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Bilateral cross enhancement with self-attention compensation for

semantic segmentation of point clouds

Zhu Zhongjie"”", Zhang Rong', Bai Yongqiang', Wang Yuer', Sun Jiamin'?
1. Ningbo Key Laboratory of DSP, Zhejiang Wanli University, Ningbo 315000, China;

2. Faculty of Information Science and Engineering , Ocean University of China, Qingdao 266000, China

Abstract: Objective Point cloud semantic segmentation is a computer vision task that aims to segment 3D point cloud data
and assign corresponding semantic labels to each point. Specifically, according to the location and other attributes of the
point, point cloud semantic segmentation involves assigning each point to predefined semantic categories, such as ground,
buildings, vehicles, and pedestrians. Existing methods for point cloud semantic segmentation can be broadly categorized

into three types: projection-, voxel-, and raw point cloud-based methods. Projection-based methods project the 3D point
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cloud onto a 2D plane (e. g. , an image) and then apply standard image-based segmentation techniques. Voxel-based meth-
ods divide the point cloud space into regular voxel grids and assign semantic labels to each voxel. Both methods require
data transformation, which inevitably leads to some loss of feature information. By contrast, raw point cloud-based methods
directly process the point cloud without any transformation, which ensures the integrity of the input algorithm network with
the original point cloud data. The geometric and semantic feature information of each point in the point cloud scene needs
to be fully considered and utilized to achieve accurate semantic segmentation tasks. Existing methods for point cloud seman-
tic segmentation generally extract, process, and utilize geometric and semantic feature information separately, without con-
sidering their correlation. This approach leads to less precise local fine-grained segmentation. Therefore, this study pro-
poses a new algorithm for point cloud semantic segmentation based on bilateral cross-enhancement and self-attention com-
pensation. It not only fully utilizes the geometric and semantic feature information of the point cloud but also constructs off-
sets between them as a medium for information interaction. In addition, the fusion of local and global feature information is
achieved, which enhances feature completeness and overall segmentation performance. This fusion process enhances the
integrity of features and ensures the full representation and utilization of local and global contexts during the segmentation
process. By considering the overall information of the point cloud scene, this algorithm demonstrates better performance in
segmenting local fine-grained details and larger-scale structures. Method First, the original input point cloud data are pre-
processed to extract geometric contextual information and initial semantic contextual information. The geometric contextual
information is represented by the original coordinates of the point cloud in 3D space, while the initial semantic contextual
information is extracted using a multilayer perceptron. Next, a spatial aggregation module is designed, which consists of
bilateral cross-enhancement and self-attention mechanism units. In the bilateral cross-enhancement units, local geometric
and semantic contextual information is preliminarily extracted by constructing local neighborhoods for the preprocessed geo-
metric contextual information and initial semantic contextual information. Then, offsets are constructed to facilitate cross-
learning and enhancement of the local geometric and semantic contextual information by mapping it onto a common space.
Finally, the enhanced local geometric and semantic contextual information is aggregated to local contextual information.
Next, using the self-attention mechanism, global contextual information is extracted and fused with the local contextual
information to compensate for the singularity of the local contextual information, which results in a comprehensive feature
map. Finally, the multi-resolution feature maps obtained at different stages of the spatial aggregation module are fed into
the feature fusion module for multi-scale feature fusion, which produces the final comprehensive feature map. Thus, high-
performance semantic segmentation is achieved. Result Experimental results on the Stanford 3D indoor spaces dataset
(S3DIS) show a mean intersection over union (mloU) of 70. 2%, a mean class accuracy of (mAcc) 81. 7%, and an overall
accuracy (OA) of 88.3%, which are 2. 4%, 2. 0%, and 1. 0% higher than those of the existing representative algorithm
RandLLA-Net. Meanwhile, for Area 5 of the S3DIS, the mloU is 66. 2%, which is 5. 0% higher than that of RandLLA-Net.
In addition, visualizations of the segmentation results are achieved on the Semantic3D dataset. Conclusion By utilizing the
spatial aggregation module, the proposed algorithm maximizes the utilization of geometric and semantic contextual informa-
tion, which enhances the details of local contextual information. In addition, the integration of local and global contextual
information through self-attention mechanism ensures comprehensive feature representation. As a result, the proposed algo-
rithm achieves a significant improvement in the segmentation accuracy of fine-grained details in point clouds. Visual analy-
sis further validates the effectiveness of the algorithm. Compared with baseline algorithms, the proposed algorithm demon-
strates clear superiority in the fine-grained segmentation of local regions in point cloud scenes. This result serves as partial
evidence, which confirms the effectiveness of the proposed algorithm in addressing challenges related to point cloud seg-
mentation tasks. In conclusion, the spatial aggregation module and its fusion of local and global contextual information sig-
nificantly improve the segmentation accuracy of local details in point clouds. This approach offers a promising solution to
enhance the segmentation accuracy of fine-grained details in point cloud local regions.

