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FIF A i A B8 (4R AE M5 8, B T3 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 R T A )2 0 A R A RO G R T R AR MG R A EE R L
] 7E T A8 2 1% U0 b 3R B 47 A Ve BE o A LU TA% G0 i 4 RPN 8 T 2, R 8 32 402 W 2 LA T D i 240
R S BOR R DL R YRR B R BE T, B BRI AR T AR AL GE A 1 N 2R A AR R
TIE B IOARAIG 43 28 38 AN 68 o 0 11 ) A

GONU — b o (&1 B 3 45 M EAT TR 2 ST I B )7 vk, A 0 TARE E W T RS B 4 %t &
Fe T A 5 AR A 5 KRB 7, FE 45 FIMT 55 1, R B 45 0 4 A ) T A S R e g . SRS
3 T 25 I 2 AN [ 1 3 EL I 4% RE 0% A 255 b ik P 45 4 A B K 26 17 0 R A0 500 TR o IR 4% 3 5 A
PR B 45 4 1 O R L S BT X 1 50 44 ) 10 AR I i BBORI R 7R 2% 2, DTG AT AR 05 s 40 26
B I PR 2 R T A AT 45 o LA SEVARUE 3 i A N A5 00 15 A% 38 R T B AT A I R AE
Fen A5 T ASURRAE RE % 78 3 b R I 1Y) JR B4R B
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LL = conv2d (x,dec lo®dec lo)

LH = conv2d (z,dec_lo@dec _hi)

HL = conv2d (x,dec_hi®dec lo)

HH = conv2d (x, dec_hi® dec _hi)
A dec _lo il dechi 43 1) hy 1% 380 3 U #5% 11 e 38 8 0 A% 00 R Q7 kAL SR JE X A AR E AT R
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Fig.4 Structure diagram of cascaded classification facial expression recognition based on D-GFK network
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*1 RAF-DBEEEHIERE
Table 1 Configuration of the RAF-DB dataset

EE eS| b sk pERS S 58
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
JEg — 12 271 3068 15339

FER2013 %4k 42 2 1 38 247 1R 51 4003 32 4 i i) i i B s 4, 6025 35 887 ik JK B2 A G I 1%, i 5 7
FhILAIE L2 . BE 8 28 709 3K Il 25 8] .3 589 Sk BE TIE 1K 1 3 589 sk MR A& , 4 2 TR .

&2 FER203FEHHBFEEHFELE
Table 2 Configuration of the FER2013 dataset

EE e UEES BESE LIRS 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 28 709 3589 3589 35 887
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Fig.5 Image with 25% occlusion
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Table 3 Accuracy of RAF-DB dataset in basic

models
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VGG16 76.50
Vision mamba™” 50.34
Vmamba" 63.02
DenseNetl121 76.76

T, 2 BN I 178 S 5 35 A5 A Ay T 3 T X3, I A R 7 1 4 B i Ak 1 R TR S O B R O DX R ) SR il
PR AE YN 5 3k T vp R A% B i A0 27 2] B GRS B, F T4 TR AR ) 43 2 % . Ol T RS el ) B
0 T 02 T 4% 5 2L T 3 R RS TR P B 1 S I, AR SC 43 R /N T AR B B (Wavelets transform) A% 1
FIHLHI AL B (Mask attention) F1 — XA 4325 4% (Binary tree classifier ) 8K U7 185 @l S 56, 5 Bl 52 56 25

Sl 4 B
F4 MHEWPEZEENMEHEMEIR
Table 4 Ablation experiment for improved DenseNet network
Wavelet transform Mask attention Binary tree classifier B/ %
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Table 5 Ablation experiment results of cascading classification models on different datasets
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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 AEEEZRAF-DBEIEE FREEEXTLE

£ 6B T LR F2 50 9 78 RAF-DB % Table 6 Performance comparison of different
e b LRSS . A SO D-GFK [ 46 07 5 76 A\ models on RAF-DB datasets

F BB E B T 89.77% 19 ok W R L M I T - o
DenseNet,Resnet18 8 & G A1 55 K3, A1 H T & ARLANNI\[Z 22(9)2
fi B9 FERGON BRI 47 1.54% f42Rs . FRIRE 2228 JF SCN®™ $5.14
A4 FER2013 EA SO kA 68.83 %0 MIMERR . DACL® 87.78
4L G M L A SCHR 0 D-GFK W % L F % KTN™ 88.07
WO (0 I 55 207 R T S B R R L O EL ot T ) EACT 88.02
D T AT 0 B 4R R 5 LA L B A AR o
I 82 1 0 i O Tl 7 308 % 9 B35 v LA e MG o7 83
ﬁfﬂ"]*%%‘@o Eﬁﬂ:zl—()‘k{ﬁﬂng&E%ﬁ%%ﬁ{f,ﬂ:'b FERGCN®Y 88.23
ISP # TT A6 RRL B B B R AT S IX 4y, A AR AR i T AR LVLM® 87.84
I PERE Ours 89.77

