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Abstract ; In this study, three commonly used speech steganography methods are analyzed. In the current network
environment , the steganography technology in VolP is a huge threat to communication monitoring. In recent years,
neural network model has achieved remarkable performance in many subjects. An improved neural network is used
to detect steganographic signals. The difference of STFT along time axis and frequency axis is constructed ,and three
channels are constructed as input data. Then an improved CNN network structure is used to capture deep-level fea-
tures. This network structure introduces the concept structure to extract features of different scales on the same con-
volution layer,and uses global average pooling to replace the full connection layer. At the same time, it improves the
generalization ability of the network. The experimental results show that the model achieves better detection results
for the three steganography methods.
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