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Abstract. Segmentation of LiDAR point cloud data is a fundamental challenge 

in LiDAR data processing, directly impacting the accuracy of information re-

trieval. This paper introduces an enhanced SAL (Segment Anything in LiDAR) 

method for labeling LiDAR points without manual supervision, leveraging 

pseudo-labels to reduce the number of points required for model training. The 

proposed approach integrates point features and an encoder step using tokens 

generated from feature extraction and CLIP (Contrastive Language-Image Pre-

training) embeddings. Experimental results on a real-world UAV LiDAR da-

taset collected in Hoa Binh, Vietnam, demonstrate segmentation accuracy ex-

ceeding 0.9, validating the method's effectiveness for semantic segmentation of 

UAV LiDAR point clouds. 

Keywords: UAV LiDAR segmentation, SAL, pseudo-labeling, LiDAR point 

cloud, semantic segmentation. 

1 Introduction 

LiDAR (Light Detection and Ranging) provides accurate 3D spatial information, 

supporting applications from autonomous driving to environmental monitoring. When 

integrated with UAVs, LiDAR enables efficient data collection in complex and inac-

cessible terrains. However, raw LiDAR point clouds must be segmented into semanti-

cally meaningful components to support downstream tasks. Currently, with the devel-

opment of UAVs (Unmanned Aerial Vehicles), integrating LiDAR technology onto 

UAV platforms has opened new avenues for space research and natural resource 

management. LiDAR data obtained from UAVs will also be in the form of point 

clouds. Through algorithmic processing, it is possible to separate canopy layers, de-

termine forest heights, calculate tree volumes, and generate digital surface models 

(DSM), digital terrain models (DTM) and proves valuable in providing detailed ser-

vice information vital for management-based decision-making. 

In this paper, the authors focus on segmentation techniques for LiDAR point cloud. 

Point cloud segmentation is the process of dividing the points into different semantic 
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groups that correspond to objects on the surface, such as objects or structures within 

the environment. The goal of segmentation is to classify each point into a specific 

object category, such as “car,” “road,” “building,” or “tree,” based on its representa-

tion in the 3D scene [1], [2], [3]. This technique has seen significant improvements in 

accuracy and efficiency, thanks to advanced 3D sensors and deep learning algorithms, 

opening up applications in robotics, autonomous vehicles, and augmented reality [3]. 

The methods employed for LiDAR segmentation include point feature-based segmen-

tation, interpolation decoding, machine learning, and point cloud subdivision. Recent 

deep learning-based models such as PointNet++, Cylinder3D, SPVCNN, and Squeez-

eSegV3 have demonstrated significant improvements in segmentation performance. 

Nevertheless, these models typically require retraining for new environments or ob-

ject classes and are heavily dependent on manually annotated training data [1], [2]. To 

address these limitations, zero-shot and prompt-based segmentation models have 

emerged as promising alternatives. In this context, Segment Anything in LiDAR 

(SAL), a recently proposed framework by Ošep et al. [5], enables segmentation of 

raw LiDAR point clouds without the need for manual supervision or retraining. SAL 

combines pseudo-labeling with prompt-guided feature matching to perform flexible 

segmentation using point-, box-, or text-based prompts. However, its application to 

UAV LiDAR data has not been thoroughly explored in existing literature. 

2 Related Work 

LiDAR point cloud segmentation approaches can be grouped into three main cate-

gories: supervised learning, semi-supervised learning, and zero-shot or prompt-based 

segmentation. 

Supervised deep learning models such as PointNet++, Cylinder3D, SPVCNN, and 

SqueezeSegV3 have shown excellent performance on benchmark datasets. However, 

these models require large volumes of labeled training data and are not scalable to 

new environments without retraining. Works such as Maria Axelsson et al. [2] and 

others [6 - 9] have applied these methods to UAV LiDAR with varying success. 

Recently, prompt-based and zero-shot models have gained attention due to their 

ability to operate without manually labeled data. SAL [5] is one such framework that 

combines pseudo-labeling with flexible prompts. Other efforts such as Segment Any-

thing 3D (SA3D) [16], GeoLLMs [15], and GeoFusion [14] show the potential of 

general-purpose geospatial models. 

