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ABSTRACT

Segmentation of the optic disc from retinal fundus images is a crucial step within various algorithms aimed at detecting eye
pathologies like glaucoma and diabetic retinopathy. Accurate segmentation of the optic disc is vital for the automatic
detection of such pathologies. In this study, we present a simple yet highly effective approach for segmenting optic discs
from retinal fundus images. Our objective is to provide an uncomplicated yet robust segmentation method that can be
executed swiftly. We propose an algorithm that leverages fundamental image processing principles, specifically thresholding
in conjunction with morphological operations, to accomplish optic disc segmentation. Despite its reliance on basic image
processing techniques, our algorithm yields exceptional effectiveness while demanding minimal computational time. The
evaluation of our approach utilizes the well-known publicly available Drishti-GS dataset. The evaluation of our segmentation
algorithm produced compelling results, achieving a Sgrensen-Dice coefficient of 93.95%, a Jaccard index of 88.9%, precision
of 99.67%, recall of 99.89%, and a Matthews Correlation Coefficient of 94%. Additionally, the accuracy of the localized
centers within the final segmentation masks was measured using the Euclidean distance, resulting in an accuracy of 99.67%.
Notably, our algorithm was executed on the complete Drishti-GS dataset, encompassing 101 images. This study introduces
a straightforward yet highly effective approach for optic disc segmentation in retinal fundus images. The algorithm’s reliance
on basic image processing operations does not compromise its performance, as evidenced by the exceptional evaluation
metrics achieved. These outcomes underscore the significance of our proposed method in facilitating the automatic detection
of various eye pathologies. The efficiency of our approach, along with its promising results, suggests its potential application
in broader medical image analysis contexts.
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1. INTRODUCTION

The segmentation of the optic disc plays a crucial role in numerous algorithms designed for the detection of eye pathologies,
including glaucoma and diabetic retinopathy. Accurate segmentation of the optic disc is of paramount importance for the
automatic detection and diagnosis of these pathologies. The optic disc, also known as the optic nerve head, is the anatomical
structure where the optic nerve enters the eye. Figure-1 shows a labelled retinal fundus image with the optic disc marked
in it (Haggstrom, 2014). It serves as a gateway for the transmission of visual information from the retina to the brain. Its
accurate segmentation is vital for assessing the overall health of the eye and detecting potential abnormalities that may be
indicative of ocular pathologies. In recent years, numerous computer-aided diagnostic systems have been developed to
automate the analysis of retinal images for early detection and monitoring of eye diseases. Among these systems, optic
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disc segmentation is a fundamental step, as it provides a region of interest (ROI) within which subsequent analysis can be
performed. By precisely delineating the optic disc boundary, cliniciansandresearchers gain valuable insights into the structural
and vascular changes associated with various ocular diseases.

Blood Vessels

Optic Disc

- Fovea

Figure 1. A manually labelled retinal fundus image showing the position of the optic disc

While several sophisticated segmentation techniques have been proposed in the literature, many of them are computationally
demanding and require extensive computational resources. Furthermore, their complexity often hampers their practical
adoption in resource-limited settings, hindering their widespread use in clinical practice. Therefore, there is a growing demand
for efficient and straightforward algorithms that strike a balance between segmentation accuracy and computational efficiency.

In this paper, we present a novel approach to optic disc segmentation that leverages basic image processing operations,
namely thresholding and morphological operations. The proposed algorithm is specifically designed to achieve accurate
segmentation while minimizing computational requirements. By exploiting the inherent characteristics of retinal fundus
images and the distinct properties of the optic disc, our method effectively identifies and delineates the optic disc region,
thus facilitating subsequent analysis and pathology detection.

2. To evaluate the performance of our approach, we employ the publicly available Drishti-GS dataset, which is widely
recognized as a benchmark for optic disc segmentation. By comparing our results against ground truth annotations
provided in the dataset, we demonstrate the effectiveness and reliability of our algorithm in accurately segmenting the
optic disc. The contributions of this paper are threefold: Firstly, we introduce a simple yet effective approach for optic
disc segmentation, emphasizing the use of basic image processing principles. Secondly, we achieve exceptional
segmentation accuracy on the challenging Drishti-GS dataset, demonstrating the robustness and generalizability of our
method. Finally, our algorithm exhibits remarkable computational efficiency, making it suitable for real-time
applications and resource constrained environments.

