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Abstract. Tree detection and segmentation from remote sensing (RS)
images is important for both forest management and urban planning.
Previous methods using spectral sensors or height information to sepa-
rate trees from background are often costly. Supervised tree classification
models are restricted in cross-domain generalization. While foundation
models (FMs) have demonstrated strong zero-shot capabilities in natural
image understanding and RS, their robustness in semantic tree segmen-
tation in RGB imagery remains largely unexplored. We evaluate recent
vision and vision-language FMs on three heterogeneous RGB datasets
to assess their zero-shot generalization across unseen domains. GeoVLM
achieves the most robust overall performance with a mIoU of 42.9 %,
whereas SAM3 performs particularly well on high-resolution single-tree
segmentation. The results demonstrate that geospatial vision-language
models (VLMs) can serve for semantic tree segmentation in previously
unseen domains, enabling downstream ecological and forestry analyses
without requiring task-specific annotated training data.
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1 Introduction

Trees play a crucial role in urban planning, forestry, biodiversity monitoring,
and environmental management [9]. Semantic tree segmentation enables appli-
cations such as canopy cover estimation, biomass assessment, tree inventory, and
health monitoring. However, accurate tree segmentation from remote sensing
(RS) imagery remains challenging in the absence of rich spectral and structure
information [§].

Recent deep learning methods have substantially improved semantic tree
segmentation from RGB imagery, but their performance depends on annotated
training data that closely match the target domain [4]. Supervised learning mod-
els often struggle with cross-domain tree segmentation tasks due to the signifi-
cant variations in tree species like morphology, phenological stages, illumination,
or spatial resolution [I7]. Creating pixel-level annotations across diverse environ-
ments, acquisition conditions, and tree species is labor-intensive and expensive,
limiting scalability and cross-domain generalization.

Recently, foundation models (FMs), including SAM3 [1], RemoteSAM (RSAM)
[16], Geospatial Vision Language Model (GeoVLM) [5], and EarthMind [11],
have demonstrated promising zero-shot capabilities by leveraging large-scale vi-
sual or vision-language pretraining. Over the past decade, CNNs [2IT0/T3] have
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Fig.1: Two samples from each evaluated dataset.

Table 1: Comparison of the three evaluated RGB RS datasets.

Property OAM-TCD [12] Potsdam LoveDA [14]
Product Orthorectified UAV RGB  True RGB orthophotos Orthorectified RGB
GSD 10 cm/px 5cm/px 30 cm/px

Image size 2048 x 2048 6000 x 6000 1024 x 1024

Images 4,608 (439) 38 (14) 5,987 (1,669*; R:992,
(Test) U:677)

Original class Tree Tree Forest

Tree cover 25.65% 17.04% R:4.94%; U:10.45%
Location Worldwide Germany China

Year 2024 2014 2021

Tree-Specific  Global diversity; tree Winter images (deciduous Low resolution; image
Challenges density and seasonality trees); dense urban layout quality; complex BG

Abbreviations: U/R = urban/rural; BG = Background; GSD = Ground Sampling Distance *Validation data.

dominated this field by achieving high segmentation accuracy and more re-
cently, transformer-based architectures [BI7U15], have further improved segmen-
tation performance. Although these approaches represent the current state of
the art and continue to deliver excellent performance, they generally rely on
large amounts of annotated training data and often exhibit limited generaliza-
tion when applied to unseen datasets or domains [4].

Despite these advances, the effectiveness of FMs for zero-shot semantic tree
segmentation in RGB imagery has not been systematically evaluated. This work
presents a benchmark of recent foundation and vision-language models (VLMs)
for zero-shot semantic tree segmentation across three well-selected RGB datasets
covering both local and worldwide geographic regions. As shown in Figure[I]these
datasets represent diverse tree distributions, species compositions, and seasonal
conditions. Our objective is to evaluate their cross-domain generalization and
identify the strengths and limitations of current FMs for their generalization
performance across varying environments.

2 Methodology

Four state-of-the-art FMs are selected and investigated for zero-shot tree seman-
tic segmentation. Figure[I]illustrates example images of each dataset. In TableT]
the datasets and their characteristics are summarized. The datasets differ in
many attributes, enabling a comprehensive evaluation under diverse conditions.
We further illustrate common tree-specific challenges. For LoveDA [14], valida-
tion data are used with two subsets, since no masks are available for test data.
For consistent evaluation, all non-tree classes are treated as background.
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Table 2: Overview of the evaluated foundation models.

Model Type Domain Used prompts

SAM3 [1] FM General tree, tree crown, forest tree, tall vegetation

EarthMind [IT] MLLM EO Please segment [...]. [tree, tree crown, tall vegetation]

RSAM [16] FM EO tree, tree crown, tall vegetation

GeoVLM [5] VLM EO Segment all the [...] in the image. [tree, tree crown, forest tree, tall vegetation]

Abbreviations: MLLM: Multimodal Large Language Model; EO: Earth Observation

Table 3: Tree segmentation performance in percent (%). Best results are shown
in bold. R/U denote rural/urban.

