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Abstract: In recent years, the realm of laser radar target detection has increasingly drawn inspiration from
network designs employed in image target detection. Nevertheless, persistent challenges encompass inefficient
computations impeding real-time applications and suboptimal performance resulting from overly simplistic
network structures. The proposed network embraces a refined design characterized by a single-stage, an-
chor-free methodology. It strategically enhances the voxelization representation of laser point clouds, thereby
bolstering computational efficiency while preserving crucial elevation features. Leveraging the principles of
residual networks, a deeper backbone network structure is crafted to adeptly extract deep features. Additionally,
the incorporation of a feature pyramid enhances the detection capabilities, especially for smaller targets. Across
various object categories, the proposed network demonstrates outstanding performance on the KITTI public
dataset, as reflected in the mAP indicator with 1% to 3% improvement. Runtime assessments on an autono-
mous driving computing platform have a processing speed of 43 ms per frame. validating the network’s ability

to meet real-time requirements.

Wik B 2023-06-16; &1 H#: 2023-12-22. £E&TH: EZK A KB4 (U21A20515, U22B2034, 61972459, 61971418,
62172416, 32271983); Z T2 % JF i A5 (202 1KEOABO7). 5REE3I(1988—), A, T+, FHMF5T 7 10 i EHLGE; SREH(1988—),
B, 4, RIFFE R, iR S0, CCF &5, EEMF i EALEIE 2 | RN, kEFH1989—), B, 1+, FIFEA,
CCF & @A, FEEMFIrm At ENLEDE S . RIS, RYE=1981—), 55, M+, BIPFRGR, B4 %0, CCF A& R, B3
WEVEH, FEHFEIT AT RN . HEYLEIE 2%, SKERMB(1963—), B, M+, #Fsch, 4 FIW, CCF &6, EEMRT
[ RN . L 2%



458 TRV B BT 5 B 2244 537 %

Key words: object detection; light detection and ranging; autonomous driving; one-stage

ot Erik(light detection and ranging, LiDAR)J&
H 328 3 1) AL, XTI 5 Robotaxi/
RoboBus JLT- 2T L&A, X134 T LiDAR
REFRULRE M0 3D (., kXt s ER . 17
N5 H bR Y32 3 2 1 0 e B 4t T 5 AR i

G55 LiDAR H ARkl 215 LR 5l =,
IR RS AT SRR B (HE s s e s
RMELBR T, BRSO, HaimidsrE
MR I3 EI W2 FER — A B 2o 24>, 50
L8 bR bl R R B — R Yy In) B, i AR R
PR ZE, H IO EE T8 2 ) WY s = e H AR 1Y)
T FAE R 5

Bl TR B 2 ] LB AR 2 M 28 10 268, BIFSE N
AIFIRR MR 24 2] BT LiDAR H bR =7,
i > EF S RN ivalllEs 7 NEVEE RS SR ENT T AN
T B ) R B, SR FARRAE 4 T 2% (feat-
ure pyramid networks, FPN)!'i# de AR [a] H A5
95 K ), DA % TG A E 1Y 2R DR I 45 1)1 5
IR . A — 2 TARTR A SR M T IR T 7%
SECRERTN Rl KB AN oIk 6w i s A PN
FEAL AL 1 PR AL A, SRS 7E BEV(bird eye
view, BEV)=s [A] #1725 UG 19 B AR iz 5. B
JE, B EAAAE TR B 2 RE R
2 L N T i B R gy 7 8.
i HLBk = 0] F A BRI 2R M 2%, IR s = B s
AR 1) 3 1 X 465 oK B8 5 70 450 1 5 Ak L 400 4 174 B
FTIEJE.

