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Abstract: Objective Facial age estimation from images constitutes a prominent area of research within the field of com-
puter vision, offering extensive potential applications in fields such as biometrics, digital marketing, healthcare, and
human-computer interaction. Despite substantial efforts by numerous researchers in this field, achieving accurate facial
age estimation remains a formidable challenge, primarily due to the lack of high-quality, large-scale labeled datasets for
facial age estimation. The manual annotation of facial datasets necessitates considerable time and financial costs. Semi-
supervised learning has emerged as a promising strategy for solving this problem because it enables the simultaneous utiliza-
tion of labeled and unlabeled data. However, achieving satisfactory results in the domain of facial age estimation using
semi-supervised learning methods is difficult. This difficulty arises from the limited accuracy of the pseudo-labels produced
by these methods, as well as their susceptibility to the influence of outlier data. These factors hinder the effective utiliza-
tion of unlabeled data, consequently limiting overall performance. Aiming to address these challenges, optimizing the capa-
bility of the model to extract features is essential. Such improvements will facilitate the effective acquisition of valuable rep-
resentations from unlabeled data, thereby yielding highly precise pseudo-labels. Additionally, establishing a semi-
supervised learning framework that can adeptly manage the challenges associated with outlier data while optimizing the utili-
zation of the unlabeled dataset is crucial. Consequently, this study presents an open-set semi-supervised multi-task
approach for facial age estimation. Method This research presents the SwinLEDF model to optimize the capability of the
model to extract local and global features from facial images. This model is based on the Swin Transformer architecture and
integrates local enhanced feedforward (LEFF) modules along with dynamic filter networks (DFNs). The Swin Transformer
demonstrates proficient capabilities in capturing long-range dependencies and global characteristics, particularly in the
analysis of age-related trends and the overall morphology of facial structures. The LEFF module incorporates non-linear
transformations at the feature level, facilitating the identification of local patterns within images or feature representations.
This capability is essential for differentiating age-related attributes, including intricate details such as wrinkles and skin
texture. The DFN module implements a dynamic filtering operation within the spatial dimension of the model s output,
thereby enhancing model flexibility and adaptability. Furthermore, this research presents an open-set semi-supervised mul-
titask learning algorithm to optimize the use of labeled and unlabeled data. In this algorithm, the model assesses the
probability of unlabeled data being classified as outliers by integrating the outcomes of a closed-set classifier and a multi-class
binary classifier. Subsequently, the model generates pseudo-labels for non-outlier data that meet a specified confidence
threshold. Additionally, the model simultaneously learns to estimate sex, race, and age using labeled and unlabeled data.
Through this process, the model learns not only the unique characteristics associated with each specific task but also the
interrelationships among gender, race, and age, thereby enhancing the capability of the model to process diverse data and
increases its expressive power and robustness. Furthermore, the process enables the effective utilization of unlabeled datasets,
addressing the challenge of limited labeled data in the field of age estimation. This study employs an adaptive threshold
mechanism and a negative learning strategy to optimize the use of unlabeled data. The adaptive threshold mechanism
dynamically adjusts the confidence threshold for pseudo-labels based on the model’ s training performance across different
categories, effectively addressing category imbalance and improving the precision of pseudo-label production. The negative
learning strategy enhances the handling of unlabeled data by identifying categories to which the input data does not belong,
thereby mitigating the adverse effects of false pseudo-labels on model performance. Result This study assesses the proposed
methodology using the MORPH and UTKface datasets. On the MORPH dataset, the model exhibits a mean absolute error
(MAE) of 1. 908 when trained solely on labeled data. This error is further reduced to 1. 885 with the inclusion of labeled
and unlabeled datasets. Similarly, for the UTKface dataset, the initial MAE is recorded at 4. 343 using only labeled
datasets, which subsequently reduces to 4. 246 following the integration of labeled and unlabeled datasets. Compared to
current facial age estimation methods, the proposed approach exhibits superior performance and further optimizes its accu-
racy by leveraging unlabeled facial datasets. Conclusion This study introduces an open-set semi-supervised multi-task
learning method for facial age estimation. The proposed method effectively extracts gender, race, and age attributes from
facial images while leveraging unlabeled data and appropriately handling potential outliers. This approach addresses the
challenges associated with limited labeled data, thereby enhancing the accuracy of facial age estimation. Furthermore, the
methodology presents innovative strategies for achieving precise results and holds strong potential for practical applications.
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Fig. 1

