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Abstract

While deep learning has advanced ALS point cloud semantic segmentation and achieved impressive results, most methods rely on
predefined label sets and lack ability to recognize arbitrary categories. Recently, the visual foundation models (VFMs) has garnered
significant attention, due to remarkable zero-shot generalization capabilities by leveraging open-set knowledge. However, adapting
these models to large-scale ALS point clouds remains largely unexplored and highly challenging. In addition, the frequent absence
of well-aligned synchronously acquired images further hinders the application of 2D VFMs in ALS point clouds. To bridge these
gaps, we developed a zero-shot, open-vocabulary semantic segmentation framework for ALS point clouds based on 2D-3D transfer,
utilizing three types of VFMs. We employed a combination of VFMs, including source models pre-trained on natural imagery and
models fine-tuned on remote sensing data, to investigate the generalization capabilities of VFMs in inherent domain gap between
natural and aerial imagery. Besides, we further introduce an adaptive global view projection module that derives optimal virtual
camera poses and field-of-view (FOV) from scene extents, effectively enabling the application of 2D VFMs even in the absence of
original imagery. Quantitative evaluations on the Vaihingen dataset indicate that methods trained solely on natural images achieve
segmentation accuracy scores of 72% (roof) and 59% (tree) for common classes but struggle with rare categories such as powerline.
GSNET improves performance across most categories, highlighting importance of domain adaptation. Evaluation on the SUM
dataset reveals that our approach effectively identifies large-scale urban elements (exceeding 60% precision for buildings) without
high-quality, well-aligned imagery.

1. Introduction

Understanding 3D scenes has recently gained importance due
to its pivotal role in various applications, including forest sur-
vey (Polewski et al., 2015), autonomous driving (Jia et al.,
2022) and urban planning (Huang et al., 2020, Shao et al.,
2025). In photogrammetry and remote sensing, the semantic
segmentation of airborne laser scanning (ALS) point clouds is
a critical task that provides an accurate semantic prediction to
facilitate various real-world applications (Guo et al., 2023).

Recently, supervised deep learning has evolved as mainstream
methods for semantic segmentation of ALS point clouds. How-
ever, a significant and persistent bottleneck still exists in achiev-
ing real-world deployment robustness. The primary limita-
tion of these supervised models is their innate dependency on
massive and extensively annotated datasets (Wang and Yao,
2022, Wang et al., 2025b). For large-scale outdoor environ-
ments, the annotation procedure is exceptionally costly and
labor-intensive due to the vast data volume, irregular point
density, and the requirement to distinguish fine-grained object
categories. The excessive cost of data annotation limits the ap-
plicability of these methods. In addition, most existing seg-
mentation methods cannot handle arbitrary semantic categories,
as they are trained on predefined label sets (Ye et al., 2025).
This leads to a severe generalization problem when encoun-
tering novel scenes or previously unseen objects in dynamic,
open-world settings.

In parallel with the advancement in remote sensing, the de-

velopment of visual foundation models (VFMs) has garnered
significant attention, such as CLIP (Radford et al., 2021),
Grounding DINO (Liu et al., 2024), SAM (Kirillov et al.,
2023). Pre-trained on large-scale 2D natural image–text data-
sets, these models have demonstrated remarkable zero-shot
generalization capabilities by leveraging comprehensive, open-
set knowledge. However, adapting these models to large-scale
ALS point clouds remains largely unexplored and highly chal-
lenging. Although recent efforts have begun shifting towards
open-vocabulary semantic segmentation by transferring 2D re-
cognition capabilities to 3D space, most implementations focus
on controlled, dense indoor scenes. Unlike indoor data, aerial
urban point clouds present unique issues, including significant
class imbalance, varying levels of point density, and vast spatial
scales. Consequently, it is non-trivial to directly project indoor-
focused pipelines into the challenging outdoor ALS domain. In
addition, in many public ALS point cloud datasets, the original
images are discarded due to storage constraints, making it chal-
lenging to perform 2D-3D transfer.

