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DFNet . Expression recognition algorithm based on
fusion of multi—scale features and self attention

LIN Shuainan, ZHANG Wei, HU Min, ZHAO Rui

(College of Mathematics and Computer, Jilin Normal University, Siping 136000, Jilin, China)

Abstract; To address the problems of large model size, high computational complexity, and low recognition rate in facial
expression recognition, a new expression recognition algorithm based on fusion of multi — scale features and self attention
mechanism— DFNet is proposed. When performing multi — scale feature fusion, by using dilated convolution and channel
dimensionality reduction, multi—scale information is obtained while expanding the receptive field. A fast self attention mechanism is
proposed that improves the traditional Transformer block and reduces the number of parameters, therefore improves the performance
of the model. The experimental results show that the proposed method achieves accuracy of 89.31% and 89.05% on the RAF-DB
and KDEF expression datasets, respectively, proving that the proposed network has strong generalization ability.

Key words: facial expression recognition; residual network; self attention mechanism; dilated convolution; multi—scale

21, 2006 4, Hinton %5245 R TR 22 1)
FoEE R . SAES R R IR 4R O M T, 56 T IR
2] MY H) FER 88 2 T N TAEBURHIE Y 2D BR
FEAL BRI 5 52 2500 I R LB B G R 12 4k
PSR, I EXAS RS GERY IR 2R FEN

0 31 §

IS F28 R ANTHE B % A0 i 38 m s
TR TR, AN R BRI 2 P i B A =
W% N T el 1 R, R ARt HAs T

WEIL . N FRAE P T2 0 o NI A | 5
THAL B R AE S LA R F A A AR 4t
HR R B IBCLE P 45 A PR AR 5 s B 7, R RN
U A5 2

A A S U B R T T TS

EETH: HFAEFEITAIIIUH (202301012431C) .

A EIR B U SE A %5, AR BN DT T, 45
FHAH 28} 2% ( Convolutional Neural Networks , CNN) 75
BTN AR SRR Gl D i
JE A2 E YO B e T 2, I A ) TR e
TR TR L U SR IR B R R R R | R
S RPN PERE

TEZE RN : RO (2000-) , 2, WEEBFFELE  FERDPFETr I G, 3% A (1981-) 35 Mk RIS, 2050y 1) B BERA AR AL s

(1999-) , 2 Wi HAFFE AL, FEEWFFE 5 . ERR S,

BIEE . & B (1975-) & W4 #d, wi A4 W, EEAGT T [ BERL, B ZH(F . Email: lijiatong_zr@ 163.com

Wi A 2023-12-06

Y LR RN o= K4t 55 A




5 6 1]

MRIBF, 4. DFNet: fili3 2 NEERHES A ER ARG PUNE L 65

Gao %52 H AR N T —FBr 9 FER Jrik, 7¢
CNN 5] A% Ainas (0] 2 (SSA ) A LI Kt 45
PIFRSE2E 2] (ICL) Bl 5 R o T A5 1 51 i i
Hhes () S VR B IT I A BLVE il Rk 1 UE B
AN DA BB A3 A AN A (0 ) 5, X6 D 2% S 480
RN, ZE 5 S D TR 2= M %, it
SIARE R B G, fE— e BE LEGE T35
FFAE, Hossain 252434 10T 2 LA CNN 5 X0k 1
CNN ZEAE Rl | 3L AR I 45 42 5 S 80 [R] B
Ba5ER T 45 T R R AR ST T 45 HERE (R
AR A E RS Y TR S E SR U0 A Rk
B T2, Sy A S0 T 08 9 1 T O 46 1) S B g
Sun ZFFH TR T —Fh ZEUS 2 KA S 38
TTHG B R 282 I 2% ( CNN) 55 800 K S e 1298 34
P22 M4 ( BILSTM-RNN) AHZS A, RS Hh 2% > i
2 JRWEFNE . Zheng 5224 SR T —Fh sk i 42
Je R S SRR AR B 4%, 7 S RS v | P48
TR (4 [ B fige i 1 A Pl R A 4 Bt A
H A5 BN 58 42 D) R RIS e S e M e 55 1 ]