3. LITERATURE REVIEW

Various approaches have been proposed for optic disc segmentation, encompassing both traditional image processing
methods and state-of-the-art deep learning techniques. Traditional image processing methods have been widely used for
optic disc segmentation due to their simplicity and low computational cost. These methods often involve basic operations
like thresholding, edge detection, and morphological operations. Bhat & Kumar (2018) proposed a method based on the
Hough transform and morphological operations to identify the optic disc’s boundary. Similarly, Zheng et al. (2013)
employed a combination of thresholding and active contour models for optic disc segmentation. While these techniques
have shown promising results, they may struggle with complex or noisy datasets.

Deep learning methods, particularly Convolutional Neural Networks (CNNs), have demonstrated remarkable performance
in optic disc segmentation tasks. Fu et al. (2021) utilized a U-Net architecture for accurate optic disc segmentation from
retinal images. Deep learning methods often require large labeled datasets for training, making them more computationally
demanding and resource-intensive compared to basic image processing approaches. In the realm of retinal image analysis,
several research studies have explored different techniques for localization and detection of key structures to aid in the
diagnosis of diseases like glaucoma. Niemeijer et al. (2009) addressed retinal image structure localization issues and utilized
a KNN regression approach to predict image pixel distances to specific object positions based on image features. However,
the lack of optimization for the k value hindered obtaining an optimal solution, leading to confusion in the pixel distance-
based approach. Therefore, the need to determine a suitable distance metric to optimize the results and balance recognition
performance arose.
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Del Rincon et al. (2014) presented an automated glaucoma detection approach that involved image processing techniques,
such as noise removal and illumination variation correction. Their method utilized Isotropic Undecimated Wavelet
Transform (IUWT) and adaptive thresholding to generate blood vessel masks for locating the disc and cup area. Despite
these efforts, challenges remained in segmentation, particularly in the presence of blood vessel occlusions, low contrast,
and illumination variation, limiting the effectiveness of the final glaucoma screening process. Harangi & Hajdu (2015)
focused on enhancing optic disc (OD) localization by combining multiple prediction methods. Their approach achieved
improved OD discovery performance concerning precision and accuracy ratios. However, the use of likelihood maps during
the recognition process posed test-time challenges, being computationally intensive and one-sided. Visual assessment in
certain cases depended on a priori knowledge and limited capabilities to distinguish subtle differences and describe new
imaging markers (Gillies et al., 2016). To overcome these limitations, Machine Learning (ML), radiomics, and Deep
Learning (DL) techniques have been proposed to increase quantitative data, reduce inter-reader variations, enhance
prognostic and diagnostic accuracy, and minimize biases and subjectivity (Kolossvary et al., 2015).

Nonetheless, some methods, like Convolutional Neural Networks (CNN), remained computationally expensive (Dos Santos
Ferreira et al., 2018). Mvoulana et al., (2019) introduced a fully automated approach for glaucoma screening and diagnosis
using retinal fundus images. Their method involved OD detection through template matching and the brightness criterion
approach, followed by model and texture-based segmentation for extracting OD and OC. Healthy and glaucomatous
patients were classified based on the CDR, achieving an impressive 98% accuracy for glaucoma diagnosis. The researchers
planned to explore deep learning methods to further improve early glaucoma screening.

