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Work Image Size Patch Size

Sahu ef al., WIFS(2018) 1024 x 1024 512 x 512
MISLnet (Bayar et al., TIES 2018) 266 7% 256 256 X 256
Lietal., TCSVT(2018) 512 % 512 6512 X 512
Verma et al., Elsevier(2018) 512 x 384 128 x 128
Kirchner et al., WIFS(2009) 1024 x 1024 512 x 512
Bianchi et al., WIFS(2012) 1024 x 1024 512 x 512
Quan et al., TIFS(2018) <1024 x 1024 233 x 233
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Picture size

Images occur in all
kinds of sizes and
dimensions..
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Experiments on MISLnet (Bayar et al., TIFS 2018)

Patch size / Resampling Factors
Img Resolution 0.6 038 1 1.2 1.4 Avg Acc %
256 x 256/1024 x 1024 | 99.3 98.8 99.1 994 99.0 99.0
256 x 256 /Variable 89.0 735 975 96.6 934 89.90
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‘%ivﬂ@mg Strategy - A Blind Techmque w/o prlors

Output dimension (fixed) : 8 x 8 x C f{
Input dimension : 256 x 256 x C
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Branched}!et}work - A Non Blind Technique with priors
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Branched Network - A Non Blind Technique with priors
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Branched Network - A Non Blind Technique with priors
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Method

Resampling Factors

0.6 1 1.4 Avg

MISLnet ( Bayar et al. TIFS 2018) | 84.7 98.0 949 90.3
Quan et al. TIFS(2018) 80.4 97.3 95.8 89.9
Chen et al. JRTIP(2019) 73.4 913 949 87.7
[terative Pooling Strategy (ours) 98.6 98.4 94.8 96.6
Branched Network (ours) 08.4 98.0 99.5 98.7

Image Resolutions: 512x512, 1024x1024,
3008x2000, 4288x2848 and 4928=3264




Method Resampling Factors
0.6 0.8 1 1.2 14 Avg
MISLnet ( Bayar et al. TIFS 2018) | 84.7 777 98.0 963 949 90.3
Quan et al. TIFS(2018) 804 789 973 97.1 958 89.9
Chen et al. JRTIP(2019) 734 79.13 973 94 949 87.7
[terative Pooling Strategy (ours) | 98.6 97.1 984 943 9048 96.6
Branched Network (ours) 984 990 98.0 98.8 99.5 98.7
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Resampling Factors

0.6 0.8 1 1.2 14 Avg

MISLnet ( Bayar et al. TIES 2018) | 84.7 77.7 98.0 963 949 90.3
Quan et al. TIFS(2018) 804 789 973 97.1 958 899
Chen et al. JRTIP(2019) 734 79.13 973 94 949 87.7
[terative Pooling Strategy (ours) 98.6 97.1 984 943 948 96.6
Branched Network (ours) 984 99.0 98.0 988 99.5 98.7

MISLnet, Quan et al. & Chen et al.

Give ~99% for fixed resolution images




Method

Resampling Factors

0.6 0.8 1 1.2 14 Avg

MISLnet ( Bayar et al. TIES 2018) | 84.7 77.7 98.0 963 949 90.3
Quan et al. TIFS(2018) 804 789 973 97.1 958 899
Chen et al. JRTIP(2019) 734 79.13 973 94 949 877
[terative Pooling Strategy (ours) 98.6 97.1 984 943 948 96.6
Branched Network (ours) 984 99.0 98.0 988 99.5 98.7

MISLnet, Quan et al. & Chen et al.

Give ~99% for fixed resolution images

But lose ~10% accuracy with images of variable resolution




onclusion

Flexible patch size at inference.
Scales easily with variable resolution.
lterative Pooling Strategy w/o priors.
Branched Network with priors.
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Multi-patch Aggregation Models for Resampling Detection

Images captured nowadays are of varying dimensions with smartphones and DSLR's allowing users to choose from a list of
available image resolutions. It is therefore imperative for forensic algorithms such as resampling detection to scale well for
images of varying dimensions. However, in our experiments, we observed that many state-of-the-art forensic algorithms are
sensitive to image size and their performance quickly degenerates when operated on images of diverse dimensions despite re-
training them using multiple image sizes. To handle this issue, we propose a novel pooling strategy called ITERATIVE POOLING.
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