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Survey on Image-Based Spam Filtering Technology \
SONG Wen, ZHANG Ming-Xing, PENG Tai-Le '
(School of Computer Science and Technology, Huaibei Normal University, Hualbel 235000, China)

Abstract: This paper firstly introduced the ‘basic concept of image-spam. And then it classified image-based spam
filtering technology according to different stefndards. Meanwhile, it analyzed and evaluated the popular and major
image-based spam filtering methods and technologies. Then it discussed and compared two categories five classification
algorithms which have been used in image-based spam filtering were outlined. Finally, it gave some future directions of

research on the techniques of image-based spam filtering.
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