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Research on improving vehicle target detection algorithm
based on lidar point cloud
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Abstract: This paper presents a target detection algorithm based on PointRCNN., This method is aimed at vehicle
targets. Aiming at the problem that the original PointRCNN is poor in vehicle detection at a distance, the method is
optimized and the average accuracy of target detection is improved. In the first stage, the lidar point cloud is processed
by pseudo-image structure and dimensionality reduction to 2D, and then processed by Point-Focus structure and
restored to 3D point cloud. Then it will be sent into the backbone of PointNet+ -+ [or [eature extraction, classilication
and regression. In the second stage, 3D frame is optimized and selected, and Point-CSPNet structure is introduced to
further improve network learning ability and robustness. In this paper, the Focus and CSPNet structures of YOLO
series algorithms are used for reference. The effective information in the original point cloud is fully extracted and the
feature, gradient changes in the network operation are effectively integrated to improve the detection accuracy of the
network. The average accuracy of the improved algorithm is improved [rom 81. 10% to 81. 74 % in 3D scenes of KITTI
dataset; and it is improved from 86.87% to 88.20% in BEV scenes of KITTI dataset, and the detection effect of
vehicle targets in the far distance of visual effect has also been optimized to a certain extent, which has certain positive
significance for further optimization and improvement of unmanned driving technology.
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i T PointRCNN 7£ KITTI $i#54 F b &M, B
RE AN S SR AT A B R R T
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1.1 PointRCNN

PointRCNN J2%5 1 4~ B 8 X4 JR 3G A = #FE 47 AL 3 1Y 75
B 2 BARK I 395 IR A Python 5 5 45 & Pytorch
HEZR 7t 47 52 8L, PointRCNN f %3t B & % 7 — 4%
RCNN(Region-CNN) [ %%, LA 1R f RCNN #5s, HAF
RCNN ) EE 58 5 A K R R IR 25
PIF B 3 A K H -, b — B R B =S4
B AR AR KA AR 3 T s B ARSI AR

PointRCNN (5 1 [y B 02 M a3 35 4> F1 8 1E 15 5
HI A I B A5 AT 10003 B 1 DA el 2 A 0 RE 48 R
Bl s 568 2 [ B 0) J2 R A IF W4k (canonical coordinate) F14E
e K AB 1 %] (non-maximum suppression, NMS) Z£ 5 lj Hz
ik ik #HAT SDREHR B, X — B B, B
PointRCNN 4% i T —Ff 3 F IX 8] bin [y 3D HE ff i J5
BLOAEMME A T 3SDES R, A 1 /s ¥ PointRCNN
B B89 W) 4% &5 4

B 1 PointRCNN % 5 R 4 45 1)
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Focus 5 CSPNet £5#) T 8 i Fl T — 4 F 5 AR I 451 355,
1 YOLO Skt | Focus 540 T b A s F 3= T M
gz AT XA B RS AT A B AR, & 0d KRR B
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T TR A 351 Bl AT L4 o 3 10 43 ) 4 1 2 1)
P RAIFERE 4 45, TERIEAR YOLO Bk, —ik 640X
640X 3 By E1Z 4 A Focus 4545 )5 . 458 W il 320X 320 X
12 WRRAE ] 30— REAE ] 75 220 B BB VETS 21 320X 320X
32 HIFRIEA .,
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BEiE » O B R b B » Point-Focus ¥ PointNet++
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FHER &
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A A YOLO Bk Focus 4548 & . 0 1 M 12
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MR RMSHEE LG ELER L 4 4. HEEHTT
REERTEA 5 B E R, XL JE Focus 45 4B T R AR Y
Rz,
Point-Focus £ AT -
¥ 1. Point-Focus
Result; D, :

the point cloud data that across the Point-
Focus structure

Initialization .

P input raw point cloud data

N ., : the number of iteration

P, : meshed point cloud from BEV perspective

Main Loop:
ori=1: N, do

1

2

3

4

5 P, the result after splicing focus structure
6

7

8 model = PointFocus(P)

9

fork=1: | P | do
10 P,<grid(P);
11 L =FocusConv<P,,
12 P ,<—concar(L);
13 restore<—P ,, //restore P, to three dimensional
14 return P, to point cloud;
15 end
16 end

2.3 Point-CSPNet Z5#

A SCE KR W R Point-CSPNet 7E s = H A5 ki Il /h
PEATRE G . HAROR RN I — 215 50 R AE 43
oy, o — 0 HER A Z 2 EA I (mudlayer
perception, MLP) 1585 128 4§ B &R FFAE . S5 — F 47 A
ACER ., B 5 EPM X PR AT AR PR LUF A A T — 2
¥, BVt — 2 55— B Be T PointNet+ + i t 4584 J5 19 ¢
{E Cbatchsize s n, 128) F 4T B &, 18 B ¥ 1F Cbatchsize s n,
256), £} CNN %% ,CSPNet 45 ¥ 0] LA R 4% 5% CNN
W 2% (1 2% > B 7 » LRI B BB 08 76 — B 12 B 1 32 W0 4% 1
W, WK 5 R, Point-CSPNet By £ 8 )y ik 2% £ —)2
Do 4% 19 T A M L AR A R IR AR N R — E A
A5 S A 5 (6] I 0 4% B A5 D AT 45 6 L R SRR AE R0
T B AR TS A K 22 ST RE D .

