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Computational Aesthetics of Fine Art Paintings: The State of the Art and Outlook
LU Yue"? GUO Chao"? LIN Yi-Lun' ZHUO Fan® WANG Fei-Yue'

Abstract Fine art painting is an essential component of art. The computational aesthetics of fine art painting is a computable
human aesthetic process realized by machines, which has significant application value and scientific significance in the auto-
matic analysis of large-scale paintings and computational modeling for aesthetic. Given its interdisciplinary characteristics, for
the first time, the computational aesthetics of fine art paintings is completely summarized into three aspects: Attribute recogni-
tion, content understanding, and aesthetic judgments according to the key processes of human aesthetics that include percep-
tion, cognition, and evaluation. The key scientific issues involved in each aspect are summarized, such as problem modeling,
data acquisition, and frontier methods. Also, the three research contents of computational aesthetics of fine art painting are
compared, and the future development of this field is discussed.
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Fig.1 Framework and examples for computational aesthetics of fine art paintings
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Fig.2 Trend of literature quantity and author collaboration network for computational aesthetics of fine art paintings
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Table 1 Painting attribute recognition accuracy for different manual features (%)

TR A% LIEITES TS Jith,  HOG LBP  SIFT  LIOP /N GLCM W% GIST
[24] NS LEAE 700/2 78.57 83.72 - 80.29 - 81.72 - 86.00 -
421 KU Pandora7k!” 7740/12 - 364 525 - 36.2 - - 28.7 33.7
[43] K& WikiArt! 3000/10 3643 4797 - 59.20 - - 35.47 - 39.57
F2 ARG TS E B IR EFE (%)
Table 2 Painting attribute recognition accuracy for different classifiers (%)

R % LIEITE S eS| A L3 W53 58 SCEE AL Z Z AL K T4
[24] A& SCEE 700/2 90.29 84.57 95.15 - 82.86
[421 K& Pandora7k 7740/12 - 54.00 54.70 - 29.70
[441 K% Artchive!” 4119/8 - 63.34 68.51 65.42 -
[23] K& LEAE 353/5 48.70 - 57.80 64.00 57.5
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Fig.5 Common features for automantic features based painting attribute recognition method

3 RFEME RN 2 E AR BRI B Ef % (%)

Table 3 Painting attribute recognition accuracy for different sturcture of neural networks (%)

SR AR BUR%E HAR/ZET AlexNet  GoogLeNet  InceptionV3 — V*-13  V*16 V*:19 R#50 R#101 R#-152  DenseNet
[62] Mt CEmHEE 79717 - 69.90 79.26 - - - 7648 7843 - 79.36
[46] Wt WikiArt 30870/6 62.46 64.42 67.16 - 6269 6281 66.64 - - -
[63] A&  WikiArt  80000/25 37.80 - - - - - 4940 - - -
[64] Jf%  WikiArt  81449/20 58.20 - - 6010 - - - - 63.70 -

V*: VGG, R#: ResNet
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ST, MUK T VGG-16 M 2 FIHHAE 2, #i8 H
VGG-15 [ 2% 2544, F 1] i) 254 19 31 1R 8 iR 2 %
ik 7 8.8 %. CHik [60] K& H dmtidh 25 F1G A &
W25 44, A5 B B e s SEEBURIE R 58 77, LA
PEE B T A AR IR M 1 2 I RFAE.

