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Abstract. Deep-learning–based individual tree-crown (ITC) mapping
has become increasingly prominent in remote sensing, yet rigorous val-
idation of these predictions at large spatial scales remains challeng-
ing. Using data from an extensive case study involving the mapping
of approximately 218.7 million trees across the German federal states
of Sachsen and Sachsen-Anhalt from multispectral aerial imagery, we
demonstrate that scaling such models beyond controlled environments
significantly exacerbates validation di"culties. Minor inaccuracies in tree
crown segmentation can critically a!ect practical applications, including
forestry management and urban planning. Our findings highlight valida-
tion complexities arising specifically from tree allometry, seasonal vari-
ability, shadow e!ects, and annotation characteristics within training
datasets. Consequently, achieving reliable model performance requires
deliberate design of training data and potentially leveraging task-specific
pre-training through Foundation Models. We emphasize the importance
of rigorous validation procedures to ensure the reliability and practical
utility of large-scale deep-learning models in ecological and urban man-
agement contexts.
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1 Introduction

The urgency of climate change and biodiversity loss significantly heightens the
importance of large-scale tree crown segmentation. Forests act as crucial car-
bon sinks and biodiversity reservoirs [18], while urban trees o!er vital ecosys-
tem services[20]. To generate comprehensive assessments of forest health, car-
bon stocks, and urban greenery, we need to accurately map tree crowns over
vast areas, including trees both within forests and outside of them. These trees
outside forests, often found in agricultural or urban settings, must be part of
our inventories, making their detection and mapping a key priority for scaling
local observations to a global context. Large-scale segmentation enables consis-
tent, detailed monitoring of these vital resources, informing sustainable forest
management, urban planning, and policy development. The ambition to create
national and global inventories, such as those envisioned in [25], hinges on the
reliability of such foundational segmentation data. In an era marked by rapid
environmental change, comprehensive mapping e!orts are indispensable. Tree
crown segmentation is a cornerstone task for these objectives, as the size and
structure of a tree crown—shaped by species-specific branching patterns, site
conditions, and competition for light—directly influences primary production.

While recent advances in deep learning o!er unprecedented capabilities for
automated segmentation, their robust validation at scale presents a critical,
unaddressed hurdle. The integration of deep learning into remote sensing has
opened new ways in how we monitor and analyse ecological systems [30,29].
Tree crown segmentation has especially benefited from advances in convolutional
neural networks (CNNs) and transformer-based architectures. Latter was used
by [8], for single tree detection. Approaches leveraging high-resolution imagery
have demonstrated remarkable capabilities in delineating individual tree crowns
[26,24,5], illustrating the potential for scalable and automated tree mapping.

However, while these deep learning models demonstrate impressive perfor-
mance in controlled environments or with limited-scale datasets, their deploy-
ment at expansive spatial extents, such as regional or national scales, exposes
a distinct spectrum of challenges that remain largely unaddressed. Foremost
among these is validation — a critical yet underexplored hurdle in ensuring the
reliability and generalizability of model outputs. As recent studies have shown,
the performance of tree crown segmentation models is highly sensitive to the
characteristics of the training data, such as tree size, species diversity, seasonal
variations, vitality conditions, and image quality [16,2], a fact that directly re-
flects the profound complexity of how tree crowns appear in real-world con-
ditions. To enable scalable validation frameworks, it is therefore necessary to
accurately characterize and account for this complexity.

A key metric in this context is the Crown Projection Area (CPA), defined
as the vertical projection of the crown onto a horizontal plane. Deriving CPA
provides essential insights both at the individual tree level—where it provides
predictions of diameter, volume, and growth rates—and at the stand level, sup-
porting models of competition and canopy gap dynamics [21,10]. However, inac-
curacies inherent in the segmentation process, particularly when applied at large
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scales, can lead to biased estimations of these critical tree variables, underscoring
the urgent need to address robust validation challenges in large-scale tree crown
segmentation.

