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Downscaling factor estimation of JPEG image based on SGF-IABC
GUO Jing, ZHANG Yujin, ZHANG Lijun, SUN Ran
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[ Abstract] Image resampling is an important means of image tampering. As the most widely used carrier, it is of great significance
to resample and detect JPEG images. According to the block effect shift of JPEG image caused by resampling, the histogram of the
adjacent extreme interval distribution of the difference is periodic, and the periodicity is greatly disturbed by the texture edge of the
image, in order to weaken this kind of interference in downscaling factor estimation. In this paper, a downscaling factor estimation
model of JPEG image is proposed, which can resist the texture edge of the image. Firstly, the image is preprocessed by secondary
guided filtering ( Secondary Guidance Filtering, SGF) to remove the texture noise of the image. On this basis, the improved
artificial bee swarm algorithm (Improved Artificial Bee Colony algorithm, TABC) is used to detect, extract and remove the edge of
the image, so as to weaken the periodic features of the image edge, so as to reduce the statistical error of the image extreme interval
histogram. Finally, the image difference extreme histogram is calculated to improve the accuracy of downscaling factor estimation.
The experimental results show that this algorithm has smaller average error than the existing algorithms, has better robustness to the
periodic interference of image texture and edge in pixel domain, and can effectively resist the double interference of texture and edge.
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Fig. 2 Graph for images without removing textures and edges
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Fig. 3 QF80 images with periodic textures and edges
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Tab. 1 The performance MAE of JPEG images with different quality factors is estimated by different downscaling factors when the kernel

function is Bicubic

A
QF Jrik 75 7 6.5 6 55 5 45 4
8 8 8 8 8 8 8 8
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Tab. 2 The performance MAE of JPEG images with different quality factors is estimated by different downscaling factors when the kernel

function is Bilinear
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