates both RGB and multispec-
tral sensors in a single, radiometrically consistent system.

3.2.1 Stationary multisensory platform

To ensure a robust long-term operation on remote and
frequently flooded sites, the platform consists of commer-
cial IoT devices, a sensor node, a transition module and
a power/data management module, developed with indus-
trial partners. Its basis is the Agvolution Climavi One device
[49], adapted to record peatland-relevant variables the sen- I the final system, a single drone flight should suffice
sor system records atmospheric (temperature, humidity, for automatic vegetation mapping. In contrast, the train-
wind speed, irradiance), soil (moisture, temperature) and ing data are collected biweekly to capture all phenological
hydrological parameters at high temporal resolution, with  stages and visual appearances of the plant species. For data
optional expansion to nutrient, oxygen or dissolved organic  acquisition, a multispectral CMOS 5MP camera is flown
carbon (DOC) measurements. Water levels are monitored at 43 m altitude (corresponding to a ground sampling dis-
using a Keller PAA-36XiW sensor. The sensor node serves as  tance of 1 and 2 cm/px for RGB and multispectral respec-

the central unit for data acquisition and integration, ensur- tively), 3.8 ms~! speed, 80 % lateral and frontal overlap,
ing synchronized timestamping. The transition module con-

verts data into standardized formats for reliable transfer to
a local gateway. Autonomous operation is supported by two
solar cells (2.8 V/90 mWh) that stabilize power supply. This
platform-based environmental monitoring reduces main-
tenance costs and enables standardized scaling for non-
expert users such as farmers. For peatlands, the platform
delivers high-frequency data on microclimate, soil condi-
tions and groundwater dynamics, supporting diverse appli- ~twice a year, using the Zenmuse L2 (D]JI, China) at 80 m
cations with minimal on-site effort and disturbance. altitude, 80 % forward and 50 % side overlap, 5 m s~ speed,

with flight paths oriented 90° to the solar azimuth. These
parameters balance reliable 3D reconstruction and radio-
metrically stable mosaics with efficient area coverage per
battery.

For high-resolution hydrological characterization, in
situ water level measurements are combined with UAV-
based LiDAR (light detection and ranging) data, collected
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and 90° solar azimuth orientation. This configuration pro-
vides high point densities, necessary for obtaining enough
points to separate vegetation from ground.

3.2.3 Ground-truth-activities

During field campaigns, vegetation is recorded point- and
area-based, digitally annotated and georeferenced with cen-
timeter accuracy using a real-time kinematic (RTK) global
navigation satellite system (GNSS) receiver (EMLID Reach
RS3). Typical wet grassland species (Carex, Phalaris, Phrag-
mites), paludiculture stands (Typha) and biodiversity indica-
tors are documented including structural parameters (e.g.,
plant diameter).

Ground control points established with the RTK system
are used to calibrate LiDAR-derived elevations and quantify
systematic errors, as centimeter-scale vertical accuracy is
critical when microtopography drives water-table related
interpretations. We opted for RTK-based control because
it provides a reproducible, traceable reference for abso-
lute elevation, whereas relying solely on onboard GNSS or
purely relative alignment can lead to site-dependent off-
sets. Post-processing includes quality checks and additional
annotations where needed.
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3.3 Two data processing pipelines

3.3.1 Hydrological processing pipeline - derivation
of water level classes

Point-based water level measurements are combined with
LiDAR-derived digital elevation models (DEMs) to model
spatial water level distribution. To ensure data quality, mea-
surement series undergo automated preprocessing with
interquartile range filtering (Figure 2). In parallel, high-
resolution DEMs are generated from UAV-based LiDAR sur-
veys. LiDAR data are converted in DJI Terra and processed
in R (v4.5.1) [50]. Ground points are classified with the
cloth simulation filter (CSF) to exclude vegetation and non-
relevant objects, thereby minimizing residual canopy arte-
facts in the terrain model. From these points, a 0.05m
DEM is generated, capturing peatland micro-relief. A geo-
statistical kriging approach is used to regress DEM topogra-
phy against point-based water levels to produce large-scale
water level maps with high spatial resolution, represent-
ing both seasonal differences and fine-scale variability. This
method exploits the strong dependence of water level on rel-
ative surface elevation. Using topography as an explanatory
variable increases physical plausibility of the predictors,
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Figure 2: Processing pipeline for hydrological monitoring within the framework (DEM: digital elevation model; CSF: cloth simulation filter; GHG:
greenhouse gas; RTK-GNSS: real-time kinematic global navigation satellite system).
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reduces purely statistical extrapolation and provides an
explicit estimate of prediction uncertainty through the krig-
ing variance. Interpolated values are provided as summer
and winter maps, using seasonal medians as representative
metrics and are further translated into water level classes
for standardized evaluation and comparison, which form
the basis for applying the GEST approach.

