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Art image classification with double kernel squeeze-
and-excitation neural network

Yang Xiuqin, Zhang Huaxiong
School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China

Abstract: Objective The development of online digital media technology has promoted the sharing and spreading of natural
art images. However, given the increasing number of art images, effective classification and retrieval are urgent problems
that need to be solved. In the face of massive art image data, problems may occur in traditional manual feature extraction
methods, such as tagging errors and subjective tagging. Moreover, the professional requirements of classifiers are relatively
high. Convolutional neural networks ( CNNs) are widely used in image classification because of its automatic feature extrac-
tion characteristics. Most of these network models are used for feature extraction in key areas of photographed images. How-
ever, natural art images are different from photographed images. Specifically, the distribution of overall style features and
local detail features is evidently uniform. Selective kernel networks ( SKNet) can adaptively adjust their receptive field size

according to the input image to select multi-scale spatial information. However, the softmax gating mechanism in the mod-
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ule only strengthens the dependence between the channels of the feature map after the convolution operation of the receptive
field with large response to stimulus. It also ignores the role of local detail features. Squeeze-and-excitation networks
(SENet) can enhance the features in different channels but cannot extract the overall features and local detail features of
the input. To fully extract and enhance the overall style features and local detail features of art images and realize the auto-
matic classification and retrieval of art images, we combine the characteristics of SKNet and SENet to build a block called
double kernel squeeze-and-excitation (DKSE) module. DKSE blocks and depthwise separable convolutions are mainly used
to construct a CNN to classify art images. Method SKNet can capture the overall features and local detail features with dif-
ferent scales. According to the multi-scale structural characteristics of SKNet, we build the DKSE module with two bran-
ches. Each branch has a different convolutional kernel to extract the overall features and the local detail features and fuse
the feature maps obtained by convolution operation. Then, according to the idea of compression and excitation in SENet,
the fusion feature map spatial information is compressed into the channel descriptor by global average pooling ( GAP) .
After the GAP operation, 1 X 1 convolutional kernel is used to compress and activate the feature map. The weight of nor-
malization between (0, 1) is obtained through sigmoid gating mechanism. The weight is rescaled to the feature map of the
different branches. The final output of the block is obtained by fusing the rescaled feature maps. Thus, more representative
art image characteristics are extracted. In this study, we choose engraving, Chinese painting, oil painting, opaque water-
color painting and watercolor painting for classification. To enhance the data of artistic images, the images with high resolu-
tion of art images are artificially extracted and cut randomly into 299 x 299 pixels. The modules with rich style information
are then selected. After the data augmentation, a total of 25 634 images under the five kinds of art images are obtained.
The CNN is constructed by multiple DKSE modules and depthwise separable convolutions to classify the five kinds of art
images. In all the experiments, 80% of the art images under each kind are randomly selected as the training sets, while the
remaining 20% of the datasets are used as verification sets. Our CNN is implemented in a Keras frame. The input images
are resized to 299 x 299 pixels for training. The Adam optimizer is used in the experiments. The initial value of learning
rate is 0. 001, a mini-batch size of 32 is observed, and the total of training epochs is 120. In the training process, the
training sets rotate randomly from 0° to 20°, and the horizontal or vertical direction is randomly shifted between 0% and
10% and flipped randomly to enhance the generalization ability of the proposed CNN. The learning rate is decreased by a
factor of 10 if the accuracy of training sets does not improve after three training cycles. Result Our network model is used to
classify the data with or without data enhancement processing. The accuracy of art image classification after data augmenta-
tion is 9. 21% higher than that of unenhanced processing. Compared with other network models and traditional art image
classification methods, the classification accuracy of our method is 86. 55% , more than 26. 35% higher than that of tradi-
tional art image classification methods. Compared with Inception-V4 networks, the number of parameters is approximately
33% of the number of Inception-V4 parameters, and the time spent is approximately 25% . In this study, we place the pro-
posed DKSE module in three different positions of the network and then verify the influence of DKSE on the classification
results. When the module is placed at the third depthwise separable convolution of the network model, the reduction ratio is
set to 4 and the convolution kernel sizes on the branches are 1 x 1 and 5 X 5. Moreover, the classification accuracy is
87.58% , which is 1. 58% higher than that of the other eight state-of-the-art network models. The classification accuracy of
the reduction ratio of 4 is superior to the reduction ratio set to 16. We use gradient-weighted class activation mapping
(Grad-CAM) algorithm with our network model, ours + SK model and ours + SE model, to visualize the overall features
and local detail features of each kind of art images. Experimental results show that compared with the other two network
models, our network model can fully extract the overall features and local detail features of art images. Conclusion Experi-
mental results show that the proposed DKSE module can effectively improve the classification performance of the network
model and fully extract the overall features and local detail features of the art images. The network model in this study has
better classification accuracy than do the other CNN models.

