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Frequency—hopping signal modulation recognition based on
time—frequency features
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Abstract: Frequency-hopping signal shows good performance in anti—interference. Accurately
identifying the modulation methods of frequency—hopping signals can provide strong support for military
information warfare such as judging the atiributes of enemy and enemy targets and interfering with enemy
signals. Nevertheless, there is still a big gap in the modulation recognition of frequency hopping signals at
home and abroad. A frequency—hopping signal modulation recognition method based on time—frequency
features is proposed. Through Smoothed Pseudo Wigner—Ville Distribution(SPWVD) time—frequency
transformation, time-frequency images of frequency—hopping signals of different modulation types are
obtained, and the time—frequency images are sent to a Convolutional Neural Network(CNN) for feature
extraction and classification recognition. Simulation experiments prove that the proposed CNN model has
achieved better recognition results under low Signal-to—Noise Ratios(SNRs).
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Fig.2 Time—frequency transformation of WVD and its improved algorithms
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Fig.4 Schematic diagram of convolutional neural network
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Fig.5 Structure diagram of the convolutional network in this paper
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Tablel CNN parameter settings

layer filter size Num. stride layer filter size Num. stride
Input - 1 - ReLU - - -
Convl 3 64 1 Maxpooling 2 - 2
ReLU - - - Conv5s 3 256 1
Conv2 3 64 1 ReLU - - -
ReLU - - - Maxpooling 2 - 2
Maxpooling 2 - 2 FC1 512 - -
Conv3 3 128 1 FC2 6 - -
RelLU - - - Softmax - 1 -
Conv4 3 128 1
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Fig.8 Structure diagram of the convolutional network used in reference[15]
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Fig.10 Loss function training iteration curves and confusion matrix of the two models under -4 dB
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