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Abstract

The target detection algorithm based on the fusion of LIDAR and camera successfully improved the
perception performance of the autonomous driving system. However, previous multimodal algo-
rithms are all for detection in daytime scenes. In nighttime scenes, the detection performance will
decrease due to the low brightness of the nighttime environment and the overexposure problem
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caused by lighting. Therefore, this paper studies an improved nighttime multimodal detection algo-
rithm. First, a statistical overexposed area pixel mask module is introduced to suppress the interfer-
ence of the overexposed area by analyzing the pixel saturation characteristics; secondly, a channel
weighted fusion module based on weight normalization is introduced, and a channel-by-channel dy-
namic weight allocation mechanism is used to optimize the fusion of different modal features. The
experiment uses the full set of NuScenes dataset and its nighttime subset to verify the model perfor-
mance. The experimental results show that the average category accuracy of the improved model
reaches 74.5%, which is a performance improvement compared with the baseline method. The relia-
bility of the algorithm is verified, and the research results show good engineering value.
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Figure 1. Principle of SPM module
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Figure 2. CNW module
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Figure 3. Overall framework diagram of the model
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Table 1. Experimental environment
1. KIE

TR B85 BAF IR
CPU Intel Xeon Gold 6133 CPU BERS Ubuntu 20.04.1 LTS
GPU NVDIA RTX4090D Cuda hfit A 11.7
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B BEVFusion B8 UniBEW BB ContextualFusion EEE Ours

0.878

mAP

Car Bus Pedestrian
categories

Figure 4. Detection accuracy AP of each algorithm in main categories in night scenes
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