
Science of Remote Sensing 14 (2026) 100489 

A
2

 

Contents lists available at ScienceDirect

Science of Remote Sensing

journal homepage: www.sciencedirect.com/journal/science-of-remote-sensing  

Full Length Article

Towards generalizable mapping of hedges and linear woody features from 

Earth observation data: A national product for Germany
Thorsten Hoeser a ,∗, Verena Huber-García a , Sarah Asam a , Ursula Gessner a , 
Claudia Kuenzer a,b
a Earth Observation Center (EOC), German Aerospace Center (DLR), Oberpfaffenhofen, 82234 Wessling, Germany
b Institute for Geography and Geology, University of Wuerzburg, 97074 Wuerzburg, Germany

A R T I C L E  I N F O

Dataset link: https://geoservice.dlr.de/web/
Keywords:
Remote sensing
Hedgerows
Tree lines
Riparian vegetation
Aerial imagery
Deep learning
Synthetic data

 A B S T R A C T

Hedges and other linear woody features provide valuable ecosystem services, particularly within intensively 
managed agricultural landscapes. They are key elements for climate adaptation and biodiversity amongst others 
not only due to a largely varying flora, but also as a feeding-, resting-, and nesting place for many animals 
and insects including valuable pollinators. Therefore, they require dedicated management, preservation, and 
attention. Thus, systematic and large-scale mapping of these features from Earth observation data is of high 
importance. However, transferable and reusable workflows for linear woody feature mapping remain a key 
methodological challenge, given the diversity of sensor types, spatial resolutions, data acquisition conditions, 
and complex landscape variability encountered across study areas. We introduce a modular workflow built 
around two independently optimizable components. Firstly, a flexible input data interface that consolidates 
heterogeneous Earth observation data into a binary woody vegetation mask, and secondly, a deep neural 
network trained to separate linear from non-linear shapes within these masks. We demonstrate the workflow 
by deriving three national-scale linear woody feature maps for all of Germany from three input sources with 
0.73 m, 1 m and 3 m spatial resolution, respectively, by using a single trained model without retraining. 
Evaluation against refined reference data from four federal state biotope mapping campaigns and comparison 
with two existing linear woody feature maps demonstrate that the workflow produces competitive results across 
all evaluation sites on a national level. The modular design and its demonstrated applicability at national scale 
provide a foundation from which mapping beyond Germany can be extended.
1. Introduction

Woody features are essential components of open landscapes as 
they provide a wide range of ecosystem services. They are important 
habitats for a large variety of floral and faunal species, they reduce soil 
erosion by water and deflation by wind, as well as evapotranspiration, 
and increase water retention (Xiao et al., 2024; Holden et al., 2019; 
Ghafarian et al., 2024; Kratschmer et al., 2024; Holland and Fahrig, 
2000; Brandle et al., 2004). Further, they store significant amounts of 
above and belowground carbon (Marcantonio et al., 2024; Drexler and 
Don, 2024; Drexler et al., 2021) and are, in several regions, of high 
value for recreation and cultural landscape identity (Burel and J., 1995; 
DJordjevic et al., 2025). The conservation, regrowth, sustainable man-
agement and thus also the monitoring of such woody landscape features 
are receiving increasing attention from diverse stakeholder groups, 
including ecologists and agricultural practitioners, and are promoted 
in several legislations such as the EU Nature Restoration Regulation 
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(European Parliament and Council of the European Union, 2024), the 
EU Common Agricultural Policy (European Commission, 2026), and 
the EU Biodiversity Strategy (European Commission and Directorate-
General for Environment, 2021). Among the woody features in open 
landscapes, linear woody features, such as hedgerows, tree lines, and 
riparian vegetation, play an important role. Compared to more com-
pact woody features, their elongated shape makes them particularly 
effective at reducing runoff and hindering deflation of soil, while also 
enhancing their habitat value by providing ecological corridors and 
extensive edge habitats (Montgomery et al., 2020; Garratt et al., 2017; 
Pelletier-Guittier et al., 2020). Ecotones exhibit higher biodiversity and 
ecological complexity than adjacent habitats alone, serving as refuges 
and corridors for species that depend on environmental conditions of 
both ecosystems, a phenomenon well-documented in studies on land-
scape ecology (Kratschmer et al., 2024; Klimm et al., 2025). Further, 
they have traditionally been an integral part of cultural landscapes, 
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as they naturally grow along parcel boundaries, streets, railroads, wa-
terways, and natural water bodies. Which makes them also a shared 
object of interest with agricultural parcel and boundary delineation, 
where parcels are defined as land units bounded by permanent physical 
features including hedgerows and ditches (Zheng et al., 2026b).

Earth observation (EO) has become a key tool to derive large-scale 
inventories of woody cover, enabling the systematic mapping of its 
spatial distribution and temporal dynamics. The separation of woody 
landscape elements however is less evolved, with the Small Woody Fea-
tures (SWF) layer published by the European Union’s Copernicus Land 
Monitoring Service (CLMS) having been the only routinely produced 
EO data set in this domain Faucqueur et al. (2019). The availability of 
high-resolution EO data, combined with automated analysis methods, 
now enables efficient large-area assessments for agriculture and agro-
forestry applications (Huang et al., 2026; Zheng et al., 2026b). This is 
particularly relevant because manual digitization of woody features is 
labour-intensive and becomes infeasible when addressing large spatial 
extents or when frequent updates are required.

Mapping linear woody features using EO data has therefore been 
the focus of numerous studies across different spatial scales, sensor 
types, and application contexts. In addition to older studies like the 
ones from Aksoy et al. (2010), Arias et al. (2013), Betbeder et al. 
(2014), Tansey et al. (2009), Vannier and Hubert-Moy (2010), Fauvel 
et al. (2014) and O’Connell et al. (2015), several recent studies on the 
detection of linear woody features exist: Huber-García et al. (2025) 
mapped hedgerows across Bavaria, Germany, from orthophotos with 
a 20 cm spatial resolution using the DeepLabV3 (Chen et al., 2018b), 
a Convolutional Neural Network architecture. A preliminary study of 
the Bavarian-wide product was carried out by Ahlswede et al. (2021) 
who detected hedgerows for one study site in Bavaria from IKONOS 
imagery at 1 m spatial resolution testing several neural networks. Muro 
et al. (2025) made use of a U-Net architecture for the segmentation of 
hedgerows from PlanetScope data with 3 m spatial resolution acquired 
between April and October 2022 at the national scale of Germany.

There are other regional to national studies across Europe such as 
Wolstenholme et al. (2025) who identified hedgerows and hedgerow 
gaps from 25 cm resolution aerial imagery using the U-Net architecture 
for a region in the UK, while Broughton et al. (2025) modelled linear 
woody features for entire UK using a rule-based approach from 1 m 
resolution LiDAR data. In another study by Conserva et al. (2025) 
covering the UK, the authors mapped hedges, woodlands as well as 
stone walls using a deep learning model on 25 cm resolution orthopho-
tos. Gardossi et al. (2025) focused on the semi-automatic extraction of 
hedgerows by applying Object-Based Image Analysis (OBIA) to Plan-
etScope (3 m resolution) and Sentinel-2 (10 m resolution) in Northern 
Italy. Grondard et al. (2025) monitored woody landscape features for 
parts of the Netherlands following a rule-based approach and making 
use of 50 cm resolution LiDAR data. Finally, in the study by Strnad 
et al. (2023) a U-Net-based segmentation model was used for detecting 
woody vegetation landscape features including hedges, tree lines, and 
riparian vegetation from aerial photography for a study region in 
Slovenia.

Besides, there are several studies focusing on trees outside forests 
(ToF) which include also linear woody features to a substantial extent. 
Meneguzzo et al. (2013) compared two approaches, OBIA and a pixel-
based classification approach, to map ToF for a small study area in 
the USA from 1–2 m resolution aerial imagery. OBIA was also used by 
Pujar et al. (2014) to estimate ToF from a combination of panchromatic 
Cartosat 1 data (2.5 m resolution) and multispectral LISS data (5.8 m 
resolution) for a study area in India. Maack et al. (2017) applied a 
rule-based approach to derive ToF for several study areas in Germany 
from a LiDAR-derived normalized Digital Surface Model (nDSM) at 
a 0.5–1 m resolution. More recently, Liu et al. (2023) used a deep 
learning approach on PlanetScope data at 3 m resolution to map ToF 
over entire Europe, however not explicitly identifying hedgerows. Lucas 
et al. (2025) mapped and classified ToF into the classes forest, patch, 
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linear and tree for several study areas across Germany using a deep 
learning approach on 0.2 m resolution aerial imagery.

There are further studies mapping single tree crowns excluding 
smaller bushes such as Brandt et al. (2020) and Tucker et al. (2023) 
who detected tree crowns across semi-arid sub-Saharan Africa north of 
the Equator. They relied on machine learning techniques and used mul-
tispectral data from several sensors QuickBird-2, GeoEye-1, WorldView-
2 and WorldView-3 with a 0.5 m spatial resolution. Also Reiner et al. 
(2023) mapped the tree crown cover, both within and outside forests, 
for entire Africa using PlanetScope data and a U-Net architecture.

However, these efforts often differ substantially in their spatial res-
olution and extent, landscape type and definitions of what constitutes a 
linear woody feature. As a result, many existing approaches are highly 
specialized, relying on narrowly optimized models and workflows tai-
lored to particular combinations of input data configuration like a 
specific sensor, certain acquisition times, and confined study areas, 
see Fig.  1 for example differences. While such approaches can achieve 
high performance (Huber-García et al., 2025; Lucas et al., 2025), 
transferring them to different regions, data sources, or conditions of 
acquisition often leads to significant performance degradation or may 
require extensive retraining and workflow adjustments, a limitation 
that the field of domain adaptation addresses explicitly (Zheng et al., 
2026a; Li et al., 2025). Continual test-time adaptation is one response 
to retraining models when the target domain shifts (Cao et al., 2026), 
whereas the modular approach presented in this study instead removes 
those components of the input data which are prone to shifts, such as 
seasonal appearance, or sensor induced differences.

