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Detection of prohibited objects in passive terahertz images based on
Focal-EIOU loss function

ZHOU Min
(Electrification & Telegraphy Engineering Design Research Department, China Railway Design Corporation, Tianjin 300308 , China)

Abstract: Aiming at the problem that the image quality fluctuation of passive terahertz security
system is caused by environmental change, which affects the recognition algorithm and leads to a
significant decrease in accuracy, this paper proposes an improved YOLOv4 algorithm based on Focal-
Efficient Intersection Over Union(EIOU) loss function, and uses passive terahertz human security image to
conduct model training for prohibited items of knife and gun. A terahertz image database of people carrying
suspected objects in different environments and different positions is established, and a rich data set is
constructed by image augmentation method. The Complete IOU(CIOU) loss of YOLOv4 is improved to
Focal-EIOU loss to improve the robustness of the algorithm for terahertz image recognition, and then a
better model is obtained after training. In the test set of this paper, since YOLOv4 algorithm has low
robustness for terahertz image recognition accuracy, CIOU loss of YOLOv4 is modified and adjusted to
Focal-EIOU loss, and a better model is finally obtained through training. The mean Average Precision
(mAP) of the model trained by the improved algorithm reaches 96.4%, the detection speed is about 28 ms,
and the average value of IOU is 0.95, which are higher than those of the conventional algorithms under the
same conditions, the detection and recognition effect are improved. The experimental results show that the
proposed method can effectively improve the suspect identification accuracy of passive terahertz human
security system, which is conducive to the popularization and application of this technology in the field of
human security.
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Tablel Comparison table of model result values Table2 Comparison table of model average IOU values
experimental model Knife AP/%  Gun AP/%  maximum a posteriori/% experimental model average IOU values
improved YOLOv4 96.5 96.3 96.4 improved YOLOv4 0.95

YOLOv4 933 95.7 94.5 YOLOv4 0.82
YOLOV3 922 943 93.25 YOLOV3 0.76
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Fig.6 Target detection effect of different models
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