
Received 29 April 2024, accepted 12 May 2024, date of publication 16 May 2024, date of current version 6 June 2024.

Digital Object Identifier 10.1109/ACCESS.2024.3402125

A Universal Field-of-View Mask Segmentation
Method on Retinal Images From
Fundus Cameras
V. V. STAROVOITOV 1, NGUYEN NHU SON 2, YU. I. GOLUB 1, M. M. LUKASHEVICH3,
NGUYEN LONG GIANG 2, HOANG THI MINH CHAU4, AND LE HOANG SON 5
1United Institute of Informatics Problems, National Academy of Sciences of Belarus, 220072 Minsk, Belarus
2Institute of Information Technology, Vietnam Academy of Science and Technology, Hanoi 10000, Vietnam
3Department of Electronic Computer Machine, Belarusian State University of Informatics and Radioelectronics, 220013 Minsk, Belarus
4Department of Information Technology, University of Economics and Technology for Industries, Hanoi 10000, Vietnam
5VNU Information Technology Institute, Vietnam National University, Hanoi 10000, Vietnam

Corresponding author: Nguyen Nhu Son (nnson@ioit.ac.vn)

This work was supported in part by Vietnam Academy of Science and Technology under Grant QTBY01.09/22-23, and in part by
Belarusian Republican Foundation for Fundamental Research under Project F22V-010.

ABSTRACT One of the first steps in the retinal image preprocessing is cropping the Field of View (FOV)
area and scaling it into a template of a predefined size. Fundus cameras of different producers record digital
images of the retina of various sizes, and the FOV area containing helpful information can be from 43 to 98%
of the image area. For automated analysis of retinal images and detection of DR, it is necessary to segment
the FOV region and cut it out from the image. This is important to preserve microaneurysms and small
capillaries in the retinal image as much as possible, since neural network methods always reduce the original
images to a predefined size. In this paper, we propose a universal method for FOV segmentation based on the
ideas of histograms and thresholds. We compared 11 methods for segmenting FOV regions on the four most
commonly used retinal image grayscale representations. In total, we compared 35 variants of segmentation
and evaluated the obtained results by four functions: Jaccard index, Matthews correlation coefficient (MCC),
accuracy and balanced accuracy. All options were tested on 7000 images from nine of the largest databases.
The images were generated by 100 different fundus cameras. The following observations have been extracted
through extensive comparative experiments namely: 1) segmentation of the FOV area should be performed
on the grayscale image obtained from the red channel; 2) for more accurate segmentation, a logarithmic
transformation should be applied to the grayscale image; 3) the FOV area mask can be segmented by a
global threshold calculated by Otsu’s method; 4) global thresholding based on analysis of histogram peaks
does not provide advantages over binarization by Otsu’s method applied to the logarithmic transformation
of the image.

INDEX TERMS Fundus image, field of view (FOV)mask, FOV segmentation, dataset, image representation.

I. INTRODUCTION
Currently, more and more attention is being paid to screening
inmedicine. Screening is a set of diagnostic procedures aimed
at identifying diseases in clinically asymptomatic individuals.
Many diseases begin asymptomatically, and some of them
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cannot be cured. For example, most patients with diabetes
asymptomatically develop diabetic retinopathy, which can
lead to blindness. This disease can only be diagnosed by
analyzing the changes occurring in the patient’s retina.

The International Diabetes Federation has announced that
537 million people worldwide have diabetes, and many
develop retinopathy, which can lead to blindness [1]. The
World Health Organization (WHO) predicts that India will
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have the largest number of adults with diabetes in the world,
reaching 80 million in 2030 [2]. Approximately 50% of peo-
ple worldwide are undiagnosed with diabetes [3].
Diagnosing retinal diseases at the earliest stage and

promptly treating them can lead to slower loss of a patient’s
vision. However, it is impossible to ensure regular exami-
nation of the retina of every resident by ophthalmologists,
not only in developing countries with huge populations, but
also in developed countries. The number of ophthalmolo-
gists worldwide exceeds 200,000, but there is a significant
shortage of ophthalmologists in developing countries. This
is especially true for low- and middle-income countries with
huge populations such as Bangladesh and India. For example,
according to the International Council of Ophthalmology [4],
in Bangladesh there are only four ophthalmologists per mil-
lion people, and in India there are eleven.

