EHAEI 2024 4F 4534 5 4510 $1.1091-1097

doi;10.3772/j. issn. 1002-0470. 2024. 10. 008

ETHBUEMNEAETEHEVES T EI KT

R F HO

RO

(AR LA &5

4L 3% 100124)

(kT hAFHESREFRAALETERALEE  4LE 100124)
(E#HEFEERLLELIRE 4 100124)

i E MEARNTHAR, B EREARBEE L HHENB AN EFEY, SHED
BEZHEEREF T AREN—FES, CT U N ERE BEANEELRENEHN
Br, KXY —HETRDE-BOBREMNFAFTEHIASWERET 2 F W%, FEH AR
EAREHRETXRMERBTES PO L EER RAGE LW FMEETE S AN
AT [ B N AR B AL AR AT W o E B AR A K R S AR, AT A R AT
2 R, A XA SemanticKITTI MOS # 4% & ¥ AT 5200 LI 45 R K, A AT 4R

0 20 A5 M 1K R = o B P 2 M H R R iR B
REF3; Rt a5 B

Keutinl WOt E

UTSEAESR O TR K i TN R B R A
SRR 52 JA] R BRSBTS /N AR R Bl HOR
MR FHBLAATTRYG H 8 A6 S rh SO TR IR e A 32
B HLAR N B FERE L TC LTS TR AH 3 H 2
(IR RRIME 5512

HERf PRSI BE 2 A S Be s RS 1 T
YRR H 2L AT S, AR A AT PR 4 TR R, AR
AR SE PR R ARSI h 3l 5 )
PR BUR A TR A 7Es T Tl B A REERf
AV IR Eot 7/l WIS &2 AP R VAN X b /B N
AL S SE AT 55 B BOR AN BEAR,, e 252 5|
H i & sty , 2R AN 24, nil,
WOLTR XS ZSYIIR R =R A s LBl A &
LA T DAY BE

BOLHE IR R = 0 F B2 NET AR5k
TR SR TR Akl R R Y 05
AP A R AT R TR R
PAE T AR S 2, 0] DUA AR B s I RHE,

O  JbatTH A ARBR LS (4212001) BB A |

FMhEAN, RHFH (U)K 2 72.1% .,

(E R T HA TSGR B M LU E R i = T A
SRR BT 285 5w DU U g da) 23 AT 23
BRIEATAR R, e T7 1k o] IR O8N TR (H 2 G 8
EEEZEHSEiP NN UL 1R S i's 2 RS L 2N
=S Y B T, DL R B
BRSO (AR YR 1 e 4 2 = 425 A
A E BB, AT RE S Hh B A DRI 2R L .
SRR BRI O TR B S SR S =
FEIBAR AR T HOCHE KA 0 H, BRI
TR R BN A G AP, A RIRE AT
N GHBRSEZ TS, BN 2 2 SUEE B 5T
B, FIEF] HATSh AN R0 FIR T A 5w 19
23 [a) AN SCAE BAE A A9 Al b3t 7 — Mo i
T IBBEWIR L = RIS HE— L iR m s Y
R D FEIBOR . 25 F T IR AR SCHF 90 R 455 4
T () AR T — T T 25 i 0 45 #40 F4 80O/ 7R 3% 50
BP0 RIS A RS RBGT ToRTRY
bR SRR [R5 | AGHLE VT AL 4R T 2 K

@  H,1999 4EA: A-b A BFFE O ) OB H IR A AR B E-mail ;. 2yx99@ emails. bjut. edu. cn,,

@ EfFE#H ,E-mail; kebinj@ bjut. edu. cn,
(Wki H 191.2024-03-12)

— 1091 —



BRI 2024 4E 10 H 4534 % 45 10

IRHIE S T BE ST, (2) AR SO $2 A I 45 7 Se-
manticKITTI MOS #diiidk b5 A T A L, s 1
HARZRI, 58 If LL (intersection over unin, loU ) ik |
72.1% ,

