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Roadside LiDAR object detection based on improved PointRCNN

Chang Huaiqing' Wang Guiping' Zhang Kai' Zhao Shanmeng” Guan Limin'

(1. College of Electronic and Control Engineering, Chang’an University, Xi’an 710064, China;
2. Shaanxi Expressway Engineering Test and Inspection Co. , Ltd. , Xi’an 710086, China)

Abstract: To address the insufficient feature extraction capability of the PointRCNN object detection algorithm in complex scenes, we
first design a local-global attention module (LGAM). LGAM computes attention weights from the local geometric relationships between
each central point and its neighbors, enabling effective fusion of local features. Simultaneously, global contextual features are captured
via a bilinear regularization method, and local and global features are then fused for collaborative optimization. Next, we introduce a
multi-scale kernel convolutional attention module ( MKCAM ), which dynamically aggregates multi-scale features by parallelizing
standard and dilated convolutions and incorporates a channel-pooled spatial attention mechanism. Both LGAM and MKCAM are cascaded
into the original PointRCNN point-cloud encoding network to enhance its feature extraction capacity. Furthermore, to mitigate
misdetections caused by the fixed IoU threshold in traditional non-maximum suppression ( NMS), we propose a fuzzy NMS that
adaptively assigns loU thresholds based on object size and scene density. By integrating the improved point-cloud encoder with fuzzy
NMS, we present an enhanced PointRCNN algorithm. Experimental results on the KITTI dataset show accuracy improvements of 1. 05% ,
3.43%, and 1.33% for cars, pedestrians, and cyclists, respectively. On our self-collected roadside dataset with sparse point clouds,
detection accuracies for the three classes increased by 1.3%, 2.71%, and 2.9%, respectively, confirming the effectiveness and
generalization ability of the proposed method.

Keywords :3D object detection; PointRCNN; roadside perception; point cloud; feature extraction

Wk B 4 :2025-05-30 Received Date: 2025-05-30
* JELIH P42 E R ORBOCEEREITH (25ZDLIQ00013) (A — 1A 8 20 42 [ 8 i 52 96 38 JF i HE 42 TR ( 2025-B009) \ = R H 28
WBH TR RIHIE (2 38RHE#(2023) 178 5) BEB)



553 1y it PointRCNN 1Y B B 38 H AR 4 221 -
o TRl A8 RUGE F | (E M 2R AT AR AE P T 2% M R BR
0 51 & 1) 1E5 Z 5 R IR 4RI PointNet++45 H i 17 R 30 4%

Bifi 4 0 N2 Bl G R P R R, B A R D R BE 2
ARG PR H s B R A R A A
TR AL RIS T A 7 5 ) PR, WM i i B B0 28 B X
] R SR — 3R X R A Al S, ORI SR
TR BE A R A BRHURN — 4 p < F AR T, By ) S
Rt e B ARG DN A 5% X5F 47 B P ) 1k 2R i HLA
ZMAE,

AR R EE 2% 2T 7E 3D B ARl 45 b i i 48 A
JZ  REAT o BT BT AR B TR R A TN
FAZR G 4 25 FE T 75 508 1 52 05 = A4
2D DHIEG 44 2D K IAE SR S B B kb 3. PIXOR™
KH S (BEV) #8525 24 FUW 48 S 30 H An A il 5
R TP M5 B2k LaserNet'* i i DLA-Net {4 82
JEBEBAE S35, T Chai 255 F Fan 259 2350151 A B #4E
FEFICE AR RS . Tk AT ROR
HAMH AHA T BRA T R b5t 2% 3D JLA {5 B,
FOMELAfif eale £ NORE A% Ak 5 47 I 2 4 1 DX 3 7 AR A1 4
Hn) 8, TR F 0 7 B A s B AR R R R A
VoxelNet” & G /& Z FRAF 4 % ( VFE) J2 8 37 JE Rl HE 42
BT IR B a5 s R 2R Spheﬁcal[x] K FH BRI A8 B K1)
PRI G IX R A BE 7 TR, PointPillars'® 38
TR ZRSCEE 105 Hz ARSI BE B, 162 07 3 3 3 R
WA AR R SR &) 4352 TH T3R80 %, (EL R FH B X LS fii
WERK/N I IR R v it e e, T
M AR R RGBT A A R RS
PVCNN"" 3 5 2 FUR A HH AT IR ZAFAE | Guan 511 37
Z RN ERLE TR 4 L) PV-RCNN' A3 SR IR %
BB 5 05 25 K 16 B T B BEZ5 4, PV-RCNN ++ 7 58 1o J
XA RO RFES VectorPool -G HE— 5 $2 THRG I 5%
RERERE XIS Hu 251 4 i i v 2 LR S
2 P IR R TR IE AS AR, (HZ2 B B fiE 52 HAL
il S R AR A A A B SRR IETE AR, ARG R, S
TR TR RS o A B KRR BE AR B LA