In recent years, telemedicine has been increasingly devel-
oped. Its use is especially effective in underdeveloped
countries where there is a shortage of medical facilities and
qualified doctors. Patients with diabetes mellitus are rec-
ommended to be screened for DR every 2.5 years [5], and
patients with this disease - once a year. To take advantage
of the benefits of telemedicine, it is important to be able to
capture images of the patient’s retina with a special fundus
camera and transmit them to the ophthalmology center. This
can be done by a nurse.

In the article [6], the authors described the technological
diversity of fundus photography systems for retinal screening.
Analysis of retinal images collected in large public databases,
such as Kaggle [7], shows that the retinal surface is pho-
tographed using different fields of view (FOV), the optical
systems used and digital image acquisition matrices differ.
All this variety of digital data needs to be converted into a
single view for processing by machine learning systems that
help the ophthalmologist make better decisions. One of the
first steps in the data preprocessing stage is to crop the area
of the FOV ROI from the digital image and scale it into a
template of a predefined size [9]. The variety of initial retinal
images generated by cameras from different manufacturers
requires a unified method for segmenting the FOV area. The
FOV mask is often used to remove the detected blood vessels
outside the fundus image ROI.

In this paper, we propose a universal method for FOV seg-
mentation based on the ideas of histograms and thresholds.
The goal of this paper was to compare the main approaches
to FOV area segmentation and find the best one which
did not depend on the fundus camera type and image size.
We compare all 11 methods listed in Table 2 on the four most
commonly used retinal image representations. The total num-
ber of segmentation variants was 35. FOV area segmentation
performance was assessed by three functions: Jaccard index,
Matthews correlation coefficient (MCC), and balanced accu-
racy. All algorithmic variants were tested on 7,000 images
from eight largest databases. Test images were created by
100 different fundus cameras.

We received the extensive results and tried to present the
most interesting of them in the form of images for visual
comparison of segmentation results by different methods, and
collected numerical estimates in the tables and box plots.

The remainder of the paper is organized as follows:
Section II presents a short review of diversity of FOV area
representation in retina images and main approaches for its
segmentation. Section III describes our experimental basis,
including evaluation functions. Section IV describes two
types of experiments and discuss the obtained results in detail.
Finally, Section V concludes the paper.

II. MATERIALS AND METHODS
A. DATA PREPARATION
Every camera has a Field of View (FOV), which is a part of
the fundus that is visible through the camera lens. The visible
surface of the retina is the inner surface of a spherical body.
It is concave, and its image, which fell into the FOV, is pro-
jected onto the plane of the sensor matrix. In the matrix, the
visible part of the retina is represented as a circle surrounded
by a dark background. However, some camera manufacturers
cut off the edges of the circle at the top and bottom, while
others cut off the left and right edges (Fig. 1).

FIGURE 1. Variants of FOV area representation in sample images.

The variety of sizes of retinal images presented only in one
publicly available Kaggle database [7] is shown in Table 1.
The part of the image useful for analysis, which is the retina
itself, ranges from 43% (image ‘‘3994_right’’ in Fig. 1)
to 98.5% (image ‘‘Drimdb_bad’’ in Fig. 1) of the image
matrix area.

One of the main approaches to analysis and classification
of digital retinal images are based on artificial neural net-
works [8, 32-36]. Images of a fixed size from 224 × 224 to
512 × 512 pixels are fed to the input of the neural network
(Table 1). The networks are trained to recognize signs of
disease and classify the stage of the disease. It is desirable
to minimize the presence of the background area in the input
images. Therefore, at the first stage of retinal image analysis,
the FOV region is segmented, then is cropping and scaled
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TABLE 1. Kaggle fundus image sizes in pixels.

to the predefined size. We carried out a study on choosing
the optimal size of the retinal image supplied to the network
input, and came to the conclusion that it should be equal to
512 × 512 pixels. To maximize the preservation of the first
signs of retinopathy (microaneurysms), it is better to cut out
the square inscribed in the FOV area [9].

