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Abstract

Passive terahertz imaging equipment is constantly used in human body security check. In the spe-
cific security situation such as airport, it is necessary to detect small object contraband quickly
and accurately. Due to the low resolution of passive terahertz image, the traditional detection al-
gorithm and simple deep learning algorithm cannot meet the needs of accuracy for small object
detection in human body security check. In this paper, according to the low resolution of passive
terahertz image, we preprocess the image before object detection. To improve detection accuracy
for small objects, we optimize the architecture and default boxes of SSD model. For small object
detection, our method, the optimized SSD with preprocessing, can improve accuracy to 73%. For
common object detection, our method can achieve 76% mAp.
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Figure 1. The passive Terahertz body image
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Figure 2. The Diagram of de-noise algorithm effects
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Figure 3. The histogram of images
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Figure 4. The Comparison of SSD network and the optimized SSD network
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Table 1. Comparison of accuracy and speed of various network for small object detection in the passive terahertz image
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Table 2. Comparison of accuracy and speed of algorithm for passive terahertz image
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Figure 5. The detection examples with different model
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