To the best of our knowledge, no prior work has applied the SAL framework spe-

cifically to UAV LiDAR data. Our work addresses this gap by adapting SAL to seg-

ment UAV LiDAR point clouds using point, box, and text prompts, evaluated on a 

real-world dataset from Hoa Binh, Vietnam. To address these limitations, our work 

explores the application of the SAL framework for semantic segmentation of UAV 

LiDAR point clouds. SAL offers a zero-shot capability, eliminating the need for ex-

tensive retraining and annotated datasets. To the best of our knowledge, this is the 

first study to adapt and evaluate the SAL framework for UAV LiDAR data. The pro-
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posed approach combines pseudo-labeling techniques with point-based feature encod-

ing, as described in Section 4. 

3 Background  

3.1 UAV LiDAR data and LiDAR point cloud segmentation overview 

UAV LiDAR systems generate high-density three-dimensional (3D) point cloud 

data through laser scanning of real-world surfaces. These systems operate by emitting 

laser pulses that reflect off surfaces such as terrain, vegetation, and man-made struc-

tures, the returned signals are used to assign accurate geospatial coordinates to each 

point [10]. Compared to traditional surveying techniques, UAV-based LiDAR offers 

several advantages. It enables data collection over difficult-to-access or densely vege-

tated areas and provides detailed structural information of landscapes. The resulting 

point cloud data facilitates a wide range of applications including forestry, urban 

planning, digital elevation modeling (DEM/DSM), and natural resource monitoring. 

LiDAR point cloud segmentation is a crucial step in transforming raw spatial data 

into structured information. It involves partitioning the point cloud into semantically 

meaningful regions corresponding to real-world objects such as buildings, roads, 

trees, or terrain surfaces. This process enables downstream tasks such as object detec-

tion, classification, mapping, and scene understanding [11]. LiDAR data is typically 

unstructured, irregularly spaced, and often contains noise or outliers. Variations in 

point density and occlusions from complex surfaces further complicate segmentation. 

The lack of explicit neighborhood information also hinders traditional spatial analysis 

methods. Current segmentation approaches are commonly categorized into three main 

types: 

- Point-based methods: These techniques operate directly on raw point clouds us-

ing point-wise features such as elevation, intensity, …. While they avoid unnecessary 

transformations, their reliance on local neighborhood search can become computa-

tionally expensive, especially for large-scale datasets. PointNet and PointNet++ [12] 

operate directly on raw 3D coordinates, learning spatial features through shared multi-

layer perceptrons and hierarchical sampling. These methods offer high accuracy on 

small datasets but tend to struggle with scalability in large scenes due to inefficient 

neighbor search.  

- Voxel-based methods: In this approach, the point cloud is discretized into voxels 

(3D grids), allowing for regular data representation. Features are extracted using 3D 

convolutional neural networks (3D CNNs). Voxel-based methods typically achieve 

high accuracy but require significant memory and computational resources. Beside , 

research on SPVCNN [13] and Cylinder3D [17], discretize the point cloud into regu-

lar voxel grids, allowing the use of 3D convolutional neural networks (3D CNNs). 

- Projection-based methods: These methods convert 3D point clouds into 2D imag-

es for processing using 2D convolutional networks. Although they offer improved 

computational efficiency, maintaining geometric consistency during projection and 

ensuring segmentation accuracy across diverse scenes remain challenging [14]. 
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The development of Geospatial Foundation Models and GeoLLMs (Geospatial 