Implementation process of the method used in this paper ((a) pre-training; (b) fine-tuning; (c) testing)
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Fig. 2 Local feature extraction module

2.2 AEFEESESFES

VSN € YAV KR A S C I DT A 46
AT IS RS ARl AR B AR THE B AT PERE , Ik
B R REAFTE B 57 8 2 R B 41, AR SCHR T
PP B AR 55  I ROE AT RO L . %Ak
A BRI AN ORI (K 2 T SR TS R
AR R I FIRS B2

FEA PR RS ) v B . [ AT 0]

PR AAE I B TRAT 55, FE 00 MR SRR B 45 AR
A2 ) B T YR I RAE RR

PR a6 S /i e L = P i BUR AR (KT E S S
5 22 TOn ok AR U IR AR 22 26 P BRH
HR SR A 3 B B (BT 1 , AR AR 4 i ) 27 IR
AN BRI A A, IR 4 T
{5 RE R o O R (LIS, K L T 45 SRAE S Db %6 . il
X AR R O JOAR A R AL ) A A

3811



3812

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 12,Dec. 2025

bR . ARG, 456 A Y Dh bR 2 A — S0k E
WA T , i — 2B AR HE P B Ay s Fl 22 — 0
AR ERE
B X 2= B AR A T )8, AR SR 5 A 2E 2]
D735 AU R0 36 SR A, I Ly A 3125 ) o 72
rf, SR AR RN ZE AN [R) 2500 (8] 1 X 53 BE 77, B s JOhR 2
B AR 23 1 B P SN A
2.2.1 ArREEEE
BEL={(x, Y0 Yeoyni) i€, o, N)} o — 4l
AL M PR AR IR AR 2 1 NS AEAEAS 2, A
E"#WJ Yaind e Py, R IOL (R AF A A 500 AN A
2o ARPEPE R R AAE I BRZS , AT DA R X R Y
SO A o BT AR Y LS A A AT e A A R
Ao, J&T b AW S A2 ¢l R

ho_ 1 (k, - yu,i)z
qr. = oo exp( Py ) (10)
K, o MARIEZ .
T 1A S30) R R P9 5L S A B 00 A B 55 A A, )
A x, JB Tk, EPERN I L A ¢
b I k= Ygi
qg.i_{o kz;ﬁng (11)
FEAR x J8 T ke ZEPPR B B AT ER ¢
b 1 k= Yri
q,vk_{o ks;&yr,i (12>

D A 38 457 SwinLEDF 5 50 45y 4 b v B 46 43
Fedn ERFNAE R p, p, Fp, ., WA HR 2 H A
SEXEAT IS | IR T A o P 4 0 2R A A P 2k
L.,L.HL_H

A

X 1og(— (13)
q(l.l

1 &
NZZ
L= N;leii X log(q:) (14)

14, ,
= 2, 2P X log(qy:) (15)
i=1k =1

A, KK K AR SRR R S8, pl ol
FEA %, JB T ke, AR B 1 P B 000 A B 52, pl,
IREA x, J& T ke, 2RV S A AR T DA A T - A7 MR R
Pl R REA x, JB T ke 28 0 A 1 A A S0 43 A
7R
PRIER 4R 3 A 0 B R LK
L =L, +L +L, (16)

WAl , 235 “ U RN FREA &, B 5 k25
ZITorRE N (0!, o)), of RANFEAE TH5 k2 AIHE
R0V FRREARRE THERMR, Ho' + 0" = 1,
SR R 111 53 2 25 SR AE R (Saito 45, 2021) XA |
PEFNFP R 1) 228 Z o0 oy R AT HeAL , vT LIS £
XIS AR Ly Loy AL, ELA R

1

NZ( log (o )— mlnlog( o )) (17)

i( log (o} )— mln log(oL )  (18)

_Me .

