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Tampered Image Recognition Algorithm Based on Progressive
Hybrid Feature

Peng Yihang, Ye Wujian, Liu Yijun
School of Information Engineering, Guangdong University of Technology, Guangzhou,
Guangdong 510006, China

Abstract Aiming at the disadvantage that the existing detection algorithms are difficult to resist combined attacks, a
copy-move forgery recognition algorithm based on mixed features is proposed. Different from the traditional algorithm
using fixed threshold, the proposed algorithm uses the similar sub-block extraction method without threshold to select the
sub-block with high correlation. At the same time, in order to obtain more local information, an adaptive sub-block
synthesis scheme is proposed to avoid sub-block aliasing. In addition, aiming at the problem that scale-invariant feature
transform (SIFT) features cannot distinguish natural similar regions from tampered regions, the proposed algorithm
combines the advantages of moment features to extract the progressive hybrid features of synthetic sub-blocks, so as to
reduce the false alarm rate of the algorithm. The experimental results show that the true positive rate (TPR) and F1 of the
proposed algorithm are 97.2% and 92. 9% on MICC-F2000 data set and 98. 2% and 95.1% on MICC-F220 data set,
respectively, indicating that the proposed algorithm has good detection ability.

Key words imaging systems; copy-move forgery; hybrid feature; image tamper recognition; SIFT; Hu moment
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Table 1 Type of geometric attack in MICC-F220 dataset

Parameter G1 G2 G3 G4 G5 G6 G7 G8 G9 G10
a/(%) 0 10 20 30 40 0 0 0 10 20
L, 1 1 1 1 1 1.2 1.3 1.4 1.2 1.4
L, 1 1 1 1 1 1.2 1,3 1.4 1.2 1.4
# 2 MICC-F2000 %4 4 JUff 2 it 2 7Y
Table 2 Type of geometric attack in MICC-F2000 dataset
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1,5 2.0 0.7 0.5 1.7 1.3 1.2 0.7

6/ 0 5 25 70 90 0
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Table 3 Attack type
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Table 4 Experimental results of each stage

Algorithm TPR /% FPR/% F1/%
Soni 97.5 8.5 94.7
Non-threshold method 98.2 9.09 94.6
Non-threshold method+
98.2 8.1 95.1
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Table 5 Comparison of running time

Algorithm Time /s
Silva'""’ 39
Pun'" 399
Pun"" 123
Ryu” 565
Soni-™! 38

Proposed algorithm 47
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Fig. 10 Comparison of results on MICC-F220 dataset
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Table 6 Performance comparison between proposed algorithm
and CKN algorithm

Algorithm TPR/%  FPR/% F1/%
CKN 93 11 87.2
Proposed algorithm 97.2 6.4 92.9
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