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improved Retinex image enhancement and deep learning

Classification and detection method for diabetic retinopathy based on the combination of
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Abstract: Objective To present a novel method based on the image enhancement algorithm and deep learning for

automatically classifying diabetic retinopathy images, and realizing the graded classification of fundus lesions. Methods An

improved Retinex image enhancement algorithm was employed to preprocess the original images for significantly improving

k

image quality and visual effect, and enhancing image clarity and contrast. Then, deep learning method was used to

automatically detect and classify the degree of lesions in different periods. Results The proposed method was advantageous

in improving classification accuracy, sensitivity, and specificity which were 5.4%, 7.4%, and 16.6% higher than those of

traditional Retinex method. Conclusion The proposed method can effectively realize the automatic detection and
classification of diabetic retinopathy, which is helpful to enhance diagnostic accuracy and efficiency.
Keywords: deep learning; image classification; image enhancement; diabetic retinopathy

A5 PR3 %o N\ 2 f B 7 £ TR S
[ W75 B #A12024-02-23

TRAIEFE ], B 5] &Y
1 DR 95 408 I 5955 22 ( Diabetic Retinopathy, DR )43 4

JiE , R AT B A TG ki 2 W, st
2020 4FE A BR TG B N A DR 1 AR AR © ik 3
103142, T 5] 2045 47653 22 16.05Z N X Ff
[EE£TB | EK A RBFE R4 (82001906, 82173753 ) 5 TUJI44 EH AR FH

2FHE 42 (2021Y10138) 5 DU A e Algr Bk I 2R 150 5
(8202313705079, S202213705102)

com

PN A T AE AR T BUIR AP B2 40, 3 il ) 324
[1E& @A ] £ S0, 155 7 1]« R AL 3R, E-mail: 3030645509@qq.

E-mail: amberliu@cmc.edu.cn

I BAE =BG DL, AT RE T A B 9 1 199 5 A 7%
FIIEH 0T S o A 0 2 ™ o
(B X R LT, Wi, 0 BRI 7 )« B2 PR A 5 Ak B

B
7

Wi o PRI, XA
PR R A 2o S S AR T WS A A I R AR A S

A7 5 1 A HIRJEC 75 A 192 W, W] AT S50 Ao B 5 |
A A HR PR AR B0 0 AR, ) T (0 R R T 15 7Y



9 , . Retinex

- 1087 -

o kAR NS W, 32 SRR = A= 19 32 WA AR
R PEAY 7 K32 B 2 A A R 52, o't IR
ANIE) UG AR T A AR TR A T R Bk
By EHR B TR . R RS BG4S A A
PREFPRIR 12 W 0 SR, BRI, PR o AR 25 185
AW MERE . AECFPRE LR BRI R B R 1Y)
N A e AT IC L, BRI s BOR BB 4 =
PEIAG 1 R 0 50 S o8 = A BB 408 T 37 AT b YR 252 1)
(41 {5 2, DI 5512 W 0 v 1 Fnie e . T
] PN A7 32 22 100 MR Y PR B8 5 0 A L7 K 3 Ak
X b BE A7 B A 38 0 E 5 BI04k (CLAHE) | Retinex
BIG I smALAE . L7 (B B 4 1k 3 2o 58 o3 A [R5
MR A, A2 AN K BE G AR G rb 5 32 i b o
A3 AH AT GE 2l AR EUR I Lt 53 A, S 3 BRI Rk
H., CLAHE 3 o 5 AXT Eb BEFR I HLE] , G fl
4t 1.7 VR 34 A A 7E 3 5 RGO LU B2 I A BRI, AT
AE 2 T B0 B 1 5 MR R R K AE R . AR S
Retinex 43 58 S5 7L LU NR A, HAT LR B 41y
5 R T 2R 55 S B R R e A
RETE 15 45 20 2530 [l Y [W) i O35 (81 52, By 7= A0l
G, L, AR SCHE ) MHE B Retinex R 3E 58 J7
2, B IR R G A XS LR, R iP B R f5
DAAJRAS 5 o i 0 BV P15, 5 Bl I A O iy b o o7
I A8 DX, SR VAT IR T P A A U 4R o

T30 ARG R N T 5328 7 1 A b 3K 4 TR P &
Q5 BAE TR G T RV FORS 7 o T2 i A
RO REL 2 43 M HERR T, T BB R B R IR 1Y
TG MR BE 2 2] Sk e AR TS (145 b B HURE
TEIEFEAT 20 ZE U, A R M2 /=5 12 W %) 25803 RV Ay
PR Pratt 87 KL T 48 L M 242 M 2% (Convolutional
Neural Networks, CNN) #5714 AR JiC K5 43 2200157, 5K
P DR B 53 2 17 {0, 3 2ok 7 Sz o] 2 49 2ok A v o 2K
JIA R W, % DR EG AT HERA 73205 o BRI s 4 il
FH ODIR £ 4E , X 3R BRI 1 HR K R A T — R 51 $i
b PRS i A %) ResNet50 [ 4% H b 4711 25, Al 1 5% 22
D) 4% A5 Y B 0 35, A A b - AT 400 Do) B P14 L A B
MRS B L SR . PE T AE X ResNet
W25 BE AT R E i i 51 A Inception 25 44 , 42 H—Flopr
1) 253 X 45/ 1) CNN H TR IR KRG 4325, iU
BAFRCR . BARCYRTR AIRE BRI 32E TAED
ZA T ICBIR A WBIE 58 T U AN EE B8R (B AE 4
1 HERA SR 7 KSR A R B BRAR LR, R E TR
22 1iF 5% Rl HIR DI PRI 1) Tt Ack B 3o 75 B TG 7 AR U]
15 B AR BCRRAE , S BRI ) 3 S e R R IR
AR RIS W B HERR 2R . AR SCHE H3E o 455 B 1 1A
QIG5 AR FE 27 > B, W b el s RV o

P R A A R B MER I | LA A2 L r B S
Bl B AR O SRR B2 I MR SR . NI, T IRTR
$94 56 B MR 8 2 > AR PR 1L IR0 i 2K A6 I 7 vk
HATH BT (RIS TR

1.1 HEmALIE

AR PR R AE TR B 2 2 YN 2k 2 Fi0) I b e gk
T —FRINEFLIR , HIE R T 5 m8da ny i, ik
ERIRIPERE . M PRI AL B > 24 55, BTk
RIIR A AT Es2 BN Z R0 K 2= 15200 , Qs OHR
B DR RS ZE A TR PRUA 3L, DA o B i 5 A0 11
Jo e IR P R RS TS S I LR
FECHE AT o B A B A R S B R R U —
b B I A AL A Y I AL IR N R

A S5 hR IG5 S Bl 5 — e A By
AT I HJESEER Ayt te "

I [ l |

1 Elg o 2Rz E

Figure 1 Image classification preprocessing flowchart
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Figure 2 Improved Retinex algorithm flowchart
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Figure 3 Comparison of original images and the enhanced images
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Figure 5 Classification algorithm model flowchart
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Table 1 Comparison of classification accuracy of different methods (%)

Tk KA BT AT i % L) AT B
TCHESR T 59.0 61.7
CLAHE 60.8 62.5
Retinex 60.1 61.9
AT 65.7 67.3

#2 FEFGEDLRPEI L (%)

Table 2 Comparison of classification sensitivity of different methods (%)

Jrik RHEBY G/ R % Y5 o2 AU
JeHG R Iy vk 49.2 51.1
CLAHE 53.2 54.5
Retinex 49.3 50.8
SRS 574 58.2
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Table 3 Comparison of classification specificity of different methods (%)
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