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A B S T R A C T

Hedgerows provide habitat and food for a wide range of species and play a crucial role for biodiversity in 
agricultural landscapes. In addition, hedgerows render an important carbon stock, above and below ground, and 
protect agricultural soils from erosion. However, comprehensive, standardized and area wide information 
regarding the distribution of hedgerows is often lacking, which makes it hard to incorporate them in nature 
conservation plans and national carbon balance models. We evaluate the potential of high-resolution Planet
Scope multitemporal satellite data and semantic segmentation approaches to map the distribution of hedgerows 
across the entire agricultural landscape in Germany. Based on a comprehensive set of independent reference data 
from the federal state of Schleswig-Holstein, we evaluate the performance of different loss functions and different 
combinations of spectral and temporal input feature sets. We assess the transferability of the final model using 
independent test data from three additional German Federal states. Additionally, we compare our results against 
the Copernicus Land Monitoring Service High Resolution Layer Small Woody Features, and a recently published 
biomass map of trees outside forests. All loss functions tested offered similar performance, but the binary-cross 
entropy function allowed for overcoming sensor artifacts to some extent. Visible and near-infrared imagery from 
all four monthly mosaics (April, June, August and October) of PlanetScope data was found to yield better results 
(F1-score 0.65) than different combinations of months and only red-green-blue inputs. We estimate a total 
surface of 4081 (± 1425) km2 of hedgerows across Germany, which represent 2.3 % of the agricultural land in 
Germany. By combining our results with a digital landscape model, we reveal heterogenous estimates of 
hedgerow height across municipalities. Our findings highlight that semantic segmentation approaches are well- 
suited for area-wide hedgerow mapping, especially in combination with multitemporal high-resolution satellite 
data. Furthermore, we underscore the relevance of using application-specific models over post-processing 
existing products, and provide for the first time a spatially explicit and comprehensive overview of the distri
bution of hedgerows and their structure across agricultural landscapes in Germany. Our methodology and 
product can be incorporated into landscape biodiversity models, carbon balance estimations and soil protection 
policies at national, regional and local scale.

Abbreviations: ATKIS, Amtliches Topographisch-Kartographisches Informationssystem / Official Topographic-Cartographic Information System; BB, Brandenburg 
Federal State; BCE, binary-cross entropy; BF, binary-focal; BY, Bavaria Federal State; BKG, Bundesamt für Kartographie und Geodaesie / Federal Agency of 
Cartography and Geodesy; DLM, Digital Landscape Model; DSM, Digital Surface Model; DTM, Digital Terrain Model; GIOU, Generalized Intersection over Union; IoU, 
Intersection over Union; LULUCF, Land Use Land Use Change and Forestry; NRG, Near infra-red, Red Green; NRL, Nature Restoration Law; NRW, North-Rhein 
Westphalia Federal State; NUTS, Nomenclature of Territorial Units for Statistics; RGB, Red, Green, Blue; SH, Schleswig-Holstein Federal State; SWF, Small Woody 
Features; ToF, Trees outside Forests.
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1. Introduction

Agricultural systems in Europe are largely optimized to deliver 
provisional ecosystem services like food, forage and bioenergy (Litza 
et al., 2022). On the other hand, the associated agricultural intensifi
cation threatens other ecosystems services, like e.g., climate regulation, 
soil functioning and pollination (Raven and Wagner, 2021). Measures 
have been suggested and implemented within agricultural policies with 
the aim to combine the requirements of agricultural production with the 
delivery of other ecosystem services and the conservation and 
improvement of habitat quality and biological diversity (Broughton 
et al., 2024). As such, the introduction of non-productive areas or 
landscape elements is subject of the current EU Common Agricultural 
Policy (CAP) (EU CAP Network, 2023). Here, hedgerows are an integral 
part of eligible non-productive areas. In the broadest sense, field 
hedgerows are described as a boundary, or part of a boundary of agri
cultural fields that comprises linear woody structures with shrubs that 
may or may not have trees, and which are usually managed by regular 
cuttings (Baudry et al., 2000; van Vooren et al., 2017). They are an 
important part of agricultural landscapes providing a range of ecosys
tems functions and supporting roles. Besides the cultural services (e.g., 
tourism, recreation), they are of crucial importance for protection 
against soil erosion and contribute to habitat diversity at both site and 
landscape level, by supporting a variety of flora and fauna. Dense and 
well-maintained hedgerows are beneficial for native bees (Von 
Königslöw et al., 2022), songbirds (Dunn et al., 2016), bats (Vandevelde 
et al., 2014) and slow colonizers (Rey Benayas and Bullock, 2015; 
Vanneste et al., 2020), and multiple other species (Vallé et al., 2023). 
The most important soil protecting functions of hedgerows include the 
reduction of soil erosion by both, water and wind, through their role as a 
barrier on intensively managed arable land (Böhm et al., 2014) and their 
potential to store carbon in above-ground biomass (Biffi et al., 2022; 
Drexler et al., 2021). Below ground, hedgerows have shown to 
contribute to diverse soil-functions like, e.g., enhanced infiltration of 
surface runoff, reduced nitrogen leaching and higher soil fungal and 
benthic animal diversity (Holden et al., 2019). Furthermore, they 
enhance soil quality by providing organic matter to the soil (Biffi et al., 
2023; Drexler et al., 2024). With that, new hedgerows can play an 
important role in climate mitigation as a measure that not only helps to 
reduce greenhouse gas (GHG) emissions but to produce “negative 
emissions” in agricultural land with the sequestration of C (Drexler et al., 
2021; van Vooren et al., 2017). Finally, woody features have a cooling 
effect on surrounding areas, which can make agricultural areas more 
resistant to increasing heat waves (Ghafarian et al., 2024).

This multitude of crucial functions is why the conservation and 
extension of hedgerows is subject to two major policy regulations at EU- 
level: 1. the EU-LULUCF-regulation (European Union - Land Use Land 
Use Change and Forestry) (European Commission et al., 2021) that de
fines the targets and paths of GHG emissions reductions for land use and 
forestry towards climate neutrality in the year 2050 and 2. the Nature 
Restoration Law (NRL, 2024) that sets binding restoration targets and 
obligations for a broad range of ecosystems including agricultural eco
systems. In both, the maintenance and extension of hedgerows is pro
posed as an important measure of land use alteration with a high 
potential to contribute to a successful target achievement.

For monitoring, reporting and verification (MRV) of policy measures 
and compliance with obligations, consistent and reliable data are a 
prerequisite. For the land use sector, the above-mentioned regulations 
require geographically explicit data as a base for reporting and evalua
tion. These include but are not limited to field data for a number of well- 

distributed sampling sites, digital base data (e.g., from national au
thorities) or aggregated data from statistical surveys. Frequently, the 
spatial coverage and representativeness of these data sources are limited 
due to temporal gaps and lack of timely availability.

