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Modulation classification based on big data in complex environment
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Abstract: With the proliferation of frequency—using devices and the advent of the era of big data,
spectrum management and control are faced with challenges of effectiveness and accuracy. Modulation
classification technology is the foundation and key part of spectrum management and control. Therefore,
the effectiveness of modulation classification technology in big data scenario is very important. This paper
considers not only the validity of the classification model under the background of big data, but also the
dynamics of noise in the complex electromagnetic environment. A big dataset containing different signals
under different Mixed Signal-to—Noise Ratios(MSNR) is constructed, and the big data is utilized to drive
the Deep Learning model, and the classification results are finally obtained. The proposed method can
realize modulation classification by training just one model, which avoids the redundancy of model training
in previous algorithms. The simulation results demonstrate the effectiveness and reliability of the proposed
method.
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