In this study, we introduce an approach designed to address these 
limitations by aiming for sensor-independent and data-flexible extrac-
tion of linear woody features. The proposed workflow is capable of 
incorporating heterogeneous types of EO data and EO-derived products 
as input sources and translating them to an intermediate binary woody 
vegetation mask before linear woody feature extraction. Furthermore, 
the approach emphasizes spatial transferability by employing a training 
strategy that does not rely directly on site-specific real-world labels but 
uses synthetically generated, and thus site-independent, training data.

We present this approach for linear woody feature extraction, its 
application, and potential for methodological refinement. To demon-
strate its flexible applicability, we generate three national-scale linear 
woody feature maps for all of Germany derived from three different 
data sources, each representing distinct EO sensor types and spatial res-
olutions. Our overarching objective is to move beyond narrowly defined 
data-site-model-application configurations and instead establish a con-
solidated yet flexible and thus transferable workflow for linear woody 
feature mapping. At the core of the developed workflow is a deep 
learning-based segmentation model trained to disentangle non-linear or 
patchy woody vegetation from linear woody vegetation, combined with 
an input interface that allows heterogeneous data sources, including 
EO imagery, EO-derived products, and GIS data sets, to be integrated 
individually or jointly. We further perform a comparative evaluation for 
the three data sets and two existing data sets from Germany, and discuss 
advantages and disadvantages of the proposed workflow, as well as 
options for future research.

The main contributions of this study are as follows:

• A conceptual workflow for linear woody feature separation, en-
abling heterogeneous input data sets to be integrated into a 
consolidated processing pipeline.

• A training process for the linear woody feature separator deep 
learning model, based on automated, synthetic training data gen-
eration.

• Three national-scale linear woody feature maps for Germany, 
produced at spatial resolutions ranging from 0.73 to 3 m.

• An evaluation based on independent reference data sets and 
comparison of the derived linear woody feature maps against two 
existing linear woody feature maps in Germany.
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Fig. 1. Comparison of different sensor and elevation data products across different sites in Germany, ranging from north (top) to south (bottom), showing different 
configurations in linear woody feature morphologies and their representation at different spatial resolution. DOP20: Geobasisdaten: © GeoBasis-DE/BKG (2023).
2. Data and materials

2.1. Input data for linear woody feature mapping

Data used in this study to generate binary woody feature maps 
and subsequently separate linear woody features, originate from three 
different sources, see Fig.  2. The first source is a heterogeneous data 
corpus provided by the Federal Agency for Cartography and Geodesy 
of Germany (Bundesamt für Kartographie und Geodäsie, BKG), which 
includes digital orthophotos with a spatial resolution of 20 cm (DOP20) 
and four spectral bands (RGB and NIR) (Bundesamt für Kartographie 
und Geodäsie, 2026c). In addition, the BKG provides a digital surface 
model (DSM1) (Bundesamt für Kartographie und Geodäsie, 2026b) 
and a digital terrain model (DTM1) (Bundesamt für Kartographie und 
Geodäsie, 2026a; Arbeitsgemeinschaft der Vermessungsverwaltungen 
der Länder der Bundesrepublik Deutschland (AdV), 2025), each with a 
spatial resolution of 1 m. BKG further supplies vector data representing 
building footprints across Germany for the year 2023. The national 
scale data sets of the BKG are typically provided in EPSG:25832 and 
the raster data is following a 1 by 1 km tile grid.

Germany is organized into 16 federal states. Due to this political 
structure, the nationwide DOP20, DSM1, and DTM1 mosaics used in 
this study are compiled by the BKG from data sets provided by these 
16 federal states individually. While the DSM1 and DTM1 products are 
delivered with harmonized value ranges and include explicit efforts to 
3 
ensure consistency across state boundaries (Bundesamt für Kartogra-
phie und Geodäsie, 2026b), the DOP20 mosaic is designed to serve 
as a high-quality visualization layer. This intended purpose introduces 
several challenges when the data set is used for analytical applications, 
as the airborne data is often times acquired over different years, during 
different months, sometimes during leaf-off or leaf-on season, with 
different sensors.

Fig.  3 illustrates the spatial and temporal distribution of acquisition 
dates contributing to the DOP20 mosaic. The revealed patterns align 
with state borders, particularly at an annual scale, reflecting typical 
update cycles across the federal states. Additionally, a pronounced 
north–south gradient emerges at the level of acquisition months. North-
ern regions tend to acquire imagery during leaf-off conditions early 
in the year, whereas southern regions more commonly capture data 
during leaf-on periods in mid-year, see also Fig.  4.

As the BKG distributes the DOP20 mosaic in tiles of 1000 × 1000 m, 
individual tiles may contain imagery derived from multiple flight cam-
paigns. Because acquisition dates are provided at the tile level, it is 
not always possible to unambiguously assign specific pixels within such 
tiles to a precise acquisition date, see Fig.  4.

Furthermore, in line with its purpose as a visualization layer, the 
digital numbers of the DOP20 mosaic are contrast-enhanced through 
scaling procedures, while those are not provided alongside the mosaic 
tiles. In addition, the tiles are provided as JPEG compressed 8-bit 
tif files with different factors for RGB and IR channels (Bundesamt 
für Kartographie und Geodäsie, 2026c). Therefore, global or tile-based 
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Fig. 2. Overview of the three different input sources separated into a set of heterogeneous data layers provided by the BKG (top), and canopy height map 
input data (bottom row) (Liu et al., 2023; Brandt et al., 2026). All input data sets are used to derive a consolidated intermediate data product, a binary woody 
vegetation mask, one for each input data set (middle). DOP20, DTM1, DSM1: Geobasisdaten: © GeoBasis-DE/BKG (2023).
procedures to convert the digital numbers to surface reflectance values 
are not straightforward. The resulting properties have to be accounted 
for, especially for vegetation analysis, where factors such as varying 
acquisition phenology like leaf-off conditions and inconsistencies in 
radiometric scaling across the mosaic must be carefully addressed. 
Despite these limitations, the geometric accuracy and orthorectification 
quality of the DOP20 mosaic make it a valuable data source with fine 
grained textural features.

The two other data sources used in this study are canopy height 
maps derived from EO data. The data product presented by Liu et al. 
(2023) uses a deep learning approach trained on airborne LiDAR data 
to create a binary canopy/no-canopy mask, and a regression model to 
predict canopy height within this mask across Europe finally derived 
from PlanetScope imagery. The final canopy height map has a spatial 
resolution of 3 m, corresponding to the resolution of the underlying 
PlanetScope imagery acquired in 2019.
4 
The second canopy height map used as input in this study is the 
Canopy Height Map v2 (CHMv2), introduced by Brandt et al. (2026), 
which is the successor of the canopy height map by Tolan et al. 
(2024). CHMv2 is generated using a deep learning model consisting of 
a DINOv3 backbone (Siméoni et al., 2025) and a task-specific canopy 
height estimation head. The model is trained on a curated data set of 
paired LiDAR measurements and RGB imagery from both airborne and 
spaceborne platforms. For inference, RGB satellite imagery from the 
Maxar Vivid2 mosaic, consisting of WorldView-2, WorldView-3, and 
QuickBird II imagery acquired between 2017 and 2020, is used. The 
resulting CHMv2 product provides canopy heights with global coverage 
and an approximate spatial resolution of 1 m (about 1.2 m at the 
equator and approximately 0.73 m in Germany) (Brandt et al., 2026).

From both canopy height maps, tiles intersecting the national 
boundaries of Germany were selected and organized using a GDAL tile 
index with EPSG:25832 as coordinate reference system. This ensures 
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Fig. 3. Overview of the acquisition dates of the DOP20 BKG mosaic tiles and their spatial distribution across Germany.
a unified configuration consistent with the data sets provided by the 
BKG.

2.2. Reference data for linear woody feature validation

The reference data set was compiled with the aim of building a di-
verse data set in terms of spatial distribution over Germany, and spatial 
coverage versus label quality to perform a comprehensive evaluation of 
the derived linear woody vegetation features, see Fig.  5. To this end, 
five independent data sources from different federal states in Germany 
were used.

First, data from the biodiversity monitoring programme (ökologis-
che Flächenstichprobe) in North Rhine-Westphalia were used. This data 
set consists of randomly distributed 1 × 1 km grid tiles in which all 
linear woody biotopes are comprehensively delineated, providing a 
high-quality and systematically sampled Ref. Komanns et al. (2025).

Second, biotope mapping data from the federal state of Brandenburg 
were included (Landesamt für Umwelt, Gesundheit und Verbraucher-
schutz Brandenburg (LUGV), 2013). As parts of this data set are up to 
5 
15 years old and linear woody landscape elements are classified into 
heterogeneous categories, additional processing was required. There-
fore, 30 randomly selected 1 × 1 km tiles were manually revised, with 
all relevant polygons reviewed and corrected to only contain linear 
woody features based on aerial imagery.

Third, biotope mapping data from Bavaria, provided by the Bavar-
ian Environment Agency (LfU) were used. This data set contains 340 
2 × 2 km tiles from five districts surveyed in 2018 to 2020. As the 
Bavarian mapping focuses primarily on ecologically valuable hedgerow 
biotopes rather than capturing all linear woody vegetation, the data 
set was manually complemented by Huber-García et al. (2025) through 
detailed aerial image interpretation to ensure completeness and com-
parability with the other reference sites.

Finally, freely available reference data from the federal state of 
Baden–Wuerttemberg were incorporated to further extend the geo-
graphic coverage and increase the variability of landscape condi-
tions (Landesamt für Geoinformation und Landentwicklung Baden-
Württemberg, 2010). Biotopes were mapped into two main categories: 
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Fig. 4. Overview of the spatial distribution of tiles of the BKG DOP20 mosaic and their leaf on/off condition, where leaf on tiles acquired between April 15 and 
September 15, and tiles with data coming from a single or multiple flight campaigns.
open land habitat mapping and forest biotope mapping. For open land 
habitat mapping, we included biotopes of the following types: field 
hedgerows and groves, as well as near-natural marshland forests. For 
forest biotope mapping, we included the biotopes field hedgerows and 
groves, and dwarf, stunted woody vegetation (‘‘Krummholz scrub’’). 
In contrast to the other reference data sets, which are character-
ized by high-quality labels but sparse spatial coverage, the Baden–
Wuerttemberg data set was selected to provide extensive spatial cover-
age, while accepting a certain degree of ambiguity in the reference data 
where biotope mapping data might be outdated or a slight mismatch 
can be observed comparing reference data and aerial imagery.