Motivated by these research gaps, we develop a zero-shot,
open-vocabulary ALS point cloud semantic segmentation
framework based on three types of VFMs. The framework can
adaptively generate informative global views, enabling seam-
less 2D-3D transfer without the need for synchronously ac-
quired imagery. We further conduct an empirical study to ex-
plore the potential of adapting 2D VFM for zero-shot semantic
segmentation of 3D ALS point cloud. Overall, our main contri-
butions are as follows:
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• To address the absence of original imagery in public ALS
datasets, we design an adaptive global view projection
module that derives optimal virtual camera poses and field-
of-view (FOV) from scene extents, enabling the seamless
application of 2D VFMs to 3D data.

• We develop three VFMs-based zero-shot, open-vocabulary
semantic segmentation methods for ALS point clouds and
conduct empirical study to explore the potential of adapt-
ing 2D VFMs for zero-shot semantic segmentation of ALS
point cloud.

2. Related Works

2.1 Fully Supervised Point Cloud Segmentation

The interpretation of 3D point clouds has evolved from basic
geometric grouping to complex semantic scene parsing. Early
strategies for point cloud segmentation mainly leveraged hand-
crafted spatial descriptors and clustering heuristics—such as the
Random Forest classifier (Ni et al., 2017) or the RANSAC al-
gorithm (Grilli and Remondino, 2020) to group the point into
meaningful clusters. Although effective for simple geometries,
these heuristic-based methods struggle with the inherent noise
and varied densities in point cloud. The field has since moved
toward deep neural architectures. PointNet (Qi et al., 2017a)
and PointNet++ (Qi et al., 2017b) learn feature representations
directly from raw coordinates by using symmetric functions to
aggregate global features and address permutation invariance.
Kpconv (Thomas et al., 2019) and MinkowskiNet (Choy et al.,
2019) subsequently introduce a convolution-based approach to
reduce computation. Recent breakthroughs have seen the rise of
transformer-based backbones, including the Point Transformer
series (Wu et al., 2024) , which employ self-attention to cap-
ture long-range dependencies to achieve state-of-the-art results.
Despite high accuracy, these methods rely heavily on fixed, pre-
labeled classes from training set, which limits their adaptability
and generalization capabilities when encountering novel or un-
trained object classes.

2.2 Open Vocabulary Segmentation in Images

The open-vocabulary segmentation paradigm aims to overcome
the limitations of closed-set labels by leveraging large-scale vis-
ion–language models (VLMs) that align visual features with
natural language embeddings. CLIP establishes a joint latent
space for images and text via dual-stream encoders, achiev-
ing a remarkable level of robustness in zero-shot 2D scene
understanding (Radford et al., 2021). However, learned em-
beddings are primarily image-level representations and thus
are not applicable for dense prediction tasks. Recent research
has introduced modular adapters to bridge the gap between
CLIP’s image-level pre-training and the requirements of dense
pixel-level prediction, such as OPMapper (Wang et al., 2025c),
LSeg (Li et al., 2022) and OpenSeg (Ghiasi et al., 2022). As
SAM (Kirillov et al., 2023) facilitates the generation of masks
independently of class, some mask-first approaches are coupled
with linguistic priors to identify novel categories in unstruc-
tured visual data, such as Mask DINO (Li et al., 2023), Mask-
Clip (Dong et al., 2023), ODISE (Xu et al., 2023). This process
enables high-quality, multi-scale segmentation.

