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Abstract: Computational aesthetic evaluation of artworks has become an active research direction in recent
years. However, current works mainly focus on oil paintings and photographs, there have been few attempts
in quantitative aesthetic evaluation of Chinese ink paintings. Chinese ink painting uses ink blended with
water and a variation of brushwork to depict picture, which differs significantly from photographs and oil
paintings in visual features, semantic features, and aesthetic principles. Aiming at this problem, we propose a
framework of self-adaptive computational aesthetic evaluation of Chinese ink paintings based on deep
learning technique. Firstly, we build an aesthetic evaluation standard dataset for ink painting images. Sec-

ondly, according to aesthetic principles of Chinese ink paintings, we design a multi-view parallel deep neural
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network by taking global images and local patches as multi-column inputs to extract deep aesthetic features.

Finally, we build a self-adaptive deep aesthetic model of Chinese ink paintings based on subject query

mechanism. Experimental results show that, compared with the basic VGG16 architecture, our multi-view

network that contains six paralleled subject convolution groups has higher aesthetic evaluation performance,

the deep aesthetic features outperform the traditional hand-crafted features, and our proposed self-adaptive

model can predict human aesthetic decision with highly significant Pearson correlation of 0.823, with mean

squared error of 0.161. Moreover, interference experiments show that our network is sensitive to painting

factors including composition, ink color, and texture. Our work not only offers a deeply-learned-based ref-

erence framework for quantitative aesthetic evaluation of Chinese paintings, but also reveals the relationship

between human aesthetic perceptions and deeply-learned features extracted from Chinese ink paintings.

Key words: deep learning; Chinese ink painting; computational aesthetic evaluation; multi-view parallel deep

neural network; self-adaptive model
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JO7 7K 5 1 S PEAG A AY LR B 00 5 P45 L DI
A v £ 2 L 58 P9 2 sl SO LA B R 5, BET
BRGNS SLR e e S TR

AR, B4 E —mibSEg 1, B eit it

BRI R R ERE, A SCff ] AlexNet 7£ ImageNet
AT RAE A, Il K AR I R B OR, 2
B IR 45 B i — L 1000 S22 00 ) 4 3% 452
2, WS 6 AT &2 E oy A4
W, AR oK S50 6 288IM, DL b K 25
A 43 A8 55 SRS PR MU S S R Y 55 7 2 4
HEFEREAE X, =X, X0+, Xygo6 " K FE AL 7R 7K 22 1)
R A, AR OL T, MK A 1 SRR
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HELR 1 g T B ARBLEE AT 33 A 20

1

Simy;ga.onn (Igs 1g) =1 )

Xq Xg

[*al, Il

ZJe MHTZATBLEE o A B8 A B b A 4R
BRI . A G ol B T R B AG 2R A R[] 45
R, AT LUK EERE R A4 T I R

L's ={l4[1geLNlgeN(g)} (7)

(6)

s

a. LA

{ e é;\ ]
T i 2,
7 3 )\
N : Bl
)= : 5
it . =, 5 )
R (7= ol A I
& o e -
(@~ % o2
_“..’";y,. ',’ - g Ptp ' {
K 3 : ias s
= <

b, FET R A AR R [T AT 8 IR 1%

Hrp, LAUIZREE; N(1y) AR R R IETT
ARSI EGR BN E RS, REFEE
7NN QDep IRcny - A7 T 2R QDep IR oy HL I
LABERibpI SITRE BRANARR 2R S e oR5) D7 7 <
L' b 1T T 2500 P A IR0 26 4 L1 R o
1k, 8 1 52 5 1) 2 1] 05 (support vector regression,
SVR) I Z5A5 2 A & W L IFEAGRIRL, JF A A%
TR A5 3122 P 1 i SR SRR 434