1.2.3 ML IZ&T

E S 7325 10 3 A I 2505 2RI R 22 1 4000
BB R T X %, (L 22 T 5 P BB AT R TG 92
T A TR X 4% B B8 75 oK. AR U S A 72 K &
B, IRk FE %1 B TE T anfar g v 3 28 R
5 20w KA 18] () B 2 AT e 22, @ IR 2 2 vk
FIH AR B G EE a0 R AR IR A ) Zrad 72
WAF I FE AT B 24 2] i R B 24 ST Ak, J5 3
BB LA 5 ) PN SR SR I B DA SO #8211
EXTE A

TR BEFRE 2 21 TR R B SR 5 2
PR 5 WX 48 TR £, 2 75 2 e 2R UG S ds
TR X 28 TR A L, oA 98 S — L ImageN-
et BRI SSN i 5. Sk [20] 7E Wiki-
Art BHE 4L L6 LAY R AERE 22 31 7 U Y
22 2R U B R A e, RIS IR o) )G,
o ) XA A FIE R AT 55 I A R R
B2 39.8 % (B RF TR = HR B a/ i
W <100 %). WK 4 FIVEMEE T LU B, FEAR
TR 2 3] 5ot g B FOAE TR BT 45 1 1 R
TR, 5 KRS IR AT 25 B PE RESE THAH X e/, aX AT
REAZ RUAAE =T 55, WUgROIME S 5 B AR
YIARR BT 55 B AH P e A1, BeAb, 72 A4S [R] (R 9 4%

DPN-131 M 5 215 R I RS VR 3 T B A X K,
TP AR R R R R, SOk [65] Bt Visual-
BackProp R 414 75 20080 St B0 A0 AT i IR T
28 WS I, TR AT ) PP 2 R X B R 3R
BRI 2R AL B, B0 S 1 I 24 S X 3k B8 3 22
AR e 2 EP S A=W

o1 J& MR R 0 (I 2 ) T R B AR e 1 2
—FIE T M A s  RIEIT R 5 ) (0,
AME S5 TR AR A i e, IS 27 ) IR RO R 7). 3L
R [68] W FL 1 ANIAI 1) B AR BRI SR B4 A5t 22
16 J 1 TR ) B B2, 04 ImageNet £ 45
Places ¥ 73 K EHE 5 5 ImageNet AR L&
H4E. LaMem B Fic4Z 7146 M H s 42700 Deep-
Sent 75 BRI B HE £ Flickr XU 1R 71 s 4202,
T 5 FhACHs 46 T 00 23 1 & M R0l B AR )11 2, P 2
T WikiArt Hodf 82 AT XL 0, 75 %) CaffeNet,
HybridNet. LaMemNet. SentimentNet £l FlickrNet
5AMERL, 325 RN AR RE R AR, ARAE R S 1Y
spig 2 B HybridNet FI1 SentimentNet X 2% 1) ¥4 BEAH
P, i R AAE T KB ISR EdE, 5 &
BT BEAE T2 BEAS AT 55 5 o i Jag 1A TR AT 55
FA AR B R, (B SR AU BN L T
PIABAR I e AL, SCHR [65] £ H At AH OC 2% i %5
P b 505 A0 D a2 s SR 0, AR LG T
AR TR 2 1 B 4R, B MR R IR R R R T
16.2 %. IR 5 W 258 i 2 AT AL R B, FEAH R ER
BEUR R 5 R R SRR FE M 2%, T RE S B T A 7%
A B BB XIS, BA oy AR B, 1T ST Tl
SRAE S UL R B 22 1) & MR TR AT 55 IR AH G
i, AL 7 ST I RCR FT Re AT

AL, AT DL T A% 2 ) A EE GO SRS SRR AL

Fa RRBIELITA T RLATER SN 5 (%)

Table 4 Painting attribute recognition error rate for different initialization methods®” (%)