Specific literature and resources on hedgerow distribution and status 
is scarce, and main efforts focus on mapping trees outside forest as a 
homogeneous class. Only recently, a first comprehensive report was 
published in which the distribution of landscape elements in European 
agricultural areas was estimated based on an extended field survey 
(D’Andrimont et al., 2024). Even though this is a valuable data set it 
does not provide a spatial explicit wall-to-wall representation of 
hedgerow distribution. Satellite remote sensing has been proven as a 
valuable means for area-wide mapping of LULC at different spatial 
scales. In publicly available datasets such as the Copernicus Land 
Monitoring Service High Resolution Layer Small Woody Features (SWF), 
hedgerows narrower than 5–6 m are often not detected, even though it is 
based on several types of high-resolution imagery (EEA, 2023). Besides, 
this product includes hedgerows along with other woody structures.

Previous remote sensing-based experiments used feature engineering 
to help models learn to identify hedgerows (Betbeder et al., 2014; Fauvel 
et al., 2012; Vannier and Hubert-Moy, 2008). Feature engineering is an 
ad hoc heuristic that can introduce additional sources of uncertainty and 
decrease the generalization capacity of the model. With novel deep 
learning techniques, models can directly learn from the context of the 
image higher relevant hierarchical patterns, making feature engineering 
unnecessary and improving predictions and domain adaptation 
(Kattenborn et al., 2021). More recent hedgerow mapping approaches 
make use of convolutional neural networks (CNN), with RGB single date 
aerial images (Ahlswede et al., 2021; Huber-García et al., 2025), UAV 
derived digital canopy models (Smigaj and Gaulton, 2021) or LiDAR 
data (Broughton et al., 2024; Luscombe et al., 2023), which have a high 
spatial detail but are comparably costly and limited to rather small 
spatial extents.

These limitations can be overcome by using micro-satellites such as 
PlanetScope, which acquire multispectral data with a high spatial (3 m) 
and temporal resolution. In a recent paper, Liu et al. (2023) used Plan
etScope composites from August and semantic segmentations with CNNs 
to map the trees outside forests (ToF) in Europe and to estimate their 
height and biomass using allometric equations. Although this is an 
excellent product to estimate total tree biomass across the continent, it 
does not separate between hedgerows and other woody vegetation.

In the present study, we propose a semantic segmentation of multi
temporal PlanetScope data to accurately delimit hedgerows at national 
scale. Hedgerows are defined here as woody linear features narrower 
than 20 m and across agricultural areas. Our approach makes use of 
morphological and contextual features, and temporal patterns to sepa
rate them from the rest of the agricultural landscape and from other 
woody features. The objective of this research is to evaluate the data and 
method requirements to design a monitoring service of hedgerows in 
agricultural land at national scale. To that end we tackle the following 
questions: 

• What technical specifications are required to monitor hedgerows in 
agricultural land at national scale with commercial satellites and 
semantic segmentation approaches?

• What is the current distribution and structure of hedgerows across 
Germany?
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2. Materials and methods

2.1. Reference data

The reference data we used for training the models was provided by 
the Schleswig-Holstein State Office for Agriculture, Environment and 
Rural Areas as part of the state-wide biotope mapping (LLUR, 2023) 
(Fig. 1). The mapping is conducted manually by analyzing a digital 
terrain model and orthophotos. As a subset of the biotope mapping, the 
linear biotopes dataset includes polylines with alleys, hedgerows and 
other tree lines that were acquired between 2016 and 2021.

Three additional datasets from three different federal states were 
used for independent validation (i.e., test datasets): Brandenburg (BB), 
North Rhine-Westphalia (NRW), and Bavaria (BY) (Fig. 1). Field data for 
Brandenburg were available from the Brandenburg State Office for 
Environment within the “Comprehensive biotope and land use mapping 
in the state of Brandenburg” (LfUB, 2009). Because this dataset is 
composed of polylines that were mapped 15 years ago, we randomly 
selected three 13 by 13 km tiles and updated them manually using 2020 
aerial imagery (LVermGeo SH, 2020). Data from NRW was provided by 
the Federal Agency for Nature, Environment and Consumer Protection 
of NRW (LANUV, 2023) in the form of polygons. It consists of 220 tiles of 
1km2 that are monitored since 1997 and updated regularly. Data from 
the Federal State of Bavaria is a modified subset of Huber-García et al. 
(2025). It consists of in-situ mapped polygons recorded by the Bavarian 
Environment Agency (BLfU, 2024) during their biotope mapping cam
paigns (2018–2020) and classified as either hedgerows or woody fea
tures. This dataset was further edited with updates using high resolution 
aerial imagery to include woody features along rivers, creeks and roads.

We processed the reference datasets in a semi-automatic workflow 
with the aim to generate a consistent, complete and low-error dataset for 
training and validation of linear woody features within agricultural 
areas, making sure we exclude forest patches. The modifications we 
applied included: 

• Exclusion of elements outside of areas classified as agriculture by the 
Basis Digital Landscape Model of Germany (Basis-DLM) (GeoBasis- 
DE and BKG, 2022)

• Exclusion of elements within 20 m of forests according to the Basis- 
DLM (GeoBasis-DE and BKG, 2022)

• Exclusion of alleys with sparse tree lines without shrub fraction in 
between using visual inspection of aerial images (LVermGeo SH, 
2020)

• Exclusion of elements wider than 20 m in canopy or shorter than 9 m 
using visual inspection of aerial images (LVermGeo SH, 2020)

• A 5 m buffer to remaining polyline features to create labels of 10 m 
width (Appendix Fig. 1)

We do not consider as hedgerow linear woody elements wider than 
20 m, following the definition in the landscape features module of the 
Land Use and Coverage Area frame Survey (LUCAS) (D’Andrimont et al., 
2024)). These features have different inner micro climatic characteris
tics (Litza et al., 2022), and are usually accounted for in tree cover maps. 
Thus, we excluded these features from the training process, along with 
features located within 20 m distance to forest margins. Out of 80,036 
km of features, we removed 17,743 km and added another 6649 km, 
ending up with a total of 68,942 km. All three federal datasets are still 
inevitably imperfect to different extents, which negatively affects 

Fig. 1. Reference datasets used for training in Schleswig-Holstein Federal State (SH) (yellow) and testing (blue), in SH, North Rhine-Westphalia (NRW), Brandenburg 
(BB), and Bavaria (BY). Background satellite image from Google (Google Earth, 2023) and digital elevation model from the Shuttle Radar topography Mission (EROS, 
2017). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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accuracies. Inaccuracies in labels include hedgerows close to the 20 m 
wide threshold, close to forests or forest patches, dense tree lines whose 
hedgerow layer cannot be confirmed, or hedgerows that were coppiced 
shortly before image acquisition.

