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Abstract: Aiming at the problems of insufficient generalization ability, poor stability and difficulty in meeting the real-
time requirement of facial expression recognitiong ‘a rfeal-time facial expression recognition method based on multi-scale kernel
feature convolutional neural network was proposéd. Firstly, an improved MSSD ( MobileNet + Single Shot multiBox Detector)
lightweight face detection network was proposed, and the detected face coordinates information was tracked by Kernel
Correlation Filter (KCF) model to improve the detection speed and stability. Then, three linear bottlenecks of three different
scale convolution kernels were used to form three branches. The multi-scale kernel convolution unit was formed by the feature
fusion of channel combination, and the diversity feature was used to improve the accuracy of expression recognition. Finally,
in order to improve the generalization ability of the model and prevent over-fitting, different linear transformation methods were
used for data enhancement to augment the dataset, and the model trained on the FER-2013 facial expression dataset was
migrated to the small sample CK + dataset for retraining. The experimental results show that the recognition rate of the
proposed method on the FER-2013 dataset reaches 73. 0%, which is 1. 8% higher than that of the Kaggle Expression
Recognition Challenge champion, and the recognition rate of the proposed method on the CK + dataset reaches 99.5% . For
640 x 480 video, the face detection speed of the proposed method reaches 158 frames per second, which is 6.3 times of that of
the mainstream face detection network MTCNN ( MultiTask Cascaded Convolutional Neural Network) . At the same time, the
overall speed of face detection and expression recognition of the proposed method reaches 78 frames per second. It can be seen
that the proposed method can achieve fast and accurate facial expression recognition.

Key words: Facial Expression Recognition ( FER); Convolutional Neural Network ( CNN); face detection; Kernel
Correlation Filter (KCF) ; transfer learning
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Fig. 1 Overall process of real-time facial expression recognition system
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Fig. 2 MSSD network model
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Fig. 3 Face detection flow chart combined with tracking
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Fig. 4 Comparison of two convolution kernels
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Tab. 1 Effectiveness evaluation of
multi-scale kemel feature on FER-2013

SRS K BN AR %
1 PRt 3x3 69.8
2 3x3 70.9
3 7 x7 70.7
4 PR 11 x11 70.7
5 15 x15 69.5
6 19 x19 69.4
7 3x3.7x7.11x11 71.8
8 7Tx7.11 x11,15x15 72.4
9 ZRE 11 x11,15x15,19 x 19 70.5
10 3%x3.11 x11,19 x19 73.0
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Tab. 2 Recognition rate of different activation functions on FER-2013
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RelLU?"] 71.2 ELUM] 72.5
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Tab. 3 Network structure of multi-scale kernel feature

A K i B .
o i b e s PE
48 x48 x 1 multi_conv2d 6 48 1 2
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24 x24 x32 bottleneck_p2 6 64 3 2
12 x 12 x64 bottleneck_p3 6 96 4 2
6 x6 x96 bottleneck_p4 6 160 3 2
3 x 3% 160 bottleneck_p5 6 320 1 1
3 x3 %320 conv2d 1 x1 1280 1 1
3 x3 x1280 avg_pool 3 X3 1280 1
1x1 x1280 conv2d 1 x1 7 1 1
1x1x7 Reshape 7 1
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Fig. 7 Data enhancement effect
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KCF BRER#AS , BT 15 158 Wil/s, ZEFRBFEERMAEM L%
( MultiTask Cascaded Convolutional Neural Network, MTCNN) &
TR A AGHIN R £, AR ST B XA D R 6. 3 L 1
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Tab. 4 Comparison of face detection speeds by different methods

. 3/ IR/
Jrik ok Jrik R
Faceness! 2] 10 MSSD 63
MTCNN[3! 25 MSSD + KCF 158
sspt2!) 37
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EEAT YNGR AN B, 7E 1| it 7 o 4 SR T BER L 48 (LA E A
P, B/ 16, ME% I H 4 0.01, AR TI%H
EhE L s, BN B LA B T, Y ZR T 20 MEFR)G A
B IR IR,

TR S5 B8 F FER-2013 1091 2548 (28 709 k) # 45
Yk, AFEMIREE (3589 3% ) MM BiF AR SRR R BRI I ES
B, 5 AR M (3589 3F) W RLE i, RIE S H
BIEBE R IERBIMA ST T, 58 - WHEAR K
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Tab. 5 Comparison of recognition rate on different datasets

e Wik HHIR/ %
MobileNetV2 (2] 69.9
Jeon!19! 70.7
InceptionV4 [3] 70.8
FER-2013 Tang!'®] 71.2
Guo!?! 71.3
Yan![%¢! 72.0
A 73.0
Fernandez! " 90.3
Song!3¥! 93.2
MobileNetV2 (23] 98.3
CK + Inception V434 98.8
Zhang!®®! 98.9
Connie[” 99.4
AT 99.5

6 MR 7 Al REAE FER-2013 71 CK + B4UEE L)
PHIERIRE . EEIRE FER-2013 v, 5% IR %R i
58 90. 0% , FUR R ARV FIER A, X 220 R AN 35475 B U - A4
XK. R T AIE 3 R P TR 2R B I A S [ 2 5
REBEHHERE. AT EEWHNXPREFHET S
B, B9 451 T FER-2013 AR RMRFI B PI 2R 1B B 45, 7T
R EARE AR AR G IR R B R S RIE A LE R
PEATHERHINT . TEBPESE CK + o HERE RN AEER
FER-2013 HR 2 2 HIFREE MR | [RIR 3L 2 2 35 T 19 1E T 3= 1%
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RAZRI Ny 100% , (UR RBEFRAE 189 3% RGN0 T 1%, %
ARG 99.5% o

#*6 FER-2013 RBLERBHEERE
Tab. 6 Confusion matrix of FER-2013 recognition result

HELRNE T et 255
X b B OB WM B WiE R
g 0.66 0.02 0.10 0.03 0.11 0.02 0.06
K 011 076 0.04 0.0l 0.02 0.04 0.0l
24 008 0.00 0.63 0.02 0.13 0.08 0.05
X 0.00 0.00 0.00 0.90 0.02 0.02 0.03
B 0.08 000 0.14 0.02 064 0.01 0.11
% 0.02 000 0.08 0.04 002 0.8 0.03
Ffk 0.07  0.00 0.06 0.06 0.15 0.01 0.65

F®7 CK+iRBERBEBER

Tab. 7 Confusion matrix of CK + recognition result

HALR SR ES)
RH| o B OBE m B W
il L00 0,00 0.00 0.00 0.00 0.00
¥ 003 097 000 0.00 0.00 0.00
24 0.00 0.00 100 0.00 0.00 0.00
¥ 0.00 000 000 100 000 0.00
#EMH 000 000 0.00  0.00 100 0.00
f#iF  0.00  0.00 0.00 0.00 000 1.00

() AL R ) (b) At A
B9 FER2013 PG ERMA L
Fig. 9 Confusing expression contrast in FER-2018
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