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B OE: ARAPIERE R AR A RGBS [ 3l BT A AR PR AR SRR AR SO I A RS
A5 T PR OGBS A A, AR AR AN 34T 2 R Gl A G E BRI . AR SO 2R TR L 24 ) I IR AR IE A5
ShRENHEATERA , R T N RHIE S H SE AL S A9 T Eﬁﬁﬁﬁﬂ AN A T RIS , R G BA T Bt X 2 4E A0
3 AEBRRAIE S A B E AL TR B T A DT IR IS BUIR BT A3 # 1 M B RRAIE AR Sl LR TE R
S ) R B BUIR AFAE DB K RS fEATFR) 2 4EH 3 ?ﬁj\ﬂ"iﬁlﬂ%%LXTKlﬁlﬁ/iL 7T ek, e
AL BE TR 2T 1Y 2 R NI ARRAE R A 3 6 5 IR BT ARG LU BRI 3 2 N R R i s £ 7 vk R F
FAERIIIFIR AL L FREARCE: AP TE PR, R EE T IR 24 2T 19 3 4 AR AIF A5 R 32 D7 1K 1A W
=k

SRR R ) 52 MR NI AR AERUE N 3 HE N KRHIE SUE A7 B ARAHZ M 46 (CNN) 5 BiCHfE

Automatic facial feature points location based on

deep learning. a review

Xu Yali, Zhao Junli*, Lyu Zhihan, Zhang Zhimei, Li Jinhua, Pan Zhenkuan
College of Computer Science & Technology, Qingdao University, Qingdao 266071, China

Abstract: Face feature point location is to locate the predefined key facial feature points automatically according to the
physiological characteristics of the human face, such as eyes, nose tip, mouth corner, and face contour. It is one of the
important problems in face registration, face recognition, 3D face reconstruction, craniofacial analysis, craniofacial regis-
tration, and many other related fields. In recent years, various algorithms for facial feature point localization have emerged
constantly , but several problems remain in the calibration of feature points, especially in the calibration of 3D facial feature
points, such as manual intervention, low or inaccurate number of feature points, and long calibration time. In recent years,
convolutional neural networks have been widely used in face feature point detection. This study focuses on the analysis of
automatic feature point location methods based on deep learning for 2D and 3D facial data. Training data with real feature
point labels in 2D texture image data are abundant. The research of automatic location method of 2D facial feature points
based on deep learning is relatively extensive and indepth. The classical methods for 2D data include cascade convolution
neural network methods, end-to-end regression methods, auto encoder network methods, different pose estimation methods,

and other improved convolutional neural network ( CNN) methods. In cascaded regression methods, rough detection is per-
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formed first, and then the feature points are finetuned. The end-to-end method propagates the error between the real results
and the predicted results until the model converges. Autoencoder methods can select features automatically through enco-
ding and decoding. Head pose estimation has great importance for face feature point detection because image-based methods
are always affected by illumination and pose. Head pose estimation and feature points detection is improved by modifying
network structure and loss function. The disadvantage of cascade regression method is that it can update the regressor by
independent learning, and the descent direction may cancel each other. The flexibility of the end-to-end model is low. CNN
is applied to 2D training data with real feature point tags. However, in the case of a 3D, training data with rich real feature
point labels are lacking. Therefore, compared with 2D facial feature points, 3D facial feature point location remains a chal-
lenge. Several automatic feature point location for 3D data are introduced. The methods for 3D data are mainly based on
depth information and 3D morphable model (3DMM) . In recent years, with the development of RGB + depth map (RGBD)
technology, depth data have attracted more attention. Feature point detection based on depth information has become an
important preprocessing step for automatic feature point detection in 3D data. Initialization is crucial for deep data, but
information is easily lost. The method based on 3DMM represents 3D face data for locating feature points through deep
learning. On the one hand, the shape and expression parameters of 3DMM are highly nonlinear with the image texture infor-
mation, which makes image mapping difficult to estimate. Compared with 2D face data, 3D face data lack training data with
remarkable changes in face shape, race, and expression. Face feature point detection still faces great challenges. In sum-
mary, this study explains the meaning of automatic location of facial feature points, summarizes the currently open and com-
monly used face datasets, introduces various methods of automatic location of feature points for 2D and 3D data, summari-
zes the research status and application of each domestic and international method, analyzes the problems and development
trend of automatic location technology of face feature points in deep learning application on 2D and 3D datasets, and com-
pares the experimental results of the latest methods. In conclusion, the research on automatic location method of 2D face
feature points based on deep learning is relatively indepth. Challenges in processing 3D data remain. The current solution
for locating feature points is to project 3D face data onto 2D images through cylindrical coordinates, depth maps, 3DMM,
and other methods. Information loss is the main problem of these methods. The method of feature point location directly on
3D model needs further exploration and research. The accuracy and speed of feature point location also need to be
improved. In the future, 3D facial feature point localization methods based on deep learning will gradually become a trend.

Key words: deep learning; 2D facial feature point location; 3D facial feature point location; convolutional neural network

(CNN) ; registration
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NSRRI R SRR P A 0 A EE A 3hE
7 H TS N\ A SRR IR 28 SR THT S DG SHEARRAIE
TR AR | 5 W A1 IR A48 B A TE I T v L AR
FUMN U 53 B A 3 4 N o A A 40 el EL A B B
Y,
1RGN IR R € 57 D7 A48 = SR AR AR
(active shape models, ASM ) ( Cootes Fll Taylor,
1992) | & 3l #b WAL FY (active appearance models,
AAM) (Cootes 55,2001 ) 2 o Jai A5 7 ( constrained
local models,CLM) ( Cristinacce F1 Cootes,2008 ) Fl1J&
FEIF M J7 % (Cao 45,2014 ) . ASM FIl AAM R
PR TR SRR RN 42 Ja) G AR SR I A AR, W]