3. Method

A central contribution and motivation of this study is to introduce 
a workflow, see Figs.  6 and 1, which is designed to use heterogeneous 
input EO and other auxiliary spatial data to consolidate them individu-
ally to a common intermediate data product, a binary woody vegetation 
mask. These data products are then used as input into a deep learning 
model which is trained to separate linear features from non-linear 
or patchy features, focusing on solving a generalized morphological 
segmentation problem rather than a data-specific appearance-based 
problem.

This workflow combines a flexible, customizable input data inter-
face, until the binary woody vegetation mask, with a deep learning 
model that focuses on the feature’s morphology and spatial context. 
Together, these components allow users to optimize woody vegetation 
mask generation and produce high-resolution, high-quality masks from 
the data they have available. At the same time, the deep learning 
model keeps its focus on separating linear woody features from complex 
binary masks.

The motivation for this design is rooted in building a scalable 
and reusable workflow. It revisits research that demonstrated how 
6 
heterogeneous data has been used to derive binary woody vegetation 
masks for woody feature and linear woody feature extraction (Maack 
et al., 2017; Meneguzzo et al., 2013; Pujar et al., 2014), and extends 
these workflows by providing an answer to the question of how the 
morphological disentanglement of complex woody vegetation masks 
can be addressed through a deep learning approach.

Recent studies have applied deep learning models to directly seg-
ment woody features and linear woody features in EO data (Huber-
García et al., 2025; Lucas et al., 2025; Muro et al., 2025). While these 
approaches achieve strong results, they remain limited to specific spa-
tial scales and test sites, or face challenges in scaling to larger regions 
due to training data availability. We argue that a data-independent and 
globally scalable deep learning approach would benefit when approach-
ing it from a different perspective. Rather than matching sensor-specific 
appearances based on textural and radiometric details, which become 
increasingly difficult to obtain consistently when scaling across space 
and time, the model is instead trained to solve a task that is invariant to 
sensor-, region-, or season-specific appearance. We formulate this task 
as the morphological disentanglement of binary vegetation masks. By 
operating on shape and boundary structure of woody vegetation masks 
alone, the model is decoupled from the radiometric and textural cues 
that vary across space, time, and used sensor. This representation car-
ries less information than the underlying EO data, but the information 
it keeps is stable across acquisition conditions, which is what makes 
the model transferable instead of optimizing for a specific input data 
combination.

3.1. Woody vegetation mask processing from canopy height products

For the two canopy height map products CHMv2 by Brandt et al. 
(2026) and the canopy height map associated with the Trees outside 
Forest study by Liu et al. (2023), we applied height thresholds to 
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Fig. 5. Overview of the spatial distribution of the 5 different reference data sets. The reference data of North Rhine-Westphalia, Baden–Wuerttemberg and 
Brandenburg are based on federal state biotope mapping campaigns. The reference data of Bavaria has been refined by Huber-García et al. (2025) based on 
federal state data, and is presented as two separated train-val and test splits, as they have been used in the study of Huber-García et al. (2025).
generate the binary woody vegetation masks. We use a threshold value 
of 1 m for CHMv2 (Brandt et al., 2026) and 2 m for Liu et al. (2023) 
choosing values at the lower limits of the respective canopy height 
map confidence levels, to maximize recall for lower vegetation which 
otherwise would not be included. Thresholding is performed during 
inference on the fly when the data is loaded from the respective GDAL 
tile index, see 3.5.

3.2. Woody vegetation mask processing from BKG data

The process for deriving the intermediate binary woody vegetation 
mask depends on the characteristics of the available input data. The 
three input data sets introduced in this study for deriving linear woody 
features can be grouped into two categories: The two canopy height 
map products from Brandt et al. (2026) and Liu et al. (2023) re-
quire only lightweight thresholding to generate the intermediate woody 
vegetation mask. In contrast, the BKG data-based woody vegetation 
mask requires a more complex processing workflow, that explicitly 
accounts for factors such as acquisition date and tile-specific contrast 
handling, as introduced in Section 2.1. The more complex processing 
of the BKG data demonstrates how heterogeneous input sources enable 
nationwide linear woody feature extraction. Using only the DOP20 
data, particularly due to the large number of leaf-off acquisitions, 
would introduce significant challenges like multiple trained models and 
model retraining, or would lead to the exclusion of tiles not suitable due 
to their acquisition date.

The proposed workflow for deriving the woody vegetation mask 
from the BKG data corpus is shown in Fig.  7. It begins with the 
generation of two intermediate layers, a height mask (red tiles) and 
a building mask (blue tiles). The DTM1 is subtracted from the DSM1 to 
produce a nDSM1 representing object heights independent of terrain 
7 
elevation at a spatial resolution of 1 m. By applying a threshold of 2 m 
to this layer, a binary height mask is generated for further processing. 
The BKG building footprint vector data is rasterized using the nDSM1’s 
grid layout to produce a corresponding binary building mask.

Subsequently, the DOP20 data set is used to generate vegetation 
masks on a tile-by-tile basis. For each DOP20 tile, metadata are evalu-
ated to determine whether the tile contains multiple acquisition dates 
or falls outside the defined leaf-on period (May 15 until September 15). 
In such cases, no DOP-based NDVI analysis can be conducted and the 
inverted building mask is combined with the height mask to derive the 
woody vegetation mask. If a tile contains data from a single acquisition 
within the leaf-on period, an additional NDVI-based masking step is 
applied to refine the woody vegetation mask by removing elevated 
non-vegetated objects not captured in the building footprint layer.

Due to tile-specific contrast enhancement in the DOP20 imagery, 
vegetation masking must be performed individually for each tile us-
ing NDVI-based threshold detection, rather than applying a global 
threshold. This tile-based approach accounts for the characteristics of 
the DOP20 mosaic described in 2.1. The NDVI is computed from the 
red and near-infrared bands of the DOP20 data set, and the resulting 
raster is resampled from 20 cm to 1 m spatial resolution to align with 
the height mask. To automatically determine an NDVI threshold that 
separates vegetation from non-vegetation for each tile individually, a 
distribution analysis of NDVI values is performed, see Fig.  8. Initially, 
the NDVI distribution is sampled by applying the height mask, thereby 
focusing the NDVI distribution analysis to objects exceeding 2 m in 
height, following Maack et al. (2017).

In the following step major peaks in the NDVI distribution are 
detected. Therefore, the NDVI values are clipped to −0.5 and 1 and 
grouped into 255 bins across this range. The vertical range of the 
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Fig. 6. Conceptual overview of the proposed workflow for linear woody feature mapping. The workflow consists of two major modules, a heterogeneous input 
data interface that consolidates Earth observation and auxiliary spatial data into a common intermediate binary woody vegetation mask, and a deep neural 
network trained exclusively on synthetically generated examples to separate linear from non-linear, patchy elements of this mask. By decoupling vegetation mask 
creation from linear feature separation, the workflow is designed to be modular and independently optimizable, with an input interface intended to be agnostic 
to the specific input data source, reusable, and extendable to further spatial contexts. DOP: Geobasisdaten: © GeoBasis-DE/BKG (2023).
resulting histogram is defined as the maximum count minus the mini-
mum count across all bins. For the peak detection algorithm (Virtanen 
et al., 2020), a peak has to stand out over the surrounding baseline 
(prominence) by 20% of the histogram’s vertical range. By using a 
prominence parameter relative the histograms range we account for 
a highly diverse set of NDVI distributions across the underlying tiles, 
which a fixed value could not capture. Furthermore, detected peaks 
8 
have to have a minimum distance of 10 bins, which is resolved by 
keeping the higher peak when there are two peaks within a distance 
of 10 bins. The detected peaks are then roughly split into the two 
groups non-vegetation < 0.13 ≤ vegetation peak, following de la Iglesia 
Martinez and Labib (2023).

For distributions with multiple peaks across both categories, the 
NDVI threshold is defined as the minimum value between the highest 
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Fig. 7. Conditional workflow used to create binary woody vegetation masks from heterogeneous input data of the BKG data corpus, containing RGB+NIR digital 
orthophotos at 20 cm spatial resolution (DOP20), surface (DSM) and terrain (DTM) height models at 1 m spatial resolution, and spatial vector data of building 
footprints, all at a national scale for Germany.
non-vegetation peak and the lowest vegetation peak. If only vegetation 
peaks are detected, the threshold is set to the 3rd percentile of the 
NDVI distribution, see Fig.  8. If no peaks or only non-vegetation peaks 
are identified from the NDVI distribution coming from pixel with a 
corresponding nDSM ≥ 2 m, the NDVI distribution is then sampled from 
the full NDVI raster over all heights. With the new NDVI distribution, 
the peak detection and thresholding procedure is then repeated.

If no valid threshold can still be detected after this second iteration, 
the final woody vegetation mask is derived using only the height 
mask combined with the inverted building mask, analogous to tiles 
acquired under leaf-off conditions or with multiple acquisition dates. 
This approach ensures robust handling of tiles with limited data as 
they appear in border regions with sparse valid observations, or for 
tiles showing mainly water.
9 
For tiles with a successfully detected NDVI threshold, an NDVI mask 
is generated by applying the threshold to the resampled 1 m NDVI 
raster. The woody vegetation mask is then obtained by combining 
the height mask, NDVI mask, and inverted building mask. The woody 
vegetation masks are stored as BYTE GeoTIFF files and organized as 
GDAL tile index using EPSG:25832 as the CRS. This way we create 
the inference-ready intermediate data product which is a consolidation 
point of the overall workflow before inference is performed with the 
deep learning model for linear woody feature separation.

