E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRINFE

REESES TP391 XEFRIRED: A XEHS: 1006-8961(2025)02-0435-16

WXEI A : Wang Y J, He J, Zhang J X, Sun R H and Liu X L. 2025. Semi-supervised facial expression recognition robust to head pose empow-
ered by dual consistency constraints. Journal of Image and Graphics, 30(02) :0435-0450( 524, fif 4%, gk atall, #M 3%, X858 . 2025, LBE
BRI — S B G U . R R IEDE 4R, 30002) :0435-0450) [DOI: 10. 11834/jig. 240205 ]

Sk g BB W — B A R R S R IER R

FFReE L MELKER ", IR FERS
1. ERH T RFTANIRE S TR, S 400054; 2. BRaS RSB, &8 230088 ;
3. AT RZEITRHLEE B2Ep, A 230601

M OE: Bey AR IR AR TSR A R R UM R 5, X7 Sk RS S R ERT AN TRy . RS
PR b, RSk AR A AR AL 2, SR S UM AR | PRI Sk B 8 2500 R i U1 B0 2 i), T4 TR 1%
Ty TG AR U B . S FETR AT BIT Sk 0 4 A8 X 2 1 RS2 I (9 2t b 48 1 — P RB A B T oA 28 R IE
G 2 7 B B2 T Y Sk AR A A B R R M B R PN Tk . TR 1 ST Sk AR AR S R e U ) Kol R
AffectNet FH 7 AGHE T AffectNet-Yaw Bfi 4 | SCREAEAN R FA BE L AT BERORE E I, 4R T 1 BEAIXT HL 22 P-4
R, B — o 35 T R B0 24 o 1 2 W B 2 171U J 7 (dual-consistency semi-supervised learning for facial expres-
sion recognition, DCSSL) , | JH 2 [A]— Zi M AR H 0 Bl 1155 A P14 A0 SR s — Bt A 7 28 1R 20 o AR )1
B S TR 1 DG B X SRR AR 5 ) P SC— B L ol A X B i 1 i R 1 2 52 0 D A W e s 0 v o A
IER B TR . ZETE X R R RS Bl AN TARERYEOL T, )5 12 B3 A bR 48 1 Es Fe R4 E 1E
B b o B BRE AL TSSO R A ) — BOPE 2 R SR R S — B A SR K R, LAR R AT
MR ) Z IR BR SERAURER ], SRR SR A ARG SRS AT W50 s R 11 AffectNet-Yaw
AT 7 () Sk A A A AT R T X S 5 ) 14 4 TET T A s DCSSL ik 45 2 1l — B0 A L — Btk 2y i e
PRI B TChR 2 TR I R AIE B, B m BT S AR R AL T B &5, B MA-NET (multi-scale and local atten-
tion network ) Fl EfficientFace 4= Wi Jr ik , P85 UG BE 73 48 7t 1 5. 40% F1 17. 01%. 518 ASCHEH A X —
oM B D R T R IE R AR E AR | 0 & 5T TR ARTE K AR A T SR IR BE 5 BB e A AL
SCPET R SRR AR AR U 5 0 4 4 T VA

R RHUU (FER) 5 K MR XU FEL I 2 8 2 27 5 AffectNet; FHRU)

Semi-supervised facial expression recognition robust to head
pose empowered by dual consistency constraints

Wang Yujian', He Jun®, Zhang Jianxun', Sun Renhao’, Liu Xueliang’
1. School of Computer Science and Engineering , Chongqing University of Technology, Chongqing 400054, China;
2. Institute of Dataspace, Hefei 230088, China; 3. School of Computer Science and Information Engineering ,
Hefei University of Technology, Hefei 230601, China

Abstract: Objective The field of facial expression recognition (FER) has long been a vibrant area of research, with a

oS B #1:2024-04-11; 18 [E] B #7:2024-06-14; BN 7% B #7:2024-06-21

« BIEMEE RER)  zjx@cqut.edu.cn;

BEWE : [ ARPAREETH (61971078) 5 3R T ZE FHEEHE AT H (KJZD-M202301901)

Supported by: National Natural Science Foundation of China (61971078) ; Chongqing Municipal Education Commission Science and Technology
Major Project(KJZD-M202301901)