S L T S PR B EOR R i (B
TR IR . CLM R ) 53 4 J 748 S0 SHAE 28 %k
REAE R 2 S EA T IE WAL, BAT B4 Az AL RE ) A
B, LT RTS8 5 32 B O AT S0 R g 0 51)
FAEARAE THFIE AL & (HR 2RO H A R AL AR
TR SR AT WA BT AT B KBS A
IR, HAPERE 25 i & A

BEE 5 T IR 5 ) i N W58 10T i, 45
T 25 M 4% ( convolutional neural networks, CNN)
(Lecun %,1998) | ¥z i F F A KGR AE ki, A
SCHE R ATER XS 2 4R 3 4R B 5L T IR EE A )
MARAIE A H BE N 1, 2 A ER B th B
LSRR bR 2 A DI R0 A 6T, R R AR 1
H S ERLTIER 2 | A4 56 T 95 A6 B 28 I 2% 7Y
Jo i TR R v 8 i [ ) 5 s T B Bl A
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W28 (1) 7 BT AN [RS8 28 Al T 00 T 12 DA R At i
#FCNN By 555 o Skl ek R A I, AR J5 5
TUORIARAIE Ao S 30 1) 7 R L S 5 SR AN &4
Z IR] AR 22 I AL # R BRI S, 2 4 IR %y
Tk A BhE AT R BT T RO A R ORI TEA
G PR A SEBR AT 55 T vz A

Bfi%5 RGBD(RGB + depth map) A & & | IR
JEERAHR OR B SZ B 06 T, B T TR FE AR SRR AIE s A
MR Ry 3 AERAE A 20 RS ARFAE A A R 781 Ak 2D
B¥, Gilani 8 A (2017 ) 48 1 78 B2 R AE s U5 199 2%
(deep landmark identification network, DLIN) , £t X}
3 YRR TS TR AR By 3 4E NI ARME A A 3h
PRAE ., Zhu %A (2016) #2 HL 85 KB A Xt 5%
1 3D fi# T %% (3D dense face alignment,3DDFA) |
TE 3D A 23 [l Y 3 4k Al 28 JE A AL (3D morphable
model ,3DMM ) ( Blanz F1 Vetter,2002 ) 5 fi*) J& 4l [ 38
PEREE S I WE9E H S M AIE S T e 3R SERIFSY
XF 3 i AR RFAE SR A BbR R 7 E EAT 1A £ IR
R ALE 2 g NEARAR LG, 3 48 5 i = Ak
JEAR PG AR 25 B 25 B A i I R Bl . 3 4EN

/D N R AR SE I ()RS5 )L, 3 4Rl 7E A5
TR s A BEAREA RO EARAF PR AR, B A
3 YRR F AT R R S T VR A Tt — 2P 4R

FRAWTSE, 3 AN R R REAE 15372 57 F40 K5 B2 A i 32
WA

1 AREHEESTLhE

L1 HiEE

2 i NG PR GRRAE  Aer 0  H B) BR JR A 22
IERTRES SIS NN .3 e R R f
FEA 300W (300 faces in the wild) ( Sagonas %,
2016 ) . AFLW ( annotated facial landmarks in the
wild) ( Kostinger 55,2011 ) \LFW (labled faces in the
wild) ( Belhumeur 55,2013 ) | AFW ( annotated datasets
in the wild) (Zhu F1 Ramanan,2012) . CelebA ( Large-
scale CelebFaces Attributes) ( Liu 4¢,2015) 1 Helen
(Le 45,2012) a0 1 Pan, W0 3 4E NI X
ERZ B EHRE T 3 g AR th A/
H IR B IR SR R 75 2T TAL 35 A4 e Al
FH, FZE A CASIA ( Institute of Automation, Chinese
Academy of Sciences) ( Yi %%, 2014 ) . FRGCv2.0
(Face Recognition Grand Challenge Biometrics Data-
base (v2.0)) ( Kelkboom % ,2007) .BU-3DFE ( Bing-
hamton University 3D Facial Expression) ( Zheng %,
2009 ) 1 BJUT ( Beijing University of Technology ) ( F*
EAA,2009) , W3R 2 FR,

Fx1 2 ANREGEESE
Table 1 2D face dataset

A/ S SIS e

FIFEA

FHIE 25 2 fii g

300W

3 837 i, YIZREE 3 148 g, Wi 4E 689 1H
(Sagonas%,2016) e, YN ZREE e, A 689 iE

AFLW

. 25 993 I, 4 59% |, Bk 41%
(Kostinger 25 ,2011) Wi, Lot Ftk

LFW

wore sor o TR 1 AR,
68 EE R ook 1 g

21 B3 KNG O AR K R

FERISARIC AL, Horp 1 680 A

(Belhumeur %5 ,2013) > 233 1,5 749 SKAJG ABIE IR ) R

R, 012,275 W73 TG o s R g R L
1(121:% So12) 2 330 I, Y ZR4E 2 000 I, MHKSE 330 iR 194 fﬁgggﬁ REEAREN
. =" FREH RS, MHE:300W ; hitps://ibug. doc. ic. ac. uk/resources/300-W/ ; AFLW ; http://Irs. icg. tugraz. at/research/

aflw/; LFW . http://vis-www. cs. umass. edu/lfw/index. himl#download ; AFW . hitps://ibug. doc. ic. ac. uk/resources/facial-point-an-
notations/ ; CelebA ; http://mmlab. ie. cuhk. edu. hk/projects/CelebA. html; HELEN; http://www. ifp. illinois. edu/~ vuongle2/hel-
en/