Key words: art image classification; depthwise separable convolution; convolutional neural network ( CNN) ; overall fea-

ture; local detail feature
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Fig. 1 Five types of artistic images

((a) engravings; (b) Chinese paintings; (c) oil paintings; (d) opaque watercolor paintings; (e) watercolor paintings)
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AR RO UG R 73 DX AT 43 BT, 4 3R G X
R AL TPONITE &7 eyl e S ESITEADE: Y (Wi
Sheng I Jiang (2013 ) fif F i B B Jy [ S B/ 5 1)
P XAE R AE , I 1 Sobel 3 25 A6l 7 ¥ 4845 28 1) X
& R AR AL , B R SR R G Rk gL
H 2328, Shen(2009) ¥ &3 4 x 4 BTk,
X AT H S RS €, SO TR A R AR T
Jry R SCRR R AIE - g A A% 1] 2 bR A (radial basis
function, RBF) [ 1 25 [ 2% 4 71| 5, SR J5 X RBF #if
22 I 4 fi 1 o] e AT DU BE B D) SR A
R BT P E I 2K 0326 . Sun 55 A (2016) 2R il 5¢
FERIE M SRR BE PR RN S5 ) AL S
B AT RE A A . EAESE N (2013 ) MR 458 [ 18 rp 2
g JEARERE , R AL 58 0 i AT I
PR AE SR, (R AR AE A 96 4, A &2 LU iR
] 1) P SRR AR Jiang 45 A (2006 ) A 45 i T
B E EEAERI T B O, FUH EHRR)Z
SR JEAR A, T GARAE o v [ 4% 8 128 1 A
HEBEMFT I, mIESE A (2017) F R EAE
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FUEAGH I 000 5 A 0 A5 381 P15 S e IX I, Jai ek O
DXIARALE A R38N 38 22 S 1k ) 3R, SR R 326
ar o AT A A S R BT B RN
B2, ZAR R IEAE L — R A e XA &
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AT RFAIE (X SERE R 225 JE s M 4E B2 {5 R A
5 I T [A] A P , X 2 IR ARAE T AT i — D 1
a8 Ab ¥, SENet ( squeeze-and-excitation networks )
(Hu 4%,2018) H1 %) SE ( squeeze-and-excitation ) 15 Bkt
il (1) 24 R0 368 () P A O % iR AR IR A
FHRFIE , 0 JC R IR AE(E B o SKNet (selective ker-
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SK BEH AN 2 fizs . A SR SE Fl SK B i1 3)
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Fig.2 SE module and SK module ( (a) SE;(b) SK)
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1) T split, X — >R X e
R (i RS AS IR/ B B B

F:X—U, e R""¢

F,:X U, e R""¢

© b [H F G KR AR



$25%F /55508172020 F£5 A

WBF, KERE / WML EFE G HEMB S ARE RS E

@ JLFRA @ LI 4

U

IxIxC  IxIxClr

>

Ix1xC

Ny

L
X
A 4

squeeze

[ o )]

K3 DKSE itk
Fig.3 DKSE module

K, H WL C' 3 R RHAE IR X R | S A
EE F A F 20 i 2 G B A TR AR i
1k ( batch normalization, BN) (Toffe {1 Szegedy,2015)
1 ReLU 15l %% ( Nair A1 Hinton ,2010 ) Ab 3 fify e S
W HW R C 53 FRoR & FORF, B 5 FRAE
EI e T AEIE R, BRUTIEREw = [w,, w,, -,
w,, ey we ] K w FIRE ¢ MBS TE
ENROS S B s s/t o0 L MRS NRE D GiUESY
s A 20