L,, = ( log( o )— mln log( ) (19)

X0 %’%/T*izlix TR 228 —onr e Bt
B"JE?%J%E’J?@E’ B ol RORFEAR « TEAE IR 2
Kooy Ein i A8 Tk, R0 AL 32 5 00
FORPEAR x TRV 228 —on 2 L E T
¥, AL s o FRRFEA « AEE I 222K 50028
i L AN S Tk, ZER B 2 5 00 RORFEAR «,
TEMR 226 oo 2 ds B i@ Ty, 28 sl
HER s ol FRINAEAR o TEFPH 228 —J0 /0 2548 i

A E Tk, 20 AU HE %
BR 2RI AR IR R L,
Ly =Lopos + Loy + Loy, (20)
KIIL , A3 R 25 s > B9 2k L,k
L =1 +8L, (21)

K MBS AR L, AE REL
2.2.2  TohRgEdEE

WU ={u:i=(1,- MN)}?WM‘%%%%J\H&
FEAS  u, R TCAREREAS AR 43 ) 25 4o 55 388 58 RT3 14
SRADFR T i A B kT

D) S8 Bl HIWr . anlE 3 s, b T ARIE D AR

Q‘iﬂﬁ/ﬁﬁ N R NP N S T B
it BT A R T = B R R

B ple Fil ol AT AGY 1w, 1) 55 1 5 WA

e, AT 10 o o P 4 TR0 ARE 38 FN 2228 — ST 0 Ak
s ple Rl ok SR AR T AR 1), 1) 55 9 98 RAS SR T &,
3 1) B o P 4 I ARE 6 A 22 2 T U ARE 5
PR of R R R A w, 1 55 4 R RS T kL 2
TR B s o A S T A 6 0 2225 — S e . )
w JB T b AR MR B w, JB T ke, MRS A HE R
ﬁfgﬁnui}%'?kéﬁﬁ%ﬁﬁiﬁﬁpﬁ%mﬁ



$30% /FE 128 /2025 £12 B

W, RAE, BER, TFR
E AR R T R L I S 55 5

SwinLEDF

LRk s
PRifEpSE
T o> Aii
102[025/035) 0.1 02

[ SR 08295 |

K3 JHERE )

Fig. 3  Open-set semi-supervised learning
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Iy RIC AR TE Jy AR M AR AR . CelebA ¥4
ERALSE T 2R 5t B LSO, i
W T R AT AL S N BB I
PN S5 Ml % (Karkkainen #1 Joo, 2021) , A 5 A J&
PRI AT AR BURR N ST 55 B A3t T B Y Se e s

W AN, P 4—PE 6 fir 7, 78 S 56 T R i i %) 4
e R HEAT TN 3, 25 BR ISR 18 th AN T AT 4R 1
I S5 B o ARSCR A IE Al Y MTCNN
(multitask cascaded convolutional network ) (Zhangg‘f: S
2016 ) BEALAG I 4 B EIAR Th i 5 A4S B A AR S« 7
AR RO AR 1 o BEJS AR A 3] Y
NI 35 s B AT A7 69 A8 8, 45 A A% 57 O ]
h230 x 2308 R bR E B B H N A

Tl 2|2 g I
QER e

4  MORPH ¥y 4 fit b 3
Fig.4 MORPH dataset preprocessing

H QJ@

K5 UTKface Zi4E FiAb B
Fig. 5 UTKface dataset preprocessing

3.1.2 RS

A SCR VA B4 BORF- 1 4 X AR I Al R
NV AR R o

A4 RT3 % (cumulative score, CS) & XN AE
DR 4R b AL O AR08 5 1 S AR AR 2 ) 48
X 1R 22 e /N T 45 78 I il j BOAREAS R IV, o s 7]

FEABELN I E 53, B
CS(j) = NT X 100% (49)

CS {H 8K, 2 7 B2 0 g B I . A SC ik
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K6 CelebA Hdim 5 Fiit 3
Fig. 6 CelebA dataset preprocessing
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S 4 46 Nof 1% 2% (mean absolute error, MAE) & X
DR F A RITOAR S 7, S SRR ARy, 2
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X, N IIARE BB, MAE PRl AR BSR4
WAL TH VA MERE 9 H AR AT, MAE BB /) | F7R A5
RIVERE LT

