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Abstract
demand and has attracted more and more attention recently. Since the complexity and subjectivity of image aesthetic

With the rapid development of computers and social networks, automatic image aesthetic evaluation is in

evaluation task, the traditional handcrafted features and generic image descriptors are hard to represent the overall
aesthetic character of images. It is difficult for them to quantify and model the image aesthetics exactly. In this paper,
a new method of image classification based on parallel deep convolutional neural networks is proposed. We use parallel
deep learning networks to automatically complete feature extraction and acquire more comprehensive description of image

aesthetics from different views.

Then a support vector machine (SVM) classifier is built with the aesthetic features

to accomplish image aesthetic classification. Experiments on two most frequently used databases of image aesthetics

demonstrate that our proposed method achieves better results than other exsiting methods.
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Table 1

convolutional neural networks with different structures

Classification accuracy of single column

iE Fc Fc Fc Fc Fc Fc BiEm%

E¥E 4096 2048 1024 512 256 2 (%)

Archl J J 83.70
Arch2 J J J 83.73
Arch3 J J J J 83.21
Archd J J N 83.28

R, FEMMEEHA TR V7 2R,
Fo Ron &)=, N EELR % IER)Z 1
HYRFAE RS2

R 1R, BIERERBI NN 5 A
R Z AR, Arch2 HA 3 245 #m] L3k
5w HOMEDR R 83.73 %, (HA5 2 A4 L 4EHUK =
(1024 4k), AHFTJaIIALRE. 2545 2% R AL % F Ry
MEYER, ASCIEFE Archd 5 FATTHY it G AR A £
W2 G5k, /1 Archd T, 55 10 23 R0 H RFAE 1A 2
A 256, FAEAERGE 2, AR TRIE ST

3.2.2 FHATMBLEH

KN T ER R B ABIAT M G g iy, R 28
2.2 79 TR LB AR RE A N B IR AT M 2% AT 40
A, RESE It > RGO AT 1S, 73 3 B 4 (1 R ko)

TSGR A Tl BRI A et i N TEAT S FRAT TR
AVAT B4k, 7385 2.2 532 I % MR R
iy N B PR VR P A AR N 2 AT UG SR B Oy
R ZRAIAR, 7520 7 LUR 70 8w, ik 2 pr
7N,

APLUE e 1) 5 G B B 4 B 5 i 43l ok
256 BRI MBI AL ], S6Rr FITERf R d =, b
83.28 %; 2) B HSV K& 1) —ANIlIE V IHFE, figl
# 82.99 % HIHERIZ; 3) Daubechies /N REFE
fAeik 3] 81.60 % MHERGZ. A W, &R IMEIH. feE .
SCIEHR A S B R S R ) L A R

B, AT e WL N5 RO el AT TR
FH A BB R BE 25 B 28 I 288 11 25 ke (R B2, 4
WG R, R 25 B R IEREAT 4145, AU SVM 2k
AT ZRATIR. & Fh e Ak 415 7 2N 2 R HE A 2 a0
3 frow, Hrh, RS T A R R SR AL ]
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Table 2

convolutional neural networks with different inputs

Classification accuracy of single column

LIPAVIE:N IHERFE (%)
Normal 83.28
Resize 80.28
H 70.03
S 75.90
\% 82.99
Daubechies 81.60

K3 RRWRFEA G 7 kSR %
Table 3  Classification accuracy of various

features combination

HMINZ4 Normal Resize H S 'V Daubechies $51E4ES 73 2%

(%)
1 MRV, 768 83.93
2 N 256 83.28
3 v v 512 83.66
4 N N 512 84.18
5 v N 512 85.00
6 v v N 768 85.17
7 v v 4 768 85.33
8 v N N 768 85.83
9 v N N v 1024 85.41
10 N MRV, N 1280 85.94

DL g BRI DU e 1) B IE A A 0 A5 5
JER Sy SV 2 0 L D PR R AR 1) 23 SV 22 T4
Ft. 2) ¥ M Normal F1 'V %y N K B BT 3 45 AE
HAREIAE] 85.00 % MHERGZ (55 5 Fh). 3) MK 3
PRI LU 2R 10 BRI AL G 7 SR I 38 2028
HEf R S5, A 85.94 %. (HILKRAE et i i, M
1280 4. X FE T HIEE S m, 55 5 Py
TR A 5 AR B, R AE 4 B I T —f% LA B, i Ak
R EAIRKIE . 4) 2 6. 7. 8 PR E4L AT
., 4394 Normal. H. V #4744 ; Normal. S\ V
BT A Normal. V. Daubechies #7414, HHIE
YeEG ok 768, LLEE 5 PhRFIEAL-A T A =, BHR
IR ISHER R A LU EE 5 R R & 7 A . H
Daubechies KI5 B (1 55092 52 2% B 3 3 Ath =45 4
FiEK.