$26%E /5511872021 F11 B

I, BEF, SEIE, KSHE, FHE, BIRE
REFIANGSERBHEMER

F2 IHEANREGREES
Table 2 3D face dataset

ZR Boiw B/ SSiA| =MME SHER AL faifr
CASIA ~ _ e = A 27 38 i 3 4 A
(Yi % 2014) 123 A =Mk 10 000 ~20 000 A R F L —
FRGCv2. 0 466 A, e o  EEORIE A, B
(Kelkboom %5 2007) 4 007 4~H3% N - A I AR BN, 215 P S A v
AKX R 7T AR, B
BU-3DFE 100 A LHESO% g 130 000 B el R ARG s, 6 A U 2 A S
(Zheng 5 ,2009 ) B 44% 4
& 4 A-5m
BJUT BN 3 YAl LI
Bas250 A =R 130 000 A R R R VIBRZ AR W ANE

(FEA %,2009)

3 AR

‘B‘E « ”

TR E H KN A, W Hk: CASIA: hips://paperswithcode. com/datasel/ casia-webface ;

FRGCv2.0: https://

ibug. doc. ic. ac. uk/resources/facial-point-annotations/ ; BU-3DFE : https : //www. cs. binghamton. edu/~ lijun/Research/3DFE/3DFE
_Analysis. html; BJUT :http://www. bjut. edu. en/sci/multimedia/mul-lab/3 d face/face_database. htm,

1.2 HiEmAE

5000 T A PR AE B IBURRAE BT HERR 5 A AR 55
SERLTCR T, WG IR B 505, E2rEA AN
H—Ab (FEMIEE IR, 2013 ) A 171 5AHEAS T
(Sun % 2013 ; 25 55 %5 ,2019) , Al iF, A o {5 4
TIE R AT 55 130 3l 1, R 2 B s A Thg o, LADR
UEA RS AT IR EHE
12,1 ARH—f

N VA — A T DL SE T8 BR A br 28 4 B 52 )
JHW J7 2 A min-max A5 fE AL Fl Z-score 5 fE 1k
min-max FRIEA X G ECHE HEAT 22 P 718 8, o &5 2R
{HMLE 0 ~ 1 Z 8], Z-score FrifEfb =M IE 4 (H
(mean) FIfR7E 22 ( standard deviation ) ¥ RS HEF1
WAL, 2o b PR R AT & bn e TE 2500 A, BN {E
N0 BRHEZN 1,
1.2.2 Hflahigss

B G 50 00 7 VE A AR RS O LR AR e
FHB (BRI 45 ,2018) (AR ML KPR B R
S5 TRl A HA 7 2 A0 AR BT M 2% ( genera-
tive adversarial networks, GAN) ( Karras &, 2019;
Goodfellow %,2014 ) % 4= G HH .
1.2.3 At

18 3 A1 FEHE (bounding box ) #6857 A9 1]
BIEEAS /N SRR (5 5 SR &5 ) BT,
AR TR RERUE MG . 2R RS
IR T A TR ] CNN 2 2 A 322 F4E (Ren
85,2017 ) K5 B R SR U 2% 2 62 &, A

Her s AN EL 1 F s, H H R R il
FRIE SR

H—m N

(b) Dlibms’iiﬁi

(a) 300 WEHHEE I FHHE

B 1 AJ3hAA4E (Xu A1 Kakadiaris ,2017)
Fig. 1 Face bounding box(Xu and Kakadiaris,2017)
((a)300W dataset bounding box ; (b) Dlib bounding box)

2 ETREFIW2HEARBHIESE
zo gl

2.1 ETHRBRERWEMEBNTTIE

TR R — A R 2 fi 11 Y1125 CNN A
FROE AL, 23 0 IRAG B 0 R AIE i AR bR AN A 5 40 2Rk
FHEE R M 48, A AE i) F0000 2 HE A | (R I 25 3
e R T B A AR R — A A SR
FIKMA , B T7 1 202 REUE T AR R S0
GO, TR 0] 5 S FE AT RLAS I | SR J5 5 00
fiE kL

Sun % A (2013 ) # H 9 DCNN ( deep convolu-
tional neural network ) ¥ 2 5K JG A A A, H =%
TR 28 A I IR HEAE A, 7T DR GF M A B SR
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B TR 22 A A5 OCHE SR 20 AL R
o HAESS | GO R MER Al A ROk S T R A
/METR]

DCNN HRAE s E AL 45 R UNP 2 frzs . £E DCNN
LR [, Zhou %5 A (2013) 3T T — 4> 4 Gk
DCNN, 7E4 A J5 1T, SR F CNN 43 51 F000 A 0 i
RN AR 32 P | 53 1 BUIN R AE A T I
SR GRS 2 JRTF IR TUE BB A TR e 0, X
AU AR R T WG JE 0 E LR B, A TR B
CNN AR GFHff ke 1 A2 G M S AE DI 25T 12 AR R AE
SUENAESS RS2 T 68 AN A ARRAIE 5 1Y
FEREENT . Xiao 25 A (2016 ) $ 26 I 3 35 40 4k K
2% (recurrent attentive refinement, RAR) , #2211 1k,
FRIE SO E TR AR IBCIZ M 45 (long short-term
memory , LSTM ) £ 7 ( Karim 45,2017 ) , 7£ 2 1~ & 1
M 7R TR SRR

12 DCNN HEAE 5 E (1454 (Sun 45,2013)
Fig.2 Locating results of DCNN

feature points( Sun et al. ,2013)

G 1A 75125 A ot R A ST 2 2] 1 J7 R
1= B N o D EF 1 = I R W73 S S
W7y ) 6 BE H 7 B (histogram of oriented gridients,
HOG) N FE A AR 5 1F 28 e ( scale invariant feature
transform , SIFT) ( Lowe ,2004 ) 55 4= % ] T 9K 3l 9L Bk,
{EAREPR IR > I RRIE s e LY o
2.2 ETRERKOENGE

i 1) 3 4 512 A DA A3 e S i 38— S0
G505 ESEE RAR A )M R 28 XN R 2SR
BRI B J2 R A G4, B — 2 1 R 7R AR 2 AR A i
MRZEFEATIRE , RV RS, i ) o ) 27 )
25T BN IR S5 AT Z 0 AR BR T, Y
AT ISR T A