3.3. Synthetic training data generation

Central to the linear woody feature extraction workflow intro-
duced in this study is a deep neural network that performs an  image
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Fig. 8. Example DOP20 tiles under leaf-on conditions, the respective NDVI distributions with detected peaks and derived thresholds, and the resulting woody 
vegetation masks. (a) and (b) used the minimum between the vegetation and non-vegetation peaks to derive the threshold, (c) and (d) applied the 3rd percentile 
threshold where no peaks were detectable below an NDVI of 0.13. The visualization of the intermediate and final results corresponds to the green-coloured path 
of the workflow description in Fig.  7. DOP20: Geobasisdaten: © GeoBasis-DE/BKG (2023).
segmentation task. It generates a segmentation map with three classes 
(background, non-linear, and linear) from the input binary woody veg-
etation mask. The model is trained entirely on procedurally generated 
synthetic data instead of using real world annotated data.

The use of procedurally generated image-annotation pairs in EO 
has been used in applications such as offshore wind farm detection 
(Hoeser and Kuenzer, 2022), wind turbine detection (Hoeser et al., 
2022), platform detection (Spanier et al., 2026), or the segmentation 
of deficient windbreaks (Kriese et al., 2022). The implementation pre-
sented in this study builds on the conceptual framework of SyntEO 
(Hoeser and Kuenzer, 2022), which provides a structured approach for 
organizing and automating synthetic scene generation.

A core concept of SyntEO is the definition of individual scene 
elements as abstract representations that enable controlled random 
sampling within a self-regularizing parameter space. By combining 
scene elements and defining their spatial relationships through a set of 
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topological rules, synthetic scenes are composed. Due to the procedural 
nature of this approach, each pixel can be unambiguously assigned to 
a specific class, allowing annotations to be derived directly from the 
generated scenes. This enables the creation of a scalable training data 
set with high annotation accuracy (Hoeser and Kuenzer, 2022).

To represent realistic scenes and capture morphological variability, 
synthetic training samples are composed from a set of predefined scene 
elements grouped into five categories: background, linear features, and 
large, medium, and tiny patches. Each scene is generated by placing 
these elements onto a canvas of size 1024 × 1024 pixels following a 
configurable layout that controls their number, spatial arrangement, 
and morphological characteristics.

Linear features are designed to represent the two structural types
angular and organic. Angular features consist of piecewise-straight seg-
ments (100–800 pixels) with changes in direction after each segment, 
based on a constrained set of angles ranging from 0 to 120 degrees 
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Fig. 9. Eight examples of synthetic scenes composed of the scene elements Linear Features, Large, Medium, and Tiny Patches and their consolidated label masks 
showing Linear and Non-Linear features, and the fully consolidated binary masks. Different examples show different combinations of randomly sampled scene 
element specifications.
(Fig.  9, subplots (b), (c), and (d)). In contrast, organic features follow a 
random-walk in which small perturbations are continuously applied to 
the current direction. Different curvature levels control the relationship 
between step size (15–20 pixels) and angular variation (10–40 degrees), 
resulting in shapes ranging from relatively straight (Fig.  9, subplots 
(a), and (h)) to strongly meandering (Fig.  9, subplots (e), (f), and (g)). 
This produces a 1-pixel-wide skeleton, which is dilated by applying a 
spatially varying buffer. The buffer’s radius at each pixel is the product 
of a base width, drawn from 5–11 pixels, and a per-pixel multiplier 
taken from a five octave, 2D fractional Brownian motion noise map 
(Mandelbrot and Van Ness, 1968). Clearings around the linear features 
are then produced by a further, but spatially uniform dilation of this 
already variable-width linear feature, with the dilation radius drawn 
randomly from a range of 5–60 pixels.

Patch elements are generated using two options. The primary op-
tion uses 2D fractional Brownian motion, with noise and thresholding 
parameters controlling the size and boundary smoothness of the re-
sulting patches. In addition, patches of size large can be represented 
by randomly generated polygons (see e.g. subplots (g) and (h)). This 
allows the simulation of both irregular, natural vegetation patterns and 
more structured shapes, for example those typically observed within 
managed, agricultural landscapes with a flat terrain.

During data generation, scene configurations are sampled from 
predefined templates representing different landscape compositions. 
Within each template, parameters are randomly drawn within de-
fined ranges while maintaining consistency between related properties 
(e.g., feature size and curvature). The final scene is composed by 
sequentially rendering scene elements of type background, patch, and 
linear onto a layered canvas allowing later elements to occlude earlier 
ones. By layering, for example, tiny and medium patches first, followed 
by linear elements and finally large patches, a hierarchy of occlusions 
adds characteristic feature interactions to the scene composition.
11 
Since the generated scenes contain multiple patch categories, which 
however are not necessary as separated patch-classes for the task at 
hand, they are consolidated into a single non-linear class, resulting in 
a final label scheme with three classes: background, linear features, 
and non-linear features. The corresponding input images are derived 
directly from the consolidated label masks by mapping foreground 
classes and background to binary values, to match the properties of 
real-world woody vegetation masks used during inference, see Fig.  9. 
In total, the synthetic data set consists of 55,900 training examples.

Visual inspection suggests a resemblance between the generated 
synthetic masks and the real-world woody vegetation masks. However, 
quantifying the gap between the synthetic data and the target domain 
is important not only for the development of the synthetic data set, but 
also for anticipating model performance before training when changes 
are made to the data set. Our hypothesis is that a model trained 
solely on synthetic data performs better the narrower the gap between 
the two domains. To work towards such a targeted synthetic data 
development process, and towards a prior-to-training anticipation of 
potential performance gains, we investigate the embeddings of both 
domains. Following Oquab et al. (2024), we used DINOv2 (ViT-B/14) 
to produce embeddings, taking the 768-dimensional class token of the 
final layer as the embedding of each input image. Embeddings were 
produced for the real-world woody vegetation masks of the three input 
data variants and for the synthetic data set. In addition, we decomposed 
the synthetic masks into two sub-variants, one containing only linear 
features and the other only patch features of all sizes, and generated 
embeddings for these as well. The gap between each pair of sets is 
quantified using the maximum mean discrepancy (MMD) (Jayasumana 
et al., 2024). Results are reported in Section 4.
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Fig. 10. Conceptual overview of the modified U-Net architecture with a three-channel input (binary woody vegetation mask and its corresponding skeleton 
and distance transform) and two output heads producing a segmentation mask and a skeleton output (the latter restricted to the linear feature class). The 
encoder–decoder backbone uses standard double convolutional blocks and an Atrous Spatial Pyramid Pooling (ASPP) module in the bottleneck.
3.4. Model design and training

3.4.1. Neural network architecture
Linear woody feature mapping is defined as a segmentation task 

with three classes background, linear features, and non-linear as 𝐜 =
[0, 1, 2] respectively. Thereby, the target class linear features is strongly 
underrepresented, as background and non-linear features naturally 
dominate in both real landscapes and the intermediate woody veg-
etation masks. Additionally, background is already solved since the 
input data shows background perfectly mapped. Thus, the image seg-
mentation task can be rendered as a separation task which aims to 
disentangle linear from patchy features of the positive parts of the 
binary input mask. To account for the underrepresentation of the target 
class in the training data, focus on multi scale morphologies instead 
of texture, and pronounce linear signals, we customize a U-Net based 
architecture (Ronneberger et al., 2015) to shift the focus onto linear 
feature separation, see Fig.  10.

The base architecture is a U-Net (Ronneberger et al., 2015) with five 
double convolutional ResNet (He et al., 2016) blocks in the encoder 
and an overall stride of 16. The bottleneck contains an Atrous Spatial 
Pyramid Pooling (ASPP) module (Chen et al., 2018a) with a global 
average pooling and 3, 6, 9 and 12 delineation rates to enhance the 
model’s capability to take multi scale spatial features and morpholog-
ical aspects into account. Starting from the bottle neck feature depth 
with 512 feature maps to recover input size, transposed convolutional 
blocks of the decoder with skip connections to their corresponding 
encoder stages restore the image input size of 1024 × 1024 pixels. 
After input size is reached, two heads are configured. One to produce 
the three segmentation masks for background, non-linear features and 
linear features resulting in 1024 × 1024 × 3 channels and the skeleton 
prediction head resulting in 1024 × 1024 × 1 channel.

Instead of solely using the binary woody vegetation masks the input 
to the neural network is a three-channel input consisting of the binary 
woody vegetation mask and a derived skeleton (van der Walt et al., 
2014) and distance transform (Virtanen et al., 2020) of the entire 
binary mask. Especially the skeleton input layer corresponds to the 
skeleton prediction head whose task is to only predict these parts of 
the skeleton which are associated with linear features and thus forces 
the model to focus on these features in the shared encoder–decoder 
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architecture. The distance transform channel introduces continuous, 
texture-like information to the otherwise two other, purely binary 
channels.

3.4.2. Loss design
To emphasize the linear-feature class during training, the overall 

loss function is defined as a weighted combination of three components:
total = wCE + 𝜆Dice ⋅ 

(𝑐=1)
Dice + 𝜆skel ⋅ skel, (1)

where wCE is a weighted cross-entropy loss over all three segmentation 
classes 𝐜 = [0, 1, 2] (background, linear, non-linear), (𝑐=1)

Dice  is a Dice loss 
applied exclusively to the linear-feature class (𝑐 = 1) with 𝜆Dice = 0.3, 
and skel is a binary cross-entropy loss applied to the output of the 
skeleton prediction head with 𝜆skel = 0.5. The weighted cross-entropy 
loss is the main component of the objective and defined as 

wCE = − 1
𝑁

𝑁
∑

𝑖=1

2
∑

𝑐=0
𝑤𝑐 ⋅ 𝑦𝑖,𝑐 ⋅ log(𝑝̂𝑖,𝑐 ), (2)

We based class weights on the inverse pixel frequency (back-
ground : 0.123, linear : 2.418, non-linear : 0.459) from the training set 
distribution, normalized such that the background class has a weight 
of 1 (background : 1, linear : 19.66, non-linear : 3.73). Because the 
linear features are the target class and are more strongly entangled 
with non-linear features than with the clearly separable background 
class, we applied an additional multiplier, upweighting the linear class 
by 2.5 (49.15) and the non-linear class by 1.5 (5.6). Rounding the two 
non-background classes to the nearest multiple of 5, the final weights 
are 𝐰 = [1.0, 50.0, 5.0], corresponding to the classes background, 
linear, and non-linear, respectively. This weighting scheme addresses 
the class imbalance in the training data and shifts the training focus 
towards the separation of linear features from complex and entangled 
morphologies.

