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multi-scale supervision

WEN Yang-Hui'*? | YANG Xiao-wen'*” ZHANG Yuan'*’ HAN Xie'*”,
KUANG Li-qun'*? ,XUE Hong-xin'"*">
(1. School of Computer Science and Technology ,North University of China, Taiyuan 030051 , China;
2. Shanxi Province’s Vision Information Processing and Intelligent Robot Engineering Research Center, Taiyuan 030051 , China;

3. Shanxi Key Laboratory of Machine Vision and Virtual Reality, Taiyuan 030051 , China)

Abstract; In this paper,a point cloud semantic segmentation network combining multi-scale supervision and SCF-Net
is proposed to address the problems of low segmentation accuracy of point cloud in complex scene,the lack of direct
supervision in neural network hidden units,and the difficulty in extracting specific point cloud features. A category in-
formation generation module is first constructed to record the receptive field categories of hidden unit in the encoder,
which is used for the supervised learning of auxiliary classifiers in the decoder. Secondly,the point cloud category pre-
diction task in the decoding stage is decomposed into a series of point cloud receptive field category prediction
tasks. By adding auxiliary classifiers to each layer of the decoder, the point cloud receptive field category of the current
stage is predicted and the category information generated in the coding stage is used as the label to supervise network
learning. The model infers point cloud receptive field categories from coarse to fine,and finally predicts point cloud se-

mantic labels. The experimental results show that the method can effectively extract key information of point cloud and
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improve the accuracy of semantic segmentation.

Keywords : three-dimensional point cloud ; semantic segmentation ; multi-scale supervision ;deep learning ; SCF-Net
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Fig. 2 Category information generation module

B T — J2= B S B ) B A B B A A
R, ARG — R R HIE B i, BRI, B
G S i n — R R s R B B i AR R
F1 i FERE P T A I B, AR i SORR 28 B 46 5
T DASR IR I B T 135 LA B 3R T 2% 0
HITERE
3.3 ZREEH®

TEASSCHY J7 12 7, B Al 4 I B A 1 2 28 331 7
AT 55 73 ik B — 2R 9] i 2o 52 BB 2 3l AT 55
R AR 25 B S — 2, TR AR J2 I 2 PO Y T B
MRS B o BE A AL R BN, s
S B IS, X TR A8 B RS — 2 R B



188 5 RS AN

554 %

FUSAT B By A, R B 20 ) T 00 2 A Oy e K 9 1
& ki

SR TN R 2 R I B AR SCBETE T AE
BB, W& 3 FR  RSRAE d° X T i
FEAE €, e ARRS T ef SR ARIT IR 2 A RAAE , S1 A
IR AR R A5 B o M T et 2
[WAT A 2 AR AL, YA S 2 A9 e 2 SO TR 3T
H AR JEE SIS 3 P, i@ g MLP A
I BURARHE TR 2 AL o' SRR RRAE o'
X35, I MLP 1RSI 40466 {ELRE 4830 725 J2 G €'
Y d" X5 KX TS VR 2 R 2 R AE D

i)y = MLE yeea) TP =

K fet!

(NAVI DAVI) (Nk-I,Dk> (Nka)
s == ML === A =
HF e '
<NA+I,DA+I) ' (NkH‘DA) (Nka)

A MLP, 38 f@h A T ¥ 2 U {5 B A= 218 5 B
ORGSR ARAE £ 7 LNt (3) i :
f"=MLP(FPS(MLP(e"™"))@® NI(MLP(e"*')))
(3)

A, FPS RN B s R A s NI R S 4B A {E ; @
FORPHERAE . BRI SRARE £ 5 RS R df
PHE G Hm A MLP, i i) Sigmoid bR T 2 5115 &,
L E S (4) FR

¢ = Sigmoid(MLP(d" @ f")) (4)

FIFHART 1 )2 F1 51 2 S i R AE Be e i — 20 it
S B B S ST

ESIEASSURIESES

N R ket

N, D) Oy MLD g Siemod g

(N,O) (N,O)

TN |
=

FPS:URIERURAE  NLBEAHHE  © (i

3 ME S BN

Fig. 3 Category information prediction module
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Tab. 1 Comparison of segmentation accuracy of different methods on S3DIS dataset

