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Figure 1 The framework of artificial intelligence in Plasmodium
diagnosis (color online)
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Table 1 Segmentation algorithms of thin blood smears
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Table 2 Segmentation algorithms of thick blood smears
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Table 3 Features of Plasmodium classification in thin blood smears
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Table 5 The list of image classification algorithms
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Figure 2 The framework of convolutional neural network (color online)
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Figure 3 Malaria diagnostic application system based on a smartphone. A: The process of collecting blood smears by the smartphone; B:

plasmodium detection software integrated into smartphones (color online)
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Apart from the ongoing global pandemic of coronavirus disease 2019 (COVID-19), malaria remains one of the major threats to
human health. Every year, about 200 million new cases of malaria are diagnosed worldwide, resulting in more than 400,000 deaths.
Timely diagnosis of malaria is critical to reducing its transmission and mortality. In order to improve the diagnosis level of malaria in
remote rural areas, artificial intelligence models based on deep learning algorithms are gradually applied to the microscope for the
malaria detection in blood smears. This review outlines the principles of such technologies, introduces the latest progress of current
artificial intelligence models in microscopy for malaria, and looks forward to the application prospects of deep learning and smart
phone technology in the field of malaria diagnosis.
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