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il F1 DGCNN HYZeHey . EZR0H ST
1) Aa g2 o) v B ) A e, ok 37 R A 40 3 N
(R &I i ] PR A O 2R, R BT IR 2 R 0 3 SUAR AR
2) A E A T R, Ok MG A A Y
T, R T RE R B R H AR I N Y EE LA B, DT 4
[EEESiNIE Y € O

1 XTI

H T, TR EE S 2 1 =4 5 = o F Bk
FE R R TR TR
TEMET Sk,
11 EFHEENFE

BT AR I E W SR s O B 4
EIG b, B e 6 B0y AR B = 4B AL ) R T R
M. . Tatarchenko %™ 4 1} T TangentConv % 4%, ¥
Mg aihm b, RGBT 8 = 50 #,
HiZ ke ER S B MZEHER . W %D
eI T — R R BRI R N S R a1l
M ATEIRY SqueezeSeg P 4%, 1% 7 o = 4k 5 = 1%
5 BBk A, A BR AR R — ok 4R R, R
SqueezeNet % 2% JE AT RFAEH2 B, fie 2438 1o Z5 14 Bl AL
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g 32 2 o etk 1 i 2% 45 B (EdgeConv+) B | %5
(] 7 & 1 AL (spatial attention mechanism, SAM ) 15
e F 38 18 1 2 J7 L (channel attention mechanism,
CAM) B2 1L, M ZE L5 R AN IR 1 s o FESRBUR 7
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F 3 S0 G RFAE, ITHF TP A5 40 B A X R
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L) B, A5 B G5 T 1 S AR ¢, 8 1T 222
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Fig. 1
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Structure of model fusing dual attention mechanism and DGCNN
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Fig. 2 Structure of KPConv module

h-
*\ h\/
i :» o\
/ hm/\ h;
hi5

Kl 3 EdgeConv++H 25 R =&
Fig. 3  Structure of EdgeConv++ module
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HGARFIETTA 5 T8O s 2 R RRAE, %0 s
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4 R B, AFLIA S 23 AN AT 3k B b B0 0 a5 A
bu: AN i [T R N 5 el S S (1
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LRI 1Y = AR AL, K i 2 1 AR A LG
P0G ZR 127 20, i 23 ) 1 5 00 15 | ACRT LA N7 AR 3
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S A L OGI, DA T 7E Ja) 408 358 P 2 BB 38 T IR 2 IR
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Fig. 4 Structure of SAM module
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F=a) (U;V))+A, (7)

K a FHIIRIE R 0 ]2 ) 1 REES 4L
2.3 CAM #&R

H AT, KZHO07 L 1o 32 BRI 2 10 Ja 3B 4
SRRAE f; ], 300 K 1B 56 Jr) 8 AR SRR o % B KA Ry
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JE, ] B X SRy TR AR SRR AT R (B M AL AR A, M A
2 B JR AR N B9 HAB AL o R, 7855 R AR
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{1 AR A = 2 R 53 E U AR T AR AL

N |

J, Z WA K, R SCHEXT Jay 3 4B SRR 1) 2R A i 7
R TE T — AN X = 2 A5 2 B ) CAM Bk,
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Fig. 5 Structure of CAM

e, X A RRE ) A 7E 25 0] 4 B 4y 2T
S At Ak R B Ak, A G 0 B G T Y 4 B, L
2B Ry 1, 1B — A —HE R . R, algad
— L ZRCEE (% MLP, ¥ 90 3 (14 i % o 2 A
hn, F2e it Sigmoid B0 BRI AL, 15 338 18 T AL
H o IJa, BZ A R AR B A R T R
25, A9 B 280 38 8 T 2 LS BRRIE ) & F:

F=0 (MLP (MaxPool (A)) + MLP(AVgPool(A))) A
(8)
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DGCNN ZE 44 By A &bk, 2 AT I KB % N )
I BOHE S S3DISPY RN K ML A E A b i R dE 4R
SemanticKITTI™" HEA7 550 . PEAL 45 br >R B A
i % (overall accuracy, OA) 1 1 32 3 It (mean
intersection-over-union, mloU), 43 H| & /~ A

Tp+Tx

= (9)
Tp+Tn+Fp+Fy

c

1 TP
M= 10
C+1§FN+FP+TP ( )

A T, TR PRI RIS Ry IE S W IEAEAS; T Fom
PR FHOI hy 9 28 (1) A REAS s Fp R WA B 0 Oy
TEZ M ARE AR Fy 3278 Bl AU T A 1288 (9 1E A
A5 ¢ BRI EL

