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Recognition and Classification of Diabetic Retinopathy Based on
Improved DR-Net Algorithm
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School of Mechanical Engineering and Automation, Zhejiang Sci- Tech University, Hangzhow, Zhejiang 310018, China

Abstract In this paper, an improved DR-Net recognition algorithm based on DR-Net model is proposed to solve the
problems of unbalanced diabetic retina image dataset, insufficient feature extraction of tissue morphology, and low
classification accuracy of diabetic retinopathy. The Kaggle APTOS 2019 contest dataset is selected, which is
expanded with various data enhancement strategies, and the Eye-PACS dataset is introduced for unbiased
correction. Moreover, morphological methods such as Gaussian filtering are used to intensify the fundus image
characteristics. Then the aggregated residual structure of ResNext50 is pre-trained and the parameters and structure
of the baseline model are fine-tuned through transfer learning. In addition, the cavity convolution is introduced to
replace the ordinary convolution, and the attention mechanism is also involved to further optimize the model
performance. The test results show that the improved DR-Net model greatly improves the accuracy of diabetic
retinopathy classification: the positive and negative predictive values reach 97.9% and 98.03%, respectively, with
the accuracy being up to 98.04 %, which is much higher than those of similar algorithms. In short, the screening of
retinopathy with the assistance of deep learning technology is of guiding significance for the research of early
automatic screening for retinopathy.
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Table 1 Dataset correction and distribution
Dataset No_DR Mild_DR Moderate_ DR Severe_ DR Proliferate. DR
APTOS 2019 413 96 262 49 76
Data cleaning 363 90 192 41 72
Enhanced &. extraction 1089 720 768 672 864
Eye-PACS 25810 2443 5292 873 708
Data cleaning 25584 2317 5040 554 686
Enhanced & extraction 2325 2317 2520 2219 2058
Proposed dataset 3414 3037 3288 2891 2922

Bl 3 JRE Y RGB il i i E R
Fig. 3 Original image and RGB channel output image
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Fig. 4 TImage preprocessing process and means. (a) Original image; (b) filter denoising; (c) contrast enhancement;

(d) light equalization
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Fig. 5 Architecture of improved DR-Net network model
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Fig. 6 Dilated convolution under different expansion rates. (a) d =1; (b) d=2; (¢) d=3
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Fig. 9 Examples of improved DR-Net test results
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Fig. 12 Comparison of confusion matrix among mainstream models on DR classification. (a) Densenet121;

(b) Mobilenetv2; (c) Efficient-net b5; (d) ResNext50
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Table 2 Comparison results of existing DR classification algorithms unit: %

Related research Sensitivity Specificity PPV NPV Accuracy
Densenet121 82.25 83.28 83. 60 84.59 83. 36
Mobilenetv2 87.22 87.91 90. 46 87.98 88. 06
Ref. [26] 97.11 86.03 93.41 96. 63 92.01
Ref. [27] 97.72 87.11 89.17 97. 45 92.41
Efficient-net b5 92. 39 92.91 92.52 92.62 92.55
Ref. [28] 84. 80 90. 40 92.72 92.92 92.95
Ref. [29] 90. 50 95. 60 94. 17 90. 96 96. 90
Ref. [30] 95. 60 98.70 98. 66 95.73 97. 20
Improved DR-Net 97.91 98.03 97.90 98.03 98. 04
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