ASCHE LiDAR  H ARSI Y B B IO HEAL
UACE RN SON N A PN = w. s W]
B A G 3 A 2% A s 2 R A B A
RORTELF, I H (A 07 LR i s,
ZALIFE CPU LS. AL, PointNet! fiT554L
FAR Y JE PR 2 K R TE T Y A 2 Ak BRI U A A A
YR, #E—2, ASGEKI, ¥ LiDAR W38 1
A G i xd T REAR G AR F A B 8 T 3 e 5 br
R IR ARG IS L, AR A2 5 i D AR 20 R
— AT, S EUTC R TR B R 4% ResNet-501",
T 2 AL T TS, AR SR 222 2] i A, 7
A W28 Z5 R o A B e, W AR T TR
DRGSR, PR AR SCZE R I A9 H A i RO A8 fk 3E &
KONRERITN), Frlhd Z2% FPN N A 3
LiDAR HARHEIN. LR EY, 5IAFPNJA, X

TAT NP E 4245 ]ORE B/ F s 0 G 00 20 R i
THEW U, R e~ THEESE KITTI BT
By, R 1 AS SCR 2 AT LU B o Ry AR

1 HxIE

(1) E& HFrKI. RCNN(rich feature convo-
lutional neural network)!"*I @1 1K 5 FH 1 28 ) 2%
N T B A i Se i, SRS, Fast R-CNN
il Faster R-CNNPIXF A ] Xt 473153 305, IFi8
T 5 1 BB ) P 2 P 4 e AR S L IX Bk B 2R, A
THB LML H AR E m sE . i TAE
Wk T RS HARK I TAER K MR % : Focal Loss!™
A F T 3 i 1E R AS O 4 A 9 (), E s s
PN B A B3 4 rig — B B O A T 9 v K
BTt AT A Rl — A B A RBER A Y H AR,
Faster R-CNNUURIUHIHE R T, FPNUONERI AT LLAE
ANE ROBEE PR AE B SR AT AR B R /N B B AR i, A
P EF B8 S EC B AR HE, SCIR[11 T —
SRR, A EAE BT A A AE A T AE B ARk
MR 2S5 AR, Kk, E& B b sg s 5
B BE 0 TR HE A 1 b, TR SOCR NI S e i D
Kigikit.

(2) LiDAR HFr#M. LIDAR &z F i B Arks:
& 3D S, R TR E R R 3D BRL X
TAEBERIEHE T — D EWAHESR, (Hizf7TH
K&, — iRk 1~2 fps(frames per second), HE LA
e B B X R  BK.

VoxelNet!" 15 YOk 5 = e it ik E 4k, 45
3D &G e R 2D (I RHE &, PR R B B
M7k, BARERE FA MO, 25T 4 fps, (HIK
SR L S2PR A S 30 R G R TR, Yan 25227
H1 3D WK BFEE T, B — s 5 S R = Rk
P53 SECOND, #] LIk %] 20 fps, {HH &
AR, AFTFEEGER. A TREIZE6K
47, PointPillar ik 72 T 3D MY ARk, HIELE
BEV LA F ¥ 5 =505 2D WIAE Hr, A5 R A% X
N 3D 75 [l — AR, HETFNEA T EE L
BRI AR, XM & R EUS & SR E B i
K. ARSCHEIRIRR AL, HatB g, AIfE CPU
S E, I BB U AR KRG, fE
AR SRS, KRR &, PR E5 T
g5 A&t



£ ] RET, 25 T HOGH I B AR Y 55 BT HHE L1k 1 2% 459

2 AWML

535 T PG B bR A & R, AT I B B0 B
TCHTHE I 7 SR 2 05 = ARG I . 2 51 5
BR (23109 )3 &, A SCH R FH S B GRS HE 1 7 2,
I BAE ET MRS L)L K% FPN  E kAT Tk,
i E AR T T F ARG I e

ARSCHR Y LiDAR  H BRI N 45 25 F e 1
B, B 4T R: (1) RRFHE GRS, (54 EE
H bR R i 38007 1, K T Y o i
EUG IR R g Z %55, (2) 7 BEV LAE X
FEFML. IR, s 2 E R B A 46 2
FERBEIE R, 76 BEV 238 F A2k H AR 0 R (=
BESHN, XSFHFKAF]. (3) FPN. &% K/
AN — 1 B A RS PG A5 R A A Ak B

J73z W R AE 2T H AR R AT 55 b B A SCEAS
DA H AR R RS BEBCOR (AR 43047 N), Bl FPN
WEAR R LB, (4) KISk, A8 2805 24T 55,
PAS BRI B R 5 T .

2.1 REFFESRG

H T RERS TR R B AR K Y T i, B T
TN ASHLIN 4370 ) A5 e AR B U B R R R
Tk, XFFRBFRAHEG.