Researchers have also utilized artificial intelligence techniques for disease diagnosis in various medical imaging areas.
Khan et al. (2020) proposed a fully automated system using deep learning to extract image features. Similarly, Veena et al.
(2022) employed curvelet transformation and Ant Colony Optimization for feature extraction, followed by SVM
classification. Majid et al., (2020) utilized CNN and Genetic Algorithm for feature selection, but the combination of
methods might lead to feature loss. Rehman et al. (2020) designed an automated system using filters and Histogram
Oriented Gradient (HOG) for feature extraction and SVM with a cubic kernel for image classification. However, minute
features could be lost using this approach. The Drishti-GS dataset has emerged as a popular benchmark for evaluating optic
disc segmentation algorithms. Researchers have proposed several techniques using this dataset to achieve high
segmentation accuracy. Zhang et al. (2019) highlights a novel approach hamed Edge-attention guidance Network (ET-Net),
designed to enhance segmentation accuracy by incorporating edge information. Wang et al. (2019) introduces a novel
framework called pOSAL (patch-based Output Space Adversarial Learning), designed to robustly segment OD and OC
across diverse fundus image datasets. To overcome the limitations of domain shift in neural networks, pOSAL integrates a
lightweight segmentation network as a backbone and employs a morphology-aware segmentation loss for precise results.
Kamble et al. (2020) introduced a combined analysis approach for detecting retinal structures, presenting a novel method
using U-Net++ and EfficientNet-B4 to accurately segment optic disc, cup, and fovea.

1. Dataset

The research utilized the Drishti-GS dataset (Sivaswamy et al., 2014), a comprehensive and diverse collection of eye gaze
data, for training and testing. The dataset comprises a total of 101 images, with 50 images allocated for training and 51
images for testing and the training set is accompanied by ground truth annotations. The data acquisition process has been
elaborated in the following sections.

3.1 Original Image Acquisition

All 101 images in the DRISHTI-GS dataset (Liu et al., 2021) were obtained from visitors to the Aravind Eye Hospital in
Madurai (TN, India), with their informed consent. Clinical investigators selected patients with glaucoma based on their
clinical examination findings. The chosen patients represented a range of ages (40-80 years) and had an approximately
equal distribution of males and females. Additionally, individuals without glaucoma who were undergoing routine
refraction tests were selected to represent the normal class. During data collection, all images were captured with dilated
pupils following a specific protocol. The images were centered on the optic disc (OD) with a Field-of-View of 30-degrees.
The images were of high resolution, with dimensions of 2896 x 194A pixels and saved in PNG uncompressed format. No
other restrictions were imposed on the image acquisition process.

3.2 Ground Truth Collection
To ensure accurate annotations, ground truth markings were obtained for each image from four glaucoma experts with
varying years of experience (3, 5, 9, and 20 years). This allowed for capturing the inter-observer variability in the markings.
Images of poor quality, such as those with low contrast or mis-positioned OD regions, were discarded. In this dataset
release, the original images were further processed by extracting the fundus region, which contains retinal structures, by
removing the surrounding non-fundus black regions. This resulted in images of approximately 2047 x 1760 pixels in size.
In order to achieve precise boundary marking for irregular shapes of the optic disc (OD) and cup regions, a dedicated
marking tool was developed. This tool allowed human experts to accurately mark the boundaries by utilizing a deformable
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circle with multiple control points. The marking process involved positioning the circle close to the approximate boundary
and then refining the fit by adjusting individual control points. This two-step approach enabled accurate shape marking,
capturing both the overall localization and local deformations of the regions of interest. In this research, only the optic disc
(OD) data (image and ground truth) were utilized.

4. METHODOLOGIES

In this section, we outline the step-by-step methodology employed for accurate segmentation and analysis of blood vessels
in images. The methodology encompasses several stages, each contributing to the refinement and evaluation of the
segmentation results.

Pre-processing: Initial preparation of the input image involves loading the image, extracting the red channel, applying
intensity thresholding, cropping the region of interest, and enhancing contrast for subsequent analysis.

Conditional Thresholding: Conversion of the adjusted red channel image to a binary image through conditional
thresholding, involving empirically determined thresholds based on calculated ratios.

Morphological Operations: Application of morphological operations to refine the segmented binary image, including
preserving the largest connected component and performing a closing operation.

Post-processing: Modifying the binary image through padding to match the dimensions of the original input image, ensuring
accurate analysis and comparison.