DF-NET STAGE 0 STAGE 2 STAGE3
3,224, 22
INPUT (3,224, 224) BTNK1:256.56,128,2 BINKI:512,28256.2
CONV:7x7.64.2 (518, 28, 28) (1024,14,14)
STAGE 0 BNRELU
BTNK2:512,28 BTNK2:1024,14
STACE 1 MAXPOOL:3x3,/2 (518, 28,28)
: 7 (1024,14,14)
BTNK2:512,
(64,56,56) BTNK2:512,28
STAGE 2 (518,28, 28) BTNK2:1024,14
BTNK2:512,28
(1024,14,14)
STAGE 3 STAGE 1 (518,28, 28)
BTNK2:1024,14
STAGE 4 BTNK1:64,56,64.1
STAGE 4 (1024,14,14)
. (256, 56, 56)
DCM - . .
BINK2:256.56 BINK1:1024,14,512.2 BTNK2:1024,14
. (2048,7,7)
FSA (1024,14,14)
(256, 56, 56) BTNK2:2048,7
FC BTNK2:256.,56 (2048.7.7) BTNK2:1024.14
BTNK2:2048,7
) ; (1024,14,14)
OUTPUT (256, 56, 56) (20487.7)

i,

AR S X FRAH UM R AE B ICRE ) A 2 N
B AR ) PRl R, R4 T 2 A T A el

(1) fil 22 ROBERFAER, ) FH 28 1A 6 R 3E %
A, B RIRZ Y R REFR

(2) $& 5 —Fht 8 3 E I3 HLHI (Fast Self
Attention, FSA ) , £ 5 [ £% 1 [T AR R A% FEAE A AL
Mk — 22 FER A5,

1 RIFRHIMEEE

B FRVF, Bl 25 2R, 45 i v RE
SR B AHRFFE B S TR % 0 45 S T2 HH R
JERRIERBE LR 2R 9 B, AT S B0 28 P RE A
R, XFul , AR SCH gt T — A R T 5% 22 N 4% ( Residual
Network , ResNet) fY FER J5 7%, #£ | ResNet50 1 &y
BEMERESE | $2 DCHL Al 15115 Rp AIE , 1 o ) 265 1) R 3% BE
T3 BRZER A 1 Fros. B 1, 22 DF - Net
LN P R SN SIS R B SR N A P SR
Bottleneck HARZEH

BTNK1:C,W,C1,8
(C.W.W)

DCM FC

CONV:1x1.512/1
CONV:3x3512/1
CONV:3x3512/1
CONV:3x3512/1 Expression
BN,SILU classification

CONV:1X1,C1, /s CONV:Ix1,C1x4,/S
BN,RELU

CONV33CL, /1
» BN.RELU
MAXPOOL:3X3./1 . SLU
MAXPOOIL:5%5./1 +RELU
MAXPOOL:7%7./1 CONV:IXL CIxd, /1
BN,RELU

CONV:1x1.512,/1
BN.SILU

(C1xd, W/S, W/s)
Disgust
(2048,7,7)
Fea
A BTNK2:C,W
Happiness (C, W, W)
CONV:1x1,2048./1
LN
Neutral CONV:IX1, C/4/1
BN,RELU
(1024,7,7)
Sadness CONV:3x3, C/4/1
CONV:1x1,1024./1 BN,RELU ;
CONV:3x3.102471 +RELU
CONV:3x3,102471
LN Surprise CONV: [1; T\} G

(2048,1,1) (C, W, W)

1 EREME

Fig. 1 Model structure diagram

1.1 DCM &

AT = B - 2 RO (Dilated
Convolution Multi—scale, DCM) f 3t 7Rk fT 2 N E
FROERLG B, F 2Rz TGS R TR 2, RS R Y
B A 3x3 BB 5x5 1 7x7 B,
HR TR BT IRl F Tl E REAE R 7 —E
FEPE EHRTHE R AR IR B . DCM 544 Qs 2 By
No

B 77 WRRERS  BIFAT4T 1 IR Ix1 45
L 1 R 3x3 A2 R 3x3 A 3 IR 3x3 R
BAEIEAT concat FAE , AR 1E J7 18 A9 &, 18
B C/4 20 €, 1 TE BatchNorm2d il SILU JZ
HEA TG SR Ix 1 B FLSE B E Fe 4k, S
B 1o IO 4% R AT SR B DR i e, I 1 IR 4% 00 02
ALEE ST, F IR 283 BatchNorm2d #1 SILU 2, 07§ 58
BRI B A TR



66

14 3%

! ! | !

