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D-GFK Network Cascaded Facial Expression Recognition Based on Graph Convolu-
tion and Key Point Feature Fusion
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(School of Medical Information and Engineering, Xuzhou Medical University, Xuzhou 221004, China)

Abstract: In view of the current problems that facial expressions are difficult to recognize under conditions of
lighting changes and occlusion, as well as the low recognition rate of pessimistic emotions, this paper
proposes a facial expression recognition algorithm based on graph convolutional cascade classification based
on improved dense connection network and fusion of facial key point features. Since different deep learning
models have their own advantages in facial expression recognition, dense connection network has a high
accuracy rate in recognizing optimistic and calm expressions, but has a weak recognition effect on pessimistic
expressions. Therefore, this paper first uses wavelet transform, key part mask attention mechanism and
binary tree classifier to improve the dense connection network, and constructs the I-Densenet (Improved-
DenseNet) module for the rough division of optimistic, calm and pessimistic facial expressions to improve
the recognition rate of rough division; Secondly, the graph convolutional neural network based on the fusion
of facial key point features is used to fine-grainedly divide the pessimistic expression of the face to improve
the recognition rate of pessimistic expression. Finally, this paper constructs the D-GFK network (DenseNet-
GCN and face key point network) by cascading the improved dense connection network with the graph
convolutional neural network based on key point feature fusion, combining the advantages of different
models to comprehensively improve the accuracy of facial expression recognition. Experiments show that the
model proposed in this paper has achieved good recognition results in facial expression recognition tasks.
Highlights:

1. Propose a cascaded facial expression recognition network named D-GFK (DenseNet-GCN and face key
point network) , which employs an improved DenseNet for rough division and a graph convolutional neural
network based on facial key point feature fusion for fine-grained division, thereby improving facial
expression recognition performance.

2. Construct a rough division module integrating wavelet transform, key-region mask attention mechanism,
and binary tree classifier, enhancing the robustness of facial expression recognition under complex
illumination and occlusion conditions.

3. Design a fine-grained graph convolutional classification module based on facial key point feature fusion,
which combines global semantic features and local geometric features to improve the recognition ability of
pessimistic facial expressions.
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extraction; face key point detection

Foundation items: National Natural Science Foundation of China (No.62102345); Medical Research Project of Jiangsu Provincial
Health Commission (N0.22020032); Key Research and Development Program of Xuzhou City (No.KC22117); Jiangsu Moore Acous-
tics Technology Research Institute Co., Ltd. Horizontal Project (No. MESX-202305001) ; Anhui Ark Biotechnology Project (No.
240729001).

Received: 2025-06-15; Revised : 2025-07-03

*Corresponding author, E-mail: zhuhong@xzhmu.edu.cn.



ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 41,No. 3,May 2026, pp. 841—853 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2026. 03. 016 Tel/Fax: +86-025-84892742

Bl&RMXE S fFERME N D-GFK M 4% & BX A R & 15

1%l

B OB, ELE, ARG K X O B KB R & 4

(TR M BER A B2 (5 B 5 T RS2 R, TR 221004)

OB A A AR R LR R A OUT A LR A A R AR VL SRR R R )
M OAXRE A THRAMREEZERNL S AR XL EFIERESGEERBIKS EARLERNE
ko WTABRREFIBBEARELTAN T ELRY B EELE MK LRI R -F B AW EH
FRE G, AT AN A IR BREEE, WAL ERRA DR TR AT RERILEDIEE A e
SO AR 4R B AR A A A AT, M T T-Densenet(Improved-DenseNet) £ 3k , Bl F R A -F #
F A3 EAR R GAR 5 REMX 2RI F R R AL TAR X LRSS B ERPER
B AR EME T WA EX S RHEREAFORNE, 5, A3 ¥Rt REEEME S AT X
PSR MEBRANBERNEMBRFTRIL, MET D-GFK M % (DenseNet-GCN and face key point
network) , % & 1~ Fl’]‘%ié’]’ft%b GERBTHAREERAGEMRE, FlAN, KALREGHE A
AN F MR A AE S P AT T BT8R ;‘3"] HR
KR . AR A IR RIS R F R M & AR I AR KB S48
RESES: TP391 NERIRER: A
S| AW B, B WA, =R AE B BRI G SRR AR RS 19 D-GFK W 28 2R I G R R L] B R4 5
Ab PR, 2026,41(3) :841-853. ZHAO Teng, CAO Yaru, YAN Houru, et al. D-GFK network cascaded facial expres-

sion recognition based on graph convolution and key point feature fusion[J]. Journal of Data Acquisition and Process-
ing, 2026, 41(3):841-853.

