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Passive Image-splicing Detection Based on Multi-residual Markov Model
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Abstract Aiming at the problem that calculating the difference matrix singly for the traditional Markov feature is not
robust to the splicing detection, this paper presented a color multi-residual type Markov feature for splicing detection.
This method introduces the residual model from rich models for steganalysis(SRM) to improve the traditional Markov
features,respectively extracts 10 different types of Markov features from three color channels, and trains 30 unique

SVM classifiers to make the classification through the proposed decision-making algorithm. This method achieves the

accuracy of 95.40% at Columbia image splicing detection evaluation dataset.
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Fig. 2 Multi-residual Markov feature extraction framework
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