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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.

Finaly, 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 paralel deep

neural network; self-adaptive model
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Fa 35 i 7K 221 3 35 L ISR I 9 B s, BB 1E
L' ) P 1T 22 000 317 TO0 46 B 1 1) R o7 32
AE, i ] 57 455 i) 42 71 09 (support vector regression,
SVR) I 545 2| F 3 B 7 SE AR, I F) %A%
AT A5 31 1% PG ) o S5 48K

b. T N AL ZR AT 8 IR 1F11%

Kl 9 /1 QDep _IR o HLHIHFA i 17K S5 i 5 1 1| 2R 5

6 SRWLRSMRENIR

ARSI 1) P2 Y1 25 Fn IR ] Tensorflow
TREE 24 S HEJRBA5E b, WIh=# 2] R 0.001, % 10
i/ 10 £, AERWRN 10°, Fhih 0.9. &
SCFF 1200 MRAE AT K R AR YT K 2400
i, ZJE R T A RS BEHL Y R 5 2, R4 480 IR ER
iR, R S8 LHR UYL, Horfr 4 415 U1 Z5kf
A, 1 AU MAREAS, (R REALES BT kIR, 5
WL e B Y (B B e 55 1 FE LA M R T
fli b, BN A AR SEAR R T 0 B 5 N T
PPAR 0 B 7 3 B2 SR AR A C R B R 1 Sig. ) 53407
1% 22(mean squared error, MSE); HH, Sig.Rll p {H,
FRERBEAT I Y 1 3%, Ro #& H Sig.<0.05 i,
TR ZEATESITE X FRABEEMX, JFA
MSE /]y, Feom 5 22 i)y, FLA AP fe iR 4.
AN HBOA [R) B Rl A6 R0 22 40 £ A B IR AT IR
JE CNN PERE, Ff b 5E T80t £ ik 1 F 3 1 i 58
H5E 7R ) 0 i
6.1 AR HEWANTEEMERE LR

T 5 LAK B 1 i R AE Ry B AR A, ELA

ARV FE AR SEAE T PR R E CNIN A5 (single-columin
deep convolutional neural networks, SCNN)XJ 7K &
I ) B SE TR MR RE, angk 2 . Hifr, Arcl R
Jilf VGG16 M4k 45, Arc2 R T 244
HEEBEM AT E M IS ZER VGG16 M 454
1, Arc3 FoR¥ 5 13 M BRZEUCH 6 DI
MERAER VGG16 W24 25 14 (A UL R H 1Y
FEREAEAE). FTLIA H, Arc3 ZE44 R AL A s 5
Tl ZE A A 25 1 1) T2 Ry (Sig.<0.05) FlARAIK 1) F- 1
MSE, A1y Xof 7K 28 i A7 4 5 1) A SE R AL M RE . X
U TR W28 SRR R T, A ST 45 2848
TE 2 > SR B AT L 38 3 b ) T o 1 R A v 2
4 300 2% 1 €5, 55 A G388 T W SEREAE, MREE S & H
T W 8 A A AR A N [ 4 R 2 R A R b A P AN
[F) 7K S T LA 11 ol W SE B R

%2 AEERNZEMT SCNN I EE LA
B fy R./Sig. P MSE
Arclconv13(512)_fc4096_fc4096  0.674/0.000 0.336
Arc2 conv13(512) fc512 fc256  0.661/0.000 0.348
Arc3 conv13(64)_fc512_fc256 0.712/0.000 0.285

TE. LR FRIRAR SIS A St A BB R P R
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TEICELRN B, AT H B [0 A AT T
1R E CNN(multi-view deep convolutional neural
networks, MV CNN)A R X 7K 58 i F7 55 81 1) T
PERE, IS Z AT S  kT e, ik 3 PR,
R T BETR B 2] A R, ¥ MVCNN 5
— Sl FH T SRR AR, AVARRIGK AR
2 TSR W 0y 2 P [ A8 0408 O 5 ofe A7 P B HL .
ATLLE Y, A TR BE 2 20 FRAE 1 o S PPAG PR fig
WL T F TRIHRRE, IS UE 1 %R B 2% 2 X
7K 25 S8 A PEAL A k. X R0 Y R B
519 UR BE P28 I 4% e 3 T N PP A IR 808 4%
B A6 7K A8 1 o EE S22 T ST SRR

