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[Abstract] To meet the demand of efficient and accurate perception in autonomous driving systems, relying
solely on cameras makes it challenging to achieve high-precision and robust 3D object detection. An effective solu-
tion to address this issue is to combine cameras with cost-effective millimeter-wave radar sensors, enabling more re-
liable multimodal 3D object detection. An effective approach to address this problem is to combine cameras with
cost-effective millimeter-wave radar sensors, enabling more reliable multimodal 3D object detection, which not only
improves the accuracy of environmental perception but also enhances the system’s robustness and safety. In this pa-
per, an autonomous driving perception algorithm based on the fusion of millimeter-wave radar and cameras, named
HPR-Det (historical pillar of ray camera-radar fusion bird’s eye view for 3D object detection) is proposed. Specifi-
cally, a radar BEV (bird’s eye view) feature extraction module called Radar-PRANet (radar point RCS attention
net) is designed firstly. Tt comprises a dual-stream radar backbone that extracts radar features with two representa-
tions, and an RCS-aware BEV encoder that distributes radar features into the BEV space based on radar-specific

RCS characteristics. Secondly, Historical radar of Object Prediction paradigm is adopted, designing both long-term
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and short-term decoders that operate only during training, thus avoiding additional inference overhead. Due to the
sparsity of the input data in this network , multimodal historical multi-frame input is introduced to facilitate more ac-
curate BEV feature learning. Lastly, the millimeter-wave-optimized ray denoising method is proposed, which utiliz-
es the information from the current frame’ s millimeter-wave radar point cloud as prior knowledge to assist in propos-
al generation, thereby enhancing the query feature representation for the camera. The proposed algorithm is trained

and validated on the large-scale public dataset nuScenes, with the NDS reaching 56.7% on the backbone of

Resnet50.

Keywords: autonomous driving; deep learning; object detection; multi—sensor fusion
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Method Input Backbone Image Size NDS mAP mATE mASE mAOE mAVE mAAE
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RCBEV4d C+R Swin-T 448 x 800 49.7 38. 1 0. 645 0.265 0.455 0. 406 0.176
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