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Abstract: As the threat of spam on the Internet grows increasingly severe anti-spam techniques have become a
hotspot for researchers. The authors reviewed the history current situation and latest advances in research on
spam control. First we introduced and analyzed three different types of feature exiraction methods for email. These
were text-based image-based and behavior-based approaches. Then current anti-spam techniques were described
and discussed. These included laws simple methods and intelligent approaches. After that performance evalua—
tion methods and standard data sets were discussed. Finally we summarized the current research on anti-spam
techniques and pointed out directions for future research including improvements to e-mail feature extraction tech—
niques improvements to laws and new intelligent anti-spam approaches.
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