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Abstract—Given the general shortage of ophthalmologists in
Brazil, automated retinal image screening emerges as a funda-
mental tool to promote early diagnosis of retinal diseases and
prevent, for example, blindness. Motivated by this, we propose
the use of YOLO-based object detection models to detect two
retinal structures — the optic disc and the macular region —
which play a crucial role in ophthalmological examinations. As a
case study, based on detections performed on BRSET images, we
determined the distances between the structures and the retinal
edges. We found that the calculated distances do not always
meet the minimum distance established in the Image Quality
Assessment Image Field protocol. The results highlight the ability
of YOLO-based models to reliably detect anatomical structures
in retinal images and their potential to contribute to improving
analyses that rely on these detections.

I. INTRODUCTION

Retinal imaging is a common procedure in ophthalmological
examinations and in monitoring eye conditions. It helps detect
eye diseases such as diabetic retinopathy (DR), glaucoma,
and others. Furthermore, as it provides a unique window into
vascular networks, it is also important for assessing cardio-
vascular risks or abnormalities potentially related to systemic
diseases such as hypertension, diabetes, and cerebrovascular
disease [1].

This work is part of a broader project led by a team from
the Faculty of Medicine of the University of Sdo Paulo. The
project aims to promote early diagnosis of DR in primary
healthcare in Brazil, to reduce preventable blindness. Given
the general shortage of eye specialists, the development of
computational tools to assist in screening retinal images is of
great importance. To advance in that direction, we focus on
the detection of two anatomical structures, the optic disc and
the macular region, using deep learning approaches. These two
structures play crucial roles in eye examinations.

The detection of anatomical structures in retinal images has
been widely studied in previous works. In [2], the authors
propose a distance regression network, that calculates the
distance from each pixel of the image to the optic disc and
macular center jointly. More recent approaches, such as [3],
use deep learning architectures for optic disc segmentation and
detection. Other works focus on analyzing the angular relation
between the macular center and the optic disc [4] or apply
handcrafted image processing, exploring its visual features for
detection [5], [6].

Since the retinal images collected in the aforementioned
project so far have no image-level annotations, we decided to

use publicly available datasets, repurposing their annotations
to our goals. We chose the state-of-the-art YOLO model [7]
for the detection tasks. After training and validation, we
qualitatively evaluate the model in the Brazilian Multilabel
Ophthalmological Dataset (BRSET) [8]. BRSET is a multil-
abel retinal dataset, containing annotations regarding several
retinal pathologies, quality assessment parameters, anatomical
classifications and other useful patient information, for 16,266
retinal images.

Additionally, considering that one of the first steps in
assessing DR in retinal images is quality evaluation, we
analyze one of the Image Quality Assessment (IQA) criteria in
BRSET. The criterion we analyze is named “Image Field” and
is described as “This parameter is graded as adequate when
all the following requirements are met: 1) The optic disc is at
least 1 disc diameter (DD) from the nasal edge; 2) The macular
center is at least 2 DD from the temporal edge; 3) The superior
and inferior temporal arcades are visible in a length of at least
2 DD” [8]. In particular, we compute the distances in (1) and
(2) and see how well they agree with the IQA labels available
on BRSET. The retinal structures mentioned are presented in
Fig. 1.
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Fig. 1. The retinal structure, with the optic disc located on the nasal side,
and the macular center located on the temporal side.

Our main contributions are summarized as follows:

« Adaptation of several datasets for optic disc and macular
region detection.

o A state of the art performance on optic disc and macular
region detections.

¢ Distance determination from the optic disc to the nasal
edge, and from the macular center to the temporal edge.



o A statistical analysis of BRSET IQA annotations, regard-
ing the image field criteria, with respect to the computed
distances.

II. METHODOLOGY
A. Datasets

We use multiple publicly available retinal image datasets,
listed next. Note that only one of the datasets has the annota-
tions in the format needed for YOLO. Thus, we preprocessed
them in order to generate bounding box annotations (center
coordinates, width and height) from existing annotations, as
detailed below.

a) REFUGE?2 [9], Drishti-GS [10] and IDRiD for optic
disc detection [11]: Since these datasets only contain segmen-
tation masks for the optic disc and the mask is approximately
circular, we extracted the extreme points on top, bottom, left
and right sides of the mask, and generated the bounding box
from those points.

b) G1020 [12]: We extracted only annotations regarding
the optic disc bounding box and formatted according to the
YOLO standards.