TP e

7
o,

K9 /1 QDep IR (o HLHIHFA I 1A 7K S5 107 F 3 17 1| 25

6 SRWLRSMRENR

A SCTA Y R 28 I 25 R CR - Tensorflow
TR STHEZECHSE 1, WitR2E 2 %5 0.001, 4 10
/N 10 fi5, AR 107, gl 0.9, A&
SCRE 1200 BRAE M EETT K B AR 4B KR 2400
R, ZJE R T A RSB R 5 2, B4 480 IHER
VRN, SR S e sk, Horb 4 411 254
A, 1 AU, (il FBEDLRS B R BRI 25, 5
WL I W P A B T e A 2 2 R T R T
fili b, BN A AR SEARR T JrE 5 N T
PPAR 0 B0 7 3 B2 SR AR A C R B R, / Sig. ) 53407
1% 2%(mean squared error, MSE); H:H, Sig.Bll p 1A,
RFEMEAE A B EM, RS H Sig.<0.05 i,
RN ZEAES TR X FRABEEME, JFA
MSE /)N, FRoR Tl 5 25 8k /)N, SR P e 4
AN HBOA [R) B R SR A6 F0 22 40 4 A B IR AT IR
JE CNN PERE, Jf0Hr5E T80t £ ik 1 F 3 1 i 58
RS TR f8 S04 FE
6.1 AREIZEMFNNAEANTER MR LR

5 DAk S R EHRAE S A M A, R

AR R AL T BB VR BE CNN A5 5 (single-column
deep convolutional neural networks, SCNN)XJ 7K #&
I SRR MERE, Wk 2 iR, Hi, Arcl R
Jihf VGG16 MEE L5, Arc2 Fom s T 2 4~4
AR P TR T C M JZ ) VGGL6 244
1, Are3 Fomdsss 13 MERIZBECN 6 I
MABRRAJE Y VGG16 445 H (A= SCRBERLR 1Y
FERBZRA). TR, Arc3 ZEFTR BRI A 5 H
T ZEAE A 5 1 F- 25 R, (Sig.<0.05) FAAR Y F- 14
MSE, Al 1 % 7K 25 A 45 e i W SETPAG PERE . X
UL IIFE R W28 SRR ER T, AR ST 45 2244 Fil
TE S 27 2] SR W BE AT LA FE 3 i ) )1 R 58 70 3 )2
1) 300 5 101 €6 55 A G388 A7 SE AR IR, NREEZE & A
T2 V7 ) A AR A RR LR (] U5 4 2 )2 R A R b AR B S
[i5) 7K 2 ] UL ) ol PR SE LR

%2 AEEHRIZEMT SCNN I EE LA
kg R,/Sig. - MSE
Arclconv13(512) fc4096 fc4096  0.674/0.000 0.336
Arc2 conv13(512) fe512 £c256  0.661/0.000 0.348
Arc3 conv13(64)_fc512_fc256 0.712/0.000 0.285

TE. LSRR AR SO A St A B R R P B
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TEICERR b, AT H B [0 A AT T
17 E CNN(multi-view deep convolutional neural
networks, MVCNN)AE IR 7K 55 1 7 2 J& 1 i) F0)
PERE, IS ZAifeS kT e, ik 3 PR,
R T B TR B 2] A R, B MVCNN 5
— S fifi N T AR AR TR, AVA VRN 3K A4 4%
SR A £ v o] DA R A o 6o 1R A7 1k i EL A
AT LA, A TR BE 2 20 FRAE 19 o SEPPAG PR fig
WL T F TRIHRRE, MITIRUE T %R B 2% 2 X
7K 25 1w S A PEAR A9 k. R LR Y 2R B
U519 UR BE P28 I 4% e 2 T N P A IR 808 4
A6 7K A8 1) e E S22 SR T SURRAE.

*3 TRMABAT MVCNN 557 EMERELR

ik R./Sig. -3 MSE
AVA(2012) 0.462/0.000 0.532
ks 132017) 0.556/0.000 0.446
RAPID!"*(2014) 0.645/0.000 0.371
DMA-Net?®'1(2015) 0.654/0.000 0.352
MSDLM!'7(2016) 0.669/0.000 0.344
SCNN-Arc3 0.712/0.000 0.285
MVCNN-global 0.731/0.000 0.267
MVCNN-Ilocal 0.782/0.000 0.212
MVCNN-hybrid 0.791/0.000 0.193

TE. MR FIR AR SCR G 42 R AR T AL A ) JFAT CNN R
LK T P R

WAL, AT iE¥ MVCNN 56 2 1
HE A S PRAE AR AL 4 RAPID!! DMA-NetP A7
MSDLMU AT g, G596 3 Wik, Al LA,
MVCNN #5750 7 7K S i w7 58 F Jy 1 W 300 F -
W ZEERIE—HHIET MVCNN BRI
BCHE, R IR A N TR B R N AR A A R £ UK
A5 1) Hh S JROHNE B A 2 0 I 3 X, i FLRE A
PEAR TR K S5 F2 K 5 81 T 52 A 2 R
Bian, 2 fk5 88 I Y R S e 2 T B L (AR
Eb . sh ot HAE.