*3 TRMABAT MVCNN 557 EMERELR

ik R./Sig. - MSE
AVAL(2012) 0.462/0.000 0.532
R4 (2017) 0.556/0.000 0.446
RAPID™(2014) 0.645/0.000 0.371
DMA-Net*4(2015) 0.654/0.000 0.352
MSDLM™1(2016) 0.669/0.000 0.344
SCNN-Arc3 0.712/0.000 0.285
MV CNN-global 0.731/0.000 0.267
MV CNN-local 0.782/0.000 0.212
MVCNN-hybrid 0.791/0.000 0.193

TE. MR FIR A SR G 42 R AR T AL A ) JFAT CNIN AR
LK BT P R

WAL, AT E¥ MVCNN 56 2 1
HEH 7 SEPEAG AL 4 RAPID!®, DMA-Net®U Al
MSDLMMIBEFT He, 45593 3 fiis. AT LA H,
MVCNN A5 Y 75 7K S5 1) o 58 70 75 1 e 0 T 1
W R RIE—FHIET MVCNN BRI
ACHE, R IR A N BE B R I AR A A R £ UK
A5 1) Hh S JROHINE B A 2 0 3 X, i L RE A
PEAR TR K S5 4K 5 8 7T S AR 2R,
Bian, S k5 88 I Y R S e 2 T B L (AR
Ho . SRt A,

BJE, AT HCRAE Arc3 AT S R0 £ i A
T RyEIAR N PERE. H, SCNN-Arc3 Fmis K
R AT E] 224%x224x3 [ 78 K /INE S PR 1 i A1)
VGG16 #i%, MVCNN-globa #I MVCNN-local 43
SRR LA 4 SR PG RN 3 B ey 3 S B A i A
B AT RERY fif MV CNN-hybrid 2675 il & 42
Ja) 55 R AR A IEA T I 25 AR S 2 R,
3 M & IFAT M 48455 MV CNN-global, MVCNN-
local Fl MV CNN-hybrid {7 14 B8 ZL A8 F 5 i i A
A SCNN-Arc3 71, 1fif MV CNN-hybrid #5751 A 45 H.

b PR A AR A A R 1T 3 R (Sig.<0.05) R AR
IS MSE, R 76 7K 88 i 7 58 PEAs 7 188 42
PERE. X BRI AR A% MUK A JR) £ 2R R RS
AT 2 LA LG B IBOK S5 1) 5 SERRIE.
6.2 BIERREHEREMEESN

R T IR FE R (SR 6 ) ke,
KA QDep _ IRy Y L I Tl 25 8 K/
WA 50, JFH SVRKEES 5717 MV CNN-hybrid 55 1
P HURY R B o G RRAE 5 N TP 2 BOHE 1T IR,
HAT 2 1Y o LIPAE B R IR IRcun+SV Rpeepaesin:
AR MV CNN-hybrid #8PEBEJEFT Ho g, N
# 4 iR, AT LLEH IRcuntSV Rpeepaesn L
MVCNN-hybrid A # = 1) Re AR MSE, Jf H
-1 Sig.<0.05, HAFHIPEAL 45 55 A T8 £ PF4
Z B3R 3] 0.823 1Y K¢ /R Ak ims BE i F ARG, XK A
T8 I R R B A5 A A Al K B T AN ) R P 2
oIS AR IE B R R, AT R e ) TR B SRR AE FE K
S AR S 2 TN T E A A e 1 TR0 1

R4 BHERMFEHEES MVCNN-hybrid taE b5

ViRES R-/Sig. -4 MSE
MV CNN-hybrid 0.791/0.000 0.193
I Renn+SV Roeepaesth 0.823/0.000 0.161

T KRR AR 3L 3 L P BE o SRR L 0 1 e

— SR T S SR DA A Bk b 5 BT ST 1) 1
K B AR I 10 frs. Hodr, AT RS 3
BRI, RATAE 32 B B AR, B 2L
BRI, [ 3 R B o SRR ] DLAR G il A
T K B i b SRR M, O HL5 N 5 B
WA AL, T0AT Y /K S8 0 A G S R A A
WAIR Z AR I A A8, BRI Ay, TR
X ECEE AR, S ELAE A R A Ry A R R
I TR AR R LA A R BIE 2R 05 i 1
I, AT I g XA 8 S5 ) 7K A T 2Rk
1 i 5 508 B v K 22 B5ORE 7 A A 1 — PR 9 o DU
FHECA B RN 22, 25 5 B RUIPAN S 56 843 B0
1%, H 3 0 2 4 [ i) R 4 b AR = 2R
PrAE N TPy S A B . KU il 2 iy 7K
21 2 P 2R T BUK B R & SEE PR A R
WA EERZE, [ 11 JBR T T 05U 2
BRIEEA.

