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Handwritten Number Recognition Based on Improved AlexNet
Convolutional Neural Network

XIE Dongyang, LI Lihong™ , MIAO Changsheng
(School of Information and Electrical Engineering, Hebei University of Engineering, Handan, Hebei 056038, China)

Abstract; In order to improve the recognition rate of handwritten numbers, we have improved AlexNet
network model in this paper. Conv3 and Conv4 were introduced to replace the model for Inception-res-
net module, which improves the feature extraction capability of the model. The Batch Normalization
(BN) method was used to accelerate network convergence and prevent overfitting, reducing the number
of convolutional kernels and improving the training speed of the network. In this paper, training and tes-
ting are carried out on MNIST data sets. Experimental results show that the improved network model has
a better detection accuracy of 0. 9966, which proves the effectiveness of the algorithm.
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Fig. 2 Inception-resnet module added
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Tab.1 Specific parameters of the improved model

eI S BN K A RS
Convl-1 (3,3)
1 same 28x28x32
Convl-2 (3,3) same 8x28x3
Maxpooling] (2,2) 2 valid 14x14x32
Conv2-1 (3,3)
1 : 14x14x128
Conv2-2 (3.3) same e
Maxpooling2 (2,2) 2 valid TxTx128
1,1)/(1
Mixed (3 )’/()3 ,(l )’ same Tx7x128
Maxpooling3 (3,3) 2 valid 3x3x128
Conv3 (3,3) 1 valid 3x3%x256
Maxpooling3 (3,3) 2 valid 1x1x256
Fe — — — 1 024
Softmax — — — 10
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Fig. 4 Comparison of model training and test results
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Tab. 2 Comparison of different algorithms
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