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cloud object detection method. The aim is to improve detection accuracy while meeting the requirements
for real-time deployment on edge devices, thereby promoting the application development in autonomous
driving and intelligent transportation fields. Based on a pillar-based point cloud detection framework, a
multi-pillar feature fusion model is designed. The model enhances the pillar feature representation ability
by introducing point cloud variance features and positional encoding. A multi-pillar feature fusion module
is proposed to improve the learning of contextual information between adjacent pillars, and a backbone
network combining residual connections and Dropout regularization is used to optimize feature extraction.
Furthermore, a point cloud data augmentation strategy is improved by mixing point clouds of same-category
objects to enhance the model’s generalization ability to complex scenes. Extensive experiments on the KITTI
dataset demonstrate that the proposed method achieves a 3D mAP of 68.93 and a BEV mAP of 75. 02.
The model maintains an inference speed of 55.65 FPS. It also demonstrates excellent performance on the
DAIR-V2X dataset. The proposed model achieves a balance between detection accuracy and real-time
performance through multi-pillar feature fusion and an optimized data augmentation strategy, showcasing

its application potential in autonomous driving scenarios. Future work could further optimize the model

architecture to adapt to embedded system deployment to meet practical application needs.
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Fig.1 Network architecture proposed in this paper
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Fig. 2 Structure of backbone network basic block
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Tab.1 Comparison of 3D detection accuracy of different methods on KITTI dataset
gk s HWEE/ Bk HAHEAP/ % TTANAP/ % WA H AP/ %
- FPS mAP/% fii# % R MR b WME R Rk R
MVX-Net™  SH=QEOEH 27.10 63.57 89.13 78.88 74.37 55.97 51.38 47.29 71.06 53.75 50.28
F-PointNet™ H=Q#OKEME 590 62.32 82.89 68.94 62.16 67.47 57.50 50.52 69.81 52.67 48.90
3DSSD Sy 19. 40 — 88.82 78.58 77.47 — — — — — —
SECOND!" JS 50.92 65.48 88.16 78.74 75.66 51.61 46.53 41.50 81.98 64.69 60.42
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RGB Wi F #5525 i F-PointNet ™, T 7 H 25 F1 [ #
ME R 405 F [ B iR 3L R R Jy 2 Pillar-
Net™ . FERGAT & I 50, Br 4 Jr i A4 1 Al
T3 U5 R B b 2 0 O A v S R R XE T AT
TFET 5% UL LS. BWiTEEN—1 24 H
(B RN+ AT 4 R IRR 248 S5+ & 55
RE ARSI T4 O EL A EINORG 4 ) 43 [ 4 B
AN G Y R R SUE B ARIGRE . ek 7R
PRS0 75 PR P B A TR) s, T 48 5 75 7 4G ) 538
JE 7 T A 22 B[R RE S A, 3R B T UK F PointPillars
9 61. 27 FPS 1 55. 65 FPS,iiF W] T HAE L% 4%
- ERE T e

R 2@ T EANE S M (BEV) T 192

2 AAEZREKITTIHEEDHNSHA A (BEV)EEXTLL
Tab.2 Comparison of bird’s eye view (BEV) accuracy of different methods on KIT T dataset

Sk i wWE/ Bk KA AP/ % TTANAP/Y% Bifi#H AP/ %
FPS mAP/% fijs & [RME @ A RIxE R hAE R
MVX-Net® SHx&E@EGE 27.10 70.72 92.83 88.17 85.68 65.29 60.22 55.88 75.99 57.84 54.59
F-PointNet'™ S & @EE 590 68.52 87.51 81.97 73.55 70.82 61.49 56.48 74.54 56.90 53.38
MVE?! B 48.60 71.66 90.26 86.77 85.61 63.00 58.25 51.89 79.26 66.91 63.01
SECOND' S 50.92  71.53  91.99 87.86 86.53 55.78 51.36 46.93 85.95 70.86 66.55
PillarNet'® S 31.70 71.56 93.87 87.74 86.63 57.56 52.43 49.39 86.28 67.18 63.00
CenterPoint'*’ Mz 25.63  71.85 91.32 88.26 86.24 60.51 56.83 53.02 83.15 65.43 61.84
VoxelNeXt™ S 40.95 73.74 91.73 87.45 85.01 65.27 59.69 54.67 86.83 68.27 64.76
PointRCNN'! S 12.22  74.87 89.14 88.60 86.49 65.51 58.34 51.68 87.89 73.90 72.28
PointPillars'®’ S 82.78 69.14 92.42 87.86 85.19 55.98 49.62 45.11 82.77 63.77 59.53
Ours (0. 12 m) s 55.65 75.02 91.62 87.89 86.89 65.05 58.02 53.30 86.50 75.12 70.77
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RER I, P )y A BA mAP bk 7 B B
W 2% PointRCNN"', 75 45 ¥ FE 2% il i) BEV K
JE RSB T M T B M RE L R I AR JE T
PointPillars. 18 Uk, BT $2 7 W5 5080 T 08 75 1
RE UK P-4

