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Abstract: Recently, research of classification and/or detection using network traffic has attracted a lot of
attention. The “five-tuple information” which comprises of source and destination IP addresses, source and
destination port numbers and type of protocol has been widely used in traffic analysis. As for accurate
characterization of traffic, it is important to extract features of the traffic as well as using advanced data and
machine learning techniques. This paper shows a survey of traffic analysis aspect from the feature extraction.
This paper then presents an issue and its possible solution, a bag of features for deep learning that does not
depends on the development of new features. This paper finally shows my consideration toward exploratory
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A Consideration for Traffic Analysis toward Exploratory Data Analysis

data analysis and preliminary implementation of a visualization tool based on virtual reality.
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