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Abstract: Myopia is an eye disorder of global concern due to its increasing prevalence worldwide and
its potential to cause sight-threatening conditions. Diagnosis is based on clinical tests such as objec-
tive cycloplegic refraction, distance visual acuity, and axial length measurements. Population-based
screening is an early detection method that helps prevent uncorrected vision disorders. Advance-
ments in technology and artificial intelligence (AI) applications in the medical field are improving
the speed and efficiency of patient care programs. In an effort to provide a new, objective AI-based
method for early myopia detection, we developed an algorithm based on the YOLOv8 convolutional
neural network, capable of classifying eye fundus images from myopic and non-myopic patients.
Preliminary results from an image set obtained from an Italian optometric practice show an overall
accuracy of 85.00% and a precision and recall of 88.7% and 91.7%, respectively, in the internal valida-
tion dataset. This represents the beginning of a new paradigm, where AI is central to large screening
programs aimed at preventing myopia and other avoidable blinding conditions and enabling early
diagnosis and management.

Keywords: myopia detection; eye fundus; fundus image; YOLO; artificial intelligence

1. Introduction

Myopia, or nearsightedness, is an eye disorder in which rays of light entering the eye
parallel to the optic axis are focused in front of the retina when ocular accommodation is
relaxed [1]. It is well recognized as a significant public health issue, leading to evitable
vision loss and serving as a risk factor for a range of other sight-threatening conditions [2,3].

For nearly a decade, preventing and managing myopia has been a key focus in the
fields of optometry and ophthalmology. In 2016, the World Health Organization (WHO)
released a study that raised awareness among researchers and clinicians worldwide about
this eye condition, emphasizing its rapidly growing prevalence [4]. The WHO conducted a
comprehensive systematic review and meta-analysis, which included more than 100 studies
and over 2 million participants, to assess the trends in myopia and high myopia from 2000
to 2050. At the start of the study period, 1.406 billion individuals were affected by myopia,
including 163 million with high myopia. By 2050, the WHO projected that half of the
global population would be nearsighted, with 10% experiencing high myopia. If not
addressed, myopia could lead to an increased risk of vision impairment in adulthood
and potentially accelerate the development of serious eye conditions, such as myopic
maculopathy, glaucoma, cataracts, and retinal detachment [5,6].

The diagnosis relies on clinical assessments such as objective cycloplegic refraction
(considered the gold standard and best practice) and subjective refraction, the evaluation
of distance visual acuity, and, when feasible, the measurement of axial length [7]. Vision
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screening campaigns and eye examinations are typically conducted by eye care profes-
sionals and skilled volunteers, depending on the personnel’s level of training, available
equipment, and the setting. For example, the study by Elsabagh and El-seht [8] describes
the findings of a school-based cross-sectional comparative study conducted from January to
April 2016. The research aimed to assess the prevalence of refractive errors among school-
aged children, with the examinations carried out by qualified eye care specialists. The eye
examination procedures used in the study comprised measuring monocular unaided visual
acuity, monocular aided visual acuity for those wearing glasses, evaluating the external
eye and anterior segment, and performing red reflex testing and refraction using a portable
photo-refractor device. In contrast, Tobi et al. [9] report results from a vision screening
program performed by school teachers. This study aimed to evaluate the accuracy of such
programs. The findings indicated that teachers were more accurate in detecting children
with normal vision through a visual acuity test (specificity of 99.6%) compared to identify-
ing those with vision problems (sensitivity of 25%). Factors contributing to discrepancies
in screening accuracy include the quality of teacher training, the screening procedures
used, and the adherence to those procedures. The low sensitivity suggests that a significant
number of children with vision problems are overlooked and not correctly identified, which
could have serious health consequences. This highlights the need for improved screening
techniques and underscores the potential for further research to develop more objective,
standardized, and cost- and time-efficient tools.

