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Facial expression recognition based on MobileNetV3
multi-scale feature fusion

Xue Zhichao Yilihamu Ya’'ermaimaiti Yan Tianxing

(School of Electrical Engineering, Xinjiang University, Urumgqi 830017, China)

Abstract: In view of the lack of feature extraction ability and low recognition efficiency of common convolutional neural
network in facial expression recognition, this paper proposes a facial expression recognition based on multi-scale feature
fusion of MobileNetV3. Firstly, MobileNetV3 was used for feature extraction to obtain high-level emotion
information. Secondly, the DenseNet structure is used in the backbone network to enhance feature reuse and improve
the expression ability of important facial features. Then the feature pyramid module is used to fully obtain the deep and
shallow multi-scale fusion features of face images, so as to improve the feature extraction ability and real-time
performance of MobileNetV3. Finally, the full connection layer is used to construct a classifier to classify the facial
expression, so as to complete the facial expression recognition. Through experimental verification, the results show
that the recognition accuracy on CK 4 and FERPlus datasets can reach 88.3% and 98.8% , which are improved by
2.3% and 1.5% respectively compared with the existing methods, indicating that the proposed method has good
recognition effect and strong generalization.

Keywords: facial expression recognition; sentiment analysis; MobileNetV3 model; feature pyramid networks;

DenseNet structure

0 3| ¥ Bl S L X R E A2 18 SR A2 A
AR RGN EZGELLT 4 R FBRLE
NB AT AN W R —FE BB T ER BB AL AR BUR R A5 WL B S04 . R AE 48 BURt 2
Bro AWAEGT, IREERAEN MBS NRWMTT SR RE & 200 BMR RR AR IR 2 8 B 80 25
AGERMARBGE S MBS Fr R X AN W%, 7830 Ge LA & P AN 3R g9 48 T . X B
ARFE AT B . TSR, i TIHHENLE R R KR R RBUE AT R e Ab BE . R AERIBUVE o I AP f Oy S
RIBAMANAZ TR HH 24, NERE I RZERBE 02 RERBIBCRBAREEZ N, EF50ARE

il

B H 3t £ 2022-09-08
» HAEWE FRHARFH4 (61866037,61462082) 35 H ¥%

« 38



BEM E .4 T MobileNetV3 % R 4% 48 #2469 A 21 17 71

% 8 3

5 TR B0 7 0 2 2 o N TR T R A 42 T8 R 47 4R A 2
B, K J5 1R FH 4 2% 28 50 B 2 15 TR A A s 4y 4 kY
(principal component analysis, PCA), J& 3 — & & ™
(local binary pattern, LBP) 1 Gabor /N A8 #5145 Zhu
25158 3 SR LY o M TR AT R RRAE SR B, DALk 1S
YEr e ae W07 B2, KR L 328 T 3R IF RR AR 4R B &8 2 1
TARED B — R TN & RO R b AR R
(multi-scale centralized binary pattern, MCBP) i) A IS & &
P A X8 /0N ip 4 i S 10 W9 T AR A3 PR AR 1 5 A IX 3
b {2 2 (centralized binary pattern, CBP) 28 i,
KB £ 4~ J#8 CBP H 7 BT FIAFHE, $2% T MCBP 3%
TEPAN 1. Han 55 42— F i LBP R4 WE B i 48 45
% (supervised locality preserving projection, SLPP) W 3
AREE A BT OB (T 1LBP ZR B B B 7 B, 9138 i
SLPP J /> 4E i, R R B G B h . B2 E—
Fh | B g 7Y A6 5€ 4> M1 35 (canonical correlation analysis,
CCA) Blt-& B em 5 = 3B —{E AL &, (double coding local binary
pattern, DCLBP) 8 1 F1 45 %} # 3 B J7 I8 Chistogram of
absolute gradients, HOAG) & 43 5l £2 B 8] 59 A\ K14 =
TRECEL R AR AL , 7855 R HE B RAE 1A B 25 T A
K RS R RCR . BARAG G F I RCR R A B R T
N TAHER I Z A E A GEP SR E N MR &, T
BRI AR R 0 DL AR A S AUR .