Among the available crown metrics, crown spread is particularly valuable as
an independent variable for validating segmentation results, as it captures es-
sential information about tree size and structure. However, accurate estimation
of crown spread is complex in both field and remote sensing contexts. Errors
can arise not only during the segmentation process but also from the methods
used to derive crown spread from segmented polygons, especially for irregularly
shaped crowns. The choice of calculation method strongly influences the quality
of crown spread estimates and, consequently, the reliability of validation met-
rics. Furthermore, the accuracy of validation is fundamentally dependent on the
quality of reference data; coarse or inconsistent ground-truth datasets can sub-
stantially limit the precision of assessment.

Building on our extensive experience in applying deep learning models
to large-scale tree crown segmentation across Germany at the federal-state
level, this paper (1) identifies and characterizes the key challenges involved
in assessing segmentation accuracy over expansive, heterogeneous terrains–
including variability in canopy structure, imaging conditions, and regional
ecological gradients–and (2) provides concrete methodological recommendations
to address these challenges. By coupling a rigorous evaluation of terrain-specific
segmentation limitations with these targeted recommendations, we aim to foster
a dialogue on the methodological innovations required to ensure that deep
learning advancements in remote sensing translate into actionable insights at
the scales required by global environmental challenges.

2 Case Study: Tree Crown Segmentation in Saxony and
Saxony-Anhalt, Germany

To evaluate the performance and limitations of large-scale crown segmentation
and its validation, the DeepTrees model [24] was applied in a one-shot prediction
approach (i.e trained model used to make a single prediction on an input without
additonal training) using pretrained model weights provided by Freudenberg et al
[5] as well as model weights trained in DeepTrees [24], applied to high-resolution
multispectral Digital Orthophoto Imagery (DOP20) covering the German federal
states of Saxony (SN) and Saxony-Anhalt (ST) [12,11]. SN, covering approxi-
mately 18,450 km2, and Saxony-Anhalt, spanning around 20,452 km2, represent
diverse ecological and urban landscapes, ideal for assessing large-scale segmenta-
tion model performance (Figure 3 in Appendices). The 4-channel (RGBi) DOP20
imagery, with a spatial resolution of 20 cm per pixel , enables precise tree crown
delineation. The DeepTrees model identified approximately 218.7 million indi-
vidual tree crowns—137.3 million in SN and 81.4 million in ST (Figure 1a). The
resulting segmentation dataset has been made available upon request on Zenodo
(https://doi.org/10.5281/zenodo.15638573).
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Despite optimized methods, exact matches between predicted and ground-
truth crown spreads were low (32%), though expanding the margin of error to
±5 m increased accuracy significantly (89%), highlighting validation challenges.
The segmentation model systematically overestimated small crowns (<6 m) and
underestimated large crowns (>16 m), yet the crown area versus spread relation-
ship remained stable (Figure 1b), indicating consistent segmentations. Validation
quality proved crucial; notably, the local inventory (‘Baumkataster’ Halle/Saale)
provided broad intervals (5 m), limiting validation precision but still achieving
an overall IOU of ~70%.The segmented tree crowns show substantial regional
variability in tree distribution, reflecting ecological, topographical, and land-use
gradients (Figure 3).

Fig. 1. (a) Spatial distribution of individual tree crown segmentation polygons derived
from multispectral DOP20 imagery across the German federal states of Sachsen (SN,
green) and Sachsen-Anhalt (ST, blue), totaling 218.7 million predicted crowns. (b)
Relationship between normalized crown area (x-axis) and estimated crown spread (y-
axis) for a subset of the segmented trees from Halle (Saale), ST.

