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Research on optimization of object detection in low-light images
ZHOU Qiang

(Xuexi Co. , Ltd. , Beijing 100010, China)

Abstract: In order to solve the problems of low detection accuracy and insufficient robustness of existing object detection
algorithms in processing low —light scene datasets, a low —light object detection algorithm model YOLOvIIn_CPM based on
YOLOvI11n is proposed. Firstly, the multi—scale feature fusion module CSPP_SF is designed innovatively by improving the structure
of the SPPF module based on the Cross Stage Partial Network ( CSPNet) and introducing the pyramid squeeze attention. It can
effectively establish a longer — distance channel dependence relationship, suppress background noise, realize parameter sharing,
improve calculation efficiency and detection performance, and expand the receptive field. Secondly, by introducing coordinate
attention and replacing the SPPF of the CSPP_SF module, The CSPP_CA module is proposed, which can effectively capture the
direction position and cross — channel information, reduce the amount of calculation and parameters, and realize the model
lightweight. Finally, the MPDIoU loss function is introduced to improve the small object detection effect. Experimental results show
that the proposed YOLO11n_CPM algorithm model achieves better detection accuracy and effect in low—-light scene images, and the
mAP@0. 5 and mAP@ 0. 5:0. 95 on the ExDark dataset reach 77. 1% and 49. 8%, respectively. Compared with the original
YOLOv11n algorithm, it improves 2. 1 and 1. 2 percentage points, reduces the model size by about 40. 6% , and reduces the number
of model parameters by about 41. 7%. In order to further verify that effectiveness and generalization ability of the proposed
algorithm, the mAP@ 0.5 and mAP@ 0.5 : 0. 95 values are 46. 7% and 33. 4% respectively on 11 000 low-light (dense) images
from the LoLI-Street dataset, which are 4.9 and 1. 8 percentage points higher than the original YOLOvVI1 1n algorithm, respectively.
The model size was reduced by about 40. 5% and the number of model parameters was reduced by about 41. 5%.

Key words: object detection; YOLOvI1; pyramid squeeze attention; coordinate attention; loss function
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Table 2 Performance comparison of different model algorithms on the ExDark dataset
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