1 Mx T

L1 HABERRIEXSE

XFF R o E], BT 3SR IR 2T K
TIERGER, FTLAS; O 3 B0 07 20 B T 7 ik Bk
TR 5ETHRE NI,

BT R JT ik AR AL B = R R
B EARYCHE AT BN, i ih 25 2R 2016 4R, Qi 4F
AP T PointNet, PointNet i k52 22 2 B HL
( shared multilayer perceptron, Shared MLP) S H2H &5
PR KARRIE , R AR B R AR AT
SERTEITESS . PointNet Ji k8 o3 B B4 Jy FRAIE 52
BT A3 E] ABXS T i s R iR B AR IBOR A, A ik
BRI, Qi A5 N 4R 24 H PointNet ++ , I Jy 5
R R R AT TR S o3 AT R B, DT A
TR T Ry ERAE BB IBOAS JE 1Y [R]85 o8B 4 1) 43 B
o WRILT S EINE RS E R NG S =
IR AR SR M i AR e s i Hoas
eV IEEE UNIN G

BETARRM I A S = A Uk,
BIANAR R BIAEARSE  SXAE R I ke — e FE I F A
i = B9 T8y Pk AR 45 A4 Ak [a) @, 5] 4n SEG-
Cloud"” [ H,S=R 50 h Z AR RIS | ST FRAE $2
B (HEETIRR M TIE RIVERE S BT A Z 0NV E
A, th TR IR R 0 PR BCE KN, T RE
AR Ry E B S TR 2 S 0L

BT BT B S S R BB R R T
T b, J5 0 A R BEA TR RS I, K =2 R = 53 )
155 %6 46 Sy RUAB 43 I 55, AT 58 W AR = 43 1
2019 4E Milioto 25 A\ 4 T RangeNet ++ B =4
R IR G W f s ST AR B Jo R R ]
HPGE B SRS ] SRR B WOTEM T
TP IT % BEAHXS SIS RCR 5 73 BIRS
1.2 HABEHENESZTE

BOCT IR S EYIE R = 88 THOGTEIBE L

— 1092 —

I3 EN Y SN 3 U AT 55 5 AN K s = o E o 2 F
Pk R RIX A A e s S 56, BHEE HEo#
Tk AL G T B SR S T

TR 2] AL 58 )7 i, Schauer 5 A 42 H
peopleremover, JH 7 A TSR Gt 2 12, AR A
Kb 2 g R HIWT sh A5 R =, 58 Eh A
Zr ] Kim S8 B G o 220 B R R
W B IR L B B TR L, I8 A0 Y o PR AT
FoBR MKE AR, IR FI Sh A R s HRCR . X
[NRYREEEORONEA) S AP R Ei L VRS i IR LS I g
TR DX AR IR A 19 7 € 0L Sh AR X AUL 5 Y
VT, T3 E S B2 R o ARG J7 AR 2 T 5
EAMER I E ISR STT R AFESES N

Bl N T BE RO B AN B & i, TR B2 27 ) 5 1%
CA W T8 A U, [ Rt i ] T OG5
YIRS 43 E], Ruchti F N2 2 H 3 5 pf 48
W28 F 27~ IO B R AL T S S O R M
=R BR, IR # 325 R H Y, Pfreundschuh
SNSRI A A U B S s AR, A A
W& I Eh B R =, Chen AN TR
PSR IL IO TR IR SO B 2% JT QP M 2 1 25
B IOGTR B S 5% 22 U AT O R ik sh &)
A B H, 858 SRR S N P E B AR
R R S5 ZEIE — R D i A 58 BUROL R Ik 5)
SR orE B RFRCR

2 HTHRBAEMNIIS AT H ML

A O TR IR BhAS 5 = 40 5 I 28 2548
E 1 IR, TR A 05 - 2R BE KR 4% 5
et ke 2 RIAR B A 8 G e At 2 A R0 2% | ) 2% 45 4y
YRR L K TR IR R 2 B0 R 3K i s R AR
RS R
2.1 REBEEMK

