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Human Facial Attributes Estimation: A Survey
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'(School of Computer and Software, Nanjing University of Information Science and Technology, Nanjing 210044, China)
%(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: Over the past decades, human facial attributes (e.g. gender, age, and race) estimation has received large amount of attention
and research due to its potential applications, and variety of methods have been proposed to address it. This article is devoted to review
related works comprehensively and give references for researchers. Firstly, in accordance with whether exploiting the potential
correlations between these facial attributes, the existing approaches are classified into naive and natural groups and they are reviewed
within each group. Then, in terms of incompleteness of annotated labels, considered attributes, and correlations utilization, the drawbacks
of existing methods are analyzed. Finally, future research directions are provided at the end of this work.
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Fig.1 Research of naive or natural human facial attributes estimation
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— J& PEIR ).
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NFh 532K (race classification, R RC), 144 18 SCI T 45 7 19N PR U ol s 3 Ja8 08 — S N 481t 19
N BRON SRR ASE R SEAL N 2 R,

(a) TEFPA (b) EFhA (OREEIUN (d) FEFPA
Fig.2 Face image with corresponding race
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(1) SCHR[8,91,%F T 45 & B NI MG, Je U Haar-like HRAF (8] B3R E IZ R AE OB T R B9 K B AR AL 1B 0,
R 0% 438 I8 187 B0 1) T 45 400 0 10 25 5 28 B 9 URK), A8 J5 R - Adaboost 8 7 2K 88 EAT AFI& v, 4 7E FERET
E NI HAE S PR T BT KL R

(2) SCHR[72], 8 e P IR BE G I NI A0 SRR AL, A8 05 5 22 ROFE i ik B8 42 BN I R A1, FE ) A 3 e 4
43 #T (principal component analysis, f&j #X PCA)BEATRFAE B 4t I J5 i Bh 28 94 153 43 T (linear discriminant analysis,
fAI AR LDA)SEILMB A G 1 A B 43 25,
1.2 tE5IIRA

i M R (gender recognition, fE R GR), BT 45 72 (1 A BHG Ak v 340 7 HL oA 53 MR IE 2 o 1 n ] 3 .

Fig.3 Face image with corresponding gender (upper row for female; lower row for male)
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(2) ZLFRFAIEHLSVM) AL SCHR[12-17] 15 e BUR SRR AE , 20 ok [ 248 3k BN = 22 11 SRR 4E, 585 18 B SVML 4
PGB H R A 25 B b SCHR[13,14) B BEAE B LR SVM 43 2885% 58 B0t NI B A f) 2 1 2R T 4 i 73, 52
HR[ 12127 A 70 40 4% 7] 6 B8 $ (radiial basis function, i #% RBF)AZALIAELEME SVM #E47 NG5 4323 Ho T8
17 i b 2 ) PN A [ 3 A (04 S A5 B, SCBR[15—17 38 i S sk B T o HR BB A (U &) 4 Frm) &R ]
A P ) ) 5 SR DA A 38 24 1 A A R S 4 R

© PEBEERKEFIFEU  hapy/ www. jos. org. cn



2191

[16]

Fig.4 Human facial part' ™ and starting from the left: Head, face, periocular and mouth

B4 NIRATF SRR 2 U ONZE 2 ) k30 s, IR, W

(3) WM 5 SVM Rl 73 38 N0t 52 2% BN I SRIBCA 58 9 78 73 1IN X3 e A 45 8, SCRR (18142 th
N2 X3k SVM Y505 Rl & ) GR LSRR A&l 5 o 3l DL 37 ok 0 OB 28 X () R AT 8 A 7] X
B TSR 45 3R GR.

Ny
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i=1

Hod sen(x) R RFF 5 ) 5 BB 2 x>0 B sgn(x)=1,% Z ,sgn(x)=—1;we=log % JHL, Py Fl Py 43 5l 2R 5 M T 2

0
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w, =8(d, —1)xlog > N 1 5(d, +1)xlog - i ®)

Horp Pp Al Py 43 591 3 755 43 S5 38 340 51 24 BT AE A R 2oV 0 IE R A SR AN A R, 00) R 24 x v 0 i B BB 1,
k2N O.

Internal
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extraction
Hair Bayesian L)
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Fig.5 Illustration of gender classifier based on information fusion!'®!
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o, Y, o BRI, o(W,X) 3R 784 B B Moore-Penrose |~ i,

(6) F L5 WA 2% 4T VR & %6 7 2% ] (convolutional neural network, f&] FX CNN)ZE # AL AR 5 5 4505 1 A Bh B,
WEFCN RFF 64 CNN A F 1 5 5 2 ok, SCRR[21-251 1 e 32 BUE — 10 i N RS AE A4 4R )5 1 B CNIN $2 I
N1 37 IR FH -3 (end-to-end) %% 2 75 NI ZR 17 4 2828, 7E Morph 48 A 404 e 3RS 7 T dkff 1
GR 43R HAE W 6 Fis.

. HEE
e =

Fig.6 CNN-based human gender recognitiont
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Fig.7 One person’s face image (numeric below each image represents age)
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HHFROEWN 0D, 5%, 23 BE)VERAAKKIEHEE, N AE /MR Z 55 26 0 3.