3.3.2 VC pipeline - vegetation classification

The VC pipeline is designed to transform raw UAV imagery
into analysis-ready, multi-sensor data cubes for Al-based
vegetation mapping. Single-image data are processed pho-
togrammetrically with the open-source software Open-
DroneMap to generate georeferenced RGB and multispec-
tral orthomosaics. OpenDroneMap was chosen to ensure
reproducibility and transparency without relying on black-
box workflows. These are then aligned with the arosics
Python library [51] to create a single GeoTIFF with seven
spectral bands (three RGB, four multispectral including red
edge and near-infrared) structured as a data cube (Figure 3).
This band combination reflects established indices for veg-
etation detection and stress assessment.

Three additional raster layers are added to capture
structural vegetation information: (1) a DSM from RGB
images via OpenDroneMap; (2) the standard deviation; and
(3) the skewness of point height distribution, computed
in a moving-window approach. Standard deviation and
skewness serve as proxies for plant height and biomass
distribution, enabling the model to distinguish between, e.g.,
low vegetation and tall dense reed stands.

Blue

Green

Red

Red edge (infrared)

NIR (near infrared)

DSM (digital surface model)
Skewness of point heights
Standard deviation of point heights

z: Spatial data

Sensor type (spectrum)
Lighting situation (cloud cover)
Temperature sum (phenological stadium)

Metadata
«o =

Figure 3: Input for the Al models consists of data cubes (3D arrays)

and metadata. The x- and y-axes of the data cube correspond to the
geographic coordinates. The z-axis contains both the spectral bands

of the camera sensors and calculated values such as those of the digital
surface model. The metadata, such as the temperature sum
(phenological date), provide important information for the analysis of the
data cube, for example the phenological stage of the plants.
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Vegetation mapping follows two complementary
approaches. With manual mapping we create a
ground-truth dataset for Al-based semantic segmentation.
Vegetation is georeferenced with centimeter accuracy
using RTK-GNSS and recorded at species level to document
biodiversity changes. We also assessed whether established
classification schemes can be reliably applied to novel
conditions after rewetting. An adaptive interface allows
users to review and correct annotations and store these
additional labelled samples for future model updates,
optionally following established schemes such as EU
habitats directive biotope mapping. The synchronous
linking of orthomosaics and field mapping supports
efficient, reproducible annotation. From these data,
image patches (256 X 256px) are automatically generated
as training input for ANNs, allowing sufficient spatial
context (patchiness, edges) against label homogeneity
and computational efficiency. Larger patch sizes would
result in very large files, which would prohibit using batch
sizes >4 during the training of the ANN, since they would
not fit into the VRAM of the GPU. Automated vegetation
mapping is then realized through UAV-based multispectral
imagery and pattern recognition through Al The resulting
orthophotos are structured as data cubes (GeoTIFFs) with
ten layers, serving as input for state of the art Al models
such as DeepLabv3+ [52] or transformers, which are
trained for automated vegetation classification (Figure 4).
Other methods like boosted regression trees or random
forests were not considered further, since they are not
suitable for our analyses due to the high resolution of our
images and the inability of those models to learn complex
spatial structures and shapes.

To capture phenological dynamics, image acquisition is
conducted several times throughout the year, allowing sea-
sonal vegetation changes to be incorporated into the mod-
elling. In this way, a scalable, high-resolution and automated
assessment of vegetation dynamics is enabled, providing
essential information for the monitoring and management
of wet peatlands.

4 Accessibility and applications

Besides, addressing different ecosystem services, a cen-
tral dedicated application is the further development and
automation of the GEST approach for GHG accounting. The
integration of modelled water level classes with vegetation-
derived information enables a scalable quantification of
emissions, particularly during transitional phases following
rewetting when vegetation indicators are not yet stable. This
allows annual emission reductions to be calculated more
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Figure 4: Inference pipeline for vegetation detection pipeline for hydrological monitoring within the framework (AL artificial intelligence; DSM: digital
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navigation satellite system, UAV: unmanned aerial vehicle).

precisely and used for ex-post accounting as well as mon-
etization, for example in certificate trading.

4.1 Accessibility

A dashboard serves as an interface, with a first prototype
developed (Figure 5). The dashboard serves as an interface
for exploration, visualization and knowledge transfer for
land managers, policymakers, and researchers.

UAV orthomosaics and labeled map layers are deliv-
ered via GeoServer, while segmented imagery and modeled
water tables are provided as GeoJSON for efficient render-
ing [53]. A built-in viewer enables layer compositing over
base imagery and interactive geopoints display IoT sen-
sor locations with near-real-time readings (available within
about 1h). The dashboard’s modular backend-frontend
architecture supports stand-alone use or integration into

existing management systems. Core services include auto-
mated pipeline deployments for UAV and sensor prepro-
cessing, metadata integration and continuous monitoring
of model training via MLflow. Vegetation data and hydro-
logical outputs are offered as selectable georeferenced lay-
ers (e.g., plant maps, biomass yield, water tables, GHG
indicators). Filterable thematic layers support analysis by
species groups, biomass potential, and vegetation dynam-
ics, while traffic-light-style recommendations highlight
management-relevant changes. Reporting and export tools
generate tailored outputs for certification and decision-
making. Frontend development involves continuous user
participation to ensure usability. The platform links envi-
ronmental research with agricultural practice and gover-
nance, and supports certificate trading (emissions, biodiver-
sity), management decisions, and biomass utilization.
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Figure 5: Demonstration of the dashboard for use as an application tool and for scientific knowledge transfer.