Key words: point cloud; semantic segmentation; bilateral cross enhancement; self-attention mechanism; feature fusion
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Table 1 The 6-fold cross-validation results on S3DIS dataset
/%

WiReS OA  mAcc mloU
PointNet (Qi%5,2017a) 786 662  47.6
3P-RNN (Ye%:,2018) 86.9 - 56.3
RSNet (Huang%%,2018) - 66.5  56.5
?igndrieu A1 Simonovsky,2018) 864 73 621
PointCNN (Li%,2018) 88.1 756 654
PointWeb (Zhao %,2019) 873 762  66.7
Fuzzy3DSeg (Zhong %% ,2020) 86.3 - 56.4
MNFEAM (Li%,2021) 85 - 56.8
DPFA-Net (Chen%,2022) 89 - 61.6
PASIFTNet (Wang%5,2023) 86.5 - 68.3
RandLA-Net* (Hu%,2022) 873 797 618
AR 883  81.7  170.2

" FIRIZIT I BN GRI SR, IR R R R &- 5 e il
ghE R FORFE SO RS ELR{E . 3P-RNN :recurrent neu-
ral network with pointwise pyramid pooling; SPG: superpoint
graph; Fuzzy3DSeg: fuzzy neighborhood learning for 3D segmen-
tation; DPFA-Net: dynamic point feature aggregation network ;

PASIFTNet: point-atrous sift network .

2 S3DIS#HHEE Area STIXER
Table 2 Test results of Area 5 on S3DIS dataset
/%

ik 0A mloU
PointNet++ (Qi %,2017b) - 50
CSANet (Wang%5,2022) - 53.3
DPFA-Net (Chen%§,2022) 88 55.2
PointCNN (Li%,2018) 85.9 -
PointWeb (Zhao%,2019) 87 60.3
PointASNL (Yan %, 2020) 87.7 62.6
GACNet (Wang%5,2019) 87.8 62.9
GA-Net (Deng #l Dong,2021) 87.6 63.7
LGFF-Net (Bi%,2023) 87 63.9
LG-Net (Zhao%%,2023) 88.1 64.9
GeoSegNet (Chen %5 ,2023) 88.5 64.9
RandLA-Net* (Hu%:,2022) 87.4 61.2
B 88.6 66.2
T TR R F I GR A 255 L AR R R 48 fe i
i, =" RORECT ARG 1 EAK{A . PointASNL: nonlocal

neural network with adaptive sampling; GACNet: graph attention

convolution network ; GA-Net: global attention network o
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Fig. 4  Visualization of semantic segmentation results on S3DIS dataset
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Table 3 Results of ablation experiments
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Table 4 Training results on Semantic3D dataset
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Fig. 5 Visualization of semantic segmentation results on Semantic3D dataset ((a) raw point cloud; (b) RandLA-Net; (c) ours)
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