WOLTE IR o — e =4k 23 Bl g5t e s
PR | B3R LA T b B S EEH AE A = A B ], AR
U HASEE B A = 42 (] A s & TR I HOG
K p(x, y, z) 2= UG AR R TP IS i(u,
v ), ATk G 52 A= 00, =4 0 = IR B R Y e



XTI 45 < T RS 45 4 T THON B 3K B 25 W 1 5 7 1 R 2%

___________________________

oM PR sukn
{H-o B-HEH - 1
B 1
= (1) s,

(u) _ ( %[1 —arctan(y, x)m ' Jw ) (0
v [1 - (arcsin(zr™) +fup)fl}h
HH, f = fon + Siwn» SIRBOCTE B AR ALK
IN, fop 2T fron SPREROC R IRE TR AR LT
FRAE; (u,v) RWEEGH 48455 r = |p | 218
R RIREE ; h 5 w R BRI &5 5%
fE, TSI A G, Al e ER A bR R
FUARIBCR A = HEARARSF(E B . T AR R R B P
B2 B, BT 08 = 4 0 = 4 2 4 V1
PR BE X3 HR A (8 TUART %8 50 , B = 4k 53 HIMT: 55 5%
el — e EUE S5
¥ R L R T

2 maREE

2.2 HREBEERK

R T SN AR o S AR R = A S
B ZE TR EE L, DN 45 6 I 2545 B AT RR IR 7 >
ARSI SCHR [ 14 10975 128 IS HTE £ 5 S8R &
ST 3 B S A et T i s (e R T N N
W () ¥R s H IR ENR R X (2) 24 ik
2B B TR 1] 5 3% 2 TRl — TRV R I 4 A

e
a3
K2d2+bn

BRI

) 4% 51

.
r; |

r, —

d; = (2)

Hob, r 2 YA AR (u,,0,) XIS AREEAE,
SERAR R WU A MR R AR (EL, FRZEIRI AR Y
SERINIEL 3 PR AR AR 2E R 0 B B, g
5 | 0 25 000 2% S 4 b IX 3 B A5 S5 AR S A WA R

Lo

B3 makzE

ZEBRIESMH ETXER
BRSO AR ARG ER S [ 5 B 56
F AR SOPEULS o, B SOCRR R BRHEN
YRR R T SOy AR 55 R B 53R, 2313
BRL 15 JA9RS S, 78 SCAHT A4 IE 4 AR #6325 ol
B X R iy LR SOBEBREAT R, AR IE B R
TEAN KA VAR O 28 S48 B 1 0T, 5 Il o 22 ) 245 A
B X BURRAE, $2 T I 28 8 4 T 55 R
W, ARIEBRIESAUE 4 FiR,
HALESR S A 2403, B A &5t
— 1093 —

2.3



EHAMI 2024 410 H 4534 % 5510 1

X Q 2
A (=)
@ —u
=
) 4.63_.
I O
X e 2]
2
2O

4 BRELER

Input
Output

P 1 x 1 BRZHEA ETM 3,58 x5, ,x,
5w, BRI E SO A Input 8B E)—F
PR S 24 3 x3 BAUZ PR 1 B
ZEET 1 x1 HBUZ S Sigmoid 2, T LA
—~3 x3 %fﬁ” ZHFTRMES I, BN Ar S T R
a2 1 x 1 BRUZIT S BREREARN, H415
B 5k AR IESE AR ] B % Owput.,
2.4 FRTDES-FERDEE MR 451

AR ST S B 05 - 0 e 45 AR R A 1 — 2D AR
FEC, Has kg FIE 1 PR T ALV 4,
H TEgmb BBy ss 1 225 4 )2 4858 i 2 i
X AFIE B AT SRAE I 1 0 e 38 K, AT K
PR THRRIEZE B EATRRAE SR I B 556 5 2 G
ANTEAT T ORAE PR AR, TR B 4 )=
B i o XA TR AT R AR B R Y
I PERGE, SE U o (AR B g A T SR AR S AR
o, TR R R F R R R RIS
SIS BRI I A s 1 b RAE SRR S, PRI 7 S
TR IEAT T SRAFERAE T, £ FH B R 12 13 X0 A vy 23 B
FAFIEE B BT OB TR A % B B 5 F Rk
JE R EEATRE G, B AR5 2L
2.5 HEBEZENIERDSREEEEE

