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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 peatlandmanagement practices, such as paludi-

culture, are gaining interest as they allow the productive use

ofwet or rewetted peatlandswhile 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 ecosystemmonitoring 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 AI. 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: AI-driven vegetation classification; bioeconomy;

hydrological monitoring; paludiculture; peatland; UAV re-

mote sensing

Zusammenfassung: Moore sind essenzielle Ökosysteme,

die eine Vielzahl von Leistungen wie Kohlenstoffspei-

cherung, Lebensraum für Biodiversität und Wasserregu-

lierung erbringen. Die meisten Moore in Deutschland

sind entwässert, was zu Kohlenstoffemissionen, Boden-

senkungen und dem Verlust von Ökosystemleistungen

führt. Wiedervernässung und nachhaltige Bewirtschaf-

tungspraktiken wie Paludikultur gewinnen zunehmend an

Bedeutung, da sie eine produktive Nutzung nasser oder

wiedervernässter Moore ermöglichen und gleichzeitig Öko-

systemleistungen erhalten sowie die Biomasseproduktion

unterstützen. Eine umfassende Überwachung von Mooren

ist nicht nur für die Umsetzung von Wiedervernässung

und Moormanagement unerlässlich, sondern bildet auch

die Grundlage für die Schaffung finanzieller Anreize, et-

wa für Emissionszertifikate oder verbesserte Absatzmög-

lichkeiten der Biomasse. Allerdings sind die derzeitigen

Monitoring-Methoden nicht in der Lage, eine skalierbare

und effiziente Erfassung von Ökosystemleistungen im Hin-

blick auf Kosten, Zuverlässigkeit, Auflösung und Integrität

sicherzustellen. Hier berichten wir über ein Projekt, das
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sich der Entwicklung einer modularen, nutzerzentrierten

digitalen Plattform zur Überwachung von Ökosystemleis-

tungen von Mooren widmet. Wir stellen die Forschung

sowie den Aufbau und die Implementierung eines inte-

grierten, multifunktionalen Sensornetzes als großflächigen

Monitoring-Ansatz vor. Die Plattform nutzt Sensornetzwer-

ke und Fernerkundung (RS) mittels unbemannter Luftfahr-

zeuge (UAV) sowie künstlicher Intelligenz (AI) und visual

Computing (VC). Zentrale Komponenten umfassen die auto-

matisierte Erfassung und Verarbeitung von Wasserstands-

karten über Echtzeit-Sensornetzwerke sowie die Klassifi-

zierung von Vegetation mithilfe von UAV-Bildern und KI.

Diese Datenströme werden in übertragbare Modelle inte-

griert, um Ökosystemleistungen zu bewerten, Kohlenstoff-

und/oder Biodiversitätszertifikate zu verifizieren und Palu-

dikultur auf regionaler und internationaler Ebene zu unter-

stützen.

Schlüsselwörter: Bioökonomie; hydrologischesMonitoring;

KI gestützte 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

drainagewhich 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 (CO2) emissions [4], [5].

The most effective measure to restore ecosystem ser-

vices of drained peatlands and reduce their CO2 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

services such as reducedGHGemissions [10]–[12], improved

habitat for biodiversity or improvedwatermanagement [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 ecosystemwhile 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 ecosystemvariables or generatemeasurable, 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 viamodularmulti-sensor networks for real-time data

collection, (2) the monitoring of vegetation by classifica-

tion of its composition through UAV RS and AI, 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 enhancemonitoring 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

powerfulmodels offerways 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,

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 AI-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-basedmodels [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-basedmodels, 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

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 AI-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 deploymentwith 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 AI-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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Figure 1: Schematic overview of the planned integration of data spaces, scientific interpretations, potential applications and benefits for the

bioeconomy within the project (AI: artificial intelligence; GESTs: Greenhouse gas Emission Site Types; GHG: greenhouse gas).

development, where the conceptual framework is com-

plemented by ongoing prototyping and testing. Ultimately,

the system generates measurable impact by supporting

market access and incentives for farmers, improving

resource efficiency and EU levels and enabling large-scale

peatland rewetting.

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-

sor system records atmospheric (temperature, humidity,

wind speed, irradiance), soil (moisture, temperature) and

hydrological parameters at high temporal resolution, with

optional expansion to nutrient, oxygen or dissolved organic

carbon (DOC) measurements. Water levels are monitored

using a Keller PAA-36XiW sensor. The sensor node serves as

the central unit for data acquisition and integration, ensur-

ing synchronized timestamping. The transitionmodule 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-

cations with minimal on-site effort and disturbance.

3.2.2 UAV multisensory platform

To bridge the spatial and temporal gap between in situ

measurements and coarser satellite imagery, UAV imagery

is acquired using a multisensor setup combining high-

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.

In the final system, a single drone flight should suffice

for automatic vegetation mapping. In contrast, the train-

ing data are collected biweekly to capture all phenological

stages and visual appearances of the plant species. For data

acquisition, a multispectral CMOS 5 MP camera is flown

at 43 m altitude (corresponding to a ground sampling dis-

tance of 1 and 2 cm/px for RGB and multispectral respec-

tively), 3.8 m s−1 speed, 80 % lateral and frontal overlap,

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

twice a year, using the Zenmuse L2 (DJI, China) at 80 m

altitude, 80 % forward and 50 % side overlap, 5 m s−1 speed,
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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 georeferencedwith 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) andbiodiversity 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.

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 0.05 m

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 ofwater level on rel-

ative surface elevation. Using topography as an explanatory

variable increases physical plausibility of the predictors,

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 AI-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 themodel to distinguishbetween, e.g.,

low vegetation and tall dense reed stands.

Figure 3: Input for the AI 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.

Vegetation mapping follows two complementary

approaches. With manual mapping we create a

ground-truth dataset for AI-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 × 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 AI. The resulting

orthophotos are structured as data cubes (GeoTIFFs) with

ten layers, serving as input for state of the art AI 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 thisway, 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

rewettingwhenvegetation indicators arenot 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 (AI: artificial intelligence; DSM: digital

surface model; GESTs: Greenhouse gas Emission Site Types; GHG: greenhouse gas; NIR: near-infrared; RTK-GNSS: real-time kinematic global

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 1 h). 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, AI-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−1, 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−1.

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 GeoJSON

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 AI-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. AI-

assisted species and vegetationmapping 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

openopportunities for biodiversity services. Theunderlying

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.
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