Kumar 55 A (2019 ) it F &5 307 %5 £ L8R 461 2% ok
A Al T R AE 07 8 M HOR B € P, 7E Du-Net
(Tang %#,2020) JHEZ PRI A 4332 . 1) F3HME
it TR RAE SR A TH AL E 5 2) cholesky Al

T 48 P2 ( cholesky estimator network , CEN) , A1
AR RSUAL 1Y 2 A v S A 3 O3 A P O 2 B Y
cholesky &L, ML L5 NIE] 3 o, B 3 1 GLL A
E X ELISR ( Gaussian log-likelihod ) , UGLLI AN
At PR R T X UL AR (uncertainty with Gaussian log-

likelihood )
£7
¥

)

=  Hem Hem
Ly 4, I

K3 UGLLI M %545#) ( Kumar 25 ,2019)
Fig.3 Network structure of UGLLI( Kumar et al. ,2019)

Ffi 5 , Kumar %5 A (2020) $2 14 LUVLI (location,
uncertainty and visibility likelihood ) 451 5% pR&L , 7E i £31
JZEAN CEN FA] BLAAAL 1145 B 4 (visibility estima-
tor network , VEN) , 7 X} #4[&] ( heatmap ) b F ¥ {E 4G
THoR A AL TR B 9 25 AT AR B M Al 3 RE AR A
Dapogny 5 A (2019 ) $& H & F R AE 5 7 E K (atten-
tion map ) [ 7R 4 BRI 25 14 ( deep convolutional
cascade for face alignment, DeCaFA) , b4 —~H¢1E
SUE LA 55 A2 BURRAE S0 B A v ] e DL e
BB BCZ A A RURHIE RS, FRir o > DL 21 s Y
FB e E R R, DeCaFA A LA A 13 B
BHla AR DB R G b2 2 BB A B FE RS 4 e
37, Ranjan % A (2019) 2 } HyperFace, X il & 45
MER 24T 5525 20 s, 1 S e Ao I 380 i A DX Ja
L XF AR TN S, ARAS R LA R A 3 R 5 X
7 A F BRSO E R T 55 Z 8] 1)
PARIVEH] #2181 & AT 55 1R J) . Cong % AN (2017)
& A 7 451 2 1L P 2% (hard example proposal net-
work , HEPN) , i {] 3 /Ml 57 CNN, 48 3 FAS [A] i
tho 12net 7745 A 536N 7r 3645 5R 24net 742
LT IR HEZE L 48 net 7 Az REAIE i Aol 45 51 | 52
PR )it (4 32 B U R 07 125, U ER S5 T 4 i
il 4 1 Fe A facial estimation, Kumar F Chellappa
(2018) 4 HY 28 3 J5 A A 5 MR A BRI 28 I 45 ( pose
conditioned dendritic convolution neural network , PCD-
CNN) 55 1 DI RMLE 2 J5 25 2 MEEHbny 7326
W2, Dl 30 07 N2k, AARASHERR 0 RPE A 78
DU 2 SUHERH T 38 2 X 35 I R AE S A T R AT
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RIE, &XEFE, S8E, KSE, FHE, ERE
REFIANGSERBHEMER

FAFACAE Bl HAN R T 24 55 AL BT %, I Tt
oy eI NI EHRAY 3 4RYS3S DT IR S A AT 1Y
EIRS LN o2 0% N S| I N R VAT =S i
ARSI AT L R 3 A ] 728 5 H A ARRAE A5, AT

B

KT X H bR B 3 I

S 39 A ) SR T PR ARG, 491, DA 22 B
HRCE SIBOHE BE AN — RE I, AT BEAN S AR EE WA 1Y
RERIA B BN 2

12net |

: .. Conv4 1 i
:Convl Pooll Conv2:Conv3; 1

12x12

]
x3 3

"
3
24x24 '

Conv1 Pooll Conv2 PoolZConv{ Fed

DH
3112

33 3x3 3x3 3x3 ;128 !

— 3353 3 ESTRSTY
R Wit
4848 i

Convl Pooll Conv2 Pool2 Conv3 Pool3 Conv4: Fe5 ;

i}

x3  3x 3x3 2x

El 4 BERBIER LS (Cong 45,2017)
Fig.4 Hard example proposal network ( Cong et al. ,2017)

2.3 ETANRBIEMEHTTE

H sh 4% #% (auto-encoder ) ( Zhang 45,2020 ) J&
— PR NS JE T IO A S B T TR
2 REE, R )R8 1 EARE S5 T4 AE % A
K PR BT AR 1 A Lt e 5+ 3G, T 43
S AR, TR RS i SRR Y B Bk FE

Zhang %5 N\ (2014a) $2 H —FoHL 2 410 1) A 3) 2w
% 28 B 2% ( coarse-to-fine auto-encoder networks,
CFAN) , ¢ JUA™ 3% 22 1 ME & =X A 20 9 5 4 99 2%
(‘stackable automatic encoder netwrok , SAN) ( Mirjalili
45,2018) JRBER, WA S Fim, Ho H,  H, &5
OZ R F, TR ETEAR S, BRI A
JEI BB BUR TRARAE b (S,) o 42f5 SAN K Ae I 21 Y
o HERNIGAE T A, 9028 O RRAE A Bl SR
S SAN 3 iof A8 R 78 e 1) 43 B 36K A S AT R AE A
Jii) R B LI =y 3B AR ( Z 1T SAN A% ) FE A
B SERERFAE L, B SAN H AT LA i o o Al 2k
PERIRE,

Browatzki #1 Wallraven (2020 ) /™4 T —Fh 2= I
BT O AR e WA 1 K R bR A
REE U A SEWN S IR AR/ ap ¢ 8 B h v o o1 |