SR R R e R e

NP R TR R
AlexNet 69.2 56.7 51.2 35.0 53.7 27.3 33.0
ResNet-14 62.3 51.5 48.7 32.9 443 19.6 35.1
ResNet-50 67.2 499 51.6 31.0 57.8 18.1 447
ResNet-98 69.7 52.1 53.5 31.4 60.9 18.7 453
ResNet-131 71.9 53.5 55.2 31.8 65.3 19.9 45.8
DPN-14 54.2 47.8 41.5 27.7 32.8 16.4 31.7
DPN-50 55.4 46.4 43.2 26.3 35.2 16.0 36.6
DPN-98 56.9 448 45.0 26.0 36.6 15.6 40.3
DPN-131 60.5 45.0 473 253 40.4 14.1 45.7
PRI R R T R 20.7 38.7 59.9 39.8
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Table 5 Painting attribute recognition performance for different pre-trained dataset
CaffeNet HybridNet LaMemNet SentimentNet FlickrNet
TRl 2R3 5t LULING RS LULENES 7 A SR A kT
TN ZRH 4 ImageNet Places + ImageNet LaMem DeepSent FlickrStyle
TR 5 (3K) 120 73 350 Ji 67 1269 87Jj
TR 1000 2 1183 2% [0, 17* [0, 17* 20 2%
AR IER % (%) 54.2 56.3 52.6 55.8 50.7
AR A IEHIZE (%) 77.2 77.6 75.9 77.4 75.5
TEF R IEFR (%) 76.3 79.1 7.5 78.7 71.4
[0, 17*: OF1 (1%L E
ARG HOR. T UR B 28 AN [R) Z FEHUAS [ S5 4% & ST TR A BP0 TR ) 4% BUE 91 1) M B S,

(PIRFAE, 55 W 4% BIK 2 35 5 U € SO SR
FEE, )2 32 B S AT 45 A0 O 1 P 8 SURFAE, A
IF) 4D 0 18] S % A 7= 2B AN [ () 52 . STk [68] HF 9T
T AR R R SR E SRR AN BT oM 5 R T
PUNPERE [ 52 m, SIS R IR BRI CaffeNet %
SAREZELBRZ, BAE WikiArt 30854 F 20
UF 0 X 2 2 B, AH LEFROE & B A2, 2k
HIRETIET 1.6 %.
1.2.4 1REIMEEIRFHA

TE3E T H B0HRRE 1) 22 ) g PR R 5 5 vk, BREL
5 09 o | R & M BT A G RE A, IR AR AE
HoAh it — DI TR M BE 1 7 v, Ll 24T 452 2]
I TR R& 51

ZATSS 2 Sl Ik R 27 ) 22 /2 ) g 1 R BT
%, IMNE 22 BRI L0 BR, 1T H2 L H B8 I 35 (1 2% 1)
FREAE, MTITHE 1 22 42 ) 8 1 R BT 55 O M e 42
(1A JE PR BT 45 2 18] B A HH B SR IR 45 55, L
YRR R 22 1 LA R S R, XA 2 R
H A0 R R AA TR ) AT 5% 1) LA AR B0 R .
TRIE W 48 B 3 RIE A& e g0, A R
2 B A A 2 AT S B R #4 . SCRik [73]7E Om-
niArt HIEET ESLIh g R (R 6) B T 2(E%
2 ST v, 22 R A 2 00 SRR A
PR = AT 55 20 R 1) AT 452 31, LR AT 55
HOVRRRFE R T 20.13 %. SCHR [74] AUF) X
M AR SEARRTE 5 4 Bk m a8 PR AT S 5 s
TR FE N 28 (AR SR B ARG 77, 1B IR fh SR K

— PR A e bR SO B ISR ERE

F THRFAE Bl A5 & A0 BN B 3 RF A
o BT TSRS 7 02K T THRES A 3
FRAE S5 A8, SCHR [75] 16 TR GG TR T IR £ 45 41E (1 3k
fih b, THERRFAE A Gram iR DL BUIIER(E ., FIH
AX 5% FE UL FEE P 25 A Sl 5 2 o B, 5 42 i i 1k R AT
SRR RS T 10.2 %. SCHk [20, 76] T 2K FE
LA SRR SR AT 2 B AE B, B 2 RIZEME
UACHRFAE S, K 22 ) G RN 28 fir {5 2 2 R N
NINZRIEFE R 2%, deAb, F T4 E 5 B8 3 T
4%, SCRk [46] K 2 i G o BN A & T X R,
73 A 2 3 A TR 28 SR BIUREAE, PR 25 X B (O R A B
¥, 2 JZBAHL 2, A E T4 P TR A I X 2%
A, AR R BEAR T 30.6 %. IX i 22 X B R A0 4R
BT SRR T ] e H I e R, B T AR A
SR, SCHk [63] 75 H BNRHIE SR BB A R 5] N\ Bag-
ging AL, X WikiArt #4547 2 #5122 A
TR 2 ST, SR FH 22 B T2 1y = o e 2401
)2 T, o 22 TR 498 i I 110 22 o XU LRI 45 1
RRFK T 2.5 %.