Calculation of Center Points: Computation of centroids of segmented objects for accuracy evaluation through comparison
with ground truth data, utilizing Euclidean distance as a metric and generating boundary masks for visual assessment. Figure-
2 provide a visual representation of the procedure steps.

Figure 2. Steps taken to perform the OD segmentation with the final score on one image from the dataset. A.
Original image B. Cropped red channel C. Contrast enhanced image D. Thresholded image E. Thresholded image
with largest connected pixels, reverted to original size F. Comparison with ground truth G. Result (blue - proposed

method, green- ground truth)

4.1 Pre-processing

The pre-processing stage in the methodology begins by loading the input image and ground truth data. The image is loaded
using the specified filename, and the red channel is extracted from the image. This step focuses on the red channel as it
contains relevant information related to the blood vessels. After extracting the red channel, the intensity values below a
threshold of 20 are set to 0. This thresholding operation helps to remove darker regions from the image, reducing noise and
highlighting the blood vessels. To further refine the analysis and focus on the region of interest, a cropping window is defined.

Since the input image may contain irrelevant areas outside the region of interest, cropping the image to a smaller size can
help focus the analysis on the blood vessel region. In this step, a cropping window is defined based on a target size, which is
calculated as a percentage of the original image dimensions. The target size for cropping is calculated as 75% of the image
dimensions. The cropping window specifies the region of interest within the image. It is then applied to both the red channel
image and the original image, resulting in cropped versions of these images. To enhance the contrast of the cropped red
channel image, contrast adjustment is applied. This step helps to further improve the visibility of the blood vessels and
facilitate subsequent segmentation. The pre-processing stage involves loading the image and ground truth data, extracting
the red channel, applying intensity thresholding, cropping the images to the region of interest, and enhancing the contrast of
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the cropped red channel image. These steps prepare the data for the subsequent segmentation process.

4.2 Conditional Thresholding

In order to perform segmentation on the red channel image, it is necessary to convert it into a binary image. This is achieved
through a thresholding operation on the adjusted red channel image. Pixels with intensity values above a certain threshold
are assigned a value of 1, indicating the presence of blood vessels, while pixels with intensity values below the threshold
are assigned a value of 0. In this case, conditional thresholding is applied to obtain a binary image from the adjusted red
cropped image. The threshold value is determined based on the calculated ratio. If the ratio falls within the range of 0.07 to
0.1, a threshold of 210 is selected. For ratios between 0.1 and 0.22, the threshold is set to 218. Similarly, if the ratio falls
between 0.22 and 0.3, the threshold value is set to 230. In cases where the ratio exceeds 0.3, the threshold is set to 215.
These values were measured empirically. Using the selected threshold, the binary image is obtained by comparing the
adjusted red cropped image with the threshold value.

4.3 Morphological Operations
Following the thresholding step, additional morphological operations are employed to refine the segmented binary image.
First, the largest connected component in the image is preserved while eliminating smaller noise regions. This is achieved
by selectively retaining the component with the greatest area. Subsequently, a morphological closing operation (Equation-
1) is performed to further refine the segmentation result. A disk-shaped structuring element with a radius of 100 pixels is
used for this purpose. The closing operation aims to bridge any gaps present in the binary image and produce a smoother
boundary for the segmented object.

5= @ Srot) © Srot wee ver vre ver wvemenvwn. (1)

By applying these morphological operations, the segmentation accuracy is enhanced, ensuring the removal of noise and the
improvement of object boundaries in the binary image.

4.4 Post-processing

post-processing stage, the binary image obtained from the previous steps is padded to match the dimensions of the original
input image. This ensures that the segmented binary image aligns properly with the original image for accurate analysis
and comparison. To determine the amount of padding required, the remaining rows and columns after cropping are
calculated. This is done by subtracting the limits of the cropped region from the total number of rows and columns in the
original image. The binary image is then padded with zeros on the left and top sides to adjust its size. This padding operation
adds zeros before the existing content of the image, aligning it with the original image. Subsequently, the padded binary
image is extended on the right and bottom sides to match the dimensions of the original image. This ensures that the binary
image retains the same size as the input image, accommaodating any additional pixels needed. By performing these padding
operations, the binary image is modified to match the size of the original input image. This enables consistent analysis and
accurate comparison between the segmented regions and the corresponding regions in the original image.