(1) RZR4r. % LiDAR J& L — & P
3D AR S: N ST/ L R LIDAR &
I Dx HxW X388, I A3 4 B2 0 1A 2 0 A% R
AN Vg vy xVy , TTEIRR AL Z 5 #2315 )4 B
HJ D' =D/vp, H' =H/vy FIW =W /v, [ 3D &%
fb#23k. % T PointPillar! *Nx 2K A4 T 55 )2 X4 ik
FAbMeE, PTRIANE D = vy 160 T i— 5.

1

(2) REFHEHRIS. 252 —Wi LIDAR fi =z, &
TR 3D Ay, ATLATHR B I is AR R K
k. TS o EPAERMRY R, 3D 2 HH R
A E R A BRI, LR HA 0.5%~
3.0%F A Sl 2 1222,

AV :{pi :[Xivyivzi’ri]T €R4}i=1,2,...,t RN —
MR R R WAE, Hlt 4> LiDAR S48, p
FRHAPE I AN, OF 3D M EFEEAR I ETr.
CA R 2 3 FixX 4D SEnlfE B AR I RHIE

IR TAE:
VoxelNet!' 24 4D HHAF34 2] 7D,
V. =

{f)i = [, Y, 20,5 % =V, Vi =y 24 —vZ]T €R7}i:1,2,~~,t’
o, vy, vy, v, ) SRR TETEIZ PUHS N BT A Y AL AR
P, ARG ZEAL PointNet ) £ BB 2R 01 T

7R3 ) 45 HE

FRAEAS e, VoxelNet!' g L2 21 R R 4t (voxel
feature encoding, VFE)UEA TR FFIEFHIN, £2)Z VFE
H— ez . — ME— 2P —AMB IR
P 258 (rectified linear unit, ReLU)* 4 i

1E VoxelNet ) 7D F54iF i FERH |, PointPillart™)
ok 25 8N BE A SR XY T 1) b A X AR 3R A%
MRS B, OKE 7D RRAERE T 2 9D; ARG IR R
VFE MR A 7R BE AT A

WH, TR AT AL PR A% T B B
P2, MSEBRRCH RT3 i f R R, XA
2B 2 (0 A — R S i — SRR LR A, PRIE
BAMIERZ T 4.

R SCHRE T B R 2 AR R Rk

(1) ZfERIK. @I Mg ERIE A LIDAR
Nz, Bz A EARID: A S R R AR bR
R 1, TS BMERMEIRIC R 0, BFIES—



460 TRV B BT 5 B 2244 537 %

AD'xH'xW' 1Y 3D AEAFE, B HH A S Z20 &
TP 28 MO PR . SRR AR G Ak R B KR
i, EEWLIFE CPU ESE, JOA by F 22 R 4%
L FIHE B0 NVIDIA Orin B GPU (3 DLA)
(R, 5L b, MR ML FHTHE AoCTE AL X
T i 77286 B HURHE 2210 1 = TAR B IR 5 3%,
X PR BB AT A S 3 R G RN K AF

(2) rRFzR. 1z AR RS W
Semb RO RENEL. T ASEHg sk
ISR . A0 . AT NG SEAS [R] 2R ALY B AR i s
REFRR, WL FX #0158 A 5 T e M
25 XA AN 2R R BRE RS, I8/ 1A

AR SCHE X 2 PR R gy =, THR
AL, o R AR A T LD E CPU 15K
M, BFE R, FHHTEAT VoxelNet iy
EAHEREES, BRI AR I PointPillar™)
R A
22 ETFMLEK

X F— AN BB 3 2 38 R 48, LiDAR
AL P &= WG 45 80m, A4
40m(CH T A F AT B); TR TR AT X
PRI b RSB/ B AR, R AR 0 R s R
SFORBER/DN, BB HERE K. R R E
Hvp =10cm, vy =7cemHlvy, =7 cm, IBAEAFE

T 2% B R AIE [ B 23 [B] 43 B R 2338 51 2 4001 200
B, MHPLEE B ARG ) 2 35 7E 512 %512
BRELEE.