BIRE R ARG R RE

AR S A PR 2 i i R B 3 R T S
B, A0 AR SR (N U AR5 R RORAE, PR L i 2R
2w Ja VR0 AR B R R RE.

1) 2 e PR B a5

IR R B APRE S B E R, &

1.3

®6 AL S ZARS I BRI VERE™ (%)

Table 6 Painting attribute recognition performance for sigle-task and multi-task learning™ (%)

YRR FAL RS TR IR R R R
B S EFCIRR R 233 8.3 2.8 -
AR IR 21.5 6.3 2.0 -
HRE TR 7.73 24.10 28.57 20.13
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T 11 25 i Ja M 1R HE 5 T DL 4y D /N IR A R
KA HE AN & bRk SR =Fh, & 7 FIK 8
SRR T ENEEARE B R EAMREER.
T 25 1 Jg 1 R BT TR, BT Tl R e m P
B D A 11 22 1 T LA 5 4 1 e P U A B
£, TE R B B — M/, B R KUk AR5
SEFLRME B RARIE, L Painting-91 HdE 42077 Al
Pandora7k HE 4212 Bl A 20 AR Y VR 1D 9 FL
b, I T TR HGREU K RS 2 8 2R TR, B 783
AR TR T ORI bR s A, LD Wiki-
Art B A T KRB ARy B s dE Hh, A e i 4R
EFRVE T AR B2 AMOHARE B, 4 KA
o TH LR AR S PR AL T ARTERE, il BAM £
PRAESY AR T 25 1 45 R ) 2518 S, SemArt £

PEAESY FEAE T N AR SCF IRRTE, iMet2019 245
L1 A1 iMet2020 Hdfs AR 1 304k 1 XOT TR
KA PR,

DR 22 8 Je 1 T30 B 2 1 W e bR v
K H 26 EIZ AR, R TH X I L 2R 1
B RER 2 2RI (The Metropolitan Mu-
seum of Art) fiL T3EE A2, HEL L THERZAR
i, 211500 J34E, H % 20 TSR MEE] T H
TACRAE, 4390 2019 £ 2020 SEAE TS HLAR
BATIR TR 2 2 A 45 CVPR L2873 T 2R FhkR%s
WPk EE. 17 2% B S )78 (The Rijksmuseum) fi7
T A 2L B SRR S, TR 500 TR E AR S, T
2014 FFHEI ARG LB TR, W24 2R E D TE
(The Web Gallery of Art) T 1996 £E61 75, 1Hi 3 F

®7T ERYERBIES AT EEE

Table 7 Datasets for painting attribute recognition

Pt s Xk 4 RIR MfE HA
N Painting-91 [77] 2014 4377 LZEZEAR
AN Pandora7k [42] 2016 1773 LE AR
KIAL Pandoral 8k [78] 2017 WikiArt 1.8 7 MR
KIAR TICC Printmaking [79] 2017 i =% [ 37 A O 5871 LZEEAR
RHAR WikiArt [41] 2015 WikiArt 8.1 77 LE AR
KEAL Rijks2014 [80] 2014 fif == [ Y 1 11.2 77 LR
KFAR OmniArt [73] 2017 =AY TR 43277 IV & 32
RHAR Art500k [81] 2017 =AM 554 75 LEZAR