To directly improve F1-score optimization for the linear-feature 
class, a class-specific Dice loss is added: 

(𝑐=1)
Dice = 1 −

2
∑

𝑖 𝑝̂𝑖,1 ⋅ 𝑦𝑖,1 + 1
∑

𝑖 𝑝̂𝑖,1 +
∑

𝑖 𝑦𝑖,1 + 1
, (3)

where the constant of 1 acts as a smoothing term for numerical stability. 
The final component is a skeleton-based loss   that guides the model 
skel
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Table 1
Model sizes in trainable parameters and training time of model variants used 
in the ablation study.
 Model variant Trainable parameters Training time 
 U-Net (basic) 7.76M 5.90 h  
 U-Net + skeleton 7.76M 10.58 h  
 U-Net + all modifications 19.65M 10.88 h  

to learn the topological continuity of elongated, thin structures. It is im-
plemented using PyTorch’s BCEWithLogitsLoss, which combines 
the sigmoid activation and binary cross-entropy (Paszke et al., 2019).

3.4.3. Ablation variants
We set up an ablation study in which we first removed the addi-

tional Dice loss, the residual connections in the encoder’s convolutional 
blocks, and the ASPP module from the proposed model (U-Net + all 
modifications), leaving the skeleton path and its associated loss active, 
which we label U-Net + Skeleton variant. In a second step, we further 
removed the skeleton head and its associated loss, leaving only the seg-
mentation head active, which we label U-Net (basic) variant, see Table 
1. To additionally provide a baseline that is not a neural network or 
other machine learning model, we included a purely morphology-based 
approach with the label Morph. baseline.

The morphology-based approach starts with applying a morphologi-
cal opening with a disk of 18 m, which rejects all structures wider than 
this disk size. The value of 18 m was calibrated to the 99th percentile 
of the validation label width. The resulting candidate features are 
then reduced to a one-pixel-wide centreline skeleton, and any skeleton 
component shorter than 12 m is dropped. The candidate mask itself is 
split into its connected components, and only those components that 
still contain at least one surviving (≥12 m) skeleton pixel are kept. 
This recovers components whose corresponding skeleton is shorter than 
12 m but connected to a long component, while discarding isolated 
short fragments. Finally, the removal of areas related to forest, bridges, 
and ground-mounted solar panels, as well as the spatial filtering, is 
applied as described in Section 3.5. The results are reported in Table 2 
and Appendix A.2.

3.4.4. Training setup
The synthetic data set was split into training and validation sub-

sets using an 80/20 split, resulting in 44,720 training samples and 
11,180 validation samples. With a batch size of 32, 44,704 samples 
are processed per epoch. During training, metrics were tracked every 
250 batches by averaging over the preceding 250 batches, alongside 
full validation runs.

Data augmentation included horizontal and vertical flipping, as well 
as random rotation with additional shift and scale variations of up to 
10%. Model optimization was performed using the AdamW optimizer 
(Loshchilov and Hutter, 2019). The initial learning rate was set to 0.001 
and decayed to zero using cosine annealing (Loshchilov and Hutter, 
2017) over 44,704 steps, corresponding to 32 epochs.

Due to the fully synthetic nature of both training and validation 
data, the early stopping implementation was not based on the total 
loss but on the validation-F1 score of the linear-feature class. This 
choice was motivated by observations during initial experimentation 
runs, where we observed that the F1 score for the target class reached 
a plateau at high values while the overall loss continued to decrease. 
This indicates that further optimization primarily improves the model 
fit to synthetic data without yielding meaningful performance gains for 
the target class.

Early stopping was therefore triggered when the validation-F1 score 
for the linear-feature class did not improve by at least 0.01 over 2794 
training steps (equivalent to two epochs). Training stopped at step 8250 
(approximately 5.9 epochs), achieving a validation F1 score of 0.995 for 
the linear-feature class of the synthetic data validation split, see Fig.  11. 
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We did not use the validation F1 score, or any other metric based on 
the synthetic validation split, to perform hyperparameter optimization, 
in order to avoid overfitting to the synthetic data domain and fail to 
generalize to the target domain. The training was performed on a single 
NVIDIA HGX A100 (80 GB) GPU. Durations of model trainings are 
reported in Table  1.

3.5. Large-scale inference and post processing

For efficient and seamless inference over the nationwide binary 
woody vegetation masks organized as GTI, the GTI’s raster extent is 
used to virtually divide the mosaic into chips of 1024 × 1024 px with 
a horizontal and vertical overlap of 50%. For each virtual chip bounds, 
raster values are accessed directly via the GTI and passed to the model 
for inference. On predictions derived from the BKG data, an additional 
skeleton-based refinement is applied as a noise filter, removing all pix-
els that are not within a distance of 25 px from the predicted skeleton. 
The BKG-based woody vegetation masks occasionally contain small 
artefacts, especially in areas which are either unvegetated or covered 
by continuous canopy, that are absent from the canopy height product 
based masks. Where the segmentation head predicts a linear feature 
within such artefacts, the skeleton head typically does not predict the 
corresponding skeleton. The two outputs therefore act together as a 
self-audit, with the skeleton determining which segments are retained 
and the segmentation resolving their precise borders. Since the canopy 
height product based masks are cleaner, this step is only applied to the 
BKG input data.

To ensure seamless results, from the 50% overlapping tiles, only the 
central 512 × 512 px of each prediction are used. Thereby we take 
edge effects into account, which are typical for convolutional neural 
networks and their tendency to predict with a reduced quality near 
tile boundaries. Furthermore, while overlapping tiles improve spatial 
context during inference, excluding edge regions from the final output 
prevents misclassification artefacts. For example, large woody patches 
that are only partially visible at the edge of a tile may otherwise 
be incorrectly classified as linear features, whereas overlapping tiles 
provide the correct contextual representation. Finally, these central 
regions are vectorized only keeping the shapes for the classes linear 
and non-linear features and saved to file.

This inference strategy scales effectively to EO data sets, where 
predictions on mosaics exceeding the input size of the neural network 
is a common issue. The resulting vector outputs are finally merged into 
a single geoparquet file per input data set to perform visualization, 
validation, and downstream analysis. This way we obtain three German 
wide results which we call ours@BKG-data, ours@ (Liu et al., 2023) and
ours@CHMv2.

Technically, national-scale inference was performed on the
terrabyte HPC system, which hosts a Slurm-managed CPU cluster with 
43,360 hyperthreads across 542 Intel Xeon Platinum 8380 CPUs (40 
cores, 270 W, 2.3 GHz). Inference took 18,655 CPU hours for the BKG-
data based woody vegetation masks and 16,111 CPU hours each for 
CHMv2 and the canopy height model of Liu et al. (2023) based woody 
vegetation masks.

All three predictions are furthermore refined by selecting only those 
derived features which are inside the German national border. This 
is necessary for the products derived from the CHMv2 and Liu et al. 
(2023) canopy height maps, which originate from tiles that are not 
aligned with national borders. From this set of features, we filter those 
smaller than 250 square metres across all resolutions ranging from 
0.73 m to 3 m, following Huber-García et al. (2025) who propose 
a 70 square metre threshold for an underlying spatial resolution of 
20 cm. Following this step, we compile polygon features of tree-covered 
forest land Langner et al. (2022), bridges (OpenStreetMap contribu-
tors, 2026), solar park areas (OpenStreetMap contributors, 2026), and 
ground-mounted photovoltaic systems (Albert et al., 2025) into one 
layer and use it to erase the segmented features, see Fig.  16. The 
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Fig. 11. Training loss and validation F1 scores over training steps, where each step corresponds to one processed batch. Metrics are logged every 250 steps.
effect, reported in Appendix A, shows marginal shifts in F1 score, 
but overall it decreases recall and increases precision, which was the 
anticipated effect of this process. Finally, the resulting vector shapes 
describe linear woody features as one single class. The geometries are 
written to .parquet format with EPSG:25832 as CRS for each input 
data variant independently.

3.6. Evaluation

For evaluation, we use the independent reference data sets intro-
duced in 2.2. In addition to the three data sets of linear woody features 
derived using the trained model, we compare our results with outputs 
reported in Huber-García et al. (2025) and Muro et al. (2025). Huber-
García et al. (2025) provide hedgerow data for Bavaria derived from 
20 cm orthophotos, while Muro et al. (2025) present a German-wide 
data set derived from PlanetScope imagery at 3 m spatial resolution.

For each evaluation site, the site-specific reference area is used to 
clip all predicted data sets. Both reference and predicted data are then 
rasterized onto a common 1 m grid covering Germany. Based on these 
aligned raster, standard pixel-wise metrics are calculated, including 
precision, recall, F1 score, and intersection over union (IoU).

To complement these pixel-based metrics and account for the spatial 
resolution differences, we add a skeleton-based evaluation. The motiva-
tion for this lies in the fact that pixel-based IoU can be overly sensitive 
to thin, elongated structures, where a large proportion of pixels lie at 
object boundaries and small spatial misalignments lead to low pixel-
wise F1 or IoU scores. This effect is particularly important to account 
for when comparing products derived from different spatial resolu-
tions, such as 3 m PlanetScope-based outputs (Muro et al., 2025) and 
0.2 m resolution aerial imagery products (Huber-García et al., 2025) 
as we compare here. The skeleton-based evaluation instead focuses on 
topological agreement over exact pixel alignment (Yan et al., 2018; 
Kirchhoff et al., 2024).

