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RoadOcc: Roadside Monocular 3D Object Detection via
Occupancy Prediction

Ren Binglu, Yin Jiangin
(School of Artificial Intelligence, Beijing University of Posts and Telecommunications, Beijing
100876)

Abstract: In recent years, autonomous driving perception algorithms based on vehicle sensors have
developed rapidly, while perception algorithms based on cameras on roadside infrastructure are still in
their early stages. These cameras placed at higher positions have inherent advantages in terms of
perspective when looking down at traffic intersections, providing a view with minimal occlusion.
However, like other algorithms based on monocular cameras, 3D object detection based on roadside
cameras still faces many challenges due to the lack of depth information in RGB images. In this paper
we propose a new 3D object detection algorithm based on occupancy prediction, called RoadOcc, |,
tailored to the perspective characteristics of roadside cameras. Specifically, we avoid using depth maps
as supervisory signals for complex depth prediction networks, and instead use LiDAR point clouds to
supervise occupancy prediction within the perceived area, assisting the learning of 3D object detection
networks by mining the geometric and semantic features of the scene. Experiments on the publicly
available real-world dataset DAIR-V2X-1 have shown that our method can efficiently detect target
objects in complex traffic intersections, especially improving the detection accuracy of small targets such
as pedestrians and cyclists.

Key words: Pattern Recognition; Computer Vision; 3D Object Detection
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Fig. 1 comparison between vehicle and road perspectives
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Fig. 2 Overview of RoadOcc network
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Tab.1 Comparing of 3D detection results on the DAIR-V2X-1 val set with the state-of-the-art.

Vethod Modality Augiliary Car.(loU=0.5) Ped.(loU=0.25) Cyc.(lou=0.25) AP
Data Easy Mid. Hard Easy Mid. Hard Easy Mid. Hard
PointPillars LiDAR - 65.85 53.66 53.70 56.99 54.56 54.73 59.77 41.74 43.46 53.83
ImvoxelNet* LiDAR - 65.66 53.55 53.61 27.15 25.78 26.04 46.48 32.56 33.98 40.53
ImvoxelNet Camera - 63.14 53.19 53.26 21.83 20.75 21.20 44.51 30.72 32.55 37.91

RoadOcc* Camera LiDAR 65.71 53.57 53.65 27.99 26.55 26.70 46.19 32.36 33.74 40.72

RoadOcc Camera LiDAR 65.72 53.57 53.63 27.94 26.54 26.78 48.76 33.90 35.68 41.39
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Tab. 2 Ablation experiment of weights of loss.

Occ. Loss | Det. Loss

Weight Weight Car.(loU=0.5) | Ped.(lou=0.25) | Cyc.(IloU=0.25) | mAP(%) | mloU(%)

0.2 0.8 57.64 27.09 39.45 41.39 45.29
0.4 0.6 57.63 2451 37.34 39.83 44.42
0.5 0.5 57.56 25.93 36.62 40.04 44.22
0.6 0.4 57.60 23.32 3551 38.81 43.35
0.8 0.2 57.51 20.57 35.56 37.88 43.27

FRATTXS o P T H AR Al (B R B AT T RS, AR 2 R o I TIENAE: 55 1
i 18— A 2 2 Dl 288 530 P AN 41687 1 8o 8% S S 3E 47 55 O BRI TRT AR AR, AE AR S0 T ik 2]
69.12x79.36 K, RMHAAAERKENTEERRULEFRIER, MWIE. 17 NG kb
TRV, Hpr S R R B> 5556, BSMsihRE8EEm L, R hRE
FOM IR R AT N LRI AT &, 7™ 3 1S AN JE 1 1) e ple 17 P28 A B PR o AR
25308 1 B B BRI s 3 FH TN 463 AN B, AR AR R 4 2 3 ) B R X 3 5t E s iR )
RE S AT 522, BRI IZ M 2% BE A4 5/ RO B AR ORI 2 .

4 5l

ARSCHRHY T — R X B i R S B L A H 3D H ARkl 5%, 1Z50E
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Ry IO HARR IR S5 2 LT AIE SUE B AR RFIE . A H S it A 4l 5 DAIR-
V2X-I L RSER A SRR, A SCHT S IR o ok FH IR 2% BE S e RO s DS 52 2% 2 a1 o
SRS HARIORIN, JCHR T LR AT N B AT S/ B bR RS
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