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3. Experimental results 

The proposed method for automatic optic disc 

center detection and its boundary estimation was 

evaluated on three publicly available databases, 

the DRIONS database [18], DRIVE database [36], 

and DIARETDB1 database [37]. 
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Figure 7. Details of radial analysis for adjusting border of optic disc. a) Initial optic disc circle on red channel (Initial 

Position). b) Initial optic disc circle on green channel. c) Initial optic disc circle on blue channel. d) Enhanced red channel for 

applying radial analysis method along with three radial lines L1, L2, and L3.) Finally, adjusted optic disc boundary (Final 

Position). f) True optic disc boundary extracted by expert (Manual Position).  h-i) Details of applying radial analysis method 

on three radial lines L1, L2, and L3. 
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The DRIONS dataset consists of 110 images. This 

set has the same images used in Carmona et al. 

[18]. These images were captured in digital form 

using a HP-Photosmart S20 fundus camera at 45° 

field of view (FOV). The size of images was 600 

× 400 pixels, and we used 8 bits per each color 

channel. Two experts manually segmented the 

optic disc region of all images. The union of hand-

labeled images by two experts was used as ground 

truth. 

The DRIVE database consists of 40 images along 

with manual segmentation of vessels. It has been 

divided into training and test sets, each of which 

containing 20 images. These images were 

captured in digital form using a Canon CR5 

3CCD camera at 45° FOV. The size of images 

was 565 × 584 pixels, and 8 bits per each color 

channel were used. We hand-labeled the optic disc 

regions by one expert, and used them as ground 

truth.  

DIARETDB1 is an image database consisting of 

89 color eye fundus images along with manual 

detected optic disc region. The size of images is 

1500 × 1152 pixels. These images were captured 

using a fundus camera at 50° FOV. 

To evaluate the proposed method, based on the 

area overlap between the ground truth optic disc 

region and the optic disc region obtained by the 

proposed method, different parameters such as 

true positive (TP), false negative (FN), and false 

positive (FP) were calculated. TP is the area of the 

ground truth optic disc region also detected by the 

proposed method. FN is the area of the ground 

truth optic disc region that was not detected by the 

proposed method.  FP is the area of the detected 

optic disc region that is outside the ground truth 

optic disc region, as shown in figure 8. 

Using these metrics, we can obtain more 

meaningful performance measures like sensitivity, 

predictive, and overlap values, as below: 

 

Sensitivity = TP / (TP + FN)                                (13)  

Predictive = TP / (TP + FP)                                  (14)  

Overlap = TP / (TP + FP + FN)                            (15)  

 
Figure 8. Areas used to estimate performance of proposed 

method. CDD is Euclidian distance between detected 

center and original center of optic disc. 

Also to evaluate the performance of the optic disc 

detection algorithm, accuracy (ACC) and center 

disk distance (CDD) from the original position 

was used as measure. ACC is defined as the 

percentage of the images that the detected optic 

disc has overlapped with the ground truth images. 

CDD is also defined as the Euclidean distance 

between the center of the detected optic disc and 

the center of reference optic disc in the ground 

truth images.  

At First, to obtain the best structure for ANN, we 

divided the images for the DRIONS dataset into 

two equal sets (each with 55 images): one set was 

used as the training set and the other one as the 

test set. We trained ANN with different numbers 

of nodes in the hidden layer. The training was 

done using the gradient decent algorithm and 

repeated 100 epochs for each input. This process 

was done when the number of hidden nodes in 

ANN were set to 2, 3, 4, 5, 6, 7, 8, 9, 10, 15, and 

20 neurons. In each case, the performance of 

ANN was evaluated using the test images. The 

results obtained are shown in table 1. From the 

results obtained, the best performance was related 

to the case where the number of hidden nodes was 

set to 7 neurons. Therefore, we used this ANN in 

the remaining experiments. 

To evaluate the proposed method on all images of 

the DRIONS dataset, the test and train sets were 

exchanged, and the performance of the proposed 

method was calculated again. The average of the 

obtained performances along with the results of 

Carmona et al. [18] are summarized in table 2. 

 

Table 1.  Results obtained for proposed method for different numbers of hidden neurons in ANN. 

Hidden Nodes 2 3 4 5 6 7 8 9 10 15 20 

ACC% 96.3 96.3 98.1 98.1 100 100 100 100 98.1 98.1 96.3 

Overlap% 70.4 72.2 73.4 76.5 77.6 77.7 77.2 76.8 75.4 74.9 72.3 

CDD (pixel) 14.4 13.8 12.2 11.8 10.9 8.8 10.3 11.2 12.8 13.4 13.7 

From the results obtained, ACC, CDD, and 

overlap of the proposed method were 100%, 9 

Pixels, and 76.5%, respectively. Some samples of 

the results obtained for the proposed method are 

shown in figure 9. To compare the proposed 

method with some of the state-of-the-art methods, 

Detected  OD Original OD 

TP 

CCD 

FP FN 
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it was also applied to the DIARETDB1 database 

[37]. 