2.2. Remote sensing data

The remote sensing data used consist of 8-band (VNIR) monthly 
mosaics of PlanetScope surface reflectance data, (basemaps henceforth) 
for the months April, June, August and October of the year 2022 (Fig. 2). 
These basemaps are generated on-demand by Planet with a proprietary 
algorithm that masks clouds and haze, and composites the best under
lying pixels at 2.98 m resolution at German latitudes (Planet, 2024). 
They possess red, green and blue (RGB) bands, a yellow and a second 
green band, and a red-edge and a near infrared band. However, for the 
purpose of our work, the bands yellow, second green and red edge were 
excluded to speed up training and allow compatibility with previous 
PlanetScope sensor generations. Within our model evaluation frame
work, we tested different combinations of the monthly PlanetScope 
basemaps as well as different spectral band settings (i.e., RGB and near- 
infrared, red, green (NRG)). The basemaps were chipped into 512 by 
512-pixel chips with 64 pixels overlap, generating a total of 6749 chips 
for SH, 243 chips in BB, and 312 chips in BY.

Additionally, we produced a height map by subtracting a digital 
terrain model (DTM) (BKG, 2020a) from a digital surface model DSM 
(BKG, 2020b). We then combined this height map with our predictions 
at national level to estimate hedgerow structure.

2.3. Model architecture and hyperparameters

A standard U-net architecture (Ronneberger et al., 2015) with a 
ResNet backbone was used in a semantic segmentation task in the 
segmentation-models package (Iakubovskii, 2019). U-Net is based on 
the fully convolutional neural network, is designed for pixel level clas
sification tasks, and has been extended to work with fewer training 
images while preserving high segmentation accuracy. It has been suc
cessfully used on satellite imagery to detect objects such as roads (Hou 
et al., 2021), clouds (Hu et al., 2021) or buildings (Qiu et al., 2023). Each 
PlanetScope band was normalized using the respective 99th percentile. 
As optimizer (a parameter that updates the model’s weights and biases 
to minimize the loss function during training), we used Adam (adaptive 
moment estimation) with its default learning rate (0.001) due to its 
robustness and efficiency.

We applied two data augmentation processes in every epoch to help 
the model generalize better: a random sample of 50 % of the chips were 
flipped left to right, another random sample of 50 % was flipped upside 
down, and in another random sample of 50 % the contrast in each band 
was slightly changed by multiplying the normalized pixel values by a 
random contrast factor between 0.9 (decrease contrast) and 1.1 (in
crease contrast using the tensorflow adjust_contrast option). Addition
ally, we applied transfer learning by pretraining of the model weights 
using the ImageNet database (Deng et al., 2009). This method is effec
tive for cases with limited labeled data for the target feature, but with 
plenty of labeled data for related features.

When parameterizing the model, we studied the influence of three 
parameters using the reference data from SH: the different combinations 
of PlanetScope bands and months, and the loss function. We tested 14 
combinations of spectral-temporal inputs: 

• All months available (4) with the green, red and near infrared bands 
(NRGall)

• Each individual month with the green, red and near infrared bands 
(NRG4, NRG6, NRG8 and NRG10)

• A combination of June and October to capture green and browning 
periods (NRG6–10)

• A combination of April and August to capture greening and green 
periods (NRG4–8)

• All above combinations but with red, green and blue bands (RGB)

The loss function is the mathematical representation of the predic
tion objectives that the architecture will try to minimize in an iterative 
process. Some loss functions focus more on the spatial contexts, and 
others prioritize spatial overlap, boundary precision, or continuity 
(Wang et al., 2022). Hedgerows are presented in PlanetScope imagery as 
thin linear structures of 1–6 pixels width, not necessarily continuous and 
with diffuse boundaries due to mixed pixels. Thus, we investigated the 
influence of six different loss functions: the standard binary cross- 
entropy (BCE) from keras (Chollet, 2015), the binary focal loss (BF) 
(Lin et al., 2017), and two functions based on the Intersection over 
Union (IoU): the generalized IoU (GIOU) (Rezatofighi et al., 2019) and 
the DICE similarity coefficient (DICE) loss function (Milletari et al., 
2016). We also tested the combination of the BCE and BF with the DICE 
function. The BCE (eq. 1) is a distribution-based function that measures 
the dissimilarity between the predicted probabilities and the actual bi
nary labels. The BF function generalizes the BCE by introducing a 
hyperparameter (default value of 2) that allows hard-to-classify exam
ples to be penalized more heavily relative to easy-to-classify examples 
(eq. 2). GIOU (eq. 3) considers not only the overlap, but also the dif
ference between far and close predictions even when there is no overlap. 
DICE (eq. 4), is a region-based function that focuses on the overlap be
tween predicted and actual segmentation masks and performs well with 
unbalanced datasets. The combination of BCE or BF and DICE by addi
tion permits a certain degree of diversity in the loss, while benefiting 
from the stability of BCE and BF (eq. 5).

Binary Cross-Entropy (BCE): 

L(A,B) = − A⋅log(B) − (1 − A)⋅log(1 − B)

where: A represents the labels and B are the predicted probabilities.
Binary focal (BF): 

L(A,B) = − A⋅α⋅(1 − pr)γ⋅log(B) − (1 − A)⋅α⋅Bγ⋅log(1 − B)

where α: as weighting factor, (0.25) and γ is the focusing parameter 
(default 2.0).

Generalized IoU (GIOU): 

GIOU = IoU −
|C\(A ∪ B)|

|C|

where IoU is the intersection over union, and C is the smallest convex 
object that encloses A and B.

DICE similarity coefficient: 

DICE = 1 −
2|A ∩ B|
|A| + |B|

Where A ∩ B represents the intersection between predictions and 
labels.

2.4. Model evaluation

The performance of all models was first evaluated splitting the 
reference data from Schleswig-Holstein into training, validation and test 
at 70 %, 20 %, 10 % respectively. Five metrics were used to evaluate the 
performance of the different combinations of loss function and spectral- 
temporal inputs:

Overlap metrics: 

• Precision (prediction accuracy): Proportion of predicted hedgerows 
that match labels.