Artificial intelligence (AI) in medicine has recently reached new heights. In ophthal-
mology and optometry, various studies have proposed AI approaches for the screening and
diagnosis of different eye diseases, facilitated by the widespread adoption of diagnostic
imaging technologies such as fundus cameras (FC) and optical coherence tomography
(OCT) [10–14]. While FC and OCT are standard procedures in myopia management, their
implementation is still ongoing, and the integration of AI requires further improvement
and thorough investigation [15]. Clinical data are widely used to predict the development
and progression of myopia, but digital imaging remains primarily focused on detecting and
classifying high and pathologic forms of myopia [16–18]. Recent research has addressed
this issue by creating AI-driven models to forecast, categorize, or identify myopia in its
non-pathological form, a vision condition frequently encountered by eye care professionals
in everyday practice. Some of these initiatives began by utilizing retinal fundus images
obtained with an FC to estimate the dioptric value of myopic refractive error [19] and to
assess the five-year risk of progression to high myopia [20].

Creating, evaluating, and validating AI-driven software for medical use requires a
thorough understanding of programming and algorithm design, skills that are uncommon
among most healthcare professionals. To overcome this challenge and enhance accessibility,
we utilized an online application programming interface (API) that incorporates machine
learning (ML) technology. This method enables individuals with basic computer skills to
train and develop a high-quality model [21].

For the first time, we are focusing on developing a computer-assisted model that
can effectively identify myopic eyes using retinal fundus photographs, without the need
for coding skills or additional clinical data. This approach allows us to improve the
accuracy and efficiency of screening programs, providing tangible solutions for better
patient outcomes.

The contributions of this study are as follows:

• We created a dataset of labeled fundus images from myopic and healthy Caucasian
eyes, which can be used for ML and computer vision purposes;

• We tested the new computer vision model YOLO version 8 and its online API, both of
which play a crucial role in our work by enabling the development of an ML model
without the need for coding expertise;

• We investigated the model’s performance in classifying myopic eye based on a single
retinal fundus image without additional clinical information.
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The study is structured as follows: Section 2 reviews related work on the use of the
YOLO architecture and briefly discusses previous research using YOLOv8. Additionally, it
presents in details two notable works by different authors [19,20] that focused on myopia
using fundus photographs. Section 3 outlines the proposed methodology, dataset prepara-
tion, and describes the characteristics of YOLOv8. The findings are presented in Section 4.
Section 5 discusses our study and provides conclusions.

2. Related Work

You Only Look Once (YOLO) is a state-of-the-art convolutional neural network (CNN)
architecture developed by Ultralytics for training and deploying highly accurate AI mod-
els [22]. YOLO is an efficient object detection algorithm that performs both localization
and classification in a single forward pass [23]. Version 8 of YOLO sets new standards
in real-time detection and segmentation, with enhanced capabilities for detecting objects
of varying sizes and improved identification efficiency compared to previous versions.
Additionally, YOLOv8 is accessible for use online [24].

Many researchers have chosen the YOLO network for object detection over other
network frameworks due to its faster speed and higher accuracy [25–27]. Our previous
experience with YOLO versions 8 and 9 is well documented in [28–30], where we focused
on optic nerve segmentation and diabetic retinopathy feature detection. For the first time,
we decided to adopt YOLOv8 to perform a classification task aimed at diagnosing myopia,
with the preliminary results of our experiment described in [31].