3 Challenges
Validating large-scale tree crown segmentation models reveals a web of interre-
lated challenges. Among these challenges is phenology, a moving target: the same
forest can look drastically di!erent between leaf-on summer imagery and leaf-o!
winter scenes. Models trained on a single phenological period often struggle in
another, yielding inconsistent segmentation accuracy across the year [19,13,6].
For example, a canopy delineation that performs well on lush summer foliage
may under-segment sparse autumn crowns or miss bare branches in winter (Fig-
ure 3a). Such season-driven variability not only degrades model performance
but also complicates validation – a one-shot model might appear accurate in
one season and fail in the next, raising questions about how and when accuracy
should be assessed. Incorporating multi-season data including the key pheno-
logical stages: leaf emergence, flowering, fruiting, autumn coloring and leaf fall,
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during both training and validation is essential, as phenological dynamics have
been shown to strongly influence model generalizability [16,2].

Spatial and illumination heterogeneity of landscapes, driven by terrain and
illumination di!erences, poses a major hurdle for both segmentation and its
validation. An algorithm that segments tree crowns flawlessly in a flat, well-
lit park may strugglein a shadow-drenched valley or on a steep mountainside.
Variations in ground elevation and slope alter the angle of solar illumination,
leading to uneven lighting and shadows that can confuse models. In mountainous
or rugged terrains, trees on north-facing slopes might appear darker or partially
occluded compared to those on south-facing slopes with direct sun, even if they
are the same species and healthy. Such e!ects result in site-specific performance:
accuracy drops when moving to new topographies or sensor angles. Weinstein et
al. (2020) observed this kind of cross-site performance gap, where a tree detection
model trained in one region underperformed when applied to a di!erent region’s
imagery without adaptation, underscoring how terrain and context influence
outcomes [27]. Fine-tuning can increase accuracy, but requires additional data
and computational resources. For validation, this means that accuracy estimates
from one area may not transfer to another – a critical issue when assessments
at national or global scales are required.

A further fundamental challenge lies in the scarcity of accurate ground-truth
data at scale. Reliable validation hinges on high-quality reference data (the
“ground truth”), yet collecting detailed crown delineations over large regions is
logistically di"cult and expensive. For instance, field surveys can map individual
trees with great precision, providing highly accurate tree position information
(e.g., through GPS measurements of trunk location or detailed canopy spread on
the ground) [23]. However, doing this over thousands of square kilometers is in-
feasible. Conversely, while aerial and satellite imagery o!er broad coverage, even
at high resolutions, they present significant challenges for unequivocally labeling
each tree crown for validation purposes. This is due to factors like canopy over-
lap, varied lighting conditions, complex tree morphologies, and the sheer scale
of the areas to be annotated, which introduce ambiguities and make consistent
manual delineation impractical or prohibitively expensive across large regions.
UAV (drone) campaigns can bridge the gap by capturing very high-resolution
images or LiDAR of sample areas, but they are limited in flight range and still
require extensive human annotation to turn imagery into usable ground truth.
The net result is a mismatch of scales: our models aspire to map every tree
across entire countries, but our ground truth typically covers only small plots or
scattered samples [ˆ]. This mismatch means that validating a “wall-to-wall” tree
map (i.e. predictions or classifications are made across an entire spatial extent)
often involves extrapolating from a tiny fraction of ground-referenced trees, in-
troducing uncertainty. Moreover, ground-reference datasets may not capture the
full diversity of conditions (species, canopy shapes, management regimes, etc.)
present in the larger mapping area, biasing the validation. Expanding ground-
truth collection – through automated methods or crowdsourcing – is thus not



T. Khan et al.

just a recommendation but a necessity to overcome this validation bottleneck
(as we discuss later).