FEEIRE SemArt [82] 2018 W 2% ZAR Y TE 2175 LR
EEIRE iMet2019 [83] 2019 K ARG 15.6 7i FaV N
FEIRE iMet2020 - 2020 PN W N LY 16.8 73 AR
FEARE BAM [84] 2017 Behance 2500 3 200 T S

EA YR AR 2 E S WS ZAR I, KRS ZARE

R 8RR B EE R IR B

Table 8 Labeling information for painting attribute recognition dataset

A Bimp W OEE O FH B O RR OB MmO B B8 R

AN Painting91 \ \

AN Pandora7k N v v

KA Pandoral 8k v v v

PN TICC Printmaking \ R \ R

PN WikiArt J \ y \

KA Rijks2014 v v \ v \

KFNAEE OmniArt \ R \ v

PN Art500k J \ \ J \ y
FE bR SemArt N
FEARE iMet2019 J
FEIRE iMet2020 N
FEARE BAM J V J J J
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Rl UYL R L S
ol peyg o TE et TEAFE 3 ﬁ.
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o B e ST B Wi B % B BE RACKEE  RIE  LMEEE EEAOBE 4t
iy 4 on . ER g 5F) ki) GEw) (BR) (ERE)  GRAR)
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EHE W o 4 AR
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(a) Word cloud of authors
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Fig.6 Word cloud of authors and painting examples for Chinese painting attribute recognition database

19 A 2R T EEILL 4.9 JilE, K2 2.8 1
RN 2R, 4R R (WikiArt) /& JE & A 5 (1)
o 2R M, A 25 JiiE e E B, 2 2R K
Al EEE S ZEMRE. Behance FEE—NEAR
Bl 2 Wk, 46 2R AR BT i) AR AR
i, P B W EH 6500 71 EEEUE, G RES. 2
] EE SIS A i T S Rl R,

75 22 ) FEG R M RBIAT 45 10 3 A R B 4
W, WikiArt 20854 B R, WikiArt 08548 2 18
MAEFEZAR R R 2 i A, 2 AN A
PR HEAT 7OREERES) oA SR [41] MR Wiki-
Art BrHEAE LR A AR, B S 81449 7K 2 )
B4R, B 27 FhXEs . 45 FPESAT, (8 1119 4
SARFIIESR, 045 N HA 22 B 2408, Bl fErp
H A — E REAR B s bk, 1F S 1500 5k
[ REA WA 10 B, 3629 63 691 ak %, /5 MBI
500 KA FK RA 23 A, ) 18599 7k 2.

B 75 7 i i R B I TBOGRBOK R s, I
P 22 1o 8 1 B0 4 TP A 2% 1 DA P D7 il N L 7
V] e 7 T, A 4 6] i i P AR A E P % A A
T2 VA P /0N RS 2% 16 A0 . R T T — [ ik
P& % (OpenSkywork-ChineseClassic Database)® & i
REORH X B R LA A AR 3R 1 B 22, B 4R
(1) ] o 5 2 LB S B AR, 6 () BaR T 5L
E1E LR ORA IO S 2Ny A N AV S VAT TR
A 20, B 6 (b) LM I 7R T AR
HRESNTETY = 071 € Lo SR SR ES TR D T EE oY sV (1N

2 https://www.wikiart.org
3 https://openskywork.github.io/OpenSkywork-ChineseClassic

WM ERERRE, HhgmskE 510 MEH, &
5 5771 MEAC S, 2766 Mg LK, 1345 i@ A4 .
284 MEH AL 2z 1E], &1 10 166 8.

