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[ Abstract] Objective To propose and evaluate the cycle-constraint adversarial network ( CycleGAN) for
enhancing the low-quality fundus images such as the blurred, underexposed and overexposed etc. ~ Methods A
dataset including 700 high-quality and 700 low-quality fundus images selected from the EyePACS dataset was used to
train the image enhancement network in this study. The selected images were cropped and uniformly scaled to 512x
512 pixels. Two generative models and two discriminative models were used to establish CycleGAN. The generative
model generated matching high/low-quality images according to the input low/high-quality fundus images, and the
discriminative model determined whether the image was original or generated. The algorithm proposed in this study was
compared with three image enhancement algorithms of contrast limited adaptive histogram equalization ( CLAHE) ,
dynamic histogram equalization ( DHE ), and multi-scale retinex with color restoration ( MSRCR ) to perform
qualitative visual assessment with clarity, BRISQUE, hue and saturation as quantitative indicators. The original and
enhanced images were applied to the diabetic retinopathy (DR) diagnostic network to diagnose,and the accuracy and
specificity were compared. Results CycleGAN achieved the optimal results on enhancing the three types of low-
quality fundus images including the blurred , underexposed and overexposed. The enhanced fundus images were of high

contrast,rich colors, and with clear optic disc and blood vessel structures. The clarity of the images enhanced by
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CycleGAN was second only to the CLAHE algorithm. The BRISQUE quality score of the images enhanced by
CycleGAN was 0.571, which was 10.2%, 7.3% , and 10.0% higher than that of CLAHE, DHE and MSRCR
algorithms , respectively. CycleGAN achieved 103. 03 in hue and 123. 24 in saturation, both higher than those of the
other three algorithms. CycleGAN took only 35 seconds to enhance 100 images,only slower than CLAHE. The images
enhanced by CycleGAN achieved accuracy of 96. 75% and specificity of 99. 60% in DR diagnosis,which were higher
than those of oringinal images.  Conclusions CycleGAN can effectively enhance low-quality blurry, underexposed

and overexposed fundus images and improve the accuracy of computer-aided DR diagnostic network. The enhanced

fundus image is helpful for doctors to carry out pathological analysis and may have great application value in clinical

diagnosis of ophthalmology.
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Figure 1 Examples of high/low-quality fundus images A :High-quality image B:Blurred image

C:Underexposed image D :Overexposed image
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Figure 2 Preprocessed fundus images A :Original fundus image The diameter of the circular region
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Figure 4 The network structure of discriminative model
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Figure 3 The network structure of generative model
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Figure 5 Fundus image enhancement algorithm flowchart based on CycleGAN
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Figure 6 Results of blurry image enhanced by different algorithms A Original image B:CLAHE enhanced image C:DHE enhanced image
D:MSRCR enhanced image E:CycleGAN enhanced image
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Figure 7 Results of underexposed image enhanced by different algorithms
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Figure 8 Results of overexposed image enhanced by different algorithms
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Table 1 Quantitative evaluation results of enhanced images
Biahe &R billig BRISQUE @ G
wa (%) [M(Q,,0:)] (meanzSD) (meanzSD) (meanzSD)
J5 & 200 7.81( 5.94, 13.05) 0.556£0.067 106.47+ 7.34 158.26+51.34
CLAHE 200 155.34(104.93,236.82) 0.518£0.145 87.81+ 6.06 87.96+30.50
DHE 200 16.24(  7.71, 39.33) 0.5320.147  99.00+ 7.09 112.56+48.86
MSRCR 200  5.59( 3.61, 8.94) 0.519£0.071  98.16+20.59 123.16+45.82
CycleGAN 200 61.75( 49.30, 75.69) 0.571£0.095 103.03+ 3.58 123.24:41.40

1 :CLAHE : FR 4 %5 16 B B 38 N & J5 &5 DHE : 5} 25 & J5 181 35 i k5
MSRCR : 5 (4 K B 19 25 R Retinex; CycleGAN A #1 A i %] 5T 19 2%

Note: CLAHE ; contrast limited adaptive histogram equalization; DHE ;

dynamic histogram equalization; MSRCR; multi-scale Retinex with color

restoration ; CycleGAN ; cycle-constraint adversarial network

R2 HREEGDRISHER(%)

Table 2 DR diagnosis results of enhanced images ( %)