Methods mloU mAce 0A Ceil Floor Wall Beam Col
PointNet[ 0] 47.6 66. 2 78.6 88.0 88.7 69. 3 4.4 23.1
RSNet!”! 56.5 66.5 - 92.5 92.8 78.6 32.8 34.4
SpGLS] 62.1 73.0 86. 4 89.9 95. 1 76. 4 62.8 47.1
PointCNN!! 65. 4 75.6 88.1 9.8 97.3 75.8 63.3 51.7
RandLA-Net 2] 70.0 82.0 88.0 93.1 96. 1 80.6 62. 4 48.0
KPConv2"] 70. 6 79.1 - 93.6 92.4 83.1 63.9 54.3
SCF-Net! 3! 71.6 82.7 88.4 93.3 96. 4 80.9 64.9 47.4
BAF-LAC?] 71.7 81.3 88.2 92.5 95.9 81.3 63.2 57.8
MSS-SCF-Net ( Ours) 73.1 83.5 89.1 93.4 96. 8 81.7 63.7 50.7
Methods Wind Door Table Chair Sofa Book Board Clut
PointNet %] 47.5 51.6 54.1 42.0 9.6 38.2 29. 4 35.2
RSNet!'”! 51.6 68. 1 59.7 60. 1 16. 4 50.2 44.9 52.0
SpGLS] 55.3 68. 4 73.5 69.2 63.2 45.9 8.7 52.9
PointCNN!"*] 58. 4 57.2 71.6 69. 1 39.1 61.2 52.2 58.6
RandLA-Net' 2] 64. 4 69. 4 69. 4 76. 4 60.0 64.2 65.9 60. 1
KPCony2!] 66. 1 76.6 57.8 64.0 69.3 74.9 61.3 60.3
SCF-Net! '3 64.5 70. 1 71.4 81.6 67.2 64.4 67.5 60.9
BAF-LAC %) 63.0 79.9 70.3 74.6 60. 6 67.2 65.3 60. 4
MSS-SCF-Net( Ours) 66. 2 72.5 73.2 85. 4 70.5 65.7 68.0 62.5
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Fig. 4 Visualization comparison of segmentation results of S3DIS dataset
D3 TEF7IA] 3 A, SCF-Net 4 42 i KE B (5 A 3T 1) A%
Wikl oy TR WA ST IEAE L BB S T
AN B0 19 23 BOR W 22 ROBE W B B 51 A
R T M2 R E BAZ I ARE Sy, R T T AL H AR
FeEm o HIRE 1, XF T W 1A i 2 Ak B 4y ) S
-

(2) SemanticKITTI

1t SemanticKITTT 12X 4 b 19 % b 52 56 45 R 40
£ 2P, M2 AILUE I, AR SO e M o 1
PR IF e b, A AT RO ) F2 0 U7 k RangeNet53
++ 3271 1 3.0 % AHECT LA R 2% SCF-Net & T 1
1.9 % ., SCF-Net SR I B LR AT Ab BHOR MU 55 = %K
fi , FI M SCF e ) 25 [a) B R SCRHE, B84 K
SRS B L, By 1 2R G HE R E B (EX T
B HEHCR ) SemanticKITTT £d5 4% , BEALRAE JC 1% kit
RERPENGAE S, FE ML H RS H, A
SO SR B2 i SR RO B A3 2 10 56 % il 3ot
X AR R s R AR EAT B 2 ) A ol B2 2
A BIRRFIE By X G B EL AR, 3G 5 I 28 % A
Gy oy EIRE

#2 A FE T EA SemanticKITTT £ 45 & E oy - B0 B ad He (4L % )

Tab. 2 Comparison of segmentation accuracy of different methods on SemanticKITTI dataset

Methods mloU car bicycle motorcycle truck other-vehicle |  person bicyclist | motorcyclist road
RangeNet53 ++ [ 52.2 91.4 25.7 34.4 25.7 23.0 38.3 38.8 4.8 91.8
SCF-Net[ '3 53.3 93.5 27.1 28.9 37.5 35.9 49.1 44. 4 5.3 90.5
RandLA-Net! 2! 53.9 94.2 26.0 25.8 40. 1 38.9 49.2 48.2 7.2 90. 7
PolarNet' 2] 54.3 93.8 40.3 30. 1 22.9 28.5 43.2 40.2 5.6 90. 8
BAF-LAC? 54.9 94.0 27.6 30. 4 39.9 40.1 46.3 49.1 10.5 90.9
MSS-SCF-Net(Ours) | 55.2 94.6 28.9 28.6 41.7 38.7 46.5 47.1 10.5 91.2
Methods parking sidewalk | other-ground | building fence vegelation trunk terrain pole traffic-sign
RangeNet53 ++ [ 65.0 75.2 27.8 87.4 58.6 80.5 55.1 64. 6 47.9 55.9
SCF-Net!!?] 58.2 73.3 19.7 88.3 57.7 81.1 59.5 66. 1 50. 6 45.5
RandLA-Net! 2! 60.3 73.7 20. 4 86.9 56.3 81.4 61.3 66. 8 49.2 47.7
PolarNet 2+ 61.7 74. 4 21.7 90.0 61.3 84.0 65.5 67.8 51.8 57.5
BAF-LAC'? 61.4 74.0 22.2 88.2 57.0 81.3 61.7 65.3 49.8 53.9
MSS-SCF-Net(Ours) | 61.7 75.6 20.0 89.5 59.5 82.0 63.5 68.3 52.3 48.0
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Tab. 3 Results of ablation experiments
in region 5 of S3DIS

1

BEPLRAE | Bom SORFE | ZREWE mloU/ %
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Tab. 4 Ablation experimental results of category
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