2.3 Open Vocabulary Segmentation in Point Cloud

Driven by the success of 2D vision–language frameworks,
recent efforts have focused on lifting open-vocabulary se-
mantics into the 3D domain. Existing methods typically dis-
till knowledge from 2D VLMs into 3D backbones or align
class-agnostic 3D proposals with multi-view image features.
OpenScene (Peng et al., 2023) learns a dense representation for
points that are aligned with text and image pixels in the CLIP
feature space. By generating captions for multi-view images
from 3D scenes, PLA(Ding et al., 2023) transfers knowledge
from pre-trained vision–language foundation models to build
explicit associations between 3D representations and semantic-
ally rich textual descriptions. Alternatively, distillation-based
approaches like SEAL (Liu et al., 2023) leverage 2D–3D cor-
respondences to transfer knowledge from 2D vision–language
foundation models into 3D networks. Although there have been
a number of studies on zero-shot learning for 3D point clouds,
their application to raw large-scale urban point clouds is still re-
cent and scarce. CitySeg (Xu et al., 2025) proposes a city-scale
point cloud foundation model that incorporates a textual modal-
ity to enable open-vocabulary semantic segmentation and zero-
shot generalization across heterogeneous UAV datasets. Open-
Urban3D (Wang et al., 2025a) leverages multi-view rendered
point clouds and vision–language feature distillation to achieve
zero-shot semantic understanding in large-scale urban scenes.

3. Methodology

Following the methodological foundations established by
(Zhang et al., 2024) and (Ye et al., 2025), we provide 3 zero-
shot, open-vocabulary semantic segmentation solutions based
on VFM tailored for ALS point clouds, namely Grounding
DINO+SAM, SAM+CLIP, GSNET, shown in Fig. 1. Ground-
ing DINO+SAM and SAM+CLIP directly employ general
VFM that were pre-trained solely on natural images. GSNET
integrates CLIP and Grouding DINO, which have been fine-
tuned on remote sensing imagery to alleviate the inherent do-
main gap.

Grounding DINO+SAM: Grounding DINO, an open-set object
detector, excels at localizing objects based on open-vocabulary
text prompts, thereby acting as a robust automatic prompt gen-
erator for SAM. Specifically, Grounding DINO takes image and
text prompts as input to identify object locations and labels. The
Grounding DINO decoder generates precise bounding boxes
corresponding to the textual description of the interest class,
which serves as input for the SAM. SAM utilizes these box
prompts and text prompts to narrow down the areas where SAM
makes predictions and filters the predictions, thereby generat-
ing accurate semantic segmentation masks. The combination
of Grounding DINO and CLIP achieves strong zero-shot se-
mantics segmentation, mitigating the dependency on extensive
labeled datasets.

SAM+CLIP: SAM takes grid points as input prompt to produce
a set of instance masks. Subsequently, CLIP imbues these in-
stance masks with semantic meaning by comparing the visual
embeddings of each generated mask with the textual embed-
dings of predefined semantic categories. An embedding simil-
arity threshold is set to filter out unreliable masks, thus generat-
ing the semantic prediction results for each specified category.
This approach transforms the SAM output from a collection
of arbitrary instances into a meaningful semantic segmentation
map.
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Figure 1. Workflow of zero-shot semantic segmentation for ALS point clouds.

GSNET: GSNET integrates a domain-specific remote sensing
image encoder and a general CLIP-based image-text aligned en-
coder. The specialized RSI backbone is pre-trained on remote
sensing imagery using a self-supervised learning paradigm,
whereas the CLIP backbone is trained on large-scale image–text
pairs through contrastive learning. The dual-stream features
produced by the two encoders interact and complement each
other under the guidance of variable vocabularies, and are sub-
sequently fused to yield accurate segmentation masks.

With semantic prediction from the methods above, we trans-
form point cloud coordination from the object coordinate sys-
tem P to the image coordinate system. Given rotation R, pro-
jection centers P0 = (X0, Y0, Z0)

T and the focal length f from
the calibration information, the transformation from the object
coordinate system P = (X,Y, Z) to camera coordinate (xc, yc)
can be formally expressed as Eq.1.