NIRRT

E5 B AN gD RS ML ( Zhang 55 ,2014a)
Fig.5 Stackable automatic encoder

network ( Zhang et al. ,2014a)

BB Bl g — DX HUrERY A 3 g g% , i i R4 A
IRt AR AN, 7E56 2 A W B Bl i i 2
S8k 2S5 R CR (R B AR UE 55, AT
TAFAE 5 #E] . Browatzki A1 Wallraven (2020 ) #2
[ 3FabRec (face alignment by reconstruction ) HE42
BETEARH /NI ZREE E ORI = RS B . th T
FEARLRAE R PEAL 1207 V5 1Y ) 2 1) (] 52 2% &
1 FLGs TR R e/ MHE
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2.4 ETARESMGEITNTE

Sk BB LS AT X A AR SR I B AT
SC BT EUG 0 7 1 B 32 B B AR S 52
M), P30 2 NI X6 5 AR X A [ 400 P 4 AN
[l A RHIERTAR (Yu %5,2013) , &7 A5 R 5
JEA

Zhang %5 A (2014b ) $& H AT 55 29 3R B TR 5 T
W 2% ( tasks-constrained deep convolutional network ,
TCDCN) , i s 4 45 1 AT 55 S A2 gk 2 ST W 8, K
WAL ™ A L™ e P 0 2 258 A Y IR AR 1Y) 5 %
FE o SIRSL A 2T AR RRE s A A [A] A2 | a5
ANEMEEAS A OE AT 55 (AL v 3R Sk AR
) BER A 25 2], Al LLSE 30 EH: (0 R AR SR
TCDCN FVFAROGAT: 55 (4 5 152 76 IR B i 2 v e 1) 1%
7 UMES FES I ERIR, BT kil%
AERME S B HA &AM, Xu Fll Kakadiaris
(2017) FIHT CNN FeA A 22 Jm Rl g ey il o 162 A
TFR R AHE 7 R AR A, B e e N [
Jui 1 GNet( global net) itk A FRRAE A, $ (it
RGP BIRILR 1L , 85 8% LNet (local net) I I T M\ 24
FEARFE T (0 1 Fy rp o 2 Ry ReAIE , JR Al CNN g 4
Il 9 4 41 7 ) i) #F AiE, Bulat F1 Tzimiropoulos
(2017) % F Newell %5 A (2016) #2 H 6970 I (hour
glass, HG) I £ 44 ﬁﬂﬂﬁ i v ) 2% (face alignment
network ,FAN) , i H1 4 4> HG W45 41 R HERS , 78
HG J:aili E5I AR I T Z RESAUE HG iy
JHELETTHR 1 (7 AR [R50 1 X 2% S0 1207 ik i 1k
AEOLT HG, A LR 47 s AT AL 845 TR
X FERCHE A2 . Wu Hl Yang (2017) ) FH A [5) B3
B N b 22 1] A T A8 A HH TR B8 S AT AT I 4%
(deep variation leveraging network , DVLN) , 1% % 2%
BB 45 5 ) 2% ( dataset across network , DA-Net) I
BT P 2% ( candidate decision network , CD-Net)
ASRFEG T M2 AL, Horh DA-Net H) FHAS ] £ s
B (R [RIRFAE AL 534 15 CD-Net JU XS DA-Net 45
A e AR IS Foe 2 SR, AR P e — Ay o 4 4
RSk . Kowalski 45 A (2017 ) $2 S J TR B ph 2
) 24 235 ) B4 R 5 6T 55 I 4% ( deep alignment network ,
DAN) ,iZJ7 ¥ 2 B BeH L, A~ By Bodost s — By
BOGTIARRIE U2 &, 1 51 ARHIE DR S A
SCRHE UL B AL SEAE S, AT DAN AbHSK AR 282
ALK WAL R ME R AN B 5 56T /i m A

A7 AN TR 125 0 0 e AT R A R PR R 7
AP Bz 1) 4% 1 24 B e ik 5 507 85 B, AT BE
R P A A NG TR A5 s B B A SR TR B /N,
K6 B 1 i AR RS, 4% B 54~ B BEA ) B
it S, Iran , 4B T — B BO™ A2 AU RFAE AL B
P A R AT E L RRAE IR F, AU T
R A TR S b S 25 R AZ e T, A R 465 119 3
LilrBeZ AP % . Feng 45 A (2018) T fiff i
Bt S AR Bl A1 B I R A B X 338 )l 32
T T B - g A A RO SR A
FHEEABEHLIEMG e RS | 120 5851 B8 AR A K 1 o
T3 FE A IS AN A [ 5[] P 1B 4 45 5 PR
B, RIPLIEAR L (wing loss) , 7 BB Sl A L1 454
KU RE TE A X BR B, BOR T X TRIER 22 1 B2
B I SE— A W B AR RAIE 508 22044

| b v
i o) [ itk
S J:JQAS TQ(SI) 47ASZ : TV(SV—I) J?AS\
S SR T ey, T TS, s,
S1 T\ - B
o f[ RHEARES. ) | MHESEER
&R f 5 Ts
|
% 1 BB FoMB - BNHE

Bl 6 DAN M4&45H) (Kowalski 45,2017 )
Fig. 6  Network structure of DAN( Kowalski et al. , 2017)

2.5 HMBu#MER T %

GoogLeNet ( Szegedy 2§, 2015) A9 # .0 B AH J&
Inception AR | EETTHAIR A 1 x 1 BRI THR%
4t 2N RSF EE PERERA, Inception e
R ISR TEAR ]3O T AR BOE 2 1
FEAE, NI BTN ZR AR . ROARFAAE A (2019) 2 Hh
T —Fh T /INIEP AR TR EE B2 25 (deep con-
volution neural network with small filter, DCNNSF) , 5|
A /INIE I i R RO S, i S UL TR 3
JRE W28 TR B2 ABR T I 28 PR RE , $ i 1 50 1Y A Pk
5 M,