¢) RIGA [13]: This dataset contains image annotations
made by 6 different doctors, on top of the images. We
randomly chose the annotations made by one of them and
computed the difference between the original image and the
annotated image. From that we just applied the same method
used for REFUGE2. However, we discarded the BinRushed
subset of RIGA because it resulted in noisy masks.

d) IDRiD for macular center detection: For this specific
task, the IDRiD dataset has only annotations concerning
the macular center coordinates. We followed the procedure
described in [14] to generate heatmaps around the macu-
lar region, then binarized the heatmap mask and generated
bounding box annotations following the procedure applied
on REFUGE2. In fact, since we are only interested in the
center of the macular region, we judged this would be an
adequate approach to frame the problem as a detection prob-
lem. The authors of [14] use a Gaussian function, H(z,y) =
exp(—%), where (a, 8) is the coordinate of the
macular center, (z,y) is an image pixel coordinate, and o is
a constant used to adjust the Gaussian blob, to generate the
heatmap. We adjusted o to fit our image dimensions, based
on the value chosen by the authors.

Table I summarizes the used datasets. For each dataset, the
table shows the number of images after preprocessing, the type
of annotation we used, and the detection task for which the
dataset was used.

B. Training Procedure

We trained two YOLO detection models: one for optic disc
and another for macular center detection. We trained both
models for 40 epochs, using the Adam optimizer and starting
with YOLO 11 weights [15]. All images were resized to 224 x
224. We also limited the number of detections in each image
to only one.

TABLE I
DATASETS USED FOR OPTIC DISC AND MACULAR CENTER DETECTION

Dataset Images Annotation Detection Target
Refuge2 1200 Segmentation mask Optic disc
G1020 1020 Bounding boxes Optic disc
Drishti-GS 101 Segmentation mask Optic disc
RIGA 555 Optic disc boundaries Optic disc
IDRiD 81 Segmentation mask Optic disc
IDRiD 516 Fovea keypoints Macular center

For optic disc detection, we considered two training scenar-

ios:

e Scenario 1: We separated 70% of the available data from
the 5 datasets for training, and the remaining 30% was
equally separated into validation and test datasets.

e Scenario 2: To evaluate a cross-dataset situation, we
separated the entire MESSIDOR dataset, a subset of
RIGA, from our training set, and used it entirely for
testing. For the rest of the data, we used 80% for training
and 20% for validation, keeping approximately the same
amount of images for each set as in Scenario 1.

For macular center detection, we just used the original
IDRiD dataset training/testing split.

C. Distances Determination

Given the locations of the optic disc and the macular region,
we compute three measures: the angle between the centers of
the optic disc and the macular region, the distance from the
optic disc to the nasal edge, and the distance from the macular
center to the temporal edge. The nasal and temporal edges are,
respectively, the retinal edges on the nasal and temporal sides.

The angle was calculated adapting the implementation made
available in [4]. For the distances to the edges, since we
observe some high angles between the centers of the retinal
structures in BRSET images, we decided to consider the
distance along the line segment that passes through the centers
of both structures. See Fig. 2.

Fig. 2. Extended unit vector U and points representing, from left to right,
the macular center, the optic disc center and the nasal point.

We first calculate the unit vector U between both center
coordinates. We also assume that the optic disc can be ap-
proximated by an ellipse, to define a point we refer to as
nasal point — the point on the optic disc boundary closest to
the nasal edge, as shown in Fig. 2. Although not a standard
anatomical term, we use nasal point throughout this work to



denote this geometrically defined location, calculated using the
parametric equation of the ellipse:

optic disc width
Tnasal = Cz + f

x cos(0) (1)

optic disc height
Ynasal = Cy + D) X

sin(0) 2)

in which (¢, ¢,) are the center coordinates of the optic disc,
and 6 is the angle of the unit vector U and the z axis. The
optic disc width and height, as well as the center coordinates,
are given by the bounding box generated by the models.

