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Abstract With the rapid development of new technologies like mobile internet, Internet of Things and 5G communica-
tion network, more and more infrastructures,devices and data are generated,such as hundreds of millions of network ac-
cess points.networked devices,applications as well as massive data. Thus,great difficulties and challenges are brought
to fault tolerance,cyberspace security, leading to some traditional solutions become inefficient to such large scale and
complex security problems. Meanwhile, the increase of network big data presents unprecedented opportunities on deeply
mining and taking full advantage of the big value of network big data. Big data analytics can extract hidden, valuable pat-
terns,and useful information from big data. Therefore,both academia and industry have been attracted again by network
field based on big data analytics,and have made certain research achievement. Researches on network field mainly in-
volve four research directions,namely wireless network, SDN network, optical network and cyberspace security. First,
the survey starts with the introduction of the big data basic concepts,data model and data analytics. Second, there is a
detailed review of the current academic and industrial efforts toward network design using big data analytics. Third, the
main network design cycle is illustrated by employing big data analytics. This cycle represents the umbrella concept that
unifies the surveyed topics. Forth,the challenges confronted by the utilization of big data analytics in network design are
identified. Finally,several future research directions are highlighted.

Keywords Big data analytics, Network optimization, Spectrum management, Traffic prediction,Cyberspace security
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Fig. 1 Typical applications of big data analytics in network
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Table 1 Categories of network big data
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Table 3 Applications of big data analytics in wireless network
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Fig. 6 Map/Reduce process for RWA algorithm
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