Starting from the rasterized reference and predicted masks, both 
are thinned using skeletonization (van der Walt et al., 2014), yielding 
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skeleton representations 𝑆GT and 𝑆Pred. Two distance transforms (Virta-
nen et al., 2020) are then computed, 𝐷GT(𝑖, 𝑗), the distance from pixel 
(𝑖, 𝑗) to the nearest ground truth (GT) skeleton pixel, and 𝐷Pred(𝑖, 𝑗), 
the distance to the nearest predicted skeleton pixel. These two dis-
tance maps are then used as lookup tables to evaluate the alignment 
between the GT and predicted skeletons given a tolerance threshold 𝜏, 
which defines the maximum allowed spatial deviation. A ground truth 
skeleton pixel is considered a true positive if a predicted skeleton pixel 
lies within 𝜏 pixels. Similarly, a predicted skeleton pixel is considered 
a true positive if a ground truth skeleton pixel lies within 𝜏 pixels. 
False negatives correspond to ground truth skeleton pixels without a 
corresponding prediction within 𝜏, and false positives correspond to 
predicted skeleton pixels without a corresponding ground truth pixel 
within 𝜏. These definitions lead to skeleton-based precision, recall, and 
F1 scores, defined as: 

Skeleton Recall(𝜏) =
|

|

|

{

𝑝 ∈ 𝑆GT ∶ 𝐷Pred(𝑝) ≤ 𝜏
}

|

|

|

|

|

𝑆GT||
(4)

Skeleton Precision(𝜏) =
|

|

|

{

𝑝 ∈ 𝑆Pred ∶ 𝐷GT(𝑝) ≤ 𝜏
}

|

|

|

|

|

𝑆Pred||
(5)

Skeleton F1(𝜏) = 2 ⋅ Skeleton Precision(𝜏) ⋅ Skeleton Recall(𝜏)
Skeleton Precision(𝜏) + Skeleton Recall(𝜏) (6)

To relax the strictness of the evaluation, the threshold 𝜏 is varied 
over a range 𝜏 ∈ [0, 𝜏max] (default: 𝜏max = 12). This upper bound 
was chosen such that the inflection point of the score–𝜏 curve lies 
well within the evaluated range for all model variants, especially the 
weaker-performing ones, while stronger variants saturate earlier and 
are therefore unaffected by the bound. This way, weaker models are 
not penalized too heavily by a range cut off before they enter their 
performance plateau, especially important for the results based on the 
canopy height map by Liu et al. (2023) with a spatial resolution of 3 m. 
The resulting metric curves are integrated to obtain a summary score: 

AUCSkeleton metric = 1 𝜏max
Skeleton metric(𝜏) 𝑑𝜏 (7)
𝜏max ∫0
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Fig. 12. Example prediction results derived from BKG data-based woody vegetation masks across Germany, showing a north–south gradient of diverse linear 
woody feature morphologies and landscapes. The gradient ranges from large-scale agricultural fields in flat terrain in the north, to high-relief terrain with greater 
forest cover and agroforestry ecosystems characterized by smaller field parcels in the south.
This area-under-curve (AUC) score provides a tolerance-aware eval-
uation of structural agreement of the predicted and the reference data. 
Metrics are computed independently for each evaluation site and are 
not averaged across sites, due to differences in reference data quality 
and definitions of linear woody features, as discussed in 2.2.

4. Results

4.1. Linear woody features mapping

Fig.  12 provides an impression of the predictions derived from the 
BKG data set across Germany. These example sites follow a north–
south gradient reflecting distinct landscape characteristics, where the 
northern sites are characterized by flat topographies with large agricul-
tural fields, whereas sites in the central and southern parts of Germany 
show greater topographic relief. In these regions, agricultural land use 
is constrained by the terrain and forests, and linear woody features 
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appear less frequently as long, straight elements, but rather as relatively 
shorter segments that conform to the underlying topography and other 
land use and land cover.

In order to compare all three derived German-wide linear woody 
feature data sets and the two existing data sets with the reference 
data, Fig.  13 provides a visual impression, while Fig.  14 and Table 
2 presents the quantitative comparison of all three data products and 
two additional existing data sets containing linear woody features in 
Germany.

The spatial resolution of the input data differs across results, with 
1 m for ours@BKG-data, 0.73 m for ours@CHMv2, 3 m for ours@ Liu 
et al. (2023) and Muro et al. (2025), and 20 cm for Huber-García et al. 
(2025). A first visual inspection shows that results derived from input 
data with a spatial resolution finer than 3 m yield more detailed out-
puts, a finding that is supported quantitatively by the metrics presented 
in Fig.  14 and Table  2.

Before presenting the quantitative results in detail, a general com-
parison of skeleton-based metrics with pixel-wise metrics shows that 
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Fig. 13. Visual comparison of the reference data (first column) and predictions (other columns) across all evaluation sites. The predictions correspond to input 
data at spatial resolutions of 1 m ours@BKG-data, 0.73 m ours@CHMv2, 3 m for ours@ Liu et al. (2023) and Muro et al. (2025), and 0.2 m for Huber-García 
et al. (2025). Aerial Basemap: Geobasisdaten: © GeoBasis-DE/BKG (2023).
the performance advantage of results based on higher resolution input 
data is amplified when using pixel-wise metrics, suggesting a higher 
degree of alignment in the predicted masks. The effects that appear 
pronounced in pixel-wise F1 and IoU scores become less distinct or 
disappear entirely when evaluated in terms of topological correctness, 
as captured by the skeleton-based metrics. We therefore focus on 
skeleton based metrics, in order to compensate for effects coming from 
different resolutions as much as possible.

For the two Bavarian reference sets, representing the train and test 
splits used in Huber-García et al. (2025), the model optimized for 
the underlying data as trained in Huber-García et al. (2025) performs 
best, followed by ours@BKG-data for both the test and train splits.
ours@CHMv2 performs on par with ours@BKG-data on the Bavarian 
test split, while the two 3 m-based predictions, ours@ Liu et al. (2023) 
and Muro et al. (2025), rank lowest. For the Bavarian train split, Muro 
et al. (2025) ranks before ours@CHMv2.

Since the study of Huber-García et al. (2025) focused Bavaria and 
data acquired at 20 cm spatial resolution during leaf-on periods, and 
thus linear woody features are reported only for the federal state of 
Bavaria, Huber-García et al. (2025) is not included in the follow-
ing comparisons performed in other federal states. For Brandenburg, 
Baden–Wuerttemberg, and North Rhine-Westphalia (NRW), a consis-
tent pattern can be observed. ours@BKG-data and ours@CHMv2 out-
perform ours@ (Liu et al., 2023; Muro et al., 2025) across all regions. 
The only exception is NRW, where Muro et al. (2025) reaches parity 
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with ours@BKG-data on the skeleton-based F1 score, and ours@CHMv2 
is the best-performing model on this specific site.

Taken together, among the models trained to provide generalized 
predictions at the national scale, ours@BKG-data and ours@CHMv2 
achieve similar performance, with ours@BKG-achieving the higher 
score at the majority of test sites.

The model variants investigated in the ablation study show that 
using the proposed U-Net with all modifications in place is beneficial 
compared with its ablated variants and with the morphology-based 
baseline approach. Additionally, the F1 performance follows the ab-
lation direction, decreasing as more components are ablated from 
the proposed model. A regional exception is North Rhine-Westphalia, 
pointing towards particular properties of this test data, which are 
further indicated by a systematic precision–recall gap. This suggests 
that this evaluation set contains many features that are rejected once 
the skeleton head is added to the basic U-Net configuration. The 
segmentation-only variant appears to admit less elongated features, 
whereas when the skeleton modification is introduced, such shapes 
are penalized more strongly and are rejected, across all input data 
variants. The model variant with all modifications enabled recovers the 
performance and is on par or exceeds those of the basic U-Net in North 
Rhine-Westphalia.

A similar effect can be observed when comparing the ablation per-
formance for the high-resolution BKG data (1 m) and CHMv2 (0.73 m) 
with that for the spatially coarser canopy height model of Liu et al. 
(2023) (3 m). For the Liu et al. (2023) based input data, across all 
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Fig. 14. Quantitative evaluation results across all evaluation sites and predictions. Pixel-wise metrics are reported for reference, while the evaluation is presented 
and discussed with a focus on skeleton-based metrics. Note that Huber-García et al. (2025) provide predictions only for Bavaria, and therefore no metrics are 
reported for other sites. Corresponding numbers are reported in Table  2.
sites, not only North Rhine-Westphalia, performance decreases when 
the skeleton head is added and recovers only with the fully modified 
model variant. The lower spatial resolution of the woody vegetation 
mask derived from Liu et al. (2023) leads in part to spatially merged 
features that appear as separate linear features in the other two masks. 
The resulting skeleton signal is less distinct here, and the model tends to 
reject candidates, as indicated by the drop in recall for the U-Net + Skel. 
variants in combination with the Liu et al. (2023) based input data. 
However, across all evaluation sites, performance recovers and even 
exceeds that of the basic U-Net for the variant with all modifications 
in place. This indicates that combining skeleton awareness with the 
spatially refined segmentation provided by the ASPP module and the 
Dice loss leads to the best-performing model, and that this holds across 
the different input data variants.
17 
4.2. Overall workflow

