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X-ray contraband detection based on improved Faster RCNN algorithm
DU Qiangian, WANG Fang, LAI Chongyuan

(School of Artificial Intelligence, Jianghan University, Wuhan 430056, China)

[ Abstract] X -ray detection of prohibited goods plays an important role in protecting public and social security. With the
development of deep learning, intelligent security inspection has also developed rapidly. This paper presents an improved Faster
RCNN algorithm for the different sizes of prohibited articles and the mutual occlusion between goods. The original VGG16 network
is replaced by the ResNeXt network with stronger image features, and the FPN network is introduced to adapt to prohibited items of
various scales. Thereafter, the CloU loss function is used to replace the original SmoothlL1 loss function. The improved Faster RCNN
algorithm is tested on the OPIXray datasets. The experimental results show that the mAP value is 12.4% higher than the original
algorithm, and compared with the current mainstream object detection frameworks, the mAP values of YOLOVS and YOLOX are 2%
and 2.2% higher respectively.
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Fig. 1 Faster RCNN network model based on FPN—ResNeXt
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Fig. 2 Schematic diagram of ResNeXt building block
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Fig. 4 Comparison diagram of prediction box and real box
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Tab. 3 Comparison of experimental results of different backbone networks
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Tab. 4  Comparison of experimental results of different loss

functions
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Fig. 6 Visual comparison diagram of test results
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