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Image resampling detection with random factor based on convolu-
tional neural network
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(1. School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201600,
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Abstract ; Image resampling detection is an important task in the field of image forensic. The purpose is to
detect whether the image is resampled. Current methods based on deep learning are mostly aimed at
fixed resampling factors. However, they rarely consider the case that the resampling factors are com-
pletely random. In this paper,according to the principle of interpolation involved in resampling opera-
tion,an efficient preprocessing structure is designed to avoid the interference of image content. Then re-
sampling features are extracted and screened by deformable convolutional layer and efficient channel at-
tention mechanism respectively,so as to effectively improve the performance of convolutional neural net-
work in extracting resampling features with different resampling factors. The experimental results show
that whether for uncompressed resampling images or resampling images after JPEG compression, the
method can detect effectively,and the prediction accuracy is greatly improved compared with the current
methods.
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Fig. 1 Effects of resampling operation on an image
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Fig. 2 Visualization of preprocessing on image by K,
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Fig. 3 The detailed structure of the proposed model
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Tab.1 The detailed structure of the proposed model

Structure Layer Input size¢  Qutput size
Preprocessing  Preprocessing layer  128x128x1

structure Concat 128%128%2

Deformable
: 28 %128 %2 4 %6
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Fig. 4 Prediction accuracy with size set of S;s
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Tab.2 Prediction accuracy with different image size sets

Model S, S, S; S,

BAYAR's model™  97.62% 97.17% 97.32% 97.30%

PENG's model"'™  97.15% 97.04% 96.60% 96.54%

Proposed model 98.39% 98.18% 98.11% 98.16%
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Tab.3 Resampling detection accuracy with different

sizes after JPEG compression

Model 256 X256 128X 128 64X 64
BAYAR's model™  77.64%  72.75%  68.55%
CAQ’s model ™ 84.95%  80.21%  73.97%
PENG's model™" 77.80% — —
Proposed model 90.63% 85.26% 77.39%

3.2.4 FRREIELH EW RS T KA BEAE N L

IR S 0 v R A TR AR A A (B O R B
HHTA 3 Fl R E R AEAE LA ) 2
T I8 A S5 i v A A7 B A RO AN T
BT 3 LS, B ST AT AR R X R G A 4R AR Y
256 X256 1L XIS i JPEG B F Q=285 1
FEGE AL B, SR J5 7 DL Sy R 88 % BEIG adk 47 B SR A
Y, HE TR SR AR A 1 7 12k 43 S0 4 e 30 40 4 (B 7 O WL
A AR (1 D % AL A7 {92 (7 i 30 & 4 v LR
P A 1V RS = A A 3k v B ATLD 46 {8 L % EE R FE S
HEME 8T 256 X 256 [yl XI5 8 TJPEG [ & [F
F Q=85 Wy EgE b, HATHE] 1 M E 35000 HF A
SR AL R JPEG EAR Bis £ 3 A&
35000 i LAAS [F] 475 {8 55 2 F R AR 19 JPEG BIHS £ 4
o XTI YN 2R, Horp 60 000 1 H T I 25, 10 000
g T I

SLEGLE RN 4 iR B85 AR 3 T, 45 B
AR St i AT 408 47 (i 92 A B A PR A% T D o R
15 o T 970 1 e 72 o % R0 R 2R g 0 0 o iy 23R A
I A 2B R 2D a0 BAYAR #9158 5 7E K [A]
LR E] T 9. 34 %0 (g 22 BE Wi AR S ik KA
BT 1. 77 % AR FFAE 90 %6 22 A7 5% DL A T 0 o
1 %6, U B S [) AR Xt R [ 47 1R 5 0k B — o 1 A
Xof s HLAR SCASE AR X6 AN [] 4 A R 72 A 3 1) B R AR R
G ELA v 1 3

x4 AFAFEEEEW JIPEG EXRFRNAFRHE
Tab.4 Resampling detection accuracy with different

interpolation algorithms after JPEG compression

Model Nearest  Bilinear ~ Random
BAYAR's model™  84.92%  75.58%  77.08%
CAQ's model " 89.37%  84.85%  85.05%
PENG's model!'™ 84.38%  78.02%  74.96%
Proposed model 91.53%  90.47%  89.76%
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Tab.5 Prediction accuracy of JPEG resampling images

based on different datasets

Model BOSSbase ALASKA?2
BAYAR's model™! 78.39% 88.55%
CAO's model"'™ 82.11% 94.31%
PENG's model'™ 79.01% 87.54%
Proposed model 85.12% 95.22%
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Tab. 6 Prediction accuracy of models with different filters

Model with filter Accuracy/ %
K, 84. 84
K, 84.18
K, +K; 84.79
K, +K; 84.24
K, +K, +K; 85. 30
Proposed model 85. 26
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Tab.7 Prediction accuracy of models with different structure

Model with different structure Accuracy/ %
Without preprocessing layer 49.77
Without deformab‘le convolutional 33,8
layer and ECA module :
Proposed model 85. 26
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