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ABSTRACT

Since the mobile era, Internet traffic usage has been increasing exponentially, and through this, various intrusion accidents
and abnormal traffic are increasing rapidly. Recently, infringement accidents are occurring in a more diversified, intelligent
and complex form, and various methods other than the existing methods are required to detect them. Therefore, in this
study, a method to detect web service intrusion attempts by collecting HTTP service traffic as big data is implemented and
verified using SVM and decision tree, which is a machine learning-based supervised learning without using patterns. In order
to compensate for the limitations, I would like to study how to apply the Word to Vector method based on unsupervised
learning.
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Table 1. Normal And Attack Web Log
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Fig. 1. SQL Injection Attack Packet
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86.191.24.10:80/mysql/dbadmin/

88.191.24.10:80/mysql/mysqlmanager/
88.191.24.10:80/my=ql/sqlmanager/
sevy.eu.org/azenv.php
/88.191.24.10:80/phpmyadmin/
Ot.at.ISC.SANS.testD:)
http://proxyjudgel.proxyfire.net/fastenv
/wl0tw00t.at.ISC.SANS.DFind:)

Fig. 5. Detected Attack Log
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