Table 2. Obtained performance on DRIONS database. 

Method ACC% CDD (pixel) Overlap% 

Carmona et al. [18] 96 5 - 

Proposed method 100 9 76.5 

In this experiment, the previous trained ANN 

using DRIONS dataset was used again. Since the 

training and test sets are really independent, the 

robustness of the proposed method can also be 

determined.  

 

   

   

Figure 9. Results obtained  for proposed method on DRIONS dataset images. Detected boundary of optic disc is shown by 

white curve, and ground truth is shown by black curve. 

   

   

   

Figure 10. Results obtained for proposed method on DIARETDB1 dataset images. Detected boundary of optic disc is shown 

by white curve, and ground truth is shown by black curve. 
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Table 3. Obtained performance of all methods on DIARETDB1 database. Best values are bold. 

Method ACC% CDD (pixel) Overlap% Sensitivity% Predictive% 

Walter et al. [16] 92.

1 
15.5 37.2 65.6 93.9 

Stapor et al. [17] 78.

6 
6.0 34.1 84.9 80.3 

Lupascu et al. [25] 86.

5 
13.8 30.9 68.4 81.1 

Sopharak et al. [27] 59.
5 

16.3 29.7 46.0 95.9 

Welfer et al. [28] 97.

7 
4.9 44.5 92.5 87.6 

Qureshi et al. [30] 94.
0 

11.9 - - - 

Proposed method 95.

5 
12.2 68.4 76.5 89.9 

 

 

Table 4. Obtained performance of all methods on DRIVE database. Best values are bold. 

Method ACC% CDD (pixel) Overlap% Sensitivity% Predictive% 

Walter et al. [16] 77.5 12.39 30.03 49.88 86.53 
Stapor et al. [17] 87.5 9.85 32.47 73.68 61.98 

Youssif et al. [22] 100 17 - - - 

Lupascu et al. [25] 95 8.05 40.35 77.68 88.14 

Sopharak et al. [27] 95 20.94 17.98 21.04 93.34 

Welfer et al. [28] 100 7.48 42.54 83.25 89.38 

Qureshi et al. [30] 100 15.95 - - - 

Hsiao et al. [31] 100 15 93 - - 
Ramakanth et al. [33] 100 - - - - 

Proposed method 97.5 13.1 68.2 87.7 78.9 

 

   

   
Figure 11. Results obtained for proposed method on some images of DRIVE dataset. Detected boundary of optic disc is shown 

by white curve, and corresponding ground truth is shown by black curve. 

 

Table 5. Running times for different segmentation methods on DRIVE database. Best values are bold. 

Method Time PC Software 

Walter et al. [16] 219.60s Intel(R) Core (TM)2 Quad CPU 2.4 GHz,  4 GB RAM 
 

MATLAB 

Stapor et al. [17] 43.00s Intel(R) Core (TM)2 Quad CPU 2.4 GHz,  4 GB RAM 

 
MATLAB 

Sopharak et al. [27] 14.92s Intel(R) Core (TM)2 Quad CPU 2.4 GHz,  4 GB RAM 

 
MATLAB 

Welfer et al. [28] 22.66s Intel(R) Core (TM)2 Quad CPU 2.4 GHz,  4 GB RAM 

 
MATLAB 

Proposed method 13.24s Intel(R) Core (TM)2 Quad CPU 2.4 GHz,  4 GB RAM 

 
MATLAB 
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For this purpose, the methods proposed by Walter 

et al. [16], Stapor et al. [17], Lupascu et al. [25], 

Sopharak et al. [27], Welfer et al. [28], and 

Qureshi et al. [30] were used for comparison. The 

results of other methods were obtained from their 

original papers or from Welfer et al. [28]. These 

results are summarized in table 3. In this table, for 

each evaluating parameter, the best value is 

bolded. The results obtained for the proposed 

method on some images of the DIARETDB1 

database are also shown in figure 10. 

From the results obtained, the overlap of the 

proposed method was much higher than the others 

(at least 22% greater), while its accuracy, 

sensitivity, and predictive values were high, and 

the mean distance between the center of detected 

optic disc and ground truth was about 12 pixels.  

The proposed method was also compared on the 

DRIVE database [29] with some state-of-the-art 

methods. In this experiment, the methods 

proposed by Walter et al. [16], Stapor et al. [17], 

Youssif et al. [22], Lupascu et al. [25], Sopharak 

et al. [27] , Welfer et al. [28], Qureshi et al. [30], 

Hsiao  et al. [31], and Ramakanth et al. [33] were 

used for comparison. The results of other methods 

were obtained from their original papers or from 

Welfer et al. [28]. These results are summarized in 

table 4. In this table, for each evaluating 

parameter, the best value is bolded. In this 

experiment, the previous trained ANN was used 

again. Since the training and test sets are really 

independent, the results obtained show the 

robustness of the proposed method. According to 

the results obtained, the sensitivity and overlap 

values for the proposed method were 87.7% and 

68.2%, respectively, and higher than the others, 

while its accuracy, CDD, and predictive values 

were similar to the others. The results obtained for 

the proposed method on some images of the 

DRIVE database are also shown in figure 11. 