AR ) S 56 PR B E R - B M Intel(R) Core

(TM) i9-10900K CPU@3.70GHz #1 NVIDIA RTX3090
GPU(24 GB), ¥} } Linux Ubuntu 18.04 Fl ¥4 JiF 2%
JHESE PyTorch1.11.0. SEER T shi H 14 0.99
) A T Bl it Y B AL B T B (stochastic gradient
descent, SGD) . fb 5 =, ff ] Adam 8.9 & ¥ SGD
NS
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S3DIS i 4 & M 3 R [R S 1Y 6 A X sk
Fr AL B /Y 271 A B ) v R AR L) RGB-D f = 48
o BN B S BRI 50 8 1 mx ] m g3, #
XoF A A BT L v AR AN T AR o RES A
— A9 YEmE RN, 7HIN: X, Y. Z. R. G. B. X'\
Y.z, K, X, Y. ZERRAELIR, R, G BE
REUEAE R, X' Y Z bR E (8 B A X
T A D 18] A5 B A AR (R 0~ 1),

g R A SCHEE A M, 5 & kAR
S3DIS 4l 5 b AT 1 40 WX Lb L5, 45 AR 1
Fin o WTLAE H, AR SCRE LR T 66.0% 1) mloU
F192.8% 1) OA, 7F OA J5 il K I & fIL, £ 4R mloU
W ifh T KPConv Y A A JE 4%, (HAE 3 A~2 51 (ceiling.
wall, table) 'S80 T s fHEPERE . BT AR SCR LA
FH ) J& KPConv F WM A% i AE AT AR JE A%, kit f T 2%
2] J A AL it IS SRR SO R A, X K
T KPConv F A] A8 & 1 X F K /N 45 5 09 9 & (an
chair, bookcase) I 7 #I & R TAXHE ., 5
BAAF-Net fH [, 4% 355 1Y mloU Al OA iX 2 >3
FORS BE VR e AR ) TRk, FE T BAAF-
Net 75 2 sy 3 48 WU AE B, I o 5 18 A1 4ak 18]
WIZUGOE UGB . 55 ME 6 T3¢ LEHIE I kA
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Table 1 Comparison of segmentation accuracy of different algorithms on S3DIS dataset (Area S as a test) %
ToU
Bk OA  mloU
ceiling floor wall beam column window door table chair sofa bookcase board clutter

PointNet" 793 411 888 973 698 0. 39 46.3 108 590 526 59 403 264 332
TangentConv'® 825 526 905 977 740 0 20.7 390 313 775 694 573 38.5 488 398
PointCNN® 859 573 923 982 794 0 17.6 228 621 744 806 317 66.7 62.1  56.7
SPG™” 864 580 894 969 781 0 42.8 489 616 847 754 698 52.6 21 522
PCCN® 583 923 9.2 759 03 6.0 69.5 635 669 656 473 68.9 59.1 462
PointWeb™ 870 603 920 985 794 0 21.1 59.7 348 763 883 469 693 649 525
HPEIN®Y 872 619 915 982 8l4 0 233 653 400 755 877 585 67.8 65.6  49.4
RandLA-Net™ 872 624 911 956 802 0 24.7 623 477 762 837 602 71.1 657  53.8
GACNet™ 878 628 923 983 819 0 203 59.1 408 785 858 617 707 747 528
BAAF-Net™ 889 654 929 979 823 0 23.1 655 649 785 875 614 70.7 687 572
KPConv™”! 67.1 92.8 973 824 0 23.9 58.0 69.0 81.5 91.0 754 75.3 66.7 589
A 928 660 929 983 828 0 212 56.6 685 913 813 744 64.2 689  57.8

], A< SC# S3DIS 45 5 1Y Area 5 X 5l 5 00 15 2R
M4 X 88, 106 Area 1~ Area 4 il Area 6 X 38 F
Y25, BT Area 5 FH A X 38k A (4 7 18] A7 i A
[F), A5 B0 W) A A7 7E 22 5, 0 I 2 5 AR 7y oK B
o AT A SAM B, A SCR AR BCE] TR
LB B P9 AT B AT Z RS R R IR B RRAE, TR B 51
CAM 3, 72 A oy # 4B BURAE I 2 B8 AR 45 AN 7]

SRIENIDIG e sl o SRS W AW NI DE S X 1N
1o L 2 T O F R B

Be b, S P o M i o HI 45 2R, X Area 5 B9
KA R AEAT Tl AL, i 6 Frs . I LAE H,
A SCHE R AT LA A E B 4R IR R B R A
TE L0 3 5 T AR B FI 45 R R H
PRAE .

