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Image Classification Method Using Capsule Network Integrated into Selective
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Abstract: The traditional convolution neural network is insensitive to spatial information and cannot learn the relative position relation-
ship between different features, and the sensory field of each layer of neurons is designed to be the same size, which leads to the inac-
curacy of the extracted image feature information. To address these problems, a selective convolutional kernel capsule network is pro-
posed for image classification tasks. The convolution layer of the classical capsule network is integrated into the selective convolution
kernel network with two branches, which can extract more abundant and accurate data image feature information and improve the accu-
racy of image classification. The experimental use CIFAR-10, Fashion—-MNIST, SVHN these classical image classification data sets.
The results show that the recognition accuracy of the new model is higher than that of the baseline capsule network model, especially
the recognition accuracy on the CIFAR-10 data set is improved by 1.73%. The new model effectively improves the accuracy of image
classification and has good image recognition ability.
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Fig. 1 Overall structure of capsule network
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Fig.2 Working principle of capsule network
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Fig.3 Network model of selective convolution kernel
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Table 1 Presentation of data sets

F1 HEEFABRNE

TR S ES ke e RS
CIFAR-10 10 50 000 10 000
Fashion-MNIST 10 60 000 10 000

32 XWEE

AL EFREEUR : CPU N intel E5-2678V3, i K 4
GTX1080, N 77} 16G, #/E & 42 & Windows10, i Fil py-
torch ¥ J 2% 2 HESL |, % B batch_size 7 30, epochs & 50, %]
f 2 2] % 0.001, 7E DI 25 i B 99 45 BF, SR 2 8 A0 B 1
Adam AL 4% o

WP B R M B SR T BB Mk 2,
KP4 3250, 36 B RSE 43 31 ol 3x3 1 55, P s 4
ARGy 8, il Al A HAE LR S E e b 2, B K
BRIN R 1o 53 I 2% fifi FH 21 25 B th L 98005 BRUBCK Squash bR
B, A2 T2 1 T A SO 8 500 A 3 A TR e 2 i
SE o
33 ZERAH

SR FH i 286 Jo 20 I 24 5 AR SO AR 43 ) #E 3 Bl 4R E
FIRT S5 . PR 48 A5 0 top ] 1E 5 2, I3t Al 45 R 1 AR
P S P 4—PE 6 i /s o AR IR 4 JORE B Sk FL A 55 2 I/ o

Pl 4—[51 6 1y I % 225 2R 32 AR P81 PT E 00 R ) A SO 1Y)
D4t i 22 BH W AIG F JL2R e e W 2 . & 281t T PR IO 245 A
RUAE 3AS S FRRCHR A 100 43 2O BE X L, G v R 4 i 4 1)
25 J2 T A LA 2 A6 B I 28 454, 7E 3 Bl 4 AR
FI B 53 28 K5 5 500 78.78% .92.89% . 94.88% ., A AR I
RN T R M A R 19 4 X 2% B TR, A L R I 4% 43
NG R T T 1.73% .0.69% . 0.53% , 75 HH 16 5 P 45 F1
A% TE $ URR AR I LA B SO 3, ok 1A% G I 44 B BURRAIE
i R A T3] /0N 35 ARURZE 1 e 0, T 402 R38R
I HRHIE

60
— BaseLine CapsNet
50 ==== Ours
_ 40
g
=
7 30
L5}
=
20
10
0 10 20 30 40 50
Epochs

Fig.4 CIFAR-10 dataset test results
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Fig.5 Fashion—-MNIST dataset test results
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Table 2 Comparison of model classification precision

x2 BESEBEILL BT %
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