RIS R FFERRTE AE IR A SCHIR[35,36] 53 i) 5% F B SR B 3 i (R 2 PRV 3045 JE) AN ML S7. Jli 43 4
T (BREX EMG A JT 25 R KRR ) 1) 5 96 R 1 AR 4 7 25 [A) SR BN TG R A1E, 98 i S P IR 2 490 468 I 445 1 Dy 4 8 A1 v 25
1T AE.FJ5,CHR[26-341K & MFHER IR AN HZE AE 49, E EAHE L3N/ E (active appearance
model, i FX AAM). “E¥) )5 & KF1E (bio-inspired feature, fij #X BIF). J&#B —{E #% 2 (local binary pattern, fij #X LBP)
ARG B SVM HEAT HE S 73 25,

SR, IR 9E 7 VE A R R B A & BN OGBS B IR I A K AR S AR RS B (0,20 2 KT 10 2,3
INT 25 B)FEEH A

EREERE PR ABSCHR[3713EH T —F LBP HFAE AN BUBE R A (cost-sensitive local binary feature
learning, & #% CS-LBPL), A0 BU S S RN LBP #4245 rh SR J5 48 B8 T T /5 1 #F /7 #% (ordinal hyperplanes
ranker, i /X OHRanker)f& Bh A28 (A P 134T AE 43 284511 5 SCHR[37148 57, SCHR 73175 18 BLIETE R AE R
SRS B 2 SO R — P T ORI G R 0 0t 28 465 44 5 4 168 ) 7 B AR 12 PR RRAE 2 U7 v, B AR A
T2 5K(6).
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I Je B A AE T 2% A1 B OHRanker $RE AE 45 5.

BB R UL AR A L () AE RS JB M A A 7 81, TR I 5 B IR AT AR I 7 R A A
N AR ,18 ZRF, 5 H 16 A1 20 2 A TR EA AR L. D 6, SCHR 3814 i R 4% 12 43 17 %% 2] (label
distribution learning, f&i#% LDL)77 V2 %I il 45 %% J& M 0T 41 AH ABURE P4 X T 2R 88 A5 10, LDL AN A v ey B — [ AR
5 1 4 L8 B — AN A1 43 A ) (60 B W T 4 168 1) 8 3R 5, R4 i o0 A 1) == 4 D9 I 2 R (R 280045 6.1
1,20 & (438 R R RE AT DA SRR IC A 21 2 BOREAR, R itk BEAR LU IR 20 25 I SEAIG, RT3 52 48 8 (1 4 ik
JE£ 55 . 2 WA A A B A R (B i ) P A 16 I 8 L ST A W I, i O S BRI, EL BT R R FE 2 R 1SR [38 ]38 T
S P N R ARG, R D S IS R Sk b S L IS 00 R SR KL HBUE A Dy 2 T - A 70 L SE2 43 A 285 ) B % R B
ARAF T LI RO AR T, 3K G A 4 R 25 43 A e B T 0 S B0 A 1 A VI 2R B AR v SR A5 A 14 30 400 0% R I i iR
WAIRAS o HERA IR FT BT, B T N 28 & B B A 08 70 A T 5 S [, 2% 4 8 B B A AL 4 3 AR S5 () 8 ),
SCHR[39]32 H — i [ 3& R i 4 ) LDL(adaptive label distribution learning, & /% ALDL) Atk b3 1] f5 . % F SC ik
[38145 FH & & (1A 1 43 A LA B SRR [391% T 7[R 74 2 43 A1 4 38 AN R 3 1) Bl b, SC AR [ 74197 HH 3 T 5008 4
PR ic o A k.

Descriprion degree
Descriprion degree
Descriprion degree

: : il : : - i
-2 a-1 a atl at2 Age a-2 a-1 a atl atl Age

0 fast 20 slow 50 fast 76

Fig.8 Facial appearance aging of Albert Einstein in different age ranges!*”’

B8 52 DR M 48 70 AN i) 4 % B 1) T 3 b 32 A8 Ak B L 4E W A 28 oA s i P B
[ B R P AR A P M AT AR AR AR () AE. Dy SR FH 4 168 28 (A 7 PR A AT & AHAUUYE, SCRR (4200 T 55 IR
R M AR T AN B bR R B DL S A R B AR S AE:
max J(4) = ZW(i,j)dj(xi,xj) + azgl
iJ i
st dy(x,x)+¢&=d; ifn, =1 %)
A=0

=0
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Seoh, d 0, = [y | = g Ay RV 0 3y 2 0 T BB (i) PR BT 7 S B A A 0 2 5

ICAR IR, & LRI, dy; Fm PR A BR R B9 A2 A ()L R wi ) TE D1 AN AN F0 T Ho Atk
A AH A A5 25 N 2 (8] (9 FE B8, DA AR 3P 4 08 4L 2 18] 1) B A5 IS, 8 o 24 SR TR AIE B 4 2 (8] [ 30T 48 % R A KA
SO AR, SCHR[43 19 R, B R A NS R 15 110 s 0 AN J2 DA 58 43 2 4 J=) 107 31 0% 2 % SO 31 Bh 5 TR 9
BT R E LDAGE IR B /N, 2 8] FE 5 R 2 ) W 75 2 M IE A P B B R AIE 25 18], LA ORAIE 25 R 1 7 410 %
R, IEIT K T4 5 22 28 (K-nearest neighbor, [ #7 KNN)XT 4 #3847 38 51 4l 11

