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Improving Selection-Channel-Aware Steganalysis Fea-
tures
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Abstract Projection Rich Model (PSRM) [14], and their numer-
Currently, the best detectors of content-adaptive ous variants designed for the spatial domain [2], JPEG

steganography are built as classifiers trained on examples of
cover and stego images represented with rich media mod-
els (features) formed by histograms (or co-occurrences) of
quantized noise residuals. Recently, it has been shown
that adaptive steganography can be more accurately de-
tected by incorporating content adaptivity within the fea-
tures by accurnulating the embedding change probabilities
(change rates) in the histograms. { However, because each
noise residual depends on an entire pizel neighborhood, one

domain [27], and for color images [8] [9].
Such rich models are concatenations of histograms (for
projection type rich models and phase-aware mod-
els [27]) or co-occurrences of quantized noise resid-
uals obtained with a variety of linear and non-linear pixel
predictors. In [28], the authors proposed to compute the
co-occurrences in the SRM only from a fraction of pix-
els with the highest embedding change probability. Even
though this decreased the amount of data available for

should accumulate the embedding impact on the residual steganalysis, the anthors showed that the embeﬂﬁi&{g- a1 5 1
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