G, AR HEAE Arc3 B R AN R AR A
TFROBRI T M RE. o, SCNN-Are3 ks
B4R 224x224x3 [l 52 K/ME R B 5 AR
VGG16 5, MVCNN-global F1 MVCNN-local 43
SRR LA 42 SR PG RN 3 7 ey 3 MG B A i A
B IEAT LAY Tiif MVCNN-hybrid 2675 il &4
Ja) 5 R RS AR A AT I 5 AR SR 25 SRR,
3 P IFAT M 4R MVCNN-global, MVCNN-
local Fll MVCNN-hybrid 4 T30 14 BEZEA0 T 5B il A
f) SCNN-Arc3 # % fii MVCNN-hybrid 1 %1 45 %5 H:

il AR A 455 A A AR 1 T3 R, (Sig.<0.05) Rl A AIG
IS MSE, R 76 7K 88 i 7 58 PEAs 7 184G 42
PERE. X WA TR ] 5 DB A Jr) {7 8RN Jm) Aok
SN 2 A 25 A SR IBOK B8 1 A7 SR AFAE.
6.2 BENRETEEREIMERED T

R T IR FE R 6 )T RE,
FAZ T FE QDep IR (o 1Y A 3G R FINZREER /DN
BH 50, IHE] SVR ¥R 5 15 MVCNN-hybrid #2#!
P IO TR BE o 2R AE 5 N T RAG 4» B0 AT 25,
AT 2019 8 2 PP B R OR IR ™S VR peepaesth-
AR RIS MVCNN-hybrid FRUEfEdEFT AL, 4N
#® 4 Fron. Al LLAE IRcntSVRpeepaesn Fb
MVCNN-hybrid A 451 R, FI#AIKH MSE, JfH
T Sig.<0.05, HAFERIPEAL 455 N T £ 9F4)
Z AR H] 0.823 14 He /R B B i EAHOC. X R A
T N7 ASE T B 6% AT 50 b e HE 7K B T AN ] AR P 2 %
AR A R MR, R R e ) R B SRR AE FE K
S AR5 2 Pl T A A8 v 1 TR 1

T4 BHEMFEHEES MVCNN-hybrid tEaE LEEE

WiRiS R,/Sig. SEH) MSE
MVCNN-hybrid 0.791/0.000 0.193
I Renn+SV Roeepaesth 0.823/0.000 0.161

T KRR AR 3L 3 7 R B2 T A1 L) R B 44 e

— ST S 3 R PTAR 435 T 52 BN ST 5 18]
K B R R 10 fias. Hodh, TUAT RS 58
JERAT R, MTRAT AR S8 B B k. I %K
ERWI, 1 3 0 R B2 o S ARE AL TT LUAR & b 4 3k
T oK A8 b 8B M, OF B 5 NS S
WG, BEAb, THAT Y 7K S5 1 B R S R T A s
WAIR Z AR I A 4R, SR g Ay, TR
Xof LRI AR, O HLE i A A AR Ry L A a] R
I M TAREZARZR LA A R BUE X 205 #o 5
RN, AR SRS 0 S5 K B i 20 R . ik ik
P it 5 B8 4 v R 22 B30RH o7 A A 1) — Ji o 5 o D)
FHECA B KA 22, 25 5 B RUVPAN S 35 8 43 UK
K, P 3k S22 47 ] i R U 174 4 o R G, 85 1) 25 R
PN TP A SR B . AU il g2 (K
] R B 20 T BOK SR A 5 S F M A R
WA EZERNZER, B 11 R T84 TN 550 22
BRIFEA.

BeAk, ARATHE—2 AR T T AN TR
R 2 P [ AR HR S50 2 0 AT TR 2 2T AR
MVCNN-hybrid Fl5E T8 A 18] 1) 15 38 2R B2
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6.22/6.67 6.22/5.74 .84/6. 6.42/6. 15 6.15/6.53 5.95/5.78 6.65/6.44 6.32/6.78

568522  6.53/622 5.52/574  6.15/6.57 6.75/6.43 6.45/6.87  6.52/6.82  6.68/6.52
a. KR
0ol || Y. 1
}’ | zz WAL
‘ 3 & p‘h ;I‘ A0 AN
1.29/1.43 2 24/2.59 1.34/1.09 2.07/1.88 2. 27/2 58 1.29/1.52 54

