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Abstract: In this paper, a different network architecture is proposed for intelligent segmentation of
THz security inspection images based on Generative Adversarial Network(GAN) and multi-head
attention mechanism. The algorithm is prone to address the problems of low-resolution THz images,
blurred edges of dangerous goods, and inability to segment dangerous goods efficiently. More realistic
images are obtained by studying the feature map of the deep discriminator. The multi-head attention
mechanism is introduced to improve the recognition ability of the model to the characteristics of
dangerous goods. A large number of experimental results of segmentation of terahertz security inspection
images show that the proposed GAN has better generalization ability at the same depth than the
traditional Convolution Neural Networks(CNN). The introduction of multi—-head attention mechanism
strengthens the model's learning of the characteristics of dangerous goods, which also has a good effect in
the case of unknown dangerous goods category. The Intersection Over Union(IOU) index is 9.6% higher
than that of RestNet-50, 21.3% higher than that of RestNet-18, and 12.3% higher than that of U-Net.
The research is conducive to image segmentation algorithms for more accurate and efficient processing of
THz security images, which broadens further applications of THz intelligent security systems.
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Fig.2 Architecture of generator model
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Fig.3 Architecture of discriminator model
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Table1 Discriminator accuracy in different training sets(unit: %)

1K SK 10K 15K 20K 25K 30K

GANy, » 47.6 53.6 60.2 64.3 65.4 66.3 68.1

GAN, 43.1 48.5 54.6 65.4 753 81.1 83.6

GAN 46.7 51.4 583 68.9 81.1 85.2 88.4

GAN,,, 48.3 54.3 62.5 74.9 87.2 92.6 94.8

2 FREMWITN R
Table2 Objective evaluation indexes of the images

ResNet—18 ResNet—50 U—Net GAN,,, GAN,, GAN, GAN,,

10U 0.75 0.83 0.81 0.56 0.66 0.74 0.91
MSE 0.0713 0.048 4 0.031 6 0.120 1 0.091 4 0.0729 0.020 8

accuracy 0.79 0.85 0.87 0.64 0.72 0.79 0.96

(a) the original (b) ResNet-18 (c) ResNet-50  (d) U-Net (e) GAN,;, ‘ (f) ours
image
Fig.7 Comparison of terahertz image segmentation effects
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BT 5 B A 1 0 25 1 T A 2 B FE AR RS B ST AT AT OR IR AR S B, HAI Rk B % a8 ab
PRI 0 RRAE 5 5 000 25 25 A S R B E AT 48 S RCE R TR T, A TG B 4, AR SO 4 48 1Y
T0OU $& 5 HH % ResNet-50 42 55 9.6% , HH#¢ ResNet-18 #£5 21.3%, MK U-Net #£5 12.3%. LW 45 R RV, fEAK
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