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ABSTRACT In response to the challenges faced by traditional facial recognition techniques, such as insufficient focus on key channel
features, large number of parameters, and low recognition accuracy, this study proposes an improved VGG19 model that incorporates
concepts from the U-Net architecture. While maintaining the deep feature extraction capability of VGG19, which is well-regarded in the
field, the model employs specially designed convolutional layers and skip connections. The use of feature cropping and stitching
techniques allows the model to efficiently integrate multi-scale features, thereby enhancing the robustness and effectiveness of facial
expression recognition tasks. This design ensures the seamless integration of features from different layers, which is crucial for accurate
facial expression recognition, as it maximizes the information yielded from each layer. Additionally, this paper introduces an improved
SEAttention module, specifically designed for facial expression recognition tasks. The innovation of the SEAttention module lies in
replacing the original activation function with the Mish activation function, which can dynamically adjust the weights of different
channels to enhance performance. This adjustment ensures that important features are emphasized while redundant features are
suppressed, streamlining the recognition process. This selective focus significantly speeds up the convergence of the network and
improves the ability of the model to detect subtle changes in facial expressions, which is especially valuable in nuanced emotional

contexts. Furthermore, modifications are made to the fully connected layers by substituting the first two layers with convolutional layers
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while retaining the fully connected final layer. This change reduces the number of nodes in these layers from [4096, 4096, 1000] to just
[7], effectively addressing the large parameter size in the VGG19 network. Additionally, this modification improves the resistance of the
model to overfitting, making it more robust when applied to new data. Extensive experiments were conducted on the FER2013 and CK+
datasets, demonstrating that the improved VGG19 model significantly enhanced recognition accuracy by 1.58% and 4.04%, respectively,
compared to the original version. Furthermore, the parameter efficiency of the model was thoroughly evaluated, which indicated a
substantial reduction in the overall parameter count without compromising performance. This balance between model complexity and
accuracy highlights the practical applicability of the proposed method in real-world facial recognition scenarios, ensuring that it can be
deployed in environments with limited computational resources. In conclusion, integrating the U-Net architecture and enhanced
SEAttention module into the VGG19 network led to significant advancements in facial expression recognition. The improved model not
only boosts performance in terms of feature extraction and fusion but is also adept in solving the pressing problems of parameter size and
computational efficiency. These innovations contribute to achieving state-of-the-art performance in facial expression recognition, making
the proposed method an important contribution to advancing computer vision and deep learning. The robustness and efficiency of the
proposed method highlight its potential for various applications requiring accurate real-time facial expression analysis, such as human-
computer interaction, security systems, and emotion-driven computing. Future work will explore the adaptability of the model to other

datasets and additional optimization techniques, aiming to further enhance its performance and expand its applicability across diverse use

cases.

KEY WORDS facial expression recognition; deep learning; convolutional neural network; emotion classification; VGG19

T #0512 T 6F T 52 3k v — Aol A 0 iy Ak
HE R TF B, BB ik AL &M EE, 85
1% 26 AR 2 R B 2 W, 38 3R 1% 1R 51 (FER, Facial
emotion recognition) 7F VF £ 40 3l 2. A # 2 . 7F
A4, FER A LA Bh W 42 2R e UV 7 1Y &
2 U AL AR AT O s FE BT ik, FER fgg i Bhis
155 J% B ok RS PR, B R8T ROR s TR 3k 5
I 57 Wi 45 v, FER AT LA SE IRE ARG 00 725 sk 5% 1 % 95 4R
A, TR 2838 FHG 72 AMLASE Y, FER fFALAS 5
AR AL, SR A PRI IR 55 A v AR

NI A U 3 8 v A Ay S B Y B R K
FEAE A H2 I, 1% 50 0 R U 5% 3 B = T
FEOE B, 1] 40 Jmy i — (AN, Ty 4 B2 B[R]
8 X AL G )7 1 B TR R AR S B R A W o AR
TE, PR TCVE A SOk AL 5 R 78 S Y 2 A B
P . TG RS AL AR A IR A B O, X ey ik
A X LAA $2 3 4 i 1 28 Ak S 32 3 U PR B, 4%
FROEAR IS 73 BB A, 46 RS 27 2 HOAR R S
H 3l FER™, BCh T8 Ao ta 34

