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Area Detection of Automobile Fuel Tank Cap Based on Deep Learning
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Abstract: Aiming at the low accuracy of the traditional target detection method for the shape recognition of the fuel tank cap, a
new method for the detection of the fuel tank cap region based on attention mechanism and deep learning is proposed. First of
all, Yolov5 algorithm is improved by adding attention module to enhance the detection accuracy of Yolov5 algorithm for small
target objects; Then, SE module and CBAM module are added to C3 module and the last layer of backbone network respectively;
Finally, through the comparison of the training results of Loss and mAP, we can find out which module is added at which position
to improve the accuracy of target detection better. The experimental results show that after the SE module is partially fused in
C3, the loss is smaller and closer to 0, and the detection ability is improved. The mAP is improved by 0.5%. The target detection

based on the improved algorithm increases the confidence by about 2%.
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