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Image manipulation localization method based on

boundary uncertainty learning
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Abstract: The limitations of current image manipulation localization methods, such as the extraction of
features at a single scale, the misdetection and omission of small tampered regions caused by background
confusion, and the uncertainty existing in prediction results, are addressed. An image manipulation
localization method based on edge uncertainty learning is proposed. The base features of the tampered
image are extracted by means of a pyramid vision transformer. A coarse localization map is then generated
through multi-level interactive coarse localization branches. To enhance the detection of small tampered
regions, a small target-aware refinement branch is employed. Multi-scale feature fusion is achieved with
the use of a dedicated module, which enables the full interaction and integration of features across different

scales. Additionally, entropy—based perceptual loss is introduced to supervise boundary uncertainty, thus
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significantly reducing the uncertainty of the prediction results. The proposed method is evaluated on five

widely—used public image tampering datasets in both im—domain and cross—domain experiments. It is

demonstrated by the results that the method can effectively localize tampered regions and outperform

existing approaches.

Key words: computer application; image manipulation localization; multi—scale feature interaction; refined

perception of small tampering areas; boundary uncertainty learning
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Fig. 1 Overall network structure of the proposed method
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Table 3 Quantitative comparison of this paper’s method
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Fig. 6 Qualitative comparison of this paper’s method with other methods
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