51

i

B R ST — A N A 2 NI 2R U 2 — il 5k 43 A A 28 TS 2R 155 ke A By LA
SR ZS A AR RN T REH AR R 3 R B A B . 4 OB &K Ekman' 42 A2 6 Ff 3%
AT R BE A&, 5 ok SO T M SRAF R BN R 2R 8 PO Y 7 R AR SR L LR AR E M RO T
AR R R A R AR B AR 2 1~7 3R o NI R AE U TE 41 S AR 43 B o0 B2 B 5T O K
95 B E AF A T W T o AR, T R P AR AR IS A L 22 R NI R A TR AR AT T i
PR, 25 1 B0 v A P Y 28 52 2 Bt S v T R T R A O A AR L R I A 5 IR
W30 A R A U B ) 7 H R HR R

XA 5E N BB SRl TR [ 7 AR T G PR . i Wang 25 R TR K B %
Ay N T ALEE IR AL TR, 40 5] 38 3 4 BLUpR 242 ) 2% (Convolutional neural network, CNN) Fl [&] 35 FH % £

BT EHRK A KRB S (62102345) 5 VLI LA (g 2 51 45 B4 RHE0 H (22020032) ; 4 N 1l 3 5 0 & 1 0 (KC22117) 5 7L
DR BE IR R 2R RS I AT BR 2N )R [ B (MESX-202305001) 5 %2 807 4= 91115 ( 240729001) .
I 5 B #3: 2025-06-15; 81T H #1:2025-07-03



842 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 3, 2026

(Graph convolutional network, GCN) 15 2| & 1 4317 , 145 & 15 Bbn 28 A7 Al & 1000 03X A~ 7 B AR 47
it e 1 NG A U TR 52 A0 4T VA ¥ 23 1 - EORUp) DRI 0 ] L, (H R X TR RE A — i Y 2R .
Zhao % R YT — LT L ART RS 0L TR A R R R R PR s AR e 2 A 4% 8 D T A TS A UL
58, R BsF SR FH T4 L ) 4% 42 4 AS ) 2 15 5 I %) T 0 465 4 15 2., DAL o 0 485 g T 4 1 38 2 17 i 1EL (H
J2 F T NG JUART A5 I8 28 5 ol e 1, 7 MR 8 1195 0 T B B E . Tao % PR T —Fh B AT
AR AE LG 0 JE OGN B TR T 2RI R A P 2 Rl R SR U Bl G TS [ Y B
FEAE , $2 05 T I 48 A AN TR G BRER 85 R A0 AR 1 R s 38 58 1 PRLQUZE I DR B 3 40 A R AR 001 4 i 77 A
P R0 S o A P (L 3 A I A R R AN g i i Ak, O LR R B N A R IR . Lin %R T —
ol 35 T OG0 &1 198 T AR 2 7 RN ik B A TR AT 55 3R A S — A TR F ) [ 250, A 5 0 T TR A
e T B <R E R LA BRURT Sk 4 08 AT HE B, T L TO0 AN 2 ) A T ARG ) AR g B AT S8 U
K BE o AR AFAE S B0 K LA R ik i MO 1] 5 ) 19 ) R, 9 88 o A b 22 T 44 418 i 2 fk e

R A5 YU AR TEVE 2 U A T2 9 RISt (H R WAFTE — 28 PR . NRRIERERZE
AR TR — A A5 A BE B A A [R5 R AN IRl AR 2 8] RS R A B 25 s U, ARG Uk
TOER R B R A DR 2R R R, 0N 1 7 At R RE S e NG 3R U Y R P o BB
I 2 17 U AR T LS8 AR 55, EL A R RE IR, X T 2% S KR SR LA BT RN B8 T B IO
AR B T2 S BN R AT RN RE T AR 55 M B IR VE DR R 43RG o [R) I B — B AL X T AN [
G BE SR T RAE A 30 245 0 R 0 R UL B8R T, ol RS 1 1 28 Ak T i 5 B0 M B o B
FEAE & A= A8 A, DTS2 M8 1 280 R AR A B SBCRI RN o A, 7 TR AE 2R R A I B0 R 8 43 T AR R AR AT
FIE 1 B B ABOR ,  BUR R O 2 o DR, R T R TR X B B A R AR N AR P 8 R R 2R
2 BB R AE HEAT G 3 J2 00 L DA e A 3

