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Automatic diagnosis of diabetic retinopathy based on interpretable features fusion
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Abstract: Diabetic retinopathy (DR) has become one of the 4 major common causes of blindness, and the early diagnosis can

effectively reduce the risk of visual impairment. By the fusion of the interpretable features of deep learning, an automatic

diagnosis method of DR is proposed in the study. After different labeled lesion images are generated by two interpretable

techniques, namely guided gradient-weighted class activation mapping and saliency map, the feature vectors of the original

image and the two generated images are extracted via convolutional neural networks. Finally, the fusion of 3 kinds of feature

vectors is carried out, and the results are input into support vector machine for realizing the automatic diagnosis of DR. For

the data set with 1443 color fundus images, compared with those of basic ResNet50 model, the accuracy, specificity,

sensitivity, precision and Kappa coefficient of the proposed method are improved by 3.6%, 2.4%, 5.8%, 4.6% and 7.9%,

respectively. The experimental results show that the proposed method can effectively reduce the risk of DR misdiagnosis.
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Figure 1 Examples of color fundus images
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Figure 2 Diabeticretinopathy automatic diagnosis network framework diagram after interpretable features fusion
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Figure 3 Examples of fundus images processed by GC or SM
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Figure 4 Comparison of the separability of feature vectors based on T-SNE in two—dimensional space
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Figure 5 Performance curve of the classifier in basic model and after features fusion
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SVM-Linear 0.941[0.917-0.964] 0.925[0.881-0.970]  0.960[0.936-0.984]  0.905[0.857-0.954]  0.870[0.837-0.903
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