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Abstract: This paper proposes a novel multimodal collaborative perception framework to enhance the
situational awareness of autonomous vehicles. First, a multimodal fusion baseline system is built that effectively
integrates Light Detection and Ranging (LiDAR) point clouds and camera images. This system provides a
comparable benchmark for subsequent research. Second, various well-known feature fusion strategies are
investigated in the context of collaborative scenarios, including channel-wise concatenation, element-wise

summation, and transformer-based methods. This study aims to seamlessly integrate intermediate
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representations from different sensor modalities, facilitating an exhaustive assessment of their effects on model

performance. Extensive experiments were conducted on a large-scale open-source simulation dataset, i.e.,

OPV2V. The results showed that attention-based multimodal fusion outperforms alternative solutions,

delivering more precise target localization during complex traffic scenarios, thereby enhancing the safety and

reliability of autonomous driving systems.

Key words: Autonomous driving; Collaborative perception; 3D object detection; Multimodal fusion; Intelligent

transportation systems
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Fig. 1 Multisensor fusion collaborative perception framework
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V2VNet!? 89.7 82.2 86.8 73.3
Cooperl’ 89.1 80.0 82.9 69.6
F-Cooper' 88.7 79.1 84.5 72.9
AttFusel 89.9 81.1 85.4 73.6
CoBEVTM 91.4 86.2 85.9 77.3
Ours-S 89.5 82.6 86.7 76.4
Ours-C 91.1 85.0 87.0 78.1
Ours-T 91.4 85.2 88.6 78.8
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Tab. 2 Performance comparison of the proposed algorithm
under different heterogeneous modal scenarios (%)

Default Culver city
873 )
AP@0.5 AP@0.7 AP@0.5 AP@0.7
Camera-only 43.9 28.1 19.0 8.6
LiDAR-only 90.9 82.9 85.9 75.4
Hybrid-C 70.7 58.1 58.9 44.5

Hybrid-L 87.8 78.6 76.6 63.6
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