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Semantic Segmentation for Real Point Cloud Scenes via Geometric Features
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(1. College of Artificial Intelligence, Guangxi University for Nationalities, Nanning 530006, China; 2. Key Laboratory of Hybrid
Computing and Integrated Circuit Design and Analysis, Nanning 530006, China)

Abstract: Effective acquisition of spatial structural features of point cloud data is the key to semantic
segmentation of point clouds. To solve the problem that the previous methods do not make good use of
global and local features, a new spatial structure feature, point box feature, is proposed for semantic
segmentation. A network framework of encoding-decoding structure is designed. The global spatial and
local neighborhood features of point clouds are learned by using the geometric structure feature module
during the downsampling process, and the full size feature map is restored step by step in the upper
sampling process for semantic segmentation. The geometric structure features module contains two sub-
modules, one is the global features module, which learns the “box” features of points to represent the
rough geometric features of point clouds in the sampling space. Another is the local features module, which
uses feature extraction, the attention mechanism structure, to represent precise, fine-grained geometric
characteristics of point clouds within local neighborhoods. Experiments are performed on the public dataset
S3DIS and Semantic3D and compared with other methods. The results show that mIoU is ahead of most of
the current mainstream methods, and some of the detail class IoU is the highest.
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3.2 S3DIS#iEE

S3DIS™RE— M RAMAEN AL A ZBRE , O T 6 MK M27I A5, H—FHAs
H I — A v A5 RSE A 28 ) O AR — A SR bR T O 13 A g — A 6 91 58 XEHIF % (6-fold
cross validation) Ze M A SCHR 0 vk o B 9~11 878 T S3DIS Bl 4 1 5280 1y 45 R 5 B S0 hR i XT b
Bl SEEe s B a3 1.2 Bros AR SO ik s F R84y B R ik . fER Lrb A SCI_ I 7 ik 1
J5 7 1 RandLA-Net'® 1 [7] £ 2 2t #F RandLA-Net' ') J7 3 SCE-Net"'"7£ 9 M 425 T ToU ¥ 55, 76 4
ToU BT AIK /19 40 28 22 B R R 2 0.9 00, A% SCH Y 9 J5 15 78 5 %2 (Beam) 31 1~ (Table) ¥ & (Sofa) . A #i
(Board) . Z% ¥ (Clutter) 3% JL > 4 2% BUAS 401 56 25 SR, 3 28 20 25 (1) mIoU 43 Jill /& 65.0%6 .73.5% .70.5% .
67.5%.62.2% , 4 4 T 0.1%.1.9% .1.2% .1.6 % . 1.3% , ixX JLA- 40 2 BE 6% F LA™ ] B 9 1 1A 22 4
2 A TR, D42 JR R AR 25 )R G HL A 35 M LA 65 R R AE T 60 7 Re AF B2 HRURSE B 6B 0% 3 250 Ml 12 BB
2 BE I LA 4548, 72 5% (Wall) 7 (Col.) B RIURLE, B hy 21 2= B4 19 R4 K 2 FHOE TR 15 15 8R4
Sz SO o B A R 3 TR S RS TS s U L s R s (Wall) {0 ST T R 2 S AR T Y
K7 A, B REAE B X R 4> HA ST A LR R AE A 5 2 A 06 SR S BOUE LA IR 4E A5 AE A 7 (Col.)
78 S3DIS Fdi 4 AW 5 1.5%, 3 1 T AT 5 35 XA 7 (Col.) 23 % ToU e A0 54.3 %, U6 B B i Jy i 4 LA
PR REA LY, £ 2B T 2R )7 B mIoU .OA .mAcc, A< 3C #4975 ¥ H AR AL A9 75 ¥ Rand LA-Net'®
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(20204E )mIoU B 7 2.2% .OA 5 T 0.6% .mAcc 25 T 1.0% , Fb [A B 2 FCHBL 2L 52 5, 75 37 5 43 )
AFUBR 4 4 HE 7 2 SCF-Net' ™ (2021 4F )mIoU 48 55 7 0.6 % .OA 425 7 0.2% .mAcc 255 17 0.3% , FE &
ZEE T SRR ERE , U HJETE & /R E it — ) T oS R g5 )