Bl RES DM A EREE TR BEH N T
B R AB P b I BBUE T R AFR . Chen %0
TAHSRAE N R BRI E R W E W 55
By M £ L2 4 S, SN RH — R R A R E
W £, 188 3ok 0% 26 2 AR AIE 15 VR 2 R AE AR R 1 O X, SR
BREHZHEI SR, TEES " J|A Inception 45
4 1 5R P Z8 R AR SR U RE T, BB 1 o 0 R (VR 4 ) e 41T L AR 78
TARYSAF I G RO . Li S A — O TR B
22 2 ResNet-50 IR FFAIE 5 HUJ7 58 » OO A G 8 K 1)
AR, 224 1 30 DX 0 a0 P A 22 s, B 1 T 4 R Y R O
Hi e RERER G 5 =U BBt v HE,

bR BT A fa ST R R AIE B VE g A SR S B 4y 2
55 v AR A R BERTH), O 1 28 A AURR AR AR B, 5
SRFE TSI AT FEE AL . Hu &5 83T 5 M
33 S1HLH M 4% (squeeze excitation network, SENet), i
T SR A E R EAE 5 B LU F A I RRE D
T TCRCRAE . Li S5 8 AP E AL H i AR
THIRBN P4, 2R 44 LBP FRAE -5 i & 00 ML A 45 5, 1Y
MR T AR SRR RE . N T AN A R RN G
RURFAIE , 48 w25 VR 9IRS 2 A (7] B ol 2 o0 48 A5 70 2 400, A SCHR
—FB 2L T MobileNetV3 £ REEFEAE il & (9 AR 2 4%
PB4 TAEMBFG T -

DA 3K B I Bk TR AE & B B B (feature
pyramid networks, FPN) 8 8 H 1 37 A8 3% 1 3R

2 R FRHE B -G BB R BRI A RG22 ROBEFRAE , 38 2
FETE AR R E E#TBHERG N IE, R T EBE
MR B R AR, X5 IR T BRI 2 AR (A5 R B e AT
HL A VR IZ R AE 09 15 SCHE 7 DT 32K 21 0 568 1) 4 AR AE 2 3L AE 77
RSN

2) 78 SCTE e A TR ) 4 J2 8 SUBCH Tn 58 W 28 25 4 1Y
FAy ¥ BB R EE 2 B8 1Y DenseNet % #) 3 e 3|
MobileNetV3 P&, Wi 35 BT 3= 7 19 PR R AE , LA
SRFFIE Y A B TR B B I R LR M R, SO 15
=, WA SR TR R R ) .

3)$ H 3T MobileNetv3 2 R ReERE G AR £ G
PHRIBELTE 23 e A HG 3R 15 #dls % CK+ \FERPlus #4752
By, LRSS R IE T %07 R WA B AT R A .

1 A&kigit

1.1 K&

A% SO B FPN 18 DenseNet 4544, 73 25 4% 3
RO A AL 1 BN . B MRS 224 X224 X3 B9 A
6 25 1 IR AE B AL S AL 38 3T MobileNetV3 & M 4 il
AT FRAE BB T 3R AT 8 2 R A I BERAE C 15 R A K
R 2 WA B SR B B AR R ST 4/ — £ T e A )
DenseNet Z5# % . DenseNet %5 W & 50 (1) BT & 2 6 PR 2 2
Ak, L Mg b A — R AR 2 o AT A B R IR AR B
KA R ARG LR 2 R REAS B AR o o, DL SR
XT ZAG FRAE O S A B 77 5 4R 5 25 52 R 4 445 30 Y R A8 18
Sl £k C1.C2.C3; KRR 2 CL M & F & gl s
B ERE R EE C2 (R AZ B4 1 45 1R 2 C3 &
Z R R HERZ W R B 53 HA 80 1 FRE
BXAER. WA MEDEME T —1 3 ZHRMES I8 4
. BJext C1# 7T RAEE C2 AT BHESRTR PL ARG
Xt PL#AT T REES C3 #17 PHE I B BMGE X w4
PRGBS @ AR BERAE BARS 6 WIRIE P2, R
TXTX160, I 5E 1 1 0 R B R AE SR I . )5, B RRAE
P2 iy NS A7 82 E A HE A 0 2545 Hh SE IS B
1.2 MobileNetV3 [ 2%

Mobilenet Z& 51 B 45" 4% .00 BUARUJE I B 1] 43 B9 4 B3
fE. HRABRETSESTHMEE FEEEBITET LB EW
WA RIZ R SR, BIREEEMWR TR Dy X Dy, i
AFIEEWREHR D X De o M S AGEBEHLN R
HER . BARHESTRHENS RN .