FEREA KR AT BRI Bt b, R IR e R v, AN
A A ] T P AP e A T TR 28503 SR Y 17
UL, BHRRRE SR SR . A LR
% R UGS Iy FRMER R L SRS AR AN B85k
SR P T I TP, B R 5 2 5 MHARIEAL &
Ji %, BIKE Normal M1V A BN (1 PR R 2 5 7R
2 10 2% P £ HRIY) B 18 0 R IR BEAT AL AR SR
PR G RN T (R I R v, A RN e 28 e vF, HL
PRSI Rt 7e A, WA RERHTEE 64 7+ 8 b
ARSI

4 BElfBERSEIWERSHL

AT IRATT 7R A ST AR bSPTIR 45 S K
SARBHEIE LIROR, IS T THHE . RERRHE
PEMUT RN D AT IR P 2 2 BG4 2871 2
BB AT HL L.

4.1 AVA HIFEELWRERSITLE
41.1 AVA1l ¥iEE

fE AVAL Blla e b, Oy 17 O5 8 UG SR I 2R
VIR B, YR Bl SR R K i A R 8 SO
[16] AR FATRIHASCEE, FUIZREE . (RE
PR 12766 R I 2515 2 5C K0 K48, IR
Hgm b SRR R4S 12766 g iAT 58
RS ST AR LE S RN 4 .

®4  AVAL B ISR A R S S BT Tk R B

Table 4 The experimental results of the AVA1 datasets
and comparison with existing methods

TIvERM PG Ik 43207 12 SFEAERR (%)
Datta 25(6] 68.67*
TR Ke %(8] 71.06%*
JRFRFAE Marchesotti 25111 68.55*
DCNN_Aesth_SP!*¢] 83.52
R TR A7 85.00

* HATHCR ST SCiR [16] 1945 L.

M 4 FTLLE B, ASCT7 VR BRIy 2R
IR, A 85 %. Bl THRFAE R 7 iLE 8 1
T Marchesotti 25 () /BB EFAE 0 7 3. RIAE
SR IR BE 24 X1 738 ), B EE Dong 25181 (¥ J7
EIHER 22 1.5 %. SR UL, IREE % ) W%
B AL SR ISR I ) T R RE B 4F
4.1.2 AVA2 #iEE

TER PR FE 27 21 D7 vE AT BG5S I U A
) Lu 26000 3T TS, I, RATTAE AVA2 3
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Table 5 The experimental results of the AVA2 datasets

and comparison with existing methods

RE S YIS SRUEFE (%)
RDCNN _semantic!'?] 75.42
RIT 77.03

M 5 ) SEEe EE nT LR Y, ARSI 4y
FUER AR EL Lu 26000 5y .

BRR UL, VR BE 2% ) R B AR T TR AE )y
I AR S I8 43 2 P A B . 1T A ST VR AE R R
AVA Blli e szt BUR SR IR S of.
4.2 CUHKPQ HIEEXLELERSITL

%) CUHKPQ G 36 B 72, 310 mlAE 7
AN 7 5 280 BA R 5 B 2 R AR SOk AT T
SEHG. SR B L 0 IR A R 48 I 2 R R AT
Wk, e W S0, SRR RE R4 &
TR SVM S5k 5 G 55 860y 2528, 0TIt 2
Pt G EGEA T S5 55 I 43 2515 21 B 28 1) 43 S HEAf 6.

H T 5 A G S o R VR AT X L, R
SCHE I SCHR (9] STk [12] FASCER [16] 0, BERL
B UBUH 2R 2 1) v 5 R PG R 52 IR UG
RBAE, P EHGAE M AL, A fRAIE S
B4 R R, BRATTE R 10 LK, B 10 IRSEK:
G 5 873 S ME A 20 1R P 3B Dby e 28 110 23 SV
R

BIG S K A S HER 2R LU S S AR G F TRFE S5
PR HE B DUAT IR P 24 ) 5 VESTEL I 45 3L, sk 6 T

71N

FE2E 6 1, ARSCO7 5 T LA IESR U VA B0
JRFBFRAE SR I VA DK CUA R R 2% > 45 5
206 T T .

