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Image copy-move forgery detection based on depth feature extrac-
tion and graph neural network matching

CHEN Wenxia, WEI Weiyi® , TAO Hong

(School of Computer Science and Engineering, Northwest Normal University, Lanzhou, Gansu 730070, China)

Abstract : An image copy-move forgery detection (CMFD) algorithm based on depth feature extraction
and graph neural network (GNN) matching is presented to solve the problem that feature extraction is
not uniform in image and single-scale superpixel segmentation has a strong impact on the result of forged
location. Firstly.the image is segmented into multi-scale superpixels and the depth features are extrac-
ted. To ensure sufficient number of feature points, the uniformity of feature point distribution is calculat-
ed in the unit of superpixels,and the feature extraction threshold is reduced adaptively. Then a novel
GNN feature matcher based on attention mechanism is introduced to perform iterative matching between
superpixels,and random sample consensus (RANSAC) algorithm is used to eliminate mismatching. Fi-
nally,the multiscale matching results are fused to accurately locate the tampered areas. Experiments
show that the proposed algorithm has good performance and the applicability of the GNN in the field of
image tampering detection.
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Fig. 1 Algorithm flow chart of this paper
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Fig. 2 Structure diagram of FCN feature extractor
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Fig. 6 Results after eliminating false matching
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Tab.1 Parameter of FCN feature extractor network

Module Layer name Stride Size  Number
Conv 1 3X3 64
Conv 1 3X3 64
Maxpool 2 2X2 —
Maxpool 2 2X2 —
Encoder
Conv 1 3X3 128
Conv 1 3X3 128
Maxpool 2 2X2 —
Maxpool 2 2X2 —
Interest point Conv 1 3X3 256
Decoder Conv 1 3X3 64
Descriptor Conv 1 3X3 256
Decoder Conv 1 1X1 256

R 2 GNNHILAEREERSH

Tab.2 Parameter of GNN feature matcher model

Parameter name Values
Maximum number of keypoints detected 1024
Keypoint detector confidence threshold 0. 005
NMS radius 4
Number of Sinkhorn iterations 20
Match threshold 0.2
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Fig. 8 Comparison of detection results of different algorithms on GRIP dataset
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Tab.3 Comparison of experimental results of different

algorithms on GRIP dataset
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Fig. 13 Comparison of experimental results of different algorithms on FAU dataset: (a) Comparison of JPEG compression
experiment results; (b) Comparison of adding noise experiment results; (c¢) Comparison of rotation transformation

experimental results; (d) Comparison of scaling transformation experimental results
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