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Segmentation of malaria-infected erythrocytes using U-Net incorporating Transformer and
ResNet

LIU Xiaoshuang, ZHANG Wei

School of Information Engineering, Gansu University of Chinese Medicine, Lanzhou 730000, China

Abstract: A novel U-Net network model which integrates ResNet and Transformer is proposed to address the problem of
poor malaria-in fected erythrocyte performance of the existing models. ResNet is used in the encoder to deepen the feature
extraction network for extracting deeper features, and the ResNet output is inputted into Transformer module for the feature
enhancement in the target area, and finally the decoder module is used to perform feature fusion and output the results. The
experiment on the malaria microscopy image dataset shows that the proposed method outperforms U-Net in Dice similarity
coefficient, mean intersection over union, and mean pixel accuracy, reaching 87.40%, 76.85%, and 85.28%, respectively. The
proposed method can improve the accuracy of malaria-infected erythrocyte segmentation and provide a more effective and
accurate solution for malaria diagnosis.
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Figure 1 Structure of the proposed network
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Figure 2 ResNet-50 network architecture
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Figure 4 Example of a malaria microscope image and its corresponding rectangular box labeled image
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Figure 5 Example of a malaria microscopy image and its corresponding mask labeled image
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Table 1 Comparison of segmentation results
% DSC mloU MPA (% s 4=
DeepLabv3+ 0.8177 0.7006 0.8250 0.9337 0.8085 0.8300
U-Net 0.8197 0.7199 0.8130 0.9400 0.8241 0.8173
ResUNet 0.8468 0.7619 0.8388 0.9450 0.8559 0.8388
LSS 0.8740 0.7685 0.8528 0.9655 0.8795 0.8641
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Figure 6 Visualization comparison of segmentation results
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