LR SR ISSN 1003-3254, CODEN CSAOBN
Computer Systems & Applications,2019,28(7):139—144 [doi: 10.15888/j.cnki.csa.006997]
O E RGBT TR .

E-mail: csa@iscas.ac.cn
http://www.c-s-a.org.cn
Tel: +86-10-62661041

. ‘ s|e A3 b N
ETRENUHGIRHMEMEEIR T RE LY
m O, JOUKUK, O
(R IV K2 TH NIRRT, T 510631)

TEINE: YEUKIK, E-mail: lay771880416@163.com

O A IREERZE M EEAE N — PG AR I 28 1R A8 b, EH T L R (R R BI, B  FH T &N 0T, IR JRE R 22 X 4% B
SR I I DA O % TR P AT T v A R, (ER AR RIR B LT, 7548 Foth ) SRARTHEL A R A St
IRFERRZE W AE T = RAG T2 (1) 3 S AR 2% 10 AT Wit S 4 FE S 78 (2) 18 2 T SELU W0/ bR 3 1) 7% 22
B (3) 5 ) F R IRBOHAT 298, AEHHE 5 Fashion-MNIST R I (R, S 4 S TR
L RETAE HER 2 EAL TR G IR B T 22 Y 2%, - h

KRR AP W 4% TR ZE N 2% 22 3] 2R SELU S5 eR AL

SRS T, YUK UK, TR Tk 22 1) M0 A6 AR A 28 X 4% B4 43 S B T BL R BB ,2019,28(7): 139144 http://www.c-s-a.org.cn/1003-
3254/6997.html

v

Improved CNN'In;age Classification Algorithm Based on Residuals

GAO Lei, FAN Bing-Bing, HUANG Sui
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: The existing deep residual network, as a variant of a convolutional neural network, is used in various fields due
to its sound performance. Although the depth residual network obtains higher accuracy by increasing the depth of the
neural network, there are still other ways to improve the accuracy at the same depth. In this study, three optimization
methods are used to optimize the depth residual network. (1) Dimension filling by mapping thr(;ugh a convolutional
network. (2) Building a residual module based on the SELU activation function. §‘3) Leatning rate dec‘ays with the number
of iterations. Testing the improved network on the dataset Fashion-MNIST, the experimental results show that the
proposed network model is superior to the traditional deep residual n'egwork in accuracy.

Key words: convolutional neural network; residual network; learning rate; SELU activation function
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