& 5 Point-CSPNet 454



IFHRAR F ATHEATRAEZHEBAKLMN T EZXRENR %1
int-CSPNet fyfE AL 40 F - 1
Point-CSPNet {40340 F = T D@ (prob. label ) +
Bk 2 Point-CSPNet m || i
Result: f: the output features after Point-CSPNet T| 1 ” 2 (G 459
1 Initialization. Moo L iem,, 3

2 f.: the output features after canonical
3 kys ky: the input characteristics are divided into
two parts

4 Main Loop:

5 fori=1: N,, do

6 model = PointCSPNet(f,)
7 for £ in f, do

8 ki ky,<divide(fuv);

9 k,;<MLP (ki k)

10 f<—concat (k2,k3);
11 return f;

12 end

13 end
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~
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Ho, pos BB A A N, S0 5 BB bin®
5 bin RSB FNAE , res? & bin' 578 5 H
HEGRIZ2AT, bin'” Al res B FAR . T, 58 SUBAY K
By T PR LUIRK , u B M 2,0 A v HEBH
yohvw,l A
M FEATE RCNN BB A9 37 2 B %%

(i) 8t
Obin — Z 50[-1.\(/7,"/7; )
uE (zr2,8)

!}féj = 2 Wrzg(bnbfr)

Hodr, 6, B BEFRWIIAE A, m & B ARPI IR 5% EHE Y

B s om . WS FRAZRE 3 J5 19 21 19 55 — R 1R 4E , prob,

b, WBRE, label, 25— EEEME(AEMNYERE,

@ A2 WEB T BT B3 R S ¢, HORIE LT R,
b A EERE.

3 XBREERSW

7 35 B F OpenPCDet #E 42 3 47 92 #11-,
OpenPCDet 32 R T % — KITTI.nuScene % £ 3 5 =~
Bl L& AR = BARE SR HESE . AT X —AE
ST L5 {8 38 S 2 R B SR AN R IR AT SE

ARFERLA T AE KITTI 8 4 b A7 A 303 5 IE-,
GIRTT SE 0 45 SO 5 H A Y SR ER AT TR NG
M XF b, [ S 3 T OT £3 A  #E ApolloScape'®'- |
BLVD" 345 % b A9 nl WAL RBLRUR .

AR SRR FH 4 B 4R 3 5 : NVIDIA RTX 3080Ti 12 G
B4 GPU.Intel i7 11 /£ CPU.16 G N7£.500 G L) L #fi & ;
A3 Bk . Ubuntul6. 04 LTS, Python 3. 6.5,Cuda 11. 2,
Pytorch 1. 10,

3.1 KITTI ##E&E

KITTI #5354 2 A 3l 25 B 45 5 A A g S i 425, AR 3¢
RS RL YN S5 0 Ak W0 el b, = 2 A0 KITTT 888 48 kAT,
KITTT #4848 th 78 F R /R 57 & L 81 T 22 Be A0 = 1 38 R 4%
ARAFFE Be B A QI Y, 2 B R HESR B moR Y B 32 5 4
IR E R I B 4. B 6 it KITTT $d 4
e — 37 5 B TG ER A B X LR L

y

6 KITTIHdE & i B R G 2 0 IR 41
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ApolloScape /&2 H A F P& HshZ 301 B 9 — I8
S EEEEEER S S LMK RGB FE, b &g &AM

- 123 -



546

W F oW

¥ #® K

A~ 3D HARHEDT T 1 hnid s hAh, BB AE T 5k R Y
FHEH S . B 7 R A ApolloScape B A I3 — AN 5
=,

K7 ApolloScape ¥4 £ H It 1 5 i = X 7R B

BLVD #4275 22 52 K N TR BE S PLas ABESE
BTt FE NG A B B2 M i R  m Bk 5. & 8 B
/R BLVD Bflede g 5 — 5t

8 BLVD i £ i Ay 18 45 8 = 3 IR 4l

A 30 A B FH 5 A B0 B AT IO 4% AR A 13 T A Ak )
iR, AR PSS A R AE KITTI BLAM e £ - iz 4k
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3.3 Mg RTAN

1B TR B e KITTI 5045 4 19 nl #04k 460
R, 22 DI T B R N M B R R R AN R s 4
BRI S5 R T H, T LAY R R RS TE A R
R FEWE AR ISCE . B9 MR Tl ER
A R AR RUR ZE R .