Other studies have explored different approaches to extract novel information, such
as refractive error and the risk of refractive error progression from retinal fundus images.
In 2018, a study [19] used 226,870 retinal fundus images from the UK Biobank and Age-
Related Eye Disease Study (AREDS) clinical trials to train a deep learning algorithm to
predict refractive error. The researchers employed a residual network (ResNet) to learn
predictive image features that correlate with the development of refractive error, and a
soft-attention layer to identify and prioritize the most crucial regions of the image for
accurate predictions. The model was validated on approximately 40,000 images, achieving
a mean absolute error of 0.56 diopters for the UK Biobank dataset and 0.91 diopters for
the AREDS dataset in estimating the spherical equivalent. This study was the first to ex-
plore the feasibility of calculating the dioptric value of refractive error from retinal fundus
images alone. More recently, in 2023, a group of researchers from Singapore developed a
deep learning (DL) system to identify children at risk of developing high myopia and its
associated eye-threatening complications [20]. They used 7456 baseline fundus images as
primary validation data and 821 images for external validation, with and without clinical
data such as age, gender, race, parental myopia, and baseline spherical equivalent refraction
(SER). Three distinct algorithms were developed to predict the 5-year risk of high myopia
development: one based on image data alone, one based on clinical data alone, and one
combining both (image + clinical). All three models, based on a DenseNet-121 neural
network, achieved clinically acceptable performance, with the mixed model showing the
best predictive results, yielding an area under the curve (AUC) of 0.97 in the primary
dataset and 0.97–0.98 in the test dataset. This method can support eye care practitioners
and volunteers in myopia screening campaigns and can be easily implemented in primary
healthcare settings without requiring costly equipment or professionals to measure clin-
ical data such as axial length and cycloplegic refraction. Another study [32] focused on
classifying myopia using deep learning methods with different CNN architectures, such
as the VGG16, VGG19, and InceptionV3 models. This objective is closely aligned with the
one described in the present work. The authors used 495 retinal fundus images from the
Retinal Fundus Multi-Disease Image Dataset (RFMID) [33] and applied data augmentation
to expand their dataset to 2025 images, divided in two classes: normal and myopic. They
conducted a training session to help their algorithms distinguish between the two classes,
followed by validation and testing sessions. The training parameters included an image
size of 224 × 224 pixels, a batch size of 32, 20 epochs, and the Adam optimizer. The
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performance of the algorithms was evaluated based on accuracy and the kappa score. The
study successfully generated three models for detecting myopia from retinal fundus image,
achieving accuracies of 66%, 95.99%, and 93.99% for VGG16, VGG19, and InceptionV3,
respectively, using the original dataset. When using the augmented dataset, the accuracies
improved to 97.53%, 97.54%, and 99.50%, respectively.

Our study explores the development and feasibility of a new screening method based
on the YOLOv8 architecture, which has the potential to transform myopia detection. This
method could be adopted in primary healthcare settings, clinics, and school-based pro-
grams, offering a cost-effective and scalable solution. General practitioners and volunteers
could also utilize it, making myopia screening more accessible and inclusive for a broader
population. The API provided by YOLO simplifies dataset creation and algorithm develop-
ment, enabling even non-experts to implement this advanced technology.

3. Materials and Methods
3.1. Dataset

We collected 338 retinal fundus images from 169 Caucasian patients enrolled in an
optometry and contact lens office in Northern Italy. An optometrist evaluated all patients
who visited the office for a regular eye exam. Patient history, primary complaints, distance
visual acuity (both unaided and aided), static retinoscopy and subjective refraction, slit
lamp, and fundus photography were performed. All eye fundus pictures were captured by
the same well trained optometrist using the Optopol REVO FC 80® (Optopol Technology;
Zawiercie, Poland; software version 11.5.0), a non-mydriatic 12.3-megapixel fundus camera
with a 45 ± 5◦ angle of view. The device was placed in a dark room, with the camera set
to central fundus photo mode, automatic flash, and gain levels adjustment. The images,
in PNG format and RGB color mode, were downloaded from the FC’s computer software
(version 11.5.0) and used to train and build the model with YOLOv8. Only good-quality
pictures were included in this study: well centered, clear, and free of artifacts. These images
were selected and stored in a dedicated folder. The optometrist analyzed each image,
ensuring that key structures such as the macula, optic nerve, and retinal vasculature were
in focus. Blurry, shaky, or dark images were excluded. An example of a good-quality image
versus a poor-quality one is shown in Figure 1.
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The selected images were first anonymized and divided into two separate datasets
according to each eye’s subjective spherical equivalent refraction (SER), calculated using
the following formula:

SER = SF +

(
CYL

2

)
(1)

where SF is the spherical power and CYL is the cylindrical power of the lens.
According to the International Myopia Institute (IMI), myopia is defined as a condition

where the SER of an eye is ≤−0.50 diopters (D) [1]. Eyes with an SER ≤ −0.50 D were
classified as myopic and assigned to the myopic dataset, while those with an SER of
>−0.50 D were classified as non-myopic and assigned to the non-myopic dataset.