Compounding the issue of limited data is the inconsistency in reference an-
notations and evaluation metrics. Even when ground-reference data exist, their
format can di!er – sometimes reference trees are marked by a single GPS point
(e.g., trunk location), sometimes by a hand-drawn polygon outlining the single
crown. This creates a challenge in validation: how do we decide if a predicted
crown polygon “matches” a ground-truth point, or how to handle cases where
one field-mapped tree corresponds to multiple overlapping crown segments in
the image? (Figure 2c) Conversely, field crews might delineate a broad canopy
as one crown while an automated model splits it into two segments (or vice
versa), especially in dense stands where crowns merge. These ambiguities in one-
to-one correspondence make it hard to define what a “correct” segmentation is.
Traditional pixel-wise accuracy metrics like Intersection-over-Union (IoU) treat
segmentation purely as an image overlap problem, which may not reflect the
ecological reality of counting individual trees. IoU penalizes di!erences in shape
or area but doesn’t account for whether the count of tree objects is correct. In an
extreme case, a model could slightly over-segment every tree (splitting each true
crown into two smaller polygons) and still achieve a reasonable IoU, despite dou-
bling the perceived tree count – a significant error for applications. On the other
hand, object-centric metrics such as panoptic segmentation quality attempt to
consider both detection and delineation of objects [9]. Panoptic metrics combine
aspects of object detection (was each tree detected?) with segmentation quality
(was each crown correctly outlined?), which can be more appropriate for tree
mapping. However, even these require well-defined ground-truth objects to com-
pare against. When the ground truth itself is inconsistent (e.g., how to count a
clumped cluster of stems with overlapping crowns), validation metrics struggle
to fully capture model performance. The choice of evaluation metric thus be-
comes non-trivial: depending on whether one prioritizes exact crown shape, tree
count, or canopy cover, the “best” metric may di!er. Establishing consensus on
evaluation protocols is part of the challenge – without it, di!erent studies may
report accuracy in incompatible ways.

There is also the issue of scale and resolution in validation reporting. A
model’s accuracy can appear to vary depending on the spatial scale at which
it is evaluated. For instance, a segmentation model might achieve high overall
accuracy when averaged over an entire large region, yet if one zooms into a
small test area (say a single city park or forest stand), the error rate might
be much higher or lower. This can happen if errors are not evenly distributed:
the model could perform very well in one type of landscape (e.g., neat urban
street trees) and poorly in another (dense natural forest), and a coarse regional
average could mask these extremes. Consequently, a user working on a local
conservation project might experience worse performance than the “headline”
accuracy suggests, because that headline number was diluted by many easier
cases elsewhere. Ensuring that validation is robust across scales is tricky – one
must balance broad coverage with local detail. It calls for multi-scale validation
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approaches, where accuracy is reported at multiple grain sizes or stratified by
landscape or habitat type.

The above challenges reflect the multifaceted di"culties of validating tree
crown segmentation at scale. For an at-a-glance overview of these issues and
recommendations, see Table 1 in the Appendix.

Fig. 2. Illustration of key validation challenges in large-scale tree crown segmentation
across two federal states (Sachsen-Anhalt; in blue & Sachsen; in green) in Germany.
Insets highlight specific issues: (a) seasonal variation (phenology) a!ecting appearance,
(b) tiling artifacts in image preprocessing, (c) misalignment between predicted crowns
and known tree stem locations, and (d) discrepancies between predicted crowns (blue)
and labeled ground truth (red), emphasizing model performance gaps. Blue (Sachsen-
Anhalt) and green (Sachsen) overlays represent modelled individual tree crowns across
di!erent Federal States in Germany.

4 Recommendations

Validating large-scale tree segmentation models is challenging due to seasonal
variability, diverse terrain (Figure 3b,c)[3] and illumination conditions, incon-
sistent ground truth data, ambiguous evaluation criteria, and scale-dependent
performance. These factors significantly a!ect the reliability and practical value
of AI-generated tree maps for forestry, ecology, and urban planning.

Addressing these challenges necessitates a multi-faceted approach that inte-
grates advanced modeling techniques, improved validation methods, and robust
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data collection. Recommended strategies include enhancing model robustness
through sophisticated training approaches and developing standardized evalua-
tion frameworks to assess real-world performance accurately. These e!orts aim
to ensure that advances in deep learning yield reliable, actionable insights for
large-scale tree mapping.