4.2 Application: GHG accounting by the GEST
approach

To overcome GEST’s dependence on trained personnel and
limited spatial resolution, Al-based vegetation detection
with UAV RS offers a promising alternative. This approach
automates key steps, increases reliability and reproducibil-
ity and broadens spatial applicability.

UAVs enable flexible surveys without direct site
access, reducing disturbance and improving coverage.
High-resolution multispectral imagery provides detailed
information on plant communities, while the hydrological
data pipeline delivers seasonal water table maps. In
combination, this addresses the key limitation of GEST:
GEST relies on vegetation composition as an indicator for
water table levels. However, vegetation adjusts slowly to
changing water levels, so this indicator mainly reflects
long term hydrological conditions and does not reflect
short-term fluctuations in water tables. By integrating
high resolution imagery with hydrological modelling, the
system enables an automated and scalable derivation
of GEST categories and associated emission estimates.
Automated vegetation segmentation reduces observer
bias and standardizes the analysis, while the scalability

of the method supports large area assessments within
short timeframes and mitigates the shortage of trained
GEST practitioners. This results in a robust and automated
estimation of peatland GHG emissions that can be directly
linked to MRV requirements in certification schemes.

To illustrate the planned end to end workflow, we con-
sider a baseline assessment scenario relevant to carbon
farming. A carbon project developer aims to assess large
peatland areas to identify sites with promising conditions
for rewetting. A drone operator is provided with the coor-
dinates and extent of a specific site. The UAV survey is con-
ducted following a standardized operating procedure. With
an average flight time of 8 min ha~!, approximately 6 ha
can be covered per battery charge. After the flight, the data
is retrieved from the memory card and uploaded to an S3
storage via broadband-connection, taking about 8 min ha=.
The VC system then initiates several processing steps such
as the creation of an orthophoto, point cloud derivation,
production of downsized and coregistered data tiles and
loading of metadata. This is followed by the inference of
the trained AI model and brief post processing steps such
as converting the model output from GeoTIFF to Geo]JSON
and smoothing polygon boundaries. The resulting data are
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stored in a separate S3 bucket and then ingested by the
dashboard’s backend.

4.3 Application: smart paludiculture
management

Biomass heterogeneity is a major barrier to the devel-
opment of efficient paludiculture value chains. Mixed
species compositions complicate harvest standardization
and reduce processing efficiency, even though many wet-
land species are suitable for bioeconomic use [54]. Current
decisions are often based on field campaigns, which makes
it difficult to deliver consistent biomass quality. As process-
ing industries increasingly demand defined biomass quali-
ties, data-driven vegetation monitoring becomes essential.
Our platform addresses this by providing an automated
UAV- and Al-based high-resolution mapping that enables
precise identification of species composition, vegetation
dynamics and biomass quality across entire management
units. The key advantage lies in making heterogeneity
spatially explicit and operationally manageable, thereby
improving efficiency, profitability and the attractiveness of
sustainable land use.

To demonstrate the practical implications, we outline a
precision harvest planning scenario for paludiculture pro-
duction. A paludiculture farm aims to improve harvesting
efficiency and biomass quality across heterogeneous pro-
duction sites. A UAV survey is conducted over the man-
aged area following a standardized operating procedure.
High resolution imagery is processed through the AI based
pipeline to classify vegetation into crop relevant classes and
to derive structural biomass metrics. Based on the classi-
fication results, spatially explicit harvest units are gener-
ated, e.g. areas dominated by more than 60 % sedges. These
units are exported as georeferenced layers and integrated
into harvest planning. This enables targeted harvesting,
presorting and quality control and supports the delivery
of standardized biomass qualities to downstream process-
ing industries. By linking vegetation classes with additional
parameters such as hydrological information or nutrient
status, the system supports integrated economic and eco-
logical decision making and improves the profitability and
sustainability of paludiculture management.

4.4 Adaptability for emerging markets

Another key application is biodiversity monitoring. Al-
assisted species and vegetation mapping enable continuous,
high-resolution documentation of biodiversity change. Such
data can support evaluation and funding programs, assist
authorities in monitoring FFH and Natura 2000 areas and
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open opportunities for biodiversity services. The underlying
technologies for image recognition, processing and visual-
ization are widely transferable. End-to-end solutions could
provide digital peatland monitoring for project sponsors or
planning offices, while integration into GIS or drone image
processing platforms (e.g., ArcGIS, QGIS) would lower entry
barriers for users with established software routines or
occasional needs.

Demand for such solutions is driven by the Paris Agree-
ment targets [55]. Peatland rewetting is crucial for climate
neutrality, requiring restoration of ~1.6 million hectares of
organic soils in Germany and ~1 million hectares annually
in Europe. These monitoring needs cannot be met cost-
effectively with manual mapping and non-automated data
processing.

4.5 Remaining challenges

Several limitations remain. First, end-to-end pipeline au-
tomation is incomplete. On-site or edge processing, directly
on UAVs or decentralized computing units, could reduce
data transfer demands and improve scalability. Second,
model robustness requires long-term monitoring to cap-
ture interannual variability, extreme events and tran-
sitional states. Third, practical value depends on inte-
gration into certificate schemes and farm management
tools. Without embedding into operational and regulatory
frameworks, technological advances risk to remain deta-
ched from decision-making, certification and market me-
chanisms. Addressing these challenges is key to moving
from experimental setups to robust, scalable and practice-
ready solutions.