CONV(1x1,C/4.dilation=0) | |CONV(3><3,C/4,dilarion=0) | ‘ CONV(3x3,C/4.dilation=1)

l

CONV(3x3,C/4 dilation=2) |
= T

BackNorm2d

SILU
conv(1X1,C)

BatchNorm2d
SILU

output

E2 DCM &#E
Fig. 2 DCM structure diagram

FIH 22 RBEAFAE Rl JEAT RAF U], 7T DLAE—
SERREE FRGHIRERRIRRE T . R R BRI
HH L, 2 ROBERHE Rl G BE A% 5000 A S50 A 42 2 175 1Y
FRIEAE B, T4 FER MOAE I 5801,

23 4 FH ( Dilated Convolution ) 8, 1Y 4 7 %5 FH ak
HIWMKG, WHRTE B ICR Z M 7t — L2 4
(0) KA REBZAE R, Bl — 85 r R
23T AR 5K AR, WA ZS TR 5 ) 52 PR B R
HERREBUWER AT Z B R 2 (1)

K=k+((k-1)(-1) (1)

Horp ) b R RUREBUERN s r 2B kR
(dilation rate) ;K MY BJFLIREFZ KN,

TEHAT 22 RUBE R AE Rl I, 45 P 25 3 5 AU 2
AL

() RIBSZ B, AR T3t AR 0, i ] 25 3R
B FAT ATEY A7 B 14 [R) B AN 252 4 32 DTG
A BN AR A

() FWMERE E T FER . Y2 A AR
23R T AR 23 10 B BUZ B i A [F] 1 J% A2

POtk Z REREE .
1.2 FSA &t

FXT Attention HLiH , H FIrAZ O 8B AT [ RS o0 ik
LU

(1) XM ATTR ARSI AE

(2) B ax LA TR 55 %0 o B A B s AH e

(3) FH75 BN 0 25 JOR AN, 7 A — A T K BE Y
TR,

M2, R T BEGF HlHE ST f 22 ) 28 06 F Z2 A G
oy A BOARSCHE , 32200 A T R ML R A e A
TP TS RE v = WA L[ il K TN o i AR ] o e 2 £ 5
iy AN [R) BB 23 22 ) R AH DA

A SCHE Ry PR B T BL I ((Fast Self
Attention, FSA) , i 5o P 4k Br 4 42 3% #5557 X LA
RAY TR A 4 s BB REAE A S IBCRE ) , RT3 T
BAIPERE, FSA S5H &l 3 s, B3 2K
FSA #& A5 4y 18, v 1] I O 2 3k A R 0 PL
(Multi-Headed Self—Attention, MHSA) &t 45 & A
%}%‘JE‘Z%M)L( Multi Layer Perceptron, MLP)*ﬁﬁ%O

kR R 4R FE 3 R BO AR R R P A i
A FSA FEOE G 1x 1 B BURIZE B ) — 2615 it
HIRFN R IEE R, B ¥ B — 2 E
FSA B3 A i A BY tensor 4 & J2 batchsize X
2 048x7x7 Hu ANEIEEE N ¢, FHJE L 1x1 Y
ISR AERAE  d B TR ¢ x r,r 025,
RIFE ¢ il ¥ ECk Iz —, ZJa, 8 1 ikd
IF] 22 Bt oA de g, A TNk, i LayerNorm J2
HATRH— A, ¥ I3 — 405 09 Bl A 2 MHSA
23 B R B, B S R — AR 22, IR TE
LayerNorm Z#17H—1k , 2848 MLP Z)2 MG ,
N —ANR 2% R St 1< BRUZTHEEfi



%61 %Uﬂ?%, 4. DFNet:

FilE 22 ROBEHSAES A 3 R0 RO R R 5 ik

67

Input

c

Conv, 1X1, eXr

Input
LayerNorm ) \e,'b‘ {,}]&
W . s
Linear
MHSA
Q K
Input
LayerNorm MatMul
Linear
MLP Softmax
Linear
MatMul
Conv,1X1,c¢ Output
Output
Output
MHSA MLP

Fast Self Attention

Multi-Head Self Attention

E 3 FSA Z&HE

Fig. 3 FSA structure diagram

Z 3L 1E 71 (MHSA ) 22 Transformer #5471 () —
AN BN, X TP A A B BT AT R ) —Fh
TR HLI T RE ™ A 100 22, F & R Ak =5 [|) 1) 2
FEPE ) T 2 TR B 31 2R 3% 5 . Linear {0264
4G | ELAASE BRI P A B+ 4 3 A AR A i
32309 Q(query) K(key) \V(value) , 1784
BASSKRRE, 0 R 5 PRk