B. RELATED WORK
In [10], the authors analyzed over 100 papers and found
that some authors evaluate the results of performing vessel
segmentation classification only in the FOV region, while
others use the entire image. There are no vessels outside the
FOV. If the pixels are treated as true negatives, the accuracy
of vessel segmentation and other scores will be different.
In [10], the authors compared the results of one annotator in
the FOVmasks only with those of another annotator all image
pixels. In the FOV mask, they got Accuracy (abbreviation
below ACC) = 0.9473, Sensitivity = 0.7760 and Speci-
ficity = 0.9725, while using all pixels all scores were higher:
ACC = 0.9636, Sensitivity = 0.7756 and Specificity =

0.9818. The difference in the ACC and Specificity values
was more than 1.5% and 1%, respectively. This highlights the
importance of accurate segmentation of the FOV region.

FOV segmentation methods can be divided into two groups
according to the following concepts: i) presentation of initial
data for segmentation (Red, Green, L from Lab, V from
HSV, Grayscale, log intensity transformation); ii) Method of
the threshold calculation (fixed, by Otsu binarization [11],
by other binarization method, based on image statistics).
Many binarization methods are described and compared in
the review [12], but recommendations are given mainly for
images representing scanned texts. Nevertheless, the Kit-
tler & Illingworth method [13] was named one of the best.
Our experiments have shown that the threshold value calcu-
lated by Kittler usually is less than the threshold obtained
by Otsu method for the same image, but vice versa in the
logarithmic intensity representation. If the valley separating
the background and the FOV area on the intensity histogram
is wide, results of binarization by both methods practically
coincide; otherwise, the results will be different [14].
One popular approach of FOV area segmentation is to use

the green channel for histogram calculation. Binarization is

performed on the first non-zero value of the histogram [15].
Santhakumar et al. [16] proposed amethod for automatic gen-
eration of FOV mask. The proposed method uses a logarithm
of the green channel with subsequent application of the Otsu
binarization algorithm and morphological closing.

Another possible approach is to convert a color image into
a grayscale image. For a grayscale image, the histogram of
brightness is calculated and the binarization threshold was
set as maximum of the first order derivative [17]. In [18] the
FOVmask is created to obtain the boundary of the eye fundus
in the acquired color image by clipping the effective area
taken by the camera. The procedure includes several stages:
red channel extraction, green channel extraction, combination
of green and red channels, applying median filtering and
Otsu binarization. Upadhyay et al. [19] presented a pixel-wise
weighted combination of all the three channels of RGB color
space. These weights are optimized by minimizing the mean
square error, using ground truth of FOV masks from publicly
available fundus image databases. Such combined image is
used for generation of the FOV mask image by using a
single-valued intensity threshold. This threshold value is cal-
culated using the Otsu method. Another solution is to choose
the threshold as the mean value of the green channel of the
image divided by 2. This approach was presented in [20].

C. THE PROPOSED FOV MASK
SEGMENTATION ALGORITHM
Our FOV mask segmentation algorithm:

Input: a color retina image, and the threshold T.
Output: a segmented image.
Step 1. Upload a color retina image. Extract the red chan-

nel R.
Step 2. Calculate the minimum Rmin, average Rme and

median Rmed values in R.
Step 3. Change Rmin and Rmed:
If Rmed < T1, Rmin = Rmed (T1 is a predefined constant);
If Rme < T1, Rme = 2 × Rme – Rmed and Rmin = Rmed.
Step 4. Plot the histogram H of 256 bins.
Step 5. Calculate the threshold T = min(H(Rmin)+ñ,

Rme)), where ñ is an empirically chosen constant.
Step 6. Segment the FOV mask by binarization of the red

channel R with the threshold T.
Note. T1 = 30 and c = 3 were chosen experimentally.
The rest FOV segmentation algorithms and their short

descriptions are collected in Table 2. All of them were tested
on the red, green, L components (from Lab) and grayscale
image representations. Final FOV segmentation was obtained
by application of the global thresholds calculated by every
method on four retinal image representation.

It should be noted that with uneven illumination of the
retina, the FOV area cannot be correctly segmented. This
means that it is impossible to calculate the correct value of
the optimal global threshold for retina image binarization.
An example is shown in Fig. 2. The original image from
the STARE database is shown, and the correlation plot of
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TABLE 2. Abbreviation and description of the compared algorithms.

