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Facial Image Retouching Detection Algorithm Based on Multi Scale-Convolutional Neural
Network

ZHANG Meng, WANG Xiao-Feng, HU Jiao-Jiao, ZHANG De-Peng
(Faculty of Sciences, Xi’an University of Technology, Xi’an 710054, China)

Abstract: In order to solve the problem that the existing facial retouching detection algorithm has complex feature
extraction and low recognition rate, we proposed a facial retouching detection algorithm ba;ed. on Multi-Scale-
Convolutional Neural Network (MS-CNN). Different from the traditional CNN, MS-CNN adds image preprocessing,
which uses Histograms of Oriented Gradient (HOG) feature-based facialiextraction algorithm to extract the facial part
from the original image. It connects the Local Response Normalization (LRN) layer after the first pooling layer to
accelerate the convergence of the model. A multi-scale convolution layer is proposed, which cascades convolution kernel
of 1x1, 3x3 , and 5x5 to improve the classification accuracy. The experimental results show that the detection accuracy of
the proposed algorithm i599.5% in LFW data set and 92.9% in ND-IIITD data set, respectively. Compared with the
mainstream network structure and existing facial retouching detection algorithms, the detection accuracy of the proposed
algorithm is significantly improved.
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30 000 0.9727 0.0130 0.9063 0.0012
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80 000 0.9891 0.0011 0.9175 2.0887x10°°
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1.0
09 - ND-IIITD i $ i 4

08 | —— LFW i 4

Train loss

0O 1 2 3 4 5 6 7 8 9 10
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(b) MZBIR AR H 2L

& 5 MS-CNNf A 4542 LW 1 ND-IITD

4 AR fE
R4 A0 2% SR ARG T2
REE ik WK (%) RN (MB)
LeNet [ NDL-FH\?,TD ngg 84.2
AlexNet NDLEI\?,TD 2‘;:; 1143
Mipeon* D a3 526
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LFW 99.5
MSCNN b 92.9 23
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A BT LeNet (4% 9.9%, i T AlexNet X144 39.1%, S 30k
5T Mipconv M4 7.1%, 5T ResNet-50 4% 2.5%. 1 Qazi T, Hayat K, Khan SU, et al. Survey on blind image
BT KN S T I 2% S K 20 I i B vh 2 0 1 forgery detection. IET Image Processing, 2013, 7(7):
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