• Recall (label coverage): Proportion of ground truth labels correctly 
predicted

• F1 score (balanced accuracy): Harmonic mean of precision and recall
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Distance metrics: 

• Hausdorff distance: Maximum distance from one set to the other
• Average Spatial Distance (ASD): average distance between labels and 

predictions

Overlap-based metrics have some known limitations when applied 
for mapping of small objects (Jeune and Mokraoui, 2023). Due to the 
narrowness of some hedgerows (<3 pixels wide), a one-pixel lateral shift 
between prediction and label can return a IoU of 50 % (2 pixels inter
section / 4 pixels union). On the other hand, the Hausdorff distance 
(Taha and Hanbury, 2015) measures the spatial coherence between two 
sets by considering the greatest distance between any point in one set 
and its closest point in the other set. It captures the worst-case mismatch, 
making it valuable comparing predicted shapes or boundaries in models 
to ground truth (Appendix formula 1). False positives and false negatives 
are equally important. It is mathematically represented as: 

H(A,B) = max
(

sup
a∈A

inf
b∈B

d(a, b) , sup
b∈B

inf
a∈A

d(a, b) ,
)

Where: 

- H(A, B) is the Hausdorff distance between sets A and B.
- max is the maximum function, returning the larger of two values.
- sup denotes the supremum, representing the least upper bound.
- inf denotes the infimum, representing the greatest lower bound.
- a in A signifies that a is an element of set A.
- b in B signifies that b is an element of set B.
- d(a, b) is the distance function between points a and b.

Whereas Hausdorff distance measures the maximum spatial 
mismatch, the ASD measures the average spatial mismatch by calcu
lating the pairwise distances between two sets of points, resulting in a 
distance matrix (Appendix formula 2). Both distance metrics were 
calculated with the SciPy library (Virtanen et al., 2020).

To estimate the total hedgerow area with corresponding confidence 
intervals, we used a sample-based estimator following the good practice 
recommendation by Olofsson et al. (2014) in the test chips of Schleswig- 
Holstein (n = 825). For the estimation we used a random stratified 
sample of 1000 sample points from the predicted hedgerow and back
ground area each. This provides total area estimation adjusted to error 
rates with corresponding confidence intervals.

Since reports and plans often use length estimations rather than area 
(e.g. (Broughton et al., 2024; D’Andrimont et al., 2024; Drexler et al., 
2024)), we calculated the total hedgerow length per chip and compared 
it with the test labels in SH, BB and BY. Hedgerow length was estimated 
by calculating the center line and length of all polygons. Hedgerows 
along both sides of paths were often mapped as a single feature wider 
than 20 m. Thus, for polygons wider than 20 m, the length of the center 
line was doubled.

The generalization capacity of the model was evaluated using inde
pendent datasets from three different federal states: Brandenburg (LfUB, 
2009), North Rhine-Westphalia (LANUV, 2023), and Bavaria (BLfU, 
2024). The NRW dataset is regularly updated, but the data provided 
included only features that have a legal protection level or are of special 
importance for nature conservation. Thus, the accuracy with the NRW 
dataset could only be evaluated on the basis of the recall i.e., proportion 
of labels correctly predicted.

The final predictions at national scale were compared with the SWF 
2018 product from Copernicus (EEA, 2023), and with the ToF (Liu et al., 
2023) (Appendix Table 1). These are to date and to the best of our 
knowledge, the two publicly available state-of-the-art products that 
yield large scale spatially explicit estimates of woody biomass outside of 
forests. SWF are delivered at 5 m resolution and have a maximum width 
of 30 m for linear elements. The maximum size for patchy features is 

5000 m2, and their minimum mapping unit is 200 m2 (EEA, 2023). To 
produce the ToF map, Liu et al. (2023) used a semantic segmentation of 
PlanetScope imagery at 3 m resolution, and GEDI and Sentinel-2-based 
canopy models. Before the comparison, we post-processed the three 
products (ToF, SWF and our predictions) by: 

• Excluding elements outside of areas classified as agriculture by the 
Basis Digital Landscape Model of Germany (Basis-DLM) (GeoBasis- 
DE and BKG, 2022)

• Exclusion of elements within 20 m of forests according to the Basis- 
DLM (GeoBasis-DE and BKG, 2022)

• Resampling the SWF product from 5 m to 3 m

3. Results

The results are presented with the following structure: Subsection 
3.1 evaluates different temporal and spectral inputs (i.e., different 
combinations of monthly basemaps). Section 3.2 evaluates the five loss 
functions used. Subsection 3.3 explores the transferability of the model 
by evaluating the accuracy metrics in two federal states with different 
landscape characteristics than the training dataset. This section also 
establishes a comparison across Germany of the best model output 
against the two other available products that map woody biomass 
outside forests (namely SWF and ToF). Lastly, in subsection 3.4 we 
quantify the total extent and length of hedgerows in Germany. Addi
tionally, in this section we present the results of the combination of our 
predictions with the height model (BKG, 2020a, 2020b) to get estima
tions of average hedgerow height and height variability across Germany.

3.1. Optimizing temporal and spectral inputs

The feature set containing the four monthly basemaps and the NIR 
channel (NRGall) returned the best results, with highest overlap metrics 
and lowest distance metrics (Fig. 3). Two pairs of months were com
bined separately to attempt to capture the periods of vegetation green 
peak and browning (for the temperate latitudes of Germany this is April 
& August (NRG4–8), and June & October (NRG6–10)), and reduce the 
amount of satellite data needed. However, such combinations returned 
generally lower accuracies. In general, the RGB models returned lower 
accuracies compared to the NRG models, highlighting the importance of 
the near infra-red channel for hedgerow detection.

3.2. Loss functions

Fig. 4 shows the accuracy metrics obtained with the different loss 
functions. The same set of test chips was used across comparisons. Even 
though all loss functions returned similar distance and overlap metrics 
(this shows that the differences in shape and position are small), there 
were some differences in the predictions. The BCE and BF functions 
returned predictions with lower and more variable probabilities (Fig. 5), 
and thus, an appropriate threshold needs to be implemented. The GIOU 
and DICE loss functions returned predictions with probability values 
much more clustered towards 1, the maximum probability (Fig. 5). 
Overall, a threshold of 0.3–0.4 was appropriate for BCE function, and 
had minor effects on GIOU or DICE. There was not any significant 
benefit from combining BCE nor BF with DICE.

3.3. Independent validation and comparison across products

The best performing model (NRGall: NRG with the 4 months base
maps and BCE loss function) was evaluated against independent data
sets. Fig. 6 shows the accuracy metrics for our product, the ToF, and SWF 
using the same set of test chips. The post-processed SWF and ToF 
products returned lower overlap and distance scores.

The transferability capacities of our model were assessed using the 
three external datasets (BB, NRW and BY), and the results are shown in 
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Fig. 7. In order to study the suitability of the three products when 
aggregating, we calculated the hedgerow length per chip in SH, BB and 
BY federal states for NRGall, SWF and ToF, and compared it to the length 
of the labels (Fig. 8).