(b) A EIZE R
5l 6 S3DIS FHEAE s HILE ST Ak

Fig. 6 Visualization of segmentation results on S3DIS dataset
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SemanticKITTI £ ¥ £ & T E R~ /R & e
BRI 0 T P A3 | R, A B A S A
e, B BT R KR ZEROLH B S 2 8R4 . 1x8L
o 22 s A4, 00~ 10 F¢ 81 4E A il 4k
45 (08 J7 51 F A 36 3iF 4 3 AR B vl AR 25 5 ), defu
23201 W =4k fi =3 50 11~ 21 [ SR il ik
R, A 20351 Wi =4t i m it ZRE PR
A A CWRRE, ANEET T R bR, 2 19

FKRNbRZ: . 2 AR ILAE SemanticKITTI £ 45
4R 5 H A 2 Bk i 3 51 S A5 A0
o PTLAE M, 5 EHET R WAEM L, A SCHE L
mloU Jj 59.4%, {LIX T BAAF-Net, Jf HZEH 1 6 4>
) UG T BRI R o HI4E R o T BAAF-Net )
A5 BT FREEAR, AU E S B A E S
B, RS — SR A R RRAE (k2 L B AR,
I, BAAF-Net X — 2£ /N ) {& (U other-vehicle Fll
motorcyclist) #1773 HI I, G 45 F) H] 3% L2500 51 1Y ¢
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Table 2 Comparison of segmentation accuracy of different algorithms on SemanticKITTI dataset %
ToU
(=R7R mloU

road sidewalk  parking  other-ground  building car truck  bicycle  motorcycle
PointNet!® 14.6 61.6 357 15.8 1.4 414 46.3 0.1 13 03
SPG™” 17.4 45.0 285 1.6 0.6 64.3 493 0.1 0.2 0.2
PointNet++"" 20.1 72.0 418 18.7 56 62.3 53.7 0.9 1.9 0.2
TangentConv'™ 40.9 83.9 63.9 33.4 15.4 83.4 90.8 152 2.7 16.5

SpSequenceNet"™" 43.1 90.1 73.9 57.6 27.1 91.2 88.5 292 24.0 0
PointASNL?! 46.8 874 743 243 1.8 83.1 87.9 39.0 0 25.1
HPGCNN" 50.5 89.5 73.6 58.8 34.6 912 93.1 21.0 6.5 17.6
RangeNet++"") 522 918 752 65.0 278 874 91.4 257 257 34.4
RandLA-Net™ 539 90.7 73.7 60.3 20.4 86.9 942 40.1 26.0 25.8
PolarNet"” 543 90.8 74.4 61.7 21.7 90.0 93.8 229 403 30.1
3D-MiniNet™ 558 91.6 745 64.2 25.4 89.4 90.5 285 423 4.1
SAFFGCNN®” 56.6 89.9 73.9 63.5 35.1 91.5 95 383 332 35.1
KPConv'™ 588 88.8 727 613 31.6 90.5 96.0 334 302 425
BAAF-Net™ 59.9 90.9 74.4 62.2 23.6 89.8 95.4 48.7 31.8 35.5
AL 594 92.0 77.4 70.1 352 89.7 94.4 384 437 403
. ToU

ik other-vehicle  vegetation trunk terrain person bicyclist  motorcyclist  fense pole traffic-sign
PointNet' 0.8 31.0 46 17.6 0.2 0.2 0 12.9 2.4 3.7
SPG™ 0.8 48.9 272 24.6 0.3 2.7 0.1 20.8 15.9 0.8
PointNet++"" 0.2 46.5 13.8 30.0 0.9 1.0 0 16.9 6.0 8.9
TangentConv'” 12.1 79.5 493 58.1 23.0 28.4 8.1 49.0 35.8 28.5
SpSequenceNet™! 22.7 84.0 66.0 65.7 6.3 0 0 67.7 50.8 48.7
PointASNL" 292 84.1 522 70.6 342 57.6 0 439 57.8 36.9
HPGCNN® 233 84.4 65.9 70.0 32.1 30.0 147 655 455 415
RangeNet++ " 23.0 80.5 55.1 64.6 38.3 38.8 48 586 479 55.9
RandLA-Net™”! 389 81.4 613 66.8 492 482 72 56.3 492 477
PolarNet"™”! 285 84.0 65.5 67.8 432 402 5.6 61.3 51.8 57.5
3D-MiniNet®” 29.4 82.8 60.8 66.7 47.8 44.1 14.5 60.8 480 56.6
SAFFGCNN™ 28.7 84.4 67.1 69.5 453 435 73 66.1 543 53.7
KPConv™ 31.6 84.8 69.2 69.1 61.5 61.6 11.8 642 564 48.4
BAAF-Net™ 46.7 82.7 63.4 67.9 495 557 53.0 608 537 52.0
A3 30.3 84.3 64.9 70.0 60.1 474 7.6 669  53.1 62.4