OAM-TCD [12] Potsdam [6] LoveDA-R [14] LoveDA-U [14] Mean
Model IoU F1 Pre. Rec. IoU F1 Pre. Rec. IoU F1 Pre. Rec. IoU F1 Pre. Rec. IoU
SAMS3I[I] 19.1 32.1 95.0 19.3 30.7 47.0 96.6 31.0 04.4 08.5 54.7 04.6 37.7 54.8 70.4 44.8 23.0
EarthMind[II] 31.4 47.8 97.0 31.7 0.01 0.02 99.0 0.01 13.9 244 41.1 174 189 31.8 72.4 204 16.3
RSAM[I6] 41.5 58.7 629 54.9 00.8 01.6 57.7 00.8 04.8 09.2 38.0 05.3 088 16.0 56.7 09.3 14.0
GeoVLM|5] 71.9 83.7 79.2 88.7 183 309 79.8 19.1 30.9 47.3 414 55.0 50.6 67.2 57.7 80.5 42.9

The selected models represent different approaches to vision-language under-
standing and segmentation, ranging from general-purpose FM to specialized RS
models (Table[2). This diversity enables a comprehensive assessment of their suit-
ability for zero-shot semantic tree segmentation. During inference, each model
was applied to all datasets to produce binary predictions consisting of tree (1)
and background (0). All models are evaluated using their default confidence
thresholds. Prompts used for inference are stated in Table 2| and integrated into
the vision-language models’ queries for EarthMind and GeoVLM. For the Pots-
dam dataset, inference was performed on 1024 x 1024 tiles with a 896-pixel over-
lap because the original 6000 x 6000 images exceeded the supported input size.
Performance was evaluated using IoU, Fl-score, Recall, and Precision. Overall
rankings are based on the arithmetic mean IoU across the datasets.

3 Results and Discussion

Table |3| summarizes the quantitative results. GeoVLM achieves the most robust
zero-shot performance, obtaining the highest mIoU and outperforming the other
evaluated models, which frequently show high precision but poor recall, espe-
cially EarthMind and RSAM. The only exception is the Potsdam dataset, where
SAMS3 achieves the highest IoU and F1 scores. This can likely be attributed
to the ground sampling distance (GSD) of Potsdam (5cm), whereas GeoVLM
was trained for imagery with GSD between 10 and 100 cm [5]. The RS-specific
FMs generally outperform SAM3 on datasets with coarser GSD, highlighting
the importance of geospatial pretraining for robust cross-domain generalization.
Although zero-shot performance remains below those of fully supervised CNN-
and transformer-based approaches, GeoVLM demonstrates robust performance
across all three datasets without requiring task-specific training.

The selected examples in Figure [2] highlight the strengths and weaknesses
of the evaluated models. GeoVLM provides the most consistent outputs overall
but struggles on the Potsdam dataset, likely due to its high spatial resolution.
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Fig. 2: Qualitative comparison of FMs with the ground truth (GT).

Also classifying additional vegetation as trees is a weakness of the model. In
contrast, SAM3 performs best on Potsdam, especially for individual tree crowns.
R-SAM occasionally captures the overall structure of tree canopies but produces
incomplete segmentations, whereas EarthMind rarely identifies meaningful tree
regions across the evaluated datasets. The selected examples further illustrate
the challenges posed by the benchmark datasets. OAM-TCD demonstrates that
the models adapt reasonably well to seasonal color variations during autumn.
In contrast, the leaf-off conditions in Potsdam considerably reduce segmentation
quality. LoveDA-R represents the most challenging dataset due to dense forest
cover, lower image quality, and the low proportion of tree pixels (approximately
5%). Conversely, the models generally perform better in urban environments,
suggesting that large-scale pretraining enables robust recognition of common
urban structures such as roads, buildings, and vegetation.

4 Conclusion

This work investigates recent foundation and vision-language models for zero-
shot semantic tree segmentation across three heterogencous RGB datasets. Among
the evaluated models, GeoVLM demonstrated the most reliable cross-domain
generalization, outperforming the other FMs on unseen datasets, whereas SAM3
performed strongest on the Potsdam data. The results further indicate that
geospatial pretraining is essential for robust zero-shot semantic tree segmenta-
tion in RS, while substantial challenges remain for dense forests, leaf-off condi-
tions, and differing resolutions. Overall, this work provides a reference for eval-
uating FMs for semantic tree segmentation and demonstrates their potential
as an annotation-efficient starting point for downstream ecological and forestry
applications, although robust generalization across diverse conditions remains a
significant challenge.
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