5 PEAE IS S HLAMT) AE MR UL B — R A AR 30 40 AR R FF AR AN 58 4% 14 1) i (B i A 4 5% 288 ) TE 0ot 82 )
GRFEAR), SCHR [44) 25U B 2 A T S BB E M @R A R xS RICINEL 9 Frw), 1) H 824 A6 58 43 BT (canonical
correlation analysis, @ #K CCA)G FHE AR 25 0], H7E BT 13 FF AR 38 7 725 (W) 38 0 R AR TG & 37 ) S 4 8 A 71 28 9 5
IS IR 1 AR

Database-1 NN Database-2

™ Sample space 1 Sample space 2

age range: 1670+

Hybrid projected sample space

5 < 2y on

age range: 0~T0+

Training Stage
Testing Stage iz e
B x,ifx from database — 1 ) ey

SoRe Z flzy= ak(z,z)
B x,ifx from database - 2 -
E:“J e 47 years old

X z2

Fig.9 Illustration of the co-representation based cross-heterogeneous-database age estimation
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i DR B 0 20 X 2% 1) AR T AF SR, IR B 2 S TE TR SR ALAIL L A5 23R 31 55 403 73 380 K & A T Fé 2 AR 82 T A
A 58 7 145 R IE 3R 7R (feature  representation) 5 H #5 ¥ 5 (decision making) 43 25 2% =1 A8 20, 78 15 2% 3T 8 LA
end-to-end %% > 7 ¥ 5 Rl G B — & R I 2R AT 55 2 IR PR R B AE 45 B AR B MR BR . Z kS R, SR
[75-781%f& B CNN 8L VGG W45l B G HRFAE, SR J5 SR Al Softmax BRI #0573 255 VAT AF 6% S I AB. b, 3¢
BR[75,76] K BRI VGG-16 W 45 45149 LI SR I & 4 B REE 2 7R OB b I 250 $0 & [E B 08 7 R0 A 42 0 )R
PEIR] (R348 56 2R, SCHR[40,4 118 Bl i 397 40 A0 AR AR 88 23 AT Amac, 37 5% FH IMDB-WIKT %538 S 3 1 X 28 DASR B 4
Mz AR
132 ZETRIAK AE

FTF 32 AR J7 20 7 [F) A A 8 A8 QAR AF B0 ST 1 5 30 1) 22 24 [l Uk AT A FE AR T NS T 2 Ak 2 —
ANE B AT A (P R A G K AE WA S22 82 6 [ U i) 0 DA AL 3EABL - B & 38 Rk, SCHR[13,45-511 351 A
Ji PR Hp i AN () AR AIE R s 88 U 18 B8 [ U 288 (2 S 1) =[] U, SVR) R AT A7 8 5] U3 T30 G v, S ik [45] 5% A
S FR NG S 18] X 45k PR 4R AL, 8 I 18 Bl DU 7 4 D) 45 AR A1 AR B 3 2 O N TRE R AE 2 7, 1 ) 10 .

[44]
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Fig.10 Four types of features at three levels for age estimation

Bl 10 7E 3 BR[0T HRELT 4 FRRAED)

CHR[SSTIA (1) A ABE AN TT#255(2) FEAE N AR E(3) AN A8 =2 Bl i () 1 AR A0 1 2 T DL 1
2 J& STHR[SS1HE N G 32 i) Ta) 0 R 510 44 sk 4 88 458 5X, 2 [H] (aging pattern subspace, {8 % AGES)(4n & 11 fior). % T
JT BRI PP R A AN A A W A 10 AT TR 38 20 B R 1 1) R 12 AR 3 R HE — A g 0 AR A 1 U7 3R R R R R AR S
A8 20, I A AR R B A A 1R AT AR B A SR U, 45 FH AR [ 4 6 BRSO B MGG A B 2R 40 ¥, 95 A7 38 4 x“ H
PCA FEYEJ5 P 3BT A e o] J 46 22 18] AU R R B X, 5 2 AT IR ZEM T R E LR EEHEREMRT
TEA.

[55]

Fig.11 Illustration of aging pattern subspace
B AR A A ) R m B
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SCHR[S618 1 PRIE Joj #0 1 SCRAAL, i I8 TR PR 2 P52 2, Sl U0 2R [ — 003k P A A X 1) B 1, [ g 7 K &R 4k A
IS B P A B A 3 2 ) P Y mkNINL IR L T T AE 2 mkNN - H A7 e #00 F
max 2 dix,x) =AY,
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C—L(x;,x))
WS p NTRBAE, C=max {L(x;x;)} +6,6>0 LLELR > BEA Y 0,1 d,x) R m i AR 2 (8] F R X BE 85 SREUE 77 5 &
2 1) J 1 B 1T B A BT U KONIN 55, S BN G 6 0 A5 X Py [ )= .
SCHR[4719 T F A 05 2 A 7 M R AT AR UL F R AR R 1 4 15 (cumulative attribute coding, & #X CA)RIA
mRR R 2o GIE ARG I B AR R SR CA i RS BE S 2 /T AT AR A 1) B R AR R A S (n e K
RN 100 B S A 101), BB R R N

(L(“)”J s d(xyx,) P T 20T RE A (A 40 56 28 L o) 38 7 P AR A 85 2 25 5 0 4048, i i 50 75

L <y
’_{0, L>y an
oy RORBERERE L RRE ( Mg AR CA s a f 2% R, SCHR[49] 5 Bh 2= 00 i2 5 CA FfiB ) 0 =<
A5 1Mk RMANERML TR SRE T HEAEEN AE 45 2.