FIGURE 2. Image ‘‘im0021’’ from the STARE database, for which the FOV
area cannot be accurately segmented.

the red channel segmentation with the reference mask when
the threshold changes from 1 to 100. In the bottom, the red
channel is shown, and the best result of its binarization by
Kittler’s method, the threshold is 20.

There are some problems with FOV area binarization
based on histogram. Binarization algorithms work well if
the histogram has two prominent peaks and a clear valley
between them. These conditions are not always satisfied

when binarizing different representations of retinal images.
Otsu’s and Kittler’s algorithms missed the first valley in the
red channel histogram of image ‘‘03a7f4a5786f’’ shown in
the center of Fig. 3, but correctly detected the valley in the
histogram of the logarithmic representation of the red channel
(see Fig. 4).

FIGURE 3. Red channel multiplied by 3, red channel histogram and
histogram of logarithmic red.

In Figs. 4 and 6, the images are arranged in the fol-
lowing order, left to right: i) First line: initial grayscale
image, template mask, Our method, Otsu, Kittler; ii) Second
line: Otsu(log), Kittler(log), Santhakumar, Giancardo, Guo;
iii) Third line: Lara, Upad, Raut.

In Fig. 4 one can see that the algorithms by Otsu and Kittler
detected the optical disk in red channel, but not the FOV area.
Therefore, in our algorithm using the histogram, additional
details in Steps 2 and 3 are added for more correct FOV area
binarization (see our mask as the third image in the middle of
the top line in Fig. 4).

FIGURE 4. The results of image ‘‘03a7f4a5786f’’ binarization by
11 studied algorithms.

III. EXPERIMENTAL SETUP
A. DATABASES
Many papers connected to the FOV mask generation con-
tain experiments based on a couple databases contain-
ing not much small fundus images. For example, San-
thakumar [16] used DIARETDB1 database (89 images)
and MESSIDOR database (460 images); Rodriguez [18]
used DIARETDB1 database (89 images) and DIARETDB0
database (130 images).

We have used thousands of images from nine big open
databases. Below we list the databases, and in brackets
their subsets and how many images they contain. They are:
Kaggle-2015 (2431 images from the subset train, category
Mild) [7], STARE (398 images), DIARETDB (130 images
in the DDB0 subset), DRIMDB (69 images from the Bad
subset), DMED (169 images), MESSIDOR (515 images),
RFMiD (640 images from the Test subset), DDR (2733 from

VOLUME 12, 2024 77095



V. V. Starovoitov et al.: Universal FOV Mask Segmentation Method on Retinal Images From Fundus Cameras

the Valid subset), HRF (45 images with individual FOV
masks provided). To register these images, several dozens of
cameras with different characteristics from different produc-
ers were used. The quality of the images is also different in
different databases.

Due to the large amount of data, below we present
the results of experiments on the four largest databases:
Kaggle-2015, DDR, RFMiD, and STARE.

B. FUNCTIONS FOR RESULT EVALUATION
Fundus image binarization from one hand belongs to the
binary classification tasks, from another – to two class
segmentation. We utilized the most popular functions for
classification and segmentation quality evaluation. They are
accuracy (ACC), balanced accuracy (BalACC), F1, MCC,
Jaccard index, Dice index. To evaluate our results, we used
the ground truth segmentation masks and compare them with
results obtained by different approaches.

Let for every fundus image the ideal FOV area is X set of
pixels. Let Y is the set of pixels segmented by any method.
From another side pixels of the ideal FOV area belong to the
true positive set (TP) and the background pixels belong to the
true negative set (TN). There errors when pixels are assigned
to the wrong sets and we obtain false positive (FP) and false
negative (FN) values. Therefore, for every method applied
to every image we have a confusion matrix containing four
elements (TP FP; FN TN).