We compared the spatial patterns of our model output with the other 
data products by aggregating them at the EU-NUTS3 level. Fig. 9 shows 
the share of hedgerow area in units per thousand per agricultural area 
predicted by our model, and by SWF and ToF postprocessed products. 
Substantial differences between the three products were found across 
districts, as well as at national scale (Fig. 9d). Despite the overall higher 
hedgerow share reported by SWF and ToF, these two products incurred 
in multiple omission errors in smaller hedgerows (Fig. 10).

3.4. Hedgerow distribution and structure across Germany

Fig. 11 shows the results of the best performing model (NRGall) 
applied at national scale, and aggregated to hexagons of 1 km2. We es
timate the total amount of hedgerows at canopy level (horizontal 
coverage as observed from above) to be 4081 (± 1425) km2, or 2.3 % 
(±0.8 %) of agricultural land, that D’Andrimont et al. (2024) estimated 
to be 180,207 km2. Hedgerows are clustered in North and North- 
Western Germany, with shares as high as 29 % of agricultural land in 
one 1 km2 hexagon. Low hedgerow abundance was found in South and 
South-Eastern Germany and also along the coastline of the North Sea. 

We estimate the total length of hedgerows to be about 372,230 km.
We combined our predictions with the surface height map to 

generate hedgerow height and structural heterogeneity metrics. Fig. 12a 
and b show respectively the average hedgerow height and the coefficient 
of variation in height, as proxy for structural diversity. There were some 
regional patterns with higher average hedgerow height in North-West 
Germany and at the same time lower coefficient of variation, indi
cating rather similar hedgerow types. In contrast, highest variability in 
hedgerow height coincided with the districts with lower hedgerows.

4. Discussion

4.1. Optimizing temporal and spectral inputs

Our study stands out as the first to use multitemporal very high 
resolution satellite imagery for hedgerow mapping. The NRG models 
performed generally better than their RGB counterparts, whether using 
single, pairs or combinations of PlanetScope basemaps, highlighting the 
benefits of including near-infrared information to accurately identify 
hedgerows (Fig. 3).

Our model trained on mosaics from all four PlanetScope basemaps 
(April, June, August, and October) obtained better scores (higher 
overlap metrics and shorter spatial distances), closely followed by the 
models that used pairs of months. This advantage likely arises from 

Fig. 2. Experimental workflow. PlanetScope monthly basemaps are stacked and chipped. Reference data from Schleswig-Holstein (SH), Imagenet weights and data 
augmentation are used for training and hyperparameterization. Trees outside of Forests (ToF) and Small Woody Features (SWF) products are masked with a Digital 
Landscape Model (DLM) to extract the hedgerows and compare it against our results using reference data from the federal states of NorthRhine-Westphalia (NRW), 
Brandenburg (BB) and Bavaria (BY). Final predictions are combined with a normalized Digital Surface Model (DSM) to generate hedgerow height metrics.
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capturing differences in phenological development and management 
between hedgerows and the surrounding agricultural land use. Single- 
month models suffered from false positives in linear features like 
streams and ditches, limiting its utility at a national scale. Similar 
studies (albeit mapping different features), argue that the timing of 
image acquisition is application-dependent. For example, Campos-Tab
erner et al. (2020) identified August imagery as most effective for pre
dicting crop types in Spain, while Fang et al. (2020) found that 
November imagery was critical for tree species mapping in U.S. forests. 
Similarly, Muro et al. (2022) and Dieste et al. (2024), emphasized that 
spring and early autumn imagery contributed most to models estimating 
plant species richness in grasslands. We find that predicting over a more 
complete phenological profile yields better results for hedgerow 
mapping.

4.2. Loss functions

Most binary classification problems deal with items of a smaller 
perimeter-area ratio (e.g., forest patches, buildings, water bodies). In 

these cases, the intersection over union offers an adequate perception of 
the accuracy of the results. However, due to the high perimeter-area 
ratio of our target class (often 1–3 pixels width and hundreds of pixels 
long), the loss function and more appropriate accuracy metrics had to be 
evaluated. One or two pixel shifts between label and predictions can 
considerably decrease the IoU without any practical implication in the 
quality and usability of the results, underestimating model’s perfor
mance. The similar area and distance metrics obtained indicate a good 
fit between predictions and labels regardless of the loss function (Fig. 4). 
On the one hand, the DICE and GIOU functions yielded probabilistic 
outcomes skewed towards unity in the identification of hedgerows 
(Fig. 5), which is convenient when turning said probabilistic outcomes 
into binary categories. On the other hand, BCE and BF loss functions 
produced outcomes characterized by a more evenly distributed range of 
probabilities, often spanning from moderate to high values (0.3–0.8). 
This requires the introduction of additional thresholding steps, but 
allowed us to reduce the rate of false negatives by lowering the accepted 
probability threshold.

Combining loss functions is a common practice also in remote 

Fig. 3. Accuracy metrics for the different combinations of PlanetScope basemaps. Higher overlap based scores (F1, precision and recall), and lower distance metrics 
(Hausdorff and average spatial distance (ASD)) indicate higher similarities between predictions and labels. The horizontal line divides the RGB and the NRG inputs. 
All models use BCE as loss function.
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sensing image segmentation (e.g. of ice sheets (Nagi et al., 2021) or of 
ships (Lv et al., 2022)). Nevertheless, our combination of DICE with BCE 
and BF loss functions did not significantly improve accuracies in our test 
dataset. Other authors have also found small differences in accuracy 
when testing different loss functions in medical imaging datasets (Jadon, 
2020), satellite images in road mapping (Yuan and Xu, 2022), or canopy 
height models (Tolan et al., 2024).

PlanetScope images have a positional root mean squared error below 
10 m (Planet, 2024), and small positional errors across time series have 
been reported to cause a “jitter” effect (Broeks, 2023) (Appendix Fig. 4). 
We observed that when these positional errors took place several times 
across the time series, the model had difficulties identifying the target 
features and assigned very low probabilities. Lowering the probability 
threshold of the BCE function allowed us to overcome the false negatives 
without incurring in major false positives, but only to a certain extent. 
Thus, although GIOU offered more balanced recall and precision for 
similar F1, and very similar distance metrics, we selected the BCE to 
upscale the model to Germany.

4.3. Independent validation and comparison across products

The ToF dataset from Liu et al. (2023) and especially the SWF post- 
processed products scored poorer in all metrics (Fig. 6 and Fig. 7). This 
does not reflect on the overall quality or utility of the SWF and ToF 
products, but rather highlights a partial category mismatch in this spe
cific context. In contrast, NRGall is specialized in hedgerow represen
tation, enabling the capture of narrower features. We continue to find 
SWF and especially ToF highly valuable for mapping broader classes of 
woody vegetation and larger landscape features.

