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X-ray security inspection images classification combined octave

convolution and bidirectional GRU
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Abstract: Due to the disadvantages of low accuracy and slow speed in the active vision security inspection
method, it is not suitable for real-time security inspection. Aiming at this problem, we propose an x-ray in-
spection image classification algorithm combining octave convolution (OctConv) with attention-based bid-
irectional Gate Recurrent Unit (GRU). Firstly, OctConv is introduced to replace the traditional convolution

operation to divide the input feature vector into high and low frequency, and reduce the resolution of low fre-
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quency features, effectively extracting the features of security image and reducing the spatial redundancy.
Then, the feature weight can be adjusted by dynamic learning through attention-based bidirectional GRU to
improve the classification accuracy of threat objects. Finally, a lot of experimental results on SIXRay dataset
show that the classification accuracy, AUC value and PRE of 8000 test samples are 98.73%, 91.39% and
85.44%, respectively, with a time of 36.80 seconds. Compared with the current mainstream model, the pro-

posed algorithm can improve the performance and speed of threat objects recognition in X-ray security im-

ages.

Key words: X-ray inspection images; octave convolution; bidirectional GRU; attention mechanism
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Fig. 1  Block diagram of X-ray security image classification algorithm
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Fig. 2 The structure of octave convolution
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Tab.2 Comparison results of different types of data be-

fore and after data augmentation
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Tab.3 Comparison of ACC (%) for different network

modules
Tk WX IR T T T T
InceptionV3 94.63 87.52 88.97 80.50 96.95 89.71
VGG19 97.88 9836 97.48 96.03 97.33 97.42
ResNet 98.36 99.20 98.16 96.10 97.80 97.92
DenseNet 98.69 99.25 98.18 96.16 97.65 97.99

STN-DenseNet 99.15 98.73 97.52 96.32 98.46 98.03
OnlyBiGRU 98.77 99.40 97.73 94.37 99.14 97.88
CNN-ABiGRU 98.89 99.42 98.89 97.07 98.96 98.65
OctConv-ABiGRU 98.60 99.25 99.10 97.50 99.20 98.73

H3 0 R B AR ST 224%224, IR —4L &
(=1,1), 8 Adam 1E AR EERALT L . IIZRI
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Tab.4 Comparison of AUC (%) for different network

modules
itk 3 JIR ®F HF sF TY
InceptionV3 63.34 54.57 5133 52.92 50.74 54.57
VGGI19 93.34 89.03 77.49 76.57 71.08 81.50
ResNet 94.06 88.68 76.00 73.92 60.45 78.64
DenseNet 9391 90.37 72.59 74.65 61.08 78.52
STN-DenseNet 95.69 93.58 75.60 76.98 65.09 81.39
OnlyBiGRU 92.73 93.90 68.03 73.33 89.42 83.48

CNN-ABiGRU 93.96 93.94 8222 80.09 87.99 87.65
OctConv-ABiGRU 91.53 94.59 87.84 86.15 96.70 91.39
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