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[Abstract]

In this paper, we studied a system that detects and analyzes the pathological features of diabetic retinopathy
using Mask R-CNN and a Random Forest classifier. Those are one of the deep learning techniques and
automatically diagnoses diabetic retinopathy. Diabetic retinopathy can be diagnosed through fundus images
taken with special equipment. Brightness, color tone, and contrast may vary depending on the device. Research
and development of an automatic diagnosis system using artificial intelligence to help ophthalmologists make
medical judgments possible. This system detects pathological features such as microvascular perfusion and
retinal hemorrhage using the Mask R-CNN technique. It also diagnoses normal and abnormal conditions of
the eye by using a Random Forest classifier after pre-processing. In order to improve the detection performance
of the Mask R-CNN algorithm, image augmentation was performed and learning procedure was conducted.
Dice similarity coefficients and mean accuracy were used as evaluation indicators to measure detection accuracy.
The Faster R-CNN method was used as a control group, and the detection performance of the Mask R-CNN
method through this study showed an average of 90% accuracy through Dice coefficients. In the case of
mean accuracy it showed 91% accuracy. When diabetic retinopathy was diagnosed by learning a Random

Forest classifier based on the detected pathological symptoms, the accuracy was 99%.
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I. Introduction
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III. Classification of Diabetic
Retinopathy using Mask R-CNN and
Random Forest Classifier
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Fig. 1. Architecture of Automatic Diabetic Retinopathy
Decision System
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Fig. 3. Retinal Lesions Associated with Diabetic
Retinopathy: (a) Microaneurysms (b) Retinal Hemorrhage
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Fig. 6. Data Restoration for Training Mask R—CNN:
(a) Input Image (b) Restored Image
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Table 1. Training Data Input Transferred to the
Random Forest Classifier
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Number of Pixels of Microaneurysm and
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Table 2. Experimental Hardware Environments

CPU Intel i7-10700K @ 3.8GHz
RAM 32GB
GPU NVIDIA GeForce RTX 3070 8GB
0S Windows 10 Education
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Table 3. Number of Classification Data Set

Data Set Number of Data Set
Training Set 270
Testing Set 134
Total 404
S 270709] X G Holl EXfjste nAEdR 2 o
U5Y WHs Toks 549 AaEAel o dofel
10447115 St5ol ARESHITH RGPz RE Jd=
&0 Stgo Mg THEEY vNEUR 999
Mat T 49 et

Table 4. Categorization of Fundus Images

Data Set Number of Instances
Hemorrhages 613
Microaneurysms 431
Total 1044
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Table 5. Categorization of Fundus Images with
Respect to Dice coefficient and Mean Accuracy
between Mask R-CNN and Faster R-CNN Method

File Dice coefficient Mean Accuracy
No Faster Mask Faster Mask
’ R-CNN R-CNN R-CNN R-CNN
1 0.75 0.82 0.91 0.98
2 0.72 0.84 0.86 0.85
3 0.73 0.85 0.91 0.91
4 0.74 0.86 0.92 0.91
5 0.74 0.86 0.85 0.87
6 0.65 0.92 0.86 0.87
7 0.81 0.89 0.88 0.89
8 0.65 0.96 0.94 0.92
9 0.72 0.92 0.93 0.87
10 0.71 0.88 0.91 0.94
11 0.79 0.85 0.88 0.89
12 0.72 0.83 0.85 0.88
13 0.69 0.85 0.87 0.88
14 0.75 0.95 0.92 0.94
15 0.72 0.86 0.91 0.95
16 0.74 0.88 0.84 0.88
17 0.78 0.94 0.86 0.95
18 0.75 0.96 0.95 0.97
19 0.77 0.84 0.85 0.89
20 0.71 0.83 0.93 0.94
21 0.82 0.91 0.94 0.93
22 0.71 0.96 0.95 0.91
23 0.76 0.88 0.89 0.87
24 0.81 0.86 0.94 0.94
25 0.75 0.84 0.93 0.92
26 0.73 0.85 0.92 0.91
27 0.68 0.86 0.88 0.87
28 0.79 0.94 0.94 0.97
29 0.75 0.89 0.92 0.95
30 0.65 0.85 0.96 0.94
Avg 0.736 0.881 0.903 0.913
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Fig. 7. Diabetic Retinopathy Pathological Characteristic
Detection Results using:
(a) Mask R-CNN (b) Faster R—~CNN
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Table 6. Categorization of Fundus Images after
Image Augmentation

Table 7. Categorization of Fundus Images with Respect
to Dice coefficient and Mean Accuracy between the
Plain and Image Augmented Mask R-CNN Method

Data Set Number of Instances
Hemorrhages 1360
Microaneurysms 1044
Total 2404
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Dice coefficient Mean Accuracy
File Image Image
No. Mask Augmented Mask Augmented
R-CNN & Mask R-CNN & Mask
R-CNN R-CNN
1 0.82 0.89 0.98 0.92
2 0.84 0.88 0.85 0.94
3 0.85 0.86 0.91 0.89
4 0.86 0.92 0.91 0.95
5) 0.86 0.93 0.87 0.88
6 0.92 0.86 0.87 0.92
7 0.89 0.88 0.89 0.91
8 0.96 0.93 0.92 0.92
9 0.92 0.92 0.87 0.89
10 0.88 0.88 0.94 0.95
11 0.85 0.92 0.89 0.93
12 0.83 0.91 0.88 0.92
13 0.85 0.87 0.88 0.89
14 0.95 0.89 0.94 0.88
15 0.86 0.88 0.95 0.91
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Table 10. Accuracy, Sensitivity, and Specificity after
Classification using Random Forest Method (%)

Mask R-CNN
w/ Image Faster R-CNN
Augmentation
Accuracy 98.50% 94.77%
Sensitivity 99.02% 99.02%
Specificity 96.77% 80.64%
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Table 11. Comparative Analysis with Other Research
Results (K.= kappa coefficient, Acc.=Accuracy,
Sen.=Sensitivity, Spe.=Specificity, AUC=Area Under
Curve, Pre.=Precision, F-1=F-1 score, Ka.=Kaggle,
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MC=Messidor/Customized, Prop.=Proposed)
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