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Point cloud classification based on geometric affine and attention mechanism
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Abstract: The classification and segmentation of 3D laser point cloud have a positive role in promoting the development
of 3D reconstruction and automatic driving technology. The 3D laser point cloud data has the characteristics of
disorder, irregularity, and sparsity, so the research of 3D laser point cloud classification and segmentation faces many
challenges. The point cloud transformer (PCT) classification network uses the scalar attention mechanism to extract
the local features of 3D laser point clouds. It has a good 3D laser point cloud feature learning ability and shows
advanced classification accuracy in 3D laser point cloud classification and segmentation tasks. However, when PCT
downsamples the 3D laser point cloud data, it ignores the influence of its sparsity on the geometric structure, so it
cannot fully extract the local features, resulting in the degradation of the classification and segmentation accuracy of the
3D laser point cloud. To solve this problem, this paper proposes a three-dimensional laser point cloud classification and
segmentation network GAM-PCT based on the attention mechanism. Specifically, the GAM-PCT network uses the
vector attention mechanism to adjust the weight of the single channel features and uses the subtraction relationship and
neighborhood location coding to obtain the attention features of the three-dimensional laser point cloud neighborhood,
At the same time, a plug and play geometric affine (GAM) module is inserted to solve the sparsity problem of the local
area of the three-dimensional laser point cloud when downsampling the whole point cloud, thereby improving the
classification accuracy of the network. The experimental results show that, compared with the PCT three-dimensional
laser point cloud classification and segmentation network, the classification accuracy of the proposed GAM-PCT
network on the data set modelnet40 is increased by 0. 3% , while the classification accuracy on the ScanObjectNN data
set is increased by 1. 9%, and the average intersection ratio of segmentation on the shipment data set is increased by
0.2%. At the same time, the network parameters and the [lops index are reduced by 0. 31 g and 0. 69 m respectively.
The experimental results show that the complexity of the improved network is simplified, which fully verifies the
effectiveness of the improved method.
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GAM-PCT MM 2R E T PCT W& X il T 4
ARG BR ERRMIZALRE S .

2.4 HESE

SHSENAEIAR D REEREN S ETS., A
SCHE B GAM-PCT R4 7 ShapeNet™" ¥ 4 1 i 47 5¢
B FE A B9 5 I 25 4 T PEREXT L . ShapeNet — i,
B 16 881 4> CAD R B, Bk &4 16 k51,

£28 50 FPEBOEAIZE, 75 CAD BB K T BEHLEE 2 048 4
IR =4 5 2V 2R 0 50 45 00 i A 000 .

ZHUE 8 41 F SRR R R T B 22 3 L (mTOUD Y
BEAETS MR, £ 3 A H T A M 45 76 ShapeNet 3¢
PEE LT ER LRGSR, iR I ALER W
GAM-PCT R % 18 3 i mIOU {4 It DGCNN & i T
1A%, W PCT W 7 0. 2%, FE45 5 B2 50 40 ML, &L A
WS 2 BB T S A Ay AR, B 11 3 GAM-PCT
N PCT W 2% 7 ShapeNet 348 5 b 1 40 B BCR T L EL,
B 11 () £ E BRI 11(b)F R PCT 43R A,
B 11(o) R GAM-PCT 4 FI30 R K, NEI TR H, GAM-
PCT [ 48 ¥ A 44 7 28 2 54 1 80 R T 47 451 ey 1 1)
KPIREMBELEN AR MR R T4 CHLA
HLESE, B LU T T AR SO 45 ik SR G 19 sk

# 3 AEE AT ShapeNet Parts H{IEE TN BN B LWL R

Vik: mloU Air-plane bag cap car chair Ear-phone  guitar knife
PointNet 83.7 83. 4 78.7 82.5 74.9 89. 6 73.0 91.5 85. 9
Kd-Net 82.3 80. 1 74.6 74.3 70. 3 88. 6 73.5 90. 2 87.2
SO-Net 84.9 82.8 77.8 88.0 77.3 90. 6 73.5 90.7 83.9
PointNet+ -+ + 85.1 82.4 79.0 87.7 77.3 90. 8 71.8 91.0 85.9
DGCNN 85.2 84.0 83. 14 86.7 77.8 90. 6 74.7 91. 2 87.5
P2Sequence 85.2 82.6 81.8 87.5 77.3 90. 8 77.1 91.1 86.9
RS-CNN 86. 2 83.5 84. 8 88.8 79. 6 91.2 81.1 91. 6 88.4
PCT 86. 4 85.0 82.4 89.0 81.2 91.9 71.5 91. 3 88.1
GAM-PCT 86. 6 85.4 83.5 90.7 78.1 91.5 77.5 92.4 87.1
ik lamp laptop  Motorbike mug pistol rocket  Skateboard  table
PointNet 80. 8 95.3 65.2 93.0 81. 2 57.9 72.8 80. 6
Kd-Net §1.0 94. 9 57. 4 86. 7 78.1 51.8 69.9 80. 3
SO-Net 82.8 94. 8 69.1 94. 2 80. 9 53.1 72.9 83.0
PointNet+ ++ 83.7 95.3 71.6 94.1 81.3 58.7 76. 4 82.6
DGCNN 82. 8 95.7 66. 3 94. 9 81.1 63.5 74.5 82.6
P2Sequence 83.9 95.7 70. 8 94. 6 79.3 58.1 75.2 82.8
RS-CNN 86.0 96.0 73.7 94. 1 83.4 60. 5 77.7 83.6
PCT 86.3 95.8 64.6 95.8 83. 6 62.2 77.6 83.7
GAM-PCT 84.2 94. 3 68.5 93.4 81.7 60. 4 78.2 82.5

2.5 BEHEER

e 0 B VR R 2 R R BT B OB T BT 0
FLOPSCHE 2% 15 ) B0Rt 08 2 00 /s L 8 S0 o
W% TR A 9 POT B2 (19 5 2% J A ModeINetd0 4

WEFMITRLERNE 4 iR, AUKEAYSHE KR
AT PCT WA T 0.69 M, AMESS - HF 2.01 G
FLOPs (4 ik 1 #, {2 # B 8 & 25 % F & 7
T0.3%,
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(a) A BV A
& 11

(b) PCT

R4 RESHEMSLXEWEILLR
BRI 24/ FLOPs/ 2» R 2/

i M G %
PointNet 3.47 0. 45 89.2
PointNet+ -+ (SSG) 1.48 1.68 90. 7
PointNet+ + (MSG) 1. 74 4.09 91.9
DGCNN 1.81 2. 43 92. 6
PCT 2.88 2. 32 93.2
GAM-PCT 2.19 2.01 93.5

3 % e

ARSCHR T — BB T 1 B AL S 2R W
%% GAM-PCT, M 4 et T PCT M 4% 9 SG ik, R
FAPIRRAS 6] ROBE B9 R A s O B4R 1 5 R AT FR AL mUR A
T AT UART 05 555 B e IR 0, 2 0 A 412 BB 1) AT SR P 1)
LETE 7 LI 3R U 0 T D AR Ak, 3l g 24> PT block 4
ek 1 77 SO0 T B0 R AL HEAT B 445 B 40000 1 R TR R
ik, WA AR B ME S PCT M, EHRA
BB SR 2 B AR B AR T BT R B T A R A
oy EIERR L o
& & 3Lk
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