One hundred twenty-four patients were diagnosed as myopic (74 female;
mean age ± standard deviation 26.74 ± 13.78), and 45 were diagnosed as non-myopic
(27 female; mean age 40.33 ± 17.74).

After an image quality assessment and SER-based dataset allocation, we obtained
238 eligible fundus images from the myopic dataset and 86 from the non-myopic dataset,
including both right and left eyes. The mean SER for the myopic eyes was −3.29 D
(SD = 3.13), while the mean SER for the non-myopic eyes was +0.92 D (SD = 1.32). Informed
consent was obtained from all participants or their relatives before participation, and the
study was conducted in accordance with the principles of the Declaration of Helsinki. A
summary of the two datasets is provided in Table 1.

Table 1. Summary description of patients’ characteristics and dataset details.

Number of Participants Myopic Non-Myopic

169 124 (74 F) 45 (27 F)

Age (SD) 26.74 (13.78) 40.33 (17.74)

Number of eligible pictures in each dataset 238 86

Mean SER (SD) −3.29 (3.13) D +0.92 (1.32) D

3.2. Annotation, Augmentation, and Training Parameters

YOLOv8 requires annotated images to perform the classification task. Therefore, be-
fore the training phase, we manually annotated each image into two categories (myopic
and normal) according to the primary objective of the study. The annotations were com-
pleted using free online software [34], and the two annotated datasets were uploaded. We
performed several image preprocessing steps, including auto-orientation and resizing the
images to a resolution of 640 × 640 pixels, which is the recommended size for YOLOv8. To
mitigate the risk of overfitting, we applied various data augmentation techniques, such as
horizontal and vertical flips, 90-degree rotations in both clockwise and counterclockwise
directions, and flipping the images upside down. These transformations expanded our
dataset to 699 images, which were then split into a training set (569 images), an internal
validation set (80 images), and a test set (50 images). The batch size, which determines the
number of samples processed before updating the model parameters, was initially set to 4.
Although the standard batch size is typically 32, we chose a smaller batch size to conserve
computational resources during each epoch. Each model was trained for 100 epochs, and
we implemented an early stopping criterion: if no improvement was observed over ten
consecutive epochs, training was halted, as the model was likely to have converged. After
identifying the best-performing model variant during the testing phase, we increased the
batch size to 8 and adjusted the input image size to 1024 × 1024 pixels. We then repeated
the inference on the test dataset. The experiment was conducted on a system with an Intel
Core i7 processor, 64 GB of RAM, and an 8 GB NVIDIA 3070Ti graphics card.
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3.3. You Only Look Once Version 8

YOLOv8 is a state-of-the-art CNN model for object detection, segmentation, and
classification. It is easily accessible online, making it a great option for those looking to
develop machine learning algorithms without extensive programming expertise. Table 2
provides an overview of the available YOLOv8 variants for project development detailing
input image sizes (in pixels), the number of used parameters (in millions), and floating-
point operations per second (FLOPs), which indicates the computational requirements.
YOLOv8 offers several model sizes: nano (n), small (s), medium (m), large (l), and extra-
large (xl) [35]. The training time varies significantly across these variants, with the nano
version taking as little as 10 min to train, while the extra-large version may take several
hours. For our experiment, we selected the best-performing model variant based on the
shortest time when two or more models showed similar performance.

Table 2. YOLO version 8 model variants parameters.

Model Size (Pixels) Parameters (Million) FLOPs (B)

YOLOv8-n 640 3.4 12.6
YOLOv8-s 640 11.8 42.6
YOLOv8-m 640 27.3 110.2
YOLOv8-l 640 46.0 220.5

YOLOv8-xl 640 71.8 344.1

The YOLOv8 network architecture consists of three main components called backbone,
neck, and head, as illustrated in Figure 2. The precision of the YOLOv8 model is significantly
enhanced by its anchor-free design and decoupled head, which allows for independent
processing of objectness, classification, and regression tasks. The softmax function is
used to define the likelihood of an object belonging to each possible class [36]. YOLOv8
employs CIoU [37] and DFL [38] loss functions for bounding-box loss, along with binary
cross-entropy for classification loss, which together improve detection performance. More
detailed information about these components can be found in [39], and we also discussed
them in our previous work on diabetic retinopathy [30]. To perform the classification
task, YOLOv8 extracts rich features from the input image I, as defined by Equation (2), by
applying a series of convolutions described in Equation (3). The backbone adopts residual
blocks to learn deeper image attributes, as specified in Equation (4) [39].