TE TR B 2 3] J7 T, SCHR[79]7E CNN 26 Hh il N A7 5[50 )3 S AR 76 Morph 1T 304 48 1 HUA3 5547 1) AE 45 3.
SCRR[7 1)1 Bh [F) — PR 48 A B AR B0 k) X B T 5 A 5 SR7E AE 1)/ 1 1) 18 3 4 B8, R B0 T e 3t 7 45 2 1) [
VA 7 s AR Akt B 7 ¥k X 5 R s 58 43 ) Dy T B8 SRS R 1 43 SR T ¥ (43 S SR L One-Hot 4 i 11
LDL 4 % 5 Fhbs 5 G 5 75 50 )« 56 T f5c /N 7 07 458 20 R Jk 457 35 o 37 453 2 19 [0 051 28 g 2 DA R 5k A 452 2 1 [l
VAR 5 3. 5 SR R, SCHR[6917E CNN 45 b A5 Bl CA 4 A% F) SR P DA ke 11 4R A 288 43 A /1 440 47 i) A 42
H SR 6 LGS 5 sk 20 A A 5 P DA RS S8 R 1E SR 7R (9 40 3 B8 00 R i 3 D2C M4 Sl AE.D2C W45 4 i
Kl 12 Fiow.

Ed
E e
. : Feature learning E8 5
Pace i =3¢ .
Face 1 — network EZE Age
==
-

L Comparative
ranking
layer
Shared
Comparative
ranking
’—‘ layer

Feature learning
network

Face 2 f—»

Cumulative
hidden
layer
=
=

Fig.12 Illustration of D2C network architecture
Kl 12 D2C %63k A 45 1 7 i

H. 1 ,CRL(comparative ranking layer) H T-%% SIFE A B HES B H AEDEFONFER x; B2 T %, fo)>0).0:
5 0, 0y MIFORFEAR ij BRFE ) ). D2C WX 46 AR 451 2k bR 08 SR
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Loss, = Z loss®* +a z loss +ﬂlossR“"k (12)

ﬁ%ww%ﬁ%ﬁﬁ1%%&&@%%%@%ﬁﬁZﬁﬁﬁCA%ﬂﬁ%%3ﬁﬁ%%$ﬁ$ﬁ$iﬁ
(691N A, AF- 1 B 7 1 bL B — ) AR W A 2815 B BB AR e By )2 3@ CRL M B FE A P 51 56 2R AT S 3
5T TN ZRAE AR, DL R AR AN AN 1o 4 (1 IR .
133 ET/AERS5EHIEEAN AE
R T FRAT I B T AL AR S T 8%, DCHR[48,57-6 1% F 4 28 AN [ 9 AR 45 & F S S s B AE. FL A, SCRk[6173A

HL,SVR B! A T AF 8 AS RS 1, A RE TN 42 )= i) 2 Ak 38 (an B 13 () BTz )., 12 SCHR H i B J) 30 v 8 e s >k
F% LARR(locally adjusted robust regressor)fifi t+#%, H- I F FAE M A A gk AT 47 68 1R 3. BT 5, %

Ja3 8w A (A P& 13 (b) it 7w ) SR, 45 TR 4 8 e SE AT S et RV Yot € [V predic— Aoy predie+d1); 9 T
FREUEE AR A J7 1), SCER[6 1138 R A — X i it 2 3 25 SVM AT %5 I 38 . 2 J5 1R 2 4 LARR Bk T4k
e T SR, 0 SRR [60 KRR AL 22 ST BN LARR; SCHR[591%F LARR #E4T 7 M4k 3™ g, 7€ UTUC-TFP-Y 25 ¥
£ B4R 7 HE LARR SEAR ) AE 150 45 5 A 2R BE 2 =) J7 T, SCHR[5715K F CNN #1 LDL 23730568 A B8 A7 R
TEFR R SER gAY, B ERHENG(—ERET . —BETEIF BN RLI AE.

Ages predicted by robust regression
(SVR) versus the ground truth

100 = Age i +d
80 i - Robust regression
. s N & '\:‘ ' True valur trajectory
o o &' 9 & e " 4 PPl e 4
- TR TSN
201" ey o _é V_of - An estimated value
s ‘e .0 &
0 Estimated by regression (SVR) 0} % b A true value
20 Ground truth ages < ;
0 100 200 300 400 500 600 700 800 900 1000
Features sorted in ascending order of ages e Feature
(a) FCSLAF e (RE A TH R HE 51 5 T30 45 % ) L i (b) LARR &

Fig.13 Illustration of age estimation with LARR!®"
Bl 13 B LARR SRS UL A L S0 AF 8 i 10
14 MEREXSEE
A I 51 TR 300 A AR ARG B — R At T A4S BB 5 P e X P B AR LR 1

Table 1 Summary and comparison of naive-group
human facial attributes estimation techniques on different databases

1 AR SIS BN @RS T 5RO L5 A

L N N BRI PE e
v 7z SER R 7 3 s _
Jiik HamdkE | FREFORBEGN | RIAHES T VAE Ao
95.00% (Mongoloid)
Wu % A ,2004"! FERET Haar-like RC Adaboost (C) N/A | 96.10% (Caucasian)
93.50% (African)
s [72] 96.00% (Asian)
Lu £ A,2004 NLPR EANLE Y312 RC LDA (C) NA | g6 600k (Non-Asian)
Aghajanian 5 A ,2009"" | Web J5 4 G 43 1 GR T3 4 K38 (C) N/A 89.00%
95.37% (M)
[13]
Patel %5 \,2016 LFW CoLBP GR SVM (C) NA | a5 (F) 89.70%
5 112 il & R AT " 99.14% (M)
Dantcheva % A ,2016 FERET (Dynamic. Appearance) GR SVM+RBF #(C) N/A 86.24% (F)
Lin 25 A,2016"""! [18] [18] GR U375 SVM fl&(C) | N/A | 91.10% (M) 98.60% (F)
Liao %5 A,2016"! Texas 3D NI RFAIE pi B 2 GR FEHLARBK(C) N/A | 90.18% (M) 88.42% (F)
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Table 1 Summary and comparison of naive-group
human facial attributes estimation techniques on different databases (Continued)