Bl TR BE 7 S I A e, T M M 245 (CNN)
() T B 2 ) BB B T2 8 T FER AT 45 B 7
FER2013 4l 4" I, Khaireddin 2™ 3£ F VGG19
ZEAE B SOTA BEAIIESE T VGG Net™ By flt iz, {H
A ALY 2Rt ] A B 280 e K, 7 g 5 B0
B Pk IR B Ry T A TR TR B I 2 e i R
5], He A1 45 T — Bk 252 ST HESL, JE AL T
ResNet, iX #1553k 152 J2 89 W 2% GE A 200 4L . Pra-

merdorfer 5" ¥£ FER2013 $(#i4E I % = Fh A [R] 42
¥ (VGG Net, Inception Net''? £l ResNet) fit) 1 GE 1F
17T BB oA, 45 R W s 7843 2R TG 26 7 11 VGG
Net 358 R IOLME. Li S50 BEAT T e 24 W 2 FN 45 R
) 2% 7 T #2818 AR AT 55 v A B R T AL X
WEFRAAARVT T W AP 4% 25 M I PERE 22 5%, i
T figp AN [ R B A 2] B AL TR R AF TR v % HH R A
FasE PEHRL T F 2 DLA# . Shan 509 #2187 —Fh CNN
BRHE, RE0E K P T 21 1Y IR IR IE R R . 1%
ZG0 AR | AL B B | 1R AR
BE e 2H AY . Shanthi 551 38 o 8% 5 J5y # X 3l 9 1iE
R 3 R G AR A A RN BE T Yu SV P —Fp
FET 2238 18 Al A VRS B GORR 28 ) 4% 19 T 2R 1 1R
7, 17 A I K AT G AR R SR U S IR
)RR SRR ARSS &, A SR BT T 58 B 1Y 5
PRI, $i g 1 TS R IR TR A M R A
AR, R JIHLHIFE FER i E 25 H

{HHE. Hu 617 3 T SE-Net, 3 /& —™ ] HL A 3K
AR, 28 T 4 B 9 B S AR R AIE . Zha 5509
BRI TEE MBS TIEENIIH S S5
FERRAE, B3 A 41 B R 5 A 2 R 37 4k 23 [
R SCRRAE SR BURBE He | GI0E R R B HORD B [R] R
HIRRAE B BB e 2 ) 28 78 40 R BT SOfF Bk
G N ST S T K7 7 N S e s =N 3 W L K Y =
B U NG B VR A 1 . Zhong S5 U0 e HLF 5T R
W4 38 1 N A [R] T DB (CBAM) i A 31 R JB2 7k
25 M 4% (ResNet) H1. 33X B b AN 5 1 85 U G AR



<1274 - TRERLF2ER, 26 47 5, 5 6
TIE B SN RE 7, i 38 1k 5| AL 45 2% pRBCR 1L Z W 4% fil & 7 ¥, B SR VGG19 1E b S Al

W 2 , A R T B 53 A AN Y 1 TR Ren 452
W5 AT I PLH, L RE S 3l b 2 S AH
KHAE I8, I S e OGS 1 L, DA o a4
PEFHER V. SR, 1% 5 X AE Maxpool 1 Avgpool
PN Z AN T 1 2 L, A 2% 18 VGG M 4%
H 50 2480, B e B R S 4000 A 7
AT ekt

2 28 il 2 SR FH R 8 24 1 46 BB 28 I 2%
KB BUS TT BB 2 0 FRAE )2, 2 A 3 4R BT
K 1o AU Rl X 2 i 25 I 45 B Verma A5 P 4 H
{#i ] Visual 1 Landmark P§-~43 32 Bl& of i A\ Sd
AT RHIESE L, Visual 4332 FI FH V2 P 25 0 245 44 B
IG5 51 A i A AR 2 REAIE, Landmark 43 52 4b 2
T 2 U AR, AR IO AR AR A A R
ZE LRI, IXE A W FE CKHRE S T iy 1 RE
B A T HA 5 7. Jung 28 PY HE H T S A B B
Y B TR BE I 28 B A H— 2 BT Z Wi #h LAY DTAN
W 25, H 0 BT b AR A A a5 4R BB ] JLAR]
FFAE Y DTGN W 2%, — 35 455 5% H1 B 84 4 7
2 DA T N 3R U M RE L A 4 S 50 45 SR R W]
7 I AE AR B AR AR T A AT A TR AR
Yang 55506 VGG19 5 [ 48 9 25 AR 90 3%, LAkt
A2 8 o i I 24 v 1) B R Ak 2 TR I v B A
ML B T )R il As B dn ks B R, A Pt Sl G
HIAE . Vignesh %5 P £ T —Ff o 70 i 1 B R
) (FER) £ 78 322 452 784 3 o 76 A0 58 JL AT 2 (VGG)
JZZ A4 A U-Net?" #4873 125, P75 HI#AE L
P& HORD 98 M AR AE BT rp i) G BRERREAIE , [R] ER 4 o] 3 ok
VGG JZ W TUAAT B, B 4 1 B i i 5 A e
TEEZE G, T2 R 2 AR AE T, I 3 1 28 1Y
FRAE$ UROR.

