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Abstract: As an importan field in computational aesthetics, image aesthetic quality evaluation refers to the

use of computer to simulat ubjective aesthetic thinking, and on this basis, to carry out a qualitative or quantitative
evaluation of the image . Photo image aesthetic quality evaluation, as one of the main research objects in image
aesthetic quality evaluat hds been widely applied in retrieval and sorting, photo image beautification and so on. This
paper mainly proposes to summarize the research on the aesthetic quality evaluation of photo images based on deep learning
technology. Starting from the basic idea of the aesthetic evaluation based on deep learning, categories of photo image
aesthetic quality evaluation, photo image aesthetic evaluation datasets and establishment methods are reviewed in turn, and
suggestions for relevant research are put forward.

Keywords: computational aesthetics; deep learning; photo image aesthetic quality evaluation; evaluation categories;

dataset
1 5|5 (Introduction) 2005 4ERRPHNTT ALK T 22 22 (EG) 28 90 55— Jm [T I AR 0L e
KFRUEARNEERNG, K. HEHERLHEMA  IHHEEFAARSW EGIERR S,
H SRR, RRAR, AKEMONE. &R &R W BB R IR R AR TR PRI E

2, ﬁ'ﬁﬁ%)\I%‘ ERORX BT E B EUE RPN R BEEIRANL. B R T AL R A i PR R, TR
Pk g ENERPRAT 7 WREONE, 3 KRB EGREdEE 2REGUEK, AT ERETTRNIE
THEHLRE S X IR R A0 A5 & AR ) Y H SE TR 3R, il BELM ARG, HUL, e iR BB R =R

HEWiH . EEAEIZ%WH (202110338021).



2 B TRE

202247 H

BERBOBEAEGREHEICNEZ, fHALEREABEIA
B SRIERA, X R R e s R AT S B R PR Al T
LA R i R )

2 ETFREFINBRERERREITFEELR
& (Basic ideas of photo image aesthetic quality
evaluation based on deep learning)

ARSCREE T CARR R B R SERGTAE X R, ASRIERTEA

FRATES, VAE SRR ESR IO ER R TR 2 S B

WPy B SR RS R PR A REA R B, I 1R,

BRERETREFEET

A1 ATREFIORBABBRERRZITHEERESL
Fig.1 Basic ideas of photo image aesthetic quality
evaluation based on deep learning
b b, FERFFEE AR, AEEXS H Bl AR S O B ) A
HTH BT AIZR, S “wnElim” M, If
H, FEf IR MR S B0 & PP A A B B, (R R 5
JE IRy R SR IR PP A A, R, AR SO R B
PG £ 8o B AR AL A T 4504
3 ETREFIMNBREGRERREITHES
(Evaluation categories of photo image aesthetic
quality based on deep learning)

il L 3o T A TRt = [ 5 o A A T, (A
NEMBRETR/NIT AR Z BRG] AMERIL, ST 5w oo
B TERE, FIBTE E R E SRR E RS 2R a5 1E
BZHE 7 JEEATHIF .
3.2 ERSHFN

Wl T R R 2 o Y B R R 58 SRR R P BT 9T Y IR
A, ZIU RS A R, A HA] A 2w S A
ARV RRIE Fr, (HRTCIRR A Ty BB EHE . R
FEgHEmEg S, HH, HRT Zooa2, BIEARA
SN Fth B A R G RIS AR, 2015
AR, KAO%E NN UK A i 22 W 4 7 F 2 e 4 st 4 1)
BB E I, (H 2 T MR SR B v JdE A
BT IR, EBREENRM LRSS, AT
YN ST BRI ) T AR, HUANGE: NP A2
Y5 ¥R 5 SA 55 5 2 S BRET B B A AL, 1207544
eI/ AR R A [F] I 2 5 PhRE. HRELkr L, %IE
B SRV £ 2 A RR(INHEIHRREEESTRIES
H S

