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Abstract: In order to solve the problems of fixed receptive field and single feature scale in the single-stage
voxel-based 3D object detectors, which cause insufficient learning of point clouds features and bottleneck in
detection performance, a voxel-based single-stage 3D object detection model is proposed which can be
trained end-to-end. First, the multi-scale sparse spatial feature aggregation module is used to aggregate the
features of point clouds at different sparse spatial scales, so that the features can fully preserve the spatial
information of point clouds. Then, the detector performs hierarchical learning of features through multi-scale
receptive fields by feature hierarchical excitation module, which can strengthen the representation of the
features, and reduce the influence of noise information to make the detector more robust. Finally, the fea-
tures are fed into the detection head for classification and regression of candidate boxes. Extensive experi-
ments on the public autonomous driving dataset KITTI compared with other mainstream single-stage 3D
object detectors, including 3 categories of 9 difficulty levels, demonstrate that, the average accuracy of the
proposed model is significantly improved in 5 levels, especially for objects with sparse point clouds. The

experimental results show that the proposed model can fully extract the spatial information and effectively
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learn the multi-scale features of the point clouds.

Key words: 3D object detection; light detection and ranging point clouds; multi-scale feature aggregation; hier-

archical excitation
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3.2.1  BHHERST

ASCEF RS AT AR EAT S 3 PR B T4
— g, Hp, RERNENRSTHTE x, y, z 77 W53 5
WEN 390m, 1.60m, 1.56m; T AN 0.80 m,
0.60m, 1.73 m; HAT%4HK 1.76 m, 0.60 m, 1.73 m.
X FVRAEZON M IE R A K] 43, Gn SRS oy 351 0
(R4 5 B 1] (9 ToU>0.60, MR 43 M IE KE
A ToU<0.45 W53 A A, ToU 7E 0.45~0.60
T B 2 4% B 3. X TAT AR AT 2, iR
JIT B A BRI AY ToU>0.50, MBI 43 A1k
FEARS; ToU<0.35 Mg 53 R FEAS; ToU 24 0.35~0.50
(TR HE 23 0 2 5
322 {KFfk

J T BAERESE, S BTE x, y, z 7 R EUE G
43 314[0.0,70.4], [-40.0,40.0 1 F1[-3.0,1.0]; #
B EIR R B R SH43 50 0.05 m, 0.05 m £ 0.10 m,
TR ZHBOR M9 1408, 1600 F1 40, #5544
RN AR 54
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(1) IR B AR, B s i B S {E AR
R —A b, FEI R fE b, BEPL 78
R FLIE A BNY TS =, T Bk s
1) B AR B, BRSSPk, 7E I A &
S B HE AT B A AR, R B S A R A i
TR

() & JR B M4E . X = A B A
[0.95,1.05] 35 i 1A 47 Bifi L A% A9 4 e, O 7

Hﬂ S 4 0 B JE 6 T

(3) FLEERE FLR AL . X i A7 B S HE AL
SEHE PN 8 A R AT BB v B 2 A 1 Bl AL 24 A R

@[—gﬂ SGRPSEFTRENL R ERE , LLBEILR

[ NS) ) EL S AL AN ).
(4) WEE. Ko =i x ot AT BELEI .



= TR P B B 5 KR 2224

%36 &

3.2.4  FRAFFREUM 45
FRAE $2 B 45 €045 MSS-FA F1 FHE 3% 2 4>
Bk

MSS-FA #5efili Fl 3D #5 b 45 FOk i ik 5 flia
BB MG EE SRR REREE, RF a5k
656x1600x1 408, 672x800x704, 704x400%x352,
320x200%x176 1 256x200x176. 43HI%} 5 4~ h[a]J2
FEOEHEA T30 B AR S T RAE, 1533 5 A8 RHIE R
W, RSF2R514 256%200%176, 256x200%176, 128
200x176, 128x200x176 Fl1 128x200x176. H¢ L ik
5 MRHEHREPHEE 135 896%200x176 HIFFFEHL
P, dR e T R T i AR e, R BIRST R 256
200176 FRHRE.