Pc = (Xc, Yc, Zc)
T = RT · (P − P0);

xc = −f · Xc

Zc
;

yc = −f · Yc

Zc
; (1)

Given the pixel size of the camera ∆ and the principal point
coordinate (rowp, colp), the camera coordinate systems could
be converted to the image coordinate system via Eq.2.

col = colp +
xc

∆
;

row = rowp +
yc
∆

; (2)

As the positions of points and pixels are well-aligned, we per-
form spatial projection from 2D image to 3D point cloud, trans-
ferring 2D pixel semantic prediction to 3D point, obtaining
zero-shot open-vocabulary ALS point cloud semantic segment-
ation results.

For most of public datasets, the original synchronously captured
images have been discarded due to storage constraints, limiting

Algorithm 1: Global View Generation for Point Cloud Ren-
dering
Input: Point cloud P; bounding box parameters

(x0, y0, z0, L,W,H); safety factor k; maximum
FOV FOVmax

Output: Global camera parameters {Cg,Tg,FOVg,Eg}
Step 1: Compute Scene Center
c← (cx, cy, cz) =

(
x0 +

W
2
, y0 +

L
2
, z0 +

H
2

)
Step 2: Define Global Camera Position
zg ← z0 +H +

√
L ·W

Cg ← (cx, cy, zg)

Step 3: Define Target Point
Tg ←

(
cx, cy,

H+
√
L·W

2

)
Step 4: Compute Camera Extrinsics
Eg ← LookAt(Cg,Tg)

Step 5: Compute Field-of-View (FOV)
d←

√
L2 +W 2 ; // Diagonal of ground plane

h← zg − cz ; // Camera height above scene center

FOVg ← 2 arctan
(

d
2h

)
Step 6: Apply Safety Margin
FOVg ← min (k · FOVg, FOVmax)

return {Cg,Tg,FOVg,Eg}

the application of VFMs. To address the challenge of missing
imagery, we design a global view projection module to generate
information-rich rendered images (see Algorithm 1).

Before generating the virtual camera pose, we first obtain the
bounding box of the point cloud scene, defined by its length L,
width W , and height H . Given the origin of coordinate systems
at (x0, y0, z0, the geometric center of the scene is defined as
c = (cx, cy, cz) =

(
x0 +

W
2
, ; y0 +

L
2
, ; z0 +

H
2

)
.

Global Views Generation: We define global viewpoints of the
virtual camera to capture a large-scale rendered image. The
global virtual camera is located above the center point of the
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Figure 2. Example visualization from the Vaihingen and the SUM dataset, including simultaneously acquired ortho-image for
Vaihingen and rendered images for SUM (left), and the ground-truth annotated point cloud (right).

Methods powerline low veg imp surface car fence/hedge roof facade shrub tree
DINO+SAM 0% 36% 1% 21% 2% 54% 4% 12% 31%
SAM+CLIP 6% 34% 11% 1% 2% 79% 6% 14% 52%

GSNET 8% 94% 33% 4% 11% 70% 17% 17% 55%

Table 1. Zero-shot semantic segmentation precision on ISPRS Vaihingen dataset.

Methods powerline low veg imp surface car fence/hedge roof facade shrub tree
DINO+SAM 0% 38% 1% 17% 31% 26% 27% 51% 75%
SAM+CLIP 7% 16% 4% 5% 9% 26% 20% 19% 24%

GSNET 11% 1% 20% 54% 37% 87% 1% 6% 89%

Table 2. Zero-shot semantic segmentation recall on ISPRS Vaihingen dataset.

bounding box, with its world coordinates Cg .

Cg =


x = x0 +W/2,
y = y0 +H/2,

z = H +
√
L ·W,

(3)

The virtual camera is at the anchor point and always oriented
towards the target point Tg , forming a consistent global obser-
vation.

Tg =

(
cx, cy,

H +
√
L ·W

2

)
. (4)

After determining its world coordinate Cg and target point Tg ,
the extrinsic value of the global virtual camera is calculated us-
ing a standard lookat function.