435



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 30,No. 2,Feb. 2025

focus on improving the accuracy of identifying expressions across a wide range of faces. However, despite these advance-
ments, a crucial aspect that has not been adequately explored is the robustness of FER models to changes in head pose. In
real-world applications, where faces are captured at various angles and poses, existing methods often struggle to accurately
recognize expressions in faces with considerable pose variations. This limitation has created an urgent need to understand
the extent to which head pose affects FER models and to develop robust models that can handle diverse poses effectively.
First, the impact of head pose on FER was analyzed. Rigorous experimentation has provided strong evidence that existing
FER approaches are indeed vulnerable when faced with faces exhibiting large head poses. This vulnerability not only limits
the practical applicability of these methods but also highlights the critical need for research focused on enhancing the pose
robustness of FER models. This challenge is addressed by introducing a semi-supervised framework that leverages unla-
beled nonfrontal facial expression samples to increase the pose robustness of FER models. This framework aims to over-
come the limitations of existing methods by exploring unlabeled data to supplement labeled frontal face data, allowing the
model to learn representations that are invariant to head pose variations. Incorporating unlabeled data expands the model’s
exposure to a wider range of poses, ultimately enhancing robustness and accuracy in FER. This study highlights the impor-
tance of pose robustness in FER and proposes a semi-supervised framework to address this critical limitation. Rigorous
experimentation and analysis provide insights into the impact of head pose on FER, and a robust model to accurately recog-
nize facial expressions across diverse poses is developed. This approach paves the way for more practical and reliable FER
systems in real-world applications. Method The AffectNet dataset was reorganized via a deterministic resampling procedure
to examine the impact of head pose on FER. In this procedure, the same numbers of faces from different expression catego-
ries and head pose intervals were uniformly and randomly sampled to build a new challenging FER dataset called AffectNet-
Yaw, whose test samples were balanced both in the category axis and the head pose axis. The AffectNet-Yaw dataset
enables a deep investigation into how head pose affects the performance of an FER model. A semi-supervised framework for
FER called dual consistency constraints (DCSSLs) was used to improve the robustness of the model to head poses. This
framework leverages a spatial consistency module to force the model to produce consistent category activation maps for each
face and its flipped mirror during training, which allows the model to prioritize the key facial regions for FER. A semantic
consistency module is also employed to force the model to extract consistent features of two augmentations of the same face
that exhibit similar semantics. In particular, two different data augmentations were applied to a face. One of the arguments
is weak, and the other is strong. The weakly augmented face was flipped, and model predictions of this sample and its
flipped mirror were obtained. Only those unlabeled nonfrontal faces for which the model makes the same prediction with
high confidence are retained. Their predicted categories together with their strongly augmented variant comprise “date-
label” pairs that are utilized for model training as pseudolabeled positives. This scheme increases data variation to benefit
model optimization. Within the framework, a joint optimization target that can integrate cross-entropy loss, the spatial con-
sistency constraint, and the semantic consistency constraint was devised to balance supervised learning and semi-supervised
learning. Owing to the joint training, the proposed framework requires no manual labeling of nonfrontal faces; instead, it
directly learns from labeled frontal faces and unlabeled nonfrontal faces, highly boosting its robustness and generalizability.
Result The evaluation results of various fully supervised FER methods on both the AffectNet and AffectNet-Yaw datasets
underscore the profound impact of head pose variability in real-world scenarios, emphasizing the critical need to increase
the robustness of the FER model to such challenges. Empirical findings confirm that the AffectNet-Yaw dataset serves as a
rigorous and effective platform for comprehensive investigations into how head pose influences FER model performance.
Comparative analyses between baseline models and state-of-the-art methods on the AffectNet and AffectNet-Yaw datasets
reveal compelling insights. In particular, the novel DCSSL framework considerably enhances the model’ s ability to adapt
to head pose variations, showing substantial improvement over existing benchmarks. When MA-NET and EfficientFace are
used as benchmarks, the DCSSL framework achieves considerable average performance improvements of 5.40% and
17. 01%, respectively. In addition, the effectiveness of this approach was determined by comparing the models that have
performed well in the field of expression recognition in the last three years on two separate datasets. In terms of weighting
parameter settings, different weighting choices have a considerable effect on model performance. A series of parameter