* 1 AEAFEBIEE BN R R AT RN T 5 5 (5

i HiRE | BERTFREGRA | BXHES : o A
T 4 MAE Acc
st 22] 1 96.80% (M)
Coco % \,2016 Morph JR i E 18 GR Softmax (C) N/A 95.70% (F) 96.30%
Mahmood % A\ ,2017"% LEW LBP GR R-ELM (C) N/A 89.92%
Geng 2£ A\ ,2006"°! FG-NET AGES AE (R) 6.77 N/A
FG-NET 5.07
Guo % A.,2008!¢" U-I-Y/M M JE B 60x60 AE LARR (H) 5.38 N/A
U-1-Y/F 5.25
FG-NET 4.97
Guo %5 \,20085% U-1-Y/M K% B 60x60 AE PFA (H) 5.12 N/A
U-1-Y/F 5.11
YGA/M 3.47
P [33]
Guo Z£ \,2009 YGA/F BIF AE SVM (C) 301 N/A
Liang 2 A\,201101 FG-NET GLOH AE RR (R) 5.45 N/A
Li £\ ,20121%% FG-NET AAM AE kNN (C) 451 N/A
Lu 2 A ,20127) FG-NET Gabor AE OHRanker (C) 4.82 N/A
FG-NET 4.67
K [47]
Chen % A,2013 Morph AAM AE SVR+RBF #(R) 588 N/A
Lu % A,201354 Morph TR EE AE ®) iﬁgg N/A
Geng 25 A\ 20145 Morph BIF AE (€) 434 N/A
Lu 22 A ,20155° FG-NET CS-LBFL AE OHRanker (C) 4.43 N/A
e [49] FG-NET : 437
Tian %5 \,2015 Morph AAM AE SVR+RBF #(R) 469 N/A
Liu %5 A,20155"! Apparent age [57] AE (H) 3.33 (V) N/A
Rothe % A,2015) IMDB-WIKI ISP 256x256 AE Softmax (C) 3.22 N/A
Huo % A,2016M" IMDB-WIKI S HEZE 224x224 AE Softmax (C) 3.12 N/A
e (4] FG-NET AAM <5.85
Tian 2 \,2016 Morph BIF AE (©) 580 N/A
. Morph . 327
s 1791 p LN
Niu % A\,2016 AFAD R 60x60 AE (R) 334 N/A
. Morph o 3.40
A 71 Ip. I 22
Xing % A\ ,2017 WebFace SR 227x227 AE (R) 612 N/A
. Morph o 3.16
st [69] p I8 22
Li % A\,2017 WebFace IYHRER 227x227 AE RR (R) 612 N/A

VE:RC Fom ARl tF,GR R st fiti 11, AE IR F 8 Al 1F MAE(mean asolute error, MAE = %ZN:

i=l

v —y?| e NR R AR S

FOR H SRy RN T AF W8 R T L, MAE /N, TR0 35 14 B8 Bk 4T ) 3R 7R P 35 48 %0 1% 22, Acc(uracy) & 7 Tl U A% . C(lassification)
RIRFET 43 25107775, R (egression) K 7 FE T [B1 5 1) 77 725 H(ybrid) 3 7 3 T 43 Z8 R[] V3 (VR 4 75 . M(ale) % o 3 1, F (emale) K /m &
PEN/A FIRAFREUEHE . W (hite) R AR A B(lack) R x B AN SCHR[ST]HTHE AgeNet 45 R BE SR EUEMIREE [ AE PEBEM MAE 45

B R e LG IE 4R g5 R & AE M8 K | MNE(mean normalized error, MNE :%i‘:I—exp(WH Hod o RoR
o,

i=1 i

TOEE i 5k ARG UG i br v 22, AR 75 5 52 R MAE.F] L, MNE i/, T30 88 1V ek 47 ) %o, 45 2108 0.27,67 /% ICCV 2015 LAP
(looking at people) 3& FE W Al THT 5558 2 44

2 BAMAREEMEIRR

nkrob i N1 DAN v o s CP R DAL [ TR VAT D RF NSO s o G R DA e N B D R e by
FE SIS 11 A2 K465 VDAL A1E 2 7 F 6 58 43 30 LA 25 18 AR G 90 2003030 WY S [ 1T 40 J P 2 ) £ 7E DR BBk
S, I HLE — & PR Al v 52 2 Al R PRS2 O T B AN A NI AR L RN b S T S A X
T, BRATTRR S5 F8 Ja 2 18] 50 2R KR U 300 B AR (K N I B« 2 ) RN o 558 T 0 R A2 AR,
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21 EEMF, AMEEIAERE

R ST BUR 2 0 AE 772 B0, SCHR[3 114 BI7E R0 SR 45 1 B A 5 5 10 A R AR S0 2 W (0
04 ) A B SVMHEAT AL I i B 90 4 5 01, M R 35 M AR 1 2. SRR (26 i A
797 307 Morph I1 5042 | (Rl 4r 32 2)BF SRl AR B IR AE R 57276 % &