P, =Di;XMXN (D

WREA BB HEMHT LR WFEENSH
o

P, =Dy X1IXM+1X1XMXN (2)

WEA D EER SR EEFERE KNSR ILEN .
P, DL+N 1

1
== = — 4+ — 3
P, Di XN N+D§( R

¢« 30



5 46 & woF o

¥ #H K

Mobile NetV3 Block

DenseBlock

Convolution+Pooling
Avgpool

ully connected layers

A1

RIS BRI RS RENR AR 3X3, ShiEs
BRI WEA B SRS T 8~9 fF. FrLL.
FHVRBETT 43 9 45 FATT LATE (8 35 IR I A 28 2 5 i 1Y (] o 36
TSR

£ MobileNetV3 &6 5| A TE & 3 AU R I 5 —
et 2 Ak o 2 AL A S R A« 5F R R R R RN A
B AT H 4 R A4 A 9 22 000 3 L I S 40 A — 4 el
A BRAT (9 — 4 ) B 5 00 I 2R 00 AL AT T i R 5T
It AN T L DU AT LA o % 22 B 1) £ BB Ok IR R L DA TR 9
TR BT AR AR AE L H T B R T R A 5

z, :F“,<u(,):H—1WZZuC<i,;’) (L

i=1 =1

K H, W Ryas (8465 ; =, 4 WG4 A R IR m & o, W)
HHIAMIEE o A8 RRIE; F, 2 ERRNETER
B T HERAIE B BAT AR A7 55 O ZHERAAE BT 91 A AR

HERE R WA 2EEE A 0. M% A Z M S
A 28 S0 A BOM % B R B RelL U ¥475 o 48, 1 S i iz
SN Sigmoid MBRBEAT 5, HRIX KA

s =F,(z,W)=0c(W,0 (W =2)) (5
X fr: o K Sigmoid #TE EE ¢  RelLU ¥ Fo. AW
B RREG g R REERE 2 HMNGE L FEE W, W, A4
TR EME.

B 5 Fe G 1 T R 46 ARR A T B9 4 B 0 Scale 32
B TR » FRAGHE I A EE A R AE B DA T RS 0 ACRR DL B4
T TCRRRAE [ IRAS R IE B B F ik, R AU .

x.=F 0Cu.,s.) =s, Xu, (6)
A o, AR R A ¢ MBI RRE; L W8S
JIRE

o« 40

it

W) 2% 25 g

MobileNetV3 T 7 B ££ #E B 2 (4 2 0l b F O >
I RS, B LU Swish bR #5038 1 B H-Swish 3k
OB ER > ReLUG %L, HEEABMNRIT .

swishx = x « ¢ (x) D)

h —swish[z] = x 7ReLU6éI 3 (8)

MobileNetV3 [ £& ] DL 347 # 8h 43 25 L K W LA K 43
H 1% W 4% BB % AE B AR A T AR B AL B A B, 9 — 5 R T
HLTURS A N IE 17808, 0T LAAS SOR A MobileNetVa3 [ 4%
PE R AMG 21 o ZERE B ZERE I 4, LR A5 KB A R 1
R
1.3 ZRESMERMEER

EANREERNT, FEESEH RIS - TRE S
BN G 2R 155 PRI TR b i 2 1 300 I 4% L o 8 s T 4R TR
KFARI L RE M AR RSN MRS R ER R, &
X RERIE A By g TR B AN & 2 B,

predict

v

B2 2 REZRHE A A

7R 3C ¥ I MobileNetV3 [ 4% /F iy FPNY- () 2 A4 [/
26 FR T L A 2% R 08 B R BOR TR SCREIE B9 (C1,
C2,C3)3 JZHFAEIR . o045 rh A il )RR AE 8 7 35 70 B R I