FHE feiff— 20 23 [ AR S T iR k. #5456
BURERSEART 8 3 ANiE, SRR 2508
3x3, 5x5 F 7x7, WASEEARLY 5 ZEBE. N
PRUERRAE R SE AR, 3x3 3l 18 1 38 U2 B8 R AE
RUEFE TR R 1, BRUEKN 1; 5x5 M E )=
VOEFHERIEFTE T N 2, BREK N 1; 7x7 @i
G RZBOE FHE RIS R 3, BRLKR L.
3 ANl A P RIE SR B RS 256%200%176,
¥ 3 AEERES T PHE, BRI 768%200%

176 (FRRAE B, SR Jo % L E A7 3 38 AR 4, B
512x200x176, f Ji ¥ Hi ki A BIAG I Sk 34647 5 A 1)
Ay e,
3.2.5  ZALS R R

'@ RIVEE i R D s s i NI A K 1 8 N
Mk, 3 Pt A 4350 R 1.0, 2.0 1 0.2.
3.2.6 YNk E

AT HERL LS Adam_onecycle fLfb #8177
Y2k, LRI R BEE N 0.01, HEKK/NBEE N 4,
YRR B & R 80, BRI 928 PMHILIK. 2%
2] R U ZRy B S Immi e A, A BITESS 35 K
YRGS 45 Wl ZRAF =200 10 % .
33 LWHERSHH
3.3.1 VMR MES SCER IR

e 2 iR N AR SCRARLS YT R 3D HFRKLI
BERUAE KITTI A6 45 EXHVR 4 . A7 AR A AT 44800
HIHERG R AT b, BRI B 3 FhoEREGON):
B PRI R ME. SE KITTI FRuER PR R, 5
¥ ToU BIEFE MR (mean average precision,
mAP) 15 7 A3 o AR — B, BRI
) ToU B{E I E M 0.7, 17 AFTEATZZ511) ToU [
HIEE R 0.5, mAP i 58 40 >4 B BT

Fz2 KITTI HiEE L 11 #HEET 3 XEFRMENNERE

%

TR Ay K TN HAT %
B3l (52 A A7 5 Gk PRI M iy . hég PRI M ] 5 Sk Z3hii
F-PointNet™  82.19 69.79 60.59 5053  42.15 38.08 72.27 56.12 49.01
RGB+LiDAR  AVOD-FPN'""  83.07 71.76 6573 5046 4227 39.04 63.76 50.55 44.93
— F-ConvNet?”  87.36 76.39 66.69  52.16  43.38 38.80 81.98 65.07 56.54
Part-A2!%) 87.81 78.49 7351  53.10  43.35 40.06 79.17 63.52 56.93
LiDAR PointRCNNI®  86.96 75.64 7070  47.98  39.37 36.01 74.96 58.82 52.53
STD/ 87.95 79.71 75.09 5329 4247 38.35 78.69 61.59 55.30
SECOND!"! 83.13 73.66 6620  51.07  42.56 37.29 70.51 53.85 46.90
PointPillars!"?  82.58 74.31 68.99 5145  41.92 38.89 77.10 58.65 51.92
BB LiDAR TANet™! 84.39 75.94 68.82 5372 44.34 40.49 75.70 59.44 52.53
3DSSD! 88.36 79.57 7455 5464 4427 40.23 82.48 64.10 56.90
AL 88.17 77.91 76.67 5327 4898 4579 76.02 65.77 60.68

V. IR 7% 214 4% 50 05 e R i
332 45
322 4 B BRI B 1 432, 812 T AN W]
FERVRG IR, A5 A SO AL () S IR 25 2. AR SCAR
AR A A — R 3 AT U2k, R X
ZOM AT ST S, AR SCRIRL Ry By B A, [
LG SR L 5 At B B AR RS A I PR B 0T L
FH, 7R OB A [R) 2 ) B B RS A v M BB 4R T

B S, TGS T DR XX 2 s 194 A 00 9 Afy = )
PUFHAWRERL. BEXTRIE . A EERMINXE 3 A

MERE GO B VR A B bR, A SORE AR A 0 o 1 252 53 )
KF) 88.17%, 77.91%F1 76.67%; #E47 NIEH]H,
A3k E) 53.27%, 48.98%F1 45.79%; 1E A 1742
W, S BAE] 76.02%, 65.77%F1 60.68%. JiH:
TE FRUXE G R ARG I v, A SCRSE 7R AR X = 3 BBy
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FERA L. AR T 240 ik 3D His