Zih LR HT AT, BOAR TR 2 > PO L
S B 28 ) 4% (CNN) ZERRE [ 2h £ B0y 11 2 A
P B BT Z2 A AR AT SR ME DL 78 4 4
EWR . 2 RE RRIES B 1550 10 X 2% 2040 38 H %
TR 2 A SRR, T 20 T2 R 40 1Y
M, T ECFE TG A R 2R AR A PR g A2 FR
IFH, BUA IETEARFEAA L SCHTS 5o RV It i
B 2 REPE I, A e 2 3 0 1 P, R e S AR
o PR BT AR B R ANE. A, BRI 308 | =
B S A — PR L2y TR R,

DAL I o] 38 31 46 R i 25 I 246 ke 44 JCEE Jin 4 Thi
AR R 2 I I R R AT, 75 AR 2 Y i Ak 3R
175 TE AR 5% R AR T R B X i — ) 3, AR SR

2%, Fill G U-Net [ 2% 2844, B ] U-Net 74 (1 Bk 2R
HEAALH, BENS S A i 4 22 RO AR AR FE AR S
Bk, 38 Ao A T N B AR DU R 3 i
MRS S, WAk, SIA T Bk Y SE 1= 1 HL, i
5190 245 RE A5 16 417 Ak S O P v 19 07 M 5 3 e .
BERE R X 25 BB IR, AR SCHR R 7 TR RERS &Y
BT Z AT EOR, i R gL
PSS S5 | 51 ACHT B ek 2R AR ML LA R T A A
ISR, i s T R RN IR A PERE, m] o
b FH S A5 B BT A R B

1 tHXIEig

1.1 5% VGG M4

&5 VGG19 M4 BER N & 1 r 7~ . VGG19 A
194 )2, i 16 MERZ4Lk, iy 3 4~
JZ (Fully connected layer, FC Layer) fil 5 /-3 b )2 .
M AT DUE Y, 12 58 0 R AE 4 R e 4
5T, & PR SR 3x3 1 BRAZ R K
b Ak JZ S R B A B R R AR A Y OC B, B R
FH & B R B fan A B HEAT 18 s34, N2 A1
B A R AT R AR BB, IRk A A o — ik
FRAE . GG o 6 B, BN e B AR A
A i AR H A 3 T A B A B A S B B E
1 5 R A5 B R AE 2 IR 2 81 1 2 IR 218 L.
e KAk 2 4 32 2 ) 8 2 X6 D A A I 0 A7 A
il LA B RN 58 B 45 W AR B 12, e 2 3 4
HEREZ, T~ HA 4096 MEIH, 25 3 ~HAT 1000 4~
W IE A R AT 280 40 25 )5 Softmax 43
ARG PP ME SR, e i St T 25 2R

VGG W 2585 IR Y 5x5 1 77 By R B B
e i 3x3 1) /N FRUAZ, 8 AR AT [R] A 114 J 0 BT 1) 15
BLF, ASERE T A b Al AR R S Al Yy, A e 4
T 28 X 4% B TR B, B e U ) T
1.2 1548 U-Net 4%

1545 U-Net W28 A7 Q5] 2 fiF 7. A ST 4% 32
BB T U-Net W 4% i U T 4580, 1% 451 AL RE
i A 250 Hb AR I R AR I 5 oK, () B SR PR
I HERR R, B R PRI A Al 28— 2 T
FEAE B2 U 265, 2 2 U YR 25 1 T R AE B B R
A A R ) SRR AR . B SR FEBY BEAR AL
FEPABFZ A — A KAk JZ, DL IR AE Y
B AL B A 0 RRAE A N 4% 08 0 R A
W ELAT 155 2 A G R AR 0 B R R Ak v 4%
HEEMG, TR X SERRAE 55 A2 ) ) AR J2 R 4 B



X /N AT Z T U-Net 22020t VGG19 #1146 F2 15 R0 1275 -
%
S 204x224x64 @ Convolution+ReLU
ﬁ 112x112x128
Q 56x56x256 oo oo s1n @ Maxpooling
TxTx512 Fully conneted+ReLU

Input image

1x1x4096 1x1x1000

@ Softmax

E1 VGG19 MLt
Fig.1 VGGI19 network structure diagram

1 64 64 128 64 64 2
) =) Conv3x3+ReLU II> Copy and crop 3 Maxpool2x2 <@ Upconv2x2 » Conv1x1
o g
£ 5 h= o
ERs
£ e y [ St E
2 O£
S 2
NS . L,
o TOT0 o o N o
~ = 0
o m&lzs 128 256 1288
< © >
ESIESINS 2 ﬂ:{“
T4 g S
848 &% P
D 256 256 512 256
L B, JIE-E-0
< [Se] o
- st‘é 512 512 1024 ST ==

B 2 U-Net MZ45H[A

Fig.2 U-Net network structure diagram

R R AR FRANZE 5, dEAT RR A 5 1, LA
Sk T At 50 2001 R AR O K S L DU B9 4 S
— P A AL R AE 43 2SI RR S A A TR R [R] 2
Sl ) A0 0 2 S A R At L P RS 2 B RN
N1 B BRRE AT o0 8, DI AR IR 5 1 P SR
(Heatmap) . HoH, 2 — gk SRR S — M 1397,
S BR AR I SRR B TR AR A X P Ak AR R
YE Softmax bR &L 4 A, F T 1158 0 A 5. @
i FE A B e MR ) 2 0, R ATT PR AR B S B &
SRR, I AEAT S A4, T AR B =
B A BARTE I S RE.