BEM E .4 T MobileNetV3 % R 4% 48 #2469 A 21 17 71

% 8 3

R BT RRIE L CL 2 B R ) b MRRIE & 35 45 4 b BT
B ERILE CL R AL KN 2 WERERE TRK
WARESS I T RAEZE K CL 5 C2 Bu M, #f m
LB ZRHE ST R)Z A LR A 3 P1, BBt
BER.BRTERTRIESFEERN RS ER/RIESKE
RIEMMASE P2, EME G, FIEE FEWEILERN
{P1,P2}, B 2 A0 EURFFESREGERR, DL 224 X224 R
TRAKEBIENTA 2L BRBERNR 3X3.8
KA 2WERBZLIMTRAEHART 56X56 B 4 5
SREEARAEE . 4RSE T ORFER ] 7 X7 BT ORFESFAEE . &
2 Mk UG 22 RO FREAE il A ot 72, 2 3ot 4 2 ) AR AE 1
AR 1XT, 2K 2 WEHRERTI 4, A E a8
o ARV L 5 R A R AE B R A TR A ROSE A
BEJE K PI kR E B B T R0, AT AR AE AL A . FERL
JERRE -6 A 3 <3 B A TH R Al-A 09 TR B 08 DA T
RBEL @A HRERE S S E L FE RGBS
“ P2,
1.4 DenseNet {48 2543

DenseNet M 4542 Huang &R INA —Fh B A %4
HENSTEME MG, B0 F N RAE T A 12 7 45
e, OB RS # BB EE REEN %
EMEER. T RRKBEMHTMELEZEZHFER
24, DenseNet #UR 48 I T 6 ZEPI PR EH: T &3k, I
LI o 25 v A — R AR Bz 52 L I T A 2 I R AR AR BORTE R
Hi A s DenseNet [ 45 iy 2% 42 AL H i & 3 B
HIN X,

e e

Hi & 3 AT LIF th, DenseNet #il 5 T & Gu# 4 ™ 45 7 H¢
TEA% 326 B S AR AE B AR J5 TR 40 58 — 2 0 JEL It L T 2 3
oK T UT A 2 AR A L B Y O L RIS S
B RE RS S Mg T e~ B, @i Ao
3 T LA AE (R TIE 0 5 4 4 14 ] o, B 4% T 4 2 T BE A% 3 o
KIEE H MBI Bt T . X Fh % 42 3% B ALl 4
WD W22 3 TUA R B B FI I 07 30 42 5 T SR 115 45
R HEE S . AH—IBEE X, FEM% P, 49
Fi7~ B DenseNet M 7ESS L )2 A4 H & 0L

X, = H, (X, XX 1D €))
K. H, BN ERMEHEHREE. % L 2k ARES
Bl — 2SR EE (XXX ] #4765
e,

AL AR B M S B S R,

MobileNetV3 43Rl L, 38 57 45 A AN 28 15 100 14 45 05
Tt e PR O 50 5 X I 46 A R i 17 06 5 DA B Xt B B0k AT
P Ak, . 15 B8 5 A sk b S BURR AR (9 28 A L DA T 4 o 4% 7
B TR O 5% 1 1 T B 0 A PR E P 48 1 L B A B B />

2 £ B

2.1 KWHES

AR E R HEAE RS2 Windows 10, LI FRBE R
T Pytorch HEZR 5 &, B {7 & CPU % i7-11800H, GPU
7 6 G B NVIDA GeForce GTX 3060Ti., AT Adam 1
35, # YNy 0. 001, L5 batch size W E K 32, Y| &k
epoch 2k 150,
2.2 HIEE

SE8 4 B CK+ 3% 1% 8006 42 F FERPlus 3215 4L
PR T

CKA+HH " %A 123 4~ AJk 593 A5 L
PR, A S HEBCT A A RN SR s
1 3 R IER, 5 2R BY 3] 48 X 48 pixels Rt HILW M 7
FhRAG AR K R 1 (anger) R (disgust) \F ] (fear) \FF
> Chappy) FEH; (sad) 45 ¥F (surprise) & H1 4% (neutral ) 38
1. il 4 B2 CR+8R 8 By 7 Fl R R 45

A4 CKA3AEAHE 3 B R

FERPlus 3 8" Jy 2013 4F Kaggle Lt 78 o fr 42 {it
FER2013 {2 fih, 3% By 31 313 i &1 45 It #49 Bl » AA T Bk i
24 941 BRIRMGAE RN AF A T 4R 5 o Tk 4 Y 115 )
KA 3186 3k, BRI N 48X 48 BB IR EE . BRI IR IE
1) FERPlus B £ 3448 BT 10 28 ok JF.O il IR
I NN 3 = ST DN E | PN T A R RS S
GIEIEIPN 237 PIPN te 3 8 C R R T E 3 p- ] N AP EN
SEHFEEL 7 MR LA KRB I B HE TH
A& TARAE RS OB R 00 A 2355, B AR FE 3
B L HEAT AN RAF % 5 HA A0 2 R Pk k. i Al 5
iR & FERPlus B4 4 i 7 bR AR 0 ELR .

