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The Facial Beauty Prediction of the Model of Deep PCANet

GAN Jun-ying JIANG Kai-yong ZENG Jun-ying HE Guo-hui TAN Hai-ying
(School of Information Engineering, Wuyi University, Jiangmen, Guangdong 529020, China)

Abstract: Deep convolution neural network ( DCNN) has achieved good results in face recognition, image classification
and object detection, and has been widely used. However, DCNN has some problems in the facial beauty prediction, such
as bad fitting effect, hard training etc. Deep PCANet model, using Principal Component Analysis Network ( PCANet) as
feature extractor. The model can get parameters through unsupervised pre-training with the advantages of less time in train-
ing and faster speed in featureextraction, which can effectively avoid the problems of DCNN. For this reason, the deep
PCANet is introduced into the facial beauty prediction, and the training set image adopts multi-scale preprocessing to train
the deep PCANet. The model can extract the structural global features of the face image, and the feature enhancement
method can generate features with more representative capabilities. Finally, linear Support Vector Machine (SVM) and
Random Forest (RF) regressors were used for training and prediction. Experimental results for facial beauty prediction on
SCUT-FBP database show that deep PCANet has advantages of simpler structure, faster featureextraction, and few parame-
ter adjustment; choosing the right image scale and using feature enhancement methods can improve the face aesthetic evalu-
ation results, which proves that the network is valid and feasible.
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IR 2 UM 1) R WU AE , B 35 1) K Gk BE
J1 2010 4F, Gray 45" PR T — B R IRIE R
2 M 2% ( Deep Convolution Neural Network, DCNN) ]
M NI SE I O R G, VMR R SE MRS A,
TERA N LT WA OL T SE3 1 R AR 4 B 3 ik
B Xie 4 7EHIF K 1) SCUT-FBP K 56 i 4%
e bt 7 — 42 )2 DONN, 5 A LR E (EAH
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FEE 25345 AR IR T {5 & W 2% ( Convolutional Deep
Belief Network ,CDBN) , 7E 37 3 ] & 1. ( Support Vec-
tor Machine , SVM) 73 Z& 1 [0l 5 U T 8 UF 80K
Xu S BT 3 A TR AS 4 0 A BRI 22 9 2
( Convolution Neural Network, CNN) , 3% Ff] SCUT-FBP
NI 5 WS P A 7 R O S 3, TE S H R R |
A% 0. 82 [AH I R 4L, 7€ RGB B G B 1k
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R [A]IN, SR HZ M 34 1) 4t ML ( Support Vector Ma-
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Fig. 1 Deep PCANet model block diagram
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Fig.2 Deep multi-scale training set
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Fig.3 Deep PCANet model
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W= mat,, ,,[ q(XX")]eR"™ 1 =12,--- L, (4)
Hrp maty ,, (@) BRECE k k, QeI EE S k, <k, FEFFRBE
5F,q,(XX") BB R M7 2205 BE O SR 1A 4R 1)
it SPUREE A NxL, B s, B

I =IE, «W, i=12,-N,1=172,L(5)
Hop, * 2R 2 iR IE, R IR AE b i g
ZIEHEIR .

552 9% PCA LIS 1 9% PCA [ W55 i 13 /i
AT LS, B

0= |IE; + W} {2, (6)
Heri=1,2,-- N,1=1,2, L, B— Y%A
282 94 PCA LIPS ¥ 257 1 L, Ly N SRR R R
2.2.2 WBHEMEFELLIE

X5 2 9% PCA i i Rk R AT — (AL, 15
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Horp H () RS AEAC R, FH S T 547 B BR R £
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TR B s OF el — BRI %, B

Ly
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4 813 5 A T NG 58 T 90 52 3, - P e O st
FH 3% 2 2 ( Pearson Correlation Coefficient ) T4/ T
ROR
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Fig.4 Sample pictures and labels of SCUT-FBP
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Fig.5 Histogram of rating distribution
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Fig.6  Grade histogram of SCUT-FBP
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Fig.7 Face detection and key points detection
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Fig. 8 The preprocessed pictures, color(up) gray(down)
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SEEGIN, BEHLFTEL SCUT-FBP A 5% i £ 45 42
A ERIUT , I 2450 1 5 S50y SR G 64T 5 9158
SCESTESEE , BT oL 50 1 45 RO SR 4 FR e 1 iy
R Hb EG RE R R IR E PCANet 4t A BG4
(KN s DPCA #5570 3% 7R 2R Xof R AE 8 47 FF S Ty 186 52
AbFE (¥R B PCANet; DPCAS #5070 3 7R X R AIE #E 47
TV I e AL B VR BE PCANet,, {51 411, DPCA9O 452
R AR XHR I TR B PCANet FEAESEAT I FJr Ab 2R,
T T 2 06 AR [ U 288 4 A5 780 )1 5 190300
DPCA90S 7Y, X} $2 B (1) TR B PCANet FFAEHEAT T
TS5 AL B, SR 5 T 26 ALRAE (0] U 25 R4 11 25 A 73
Wi, 2 U PCANet 7 S4B . H,
TR PCANet BEAIGLHE 2 ¢ PCA JEE 4R, 55 1| U
12 ANEPEER 565 2 AT 8 M UEDkAR .