selection experiments were conducted via the control variable approach, and the model achieves optimal expression recogni-
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tion performance on the AffectNet-Yaw test data when the weight of the spatial consistency constraint loss is set to 1 and
that of the semantic consistency constraint loss is set to 5. These results highlight the efficacy of the proposed DCSSL frame-
work in mitigating the detrimental effects of head pose variations on FER accuracy. When spatial and semantic consistency
modules are integrated, the proposed approach can not only improve model robustness but also demonstrate its ability to
adapt and generalize effectively across diverse head poses encountered in real-world applications. This study not only con-
tributes to a challenging new dataset named AffectNet-Yaw for advancing FER research under realistic conditions but also
establishes a novel methodology named DCSSL that sets a new standard for addressing head pose challenges in FER. These
advancements are pivotal for enhancing the reliability and applicability of FER systems in practical settings where head
pose variability is prevalent. Conclusion The proposed DCSSL framework in this work can efficiently exploit both frontal
and nonfrontal faces, successfully increasing the accuracy of FER under diverse head poses. The new AffectNet-Yaw data-
set has a more balanced data distribution, both along the category axis and the head pose axis, enabling a comprehensive
study of the impact of head poses on FER. Both of these elements hold substantial value for building robust FER models.
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Fig. 1 Facial expressions of different head poses in

natural scenes
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Table 1 Category and head pose distribution in AffectNet train set

FAIEIXE)/C)
FAFAI st
0~15 15~30 30~45 45~60 60~90

H P (neutral) 54 587 14 996 4729 636 67 75015
2% (happy) 112760 18 497 3078 284 40 134 659
A4 (sad) 18 125 5547 1613 139 15 25439
1514 (surprise ) 9743 3267 1005 124 4 14 143

FEA (fear) 4 609 1391 378 47 4 6249

R (disgust) 2798 813 220 18 3 3852
#4:A (anger) 17 560 5 464 1695 227 17 24 963
Bt 220 182 49 975 12718 1475 150 284 500

F2 AffectNet X E LB FILEESD M
Table 2 Category and head pose distribution in AffectNet test set
FREX)/()
FEAI W
0~15 15~30 30~45 45~60 60~90

FiPk: (neutral) 363 120 25 2 0 510

2% (happy) 423 66 9 2 0 500

A4 (sad) 342 127 30 1 0 500

150 (surprise) 336 140 21 2 0 499

FAG (fear) 347 138 14 1 0 500

IR (disgust) 343 128 26 2 0 499

AR (anger) 353 119 24 4 0 500
i 2507 838 149 14 0 3508
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HER U3 AffectNet Il 4R TE B AEAS B AT IR > 70%
AIBUIRS
1.3 AffectNet-Yaw b B8R 71T 4

R 3BT S T AR AR A I B B )
AR RFR R 215 & AR 7E AffectNet-Yaw [ X}
EfficientFace . MA-Net #1 POSTER (pyramid cross-
fusion transformer) FEAT YN ZR AN I, 45 ML 25 2R 5
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=3 AffectNet-Yaw il RE L AN NLBEEN
Table 3 Category and head pose distribution in AffectNet-Yaw train set

FAIEIXE/(C)
FAFAI Joe
0~15 15~30 30~45 45~60 60~90
Hi: (neutral) 54537 15 046 4779 686 117 75 165
2% (happy) 112720 15 046 3128 334 55 134 784
A4 (sad) 18 075 5597 1663 289 21 25 645
150 (surprise ) 9703 3317 1055 174 6 14 225
A (fear) 4559 1441 427 57 5 6 489
R (disgust) 2748 863 270 28 4 3913
#: (anger) 17 510 5514 1745 227 21 25017
B 219 852 50 325 13 067 1795 229 285268
*4 AffectNet-Yaw MR ERFIFLIMES D
Table 4 Category and head pose distribution in AffectNet-Yaw test set
FAIEIXR]/(C)
FEAI Bt
0~15 15~30 30~45 45~60 60~90
FiPk: (neutral) 50 50 50 50 22 222
1 2% (happy) 50 50 50 50 15 215
4% (sad) 50 50 50 50 6 206
T3 (surprise) 50 50 50 50 2 202
FA4Y (fear) 50 50 50 50 1 201
PR (disgust) 50 50 50 10 1 161
#:S (anger) 50 50 50 10 4 164
i 350 350 350 270 51 1371
= AffectNet = AffectNet-Yaw EfficientFace .MA-Net #1 POSTER 7 AffectNet |- {3
100

80

60

RHEFIFHBIREEE %

40

20
0~15 15~30 30~43 45~60 60~90
SLERAEAS A EE X )/(°)

B2 25 Sk A X [] Y SRR R AR PRI 1
Fig.2 Cumulative FER accuracy across different

head pose intervals
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1Y HL5E AR SR HON AE

M50 0] F i, %) EfficientFace (Wang 55 ,
2023) .MA-Net(Zhao%5,2021) 1 POSTER (Zheng %5 ,
2023)7E AffectNet il iR AR A [F] Sk 70 123 251X [1] P 7Y
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Table 5 FER accuracy of typical FER methods on AffectNet and AffectNet-Yaw datasets