[# 5 FERPlus 35 FE#8 4> B4

2.3 LWERNH

AT BE AR SCHT 2 #E MobileNet V3 W 4% %F A e % 1%
REAE 4R U AL %, 3 A T JAIN-" Parallel CNNY- (Em-
AlexNet™ MIANet™ F1 SCANE JLFf R 4% 3k V5 X%F [t o 78
CKA+%#g 4 L RN, W& 4 A BB/ 224X 224,
FEAERE 1 PR,

o« 4]



946 & W
xR 1 CK+#iEE EFRE backbone b 45§94 55 =

A PR/ %
JAIN 93. 20
Parallel CNN 94. 03
Em-AlexNet 94. 25
MIANet 95.76
SCAN 97.31
A3 98. 80

21 ARG A OB 32 A AL AR CK + 54 4
B %k 98. 8% , 5 JAIN, Parallel CNN,Em-AlexNet,
MIANet,SCAN iX 5 FhJ7 i 4> B4R F 5.8%,4. 77% ,
4.55%,3.04%,1.49% , 3% 3B A ST MobileNetV3
o 4% A5 R0 2 I TR 0 Bk ) B SR, Tk EI 4 AY AR
FEEE

A SC AR B 5 AL i fg £8 #E B PLDY | ResNet +
VGG SHCNNE?  LDRM? | SCN™*- ¢ FERPlus %k 4 4
TR, EEETRINER 2 iR,

®2 S TFERPlus §IR&E E—ERHFEHTILE

ER7S R/ %
PLD 85. 10
ResNet+ VGG 87. 40
SHCNN 86. 25
LDR 87. 60
SCN 88. 01
A3 88. 30

ME 2 X G R P LE R A SO WEA AR
WIFM R, 7 FERPlus |- %4 88.30%, /3 3@ T
PLD () 85. 10 % #1 ResNet+ VGG 1y 87. 40 % , AR RE = T
SHCNN (4 86.25% . LDR # 87.60% HI SCN g 88.01%.,
B A SC AT B 3 ) S PR R b He X T O O ik
B FLE ARG R AR 0 LA B R R

VR VA R R 8 TR 40 B R 5 A R A TR B B AR X
Sk A 2 155 1 BB L G X A e 00 R 7R S 3R IR
K. R 6 7 BT, 43 Bk AR SRS A EOE AR
TRVEHIF.

P& 6 F0 7 BTN P A ARE A TR 24 R A TR B R
TR E 90X L I, FEFH i S RAE AR OR F
7 W BE R AR B A RAE E B B0l . N CK+HIRVE SR BT
PAFE AR A TT0 i R0 77 1 A9 22 1% TR 0 3R AT 3k 2
100 % o 100 3% 2R A W5 o J IR B B R 0 ol 3 e T
WK 52 R AT LL & B o 43 00 S A% T 20 3 17 B A B 4 3k
A AR SRR RV X SR M L AE BE AR K R R
5 B ok 8 A 3k AT 5 TR 435 SR 5 e 4 0 S B IR AR A B 2
REFBOG M BT R FZA BT B, B CKHIREHBE.

o 42 .

CK+RHHE R

0gs o0 000 001 00

K 4 oo 08¢ 000 GO0 000 000
=y {om 0w 00 060 001 046

¥

& gppd0m oo 0.00 LX)

b

i

000

;P ﬁ .00 Q.60 0.6

Goe oo .00

ﬁf\,ﬁj 092 0.00 0.GU

ﬁﬁﬂ: a80 600 Q8 06 000

\@f,\;

T R A
TR

Bl 6 AT CKHHEEMARRFERINRERSE

FERP lusTRH# 4 BE

oot 002 Q.01

: 4000

0.00

o.oe 0.0z

Eiy o
& Fip 4 €00 0w

LA

I;Pﬁ €61 0.00

i‘E\Fﬁ 4 062 oo LURHS N ﬂ.yﬂ?; 189

ﬁﬂ‘ 401 09 06z o0l .04

& F 8O &
TR rEE

B 7 BT FERPlus 204085 59 A2 M5 U0 18 18 R P

FERPlus BB M H A REF RN EZEM X Z2HF
FERPlus #EA8i K, FEB T HBR M, USSR AR K £,
TR R ER N B, v DO R R U R A, O
Gy iRy B AR R U B R R b B R R, KR
Fax JLZERNE BB AL ZF WRRE
2.4 HELSoE
AXHFENELRRBE L ERLESFHERE
DenseNet 45 #3X B AH5 43, S T UE BT SO R &5 # B 1
B S B ARSCR A T RS SR ITRRTE, RAT
JEiE MobileNetV3 W 4 L5 43 51 fim A ¢ 1F 4 5 38 5 B 7
DenseNet £ LK [F B i ARHE 45 38 BB DenseNet
SR I TR R R AT TR L SE 8, SRR A R AN Fk 3 i,