4 H5RIE

ARSCHR T — il 5 T 1 4 AR5 O B R AR Rl 9 R IBk 23 288 10 N K SR R B8k O 1D BV
A7 A HE P15 D0 T B A B B AT SRR . %7 1k BE B T A THI M A 4 A A N B SR A AL A, DA T S B SRS A
MG . L85 25 B Rl A 2 BRI AR B A9 7 1 AT LA e A R — A5E JR0F A [+ Ol T % 7 A EE 4 155 00 T
FNH U Y JR BRAE B e U R e B R RE R o B OGS T AR UL 4% TR0 IR £ R R 5 BB 2 B 1k B g
T R NG OC Bt st A 1] 4 ARV R RS0 A 5 2R ol 45 35 U195 4 0 RE A e AR I BE 0 o TR ek 161 o AR
AR LT B 22 ) 2% B BN T A IR

RAEARCI I A — R LIS T 835 MROR  (FOR AR R A — e R IRk . 1 Jc , 1 b BLASEHY]
PG st NG00 A A R AT AR BRI o LR AR T Bk A B A 2 1 S 5 B U I T3 U5 4R B AT PR A ] 4
ZIeIR 5 B HRE T . ARARKBO TR 4 R R, A Y 7 52 JR PR 0 DR B i 1k

S Z k-
[1] EKMAN P. Constants across cultures in the face and emotion[J]. Journal of Personality and Social Psychology, 1971, 17:
124-139.

[2] KARNATI M, SEAL A, YAZIDI A, et al. FLEPNet: Feature level ensemble parallel network for facial expression
recognition[J]. IEEE Transactions on Affective Computing, 2022, 13(4): 2058-2070.

[3]  WANG S, ZHAO A, LAIC, et al. GCANet: Geometry cues-aware facial expression recognition based on graph convolutional



[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

JE B ARG AL ARG D-GFK M & B B A £ H 37 71 851

networks[J]. Journal of King Saud University-Computer and Information Sciences, 2023, 35(7): 101605.

ZHAO R, LIU T, HUANG Z, et al. Geometry-aware facial expression recognition via attentive graph convolutional networks
[J]. TEEE Transactions on Affective Computing, 2023, 14(2): 1159-1174.

TAO H, DUAN Q. Hierarchical attention network with progressive feature fusion for facial expression recognition[J]. Neural
Networks, 2024, 170: 337-348.

LIU T, LIJ, WU J, et al. Facial expression recognition on the high aggregation subgraphs[J]. IEEE Transactions on Image
Processing, 2023, 32: 3732-3745.

LIY, ZENG J, SHAN S, et al. Occlusion aware facial expression recognition using CNN with attention mechanism[J]. IEEE
Transactions on Image Processing, 2019, 28(5): 2439-2450.

WANG K, PENG X, YANG J, et al. Region attention networks for pose and occlusion robust facial expression recognition[J].
IEEE Transactions on Image Processing, 2020, 29: 4057-4069.

HAMILTON W L, YING R, LESKOVEC J. Inductive representation learning on large graphs[C]//Proceedings of Advances
in Neural Information Processing Systems (NeurIPS). Long Beach, USA: Curran Associates Inc., 2017: 1025-1035.

HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely connected convolutional networks[C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition (CVPR). Honolulu, USA: IEEE, 2017: 4700-4708.

KIPF T, WELLING M. Semi-supervised classification with graph convolutional networks[C]//Proceedings of the International
Conference on Learning Representations. Toulon: ICLR, 2017.

ZHANG Z, LUO P, LOY C C, et al. Facial landmark detection by deep multi-task learning[C]//Proceedings of European
Conference on Computer Vision. Cham: Springer International Publishing, 2014: 94-108.

YAN S, XIONG Y, LIN D. Spatial temporal graph convolutional networks for skeleton-based action recognition[C]//
Proceedings of the AAAT Conference on Artificial Intelligence. Palo Alto:AAAI Press, 2018, 32(1): 7444-7452.

JI R, WEN L, ZHANG L, et al. Attention convolutional binary neural tree for fine-grained visual categorization[C]//
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). Seattle, USA: IEEE, 2020:
10468-10477.

SCHLICHTKRULL M, KIPF T N, BLOEM P, et al. Modeling relational data with graph convolutional networks[C]//
Proceedings of European Semantic Web Conference. Cham: Springer International Publishing, 2018: 593-607.

LIS, DENG W. Reliable crowdsourcing and deep locality preserving learning for unconstrained facial expression recognition[J].
IEEE Transactions on Image Processing, 2018, 28(1): 356-370.

HE K, ZHANG X, REN S, et al. Deep residual learning for image recognition[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2016, 38(10): 2124-2138.