3.2 LRiEE

AW ST R FHBCE i A B, BN - DA bR
SR I TC bR 25 B A 1) 553 1 ik Ak B e A I 2 R
BBEPLEL Y by 224 x 224 85, FFAE KV 5 [l i 47 Bl
PUENEG o 2) 76 JOhR 28 H s 10 i 344 o b 2 b | T4 B
PLEZ BTy 224 x 224185 JF 5 A B K HAFE, B
B MR LA 50% 1) AR 2 Bl B D 9] 2 PR 5 B X
JE SRR E TR s PR AL S FREALAR
BY 25 10 A o Jy 15 B 2 R ERAEIAT L SR I XA
BAEAT Cutout B2AF , P —> 16 x 16 (Y IX I, 3) 5%
RS 119 55 34 i A 390D 2 K P A5 S8 R 8 Oy 256 x 256
B F G AT R B, DU A 224 x 224 1R R
ESEE

AT SE 5 34 7E B T Pytorch 2. 1. O HEZL /Y
NVIDIA GeForce RTX 4090 | #47, ¥ F AdamW i
b4 .

1) A5 AN [R) B0 808 4 A I 25, AR SCR AN TR A
YIZRHms . 78 MORPH S04 4 I, 91 1R % ) R &
4 0.000 1, batch-size % B & 64, & Il %k 120 4
epoch, 2% 2] FRIE I A M HTME A 1/10, I ZRAEA

fa,i‘ya,i’ (50)

AEARFHE T 35 5] 360 4~ epoch Bf {5 11 . 7E UTKface
B I, W kR4 2] R 8 R 0. 000 1, batch-size 15
BN 8, % 20 1 epoch , 2% 2T FREE g Y AT B
1710, YIZRAERRIE REAS P2 A EA 2 1201 epoch
A 1k

2) FERE I SO A B rh WD R 2 ) RSN
0.000 1, 4 1> epoch ¥ 27 2] & 5 3 >y >4 Hif {4 (1
1/10, F 2 ERIPE REAS P4 THIsp 452 1k D11 25
3.3 xftb3RIE
3.3.1  HHAARAERAE T X L

Wi 1 Wi~ , £ MORPH 508 4 b, A SO 37
N A AR5 G- 2T B, MAE 2y 1. 908, 3X — 1 fig
ALK TF LRN FI MCGRL ; [\ i A7 A AR it 2 21 Al
TehR B 2% > )5 MAE [ % 1. 885, ik 8 T e fl
PERE

W 2 7, 7F UTKface 0B T, R T 6
BRI F S I, MAE 4 4,343, X — PEREAL IR T
GroupFace ; [F] I #E 474 FR& E0H ~ >) FTohR 2 5 4
23] J5 , MAE F& A% 2 4. 246, F2 9040 T H Al T 1 5
Pio BRI A SCHE H 1 5 2 4F MORPH 1 UTK face
BE A LS T RO e AR, R BL T M TChR
SRR AR Th R U 28U B R RE
3.3.2 SRR AR

FEAR TR N AT A S RO BT B A SO
(R TF A2 B AT 552 ) O ik 5 R A B 24 ) Oy
7% FixMatch . FullMatch . Fullflex . SoC4SS-FGVC L &
- 4E 2 W5 B % 2] )7 15 OpenMatch . IOMatch 7£
MORPH 1 UTK face 54 5 55086 J2 E 7% L, 45 SR
F3IMFAPR. WLLE I, £ MORPH £ 4E
oA W B 2% 20 Jy ik BRI R B T A T R R T
AR ST AT BE A R IOTC bR 2 5 A7 2., TS Y
PERE . 7F UTKface £l 56, B A2 B 22 > ik
BIRe A SR FHE R PR RE (U A SO PR R B Ik
IXLEGE BRI B X NI A A T 55, A SOy 4
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ARSI TR A S
3.4 HREREIE
3.4.1 LEFF fl DFN#HAIEHAT 55 I 2 AT 5522 > v
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&1 FEMORPHHIESE EARE AR ERME T ZRINIEE