%3 CK-+#1FERPlus & Hpc &R

RV WHIZE/ %

FPN Densenet CK+ FERPlus
X X 96. 50 86. 80
N X 97.70 87. 40
X N 97.70 87.50
N N 98. 80 88. 30




BEA % LT MobileNetV3 % RE 44252 409 A £ 1 12 7] 558 1
R 3 Al LB . 3 K5 ARRE & FIB A, 5 i LBP and SLPP combined method [CJ. 2014 12th

KM 3 T MobileNetV3 Ffift W 4 78 CK + fl FERPlus
BARESHIET 1. 2% 0. 6%, XKW FPN Sl LIk
BAE Y Z RERFRAER B 6 W45 ] LS ) B A K
FE I A A X5 25 5] A DenseNet 45448 T 3L Al
P HETR R4 BIBR T 1. 226 A1 0. 7%, BT AL S
THRAEEEE TG S, AT SR IR £ & R 1E(5 B s FPN
1t 5 DenseNet 4514 (1K) 35 [7) VE F T AH 28 T 3k At o) 4% v 1
ORI 2. 3000 1. 500, HLAH Lo ¥ i B — 5 Hu A A 44
VI et R AL EE TR ER .

3 & i

R SCHE i —FhBT Y MobileNetV3 /4 il & FPN B bk

# DenseNet 4544 1) A R E RIS, H o, FPN B

BEAE 50 40 R MR 2 RUBE AR AT 15 2 DA T 4L 8 82 7Y 9 45 A1E 2 1R

877, DenseNet 45 14 F1] I 0 2% &2 % 32 ULk LU S R 1iE (9 1%

BEEMARF TR GIRE . 78 C A FF B AR R B

£ FER2013 RL R CKA+ B HEAT T X L0 52 %6 of #E A7 8L 10 3

o SERAER BN, AR AT T EE CK+8BE4E LT

ERFAT RE RN OOR . H7E FER2013 FdE £ LU

A B R (EHE R OE AN R AR R 3R R R AR SO 2

HBREG PG, BRI TRERY, FELSNS BT

BEL W A HH S TR S . R e P

AR E ERDCIR GER R ERET RS REAR

FAE AR TR R . BF LA SC 5 R AUAE I 4R R AR Ak

T RE A B LT A 5, 76 AR K B WF 58 DL % I8

IR RRAE BT R IR Z R B Rl G» DA RCHG A SO By 3

A HEN I Fob R R R E A ) = S

A3 IR W T RE 8 5L RS G .

S % 30k

(1] 5., &l —METH2 BRI TR IEm A 1
RGN i [T]. F RS K222 M (B AR D
2015, 27(3): 377-385.

(2] FFHE, R%E, BAWL F. A GIEE 2R ZEH
XA FEH RN HHEHN TR S MA, 2017,
53(4);: 163-169,194,

(3] fRig, RZEF. ARMEBFERNLZGRI] B3lifks
i, 2017, 43(3) . 333-348.

[4] ZHUY, LI X, WU G. Face expression recognition
based on equable principal component analysis and

classification [ C ]. 2016 3rd

linear regression

International Conference on Systems and Informatics
(ICSAD, 2016, 876-880.

(5] WM PR, EWEME, % S T/hJE MCBP fil WEF &
AR £ ERBOT] B & 5408 4k, 2012,
26(11) . 927-932.

[6] HAN D, MING Y. Facial expression recognition with

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

International Conference on Signal Processing (ICSP),
2014. 1418-1422.

RE, WM, Bk, %, RlG DCLBP Ml HOAG #¢#1E
MAR R IRE k[T |7l 58240,
2020, 34(2). 73-79.

CHEN W, HU H. Joint prominent expression feature
regions in auxiliary task learning network for facial
expression recognition[ ] |. Electronics Letters, 2019,
55(1) . 22-24.