# 1 RJE PCANet BRI B
Tab.1 Names of deep PCANet model
KRR DPCA %1 DPCAS 7Y
90x90 DPCA90 DPCA90S
60x60 DPCA60 DPCA60S
30x30 DPCA30 DPCA30S8
# 2 RJE PCANet BRI
Tab.2 Parameters of deep PCANet model
28 RJE 1 RE 2 RE3
KIGE JKEE JKBE K
FG o R 90x90 60x60 30%30
IrHe RN 9%x9 11x11 13x13
2 Fukk e 12x8 12x8 12x8
BT E 4 35%35 15x15 7x7
WPCA 2 A A

76 3 AN RE 90x90 .60 x60 30%30 I Il 45 15 i
PCANet, F-1F Ak 455 78 1 [l 9 750 00 14 A ., 60 x
60 .30x30 AYINZRAE B RUBE R 9090 Ay I 2R HE b R
FERT . IRaS G, $ 0 3 A REZ TR B2 PCANet
HIUE I S8, AT AT AL, BT 9 FioR . Hirr,
F—AT R R 90x90 &5 5 %f hif 1Y) I B PCANet
1) 2 B AR S BT AL L, N AR, /i 12 A2
51 RN ST, 5 8 S 2 Lk
WA SE P TIAL IE 5 55 AT A =475 e RE
1 60x60 30x30 LA [Tt ] (IR PCANet [ 2
RUL W AR SET AL

f % 3 nl g0, YEAT £k SVM [l 591 25 A i
B, £ DPCA90 . DPCAG0O Fil DPCA30 H 5 (1) AH )
ZEUR R 0. 8403 0. 8146 0. 7440 ; {5 FH4GAF 14 5%
Jrik G fE7 DPCA90S . DPCAG0S Fil DPCA30S /5
M AH & 2 5045 9 0. 8558 .0. 8164 0. 7718, DP-
CAS 3 1 FHOC R E] I KT DPCA RERL P-4 4
OB, BB R REAE 3 58 7 9 B A s B T [l e
fig, M H. DPCA90S 45 T &b iy a1 9 1 fig , & Wik
PG By MR R m] 42 s N SE I PRI 45 21

4 JEUREE PCANet #52 BUFE 42 BURFAE Y11 2R
AL rE SVM S5 BEHLARAR LA &5 At E] . b,
55—17J& PCANet 51| Z5 R0 45 H 400 1 I 2558 K]
QAR BB T] . FETRBE PCANet £57Y | ,400 M5 I|
SRR R R AE S U (] B 4 207. 47 s, HLiig &
PR FFIE ST [A] 5725 2y 0. 52 55400 I 25 4R 5]
B RFIE S A) e AR 61. 12 s, HLE MR A FRAIE
PRS2 0. 15 s 55 247 B = AT lbe 4
PE SVM [m] 5 g5 A I 2 R AT A Rl Hovr, 2k
SVM [l )5 &5 Fe K U Rt (8] 4y 2. 24 s, S5 Yl GRit [a]
90.63 s; B A M [E] 2 0. 55 s, Jge e MK [a] 2
0.16 s, ZHVAFT 55 FAT /L EREDLARAR B 28]

1 kP

Kl 9

3 A REERuE Peas rT AL

Fig.9 Visualization of filters in 3 scales
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Tab.3 Results of regression