A FH TN DG FHE R G 00 8k 1) B0 4
T AR HER MR ALK, B Sk AT = o e
N IRERFE SRS 64 7 V5 2 B AT RIS R AR 4 o
HAMFE, Chandran 45 A (2020) 4 F 1 & AL
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I, BEF, SEIE, KSHE, FHE, BIRE
REFIANGSERBHEMER

it S AR DCIUARAS & T8 T B s 43
B NG EUR B RRAE A5, TN T 2 ) B SRR 45 G
TR 1IR S AR BTG X IR, 51 A TG soft-argmax
AR — I TS X 2 45 FH I 4% (fully
convolutional networks, FCN) ( Long 55,2015 ) $#1iF 55
o 85

3 ETREFINIHEANRBHIESE
zO gl

52 4 NIGHFRIE A5 D1 A EE , 3 2 Bk A A
FR B AL B AR A AEAE PR, 18 TR
JE22 2] 3 Y NI RRIE sSbR o 1 3 AR AL YA SRR
Ik A e — R ARSI, HETEE X% 3 4
BB RER 3 a4 2 4RGN T
3 AEIC AR RIRL A PSS RRAE A H B 6
3.1 83 HRBIEALh 2 HEGMA X

BT 2 4 A R R R R S bR T A T 8
Z BRI 3 4E NIGAHRIE ALy 2 4E UG, wmT
DA Y 2 4GB e il B RS 3 4k Nk
A G RS (W (NI e R v S 2 IR DN 4 €
B, BORTAAE 2 e Bh R8RSR AL
F &R UTE RS 5 T IR AR B AR AR SR 0 2
R 3 AR B SRR 5 B AL AR

Gilani % A (2017) 421 T —Fh 4 A sh i) 2 4%
Bk AT L) A BhiEs By R SRIE S S ST A
SRR E AFEY 3D 1L b A3 57 25 R 1 A X
KF, Bt T —DREFHE SR 25 (deep land-
mark identification network , DLIN) , B 64 i 3D X
PEURBE MR SR IG TR S = A TS B R LR
ML (n,,ny, n,) HAG AL B0 BRAAR (ny,n
n) 02T, o A KRR D7 A
FAR A IR 3 i E A RGB #E £ DLIN Y
A . DLIN ZEA 0t FCN DL i HiiE 4 3D IR BEEL
PETAS 2 RGB 544, M5 25 F an &l 7 iz, Terada
45 A (2018) 7F ResNet (He 25 ,2016) f Ll I ok
CNN, 48 R AR Aa bR 22 19 07 208 3 4 A B Z b
B AR 2 4ERME, Ja i IR G PR
SR B AR AE SN 2 4 RS R 3 4ERIE

TR B G i 118 32 2 [ 2 M 7 B 2 08 5 2k
Hrr Wi ee st R &R | 4 iR R E X T AR
SRR IR AR R LAY, A0SR b R S PR E AR

el T \
" u%lgﬁg ‘
- HH3 4G '
: e i
v v r PR AL
H : ] 10x10
2| L LA
WK izl R
= A
RGB 7

7 DLIN P45 4544 ( Gilani 45 ,2017)
Fig.7 Network structure of DLIN( Gilani % ,2017)

=2 Sl EIR AP N2 h T
3.2 ET3IARETRBENTGE

3DMM (3D morphable models ) ( Blanz FI Vetter,
2002) 42 3 AE ARIEAR RSO A A S Gty ml LU
T—HNRIERFBERA G A RN — KA
K JEERR 2 gE NGNS S 3 AE SRR S T,

Zhu FE N (2016) 45 Hi T 1] 22 2225 19N 5 19
3D fi# P77 % (3D dense face alignment,3DDFA) | 1
ffi 3DMM, #5352 3D AR %) 2 4k K5 F- 1 b #4368 4%
5 ) A5 1AL A8 B A8 (projected normalized coordi-
nate code, PNCC) , ¥ #5 4k 8 °F- 4 T ( normalized
coordinate code, NCC) 1E N5 B 3 4k N 4 2l (4
WA, 4 8 TR, NCC, 5% NCC & x Bl , R
R;RNCC, 2 RNCC 7E y #iHYME, £/~ G; NCC,
NCC 7£ z 3 {E, 2R B, PNCC #2441 & T 1
A UL 3D THgL Y 2D 78 B S A BHE &, 1R
LEECIN 25 N2 NN 9.0 By o 11 O 2 W S B 1
MRHUAE 22 R TH], 3DDFA 14 T HA 98k CNN 11
AR 3D AL A AY ) DL figR T AR v 198 8 Y R R R 2
SRA PRI, R, B T AR
B R B AL v A UK AR AL, AT AR S Bl
GEEA, R Z-Z2vh XK TE YL NCC & A5y
3D M,

FIF] 3DMM Ab P [ 38 P4 R AR AR AT
ATLARI 3 4ERT AR JEARTALTHIA 2 EREAE £ 4 ] WLk
FINLE , Jiang 55 A (2018 ) $&HH T — B0 H CNN X
NG R 37 R AR $E A B Y DFF (deep face fea-
ture ) , HTFHZE I 40K R AR UGG R S 31—y
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() NCC

BOHJE3DIAHS

NCC

PNCC

(b) PNCC

E8 NCC F1 PNCC(Zhu % ,2016)
Fig.8 NCC and PNCC(Zhu et al. ,2016) ( (a) NCC;(b) PNCC)

U SRR R LA — O BT R O T A ROAR
DX NI AE, EVE AL A DFF $3 38 4 06 25 O3 B
3 A NS I A BE R 45 0, AT 9 Frois, 2R PR
FOMT 3 eI LRI W BT AR iE(L DFF
I AR ER T b R0 0 EAT IR e A

%19 DFF 75 (Jiang %5,2018)
Fig.9 Example for DFF( Jiang et al. ,2018)