F, "R, AP, ETRESR MY 2 ZRE
REMARRFERMNT] BtE58m ik,
2021, 58(6): 148-155.

T, RSN, FEE, & BTZRHIEMEGEH
22 2 i N B R AT R LT ], 0 B 4 R 2 2 i,
2019, 40(6) . 540-547.

LI'Y, ZENG J, SHAN S, et al.

facial expression recognition using CNN with attention

Occlusion aware
mechanism [ J ]. IEEE Transactions on
Processing, 2018, 28(5) . 2439-2450,

HU J, SHEN L, SUN G. Squeeze and excitation
networks[ C]. Proceedings of the IEEE Conference on
2018.

Image

Computer Vision and Pattern Recognition,
7132-7141.

LIJ, JIN K, ZHOU D, et al. Attention mechanism-
based CNN for facial expression recognition [ ] ].
Neurocomputing, 2020, 411. 340-350.

HOWARD A, SANDLER M, CHU G. et al
Searching for MobileNetV3 [ C]. Proceedings of the
IEEE/CVF International
Vision, 2019: 1314-1324.
LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature
detection [ C .
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2017 2117-2125.
HUANG G, LIU Z, VAN DER MAATEN L, et al.
networks [ C .
Proceedings of the TIEEE Conference on Computer
Vision and Pattern Recognition, 2017, 4700-4708.
LUCEY P, COHN J F, KANADE T, et al. The

extended cohn-kanade dataset(ck+): A complete dataset

Conference on Computer

pyramid networks for object

Densely connected convolutional

for action unit and emotion-specified expression C]. 2010
ieee Computer Society Conference on Computer Vision
and Pattern Recognition-workshops, 2010. 94-101.

BALTRUSAITIS T, ZADEH A, LIM Y C, et al
Openface 2. 0: Facial behavior analysis toolkit [ C].
2018 13th IEEE Conference on
Automatic Face & Gesture Recognition (FG 2018),

International

o« 43



46 % L . N S - S
2018 59-66, Undergraduate Research  Technology Conference

[19] JAIN D K, SHAMSOLMOALI P, SEHDEV P. (URTC), 2017 1-4.

Extended deep neural network for facial emotion [26] MIAO S, XU H, HAN Z, et al. Recognizing facial
recognition[ J]. Pattern Recognition Letters, 2019, expressions using a shallow convolutional neural
120, 69-74. network[ ] ]. TEEE Access, 2019, 7. 78000-78011.

[20] 4R#EHE, kW3, HEF. WEHFITEHMERE N [27] FAN X, DENG Z, WANG K, et al. Learning
FHRBEBEELT] PERBRZEE A, 2019, 24(2). discriminative representation for facial expression
227-236. recognition from uncertainties | C ]. 2020 IEEE

[21] #JE, MR ZE. & T ik AlexNet 19 A F 1F 1R International Conference on Image Processing (ICIP),
LT BB S e F 23k R, 2020, 57(14) : 243-250. 2020 903-907.

[22] ZHETF, FRE, Bk ZREMSGEZNIHEHA [28] WANG K, PENG X, YANG J, et al. Suppressing
BEHBHIMLELI] TEI T RHES N H, 2022, uncertainties  for large-scale facial expression
80(2): 255-261. recognition [ C ]. Proceedings of the IEEE/CVF

[23] GERA D, BALASUBRAMANIAN S. Landmark Conference on Computer Vision and Pattern
guidance independent spatio-channel attention and Recognition, 2020. 6897-6906.
complementary context information based facial {EE" A
expression recognition [ J ]. Pattern Recognition BEE WA, T EAFSE O ok B AN B L AR
Letters, 2021, 145: 58-66. LR

[24]

[25]

FERRER C C, et al.

for

BARSOUM E, ZHANG C,

Training deep networks facial expression

recognition with crowd-sourced label distribution[ CJ.
Proceedings of the 18th ACM International Conference
on Multimodal Interaction, 2016 279-283.

HUANG C. Combining convolutional neural networks
2017 IEEE MIT

for emotion recognition [ C J.

o 44

E-mail:1418612862@qq. com

RAMBAK TR T TR CAFEE) Bl BAR A7 1 4E F I,

TG I 1) O EBUE BRI R R ] BRI AR
E-mail :65891080@qq. com

BRE WL 5 A, BB O7 m o R AL G L R

IR NG = HEEE,
E-mail :1394698398(@qq. com