[a] 5 %5 Wikr DPCA90 DPCA90S DPCA60 DPCA60S DPCA30 DPCA30S
i 0.8920 0. 8965 0. 8608 0.8573 0.7889 0.8128
2 7 0.8813 0.9010 0.8714 0. 8688 0.8122 0.7981
&tk 39 0.7590 0.7734 0.6926 0.7114 0.5481 0. 6420
SVM 4 ¥ 0.8576 0. 8640 0.8125 0.8122 0.7771 0.7961
RED 0.8113 0. 8441 0.8354 0.8322 0.7936 0.8098
Sy 0.8403 0.8558 0.8146 0.8164 0.7440 0.7718
147 0.8327 0.8328 0.7868 0.7789 0.7678 0.7670
2 97 0.8816 0.8815 0. 8405 0. 8549 0.7292 0.7464
FEHL 3 0.7553 0.7555 0.6484 0.6503 0.6112 0.4995
FoyN 4 97 0.8338 0.8335 0.7519 0.7554 0.7016 0.7450
RED 0.7218 0.7219 0.7757 0.7573 0.7230 0.7159
- 0.8051 0. 8050 0.7607 0.7594 0.7066 0.6948

R RaLTR ST E. g (2] P = Nt S P NEIWR FiriS 5|
2 [E] SR 2000. 60 s, 5 55 I 251 7] 2 1388. 50 s i
RIS [E] 2 37. 44 s, Fe A P E] 0 25. 71 s
IR, 2N SVM [B] U5 75 HE BEHLAR AR [ I g 1) s 47 2
HEpR, RYE DCNN af LU i 39 R 28 2R, R THRAAIE
SEHUEETT , M [ VA PERE , (HE R 2 IR TR AR I, —
JBEA B LA/ NI B LR, AR SCHe H R BE PCA-
Net #4751, {5 ] SVM. [m] 88 AN 25 200 1 S FEI AN
it 10 3, Wi FH BEALZR AR I U 68 SAERT A S 1 /)y
WFo P, SEATRAH L, ARSI i B TR PCA-

Net FER LA o 26 31| 5 B () Jo 1 RGO RRAIE 412 13 32
P, T ELZRYE SVM (8] U9 2% FC B L AR AR (11 )9 2%
IV R B, IB A TR R
3.3.2 ETEMXSEBHNIRER

R 5, s SCUT-FBP 1| Zh A Al i 48 i) &)
G305 3 R L 9 B, A3 i R — BT 5 B
XA E B JE A IS Prse LI ZRge A 4E
5 TR BUG AR %S (Label ) 1) 9 A% 43 X
], 56 AT IR A X RN 2 2 i R g, 9
DX ] P A G B SR 500

4 AFNEEEAE LA T ]

Tab.4 The running time of models with different scale images s
FEi Y DPCA90 DPCA90S DPCA60 DPCA60S DPCA30 DPCA30S
FRAEFR I 199.32 207.47 127.36 141.43 61.12 80. 80
SVM [a] 5/ 1|45 2.24 2.13 1.53 1.48 0.63 0.84
SVM [l J3/ sk 0.55 0.51 0.39 0.37 0.16 0.21
BEHLERR I 25 2000. 60 1948.30 1672. 80 1896.20 1388. 50 1519.70
BEATL AR/ 3, 37.44 36.21 31.30 35.75 25.71 28.32

xS AREE

Tab.5 Label segmentation

R X ] (01.9) [1.92.3] (2.32.4) [2.42.5) [2.52.7] (2.73.1] (3.13.5] (3.54.4] (4.45]
B 24 123 39 41 82 94 44 31 22
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TR A PRI S50 B 5 3. 3. 1 15 AHA . Rl
NSRRI 5, R T80, 3k 6 Af
B0, 3EFT 2k SVM [l T B, 455 %Y DPCA90 , DPCA60
F1 DPCA30 HUi5 iy f5 i AHOC R AN 0. 8419, ~F- Y 4
K Z %Nk 0. 8016; f4% DPCA90OS . DPCAG0S Fl DP-
CA308 HUAS e AHOC R EICH 0. 8548 P34 4H G &
$5°4 0. 8078 5 {7 FH Fifi 1L AR AK [ U1 BF, e i AH G R 4K
4 0.7831 K T2t SVM |25 1 F- 4448 0. 8078 ,
BRI, TREE PCANet RS RUAE [ T -, 44t SVM [1]
VA LU FEATLARAR (51 51 8% 1 $30 00 M B 4, HLFF- Uk B
{6 B AE 35 J5 1 19 DPCAS 55750 151 4 fi Lt A
PG5 J7 19 DPCA YA A A DPCA90S B %
T RGP LA PR RE , PR B R O Y B R
AP NGB PR 45 2R . R 7 R BURMIE |

YRR A B2 AR E] . R T 53
4 ATH, TR S SR FOE 3830 43 UG GRS SR FH REAIL R
Sy G, TR PCANet £5 70 AT I 2 Il ki) (i) 1
[REER SRR CE iR L
3.4 [EIEFMXBR T