2 HEMLE

2.1 B3 U-VGG M 4544
AT U-VGG EIME 5325 W 25 25 44, J&— Ff e
AT VGG19 Fll U-Net W Foh i i 27 > #5 R 1) 25 B4

P 19 357 750 0 4% . 7F FER2013 3044 |, th TREAS &
KHZREME, FH VGG19 BT 2 IR FRAE $2 A
U-Net 19 2 REZFFEREG, A B T 0 B s £ ) 2
FEME, B2 5 20 U A e 1 7 CRHEOHE 4R I,
BB /IN, H VGG19 T 2 [ 45 il 58 K AR AE
FEICAE J1 A1 U-Net 119 Bk B 3% $2 475 BB 05 4 12 52 24 19
FIEAN .

AR SO R W 2% A5 R AT T ek, it T —
A A B B 4 ) R AF 1 HURS B 1) 245 11 Ak &5
Fhn & 3 s,

H &, Stagel-StageS B B, &4 B B #6 5E 1%
T2 2B &M% . BN LB PReLU B41F R %L
Ph e i3t SEAttention 158 . 3 #6241 5 A5 He 3 [W] T
Y, A 3R B I S A R TR 2 AR AE, B 4R
Th T HRHE AR BOR BE TR 5 B . 22 )2 34 R 28 ) 2%
FIE 0 A7 R4 AR 0 21 /35 Y 3= 5 RRAE, (] e



TRERLF2ER, 26 47 5, 5 6

- 1276 -
<+
o
X
ket
N
o
X
&
I o g x1 ~
X X -
S s %
IS — =
N a <
o —
Features1
x2 [x2, x3]
O
l © 4 a
¥ 2 Z 7
& % & <+
— X —
— v %) X
% & Q =
N [¥a
—
Features2
(] ©
Ve)
s 400 ¢
N X
X &
X
Nel X
Features3 3 Iﬁl II %
é N
v

=
W

fimoie

Features4

TxTx512
TxTx512

~

XTx7T
View: 1x343

Output: 1x7

Features5

[]J Conv3x3+BN+PReLU+proSEAttention

@ Maxpool
@ Avgpool
@ Dropout

- ConvIx1
@ Fully connected

x4

B3 ot Y 4 A 1]

Fig.3 Improved network structure diagram

24> 3x3 /N4 BRAZ S8 I 4 BURFAE 41 2R, X AN
W T SHCBGE, IR T T RLALMEGE. BN A0 B
iy AL (E 0, 7 25 1 BYIEAS 43 A, JF4g
A S ot 2 0 24 A N, A L7 8 YR R R AR RN X
R 2 pR A R DX, DT fife DR A B T R 1Y
[B) &, I H AT AAERE A 0 U1 250k 5 w4 T L A 1 O
T, BRFHHER . T R RE IR B BURFIE A B R
TE i sl, 32 U-Net W24 AR S &, 7E Stage2 il Staged4,
Stagel #1 Stage5 Z [1], K T #55#:4% (crop_tensor
PRI B FIAFAE BF 2 (torch.cat) $ AR S S A ] |2 IR
FROERg G . A=) iR
x4 = Staged{cat[crop(x2), x3]} (1

B AR 35 R B R RO R B 2 47 2
59, IR H RS 5 B AR R A VE . RRAE DF 42
5530 18 6 4 W) S22k A AN T 2 00 e Ak 181 4T 9
$2, IR R 1x1 B RO 4538 18 AT R 46 . Rl . 38
b MR AIE Rl Y SR B, 2% BR A ST 4T R 5ok B
NGV E R IR S NN T /-5 i S RS
IKRE T FIHERE .

BEXH G VGG19 [ 25 1 1] ReLU A D i pR
BAFTE Ry — LB o, 0 FE T ReLU” [ R, A7
A T PReLU(Parametric rectified linear unit), Jifi %5 &
X, B SN ReLU. HA2E Rk 40 (2) Frok:

X(i)» x>0
fo)= { ? 2)
agy Xy, x<0

4 a=0, W PReLU iB b ReLU; 4 a2 —
AR /IS [ 5 A (0 a;=0.01), M| PReLU iR f Ky
Leaky ReLU(LReLU). PReLU 7 Jiili bR % 2. A5 5 3 1Y)
P LA 68, B A SEGH E N BE E R E R
BT EGIAT DB S, B e X% E
R38N DA R 5| & 2ok 306 RV 1 T e 34 oy
A B RN, A [ 38 36 (AR R ag, B, 28K
A0 TR R a2
22 BUEMBEEEEAEDR

SEAttention A5 J2 A% 3¢ 2e#F ) 45 fr) 7 2 A
T4, IR B AL AR &, 1% 07 el e 4
Jai (5 Bk A BEAS [R5 38 1] 14 AH B G R, XFRFAE AL
LR Y, B T AR B R T R BURRAE Y
5t & . SEAttention F< 3 5% 971 i Hu 25 7 2018 44
th, R BORIE T A e U EHE 2 RifE B, DA
8 M 7 B O T A ik o IX 3, WA 3 U &2 H bR 4
A7 A O T v 1 B M2 ST 45 G ] 0 A G
R, I N B T S 2 M TR T AH R A AR, AT i
TR B A% B 4 1l OC T ORI E I RRAE A B, 2
AL RN BE ) R R . BARZE AN 15 4 R,

