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Point Cloud Segmentation Algorithm Based on Density Awareness and
Self-Attention Mechanism
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Abstract We propose a 3D point cloud semantic segmentation algorithm based on density awareness and self-attention
mechanism to address the issue of insufficient utilization of inter point density information and spatial location features in
existing 3D point cloud semantic segmentation algorithms. First, based on the adaptive K-Nearest Neighbor (KNN) algorithm and
local density position encoding, a density awareness convolutional module is constructed to effectively extract key density
information between points, enhance the depth of information expression of initial input features, and enhance the algorithm’s
ability to capture local features. Then, a spatial feature self-attention module is constructed to enhance the correlation between
global contextual information and spatial location information based on self-attention and spatial-attention mechanisms. The
global and local features are effectively aggregated to extract deeper contextual features, enhancing the segmentation
performance of the algorithm. Finally, extensive experiments are conducted on the public S3DIS dataset and ScanNet dataset.
The experimental results show that the mean intersection over union of our algorithm reaches 69.11% and 72.52%,
respectively, shows significant improvement compared with other algorithms, verifying the proposed algorithm has good
segmentation and generalization performances.
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Table 1 Experimental environment
Environment Version
System Ubuntu 18. 04
GPU Nvidia RTX 3090
CUDA 11.3
PyTorch 1.8.0
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Table 2 Comparison of IoU of segmentation results for all categories on the S3DIS dataset unit: %
Class PointCNN"* DSPoint"*” BAAF-Net™" LLGF-Net"™" Ours
Ceiling 92.31 94. 20 92.90 94.10 93.81
Floor 98.24 98.10 97.90 98. 20 98.52
Wall 79.41 82.40 82.30 85.10 85.99
Beam 0 0 0 0 0
Column 17.60 19.10 23.10 30. 60 40. 31
Window 22.77 49.90 65. 50 60. 60 60. 03
Door 62.09 66. 20 64.90 73.50 68.17
Table 74.39 85. 60 78.50 89.50 84.95
Chair 80. 59 78.20 87.50 79. 60 91.09
Sofa 31.67 67.90 61.40 72.30 57.66
Bookcase 66.67 59.00 70.70 63.10 77.21
Board 62.05 62.30 68.70 79. 80 80. 69
Clutter 56.74 59.90 57.20 57.60 59.93
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Table 3 Comparison of evaluation indicators of segmentation
results on the S3DIS dataset
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Table 4 Comparison of evaluation indicators of segmentation

results on the ScanNet dataset

Method mloU /% mAcc /% Method mloU /% mAcc /%
PointNet"" 41.09 48.98 PointNet'"" 14. 69 19.90
SegCloud™ 48.92 57.35 PointNet++""* 34.26 43.77
PointWeb™" 60. 28 66. 64 PointConv"™"” 55. 60 —
SegGCN™ 63. 60 70. 44 RSNet™ 39.35 48. 37
PointCNN"" 57.26 63. 86 FG-Net™" 69. 00 —
KPConv'" 67.10 72. 80 PointCNN" 43.70 57.90

LLGF-Net"™" 68. 00 74. 40 KPConv'"™ 68. 40 —
Ours 69.11 75.09 Ours 72.52 80.63

5  ScanNetFli 4 £ 200 43 W25 A 19 ToU L4
Table 5 Comparison of IoU of segmentation results for all categories on the ScanNet dataset unit: %

