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Point cloud semantic segmentation algorithm based on cross fusion

self-attention
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Abstract In response to the existing issue of incomplete geometry modeling caused by the prevalent approach of simply
concatenating raw 3D coordinate information in current point cloud semantic segmentation algorithms, a Cross-Fusion Self-
Attention Network is proposed. Within the encoding layers of the network, the Cross-Fusion Self-Attention Mechanism
module is introduced, which leverages interactive learning between coordinate and feature information to enhance the
capability of describing fine-grained local features. This leads to a more comprehensive modeling of geometric information.
Additionally, to effectively integrate shallow and deep-level features, a Hierarchical Feature Fusion module that
adaptively connects different layers of the network is proposed, enabling the integration of features from various levels.
Experimental results on the S3DIS, Semantic3D, and SemanticKITTI datasets demonstrate the superiority of our algorithm

over advanced approaches such as RandLA-Net.
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Fig. 1 Overall network structure
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Fig. 3 Cross fusion self-attention pooling module
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Fig. 4 Residual optimization module
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Fig. 5 Hierarchical feature fusion module structure
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Tab. 1 Quantitative results of semantic segmentation of S3DIS dataset 1%

LAY mloU OA mAcc ceiling floor wall beam column window door table chair sofa book Board clutter
PointNet™ 47.6 78.6 66.2 88.0 887 693 424 231 475 51.6 541 420 9.6 382 294 352
PointNet++(SSG)™ 557 83.9 68.3 915 956 775 283 29.1 50.8 443 61.1 684 21.8 54.1 480 533
PointNet++(MSG)™!  57.6 86.0 68.5 922 918 781 306 313 56.5 63.1 628 649 194 558 49.1 54.1
spGP 62.1 85.5 73.0 89.9 951 764 628 47.1 553 684 735 692 632 459 87 529
PointWeb' >’ 66.7 87.3 76.2 935 942 80.8 524 413 649 68.1 714 67.1 503 627 622 585
KPCnov'""’ 70.6 — 79.1 93.6 924 831 639 543 66.1 766 578 640 693 749 613 603
RandLA-Net'"! 70.0 87.1 81.5 93.1 96.1 80.6 624 48.0 644 694 694 764 60.0 642 659 60.1
AL 71.1 87.5 82.4 932 97.1 803 629 547 648 71.6 677 78.1 62.1 651 665 60.6
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K HI Semantic3D 45 5 H Y reduce-8 #4755 5
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Fig. 6 Visualization of semantic segmentation of S3DIS dataset
# 2 Semantic3D BUHEAETE Lo HIE AR
Tab.2  Quantitative results of semantic segmentation of Semantic3D dataset 1%
TR mloU 0A man-madeterrain natural terrain high vegetation low vegetation buildings hard scope scanning artefact car
SnapNet 2 59.1 88.6 82.0 713 79.7 22.9 91.1 18.4 37.3 64.4
ShellNet' ! 69.3 93.2 96.3 90.4 83.9 41.0 94.2 34.7 43.9 70.2
GACNet'®! 70.8 91.9 86.4 71.7 88.5 60.6 94.2 37.3 435 77.8
SpG! 732 94.0 97.4 92.6 87.9 44.0 83.2 31.0 63.5 76.2
RandLA-Net'"! 774 9438 95.6 91.4 86.6 515 95.7 515 69.8 76.8
KPCnov''"” 746 929 90.9 82.2 84.2 47.9 94.9 40.0 713 79.7
A3 783 951 95.7 91.8 87.9 514 96.0 52.8 70.4 80.2
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21, FORAR M M AZ AR, BRI LRI AR B
FIGCHARAE AL B 7 57 A A T AR Ak, (B ) B SR A
XA IR DL ATARAS T B AR 2> IV RE L
e oA Aas Rl AL al LU 2580k BRI U A

paxng A RO Rl =0 e Sy s 2 N S R )
FEAEFIAN T 3 2 B 28 HLA DL 75 A9 R fE 4 B, =3
[ 45 B3R G ARG 43 BRI AR T, 7843 B iiE 1 R Ak 44
U RO
2.5  SemanticKITTT 1 #E & L1845 R4
SemanticKITTI 2B 4 &3 T KITTI AR £ 1y
J&, 3% 3 WA LB LT SemanticKITTIAUE 5 5 #
A TN B T ROE R R 1 2 U e
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Fig. 7 Semantic3D dataset semantic segmentation visualization

23 SemanticKITTUHE S F L4 H e B 457

Tab.3  Quantitative results of semantic segmentation of SemanticKITTI dataset 1%
Jik POL &R M
o Squeez-e Squeeze S.BKI2Y Range - Lattice Polrar Salsa 7 Point opG ) Pointnet  Rand
Segm' SegVZm Net++28 Net™’ Net!?! Next 3 Net'® 4+ LA-Net ™

S (M) 1 1 — 50 — 14 6.73 3 0.25 6 1.24 49
mloU 29.5 39.7 51.3 522 522 54.3 59.5 14.6 17.4 20.1 53.9 55.3
car 68.8 81.8 83.8 91.4 88.6 83.8 91.9 46.3 49.3 53.7 94.2 94.6
bicycle 16 18.5 30.6 25.7 12 40.3 48.3 1.3 0.2 1.9 26 31.7
motorcycle 4.1 17.9 43 34.4 20.8 30.1 38.6 0.3 0.2 0.2 25.8 349
truck 33 13.4 26 25.7 433 229 389 0.1 0.1 0.9 40.1 37.1
Other-vehicle 3.6 14 19.6 23 24.8 28.5 31.9 0.8 0.8 0.2 38.9 33.5
person 12.9 20.1 8.5 38.3 34.2 432 60.2 0.2 0.3 0.9 49.2 46.1
bicyclist 13.1 25.1 3.4 38.8 39.9 40.2 59 0.2 2.7 1 48.2 50.2
motorcyclist 0.9 3.9 0 4.8 60.9 5.6 19.4 0 0.1 0 7.2 5.6
road 85.4 88.6 92.6 91.8 88.8 90.8 91.7 61.6 45 72 90.7 91.5
parking 26.9 45.8 65.3 65 64.6 61.7 63.7 15.8 0.6 18.7 60.3 61.4
sidewalk 54.3 67.6 774 75.2 73.8 744 75.8 35.7 28.5 41.8 73.7 74.9
Other-ground 4.5 17.7 30.1 27.8 25.6 21.7 29.1 1.4 0.6 5.6 20.4 24.7
building 574 73.7 89.7 87.4 86.9 90 90.2 414 64.3 62.3 86.9 89.5
fence 29 41.1 63.7 58.6 55.2 61.3 64.2 12.9 20.8 16.9 56.3 59.9
vegetation 60 71.8 83.4 80.5 76.4 84 81.8 31 48.9 46.5 81.4 843
trunk 24.3 35.8 64.3 55.1 57.9 65.5 63.6 4.6 27.2 0.9 61.3 58.7
terrain 53.7 60.2 67.4 64.6 54.7 67.8 66.5 17.6 24.6 30 66.8 68.4
pole 17.5 20.2 58.6 47.9 415 51.8 54.3 2.4 15.9 6 49.2 51.5

Traffic-sign 24.5 36.3 67.1 55.9 42.7 57.5 62.1 3.7 0.8 8.9 47.1 53.5
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Fig. 8  SemanticKITTI dataset semantic segmentation visualization
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