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Abstract: Image inpainting is a technique that uses information from known areas of an image to repair missing or
damaged areas of the image. Image editing software based on it has made it easy to edit and modify the content of
digital images without any specialized foundation. When image inpainting techniques are used to maliciously
remove the content of an image, it will cause confidence crisis on the real image. Current researches in image
inpainting forensics can only effectively detect a certain type of image inpainting. To address this problem, a passive
forensic method for image inpainting was proposed, which is based on a two-branch network. The high-pass filtered
convolutional network in the dual branch first used a set of high-pass filters to attenuate the low-frequency
components in the image. Then features were extracted using four residual blocks, and two transposed convolutions
were performed with 4x up-sampling to zoom in on the feature map. And thereafter a 5x5 convolution was used to
attenuate the tessellation artifacts from the transposed convolutions to generate a discriminative feature map on the
high-frequency components of the image. The dual-attention feature fusion branch in the dual branch first added a
local binary pattern feature map to the image using a preprocessing block. Then the dual-attention convolution block
was used to adaptively integrate the image’s local features and global dependencies to capture the differences in
content and texture between the inpainted and pristine regions of the image. Additionally, the features extracted from
the dual-attention convolution block were fused, and the feature maps were up-sampled identically to generate the
discriminative image content and texture on the feature maps. The extensive experimental results show the proposed
method improved the F1 score by 2.05% and the Intersection over Union(IoU) by 3.53% for the exemplar-based
method and by 1.06% and 1.22% for the deep-learning-based method in detecting the inpainted region of the
removed object. Visualization of the results shows that the edges of the removed objects can be accurately located on
the detected inpainted area.

Keywords: image forensics, image forgery detection, deep learning, attention mechanism
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Table 4 Detection results of different losses on different image inpainting datasets
I BERLER R IR AR BB S FEHLERR IR S ST BB B
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Table 5 Detection results of ablation experiments
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KR IEEI F1 250E BUREEN F1080E
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Table 6 Detection results of different models on different image inpainting datasets
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Figure 5 The actual detection results of different models
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Table 7 F1 scores of robust detection results for different models

HALERES REFIEBIEE
SCHR JPEG JE4i rE TSR] JPEG JE4ii e TSR]
QF95 QF75 333 S 5x5 EiT QF95 QF75 3x3 miitx 5x5 miit%
SCHR[17] 0.622 198 0.504 967 0.857 684 0.812 820 0.880 446 0.811 035 0.785 285 0.728 888
SCHR[18) 0.785 101 0.726 922 0.849 848 0.734 478 0.921 320 0.739 590 0.911 001 0.897 738

AL 0.791 670 0.773 700 0.885 564 0.868 461 0.937 303 0.880 019 0.932 124 0.924 232
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