AR H T —FETF D-GFK M2 (DenseNet-GCN and face key point network ) [ 2 #5% 5 25 Ik 73 28
BRI T N R AT, it 7 A 2R 8 PO TE A (6] % BR 2% 4R R 78 B 94 20 55 X LAIR 1) g 1)
() I 4 a0 N R S AR LR T AN R o A SR S 0 B R 3 2 I 2 /N AR e HE R VR
HL R = SO 73 28 4% FE AT 2CaE | I A etk i) 9 2 322 3 190 6% o AT 3 1 5 Hi 4 R A AL R 2, 4 i £
K53 R FF 0 S ER AN AL 338 o YRR Bt R 4 3 0 2% B IR AR 5 R T A S 51 T R IR
N S S R AR AT AT I 0 Rl 22 U5 RO AT R A 0 R A 22 U A R O A — A DGR
SR 5 TE SCIR P v A TR A AR, 0w A 9 NG TR R AT A 800 53, O Jim 4 A5 LA 28 Al o A= 1 IR
A R AR 538 0 H TS [ B I 4% 00k A AR TR A R B A 2 e AR R I R 2 L RO
AT N HER R IR B T 93.76 %6, F- i 2R A U1 HE K38 2] 90.00 %6 , [H F 40 09 R AF O HER R KA
55.41 % , PRI 70 B8 95 34 42 0 268 PR3] H SR 00 175 I B0 Rl A o 0000 25 2R . Sy X A 2 3 4 I 2 TR AR LR
15 TR 591 T 0 SR A TG A [, AR SO T R A S I 245 21 T 1) R 4 D 4% TN 3 A 2 S g A LA B
RI53 5, P45 A O 058 25 % 4 W 45 5 i T i 25 5 07 AR B N DG B RURAE  XERRAE BEAT Rl )
1 R 2 IO 4 5 300 506 O 92 175 %0 00 7 15 R 4, DA T 4 P o A S A7 L0 I 1 R

1 #HxIE

T J5 ik BB A7 e 8 22 5 RS R AR B BOTE 5 1 F A5 8L, DR e o5 X A I PR R R A7 B Ak 381, 451 4
PGS R BEA AN GE— RUSE 45 o Sa o R BEAT ARG (00 B A I, E 256 1 NG {67 B 9 R AT 4R 0T, # 2 (B
PR S8 — R, d e e 4 D0y 8 TR 48, A B AR TR0 7 28 A g AL TR A5 o DI ol 01 2 PR B840 A A o3 2
AN A ) R 5 B e R B I AR i DA T B e A Xk AN [ 286 S5 K 432 AL RE ) R R R BE

A TR 28 10 2% J2 — Tl L AT TR 52 45 A BRI U5 28 IO 2%, 1] 1 7 A 30 LAY I 28 40 1) i o A0 R
R T B BUZ AR R A0 4 3 122 S 400k A 8l > B A BOE I R IR s, DT 552 B0 0 A2 4 A X Y



A R F.REARE A S IERKREN D GFK M 4% B IR A B A 75 843

PR 2

4 %% 3% 5 M 2% (DenseNet ) A& — Ff I B 5 FURH 22 0 2% , 1 Huang 2510 T 2017 4 42 14 . 98 %5 3% 45 0
26 38 1o 2 4 3 e 0 O 2K B — 2 B S R0 A )2 I R R DUTTT S B T ARRAE 1 B AN R
Bl L A B T 58 A B RS 2 ), B2 8 T 45 I DI SR ROR AN S 5OR R o TE R i e 2 h B 2
P4 A H 22 AT A2 0 i DR T G, X e B A T 1) 4 R A I 4% IR 2 L DT BB A5 B A b A
FIRL A i A B8 M4 AE M5 8, B T 0 SR AR RE o MR 0% G0 10 46 BUR 22 I 4% | 8 2% 3 2 T 4% 3 ot
AR 0 O SO B — 2 S A )2 0 AR A RO S R T R R B R T AL A
7 7E T AR 22 18 U0 vh 3R B B4 A Ve BE o A LU TA% G0 A A5 RPN 2 T 2, R 48 326 402 W 2 LA T D i 240
R S BOR 3R DL R YRR B R BE T, B BRI AR T AR AL G 1 N AR A AR R
TIE B IOARAIG A3 28 38 AN 68 0 11 ) A