Leveraging self-supervised learning (SSL) enhances the generalizabil-
ity of segmentation models by utilizing abundant unlabeled remote sensing
data. Unlike traditional supervised methods constrained by limited annota-
tions, SSL enables models to derive meaningful representations through tasks
such as predicting missing image parts or distinguishing augmented views of
scenes. Pre-training models with extensive unlabeled geospatial imagery allows
them to internalize intrinsic landscape patterns—textures, shapes, and seasonal
variations—which can be e"ciently fine-tuned with fewer labeled samples for
specific tasks like tree crown segmentation. Recent research underscores the ef-
fectiveness of SSL-based geospatial foundation models. PhilEO Bench demon-
strated improved performance across multiple remote sensing applications, such
as building footprint extraction and road mapping, compared to training models
from scratch [4]. SSL-trained models inherently recognize basic vegetation struc-
tures, shadows, and seasonal dynamics, facilitating accurate segmentation under
varying conditions. For example, a model trained on seasonal satellite imagery
implicitly distinguishes between a tree’s winter and summer appearances, signif-
icantly reducing the required fine-tuning. Expanding this approach, Mendieta et
al. (2023) employed continual SSL training, integrating new data distributions to
develop a robust Geospatial Foundation Model (GFM) proficient across diverse
remote sensing tasks [15]. This continual learning paradigm ensures segmenta-
tion models remain current with evolving landscapes and sensor technologies.
Thus, SSL e!ectively addresses challenges associated with limited labeled data
and dataset biases, improving adaptability and performance of large-scale seg-
mentation models.

Integrating multi-view and multi-temporal data enhances model con-
sistency by training with diverse imagery of the same trees captured from vary-
ing angles, sensors, or times. Multi-view data encompass multi-angle (nadir and
oblique aerial images), multi-platform (satellite and drone imagery), and multi-
temporal (images from di!erent seasons or years) perspectives, enabling models
to learn robust invariances for reliable segmentation under varying conditions.
Combining leaf-on and leaf-o! images, compels the model to recognize struc-
tural features beyond mere greenness, thus improving seasonal generalization.
Self-supervised learning (SSL) techniques, such as masked autoencoders and
contrastive learning, e!ectively utilize multi-view datasets by encouraging mod-
els to generate consistent representations across di!erent views without manual
labels. Studies utilizing masked image modeling and contrastive SSL on multi-
view satellite imagery have demonstrated significant performance improvements
in segmentation and detection tasks [17,4]. Employing multi-view consistency
training directly mitigates challenges associated with phenological and illumina-
tion variations, thereby enhancing model robustness and facilitating validation.
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For example, discrepancies in model predictions between leaf-on and leaf-o!
imagery could flag areas requiring further examination. Thus, multi-view and
multi-temporal training provide models with contextual understanding of the
dynamic and three-dimensional nature of trees, stabilizing segmentation results
across real-world variability.

Integrating terrain data into tree segmentation models addresses
image variability caused by uneven topography. Fusing Digital Elevation Mod-
els (DEMs) or LiDAR-derived terrain data with imagery during model training
can enhance segmentation accuracy. This can involve providing elevation/slope
as an additional input channel or designing models to process terrain context
separately. Self-supervised pre-training can leverage elevation data to improve
feature representations. By di!erentiating between bare earth and above-ground
structures, models learn to distinguish actual objects from illumination di!er-
ences caused by slope and aspect. For instance, a terrain-informed model can
di!erentiate shaded hillsides from canopy gaps or recognize a single tree crown
on a steep slope despite perspective distortion [7]. Incorporating terrain data di-
rectly addresses spatial heterogeneity, providing a reference frame to normalize
variability and improve validation. This allows for error analysis stratified by
terrain class, ensuring consistent performance across diverse topographies. We
recommend that future segmentation models, particularly for regions with var-
ied topography, adopt terrain-aware training strategies. Even with limited DEM
availability, approximating slope from imagery or using coarse global elevation
data can be beneficial. Ultimately, integrating real-world topography with pixel
appearance enhances model understanding and generalizability, leading to more
robust deployment in new landscapes.

