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Automatic Classification of Meningioma Subtype Image

Based on Convolutional Neural Network

Fang Qianhao,Zhu Hong,He Hanzhi, Hu Junfeng
(School of Medical Information, Xuzhou Medical University,Xuzhou 221004, China)

Abstract : Meningioma is the second most common tumor in the brain. The preoperative grading of meningioma can help
develop clinical treatment plans and evaluate prognosis. In this paper,the LeNet—5 model of the convolutional neural
network is improved from several aspects which include softmax layer, network structure, iterative rate of decline, and
epoch for automatic classification of subtype images of meningioma. The model does not require the extraction of diseased
tissue , which greatly improves the efficiency of automatic classification of meningioma images. Experiments show that the
improved convolutional neural network model has a good effect on the classification of meningioma subtype images, and
the highest correct rate reaches 91.18%.
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Table 3 Impact of different network structures on the error of meningioma classification
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