N T E— B K 5 T B O ik iz Ak e ) R A
AR 50T B9 & T FRATTIE AE KRR 4 i T3 ]
AR DAIR-V2X LT T 4 X) He SE 5, 25 21
N 3R AR . IR BHE AT LR A S

P AR B A i B 4 AR T 48, 73 % Rk
mAP 47, 25% B o 4 MERE m AP, [A] i 78 5 R
AT M R O3 T ALY 55 4 ), 25 B PR ik
i F SECOND , PillarNet Fll PointRCNN 4§ £ il &
AN 5 v JF BB AL T AR LB PointPillars,
JEBLL R AR Rz R, TR T AR
SRAEHG L0 V% J5 F 042 J7 i CenterPoint Al
VoxelNeXt, {H f& B (1% 44 3% 71 08 2 i %%
WA AR

F®3 REHEEE DAIR-V2X H#7E 5 # #9 3D 4 il 5 B 3T bt
Tab.3 Comparison of 3D detection accuracy of different methods on DAIR-V2X dataset

ok Bk mAP 4 AP/ % TN AP/ WiAT#H AP/ %
: mAP/Y Ch)/v  fER R% M W R4 M MR R
MVF# 42.56 40.83  62.96 50.49 47.56 41.15 37.62 36.61 39.89 34.37 32.42
SECOND'"  45.72 44.46  68.66 56.87 53.89 38.74 36.81 36.12 42.62 39.70 38.04
PillarNet'®  44.58 43.20  68.90 57.20 54.01 37.89 35.57 35.10 41.04 36.82 34.66
CenterPoint™ 5091 49.81  71.13 58.93 55.75 48.60 45.36 44.63 44.46 45.15 44.21
VoxelNeXt? 52,64 51.41  70.00 58.07 54.88 52.84 48.76 47.51 47.78 47.41 46.49
PointRCNN'*' 43,65 41.54  71.37 57.54 54.30 38.93 32.77 31.51 39.64 34.30 32.52
PointPillars®’ 39 32 37.95  67.00 55.09 51.86 31.97 30.51 30.19 31.99 28.25 27.03
Ours 48.73 A7.25  69.23 57.49 54.63 44.34 41.49 40.46 47.11 42.76  41.02

F4 AEEEEDAIR-V2XHIEEHRHN SHM A (BEV)BEXTLL
Tab.4 Comparison of bird’s eye view (BEV) accuracy of different methods on DAIR-V2X dataset

ok JERLN mAP KA AP/ % TTNAP/% W17 H AP/ %
mAP/ Y% (hE)/ % fiR 4 WIME  EE A [RIME a7 F. rh 4 K] 3
MVE #" 4468 43.03  65.49 53.17 50.46 42.95 39.74 39.15 40.78 36.19 34.14
SECOND'®  48.02 46.88  71.43 59.77 57.21 39.90 38.68 38.25 43.91 42.19 40.86
PillarNet™  47.01 45.77  71.78 60.10 57.43 39.41 37.91 37.74 42.05 39.30 37.35
CenterPoint™  51.85 50.76  73.46  61.41 58.82 45.14 45.43 45.00 47.15 45.44 44.78
VoxelNeXt™  55.87 54.81  73.03 61.07 58.36 55.22 52.02 51.03 50.42 51.35 50.34
PointRCNN'*' 44,01 42.32  72.33 60.06 55.11 38.48 33.31 32.21 38.95 33.59 32.04
PointPillars®  41.98 40.97  71.21 59.81 57.15 34.16 33.00 30.19 33.37 30.10 28.87
Ours 50. 92 49.57  71.85 60.20 57.61 46.00 43.31 42.42 48.09 45.20 43.60