Focus model attention on domain-specific features. Advancements
in model architecture and training objectives, such as feature-guided masked
autoencoders, can enhance segmentation reliability by directing learning toward
high-level, domain-relevant features rather than pixel-level noise. In remote sens-
ing, specific spectral and textural cues (e.g., high near-infrared reflectance in
healthy canopies) distinguish tree crowns from other land covers. Feature-guided
methods train models to reconstruct meaningful feature representations—such
as vegetation indices or edge maps—instead of raw pixels. For example, FG-MAE
(Feature Guided Masked Autoencoder) tasks the model with predicting domain-
specific features (e.g., NDVI or engineered representations) for masked image
regions, promoting semantic understanding rather than texture replication [17].
Applied to tree segmentation, such pre-training focuses internal representations
on vegetation structure (e.g., crown edges or canopy height), improving delin-
eation of complex canopies and separation from backgrounds. Early studies in
multispectral and SAR imagery confirm improved segmentation in challenging
environments [1]. Integrating feature-guidance is thus recommended for large-
scale tree mapping, particularly in complex landscapes, as it not only increases
accuracy but may also yield more interpretable outputs and uncertainties to
support validation and error diagnosis.
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Expand validation beyond pixel agreement – use ecological consis-
tency checks. Traditional segmentation validation relies on geometric overlap
with ground truth, but tree mapping can benefit from leveraging ecological al-
lometric relationships as an additional check. Allometry—well-established links
between tree dimensions such as trunk diameter, height, and crown width—
provides expected bounds for tree size relationships. Applying allometric equa-
tions to segmentation outputs serves as a “sanity check”: for example, predictions
where crown sizes and tree heights deviate significantly from field-based distribu-
tions may indicate model errors or missing trees. Overly large predicted crowns
in a region without tall trees, or consistently small crowns in old-growth forests,
can reveal segmentation artifacts. Recent studies, such as Song et al. (2023),
have used statistical models to connect remote sensing outputs to allometric ex-
pectations, highlighting ecological validation as a valuable approach [22]. Imple-
menting such checks requires integrating ancillary data, such as LiDAR-derived
heights or species-specific formulas, to cross-validate AI-generated tree maps.
This recommendation shifts validation from a purely computer-vision perspec-
tive to an application-oriented perspective: after all, if the ultimate goal is to
use these maps for carbon accounting, biodiversity, or forestry, then passing an
ecological reality check is as important as scoring well on IoU.

Establish community benchmarks and evaluation frameworks. The
field of geospatial AI is recognizing the value of standard benchmarks – datasets
and metrics on which di!erent methods can be compared in a reproducible way.
Standard datasets and metrics like ImageNet and COCO have significantly im-
pacted computer vision, inspiring geospatial counterparts such as GEO-Bench
and PANGAEA [14]. We propose developing specific benchmarks for tree crown
segmentation and mapping, covering diverse landscapes, seasons, and remote
sensing sources. Standardized evaluation metrics, such as IoU for segmentation
and detection accuracy, would ensure comparability and transparency in results.
Additionally, benchmarks should require multi-scale assessments, evaluating not
only overall accuracy but also performance in challenging subsets (e.g., dense
forests vs. isolated trees), incorporating auxiliary criteria like allometric consis-
tency. Regular competitive challenges using standardized large-scale tree map-
ping tasks can accelerate method improvement and robustness. Ultimately, these
community-driven benchmarks facilitate transparent, credible model evaluations
and iterative progress in geospatial AI.