Guo %5 A (2019) F| JH DFF #4845 f12 804k A
OB AAG T A LA FRAE 5 . S AR A
R TS PR A5, M B 0 1 3 2 NG A TR R L8 52 1
2 HEEAE S B IT LG RIS DFF #5AFF 5 H AR e
AEAALE AR DI SR Bl rh 2 > B — M S B
Tia) BEH AR HLS B0, NI B 3 4 NSRS | 5 H A
E SR B XS 5, I FOR T3 AR 10 2 4EAFAE 53 M
AT DA XA i FE— AR ER S,

A 5 A A i FH 38 FHARRAE , G STFT 38 8 2%
X 0] R B 2 3DMM (9 2288, SR, 3X 265 75 (1)
AR EE AR, — 7, 3DMM TR A A X

SR FIMR SO Bom AR, A5 B4 S
MELAR T 5 55— 7 T, SIFT 2878 1) 2 Rl A 15 2 3
TR AR B A BB X TR ER, SIFT
FI BRI AT IS A E A e B AT
e, Bt — g A B R AR AR 2 Bl R AT, il LA
ARG AR XS RE

4 BBTRLIEGN LS

4.1 FMIEER
NIAFIE 5 H SR I 25 2R PPN PR AR 35 - 24
%% (mean error ) . ¥p i 16 F 35 1% 22 ( normalized
mean error, NME ) ( Kumar 45,2019 ) Flfil] £k T 1 £
(area under the curve, AUC) ( Kumar 5¢,2019) ,
V-2 25 TR SRS FE I v A 0 i U
EAYBEAL R 22 SR IIME, 2 Ly

1 n
n=— |x -x (1)
n ;-

R, p FORFEEIREE | «, B x 20 B F R ERE 25 A 75
TE RN B SEAH, n om0 R AL, 1R 22 n Bl
v x| KA,

P NS G bR AL 3R 22 08

NME = }Vi] ”f:l“” x100%  (2)

b, N FoRE R B, p, Ml w, 700 RN RRIE A
{EAF AL E, BIE TERARR, B8 NME.,.....
Bf, 8 d HAMNR R Z B, 21158 NME,
B d B8 E S SRR A BN LA PR Y TE WA
B H U SEYE. W, - H,, o WREH R
P ECAE R B | DU RRAE 50 B A AE

Mk P AUC &
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RIrE, &XEFE, S8, KSHE, FHE, BRE
REFIANGSERBHEMER

AUC, =.£}(e)de (3)

K a BRI e RARIT—1LIR2E, f(e) &
IR BIHRE A R B, AUC,, ¥ d BEE R A B
HE B9 56 B Ml L, EH AUC, i e 22 i ROC
(receiver operating characteristic ) {12k, AUC 52
AR T BT AR AT VAN T AR O
WREE—FEZ A R ZE R R AR,
4.2 BRFTEEMBEX L

ANTRI S8 2 [ AE b 5 B B RSB A
], 22 177200 DONN 20 22 MR AT HR SO LA B
Ze W EA TS AN R DT YA AR 5 AR AR Y
PIURRZERT AN 10 froR . AR T 7R 300W-Com-
mon .300W-Challenge .300W-Full , CelebA F1 Menpo
SRR IE 0 NME, . NME,, Fl AUC,, FIX} I

g 3 frn, K3 TTLUE I, kA0 7 5 70
FERE L3R 20— A7 0, T LASEAT i A 21 40 A )1
S, SRS 8 7 3 3 K I Bl SR AR 0 B Ak i

= DCNN(SunZ%, 2013)

» TCDCN(Zhang%, 2014b)
11

i

= HEPN(CongZ, 2017)
DCNNSFCHRALER %5, 2019)

A
~

FEfR Al L MM A
K10 AREIDFETE 5 DR S_ERF IR 22X L

Fig. 10  Comparison of mean errors of five feature

points among different methods

% 3 Z: E ﬁiﬁ EI\] NMEinter-ocular\AUCbox *u NMEbux tt 5’3‘2

Table 3 Comparison of NVIE,

inter-ocular 3

AUC

box

and NME,  among different methods

box

/%

NME

AUC NME

inter-ocular box box

ik MRS R IER SRR 300W-All 300W Menpo 300W Menpo
(common) (challenge)  (full)

DAN ( Kowalski % ,2017) 3.19 5.24 3.59 - 55.33 57.07 - -
DU-Net( Tang %% ,2020) 2.97 5.53 3.47 - - - - -
PCD-CNN ( Kumar Al Chellappa,2018) 3.67 7.62 4.44 - - - - -
DeCaFA ( Dapogny % ,2019) 2.93 5.26 3.39  4.62/2.10(CelebA) 66.1 - - -
DVLN (Wu #l Yang,2017) 3.79 7.15 4.45 10. 84 - - - -
Wing( Feng %5 ,2018) - - - - 53.5 - 3.56 -
UGLLI( Kumar % 2019) 2.78 5.08 3.23 - 68.27 69.85 2.24 2.20
FAN(Bulat H1 Tzimiropoulos,2017 ) - - - - 66.9 67.4 2.56 2.32
LUVLi( Kumar % ,2020) 2.76 5.16 3.23 - 68.3 70.1 2.24 2.28
CFAN(Zhang % ,2014a) 5.50 16.78 7.69 - - - - -
RAR( Xiao % ,2016) 4.12 8.35 4.94 - - - - -
TCDCN( Zhang %% ,2014b) 4.80 8. 60 5.54 - - - - -
Chandran 55 A (2020) 2.83 7.04 4.23 - - - - -
3DDFA ( Zhu %% ,2016) 6.15 10. 59 7.01 10. 59 (IBUG) - - - -
3FabRec( Browatzki I Wallraven ,2020) 3.36 5.74 3.82 - - - - -