We can now present scoring functions for both segmen-
tation and classification approaches. In segmentation into
two classes, we use background (B) and foreground (F),
where subscript o means the result of segmentation, sub-
script t – ground truth. From classification point of view
TP = |Fo ∩ Ft |, FN = |Ft | − |Fo ∩ Ft | and so on. Here |. . . |
means the number of the set elements. The formulas used in
our paper are: Jaccard index, Dice index, Accuracy (ACC),
balanced Accuracy (BalACC) and the normalized variant
of the Matthews correlation coefficient (MCC) as presented
below:

Jaccard =
|Fo ∩ Ft |
|Fo ∪ Ft |

=
TP

TP+ FN + FP
,

Dice =
2 × TP

2 × TP+ FN + FP
= F1 =

2 × Jaccard
1 + Jaccard

,

ACC=
|Bo ∩ Bt | + |Fo ∩ Ft |

|Bt | + |Ft |
=

TP+ TN
TP+ TN + FP+ FN

,

BalACC =
1
2

(
Bo ∩ Bt
Bt

+
Fo ∩ Ft
Ft

)
=

1
2

(
TP

TP+ FN
+

TN
TN + FP

)
,

MCC=
TP× TN − FP× FN

√
(TP+ FP)(TP+ FN )(TN + FP)(TN + FN )

,

MCCnorm =
(MCC + 1)

2
.

Chicco and Jurman claimed that MCC gives better scores
in binary classification than ACC and F1 scores. Setiawan

also declared that MCC is more informative in evaluation of
image segmentation results than ACC, sensitivity, specificity,
Dice coefficient, and Jaccard index. Considering these studies
and to reduce the size of the paper, we have excluded some
evaluation functions and left only four in our study: MCC-
norm instead of MCC to make its range is [0; 1] similar to
other functions.

C. SOME PROPERTIES OF THE SCORE FUNCTIONS
We use the term FOV ratio as one of the parameters. It equals
to the ideal FOV area divided on the number of pixels in the
image. Jaccard and Dice indexes are very related and they do
not take into account the TN value, the number of correctly
segmented background pixels. That is why if a segmented
FOV area is a full image, the Jaccard index is equal to the
FOV ratio. If a segmented FOV mask is black (no detected
FOV pixels), the Jaccard index is equal to zero.

ACC takes into account all four parameters of the confu-
sion matrix, but it is known by its accuracy paradox. In our
case that means the following: if the FOV ratio is very high
(the highest is 0.98), ACC = FOV ratio when the segmented
FOVmaskwill be awhole image. If the segmented FOVmask
is black, ACC = 1 – FOV ratio.
Balanced ACC is good for a disbalanced classification,

but in our case when the FOV ratio is very high the back-
ground pixels will dominate. For example, let the FOV ratio
is 0.98, all the background pixels are classified correctly,
but only 60% the FOV pixels are classified correctly, then
BalACC = 0.5 + 0.254 = 0.754.
Since the Dice and Jaccard indices are essentially related,

we used only the latter for economy.

IV. EXPERIMENTAL RESULTS
To obtain reference FOV masks, we segmented good quality
retinal images from every database. We assumed that an
arbitrary fundus camera generates digital images of a fixed
size according to the built-in CCD matrix and the FOV area
in this matrix is located according to the producer’s own rules
(see Fig. 1). Images from different cameras have different
sizes. We found only one exception in the huge kaggle-2015
database (there were two different mappings of the FOV
area on two matrices of the same size, Fig.5). Therefore,
we used the size of the retinal image as an identifier for the
reference FOV mask for all images of the same size. For
example, if the image has dimensions of 1500 × 1152 pixels
(database DDB0), the corresponding mask image is called
‘‘1500× 1152mask’’ and is written in tif format. Every mask
contains zeros for background and ones for the FOV area.
Note, real FOV masks for fundus images of the same size
never coincide on 100% due to different eye position during
the registration and the anatomical retina surface variability,
but for comparative segmentation quality analysis one good
reference is enough.
Experiment 1: We manually select several bad quality

images (for images of good quality no problem to segment
a mask by any method) from the datasets described above.
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FIGURE 5. Images 24341_left and 17009_right from Kaggle-2015 dataset
with the same size image size 2592 × 3888 pixels.