TGt AL i 19 225 25 400 R AT AR 22 MR T I, 53
PR 28 AR AN T R AR LA [ il 3 A i ) o
P, FEULSROR A, N T 5 THM 26 X R AE
I T Y DA BE | AR SCTE Al i i &8 0 U8 017 3 3 7
= S SE (squeeze and excitation ) fHe ') SE 4%
P ah kg 5 fios

SE BEHLAT 75 il 22 19 28 ¢ H 3] i ik & ) 1 3
TE Y LR DN b b 28 O 28 i o5 DG 1 X6 Y Wi 4T
55 A YRR IE | e AR TS SR S = 43

— 1094 —

ReLu

mo

El5 SE f&ikss

BRSO AR YGE 1B )2 (pooling) | 4%
$2)Z (full connection,FC) ReLu JZ . &i#1%)2 Y Sig-
moid JZ , 15 B RN REAF 8 8 AL EAE, 2 S A
AHIRE , 15 3] 28 4o 3 T8 AT IAUS B9 % H R AE
2.6 mAERTS KNN /FAE

FETHESE IR B 3 71, 75 28 1 45 28 A
TYeF M ERGE R SRR TR A S R
B R D, 20T IR R s A e A I 45 TR
—HHRBR , XS B HA G TR R K
A (TE 2T 73 1 56 Jl o JHE Il B 2 = 24 5[] 1
I RE S NG I IR P RO AR ) o A SCfi
FHSCHR[8 ] Hr 42 i i K 3 S4B 5375 (k-nearest neigh-
bor, KNN) 2 J7 ik Rl e R 6 1 I+ e P a5
= Jl AR 28 1 ) B, i 3 45 3 O B gﬂ’]
PGS AR Rl o W AR 2 25 21, Dtk il &
RIS,

3 EXBRAERE N

3.1 HEE5FEMIRE

A AH ] SemanticKITTT MOS % 48 48 #4752
5, SemanticKITTI MOS /& — 4~ 37 7F SemanticKIT-
TV F s 2 Ash S S s SR A rf&?}?ﬁ(
eI R B BUREA T 22 MIOLE
=JEF, Hirf 00 ~07 109 ~10 F513E 19 130 ﬂw‘iﬁﬁ
F Nk, P51 08 4 4 071 Wi F503E, 551 11 ~21
320 351 Wi TR, KITTI-road {9 SemanticK-
ITTI MOS s 4 iy 4h 78, 4k 2245 ic T /¥ 91 30 ~ 41
12 MFI L EEEZMEYIRE =, H)Fs
30 ~34 FIF51 40 32905 Wi H Tk, ¥ 51 35 ~39



XTI 45 < T RS 45 4 T THON B 3K B 25 W 1 5 7 1 R 2%

FFEH) 41 2 889 i F T-531F .
T MR R, A SCfF F ToU HEAT M
ZEReE R, = (3) i,

TP
oV = 75 Fp + FN <)
Hrbr TP (FP 5 FN 5r iR )l = B HPHE R
B E L

3.2 EWIME

AR ICHE Ubuntu 20. 04 385, fff A NVIDIA
RTX 3090 GPU 5 Pytorch #E5 AT 5256 | A SCH% IR
SCHR[14 ] 7 ik BEATBEBIN 25, i B iR 2 > R o
0.01, ik 28 s 20.9, AL H =l RECKE N
0.000 1, YIRS 150 42,
3.3 HEXEW

SR AR ST B BB A G RIOR AR S0 4303
TEG AR 22 R B ]y 1 A8 (B BL R, il Se-
manticKITTI MOS £45 8835475256, 43 0 B 75 125
YLk 150 48, W FE SE4E (791 08) L atEAT, 45
mFE1 52 iR,

