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Image forgery detection algorithm based on
U-shaped detection network

WANG Zhuzhu
School of Cyber Engineering, Xidian University, Xi’an 710071, China

Abstract: Aiming at the defects of traditional image tampering detection algorithm relying on single image attribute, low
applicability and current high time-complexity detection algorithm based on deep learning, an U-shaped detection net-
work image forgery detection algorithm was proposed. Firstly, the multi-stage feature information in the image by using
the continuous convolution layers and the max-pooling layers was extracted by U-shaped detection network, and then the
obtained feature information to the resolution of the input image through the upsampling operation was restored. At the
same time, in order to ensure higher detection accuracy while extracting high-level semantic information of the image,
the output features of each stage in U-shaped detection network would be merged with the corresponding output features
through the upsampling layer. Further the hidden feature information between tampered and un-tampered regions in the
image upon the characteristics of the general network was explored by U-shaped detection network, which could be real-
ized quickly by using its end-to-end network structure and extracting the attributes of strong correlation information
among image contexts that could ensure high-precision detection results. Finally, the conditional random field was used
to optimize the output of the U-shaped detection network to obtain a more exact detection results. The experimental re-
sults show that the proposed algorithm outperforms those traditional forgery detection algorithms based on single image
attribute and the current deep learning-based detection algorithm, and has good robustness.
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