MLP Z)JZEHMALH H 2 JZ Linear o [A] 4 fff H
B A+ Y AR B S BE 2 [R] A4
1.3 HiEmiE

ARICHR I FER J7 3%, Sk AR K 4 R
X LR 25 AR AP BR T R I AR IR

THh
[LEEI e

SEESTYGEL

2k

bt
AR

B4 HiERiEE
Fig. 4 Flow chart of the algorithm
(1) PIZERIHR e : AR A0 BROE R 2% 14 F 3t e 4
iafk;
(2) EHRBAE I AR RRUGEACUIZRHT, 5 20 ]

BT AL B, Tk T PR A4
@O KG 47 % 224%224
@ FEIH—fZ=[0, 17,/ THR(2) ke
y = % (2)
Hrr, x,,, FoREBHERE
@ FIALAL 3 . B AR A ] A G B BB AR
R ECHE T 5 B B A 1, DT 48 v T 4% P 1T 5k
AT E(3) FEATHIA
X, — mean
YE T ad (3)
Hor, sed O B 5 b 1 22 (0229, 0.224,
0.225] ;mean JEHRAEIAIMA] 0.485, 0.456, 0.406] .
@ FEAIEERR - B HLE BB DB R i X B
EMEAE B, AR Y o B et . HA R
BEZIX IR AR R A E R 0, AT IZIRAE AR A
0.5,
(3) Y&k K oAb PR 5 A9 15 %6 A 3] Backbone
H A AE] DCM B 5 FSA fiH, Fe i A 3]
EEE, NGt R Adam fRALES W1 1R 2%
>JF 4 0.000 1, epoch %N 80;
(4) Wil o 75 58 B 7 56 1 (YN ZRe 450k 2]
W B epochs) WIRH ;B IR Bl 2 AEFR(2) .

2 XE

2.1 LIGHERE
AL LB HEAE 22 552 Ubuntu 20.04.3 LTS, 52



68 /OB i &

L5 B A %14 %

IR T Pytorchl.9.0 HEZEE & | 0 /4 5
CPU 4 Intel(R) Xeon(R) Gold 5218R,GPU 46 G
f) NVIDA GeForce RTX3080Ti, % T Adam 11k
%, 2F 2 RWEH 0.000 1,5E 55 batchsize B E N 32,
Y% epoch M 80,
22 HIEE

535 RAF-DB 1% %48 4 1 KDEF %1
BT

RAF-DB $diE 4" 1129 6725K BLSC {H 5L &R 4
B T 5 AR OGRS 7 AR
TE R 12 MGG, N TR iEA SCE 1 7 1)
AR AR LR TR HL T 7 FhOE AR B
12 2715k BURAE RN ZRAEAS 3 068 Tk S AE Ry ik
FEA . B IRER I SF R 100x 100, 2855 4b B S A
FI AR ) 224 %224 85l RAF - DB % ¥ 4

Anger Disgust Fear

Happiness

FEA M . RAF-DB i ge v i1 7 R AR LB 1R

e 6 iR,
4772
train
test
4000
2524

2 1982

R 2000

&:

185 1290
630 7 705
478 281

329 g0 162 2

0

Happiness Neutral Sadness Surprise Disgust Anger Fear

B 5 RAF-DB #iF&E&LRENT

Fig. 5 Distribution of various expressions in the RAF-DB

Neutral Sadness Surprise

Bl 6 RAF-DB X1{EEZRSE%
Fig. 6 Partial images of RAF-DB emotion library

KDEF %45 451 J& 78 5% IR b 8 R A A O R
REN PR EFRA A AR, HIt A&
2 F XSO R R PSR, 2B RS 7 AN
M, BARWEA S ADMAE, H 4 900 ik # @
Bl eSS SR 93 911 5K BHRAE M Il 25
FEAS,977 5K G AE Ry AR AR, BE R iR RSE
562x 762, 2 i kb B 5 g A AR RSF S 224 %
224, &7 iy KDEF $(#EEHE A 531, KDEF $(#
ey 7 FhFAE G ER A 8 FR

train

test

560 560 560 559 559 558 555

400

GRS

140 140 139 139 140 140 139

0

Happiness Anger Sadness Surprise Fear Neutral Disgust
e
El7 KDEF BiEE&EERENT

Fig. 7 Distribution of various expressions in the KDEF

Anger Disgust Fear Happiness Neutral Sadness Surprise

El8 KDEF REESER
Fig. 8 Partial images of KDEF emotion library

M AR
VA 0 26 A R A AT RO, (T 2RO
(Accuracy) At B F- 23300 2% R A7 F5 )
XTERCR 7 BT AR, T aC(4) SRoKAS
TP + TN

TP + FP + TN + FN (4)