GONU —Fh & o (&1 B 3 45 M EAT TR B 2 ST B 7 vk, A 10 TARE SR T RS B 4 %t &
Fe R A AR A 5 KRB 7, FE 45 FIVT 55 b, R B 45 0 (A O T A S R Mg g . SRS
3 P 25 I 2 AN [ 1 3 EL I 4% RE 0% A 255 b ik P I 45 4 1 B9 N K 26175 0 R A0 K0 TR o IR 4% 3 5 A
PR ERA 45 4 1 O A | S BT XoF 1 50 4 ) 1 AR O i BRI R 7R 2% 2, DA T LA R 0 s 40 26
B I RS 2 R DT A AT 45 o LA SEVARUE 3 i A N A5 00 45 A% 38 R T BT A I R AE
Foon A5 ASURRAE RE % 78 43 b R I 1Y) JR iR AE B

I A A5 0 8 7E 1 Sl T S 5 A 11 4% rh B SRR AR A7 L IR IR L W R B
A5 R ILAT S B B R AIE R e S E RS R A A S VA O A B TR T R A R
14V B 1, R EL A A i 1l R A, DT 34 i G TR0 2R G0 7E 52 2% BRI 118 e e AR 3l o

JIN T AR 8 S — B I AR /N U BR B AT AR 5 o B I B E A AL BRSO RS AE N [ RO b i AT 4y
fift o 63 A5 S B R A3 R R TRAT R RS () 35, SR T 2 BER AT . e RMR AL BE A /N
A L R 3 R AT AR RUE B (Low-low, LL) IE 1 31 245 . (Low-high, LH) K F i1 445
B (High-low, HL) F1 %} £ 4045 5 S8 (High-high, HH) , 43 51 5 e 7 R 6] 5 18] 5 RO R B9 EGARAE . 13X Ff
oy 7 SORAUA B T 42 B B 22 RO RRAE 38 B8 2505 3 S 15 s A Se AR B . il ad g /D I AR
e , 3 6 7 i F A 1] A R, SRR AE B BRI RGO 52 o /DN D 8 46 4 A5 Rl 28 I 286 vy, T LA 5
TR XoF o 0 T P R B e A R A = o e 0 o R A R A PR O AT S5 B P R

2 AKXFHE

2.1 ETFHHTHZZEREML I-DenseNet B A B R 15 AL E R 51

AR SCOGT A 9 T W A AT T G R TR TN AR e S T B R T O 28 e Y O A
FE 4% M 2% T-Densenet,
2.1.1 Nk R BERA

TE NG A5 R v, 0 FH B % 3 B I 4% T DA s B iR e RE . T AR RIERAR AN
RF AL PR I 2 T 4% R 108 T 4 T b AT R 1R R A P A B AR A . B i 0 O 2L B AR 4
V5 0] 2Z Hi T A5 J2 0 R AR AR 2, A 5 B0/ B TIPS e IR R A1 L AT B2 8 1 A B 0 R 15 1) WUV

A8 3 4 P 2% AR I R MR B R o R A . ER B B g — B BRI R A2 D
RERRRFIE AL 3 . PRI R B2 B — R AR S Bk A TR R AR . X RO FJR L 2 A

X, =H, ([ X, X}, X, 1]) (1)

K[ Xo, X, o, X, IRTEZ 0, 1, ooy r— LR AR I RRAE WG 035 42 H, R 5R r R B A A8 e iR 5K,
FH ¥ 105 e BT AT 2 B 422 0 A1 e 50 24 115 J2 B9 i B R A



844 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 3, 2026

SR A% B2 08 4% 3 422 I 245 7 6 ) v WS B B9 b BRI TE 7 7 40 it 2 3 B Hp 1) 22 RUJE R i A A 2
125 F 05 BRI BRI o AR SO /0N D A8 48 2 ok 3] 1 0 98 32 B2 D) 4% 1 A 85 4 )2 1 B AR E 22 ), T G o
FRIEARIEE /) o Je s fa A RO RRAE 18123 % O LL .LH HL A HH 44> 54 ,

LL = conv2d (x,dec lo®dec lo)

LH = conv2d (z,dec_lo&@dec _hi)

HL = conv2d (z, dec_hi®dec lo)