KITTL ##a4E I+, 20 PointRCNN TE 3 4b B A5 %5 47
F R, WD SF R E O HX TR R EFE K Bin
5 VAT 0 5 R B, A3 5 0k 7 O B A B G 1 Al 5
7, T PointPillars PartA2 3% BE 25 K Ml 25 5 A8 %t
Bir HHEREK L, 7 BLVD, ApolloScape £ #5 £ I 1
R A R AL 5 22 2L, XU E T S R AN R A 4R
R R BE T
3.4 EHERHUIEIIL

SEEG SR, 3K 3 iR MR LR PointRCNN K HAR L5
By AP EXT R 4 iR MG MERS Y ERE
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% 3 PointRCNN R H 4k TE# KITTI #iF & L3¢
“car” E B ML R AP Ext Lk

3D BEV

BE e e s v ®
j(ﬁj([3] 88.57 78.32 76.40 89.96 86.49 84.16
CHRLO] 87.92 77.40 76.03  — — —
SCEk[10] 84.88 80.77 77.44 — — —
SCHRC11] 88.91 78.92 77.07 90.05 87.65 86.51
Hk[12] 88.26 78.13 76.66  — — —

A3 88.87 78.61 77.73 90.11 87.74 86.74

. A S H B JE 14 PointRCNN ) AP {4 & +
OpenPCDet HE Z2 ],

x4 BASZBHRBRNEXE KITTIEIEE b3t
“car” BB MM £ R AP B L

3D BEV

ik VL. b

F-PointNet™ 81.2 0 70.39 62.19 88.70 84.00 75.33
VoxelNet 81.97 65.46 62.85 89.60 84.81 78.57
SECOND 83.13 73.66 66.20 88.07 79.37 77.95

PointPillars ~ 79.05 74.99 68.30 88.35 86.10 79.83
PointRCNN  88.57 78.32 76.40 89.96 86.49 84.16

PointGNN*  88.33 79.47 72.29 93.11 89.17 83.90

SE-SSD™  91.49 82.54 77.15 95.68 91.84 86.72
CIA-SSDP™ 89.59 80.28 72.87 93.74 89.84 82.39
NS 88.87 78.61 77.73 90.11 87.74 86.74

FS BUHEETE KITTI 2B £ L 3 “Pedestrian” 2 51 19

W45 R AP B3
- 3D \ BEV '
5 H b3 Vi H X
PointPillars  50.42 44.57 40.73 54.70 49.67 46.03
PartA2M%1  60.75 53.75 49.43 63.36 57.93 53.15
PointRCNN  64.50 55.41 51.55 65.82 60.43 53.84
biNg'g 63.33 56.24 51.24 64.90 60.66 54.10

®6 BEHESRBEEZNTOBREERLER

Bk 3D BEV
B4 PointRCNN 81.10 86. 87
M #E PointRCNN 81.74 88. 20

RT ARSI o B K car” 31 B R M X LE

Point-  Point- 3D BEV

Focus CSPNet oL X 5 i M
X X 88.57 78.32 76.40 89.96 86.49 84.16
Vv X 88.59 78.44 76.67 89.98 86.79 84.34
X Vv 88.65 78.59 77.23 90.04 87.12 85.95
Vv 4 88.87 78.61 77.73 90.11 87.74 86.74

3.6 ELWBL

ZE L ST, N b JBR T el 3 5 R 4R PointRCNN fY
K s 5, [FI i 3R B8] A T PointPillars, PartA2 258 5k i 1
A% SRt H

Wi PointRCNN A48 T HA SR 2, A A IR K
AR R IAR . A KITTT AUt 4 a4 DU e oty b, s 4
T ApolloScape BLVD £ 4 X 5 vk 1 #E 47 #f — 25 69
R, SCEA UL Y B PointRCNN [¥) 4 #5345 Al
T AR 4 AT A 8972 AL B8 . HLA T Ak A B Ok
F R A PointRCNN FaE Y2 ml b — 40w 7 HAE
B PR B AR - R RO

MEHE LB 3D R Tl Bk i IR A 2R
B, H mAP U 81. 10% 4R F+ & 81. 74% ;7F BEV ¥
BT R B 86. 87 % HTH 2 88.20% , HoAH — & &
FERRAMRE. EYMERTEME A LR REAER S
BRI, ER R NI AP E L T AT AP
B 5 5 B s s AR A T B 7 0 i 3 3 BRI F SE-SSD,
X FA47 A58/ HAR i, s Bkt de BEV 30 A 19 I o
BETEAT —ENEA, XWRIE T R #H ik ER/DE
BRI b A

4 & it

=% Az BRI E AR AR SR B R Ry B
.M ERBENMNREAEAEEEEN. AXEET
PointRCNN W ZERE [, FEFTERTE T

D #2 i Point-Focus 45478 % i /> B4 w9 R B &
EH R R BARHE , B8 5 iR S5 R 7R B PR S b Y AR I
23 Point-CSPNet 454 98 47 48 4E DF 35, 32755 W 4% 1)
kg ) fg oy, E IR m OB bR R UK B 3) Bl A
ApolloScape . BLVD #4842 747 WX 30 56, i — 25 B 0F ek
by R W N L R Wbt C 1

Z it S, M R E KITTI. ApolloScape .BLVD %5
2R BRSSP EA BRI HRABCR, o KITTIT #0485
1 3D T E R AR LG PointRCNN M 81. 10% 42
F1-3) 81. 74 % ; BEV 35 T 1 F 4 K 1 5 JR 48 PointRCNN
M 86. 87 Y4 T 88.20%

2% Xk
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