ik, DT A A0 A 285 5 o AR SCHE B BRUJmy B A A s
it ] 7 KPConv M #% s J7 5, (HiI TIMA T SAM
B 5 CAM i, 15 2 B9 K 43 3 5 mloU ¥4k
T KPConv ik, K 7 AACHIEFE SemanticKITTI
AR L iE BT A ZE R . TLUE I, BT
AR SR R A 8 OB BT 2 R ) SR R AR BAE L, B
i 76 A B R 52 T 2 b i BRI B, A3 9K e g
AT A I ROR
34 HRESKI
341 MUEE A AL B

R ik — 2 U B A SC 5 AR 2 Bl B
AR, 7E S3DIS Hidls & 3 il XX 2 MR T

TH AL, 45 RN 3R 3 rom . Hor, 4% 157 Net
Model-3 >k 52 % 1) il AU 7 S AL AN 3h 25 RS R
11225 ) 2%, T IR 285 A5 R Net Model-1 2 75 FF ¥ 2 %
K IR FREBR T SAM fRH, 2% B Net Model-
2 MPERERR T CAM AR,

M 3 IR AT LUE H, M 4855 Net Model-3
1E S3DIS Bt 4 [ (1) mIoU L M £5 45 4 Net Model-1
1 1 3.2%, B AE T 23 [E B A R . TR A
F: SAM L BEUE A JR FP AR IR P 2% 2 BIE B 2 MR
AEAFARL A 0 R 2 3 SCAF L, DI B B4 i 19
TEERAS 21— FEEE (1G58 . T P 5455780 Net Model-3
1E S3DIS Bl £ [ 1) mloU L M £5 45 Net Model-2
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(b) 4L R
Kl 7 SemanticKITTI R 7 #I45 5R 1] ik

Fig. 7 Visualization of segmentation results on SemanticKITTI dataset

#3 TRIMERTE S3IDIS HiksE L AUHRISCIE

Table 3 Ablation experiments of different modules on

S3DIS dataset
[RR] 4 A AR Kt mloU/%
Net Model-1 CAM 62.8
Net Model-2 SAM 65.2
Net Model-3 SAM+CAM 66.0

Him i 0.8%, I RTEIMA CAM BiHUG, BAR 253
SR AT B A AR, Had 2 2 1 i B R A A ok
RE R ERBBURHE, Jr LA, X5 T i i i S #18
FARTHH L T SAM BT AR K
342 ity S B SRR

Ry it — 25 U A SC Rt Y 2 245 P A AR B Y
H M, #E S3DIS 4 4 - 43 5l % EdgeConv-++4ll
KPConv j 2 ™5 B 147 1 fill 52 06, 45 R A0 3¢ 4 Jir
o Hir, R Net Model-6 b 5¢ 45 ) il 5 XX
TE R HL AT DGCNN, T /) 25 K5 Net Model-4 2
TE JIT e 2 10 2% 1) L At B RS B 1 R A B s s R
(KPConv rigid) i3, X 44 45 Net Model-5 W 2%
B T gl A R A BUBLER, 19 2% &5 Y Net Model-7 4 fdf
FH KPConv Ji % 268 A5 704 A I P 4%

M 4 R85 3T LA Y, BARTE SOl I 3h 245
P 2 FR B 1 A O A s A R EA T i G R A i B
AR S S5 BRI KPConv Ji W) £ 45 78 1) W4 4% , 1R

R4 WHRESEEREREHMRIE
Table 4 Effectiveness verification of improved dynamic

graph convolution module

B B AR A A (Rt 1 3 25 181 4 RO A5 B 9 25
LT KPConv J5L [0 265 154 70 4 WP, X tLaiE W] T A
SC I it A Bt 1Y) 2 25 G B B i A R
343 HEBBAEI TS ST

A% 5 BB 2 53 W) ) 2% i MR 114 Jmy 3 LA
FAIERIIE S, 800 BR% O G B0 d 18 48 TE 15 5800
) B RO SRR AE, 5B B B AR 255 N
o F B0 S R R T 233 1S 22 TUAR B4 JR) R AR AL, 38
T 2SR . R ST LU, YA R
d<15 I, B d B3R, 70 BIL AR B AR T L T
4 d>15 if, i TAD SRR 2, MRt 2 FITT
ARBVRRE, TS0 T HIR S5 R . I, A SCTE
SR IS RBCE R d=15.