Large Language Models) has gained attention. Models such as GeoFusion [14], 

GeoLM [15], and Segment Anything 3D (SA3D) [16] integrate multimodal data—

including satellite imagery, LiDAR, and textual metadata—for spatial reasoning and 

object-level understanding. GeoLLMs leverage large-scale pretraining on geospatial 

corpora to support zero-shot spatial querying, semantic segmentation, and map-based 

inference. Moreover, segmentation performance can vary significantly depending on 

the characteristics of the scanned area. For instance, ground points may be identified 

using elevation thresholds, while buildings and trees require the use of morphological 

or intensity-based features. Given these challenges, recent efforts have focused on 

incorporating learning-based techniques such as deep neural networks and attention 

mechanisms to improve segmentation performance in complex scenes. To mitigate 

these limitations, recent research has turned to zero-shot and prompt-based segmenta-

tion models. A notable example is the SAL framework [4], which performs semantic 

segmentation of raw point clouds by associating feature embeddings with various 

prompt types (point, box, text) without manual supervision or retraining. Our work 

contributes to this research direction by adapting the SAL framework, a zero-shot, 

prompt-based segmentation method, to UAV LiDAR point clouds. The use of the 

SAL framework for UAV LiDAR point cloud segmentation and proposes a custom-

ized segmentation pipeline that leverages both geometric and semantic prompt encod-

ers. Building on the SAL model, we propose a UAV-based LiDAR point cloud seg-

mentation approach that incorporates improvements in the proposed prompts. The 

input data is extracted based on various point features, such as coordinates, altitude, 

and intensity values. The proposed method was tested on a real UAV LiDAR dataset 

collected in Hoa Binh Province, Vietnam, achieving an accuracy of over 0.9. Our 

contributions are as follows: 

1. We propose a SAL-based segmentation method tailored for UAV LiDAR point 

clouds, incorporating multiple prompt types (point, box, and text) and feature extrac-

tion using PointNet++ and CLIP embeddings. 

2. We present a comprehensive evaluation of the proposed method on a real-world 

UAV LiDAR dataset collected in Hoa Binh province, Vietnam, with segmentation 

accuracy exceeding 0.9 across multiple object classes. 

3. We compare the segmentation performance of our SAL-based method with 

state-of-the-art supervised approaches such as PointNet++ and Cylinder3D, demon-

strating its competitiveness despite requiring no labeled data or model retraining. 

4. We position SAL within the broader context of emerging prompt-based and geo-

spatial foundation models (e.g., GeoLLMs), discussing its lightweight nature and 

suitability for deployment in resource-constrained environments. 

3.2 LiDAR segmentation with SAL 

SAL is a recently proposed framework by Aljoša Ošep et al., introduced in 2024 

under NVIDIA Research and published on arXiv [4]. The core idea of SAL is to ena-

ble semantic segmentation of raw LiDAR point clouds without transforming them 

into other representations such as 2D images or voxel grids. Instead, SAL directly 
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processes raw 3D data through prompt-based segmentation using pseudo-labels and 

zero-shot models. Zero-shot learning, also referred to as open-vocabulary recognition, 

enables the model to assign labels to unseen classes during inference. This is achieved 

by leveraging visual-linguistic embedding spaces, such as those derived from CLIP 

[18, 19]. In this setup, only a subset of object classes is seen during training, while the 

model learns to generalize to unseen classes via shared semantic features. In the SAL 

framework, LiDAR panoptic segmentation (LPS) is performed on the entire raw point 

cloud using smooth pseudo-labels. This allows segmentation to be applied even in 

noisy data environments [20]. The process includes attaching soft pseudo-labels to 

each point, enabling the system to predict object labels across the entire point cloud 

efficiently. 

 

Fig. 1. LiDAR point cloud segmenation with SAL (Source: Research Nvidia) 

As illustrated in Fig. 1, the segmentation pipeline of SAL includes three core com-

ponents: 

1. SAM (Segment Anything Model): Used to estimate pseudo-smooth masks for 

objects in the point cloud, based on spatial coherence. 

2. CLIP-based Label Estimation: Semantic features of each pseudo-labeled region 

are computed using CLIP embeddings, allowing the model to infer object categories 

from text or prompt descriptors. 

3. Calibration Sensor Alignment: A spatial alignment process is applied to transfer 

the labels and embeddings from the CLIP space into the LiDAR point cloud domain. 

Using the extracted pseudo-labels, the SAL model constructs a training dataset 

suitable for zero-shot learning. It leverages a discrete convolutional encoder and a 

decoding module to compute weighted segmentation scores and mask predictions. 

