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Purpose: We present a dehazing algorithm using dark channel prior (DCP) and bright channel prior (BCP) to enhance the quality
of retinal images obtained through conventional fundus photography.

Methods: A retrospective analysis was conducted on retinal images from patients who visited Gangnam Sacred Heart Hospital
between January 2000 and September 2022. These images were captured using a digital fundus camera (KOWA Nonmyd 8S
Fundus Camera, KOWA Company, Nagoya, Japan) without pupil dilation. We used two mathematical algorithms: DCP only and
DCP and BCP combined. The original, DCP-processed, and DCP & BCP-processed images were compared. Fisher's exact test

was used to identify significant quality improvements.

Results: The DCP and the newly proposed DCP plus BCP algorithm effectively eliminated haze and enhanced the contrast of
cataract images. Notably, DCP demonstrated limited improvements in fundus photographs from patients with small pupils,
whereas the proposed DCP plus BCP method effectively revealed previously obscured retinal details and vessels. However,
these methods exhibited limited performance in severe cataracts compared to the clear images obtained after surgery. The qual-
ity enhancement with the proposed method was significant in photographs of patients with cataracts (p = 0.032) and small pupils

(p <0.01).

Conclusions: Our algorithm produced clearer images of blood vessels and optic disc structures, while significantly reducing arti-
facts in fundus images from patients with small pupils or cataracts. The proposed algorithm can provide visually enhanced im-
ages, potentially aiding physicians in the diagnosis of retinal diseases in patients with cataracts.
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Figure 1. The flowchart of the image processing for the color fundus photograph. (A) Dark channel prior (DCP), (B) bright channel
prior (BCP) and (C) proposed method: sequential application of DCP and BCP.
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Original image

Mild cataract with IRMA

Mild cataract with NVD/
NVE

Small pupil with drusen

After DCP After DCP/BCP

Figure 2. Enhancement of fundus photography with mild cataract with intraretinal microvascular abnormalities IRM A), mild cata-
ract with new vessel disc (NVD)/new vessel elsewhere (NVE), and small pupil with drusen. DCP = dark channel prior; BCP =

bright channel prior.
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Table 1. Quality assessment after dark channel prior and proposed method

Quality of original image (n) Quality after DCP (n) Quality after DCP/BCP (n)
Cataract image
Poor (36) Poor (15) Poor (8)
Moderate (19) Moderate (22)
Good (2) Good (6)
Moderate (17) Poor (0) Poor (1)
Moderate (16) Moderate (3)
Good (1) Good (13)
Small pupil image
Poor (42) Poor (24) Poor (2)
Moderate (18) Moderate (26)
Good (0) Good (14)
Moderate (8) Poor (0) Poor (0)
Moderate (6) Moderate (2)
Good (2) Good (6)

DCP = dark channel prior; BCP = bright channel prior.

Table 2. Comparison of dark channel prior adapted images and proposed method adapted images in cataract and small pupil fundus
photograph

Image with improvement Image without improvement  Total p-value
DCP in cataract image 22 (41.5) 31 (58.5) - 0.032"
DCP+BCP in cataract image (proposed method) 33 (62.3) 20 (37.7) '
DCP in small pupil image 20 (40.0 30 (60.0 N
pup £ “0.0) (60.0) 50 <0.010
DCP+BCP in small pupil image (proposed method) 48 (96.0) 2 (4.0

Values are presented as number (%).
DCP = dark channel prior; BCP = bright channel prior.
*Statistical significance was tested by Fisher's exact test.
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Figure 3. Comparison between images after cataract surgery and algorithm-processed images. (A) An original image of a cataract
patient. (B) Dehazed result using dark channel prior (DCP) and bright channel prior (BCP) algorithms. (C) Fundus image taken after
cataract surgery (D) An original image of a cataract patient. (E) Dehazed result using DCP and BCP algorithms which showed lim-
ited improvement in visualization of the retina and retinal vessels. (F) Fundus image taken after cataract surgery.
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SN 42 He MY 7|8t REl(dark channel prior)t =2 HE & 7|8 @2 (bright channel priorn)& 228 MZ2 AN HE
E¢ 24Z2 Sol s M(dehazing)2 50 LBt Ot ALRIQl EAIE JHMB Q2 M o Aeto] XHE o F&tstn ¢A| staixt
ot

CHabmf B 2000F 26| 20223 97X 28 SXEQl Lk Otx] ALXlof| 7|29 W2 HE FH 7|8 RE HAE 2 YAS
MEol EUCH e ALY W2 HE Y2 JE REZ2 M6 ME MAIE 2 WAZ ME0 AT, #Udes = S8 (haze)O|
HME ARRIE Hlmotd, ZH SN |oj0|gt FH JHM0| O|RHF=X] E7| flof mMde Hetot ANYHE ALZotICt
Zab B SIXfolN He P FE V(g DEE ME6t ARRla MAE WHE M8 AXI0l  £2 A SE2 EXen, MA|
H YHE d8ct 429 2H0| o EUC 30| A2 Xtel 2, MAIE HHE MEY i {EA Ho[H Letnt S 220|
JHASEIRIOH, W A,E 3 H2 AR O 7i7h2 &2 EQICH WA atxtet 22 53 SXte] AR 20 MAIE 2o
=& JHM H|80| 2t2t 62.3%, 96.0%=2 F2l0|5tA &=UCHp—value<0.05).
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=0/, §H2 < E%EP otﬂg TtN Sl LMol O L2 dHT XIR2E & 2+ JAEE =2 2 US AOo[L,

HkA|S| / Sehie Park

BHYTISt OJTTHS OtTptmAl
Department of Ophthalmology,

Hallym University College of Medicine

52