S )RR Y, 5 L 1 A 7E SRR AL 02 K, SCIR[1] % 638 4RI AR Gabor #5/E
HEAT GRAR S (AR T 50 45 2 45 S LA B SVM 47 AE DU AE 0 A, FLPR IR B A1 P 14 oz,

Table 2 Distribution on Morph Ablum II database®®

2 2 Morph IT $#5 £ i 45 1. (26

Female Male Total

White 2570 7 960 10 530
Black 2570 7 960 10 530
White and Black 5140 15920 21 060

H

ERehI

A%%@—{A%ﬁm}{ I%w&m}{ﬁm
RS

Fig.14 Cascaded classification of gender and age!"
Bl 14 PEGIR G SRR T g AL
55 SCHR[551HE 53, A 2 NI 2 4 225 18] [ =5 18 81028 S 1] 0 22 53t 15 S () 4 e BN I AR B AP 22 53 AS 1), 5
Wk (62131 73 4 % BL IR 7] — N U ZRAF AR IR 70 25 A <047 % B P b 1 22 10 2 1) 4 1 22 il 000 62 1) ] A sk )
— NN ZRREA AN TT BE 58 2178 B NME R BU R, SCBR[62)4E PR IE 2 /b — AR B4R 5 A7 7 — AFEAR I 1
DUR AR B Tﬁﬁillﬁﬂ,ﬁ IR H R
min {||Xg HeD# 4 = PE[ 4 y|Po| + | - v Ds v P +2HAgH}

{Dg A8 Pg} b 45~

itk

IR 45

sn]pﬁ(.dﬂ anLﬁ“(:dﬂ <1Vd €{l,...k}, Vg e{l,...G~1}

Hoh X6 RoRE g MERBRITA ANPREARER, YRR g+1 MER B R IR BEB,DC.DERRE g
/\fﬁﬁééﬁ%éﬁ d g EUSRFHEAE A3, 58 1 T TS5 ¢ MER BB, 3 TH T EESE g+1 MER
BB 9,58 2 TR TR AR A B0 A PRG0S, 58 4 O R R 1000850 25 1 1005 58 3 TRk, T LA A G X 2 1)
TFAE I 9% R AL R N2 4056 ZR 100 2 0 AR 1T, SCRR[62] 0 BB 45 S 75 B 00 v ) J2 4 H, o [ 2 4 RAZ AR AR 2, 00
ARG B IE ROR PR AR A I, SCHR 80K 2 A4 it 2% STAR R 2 TR Ak, LA SR A5 T AR 1 45

FEF MR . AFPEYEXT AE R840, SCER[S 1118 ) LDA 1 BRI 3k B A [ 1 S R0 A Fof 1) [R] — 4 8 2K 1 4F

4 455 AR il A 3R AT W 9. 32 SRR R R AR S 28 P IR /N, R AR AS [ 2R )R & 4 B, R 2R R b 22 1) R ]

BRI (B 15 FTo). 225k S i, o 1 AN [ B A £ 22 A A Qg A5 S 380 3 [) 2 D) o 6 2 2 I Hp A [ B AR 11 224K
R QAT A7 A A AL B 00 1 43 A

H B EE 0p o Wi m&wﬁLDAﬁim,&ﬂw%Fﬁ KA N Fh AT R R R Z ) @, =

2(9},’”)(93))7' FH - 220 1 AN [ N Fob 22 i) 4 7] 28 500 1) 26 B 56 3R (6,07~ P K P9 55 k ZRRE A B {H). SCHR[82]7%5 3

PER 5 N Fh 538 SCRE M, I ) AR 8 008 3 1, i B R 5 P 486 A5 4 L — i AR 35 9 971 5% 2R 1 A R A 803 ) 8 A Y
AT AE.
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A —

Fd =
/ Population 1 Population 2 N
[ _ PPz )
| . % e & ® oAge
| T Min 3 \ }:. ] Ir\gc_ﬂ
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Fig.15 Three measures are considered in Ref.[81]: (1) Within-class variation; (2) Between-class scatter;
(3) Between-population correlation
15 FEEASIRI 3 AN EE R (1) S HIURE;(2) 2 TAIRIRE;(3) Pl i A O B

22 EZEFREBMDAIRC. GREVFENT

AR FAF e 55 & E XS RC B2, SCHR[6517E Morph 1T R AR L1 S Bk AT 48 5% A0 ) J& 1 iy A1) 23 (IR0 S
BR[261), 98 J5 B W 438 NBE#EAT RC,IF K I RC HERA A AEA R N B A FEEBUK 2 5+

NIRFAFE R F B XS GR M, SCHR[83]X YGA N T <2 e ix 3 RAFHERAN 4K,
IRJEEE XN T AT GRSCHR[841E 6K NI R K 73 9 AR BRAE " Rl A W 28 98 J5 R A T 2B E1T GR,
FHRBLUG # 1) GR MR =R 5 T8 &
23 EZEMAHNBEUFAFEMENGRFIRCHEE S M