Class PointNet+ +"" PointCNN!" PointASNL"™ KPConv'"” Ours
Wall 77.48 74.50 80. 60 81.90 85.62
Floor 92.50 90. 70 95.10 93.50 95.10
Bed 51.32 56. 10 78.10 75. 80 80. 66
Chair 64.55 68. 80 83.00 81.40 89.75
Sofa 52.27 60. 10 75.10 78.50 81.52
Table 46. 60 55.30 55. 30 61.40 72.29
Door 2.02 7.50 53.70 59.40 68.74
Desk 12.69 28. 80 47.40 60. 50 62. 86
Sink 30.23 41.90 67. 50 69. 00 64.58
Toilet 31.37 73.40 81.60 88.20 92.20
Cabinet 23.81 26.40 65. 50 64.70 65. 50
Picture 0 1.30 27.90 18.10 36. 56
Counter 20. 04 22.50 47.10 47.30 61.26
Curtain 32.97 36. 10 76.90 77.20 74.09
Window 3.56 11.00 70. 30 63.20 68.24
Bathtub 42.72 73.50 70. 30 84.70 87.70
Bookshelf 52.93 38.90 75.10 78. 40 81.57
Refridgerator 18.51 43.40 63. 50 58.70 64.06
Shower curtain 27.43 40. 60 69. 80 80. 50 60. 46
Other furniture 2.20 23.60 47.50 45. 00 57.58

254 S3DIS A1 ScanNet B0 H8 4 |- 14 5256 K v 404k
SEEL T, TR SR EL AT 5 2% TR 45 A 1 ) Ak Can e
T AR ) A I IR R o kR TR R I 2 A
P52 2% B A 0 22 0 JLAn] 25 4 R 2 TR S, 5% BE R AIE
R L TR A B A L S N KNN G
B D AC L RE 5 4 T 53 10 A 3 AT %8 B RR AR AR 2 R A

23 G52 A R RE 7, 3 I Bk A A0k 3 R A A
SR A3 AL RRAE 3 500 22 Bl RR AR 8] (9 1 SCOGERTE |, $2 R 3%
X Jay 5 A R AIE (4 BRI E T3 LA B xS 2k T Ae] 45 K )

SR FEURE L SR S A AN ) = B
RUF &L, XS T DACBEHE I R i A4 AR i
B A B R ()L, T ¢ SFS A BEHO 2 2% 1) £ Lk

15 7078, AT AT DU R R B 4 Sy i A 8 RN 2s [l
S Y 1 SRR ARE AIE [ ) 58 55 T R O DR 45 A 5 R AR 3%
et RIS IR HAR v] ARG 4 SR i SR AE A 55 [B)
HE T A R = B0k o SCy RIS B
3.4 HRXWERSM
3.4.1 AR KL SR
T RS A 18 N KNN B3 KA 5 43 BORS JE
B 52, 7E S3DIS F s 45 L AT iH Ml 3 ge , 45 R an 3k 6
B 6, F Ol Y KNN B 7L i KNN &k
ELA G5 (0 43 FIROR | BB A R 3G KIRAZ B, 2% ) i
=R R R IE AR B
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ground-truth baseline
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Fig. 7 Visual comparison of partial segmentation results

baseline
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Fig. 8 Visual magnification comparison of partial segmentation results
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Table 6 Experimental results of different K values
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Table 8 Ablation experimental results of different submodules

Smod. Smod. Smod. mloU OA mAcc

Algorithm 5 3 Ry iy %

KNN Adaptive KNN
K value
mloU /%  mAcc/% mloU /% mAcc /%
8 65. 10 72.01 65. 54 72.76
16 68. 62 74.38 69.11 75.09
32 68.11 74.03 68. 83 74.36
64 65.93 74.52 66.79 73.15