250281 224177 234180 187128 267322 2.24/2.51 2.83/2.42
b. FIRE
Bl10 A TTCHE ) R (20 ) PP A o B He A

”
A
?,J\\ b .
5.29/1.05 5.46/1.24 b 6.55/2.17 546/1.47 ; 6.76/2.31 6.5;1/1.84
B 11 BRI N T G ) R Y (20 €0 BPA 0 B e s
%*ﬁﬂ I}{CNN-"_S\/]KDeepAesthT’£ 6 %7J(@if@‘$j E/‘J%’ /E/f’t E"Jﬁi@g
FWMPERE, WE 12 . B E/R IRewwt B AEEE 100 SR/ 10x10 3] 50%50 {42

SVRpeepacsin 75 6 DB 25 HAFLAL T 1At 2 /N7 B, IR AR K S PR AT R A B AT AL
FEAY, I HE— 2D UE W] A 2 A 04T CNN 2% MRS, TN HE AT Rt AT T4, WA 13 R, X
>J B4 SRR A AT R PRI PERESS RANEL 14 PR EE QL &R, WTLLR

HH OB B TR0 25 2R 55 N TV 43 22 ) 14 4 G 3R KB

0.900 1
516 )58 T U0 T U B, 2 1 O 2
& oo B 25 6 1 o e o .
% 0.500 |
%
g 0.300 +
0.100 +

SRR Mg R O EE Wk AW
Sy Pl
I Zhang %50%; [ MVCNN-hybrid; 200 IRcnvtS VR peepaestn

P12 XA [l o i U 288 S50 ) o 5 000 P4 R L A

b. 10x10x100 c. 20%20x100

6.3 RE B EEIEURE DT

T k2 4 R R R T S AR 1Y) T A R , ‘
X XTHE | SRt SUH 3 S A [ i 2 I R d. 30%30%100 ¢. 40x40x100 £ 50%50%100
PEATSZEG T, TR EE CNN il i X i 26 PR 2 B 13 XA R R /NI e B HLIEERS T A K 25 i R
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0 1 2 3
TR

== MRl fR; == BEOIKEE; == SRR
K14 AR HESEEE T BR BRAHOC R BUEAL

ok, BB A K B R g ok kK 2 i 5]
B R A B AT T, HYEEDy 0~1, BdEIE o,
EIGEE, & 15 FoR; X rPERegs LKl 14
FRLLELARTR. TLLEH, BEERKERBNT
R, A G R AR & (0 5 T P8 A0 B4 KM T R,
FWREE R X B8 (0 IR B 1Y) 2 R AR A 35 A R

d. g=0.5 e.g=0.3 f. g=0.1
15 AN[)JREE 2 B0 @B 40T 7K 25 1 5

B, XK S I G S A [a] #2 B2 A v S0 g
RN S BT, Ho =S8 sk, EE
HUBE, Wil 16 Fras; XFRipgvERESS SN 14 fosk

0.5-0.10 e. 5=0.15 f. $=0.20
Bl 16 AR Ty 22 M 0 SO0 AR 7K B2 i 14114

OAIRPTR. TLE Y, B T 22 MR, ARG
FR R G PR G ORI 2 T R, R W IR R SR
TR 2 fih S A Ay LR

7 ek FkIfE

ARSCLIK S AR X G, 2 —Fp 2k T IR
TR A IS BT SR AT AGHESR . SCaR 4 SRR,
T I R L T S T DAl 25 2R 5N T G DAl 2
RZ R 0.823 1 B /R AR B E MG, HAk R
B AR TAL G T F TR MR AR B, R T
BRI A R E, JF Hil it Z 0 IF1T CNN 27 2] 5
TR IS T SRR RE A R B AN S B e A 15T L S n
S 3 P B R AR AL, % AR K SR A A E
i ARG R U — A T IR A T R S HHE
2, BAE—HT R LEE BT TR [ A A S
SR BRAE, [] s O A 22 1 AT S TR S
= ) R e (AT ) S B A R T R

TEARR TAE, G AR SR RA T TR
TR BE 2 > R IR 45 5 R S v AL ) /i 25 I £ i 5%
PR TERE. BEAbh, BIREE CNN 3R 37K 25 m i 2
155 R BE %~ b, WEFEE i oK S i H A v 2= T

5] L0017 R 5 5 1) T f B b A By K 55 ) S D
AL 55
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