Table 1 Comparison with different facial age estimation
methods on the MORPH dataset

i MAE
Zhao % \.(2021) 2.73
CORAL(Cao%%,2020) 2.64
ADPF(Wang%§,2022) 2.54
Shi &% A (2023) 2.45
Mean-Variance Loss+softmax Loss(Pan%,2018)  2.41/2.16"
AL-ROR-34(Zhang % ,2020) 2.36°
MDL(Pan%,2018) 2.31
DCT(Bao%5,2023) 228217
PML(Deng %,2021h) 2.15
EgroupNet(Duan % ,2020) 2.13
GroupFace(Zhang % ,2025) 2.09
FP-Age(Lin%,2022) 2.04/1.90%
SCGL(Liu%%,2023) 2.01
DLDL-V2(Gao%:,2018) 1.969*
DCN(Kong % ,2022) 1.946 2
AVDL(Wen%,2020) 1.94"
DHAA (Tan%%,2019) 1.908
LRN(Li%,2020) 1.905°
MCGRL(Shou %%,2025) 1.89
AR EIE ) 1.908
AR CH ARS8 2 > + ohR S =4 2] ) 1.885

I R R R g R, *FIRTE IMDB-WIKI(Rothe 55,
2015) [ Wi illl 45 ; £ 3% 77 7€ IMDB-Clean (Lin 25, 2022) [ Fii)l|
25 s #5578 TE MS-Celeb-1M | i1 25 (Guo %5 ,2016)

REA AR THAF AR T 1 PERE , B AT 35 4 X A7 4 1R
22 MAE, 42 FH 418 R B CS(5) . JUHJE DFN Al
LEFF BEH A (8 A, A5 4 B Y $12 T 2o Bl il
FHH A — A M RE , 300E T W& U [RIAE X
HOSRAR A TTORE BE A Dimk . BL AN, 7R RIS A 204
T, AT 552 ) R BB WA T PR 5524 ) X T B
1515 T 2AE 55 2% 2 BRLR 575 B MBI AR 5 B AL
EAFE A T SCERE AR W], DEN 18 [ LEFF Btk
DL I AT 552 2 S Re A FHE IR A T TR R PR R
3.4.2  ZARSGE A UE

R T R RN A X AR A A S R
i), FEUEBH AT 5524 2 ik A 50 AR SR T 2

F2 TEUTKface #HiE%E FRE AR EH
it A ERRT
Table 2 Comparison with different facial age estimation
methods on the UTKface dataset

WIRrS MAE
CORAL(Cao%%,2020) 5.47
Lin % A\ (2024) 4.82
DCDT(Gustafsson 55 ,2019) 4.65
Equal Width(Berg%%,2021) 458
Randomized Bins(Berg%%,2021) 455"
Moving Window Regression(Shin%%,2022) 437
GroupFace(Zhang %5 ,2025) 432"
A AR EAES ) 4343

A (A PREE G > + oA S5 2% > ) 4.246

TR TR LR A4S R . *F R 7E IMDB-WIKI(Rothe %,
2015) [ fiil k.

&3 TFEMORPHHES EARFEEF S FTRRINILL
Table 3 Comparison with different semi-supervised
learning methods on the MORPH dataset

S SR s TR MAE CS(5)/%
FixMatch(Sohn %% ,2020) 2.026 90.60
FullMatch(Chen %5 ,2023b) 2.022 90.80
Fullflex(Chen %% ,2023b) 2.020 90.62
SoC4SS-FGVC(Duan 45,2024 ) 2.024 90.60
OpenMatch(Saito % ,2021) 2.019 90.82
I0Match(Li % ,2023a) 2.018 90.83
A3 1.885 92.06

TE IR P RERR A S i A2 2R

&4 UTKface HiEE LA FWEF I RRIXLL
Table 4 Comparison with different semi-supervised

learning methods on the UTKface dataset

U I MAE CS(5)/%
FixMatch(Sohn %% ,2020) 4.285 68.98
FullMatch(Chen %5 ,2023b) 4.271 69.09
Fullflex(Chen %% ,2023b) 4261 69.40
SoC4SS-FGVC(Duan 45,2024 ) 4.286 69.01
OpenMatch(Saito % ,2021) 4.276 69.05
I0Match(Li % ,2023a) 4271 69.11
A 4.246 69.75

