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Abstract The detection and supervision of wireless communication is usually carried out in the scene of unknown
communication mode, and the recognition of modulation is the first problem to be solved. However, due to the complexity
and uncertainty of the actual signal receiving environment, the value of statistical characteristics in the same type signal
may change, resulting in the sensitivity of the traditional modulation recognition algorithm to the statistical parameters
representing the characteristics of different types of signals, and the reduction of recognition and classification accurate.
With the application of deep learning in the field of signal processing, automatic modulation recognition algorithm based
on convolution neural network has become the current research hotspot. Aiming at the problem of automatic recognition
for communication signal modulation, this paper uses hierarchical convolutional neural network to learn the
time-frequency structure differences of modulation parameters, and uses these differences to realize accurate recognition
of communication signals. This method combines the advantages of signal feature extraction method and deep learning
recognition method, extracts the modulation parameters such as instantaneous amplitude, instantaneous frequency and
instantaneous phase, reduces the redundant information for modulation recognition useless in the signal, and constructs the
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time-frequency structure image of each modulation parameter. Then, a dedicated convolutional neural network is
constructed to learn the unique time-frequency structure of images with different modulation parameters. Finally, the
hierarchical neural network architecture is designed to cascade each dedicated convolutional neural network to accurately
determine the modulation types. In this paper, a total of 11 kinds of communication signals are automatically recognized.
This method can effectively overcome the adverse factors such as noise, frequency offset interference and receiving error,
and has high robustness and automaticity. The experimental results show that every identification accuracy of 2ASK,
2FSK, 4FSK, BPSK, QPSK, 8PSK and 16QAM, 32QAM and 64QAM, AM and FM signal is above 80%, in the
signal-to-noise ratio of size 12 dB and the presence of interference and frequency offset, is better than that of the same
condition of traditional modulation mode recognition method based on signal feature extraction and modulation mode

recognition method based on the deep learning alone.
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Table 4 Time domain characteristic parameters and
symbol representation
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Figure 24 Decision algorithm flow of time frequency characteristics
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Table 5 Recognition results of decision theory

*6 5E CNNEZRIRAIER
Table 6 Recognition results of layered CNN
algorithm

0dB 6dB 8B 10dB  12dB 14dB

AM 77%  83%  99% 100% 100% 100%
2ASK  69% 71% 100% 100%  100% 100%

FM 91% 92% 95% 96% 99% 99%
2FSK  55% 67% 88%  96% 98% 100%
4FSK  71% 97% 100% 100%  100% 100%
BPSK  45% 60% 100% 100%  100% 98%
QPSK  61% 71% 100% 100%  100% 95%
8PSK  29% 56% 70%  78% 85% 87%
16QAM  74% 87% 90% 91% 92% 93%
32QAM  76% 80%  82%  86% 90% 92%
64QAM 0% 7%  23%  63% 80% 92%

algorithm

0dB 6dB 8dB 10dB 12dB 14dB

AM 0 0 0 26% 80% 97%
2ASK 0 0 0 0 16% 78%
M 0 100% 100% 100% 100%  100%

2FSK 0 0 0 0 0 7%
4FSK 0 0 0 0 100%  100%
BPSK 0 0 3% 3% 9% 22%
QPSK 0 100% 100% 100% 100%  100%
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