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[ Abstract] Aiming“at the problem of same frequency interference which is rather prominent in radio interference, deep
learning is applied to /the interference signals detection, and a new algorithm for detecting same frequency interference in
frequency modulation “broadcast is proposed. Transform the frequency ‘modulation broadcast signals into the time-frequency
images of wavelet which can reflect the signal characteristics, and then, those images are used as the training data of the
Convolutional Neural Network( CNN). After training the CNN,to learn/the time-frequency features of the signal,the detection
model is obtained. Experimental results show that, compared” with the traditional machine learning algorithm, the proposed
algorithm can detect whether there is same frequency interference signal in the broadcast signal more accurately, and the
accuracy can reach 95.0% .
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