IϵℜH×W×3, (2)

where H and W are the height and width of the input image [39].

Conv(I, K, s, p) = ReLU(BatchNorm(I ∗ K)), (3)

where K is the convolutional kernel, s is the stride, p is the padding, * indicates the
convolution operation, and BatchNorm defines the batch normalization [39].

Res(X) = X + Conv(Conv(X, K1, s1, p1), K2, s2, p2), (4)

where X is the input of the residual block, and K1 and K2 are the kernels of the convolutional
layers within the block [39].

To accurately predict the class of an object, the head calculates the probabilities of that
object to be part of a defined class according to Equation (5) [39] as follows:

B =
(
σ(tx) + cx,σ

(
ty
)
+ cy, etw ·pw, eth ·ph

)
, (5)

where (cx, cy) is the center of the anchor box; (pw, ph) are the dimensions of the anchor box;
and tx, ty, tw, and th are the predicted offsets.
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3.4. Performance Metrics

We compared the manually annotated images with the predicted ones with the help
of a confusion matrix. The performance metrics [27,41] used to analyze the results of our
research outcomes include the following:

• Accuracy (ACC) is defined as the ratio of correct predictions to the total predictions
made, as illustrated in Equation (6).

• Precision (P) and recall (R) assess the ratio of true positives in all positive predictions
and determine the ratio of true positives in all actual positives, respectively. R measures
the model’s effectiveness in identifying all instances of a class. P and R are computed
using Equations (7) and (8), respectively. Recall and sensitivity (Se) are calculated
using the same, Equation (8).

• Specificity (Sp) calculates the ratio of true negatives in all negative predictions, as
shown in Equation (9).

• The F1 score represents the harmonic mean of P and R, providing a balanced evalua-
tion of the model’s accuracy by taking into account false positives and negatives, as
demonstrated in Equation (10).

• The receiver operating characteristic (ROC) curve is a graphical representation of
a classification model’s performance across all classification thresholds. It shows
the trade-off between the true positive rate (TPR) and the false positive rate (FPR).
TPR is also known as recall or sensitivity (Equation (8)). FPR is the ration of incor-
rectly identified negative instances to the total actual negative instances, illustrated in
Equation (11). As the classification changes, both TPR and FPR change, and plotting
them forms the ROC curve.

Accuracy =
TP + TN

TP + TN + FP + FN
(6)

Precision =
TP

TP + FP
(7)
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Recall or Sensitivity or TPR =
TP

TP + FN
(8)

Specificity =
TN

TN + FP
(9)

F1 score =
TP

TP + 1
2 (FP + FN)

(10)

FPR =
FP

FP + TN
(11)

where TP is true positive, TN is true negative, FP is false positive, and FN is false negative.
Precision and recall are valuable metrics for evaluating a model’s performance when class
distributions are imbalanced. Specific tasks might prioritize a higher recall over precision
depending on the implications of false positives versus false negatives. For example, in
classifying medical images, it is crucial to reduce the rate of false negatives. Therefore,
achieving a high recall or sensitivity is prioritized over high precision, as a false negative
could lead to an incorrect medical diagnosis and pose risks to a patient’s health [27]. As
illustrated in Figure 3, a confusion matrix presents data from the experiment, summarizing
the outcomes, conducting the assessment, and comparing the results across various model
variants. For instance, Equations (7) and (8) can be used to compute P and R for the model
displayed in Figure 3. The correct predictions are located on the primary diagonal of the
confusion matrix, linking the true class names on the x-axis to the predicted class names on
the y-axis. The numbers outside the main diagonal represent prediction errors. Specifically,
TP equals 53, TN equals 15, FP equals 5, and FN equals 7. The P and R for this model are
91.4% and 88.4%, respectively. Finally, to properly assess the performance of the models,
we calculated the AUC (area under the ROC curve), which ranges from 0 to 1. The AUC
provides a single numerical summary of the model’s ability to distinguish between positive
and negative classes. An AUC value of 1 indicates perfect classification, while a value of
0.5 suggests the model has no discrimination ability (equivalent to random guessing). A
higher AUC, such as 0.8, typically indicates better model performance.
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3.5. Statistical Analysis

