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Abstract

In order to solve the problems of poor remote detection accuracy, high memory and computational
overhead in complex scenes of endpoint cloud object detection tasks, existing point based detectors
often use random sampling and farthest point sampling to downsample the input point cloud, ig-
noring the importance of foreground points. We introduce a novel point-based and single-stage al-
gorithm for 3D object detection at the road end. The key to this algorithm is to use two learnable,

CEG|I M WIESE. 2T EEOCE IS 2 HARM I SEREART D). A LR B S HLE AWTIT, 2025, 14(6): 1424-1432.
DOI: 10.12677/airr.2025.146133


https://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2025.146133
https://doi.org/10.12677/airr.2025.146133
https://www.hanspub.org/

YFIES®

task oriented, instance aware downsampling strategies to hierarchically select the foreground
points of the object of interest. In addition, a context center aware module is introduced to further
estimate the accurate instance center, improve detection accuracy, and address false positives. To
validate the performance, we conducted experiments on the DAIR-V2X-I autonomous driving road-
side dataset. Results demonstrate that our algorithm achieves superior detection accuracy over
other public benchmarks. Compared to the single-stage detector 3DSSD, our method achieves gains
of 0.99%, 2.4%, and 4.7% in AP for cars, pedestrians, and cyclists, respectively, on the DAIR-V2X-I
dataset under moderate difficulty.
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Figure 1. Network structure diagram
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Table 1. Comparison results between the proposed algorithm and classical algorithms on the DAIR-V2X-I validation set
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e hgE RXE f pE WE fas SR TR
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A 87.88 78.02  78.10 60.92 57.93 56.54 80.32 6193 6191 6551  36.74
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B, AT AT BARTE S PR RS 1 s g, FX e sz PR e RS A A R
WK o AL G B HLRAFE(RS) RIS T LA B 25 1) f 328 3 R AFE(D-FPS) S E 25 2 £ 2 )2 N RFF I & R IX
SEFG AE SCEE I AT a5, FECRRAE 2 I P B = 08 R . AR SCHR H ) S BN SRR D VRS I
NIE X5, 515 MELERFER AR 56 IR B BA AT SR MR, MRSk BRI T A 5 R iR & 7 MR

FHR, ACAE RRHEARBOGI AR P oI N T 2 215 SCRG PR, A3 B B 8 72 BUR R RAIE 2% 18] T OR BE
KEARFERERE LR TNEWTE, REJUTRER e 2 0 EE, 2 RS RS TE R
fERIE B L, AT B i T Xz B 2 R 3B /) E b (1l e

B, OB ENEE ) 5] NTERRAE [ B Bt — 2D 30 7 o6 H bR O A B IR RE )7 . T RS
AN T ERTRIAT NFIGATF 20, Rl TH O 2 nT DU R S = AN A1 A R R A S
R, PR TR ARG FE AL A — B .

gi b, BTRSEIOE I SN T RS O BRI B AR, e T AR G IR/ H AR
DTS5 AR R RFAE 25 2R 45 7 6 A 22 ) R, AT E 82 A A8 550 I SIS BIL 1 S AR PO RSl 44 R 0 B 5 (14032 Ak e

3.4. AIRUERE SR

N E R R T FAE S A A8 Il B 113 5 N R B ARCILH R I P &/ H AR ksl ge g, A&
SCAE DAIR-V2X-1 3 Ui BRI G A BRI 45 e T RTRAG 7e br, &5 Rl 2 A& 3 pos. Mo, 4068
MEFREIR RS R, W ONEARET NG R, SEERERIT AR R, SE SN ALy
S MR AR B0y JE 7 v 7 BT S R B2 PR A I 28R

K2 B N B SR A SR AT AL, T B A e N B S BRI SRR . AEIZSSIE RS i
S, O AT X I BE B R4, IR T IR v I R, AL R A S REHE R LR B bR, RBL T

DOI: 10.12677/airr.2025.146133 1429 NILERESHLE AT


https://doi.org/10.12677/airr.2025.146133

VFIESR

SRS AN A B VA H AR A B A I RE /05 X T B S 2k B AT N (B CRE) AR AL B) 4238 1 B A7 3 (SR 1
HE), BDE HARESS SRR LN Sam b, SETRERHEIRBIARE, WA 7 SEERE T RAE SR
WX/ H o B St (KAT R R B

L5

Figure 2. Detection results in DAIR-V2X-I roadside scenes 1
2. DAIR-V2X-1 B IA R 1 4MLER

Figure 3. Detection results in DAIR-V2X-I roadside scenes 2
E 3. DAIR-V2X-1 B& {175 2 #MEER
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