1 3.3 5 S TT A, 7RSO PR R L /N Y
TGO T, TR EE PCANet 475 ELA 8247 (1 R AIE SR BORIZ
fbte S, tE 6 Al %, SCUT-FBP A [ 35 i B4 Fg
o H AR SE 1 A AR B B/ fE 3,301
5 Yrag SURIE S50 v B o 55 T AR B 1 A B 4y
Fie 2 U4 h B0 A [, (R85 R B, 7 IR
PCANet [m]JS T _E 43550 RS T e e RO R 6 SR 4, iF
— R G PCANet X Il 146 vh B0 /b 19 25 51
L HA BT 12 > g

6 [T AR

Tab.6 Results of regression

MIEES WIRiA DPCA90 DPCA90S DPCA60 DPCA60S DPCA30 DPCA30S
147 0. 8469 0.8578 0.8472 0. 8454 0.8076 0.7987
247 0. 8442 0.8538 0.7925 0.8038 0.6787 0. 6906
Atk 3 0.8853 0. 8895 0.8603 0.8521 0.7857 0.7892
SVM 4 4 0. 8468 0.8514 0.8196 0. 8266 0.7571 0.7552
54 0.7863 0.8213 0.7506 0.7512 0.7150 0.7302
T 0.8419 0.8548 0. 8140 0.8158 0.7488 0.7528
147 0.7678 0.7603 0.7812 0.7773 0.7730 0.7697
247 0.8192 0.8233 0.7647 0.7630 0.6619 0.6633
FEAIL 3 0.8327 0. 8464 0.7905 0.8065 0.7604 0.7622
FOd 4 4 0.7688 0.7695 0.7053 0.7010 0. 6426 0. 6406
547 0.7072 0.7158 0.6879 0.6957 0.6848 0. 6690
1 0.7791 0.7831 0.7459 0.7487 0.7045 0.7010
T AR B ALZ AT )
Tab.7 The running time of models with different scale images s
R DPCA90 DPCA90S DPCA60 DPCAG60S DPCA30 DPCA30S
FHIESRE 205. 14 206.24 134.84 148.35 64.55 69.98
SVM =I5/ 1| %5 2.36 2.38 1.20 1.51 0.62 0.67
SVM [a] I/ 3% 0.59 0.60 0.31 0.38 0.16 0.17
SIS VAl 2076. 60 2114.20 1618.30 1817. 60 1492.90 1669. 60
REATL A/ 3, 38.29 39.35 31.16 34.93 27.64 32.11
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Tab.8 Results of different algorithms in SCUT-FBP

Tk THR R
SVM Regression[ 10] 0. 64
Gaussian Regression[ 9] 0.6482
PC[9] 0.8187
CNN-1[11] 0.76
CNN-2[11] 0.80
CNN-3 fine-tuning model[ 11] 0.82
CNN-3 cascaded fine-tuning model[ 11] 0.88
GoogLeNet[ 17] 0.81
VGG-19[ 18] 0.84
ResNet-101[ 18] 0.85
DPCA90S (43¢) 0.8558

4 iR

AR T U BE PCANet [ A 55 TR 90 0 A
Y ZAETY GG 2 2] B R 0 25 W PERRAE , (i RS
fa AT HARAERE Sy . 3£ SCUT-FBP A 56 i 44
JE I S 0G 25 R 2 B, TR B PCANet BERUR (AT IR
JE A B 22 0 4 45 BEURN 2 U M & B 25 4, 1 HL iR B
ARG ZE R ] AL 35 4T T BE DR LR AE 5 IR (7] e 4
RE A5, PR B2 2T AE N 26 T 00 v 1 1 B S
FME R, BRI R 90x90 fY Fii 45 R AR T
U R 60x60 ,30x30 (14 i 45 JL , %o FRAE 281738 560
Je W TS BB PG AR i 8 56 %) [l 0 1 6, 100 BH
BEAIE I BE R 5 5k L RRAE 3 58 J7 i vl $2  A
J SE VA 25 5 o anu] el a2 T A4 2 1Y) IR B PCANet
B, B2 L S T 1 B (A 1 — B RASR .

S& 30k

(1]

[2]

(4]

L6]

(8]

[10]

[11]

[12]

[13]

[14]

Chang F, Chou C H. A Bi-prototype Theory of Facial Attrac-
tiveness| J ]. Neural Computation, 2009, 21(3) ; 890-910.
Fan J, Chau K P, Wan X, et al. Prediction of facial at-
tractiveness from facial proportions[ J]. Pattern Recogni-
tion, 2012, 45(6) : 2326-2334.