We conducted statistical analysis using Microsoft Excel and Jupyter Lab (version 4.2.5).
Microsoft Excel was used to calculate the performance metrics based on TP, TN, FP, and
FN, as shown in each confusion matrix. To assess the distribution of our performance
metrics, we performed the Shapiro–Wilk test for normality. Since the data follow a normal
distribution, we should have used the ANOVA test, but we decided to use the Kruskal–
Wallis test instead because we had only one value per model. The p-value threshold was
set to 0.05. Jupyter Lab, an open-source interactive development environment widely
used for data analysis and scientific computing, was employed to compute and plot the
ROC curve and AUC for the test dataset. Jupyter Lab supports integration with various
programming languages, particularly Python, and is popular for its ability to combine code
execution, data visualization, and documentation in a single interface. An ANOVA test
was performed using Jupyter Lab to identify the best-performing model based on the AUC.

4. Results

We successfully collected and curated a dataset of myopic and non-myopic eye fundus
images from a Caucasian population, classified based on SER dioptric values. The dataset
was evaluated using various YOLOv8 variants, and their classification performances were
compared. To rigorously assess our approach, we utilized performance metrics such
as accuracy (ACC), precision (P), recall (R), specificity (Sp), and F1 score, ensuring a
comprehensive evaluation. The models’ ability to distinguish between classes was further
analyzed by calculating and plotting the ROC AUC, as well as the mean average precision
(mAP) at a threshold of 0.50 (mAP@50) and across the range from 0.5 to 0.95 (mAP@50-95).
To the best of our knowledge, this is the first study to explore the feasibility of using
YOLOv8-based computer-assisted methods for detecting myopia from eye fundus images
without requiring coding expertise.

4.1. Internal Validation Set

Figure 4 shows the confusion matrix for each model variant tested on the internal
validation dataset: n (Figure 4a), s (Figure 4b), m (Figure 4c), l (Figure 4d), and xl (Figure 4e).
This dataset consists of 80 images, with 60 for myopic eyes and 20 for healthy eyes. Table 3
reports the performance metric results for each YOLOv8 variant. It can be observed that
the small and medium models perform similarly, as do the large and extra-large models.
The best-performing model, which combines high accuracy, recall or sensitivity, and F1
score with low computational time, is the large variant, with an accuracy of 85%, recall of
91.7%, and an F1 score of 90.2%.

Table 3. The results obtained by the proposed approach with all the available variants of YOLOv8 on
the internal validation test set.

Model ACC P R Sp F1 Score

YOLOv8-nano 0.850 0.914 0.883 0.750 0.898
YOLOv8-small 0.838 0.851 0.950 0.50 0.897

YOLOv8-medium 0.838 0.851 0.950 0.50 0.897
YOLOv8-large 0.850 0.887 0.917 0.650 0.902

YOLOv8-extra-large 0.850 0.887 0.917 0.650 0.902

The Shapiro–Wilk test showed that all performance metrics were normally distributed
(p > 0.05), except for accuracy (p < 0.05). Since we had only one value per model, we
used the Kruskal–Wallis test, which revealed no statistically significant differences in
the performance metrics across the different models. In medicine, sensitivity (or recall) is
crucial for minimizing false negatives and preventing misdiagnosis. Based on the sensitivity
(91.7%) and considering the F1 score (90.2%), which provides a more balanced view of the
model’s performance, we concluded that the best-performing model in the validation set is
the large variant of YOLOv8.
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4.2. Testing Dataset