4.3 HEASLI 4.3.1 AAK%BAEG YR

2k 7E 3L 2R B PointPillars'™ | 2 55 b 4E i
AR AR SCHEAT T AT 04 9 kS DAY AR T
P A AR . SRR Es RANEE S s, R
IR T AR T AR X EE R 6 328 H AR A I RE 1Y
W), [ B 43 B 1 X 3 AR SF Y8 BE (mAP) (3
R . 5 MF RoR 5] A B E Z 4,
XB #R ZHER A, BB 288 TR, DA %
N BUHE 58 5 Car R IR A2, Ped. FRAT A
FA], Cye. FmBiT &5

B
)2

TS AV AL T A A G B o B A e o A
RVEBE R DM . B 0 ZRRAE B AR AR 5 K
MPEREA T AR T mAPIRE £ 60. 2%, Hr,
VRS 28 1) ) G RS RS 4 T Bl B3 L AP SR B
77.8% , FRWITE G 5 B B 5] A A 4 A 55 T T
FROEA S E THRERAERE 1. SR, 7E4T AR
BiAT & 20 R RE R O A BR L AP 43 R
42.1% F160. 7% , BEWI 51 A B FRAE B R 76 Hil 42 4
KA CUN 28 ) 1 0 3 M e A 7 e B e 3 (R
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Tab.5 Ablation study on KITTI dataset

KERGR HAEEE AP/ %
FE R 4 28 ikl
—— BB DA Car Ped. Cyc. % FPS

MF XB

PointPillars ™ 76.3 43.5 59.1 59.6 87.4
N, 77.8 42.1 60.7 60.2 70.8
N 76.4 44.7 62.1 61.1 85.8
N 76.2 43.8 63.4 61.2  73.7
v 76.3 46.5 62.1 61.6 88.3
NN AING 78.4 42.8 63.7 61.6 61.8
v v 76.7 47.5 61.6 61.9 68.7
< N 76.7 46.2 66.4 63.1  73.0
v o N VW 789 48.0 63.5 63.5 65.5

Xof R B /N B2 M T Sk B2 2% 1 A R T R
AN BEAN, BEAHTRRAE IS A TR A A B N iR
TREZ 70. 8 FPS, el i b 340 AN R AIE BT 4 > 1)
TR .

Bk G| 22 HE Rl A AR R [ R AR SR 4R T ok
TYEREIR T mAPIKE|61. 1%, HFHEENE, %
B B A BT AT 2 1 AR TR TR I AR O R
AT ANMBEATE D AP 2518 76.4% .44, 7%
M62.1% . JLHAETF NMBEFTE 25 L, AP M
B BIR T T 1. 2% M 3.0%, EEIFH T
FLRE 6% 38 3 B A A A A IR B RRAE A R i IR
3k B v SR 45 A8 A5 B R R R o 38 I g R AE
& H AR T TR A g R ) AR A 5 4 e A
BEJEE 20T B RE 7, AR I IE AT NN RE AT 3 S/
R H S5 24 B bR o AN Z A HL B T AT T
VIS0 IR TT 45 A /0N, HE BB 7K 51 85. 8 FPS, 5
FELR AR LA F
4.3.2 BTFTR&KHHR

ME] A T %S, mAP 2 T+ &
61.15% AL ILLRT T 1. 5% . X FER T
FHR LI A, mAP M 59. 1% T+ % 63.4%,
By 4.3% ;7547 A5 E L mAP 1 )L 43.5%
BRI E43.8% T T 0.3% ., HEZ T, KE%E
BB PEREMS A R R, N 76. 3% K2 76. 2% , X J&
H TR PERE T 8w i — iR T A A BR .

T I 247 ok B PERE B T, L AEAT AN M B AT
FHRG L, AR R T N R YRR AR SR AR 7T .

I o SR 5% 22 3% 422 F1 Dropout, H B T M 4% RE 4%
TEA K8 5 BN ) 24 52 2% JEE W) B0 T o A0l 2 B
Z Jay B AR AE o A B R WA T B (H 2 T F
KR T X — b A B Al T M 2%
B A THT 6] 552 90O 38 N B A BT 9T 5
AT A A R ANAT N B A7 3 2 s A A
B L 4 2 0] IR 7 H DG FA DR R R AR B0 DR A
HE— DT TR IS B o TR 4 2R B R
55 1 A T R 3R WY ORI I 4% B hi o 1/ B e AR
FIAR . X AT 55 i, FLSG 0 A 5 Ak 52 BOHL il 7
kT EE AR o
4.3.3 HIEEHBRH Y™