5 Outlook

The proposed integrated monitoring approach establishes
a scalable link between data collection, modelling, analysis
and application. Its success depends on societal, economic,
and political developments, since a sustainable bioeconomy
requires both technological advances and stakeholder com-
mitment to restoration, utilization and climate protection.

Active user involvement is crucial; only financial and
practical participation can make the system a widely
applied smart-farming solution. The concept addresses cur-
rent needs and future challenges, including evaluation and
monitoring of biomass quality, conservation policy, and
bioeconomy goals.

In the long term, the approach will expand to fur-
ther ecosystem services and scale nationally. By integrating
ecological, technological, and economic dimensions, the
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concept can bridge research and practice, contributing to
GHG reduction, biodiversity protection and the develop-
ment of innovative bioeconomy models.

Acknowledgments: We thank our partners at the Univer-
sity of Greifswald and the Greifswald Mire Center (GMC)
for their valuable collaboration and continuous scientific
exchange, including regular meetings that have greatly sup-
ported our work. We are especially grateful to Dr. John
Couwenberg and Dr.-Ing. Gorres Grenzdorffer for their guid-
ance and mentorship, which have been instrumental in
shaping the scientific foundation and its practical applica-
tion. Finally, we thank our student assistants (Nadia Schrott,
Kirsten Venker-Metarp, Linda Heutling, Kevin Knauer Ale-
man, and Luke Massow) for their dedicated contributions
in fieldwork, data processing, and technical support.
Research ethics: Not applicable.

Informed consent: Not applicable.

Author contributions: All authors have accepted responsi-
bility for the entire content of this manuscript and approved
its submission.

Use of Large Language Models, AI and Machine Learning
Tools: None declared.

Conflict of interest: The authors state no conflict of interest.
Research funding: This research was funded by the Fed-
eral Ministry of Research, Technology and Space (BMFTR)
through the research initiative "Biogene Wertschopfung
und Smart Farming (BWSF)” (Biogenic Value Creation and
Smart Farming) to the Fraunhofer-Gesellschaft.

Data availability: Not applicable.

References

[1] F.Tanneberger et al., “Quantifying ecosystem services of rewetted
peatlands — the MoorFutures methodologies,” Ecol. Indic.,
vol. 163, p. 112048, 2024.

[2] F.Parish et al., Eds. Assessment on Peatlands, Biodiversity and Climate
Change: Main Report. Kuala Lumpur, Malaysia: Global Environment
Centre, Wageningen, Netherlands, Wetlands International,

2008.

[3]1 F.Tanneberger etal., “The power of nature-based solutions: How
peatlands can help us to achieve key EU sustainability objectives,”
Adv. Sustain. Syst., vol. 5, no. 1, p. 2000146, 2021.

[4] A.Bonn,T. Allott, M. Evans, H. Joosten, and R. Stoneman, “Peatland
restoration and ecosystem services: An introduction,” in Peatland
Restoration and Ecosystem Services: Science, Policy and Practice,
Cambridge, United Kingdom, Cambridge University Press, 2016,
pp. 1—16.

[5]1 J. Kreyling et al., “Rewetting does not return drained fen peatlands
to their old selves,” Nat. Commun., vol. 12, no. 1, p. 5693, 2021.

[6] B.Tiemeyer et al., “A new methodology for organic soils in
national greenhouse gas inventories: Data synthesis, derivation
and application,” Ecol. Indic., vol. 109, p. 105838, 2020.

T. Husting et al.: Scalable Al monitoring for peatlands =343

[71 W. Wichtmann, C. Schrdder, and H. Joosten, Paludiculture
— Productive Use of Wet Peatlands: Climate Protection — Biodiversity
— Regional Economic Benefits, Stuttgart, Germany, Schweizbart
Science Publishers, 2016, p. 272.

[8] W. Wichtmann and H. Joosten, “Paludiculture: Peat formation and
renewable resources from rewetted peatlands,” IMCG Newslett.,
vol. 3, pp. 24—28, 2007.

[9] S.Wichmann and A. Nordt, “Unlocking the potential of peatlands
and paludiculture to achieve Germany’s climate targets: Obstacles
and major fields of action,” Front. Clim., vol. 6, p. 1380625,

2024.

[10] W.Wichtmann, S. Wichmann, and F. Tanneberger, “Paludikultur
— Nutzung nasser Moore: Perspektiven der energetischen
Verwertung von Niedermoorbiomasse,” NundL, vol. 19, nos. 3—4,
pp. 211—220, 2010.

[11] H.Joosten et al., “MoorFutures@®): Integration of additional
ecosystem services (including biodiversity) into carbon credits
— standard, methodology and transferability to other regions,” in
BfN-Skripten, vol. 407, Bonn, Federal Agency for Nature
Conservation (BfN), 2015.

