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ABSTRACT

Paradigm shift to cloud computing has increased the importance of security. Even though
public cloud computing providers such as Amazon, already provides security related service like
firewall and identity management services, it is not suitable to protect data in cloud
environments. Because in public cloud computing environments do not allow to use client’s own
security solution nor equipments. In this environments, user are supposed to do something to
enhance security by their hands, so the needs of visualized security management arises. To
implement visualized security management, developing near realtime data handling & packet
classification mechanisms are crucial. The key technical challenges in packet classification is how
to classify packet in the manner of unsupervised way without human interactions. To achieve the
goal, this paper presents automated packet classification mechanism based on naive-bayesian and
packet Chunking techniques, which can identify signature and does machine learning by itself
without human intervention.
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