Innovate in ground-truth data collection and labeling. Advances in
modeling alone cannot eliminate the need for enhanced validation datasets. We
recommend expanding ground-truth collection through automation, crowdsourc-
ing, and active learning. Automated techniques using drones or AI-equipped
aircraft can rapidly generate tree crown annotations, minimizing expert in-
volvement. Crowdsourcing allows non-experts to e"ciently label straightforward
cases, supported by redundancy and quality controls, proven e!ective in urban
tree mapping. Active learning strategies prioritize uncertain or conflicting model
predictions for expert review, significantly optimizing annotation e!orts [28]. Ad-
ditionally, promoting open data practices and sharing existing inventories and
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LiDAR datasets from public agencies can provide critical validation resources.
Integrating these approaches—automation, crowdsourcing, active learning, and
open data—will e!ectively bridge validation data gaps and enhance model ro-
bustness and generalizability.

5 Conclusion

Deep learning has opened a new frontier for tree crown segmentation from remote
sensing imagery, yet its promise is contingent on our ability to validate these
models reliably and at scale. As this paper has outlined, the challenges are not
merely technical—they are epistemological. They force us to ask: what does it
mean to “know” a tree from above, when the canopy is a moving target shaped
by phenology, terrain, land cover and image artifacts?

The comprehensive case study in Sachsen and Sachsen-Anhalt exemplifies
how substantial regional variability in ecology, topography, and land use a!ects
model performance. Validation challenges identified—including phenological dy-
namics, spatial heterogeneity, and scale-dependent accuracy—highlight the need
for robust validation frameworks tailored to large spatial extents.

Emerging methods such as self-supervised learning, geospatial foundation
models, and multi-view fusion o!er a compelling pathway forward. These ap-
proaches not only reduce reliance on costly annotations but also capture the un-
derlying structure of complex and dynamic landscapes. Equally, validation must
evolve beyond static benchmarks. Indirect metrics—like allometric plausibility
checks— must be brought into the fold. Validation, in this context, becomes less
about binary correctness and more about probabilistic trust.

Pursuing the recommendations, the field can significantly advance accurate
and trustworthy large-scale tree mapping by integrating robust, self-supervised,
multi-view, and terrain-aware models with continuous validation against clas-
sical metrics and real-world plausibility, using feedback for active learning and
expanded training data. The real frontier is integration: aligning spatial, tempo-
ral, and ecological knowledge through a fusion of data-driven and domain-aware
models. As these systems are deployed across continents, cities, and seasons,
the imperative is not just to scale algorithms, but to scale insight. Only then
can tree segmentation models become dependable instruments for managing the
living infrastructure of our planet.
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 Appendix 
 

 
Fig. 3. Environmental heterogeneity across the German federal states of Sachsen and 
Sachsen-Anhalt, where tree crown segmentation was conducted. (a) Acquisition months of DOP20 
imagery (April to September) used in the segmentation, showing strong spatial variation in image 
phenology [11]; [12]. (Middle) Aggregated land cover classes based on CORINE Land Cover 2020 
data, grouped into five categories: agricultural areas, artificial surfaces, forest and semi-natural areas, 
water bodies, and wetlands [3]. (Bottom) Elevation map derived from the COPDEM GLO-30 digital 
elevation model at 30m spatial resolution, representing terrain variability used to assess segmentation 
accuracy across topographic gradients [4]. 
 
 
 
 
 



 

Table 1: Summary of key validation challenges in large-scale tree crown segmentation, with examples, relevant references, and recommended mitigation 
strategies. 
 

Challenge Description Example/ 
Implications 

References Recommendation References 

Seasonal 
Phenology 
Variability 

Tree appearance changes drastically across 
seasons (leaf-on summer vs. leaf-off 
winter), causing models trained in one 
phenological period to underperform in 
another. This leads to inconsistent 
segmentation accuracy and complicates 
validation, as a model may appear accurate 
in one season but fail in another. 
Multi-season data covering key 
phenological stages is essential for 
generalizable models. 