The decoder matches extracted features with the prompt embeddings to identify and 

label object instances within the point cloud. An important characteristic of the SAL 

framework is that it does not require model retraining when deployed on new datasets 

or new semantic classes. Thanks to its zero-shot capability, SAL can generalize to 

different segmentation tasks and input modalities without fine-tuning. This property 

offers significant advantages in practical scenarios, especially when working with 

large-scale or dynamic 3D environments. In summary, the SAL approach represents a 

shift from traditional supervised learning-based segmentation to a more flexible and 

generalizable zero-shot paradigm. Its ability to directly segment raw point clouds 

using soft pseudo-labels and diverse prompts makes it highly suitable for applications 
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in autonomous vehicles, robotics, geospatial analytics, and smart environment sys-

tems. 

4 Proposed methodology 

The proposed segmentation process is shown in Figure 2 below. 

 

Fig. 2. The proposed segmentation procedure 

The segmentation process consists of four main stages:  

1. Input and Prompt Initialization 

The input consists of raw UAV LiDAR point clouds collected from the survey site, 

along with point-level attributes such as: 

+ Characteristics of point: Spatial coordinates (x, y, z); Intensity values; Pulse re-

turn number; Reflectance characteristics. 

+ Prompt: Three types of prompts are optionally utilized: 

Point prompts: Sampled key points that represent unique regions in the data (e.g., 

high elevation, strong reflectance). 

3D prompts: Geometric prompts representing volumes containing target objects. 

Text prompts (optional): Natural language descriptors (e.g., "power line", "high 

tree", "terrain point") that provide semantic cues. 

2. Prompt Encoding 

Each prompt type is encoded independently to create embeddings that serve as se-

mantic guidance in the segmentation process: 

- Point Prompt Encoder: Converts spatial coordinates into feature vectors via a 

shallow neural network. 

- Box Prompt Encoder: Extracts geometric features (e.g., center, dimensions) 

and embeds them as region descriptors. 

- Text Prompt Encoder: Uses a transformer or pre-trained CLIP model to con-

vert natural language labels into dense embeddings. 

All prompt embeddings are aggregated into a unified prompt token set 𝒫 = {𝓅1,, 
𝓅2 , … , 𝓅𝑚} which is used in the decoding stage. 

3. Point Cloud Feature Extraction 

Features from the point cloud are extracted using either PointNet++ or a transform-

er-based encoder such as SFormer: 

- PointNet++: A hierarchical network that learns local and global features directly 

from raw 3D coordinates. 
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- SFormer: A sparse attention-based architecture optimized for LiDAR data with 

non-uniform point distribution. 

Vector F is the feature of N points in the point cloud, F = {f1, f2, …, fN} with  fi   

Rd. Set of prompt embeddings = {𝓅1,, 𝓅2 , … , 𝓅𝑚} with pj  Rd. The decoder's task is 

to combine F and P to find a soft mask with value 0 or 1 for each point p i. After hav-

ing the combined feature, we use MLP to return the probability: 

𝑦
𝑖̂

= 𝜎 (𝑀𝐿𝑃(𝑓
𝑖

′)) ∈ [0, 1]           (1) 

And if 𝑦
𝑖̂
 >= 85%, the point will be labeled as belonging to the specified object 

class. 

4. Prompt-aware Mask Decoding 

Each stage is detailed below. 

- Input:  

- LiDAR Prompt Encoder 

Each prompt type is encoded separately according to the prompt characteristics and 

the collected input data set of the object. 

Point Prompt → Converts the prompt coordinates into feature vectors (embed-

dings). 

Box Prompt → Encode by getting geometric features such as center position, size. 

Text Prompt → Use CLIP or transformer encoders to get description vectors from 

text. 

All these prompt embeddings are combined into a Prompt Token for use in the de-

coder. 

- Point Cloud Feature Extractor 

The goal of this step is to extract features for the point cloud to proceed to extract 

features for each point in the point cloud. In this step, use PointNet++ or SFormer to 

extract features. With: 

PointNet++: Train the model directly from the coordinates of the points. 