RrEE R AL KITTL BRE X s . T AMALT
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< | 6192 :
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871 Sl1 5067 507 4791 e
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e
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XS TRY f Rr  RR AT T AR A B, AniEl 8
N RE AT N AT A3 B a0, | RN BE
HE, 216 R BSHE. MR8 T AL g Rl LIE H,
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I & IR R AR R 4. LA 8a M, Z=fl
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AU LAARAS L 08 22 10 {5 B AEA TAG N
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Ry 3k — 2 B0 UE AR SO Y ) SEBRAG T RCOR, 5
22 WL PR Be A SECOND!' A PointPillars!'7E
W] —37 5t P AT T AE XS e, S5 3AnE 9 froR,
W, LLERE N ELCHE, SREHEN TIIAE. W LLE
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PR [ R 3 0 T A RN R A, T X R AR T 31
b B AT T 8 Y5 4. SECOND! s A5 8 450 1)
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7 3 P 8 AR B A A — AL, S BOR RL
TR BT AT 1  DRAG R H A 2 ).
34 HEMSLIG

Ryt — 2 B AR SCHR S ) MSS-FA Fl FHE &



TR P B B 5 KR 2224

c. %3

b. SECOND!!!

Kl 8 B KITTI $dfi S b A i 45 2R 4 nT 9 Ak

c. PointPillars!*

K9 3 RS RGN R X b




5 3]

Eok, A FET R M S [AVRHAE 35 U 89 S BE 3D AR AR I A 731

Bt B, % MSS-FA Fll FHE e 3547 1 il 52 56
ffi Fi SECOND! LAY ff A JL 2k, 4 45 B He 433 fin
A SECONDMLH et 56 4F Air $2 H A 4555 (i 52 P
R, SER N 3 pror. nT LI i, MSS-FA il FHE
PR o AT 1 R T 48 S A Ak Y. 76 SECOND!M!Y
BRI MSS-FA B, FEVRERGIR H .
SRR HMEREAS (RGN rp, ERA R B THZ 4.46
ANE AP 3.26 N E A 8.73 AN E A AN FEAT A
R rh, a7 B AR R IN ER R AR ZY 1.20 A
S, F SRR X AR ARG I VR A R A B AR T 111
AT R 3.20 AN E SR TE A T AR B AR
PRIMEREAS BRI rpr, WERR SR AT AR T2 8.13 A~ H
SR 1159 ANE S 14.64 DHE ST TE
SECOND!'"i#I i A FHE 35, 7EIK 425
fRTBAL | o S R AR A A A v, o 0 Sl B T
25 4.96 ST A3 EH ST S 10.24 N HE S

FEAT ARG I v, 7 B A A 000 v R IR 24 0.46
AN G A, A TR A ARG 000 o 5 2R 4 S 4 T
298 AN E DA 20 A E 5 A TR
Hh A5 R RT R R A B A I, o A R A Sl R T2
10.35 AN EH 430 1257 AN E A A 1511 AN EH 43
S0 2, B A FHE Bt 417428 504
MIPERESR T %2, ifn I MSS-FA #ibu 5, %t H AT
S RGBT R R, (R T NS M fig
REHETE. IR FRE T AR AT AR
SEARTR], — e R 31 25 i £ FH A ] ) B 5000
FINE 3 PRGN T AR, AR SO A 48— 1)
SN Gk, DGR B RERE A E e . Mg
] H1, MSS-FA Fl FHE 30t R H Aras 4 GE Y
PETHEA RN, B MSS-FA F1 FHE KXy A 3
SECOND!" R, 3 /N2 J1I A ) ¥ B A4 (4 KG: T 4
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- RE TUN HAT%

b A7 EA A PRI X fij R A P X 7 B hag PRI X
SECOND!"! 83.13 73.66 66.20 51.07 42.56 37.29 70.51 53.85 46.90
+ MSS-FA 87.59 76.92 74.93 49.87 43.67 40.49 78.64 65.44 61.53
+ FHE 88.09 77.97 76.44 50.61 45.34 41.50 80.86 66.42 62.01
+MSS-FA + FHE 88.17 77.91 76.67 53.27 48.98 45.79 76.02 65.77 60.68
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