4.5 Calculation of Center points

In the subsequent step of the methodology, the centroids of the segmented objects are computed and compared with the
corresponding ground truth data. This analysis is conducted to evaluate the accuracy of the segmentation results. To
determine the centroids of the segmented regions, their coordinates are extracted from the binary image. The obtained
centroid coordinates are compared with the ground truth center point. In order to assess the accuracy of the centroid
estimation, the Euclidean distance between the calculated centroids and the ground truth center point is computed. The
Euclidean distance serves as a measure of dissimilarity between the estimated and ground truth centroids. To provide a
reference scale for the Euclidean distance, the diagonal distance of the image is calculated. This diagonal distance represents
the maximum possible distance within the image. By utilizing the Euclidean distance and the diagonal distance, the distance
accuracy is evaluated. This accuracy metric quantifies the agreement between the estimated centroids and the ground truth
center point. To facilitate the visualization of the segmentation results, boundary masks are generated. These masks outline
the boundaries of the segmented objects in the original and cropped images, allowing for a visual assessment of the
segmentation performance and a direct comparison with the ground truth data.

5. RESULTS AND DISCUSSION

The full Drishti-GS dataset, which contains a total of 101 images, was tested with the algorithm. NVIDIA GeForce GTX
1650 graphics was used for performing the operations.

5.1 Optic Disc Segmentation Results
Various evaluation metrics were used for getting the accuracy of the algorithm. The details are elaborated in the following
sections.

Sgrensen-Dice Coefficient: This is one of the most commonly used evaluation method for finding image segmentation. It is
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essentially given by the Equation-2, for an overlap of two binary images as shown in Figure-3 (Chrastek et al., 2005).
DSC =225 (D)
[X|+1Y]

where, X and Y are the two binary masks for the predicted and actual images for the Optic Discs.

Arca falsely
_—— marked as
positive (FP)

Automatically
marked arca

Intersection

{overlapping

.....

areas, true
positive, TP)
Manually marked T \ Arca falscly
area {ground truth) marked us
negative (FN)

Figure 3. Result Metrics for Image Segmentation

Jaccard Index: This is another popular image segmentation evaluation metric. This is given by Equation-3 for two over
lapping binary images.

= |XnY| = |XnY| s waw wEe waw www www (3)
IXUY]  X[+[Y|—XnY]

where, X and Y are the two binary masks for the predicted and actual images for the Optic Discs.

Precision and Recall: These two are the most commonly used evaluation metric for any general problem of prediction, and
also for segmentation. The binary confusion matrix is first created based on Figure-1 and then, the four values in the confusion
matrix viz. True Positive (TP), False Positive (FP), False Negative (FN) and True Negative (TN) are extracted. From these
values, Precision and Recall are given by Equation-4 and Equation-5 respectively.

TP
Precision = (TP + FP) e (4)
TP
Recall = m TR ) |

One thing to point out here is that we did not consider accuracy, which is given by (TP + TN )/imageSize, as a measure of
evaluation, since the value of True Negative (TN) will be very high and it will thus increase the accuracy falsely. Figure-4
shows the result provided by the algorithm on randomly chosen images from the dataset.
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3] n u ()

Figure 4. Sgrensen-Dice Coefficient result of OD segmentation results on various images from the dataset. A.
0.97311 B. 0.97895 C. 0.97062 D. 0.91237 E. 0.96751 F. 0.82915 G. 0.97123 H. 0.88859

Matthews Correlation Coefficient: The Matthews Correlation Coefficient (Chicco et al., 2021) provides a comprehensive
view of the classifier's performance, and this was used for our last segmentation evaluation metric, considering the True
Negative (TN) into account. This was primarily used since Precision and Recall cannot take into account TN for calculation.
This is given by Equation-6 and provides one of the best measures of segmentation.

