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An Improved Recognition Method for Electromagnetic Signal Targets
Based onYOLOVS Architecture

LU Hexu', CHEN Danwei', LUO Shengmei®
(1. School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China;
2. Zhongfu Information Inc. , Nanjing 211899, China)

Abstract: To address the problem of identifying target signals from multiple overlapping electromagnetic signals in both time and
frequency domains, an electromagnetic signal target recognition method based on an improved YOLOV5 architecture is proposed. The
improved YOLOv5 algorithm is used to increase the detection accuracy of target signals in time-frequency images of electromagnetic
signals. The MobileNetV3 is used as the backbone network to achieve a balance between precision and speed with the backbone net-
work lightweight. The adaptive spatial feature fusion (ASFF) module is introduced into the feature pyramid network module to merge
the features of different scales and adjust the loss function, thereby enhancing the network’s ability to perceive various scale targets.
The improved YOLOvVS5 algorithm is compared with the original YOLOvV5 algorithm and the SSD algorithm on a custom electromagnet-
ic signal time-frequency image dataset. Experimental results show that the improved method significantly enhances the detection capa-
bility of target signals in time-frequency images., demonstrating a certain practical value.
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