A canopy 
delineation that 
performs well on 
lush summer 
foliage may 
under-segment 
sparse autumn 
crowns or miss 
bare branches in 
winter 

[19;13;16;2]  Leverage self-supervised learning (SSL) and 
integrate multi-view/multi-temporal data. Use 
SSL to pre-train models on diverse, unlabeled 
imagery, and incorporate 
multi-view/multi-season data to build invariance 
to phenological and illumination changes. This 
enhances generalizability and reduces the need 
for extensive labeled data. 

[5;15;17] 

 

 

Spatial and 
Illumination 
Heterogeneity 

Differences in terrain (elevation, slope) 
and illumination (shadows, sun angle) 
affect both segmentation and validation. 
Models may perform well in flat, well-lit 
areas but poorly in shadowed valleys or 
steep slopes, resulting in site-specific 
performance and complicating 
transferability and validation at larger 
scales. 

A model that 
segments tree 
crowns flawlessly 
in a flat, well-lit 
park may stumble 
in a 
shadow-drenched 
valley or on a steep 
mountainside. 

[28] Integrate terrain data and multi-view 
consistency. Fuse digital elevation models 
(DEMs) or LiDAR with imagery to provide 
terrain context, and train models for multi-view 
consistency to handle illumination and 
topographic variability. This improves 
robustness and allows for stratified validation by 
terrain class. 

[7;17;5] 

Scarcity of 
Accurate 
Ground Truth 
Data 

Collecting detailed crown delineations 
over large regions is logistically difficult 
and expensive. Field surveys are precise 
but not scalable; aerial/satellite imagery 

Ground truth 
typically covers 
only small plots, 
making it difficult 

[23] Innovate in ground-truth data collection and 
labeling. Combining automation (e.g., 
AI-equipped drones), crowdsourcing, and active 
learning to expand and diversify validation 

  



 

lacks resolution for unequivocal labeling 
due to factors like canopy overlap, varied 
lighting conditions, complex tree 
morphologies, and the sheer scale of the 
areas to be annotated. This leads to a 
mismatch between model output scale and 
validation data, introducing uncertainty 
and bias. 

to validate 
national-scale 
maps. 

datasets. Open data sharing and targeted expert 
annotation can further close the validation gap. 

Inconsistency 
in Reference 
Annotations 
and Evaluation 
Metrics 

Reference data formats vary (GPS points 
vs. polygons), leading to ambiguity in 
matching predictions to ground truth. 
Dense stands and overlapping crowns 
complicate one-to-one correspondence. 
Pixel-wise metrics (e.g., IoU) may not 
reflect ecological reality, while 
object-centric metrics (e.g., panoptic 
segmentation) require well-defined 
ground-truth objects. Lack of consensus on 
evaluation protocols results in 
incompatible accuracy reports across 
studies. 

A model could 
over-segment every 
tree and still 
achieve a good 
IoU, but double the 
perceived tree 
count which is 
problematic for 
applications 
requiring accurate 
counts such as for 
managed forest or 
botanical gardens. 

[9;24] Establish community benchmarks and 
evaluation frameworks. Develop standardized 
datasets, protocols, and metrics for tree 
segmentation. Community benchmarks should 
cover diverse landscapes and seasons, and 
include multi-scale and ecological consistency 
checks for robust, comparable validation. 

[14;5] 

Scale and 
Resolution 
Dependence in 
Validation 
Reporting 

Model accuracy varies with the spatial 
scale of evaluation. Regional averages can 
mask local errors; performance may be 
high overall but poor in specific 
challenging areas. Errors may be unevenly 
distributed across landscape types, making 
it necessary to use multi-scale validation 
approaches and stratified reporting. 

A model might 
perform well 
regionally but 
poorly in a specific 
forest stand or 
urban park, 
misleading local 
users. 

 
Expand validation beyond pixel agreement using 
ecological consistency checks and multi-scale 
reporting. Integrate allometric relationships and 
stratified accuracy reporting to ensure ecological 
plausibility and transparency at multiple spatial 
scales. 

[22;14] 
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