Chiang W C, Lin H H, Huang C S, et al. The cluster
assessment of facial attractiveness using fuzzy neural net-
work classifier based on 3D Moiré features| J ]. Pattern
Recognition, 2014, 47(3) . 1249-1260.

Eisenthal Y, Dror G, Ruppin E. Facial attractiveness:
beauty and the machine[ J]. Neural Computation, 2006,
18 (1) 119-142.

Mao H, Jin L, Du M. Automatic classification of Chinese
female facial beauty using Support Vector Machine [ C] //
IEEE International Conference on Systems, 2009 . 4842- 4846.
Zhang D, Zhao Q, Chen F. Quantitative analysis of hu-
man facial beauty using geometric features[ J]. Pattern
Recognition, 2011, 44(4) ; 940-950.

Yan H. Cost-sensitive ordinal regression for fully auto-
matic facial beauty assessment [ J].
2014, 129(5) . 334-342.

Gray D, Yu K, Xu W, et al. Predicting Facial Beauty
without Landmark [ J]. Computer Vision -ECCV 2010,
6316 434-447.

Xie D, Liang L, Jin L W, et al. SCUT-FBP: A Benchmark
Dataset for Facial Beauty Perception| C] //IEEE Internation-
al Conference on Systems, 2015, 9(6) ; 1821-1826.

Neurocomputing,

Gan J, Li L, Zhai Y, et al. Deep self-taught learning for fa-
cial beauty prediction [ J ]. Neurocomputing, 2014 ( 144) .
295-303.

Xu J, Jin L W, Liang Z, et al. A new humanlike facial at-
tractiveness predictor with cascaded fine-tuning deep learn-
ing model[ J]. Computer Science, 2015, 70(1) ; 45-79.
Taigman Y, Yang M, Ranzato M, et al. DeepFace: Closing
the gap to human-level performance in face verification[ C] //
In Proceedings of the 2014 IEEE Conference on Computer Vi-
sion and Pattern Recognition, 2014 1701-1708.

Chan T H, Jia K, Gao S, et al. PCANet: a simple deep
learning baseline for image classification? [J]. IEEE Trans-
action on Image Processing, 2015, 24(12) : 5017-5032.
Meguid M K, Levine M D. Fully automated recognition of
spontaneous facial expressions in videos using random for-

est classifiers[ J]. IEEE Transactions on Affective Com-



1534

oF
do

$34 %

[15]

[16]

[17]

[18]

puting, 2014, 5(2) : 141-154.

Sun Y, Wang X, Tang X. Deep convolutional network
cascade for facial point detection[ C] //In Proceedings of
the 2013 IEEE Conference on Computer Vision and Pat-
tern Recognition, 2013, 9(4) . 3476-3483.

Gan J Y, Zhai Y K, Wang B. Unconstrained Facial
Beauty Prediction Based on Multi-scale K-means [ J ].

Chinese Journal of Electronics, 2017, 26(3) : 548-556.

V. ZETIRE S IR SEm 5| B [ D] )™
M AERELT R, 2017,

Xu Jie. Prediction of facial beauty attractiveness based on
deep learning[ D]. Guangzhou: South China University of
Technology, 2017. (in Chinese)

Liu S, Li B, Fan Y, et al. Label DistributionBased Facial
Attractiveness Computation by Deep Residual Learning[ J].
IEEE Transactions on Multimedia, 2016, PP(9) . 1-1.

EE®E T

HBE 20,1964 44, VLY %
Ao TLERAAE R AR e 2% 1 B
FUA N BB 5T 5 1) A W) R AR
i/D\EIJO

E-mail; junyinggan@ 163. com

EFk F, 1984 SR IR UT
No TLE R B TR 05
BRSO AR AE R o
E-mail ; yfdxge@ 163. com

BEXR J,1977 44, LI M
No TLE R BT R 27 Bt il 40452 A 1
WA Sl FE ZEE ST T7 1w A HL 2 Lo
AR AE R o
E-mail ; zengjunying@ 126. com

AE®E 55,1962 44, LIPS
No TLE R FHLEBEH AR L5
AN FEEERIETE D5 1y P PR AL B UL
B ZBAE R RS,
E-mail; ghhel26@ 126. com

EBR L, 1994 AR, W R i
No HER¥AFE TR B L7
ERWTTTT N AR AR U o
E-mail; haiyingtan@ 163. com