3.3 ERSHIM
Rty By e SRS BB 3 — B TR, BT

MRAIE SRS AR, FERCERE LT
PR B WERESE— RSIHUE, RANE

%?ﬁﬁ%ﬂ%ﬁﬁ@@%@Eiﬁﬁ%%ﬁ%ﬁ%i:§§&ﬁ%ﬁ@@%@ﬁﬁﬁﬁoE%ﬁﬂ?k%%%ﬁﬁ

P H-RRTITAHE, BHER Y RS T R % g
ARSI AT E MR 75 5% 208 SRR B, B[LD
ﬁg%

BUERY L 20 B g SRR Bl T AL s = &
AT, RIVEE S& 0 R iy 2 il 00 B P ] 1 SO 0 KX
WORS oA, A3 FIAHRL A BT I, AR NG 16 g e vt
AR TS I (E, 7 225 5
31 Zrafa#k

TIUAr 22 B IR TR B SRR T A T AT R BN
o 2014 4F, FEE G2 M 4%ER 5 210 8 Bz 8
FAFERBLL AR R RE, LU % 0 R0 46 B 22 9 45
I oo R B SRR R BT, TR T B 35
FRAETT IR e, FEAESEAT AR SR (8 i REAL R BT J7 v
ABEBHERER.

TIANYE T I ABGE SR A, 320 T —FhdE T IR BRI K2
FRAERR A 0 G SREATABEAY , (HUZ DA VR RO B A g A5
R B E256 x 256 K/ R IR, R EEF RSN [ /N IR
KGR EZAdATRE, KA R E LRI A ERN D HER
EESHEBARBAE, PRRBIREFEREAER. MA
5 N —Fh S I SR M 4, R SR
B AN T B Jmy B R AR R A DA o 22 X 4 By B A, KT o654
ZMBERAEZEE R ERBA . MIVEEH TIEE
BB/, (B i R AR g i 7 KL & I 1R Y
EREWEREE. KhnL, WARGK/NEENEHFET
W A JE— 2 R TE O RHIE A E T 5, MATZE N 5

Rk

B, GRS R R B R R SR IR T R 1Y

JEi, 2018 4F, TALEBIZE "8 YOk AR M 2 M 25 1 T2

BT, M TR M, mEN R R E
BaRERMAEMEER, FREEBILEBECHEE
A KR EEREZ, AR A SRR E, &
J5 4 Softmax#y HH 35 /A o

TALEBI% A\ [R5 J& 3 T 36 B4 7 fnill ) 2 B R &R
AN 58—~ 32 B B DX (8] 5 56 A~ 2 B £ X R 2 [B] R BB &R
2B E B E] 58 = AR B BIX B 2 B A5 R
R, R A EMD 437 B 5 % e U 22 SR R
RRBOFEB AT G, RAMEER R, EMDIRK RETE
IR A1 T AT 55 Hh R B Pk B R T A SR R R R AR, A
J&, TALEBI& \iE i ScIn 25 Rk, ) 38 a1 T i) 25
RV ECPIE, MM AR B B 32 B SO BT B B0 55
BB MER BT, (ER IR R T SR T = v
PEREE, CUTZ AR T —FhifE USRS M %, Eatikse
R NAGEE, BB S EMGFEN, #EEERS
AT EIPERE . WANGEE N T —Fh S 11 1 IR 0 B 15
YRR BRI ik, 5CUIE NWIrEM L,
TERA MABIME B (LRGN AE BRI, A RRHEAT
HIVERE, BRIMGZ AR H M S5 A S E R L, AR
M, ATALEBIZ KRB N AT EBRASHETNZ G, %
BFEE 7 1) B B AR AW T T R [F M P 45 2548, A
FEZHEBER, REBAAR SR,



25T

BOCHF: T IREES ) B R BB SRR P 2Rd 3

4 BREGRERREITAEIESLE(Photo image

aesthetic quality evaluation datasets)
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Fig.3 Sample images in the AROD dataset™
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