SZRT R4 23 (0] 7r B, 18 LiDAR H ARl
b H BB AR B 2 4 24 VoxelNet! 2R
T 3)2 3D % B, SECOND* LR 13 J2 2D H,
PointPillar! L% F 19 |2 2D #: 1, AFDet™ 3% ]
17 )2 2D BH, X5 EUEK AT 5 E s BlE ]
ResNet-50" 38t # ResNet-101 #1246 % K.

BARTCHE BT ResNet-50 X FEAY KM 45,
ARSCLIEESE ResNet AR, 380 BLE & 07 X
HATER ZE 2.

& 2a fi7n i ResNet! i ik sk 22 foc, A<
SCBEA HAEE HI R IR Y ResNet-50 AREERY 45K, 1M
e R OTE AR 2b PR E TR L5
A 3 BB, BB B 2 5T ORFE(ILSR
EHE)RRAR S | 73 PR ARG R 2 5k 22 Hoc
TTHER, BlAE 25 ()43 PR AR, B 203 i 4k
it (W A S5 S5 — 1 B30 2 3 0 Rl R i =
218 URFE.

ResBlock, Conv3, 128
ResBlock, Conv3, 128
ResBlock, Conv3, 128
ResBlock, Conv3, 128
Conv3, 128, /2

ResBlock, Conv3, 64
ResBlock, Conv3, 64
ResBlock, Conv3, 64
ResBlock, Conv3, 64
Conv3, 64, /2

ResBlock, Conv3, 32
ResBlock, Conv3, 32
Conv3, 32, /2

b ACET ML

a. R I
Kl 2 5k22 BOTRIA SO 32T R 26 25

2.3 FPN

FPNUORKS A4 58 1 4% 4 7 85 40 31 17 R AE &
b, A TR — A AT DL AR B2 B A TR 43 SR
FRAEIE, I AR 20 FE R 0 RRAE B 45 B ARG A
VE K /IN AR, A 280 i e A R AR Ak 3
i KA ). FPN 7 G R0 H g B ASCR
JUF bR HERL &

1E BEV £ i) LIDAR H At i, [7]—25 40
1) H AR ROEE AR A AT /N, AR 2B H bR R
ZRER, M-REMIT AR S2IL145.

A7 T ARV 22200 4 4 4 4 AT AN 2
ANFE PR, BL A ARSI —RE Y, XX+
) RN FESZ BRI SEPR [ 30728 38 R g 2 xE LA 2 1
R, AR SCE M 25 2k i B FPNUOL (AR ] 2%
IR B ARAEAS I T R4, R T DA7E &3
PR B RRAE ] ARSI . ZRABISCHR[9], A SCHE
Bl 2 IR EY 8 A% N RERHIIEAE LI 4 £ T oREERY
FRE, FHFAT AR 423X 28/ NRUEE Y H ARG
2.4 Mk

AR SCHE B T A HE 1) O TR BRI Sk, X Ty
AR 2T BB EAE R S B0, 7RI R B
B B 38R R, T 1 R L ROk A
FORE S 1A FERY T RN

W 1R, A SCE T BRI Sk h 2 1] 5] £k
FIPE s s AR TR AR 2 AR BRI RS . H b
3D HERYEIM) . H AR 98 R ROT A E bRt s i &
FE 5 ANHR AT 2 K.

(1) $AE. PAEETRZETSE M e RVHC
FH T R AEFRAEAR 2 BT B9 07 B S B AFAE AR SCRE X
JeRI HbR; Hd, C FR BARERINEE, AT
ARLKERE . INRE . ITAMBR 4, HILE
C=4. WNFZRIE LRI, 0] LR H 5 8 b



5533 RET, 25 T HOGH I B AR Y 55 BT HHE L1k 1 2% 461

BTN C AR

R FCOS™ i ik 33 44 07 [ 1) FLfH,
W T A FLELAE N YRR AR VO TR, Ho A XX
RS X TRIE B (G y), ATRE R H
JITTEJZ B R SR s 33 3] i 4 1A 3% AL RS ) A
(sx,8y), Hh, sFIRT RIS SKEME (s, sy)
e TR AEELEAE T A RO IR, AR
v - {1, if (sx,sy) e Bi§t15 %

Xy, 0, else

Focal Loss!" A& #5 1if- Hl fift e 1 U REA AN ¥ £
L1 P 111 N A = = 2 N O 7 6 S A 1 NG 5
5 A B B B H A A TAE . AR SCfdi ] Focal
Loss >k & T T E 5K ki %k
1

Lheat =T
(1_ Mx,y,c)a Xln(Mx,y,c)a if Mx,y,c =1
) IR B . :
X,y.C (Mx)y’c) xln(l—Mx’y’c), else

AT AFDet™!, AW E a = 2.

