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[Abstract] In autonomous driving scene understanding task, accurate segmentation of drivable areas, dy-
namic and static objects is essential for subsequent local motion planning and motion control. However, the current
general semantic segmentation method based on lidar point cloud cannot achieve real-time and robust prediction on
vehicle-end edge computing devices, and cannot predict the motion state of objects at the current moment. In order
to solve this problem, a multi-task segmentation network MultiSegNet for driving areas and dynamic and static ob-
jects is proposed in this paper. The network uses the depth map output by the lidar and the processed residual image
as the representation of the encoded spatial features and motion features to input to the network for feature learning,
so as to avoid directly processing disordered high-density point clouds. For the large difference in the number of tar-
get distributions in different directions of the depth map, a variable resolution grouping input strategy is proposed,
which can reduce the amount of network computation and improve the segmentation accuracy of the network. In or-
der to adapt to the size of the convolutional receptive field required for targets at different scales, a depth-value-guid-
ed hierarchical dilated convolution module is proposed. At the same time, in order to effectively correlate and fuse
the spatial position and attitude information of objects in different time domains, a spatiotemporal motion feature en-
hancement network is proposed. The effectiveness of the proposed MultiSegNet is verified on the large-scale point
cloud driving scene datasets SemanticKITTI and nuScenes. The results show that the segmentation loU of driving ar-

ea, static object and dynamic object reaches 98%, 97% and 70%, respectively, which is better than that of main-
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stream networks, with real-time inference realized on edge computing devices.

Keywords: autonomous driving; lidar; multi—task point cloud segmentation network; dynamic

object segmentation
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A AR O [ RST B WA R TR 5 5 1Y
O3 BRI 3 AN ) KN B SZ B 11 28 TR 45 FR
B ORISR o /N7 P B i ik R
SDR=1, K52 HF 6 BUW ik R 15 KL 4 5L AR ] 14 12
ik AR F—50,  LDR=5, T h &R SHEIE 9
R et 2, A RS IE%AZ B 1) 225 1) 46 PR HR () R
P T AR AR A R ST 114 23 31 26 AR XA R B 4 T A
IS

AT AR T R R IZAK S 14 2 1) 45 AU AL -]
PEREMYRZ M . AN 2 ity , Bl 25 v 55 RO 8k 37 W7 4
R Ak 2R R 2 38 i #1] 3, B A4 0 PE RE AR T K
B K F) 4 J5 B 1) 4 EE BETT 4R T B, 1 I i ik o
by 3 11 v A5 R TR A7 B 4 B R G b 3 Y 30-50 m
P B N AR S AT REAE (R IR BE (B 5 T 10 53 2 B TR

P AT A AR AR S I

*k2 REESISHSESTRERMNERM

. Convolution Free Static Moving Mean

i 5
Dilatation Rate | Space/% | Object/% | Object/% | loU /%

(a) 2 97.6 96.5 67.6 87.2
(b) 3 98. 1 9. 8 68.4 87.7
(c) 4 97.7 96.6 67.7 87.3
(d) 5 97.6 96.7 67.5 87.2

2.3 M ERELLER

W2 3 MR 4 PR, Fr 8 7 % 7E SemanticKITTI
J nuScenes Y1 B 73 WA 05 5 o E ik
2DPASS, K F U 8 = 3h & YKk g E Oy ik
MotionSeg3D., LMNet £l MotionSeg3D Hi T B4 %I %t
SARHIE SO T 258, T L AR D7 vk sh 4
YIRS EKS BEAHHE 2DPSS AR BE AR, (B2 0 54)
IR EIE R 22 . IR SCRTHE 7 vk M S W A
BNASYIR ST EIE BEAE AR 4R 38 e . o
S YWARTE SemanticKITTI A1 nuScenes 1Y 43 ) 4 B
I3 K F] 97. 5% F198. 0%, 156 WA SC i $i J5 ¥: e A
HHSY ORI A R I py R e PEmfEms v, a7
PRAIE X 48 BT £ 57 22 PR T 245 3R 1 5 e [ sl
TR S EIRS R . ShASYI RN o EORS 4y
H14 70. 6% F170. 8% BhASPA ) 43 FIJ2& 3D 4335
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g 5 AT 55 40 E) W 4% - 1615 -

155 P i — A, TSl A A R B R R
EPEFABE N, P e sh 5 T i R 4F
PERE , WA SO $1 N 5 A58 1 L o Ak B AR 2% 2 2587
SITAIRETT o BUA ATAT B X T R E B 220k

#1198. 0%, i JT $2 5 3% 73 HIAG BEAF SemanticKITTI Al
nuScenes 5 F i 5 = 1E XA EI A A L, PR TR T
KENT 0. 4% , WA ST 7 6 BA B 45k A
FRIESRICRE

#£3 7£ SemanticKITTI 3&E &£ X1 4 2 IoU i F0 EL 52

ik Modality Free Space /% | Static Object /% | Moving Object /% mloU /% HEFERERTS /ms
Cylinder3D"""! Voxel-based 97.8 95.3 60. 6 84.5 170
PolarNet''®! BEV-based 97.1 95.7 62.3 85.0 62. 43
LMNet"? RV-based 9. 4 95.2 68.4 86.6 14.26
2DPASS' RGB&RV-based 98.0 9.5 61.8 85.4 62.85
4DMOS>! RV-based 97.3 95.7 68.6 87.4 51.23
MotionSeg3D' ! RV-based 97.2 9. 1 69.3 87.8 50.27
Ours RV-based 98.4 97.5 70.6 8.8 46. 34
%4 7EnuScenes IiF &£ 374 £ IoU L FOLL 4%
Tk Modality Free Space /% Static Object /% | Moving Object /% mloU /% HEFEAERS /ms
Cylinder3D"""! Voxel-based 98.0 95.8 60.9 84.9 170
PolarNet''®! BEV-based 97.3 95.9 62.5 85.2 62. 49
LMNet' RV-based 96.7 95.4 68.6 87.0 14.23
2DPASS' RGB&RV-based 98.4 96.9 61.8 85.7 62. 87
4DMOSs'>! RV-based 97.6 95.8 68.9 87.5 51.26
MotionSeg3D' ! RV-based 97.8 9.6 69.7 88.2 50. 24
Ours RV-based 98.8 98.0 70. 8 89.2 46.37

e AN S s . B 5(h) @78 LMNet
V5 3 5 A 0 AT NS T R A Sy T A T I DX, RS OE
FEIE SIS T H IR R SR . I niE 5(c)
i, MotionSeg3D &5 12 Fil \FZE iz s i R f 1445 . anlAl

(b) LMNet-V2

(a) Ground Truth Labels

% 5

2.4 MEETITHE

W 2% iz 47 FE B 4 I 38 52 56 BE E O Intel Xeon
Silver 4210R CPU @ 2. 40 GHz F1 NVIDIA RTX 3090
GPU, 3 FIEK 4 5357 4 07 s 5 JL R e Iy

S(A) 7R , AR SCAR R H B 77 3 BE A Al 5 B i FT0
L R0 s B A S AT s SRS T P
TIEAE BN A RIS N RREC T b 731 P AT B X |
GEEOL /LS EHIEOS /L

(c) Cylinder3D (d) MultiSegNet

AT 0 RIVE RE B RE 1 R

7 SemanticKITTI & nuScenes 4 £ %) F 15 4 B
D o 4 R B T 4 07 vk S AR RS Y D 2 AH
Eb, HEFRAET Fe I A 46 ms o AR SCFTHRAR AL R 28 7 3
ZEiT5F- 5 Nvidia Jetson TX2 #EFRFERT A 35 ms.
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