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Recognition of Wireless Radio Signal Modulation Methods
based on Artificial Intelligence

WU Jiawei', HE Jie’, TANG Yulin’
(1. College of Electronic Engineering, Chengdu University of Information Technology, Chengdu 610225, China;2. Sichuan Tianfu New
Area Science and Technology Innovation and Talent Service Bureau, Chengdu 624000, China;3. Sichuan Provincial Radio Monitoring Station
Chengdu 610000, China)

Abstract ; In recent years, the proliferation of wireless radio businesses and organizations has exacerbated the degradation
of the electromagnetic environment. Therefore , the identification of modulation methods for wireless radio signals has be-
come a crucial research focus. This paper proposes an Al-based method for recognizing modulation methods of wireless
radio signals. By leveraging the distinctive features of different wireless radio signals in time-frequency analysis plots, the
ResNet50 deep learning model is employed for the classification of modulation methods. The recognition accuracy on the
test set reaches 95% . Comparative analysis with traditional neural network methods validate the accuracy and reliability
of the proposed approach. Experimental results indicate the significance of this method in the recognition of wireless ra-
dio signal modulation methods.

Keywords : radio signal;artificial intelligence ;modulation recognition ; time-frequency analysis