To guarantee that the entire scene is visible within each global
view, the field-of-view (FOV) is adaptively computed based
on the extent of the scene. Specifically, the diagonal d of the
ground plane and the vertical distance h from the camera to the
center of the scene are given below.

d =
√

L2 +W 2,

h = zg − cz. (5)

Then the FOV is set to cover exactly the entire scene bounding
box with length L, width W , defined as:

FOVg = 2arctan

(
d

2h

)
. (6)

In practice, a safety margin is applied to ensure complete cov-
erage:

FOVg = min (k · FOVg,FOVmax) , (7)

where k is a constant safety factor, (FOVmax) is a predefined
upper bound to avoid excessive distortion.

4. Experiments

4.1 Experiment Setup

Datasets: ISPRS Vaihingen dataset (Rottensteiner et al., 2012)
and SUM dataset (Gao et al., 2021) are used to evaluate the
effectiveness of the three methods. The ISPRS Vaihingen data-
set is an open access dataset for 2D and 3D semantic labeling
contest. The orthoimages were captured by aerial cameras with
three bands (Near Infrared, Red, and Green). The ALS point
clouds were captured by a Leica ALS50 system, with each point
containing x–y–z coordinates, intensity and return count. Each
point was labeled as one of the following nine classes (power-
line, low vegetation, impervious surface, car, fence/hedge, roof,
facade, shrub, and tree). The SUM dataset is a benchmark
dataset of semantic urban meshes that covers about 4km2 in
Helsinki (Finland), with six classes (Terrain, Vegetation, Build-
ing, Water, Vehicle, and Boat). The dataset provides two point
cloud versions sampled from the mesh model without imagery,
with densities of 30 points/m2 and 300 points/m2. In our ex-
periments, we utilize the version at 300 points/m2 with image
rendered by our global views generation module. The dataset
examples are illustrated in Fig. 2.
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Figure 3. Result visualization from the Vaihingen dataset, including low vegetation (green), roof (red) and tree (yellow). The results of
the different methods are shown from left to right.

Figure 4. Result visualization from the Vaihingen dataset, including fence/hedge (red). The results of the different methods are shown
from left to right.

Metrics: To comprehensively evaluate the performance of
point cloud semantic segmentation, we employ precision and
recall as class-wise evaluation metrics. For each semantic class,
predictions are compared with ground truth labels to compute
the number of true positives TPc, false positives FPc, and false
negatives FNc. Precision reflects the proportion of correctly
predicted points among all points assigned to class (c), defined
as:

Precisionc =
TPc

TPc + FPc
. (8)

Recall indicates the proportion of ground truth points of class
(c) that are successfully retrieved, defined as:

Recallc =
TPc

TPc + FNc
(9)

The joint consideration of these two metrics provides a com-
prehensive assessment of segmentation quality, particularly in
scenarios with class imbalance.

Implementation details: The methods are implemented based
on Python, Pytorch and Open3d frameworks, and evaluated on
a Ubuntu 18.04 workstation equipped with two NVIDIA RTX
6000 GPUs. For global view generation, we set the FOV safety
factor k to 1.2, and the resulting rendered image has a resolu-
tion of 2000×2000. For the model architecture, we set the box

threshold to 0.35 and the text threshold to 0.25 for Grounding
DINO, and then set the similarity threshold to 0.05 for CLIP.

4.2 Experimental Results and Discussion

Tab. 1 and Tab. 2 present the quantitative results of the three
methods on ISPRS Vaihingen dataset (precision% / recall%).
The results demonstrate that all three approaches exhibit cer-
tain zero-shot open-vocabulary segmentation capabilities. The
two methods that directly utilize VFM pretrained on natural im-
ages, namely DINO+SAM and SAM+CLIP, achieve satisfact-
ory performance on common remote sensing categories such as
roof and tree, but their segmentation accuracy degrades con-
siderably for rare classes like powerline. In contrast, GSNET,
which is finetuned on remote sensing imagery, yields perform-
ance gains across most categories, indicating that the domain
discrepancy between natural and remote sensing images re-
mains a key barrier to effectively deploying VFM in the remote
sensing domain. However, even GSNET falls short of expect-
ations when segmenting rare categories such as power line and
car. Enhancing the segmentation capability for rare classes in
zero-shot open-vocabulary settings therefore remains a signific-
ant and unresolved challenge.

