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Face recognition based on dual-channel residual convolution network
WU Tao, CAI Maoguo, SHEN Chongchong, ZHOU Hang

(College of Electronics and Information Engineering, Shenzhen University, Shenzhen Guangdong 518000, China)

[ Abstract] Although face recognition technology has made great achievements, how to improve the accuracy of different pose,
illumination and expression recognition is also facing great challenges. In order to further improve the accuracy, the neural network
model is designed more and more complex, which directly leads to the phenomenon of gradient disappear in the back—propagation.
In order to solve these problems, this paper proposes a two channel convolution residual network model with fewer parameters under
complex conditions. The model consists of multiple input channels, which learn different features of input image together. The
original image is taken as the input of the first channel, and then the first derivative feature of the original image is extracted by
Sobel operator, which is taken as the input of the second channel. After fusion, the face feature information from the two channels
converges in a residual module, then passes through the average pool layer, and finally is used for recognition. The network model
has the advantages of simple structure, less parameters, fast speed and high accuracy. The model is trained and tested on FERET,
AR and Fei datasets. The experimental results show that this method is superior to some advanced methods.
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Fig. 3 The architecture of dual-channel residual network
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Tab. 1 The total params about dual-channel residual network
Channell Channel2
Name Filter Size/Stride  Output Size #param Name Filter Size/Stride  Output Size #param
input - 64 * 64 * 3 - Input - 64 = 64 * 1 -
Convl 5%5/1 64 * 64 * 32 2.4k Convl 3%3/1 64 * 64 * 32 0.28k
Pooll 2%2/2 32 %32 %32 - Pooll 2%2/2 32 %32 %32 -
Conv2 5%5/1 3232 %64 51k Conv2 3%3/1 32 %32 % 64 18.5k
Pool2 2%2/2 16 * 16 * 64 - Pool2 2%2/2 16 * 16 * 64 -
Conv3 3%3/1 16 16 * 128 73.7k Conv3 3%3/1 16 # 16 = 128 73.7k
Pool3 2%2/2 8 #8128 - Pool3 2%2/2 88+ 128 -
Concatenate : 8 * 8 * 256
Name Filter Size/Stride Output Size #param
Res Unit 1#1/1 8 %8 x 64 16.3k
3%3/1 8% 8 x 64 36.8k
1%1/1 8 8+ 256 16.3k
Ave—pool 8 8/8 256 -
SoftMax Num -
total 288.98k
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Tab.3 Comparision of recongnition accuracies on AR

Method Accuracy
CFV + LRA 0.991 6
WSRC!#! 0.944 3
ASRC! 0.947 1
LCSpTHO] 0.991 6
TWR + PCA[! 0.991 0
DRR + KNN!'2J 0.990 0
MFL '3 0.918 6
NUPDWT 0.982 1
The Proposed 0.997 0
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Tab. 4 Comparision with different architecture on FERET

Method Accuracy
VGGNet16 0.993 0
ResNet18 0.970 7

The Proposed 0.998 3

®5 TEARBERELAREZNEREILE

Tab. 5 Comparision with different architecture on AR

Method Accuracy Method Accuracy
CFV 0.9755 VGGNet16 0.992 4
MDSP+KNN 0.854 4 ResNet18 0.997 5
LBPNet 14 0.968 5 The Proposed 0.996 7
pep 0.928 0 %6 T FEI$URE F R RS AT
Extended PLS 0.916 2 Tab. 6 Comparision with different architecture on FEI
PCANet!®] 0.972 6 Method Accuracy
ESRC! 0.947 0 VGGNet16 0.921 2
ANN 0.940 0 ResNet18 0.952 2
The Proposed 0.998 3 The Proposed 0.992 0
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