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Machine Learning Methods for Big Spectrum Data Processing

Wu Qihui, Qiu Junfei, Ding Guoru
(College of Communications Engineering, PLLA University of Science and Technology, Nanjing, 210007, China)

Abstract: With the rapid development of the mobile Internet and the Internet of Things, the number of
personal wireless devices has grown exponentially, resulting in the increase of massive spectrum data.
Therefore, the big spectrum data are literally formed. Meanwhile, the spectrum deficit is also increasing-
ly precarious. Effective big spectrum data processing is significant in improving the spectrum utilization.
Firstly, from a perspective of wireless communication, a definition of big spectrum data is presented and
its characteristics are also analyzed. Then, promising machine learning methods to analyze and utilize the
big spectrum data are summarized, such as, the distributed and parallel learning, extreme learning ma-
chine, kernel-based learning, deep learning, reinforcement learning, game learning, and transfer learn-
ing. Finally, several open issues and research trends are addressed.
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Fig. 1 Basic characteristics of big spectrum data
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