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Optic disc detection based on visual saliency in fundus image

Lyu Pengfei' , Wang Ying', Wang Siqi', Yu Xiaosheng®* , Wu Chengdong’
1. College of Information Science and Engineering, Northeastern University, Shenyang 110819, China;
2. Faculty of Robot Science and Engineering, Northeastern University, Shenyang 110819, China

Abstract: Objective Glaucoma is a type of disease characterized by atrophy and depression of the nipple, visual field
defect, and visual loss. It is one of the main diseases that cause blindness and visual impairment. The clinical diagnosis of
glaucoma includes the optic disc, optic cup, intraocular pressure, and the angle between the cornea and iris. Early detec-
tion and treatment are crucial for avoiding visual impairment and blindness. In a fundus image, the optic disc is a bright
yellow-white spot that resembles a circle, and it is the birthplace of the fundus blood vessels. The shape, size, and depth
of the optic disc area and other parameters are important indicators in the clinical diagnosis of glaucoma. Detection of the
optic disc can also help determine the location of other lesions, such as fundus hemorrhage and micro aneurysm. Thus, pre-

cise detection of the optic disc area is also vital. However, the fundus image is often not bright, and its contrast is poor. In
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addition, the fundus structure is complex, and the overlapping of tissues and lesions is serious. These problems pose great
challenges to the accurate detection and segmentation of the optic disc. The traditional single visual saliency method is con-
siderably affected by color and brightness; hence, tissues, such as blood vessels, and bright lesions easily interfere in optic
disc detection. Fully convolutional neural networks (FCNs) classify images at the pixel level, thus solving the problem of
image segmentation at the semantic level. In the process of FCN optic disc testing, the detection results are minimally
affected by tissues (e. g. , vascular lesions) , the borders are rough, and the accuracy is low. To overcome these difficulties
and achieve accurate detection of the fundus image optic disc, this study combines the advantages of the visual saliency
method and FCN, and a visual saliency disc detection method based on the fusion of deep and shallow features is proposed.
Method First, on the basis of the prominent characteristics of the optic disc area, a method based on visual saliency detec-
tion is used to locate the optic disc area. The saliency detection method based on morphological open reconstruction is uti-
lized to extract the candidate solutions of the optic disc so that the enhanced optic disc becomes conspicuous and appears as
a bright circular structure. The center of gravity of the optic disc is obtained and marked, and an image with a pixel size of
400 x 400 with the center of gravity as the center is extracted to segment the optic disc. Second, the Matconvnet computer
vision neural network toolbox is used to extract deep features from the pre-trained model. The pre-trained model uses the
pascal-fcn8s-dag. mat file provided on the official website of the Matconvnet toolbox, which uses the PASCAL VOC ( pattern
analysis, statistical modeling and computational learning visual object classes) 2011 dataset for training. Moreover, the
average grayscale of the disc area is calculated for the 400 x 400 pixel size images to obtain color features. Lastly, by fusing
the color feature, depth feature, and background prior information into a single-layer cellular automaton, the similarity is
judged based on the distance between different cells in the feature space. lterative evolution is performed to achieve accu-
rate detection of the optic disc area in the fundus image. Result The proposed algorithm is experimentally verified on public
datasets of fundus images, namely, DRISHTI-GS, MESSIDOR, and DRIONS-DB. The three datasets are mainly used for
optic nerve head detection, including optic cup and optic disc. The optic disc area can be accurately detected in all data-
sets. The proposed algorithm detects the optic disc area in these datasets, and the evaluation indicators include Dice, Jac-
card, recall, and accuracy. In the DRISHTI-GS dataset, Dice is 0.965 8, Jaccard is 0.934 1, recall is 0. 964 8, and
accuracy is 0. 996 6. In the MESSIDOR dataset, Dice, Jaccard, recall, and accuracy have values of 0. 961 6, 0.922 4,
0.958 9, and 0. 995 3, respectively. In the DRIONS-DB dataset, Dice is 0. 971 1, Jaccard is 0. 937 6, recall is 0. 967 4,
and accuracy is 0. 996 8. In addition, the proposed algorithm is compared with three algorithms, namely, improved circular
Hough transform with Hough peak value selection and red channel superpixel segmentation for optic disc segmentation,
accurate optic disc and cup segmentation from fundus images by using a multi-feature-based approach for glaucoma assess-
ment, and dense fully convolutional with U-shape segmentation of the optic disc and cup in color fundus for glaucoma diag-
nosis. The proposed algorithm has higher accuracy, robustness, and calculation speed than the compared algorithms. Con-
clusion We propose a single-layer cellular automaton optic disc detection algorithm that integrates deep and shallow fea-
tures. Experimental results show that the proposed algorithm can effectively overcome the effects of low brightness and low
contrast of fundus images and the interference of blood vessels, lesions, and other tissues. The algorithm is verified on mul-
tiple public datasets of fundus images and achieves good detection results. It has strong generalization and realizes accurate
detection of the optic disc area.