Y wi x X' +b,
k=1

u, =6(N(u},)),1 =1, N (2)
A, o FRoR b IR AR FURHIE 1B 38 TE %K, b, 2R i
B, N() BRI, §(X') = max(0,
X') j& RelLU pREERAE, X' = N(u)) U, = [u,,
wy, o, wg ],

2) T squeeze, 283 split #4152 A48T
FIRFAEIE U, A U, 38 5 36 0 0 2R A, il A4 4
TEEMRRIEfE B B

U=U +U, (3)

A RHEE U 2546 7 U, M U, W FRES
B 4 R P34t A X B A R AR SE T Y 42 R S
[ ARAE 5 S A T AR AR B . 4 JRF- 2 i AR A R AL ]
U 73 (a5 BESE 3] C A0 B AR R, A i iR R
fEEE(E B %R S e R, Siit& S i ¢ NIt
R RS U =55 BiHES 3], BN

H W
U.(ij) (4)
i=1 j=1

1
S = FU) = ey X
3) TR excitation, S35k N F3 2 AR E R

L —
uic_wicXX -

SRR AR R AIE , 980358 4 T AS R 1 R AR A L il
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I FEORFRT R S AR M I &0 T, B 3R
W0 245 )52 B, T DGR 35 B 22 P HS0EIE 245 ) R T
fFE. WA 7 B & B i ¥ 5 T (depthwise
convolution) 13 £ 45 F ( pointwise convolution ) £
i, DKSE 5 He i A BE 0] 43 29 4 BUrp 8 4E
E2W)
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Y(X) =[Y, -7, -V, ](X) (7)
Ao, VR o ROV R BURAE, Vs
RO RV i s BURAE, Ve R
R g DKSE MEHURAE | s /R B A B RRAE /]
YEJE HEAT AR AL T, 0 7R 8 55 BN RRALE 18 3 3
B, RRUCIR B BV B TR JS , T3
17 BN F1 ReLU 384 il R ECAb 3
1 J2AE DKSE 733 FH3 x 3 H15 x 5 47
el G AR RS O, S 1 0D I v (3 1005 3
G AR R AR T A L2 RN AL 7 ik, I
Ja U T GAP 4b ¥R /i J5 #E 47 dropout ( Krizhevsky
22 2012) AhFE, 3£ 1 v, dilated _conv 3R 25 i &
H,d = 2 FIRY 5Kk N 2, depthwise_conv Y IREEH
F, dep_separable_conv RN EREEA] 43 B EFH, s1 &
RN TR AR

1 ZREGHLERHEMEERE
Table 1 Convolutional neural network

model of art images classification

D EARSE B E A FNN
1 299 x299 x3 dilated_conv/sl 3x3,32,d =2
2 299 x299 x32 depthwise_conv/s3 3x3
3 99 x99 x32 dep_separable_conv/sl 3 x3,64
4 99 x99 x64 dep_separable_conv/s2 3x3,128
5 50x50x128 dep_separable_conv/sl 3x3,128
3x3,5x5
6 50 x50 x128 DKSE_block/sl 128 ”r _ 4’
7 50 x50 x 128 dep_separable_conv/s2 3 x3,256
8 25x25x256 dep_separable_conv/sl 3 x3,256
3x3,5x5
9 25x25x256 DKSE_block/sl 256’; _ 4’
10 25 x25 %256 dep_separable_conv/s2 3 x3,512
11 13 x13 x512 dep_separable_conv/sl 3x3,512
3x3,5x5
12 13 x13 x512 DKSE_block/sl 512’; _ 4’
13 13 x13 x512 dep_separable_conv/s2 3 x3,1 024
14 7 x7x1024 dep_separable_conv/sl 3 x3,1 024
15 7x7x1024 global average pool 7 %7
16 1x1x1024 fully connected 1024 x5