Multiple false positives in the postprocessed SWF and ToF datasets 
were caused by classification errors propagated from forested areas that 
were incorrectly classified as agriculture in the data used to mask them 
(BKG, 2020c) (see points along the Y axis in Fig. 8, and Appendix Fig. 2). 
This can cause a large overestimation of hedgerow surface across the 
country (Fig. 9). Despite this absolute overestimation, multiple false 
negatives in SWF and ToF took place in narrower hedgerows (Fig. 5). 
Similar results have been recently reported by Huber-García et al. 
(2025) for the Federal State of Bavaria, where only 57 % of the hedge
rows detected overlapped with the SWF, whereas the SWF reported five 
times more woody features than their hedgerow predictions based on 

aerial imagery.
This makes it sub-optimal to use these products to evaluate the 

occurrence of hedgerows at national level. SWF derived products have 
already been used to evaluate the effect of hedgerows on biodiversity 
(Frank et al., 2024; Vallé et al., 2023), surface temperature (Ghafarian 
et al., 2024), and C sequestration capacities (Golicz et al., 2021). The 
conclusions of these and similar studies could significantly differ if 
hedgerow-specific predictions were used. While ad-hoc rules, such as 
excluding features based on perimeter-area ratios, could be employed to 
filter out some non-linear features in ToF and SWF, such an approach 
relies on trial-and-error estimations. This additional step increases 
methodological complexity and may introduce variability in results, 
making it less practical for national-scale evaluations. Therefore, we 
suggest to use case-specific prediction models based on the best avail
able data over already available generic products that were not designed 
for said requirement.

The validation for the test datasets from the three federal states (BB, 
BY, NRW) yielded different results, with only minor losses in accuracy 
when transferred to BB (F1-score = 0.55) but a weaker transferability to 
BY, in Southern Germany (F1-score = 0.32). This can be attributed to 
various factors. Woody features in the South of Germany are more 
scattered, discontinuous and intermixed among forest patches and tree 
crops. This makes it very challenging to set apart short but wide 
hedgerows from other woody features, even with high resolution image 
interpretation (Appendix Fig. 3). We performed several tests adding a 
few samples (137 chips) from the BY dataset during training. However, 
we could not find any significant improvement in the results for the rest 
of the BY dataset.

Comparing the predicted and labeled hedgerow length per chip 
across three federal states returned much higher accuracies (r2 = 0.96, 
Fig. 8). Recent papers demonstrate as well how error rates are reduced 
and better estimated at coarser scales by aggregating predictions due to 
false positives and negatives canceling each other out (Wadoux and 
Heuvelink, 2023). Interestingly, ToF performs well predicting the length 
in Schleswig-Holstein, where one finds a high density of hedgerows. In 
Bavaria, forest patches, coppices and tree crops are much more frag
mented, and cannot be properly removed from the ToF and SWF (see 
points close to the ‘Y’ axis in Fig. 8). Our product is thus more suitable to 
assess hedgerow share at national or regional/district scale, rather than 
for specific local hedgerow mapping and planning, for which higher 

Fig. 4. Accuracy metrics for the different loss functions tested. Higher overlap-based scores (F1, precision and recall), and lower distance metrics (Hausdorff and 
average spatial distance (ASD)) indicate better performance. The NRGall model with near-infrared data from the four PlanetScope basemaps was used for these tests.
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Fig. 5. Predictions with different loss functions of an example area with narrow hedgrows (2–3 m wide) (Drexler and Don, 2024). Binary crossentropy (BCE) and 
binary focal (BF) require a low probability threshold (~0.3) to correctly classify many hedgerows. The prediction probabilities of GIOU and the combinations of DICE 
with BF and BCE are much closer to 1 or 0. The first tile contains a PlanetScope image from August 2022 (red, near infrared and green for RGB channels). SWF and 
ToF are shown for comparison purposes. UAV and ground photos from winter and spring: ©Sofia Heukrodt. (EPSG: 3035, lat, lon: 3298381, 4,240,437). (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Overlap and distance (Hausdorff and average spatial distance (ASD)) metrics of the best performing model (NRGall), compared to available products (SWF 
and ToF) for the test chips from the federal state of Schleswig-Holstein.

Fig. 7. Accuracy metrics of the best performing model (NGRall), compared to available products (SWF and ToF) at the validation sites in the federal states of North 
Rhein Westphalia (NRW), Bavaria (BY) and Brandenburg (BB). In NRW, recall is the only applicable overlap metric since not all hedgerows are mapped by the NRW 
authorities.
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resolution imagery would be preferred.

4.4. Hedgerows across Germany

It is estimated that Germany has lost around 50 % of its hedgerows 
during the last 70 years due to land consolidation processes (Poschlod 
and Braun-Reichert, 2017). Hedgerows are known to be distributed in a 
North-South gradient that follows the general wind pressure pattern in 
Germany (Davis et al., 2023). The particular high abundance of 
hedgerows in the North, e.g., in the federal state of Schleswig-Holstein 
(Litza and Diekmann, 2017) is mainly related to its high protection 
status and historical legislations that enforced farmers in the 18th cen
tury to mark field boundaries with hedgerows. However, hedgerows 
need to be not only abundant, but also well distributed across the 
agricultural landscape to provide optimal ecosystem functions. Vallé 
et al. (2023) estimated that when woody features occupy up to 6 % of 
agricultural land, the benefits for various animal groups increase 
exponentially. Beyond this point, the benefits continue to grow, but at a 
linear rate. Hedgerow structure also plays a crucial role in determining 
the amount of habitat types and C sequestration potentials, with older 
hedgerows harboring more habitat types (Litza et al., 2022) and storing 
even more biomass than the average German forest (Drexler et al., 
2024).

According to our calculations, Germany has around 4081 (± 1425 at 
90 % confidence interval) km2 of hedgerows. Assuming a 180,207 km2 

of agricultural land in 2022 (D’Andrimont et al., 2024), about half of 
Germany’s land area, we obtain a hedgerow share of 2.3 % (±0.8 %), 
which is close to the 2.8 % estimated by the LUCAS Landscape Feature 
Module (D’Andrimont et al., 2024) for the same year. The LUCAS 
Landscape Feature Module records the share of linear woody elements in 
agricultural areas that range between 1 m and 20 m width, and patchy 
features covering an area between 1m2 and 5000m2.