(2) M. R MERAE M SRR R
B H A5 e SR E O e RV i B B Y T
D — 75 T80 AT AR KD R A o AR 3R AR ok 1 it Ak R
22, J3—J7 M AT DB [R] o7 %) Fm) 25 2R 5 | S 3
R — A0 B, 7 i 2 A T 25 R 1 1R A T e
. P Smooth L #5156 R AL VBB Sk G i 22 HK
AL SRS EE R K, AR T2 ) i R AR e vk, B
DAA SR B Smooth Ly 45 2% R8O I ' 5 R4 T Ak

z Mx’y’c -Smoothl, (OAX,y —Ox’y)

Loffset = = (1)

Z M X,y,C

X,Y,C

AR A EAEMEE LXK, BT M, =1
) DX 3l A O B e AR, A T S XA &5 3t
ST . (D, O, R M ETR R B H AR
HAC 1 e ) L

(3) 3D RAf. X T REAHI G R, B TTE
HARM K e &, 80T & &, WRA Smooth L
PR BB MR R SF S e RS AT
P 1 A B S5 380 45 A5 2 (R Ry i A KR bR B
SE RS e RVMS LI R 2 pR BUE LA

> M, -SmoothL, (éx,y - sx,y)
L XY,

size — Z M Yy

X,Y,C

() LR TR B 1 302 5
W TR, T BERS LU A B L R
Hbr B &, 524 BEV  EFO &4~ H b5
fschrms g Z e RV [EREHL, B Smooth L
K PR

Z M, y ¢ -Smoothl, (ZAX,y - Zx,y)

X,Y,C

L . =
altitude
E M, y.e

X,Y,C
(5) Wimfa. Ao AR O B R
A, ORI 2 B R A 2% B bR R ok 5 1
Bl 0 B bR k Bl A 0%, Fon Hbrse s
BT A S AE BEV i AR T K- gl i 1
A, SCHR[26-27]0E B, EHZ I 360°1) f 4L
WA 2% AT MultiBin 5% A% BE R TR
AT BE 1R 432, BRI A A 1 1 DX TR) P A T
AR T HaO A7 B ) Al 2 [mT S,
AR SR 2 DR E: y, =
{%}ﬂﬂwf{%%ﬂ,ﬁmﬁ—EM§§g
B FAEAKE, B 4% € R? T Softmax 43
%, U0 e R? T TIAR T IX 1] o0 £ E 7, i £
(A IE 52 AT AR, B R A i) £ 10 2K pR B0 R

Softmax (,&(k),ni(k) ) +

gl—
|
|
N

;
i}

v = (sin(0") =), cos(0") =1,)).
5 2] 3 26 7 SR 0] 5 /Y 0 25 R R, R4
arctan2 pREIR S 46 % £ B
(6) SR REL, BB IR REUE ik

A S5 AU

L=Licat Hofrset Lofiset Hsize Lsize T Aattitude Latitude +Zori Lori -
Ak SR, A 2R E AU R A =10,
=03, Ay =1.5, Ay =10.

v

A

size

3 ZLWRERDH

3.1 HIE&E
H i, KITTI 5098 4E580% FF LiDAR HARE:
e, HALE 7481 WA bR AN 250 s, AR S0k



462

TR P B B 5 KR 2224

%37 %

50 v SR 5 SCHR [23,290 40 [R) 09 A0k, £5iE 43
3 712 MUY ZREEFT 3 769 i (14 56 IF 4.