We apply the algorithms described above (except three last)
to red R, green G, L components (from Lab) and to gray
fundus image representation. The last three are applied to
transformations based on combinations of red and green data.
We compare 35 obtained FOV masks generated for every
original image and calculate four score values: Jaccard index,
Accuracy (ACC), balanced accuracy(BalACC) and the nor-
malized Matthews correlation coefficient(MCCnorm). They
all have the same value range of [0, 1]. We display all the
masks and the corresponding scores. The goal of this experi-
ment was to select the better fundus image representation and
the best approach for FOV mask segmentation.
Experiment 2: We apply the same procedure but to all

images presented in every dataset described above and calcu-
late some statistics for every dataset concerning to the FOV
mask quality: mean, median, minimum, maximum, standard
deviation (std) and mean-4×std values. The larger the first
four and sixth parameters and the smaller the std, the more
accurately the FOV area is segmented. The most important
score in our experiments is (mean-4×std) value. Then we
select the better value of the four quality scores for every
(from four) image representation and try to define the best
approach for FOV area segmentation.

A. DISCUSSION OF EXPERIMENT 1 RESULTS
We found some images which may be difficult for FOV
area segmentation. The most difficult images are presented
in STARE and Kaggle databases.

Let us consider the generation of the FOV masks by
11 algorithms on 4 image representations and evaluate
the results of segmentation by four score metrics using
like an example ‘‘0008’’ image from the STARE database.
In Fig.6 (a-c) results of segmentation by eight first algorithms
from Table 2 on four representations of the original image are
presented: Red, Green, L (from Lab) and Gray. The original
representation is shown at the top left, the reference mask
is shown to the right of it, then the masks obtained by our
algorithm, Otsu, Kittler; next row: Otsu(log), Kittler(log),
Santhakumar, Giancardo, Guo. Bottom line of images: Lara,
Upadhyay, Raut.

Four types of assessments comparing the binarization
results of image ‘‘im0008’’ with a reference FOVmask called
‘‘605 × 700 mask’’ and having FOV_ratio = 0.7362 are
collected in Table 3. The highest scores are in bold. The
best segmentation results for this image was obtained on the

FIGURE 6. FOV mask segmented in R (a), G (b), L (c) and gray (d-e)
representations of image ‘‘im0008’’ from STARE database.

red channel. The best scores are highlighted in green and the
worst in yellow in Table 3 (and in Table 4 below). They are
shown by our algorithm and by the Kittler’s algorithm.

In Green representation, four algorithms (Otsu(Log),
Kit(Log), Giancardo, Santhakumar) indicated in Table 2 pro-
duced white squares. They did not segment the FOV mask.
On the other three representations, only two algorithms pro-
duced similar white squares. The G channel gives a darker
image representation with less contrast on the right. The
Jaccard index does not evaluate segmentation errors when
the mask pixels exist beyond the boundaries of the reference.
For example, when evaluating segmentation by the Giancardo
algorithm on the Gray representation, the index is equal to
0.7373, i.e. almost equal to the FOV ratio of this image. If the
white square will be used instead of a real mask and the
FOV ratio is 0.9612, the segmentation result (according to the
Jaccard index) is very good. Accuracy of the same algorithms
is approximately equal to 0.67, i.e. this score notes that the
background is poorly segmented.
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TABLE 3. Evaluation scores of the compared FOV binarization algorithms
for im0008.ppm.

TABLE 4. Evaluation scores of the compared FOV binarization algorithms
for drimdb_bad(17) image.

In Red image representation, the Kittler’s segmentation
algorithm has the best scores: Jaccard = 0.9538, Bal-
ACC = 0.9649, MCCnorm = 0.9624, only ACC = 0.9543

gave the second result. Visual analysis of the results in Fig.7
this confirms. However, this algorithm is unstable when the
retina is illuminated unevenly.

FIGURE 7. Drimdb_bad (17) from Drimdb database.

If a binarization algorithm applied to an image from the
STARE database (the size of all mages is 605 × 700 pixels)
produces a black square, which is possible for a very dark
image representation, then the estimates of the results of
the segmentation will be as follows: Jaccard = 0.0, ACC =

0.2638, BalACC = 0.1319 and MCCnorm =0.500 (because
MCC = 0.0). On an image of a different size, for example,
3264 × 4928 pixels, when getting a black square Jaccard =

MCC = 0.0, ACC = 0.5029, BalACC = 0.2515. This means
that ACC and BalACC are responsive to image size, but Jac-
card andMCC are not. At the same time, MCC partially takes
into account how correctly the background is segmented,
while Jaccard does not.