3.4.2 BMH kLB

R T B — B E DAC BB AT SFSA AR He it $2 7t
Aoy B BE A AT St #E S3DIS Bl 4 b X B A A
Hor AT I Al S5 . il area SHEATHRE , 4y 54
area NI Gh4E , SLI &5 W 7 pros , b :Mod. 14
DACHH ,Mod. 2k SFSA #5304 PAConv ™
W 25 A Ay LR B . Bk 1Bk O YRR AE 4 BRORE B
B DACHiH , mloU LB % 042/ T 0. 681~ H 4
Mo UEBH BT HE DAC B e 2 56 v o %5 8 (5 8RN 55 (]
7 A B RE T A 50 3R Uy FB R AIE | 4 i R U A
Gy EVE RGO IR RE 1 . Bk 2L O Ak 1
AT SFSA B mloU LB L 04 & T 0. 214N EH 4
Mo UL SFSA BEHLRE R A v & Fn s 8] 1 2 0
FR MRS B AT #N 7T, JF X 22 RUBE (R A 15 B 1E
PR A Wi JC R AE 65 A AR AR o B3k 3 0[] st
KT DAC FI SFSA fEHe 503k 1 4 FIPE RE AR A5 T 1F
— BT, mIoU X 8 T 69. 11%, L EIE O E T
2,534 H 4, RS EDRS BE SR ) T 90, 99% , T F-
SERE IR T 75.09%, B L OB T 2.0910H
Oy TGS R, 4 Bkl 0 A OGN
5 B FE AR BORN 23 [l 5 B, A &b 4 ORI 51 &2 2 45
P B R AL R B SR o5 2 0 JR 3 R 1 R 4 Ry R AE , f
P T A BRSSO ENE S

T IR Y RS g 4

Table 7 Ablation experimental results of different modules

66.74 89.65 73.23
67.37 89.42 73.61
67.52 89.61 73.88
69.11 90.99 75.09
68.32 89.86 74.69

= w N o= O
X L X | =
{040 X X

XL L L 4

v v

Algorithm Mod.1 Mod.2 mloU /% OA /% mAcc/%

0 X X 66. 58 — 73.00
1 N X 67.26 89. 70 73.13
2 X N/ 66.79 89. 67 73.57
3 N N 69.11 90. 99 75.09

3.4.3 FHEBIEERLE

9T RS DAC 55 Al SFSA 5 B v £ A 148 e
X PR BE B2, 7E S3DIS B4 4 b xf & 4> F i
G S AT Bl S G . ff A area S UEATEGE , Hi A 54
area KR4 LI 45 4N £ 8 TR o Smod # /8 AN ]
By T AR B, Horp . Smod. 11 Smod. 2 43 5] J& DAC #i bk
B TR, B E I S KINN LR 38 %5 5 67 8 4 i (24 A
SR E A R KININ R 35 2 B 0o B8 4 5 B, 3309 R %

18 A KNN AL 2 5% ) ; Smod. 3 /& SFSA # B iy 115
o, Bizs e P . B 0 559k 1.2 31945
XL R 3 R AL BT T LB L, A S
Jf KNI Jri 35 % J62 57 ¥ 40 A R 2 [R] 3 38 ) B e 4
TEE 5 1 43 E0 M e B SR AR TR EE R R X = A~
B 1 R 1 4 B PE BB B . X R I A & N KNN I
J O B AT B 2 A B 65 AT 0 A R A2 B L AR N
R 22 1) Je SRR AIE FD A TR] G R [ B BB A R FH % B R
HE AR Bk T 4 b A BEOAS ) R A 0 R ek 2, 5 B B ik
L b PR A 2 1 2 TR o0 A s A A TR O AN RE
BRI 2 0 T B A3 ()RR AE g 5 AR AIF 1] 119 255 ] 5%
Bt 38 BEAT R A A = AR TR X A R SCfF B R as
)R AE 5 B B4k T e i Ak B A 2 B R 0 B 4
4 v e R R

4 45 ik

PEH T — b L % R IEEORT [ R AL
S EVE D — 5, B i DAC R H A R b b
= W2 A B 25 (85 8., SE B2 BF (1 s 2548 4k, AL
7 48 BT TS [) RO 1) oy S R A0E 5 59 — T, B 7ol 3k
SFSA #E 3, Fl I H 1 8 1 f2s 8] 78 2 0 S0 & L
TG R IR 2 Bk B v A (5 2R AT b FE A G 8 R B
A A5 18] ) 23 ] B P AR Gt A R RIE , 5
R XAy ETE S . LA R R R R E AL E
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