#£5 BUARBNHBEROHN
Table 5 Influence of number of kernel points on

segmentation results

R il Bt mloU/%
Net Model-4 EdgeConv++ 64.2
Net Model-5 KPConv 64.7
Net Model-6 KPConv+EdgeConv++ 66.0
Net Model-7 KPConv rigid 65.4

d mloU/%
11 64.8
13 65.3
15 66.0
17 65.7
:l: N
4 él:l 1@

AR SR X = 4 g 25 1 SCAY R A B R
RFAIE e 220 % 408 35 5T TR R 2 VI SUAR ., R A R 4R
SRR B 220 S Al B SRR A A AR S0 R, $2
Rl A RO =T L AT DGCNN i = 4k 55 = i X
G2 IR

1) 2R 8h 745 R BE D SRR AE, LA KA FH 38 3
23 (0] T 1A A T o SCor I RS B, 7€ S3DIS Al
SemanticKITTI 54 % I, & X 4 FKS B 43 501 3k 2
T 66.0% F 59.4%.
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Semantic segmentation of point clouds by fusing dual attention
mechanism and dynamic graph convolution

*

YANG Jun"*", ZHANG Chen'

(1. School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China;
2. Faculty of Geomatics, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: The existing semantic segmentation methods of 3D point clouds based on deep learning usually
ignore the profound semantic information between neighboring points when extracting local features and fail to
consider the useful information in other neighboring features when aggregating local neighboring features. To solve
these problems, a semantic segmentation algorithm of 3D point clouds fusing dual attention mechanism and dynamic
graph convolution neural network (DGCNN) was proposed. Firstly, edge features were constructed by dynamic graph
convolution operation, and the relative distance between the center point and the neighboring points was input to the
kernel point convolution operation to obtain enhanced edge features, further strengthening the relationship between
the center point and the neighboring points. Secondly, the spatial attention module was introduced to establish the
dependence between neighboring points, and the similar feature points were intercorrelated, so as to extract profound
context information in the local neighborhood and enrich the geometric features of neighboring points. Finally, the
channel attention module was introduced when local neighboring features were aggregated. By giving different
weights to different channels, the purpose of enhancing useful channels and suppressing useless channels was
achieved, so as to improve the accuracy of semantic segmentation. The experimental results on the S3DIS dataset and
SemanticKITTI dataset show that the semantic segmentation accuracy of this algorithm has reached 66.0% and 59.4%,
respectively. Compared with other classical network models, this algorithm has achieved a better point cloud
segmentation effect.

Keywords: 3D point cloud; semantic segmentation; deep learning; attention mechanism; dynamic graph

convolution

Received: 2022-09-14; Accepted: 2023-01-02; Published Online: 2023-01-10 13:51

URL: link.cnki.net/urlid/11.2625.V.20230109.1713.007

Foundation items: National Natural Science Foundation of China (42261067,61862039); Talent Innovation and Entrepreneurship Project of Lanzhou
City (2020-RC-22); Tianyou Innovation Team of Lanzhou Jiaotong University (TY202002)

* Corresponding author. E-mail: yangj@mail.lzjtu.cn


link.cnki.net/urlid/11.2625.V.20230109.1713.007
mailto:yangj@mail.lzjtu.cn

	1 相关工作
	1.1 基于投影的方法
	1.2 基于体素化的方法
	1.3 基于点云的方法

	2 融合双注意力机制和动态图卷积神经网络
	2.1 EdgeConv++模块
	2.2 SAM模块
	2.3 CAM模块

	3 实　验
	3.1 评估指标及参数设置
	3.2 室内场景语义分割
	3.3 室外场景语义分割
	3.4 消融实验
	3.4.1 双注意力机制模块
	3.4.2 改进的动态图卷积模块
	3.4.3 核点卷积模块中的核心点数量


	4 结　论
	参考文献