SFormer: Combining attention and sparse convolution – more powerful with sparse 

LiDAR data. 

The result of the feature extraction step is a set of feature vectors, each correspond-

ing to a point. 

- Prompt-aware Mask Decoder 

This is the step to label points during segmentation. We combine the prompt token 

and the point feature vector through attention (similar to the mechanism in the trans-

former). At this time, the model selects the point that matches the input prompt to 

label the point. Each output point will have a probability of belonging to the described 

object. 

At that time, a mask determines which point in the point cloud belongs to the de-

scribed object. 

Suppose, we have: 

Vector F is the feature of N points in the point cloud, F = {f1, f2, …, fN} with  fi  

 Rd. Set of prompt embeddings P = {p1, p2, …, pM} with pj  Rd. The decoder's task 

is to combine F and P to find a soft mask with value 0 or 1 for each point pi.  
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If 𝑦
𝑖̂
 >= 85%, the point will be labeled on the class object. 

- Segmentation Output:  

The final segmentation output consists of soft-labeled (value 0 -1) point clouds, 

where each point is tagged with its predicted semantic class. These results can be 

visualized directly in 3D or used as input for further analysis such as object modeling, 

classification, or map generation. 

5 Experiment and result 

5.1 Experiment dataset 

The proposed segmentation method was evaluated using a UAV LiDAR dataset 

collected in Hoa Binh province, a mountainous region in northern Vietnam. The data 

acquisition on August 1–2, 2024, focusing on separating power lines from surround-

ing vegetation and terrain features. The dataset consists of 6,012,700 3D points, with 

an average density of 23.2 points per square meter and a maximum of five return 

pulses per emitted laser. Each point includes attributes such as spatial coordinates (X, 

Y, Z), intensity, and elevation. Figures 3 to 5 illustrate the spatial distribution, eleva-

tion characteristics, and 3D structure of the collected point cloud. 

 

Fig. 3. X, Y, Z of point 

 

Fig. 4. Intensity and elevation color of point cloud 
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Fig. 5. 3D point cloud 

5.2 Experiment result 

Pseudo-labels were generated using the prompt-based encoder described in Sec-

tion 5. The selected text prompts included: high tree, power line, terrain point, low 

vegetation, pole. 

Each prompt was encoded into semantic embeddings using CLIP and combined 

with point-wise features extracted from PointNet++. These embeddings were used to 

assign soft pseudo-labels to individual points. These were integrated through the SAL 

prompt-aware mask decoder to assign soft pseudo-labels to each point. The labeling 

performance on a selected subregion is summarized in Table 1 

Table 1 Accuracy of pseudo-label 

  High tree Powerline Terrain point Low tree Pole 

Accuracy 0.89 0.93 0.89 0.9 0.89 

 The assigned pseudo-labels were then used as training data for the SAL frame-

work. By learning the relationship between prompts and point cloud features, SAL 

effec-tively segmented the entire dataset based on the provided semantic descriptions. 

The assigned pseudo-labels served as weak supervision for the SAL segmentation 

model, which was trained without human-annotated ground truth.  

 The segmentation model was evaluated based on its precision, F1 score, and con-

vergence rate during both training and inference. The results are presented in Table 2. 

Table 2 Accuracy of training and labeling steps for points 

  Precision F1 Converge 

SAL training 0.94 0.93 0.000023 

Labeling 0.9 0.90 0.001 

The results demonstrate that the proposed method achieves high segmentation ac-

curacy without requiring manually annotated labels. The SAL framework effectively 

learns to map semantic prompts to meaningful 3D structures, and generalizes well 

across different object classes. The high F1 scores confirm that the model maintains a 

balanced trade-off between precision and recall, ensuring reliable object classification 

in complex scenes. Visual inspection of the segmented 3D model reveals that the 
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method successfully distinguishes between trees, terrain, poles, and power lines. The 

segmentation masks align closely with the underlying geometry, even in areas with 

high point density and occlusions. This demonstrates the practical effectiveness of the 

proposed method in real-world environments, particularly for applications such as 

vegetation monitoring and power infrastructure inspection. Visual inspection of the 

segmented 3D model reveals that the method successfully distinguishes between 

trees, terrain, poles, and power lines. The segmentation masks align closely with the 

underlying geometry, even in areas with high point density and occlusions. This 

demonstrates the practical effectiveness of the proposed method in real-world envi-

ronments, particularly for applications such as vegetation monitoring and power infra-

structure inspection. 