NTHERAR NI RS, FXF I E R
0,14 T8 B PR B R A TR R R AR T, F A 121 375
W ZREE R 62 319 MR IESE, A& A KA AR
BB F 5 G, RIS HE T SCBR A R R
IR X PR 55 1 [ 525 5
32 LIGEE

(1) IIZRSH0. BRAER I BLEE, S5 b i
AdamW U AL #8108 ] one-cycle e s, IX‘JQ%%)J

G ) RLE N 3% 107, FEWR N 2, SR
0.95~0.85, [ Rk R EH 0.01.

(2) B, 53Ck[13,2312500, 7EUIZRBr
BOW i B T, AR R B AR L S
ARIER: . SRR b, BCE L E bR
by 25, 2 W3 H B A A 2 B A AR B S R A 2
JCE B2 X, IR — S 1 A

BUAS S, S FL R 860 £ B 4045 U [-_ %j WA

Peah, Xt H bR E B A N(0,0.25) #1748 40;
7 FEAR T B T R — i 5 = B T A s R A A

U (—g,g] BB — A E, B A [ 3 1)

A LiDAR HH B M =5 s B g e X3k
ST A TR,

F1 EKITTIHEEE LS MAERN 3 Mo BFRE mAP XTEE

(3) WFE PR, LR A B W R 5
dh, R T R 2 R T B B A R R R, R
BB AR R PR, vp=10cm, vy =7cm
vy =7cm; I HEBEKOEMER, A 40
JE4 84 m, A4 42 m, ST 4m, REME
Iy PEFH N 2400x1200x 40 1R F . Xt T4 A FIHI 46
X, WG4 63 m, 22445 42 m. R B
WS R, AR [R]85 = — AN 2 AFE DI 25
IV PR A e h 4 DU Bl =2 AR &

Xt KITTI BB, B TAF iR, AR

FH 5 FC A 5 3 A TR] A8 A I S BB AN 3 i . X

KITTI #0884 b 094280k, i AJERCh A 00057
704 m, 44 40m, mE N 4m, vp=10cm,
vy =16cm Fl vy, =16 cm, R L5 1Y 70 HE N
416x480x40 14 % .
3.3 FEIME

£ KITTL B4 &, SR S H0RS BE 34
(mean average precision, mAP)fS5 4R, ¥ AR kS
Ol = P REAG I 7 vE AT 20, f0 3% VoxelNet!'?),
SECOND!*?! PointPillar!*'fil AFDet™ )54k, 4%
R 1 PR, ATRAE Y, AR SOy ik 4 T A
e, UERH T O, K 3 R TR SO R I 4
S T AT AL, ,ﬁﬂﬂl’é 3D HEARR/INA L, 2k
B 3D EMCFR M 4, IRIE A IDENRITA, ik
i 3D HER R R 4.

%

ik 74 (EUN [k D
7 5. i PRI XE A7 5 i PRI X A7 5 i PRI X
VoxelNet!'?! 89.35 79.26 77.39 46.13 40.74 38.11 66.70 54.76 50.55
SECOND™ 88.07 79.37 77.95 55.10 46.27 44.76 73.67 56.04 48.78
PointPillar™! 88.35 86.10 79.83 58.66 50.23 47.19 79.14 62.25 56.00
AFDet™ 88.91 84.69 79.83
A3 90.93 87.24 82.14 60.32 52.42 50.26 80.24 63.72 58.37

T MR R,

B3k

ZER AT AL



3 3]

RET, 25 T HOGH I B AR Y 55 BT HHE L1k 1 2% 463

3.4 HRRSIIE

X AN [) o) 4% T T ) 0 4 B 4 1 ik S 56,
R NER 2 FoR. ATLUE 1 (1) 6 180, S
B (< =8 7 1 e o o T o o Rl A =M 1
PointNet!" 465, W HEJE G L) T T 4% H L b
HUR R R TE 3D 2SI U E R, BMMEE N
SR AR AR BT R 4y, MG Bk EL)2E
BUG B A B XA R, dt—2, W (E Rk
B SR A, PR LS B, i —se kg
TR IR, RS R T X A 4 P R3S
R oA B AR U AR B, R SGER e
TR, (2) & 2 5%, 5IA FPN )&, 17
R 6 23 2 RUBE 388 /IN 04 H s B4 G D0 14 i 8
T (3) H 3%, GIARZE R, FEEZE00
2 X 4% 1 A P BB AE A5 28001 R $R T