H , Accuracy TR EKEE ;TP . TN .FP . FN
I3 s ELBRPE I AR PR DL S A B
2.4 LEWERSH

TR VB REL I REAS TE A ik 43 P 175 U HE A
WRIX AP N HABSE R L, X6 AR SR 0 25 A5 R0 7 2

2.3

Accuracy =



5 6 1]

MRIBF, 4. DFNet: fili3 2 NEERHES A ER ARG PUNE L 69

ANBCHE A LR AT T IR VA R R S5, I aE i ] 9
A 10 s 7 Sesm a5 8], B9 & 10 g AT AR AR
TR, AN ERAIR TS G, X o B
AN RFUIAE B

1.0
Surprise
Fear 0.8
Disgust
3 isgus 06
% Happiness
= 0.4
Sadness
Anger 0.2
Neutral
0
5 > © 3>
£ 2§ ¥ < &2
&3 S 8 4
el
Predict label
B9 RAF-DB #IE&EiRBER
Fig. 9 RAF-DB dataset confusion matrix
1.0
Fear
Anger 0.8
Disgust
e 0.6
% Happiness
E
=
Neutral 04
Sadness 02
Surprise
0
s & F 5 3 £ B
& & ;ﬁ . év § S& Sf
S & s S F
<

Predict label
E 10 KDEF HiR&iRE/ERE
Fig. 10 KDEF dataset confusion matrix

SRR ARSI 45 LR AE RAF-DB %1
PE4E 1Y 52 5 b, XF Happiness 28 1R 1) R &% &, X
Disgust I Fear AR SR A A ,ATRER RN 2 — 2%k
P53 5 v BT 3 1 R 43 FE AR U2 Happiness, 1M1} Fear 55
Disgust FEAFAXS 5D, K 1 AT BE 2 IR AS 43 7 AN
i xof FAE VU 7 A M 22 s BRI 2 A, JLZE A Z 0] 77
TE—EFEE IR , B ICE R R AEAR B 3
P 2% 28 R A5 R R S fF e — & % B,
Happiness 22115 5 =AW AH FL B ARy, U8 i
171 ,1H Sadness 1 Disgust 1% 5 H & R IG A AEFH L
TR, 25 5 M S5k Il Sadness F1 Disgust 3¢
5 P F AT B

HHILZF 78 KDEF Bl ryscsi b #2830

MREA I AR 5], BRASARIEAFAE R IR (H
HARFMERZE 5y X 53, DRI i 4 190 46 A5 0 4% 28 3R 1
P HarR ] At T LATERH Sl %50 DM BEER
55 FSA BB T LUAT B8 i 215 U0 A 8 R

R B8 UEAS SCBE 2 0 NG 2 15 R 4 S ELAG
¥, 7F RAF-DB Fl KDEF A FF £ 1884 L, 53
AR A S BEFR AT R SR AT XS L, X HE S B 45
DL 1, HIER 1 AT, A SO At Y 0 2% A58 Y ELAT B
SR FZ AL TERE

®1 H5EMFEMILER
Table 1 Comparison table with other methods

pIE/IE GR/R PR/ %
RAF-DB eXnet! ") 86.37
DDL! 2 87.71
IF-GAN[®! 88.33
FT-CSAT!] 88.61
DFNet 89.31
KDEF DML-Net! ' 88.20
P-PCANet[ %] 84.08
SAFEPAL') 84.19
SSA—Net!!8] 88.50
DFNet 89.05

2.5 HERSEIE

AR SCHIFFE Y Bk B A s T 4 AR -2 R
5 AEE S PUERIX ER 2y, S 1R SR i A% A
HLi A 85k 5 Ve AR SCR H T T il 92 56 R i A7
BSF, H A, ResNet %t )i Baseline 4% 5, ResNet +
DCM J& H s hnzs i 45 F1 - 2 ROBE (1 45 5, ResNet +
FSA J& AP F RS AL 925 2R, ResNet+ DCM +
FSA SR T a5 481 - 22 RUZE R B 1 52 AL
AIER | BIAR SO, SEERa R ILER 2,

®2 HBXK
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