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Improved Handwritten Digit Recognition Based on CNN
and PSO-SVM

Yang Gang,He Dongge,Dailizhen
(School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract:In order to solve the problems in traditional convolutional neural network —based handwritten digits
recognition, such as the computation overflow and high demand of computer hardware caused by the exponential
function operation of Softmax, a support vector machine (SVM) handwritten digital recognition method based on
the feature extraction of convolutional neural network is proposed. And, in order to improve the recognition ac-
curacy of handwritten digits, a particle swarm optimization method based on the fitness function in the sense of
K-CV is designed. Experimental simulation based on Semeion and MNIET handwritten digits shows that the
method proposed in this paper can achieve higher recognition rate than the traditional methods.

Key words: convolutional neural network (CNN); support vector machine (SVM); particle swarm optimization

(PSO); handyritien: recagnition