£2 TARMGRE TEMIRER %

VFE FPN %25 WE F%& 1A PiR%E
PointNet!'*! x X 90.60 87.27 82.03 8430
g} x X 90.69 87.63 84.63 85.48
SRS x X 91.53 87.64 8545 85.75
FLS J x 9206 87.76 87.75 86.90
JL5 J V9254 88.19 89.92  88.46

3.5 EfThYE

A2 AE NVIDIA 2080Ti GPU |- Atk B it
(8] hy 43 ms, 5747 2 Sbr A a0 3 R G s 1T
) e 2R
3.6 ﬁ%ﬁm

ASCHIRZE AL 5 I BRI A RCR iR, {HAE 2D
B RS B P AR AR K 7 43 M R LS 2 1) i R AR AR,
J& SN SR R W] 78 4% Mo R FH A5 2 B 1 ke T
BRIy, DL ] 78 45 2 B = 1Y e B R R 42
THAG I PE RE

4 4 i

AL —FHT LiDAR sz H AR I i 5
WrETCEHEDL AL 4, Xf s IR R AT . £ T M
LRINEEHA FPN (5 | ABREEAT TILALSER, &%
H— A IPEREIL TS . B F- B AL, RESERTIBFT1E
FI 30728 B A i i I 25 454 . 7T R)E 4 KITTI L,
UER T A S 45 REAR B 401 516 A A D00 1 i

2 & ik (References):

[1] Leonard J, How J, Teller S, et al. A perception-driven autono-

[3]

(4]

(3]

(6]

(8]

[9]

[10]

(1]

[12]

[13]

[14]

mous urban vehicle[J]. Journal of Field Robotics, 2008, 25(10):
727-774

Himmelsbach M, Miiller A, Liittel T, et al. LIDAR-based 3D
object perception[C] //Proceedings of Ist International Work-
shop on Cognition for Technical Systems. 2008: Article No.1
Yang B, Luo W J, Urtasun R. PIXOR: real-time 3D object de-
tection from point clouds[C] //Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Los
Alamitos: IEEE Computer Society Press, 2018: 7652-7660

Ku J, Mozifian M, Lee J, et al. Joint 3D proposal generation
and object detection from view aggregation[C] //Proceedings of
the IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS). Los Alamitos: IEEE Computer Society
Press, 2018: 1-8

Chen X Z, Ma H M, Wan J, et al. Multi-view 3D object detec-
tion network for autonomous driving[C] //Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Los Alamitos: IEEE Computer Society Press, 2017: 6526-6534
Qi CR, Liu W, Wu C X, et al. Frustum PointNets for 3D object
detection from RGB-D data[C] //Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Los
Alamitos: IEEE Computer Society Press, 2018: 918-927

Shin K, Kwon Y P, Tomizuka M. RoarNet: a robust 3D object
detection based on RegiOn approximation refinement[C]
/[Proceedings of the IEEE Intelligent Vehicles Symposium
(IV). Los Alamitos: IEEE Computer Society Press, 2019:
2510-2515

Ren S Q, He K M, Girshick R, et al. Faster R-CNN: towards
real-time object detection with region proposal networks[C]
/[Proceedings of the 28th International Conference on Neural
Information Processing Systems. Cambridge: MIT Press, 2015:
91-99

Tian Z, Shen C H, Chen H, et al. FCOS: fully convolutional
one-stage object detection[C] //Proceedings of the IEEE/CVF
International Conference on Computer Vision. Los Alamitos:
IEEE Computer Society Press, 2019: 9626-9635

Lin T'Y, Dollar P, Girshick R, et al. Feature pyramid networks
for object detection[C] //Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Los Alamitos:
IEEE Computer Society Press, 2017: 936-944

Zhang S F, Chi C, Yao Y Q, et al. Bridging the gap between
anchor-based and anchor-free detection via adaptive training
sample selection[C] //Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Los Alami-
tos: IEEE Computer Society Press, 2020: 9756-9765

Zhou Y, Tuzel O. VoxelNet: End-to-end learning for point
cloud based 3D object detection[C] //Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Los Alamitos: IEEE Computer Society Press, 2018: 4490-4499
Lang A H, Vora S, Caesar H, et al. PointPillars: fast encoders
for object detection from point clouds[C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2019:
12689-12697