SEAttention R FR 4 & = MEE, FFIE (Squeeze)
AR (Fy). WU (Excitation) #4F (F,). 481 (Scale)
BEAE (Fyare) 45 % —1> input FR1E K] X, 2835 Trans-
formation(F,) # /5 A4 BURRE B U, R~F Sk HxwxC,
Y BAE X H AT T 2 )5 F 243t 4k, R AE Y
HxW 4R 1x1. 440 (3) PioR:



BE/INFE A HE T U-Net 2844 Bl ift VGG19 52 #L Y A A5 U000 7 v

- 1277 -

Fq0)

wr w
c’ C

Fo(s W)

([T === M

Ix1xC 1x1xC
X

7

Fas) ‘
C

B 4 SEAttention 7T 72 Ll JrBE )

Fig.4 SEAttention attention mechanism schematic diagram!"!

1 H W
Ze = Fsque) = mzzuc(la]) (3

i=1 j=1

Horr, 2, J& 40 J5 0938 18 FR1E, u (i)) R FRAE &
UTENL & (i) FIEIE ¢ FAME.

T HR AR O )2 A 2 8 N, G A
WA BT A A5 B, Foh W E i 2R 2] 15 3
Y, FH ok (7R 75 B B R A A DG A A A i
2wy, Wy, X b — DA B 1) iz AT AR B, 15 3]
WEAEAE s, &2 2EEZE, s TR AL
(B 278 AN [F) 38 18 AR A L, 7738 1 AN 7] i A
. A (4) Fos:

5= Fex(2. W) = 0(8(z. W) = c(Wa6(W12)) ()
Hrp, o 7R Sigmoid #IE BREL, g B 2ER)ZN

S AR AR 8 AV AR IR IR RR R
K, 5 R B B PR RRAE . L RST KN S RRE I 58 4 —
¥, SE BEHA AR FEAE B /N K, X (5) s

Fe = Fycate(Ue, 5¢) = Scite (5)
Hop, u, FoRE AR U A ¢ 1Nl s, 2R
WL BRAS B A5 ¢ A4 38 3 AR .

T = AL T ARtk R BOR E R G E Z

] 14 52 % ¢ 2% B T % 80T PR B ReLU (Rec-

(a) 404y
3.5
3.0 1
251
20
1.5
1.0 1
-5 -4 -3 -2 —‘10‘5' 1 2 3 4

A
i L 3 &

—0.5 1
-1.0 -
A

tified linear unit), W& 5(a) AT/, 1 A 43 BEAE 26 1k
(1R 50 1 TR TG R 5, L v s A A AR 3R R ST A X, A
AEFRARTR PREE Yy, TERTA KR T 0 BT, B
RERRIE 1, R 2R Y A BN T i), ReLU
(R A6 JBE SRy 0, XoF I ) AN K S 2345 31 B, S Opf
LTI AT, 25 e S AR AR AR B AT R 3.
R, AR S0 ReLU T pRICR: 464 Mish T R
B, LIS N 2% 1 2R3k 0 AV B AR 3
Mish 4 7% pREC U 1] 5(b) AIF 7R, H: RS A8 AR
R RET A x, DA AR pR 5y, JL R E
FE [-0.31, +oo) JEH N, WA LA, XA B T B 1k 4
JE 40 AN X T IE i AC(EL, Mish R 508 A B K (E R
i, T SR VFBE B Bt 8, B IR 25 S 5005 2 A
RCEE . R T 97U AL, Mish BRUBURE R T M £ Tk
1% B A]#E. Mish B0 pRE50E 15 5 BR ReLU 1Y “Dying
ReLU” [/, $& T+ T W25 (1) 2% 2] 68 1. )48 Mish pRi
B0 BE AR H2 0 O B AT RE 2o 22 I 2 il B, HL
A AEAE AR AL T — A E AR AN . 5 ReLU A
L., Mish % 22 A] e, 8 50 1 A7 3 n) .
23 HitRESLE
SR s TR e AR N TR S TP L3
J2 2 T2 B Y R AE T 7 o — 4 ) i, Ol
i softmax pRESCE BN FAF 0, WA= (6) FiR:
(b) 4.0V
3.5 1
3.0 1
2.5 1
2.0 1
1.5

1.0 1

5 o4 3 2 %10 2 3

0.5 -
-1.0-
&

B 5 (a) ReLU LI BAL; (b) Mish I %k

Fig.5 (a) ReLU activation function; (b) Mish activation functions



- 1278 -

TRERLF2ER, 26 47 5, 5 6

(6)

pi = softmax(x;) =

n

2"

i=1
K, p BRI AR, x; RR R FEBIREAR. BT
FAR R Z g BRI e 0 1) 1 22 8], {HX Fhor %] fig
25| BSHICA . AR ARCE, IR #1419
JRURSE: . S T A DR 3 S [ JT, AR SCHR S T ok il 7R e 1
SrEER, WE 6 Fik.

