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Segmentation of indoor 3D point cloud based on optoelectronic
topology and global features
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2. College of Mathematics & Statistics, Xi'an Jiaotong University , Xi'an 710049 , China)

Abstract:3D point cloud semantic segmentation, as a critical technology for robots to attain cognitive intelligence , cur-
rently faces the challenge of low classification accuracy in edge features. This issue primarily arises from two limita-
tions in existing semantic segmentation networks : the neglect of deep feature correlations among neighboring points
during feature extraction, and the insufficient fine-grained representation capability of global features during feature
sampling. To address these issues,the proposed method introduces a topology-aware mechanism during the feature ex-
traction stage , enabling the network to capture similarity relationships between neighborhood point features to a greater
extent. In the semantic information generation stage ,a global feature enhancement module based on the U-net architec-
ture is developed, which utilizes feature tensors with identical dimensionality to those from the feature extraction stage
to reinforce upsampled features. This dual-strategy approach allows the network to focus on fine-grained local informa-
tion while preserving global consistency, thereby achieving enhanced semantic discrimination. Experimental results

demonstrate that the method achieves an accuracy of 86. 7 % accuracy and a mean Intersection over Union (mloU) of
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60.7 % on the Area 5 test set of the S3DIS dataset, along with an mloU of 85.1 % on the ShapeNet data-

set. compared to classical methods,the proposed point cloud semantic segmentation algorithm achieves superior seman-

tic segmentation performance.

Keywords:3D point cloud semantic segmentation; local graph mechanism; similarity associations; global feature en-

hancement ; fine-grained local information
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Fig. 1 Network structure of the proposed point cloud semantic segmentation algorithm based on local graph and global feature enhancement
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Fig. 3 Aggregation of points from different category on S3DIS
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Fig. 4 The overall process of the attention-based
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Fig. 5 The overall process of the up-sampling module
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Fig. 6 Results of the semantic segmentation on S3DIS dataset
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Tab. 1 Compression of the segmentation accuracy employing different methods on S3DIS dataset

(Area5 for testing set)

Methods OA mloU | ceiling | floor | wall | beam |column |window| door | table | chair | sofa |bookcasel board | clutter
PointNet AMFF - | 79.3 | 41.1 | 88.8 | 97.3 | 69.8 0.1 3.9 | 46.3 | 10.8 | 59.0 | 52.6 | 5.9 | 40.3 | 26.4 | 33.2
DGCNN 84.6 | 51.6 | 92.8 | 87.8 | 8.1 0.0 | 24.9 | 51.9 | 31.1 | 69.1 | 73.9 | 16.2 | 52.7 | 39.5 | 42.2
PointNet ++ 83.7 | 51.7 | 89.5 | 97.7 | 76.2 | 0.0 0.0 | 61.0 | 30.3 | 70.5 | 62.2 | 33.2 | 60.5 | 46.3 | 43.6
TangentConv 82.5 | 52.6 | 90.5 | 97.7 | 74.0 | 0.0 | 20.7 | 39.0 | 31.3 | 77.5 | 69.4 | 57.3 | 38.5 | 48.8 | 39.8
SPG 84.1 | 55.8 | 92.2 | 95.0 | 71.9 0.0 15.0 | 46.5 | 60.9 | 65.1 | 69.5 | 56.8 | 38.2 | 6.86 | 51.3
PointCNN 85.9 | 57.3 | 92.3 | 98.2 | 79.4 | 0.0 17.6 | 22.8 | 62.1 | 74.4 | 80.6 | 31.7 | 66.7 | 62.1 | 56.7
PCCN - 58.3 1 92.3 | 96.2 | 75.9 0.3 6.0 | 69.5 | 63.5 | 66.9 | 65.6 | 47.3 | 68.9 | 59.1 | 46.2

Ours 86.7 | 60.7 | 93.1 | 97.9 | 79.4 | 0.0 16.5 | 62.6 | 46.4 | 74.9 | 81.1 | 49.9 | 68.1 | 68.4 | 51.3
Methods OA mloU | ceiling | floor | wall | beam |column |window| door | table | chair | sofa |bookcasel board | clutter
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Tab.2 Compression of the component segmentation results on ShapeNet dataset using different methods

model mean | bag cap car | chair |earphone guitar | knife | lamp | laptop | motor | mug | pistol | rocket | skateboard | table
PointNet | 83.7 | 78.7 | 82.5 | 74.9 | 89.6 | 73.0 | 91.5 | 85.9 | 80.8 | 95.3 | 65.2 | 93.0 | 81.2 | 57.9 72.8 80. 6
Kd-Net 82.3 | 74.6 | 74.3 | 70.3 | 88.6 | 73.5 | 90.2 | 87.2 | 81.0 | 94.9 | 57.4 | 86.7 | 78.1 | 51.8 69.9 80.3
GAPNet | 84.7 | 84.1 | 88.8 | 78.1 | 90.7 | 70.1 | 91.0 | 87.3 | 83.1 | 96.2 | 65.9 | 95.0 | 81.7 | 60.7 74.9 80. 8
SCN 84.6 | 80.8 | 83.5 | 79.3 | 90.5 | 69.8 | 91.7 | 86.5 | 82.9 | 96.0 | 69.2 | 93.8 | 82.5 | 62.9 74.4 80. 8
RSNet 84.9 | 86.4 | 84.1 | 78.2 | 90.4 | 69.3 | 91.4 | 87.0 | 83.5 | 95.4 | 66.0 | 92.6 | 81.8 | 56.1 75.8 82.2
DGCNN | 84.7 | 85.7 | 84.8 | 78.2 | 90.5 | 75.4 | 91.1 | 87.2 | 82.4 | 95.6 | 62.9 | 94.5 | 80.7 | 63.6 75.4 81.8
Ours 85.1 | 80.6 | 85.7 | 79.1 | 90.9 | 69.5 | 90.8 | 87.6 | 83.8 | 95.4 | 67.5 | 92.8 | 81.2 | 57.1 74.9 82.6
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Tabl. 3 Semantic segmentation results of ablation

experiments on the S3DIS dataset

Experimental Settings OA mloU
global grapth(S=8) 81.8 55.0
slobal grapth(S =16) 83.2 56. 8
Unet + global grapth(S=1) 82.7 55.6
Unet + global grapth(S=4) 86. 1 57.6
Unet + global grapth(S =8) 86.2 59.8
Unet + global grapth(S =16) 86.7 60.7
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Tab. 4 Semantic segmentation results of different

down-sampling strategies on the S3DIS dataset

Down-sampling strategies OA mloU
Max pooling 86.7 60. 7
Min pooling 86.2 59.0
Ave pooling 86.4 59.5
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