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Abstract
In the field of autonomous driving, challenging lighting conditions (such as low light, overexposure,
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glare, and spatially non-uniform brightness) can lead to degradation of visual features, thereby sig-
nificantly reducing the accuracy and reliability of object detection, especially for small-scale and
partially occluded targets. To address these issues, this paper proposes a vision-LiDAR multi-sensor
fusion object detection method based on an improved CLOCs framework. Within a unified fusion
framework, the semantic information from 2D images and the structural information from 3D point
clouds are jointly utilized. By improving the CLOCs algorithm, effective cross-modal feature comple-
mentarity is achieved, thereby enhancing detection performance in complex scenarios. In addition,
to mitigate feature instability caused by illumination variations, an illumination-robust optimiza-
tion strategy is introduced to improve the model’s adaptability under low-light, glare, and overex-
posed conditions. Experimental results demonstrate that the proposed method achieves 55.6% and
75.3% on the mAP@0.5:0.95 and mAP@0.5 metrics, respectively, outperforming several main-
stream methods to varying degrees. Further analysis shows that the method maintains strong de-
tection performance across objects of different scales, with particularly notable advantages in de-
tecting small and medium-sized targets. The proposed method exhibits strong performance in
terms of detection accuracy, environmental adaptability, and robustness, indicating its potential for
practical applications.
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Figure 1. Architecture diagram of the CLOCs network
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Figure 2. Architecture diagram of the CLOCs network
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Figure 3. Lighting test subset samples
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Table 1. Average precision table of different models

=1 TRIERENTIRER

Y MAP@0.5:0.95/% API/% APM/% APs/% MAP0.5/%
PointPillars 48.3 83.5 60.9 42.1 69.8
CenterPoint 50.1 84.1 61.2 42.7 70.3
BEVFormer 314 74.2 40.8 30.1 424
BEVfusion 48.5 86.7 62.5 43.9 72.7

CLOCs 52.5 87.4 63.8 47.2 73.6

Ours 55.6 89.6 68.9 50.3 75.3

FEAEAARRG I BE 5 1H, A7 14E mAP@0.5:0.95 FiA % 55.6%, #¢ PointPillars (48.3%). CenterPoint
(50.1%). BEVFusion (48.5%)#ll CLOCs (52.5%)%; il $#2 Tt 7.3%. 5.5%. 7.1%#H1 3.1%; £ mAP@0.5 FHX
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Figure 4. BEVfusion target detection results in complex lighting scenarios
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Figure 5. The proposed method achieves accurate object detection results in complex lighting scenarios
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