In order to better evaluate the share of small woody features (i.e., not 
only hedgerows) in agricultural landscapes, we merged our hedgerow 
map with the SWF postprocessed layer (i.e., forests and forest sur
roundings masked out). The percentage of small woody features rouse to 
4 %, which is closer to the 6 % optimal for biodiversity proposed in Vallé 
et al. (2023). But hedgerow and SWF distributions are not homogenous 
across the country (Fig. 9 and Fig. 11), causing considerable differences 
between municipalities. Some NUTS3 regions in Germany reached an 
area share of 14 % covered by hedgerows and SWF (Karlsruhe and 
Flensburg), but others as little as 1 % (Heidenheim). We estimated a 
total length of hedgerows in Germany of approximately 372,230 km, 
equating to roughly 2.1 km of hedgerows per square kilometer of 

agricultural land. While there are no direct comparative estimates for 
Germany, the Nature and Biodiversity Conservation Union (NABU) and 
the Association of Farmers in Schleswig-Holstein estimate 45,000 km 
(Bauernverbrand SH, 2021) and 68,000 km (NABU, 2013) of hedgerows 
in that federal state. Our predictions indicate 59,309 km of hedgerows in 
Schleswig-Holstein, which falls within the midpoint of these 
estimations.

In a recent report, the Agora Agriculture (2024) think tank estimates 
that 6000 km2 of hedgerows can be planted between 2025 and 2045, 
which would capture 5 MtCO₂ annually on average over this period 
(total of 112 MtCO₂). This would represent 23 % of the German annual 
emissions from arable land (22 MtCO₂ for 2022) (Vos et al., 2024). Since 
hedgerow fostering policies are carried out at regional level (federal 
states), hedgerow metrics at district level (Fig. 5) can be used to prior
itize districts with large extensions of farmlands without hedgerows.

By combining our results with a digital surface model, we revealed 
districts with more homogeneous and high hedgerows (dark green in 
Fig. 12a and white in Fig. 12b) and districts with on average smaller but 
more heterogenous hedgerows (light green in Fig. 12a and dark blue in 
Fig. 12b). The negative correlation between hedgerow height and height 
variability may point to different management regimes of hedgerows. 
Hedgerows are systems that require regular coppicing every 10 years to 
preserve their shrub layer, its habitat functions and the biomass they 
store (Drexler et al., 2024). However, our data on hedgerow height 
indicate that such regular management is applied only to a fraction of 
existing hedgerows, presumably due to the high workload required 
(Fig. 12). The high hedgerows in other parts of Northern Germany (not 
in Schleswig-Holstein) may indicate missing regular coppicing resulting 
in high but rather uniform hedgerows that develop towards tree lines.

4.5. Limitations

Despite our model generates an unprecedented detailed map of 
hedgerows in Germany, it still faces a few caveats, the first concerning 
the clear delineation of the hedgerow class itself. The delineation of 
hedgerows and its differentiation from forest patches, gardens or tree 
crops can be challenging even for a photo interpreter, which can reduce 
the quality of the reference datasets, the quality of the predictions, and 
the representativity of the accuracy metrics. For instance, it is chal
lenging to set apart a hedgerow a few meters close to a forest from the 
forest itself, as well as narrow or parallel lines of hedgerows placed at 
<5 m from one another (Appendix Fig. 3). Additionally, newly coppiced 
hedgerows may not be easily recognizable with satellite imagery. Since 
regular coppicing is recommended every 10 years, it would result in a 

Fig. 8. Hedgerow length (m) per chip predicted vs labeled for the three products (NRGall, SWF and ToF) and three federal states (SH (n = 825), BB (n = 243) and BY 
(n = 312)).
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potential 10 % non-recognizable hedgerows.
The influence of shadows and mixed pixel effects across the borders 

of the hedgerows might be an important source of overestimation of 
total hedgerow area difficult to account for. The high correlation co
efficients obtained when comparing the predicted and labeled length 
(Fig. 8) suggest that length measurements are resilient to this potential 
bias.

Different accuracy metrics show different relationships between la
bels and predictions; whereas overlap-based metrics quantify matching 
and unmatching pixels, the distance metrics proposed can help to get a 
better sense of similarities in shapes regardless of the overlap. They are 
useful for areas where the target feature is abundant. However, in cases 
where there is one small false positive in one corner of the chip, and 
another false negative in another corner, the ASD and Hausdorff 

distance values will be very high. This will return low accuracies for two 
small misclassifications. This situation is much more common in the 
Bavarian dataset, where hedgerows, coppices, patches of forests and tree 
crops are intermixed (Appendix Fig. 3), and delineation of hedgerows is 
challenging even at ground level. Still, these two distance metrics are 
useful to compare performances of models tested on the same area, but 
not across areas. The hedgerow area estimation for Germany is the best 
estimate we can make using the available reference data, but not free of 
uncertainty. When using a stratified random sampling design, precision, 
recall, and target class area proportion do not affect the bias, but only 
the precision of the estimator (Olofsson et al., 2014; Skakun, 2025). 
However, by estimating national hedgerow area and confidence in
tervals based on the stratified random sample from Schleswig-Holstein, 
the implicit assumption is made that precision, recall, and target class 

Fig. 9. Hedgerow area per unit of agricultural area (per thousand ‰) according to our model NRGall (a), to SWF (b) and ToF (c). All numbers are aggregated at 
NUTS3 level (districts). Districts with a share of agricultural land below 20 % are excluded (in white). The legend in (c) is kept at different scale in order to visualize 
differences across districts. The boxplots (d) show the hedgerow density distribution across districts, and in total of squared kilometers.
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proportion are the same for Schleswig-Holstein and the rest of Germany. 
While this can be argued for precision and recall based on qualitative, 
visual map inspection, we know that the assumption does not hold for 
the area proportion of the target class; Schleswig-Holstein is a region 
with high hedgerow area shares in Germany (Litza and Diekmann, 
2017). Nevertheless, a sample-based estimator of hedgerow area, which 
accounts for known omission and commission errors, provides more 
insight on the actual hedgerow area than a pixel-counting area esti
mator, which is known to be biased (Skakun, 2025).

5. Conclusions

Multitemporal PlanetScope basemaps (3 m) and semantic segmen
tation approaches are suitable for identifying hedgerows in area wide 
agricultural landscapes. The use of repeated PlanetScope coverages 
distributed over the growing season was found to improve the mapping 
accuracy compared to single observations, allowing the semantic seg
mentation model to incorporate seasonal patterns to separate hedgerows 
from the surrounding agricultural landscape. However, the choice of 
loss functions had a minor impact on the resulting accuracies, but 
functions that produced a wider range of probabilities allowed us to map 
hedgerows in areas affected by sensor artifacts to a certain extent.