1%

- ) P )
o B Ty
0~15 15~30 30~45 45~60 60~90
AffectNet 65.25 53.98 56.37 42.50 - 62.97
EfficientFace( Wang &5 2023)
AffectNet-Yaw 43.14 43.42 38.28 44.07 64.00 4291
AffectNet 59.55 49.63 53.69 50.00 - 56.00
MA-Net(Zhao%:,2021)
AffectNet-Yaw 56.28 56.85 49.14 53.33 70.00 54.52
AffectNet 68.12 61.95 63.08 42.85 - 65.85
POSTER (Zheng %5,2023)
AffectNet-Yaw 61.14 68.28 55.42 62.22 64.00 63.35
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Fig. 3
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[lustration of the dual consistency semi-supervised learning framework
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TEHRZE T WERA ) 0 0 S B8 e TR AL I 2, 1 o
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2.4 fRULEFR

25 b AR SC DCSSL 7 38 1o 45 5 B 2 > Al
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Ao, w R 3 I 23 ] — 50Tk 249 S O R ) —
L R AE R

3 %

3.1 KBRE

ARSI AR Y AffectNet-Yaw Bff 4 B it
1o RBRERRT HEI 2 P4 SE B0 e B 2 1 IR B 5
il F e M )92 B9 ResNetS0(He 25, 2016) /E 52 7
BT W 4, i 1 MS-Celeb-1M (Guo %, 2016) A 15
0l TN 5 B A W0 06 Ak, B R Ay AR /N R
224 R K/INBLE g 128 27 ) A ZEm 5 7
43515 & R 0. 000 1 F10. 000 S, i FH B AL B T B
(stochastic gradient descent) ff; 1t #§ (Robbins #l
Monro, 1951) #E47 1 200 A% AC . 2% >) F 5 el 5k
KT 4y 7% R ok 3E U B 3E (Loshehilov 1 Hutter,
2017) ¢ =5 [l — P S H A GE B S A
FNTCAR 25 R TE AR A 57 18 1 (o 0 B2k 5.1 il
0.95, X SESLI S H L PR 2 RDRT O % 1, LA
PRSI B MERR LA Al B A . A B TUAL 3R
TR A 535 8 i SO0 i A R EA T BE AL B3 5 AR AR o 3
S8R ek FHT AL 9 5 92 (Ariz 45, 2019) ML BR 533
(Berthelot 25 ,2020) A1 — 0 I 25 3% 50 52035 (consis-
tency training augmentation) (Cubuk % ,2020) 2555 4
S5 77 ¥ A AR AT s ZU R PR, B T
B B el A FEALER BT I BELIERR A5
UGS A o BORIPEREITAG R TP S a0 A
NVAL TR RS o MENANTE, SRR R T AR T A
AN Sk 8 2 28 X ) ) 2 155 HOMMERA 38, %0 7 1 kAT
SEhnAn sy AL
3.2 xfEbsREE

ARSCILYG FRRF L T Jert iy B RS IRy
1% EfficientFace , SCN (self-cure network) (Wang 55 ,
2020b) . FDRL (feature decomposition and reconstruc-
tion learning) (Ruan %% , 2021) . MA-Net. DDAMFN
(dual-direction attention mixed feature network)
(Zhang %, 2023) \EAC (erasing attention consistency)
(Zhang %5, 2022) \DACL (deep attentive center loss)
(Farzaneh 1 Qi, 2021) , DAN (distract your attention
network ) (Wen 5% , 2023) | Ada-DF (adaptive distribu-
tion fusion) (Liu %, 2023b) # POSTER ., TELR:FIT 5
) E R A E R OL T, S B UK B I 25 A
T3 A8 T 45 Ry AffectNet-Yaw Yl 2R Al 48 , 16
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Table 6 FER accuracy of each model in different head pose intervals on AffectNet-Yaw test set