17 1x1x5

softmax -

2 XWHERSHH

2.1 EIWINE

S5 K A Adam ( Kingma F1 Ba,2017 ) /1010
a2 B E S 0. 001, YN ZRJE I A 120 Y,
GBIl SRS BEHLE 5% 0°~ 20°, HAE/K P FIaE B
75 1) 43 B BE ML B G Fm RS 0 ~ 10% , LA3E 5 R 25 (1)
ZACRE ST o RIS ZRAERSRTE 3 YOI R 4T 1Y)
TEOLT 2 R R R R R 10% o SCi b BE ALk
YRI5 % 1 80% Sl Rtk IR 20% MBS . 52
W % 1 B NVIDIA TeslaP100-12G GPU, 2
Intel Xeon E5-2620 V4 CPU,4 45 DDR4 2 400 MHz
16 GB INAF, R # T HEHER ] Keras,,
2.2 ZRESGE

ARSI ZAREG N Artlib I ZEAR S
FIR 2 0 55 o 3t SR IBC, G v s i 3393 K v [ i
3 449 g i 3 400 W& 7KKy 3 378 i K R
3 390 Wi , %% 28 ZIAREIMG I XA% A5 2 234 LL 5]
¥ m o PR B (5 B 35 1 B ER U s T4
299 x 299 QR K/NYIEIR , I T i e WUA% A5
BAFEWEG R T iR H . Bl iR s,
JiE S 116 g S 151 % i 5 117 iiF K
] 5 122 EAKAT I S 128 g, {1 A 4545
RO I i B8 A 1 o S i B R AT e B, A AR
W 2 iz, vl DA BOs 1Y 0 05 i 2 SR UE R A4
FT9.21% ,

F:2 HIRMEEAIENAEER
Table 2 Classification results before and

after data augmentation

/%

MR E P Ak TR %R
TCEHE HE ik 77.34
ARG 86.55

T RN B A4S

2.3 ZWERSH
2.3. 1 AFEGHEIEGR

1) 55 MBI L. R T ik AR 3C W
LEBIRIRT ZAR NG 43 W BOR , 4 4% SCEAE 530
AL 55 ) 5 AR TR R AR S X 285 A5 700 R A 7 )1 R AT I
IR 3 R
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*3 TEMBERHILERILER
Table 3 Comparison of classification

results of different network models

WA SR/ BE)/min HERER/%
ResNet-50 23.5 6040 85.85
Xception 20.8 4320 85.26
InceptionV4 41.7 6550 85. 87
MobileNetV1 3.2 1 655 86. 00
MobileNetV2 2.2 1370 77.87
ShuffleNet 9.2 558 80.39
A3+ SE (r = 16) 2.2 1356 85.34
A3+ SK (r = 16) 8.4 2 368 84.95
A3 (r = 16) 13.8 2140 86.20
A (r=4) 14 1 660 86.55

T IR RMA 2 50 A e L AR I HE R R 45 5L

M3 T LIEH, 5 InceptionV4  ResNet-50 ( He
£ ,2016) F11 Xception ( Chollet, 2017 ) R 2845 A A H
A g A B IR e MERA R IR . (EE
DKSE [ 45 158 P v 4, 2 3547 1 & AR A, (AR S
2% 7 20 ShuffleNet ( Zhang 25,2018 )  Mobile-
NetV1 Fil MobileNetV2 ( Sandler 45 ,2018) &, A4S
2+ SE MIASCIT ik + SK /&M SE Fil SK 5 He it
72 1 rf DKSE 8y I 28 B 7Y, g b ) R R r
HIH 16, SEIRZE R IR | A S 25 158 R it 56
ARICT7 % + SE FIASCI 2 + SK 43315 0.86% Fi
1.25% . 4 DKSE B8 i) r (EH 4 0], 70 2w %
e or B 16 IR

2) 54407 ¥ He %, Fil Shen (2009 ) LA K
Sheng Fl Jiang (2013 ) & S8 8 A FFIE 5 SR AR RAAE SR
WOTERA SO 32, 45 R N3k 4 s,