E 9  S3DIS i 4E Area 63553 B CR AR iE) vl #4k
Fig.9 S3DIS dataset Area 6 partial data (unlabeled) visualization

Sl

BI10  S3DIS¥fii 4 Area 6 #43 BHi (FTI2 AR 1E) AT $4k
Fig.10 S3DIS dataset Area 6 partial data (true background) visualization

P11 S3DIS K#E4E Area 6 #53-8U4E (Box-Net b5 id: ) il # 4k
Fig.11 S3DIS dataset Area 6 partial data (Box-Net annotated) visualization

1 S3DISEEE LHMMEMNLER
Table 1 Results of detail classes on 3DIS dataset

Method Ceil. Floor Wall Beam Col. Wind. Door Table Chair Sofa Book Board Clutter
PointNet" 88.0 88.7 69.3 424 231 475 51.6 541 42.0 9.6 38.2 294 352
RSNet® 925 928 786 32.8 344 516 681 59.7 60.1 16.4 50.2 449 52.0
3P-RNN¥ 92.9 93.8 73.1 425 259 476 59.2 604 66.7 24.8 57.0 36.7 51.6

SPG™! 89.9 951 764 62.8 47.1 553 684 735 69.2 63.2 459 8.7 52.9

PointCNN®" 948 973 758 63.3 51.7 584 572 716 69.1 39.1 612 52.2 586
PointWeb"’ 93.5 942 80.8 524 413 649 681 714 67.1 503 62.7 62.2 58.5
ShellNet™ 90.2 936 799 604 441 649 529 716 847 538 64.6 486 59.4
KPConv'™ 93.6 924 831 639 543 66.1 766 57.8 64.0 69.3 749 613 60.3

RandLA-Net® 93.1 96.1 80.6 624 48.0 644 694 694 764 60.0 642 659 60.1

SCF-Net"” 93.3 964 809 649 474 645 70.1 714 816 67.2 644 675 60.9

Ours 93.7 96.0 814 650 50.2 653 69.6 735 80.7 705 64.1 67.5 62.2
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F2 SIDISHB/EL6THZTXNMXMWEMHLAFHER
Table 2 Quantitative results of different approaches on the S3DIS dataset (6-fold cross validation)

Method mloU/% OA/% mAce/ %
PointNet" 47.6 78.6 66.2
RSNet*! 56.5 66.5
3P-RNN®/ 56.3 86.9
SPG™ 62.1 86.4 73.0
PointCNN® 65.4 88.1 75.6
PointWeb" 66.7 87.3 76.2
ShellNet™ 66.8 87.1
KPConv" 70.6 79.1
RandLA-Net" 70.0 88.0 82.0
SCF-Net"” 71.6 88.4 82.7
Ours 72.2 88.6 83.0

3.3 Semantic3D #E &

Semantic3D $4E 47k [ X £ & R IR TS AR AR BLSE b B = S SR B T
Rl 532 842 I R ME 400424 i, B> s B A 25 ] AL AR Fl RGB B R74iE . Semantic3D &40 48 1Y 5 5L AR
A5 RV AT AN FF T ZEAE Semantic3D F i 45 L i AT 35 S0 431 52 56 9 H A8 0 ) 25 2% - 4% 5] Semantic3D
B 4 005 O W sk B EAT PRI, 7R Semantic3D Kods 4 09 U7 W ulh AT PR A [R] 59 0E 0 07 1, — RS
JH RO A2 /N8 W R T8 SCAR T 245 SR 2R AT B I B2 “ Reduce-8”, 75 — Rl R BT A 52 54 1Y 38 SO bR v 45 S i
ATV B2 “ Semantic-8” , 78 3¢ 3 A1 & 4 ffi A “ Semantic-8” i 75 & B 47 1 I I A1 358 73 Ho Al 35 3% 10 O 8
HEAT X LG 25 B GE W) AR S 5 1 R 0 AR B A B OR . SRR A IR AT Ak an ] 12 s . BR 25
mloU 76 % 3 W 7w, v IE H 18 A& 199 (man-made terrain) 8 314 (buildings ) #1754 (cars) 3% 34~
J5 M Re AR L B ] 0 A 25 T, mIoU BRAS T dR 4F 19 45 2R 43 i 02 96.120.96.126.93.1%, 43 il 4 T
0.1%.0.2% .3.8% , Mi#E A A 75 5 AH Lb 8 2 |, 76 &5 48 #% (high vegetation) &4 9% (low vegetation) il
A4 th 5 (scanning artefacts ) 3 S8 AN HL 0] 4 14 v 36 045 B 22 |, J5t DRI 3 L 28 19 o 2 080 o L AR G 38 A -