- @ Avgpool
o o g
vy vy o>~ =
gE& ) Dropout
X X X [
~ o~ e 2
- Convl1xl
@ @ ' Output: 1x7
@ Fully connected

Bo MitmyRITT,e

Fig.6 Improved emotion classifier

SR H 4 R 34 AR Ak 35 B2 B9 RRAE,
LR BRI 3 PN e LR R 1 A R AE , [R) Bs PR R
BOAAR, Jd/INFRAE T RS =R, 51 A Dropout 1E
A5 A, 38 3 B HL R 16 50% 114 28 70 2k 10 i i
PULA . AR R AL 3G T, e — 2 LA B AL 356 B
TS A, o 5 4 3l W 4% A — A B, T
BRI 19 a5 LA — 22 B A SR B AL B, fE A5 A i 22
P N D B U R 2 wedl 1 B DRI S (U E B
NEOCER, $Em T ML &b 85 11 BHRZEH
TR A 42 BGER 43 (Stagel 3 StageS) $2 B = 4
FEAIE B S5 21 SR IR 4k 1 25 1], EE D) Re AR R e |
TETR A FNAE N AT 55 BN 512 A 19 = 4k 45
fEE 48 8] 7 43838, D TSR E AT R
Z= B, [ ARG T A M5 B A,
EIEEW & 1x1 B E S 1 RHE KR
Sk [ i, A PR AR 4 S A ST, e L
W2 as Bl 5l A Ix1 HRZ e iE &=
W2 A, S I 53 28 8538 o UL T it R
ZRPE, B4R T RRERLG RE T, 8 WAL T s
B, NS = 1Y UG i R AR T T S

3 KBRERS

3.1 EWINE

TEARBFFE A, $E8 T Windows 10 #:4E R 45, It
£ PyCharm ££ it % 28 55 v {fi ] Python 3.8 it A
KN GRFAY, PR BE 2% 2] HEHL Sl Pytorch1.1.0, fifi {43
5 CPU & i7-11800H, fifi F§ T — ¥t RTX 4090D .
R, A R/NA 24GB. BEALI Zirb, ff ] T BEALER
JE T BEAE AL A S, IR H 28 SUIR 4 2K pR&L(Cross

Entropy Loss). 7E FER2013 I CK+4CHE £ I, Il 4
32 A 1 (epoch) 4351l 1% &4 250 F1 60.
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Table 1 Image distribution of dataset

Emotion (class) Class total (FER2013) Class total (CK+)

Angry 4953 135
Disgust 547 177
Fear 5121 75
Happy 8989 207

Sad 6077 84
Surprise 4002 249
Neutral 6198 54

Total 35887 981

WS R T 2 R8s 3 58 52 R X FER2013
Bl £ UEAT T WAL BE, DL S ALY AL e T
fig. I 5 A Ak PR AL HE B AL R BY & 44152 F . N H
Cutout 5 34 58 77 1% . B ALK B L)L Bk B4
¥ A PyTorch 1Y Tensor % 2. i 467 kb 2 F- B 2
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Fig.7 (a) Loss curve of the model training on the FER2013 dataset; (b) accuracy curve of the model training on the FER2013 dataset; (c) loss curve of

the model training on the CK+ dataset; (d) accuracy curve of the model training on the CK+ dataset



- 1280 -

TRERF2EIR, 5 47 %, 5 6

ZIUCI‘J%’%E’J Stagel % tH Y 64 18 i 4% 1iF & 4
& 9 .

A ST 25 A [R) B B 19 1 5 7 R AE AT A4k
E 10 Fros. B85, i A JZ 25 )2, FRIEE &
F Ve I ih G AR B2 B W 1S 0, 0 0 B B 3 A AR AR
PR (AN 2 fae 3 ), 0 22 B B e 6% 18 0 B
52 2 Y BECRURRAE (I AR T 52 ), Stagel (4

Accuracy: 72.165%

(a) 0.9
Angry 0.01 0.09 0.03 0.14 0.01 0.08

Disgust +0.15 0.05 0.02 0.04 0.0 0.0 0.7

Fear [0.12 0.0 {5k} 0.03 0.17 0.07 0.09| [§ 0-6

é Happy 10.01 0.0 0.01 JKOCHN 0.03 0.01 0.04

Sad +0.08 0.0 0.1 0.03 [0K#40.01 0.16 03

Surprise F0.02 0.0 0.07 0.03 0.02 (¥ZN 0.02| | 0.2
Neutral F0.05 0.0 0.04 0.04 0.14 0.01 (04 | 1!
—_— 0

?§$§@%@c§§§§

Prediction
Accuracy: 93.939%

©  Angry 0.03 0.0 0.0 0.03 0.0 0.08 1
Disgust 10.01 024 0.0 0.0 0.0 0.0 0.0 0.8
Fear 0.05 0.0 (K34 0.06 0.04 0.04 0.14| | =