Tab.3 presents the quantitative results of the methods on
the SUM dataset (precision% / recall%). Since the original
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synchronized images are not available, all methods rely on
rendered images generated by the global virtual camera for
zero-shot inference with VFM. The results indicate that us-
ing images rendered from high-density point clouds with RGB
as input for VFM also yields satisfactory semantic segmenta-
tion results. Overall, DINO+SAM demonstrates a clear advant-
age in recall across most categories, particularly for large-scale
structures such as terrain and building, indicating its strong
capability in capturing complete object regions. In contrast,
SAM+CLIP tends to produce higher precision in certain classes
(e.g., terrain and water), but suffers from significantly lower re-
call, suggesting that it detects only limited portions of the target
regions. In challenging small-object categories such as car and
boat, both methods exhibit limited performance, with extremely
low recall values. This can be attributed to the poor rendering
quality of global views and the inherent difficulty of detecting
small-scale objects in zero-shot settings.

Fig. 3 and Fig. 4 further visualize the results of different meth-
ods on the Vaihingen dataset. Compared to general-purpose
VFMs (DINO+SAM, SAM+CLIP), GSNET gets better res-
ults on common large-scale categories when faced with the
unique spectral and spatial characteristics of remote sensing
imagery. For example, it achieves recall rate improvements of
60% and 14% for the “roof” and “tree” categories in the Vaihin-
gen dataset, respectively. This highlights the importance of
domain adaptation and demonstrates that encoders that incor-
porate domain-specific fine-tuning can effectively mitigate the
differences between the natural domain and the remote sens-
ing domain. However, the fine-tuning strategy can also lead
to a decrease in the model’s generalization performance when
faced with the same class with distinct geometric appearance,
for example, weaker performance in ”low vegetation” com-
pared to general-purpose VFMs. In addition, the most persist-
ent challenge across all methods is the segmentation of rare and
small-scale categories. In the Vaihingen dataset, the detection
of powerlines and fences / hedges remains largely unresolved,
with precision ranging between 0% and 8% for powerlines.
This is likely due to the thin, weak geometry of small-scale ob-
jects, which provide insufficient visual features for 2D VFMs
to differentiate from noise or ground.

Methods DINO+SAM SAM+CLIP
terrain 23.2% / 82.8 % 29.0% /11.0%

vegetation 23.6% / 50.2% 19.4% / 4.0%
building 62.5% / 84.3% 64.8% / 6.7%

water 14.5% / 42.6% 37.9% / 18.5%
car 28.6% / 0.6 % 1.4% / 7.2%

boat 0.3% / 0.2 % 0.2% / 0.7%

Table 3. Zero-shot semantic segmentation result on SUM dataset
(precision% / recall%).

5. Conclusion

In this work, we develop a zero-shot, open-vocabulary ALS
point cloud semantic segmentation framework based on three
types of VFMs. The framework can adaptively generate in-
formative global views, enabling the seamless application of
2D VFMs to 3D data. The results indicate that directly apply-
ing VFMs pretrained on natural images remains significant po-
tential on ALS point cloud semantic segmentation. The domain
gap and rare small-scale categories remain major obstacles to
employ general-purpose VFMs in remote sensing applications.
Commonly used fine-tuning strategies may lead to a degrada-
tion in the generalization ability of VFMs such as CLIP when

faced with the same class exhibiting different geometric appear-
ances. Achieving effective test-time adaptation and unsuper-
vised domain adaptation for VFM therefore constitutes an im-
portant direction for future research.
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