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Research on the two classification of
white blood cells based on Convolutional Neural Network

CUI Zhaowen, WANG Wu
(School of Electrical Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] With the rapid development of computer technology, the use of deep learning and image processing technology to assist
physicians in completing medical diagnosis has become one of the research hotspots. In the medical and clinical fields, the detection
of human peripheral blood leukocytes plays an important role in the judgment of diseases. Based on deep learning, this paper designs
a classification method for human peripheral blood leukocytes. This article first establishes a convolutional neural network model,
using median filtering and image compression technology to preprocess human peripheral blood images. The attenuation factor is used
to prevent the convolutional neural network from overfitting, and the Particle Swam Optimization algorithm is used to optimize the
attenuation factor to find the optimal attenuation factor. Experiments show that the optimized neural network model has a recognition
rate of 96.61% for mononuclear white blood cells and 96.56% for polynuclear white blood cells, which basically meets the
established target. The convolutional neural network method avoids the complexity of accurately segmenting cells while avoiding the
difference of artificially selected features, and has achieved good accuracy.

[ Key words] Convolutional Neural Network (CNN) ; white blood cell classification; image preprocessing; attenuation factor;
Particle Swarm Optimization( PSO)
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Fig. 1  General distribution block diagram of blood leukocytes

images by improved convolutional neural network method
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Tab. 1 Information table of binary convolutional neural network

A2 (None, 56, 56, 3) 0
LBRZ1 (None, 56, 56, 32) 896
WAL 1 (None, 28, 28, 32) 0
BR)Z2 (None, 28, 28, 64) 18 496
HBRIZE3 (None, 28, 28, 128) 73 856
HBRZ 4 (None, 28, 28, 192) 221 376
HiAL)Z 2 (None, 14, 14, 192) 0
EBRZE S5 (None, 14, 14, 128) 221 312
SRR (None, 256) 6 422 784
i i1 )2 (None, 2) 514
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Fig. 2 Architecture of convolutional neural network
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Fig. 3 Flow chart of Particle Swarm Optimization algorithm
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Fig. 4 Original picture of blood cells
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Fig. 5 Loss function and accuracy under different models
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Fig. 6 Convolutional neural network model confusion matrix
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