R, TRESKZASENFE LB KL, U
PointRCNN""/ S A0 A P BEHE S 1 PointNet++"7' 41
B RUBE S5 2R AIE A B 8 T e e WUHE |, 45 45 )=y 3 2 i)
FRIEDL ARSNGB, RS ST A ik e U R L
THEA DL B e B R IR R FEAR 2] FE R
N s S B BEER A A RS 1 SCER e
SEEN A, UTAER , 4L 5 Transformer 42 )R
FRE (U Pointformer' ") 7E—E R JE A T _EIRELRG
R 2 3¢ 3 P B vh 22 RUBE H A B9 A 0475 A7 76 3568 43 1)
B, AT PointRCNN R A I 58 3t AR B fb 2544

TEPEHL, Rz B A IR, 2 RUEE Rl & g 138589, 2 801
Fign JHEPS B M s RS R AR AR R IA AR /N B AR 5 41y
SPAIE B2 HCIR X5 2) Jst 2% b 3R AR (40 ] ( non-
maximum suppression, NMS) % FH [& & 3 I 1L (1oU) &
18, & i /N E BRI A FLK B AR IR A, IR R A 5 R
) G R JE

25 EFTIR, Rtk PointRCNN 7778 B [l A3, %ot EL At
NG, 1) MRS 2 RO B AR B R -4
SR BRI B b M 2%, 5 5, BT R - RTE R
JIREHE (local-global attention module, LGAM) , F) H Hv.0>
S HARSR S TR Ry B T UART 56 ZR ARAT AR & 2L AT R )
HE S T R AR A R IR T 4 R B M I
WAk 73, AR A 4 IRUBE 1Y) 4 JRy R RRAIE , 76 st S5 Atk |-
T I R 2E I TUAR 5 A 2 M B0 S2 R B -4 Ry REAE B
AL Hk, B3 22 RUBE G B T 7 ) B 8 ( multi-scale
kernel convolutional attention module, MKCAM) , i i 347
PRt RS I PR i R R, 456 Tl 1E 7 241t 1k
SRR A A s ) S OACE | B R G 2 REFHE,
P A 7 203 A PointRCNN 1) 55 2 25 A% 199 £6% , 512 38
JRITRAR T R 5 A Ry i AR PR R, 2) 51T
TSR 53 2 (1 AR A KA 1 77 952 ( Fuzzy NMS) | 3 3
B I3 287503 B 53 i B MR, e 28, 7 13 W b gtk
J5 I W SRl A e A o B B A A I AE A B T
WO IR B AR AR RE

1 PointRCNN E A JFIE

PointRCNN J&: 3T J5U 5 55, 25 HO 795 [ BE = 4k H A5 0
HEHE I ZK ZER AN R 1 o, HoAZ Ol ad A S ] b i A
A R W, R A5 25 JUAAT R E S B R B e, 565 1 By
BRI PointNet++ 1 W 45 41 HUZ fUFRAE , 45 4 A 5t
SN R BT 3D BEVEAE 5 55 2 [ B i s A B AE
S EHRE R R R AR B R A 5 5 A R i A L, R A
SRR MARAE I S SR, ZMERAT A W T R BR
P 1) B2 AR IE WAL | 32 S st S5 A
TUIPE S0 | 5 I 28 AR 361 PointNet ++ 45 44 347 J5) %8 R 1 42
B, 0 7 TG A7 0 DX Ik S R A 2 0 A e B B SRy
WRZHAR ZRIEMAREN T, FERFEREAT
a3, /N HAR GRS B bR K 40 15 848 O A7 78 TR
2) f£48 NMS 2R I [E 5E ToU 15 AR AY 15 4G 7] 25, £% 58 NMS
K E ToU B{E , 28 Br R T 22 5% 5 5% 2k,
/N EAR IR B e 22 B R, T K B A S XY
PR A R e 2 X6 28 31) 25 S5 R A B 4 A 14D IO 1
R#E 2 HARS SRR



