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Abstract

In recent years, deep learning model has been developed rapidly. As one of the methods, deep
convolution neural network has been widely used in computer vision. There are many factors af-
fecting the performance of deep learning model, among which the selection of activation function
and the structure of neural network have important impact on the performance of deep learning
model. This paper analyses the advantages and disadvantages of the traditional activation func-
tion and the new Swish activation function, introduces Swish function into the deep learning mod-
el of facial emotion, proposes an improved back propagation algorithm, and uses multi-layer
small-size convolution module instead of large-size convolution module in the convolution neural
network to extract refinement features, and constructs a new deep learning model of facial emo-
tion recognition, Swish-FER-CNNs. The experimental results show that the recognition accuracy of
deep learning model based on Swish activation function is higher than that of activation functions
such as ReLU, L-ReLU and P-ReLU. With the improved network structure, the recognition accuracy
of the deep learning model of Swish-FER-CNNS constructed in the paper is improved by 4.02%
compared with the existing model.
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TR W 28 [ 25 S LI 0 GBI AME IR B0, RGu AR (R 22l i 4R 25 4 1) 5 A% 4, 1T &
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s 7 AR RS AR LR 5 LT AR A A fUCSOE . fH2 x < O B, ReLU Mt B8 0, SEUREAITLE
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Figure 1. Principle diagram of emotion recognition model
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Figure 2. Sigmoid activation function
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Figure 3. Swish activation function
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2.1.2. Swish-FER-CNNs f iy 7 a5 18 & 3%
SR SETT T2 N TR S0 s, Hoh G & ai LB RS AL 3B B8 70« 0 B3
SRR E B S . AH R Swish MO BR B R AL R v R R
u® =Swish(A(i)) (7)
Hebu o i E, AV RO AR EIE S, Swish () FIREIE BB R

fiﬁﬁﬁ%%ﬁ{zﬂiﬂiﬂtf%i%'i/l‘%ﬁh%uﬁ u™ S AN AU B o™ BRI, & R I
FEARIITH ST RE R U . 5 T IE B AE & EIGTREANT i — HEHAR T &, DASRBLE A iR X
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AR, AR AT R T i 2 e A DU R R ZE A, AR DL A R
FERT AT SEAS BB 2 S HUN B, T SEEURAN s BUR B L SR, PRAESE TR PR .

SO ) B e A% 7 ik
Require : 8 1R &, |
Require:W @ i e{1,...,1}
Require:b® i e {1,...,1}
Require : x, £l S G
Require : y, fi tHAR%S
AR -
h©® = x
fork=1,...,1do
a® —p® LW O[KD
h® = Swish(a®)
end for
§=ho
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2.2. Swish-FER-CNNs g5

NIE R Kaggle $4fs 48 x 48 KFEEIUR, FEiE— Dot mi AIvERE, ASCihifl TN S5H, 5BudEn ik
WA A A, W T Swish-FER-CNNs IR 22 2B, M\ 48 x 48 (1 G BEATAEL 42 x 42 7K
FERBAE MM BN . 35— 2 BFUZ R 16 D K/NK 3 x 3 BRI KN 42 x 42 x 1 [ A KR
BT BRI, f KNy 42 x 42 x 16 IFFER, 5 EBRURA 32 AN K/NR 3X 3 B AT E—2
i L1 (KRR AT AT B AR R, I RNy 42 x 42 x 32 [RIRHE I, Ak BRAE 5 AT 3R 15 K/ Ay 21 x 21 x 32
MFRHERE, HERNFEZEERRAN . ZERNERRERUTIIHZEERZE, B=22AE LENERE
T T EEM L ERENRA, BUENERERBEEENELEZERENRA
Swish-FER-CNNs H{#i Fll ({3t b )2 4 R 2B KN 2. RSFA 3 x 3 ek itifb (max pooling) i1k . BEIK
WAL ERAE AR RE > — 0y 2 — IRHIE S5, IRICE AUE B BRI AR . 5 = Z0E 5 1 RRE
BIK/ANK 5 x5 x 64, fiHEERE - 2aERE L, SEEENHTE RN 1 x 1 x 2048, MR E
FFA 045, BWRESEEZETRMAITCH 045 MMEAS 5, AL &GS . a2
AERE, fJa i softmax 0 AR B RST A Lx 1 x 7, SERCTF 7 BRGNS AR IS0
MBEERIIE 1R

Table 1. Swish-FER-CNNs network architecture
5% 1. Swish-FER-CNNs [I4& 2544

type filter kernel stride pad input output dropput
input 42 x 42 x 1
convolution 1 16 3x3 1 1 42 x42 %1 42 x 42 x 16
convolution 2 32 3x3 1 1 42 x 42 x 16 42 x 42 x 32
pooling 1 3x3 2 42 x 42 x 32 21 x 21 x32
convolution 3 32 4x4 1 1 21x21 %32 20 x 20 x 32
pooling 2 3x3 2 20 x 20 x 32 10 x 10 x 32
convolution 4 32 3x3 1 1 10 x 10 x 32 10 x 10 x 32
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Continued
convolution 5 64 3x3 1 1 10 x 10 x 32 10 x 10 x 64
pooling 3 3x3 2 10 x 10 x 64 5x5x64
full-connected 1 1x1x2048 0.45
full-connected 2 1x1x1024 0.45
output 1x1x7