R4 EXFEEEFEHENERI
Table 4 Comparison between the results of

traditional methods and ours

WiRiS WER R/ %
Shen(2009) 66.78
Sheng Ffl Jiang(2013) 60.2
AI(r = 4) 86.55

T LT A SR g 2R

M A LA ST TR THIE Y

REF 2R R RE S K45 2K 2
AR BEME I RS AL, 1T A< SC7 25 AT DA b 4 B 2
ARG AR 5 R S0 A0 15 A, 3285 1 0 25 i
%o
2.3.2 DKSE e

)&, A7 &F DKSE HHTE M 45 AU R
Dr BT ARG 43S B 52 M 4 B il 7 AR S
LRI 6.9 12 BALE, 4232 E AT I 3 x 3,
5 x SHERE, FHRr (B4, R WES
R o

35 DKSE #R7ER EfL & B B A
Table 5 Accuracy of DKSE module at different positions

LS gE S5/M B/ min HERR/% 15355/ GFLOPs

6 2.7 1 800 87.24 0.75
9 4.4 2043 87.14 1.77
12 11.1 1 860 86. 46 3.37

T LT A SR LR 5455

M S T LI i, DKSE F5 B B 7 ) 45 4
TUL 5N 6 BIRLELI , AR R 1970 FEHERR 5 55 g
R RFERRD

2) FRER r M LB RN FRER r Flgy
SCEBULR/INZE DKSE 55RO 53 5% J5URN 52 36 1
BRI B — A 224, L DKSE bk il
AL 5B 6 (25T, % DKSE 1) r {EL Al
I3 SCERPRR/NIA TSR A B, 25 RN 6 FR
LA i, 24 DKSE #d g 50 EBBUERVNEERS

x6 THESEMBRANNFEERLER
Table 6 Comparison of classification results between

reduction ratio and convolution kernel size

FRER 1x1 3x3 5x5 Z/M ]/ min EFZ/%

VoV 2.3 1 367 87.26

vV Vo266 1680 87.58

r=4 V.oV 2.7 180 @ 87.24
VooV 2.7 2370 87.35

vV 2.3 1230 86.35

vV V2.6 1220 86. 85

r=16 VooV 27 1440 86.15
VooV VvV 2.7 1710 86.42

TSRS 5 r o= 4 Flr = 16 B ARHERRER
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rEI 4 (9 AR B r (EH 16 s Y r (E I E
I,2 4332/ DKSE BEHe L 3 43 SRy Ik F I J L 2
Kb 524 DKSE #e sy 32 B HIBCL x 1Al
5 x5 I, SR A RUERR R I

IEMER N T A& RN AR
TREFUESRI R , 76 DKSE B B[R R/
2 BRI A SRR A T 905, 45 2R R 7 Fow,
Horb K3 FOR B/ 3 x 3 B, KS FoR =il 6
B HREN2 893 x 3 BRSNS x 5,K7
FRY IR 3 13 x3 BRI JERZEFAT x T,

%7 DKSE B/ ¥BMARZRAERENALER
Table 7 Classification results of different dilated

convolution kernels in DKSE module

THeZE K3 K5 K1 S3%U/M BfjEl/min HEFIR/%

vV 2.4 1530 86.07
vV Vo244 1657 86. 00
y =+ VooV 2.4 1560 84.50
VooV V26 222 86.40

T LA SR I HER 3455

SER S R 2B 2 HCHE AT
Z RS EAERS R (R S R B
EHE
2.3.3  FHEATHAE

X EBBENT x 1FIS xS Hr =41
DKSE #5 B ST ) 28 B TR 455 Ol 6 B, R
3 DKSE-MobileNet, A {8 T ULEE [ 48 455 784 2 o] 1) ¢
BRI, B A SCITIE + SEV ARSIk +
SK” F1 DKSE-MobileNet [ & #5% # {ti ff] Grad-CAM
( gradient-weighted class activation mapping ) & ¥
(Selvaraju 55,2017 ) X e BUR) 20 A GRS AIE X 33t
el AL R, e 4 Pros. B 4(a) S ZAREE,
B 4(b)—(d) LSR8 (0 PR e 7s 2 1) 1]
WO RZ XI5 B . I 4 AT LU, ZAR B
AR KA R FEAE B A A v LA &, 5 AR ST 1 +
SE” MI“ ATk + SK” SR RIAH L , A SCHY K
ZRAATU P A TG A AR AIE B 4 1T, Jay ¥ 4
FREEE S o
2.3.4  ZpZETMEE RS