[12] M.S. Reed et al., “Peatland core domain sets: Building consensus
on what should be measured in research and monitoring,” Mires
Peat, vol. 28, p. 26, 2022.

[13] R.Nordbeck, K. Hogl, and L. Schaller, “The integration of peatlands
into the EU common agricultural policy: Recent progress and
remaining challenges,” Environ. Sci. Policy, vol. 169, p. 104077, 2025.

[14] R.Andersen et al., “An overview of the progress and challenges of
peatland restoration in Western Europe,” Restor. Ecol., vol. 24,
no. 2, pp. 271—282, 2016.

[15] G. Ghazaryan, L. Krupp, S. Seyfried, N. Landgraf, and C. Nendel,
“Enhancing peatland monitoring through multisource remote
sensing: Optical and radar data applications,” Int. /. Remote Sens.,
vol. 45, no. 18, pp. 6372—6394, 2024.

[16] P.D. Hunter et al., “Developing a toolkit for monitoring the success
of peatland restoration projects using remote sensing and
wireless sensor networks,” in NatureScot Research Report, no. 1362,
2023.

[17] S.A. F.Bonnett, S. Ross, C. Linstead, and E. Malty, “A review of
techniques for monitoring the success of peatland restoration,” in
NECR, no. 086, Liverpool, UK, University of Liverpool, 2009.

[18] S.Bansal et al., “Practical guide to measuring wetland carbon
pools and fluxes,” Wetlands, vol. 43, p. 105, 2023.

[19] J.T. Liew et al., “Sustainable peatland management with IoT and
data analytics,” in Smart and Sustainable Collaborative Networks 4.0
(PRO-VE 2021), IFIP Advances in JJICT, vol. 629, L. M.
Camarinha-Matos, X. Boucher, and H. Afsarmanesh, Eds., Cham,
Switzerland, Springer, 2021, pp. 530—538.

[20] S.Essa, R. Petra, M. R. Uddin, W. S. H. Suhaili, and N. I. Ilmi,
“IoT-based environmental monitoring system for Brunei peat
swamp forest,” in Proc. 2020 Int. Conf. Comput. Sci. Appl. Agric.
(ICOSICA), Indonesia, Bogor, 2020, pp. 1-5.

[21] O. Mazhelis, E. Luoma, and H. Warma, “Defining an
internet-of-things ecosystem,” in Internet of Things, Smart Spaces,
and Next Generation Networking (ruSMART/NEW2AN 2012), Lecture
Notes in Computer Science, vol. 7469, S. Andreev, S. Balandin, and Y.
Koucheryavy, Eds., Berlin, Germany, Springer, 2012.

[22] A.Sali et al., “Peatlands monitoring in Malaysia with IoT systems:
Preliminary experimental results,” in Computational Intelligence in
Information Systems (CIIS 2021), Adv. Intell. Syst. Comput., vol. 1321,



344 = T.Husting et al.: Scalable Al monitoring for peatlands

W. S. H. Suhaili, N. Z. Siau, S. Omar, and S. Phon-Amuaisuk, Eds.,
Cham, Switzerland, Springer, 2021, pp. 233—242.

[23] Z.Li, A.Sali,J. T. Liew, N. L. Saleh, and A. M. Ali, “Machine learning
for peatland ground water level (GWL) prediction via IoT system,”
IEEE Access, vol. 11, pp. 89585—89598, 2024.

[24] R.Neyns and F. Canters, “Mapping of urban vegetation with
high-resolution remote sensing: A review,” Remote Sens., vol. 14,
no. 4, 2022, Art. no. 1031.

[25] L.Ren,F. Eller, C. Lambertini, W. Y. Guo, H. Brix, and B. K. Sorrell,
“Assessing nutrient responses and biomass quality for selection of
appropriate paludiculture crops,” Sci. Total Environ., vol. 664,
pp. 1150—1161, 2019.

[26] C.Hellmann, B. Bobertz, F. Hibner, N. Kéhn, ). Kreyling, and S. van
der Linden, “Biomass prediction of Typha latifolia on a
paludiculture site by combining structural and spectral features
from UAS data,” Mires Peat, vol. 31, p. 18, 2024, https://doi.org/10
.19189MaP.2023.CM.Sc.2455998.

[27] P.Agrawal, R. Bose, G. K. Gupta, G. Kaur, S. Paliwal, and A. Raut,
“Advancements in computer vision: A comprehensive review,” in
Proc. 2024 ICICET, Nagpur, India, 2024, pp. 1—6.

[28] J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You only look
once: Unified, real-time object detection,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit. (CVPR), Las Vegas, NV, USA, 2016,
pp. 779—788.

[29] C.Barrasso, R. Kriiger, A. Eltner, and A. F. Cord, “Mapping indicator
species of segetal flora for result-based payments in arable land
using UAV imagery and deep learning,” Ecol. Indic., vol. 169,

p. 112780, 2024.

[30] K. Fukushima, “Neocognitron: A self-organizing neural network
model for a mechanism of pattern recognition unaffected by shift
in position,” Biol. Cybern., vol. 36, no. 2, pp. 193—202, 1980.

[31] A.Vaswani et al., “Attention is all you need,” in Adv. Neural Inf.
Process Syst., USA, 2017, pp. 5998 —6008.