Figure 5 shows the confusion matrix for each model variant, nano (Figure 5a), small
(Figure 5b), medium (Figure 5c), large (Figure 5d), and extra-large (Figure 5e), tested on the
testing dataset, which consists of 50 images, with 35 images from myopic eyes and 15 from
healthy eyes. Table 4 reports the performance metric results for the variants of YOLOv8.
It is evident that the nano and extra-large models perform similarly, as do the small and
medium models. The best-performing model, balancing high accuracy, high recall, and F1
score with low computational time, is the nano variant, with an accuracy of 84%, recall of
97.1%, and F1 score of 89.5%. The large variant also performs well but with slightly lower
results compared to the nano model, with an accuracy of 82%, recall of 91.4%, and F1 score
of 87.7%

Table 4. The results obtained by the proposed approach with all the available variants of YOLOv8 on
the test dataset.

Model ACC P R Sp F1 Score

YOLOv8-nano 0.840 0.829 0.971 0.533 0.892
YOLOv8-small 0.780 0.773 0.971 0.333 0.860

YOLOv8-medium 0.780 0.773 0.971 0.333 0.860
YOLOv8-large 0.820 0.842 0.914 0.600 0.877

YOLOv8-extra-large 0.840 0.829 0.971 0.533 0.892

YOLOv8 nano and YOLOv8 extra-large stand out for their overall best performance,
with high scores in accuracy (84.0%), precision (82.9%), recall (97.1%), and F1 score (89.2%).
YOLOv8 large excels in precision (84.2%) and specificity (60.0%), but its recall (91.4%) is
lower, which could lead to a higher number of false negatives. YOLOv8 small and YOLOv8
medium show lower performance across nearly all metrics, with precision (77.3%) and
specificity (33.3%) significantly lower. Since our goal is to minimize false negatives, such
as in screening programs, YOLOv8 nano and YOLOv8 extra-large appear to be the best
choices due to their excellent recall and F1 scores.

The Shapiro–Wilk test revealed that accuracy, precision, F1 score, and specificity are
normally distributed (p > 0.05). The recall, on the other hand, is not (p < 0.05). Since we had
only one value per model, we used the Kruskal–Wallis test, which revealed no statistically
significant differences in the performance metrics across the different models. In medicine,
sensitivity (or recall) is crucial for minimizing false negatives and preventing misdiagnosis.
Based on the sensitivity (97.1%) and considering the F1 score (89.2%), which provides a
more balanced view of the model’s performance, and taking into account the computation
speed in performing the inference, we concluded that the best-performing model on the
testing set is the nano variant of YOLOv8.

To identify the best model for distinguishing between myopia and non-myopia effi-
ciently, we calculated the ROC and AUC for the YOLOv8 models. Figure 6 shows the ROC
curve comparison for models n, s, m, l, and xl, highlighting the AUC values. Models n and
xl, as well as models s and m, perform equally. Therefore, we decided to plot the ROC for
models n, s, and l.

The ROC AUC was calculated for these three models to compare their discriminative
ability. The models tested were n, s, and l. Below are the results of the comparisons in
terms of AUC and their respective differences, calculated using a 95% confidence interval
(CI) for the AUC difference with the bootstrapping method in Jupyter Lab. The difference
between models n (AUC = 81.5%) and s (AUC = 83.4%) is not statistically significant as
the confidence interval includes zero (observed difference −1.9%, CI: [−60.7%, 74.2%]).
Similarly, for models n (AUC = 81.5%) and l (AUC = 77.6%), and s (AUC = 83.4%) and l
(AUC = 77.6%), the differences are not statistically significant (observed differences of 3.9%
and 5.8%, with CI of [−55.0%, 80.4%] and [−68.6%, 82.0%], respectively). The observed
AUC differences between the models are small and not statistically significant as the
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confidence intervals for all AUC differences include zero. This suggests that there are no
significant differences in the discriminative abilities of the models tested.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 13 of 23 
 

  
(a) (b) 

  
(c) (d) 

 
(e) 

Figure 5. Confusion matrix from each variant of YOLOv8 tested on testing set, with number of TP, 
TN, FP, and FN: (a) nano; (b) small; (c) medium; (d) large; and (e) extra-large models. Figure 5. Confusion matrix from each variant of YOLOv8 tested on testing set, with number of TP,

TN, FP, and FN: (a) nano; (b) small; (c) medium; (d) large; and (e) extra-large models.