Finally, the running time of the proposed method 

along with some state-of-the-art methods are 

given in table 5. The proposed method requires a 

low computational cost, and competes with the 

existing fast methods because we concentrated the 

feature extraction process only on the center line 

of the vessels. Without optimization of its 

MATLAB code, it will take about 13.2 seconds to 

process one image in the DRIVE database on a 

PC with a Intel(R) Core(TM)2 Quad CPU and 4.0 

GB RAM. In real applications, the computation 

time can be significantly reduced by 

implementing the algorithm in C/C++ 

programming. In this way, our method can be 

seen as an interesting option to handle large image 

sets. 

4. Conclusion 

In this paper, we proposed an efficient algorithm 

for automatic optic disc detection and its border 

estimation. The proposed method is based upon 

estimating the similarity of the main retinal 

vessels into the optic disc vessels by employing 

the ANN along with efficient visual features of 

the optic discs vessels and background tissue. The 

center of detected inside the optic disc vessels was 

selected as the optic disc center, and a circle that 

surrounded these vessels was also selected as the 

initial border of the optic disc. The precise 

location of the optic disc boundary was adjusted 

by the radial analysis of the initial circle. The 

obtained average accuracy, overlap, sensitivity, 

and predictive values for optic disc segmentation 

on the DRIONS, DRIVE, and DIARETDB1 

datasets were 97.7%, 70.6%, 80.3%, and 84.6%, 

respectively. The mean distance between the 

detected optic disc and ground truth was less than 

12 pixels. The mean overlap value of the proposed 

method was at least 22% greater than the other 

state-of-the-art methods. Also the running time of 

the proposed method was better than the other 

state-of-the-art methods. 

In the future works, to increase the performance 

of the proposed method, we can employ more 

reliable features, and also can employ feature 

learning-based techniques to this end. Also new 

edge detection methods [38] can be utilized to 

enhance results on noisy images. Finally 

employing other classifiers can be considered.  
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 تشخیص خودکار مرکز و حدود دیسک نوری در تصاویر رنگی شبکیه چشم

 

  2و امیر پورشمام *1فردین ابدالی محمدی

 .ایران، کرمانشاه، کرمانشاه، دانشکده فنی مهندسی، دانشگاه رازی، کامپیوتر و فناوری اطلاعاتگروه  1

 .ایران، کرمانشاه، کرمانشاه، دانشکده علوم پایه، دانشگاه رازی، ریاضیگروه  2

 92/90/5912 پذیرش 11/90/5910 بازنگری؛ 90/11/5912 ارسال

 چکیده:

شدی کدارا بدرای تشدخیص روباشدد  در ایدم ملا ده های شبکیه مانند دیسک نوری گامی مهم در ابزارهای تشخیصی کامپیوتری میتشخیص دقیق نشانه

در ایدم   شدودتخمیم زده می ،بند شبکه عصبیو یه دیسک نوری با اعمال یک طبلهخودکار مرکز دیسک نوری و حدود آن ارایه شده است  مرکز و قطر ا

ری و وهدای درون دیسدک ندگهای شبکیه به دو دسدته تلسدیم شدوند  رها به همراه بافت زمینه آنها استفاده شده تا رگهای تصویری رگروش ویژگی

هدا، ، میانگیم پهندا و ههدت رگRGBهای های خارج دیسک نوری  برای نیل به ایم ملصود، ملدار میانگیم شدت نور، انحراف معیار استاندارد کانالرگ

ون های اصلی کده متعلدق بده ناحیده درمرکز کشف شده رگ روند های اصلی به کار میها و نلاط تلاطع آنها در پنجره حول نلطه مرکزی رگتراکم رگ

روند و میانگیم طول آنها در محورهای عمودی و افلی برای تخمیم قطدر دیسدک ندوری رکز دیسک نوری به کار میدیسک نوری هستند برای تخمیم م

ه شده بدا اسدتفاده از آید  کارایی روش ارایگیرند  سپس قطر دقیق دیسک نوری با آنا یز شعاعی دایره تخمیم زده او یه به دست میمورد استفاده قرار می

های ارایه شدده ملایسده شدده اسدت  روش ارایده ارزیابی شده و با آخریم روش DIARETDB1و  DRIONS, DRIVEهای در دسترس مجموعه داده

دهدد  پیکسدل( نشدان مدی 15ز )درصدد( و فاصدله تدا مرکد 2/02محدوده دیسدک ) سان برایدرصد( با دقت یک 0/29شده میانگیم همپوشانی بالاتری )

 درصد بوده است  0/18و  0/19روش ارایه شده به ترتیب  p-valueحساسیت و 

  بندی تصاویر شبکیه، تشخیص مرکز دیسک نوری، تشخیص محدوده دیسک نوریقطعه :کلمات کلیدی