T H W R AR S5 1 o S RE, ]
DKSE-MobileNet 2% %} & 5 g B 3E 1T 0 2556

(a) JRLH]  (b) DKSE-MobileNet (¢) A3 F7i%k+SK  (d) A3LF7i%+SE

K4 R Aidi T B

Fig.4 Characteristic distribution thermal diagram

((a) original paintings; (b) DKSE-MobileNet

thermal diagrams; (c¢) ours + SK;
(d) ours + SE)

TE, S v i s HE SR s T B 0 KOR) T, ZRHE R
T 70 B K R T8, 20 AE 2 705 7K Ry 18 4 73 RS 3 I
WIS W RLF M I KR I KRS BTG 18 7 223
B BUOAT Ry SO 8 W 1 1 13 T B0 IR 1
TE L ABAEAE— 7 AR . 55 BRI KO i
P18 I R 70 S T 1 8 AR 7 7 HG T A 28 5] 1o 2
A I RASFFAE I A AR I .
2.3.5  JpMERELLEL

A 23 A WER M F-Measure {5 %] DKSE-
MobileNet FEATHEREEAS , 25 U1 5% 8 Frn ., [ Ay
HEAR Y F-Measure {55 /51, b ) £ 42 58 5 & o
o5 B ot e A 20 12 R 4R R A A DXt 3 At e e
HYSCBRREAE o v [ i R ) 2 1 B 0 M AR R s
JH A [ AN ] 74 e

ROC ( receiver operating characteristic ) ff] & &
AUC (area under curve) {H & —ZH1EH 02K a5 HERENY
FohR, ROC {26 /Y T BB O, B8 3 2 M i i
-, {3 ROC . AUC & DKSE-MobileNet 432K
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(&) i

K5 5 KREAREGRIIHL:
Fig.5 Classification results of five types of artistic images
((a) engravings; (b) Chinese paintings; (c¢) oil paintings;

(d) opaque watercolor paintings; (e) watercolor paintings)

AE, & R ANIEL 6 JIr7r , nl LAt il i) AUC {EIAF
0. 99, 3 & LI 1 70 FEE5 R A5, FE K 2
S i 8 B A% AR I 1 S R At b o 7
REPRRFAL 55 J5 350 40 7 A5 AR DAL, il ) AUC B
/Mo

®8 SAMEE

Table 8 Classification performance

/%
ik EER R F-Measure

i I 87.25 91. 03 88. 83

H e I 93. 08 87.32 90. 11

T 88.15 84. 44 86. 26

AT 87.22 86. 44 86. 83

7K 82.00 87.77 84. 35

LT A RS I U4 24

¥ 0.4 e - JE(AUC = 0.99)
s rh | E(AUC = 0.97)

— JHiE(AUC = 0.90)
e — JKE3HE(AUC = 0.94)
" — JKFHE(AUC = 0.92)

0 02 04 0.6 0.8 1.0
RIEZHR

K6 5 KZAREZR ROC KAl

Fig.6 Roc curve of five types of artistic images

3 & it

AL FESEH T DKSE #Ebk . DKSE s fifi H]
X533 A U AR B (5B AR ALE 15 J3 TR 400 19 R A
R IBUYFRFIE AT RS, IR 1 x 1 B RRERAE A
Sigmoid [ JALHI$2 BRI ZEAR BR 1 SCBEAF Ak, 411 il
PEFIAKRIORAIE . J1 DKSE BLBRES S i 9 1 TR
T3 A AR S AR 2 I 4%, o I v I i
] KR I KOS 1 2 AR R T 0 %, Sy i 5
BT X EAREUR ISR R 02 o A ST I8
Hofg ke T IR 22 AR BB KRBT FEA 2 1 Rl
B TR MR RE Se 0 0TI I ER
FIG I 73 J8 R o (HUE DKSE BB i) #4730 R
FRAF, B R Z AR ARSI 224~ DKSE i, o 45 455 7
SRR I, B S S TAE R AL AR B S
P I BRTL R EAREGREAE  dE— P 2
AR S3 FEHERS 30 P 2R AL T3 A0
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