HE K, ZHANG X, REN S, et al. Deep residual learning for image recognition[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Las Vegas, USA: IEEE, 2016: 770-778.

DOSOVITSKIY A, BEYER L, KOLESNIKOV A, et al. An image is worth 16X 16 words: Transformers for image
recognition at scale[C]//Proceedings of the International Conference on Learning Representations. Vienna: ICLR, 2021.

ZHU L, LIAO B, ZHANG Q, et al. Vision mamba: Efficient visual representation learning with bidirectional state space model
[EB/OL]. (2024-01-17) [2025-04-09]. https://arxiv.org/abs/2401.09417.

LIU Y, TIAN Y, ZHAO Y, et al. VMamba: Visual state space model[C]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Seattle, USA: IEEE, 2024: 21865-21875.

L1Y, ZENG J, SHAN S, et al. Occlusion aware facial expression recognition using CNN with attention mechanism[J]. IEEE
Transactions on Image Processing, 2018, 28(5): 2439-2450.

WANG K, PENG X, YANG J, et al. Region attention networks for pose and occlusion robust facial expression recognition[J].
IEEE Transactions on Image Processing, 2020, 29: 4057-4069.

WANG K, PENG X, YANG J, et al. Suppressing uncertainties for large-scale facial expression recognition[C]//Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. [S.1.:IEEE, 2020: 6897-6906.

FARZANEH A H, QI X. Facial expression recognition in the wild via deep attentive center loss[C]//Proceedings of the IEEE/
CVF Winter Conference on Applications of Computer Vision. [S.1.]: IEEE, 2021: 2402-2411.



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

[26] LIH, WANG N, DING X, et al. Adaptively learning facial expression representation via CF labels and distillation[J]. IEEE
Transactions on Image Processing, 2021, 30: 2016-2028.

[27] ZHANG Y, WANG C, LING X, et al. Learn from all: Erasing attention consistency for noisy label facial expression
recognition[C]//Proceedings of European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2022: 418-434.

[28] YAO H, YANG X, CHEN D, et al. Facial expression recognition based on fine-tuned channel-spatial attention transformer[J].
Sensors, 2023, 23(15): 6799.

[29] WANG S, LI X. Dynamic resolution guidance for facial expression recognition[C]//Proceedings of International Conference on
Pattern Recognition. Cham: Springer Nature Switzerland, 2024: 412-426.

[30] YUJ, LIUY, FanR, etal. MixCut: A data augmentation method for facial expression recognition[EB/OL]. (2024-05-17) [2025-
04-09].https://arxiv.org/abs/2405.10489.

[31] LIAO L, ZHU Y, ZHENG B, et al. FERGCN: Facial expression recognition based on graph covolution network[J]. Machine
Vision and Applications, 2022, 33(3): 40.

[32] YU J, LU X. Compound expression recognition via large vision-language models|[EB/OL]. (2025-03-14) [2025-04-09]. https://
arxiv.org/abs/2503.11241.

fEEEAN:

BB (20007) 30 B L BT 5
B WRFETT I  RE AR R Ak
#, E-mail: 303109110917@

stu.xzhmu.edu.cn,

B3R (2001-), 5, WL A5
L BE ST B
> RE B R AR B,
E-mail:304109110870@stu.

© xzhmu.edu.cn,

B (2001-) , i+ 558
WEFE J5 1)« & 2 N T3 g
5 X # ¥, Email:
304109110873@stu.xzhmu.

edu.cn,

B # (2001-) , %, A+ WF
GO BRSO ) IR
S he R A R R AL A
E-mail:303109110913@stu.
xzhmu.edu.cn,

B #8(2002-) , BB 52 2
WF I T7 1] s KA A 2
W& fE 2 W, E-mail:
304109110877@stu. xzhmu.
edu.cn,

KA (1970-) , BlE1EH,
BN S S E N 1 S S
Ui, RIS T ) < LS 2 2] A
AP A T BE  E-mail:

zhuhong@xzhmu.edu.cn,

B B & (2001-) % , il -+ f
A WE ST T IR
NN DN LR R
E-mail:304109120866@stu.
xzhmu.edu.cn,

SEE(2001-) , W LW TR
WEFEJ5 1) - R B 2% VR
P& 2 {5 5 4b #E, E-mail :
304109120868@stu. xzhmu.

edu.cn,

(4. % F &)



R OJE F.RERYL X EHERESYD-GFK M & B IAMK £ H 75 853

D-GFK Network Cascaded Facial Expression Recognition Based on Graph Convolu-

tion and Key Point Feature Fusion

ZHAO Teng, CAO Yaru, YAN Houru, CHEN Ying, XIAO Xiang, FAN Rui, YANG Mu,
ZHU Hong"

(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.

Key words: face expression recognition; cascade classification; dense connection network; feature

extraction; face key point detection
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