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Improved YOLOV4 for dangerous goods detection in X-ray inspection

combined with atrous convolution and transfer learning
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Abstract: In response to the complex backgrounds of X-ray security images, serious overlap and occlusion
phenomena, and the large differences in the placement and shape of dangerous goods, this paper improves the
network structure of YOLOV4 for dangerous objects detection by combining atrous convolution with the At-
rous Space Pyramid Pooling (ASPP) model to increase receptive field and aggregate multi-scale context in-
formation. Then, the K-means clustering method is used to generate an initial candidate frame that is more
suitable for dangerous goods detection in X-ray inspection images. Cosine annealing is used to optimize the
learning rate in model training to further accelerate model convergence and improve model detection accur-

acy. The experimental results show that the proposed ASPP-YOLOV4 in this paper can obtain an mAP of
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85.23% on the SIXRay dataset. The model can effectively reduce the false detection rate of dangerous goods

in X-ray security images and improve the detection ability of small targets.

Key words: X-ray security images; YOLOV4; atrous convolution; spatial pyramid pooling; cosine annealing
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Tab. 2 Cosine annealing decay process
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Fig. 4 Loss decline curves during training process
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Tab. 5 The performance of ASPP-YOLOv4

25 AP Precision Recall F1-Measure
Gun 95.78% 98.44% 85.32% 091
Knife 81.39% 91.48% 67.40% 0.78
Wrench 77.84% 81.61% 71.05% 0.76
Pliers 87.36% 93.15% 75.79% 0.84
Scissors 83.76% 86.28% 76.23% 0.81
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Tab. 6 Comparison of YOLOv4 performance before

and after improvement

Ik mAP Precision Recall F1-Measure
YOLOv4 83.11% 90.35% 73.00% 0.80
ASPP-YOLOv4  85.23% 90.20% 75.16% 0.82
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