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Facial Expression Recognition with Cross-connect LeNet-5 Network

LI Yong'? LIN Xiao-Zhu' JIANG Meng-Ying"?

Abstract In order to avoid the influence of human factors on facial expression feature extraction, convolution neural
network is adopted for facial expression recognition in this paper. Compared with the traditional method of facial
expression recognition which requires complicated manual feature extraction, convolutional neural network can omit
the process of feature extraction. The classical LeNet-5 convolutional neural network has a good recognition rate in
handwritten digital dataset, but a low recognition rate in facial expression recognition. An improved LeNet-5 convolution
neural network is proposed for facial expression recognition, which combines low-level features with high-level features
extracted from the network structure to construct the classifier. The method achieves good results in JAFFE expression

dataset and the CK+ dataset.
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Fig.1 The LeNet-5 convolutional neural network
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Table 1  Connection between LeNet -5 network’s Layer 2 and Layer 3

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1 v v v v v v v v v v
2 vV VoV v v v v v
3 Vo vV v o vV v v v v
4 VoV v o vV v v v v
5 v v v v v v v v v v
6 v v v v v v v v v v
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Fig.2 Improved LeNet-5 convolutional neural network
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Table 2 Convolutional network parameters
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* 3 JAFFE FAEEAFRF 2 KRR (%)

Table 3  Classification accuracy of different expressions in JAFFE expression dataset (%)
S % HH % it L] 15 i
i4E 1 100 80 100 100 100 90.91 88.89 94.37
M4 2 100 90 90 81.82 100 100 100 92.96
e 3 100 100 81.82 90.91 100 100 100 95.77
ik 100 89.66 90.63 90.63 100 96.77 96.55 94.37
4 CK+ Bl AR KIEFHF (%)
Table 4  Classification accuracy of different expressions in CK+ dataset (%)
R S FH % i & A ik
MHR4E 1 88.89 94.44 80 92.86 70.83 96 93.94 88.89
MALE 2 70.37 77.78 80 96.30 68 84 96.97 82.32
e 3 77.78 85.71 84.62 100 64 72 93.94 83.33
MR 4E 4 62.96 94.29 88 89.29 60 80 87.88 80.81
4L 5 81.48 85.71 72 92.86 64 79.17 100 83.33
LEN 76.30 87.59 80.92 94.26 65.37 82.23 94.55 83.74
5 MR ER LRI (%)
Table 5  Classification accuracy of the network whether cross connection or not (%)
Jiik ZH JAFFE 45 Py CK+ Hdla P2 IR 5
LeNet -5 14 444 62.44 32.32
AR 25476 94.37 83.74

JAFFE i HA7 10 24 309 20 1 i 215 IR, A
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R, Jad BNk, WA 2,
3 W E DA ) 1) JE 06 2 AR A8 I R HEAT 2326

% 6 NAIOTIE S RGARRE S ) THEA U,
A DAE i, FXT SVM 8228 3 Ok, AUk
1 JAFFE RI§ %8s LRIB NI

# 6 ANFEFTELE JAFFE BRI (%)
Table 6 The comparison of different methods on
JAFFE (%)
RS Jik IER
Kumbhar %281 Image feature 60~ 70
Praseeda (5] SVM 86.9
AR P51 LeNet -5 94.37
* BRI T SR [15]
4 £Eg

G R 25 R 2 H B b >
ik, AT E N HE SCRFIE, WRA RS2 IR A
TNk, WS R DASE ) SRS AR IEIEAT 70 2K A
AR BA R 2 BIREA I T I 2%, IR AG 4
P 23 AN N Ry i SR fE B PR AR S A AR 2 [H]
AR, MITIEEIN G973 AR ASSCHE LeNet-5 )
W2 b, SIABS R ITIR, Bt G A
R 4R, KREILRY T R A . SR g Rk
B, AR OORF AL FA B2 T AT A— € R JEE B SRAMEE AR S

HIAL, TR PR, T35k, HAREE
AT, 2 ARV 22 9 2% BRAE A — b A S5 A4 T DA
TREF b e 2 Fh D, T 580y LR BARR 4
¥) LeNet-5 ZEM7ERAF 51 sh R, Bt AT
F8) V) L0 B AN (] B 5 A SR figt e I A, X 2 45
M2 L5 1 S ok 1 Y IR X

N BT T A R AR T R R
18 1 S A ARAE 7 YR S I Bl 2 0 245 45 )2 R AR B T
WAL, Gy PR A 2 R, 0 T 2 1 ) B
B 22 W 28 A A BT T A
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