HALE Jeon AOVRFZZ I, Swish-FER-CNNs 2858 22 Al T RO JZ 3 x 3 B RUZ B AX
Jeon I 5 x 5 BAUZ, IR T ME% HIEE RO BN U & T S UL ORAAE, 2 R 0K
Swish PR, s BEAA I 2% (B0 BR BOMTECE I, R 28 B AR ZR UL 5 e T 3 ot

3. BiRE

SEG SR W BREE A kaggle A K15 26 U0 B0 s S ——fer2013, 1% (¥R 4EtH Pieere 1 Aaron fE
ICML2013 B iy 2x Bk AT, HLi 35887 5k NMth 26 I v 4. Horhr, AR TEA 4953 K, Rk 547 ik,
RUR 5121 7K, 2% 8989 5k, AK{% 6077 7k, fRiF 4002 7K, it 6198 5K. B =4, H
o NINGREE, E 28,700 FKEF . 5B i NIGIESE, 7 3589 TKEI . B =# o NIIREE, AE
3589 5Kk & .

4. LGSR

SEIRAHF caffe [20]MI9REE 5 SIHESE, #/E RGN ubuntul6.04, GPU SN GTX1050Ti. &k 1%
J90.001, AN 0.9, 508 )y SGD. Swish-FER-CNNs HH T AL G, MR AER R IF e Z 5 1,
MEARIRZEIED T %, 2 JafaT PR, 33X e IR v i SR8 BB R R AR, IgasRIREUE A,
WERsE e, MRERERRILT] 74.76%, MR ZWSLF] 0.3168. it fEwE 4. K 5 Fis:
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Figure 4. Training accuracy
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Figure 5. Training loss function

& 5. IZRIKE L

R FH N ZRIF AR 0 S 2 b 25 AN Rml 15 26 1 EAT LR R0 . RT3 3058 1 RIS ZE IR bk
BRI, 28 TP, R FRRES RIS, 184E FNjo TPy + PN 1B 55 T 30500 45 iz i 25 1
FIIREA S AN Sume 7 B I IAHERS 2 P AE I LA R AHE

TP TP
'""TP+FN, Sum,

Swish-FER-CNNs 2% ] #5870 X6} 2% 28135 46 10 IR R 40 2% 2 Fs.
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Table 2. Confusion matrix of emotion recognition accuracy of Swish-FER-CNNs model
= 2. Swish-FER-CNNs &R & IF R A E R SR B 5EME

Swish-FER-CNNs Angry Disgust Fear Happy Sad Surprise Neutral
Angry 65.33 1.01 7.29 4.49 15.29 152 5.07
Disgust 20.67 71.41 1.03 0.00 191 1.90 3.07

Fear 9.1 1.15 53.31 1.80 19.01 7.05 8.59
Happy 1.60 0.00 1.02 92.88 1.22 0.40 2.88
Sad 6.0 0.00 1.02 5.01 68.42 0.73 18.82
Surprise 2.10 0.00 8.01 1.92 1.92 85.75 0.30
Neutral 2.01 0.90 1.50 7.50 12.11 12.10 73.02

HH T kaggle #4481 & K0 FITE LR AR AN 5], 3 B0% RFEARLER R o 11 2 =) Bl A — 5 B,
BTN FRBRA

¥ Jeon’s VRIS SIREALY K ReLU. L-ReLU. P-ReLU Al Swish G E %, 54K
Swish-FER-CNNs VR B 5 SR gHAT X bk, &5 3R an1& 6 Fos.
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Figure 6. Accuracy of test confusion matrix for each model

[ 6. BEBANIURBEEMRE

KPR, 25 ReLU. L-ReLU. P-RelLU. Swish 3 g8 %, 578 559 v A 284 i I 4k vk
I, gk fE ) Swish-FER-CNNs PR BEARAY, AT Swish BUE KT Jeon’s VRFE 2 )AL, HUA5
T R R R

N B R TR KRR, SR MER S ACC R BIAE IR A R B FIHER S, W1 R TR

S TPI
ACC=—1 (10)
Z(Tpi +FN; )

ARG P N5 269309 s R, KA TR BR8N IR B R 25 10148 PN, R iz38))
FR I B 07 3RS 4 R HER R A0 3 R .

Table 3. Comparison of recognition accuracy

7= 3. RBERRZEITLL

R DUAE AR 2 A% ReLU + Jeon’s HETf R4 E
ReLU + Jeon’s 70.74%
L-ReLU + Jeon’s 70.88% +0.14%
P-ReLU + Jeon’s 70.99% +0.25%
Swish + Jeon’s 73.54% +2.80%
Swish-FER-CNNs 74.76% +4.02%

% 3 W UUE H, it 7850 kAR, 75 Jeon’s PR B 2% ST R, AS[R) B0 R 2 TR A HERF 2% : ReLU
< L-ReLU < P-ReLU < Swish, Xt Swish #ud B R T =3 . 14k, Swish-FER-CNNs [ £ A% 7
L BT Swish S5H0E BRI AL Jeon’s VR SIRERUAA L, BA T S U HERR 2
5. Z{RIB

ARSI AT T B R B 1 e A R 4 5 R R, SR PR REDIL R ) Swish 7S BB B0k S AR Sk

DOI: 10.12677/jisp.2019.83016 118 EIE 555 A #


https://doi.org/10.12677/jisp.2019.83016

ERYr

FFAEFH RERS SRV R (K 2 2 /N RO GRS, BGd T RIS &, M 1 NI 8 R R P o ST A
Swish-FER-CNNs.. S 52— (5 S S NG5 26 AR AOTR BE 2 ) Bk, 3 17 NS 45 RUm AR 2
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