We estimate that hedgerows occupy 2.3 % (±0.8 %) of the agricul
tural area in Germany, and exhibit different structural patterns across 
the country with a clear North-South gradient in hedgerow density. 
Compared to other available satellite-based products that map woody 
features at large scales and across countries, the generated product is 
tailored to specific requirements and class definitions that focus on 
hedgerow mapping and quantification at national level. We quantified 
the differences between state-of-the-art products and highlighted the 

need for caution when including such data in subsequent analyses. Our 
analysis illustrates additionally, the benefit of using different accuracy 
metrics (overlap-based, distance-based, and aggregated), to better assess 
differences between products. Finally, we showed that the proposed 
approach enables to produce unprecedented results that can guide 
spatially explicit strategies and measures to protect and restore hedge
rows to improve the multifunctionality of agricultural landscapes.
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Fig. 11. Proportion of hedgerow per agricultural area predicted and aggregated in 1 km2 hexagons.
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Appendix A. Appendix

Appendix Fig. 1. Example of lines along hedgerows provided by the Schleswig-Holstein Federal State authorities, the 5 m buffer applied and the label generated to 
train the models (yellow).

Appendix Table 1 
Characteristics of the three compared final products.

SWF ToF NRGall

Satellite Sentinel-2, Pleaides, SPOT, WorldView, GeoEye, Deimos PlanetScope & Canopy height based on 
Sentinel-2 and GEDI

PlanetScope

Resolution 5 m 3 m 3 m
Timing May 2017- Sep 2019 August 2019 April, June, August, October 2022
Reference data 6 samples/km2 extracted from SWF 2015 from European 

Countries + UK
Airborne- based Canopy Height Model 
from Denmark

Polylines buffered with 5 m from Schleswig- 
Holstein German Federal State

Classification 
algorithm

Random forest UNet UNet

Postprocessing Masked in origin with the High Resolution Layer Tree 
Density Cover (HRL TDC) (EEA, 2023) 
mmu = 100 m2 
<30 m width 
Mask to agricultural areas and exclude forests based on 
ATKIS 
A 10 % canopy cover threshold

Mask to agricultural areas and exclude 
forests based on ATKIS

No mask

Appendix Formula 1: Python function for calculating Hausdorff distance: 
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Appendix Formula 2: Python function for calculating the asymmetric spatial distance:
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Appendix Fig. 2. Large areas classified under agricultural use (transparent yellow) by national statistics (GeoBasis-DE and BKG, 2022), but with a substantial 
amount of trees, some of which are included in the ToF and SWF postprocessed products (purple) despite all the masks applied. Aerial image from (LVermGeo SH, 
2020), (EPSG: 3035, lat, lon: 3077265, 4,452,405).

Appendix Fig. 3. Labels in BY dataset, modified from Huber-García et al., 2025 a) Parallel hedgerows close to each other may not be detected due to sensor 
limitations. b) Sparse tree lines are rarely but sometimes partially classified as hedgerows. c) Narrow hedgerows may not be detected due to sensor limitations (center 
part of image). Errors in labels still remain (left part), especially in BY dataset since the federal authorities focused on high value habitats (Huber-García et al. (2025). 
The right columns show a NRG Planet imagery, and middle and left columns a near infrared orthophoto from 2020.
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Appendix Fig. 4. Hedgerows not predicted because of multiple shifts in images across Planet bands and across months in the Federal State of Bavaria (EPGS 3035, 
lat, lon: 2859619, 4,588,001).

Data availability

Data will be made available on request.
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2024. ResNeTS: a ResNet for time series analysis of Sentinel-2 data applied to 
grassland plant-biodiversity prediction. IEEE J. Sel. Top. Appl. Earth Obs. Remote 
Sens. 1–23. https://doi.org/10.1109/JSTARS.2024.3454271.

Drexler, S., Don, A., 2024. Carbon sequestration potential in hedgerow soils: results from 
23 sites in Germany. Geoderma 445, 116878. https://doi.org/10.1016/j. 
geoderma.2024.116878.

Drexler, S., Gensior, A., Don, A., 2021. Carbon sequestration in hedgerow biomass and 
soil in the temperate climate zone. Reg. Environ. Chang. 21, 74. https://doi.org/ 
10.1007/s10113-021-01798-8.

Drexler, S., Thiessen, E., Don, A., 2024. Carbon storage in old hedgerows: the importance 
of below-ground biomass. GCB Bioenergy 16, e13112. https://doi.org/10.1111/ 
gcbb.13112.

Dunn, J.C., Gruar, D., Stoate, C., Szczur, J., Peach, W.J., 2016. Can hedgerow 
management mitigate the impacts of predation on songbird nest survival? J. Environ. 
Manag. 184, 535–544. https://doi.org/10.1016/j.jenvman.2016.10.028.

EEA, 2023. Small Woody Features 2018 (raster 5 m), Europe, 3-yearly, May 2023. 
https://doi.org/10.2909/A8E683B1-2F96-45C8-827F-580A79413018.

EROS, 2017. Shuttle Radar Topography Mission (SRTM) 1 Arc-Second Global. https:// 
doi.org/10.5066/F7PR7TFT.

EU CAP Network, 2023. Focus Group - Enhancing the biodiversity on farmland through 
high-diversity landscape features.

European Commission, COWI., Exergia., Silvestrum., Technopolis, 2021. Reviewing the 
Contribution of the Land Use, Land-Use Change and Forestry Sector to the Green 
Deal: Final Study. Publications Office, LU. 

Fang, F., McNeil, B.E., Warner, T.A., Maxwell, A.E., Dahle, G.A., Eutsler, E., Li, J., 2020. 
Discriminating tree species at different taxonomic levels using multi-temporal 
WorldView-3 imagery in Washington D.C., USA. Remote Sens. Environ. 246, 
111811. https://doi.org/10.1016/j.rse.2020.111811.

Fauvel, M., Sheeren, D., Chanussot, J., Benediktsson, J.A., 2012. Hedges detection using 
local directional features and support vector data description. In: 2012 IEEE 
International Geoscience and Remote Sensing Symposium. Presented at the IGARSS 
2012–2012 IEEE International Geoscience and Remote Sensing Symposium. IEEE, 
Munich, Germany, pp. 2320–2323. https://doi.org/10.1109/ 
IGARSS.2012.6351030.

Frank, C., Hertzog, L., Klimek, S., Schwieder, M., Tetteh, G.O., Böhner, H.G.S., Röder, N., 
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Nicholson, D.A., Hagen, D.R., Pasechnik, D.V., Olivetti, E., Martin, E., Wieser, E., 

Silva, F., Lenders, F., Wilhelm, F., Young, G., Price, G.A., Ingold, G.-L., Allen, G.E., 
Lee, G.R., Audren, H., Probst, I., Dietrich, J.P., Silterra, J., Webber, J.T., Slavič, J., 
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