Consider binarization of a bad quality image like
‘‘drimdb_bad (17)’’ from Drimdb database presented in
Fig.7. Its FOV ratio = 0. 9612. The results of binarization
of this image by the first 8 algorithms from Table 2 are
presented in Fig. 8. Our method showed the best results (top
central mask). If, as a result of binarization, the entire image
is converted into a black rectangle, this will be a very bad
result, but we will get the following estimates: Jaccard = 0.0,
ACC = 0.0388, BalACC = 0.0194, MCCnorm = 0.5000.
This means that no one estimate can be true. The four types
of binarization scores for the 11 studied algorithms on the
four grayscale image representations of this image are sum-
marized in Table 4. Our algorithm gave the 3 best scores. Our
mask is in the center of the first line in Fig.8.

FIGURE 8. Binarization of Red channel of image drimdb_bad (17) from
Drimdb database.

Based on the results of the first experiment, five algorithms
were selected that segment poor quality images better than
others. They are: Our, Kittler(Log), Otsu(Log), Santhakumar
and Raut. A more detailed comparison of these algorithms
was carried out in the second experiment on sets of images
from the databases listed above. The statistics of the four
evaluation functions for each of the four image presentations
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were calculated separately, since the sets of fundus cameras
recording images in different databases did not overlap.

The DIARET_DDB0 database contains 130 color retina
images and for every image a binary mask of the FOV area
is presented in the database. However, many of these masks
are poorly segmented, see Fig.9. They cannot be used in any
research.

FIGURE 9. FOV masks provided in the DIARET_DDB0 database.

B. DISCUSSION OF EXPERIMENT 2 RESULTS
1) KAGGLE-2015 DATABASE
We used images from the Train directory, Mild subcategory.
It contains 2443 images captured by 30 different types of
cameras. We have generated 30 reference FOV masks of
different size.

We have empirically determined that S = (mean – 4 × std)
will be the main parameter for evaluating FOV segmentation
quality in the tables below. The value S = 1 corresponds to
ideal mask segmentation. The rest parameters are secondary.
Jaccard index values were equally or very close to ACC
values, that is why we present only Jaccard indexes in the
text below. MCCnorm and balanced ACC (BalACC) give
a bit different evaluation scores. We selected the maximal
values of these three metrics for four types of retinal image
representation (Red, Green, L and Gray) and ranked the
evaluated algorithms. The ranks and types of presentations
are indicated in the last column of the tables below. We then
try to conclude which algorithm is better and in which image
representation for every database described above. In parallel,
we try to define the most objective metric for the FOV area
segmentation.

For images from kaggle-2015 database we may say the
following: 1) the R channel is the best image representation,
2) result-ranked algorithms are: Otsu(Log), Santhakumar,
Our and Kittler(Log). Scores of all segmentation algorithms
are very close. One may use a simpler algorithm. All scores
are presented in Tables 5-7 and Fig.10. The best scores in the
tables are highlighted in bold.

2) DDR DATABASE
We used 2733 images from the Valid directory. We have
generated 55 FOVmasks of different size. The best results on

TABLE 5. Jaccard scores for images from Kaggle-2015 in red, green, L and
gray representation.

TABLE 6. MCCnorm scores for images from Kaggle-2015 in red, green,
L and gray representation.

TABLE 7. BalACC scores for images from Kaggle-2015 in red, green, L and
gray representation.

this base were shown by the Otsu(log), Santhakumar and Our
algorithms on the R channel by all three measures. On green,
all the algorithms had the worst results. All score values are
collected in Tables 8-10 and Fig.11.

3) RFMID DATABASE
We used 1920 images from the Train directory. We have gen-
erated 3 FOV masks of different size. Results are presented
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FIGURE 10. Box-plots of the Jaccard indexes for 11 algorithms applied to
DDR dataset in red representation.

TABLE 8. Jaccard scores for images from DDR in red, green, L and gray
representation.