%3 Semantic3D #{IE&E FHN LK ER

Table 3 Results of Semantic3D (semantic-8) detail class

Man-made Natural High Low . Hard  Scanning
Method ) ) ) ) Buildings Cars
terrain terramn Vegetatlon Vegetatlon Scape artefacts
TMLC-MS™ 91.1 69.5 32.8 21.6 87.6 25.9 11.3 55.3
EdgeConv-PN"™ 91.2 69.8 51.4 58.5 90.6 33.0 24.9 68.6
PointNet+ -+ 81.9 78.1 64.3 51.7 75.9 36.4 43.7 72.6
SnapNet™! 89.6 79.5 74.8 56.1 90.9 36.5 34.3 77.2
PointConv"”’ 92.2 79.2 73.1 62.7 92.0 28.7 43.1 82.3
PointGCR"™ 93.8 80.0 64.4 66.4 93.2 39.2 34.3 85.3
PointConv-CE™! 92.4 79.6 72.7 62.0 93.7 40.6 44.6 82.5
RandLA-Net 96.0 88.6 65.3 62.0 95.9 49.8 27.8 89.3

Ours 96.1 87.3 64.3 58.4 96.1 41.8 37.9 93.1
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X LI B = 3 09 JUA] 45 45 AF , U W1 A XF T RandLA-Net, “ & 7 F#fiF 7T DL 4 1y FH T 77 £
IR 5 E N 5 (S3DIS) Bl & E RIS 78 % 4 5% (Semantic3D ) & BUSCR WA
TER 45 RER > E UM 5 i BE AT 1R F, ol DUA A SCEE H 09 75 % mToU e, OA BRI (HAE T X
43075 1 N B AT E B0 R A MW T OA, mIoU A i (4 m] 5 1 DR AR SCHRE HE A 07 96 10 T Hofth
B E DT

%4 Semantic3D ##E £ L Semantic-8 iKY 45 R

Table 4 Results of Semantic-8 test on Semantic3D dataset

Method mloU/ % OA/%
TMLC-MS™ 49.4 85.0
EdgeConv-PN®” 61.0 89.4
PointNet+ 7 63.1 85.7
SnapNet™" 67.4 91.0
PointConv"” 69.2 91.8
PointGCR"™ 69.5 92.1
PointConv-CE™ 71.0 92.3
RandLA-Net" 71.8 94.2
Ours 71.9 93.4

F12  Semantic3D 4 £ (42) 5 Box-Net bR &5 5 (f7) AT #L 1k

Fig.12 Visualization of Semantic3D dataset and Box-Net annotation results

4 H5RIE

ARSCH T — AN T LA 45 R R AR AR R A A HG v i e R T TR AR A O A R AR O
REA B0 258 R PR A, 21 T R MRS B S 37 53 08 5 1 O D 2 A Bulls 4 LIS TR FF Mg R 2
HY B8 L AR 235 ) R A A R 6T A5 2 0000 TR AT AR A 4 I, A 280 3t R B 5 8 DO PR R A i e o 2 Al 9 0
e TGS AR P 45 R, 2 R PR A I O i AR A0 s ) LA 2 b 0 5 AR IBOTL AR 25 A A, X T e
I DR ORI L 52 37 5% 2 U S350 1) 245 T Wl ) R =2 4 SRy JLART &5 ) 135 S5 R A o B2 5 SOR SE B L, T 7
Joy R AR B R WL A R 190 2% LA RR AR A T RE o AR b SRR R T i 408 T A (T
R AR AT 2 AR AE 1A HEAT D, RS fay SR MK B 5 B RS R AR P AT B i UL . AE S3DIS
Kt 82 A Semantic3D Kfs 5 B REAT 1IN, I 5 AL FE A D5k AT TOXEE AR T AR SO A U5 ik Y
ARNE S AR R A0 T5 2 AT B AR AR5, B0 5 032 R AR IR A
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