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PointNet++ Network Based on Contextual Features and Point Set Mutual Learning
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Abstract: Research on 3D point cloud object classification and part segmentation is a prominent topic in computer vision. However, due to
the inherent sparsity of point clouds, achieving effective feature learning remains a significant challenge. To address the limitations of low accu-
racy and poor robustness in existing deep learning—based point cloud processing methods, this paper proposes an enhanced PointNet++ net-
work model that integrates contextual features and mutual learning among point sets. First, the Contextual Feature Extraction (CFE) block is
used to improve the local feature extraction capability of the PointNet++ model , enabling the acquisition of richer information through contextu-
al features. Second, the Mutual Learning (ML) block is incorporated into the model, leveraging a grouped vector self—attention mechanism to
model inter—neighborhood relationships, thereby further enhancing the model’s global feature learning ability. Experimental results on the
S3DIS dataset for scene semantic segmentation and the ModelNet40 dataset for shape classification demonstrate significant improvements over
the baseline model. Specifically, the proposed model achieves a 6.5% increase in mean Intersection over Union (mloU) on the indoor S3DIS
dataset and a 2% increase in Overall Accuracy (OA) on the 3D object ModelNet40 dataset compared to PointNet++. Furthermore, in horizon-
tal comparisons with current mainstream methods, the proposed model achieves varying degrees of improvement in both classification and seg-
mentation accuracy. Consequently, this model is better able to meet the requirements of point cloud classification and segmentation tasks.
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Table 1 Comparison of semantic segmentation results on the S3DIS

dataset, evaluated with 6—fold cross—validation

F1 7ESIDISHIEE FEMA 6 S XNMIEIFHMIEN FBIERILE
(%)
Method 0A mloU
PointNet' ') 78.5 47.6
3DRCNN' 85.7 53.4
PointNet++!'" 81.0 54.5
DGCNN 84.1 56.1
RSNet ! - 56.5
DeepGCN!? 85.9 60.0
ours 85.2 61.0

byt — 25 B TIE A SCHE H S B AT R L DA S3DIS
BRI = XA —IX 38 5 MU ZRFEAS, UL PointNet++ 4 3
Al B 11 CFE A B RN ML AR B (14 75 Bl S 56, FHF 0 B 45 B e
XX IR 6 (118 Lo EING FE R o SCg 45 SR W3R 2 ok, ]
DA H A0 FE LR 70.2% B mloU , 4E i, CFE #i 8 5 ML
FEEER BB RL ARAS T 4.0% F15.9% Y B 42T, 44
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Table 2 Semantic segmentation results of Area 6 on the S3DIS dataset

#2 7ESIDISHIEE EXiF 6 HHRISTIREER

Method ceiling  floor wall beam  column  window  door  table  chair sofa bookcase  board  clutter  mloU/%  OA/%
PointNet++'"! 93.0 97.3 74.8 68.7 43.2 77.8 78.9 72.4 76.8 41.9 58.7 66.2 63.2 70.2 87.7
+CFE 95.7 97.2 79.2 71.5 49.7 78.6 79.5 74.7 71.7 50.9 65.2 723 67.1 74.2 89.3
+ML 95.7 97.5 79.7 79.0 47.6 80.6 82.4 75.3 82.4 549 67.9 79.2 67.8 76.1 90.0
ours 95.9 97.5 84.3 80.0 63.9 79.1 85.5 73.0 77.2 55.9 67.6 78.6 66.3 713 90.8
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Table 3 Comparison of classifification results on ModelNet40 dataset

R3 FEModelNetd0 £ iFEE E R ERILE

Method Input mAce/% O0A/%
3DShapeNets! ! 1024 773 84.7
VoxNet'?! - 83.0 85.9
PointNet ') 1024 86.2 89.2
MVCNN!'® - - 90.1
PAT! 1024 - 91.7
PointCNN!2] 1024 88.1 922
DGCNN 1024 90.2 922
SpiderCNN!?"! 1024 - 92.4
PointNet++"'" 1024 87.6 90.7
PointNet++(+CFE) 1024 89.3 91.8
PointNet++(+ML) 1024 89.9 923
ours 1024 90.2 92.7
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