Key words: fundus image; saliency detection; feature fusion; optic disc detection; DRISHTI-GS; MESSIDOR ; DRIONS-
DB

DOR JES s 2845 200 B A8 L B T R R S TR 4R AE Ay 9
I3 (Jasty 55,2020 , HR T A0 4855 P9 R0 psb 2 A2 0l R
JE SRR A T D, LAt I R A 4 R 3

T OEHRZ 1 SRS FRE R EE R MRS SRR X BT FBOk U,
Z—,FE 2020 ELERAA 8 THNEBAE KR, 7 FHEHRA R TR, HiaFEHR K,
JEHRJE LI 223k (optic nerve head,ONH) 2545 W FEHI2WI R BLE GHIR , I K SREUAE IIGRIT ik,

0 3

i1



$26F/5F9H1 /2021 F£9 A

2y, ¥E, 857, TRA, RAF / AREZHRRKERREZE

AT DU 30k N 2 Al 2 03 3 R AP L DI
FEIm R IG 97 o, IR s /0N (IE 3 5 2 10 ~
21 mmHg) AR (optic cup, OC) 5L (optic disc,
OD)FE H HAZ L (cup to disc ratio, CDR) FREA T
HR I A RS BT B ] S A KN (Tekeli 45,2016 ) 557
T2 W DGR I o RO PR A5 v 2 DXl (G 1
s ) A DN X 75 O IR B 12 W A R A R
o BRTTEIRPRIZ W B0 DXl 0 46 I = 2K 5
Falhbrid: , AMUFERHS , T BIEAE R BN . BEE T
LA RN TR RS2 B &, RS
FRBE WYY 047 )7 R AL B R Ry #4 Herpoxt
R JEG Pl AR A 400 A DX I Py A T e — > E R A

Bl BRI ER b R AR5 P

Fig. 1 Optic cup and optic disc in fundus image
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Fig.2 FCN realizes pixel-level prediction
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ABitfE B ER)R, S ik S ARBGRR
i 7E O I 2R 46 2 2 PR (R
JE T H O EEIRER 5 7RI R
le, e | HORERETI TRGRERAL T4 , fE4
RWIG 0 P AR b AR [0 TR X
AR R 1Y AT S A AL, S R
o ik 2 PEAGI

2 ETHAREZHNRKEGAE
gl

ARSI T — e T W0 S5 P ) HR R PR (5L
FATINGE S R AN 3 Fros . B AR AL
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Fig.3  Algorithm flowchart
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Fig.4 Original fundus image and red channel image

((a) original fundus image;(b) red channel image)

.‘

588 3 22 Je i 3 TR 25 22 JF FAR 9 5 s R R 45 mT
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K5 PRI AL X

Fig.5 Extract optic disc area( (a) red channel image after enhancement; (bh) morphological reconstruction image;

(¢) binary image of candidate regions;(d) center of optic disc area;(e) optic disc area)
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Fig.6 Part of the extracted depth feature images
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Fig.7 Blood vessel interference images and detection results

((a) test images;(b) ground truth;(¢) ours;(d) algorithm 1;(e) algorithm 2;(f) algorithm 3)
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Fig.8 Weak contrast images and detection results

((a) test images;(b) ground truth;(c) ours;(d) algorithm 1;(e) algorithm 2;(f) algorithm 3)
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Fig.9 Interference images of lesion area and detection results

((a) test images;(b) ground truth;(¢) ours;(d) algorithm 1;(e) algorithm 2;(f) algorithm 3)
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BRI E RT3 DA TR A TR IR SR AL IX
S AR R 235 SR X0 A% Rk MR B A T £ A0 AT , AN R AR
T 45 T VE A 4 A S Ak B R T R s TR)
F1—FK3 PR,

®1 AFEEA7E DRISHTI-GS B & b M F54R%T tb
Table 1 Comparison of evaluation indicators in
DRISHTI-GS dataset among different algorithms

CERFS Di J R A e/
Bl 0.8843 0.8467 0.9582 0.9931 1.39
B2 0.9200 0.8541 0.9352 0.9679 327.7
B3 0.9490 0.9042 0.9268 0.9969 27.49
AL 0.9658 0.9341 0.9648 0.9966 5.346

E L P R R & S R L4 24

A LUE AR SR Dice 2240 Jaccard 25X
il recall REIPL T HAWIR s AR LY accuracy
FECE, SEY OB 3 R, TR 2,7
oz 00 ER W PEAGBS B 1 B S R) R e, AR SRk

%2 A FEEE7E MESSIDOR ##EE M54R3 LE
Table 2 Comparison of evaluation indicators in
MESSIDOR dataset among different algorithms

KERTS Di J R A B IEL/s
MYl 0.8542 0.8058 0.8376 0.9972 1.25
M2 0.9237 0.8669 0.9313 0.9784 336.2
B¥E3 0 0.9398 0.8835 0.9207 0.9958 28.11

A3 0.9616 0.9224 0.9589 0.9953
T L AR 25 81 i 45

5.714

%3 R[EE;E7E DRIONS-DB #3E & giE M igtrxt bk

Table 3 Comparison of evaluation indicators in
DRIONS-DB dataset among different algorithms

KRR Di J R A I /s
B¥E1 0 0.8962 0.8593 0.9249 0.9937 1.41
B2 0.9229 0.8546 0.9421 0.9752 321.5
B3 0.9415 0.8912 0.9232 0.9966 26.43
ES'S 0.9711 0.9376 0.9674 0.9968 5.465

TE O AR R 2% 91 Bl 4
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