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Abstract: Manual identification of leukocytes is inefficient and susceptible to human factors, while traditional computer—aided algorithms need to

manually extract leukocyte features, which is inefficient when programming to extract these features. The machine learning method can automatically

extract image features, which can improve the recognition efficiency. This paper uses three machine learning models: AlexNet, ResNet and MobileNet for

white blood cell image recognition. The final experimental results show that ResNet has the highest recognition rate among the three models.
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