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Manipulation Mask Manufacturer for Arbitrary-Scale"Supér-Resolution Images
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[ Abstract] In the field of Image Manipulation Localization (IML), the limited quantity and poor quality of existing
datasets hinder model generalization and robustnes§. To addfess this, a Manipulation Mask Manufacturer (MMM)
framework that integrates a super-resolution modile to mitigate clarity discrepancies between the original and
tampered images is proposed. The framework generates high-quality masks by embedding and concatenating
features for effective context modeling. Based on the MMM framework, a Manipulation Mask Manufacturer
Dataset (MMMD) is constructed, whichycontains 11 069 triplets of original images, manipulated images, and
corresponding masks. MMMD encémpasses diverse manipulation types, including copy-move, splicing, Deepfake,
image inpainting, and style transfer.\Experimental results demonstrate that MMM achieves strong performance on
the CASIAv2, NIST16, and IMD2020 datasets, with F1 values of up to 0. 96 and an Intersection over Union (IoU)
of 0.90 on CASIAv2. Furthermeore, models pretrained on MMMD, such as MVSS-Net and IML-ViT, consistently
outperform those pretrainedwon conventional datasets across multiple benchmarks, highlighting the potential of the
dataset to advance research in image forensics and manipulation detection.

[Key words)] Image Manipulation Localization (IML) ; dataset of visual media; dataset generation; arbitrary-scale;
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Table 1 Comparison of the number of images in

existing tampering detection datasets

Dataset Number of Images

Columbia 180
CASIAv1 920
CASIAv2 5063
Coverage 100
NIST16 564
DEFACTO 149 587
IMD2020 2010
MMMD(Ours) 14,069
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Table 2 Performance of MMM model on different datasets

Dataset F1 ToU Precision  Recall ~ Accuracy
CASIAvV2 0. 96 0. 90 0. 95 0. 96 0.99
NIST16 0. 94 0. 89 0. 95 0.92 0. 98
IMD2020 0. 88 0. 81 0. 89 0. 88 0. 96
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Table 3 F1 values of various models pre-trained
by MMMD on different datasets

Model Columbia NIST16 IMD2020 COVERAGE

MVSS-Net  0.39/0.49  0.25/0.30 0.28/0.32 0.25/0.35

IML-ViT  0.77/0.81 0.30/0.34 0.33/0.37 0.42/0. 30
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Fig.4 F1 values visualization chart of various models
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Table 4 F1 values of various models pre-trained

by CASIAV2 on different datasets

Model COVERAGE Columbia ¢ CASIAv] VIMMD

(Ours)
Mantra-Net 0. 08 0s46 0.12 0. 08
MVSS-Net 0.27 0,40 0.53 0.27
CAT-Net 0.29 0.55 0.58 0. 30
ObjectFormer 0. 30 0534 0. 44 0.32
NCL-IML 0.22 0. 45 0. 50 0. 26
TruFor 0240 0. 88 0.71 0. 30
IML-ViT 0.43 0.76 0.72 0. 24
PSCC-Net 0.23 0. 60 0.38 0.32
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