The proposed workflow demonstrates advantages in reusability, 
optimization, and generalization. Central to the workflow is the in-
termediate binary woody vegetation mask, which decouples heteroge-
neous input data processing from the morphological separation task 
performed by the segmentation model. Generating three national-scale 
linear woody feature maps from three different input data sources using 
a single trained model is an important step towards a reusable mapping 
workflow. This makes it unnecessary to either retrain a model from 
scratch for each new input data configuration, or to acquire data that 
conforms to narrow input prerequisites of existing pretrained models, 
which are typically optimized for specific sensors, spatial resolutions, 
or seasonal acquisition conditions. Instead, a single shared model can 
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Table 2
Summary AUC performance metrics per evaluation site for the proposed model (U-Net+all mods.), compared against the existing data sets of Muro et al. (2025) 
and Huber-García et al. (2025) (see Fig.  14), a baseline (Morph.-Baseline) that segments linear elements from the vegetation masks morphologically, and two 
ablation variants of the fully modified U-Net. Both variants are plain U-Nets lacking the ASPP module, encoder residual connections, and the additional dice loss: 
one without skeleton input/output (U-Net (basic)) and one with it (U-Net+Skel.). Bold and underlined marks the best-performing variant among our models 
across all input data sets. Corresponding curves of the presented Pr, Rc and F1 AUC scores are provided in Appendix A.2.
 Model variant Input data to our models
 BKG-data CHMv2 Liu et al. (2023) Other studies
 Pr Rc F1 Pr Rc F1 Pr Rc F1 Pr Rc F1  
 Bavaria (test)
 Morph.-Baseline 0.325 0.339 0.332 0.284 0.298 0.291 0.367 0.217 0.273 – – –  
 U-Net (basic) 0.255 0.437 0.322 0.215 0.422 0.284 0.328 0.237 0.275 – – –  
 U-Net+Skel. 0.344 0.313 0.328 0.329 0.298 0.313 0.334 0.141 0.198 – – –  
 U-Net+all mods. 0.447 0.363 0.401 0.373 0.402 0.387 0.322 0.282 0.301 – – –  
 U-Net+all mods.c 0.496 0.348 0.409 0.433 0.355 0.390 0.376 0.263 0.309 – – –  
 Muro et al. (2025) – – – – – – – – – 0.508 0.216 0.303  
 Huber-García et al. (2025)b – – – – – – – – – 0.565b 0.561b 0.563b,a 
 Bavaria (train)
 Morph.-Baseline 0.250 0.441 0.319 0.181 0.365 0.242 0.234 0.249 0.241 – – –  
 U-Net (basic) 0.231 0.543 0.324 0.144 0.492 0.223 0.217 0.269 0.240 – – –  
 U-Net+Skel. 0.302 0.418 0.350 0.216 0.381 0.275 0.254 0.157 0.194 – – –  
 U-Net+all mods. 0.327 0.474 0.387 0.227 0.484 0.309 0.208 0.332 0.256 – – –  
 U-Net+all mods.c 0.357 0.453 0.400 0.269 0.427 0.330 0.246 0.310 0.274 – – –  
 Muro et al. (2025) – – – – – – – – – 0.391 0.304 0.342  
 Huber-García et al. (2025)b – – – – – – – – – 0.434b 0.770b 0.555b,a 
 Brandenburg
 Morph.-Baseline 0.391 0.313 0.348 0.375 0.268 0.313 0.344 0.156 0.214 – – –  
 U-Net (basic) 0.302 0.503 0.377 0.203 0.483 0.285 0.368 0.285 0.321 – – –  
 U-Net+Skel. 0.351 0.385 0.367 0.301 0.391 0.340 0.443 0.212 0.287 – – –  
 U-Net+all mods. 0.440 0.459 0.449 0.343 0.535 0.417 0.329 0.407 0.363 – – –  
 U-Net+all mods.c 0.521 0.423 0.468a 0.453 0.484 0.468a 0.374 0.396 0.385 – – –  
 Muro et al. (2025) – – – – – – – – – 0.449 0.307 0.364  
 Baden–Württemberg
 Morph.-Baseline 0.170 0.256 0.205 0.127 0.217 0.161 0.171 0.133 0.150 – – –  
 U-Net (basic) 0.180 0.386 0.245 0.150 0.356 0.212 0.212 0.187 0.199 – – –  
 U-Net+Skel. 0.263 0.307 0.283 0.247 0.266 0.256 0.236 0.099 0.139 – – –  
 U-Net+all mods. 0.316 0.337 0.326 0.254 0.354 0.296 0.228 0.227 0.227 – – –  
 U-Net+all mods.c 0.359 0.329 0.343a 0.308 0.316 0.312 0.270 0.214 0.238 – – –  
 Muro et al. (2025) – – – – – – – – – 0.401 0.167 0.236  
 North Rhine-Westphalia
 Morph.-Baseline 0.356 0.217 0.270 0.302 0.188 0.232 0.370 0.126 0.188 – – –  
 U-Net (basic) 0.427 0.298 0.351 0.381 0.338 0.358 0.413 0.195 0.265 – – –  
 U-Net+Skel. 0.507 0.225 0.312 0.494 0.247 0.329 0.516 0.111 0.183 – – –  
 U-Net+all mods. 0.501 0.262 0.344 0.466 0.347 0.398a 0.446 0.260 0.329 – – –  
 U-Net+all mods.c 0.559 0.253 0.348 0.498 0.313 0.385 0.475 0.247 0.325 – – –  
 Muro et al. (2025) – – – – – – – – – 0.631 0.240 0.348  
a Marks the overall best performance across all compared models and data sets.
b Marks studies with a regional rather than Germany-wide scope.
c Marks refined results with postprocessing applied.
serve a broad user community for linear woody feature mapping at na-
tional scale or for local applications similarly, if necessary, at repeated 
points in time.

This reusability is directly connected to the optimization potential of 
the workflow, which operates through two independent modules. The 
first module is the vegetation mask processor, which we intentionally 
designed as a decentralized component that enables practitioners to 
generate the best possible intermediate woody vegetation mask from 
whatever data they have available.

Improvements to this module, whether through the addition of 
auxiliary data sources or refinements to the processing logic, contribute 
directly to the final linear woody feature product without requiring 
any modification to the segmentation model. This shifts parts of the 
optimization responsibility to domain experts in remote sensing and 
geospatial data processing, especially including data officers and practi-
tioners with access to high-quality regional data sets, without requiring 
expertise in deep learning model training. Available research in the 
remote sensing domain Maack et al. (2017), Meneguzzo et al. (2013) 
and Pujar et al. (2014) clearly shows that proposed approaches which 
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have worked on optimizing this module component could today be 
revisited and plugged into the second module in order to investigate 
which site-vegetation mask processor-data combination yield the best 
fits and might be scalable to national levels.

The second module is the centralized segmentation model itself. 
Improvements to this component benefit all users and applications built 
on the workflow. Because the model is trained only on synthetic data, 
its optimization is entirely decoupled from the availability of real-
world annotated training data. This allows deep learning specialists to 
improve model performance independently, using the synthetic data 
generator as a scalable and adjustable optimization component, without 
requiring access to proprietary or regionally restricted data sets. To-
gether, these two modules establish separated optimization pathways 
that distribute work to improve and advance this workflow across 
expert domains.

Finally, the results demonstrate that abstracting heterogeneous in-
put data to a binary woody vegetation mask, and rendering the down-
stream task of linear woody feature mapping as a purely morphological 
separation problem solved by a model trained entirely on synthetic 
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Fig. 15. Comparison of synthetic and real-world woody vegetation masks to quantify the domain gap between them. The embeddings are produced with DINOv2 
(ViT-B/14) (Oquab et al., 2024) for woody vegetation masks of the three real-world input data variants (BKG-data, CHMv2, and the canopy height map of Liu 
et al. (2023)) and for the synthetic training data, together with two sub-variants of the latter, decomposed into only-linear and only-patch features. To visualize 
the 768-dimensional embeddings, we plot the first two principal components (left). The distance between each pair of embedding sets is quantified using the 
maximum mean discrepancy (MMD) (Jayasumana et al., 2024) and visualized as heatmap (right).
data, is sufficient to produce results outperforming existing national-
scale linear woody feature maps.

4.3. Synthetic and real-world woody vegetation mask comparison

Fig.  15 provides a visual impression of the domain gap between syn-
thetic and real-world woody vegetation masks (left). The quantification 
of this gap via the MMD scores shows (Fig.  15 right) that the real-
world masks originating from the three different input data sets are 
closely aligned, with only negligible gap between them (0.004–0.031). 
Between these and the synthetic masks (Synt. (composition)), the gap 
becomes clearly visible both in the embedding visualization and in 
the corresponding MMD scores (0.176–0.21). Notably, the distance be-
tween the synthetic data and the three input data variants corresponds 
to the ranking of the model performances reported earlier, which points 
to the potential of this approach for anticipating the direction, and 
possibly the magnitude, of model performance prior to training when 
adjustments to the synthetic training data are made. However, this 
limited observation requires deeper investigation, which is beyond the 
scope of this study.

Furthermore, we show that the composition of linear and patchy 
features is better aligned with the target domain than either component 
alone, for both the BKG-data and the CHMv2 input variants. This 
provides an important feedback signal during synthetic data genera-
tion, pointing out which individual components, or which combination 
of components, are meaningful for the overall synthetic data repre-
sentation. The comparison demonstrates that an alignment between 
synthetic and real-world data exists, and that changes to the synthetic 
data composition or the input data variant narrow a domain gap that 
shows a first relation with model performance.

5. Discussion

5.1. Input data implications

The intermediate woody vegetation mask enables flexible and het-
erogeneous data input, nevertheless depending on the processing logic 
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to prepare the intermediate product, it imposes constraints to the input 
data.

The evaluation results clearly show that spatial resolution is majorly 
important for prediction quality, even when the assessment is focused 
on topological correctness rather than pixel-wise overlap. Although 
the orthophotos of the BKG have a spatial resolution of 20 cm, the 
intermediate woody vegetation mask is generated at 1 m, constrained 
by the spatial resolution of the normalized digital surface model used 
in the processing workflow. This points out a general property of 
the workflow, for which the effective resolution of the intermediate 
product is not necessarily the highest-resolution of the input data, but 
can become the resolution of the coarsest layer involved. Downstream 
prediction quality is therefore dependent on all inputs, and potentially 
most sensitive to the lowest-resolution component. In the context of the 
BKG data, this trade-off is justified. Only by processing the normalized 
digital surface model together with the high-resolution DOP20 imagery 
enables a nationally scalable workflow that is still able to produce 
results for tiles acquired under leaf-off conditions or where acquisition 
dates have become ambiguous during mosaicking.