[32] C.D.Evans etal., “Overriding water table control on managed
peatland greenhouse gas emissions,” Nature, vol. 593,
pp. 548552, 2021.

[33] G.Jurasinski, A. Glinther, V. Huth, J. Couwenberg, and S. Glatzel,
“Ecosystem services provided by paludiculture,” in Paludiculture
— Productive Use of Wet Peatlands: Climate Protection — Biodiversity
— Regional Economic Benefits, Stuttgart, Germany, Schweizerbart
Science Publishers, 2016, p. 79.

[34] A.Rasédnen, A. Tolvanen, and S. Kareksela, “Monitoring peatland
water table depth with optical and radar satellite imagery,” Int. J.
Appl. Earth Obs. Geoinf., vol. 112, no. 7859, p. 102866, 2022.

[35] H.He, L. Clark, O.Y. Lai, R. Kendall, I. Strachan, and N. T. Roulet,
“Simulating soil—atmosphere exchanges and CO, fluxes for an
ongoing peat extraction site,” Ecosystems, vol. 26, pp. 1335—13438,
2023.

[36] A.Autio, P. Ala-Aho, A.-K. Ronkanen, P. M. Rossi, and B. Klgve,
“Implications of peat soil conceptualization for groundwater
exfiltration in numerical modeling: A study on a hypothetical
peatland hillslope,” Water Resour. Res., vol. 56, no. 1, 2020,

Art. no. e2019WR026203.

[37] U.A.Khan, H. Postila, K. Kujala, E. Heiderscheidt, and A.-K.
Ronkanen, “Capability of HYDRUS wetland module to simulate
flow and nitrogen removal processes in pilot-scale treatment
peatlands under frost and no-frost conditions,” Ecol. Eng., vol. 184,
p. 106790, 2022.

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[43]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

DE GRUYTER OLDENBOURG

D. D. Baldocchi, “How eddy covariance flux measurements have
contributed to our understanding of global change biology,” Glob.
Chang. Biol., vol. 26, no. 1, pp. 242 —260, 2020.

H. Takahiko et al., “2013 supplement to the 2006 IPCC guidelines
for national greenhouse gas inventories: Wetlands,” Switzerland,
IPCC, 2014 [Online]. https://www.ipcc.ch/publication/2013-
supplement-to-the-2006-ipcc-guidelines-for-national-
greenhouse-gas-inventories-wetlands/ [Accessed: Aug. 2, 2025].
M. Drosler and M. Kraut, “Klimaschutz durch Moorschutz - im
Klimaprogramm Bayern (KLIP 2020/2050),” ANLiegen Nat., vol. 42,
no. 1, pp. 31—-38, 2020.

J. Couwenberg et al., “Assessing greenhouse gas emissions from
peatlands using vegetation as a proxy,” Hydrobiologia, vol. 674,
no. 1, pp. 67—89, 2011.

M. Aubinet et al., “Nighttime flux correction,” in Eddy Covariance: A
Practical Guide to Measurement and Data Analysis, M. Aubinet, T.
Vesala, and D. Papale, Eds., Springer Atmospheric Sciences,
Dordrecht, The Netherlands, Springer Science + Business Media,
2012, pp. 133—157.

M. Korkiakoski et al., “Methane exchange at the peatland forest
floor—automatic chamber system exposes the dynamics of small
fluxes,” Biogeosciences, vol. 14, no. 7, pp. 1947—1967, 2017.

F. Reichelt, “Evaluierung des GEST-Modells zur Abschatzung der
Treibhausgasemissionen aus Mooren (Evaluation of the GEST
model for estimating greenhouse gas emissions from peatlands),”
Doctoral dissertation, MSc thesis, Universitat Greifswald, 2015,

p. 47.

M. Arasumani, F. Thiel, V.-D. Pham, C. Hellmann, M. Kaiser, and S.
van der Linden, “Advancing peatland vegetation mapping by
spaceborne imaging spectroscopy,” Ecol. Indic., vol. 154, 2023, Art.
no. 110665.

Z. Liu and X. Huang, “Deep learning with UAV imagery for
subtropical Sphagnum peatland vegetation mapping,” Remote
Sens., vol. 17, no. 17, 2025, Art. no. 2920.

R. K. James et al., “Monitoring vegetation patterns and their
drivers to infer resilience: Automated detection of vegetation and
megaherbivores from drone imagery using deep learning,” Ecol.
Inform., vol. 81,2024, Art. no. 102580.

Agvolution GmbH, “Climavi microclimate,” Agvolution, 2025
[Online]. https://agvolution.com/climavi-microclimate/ [Accessed:
Sep. 4, 2025].

R. C. Team, R: A Language and Environment for Statistical Computing
and Graphics, Vienna, Austria, R Foundation for Statistical
Computing, 2022.

D. Scheffler, “AROSICS: An automated and robustopen-source
image co-registration software for multi-sensor satellite data,”
Zenodo, vol. 9, no. 7, p. 676, 2020.

L.-C. Chen, G. Papandreou, F. Schroff, and H. Adam, “Rethinking
atrous convolution for semantic image segmentation,” arXiv
preprint arXiv:1706.05587, 2017 [Online], https://arxiv.org/abs/1706
.05587.