FR1 WANEREZEBEHEN1 HER
Tk ToU/ %
LMNet 60.5
Our-a 61.8
Our-b 62.8
Our 63.7
F2 WANERZEEHENSHER
Tk 1oU/%
LMNet 63.5
Our-a 65.1
Our-b 66.5
Our 67.7

Forfr, Our-a 78 SCAHE A A IE 45 BRCE 19 19 2%
Our-b S AR SCAEFH 8 38 T 5 7 2t B R 4, Our 2 [F]
AP RS T A BRUORIE 3 T AL R % ey b
Fnl UL TR 22 R AR 1 TSR K 4 7o
JrEZ5R 150 %, Our-a  Our-b , Our J7 i AHXT T LM-
Net ( LiDAR-based multi-class abject detection net-

work) M BIEETH T 1.3% 2.3% 53.2% , 1E5k%R
B A KRN 8 MG O, [ AR 4 Fh oy i I 25
150 %8, Our-a Our-b  Our J7 &M% T LMNet' "' 435
BFT1.6% 3.0% 5 4.2% , UL, AR SCHEH Bk
TEA [ iy A B 55 0 T X R R () 2 5] g Ty ¥ 4R
Tt

T SemanticKITTI MOS i 4 | sh 8 5 =
b5 /0 , KITTI-road 6 B — 2640 5 S 5 05 B 2 1
JF 50N B B2 AT T8, A SCIR] IR I 45 7 KIT-
Tl-road #hFEELHE AR I (0 1 RE R B, 76 4 A 5% 22 K14
Bt 8 W IH B0 #EAT SL 50, SE R TR S k2 (7))
08 J¥51 35 ~39 ¥4Il 41) AL RNk 3 Fion

xR3 HEHEBIBERER
Tk 10U/ %
LMNet (%54 KITTI-road) 77.0
Our( 454 KITTI-road) 86.1

2% 3 A, AR SCHE A O T A 45 A b K
S}, M LMNet S0 FIRESR T,
3.4 HEMEE=SEIEREST L

W AR SCH A KR 22 B Ol 8 S IR AR R (1 I X
(JFF) 11 ~21) #HEWr 25 5 4% 2 SemanticKITTI MOS
BAREITAL IS5 25 , 13 B sh 8 8 250 ToU, JRH 45
RS OAH TR T, X g RN 4,

®4 SEIMEREXSLEER

Jrik 10U/ %

Flownet3d 28.7
SqSequence 43.2
SalsaNext 46.6

KPConv 60.9

LMNet 57.7

Our 62.0

LMNet (%54 KITTI-road) 63.7
Our( %54 KITTI-road) 72.1

Flownet3d'"®'  SqSequence'"’ | SalsaNext > 7 I
EMREN KB40 E] ToU 43518 28. 7% (43.2% .
46.6% , KPConv'*' 1353 60.9% ,{H KPConv fi JH

— 1095 —



EHAREIR 2024 4E 10 A 4534 % 45 10 W

BT RO 2 TR R HEBR I (] ok 2 52
B R . 2546 5% 22 B A B LMNet H ToU 1] 15 %]
57.7% , A SCHE HY TR REZE A 5% 22 K iy A0 D7 32 7]
iKF162.0% , 3N = o FIERE SO0 T Bk M 2%,
TE( AN FEBRAE KITT -road J& , LMNet i3 63.7% ,
ASCHE P ToU S5eim W15 72. 1% , 43 HIH B A
fE,

3.5 SDEMRSHERTREIXTEE

i FH A% 22 [ i A F LMNet 58 SCHE H 7 2535
BT BEAEPERE , Ko FIRCR N 6 (a) =¥ 6 (c) T
RGN R A E A A SCHR U7 (Our) 43 1I50CR
5 LMNet #1308 . B 6 o] WL, A SC i i 7 vk
5 LMNet $0] TR Z 5015 00T BS54 3 FIROR
B X5 T B (]R3, AR /N B AT N B B 2 AR

