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Glomerular pathological image classification algorithm based on convolutional neural network
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Abstract: The automatic classification of glomeruli in pathological sections is the key to diagnose the degree and type of
renal lesions. A complete glomerular classification framework based on convolutional neural network is designed for
realizing glomerular classification. SE-Resnet is used as the image classification model to change the convolutional layer in
the original module into convolution blocks with a smaller number of parameters, thereby reducing network parameters on
the premise of ensuring network performance. The experimental results show that compared with other classification
algorithms, the proposed algorithm has the optimal performance and achieves 96.93% accuracy in the classification of
mesangial proliferative glomerulonephritis, crescentic glomerulonephritis, focal segmental glomerulosclerosis and normal
glomeruli, indicating that the classification algorithm can better identify glomerular lesions.
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Figure 9 Performance curve of the classification model constructed in the study
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