N. Guimardes, L. Padua, T. Addo, J. Hruska, E. Peres, and J. J. Sousa,
“VisWebDrone: A web application for UAV photogrammetry based
on open-source software,” SPRS Int. J. Geo-Inf., vol. 9, no. 11, p. 679,
2020.

C. Schréder, P. Schulze, V. Luthardt, and J. Zeitz, Eds. Steckbriefe fiir
Niedermoorbewirtschaftung bei unterschiedlichen
Wasserverhdiltnissen, Berlin and Eberswalde, Germany,


https://doi.org/10.19189MaP.2023.CM.Sc.2455998
https://doi.org/10.19189MaP.2023.CM.Sc.2455998
https://www.ipcc.ch/publication/2013-supplement-to-the-2006-ipcc-guidelines-for-national-greenhouse-gas-inventories-wetlands/
https://www.ipcc.ch/publication/2013-supplement-to-the-2006-ipcc-guidelines-for-national-greenhouse-gas-inventories-wetlands/
https://www.ipcc.ch/publication/2013-supplement-to-the-2006-ipcc-guidelines-for-national-greenhouse-gas-inventories-wetlands/
https://agvolution.com/climavi-microclimate/
https://arxiv.org/abs/1706.05587
https://arxiv.org/abs/1706.05587

DE GRUYTER OLDENBOURG

Humboldt-Universitat zu Berlin and Hochschule fiir Nachhaltige
Entwicklung Eberswalde, 2015.

[54] Intergovernmental Panel on Climate Change, Climate Change 2022:
Mitigation of Climate Change — Working Group III Contribution to the
Sixth Assessment Report of the IPCC. Mitigation of Climate Change
Contribution to AR6, Cambridge, UK, Cambridge University Press,
2023.

[55] H.-Boll-Stiftung, BUND, Michael Succow Stiftung, and UN Global
Peatlands Initiative, “Peatland atlas 2023 — facts and figures
about wet climate guardians,” Germany, Heinrich-Boéll-Stiftung,
Berling, 2023 [Online]. https://eu.boell.org/PeatlandAtlas
[Accessed: Aug. 22, 2025].

Bionotes

Timothy Husting

Department of Bioeconomy, Fraunhofer
Institute for Computer Graphics Research
1GD, Joachim-Jungius-StraBe 11, 18059
Rostock, Germany
timothy.james.husting@igd-r.fraunhofer

C de
/‘ https://orcid.org/0009-0000-5054-8136

Timothy Husting is an environmental scientist at the Fraunhofer Institute
for Computer Graphics Research IGD. He studied Environmental Science
at TU Braunschweig and earned a Master’s degree. From 2019 to 2023,
he worked as a student assistant at the Thiinen Institute of
Climate-Smart Agriculture in the peatland research group. He joined
Fraunhofer IGD in 2023 and is responsible for hydrological modeling that
combines remote sensing with real-time data loggers, with a strong
focus on LiDAR technology.

Mario Trouillier

Department of Bioeconomy, Fraunhofer
Institute for Computer Graphics Research
IGD, Joachim-Jungius-StraBe 11, 18059
Rostock, Germany
https://orcid.org/0000-0001-9151-7686

Mario Trouillier is a computational ecologist at the earth observation
group of the Thiinen Institute in Braunschweig, Germany. Mario is
interested in the intersection of ecology, machine learning, remote
sensing (UAV + satellite), and modeling. He studied forestry and nature
conservation at the TU Dresden (BSc.) and Georg-August-Universitat
Gottingen (MSc.), before earning his PhD. at the University of Greifswald.
Before joining the Thiinen Institute, Mario worked as a postdoc at the
University of Greifswald (Project DIG-IT) and the Fraunhofer Institute for
Computer Graphics Research IGD in Rostock.

T. Husting et al.: Scalable AI monitoring for peatlands == 345

Henriette Rossa

Peatland Science, Institute of Botany and
Landscape Ecology, University Greifswald,
Soldmannstral3e 15, 17487 Greifswald,
Germany
https://orcid.org/0009-0008-0772-9888

Henriette Rossa is a landscape ecologist working in the Peatland Science
group of the University of Greifswald. She graduated in Landscape
Ecology and Nature Conservation (MSc.) in 2019, in the field of
dendrochronology. Now she is dealing with automatic vegetation
recognition and classification on image data in cooperation with the
Fraunhofer Institute for Computer Graphics Research IGD in Rostock.

Philipp Wree

Department of Bioeconomy, Fraunhofer
Institute for Computer Graphics Research
IGD, Joachim-Jungius-StraBe 11, 18059
Rostock, Germany
https://orcid.org/0009-0003-6206-1730

Philipp Wree holds a B.Sc. in Forest Sciences and Forest Ecology from the
Georg-August-Universitat Gottingen and a M.Sc. in Agricultural and
Resource Economics from the Humboldt University Berlin. In 2017, he
earned his PhD in Agricultural Sciences from the TU Munich. Philipp Wree
gained industry experience at Yara, a global leader in plant nutrition,
where he served as Head of Laboratory and Field and Greenhouse trial
operations and contributed to the company’s global digitalization
strategy. Before joining the Fraunhofer Institute for Computer Graphics
Research IGD in Rostock in 2022, Philipp Wree worked as a senior
manager at EY in business consulting, with a focus on the agriculture and
food sector.