Bt N T S R A 5% AR B S ASR FH T [R]85 R8s 1 5 N e AR LG R A R T M
T S AN T 9 o g U P FE K R RN B GR A RC 1, SCHR[85 11 B SVM 43 B X A [FAEZS (1) 3D UG AT
TR, B Ji BEAT phe SRt A DA S B 3 55 N RO JER 5 A T A SR [8 6] B SR A0 iAc F) Ao £ ] 226 465 20 5 47 1% 531
55 NP A A T, 23R4 T UL IR R T A, H R 0 24 5 0 ] 16 i R AR ) 8% B N\ o L AN L 4
EERZEA 3 REMEZ I H 2x2 K/ EORMAL Z IE R AT R IE IR 3,28 3 ERERUZ % R ReLU
PR BB IS 1E 2R 4 R B ARR 5 5 ) Softmax B # LB 7 i it

Input Conv 1 % é“ | Conv2 z EJ_ Conv3 | | || Convd4
128128 200@5%5 = 2 S0@5%5 =z 50@4=4 26@2x2
(=3 (=

2x2 2x2 ReLU

SoftMax

Fig.16 Hybird gender and race task learning architecture
16 fle P 5 AP B IR VGG 2% 45
24 EEFIRBMHMMEIBEMEXIAEMCGRIGEE N
TGRS SR PR B JE T P N E SR RN F] AE F1 GR AR, STRR[87-89] 1 BhiA T 45 X X 4% (CNN)F
A ) A U R 5 R 1 SRR AIE 2 7R, 7 T A 07 A0 A K5 i L1 4 A S B AE R GR.
FEAL G2 75 i, SCHR[70,9011A A:(1) STHR[ LT H 12 530 AR 53 5 4 8 Ak T 1 8 IS 2R A s e 11 ol 43 28 2%
Xof HEAN BRI 7 SR 1R 22 2R TH RONE (RIS 1k ) 7 SR R 1 BRI il TH R 22 18 K)5(2) SCER[63 1R & T Ak
2 T J A (B b A 328 42 AN AT B VR 3 12 ) R A e TR PRI LR BRI M T B I RN it TR R A 2 R N
U, SCRR[ 7618 Y — i 3L 18] Hp s 4R IE5E (77 58 06 000 45 45 06 Ja 1R N 8 5% R BR A B[R BF 78 AE AT GR,
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HILABEAR T

2
F + % RNOSSpaces ( 1 5 )

min ,003%5)+ 2 L+ 10,550+ 2,

2
Ferb B8 1 WP 03 RAVR I AR 3 WA B A T 7N AAR R A T AR T A8 2 T B 4 I TR
BUSIRPEE S TUE UM Ryosspaces=(Wa' W) JIEELE 1 3025 [] o AN [7) P 53 ) AR T b 23 4.

25 [EINEZEERFHR. HAFMAM=ZRML BRI XK

i B /I . 9% (partial least square, {8 FX PLS, WL 2 30(16))5 S A 5 0 HT(CCA, LA (17)) il LALEF AR A S
X SR Y 2 (a) @A SR i KA SR BT o e w, 5w, RIS R LR, SCHR[63,64,9111i5 Bl PLS
5 CCA FHAM M ERe . Mol ANFMHES 9 = o debn i, Rk A (8] V3 SEmE 76 1 A 23 0] 55 BE A J 1 1) /2 5750 &%,
SHL AE. GR Fil RC B it
max cov(wa X ,wyTY )
(16)
s.t. |wx| =|wy| =1 }
max W:XYTW},
s.t. W:)()(TWX <1 (17)
W;YYTWy = Il
T R R =3 R A B, SCBR[7 1,928 B R ALY CNN SEIUXT E 68 L M 0l AN i = 327 g A4 1) )
fli v+ SCHR[711IAN,AE. GR. RC X 3 il P4 Al v 55 34 B 9770 A [, R b, 254 4% T 75 4 A1 38 7 1D R 40 72 A
Fi AZOCIE IS H R E LS =5 R A 18] IR A SRR R IR R E R R 4 ) ) A X 4 DA AR A [ KRR AE
TN SR 2 B AL R A ] 17 P 3R B BUE SN
L(X)=L"+alf +pL (18)
Foerb Loy L85 L7 5p 3ORERAG TR . PR 70 R THRR . N R RAG TR, o5 AN AR OB S R T
iy 3 i 55 ) 1) B AR L AR T, 0T AR BEHESR ORI AT 1 15 5 N A (5 2, 38 B EIE 55 Z [ 1 A FE R R
B R, SCERI7 114 H — Mk & 155 284 DUR F AT 55 2 (8B P9 2 SRR, I 75 Morph TT #0446 B3R 13 MAE 45 3R IR
T3 (AR S RS (E A S5 5 SCHR 1142t () GRIBCAR TR AR [R], TS SR A AE 43 S 38 43 SR TR AT R 1 B TH iR 22 46 ) L ik
B RT3 H.

[71]