TE IR PR RR A S i A2 2R
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%5 LEFFADFNERERTEZEIRHERIE
Table 5 Effectiveness of LEFF and DFN modules in

single-task learning

ik MORPH UTKface

DFN LEFF MAE  CS(5)/%  MAE  CS(5)/%

- - 2.080 88.90 4.440 68.53

N - 2.069 90.12 4.423 69.00
- N 2.059 90.49 4.416 69.07
N N 2.049 90.90 4.381 69.20

DB R R 4 B R AR SE , “V FR R, - o ok
K Ho

%6 LEFFAIDFN#ERESEZEIFHERE
Table 6 Effectiveness of LEFF and DFN modules in

multi-task learning

e MORPH UTKface

DFN LEFF MAE  CS(5)/%  MAE  CS(5)/%

- - 1.942 90.42 4.406 69.50

J - 1919 9130 4403  69.53
- N 1912 9143 4391  69.70
J N 1.908  92.04 4343  69.74

LT R 2R 45 F RS SR,V FOR R, = R o
R

20528y, BRI 7 , 7 MORPH 1 UTKface $0354E |-
A3 SN 4 FPAE O - D AGEATAR RN 15 2) HEATAF
TR T 5 3) BEA TAR IS PRI AR A 1] 5 4) 1F
THAE IS PRSI FP AL . S g R 7 s o
LA G AT AR A T PR R f 22 5 5 | AP B
e Ja M 2 BE AR THAF Ak T Tk RE , FLRR 8 M5
P B (A 4 THOE T 10 2 5 1 () et 5 LA 31
P @ PR AR ALIR S T e e . ST R R,
) R 6 e 2 XA A T 1 5 SR s i), 22
1145 2% 21 7 i BN R s P A AR S M A SR TH AR i
T ARSI
3.4.3 AERELL A N, FHEIBAG T2 R AR

A SCHE U 25 B AE MORPH F1 UTKface 5§ 4
B EXNSE BT RGE T AE O~ 1 HE N LL0. 1
1] BEREA T HUE , LA 146 %15 2% (MAE) 1
Fabm , LAl H AR M B A 52

N2 8 iz, 24 BHLO. 1 B, LT RE W& A T B O
BT B0, SE B ARV, 2 )5, Bl B B A ik —

RT SEFFEINERM

Table 7 Effectiveness of multi-task learning

MORPH UTKface
7k
MAE CS(5/% MAE CS(5)/%
ARG 2.049  90.9 4381 69.2

ARG + BB 2,026 91.02 4373 69.42
IR + MgEAEE S 1979 9145 4361 69.51

RS + PR +

N 1.908 92.06 4.343  69.74
Ak

T L PSR R S B R A4 2R

AIEIN BT PERE S LB B T RS EAEE
(A2, 24 BHR O I, BEA A X 222 — sy AR AT
A, 11 2228 03 JE AR S SO i R O e AR
P ad ug O AR S A R A BT . PR, B Tk
RER BB D R SR MO 2545 5 08 BRI E
0. 1, FFAE I S 250 AR i i AR 15 [ 5E

®8 FRHBREMERMGITERNZM
Table 8 Influence of the value of coefficient S on

age estimation results

B MORPH UTKface
0 1.910 4.344
0.1 1.908 4.343
0.2 1.919 4.362
0.3 1.934 4.386
0.4 1.949 4.394
0.5 1.969 4.401
0.6 1.996 4.417
0.7 2.014 4.428
0.8 2.031 4.443
0.9 2.048 4.456
1 2.065 4.489

T L PR R S B R A4 2R

SR G R B R R B, RN X A IR A
V25 5 052 ) K FOAH BAE L, 23 B AR A, BUE A
0.0.5. 1. 1.5 F2, T 25 MBS HHAA, IHTE
MORPH % ¥ £ Fl UTK face 5035 45 | b7 508 . 5z
B DL 2 48 % 15 25 (MAE) /E P EH 48 b5 L 45 3% 4
FKOMEI0P/R, LIAERFY, G A AL
iF, A5 R A I 19 MAE {8, P RE IR B e dl . Hor,
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I, REFE, BER, TFE
HE AEERGETHAEFEESESFITE