1%

sem o SIS (C) -
0~15 15~30 30~45 45~60 60~90
baseline-0 52.00 46.57 36.00 39.62 44.00 43.79
baseline 44.57 53.14 42.00 48.14 48.00 46.93
EfficientFace (Wang%,2023) 43.14 43.42 38.28 44.07 64.00 4291
SCN (Wang%,2020b) 51.71 51.42 42.00 42.00 80.00 50.00
FDRL (Ruan%§,2021) 52.00 54.57 41.71 52.22 60.00 50.36
DCAL (Farzaneh 1 Qi, 2021) 52.28 54.57 44.85 51.85 84.00 52.04
SR
MA-Net (Zhao%5,2021) 56.28 56.85 49.14 53.33 70.00 54.52
DDAMFN (Zhang%5,2023) 56.00 56.85 49.42 4257 76.00 55.10
EAC (Zhang%,2022) 58.00 58.00 51.14 58.51 62.00 56.49
DAN (Wen%5,2023) 56.85 61.42 50.28 58.88 72.00 57.29
Ada-DF (Liu%%,2023b) 58.28 60.57 49.42 57.40 72.00 57.44
POSTER (Zheng % ,2023) 61.14 68.28 55.42 62.22 64.00 63.35
Ak DCSSL(ASC) 58.85 61.42 49.71 70.00 74.00 59.92
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Table 7 Effect of semantic consistency module and spatial consistency module on model’s FER accuracy
/%

R TREASAEEC)

A L L L L, A
0~15 15~30  30~45  45~60  60~90

A0 N - - - 52.00 46.57 36.00 39.62 44.00 43.79

Al N N - - 55.42 56.28 52.28 61.48 62.00 56.27

A2 N N N 57.71 63.71 52.28 54.07 64.00 57.37

A3 N N - N 58.28 59.71 47.71 59.25 60.00 56.20

A4 v N J v 58.85 61.42 49.71 70.00 74.00 59.92
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Fig. 4 Experiments on weight selection of the two consistency constraints ((a) semantic consistency; (b) spatial consistency )

W B I 1 25 ) — B 240, T S — S 24 (L o5
i FH A 22 o) AR R AR R bR 2 B AR 1 T L= LAl
{35 B PEFER I REAS F TR %5 5 3) baseline-3 75 o5
baseline-2 FERl | #E — 4 ¢ T bR 2 3k 1 o BE A< 17 JH Ly, JEX LA
23 [A] —E M 23 5 4 ) baseline-4 2548 T 28 3¢ DCSSL 7 L7 = 1 z L(f(E(X.)).7)
e B 5 AR SO TobR 2 3 1E B AE A /Y 55 18 55 o FH 25 17 e
[6] — B A oA ], HoAF TCAR 2 3 1E B AR AS (1 5 13 baseline-3:
ok o FH 25 (8] — B2 W . 456 baseline | baseline-0 L. = 1 2 LUf(E(X)),y)
A SC DCSSL, R AR - F R A B AL, 1] o5
AR TR, DA AR RITE AffectNet-Yaw b I3 L, = o z H M- fp(M') "
R S Bk, HoP R R T B 4 R
R TN T L = 11 S [ M-
)4 WB i E | ]
baseline: L;:,It| S LUAE(X).5)
1 U | (Xp9)el]
L. = L E(X
“ |I Ui, | (X.)‘Z‘UI. (fEXD),y) baseline-4 :
Ly oL T L R L= S LUAEX)).y)
baseline-0: |I | Ky)el
1 !
Lu.=|1| S LA(E(X)),y) Lo= 7.2, M=o
(Xy)el
Lo L L7 TEXT R 255 L= S M- ()
D) bR [T
baseline-1 b= 110‘ LOF(E(XE)).5)
1 U | (Xgp)el]
L =— L E(X
o |1|M;é, (FEX)).y) DCSSL(A)
L= |1[| S M- i) L= |}| S L(A(E(X)).y)
(Xy)el (Xyrel
1
Ly=ro S M- p(u)| L= S [m-u)]
|IU Xyely |I|(X,y)sl
L2 TCXF N 455 1
L, = M= fp(M")
baseline-2: |IU XZI. " T




$30% /FE 28 /2025 £2 A

g, ME, KEMH, IMIE, NES
LREHIM - RF EERIEIRA

xS ARRRILT TREEZHEXERFRANEBHELR

Table 8 FER accuracy in different head pose intervals under different module designs

1%

BB EEAMAEIC)
Z5 IR &)
0~15 15~30  30~45  45~60  60~90
baseline 44.57 53.14 42.00 48.14 48.00 46.93
B

baseline-0 52.00 46.57 36.00 39.62 44.00 43.79
baseline-1 57.71 63.71 52.28 54.07 64.00 57.37
baseline-2 64.00 58.28 52.28 57.03 60.00 58.02
B E baseline-3 56.28 57.14 52.85 62.22 58.00 57.00
baseline-4 51.71 48.85 40.00 51.85 78.00 4927
DCSSL(A ) 58.85 61.42 49.71 70.00 74.00 59.92
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