2) HLAR VR R

TEA SO 2218 20K J8 PR B A 7R, K
ZHOCHRAE WikiArt ¥ 4E FIRIE Bk MERE, A
Gt 7 AR KNS R VRS 2y 5 PERE (3R 9).
Hrh, 75 1~7 AR 5 RAE S5, 8~13 MM 73 26
{E55, 14~18 NIEFH B IAT S5, HA AN [H 5 A%
ARk 3 WikiArt 2R PG, PR sk 1) 22 18 4
2[5 5 BT (]38 22, AN [R] SCRR PR 222 18 077 308 7 V2 A7 (8 22
S, FT DASRLE R) f 24 e £ AR50 B B A AR A,

BRI ER EHA T8, (HNE 9 ol
PLA H— 2 szad ki 1) T WikiArt $0dE 42 130
R K, H BIRFAE 77 v R RS B RFAE SR B RE Jo 4
Tz AEH. 2) BB 2 038K, F TRRE DLk
FRETE AFAE R D, 2 ARG REAE I 77 3078 H 3l
HEFEER NN E AR, 3) T TAME 5 H 34 1E
A T BT AR M R T, Lhn TS 6 T
VAR FH 22 DX 301 22 i PR 0 O P R R IR AT R 2 0
XK, WIS RIEM RS, 75 18 I ER K FE
LA S R R Y 22 1 2E kA S, ) 7 A R4 fi )
THIERFE, LI T B 4 mAE F R B PERE.

LERNSIEME

FH LG T & M 1R, 22 im0 2R B I P 28 B A
& HE— 0 BVE AR, BARTT S, 2 AR K1

T PN 2 BELAE T LA AR R S A P A e IR
7T 55, B 2 X 1 R 3 AR AT IR


https://www.wikiart.org
https://openskywork.github.io/OpenSkywork-ChineseClassic
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Table 9 Performance comparison for typical painting attribute recognition methods in WikiArt dataset
Fe AR My Sk TIVERA aEy BARE U EWF (%)
1 KU 2015 [43] #ifs. SIFT. GIST. GLCM SVM 3000 10 62.37
2 K 2016 [86] FIF AlexNet iLF# ] - 80000 27 54.50
3 KHE 2016 [87] FIF CaffeNet iEF%%>] - 80000 22 55.90
4 AR 2018 [68] FES 3G H AREHE AR LTI SR ResNet - 86087 27 56.43
5 A& 2016 [75] Deep feature. Gram. £%3%H1{L% BE 25 SVM 82442 25 58.19
6 KM 2019 [46] P 253 ) SR R IR FEARRAE 28 48 T 4 2 MLP 26400 22 66.71
7 RHE 2020 [20] V] 308 T 2 fh B8 3 T U T RFAE SVM 30825 25 58.99
8 M 2016 [86] FIF AlexNet iLF# ] - 65000 10 74.14
9 M 2017 [53] FI ] ResNet iL#% %> - 79434 26 61.15
10 &M 2018  [68] TEY 3 5 AR EE S BT SR ResNet - 96014 10 77.16
11 @k 2015 [43] Bt SIFT, GIST. GLCM SVM 1800 6 84.56
12 M 2015 [41] GIST. Classeme. PiCoDes. Deep feature SVM 63691 10 60.28
13 &M 2020 [20] P 368 T R 2 i i 1 T Jl XU 3 R AE SVM 28760 10 76.27
14 fE#&E 2016 [86] FIFH AlexNet iEF5 %] - 20000 23 76.11
15 fE#E 2017 [88] FIF ResNet i #5243 - 17100 57 77.70
16 fE# 2018 [68] TEY 3 5 AR EE S BT SR ResNet - 20320 23 81.94
17 fE# 2015 [41] GIST. Classeme. PiCoDes. Deep feature SVM 18599 23 63.06
18 fE#H 2020 [20] P& 3 10 R 2 3 3 T B SIS IR SVM 9766 19 88.38

Sl RO R 52 A7 (EL G A ZhA R 5 5s), Ja 3 2 F
P B SR TE 5 il i T ) 3 ZE A L s A
8] ) 6 2R B AE R R KA, 18] 7 (a) Fo TR
BT,