HyperFace( Ranjan % ,2019) - -
DLIN( Gilani % ,2017) _ _

DFF( Jiang % ,2018) - _

- 10. 83 (IBUG) - - - -
- 3.0(FRGCv2)

- 3. 14(AFLW) - - - -

L =" FRECRIR ARG LRSS R, IBUG 24 Intelligent Behaviour Understanding group,
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B 4 735748 B TR 7, UGLLL I ACERAIE 25 1
AW 5E M43, LUVLL 78 UGLLIT JE Rl L ol ik ] £
ST WAL T2 X 26 (o A SA L T HEAE A
RN 7 5 At 7 T RS . RAR S3EAE R
— Tl ) A AT Y ZRAR T | F T AR A 1 R AT
FRAE AR, PCD-CNN U T 58 38 1 A [F) 50908 48
HyperFace F HIE: 55 22 ] 1) Wi [m] 4 FH 44 & 4 55 g
F1, DeCaFA i i Az il FRAE & 78 R, A Hp ] 1
BOHUS T R R R R TR SR IREAARAE LK
NG AR (4 7 b FAN 5IA 2 IFfr £ R
JEBL  TCDCN 3 3 45 1 AT 55 F Bk A 45 T 55 ok 2%
2], Wing(Feng %,2018) 77 % M & 2 th ML 45 2 ok
PEEPREBAE , DVLN WU 58 BB I AN (] 450 48 1 A [
FRAER A0, 15 L ARHE S 34 & ) DAN F1 DU-NET
HOE#E, 3FabRec MYPLAUZRESSAEIR 5 /Ny I 25
B AR = RS O B2 B TR 2R LY CFAN ORG ff 32
B, Chandran %5 A (2020) 7E FAN O 5E4E 48 H
()7 1 B 3 B i 0 R ) R RS B R B
3 AEBHERY 7 DLIN TR {5 B, 7E FRGCv2
BIRER NME .0 9 3. 0% , FEHE HER 18 2] 45
fESALE ORI T IR B AE B A 7 M T i 4k
HERKEFR, 3T 3 g AARRA Fkh,
DFF J5 3205 s 2l DFF 5 A% K e 31—
A YE s, A DFF 38 7518 SIFT $5:1F, 76
AFLW £ 48 45 1 U T8O & 1 50UR . 3DDFA
FIFH 3D A AR JE B AL AN o K AVESPLA Y
AR AR R, 38 AT AR T A I kAR

5 FHENOIREEBE

3 X AP VE I A BT S AR, R B A )
ARAENIRFIE 25 A oI5 5 0L FH A ) BUIR A A [a) A
KR AN 2 4EFN 3 HEW AT RGN,
5.1 E2H AN ESBIREAE

TE 2 eGSR, BA BSRRE bR 2 )l
AR 2w ARt 2 4EBE AR S B shE AL
TR C R A R BB 4 TR
JiZ sty 3] 3y (0] U P 265 | 1 2 S A ke X 2% K HC At g gk
CNN [ ™I45 | B HUR 3 ok BLAR B 8508, 78 ISR
SN 2 o S5 SE PR 55 v 2 B AETER B2
IR BRI AR e Jr a0 45 LA 5 I -

1) WRESR IO BE ATl A 32 S 545 &

K R BRHE R AL AR A2 VR BE

2) i B 3 14 22 ) AT TP S AR TR KSR
RS 18 T R A B 4 o P L s 391 3 1)
53 AT LMK H 5 R0 A R A S AT Ay /e
ATRBE 27 ] W 45 S5 A6 7 ARSI 5T

3) A Shdmbh A o e g B RE AR HEA TN 25, A 1L
O FAVEAR KRR BE B R PR T S IR A AR L A8 2
HARE Gy i A, Qi [ Rt Al 52 2% B2 ke B A )
Pl AR/ MR R A R R Y TR A

4) X TR ER MG, anfa] B4 b 31
A AR LA RO DT B AT IR B AR

g b RTIR BT 2 SRR AR RFIE L A SR
SERIEFT, The B DA 245 25 AL B0 e | AR 22 IO
A S T BT, [ I, 9/ Bdie 4 4 R FRAE
3 G 3 UL R I ) A 2 R A G R R
I
5.2 HEIHENRFHERBIIRERE

FIRT,3 AR R0 78 TR I =~ I 45 T (9 38R 7 3k
TEAMAE, —RIT LT E RIS R 3 4L
YRR 2 AR AR IR P B0 AR B3
S5 (R BE 7 IEARAN AT A (R B R R, R
WA T ¥ A ShbRsE B9 3 4 A RHIE SRS FE I AT
P, 1 —RINEREET 3 4B HA 3DMM 1Y
Jrik {2 3DMM 1 3R BE 1 52 B i R e
RZNOL T FZNBE S Z PR, R, XF T 3 48 ARG 4E
Tk A ShbRE L, AR, FRTBESE I AL TR R
BB, AR ok T B B DR ) AURIAIE 5 T 1) 284
FELLR 51

1) PRFE TR B ) 3 4 NI Ak i bs 52
(9 3 HERERL AT R R T i

2) B T 3 4E N AR A TR BB 27 > R 4%
AL %

3) FEor M 3 4E NI KHE 1) S e R AL, BF 5 5
B3 AE N FRAE B9 2 R AT LR B4 B b
TELR

4) BIF5E 3 4 N B B Bs e 0 07 vk 3 HEN
HO RS A LA B 3 2 NG K AL B 5 i 55, D A
TIREE 72T 3 e NJRRHAIE s g 1R Bt 78 2 A 2
Bl

5) WFFEHE T/ IMEEAS LK T e B B TR B 27 21 3 4
NISARHIE LA SR E T7 1k, W76 EARHERT 3 48N
AR ke = TR R IO X 7 56
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I, BEF, SEIE, KSHE, FHE, BIRE
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LR ERTIR AT X 3 R 1T 5T T LK S AR
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