-222 - LSRR R e o %540 &

O S ,
L] 1 EToinfi3DE — | |
| i | OIDEREREAR )
'@' 1 !
L — ; !
PR | REER A AR
0 L ameasw — !
B AEE R I
| I I I __________‘I“\ : i b i
: : B0 | sasmmms Ny T
A N e A ., O\ A", S
| . 189990 | t AR — | |
| RERRKENE | R | RNGREE

1 PointRCNN P45 2% Hy
Fig. 1 PointRCNN network structure diagram

2 BiHBY PointRCNN

2.1 MREELEN

FEF )5 PointRCNN B33 A7 4 1 ] B, # 4 T —
FICHE ) PointRCNN A5 0 Al 22 | 4 A 25 44 4n (&1 2 Jor
TN o EHEERR UG s A Bl G 2 N sh A R B
5 e — 4 SR Wb R LAk %) A5 2 i R o 245 | 2 2 0] 3% R 7

FUbR A B A 22 T8 A G 5 32 4 30 e i % 0 31 30 B3k K
IR SR, PR RS HI S AT RE IR B AR R AP Y
AR TEAE 5 Bl T A~ A e AE P9 A A5 2 Ml Al A B il
55 1 B B A il SRR AR 55 3 T A X AR AR B9 SR AR =S (]
ik, 28 55 2 i I 2 10 A ASE I AE 7 s RS s 1) -
T E AR 5 foe i 51N FE TR 20 28 B A AR R e 40
Tk 18 i B0 2 R T AT S8R R B B o ) DR A
IS I AHE TC A, fie ¢ i i1 13 JoT 4 1 3D A I AE K

F R AR GF EAT 1T SO B, LT A AR
BOE M A ey
CmmE% szmERs - g
| i L HFbinfI3DHE — | !
I : l | DIREHELER |
ii — | 0 i : !
umﬁﬁﬁ i e _#iﬁﬁEZﬁﬁﬁim
ﬁﬁ%ﬁﬂi‘ ‘
réifﬁéj_qkﬁﬁ§%i. R fae
AAEURE | BEAE IDMEER
----------- e s
P+ MLP ' { |
66550 | f 4 T
—  EnH !

Bl 2 itk PointRCNN 2% 2544
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Ja BRI B R RR RS T 1.33% 5 1.05% ., BARTE
ZERWAG I 7 THIDRS BE IS AIE T PV-RCNN++ (HAER 7% 517
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Fig.7 Comparison chart of 3D mode detection results
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(b) PointRCNN detection result chart
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Table 5 BEYV object detection accuracy of different

algorithms on the KITTI dataset (%)
. Pointpill PointR Part- PV- L
ik —arsY] CCNNCI®T A20290 RONN44[13) A3
Al s 90.01 89.66  90.15  92.49  90.08
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Rl 60.07 63.39  62.64 63.98  68.04
TN W& 54,94 59.17  57.77 58.21  60.58
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FHy 54,59 58.29 57.62  58.70  60.61
fii#  84.07 88.55  84.23 87.56  88.59
BT E % 68.84 74. 64 71.12  74.30 74.39
AP [H¥E 64.62 68.42 65.07 69.86  71.15
EHy 72,51 77.20  73.47  71.24  78.04
mAP 71.67 73.59  73.02  75.40  75.60
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Fig. 8 Comparison chart of BEV mode detection results
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(b) PointRCNN detection result chart
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Table 6 Results of ablation experiment (%)
(GUN Yty
MKCAM LGAM Fuzzy NMS ZE4 AP \p \p mAP

80.63  53.61  75.08  69.77

Vv 81.51  57.86  74.34  71.23

vV 81.83  54.29  76.03  70.93

Vv 81.29  54.43  75.13  70.28
,\/

vV Vv 81.68  57.04  76.41 71.71
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Table 7 3D object detection accuracy of different

algorithms on self built roadside datasets (%)
RS AP AT N AP BATE AP mAP
PointRCNN! 6] 86. 11 77.99 69. 26 77.79
A3 87.41 80.70 72.16 80. 09
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