25 2R MG A AR ) 55 ARG ) AT DL AR
JR A AT 73 SRR TR, AR i A\ B8O P 1 [ S
LA FHEARARREAT TH B, BRI 5 9% E Z A 551
B SRR 2 207 ik 2 R EB I N Ak
A DS R S A 2R ) R S A R, R
AR N BB AE CAT RS 7 58 e e 2R e B 150
F UL, Jo & B A BUR B A iR S0, [ 7 (b)
NN IVEIES 25 N

R AR T SR AN [R]85 56 20 Tl A B 42
SAREMG ARG SR A AR 7, e

A AR CE D A SIS R PN i
2.1  LEAMRRRA SN

) 2R BRI R 5 e Y K R A
i R AR BN TTARTE, R H A S Bodfs S U
BN DT RN B BRI B, 59 B 7 S AE
Moo 2 W 5k

SYHE IR T e SRR R, AT
G fie 2 R R AR 9] S AT 55 T s
/D B L SCHR [89] T2 T CycleGAN (i XUk
IER AR R A A 20 TR S 22 i P R ) 55 1
PIARATI. 5T CycleGAN (1 XUKS IEF& 4 bR 1)
B AR BT A2 9 e im A AR, RIS R B AR5
D bnes A R A B 2R S TN R i A A 5%
A RS PR RSN 45 SR, AR DR R Gl ) D b 25

a wall.

The painting depicts a young
P"] woman drinking water from a
j% —| water jug while kneeling on
b the ground, barefoot, against

(a) BH5C 01
(a) Research examples
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s R R 1y B
| ' |
S P AR
(ETA%) CRZRE ) R )
P mniaidl | |
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(b) KREEHAR
(b) Key methods
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Fig.7 Research examples and key methods for painting content understanding
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W, F Bz 2R B BRI AR . SCER [84]
FIIFH ImageNet #4545 L Filill 2k ) ResNet-50 57
WY %, TE 2 A HE R, ST 2 BRI AR IR
Sl T EH T A AR TR B A T BE AR,
4 ] B BRSSO BT Be A LI, SCHR [91]
FIH B SR EME B2 B bRl X 2% Faster R-
CNNU2L B2 8 T2 R, R BAS s K
L AE 1 40 01 45 SRAE N e B AR P 2R 45 R 1X
AR FH W A Aar I e ST R B 1 7 v, R AR T 4
1] PG A 32 A DU AT 0N AR T TR ) TR HE 7D e . A
TR Mz m R S, 2GS E
SR UG P B A A2 DK/ S2 0 A5 4 55 B HME B2 . T34
S, S 2 A R BT AR R
77 78 1, AH BT 5 S XS 1 2 ), FLA AR IR 2K
ot S B AR BB AR B R 22 57, 5 kR 5 R4
AR VR 53] 5 AT I R 2. SR [93] BT AR BHIR 22 )
FEASBE U 4 My Ak 217K S5 i) 1 P ks U A T
R Pz E AR 5, AR TSR TR, HiE A H A
B — M P ARG I A 2, bean BRI & AE S A BN
RSN i) RO,

22 HEAFEESEE

2o H AR BRI A A IR AT DL RO SO A
R e g B S A ) R

LA R i) R AR AR 22 1 R A A ik ST
TFHOHE e R R HAH B i AR DL G, — R T AT I T
e UG AR A g b 22 [F]) — L = 3 1), FEAR 95 1A
BESRER R gL PR B AT RIA A R, FE 2 MIEAT L
PR A3 3] 1A RS0 SR [96] 23 0 PIAN E 3))
YR 2% 73 ) S I G SC R ) g i, R dm b
(1) FR) 2% 52 AHABL 2 R 18 R 7R SR N S - I TG AR
SCHR [82] iGN T AR @b KA FAERAS B IR
FS PR O BT B I 2%, ik B GORT ST iR ) R, 1t
Ab, SCHR [96] 1% 18 T I B )i 5, Towe 8 G
XoF B &z 1 AN R AR YA S, T8 M B T8
% (Maximum mean discrepancy, MMD) 3K /L A¢ &
AR 53