PeAk, ARATHE—2 AR T TN TR
FR 22 P [ DA R S T03) 2 R Ay A R R 2 ST A AR
MV CNN-hybrid Fl5E T b A5 18] /Y [ 3 6 7R B
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F10 AT (R ) IR (20 ) PPAG 20 R e A

5.29/1.05 5.46/1.24

6.55/2.17

5.46/1.47 6.76/2.31 6.54/1.84

Bl 11 BRI T (B €0) RIS B (20 () PP A 2 K e 3

FHHY IRcNN+SV Rpeepaesn £ 6 7K S ] R 1) H
EWmdEae, WE 12 Fias. Ed R IRewwt
SV Rpeepnestn 1£ 6 250 i 3 H FE2e it T HAb 2
PR, DA E— 23 A 38 i 290/ JF4T CNN 2
2] B SRR IR A R

P12 A [ i S A 288 350 4 o S TR BE L

6.3 REBERAHRESN

Tk — A s TR SR TR ) AT AR
X BRI Ben | AU 3 AN Y R
PEATSERR L, R IAARE CNIN IR 37 36 i 28 (K 3R

7 Al 1) R

T SEEEL 100 S AR/MA 10x10 3] 50x50 4 %
Wy /N T e, I 7E K S5 1 R AT B A B R T AL
RS, MR SR A Ry AT T4k, anEl 13 FoRs. X
N PERELS R WNE 14 Hh AL &R, FTLUE
HE AR 0 45 SR 55N T4 22 18] A AH 56 2R HbE
AT Ry T 3 R e U, 3k R IR S
ARG 23 ) A Jry 8 A UK.

a JRE b. 10x10x100 c. 20x20x100

d. 30x30x100 e. 40x40x100 . 50x50x100
Bl 13 XA R/ T B REATLBE T Fe 7K o i P 15
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T8 7 7K S i 3R S A A 1359

Kl 14 ATETHUsE T BOR ARG R EUEAL

ok, BB A K B R0 g ok kK 2 i 5]
Bk Br AT T, HYEEDy 0~1, MR o,
EIGE S, WAl 15 Frs; X PR RESS R anEl 14
L ALK R, FTLLE N, MEKE RN T
R, HAH oG R B BE & €0 B TP iY 34 T % 7 T R,
FE WAL XF B8 (0 K B 1) 2 R A8 A 35 A R

a A b. g=0.9 c. g=0.7
S\
d. g=0.5 e. g=0.3 f.g=0.1

K15 AN[A) BB R BO B T 7K s m B 5

R, 7K S8 I PGS AN ] A JEE ) v 407 Mgk
PR SCHAEAT T, HOT 2SR s, E{Rs
RUE, UnIEl 16 Fras; X RLAYPEREST R WNIE 14 f4k

a JiE b. s=0.01 c. s=0.05

d. s=0.10 e s=0.15 f. s=0.20
B 16 AN[A] Ty 25 W75 X SO T4 i 7K 28 i (5144

OAAPR. ATLE T, B T 22 MR, ARG
FR BB PR 3G ORI 2 T R, R W IR R SR
TR 2 fih S A Ay LR

7 Sk FkIfE

ALK S AR X G, 2 —Fh 2R TR
TR A IS BT SR AT AGHESR . SCaR g SRR,
I L T B SRR A 25 51 5 N T PRl &
RZIAAF] 0.823 By B /R PR B W E A, HAkRE
B R AR TAL G T F TR R AR BB, IR T
BRI A R, Jf Hid it Z 0 IF T CNN 27~ 5
8 TR IS T SRR RS B AN S B e A 15T S
SUH 3 bz im B AL, % AR K SR A
i ARG IR U — A T IR - T ORI S H e
2R, BT YERE TR TN FE AR A G
SR BRAE, [A] O A 22 i AT SR T8 56
o R R (4SBT ) S B A R T R

TEARK TAE T, Ak 2L R 208 T TROHRFIE
TR FE 2 2] IR 45 5 R B v A R ) I 25 I £ 5%
TEAEPERE. LA, KEREE CNN 37 B K S i) 22
HE 55 R~ ) b, RS E I oK A At e 2= 1
191 G TR 5 1 U oA I e bt iy B 7 2 b G
55
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