To compute the distances, we consider the intersection
points N and T between the line that extends the vector U
in both directions and the retinal edges, respectively, on the
nasal and temporal sides. Then, the distance between the optic
disc and the nasal edge is computed as the Euclidean distance
between IV and the nasal point. Similarly, the distance between
the macular center and the temporal edge is computed as the
Euclidean distance between the macular center and 7.

III. EXPERIMENTS AND RESULTS
A. Optic Disc and Macular Region Detection

We perform detections using the models trained according to
the hyperparameter settings described in the previous section.
Recall (see Table I) that for optic disc we considered two
training scenarios, using images from five datasets, while for
the macular region we trained only one model using images
from just one dataset. We considered a detection when the
model confidence was at least 50%, ie., ¢ > 0.5. The
test results for precision, recall and mean average precision
(mAP50 and mAP50-95) are given in Table II.

TABLE 11
TEST RESULTS FOR OPTIC DISC AND MACULAR REGION DETECTIONS (%)
Training task Precision | Recall | mAP50 | mAP50-95
Scenario 1 98.7 99.5 99.0 88.2
Scenario 2 99.3 99.3 98.9 87.1
Macular Region 93.5 93.2 96 75.2

As can be seen in Table II, even though the Scenario 2
model is tested on a dataset that was not used for training, it
still achieves high performance. This indicates that the model
is generalizing well. We show in Fig. 3 some detection results
on BRSET. As can be seen, the bounding boxes are placed
properly on the optic disc and the macular region.

B. BRSET Analysis

Based on visual inspection, we assessed that the optic disc
and macular region were properly detected on BRSET by the
corresponding trained models (Scenario 2 and Macular Region
detection models). Therefore, we considered it appropriate to
calculate some distance statistics from the detection results.

First we computed the angle between the line segment that
links the centers of the optic disc and the macular region
whenever the model confidence level c satisfied ¢ > 0.5,

Fig. 3. Macular center (blue) and optic disc (green) detections by the YOLO
models, in BRSET images.

as previously mentioned. The angle distribution is shown in
Fig. 4. As can be seen, there is a peak around 8 degrees, which
is considered normal. Instances with very large angles could
hint violation of the image field protocol.

Optic Disc / Macular Center angles distribution
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Fig. 4. Optic Disc/Macular Center angle distribution on BRSET.

To analyze the distances to the retinal edges, we considered
only images whose structures were detected with a high
confidence level (greater than 75% and 80%, respectively,
for the macular region and the optic disc). A total of 11,384
images met this criterion. We normalize the distances based
on disc diameter (DD) and compute the distance distribution
separated into two subgroups of images: one whose “Image
Field” is labeled Adequate and the other which is labeled
Inadequate.

With respect to the Adequate images, contrary to the specifi-
cation of the IQA protocol, the histogram in Fig. 5 shows that
there is a considerable number of images with the distance
between the optic disc and the nasal edge lower than 1DD.
In contrast, Fig. 6 shows that most of the images labeled
Adequate present the distance between the macular center and
the temporal edge at least 2DD, as expected.

Regarding the group of Inadequate images, in Fig. 5 we see
that most of them do not satisfy the 1DD distance requirement,
as expected. Those few that have distance above 1DD might
have been labeled Inadequate because they do not meet the
second criterion (distance at least 2DD).
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Fig. 5. Distribution of the normalized distances between the optic disc and
the nasal edge in the adequate/inadequate “Image Field” subgroups.
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Fig. 6. Distribution of adequate/inadequate images considering the distance
between macular center and temporal edge.

IV. CONCLUSION

In this work we trained and evaluated models to detect the
optic disc and the macular region in retinal images. Results
indicate that YOLO-based object detection models, trained
with a diverse set of datasets, lead to a high performance for
anatomical retinal structure detection, allowing such structures
to be accurately identified even in cross-dataset evaluation
scenarios. Furthermore, we computed the distances between
these structures and retinal edges for BRSET images. We
observed some disagreement between the computed distances
and the distance requirements regarding the optic disc and
the nasal edge in images labeled as “Adequate”. Nevertheless,
according to experts, the crucial information for the diagnosis
of diabetic retinopathy is in the macular region and, therefore,
it is not uncommon to consider some criteria less strictly.
As future work, we would like to generate annotations of
structures such as optic disc and macular region locations and
segmentation masks for the images in BRSET. We would also
like to extend the coverage of image quality assessment to
other quality criteria.
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