To assess the effectiveness of the proposed method, we compared the SAL-based 

approach with two widely adopted supervised segmentation models: 

PointNet++ [12]: a point-based model that processes raw point coordinates with 

local feature aggregation. 

Cylinder3D [17]: a voxel-based model using cylindrical partitioning and 3D sparse 

convolution. 

Both models were trained using a manually annotated subset of the Hoa Binh da-

taset, while SAL was applied using only pseudo-labels and zero-shot prompts.  

Table 3 Method Precision, Accuracy, F1 Training data Pretraining of SAL with 

PointNet++ and Cylinder3D 

Method Precision Accuracy F1 Training 

data 

Pretraining 

PointNet++ 0.9 0.91 0.9 Yes Yes 

Cylinder3D 0.91 0.9 0.9 Yes Yes 

SAL proposed 0.94 0.92 0.93 No No 

To benchmark our method, we compared the segmentation results against two 

state-of-the-art models: PointNet++ and Cylinder3D, both of which were trained on a 

manually annotated subset of the same dataset. Our SAL-based approach, in contrast, 

required no labeled training data. As shown in Table 3, SAL outperformed these 

models in accuracy and F1-score, particularly in distinguishing between “high tree” 

and “low vegetation” classes. The results indicate that our SAL method achieves su-

perior segmentation accuracy compared to state-of-the-art supervised models, despite 

not requiring labeled training data or retraining. This demonstrates the strength of 

prompt-based zero-shot learning in practical, resource-constrained UAV LiDAR sce-

narios. SAL accurately differentiates between “high tree” and “low vegetation” clas-

ses based on elevation and canopy density, even in the presence of overlapping 

branches and occlusions. In contrast, PointNet++ often exhibits over-segmentation, 

and Cylinder3D tends to smooth out height variations due to voxelization effects. 

SAL, by leveraging point-level attention and prompt embeddings, maintains the spa-

tial integrity of these features. Visual inspection shows that SAL consistently traces 

the full extent of power lines across varied terrain, whereas Cylinder3D partially 

misses or merges them with nearby vegetation. Additionally, SAL maintains con-

sistent segmentation boundaries. This is due to its zero-shot prompt alignment strate-

gy, which decouples segmentation performance from scene-specific training data. In 
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contrast, PointNet++ exhibits performance degradation in these areas, likely due to 

insufficient generalization from the training subset. 

6 Conclusion 

This paper presents an effective segmentation method for UAV LiDAR point 

clouds based on the Segment Anything in LiDAR (SAL) framework. By leveraging 

pseudo-labeling and zero-shot learning, the proposed approach eliminates the need for 

manual annotation and model retraining, making it highly adaptable to new datasets 

and real-world environments. 

The segmentation pipeline integrates multiple types of prompts point-based, geo-

metric (3D model), and text-based descriptors—together with feature extraction tech-

niques such as PointNet++ and CLIP embeddings. Experimental results on real UAV 

LiDAR data collected in Hoa Binh, Vietnam, demonstrate the robustness of the meth-

od, achieving over 90% accuracy in semantic segmentation tasks across various ob-

ject classes, including terrain, vegetation, power lines, and poles. The proposed meth-

od showcases several advantages: (1) it supports flexible, prompt-driven segmenta-

tion; (2) it does not rely on large-scale labeled datasets; and (3) it is scalable to di-

verse applications such as environmental monitoring, infrastructure inspection, and 

autonomous mapping. Future work will focus on enhancing the efficiency of the seg-

mentation pipeline for real-time applications and evaluating the model's generaliza-

tion performance on other UAV LiDAR datasets with varying landscape complexi-

ties. Additionally, integrating the SAL-based segmentation framework into operation-

al systems for smart city and environmental management is a promising direction. 
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