() 2 EAH

(b) Our 73 E% F

(c) LMNet 4 #3555

Eo6 EIBRERXLL

0 AR SCHRE 0 O T A T S A A A I RCR LT
LMNet,,

[ SC 4 F] NVIDIA RTX 3090 GPU 3174
W eI, S U 25 SR AR 5 B

x5 HEEBEXTILER

Jrik HEWTIT R /ms S8/ x 10°
LMNet 13.88 6.71
Our 14.67 6.72

i 26 o B4 T 40, LMNet P 2 #fi b7 15F 18] oy
13.88 ms, 40N 6. 71 x 10°, A SCHR M (9 7 5
BIHEWTET ] R 14. 67 ms, S8 7 6.72 x 10°, PIFf
T3 T ARV BSF (] 227 AT 85 A2 /N T30 T S BT (1] ) B
MU2RME. AMER AR SCHR Y 1 5 W AE S 80 5
W ) R A A A T, U S 1 sh S 1 A
T EIRCR

4 H w

ARTCHR T — Tl TR L TR B 1 1) 20 ) 0 i
Ma L HROETHR K sh B IR S = RIS 78 BT
SCREH S fif it i e BONS W 28 R AT 1 kit 8 Rl 5
PO B, A KNN S35 X i = BT 5 b3, 3 it
Xof FESERG IR, A S 41 HY A A 28 19 4 A AR LU A
— 1096 —

ki B S B AR R T, A AR T
THOCHBSEYR N Z 0 LS IR HATJ7
IEAGE L HOC TR K 8 = B AT A B )5 2k R 4k
Leah B GR35 R L B sl S PR 5 = Bk
e

&% ik

[ 1] XUBR¥T  fR0ehE, 4, 4%, WOLE A SLAM F ik 48k
(I HHAHL TR S BT, 2024,60(1) :1-14.

[ 2] VPR, IEMeise 2R RLAL A T ) AR B I R kG
ZURRE A E LR [T]. SMUE AL 5 I, 2023, 10
(3):1-20.

[ 3] EMSR, dAss, mhl, %, HOLH B SRS bR E
TR GRS T]. 5N 5306 TR ,2023,52(8) < 119-
132.

[ 4] BH&. 4R aif X GER )], KILfE R
5,2022,35(10) ;49-51.

[ 5] QI C, SUH, KAICHUN M, et al. PointNet; deep learn-
ing on point sets for 3D classification and segmentation
[C] // 2017 TIEEE Conference on Computer Vision and
Pattern Recognition. Honolulu, USAIEEE, 2017,77-85.

[ 6] QIC, YIL, SUH, et al. PointNet + + : deep hierarchi-
cal feature learning on point sets in a metric space[ C] //
Advances in Neural Information Processing Systems. Long
Beach, USA;MIT Press, 2017:5099-5108.

[ 7] TCHAPMI L, CHOY C, ARMENI I, et al. SEGCloud;
semantic segmentation of 3D point clouds| C ] //2017 In-
ternational Conference on 3D Vision. Qingdao, China.
IEEE, 2017 :537-547.

[ 8] MILIOTO A, VIZZO 1, BEHLEY J, et al. RangeNet +



XTI 45 < T RS 45 4 T THON B 3K B 25 W 1 5 7 1 R 2%

+ ; fast and accurate LiDAR semantic segmentation [ C ] mation Letters, 2021, 6(4) : 6529-6536.

//2019 IEEE/RSJ International Conference on Intelligent [15] ZHAO H, KONG X, HE J, et al. Efficient image super-
Robots and Systems. Macao, China:lEEE, 2019.4213- resolution using pixel attention[ C ] //2020 European Con-
4220. ference on Computer Vision. Glasgow, UK. Springer,

[ 9] SCHAUER J, Nii CHTER A. The peopleremover re- 2020:56-72.
moving moving objects from 3D point cloud data by traver- [16] HUJ, SHEN L, ALBANIE S, et al. Squeeze-and-excita-
sing a voxel occupancy grid[ J]. IEEE Robotics and Au- tion networks[ J]. IEEE Transactions on Pattern Analysis
tomation Letters, 2018, 3(3) . 1679-1686. and Machine Intelligence, 2020, 42(8) :2011-2023.