Milan Bergheim

Department of Bioeconomy, Fraunhofer
Institute for Computer Graphics Research
IGD, Joachim-Jungius-StraBe 11, 18059
Rostock, Germany
https://orcid.org/0009-0000-3235-651X

Milan Bergheim is a strategic product designer focused on technology
and service innovation. At Fraunhofer Institute for Computer Graphics
Research IGD, he is responsible for product development in the peatland
domain, strengthening collaborations across industry and research and
maintaining close stakeholder engagement to ensure user centered


https://eu.boell.org/PeatlandAtlas
mailto:timothy.james.husting@igd-r.fraunhofer.de
mailto:timothy.james.husting@igd-r.fraunhofer.de
https://orcid.org/0009-0000-5054-8136
https://orcid.org/0000-0001-9151-7686
https://orcid.org/0009-0008-0772-9888
https://orcid.org/0009-0003-6206-1730
https://orcid.org/0009-0000-3235-651X

346 = T.Husting et al.: Scalable Al monitoring for peatlands

solutions. Previously, he worked in innovation teams at Brose and
BARMER, as a freelance product designer, and on his own start up in
peatland monitoring. He holds a B.A. in Industrial Design from HTW
Berlin University and a M.A. in Product Design from WeiRensee Academy
of Art Berlin. His work has been exhibited at the Dutch Design Week and
other venues and he has received several awards including the German
Ecodesign Award, the UX Design Award and the Green Concept Award.

Gerald Jurasinski

Peatland Science, Institute of Botany and
Landscape Ecology, University Greifswald,
SoldmannstraRe 15, 17487 Greifswald,
Germany
https://orcid.org/0000-0002-6248-9388

Gerald Jurasinski is a professor of peatland science whose research
focuses on the effects of land use and climate change on vegetation,
soils, and biogeochemical cycling at site, ecosystem, and landscape
scales. He applies vegetation and plant ecological, biogeochemical,
microbiological and micrometeorological methods combined with
geographic information systems and geostatistical modeling. Since 2008,
his work has concentrated on peatland and forest ecosystems, with a
particular emphasis on greenhouse gas exchange, carbon and nutrient
cycling, peat formation processes, and the restoration and rewetting of
peatlands, including coastal peatlands.

DE GRUYTER OLDENBOURG

Daniel L. Ponisch

Department of Bioeconomy, Fraunhofer
Institute for Computer Graphics Research
IGD, Joachim-Jungius-StraBe 11, 18059
Rostock, Germany
https://orcid.org/0000-0002-8544-8167

Daniel L. Pénisch is the scientific lead of the peatland research focus at
Fraunhofer Institute for Computer Graphics Research IGD, where he has
been working since December 2023 in applied research on peatland
rewetting and greenhouse gas emissions. He serves as the lead scientist
in the peatland domain and contributes to the establishment of the
peatland research program at IGD. His work focuses on sensor based and
automated real time data acquisition, water level and vegetation based
estimation of greenhouse gas fluxes, and the digitalization of peatland
monitoring and assessment. He received his PhD from the Leibniz
Institute for Baltic Sea Research Warnemiinde, where his research in
marine chemistry addressed carbon cycling in shallow coastal waters and
the release of climate relevant trace gases from peat containing
sediments and coastal peatlands. His work involved the development
and application of high resolution multisensor measurement platforms
within the interdisciplinary DFG Graduate School Baltic TRANSCOAST. He
studied chemistry at the TU Dresden and the University of Rostock.


https://orcid.org/0000-0002-6248-9388
https://orcid.org/0000-0002-8544-8167

	1 Introduction
	2  State of the art
	2.1  Multisensor observation: UAVs and sensor networks for peatland monitoring
	2.2  Remote sensing: the situation of peatland vegetation monitoring
	2.3  AI-models for peatland vegetation classification
	2.4  Hydrological information: practical solutions for peatland hydrology
	2.5  Vegetation-proxy-based GHG accounting using the GEST approach

	3  General description of the integrated monitoring approach
	3.1 System objectives
	3.2 System approach
	3.2.1  Stationary multisensory platform
	3.2.2  UAV multisensory platform
	3.2.3  Ground-truth-activities

	3.3 Two data processing pipelines
	3.3.1  Hydrological processing pipeline – derivation of water level classes
	3.3.2  VC pipeline – vegetation classification


	4  Accessibility and applications
	4.1 Accessibility
	4.2  Application: GHG accounting by the GEST approach
	4.3 Application: smart paludiculture management
	4.4  Adaptability for emerging markets
	4.5 Remaining challenges

	5 Outlook
	Bionotes


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Euroscale Coated v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 35
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1000
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.10000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /DEU <>
    /ENU ()
    /ENN ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (ISO Coated v2 \(ECI\))
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName <FEFF005B0048006F006800650020004100750066006C00F600730075006E0067005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 8.503940
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