Fig.17 Deeply supervised multi-task learning architecture
B 17 AT IR i o S Y
2.6 THEREXSLE
A5 L 5 S LT SO A R R 2 s YRR & A6 T ARG S S5 PR Re Xt b BT W3R 3.
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Table 3 Summary and comparison of natural-group
human facial attributes estimation techniques on different databases
F=3 EAFEHIEE ERAKZ B IERA v 7k R b S g
AN 1P
s & N SFAE NE *%g:
ik O I A EE
w U MAE Ace
Lu %A, [1] SVM 85.98% (AE/M)
20100 | ek mgsn10)| G3bor | GR=AE © N/A 83.84% (AE/F)
Shu % A, FG-NET :
201592 |3 43t 18 %) [62] GR=AE (©) N/A 91.47% (AE)
Guo A\, GR. RC SVM 98.90% (GR)
20102 Morph BIF —AE ©) 4.33(AQ) 97.80% (RC)
7.73(BM—BF)
Guo % A, GR. RC CpDA 8.73(BM—WF)
2014181 Morph BIF =AE (©) 6.70(WM—>BF) N/A
7.67(WM—WF)
3.75(BM—>BF)
Li %A, SR | GR. RC DCP 3.18(BM—>WF)
201852 Morph 207x227 | =AE (©) 3.90(WM—>BF) N/A
3.13(WM—>WF)
Guo A, SVM 98.30% (RC/B)
50101 Morph BIF AE=RC © N/A 97.10% (RC/W)
Guo %A\, SVM .
50001 YGA BIF AE=GR © N/A 92.25% (GR)
78.10% (GR/0-10)
Wang 25\, SVM 80.79% (GR/0-18)
20104 FG-NET ALY [SESGR (@) N/A 92.16% (GR/19-55)
88.89% (GR/56-69)
93.30% (RC/Asian)
Lu%§ A, SVM 97.30% (RC/Non-Asian)
200615 (831 [85] | GReRC ©) N/A 91.00% (GR/M)
75.50% (GR/F)
o 99.04% (RC/I)
farey A =
Na%“l%gg])\’ WVU and LDHF g?*i GR&RC So(ﬁcn)lax N/A 78.98% (RC/II)
x 96.41% (GR)
Levi %A, . Iy R Softmax 86.80% (AE)
201511 Adience 227x227 AE<GR (©) N/A 84.70% (GR)
Ozbulak %5 A, . CNN SVM 57.90% (AE)
20167 Adience B E AE<GR (©) N/A 92.00% (GR)
Tian 25 A, FG-NET AMM [ oo SVM(C/GR) ~3.50(AE) ~72.00% (GR)
20182 Morph BIF < SVOR(R/AE) ~5.10(AE) ~87.00% (GR)
Guo A, KPLS 98.85% (RC)
50111 Morph BIF H ®) 4.18(AE) 98.20% (GR)
Guo %A\, rKCCA 99.00% (RC)
5014164 Morph BIF H © 3.98(AE) 98.45% (GR)
Yi &N, Multi-scale CNN 98.60% (RC)
201412 Morph (92] H | (RIAE+C/RCand GR) | 303(AE) 97.90% (GR)
0,
Xing %A, Morph SR u Hybrid Net 2.96(AE) 32%80? %g;pﬁgg
201771 WebFace 227x227 (R/AE+C/RC and GR) 5.75(AE) ool P

92.30% (WebFace/GR)

TE:AE FoRER A ,GR FoR R iH RC Fom ARttt MAE s P4 0HR 2, Ace Fon IR E.C £oRn3ET 90T
R FRET HHI T EN/A FREEEFIERSE R X LR X B ¥ BYEMIT XY £ X, Y EEMEEHR
S A T 5 R H(ybrid) RRFE 6 . A B, PR =& AH B B 0@ A T 7 M SRR B F Rom B RoRBEMAW R
N RN BF Fon BAA L BM FoR BB WF R AR b, WM FBoR AR A B XY R X ERINGEY ER
MRS XY RoR7E X EHAR Y &0, W R/AE F7n 56 T B3 7575 1) AE,GR/M £ 7= 55 M ik v

3 ShERE

H ATk 2 E A5 1 22 R 53R A o — B NI Ak RN [ R B2 BB 5 2 J PR R AT )T 7, AFE 1 AEL RC
A GR A HE B R B RS L SCHR[1,26,63—65] (K1 BIE T8 3 B, 55 24 A4 1k £ T P8 £ 0 28 40 7 T A 7 22 57, BRIk ) PR 3R
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Bl FAR@IBMAE TR R =

S AR AT T AR AE R AR . B R B R NS AS A AR AR 8 22 A R A S W 2 AN R — B R
AN [ B8 B B0 55 R L 6 T 0 A A O 2 S AR AN RUAH T e 5 R 22 JB M P SR R R R T 512
B B2 11 = B R 3%

SR I 7 AR R I 508 T B — B A e B 45 (0 FG-NET. Morph Album. Adience. CACD 2000
8, IX S AR AR I A E LU R A ) R (1) PR — BB ARTE R B EIAR IR A A B A R 4 TR,
Morph #0365 EREARPFER IR EEE RO 16 $~70 ZVEHE ;M FG-NET $0# 4 LA FEB IR L EE
SARTE 0~70 2 .(2) BE—HAR A/ LB M FAARIL R 03K 4 Fios Morph £ £ T 1955k A UG [F) I A
10 TER . MERIRAFNX 3 RS B FG-NET H£& F MK BG4 T 488 S E B R AR
I Ja 1k AE DA A6 P2 AR AC AN 58 46 Aof 19 6 LB i T 28 75 TR . ) T, B B0 2 B A A B 2k S BB 3
ZHHE SRR B M A T A2 A RE ) A T E R

Table 4 Label distributions between Morph Album IT and FG-NET
F 4 HREMEEAR NG EEE L ric s B X (BL Morph #1 FG-NET J44i)

RS R 4 ) J v N g 1
HE trid Fric o Ai B N et | Bk . FRic o Am
pad | s | Raws | gee | PO | amsg | b s RE%E
5(0~15 % v R ’ e o
Morph " 16~70 REA B H Pk &tk I3 H OB AR N R &
FG-NET H 0~70 = G - — G — —

AR A EAR BN Al T OO AR AN R 77 E LS 2 T T B A K AR R — R
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