[10] KIM G, KIM A. Remove, then revert; static point cloud [17] BEHLEY J, GARBADE M, MILIOTO A, et al. Se-
map construction using multiresolution range images[ C ] manticKITTI: a dataset for semantic scene understanding
//2020 TIEEE/RSJ International Conference on Intelligent of LiDAR sequen(:es[ C] //2019 TEEE/CVF International
Robots and Systems. Las Vegas, USA:. IEEE, 2020. Conference on Computer Vision. Seoul, Korea: IEEE,
10758-10765. 2019:9296-9306.

[11] LIM H, HWANG S, MYUNG H. ERASOR: egocentric [18] LIU X, QI C, GUIBAS L. FlowNet3D:; learning scene
ratio of pseudo occupancy-based dynamic object removal flow in 3D point clouds[ C] /2019 TEEE/CVF Confer-
for static 3D point cloud map building[ J]. IEEE Robot- ence on Computer Vision and Pattern Recognition. Los
ics and Automation Letters, 2021,6(2) ;2272-2279. Angeles, USA:IEEE, 2019.529-537.

[12] RUCHTI P, BURGARD W. Mapping with dynamic-ob- [19] SHI H, LIN G, WANG H, et al. SpSequenceNet; se-
ject probabilities calculated from single 3D range scans mantic segmentation network on 4D point clouds[ C] //
[C] // 2018 TEEE International Conference on Robotics 2020 IEEE/CVF Conference on Computer Vision and Pat-
and Automation. Brisbane, Australia;IEEE, 2018 .6331- tern Recognition. Seattle, USA:IEEE, 2020 .4573-4582.
6336. [20] CORTINHAL T, TZELEPIS G, AKSOY E. SalsaNext;

[13] PFREUNDSCHUH P, HENDRIKX H, REIJGWART V, fast, uncertainty-aware semantic segmentation of LiDAR
et al. Dynamic object aware LIDAR SLAM based on auto- point clouds for autonomous driving [ C] // International
matic generation of training data[ C] /2021 IEEE Inter- Symposium on Visual Computing. San Diego, USA:
national Conference on Robotics and Automation. Xi’ an, Springer, 2020:207-222.

China: 1EEE, 2021.11641-11647. [21] THOMAS H, QI C, DESCHAUD J, et al. KPConv: flex-

[14] CHEN X, LI S, MERSCH B, et al. Moving object seg- ible and deformable convolution for point clouds[ C] //
mentation in 3D LiDAR data: a learning-based approach 2019 IEEE/CVF International Conference on Computer
exploiting sequential data[ J]. TEEE Robotics and Auto- Vision. Seoul, Korea:IEEE, 2019.6410-6419.

Dynamic object point cloud segmentation network for LiDAR
based on encoder-decoder structure

ZHAO Yuxuan, JIA Kebing, LI Zhijian
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124 )
(Beijing Key Laboratory of Computational Intelligence and Intelligent System, Beijing 100124 )
( Beijing Laboratory of Advanced Information Networks, Beijing 100124 )
Abstract

With the continuous development of science and technology, automatic driving technology has increasingly en-
tered people’s lives. Dynamic object point cloud segmentation is one of the key tasks, which can provide pre-help
for map construction, path planning and other tasks. In this paper, a LIDAR dynamic object point cloud segmenta-
tion network based on encoder-decoder structure is proposed, which uses self-correcting convolution to replace com-
mon convolution in context feature extraction module to improve the feature learning ability of neural network. The
channel attention mechanism is added in the decoding stage of the network to improve the learning degree of the net-
work ’ s attention to important feature channels, so as to achieve better segmentation effect. In this paper, experiments
are carried out on the SemanticKITTI MOS dataset, and the experimental results show that the proposed dynamic ob-
ject point cloud segmentation network achieves better performance than the original method, with an intersection over
union (IoU) of 72.1%.

Key words: LiDAR,deep learning, point cloud segmentation ,autonomous driving
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