V22 1) PN IR AR R R S A B ) B 2
I 2R MG B AR O R . AR L TR 2R R )
AR T 3K, SO AR IR R N T i ST A 2
T AN A At 0 4 b B A IR, B vl DLE B %
(1) 2 1 G . SCHR [101] 25 F8 B 42 i 24 ) R AR R
IR ST ) 732, S A A i 8 I 4% 56 4% 1 PR A5
Y, FE22 LSTM AR, AE Fsotsd B AR SC-Hi. STk [102]
i 25 18 25 ] PR R L6 7] 25 0] (Visual question
answering, VQA), HLy5 AR 22 ) KI5 % 2 1 AH 2 11
I B 5, W5 R T R R E RS B B B
AbHb P REAE S

BIRE R ARG AR RE

2o 2R R N 28 PR AR AT 55 I AH O B 4R 7R 42
N TARTE, BEUARER. AEE, LIRS A
7] T2 1 2R UG @ MR, NS B AR bR TS B
— AR ZAR R AR B, BIE R W
SRIUEE S . T TR O 225 1 2R FEUE R 0 A4 R
SR IR B A TE R SR TR AN 2.

10 BIR T & 2R BUR IR R ) 54 )
(K1 T B 4, L35 Paintings #5420, BAM %4
£EI4 People-Art HHH A, Watercolor2k % iz £
A s NY)EE AN, X Le A PR A2 3 N AR 3R
13, Hi A B A R AL B GO I AR R R AR,
AR AR 0 S A8 ) F A A 288 | R, R HE A
7. BAM s 452 Hrp B i KB 4, B8 1
29 6.0 J3 5K B R 38 mARiE S B, HI K FiRiR
I, AL 2 BB, 10 A R E - B
Jr. A, BAM #dE g i gk B v RgkAT 7 — b
T, B FRERHERPE S 2 A5 s AR R e Xt
oz TP PR E NS AT T AR,

11BN T il 2R BRI A AR IR AT 55 1
NI PR, B4 SemArt £ 4152, EsteArt-
works ZHEE) BibleVSA % £ Fl Artpedia #1
PR AL IX R AR 1) IR VS R Sk 1B R 42 1 Y il
RANVE IR 1 TCHL ., 2 1 45 5 ) 2 (i % 55, BR Se-
mArt F RSN, HAREBIEENARTERHEE T A
T, 255 T 540 TR HRRE .

2.3

R 10 YRR ST S5 B AT Bdn 4R
Table 10 Datasets for object recognition and detection in paintings
gk SCHR Pl 5 Bk S % W IARE YRGB FRTE

Paintings #{#fE4E [103] 8629 10 - \
BAM ik [84] 6.0 Ji 5 - J
People-Art [104] 1483 1 3487 VJ
Watercolor2k [89] 2000 6 3315 \
#IEAY [105] 2787 - \
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Table 11 Datasets for content description of paintings

Ko e Sk K3 ) THH N LAZst
SemArt [82] 21384 21384
EsteArtworks [96] 553 1278
BibleVSA [95] 320 2282

Artpedia [97] 2930 9173 N

AT, 218 2R BR  25 BE AR AT FE RIS 25,
WA IR v o & by i 4R, R, 4R
BRI S — IR &, 3R 12 B T AL
2ol 2R R N 2 AR 7 0 M e 7R 2 R )
PRV S ARG e, H R R PR i e 6 HE R A
FEHE 0 49 [m] 20 4 B 8 28 ) ~F 359 v i 2 1) 2
(Mean average precision, mAP). 7£ % | ff] ) 25 ik
T, SRR TT IR E PR Fa bR 2 A B, i
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Table 12 Typical painting content understanding methods and performances
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Table 13 Database for emotion and aesthetic of paintings
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Table 14 Typical painting aesthetic judgment methods and performances
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