B (Overall) b, ARSC ARG IK 5
RUER H de i, 12T 93.95%. 5T FRAE 7%
PRI, A7 iR T R T SRR 7R b
Tang %50 ik RNERI 2 ST 2 %. 5 RFRIE 7 1%
ML b, T Guo %512 Jivk sz e 2 3 %. 1E
55 Dong %10 [RGB B 2 S T ik LU 1, 80R
WL, @ 2%.

7. CUHKPQ #3755 2 &1 e 1) -G S i 2K
HEff % L, B T4 3 N2 (Architecture. Human
Landscape) [#ERf% ERIRIITT Tang 550 1455
AN, AT T ATV, TR AR 2 Tk
— FROR AR T2 R 1) 0 9% 5 1) o0k B kAT 40 B, )
X FEARSE M BE A R, R S T A
AL HH K R A s 16 70 A i) /. CUHKPQ &
(1 - B ) P PEARE A B e i b, HLAS R S 01 R A AR
KO AT AL AT 00 0] B, R 2 25 20 T 1A REAR 4
RAFANH.

g BTIR, 152 s 1 b R 58 B 2R 8K
B & AW, A ) IFAT A B 48 00 2% 1) 4R
KK RITIE, WALGI T AL JR e EAT
(R B 27 ) J7VEAT ST IR SR IR AR

5 REERE

AR SC NS Wi PG S R (R AN (R A B T 8, xR
(RO RA IR REL R o R B2 A LA 22 D0 5% 1) & A R R AT IR B2
LR AAT THEIL, S FlOBUE I AT R
TR R 2%, N T R SRR S A

%6 CUHKPQ -2 Pl AN P P (1 S50 45 R N LA TR A B

Table 6 The experimental results of the CUHKPQ datasets and comparison with existing methods
75 eyl
RFAIEZE Y
Animal  Architecture Human Landscape Night Plant Static Overall
FL All features in [8]* 0.7751 0.8526 0.7908 0.8170 0.7321 0.8093 0.7829 0.7944
RFAIE All features in [9] 0.8937 0.9275 0.9740 0.9468 0.8463 0.9182 0.9069 0.9209
Semantic features!'?! 0.8623 0.8644 0.9313 0.8416 0.8742 0.8685 0.8964 0.8787
Jry )
Semantic features +
P 0.9033 0.8755 0.9472 0.8853 0.9052 0.9232 0.9094 0.9093
handcrafted features!*?]
W% DCNN_Aesth_SP[16] — — — — — — — 0.9193
Tl AT 0.9382 0.9113 0.9697 0.9100 0.9166 0.9410 0.9159 0.9395

* ATEAR S ASCER [12] 4R,
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TR P27 21 28 fift R 1 A% G0 T s AR ) s ik
e IO P45 56 2 R AL A S AR 1), ) DA LB A
KB 22 S A3 RIS SR k. AN SOR R JEE 5 2] R 2%
FIFFILEE ST RE DT, £R5 5 B M B SR I 53
B WA S, Berh TIMTIR BRI M 2%, fif
FT R 15 73 B SR N R P A O ASEE o
IR AR S, Bt T AN R AR i e B 1 D Y
NN, e R R AT AL . R TR R 1)
AR A Pl 45 70 SR AT U3 K8 4 TmageNet Il 2k
FHBN RS 2 b5 A ST o 27 > I 2 AR PR LA
FIgatk, LU 2 45 S8 K S P I REA B AN
AL, VR FEE 25 >) W 48 VR I 27 >0 E 0 52 31 B A 1 i)
s 2) BB B T AN A Y 2% B N SR IE A, D
MW B 5 S TR VAN [) 5 T 5 18, B0 4 T 3 27 5T 1
RS URFAIE. A SEIR S5 R M B R, A Bk
WS T RGBSV h B AL S8 T T AE S )R
PR AIE BOUR S5 25  JVE ST I SRR SRR

MR, AT IR BI 2 I 2% 1 T B S TR T
I TR A7 AE — 28T LU R e i3y, 4914
U B RIS I I S B R R & 05 5K
TEIREE 2 2] [ 2 ch R F 28 DCHR2Y 45 S B R e
AR EE 27 S W 2% 2 ) BN R]7 5 1 R A SR I,
U2 T2 BT R PR ATE P, X 2e e AT
N RSO T 1.
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