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Facial expression recognition based on multi-feature
fusion convolution network

WANG Jianxia, CHEN Huiping, LI Jiaze, ZHANG Xiaoming

(School of Information Science and Engineering, Hebei University of Science and Technology. Shijiazhuang. Hebei 050018,
China)

Abstract: Aiming at the problem of insufficient feature extraction and low recognition rate of convolutional neural network, a
novel facial expression recognition method based on multi-feature fusion convolutional neural network is proposed. First, to
increase the width and depth of the network, Inception architecture is introduced into the network to extract the diversity of
features; Then, the extracted high-level features are fused with the low-level features, and the pooled features are used to send
the fused features into the full connection layer, then the fused features are processed to increase the non-linear expression of
the network and enrich the features learned by the network. Finally. the output layer classifies the expressions by Softmax clas-

sifier, conductes experiments on FER2013 and CK—+, and analyzes the experimental results. Experimental results show that
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the improved network structure improves the recognition rate of facial expressions in FER2013 and CK+ data sets by 0. 06 %
and 2. 25% , respectively. The proposed method is valuable for setting up convolution neural network and parameter configura-

tion in facial expression recognition.

Keywords: computer image processing; facial expression recognition; convolutional neural network; feature fusion; feature

extraction; expression classification
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1
Tab.1 Description of improved cross-connected convolutional neural network structure parameters
X Input — — 44X 44X 1
L1 Convolution 5X5 1 44 X44X16
L2 Maxpooling 2X2 2 22X22X16
L3 Convolution 3X3 1 22X22X32
L4 Maxpooling 2% 2 2 11X 11X 32
L5 Convolution 5X5 1 11X 11X64
L6 Maxpooling 2% 2 2 5X5%64
L7 Inception 15_1:1X1
152+ 1X1;3X3
153+ 1X1;5X5
15_4: 3X3;1X1 5X5X256
L8 Meanpooling 2X2 2 2X2X256
L9 Fully-connected — — 2 048
L10 Fully-connected — — 1024
O Output — — 7
3
Python3 Keras , Windows10, :
(CPU) Intel(R) Xeon(R) E5-2630 v2, 2.60 GHz, 32 GB; (GPU)
NVIDIA Quadro K2000, 3 GB, NVIDIA CUDA Framework8.0 cuDNN |
3.1
FER2013 The extended Cohn-Kanade dataset (CK+)
FER2013 2013 Kaggle , 35 887 s
28 709 ,3 589 ,3 589 o
48 X 48 . 7 : N N N N N N o
. 3 FER2013 7 .
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i) i 2% A o
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Fig.3 Partial images of FER2013 emoji library
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Fig.4 Partial images of CK+ emoji library
, 2
y 2 R 2 , “Rotation_ Tab.2 Data enhancement parameter
range” ;s “Rescale”
3¢ Shear_range” Rotation_range 40
;“Zoom_range” Rescale 1.0/255
w w Shear_range 0.2
. - .
; “Horizontal flip s “Fill_ Zoom._range 0.2
mode” Horizontal flip True
Fill_mode ‘nearest’
3.2
s . FER2013
48 X 48 s 44 X 44 , [0,1]
, 2 . , .
FER2013 o
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Tab.3 Expression recognition rate on FER2013 database
0()
67.03 0.81 5.18 1.28 15.92 8.56 1.22
11.12 73.29 3.64 2.31 7.82 0 1.82
9.23 1.19 53.30 3.22 11.21 11.82 10.03
1.52 0 0.52 90.65 3.93 1.48 2.30
6.90 0.17 8.08 5.72 65.76 10.01 3.36
2.92 1.95 7.45 4.09 9.13 71.57 2.89
1.40 0.32 3.03 6.31 4.34 1.34 86.29
CK+ 5’ ’ 5 ’ 7 ’ b
4 , 1 . , o
5 , 5 o 4 CK-+ o
4 CK-+
Tab.4 Average facial recognition rate in CK+ database
%
98.07 0.39 0.79 0 0.21 0.45 0.09
1.91 94.25 1.83 0.17 0.42 0.86 0.56
1.64 3.15 94.65 0 0.12 0.31 0.13
0.41 0.23 0.42 97.68 0.53 0.11 0.72
1.25 0.37 0.42 0.51 96.63 0.34 0.48
3.19 0.18 0.26 0.13 0.91 94.98 0.35

0 0.31 1.02 0.27 0.26 0.22 97.92
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Tab.5 Comparison results of recognition rates of Tab.6 Comparison results of recognition rates of
different algorithms in FER2013 different algorithms in CK—+
/% /%
CNNCL16] 57.10 Lz0] 94.03
Inception[17] 71.60 LeNet-50% 83.74
VGG 72.70 96.58
72.76
4
N s 7
o VGG , )
s ; Inception . y
s s o s
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s s s o
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