TABLE 9. MCCnorm scores for images from DDR in red, green, L and gray
representation.

in Tables 11-13 and Fig. 12. Some scores indicate the best
FOV segmentation on the L channel, but sum of three scores
indicates that the R channel is the best for FOV segmentation.
Otsu(Log) and Santhakumar are roughly the same, next is Our
approach, while the Kittler(Log) algorithm is worse.

4) STARE DATABASE
There are 402 images in the database captured by 8 different
cameras, and we created 8 reference FOV masks. This is a
very difficult database for FOV segmentation. In Fig. 3 we

TABLE 10. BalACC scores for images from DDR in red, green, L and gray
representation.

FIGURE 11. Box-plots of the Jaccard indexes for 11 algorithms tested on
red channel of the DDR database images

TABLE 11. Jaccard scores for images from RFMiD in red, green, L and gray
representation.

present the first 90 images from this database. Results are
presented in Tables 14-16 and Fig.14. The best image repre-
sentation for FOVmask segmentation was the R channel. The
best algorithms were Our, Otsu(Log), Santhakumar, while
Kittler(Log) was worse.

The values of all evaluation functions differ, but are quite
close, so we compare the different methods of FOV segmen-
tation by ranking the most objective (in our opinion) estimate
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TABLE 12. MCCnorm FOV segmentation estimates for images from RFMiD
in red, green, L and gray representation.

TABLE 13. BalACC scores for images from RFMiD in red, green, L and gray
representation.

FIGURE 12. Box-plots for the Jaccard index for 11 algorithms tested on
red channel of the RFMiD database images.

S =(mean – 4×std). It should be noted that, for example,
the BalACC scores of three methods for segmenting images
from RFMiD database (Table 13) are very close: 0.9502 by
Otsu(Log), 0.9498 by Santhakumar, 0.9480 by Our method,
but these methods have different ranks: 1, 2, 3. Summation of
all S scores of the FOV area segmentation based on R channel
gives 10.6779, 10.6631 and 10.6405 for the same score order.
As one can see, the total absolute estimates are very close.

FIGURE 13. Ninety first images from the STARE database.

TABLE 14. Jaccard scores for images from STARE in red, green, L and gray
representation.

TABLE 15. MCCnorm scores for images from STARE in red, green, L and
gray representation.

Table 17 summarizes the ranked results of our experiments
on the four largest databases listed above. Based on the results
of our study, the following recommendations can be done: for
the FOV area segmentation the logarithmic representation of
red retina image channel should be used. The best segmenta-
tion algorithms are: Otsu(Log), Santhakumar and Our. They
give very similar results.
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TABLE 16. BalACC scores for images from STARE in red, green, L and gray
representation.

FIGURE 14. Box-plots for the Jaccard index for 11 algorithms tested on
red channel of the STARE database images.

TABLE 17. Generalization of experimental results.

V. CONCLUSION
In this paper, we propose a universal method for FOV seg-
mentation based on the ideas of histograms and thresholds.
In combination with retinal image representations, we com-
pared 35 segmentation variants.

All of them were tested on 7,000 images selected from
the nine largest open-access databases: Kaggle-2015 [4],
STARE [18], DIARETDB0 [19], DRIMDB [20], DMED,
MESSIDOR, RFMiD, DDR, HRF. The tested images were
generated by 100 different fundus cameras in different con-
ditions producing various image size.

Santhakumar R. et al. [16] calculated the binarization
threshold of the retinal image on the logarithmic represen-

tation of the green channel luminances. Our research proves
that these calculations are best done on the red channel. Our
algorithm gives very similar results, but it contains 2 empiri-
cal parameters, while Otsu’s algorithm does not have them
and is available in many libraries. Therefore, we recom-
mend to use the following variant as a universal method
for segmenting the FOV of areas on color images of the
retina formed by an arbitrary fundus camera algorithm No.4
Otsu(Log) from Table 2:

• Perform segmentation of the FOV area on the red
channel.

• Convert it into a logarithmic representation.
• Generate the FOVmask by calculating the global thresh-
old by the Otsu method.

This method allows automatic segmentation of the FOV
area in the retinal image of different quality, regardless of the
type of fundus camera. This is very important when diagnos-
ing diseases based on retinal images using telemedicine.
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