HH = conv2d (x, dec_hi® dec _hi)
Hr dec _lo Al dec_hi 43 531 hy 1% 380 3 U #5% 11 i 38 8 0 A% 00 R Q7 kAL SR JE X A A AT R
KRE R RRAE I 0 53 BERBEAR— 2, BRI A~ i 340 O SR AR AR R A
LL,,= upsample(LL ., 2)

(2)

2.1.2 KT REIFLBAGIEE N HH BN
15 I A7 VL P T O A (3 48 9 0 2 )
HLA R — A B R T B IR T T3 A @ FRIAEEE 1 (0) AT /MR BAR R
S RS B U YA R S B A, R gy (@) The original dense layer | (b) A dense layer with wavelet

B 5 P e A B S S AN ) A RN BE 50K TR 2 A B B AR RN A T /NS e i 55 4 2
T 7 4 R S DX, A T T 9 A AR A 3 A AR Ak Fig.1 Original dense layer and dense layer with
BRFAE o 20, 24 )P o I 4 S5 1 28 I, W 1 ) T wavelet transform added
ARABIE R B RRAE . N 2 7R, 36 S R A FE
14 3 T 70 WL B A A5 50 A I 2 B v X 2 1 U
55 AT 5 B 1 OB DX, it e 15 TR ) o A R
2.1.3 Z—XH4 kBt

FE A% G2 0 b 28 N 2% i A B0 R e B — 1
S P2 OB BUZ AT AR B SR, 3R o — A 3 P A%
A BB R ] T AR A AR AR AE R TR RE . O TR
T BB, AR SCOE T UM A 20 2 e 4

TSUR G S T v R AR 45 R ) 36k U AR R i A BSCHE AT 43 R A B AT A AR B R 2 IR R AR
KR HAFREAN T SR AR X B AT R Y AR e, AT SE B4y 841 55 . XU 4 258 R 344,
BT R S AR AL T A AT )2, A3 SR N A T ASCRI A 0 R 5 OB 4 R 3 s 0 O 2
SERE A S5 AL o BB R T R TSRS A, IS S Y 2 R 38 H T AR B A i T SO B TR B T

LH,, = upsample(LH ., 2)
HL,, = upsample(HL 4, 2) (3)
HH,, = upsample (HH 4y, 2)
Zree = conv2d (concat(LL,,, LH,,,HL,,, HH,, ), rec_lo&rec_lo)
2 s G /N A FUR SRR Z 5 A5 B Ly LH g | 31& li T |
o atch Norm ! atch Norm
HLdown ﬁ HHdown 4 /l\ ?‘ 'ﬁ%: s ﬁ J: ﬁé t‘é ’f% @J LLup N LHup N :
HL, #1HH,, 41~F7 ;upsample F£/r IR concat l Re{‘U | i I LELL |
R TR 92 U2t R [Comammen] | [Comamem ]
EAYAG B R E B 2o PRGN DR AR B BT HL IR AFESS 1 [ BatchNorm | i [ Wavelet convolution |
A TR RS 2B R )2 Z 8], (45 38 2% o 42 W 4% 1F :
i N o [ ReLU | 1 [ BatchNorm |
RhPEEAE S e SO AL A5 8 R s o :
[Convolution (Ix1) | 1 | ReLU |

B2 T o £ 7 ) AL

Fig.2 Attention mechanism based on critical site

masks



A R F.REARE A S IERKREN D GFK M 4% B IR A B A 75 845

TR AR J B A T AL A A R TR, A AN Ak S VA AL A A TN L A
T A i VA M A% 3 25 A TR A s R e R O Sl Dy RS I
SO FTAT I BB AR A5 B A A 2R B R WK 3 R, o R O AR
MR =2) R T AL A AR R B, PR AN Tl 3 R 2 R
2.2 ETESREXEABHUERSHEYRREIRA

A SR T-Densenet (Improved-DenseNet) £ B A 2615 4R 4E , Bl A& AR ¢
S SUREAE (0 R A BUR T B TN  OG B AT 18 4 BBt KFP-GCN (Face
key point-GCN) . J&fdi Ffl I-Densenet XF A 2¢ %5 08 47 MUK BE &) 20 f Hokl o0 o B3 U9 2K4%
TF e P AL 325, P4 ] KEP-GON X 35 LA 2% HE AT 400k )3 ) 23 8 k. Fige3 Binary tree clas®
L8 200 0 S 2R P RO IR 52, TR B 1) D-GFK %% sifier
2.2.1 A THERGFIERIR

