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Polarization Imaging Target Detection Method
Based on Improved YOLOV3

JI Hang' , LIU Ping', WANG Feng'*, ZHAI Hao'*, WU Yunzhi'?

(1. Army Artillery and Air Defense Forces College, Hefei 230031, China;
2. Anhui Province Key Laboratory of Polarization Imaging Detection Technology, Hefei 230031, China)

Abstract; The article put forward an improved algorithm YOLOv3 polarization imaging target detection
method based on the polarization of the imaging system for detecting a target within the field of view.
Taking a metal-contraction model of a tank vehicle as a cooperative target, a polarized image was acquired ,
and a polarization information data set was established after data expansion. Selecting the polarization map
as the source of the detection, the input end of the YOLOv3 network was modified according to the
characteristics of the polarization degree map. The K-means algorithm was used to cluster and analyze the
position information of the target frame, and the initial anchors for the polarized image were obtained, and

then the optimized detection network YOLO-PZ was generated. The corresponding YOLO-PZ detection
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model was trained in the Dark53 network. The AP and IOU have some improvement, and the detection fps

is above 30. After the detection experiment in the typical target scene, the detection method proposed has

the advantages of YOLOv3 and has the advantages of polarized light imaging.

Key words: polarization imaging; target detection; YOLOv3; K-means clustering; advantage combination
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