E Happy | 0.0 0.0 0.0 KM 0.0 0.0 0.0
sad [0.02 0.0 00 00 (X3 00 oo07|[]%*
Surprise F 0.0 0.0 0.0 0.0 0.0 02

Neutral F0.02 0.0 0.1 0.0 0.1 0.0 [8&
_— 0

EEE

LN <

Prediction

(ST
@ o & F
& RO,

LR 8 T 56 S B9 B A {5 B, T StageS #Y
th C 2 T NS UL B A A Y L AT LA R
B, B RGO T RGN 2 (5 B
SNBSS SR ESY N i S S S N &
AR A — A TR U A e DACTRT B A R R A A 3]
SR R BRAE . FLUC, 25 B Be Y TE T 0 70 A 22 Ak
R IR A W R AR BT 1 AN [R] A9 & T 2, 1)
Ui 391 % 5 R R A A DG i i 9 0 4
Accuracy: 73.753%

(®) 09
Angry 0.01 0.09 0.2 0.13 0.01 0.07 0.8

0.04 0.02 0.02 0.0 0.02| M7

Disgust +0.25

Fear 10.11 0.0 [0E{) 0.01 0.16 0.05 0.07| [§] 0-6
0.5

0.4
0.0 0.08 0.03 I 0.01 0.11 03

[“_é Happy [0.02 0.0 0.01 [{UCH 0.03 0.01 0.04

Sad 0.1

Surprise 0.02 0.01 0.06 0.03 0.02 (5% 0.01 0.2
Neutral f0.05 0.0 0.04 0.04 0.15 0.01 [ 0.1
1 1 1 1 1 1 0
@ & X ‘b' P {p
§ & s
Y' Q% ‘3‘ %& ‘%‘b
Prediction
Accuracy: 97.980%
Angry 0.0 0.0 00 0.0 0.0 0.0
Disgust | 0.0 00 0.0 0.8
Fear + 0.0 0.0 0.0 0.0 0.0
0.6
E Happy | 0.0 0.0 0.0 00 0.0
Sad 0.0 0.0 0.0 0.0 04
Surprise F 0.0 0.0 0.0 0.0 02
Neutral f 0.0 0.0 0.33 0.0
* 0
$ & eﬁz’& @ & \%@ &&
Y,Q%Q.go < < \\,&‘ N
Prediction

Bl 8 (a) FER2013 %dfifis L OLALRT ML BIIRIBHENE; (b) FER2013 il b otk [ 28 A5 B IR B AR ; (o) CKHER A _E DL AL HT IR 26 B3R I RE R

(d) CKHEHRAE I Bt 9 4545 2 TR VA HE B

Fig.8 Confusion matrix obtained from the (a) original VGG network on the FER2013 dataset; (b) improved VGG network on the FER2013 dataset;
(c) original VGG network on the CK+ dataset; (d) improved VGG network on the CK+ dataset
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Fig.9 64-channel feature map output from Stage 1
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Fig.10 Visualization of attention feature maps at different stages of the network: (a) Original image; (b) the feature map x; output from Stage 1; (c) the

feature map x, output from Stage 2; (d) the feature map x; output from Stage 3; (e) concatenate x3 and x, after cropping; (f) the feature map x, output from

Stage 4; (g) concatenate x4 and x, after cropping; (h) the feature map x5 output from Stage 5
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SR, AR 2 i,

H 35 2 AT LVA Y, ASCHTE AR 7E FER2013
BRI HER RN 73.75%, 55 VGGNET, S-ResNet,
VGG19, UCNN, Deep-Emotion iX 5 Fll 5 1 #H kb 43

@)

S TF 1.26%, 1.25%, 1.06%, 5.10%, 3.73%. 1E CK+
B AR A S IR R 2R R 97.98%, 43 il T
JAIN 1 93.2% F1 Em-AlexNet [1] 94.25%, It 4[5 k¢
= T MIANet 9 95.76%. SCAN ) 97.31%. DeRL
1) 97.30%. SLE 45 RE W, 5IA I EM I, %
SR AR TH R ARG U A HE A R LSBT W R
R 1 5 R TR T O AE S I REAR R o £
IR B IE M EZ, T XK (8) iR
TP
TP + FP

B F R, KA True positive rate (TPR) 5§, 2 £
B, AR A SR R 1E 2R B AR AR, B AR A2

(8

Precision =

TEBR TR 1E 20 ). L vk = (9) R
TP
Re call = ﬁ (9)

F-score f& — ™25 & 18 b, i 98 A 34 19 7
AP TR AR A8 5 A [l R, DT 4 T Sz e 1 AR A

F£ 2 FER2013 AR CKHEHRAE AR M4 i LK
Table 2 Accuracy of different backbone networks on FER2013 dataset and CK+dataset

