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Hypertensive retinopathy classification method based on
feature enhancement mechanism research
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Abstract . Hypertensive retinopathy is a fundus disease caused by high blood pressure, the traditional classification method is mainly
based on the regional features to analyze, the identification basis is relatively single, and the accuracy is not high. In order to improve
the classification accuracy, this paper proposes a classification method of hypertensive retinopathy based on the feature enhancement
mechanism and designs a fundus image feature enhancement method based on different image color spaces, i.e., to enhance the lesion
features in the fundus photographs, to increase the input feature value of the model, and to input the processed images into the
improved DenseNet model for classification, so as to achieve the accuracy of the classification of hypertensive retinopathy ( HR).
lesion (HR) classification accuracy. The sensitivity, specificity, and accuracy of the proposed feature—enhanced classification method
for hypertensive retinopathy (HR) were tested using the publicly available dataset OIA—ODIR and reached 97.09%, 98.79% , and 98.
67%. Compared with the existing HR classification method, the classification method proposed in this article is better.
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Fig. 1 Image after going to the black edge
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Fig. 2 Image feature enhancement method
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Fig. 3 Fundus image after feature enhancement
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Fig. 4 Design of attention module in the model
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Fig. 6 Dataset represents fundus images
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Fig. 7 Accuracy curve change plot during training
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Table 1 HR classification performance comparison of different
resolution sizes

VA IES HER 3/ % BN % R/ %
128x128 96.16 97.08 95.95
256x256 98.01 95.57 98.38
512x512 98.67 97.09 98.79
768%768 96.90 94.66 98.78

1 024x1 014 96.46 93.68 98.78
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Table 2  Comparison of experimental results between the image

processing method in this paper and the existing image

preprocessing methods

LPNEIEEA R/ % U/ % FESEE/ %
oAb R E % 97.57 96.60 98.38
A 5 i AR 98.67 97.09 98.79
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Table 3 Comparison of experimental results between the improved
model DenseNet201-CBAM and the original model

DenseNet201
A HEmnE/ % R/ % R %
DenseNet201 96.47 93.20 99.19
Ui Y DenseNet201 98.67 97.09 98.79
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Table 4 Performance method with other HR classification methods

W5 i W2/ % WU % Rt/ %
R LA P22 45 17 95.00
TS Fe bk 42 LL R B 92.55 93.80
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ARSIy 98.67 97.09 98.79
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