(TP x TN — FP x FN)

Mcc = SRR ()
V(TP + FP)(TP + FN)(TN + FP)(TN + FN)

Along with DSC and JI, MCC provides a very high correctness of evaluation metric calculation for image segmentation. The
comparison of all the segmentation evaluation metrics is given in Figure-5 and the values are shown in Table-1.

Table 1. Optic Disc Segmentation Results

2. Evaluation Metric 3. Mean 4. STD

5. Sgrensen-Dice Coefficient 6. 0.9395 |7. 0.0452
8. Jaccard Index 9.0.889 |10.0.0744
11. Precision 12. 0.9967(13. 0.0024
14. Recall 15. 0.998916. 0.0015
17. F1-score 18. 0.997919. 0.0018
20. Matthews Correlation Coefficient 21.0.94 |22.0.0422
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Figure 5. Optic Disc Segmentation Evaluation Results

5.2 Center Localization Results
The localization of centers of optic disc was calculated using the Euclidean distance between the ground truth pixel
coordinates and predicted pixel coordinates.

Euclidean Distance: The Euclidean distance is by far the most commonly used performance measure for calculation of
accuracy of coordinates. It is given by Equation-7.

d = \/(xz — X1)2 A (g — Yp) e %)
where, (X1, X2) and (y1, y2) are the predicted and ground truth pixel coordinates respectively. The final accuracy is calculated
as a ratio of d and the longest distance between any two points on the image, which is essentially any one of the two
diagonals of the image. Hence, the final localization accuracy is given by Equation-8.
Tiaponal e e )

The result of OD Center Localization is given in Figure-6 and the value is shown in Table-2.

Localization =

Localization of Centers of Optic Discs

® [T
{- Center L?@'*%a!'m|

N
o

15
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Localization Values

Figure 6. OD Center Localization Results
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Table 2. Optic Disc Center Localization Results

23. 24. Mean [25. STD

26. Euclidean Localization 27.0.9967(28. 0.0025

6. CONCLUSION

In this study, we have presented a straightforward yet highly effective approach for the segmentation of optic discs from
retinal fundus images using basic image processing principles. The accurate identification of optic discs is pivotal in various
algorithms aimed at detecting eye pathologies like glaucoma and diabetic retinopathy. Our proposed algorithm relies on a
sequence of simple image processing operations, namely thresholding and morphological operations, which collectively
demonstrate exceptional performance with minimal computational overhead. By employing our methodology on the
renowned Drishti-GS dataset, we achieved remarkable results in optic disc segmentation. The evaluation metrics indicate
the algorithm’s robustness and precision, with a Sgrensen-Dice coefficient of 93.95%, a Jaccard index of 88.9%, a precision
rate of 99.67%, and a recall rate of 99.89%. Furthermore, the Matthews Correlation Coefficient of 94% reinforces the
algorithm’s overall effectiveness. Our technique for center localization also demonstrated a high accuracy of 99.67%,
further validating the reliability of our approach. The application of conditional thresholding and morphological operations
in our methodology aids in refining the segmented binary images, successfully eliminating noise and enhancing object
boundaries. Moreover, our post-processing steps, including padding and resizing, ensure consistency and accuracy in the
analysis and comparison of segmented regions with their corresponding regions in the original images. The calculated
centroids of segmented objects, alongside the Euclidean distance analysis, provide a comprehensive assessment of
segmentation accuracy. Additionally, the generation of boundary masks facilitates a visual evaluation of the segmentation
performance and allows for direct comparison with ground truth data. Our proposed algorithm showcases a remarkable
balance between simplicity and efficacy, making it a valuable contribution to the field of biomedical image processing. The
impressive results obtained on the Drishti-GS dataset underline its potential for aiding in the automated detection of eye
pathologies. As future work, this approach could be extended to broader datasets and further refined to accommodate
diverse retinal conditions, thereby advancing the diagnostic capabilities in ophthalmology.
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