Charles R Q, Su H, Mo K C, et al. PointNet: deep learning on
point sets for 3D classification and segmentation[C] //Proceed-
ings of the IEEE Conference on Computer Vision and Pattern



464

TR P B B 5 KR 2224

37 %

[15]

[16]

[17]

(18]

[19]

[20]

[22]

[23]

Recognition. Los Alamitos: IEEE Computer Society Press,
2017: 77-85

He K M, Zhang X Y, Ren S Q, et al. Deep residual learning for
image recognition[C] //Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Los Alamitos: IEEE
Computer Society Press, 2016: 770-778

Girshick R, Donahue J, Darrell T, et al. Rich feature hierarchies
for accurate object detection and semantic segmentation[C]
//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Los Alamitos: IEEE Computer Society
Press, 2014: 580-587

Girshick R. Fast R-CNNJ[C] //Proceedings of the IEEE Interna-
tional Conference on Computer Vision. Los Alamitos: IEEE
Computer Society Press, 2015: 1440-1448

Lin T Y, Goyal P, Girshick R, et al. Focal loss for dense object
detection[C] //Proceedings of the IEEE International Confer-
ence on Computer Vision. Los Alamitos: IEEE Computer Soci-
ety Press, 2017: 2999-3007

Duan K W, Bai S, Xie L X, et al. CenterNet: keypoint triplets
for object detection[C] //Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision. Los Alamitos: IEEE
Computer Society Press, 2019: 6568-6577

Engelcke M, Rao D, Wang D Z, et al. Vote3Deep: fast object
detection in 3D point clouds using efficient convolutional neu-
ral networks[C] //Proceedings of the IEEE International Con-
ference on Robotics and Automation (ICRA). Los Alamitos:
IEEE Computer Society Press, 2017: 1355-1361

Li B. 3D fully convolutional network for vehicle detection in
point cloud[C] //Proceedings of the IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS). Los
Alamitos: IEEE Computer Society Press, 2017: 1513-1518

Yan Y, Mao Y X, Li B. SECOND: sparsely embedded convolu-
tional detection[J]. Sensors, 2018, 18(10): Article No.3337

Ge R Z,Ding Z Z, Hu Y H, et al. AFDet: anchor free one stage

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

3D object detection[OL]. [2023-06-16]. https://arxiv.org/abs/
2006.12671

Ioffe S, Szegedy C. Batch normalization: accelerating deep
network training by reducing internal covariate shift[C]
//Proceedings of the 32nd International Conference on Interna-
tional Conference on Machine Learning. PMLR, 2015: 448-456
Nair V, Hinton G E. Rectified linear units improve restricted
boltzmann machines[C] //Proceedings of the 27th International
Conference on International Conference on Machine Learning.
2010: 807-814

Mousavian A, Anguelov D, Flynn J, et al. 3D bounding box es-
timation using deep learning and geometry[C] //Proceedings of
the IEEE Conference on Computer Vision and Pattern Recog-
nition. Los Alamitos: IEEE Computer Society Press, 2017:
5632-5640

Zhou X Y, Wang D Q, Krihenbiihl P. Objects as points[OL].
[2023-06-16]. http://export.arxiv.org/abs/1904.07850

Geiger A, Lenz P, Urtasun R. Are we ready for autonomous
driving? The KITTI vision benchmark suite[C] //Proceedings
of the IEEE Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2012:
3354-3361

Chen X Z, Kundu K, Zhu Y K, et al. 3D object proposals for
accurate object class detection[C] //Proceedings of the 28th In-
ternational Conference on Neural Information Processing Sys-
tems. Cambridge: MIT Press, 2015: 424-432

Loshchilov I, Hutter F. Decoupled weight decay regulariza-
tion[OL]. [2023-06-16]. https://openreview.net/forum?id=Bkg6
RiCqY7

Smith L N, Topin N. Super-convergence: very fast training of
neural networks using large learning rates[C] //Proceedings of
the SPIE 11006, Artificial Intelligence and Machine Learning
for Multi-Domain Operations Applications. Bellingham: Soci-
ety of Photo-Optical Instrumentation Engineers, 2019: 369-386



