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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

T2 W] BRGY Aster AVIMY ¥¥ES
Zol]7] 93t A&AQ R &7t Bastet £ot G2 A
S BY, = AR Al 8, g S ® G 8
b 22 oot Adl @ A oM @3 Ak R
2 QITH1]. ol2iet 52 W2 =7iollAf Aol B A
Y 2 §i22 AKsto] sig =7te] 9|y A& 2
REe 23 Hz). G} oAEE 2EEY il
‘T yA T =" (Digbetic Retinopathy; DR)-& AJQl
oAl Bt AMAE Ao 25k dflor dHA
ATH3]

Frd YUES2 Ty TAANE EolstA UEL
Us g8502 ol ofAl &Hs] 1gEo] QUA] o
FEolY Gitge] f7IRto] AaE, 29 g9 &%
o] £ Y45 WAEC] ZUIRITHAL E Tt SR
Qb0 WS T8/ WHEEY B 28.2%7F T

g S 54 ojufol] skl 22.7%= 6'doA 10FA}

£l 5

12]3 46.9%+= 114 o] Sof estui[5] £15Y 7w et
olfo] w2t
(Proliferative Diabetic Retinopathy ; PDR)¥} ‘H]ZAlA
gy =" (Non Proliferative Diabetic Retinopathy ;
NPDR)2 #FHt UA@H, Fddas, 213 g2t Y
29| et QlS ol v]SAY TS oE FREAL
uro] SAY TS TR mido o FAo

!
st o2 Q) o U ulgAR A o] 7] A

o o o L

o
Al El BeolH6]. B8/ dHESal ot A

- WPS| oot =’
[Slm e o100

w2y

o
ol
—_

48>
29 AF dgoel 7hsst 48 A= Y v
AV RS 27] dat ARt Al=oltH7]. o] & oF
A AAe e TS Fste A=A Yo
7R AR &Y Az Uehs g2jsty S
nNEY, 9 28, dddEE 5 ZNEYY Wets ¥
28 4 Qo8] 12U B 2t B T
S AP solue 50 Blsf XYY TEstaL A
@ole 2= Herte] a "elo] f52 Aot
ARG ZY ARl m2t 97], BY, M SOl A
o7t & 4 e bt Wt obd e 2719 7t
570 EAlitt. E3t oAl FuA Ashrt S T
@ot=t ol 235]2 AWS FAlsHEHl o2lee &
& Qo TpA TR Fergse] AdAoli: A
AU AES Yot Ao Bl ties AL Aot AT
ASA s Helde olgst Fgd YIS 8
I a7 dH 25 R S5 ool et A4 oY

spil MaAE D 9ouf ol2igh Ant ol Ay w
of Ul AR AAIE B Bt A 2R KT

2 =AM AAYFeZRE Mask R-CNN[SIZ
ol-gsto] Tt YHSO HeA EAQI vNEH
I g9 £, 48 AEE 52 AEstL oY A R
< Random Forest Classifier{ 10| 3}

WY YUY FEE AE NS AR Al

ARS A

AstATt. Ajtete AlAEY] Ry YHES Ats A
35 A3 QG TR I F DR URolAl=Y|
TR YUAESY Belstd S dEske dE U
A%} Random Forest 277|158 ©o|&sto] 542 A5t
1 AldstE 25 9AolH

Mask R-CNNZ ©]-&qt 4% TN = Fed T
S| Bt EAQ nMgdRet 9 U 228
AEstes AAlstltt. AELAE FRIIS o &5t =
F HAY AN = TRt NG RR Y &
H 58S 7oz JES FAHot & ¥52 Adstes
AR o] AlARE Ty YUHS A0 oA
V&= Areor TRt 2 dig {2y S4S 7IRte
2 3 AUAQ X uE AR =2 RIEet 5o
= SoleS AxE g o

= oo 280A 3R dUEsY 54 4F
g QP FAe] At I & 7ol Bt 71E
ol tisted avfst oM 2 ARE Fsl ALt

Gy FaAgEe) Yejsts 542 24 Aus
7] I3t A7 Tl B2 silolA s ] o|zox)
1 Jar

1 9len olg 3l =G A2l 7leaH1l] 71A
22j1 gl USRS 7le2l12] ot ol E&H

o v

52 o] BEE L Ut Yeld 7|ee B2 A
S DR ABNFYORA olF 2 7 ol sisel
S3g ol Bde TEEYC A7) R 197040

o N
ol
==

olt
1
ox,
olr
o)
)
1

N
=
rx



Classification of Diabetic Retinopathy using Mask R-CNN and Random Forest Method 31

%)) 3 Graphic Processing Unit (GPU)E 2
Qo] M 8oz oz G 914 FofolA] 53] Fofut 2
B wolm k. =3 wolelg oz slof
Convolutional Neural Networks (CNN)S 83t o]g
Y A Y Y A s AlsgEAL ok
CNNE TH2 41749 ©dlo] 2 543} ok 2 )
2 ASi 2245 J212 of2] 7l 24 Asoz 7
shol g 7HA|AL Qlon 2 A5 s TlolEfRt
sk55t7] S8l tlolH & 2AlstaL AAkE

Patth. CNNS 53] o2 94 £4 2 s4jo] Bag

[

)
N
N

rr

d|m
ba)
tjo
ol
ok
>
ol

Yo dm >
()]
=]
5
)]
2
@D
=R
@
]
(@]
=,
=Z
tjo
o,
oo
ol
ol
2
ofl
l:r;
i)
%
o
i=)
0
=)
o

=2

0
0
el
i
o
e
>
> o
ol
tjo
nx
)
ok
2 32
—{O[: Q‘

o W1 19 ud
[
o
2
)
o2
o
)
)
1=)

ox & or®orhu oy Q2

olr
tjo
ol
)
2
>,
)
>
o,
o
0
fas
2
-+
32
)

Shankar({16]x= Z2| ¢FA oJu]x|oA] DRg ZA|staL
B2=2357] st A= Hyper Parameter Tuning
Inception-v4 (HPTI-v4) @22 A7) 519t A&2] ©
AloA]  Contrast Limited Adaptive Histogram
Equalization (CLAHE) 2@ AL85}0] oA HAFO] Ty
255 NS & s|2AETH T[Nt 28 RS ARESto]
&2 € ojujx|Y] 25 At o]%of] HPTI-v4 &
d2 Agst 229 olulxoA Hagt S FET
C}2 Multilayer Perceptron (MLP)S Ap&sto] E=5
2aelgch

Qummar(17] & g/IH02 A1& 7k54t wat ojo]
A9} Kaggle HlolEIIS ALg31o] 5 j0] 415 71224
Al7dorgd  (Resneth0, Inceptionv3,  Xception,
Densel21, Densel69)59] AAES EHAI7|L 213
g 2 27 7152 7hAdsk.

Li[18l= A2 YAlstE olulx] =] Al He] Y&
I YEUA SRS AEStd DRy Diabetic Macular
Edema (DME)E EA]o] F&35t= Cross-Disease
Attention Network (CANet)S A|Qtstict

& AolM= Kaggle[19]1} Messidor{20] FollA &
Moz Alashs At WY HolElE ARESHYIT

—_
=

2T v w
2701 §he Sk WS ARgal] 9la) Y 1Y

= ol&eh 242 WS AA staoll o autdd HolH

ol
ok
8,
]
e
g
D)
1o
=OL_I‘
)
H
H
rot
D)
i)
21'4
Br
i)
ol
ol
8,
o L

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
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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,
Me.=Messidor, Id.=IDRI Datasets, Cu.=Customized,
MC=Messidor/Customized, Prop.=Proposed)
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