7 S 3 (P B 20 I 5 110 26 R A 2 00 4 AR | B BRI 2 B o 19 NS SR A R AE |, XoF AR I 4 A T R A
Ja AL — A R P o AR SCOH A Rk — A T, R P T A8 =2 i) ) A 5 M 0L g i DG BBk R 9o
LA T Ay G PRI BT A A I UG 5000 B 8 00011 2 A 4SS 80 S A 7 AR F 2 B, P il A G BB ] o
AT B 5 HOCHE By Y s 7 2, 8 OCI T AR B AR 2 IR S D R B SR B A B AR A RN B 4R
T 2R

3 3K AN T B PR 0 e A 4R B O IR LA R IE R AT 4L A RN R R Z I C & . Al
JFH P 6 B 22 90 24 1647 b 2 W00, 0] LA 3 2 R FH PR 5 4 o A 3 M 8 i — 2B 4 v TR R 1 1 i R R
SEE

i FH — A € 20 11 e G 1) A5 780 i B PR (R R A, DA 4378 422 J2 B s 1) R A0E 1) it R P G- SINE 59 % 4 B
FRAE DEAT B 4 45 5 R AE R 2 21 — 4k 23 a) KL B AUl

C=SKL(P,|Q)=3 X p,log?? (4)
i i i

s CFoR KL EUE 2L AL By H A5 e& 2 P AT Q, 40 I3l 3 /1% 1y 4k 5[] R 248 2 o] v i) 85 50 A1 5 p, 11 g
G 7R o Ak 23 ] MR 4 23 ] R AR o R 22 18] B8 5% PR O3 A 5 25 0 S5 3R 7 36F B A R At 22 1] )

ROP A 22 S AT 2 R BN ;%i’%ﬁ?ﬂﬁ/l\é [ P A A 22 ] A AR G B
i

i A — ok AR R 32 O RRAE JFR FOR A & I R 1 G HR Pl v, 3R A 5 OGS
B 3 G IBT RNE AR A R LR e B AT S A A 4 R B 2 T A R
2.2.2 A TARXEEGHFIERI

BTN OC B 1 R VR D TR R — R R I b i G B AR ORI AR R R . 7RI
Fift 953 v S A e A I Ak S S NI, SR e S A 0 R U S b A T S Y
SR, BN IR 8 B ST R AR D1 2) o T OGB4 R EAT A JL AT R AR S I, 52
B NI 2215 1 HE B 43 2R AU

T Se ] Canny 33 2 A6 0 5995 1 60 A 9 320 5, 48 1 B 442 RO Ky P9 P AIE 6, A

G=/G!+ G (5)

Canny 33 Gk I 32 1T T3 B R D R R S R, X (5 G, F1 G230 3R R AR K
SR BT ) BORR G 3R R AR BRs B R (R, T T SR R MR, T LR B R B b i
SIS IRINEEE PN A PIREEEPSNS



846 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 3, 2026

2.2.3 ATHEMMEEEMNEL L AR R LIRS B ERENRF RN LR

TE G 25 R B v, 2 B 28 I 2463 ok 3% )2 45 FRUHRE BI04 Jmy o SCARRAE T A G S el oS 0 82 38 S 35 UL
fl {5 B A TE A BRAAE B I AR vERA MU0 3R AG ,  T 456 P8 D 38, TR I AR SOk T R 1 0 1 7
B 4 ) 45 55 N G B R R E A 104 TR IR UL R A AR g DORELR B ] 43 v g e R % o 4
W26 V5O SCBE R OB A RRAE ] iV, BEAT PR DAARAS T SR A B RAE M AR IE RO A

V{usion:[ Vi Vz] (6)

KV jion HALEG I FRIE o R CSNE 532506 fil 6 R E 2E 17 B 48 445 750 2 R A0E o A 3] — 4 2 (]

e e ol P 1 FRRE R T iy A R IR AT B0, B — J2 1 S B

1 1
H”“)—G(D “AD 2H<f>w<“) )

o HY Ry 55 L2 W RRAE Ak 40 1 A I R A B R, D Oy A B EEREIE WS LR AR SR o
N PR o — TR BT R AR AT

1
Zzsof‘[max(D~ 214ﬁH“‘”W“”) (8)

AP Lo Mg b )28 5o =) Tl 26, A
y,=argmax ( Z,) (9)