Dataset Models Accuracy/% Dataset Models Accuracy/%
VGGNET!" 72.49 JAINE 93.20
S-ResNet*® 72.50 Em-AlexNet! 94.25
VGG19 72.69 MIANet*” 95.76
FER2013
UCNNF7 68.65 SCANHM 97.31
CK+
Deep-Emotion”*! 70.02 DeRL"! 97.30
Method in this article 73.75 Method in this article 97.98
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Precison X Recall 2TP

Precision+Recall = 2TP + FP + FN
(100

F-score =2 x

3 TE/R T ARG o 23 WL AN A A = Fh AN [\] P
BI73E T, WA T R A U B £ (FER2013 #1
CK+) ) Precision, Recall F1 F-score. M Z&#& #0] L1
%, 76 FER2013 diidE I+, Macro P35 1) Pre-
cision, Recall Fl F-score 73314 0.723, 0.705 #10.707,
= T Micro F1 Weighted ¥ 77 725 . iX 3% B 58 1 7
&2 bR BAER , B AR A A B D 1 2 )
Ry FIA 2 . 1E Weighted “F- #4177 B F 19 Recall
H0.727, & T HAWY- 207 v, UIRETEREAR R 2
RIS ) A R . 6T CK+HEE 4, T F
757 T B9 Precision Fll Recall 3447 0.953, Weighted
SE 4 J7 1 F BY Precision 1 Recall 4 & 0.982, F-
score M&A ANIA], HAR R T 0.95, R BI7E XA B di 46
Akt Re AR F . SV R, FER2013 B4 4
TR PREE, B AERE AR 2 128 ) b AR I A
M7E CKAE 4R I, SA R nfa e B AL#k.

F3 ARSI TGS ik R AL RS bR
Table 3 Evaluation of proposed method on other metrics under

different class averaging methods

Metric Macro  Micro Weighted
Precision (FER2013) 0.723 0.702 0.683
Recall (FER2013) 0.705 0.702 0.727
F-score (FER2013) 0.707 0.702 0.702
Precision (CK+) 0.953 0.953 0.982
Recall (CK+) 0.953 0.953 0.982
F-score (CK+) 0.971 0.953 0.959

N T S UE A PR UE T R A AT T IE AN it
TR, ARSCHAT TR IR B o A S 0, S5
BERANK AR LR LR T Z R RS 4
i MER R FIPE A8 AP (FLOPs) 75 1T 1 22X

VGG16 Al VGG19 2 Mg B 2 2%, BB
SRR, 43 38 138.3M 11 140.1M, DA K AH X 4 4
B HE A R, 4 91 R 70.38% F1 72.49%, 1B HHAE
Z% FE AL 3 1R, FLOPs 4371l 28 15.8M il 16.2M. 4 3C
PEH IR S BEGE L AUR 20.7M, AR E] T e
WERA R 73.75%. 7 FLOPs J5 1, 1% 7 ¥ L 0 H
T VGG16 f1 VGG19 By fE. BN I, 4 3¢5 3 78 5L
B i H R 5 A TR B R T R AT AR, AR
R GEUR A7 B 1) R 58 v oy IR BB 2 ] FE AR AL T )
SERTAT R R

R4 AFBERASEEL

Table 4 Comparison of parameter counts for different models

Models The parameter count/10° Accuracy/% FLOPs/10°
VGG16 1383 70.38 15.8
VGG19 140.1 72.49 16.2
FER-SoCP 102.4 66.0 9.6
KLS-Net* 1.95 69.21 0.03
LA-Net"™ 15.03 70.25 0.283
Method in this article 20.7 73.75 14.7

34 HELIE

TH R S RO UL 5. R T LR Y, R
BRI AR CKA%UHE 42 F FER2013 $0di 42 i o %
391K 94.747% F1 69.044%. £ X AN T 4%
BT RN BN JZ J5 #EAT L, ERR F R =
96.030% F 71.293%, FHHL T BB R o il 48 5 1
1.283% i1 2.249%. ¥4 W 28 B2 46 51 2 2y U-Net Ji5, 1fE
B %3k 3] 96.652% H1 72.264%, FHEL T FL L 45581 7y
BIHRTE T 1.905% F 3.22%. 7 INek i SE 175 1
ML, HEf Rt — 22 T+ 2 97.323% Fl 72.699%,
SR T 2.576% F 3.655%. fix 2 ok o i) 0 4% 7
CK+HUHE £ 1 FER2013 45 4 I 19 o 1 2% 4 i1l i
F] 97.980% F1 73.753%, FHHE T L&A 73 5] £ 175
T 3.233% F1 4.709%. | 0L AT LLE Hi, 78 9 2% i [R]

#5  CK+HI FER2013 a0 ml et 45

Table 5 Results of ablation experiments on the CK+ and FER2013 datasets

Ten-fold cropping Cutout Improved SE attention Batch normalization U-Net framework CK+ dataset accuracy/% FER2013 dataset accuracy/%

v v
v v
v v v
v v
v v v

94.747 69.044
96.030 71.293
v 96.652 72.264
v 97.323 72.699
V 97.379 73.264
3 97.980 73.753
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