Furthermore, the flexible woody vegetation mask creation can be 
optimized individually, for example through tuned height and NDVI 
thresholds or the incorporation of additional data products. While 
this customizable intermediate input data generation step opens up 
the possibility of more refined results, more complex workflows for 
generating these intermediate masks also come with large parameter 
grids that have to be explored. We regard this as the subject of a 
dedicated study across nested spatial scales, from continental or global 
down to national and local, investigating whether highly optimized 
mask generation transfers spatially or produces input data that works 
well locally.

A further implication has to be pointed out, the temporal con-
sistency across the three derived products. The CHMv2 is based on 
imagery acquired between 2017 and 2020, the canopy height product 
by Liu et al. (2023) uses PlanetScope imagery from 2019, and the BKG 
DOP20 mosaic spans multiple acquisition years and seasons ranging 
from 2016 until 2022. This temporal heterogeneity means that the 
three products do not represent a fully synchronous state of linear 
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woody features across Germany. Differences in predicted feature ex-
tent may reflect temporal changes additionally to differences in input 
data resolution and processing. This limits the degree to which the 
three products can be directly compared and should be taken into 
account when interpreting both the visual comparison in Fig.  13 and 
the quantitative results in Fig.  14.

5.2. Evaluation

The quality of the evaluation depends on the underlying reference 
data, which comes from four independent data sets that differ in spatial 
coverage, label recency, feature definition, and mapping methodol-
ogy. Due to these differences, comparisons, especially the numeric 
evaluation results, have to be interpreted per-site and averaging or 
cross-comparison is not possible, as discussed in Section 2.2. This 
is particularly relevant given that the input data used for national-
scale inference and the reference data share only a limited temporal 
window of overlap, while both also contribute data that falls outside 
the temporal range of the other.

This heterogeneity in reference data reflects the current state of 
linear woody feature annotation in Germany, where no standardized 
national benchmark data set currently exists. To foster the structured 
optimization and comparability of generalized mapping workflows, 
such a benchmark data set is a necessary next step.

The skeleton-based metrics applied in this study proved to be a 
valuable complement if not substitute to established pixel-wise met-
rics, providing a more topologically oriented and resolution-agnostic 
evaluation on prediction quality for thin, elongated structures. We 
want to highlight that the skeleton F1-curve representation provides 
insights which allows for more nuanced interpretation as a summary 
score alone. For example, at the Bavarian test site, ours@BKG-data and
ours@CHMv2 yield similar skeleton F1 AUC values, however, their F1-
curves are not perfectly aligned. The ours@BKG-data-curve maintains 
a longer plateau at higher 𝜏 values and drops more steeply at lower 
thresholds, which shows that its predicted skeletons are geometrically 
closer to the reference data even where the AUC scores suggest parity 
with the performance of ours@CHMv2. Such curve-level interpretations 
will become important as models mature and the relevant question 
shifts from which model achieves the higher summary score to the 
quality of each model.

5.3. Known limitations

For the BKG data-based product, two main constraints influence 
prediction quality. First, the 1 m spatial resolution of the intermediate 
woody vegetation mask, combined with the 2 m minimum height 
threshold applied during processing, leads to the rejection of low-
growing or structurally narrow linear woody features from the inter-
mediate product, leading to false negatives in the final product, see 
Fig.  16, column 1. This partly explains the performance gap between 
the BKG data-based product and the 20 cm-based results reported by 
Huber-García et al. (2025) for Bavaria.

Another known limitation of the BKG data-based linear woody 
feature map is that tiles acquired under leaf-off conditions are handled 
by a processing branch that removes building footprints but does not 
apply NDVI-based vegetation masking. This way, elevated, elongated, 
non-vegetated structures appear in the intermediate mask and subse-
quently in the final prediction. Two examples are industrial-scale solar 
panel installations and bridge structures crossing roads or waterways. 
By applying the post-processing step, see Section 3.5, we targetedly 
catch these objects, motivated by the study of Maack et al. (2017), 
who showed that removing similar classes can be beneficial. Fig.  16, 
columns 2–3 show such cases. The filtering of specific object classes 
could also be applied within the vegetation mask processor module 
before inference to clean the intermediate step. However, in this study 
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we wanted to point out the effect of refinement during post-processing 
as reported in Section 4 and Appendix A.1.

As demonstrated, canopy height maps are a convenient and com-
petitive input data source for the proposed workflow, and deriving 
static inventories is possible. However, when the focus shifts towards 
the temporal dynamics of linear woody features, the lack of a canopy 
height map time series becomes a limiting factor. Furthermore, stale 
data in larger mosaics to derive the canopy height map add complex-
ity in precise temporal alignment of derived linear woody features. 
Nevertheless, since the model’s weights for producing products such 
as CHMv2 are openly available (Brandt et al., 2026), the continued 
production of canopy height maps is within reach and feasible for 
regional applications.

5.4. Future perspectives

The results and limitations discussed above point towards multiple 
future research directions for the proposed workflow.

For the training data set, a deeper investigation of real-world veg-
etation mask properties, particularly the morphological diversity of 
linear and non-linear woody features at different spatial scales and 
across different landscape types, should be at the centre of future 
extensions of the synthetic data generator. In order to generalize be-
yond Germany, data sets with global coverage such as the CHMv2 
(Brandt et al., 2026) and the European wide canopy height map of 
Liu et al. (2023) provide an excellent starting point for assessing the 
full morphological diversity of woody features across different regions, 
continents and climate zones.

For quality improvement for German-wide mapping one important 
component is the compilation of a richer set of EO and geospatial data 
layers for the intermediate woody vegetation mask processor. Future 
developments such as the BKG digital twin initiative (Herbst, 2023), 
which aims to provide a nationally uniform and highly precise 3D 
model of Germany, have the potential to substantially improve the 
intermediate product quality and thus the final linear woody feature 
maps generated by the current workflow.

Finally, the ability to advance the field of linear woody feature map-
ping in a structured and comparable way depends on the availability of 
well-defined benchmark data sets. Currently, no such standardized data 
set exists for linear woody features at the national scale in Germany, 
or larger spatial scales like Europe or globally. Establishing a bench-
mark data set with clearly defined annotation protocols, representative 
geographic coverage, and permissive redistribution licensing would 
provide a common foundation and boost for future research, where 
currently compiling reference data sets is a considerable work package 
of linear woody feature studies.

Such a benchmark is furthermore a major corner stone towards a 
globally generalized model. The modular design of the workflow, to-
gether with the fact that it already operates on canopy height products 
of global coverage such as CHMv2 (Brandt et al., 2026), suggests a 
potential extension towards European or global linear woody feature 
mapping. This study, however, evaluates the workflow only within 
Germany, so its behaviour in other landscape, land-management and 
climate contexts remains an open research question. The major imped-
iments we identify are a global benchmark data set, targeted synthetic 
data extensions, and structured experimentation to identify a globally 
generalized model.

6. Conclusion

Linear woody features such as hedgerows, tree lines and riparian 
woody strips provide vital ecosystem services, especially in managed 
agricultural landscapes, which makes their integration, preservation 
and restoration an important task. Automated mapping is crucial for 
managing these features at scale. However, at national level such as 
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Fig. 16. Visualization of false negative and false positive examples. The input data pairs (rows) show the raw and the post-processed (refined) results for the 
same input data set. The first column shows missed segmentations (false negatives), while the second to fourth columns show false positive examples. Aerial 
Basemap: Geobasisdaten: © GeoBasis-DE/BKG (2023).
in Germany, linear woody features appear in highly variable morpho-
logical configurations. Additionally, the available very high-resolution 
input data are also heterogeneous in terms of acquisition dates, spatial 
coverages, sensor characteristics and preprocessing chains. This situa-
tion is getting even more challenging when leaving the national scale 
and extending these efforts to continents or even globally. Mapping 
21 
linear woody features systematically under these conditions calls for 
a workflow which can compensate for such differences and is, as far as 
possible, agnostic to the specifications of the input data.

To address this, we introduce an approach that translates the task 
of linear woody feature mapping from EO data at national scale into a 
more general morphological separation problem. We rephrase it as the 
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disentanglement of linear from non-linear features within binary woody 
vegetation masks. The workflow is built around two modules. The first 
translates heterogeneous input data into a binary woody vegetation 
mask, and the second is a deep neural network that performs the 
morphological feature separation, resulting in linear woody feature 
maps. To achieve complete decoupling of the two modules, the deep 
neural network is trained solely on synthetically generated data. This 
design creates two independently optimizable components. The woody 
vegetation mask processor offers decentralized adaptation potential, 
enabling a broad user community to generate high-quality masks from 
whatever data they have at hand, while improvements to the deep 
neural network and to the synthetic training data representation would 
strengthen a central component with the potential to improve all linear 
woody feature map workflows that depend on it.

The input flexibility and national-scale applicability of the work-
flow were demonstrated by deriving three national-scale linear woody 
feature maps for Germany from three different input sources with a 
spatial resolution of 0.73 m, 1 m and 3 m, each using the same trained 
model without retraining. For each input, the trained model provides 
a national-scale linear woody feature layer within the quality limits 
mainly determined by the underlying spatial resolution. Evaluated 
against independent reference data across German evaluation sites, and 
compared with two existing products at national and federal state scale, 
the proposed workflow achieves competitive to superior results at the 
national level.

The proposed workflow, with its neural network trained only on 
synthetic data, is a promising solution to the spatial transferability 
limitation of established approaches. Furthermore, by demonstrating 
the workflow on input data from the two canopy height map subsets 
for Germany, the possibility opens up to now scale inference beyond 
the national level, as these two canopy height maps provide data up to 
European and even global extents. Future work should therefore focus 
on structured experimentation and benchmarking supported by large-
scale reference data sets to enable a high quality, global scale linear 
woody feature layer.
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 OBIA Object-Based Image Analysis  
 RGB Red, Green, Blue  
 SWF Small Woody Features  
 ToF Trees outside forests  
 TP True Positive  
 ViT Vision Transformer
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