P Z, 8 i A R EURE A A AR 1) g 3 R R R M AR B A 28 S R 51, DT S Y R R
EN BRI
2.3 ETD-GFKMEREKDERIFIRF

H T B ) 2 O T 4%, R T NI G B i L A B R 2 TEU ) 1 2 R A A 5 R DR AR SCHR
TR T D-GFK R 28 93K 432 05 vk W A 7 o %05 1k ST A0 1 T80 1) ) 23 32 432 0 28 o KT R 15
B AR AT LR G B G 5 S0 43 SRy FE 0 R U 3288 5 LR P A ) R 7 3 2 ) 4 4 IO
i 5 NI S B mURFAE HEAT G, OF X Rl 2 05 I R AR R AT W 2, A W 20 2 ) il R R A A — A G R
P& 5 9K J 70 3K P v ol P TRT A R, Ok A B9 I PR R A7 A 40 93 5 e S i ALY 28 A &) 23 S AR R0
PR A AL A 526, DT 4 R 248 AL B R £ 5 R T AU M RE

=l
gl |z =
gl |8 5]
gl |2 &
< IS 7]
> 7]
4 g <
gl |8 5
s [© °

Classifier 2

B4 FETF D-GFK W45 5 9o 2 NG 2R 1% R0 25 44

Fig.4 Structure diagram of cascaded classification facial expression recognition based on D-GFK network
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Table 1 Configuration of the RAF-DB dataset

EEES b sk pERS il & 583
Surprise 1 1290 329 1619
Fear 2 281 74 355
Disgust 3 717 160 867
Happiness 4 4772 1185 5957
Sadness 5 1982 478 2460
Anger 6 705 162 867
Neutral 7 2524 630 3204
A — 12 271 3068 15339

FER2013 % 4f 42 2 1 38 247 10 51 40038 32 4 i i) i i B s 4 L 6025 35 887 ik Ik B2 A G I 1%, i 75 7
FhILAIELE 29 . B8 28 709 3K Il 2R 8] .3 589 Sk B TIE &I 1 3 589 sk MR AR , 4 2 TR .

&2 FER203FEHHBFEEBFELEE
Table 2 Configuration of the FER2013 dataset

EE e UEES [oglses LSS J5g
Anger 4995 467 467 5929

Disgust 436 56 56 548
Fear 4097 496 496 5089
Happy 8989 895 895 10779
Sad 6077 653 653 7 383
Surprise 4170 415 415 5000
Neutral 6198 607 607 7412

B 28709 3589 3589 35 887
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Fig.5 Image with 25% occlusion

#3 RAF-DBHIREEZTEMBEBDMAERE
Table 3 Accuracy of RAF-DB dataset in basic

models
BERAEAY R E S
CNN 70.53
ResNet18"" 65.84
ResNet50™ 70.18
Vision Transformer™’ 69.04
VGG16 76.50
Vision mamba™” 50.34
Vmamba" 63.02
DenseNetl121 76.76
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0 T 4 IO 205 25 2H IS 43 X R R BB Y S 0, AR SC 3 )X /)N U 7R B B (Wavelets transform) % T B
Ty ML AL (Mask attention) Fl — SR} 73 26 &% (Binary tree classifier) 85 HUAR UCHEAT I fill 52 56, 19 fi 5 40 45

Sl 4 B
Fd4 MHEPPZEENMEHEMER
Table 4 Ablation experiment for improved DenseNet network
Wavelet transform Mask attention Binary tree classifier B/ %
RAF-DB FER2013
— — — 83.18 63.51
N, — — 84.03 64.85
— N — 81.13 66.85
— — N, 82.01 65.35
N, N — 84.19 65.70
N, — N, 83.05 63.57
— NG N, 82.70 62.39
~/ / </ 84.60 66.91
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Fig.6 Recognition of face key points
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Table 5 Ablation experiment results of cascading classification models on different datasets

i ) W/ %
Rk
I-Densenet FKP-GCN RAF-DB FER2013
J — — 84.60 66.91
— J — 80.67 63.75
J J — 82.40 65.35
J J N/ 89.77 68.83
3.6 LWHER *6 AEEEI RAF-DBEIEE FRYEEEXTLL

6B T LR G F2 50 8 B 7E RAF-DB % Table 6 Performance comparison of different
e b LRSS . A SO D-GFK [ 407 i 76 AR models on RAF-DB datasets
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I 482 £ 0 0 Al 7 30 %5 19 B3 v LA e MG o7 83
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