AN, 53 590 e R A o0 2ok R v JE bR B B 4 L P 4
SRS Z A T In o RAS VR AE . fEASC,
A BRIV R A [ R 1, 2 A R, RN 1R,
A HREEEE B TChR R AR i £
K ITHr AR IR TTHRIA B M . XA A (S
R RE A 7553 R FH A B5 2 83008 h A 21 B A K
FEPE TCAR BB A5 B AR HE 22 T on AR R
VA A 43 25 2 00 DI RO Ak, DTG 44 FHASE T8 (9 A Ay 3
PEfE. X —Z5 R ERORE R T B AN S
B[] I LA P B 03 S A T 226 —on 7 264 L BE
A4 ORI P B 0 2888 N 225 — 0 o K2R B U Rl 1
FH FETT TR AR A T T R

#*9 FEMORPHHEE FRHA A BUETEH
T & RAI R0
Table 9 Influence of the values of coefficients A_and A,, on

age estimation results on the MORPH dataset

B ABAE R 2R BCS(5) 48 22 . 51 H 3@ N R {E
D5 R 2R S ) e E  MAE #E— 25 R AI%, CS(5) % 45
2T, W93 W) i 0 FH I, MAE F1 CS (5) 23k 3 5
(B, BB R AR S A 25 58 . T MORPH ¥ 4 , il
VA G RO BE RIS 22 . 51 B I BIE AN £ 2
SITE , RENS R E R AR 22 A L, — TRl
il FH B, PEREAE T R LA X PTRER T
MORPH %fs 42 55 CelebA $i ¥ 8 22 S #50k, 2 W
2] x| A— SR RAE B R IS N B 5 R T
2 2 75 1 BE A IR /N 336 6 47 T 5 M), (o A5 R 7 A
FERE R TOhR 2 B s 4 v A SR BB 2 O3 A 855 U8 o
25 L RTIR, H IE N BE A 2 ) ik e T AR W
LA S5 ) R, A BT A AR B 4 v R
BUA U B TR 5 NG AR Al B

F11 BENEEAFENMAFEIFTEEFEFLEE
EESFIPNERLE
Table 11 Effectiveness of adaptive threshold method and

negative learning method in semi-supervised learning

A'(
)\m
0 0.5 1 1.5 2
0 2.016 1.956 1.911 1.921 1.933
0.5 2.010 1.932 1.899 1.916 1.925
1 2.003 1.921 1.885 1.911 1.917
1.5 2.011 1.934 1.909 1.914 1.923
2 2.014 1.952 1.913 1.924 1.941

TE IR RS R e LA 2R

=10 7EUTKface H#EE FREA FIA, BUEST FE i
it SR e
Table 10 Influence of the values of coefficients A_and

A, on age estimation results on the UTKface dataset

A,
A’ln
0 0.5 1 15 2

0 4305 4283 4274 4277 4285
0.5 4293 4272 4257 4265 4278
1 4285 4265 4246 4253 4269
15 4296 4274 4255 4271 4273
2 4309 4281 4269 4279 4283

TE IR R s e LA 2R

3.4.4  HE N FE AR ) 5 ER A RO
W2 11 iR , 18 UTKface B0 4E |, JLifi T 422
W ZAT 55 IO  SE 4 R 1R 25 MAE

Jrik MORPH UTKface
HiEME 7522 MAE CS(5)/% MAE CS(5)/%
- ~ 2000 9070 4273  69.30

N - 1960 9122 4261  69.42

- V1934 9143 4254 6951

N V1885 9206 4246  69.75

ML TR R A I RS R NV FR R, - R R
%J—HO

3.5 AILER

ST W M R R R B Y P R AR SCHE
MORPH #1 UTKface £ 4l 48 1 3#F 17 5255, B A5 1 it
AR08 5 1S AR I AR 2 AT X He . an &l 7 B
ZNNE B RN ER & X A PN AL EE SO P HIURERS R 7
2 2 AT IR T BMGR  AR i T 25 41, P i e
B RN EM T, 27 50T RN R . SEE
45 R AR S0 7E MORPH BUHiE 4 | Y 4F 15 75
A — M 22 (0 R ZH8HR 22 BN F2 4
7£ UTKface UHE4E T, A SO AR 8B4 G A7 AE
GRS TN 0B 5 TN 3 A v AR AR I R 26
S, 33 T fE 2 FR AR g AT 5% B ) T R IR B AR
AR 22 5 K, DL RZ B S A 3k S A i B R AR R
D
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Fig. 7 Visiualization of the results
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