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Table 2 Quantitative comparison of semantic segmentation results on different methods in DALES dataset

. SRR 283t H 1oU/%

s OM%  PHZflmleUe MW LSH kR4 MK wak EE MR
PointNet++ 95.7 68.3 94.1 89.1 75.4 30.3 40.0 79.9 46.2 91.2

SPG 95.5 60.6 94.7 93.4 62.9 187 28.5 65.2 33.6 87.9
EyeNet 97.2 79.6 97.1 96.8 83.5 413 72.5 94.6 57.3 93.4
KPConv 97.8 81.1 97.1 9.6 85.3 41.9 75.0 95.5 63.5 94.1
RandLA-Net 97.1 78.8 9.8 96.4 81.3 38.6 723 94.4 57.7 93.1
TCFAP-Net 97.1 78.3 96.5 96.5 82.3 332 69.9 94.0 60.0 93.7
Point Transformer 97.3 77.2 96.9 96.0 81.6 29.4 69.1 93.2 58.2 93.2
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LAE-Transformer (& 3 J5#5) 97.8 80.8 97.0 96.8 83.5 4.1 75.4 94.5 63.8 93.6
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Fig. 8 Semantic segmentation results for various scenes in DALES dataset
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Fig. 9 LAE-Transformer local region segmentation performance
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Table 3 Quantitative comparison of semantic segmentation results on different methods in LASDU dataset

Jrik SSRAERIE 0A/% _ S Lol ‘
S FE H mloU/% Hb T =AY A R AT
PointNet++ 82.8 59.2 78.0 82.8 69.5 46.2 185
DGCNN 85.5 61.5 82.6 87.3 69.0 46.2 227
KPConv 83.7 60.1 80.3 87.6 712 426 19.1
HDA-PointNet++ 84.4 61.5 79.7 87.2 69.8 48.4 226
IPCONV 86.7 64.6 82.6 928 75.1 425 30.2
DAKAG-Net 87.4 66.9 83.2 933 75.4 51.3 31.5
Point Transformer 84.6 64.3 78.4 89.6 76.7 49.6 27.0
LAE-Transformer (A< 3C 777 ) 87.2 68.5 81.8 91.8 78.5 57.7 32.7
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Fig. 10 Semantic segmentation results in LASDU dataset
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Table 4 Setting of ablation experiment methods on

different module
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Table 5 Ablation experiment results on different Module

A3/ N B AR 2SI ToU/%

M RES SRMERSBE OA/% -8 e mIoU/%
HE *E HLZR AT CEWIESS HilA
M1 95.4 69.1 73.6 30.9 57.8 79.1 48.2
M2 96.1 74.9 715 334 63.2 86.4 51.6
M3 96.9 76.5 79.8 36.0 68.3 91.1 53.7
M4 96.3 76.9 78.4 372 69.5 90.3 53.1
M5 (A 3C7%) 97.8 80.8 83.5 42.1 75.4 94.5 63.8
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Table 6 Ablation experiment results on different

numbers of KNN
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4 96.1 74.3
8 97.2 79.7
16 (AICTrEk) 97.8 80.8
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64 96.6 76.5
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Table 7 Ablation experiment results on different

pooling methods
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Table 8 Ablation experiment results on different

Self-Attention mechanisms
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Table 9 Ablation experiment results on different

numbers of surface topological features
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network incorporating local-aware enhancement
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Abstract: Existing semantic segmentation algorithms that are based on deep learning for airborne LiDAR point clouds encounter specific
challenges when they deal with complex scenes. These challenges include insufficient utilization of local topological information, limited
capability in multiscale feature representation, and low segmentation accuracy for small-scale objects, such as trucks, poles, and fences.
These issues directly hinder the deployment of airborne LiDAR systems in practical applications. An airborne LiDAR point cloud
segmentation network incorporating local-aware enhancement, namely, LAE-Transformer, is proposed in this study to address the
aforementioned challenges. It aims to improve the accuracy and reliability of semantic segmentation tasks for airborne LiDAR point clouds
by effectively utilizing local topological information and multiscale features.

The proposed LAE-Transformer adopts an encoder — decoder structure with skip connections and incorporates four major innovations.
First, the local topological information enhancement module is introduced to extract shallow topological features by using a K-nearest
neighbor (KNN) approach. This module constructs a local geometric structure graph that allows the model to capture the fine-grained spatial
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variations and geometric edges of objects. Second, during the encoding phase, a combination of downsampling layers and Regional Point
Transformer (RPT) modules is employed to extract deep semantic features while expanding the receptive field. The RPT modules utilize self-
attention mechanisms to model intra- and inter-region dependencies, substantially improving the model’s ability to represent features at
multiple scales. Third, during the decoding phase, a dynamic residual connection module is incorporated to adaptively fuse features from
different semantic layers, thus ensuring the continuity and integrity of spatial information in the upsampling process. Last, a mixed pooling
layer that integrates max pooling and attention pooling is designed to aggregate local salient features and global contextual information,
effectively reducing information loss and maintaining rich feature diversity during processing.

Extensive experiments are conducted on two publicly available benchmark datasets DALES and LASDU. The proposed LAE-
Transformer achieves remarkable improvements in segmentation performance compared with several state-of-the-art models. Specifically, it
attains an overall accuracy of 97.8% and 87.2% and mean Intersection over Union (IoU) scores of 80.8% and 68.5% on DALES and
LASDU datasets, respectively. In addition, the model demonstrates substantial advantages in segmenting small-scale objects. On the DALES
dataset, it achieves IoU scores of 42.1% for trucks, 75.4% for poles, and 63.8% for fences, outperforming widely used methods, such as
point Transformer. These results strongly validate the model’s superior accuracy, robustness, and generalization capabilities in handling
complex airborne LiDAR scenes.

The proposed LAE-Transformer effectively overcomes the limitations of current semantic segmentation models by integrating local
topological feature enhancement, multiscale Transformer-based feature extraction, dynamic residual connections, and a mixed pooling
mechanism. These innovations allow the network to efficiently extract and fuse local and global features, thereby improving the
segmentation accuracy for small-scale objects and the overall reliability of semantic segmentation in airborne LiDAR point cloud. The
method’s practical value and potential for deployment in airborne LiDAR applications across complex environments are also validated.

Key words: airborne LiDAR point cloud, deep learning, semantic segmentation, self-attention mechanism, local-aware enhancement,
complex scenes, small-scale objects, Transformer
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