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Abstract: To enable autonomous driving systems to effectively detect and locate road potholes in complex
environments, improvements have been made to the existing YOLOV5 object detection algorithm. Firstly,
MobileNetV3 is employed to replace the original backbone of the model, reducing the parameter count and
achieving a more lightweight network design. Additionally, a BiFPN (Bidirectional Feature Pyramid Network)
module is introduced in the neck of YOLOVS5, significantly enhancing the model's performance in multi-scale
feature fusion, information propagation, feature representation, and detection accuracy, while maintaining the
lightweight nature of the architecture. Furthermore, the concept of image style transfer from Generative
Adversarial Networks (GANSs) is incorporated, utilizing PaddleGAN for data augmentation to increase the
diversity of the dataset. Finally, experiments conducted on a custom dataset revealed that the improved
YOLOVS5 algorithm achieved a 3.5% increase in accuracy, a 0.9% improvement in mAP, and an enhancement in
detection speed by 5.8 frames per second (fps). The proposed algorithm is more lightweight and enhances
detection precision, providing a valuable technical reference for pothole detection in complex environments.
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Fig.1 MobileNetV3 network model architecture
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Table 1 Comparative analysis of model training results before and after data augmentation
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Fig. 8 Detection performance of training results on the original image dataset
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Fig. 9 Detection performance of training results on the augmented dataset
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Table 3 Performance metrics comparison between other models and the proposed method

Model P mAP@0.5 RO N FEE /(o) GFLOPs Weight Size/(MB)
YOLOVSs 0.763 0.754 483 15.9 13.7
YOLOV5N 0.746 0.741 56.4 42 3.71
YOLOV5m 0.78 0.775 39.9 48.2 40.2
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YOLOV7-tiny 0.79 0.732 493 13.2 12.3
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Table 4 Comparison of Ablation Experiments

R V% P HIHZE R mMAP50 Lioallbv:9i3 FERT/(h)
1(57)
YOLOV5s 0.763 0.780 0.754 48.3 1.982
YOLOV5s+ MobileNetV3 0.759 0.764 0.749 55.6 1.885
YOLOV5s+BiFPN 0.781 0.774 0.757 46.6 1.873
YOLOV5s+ MobileNetV3+BiFPN (A7 0.798 0.772 0.763 54.1 1.964
tE)
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