A CLAHE DHE MSRCR  CycleGAN
e R 93. 00 95.75 88.75 94. 00 96.75
I S 96. 70 98.48 92.39 95.91 99. 60

T DR PR B0 ) B8 5 42 5 CLAHE : [R i X Lo B 3 38 i B 7 15
DHE . 375 # J7 & ¥ 4 1 ; MSRCR: #if 5 % 1% & i £ K ¥ Retinex;
CycleGAN 1 5 A J0 % BT ) 4%

Note : DR : diabetic retinopathy ; CLAHE ; contrast limited adaptive histogram
equalization; DHE: dynamic histogram equalization; MSRCR: multi-scale

Retinex with color restoration ; CycleGAN ; cycle-constraint adversarial network
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B - B - R

R 5 F 3€ 3 48 B 15 2 187 fR R

AMD : 4F % AH & 14 5 BEAE 14 (age-related macular degeneration )

ANOVA ; BA R & J7 223 1 (one-way analysis of variance)

BUT . {H & i 24 i} [8] ( breakup time of tear film)

DR . B FR 9% A8 I’ I 9% 2% ( diabetic retinopathy)

EAU : 5256 B B G 8 M 45 45 5 4% (experimental autoimmune uveitis )

EGF . 3 7 4= K [ F (epidermal growth factor)

ELISA . ifj Bt % 3% W B 0 %€ ( enzyme-linked immunosorbent assay)

ERG : ¥ I} i 5, & ( electroretinogram )

FFA . 5% 6 F MR 1L % 1% % (fundus fluorescein angiography)

FGF : i 27 4k 20 Jfd A= < X+ (fibroblast growth factor )

GFP . 4 {6,75¢ Y6 5 H ( green fluorescent protein)

IFN-y:y T % (interferon-vy)

IL: F 4l g4 2 (interleukin)

I0L: A\ T fetR & (intraocular lens)

IRBP ;5 [a] 52 4 40 85 2 ¥ i 45 & %% 1 (interphotoreceptor retinoid
binding protein)

LASIK : 43 F 06 /A B A7 B8 8 R (laser in situ keratomileusis )

ICGA . 15| W35 25 [ 4% ¥& %2 (indocyanine green angiography)

LECs: R & [ K2 41}l (lens epithelial cells)

miRNA : f#f/)» RNA ( microRNA)

MMP . %t i 45 J& 25 1 i ( matrix metalloproteinase )

mTOR I L, 37 9 28 & 10 % £ ¥ % 1 ( mammalian target of

rapamycin )

MTT . Y FF 35 18 % w5 ( methyl thiazolyl tetrazolium)

NF: #% % 5% Al 7 ( nuclear factor)

OCT: Y640 T W7 2 41 4ili ( optical coherence tomography)

OR : e # [t (odds ratio)

PACG . J5 & 1 1] f1 T4 35 G IR ( primary angle-closure glaucoma)
PCR . 2B & Fi 4% 2 /2 b7 ( polymerase chain reaction )

RGCs ; ¥ 9 JI5 15 21 Jfd, ( retinal ganglion cells)

POAG: i & 1 IT £ #1735 Y6 HR ( primary open angle glaucoma)
RB - W[5 B B 240 J2 )i (retinoblastoma)

RPE : ¥ W 5 {5, 2% | J% (retinal pigment epithelium)

RNV . ¥ 9 i 35 A= 1L 45 ( retinal neovascularization)

RP . #1962 745 1 (retinitis pigmentosa)

ST v: BE Rl TH W 53 W8 1 % ( Schirmer T test)

ShRNA : /5% J¢ RNA (short hairpin RNA)

siRNA ; /N T3 RNA (small interfering RNA )

a-SMA : o-F 15 WAL 2 [ ( a-smooth muscle actin)

TAO : FF R i A6 5 HR 9% ( thyroid-associated ophthalmopathy )
TGF ;. # 4k 4= K [N 7 ( transforming growth factor)

TNF : i+ 983 PR 3E A 7 ( tumor necrosis factor)

UBM ;. #8 75 4 ¥ B #3045 (ultrasound biomicroscope)

VEGF : il % N Bz 4k K [Fl 7 ( vascular endothelial growth factor)
VEP . ¥4 5 & Hi {7 ( visual evoked potential )
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