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Abstract: In order to meet the communication needs of the new era, the new generation communication network should have
the characteristics of faster speed, larger capacity and wider coverage. By mixing different modulation formats in communica-
tion networks, the requirements of new generation communication networks can be satisfied. Facing the situation that multiple
modulation formats are mixed and variable in future communication networks, the correct identification of signal modulation
formats can provide the basis for the subsequent use of digital technique to improve the performance. Machine learning has ob-
vious advantages over traditional methods in feature extraction and classification. The application of machine learning tech-
niques to realize modulation format identification has become a hot topic nowadays. This paper introduces several machine
learning methods applied to feature extraction-based classification schemes, and try to summarize the field by analyzing and
comparing their applications.
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Figure 1  Modulation format recognition model based on

feature extraction and machine learning
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Figure 2 Classification of modulation format recognition
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Figure 3 Modulation format recognition process
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Figure 4 Modulation format recognition schematic

diagram based on K- means
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Figure 5 Modulation format recognition schematic diagram based on SVM
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Figure 8 Modulation format recognition schematic diagram based on RNN
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