FE55 3. 370, 32 R ek T — R B BdE
14 9k J7 75 Part-Aware Data Augmentation (PA-
AUG)™ o BF XS B AR K007 v AR 5, AR Scitk
77 RS BE . 51 AZ TR K mAP 2
THZE 61. 620, fEA7 N M B A7 200 B ¥ se il 1
3.0% By$ETH . PERE AR T 32 B4 A T Y 7
VT A TR A 25 R A 18] 4 (B 2 5 D S A B 5
B A EE AR B8 00 BE DL 75 A2 5 5K, PointMixup
B RE A AR AR B 7 5 T T AR AR AR, AT 32
THT BRIz AR T o U AR B AT 26 0 b
AP 1 R R 55 T 3 W 7 12 A Ak PR L S A2 e %
FER S o SR I ROR 3

6 HIBEEFEAAEKITTIHES LAERMRERE
Tab.6 Ablation study of data augmentation on KITTI

dataset
AN AP/ %
B = mAP/%
Car Ped. Cyec.
PA-AUG™ 76. 44 47.03 62.22 61.90
Ours 77.81 48.41  62.47 62.90

AN B X PA-AUG J7 ik e R i 7 T
SEHGRIE . 41K 6 Fr s, 5] A PointMixup J& , Bk
mAP 133 7 #F 5EF, JUH AR e 2 Pk AT
NG b BT A B s AT AR AR
S5 H AR R /N HIRARTE A KON, P50k 38 58 7 9k
XFFAT 28 Bk I 1 i 1) B L o
4.4 A==

Sk 4 T FA T B RD A 1k BE R A 3 A
FY B, A5 T Ak T 5 2, I 5 3L B A Point-
Pillars 3 17 %5, 25 5L W &1 3 fir /s , RGB K 4
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(a) i1 (R EER)
(a) Scene 1 (RGB image)

(b) 52 (R AR
(b) Scene 2 (RGB image)

() HH3 (REER)
(c) Scene 3 (RGB image)

(d) Bt (LR
(d) Scene 1 (Baseline model)

(e) 52 (FELRA)
(e) Scene 2 (Baseline model)

(f) 553 (i)
(f) Scene 3 (Baseline model)

() Tl (FrAsizy)
(g) Scene 1 (Proposed model)

(h) 502 (i)
(h) Scene 2 (Proposed model)

(i) Jre3 (Ariasis)
(i) Scene 3 (Proposed model)

&3 K &h 5 al Ak

Fig.3 Visualization of detection results

(a~c) T GT HE . PointPillars F1 T $2 45 % 4 15 )
HE B 43 ) R e, LT RS €. IO M i 5 3
st (a) AR E I (b)) BA MR ENE A0 .
() H MLIH [ o 7F X 2637 For | BT SR A0 AY 4R 28 3%
U PG S vk AR L BE 8 LA T R B R ) T A B A
Yo, i 3(g, 1) R, JIr P A 50 o B A R iR
BEME REA AU Sy BLSE H bR 5 2 0L
PointPillars 783X £ 5 24 37 5 v iy h 00 i 1 25 H
b FLHE B B AT T DR A I O, 18 3(d L ) I
IR AN, BT AR R 7R Ab B ELA — 2 mAR2E
S B J B TR A R M RE L 8] 3(e) Y PointPil-
lars X 8 15 AN [] 2K S T8 04 40 1K 25 5 7 AR R 4G, Tl
A SCPTPEAE R A R BN B A 5 . bR el B
T B A A R A R TR A B 5 RE T B Lo
ARG BB T, 30T DL B S R AR A
SR AL B 3 5 R M o X B PR 3 M [ i T B A
REHB ST R X B REEMNE AR AL
R

& % X #:

AR SCHE T — B L TR AR A ) A 4
Wy ARG 0 AE B S0 B TR Y R RIORS B b Y O
i o 22 AR RRAE A9 il G 5E A DL AR A9 T 58 A
AW 2 M) L CFER . fEKITTIE 4
14 512 36 235 R e B T A ASE 5K b Y i S I AR AR
W T RAA LR G PERE 78 55. 65 [ FPS
T, 3D mAP ik #] 68.93% , & B AL /i mAP ik F|
75.02% o THRhSLEG HE— AR W] T TR O R A
Rt P S X mAP X KR 2R B R R T 5k 2
3.9%. 7E DAIR-V2X Bt 4 I (1 55 if — 1k
BT R RAL T Wz A B R . AR SO
RSB BN 4% 1A H o LY CUDA
iz B R Al LA S 52 B TensorRT A9 3 o
AR Y AR OB R R DR AR R R R R Y
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