Appl. Sci. 2024, 14, 11926 13 of 20Appl. Sci. 2024, 14, x FOR PEER REVIEW 15 of 23 
 

 
Figure 6. ROC and AUC for model nano (and xl), small model (and m), and large model of YOLOv8 
calculated on testing dataset. 

 
Figure 7. Precision-recall curves for models n, s, and l. Calculated average precisions (APs) are dis-
played in box in top right corner. 

Figure 6. ROC and AUC for model nano (and xl), small model (and m), and large model of YOLOv8
calculated on testing dataset.

Finally, to present our results in a more conventional and standardized format for
YOLO users, we show the precision–recall curves with average precision (AP) values in
Figure 7. Additionally, Table 5 presents the calculated AP and the mean AP (mAP) for
models n, s, and l at 0.50 and at 0.50–0.95 thresholds, with the model exhibiting the highest
mAP highlighted in bold. Model l shows the highest AP in the testing dataset compared to
other models. It has an mAP@50 of 86.6% which is better that model n (84.8%) but worse
than model s (89.3%). Looking at mAP@50-90, instead, the large model has lower value
compared to the nano and small models.
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Table 5. mAP values for models n, s, and l calculated at @50 and @50-95 thresholds. Highest mAP is
highlighted in bold.

Model AP mAP@50 mAP@50-95

YOLOv8-nano 0.680 0.848 0.744
YOLOv8-small 0.370 0.893 0.776
YOLOv8-large 0.800 0.868 0.675

4.3. Activation Maps Visualization

To better understand how the model made its predictions to correctly identify my-
opia, we constructed activation maps for each image in the test set using Grad-CAM
(Gradient-weighted Class Activation Mapping) [42]. In this way, we hoped to gain a better
understanding of which areas of the image were most used to make a successful prediction
and which ones might have been misleading the model, leading to a false positive or a
false negative. Figure 8 shows some examples of activation maps on images: (a) correctly
classified as myopia; (b) correctly classified as normal; (c) incorrectly classified as myopic;
and (d) incorrectly classified as normal. From our activation maps, it is difficult to defini-
tively determine which region of interest had the highest gradient value and therefore the
most significant impact on the model’s decision. While the macula and optic disk regions
are widely recognized as the most relevant areas for myopia prediction, as demonstrated
by [20,43], we cannot yet fully support this claim. Certainly, analyzing a larger dataset,
applying more effective preprocessing techniques, and conducting a more thorough eval-
uation of the activation maps could help uncover which areas of interest play the most
important role in determining the accuracy of the predictions.
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4.4. Internal Validation and Testing Sets with Image Size of 1024 × 1024 and Batch Size of 8

We selected the best model variant from the previous experiment, YOLOv8 large, and
retrained it using the same input image dataset. However, this time we used an image size
of 1024 × 1024 pixels and a batch size of 8. Figure 9 shows the confusion matrix for the
large model tested on the validation dataset with these updated parameters. For a better
comparison, Table 6 presents the performance metrics from both the previous experiment
and this new test. The new large model performs slightly worse, with an accuracy of
82.5%, precision of 85.9%, specificity of 55%, and an F1 score of 88.7%. The recall remains
unchanged between the two variants.
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Table 6. The results obtained by the proposed approach with the large model of YOLOv8 on the
internal validation set. The input image size is 1024 × 1024 and the batch size is 8.

Model ACC P R Sp F1 Score

YOLOv8-large 0.825 0.859 0.917 0.550 0.887

YOLOv8-large
(previous experiment) 0.850 0.887 0.917 0.650 0.902

Next, we adjusted the image size and batch size of the testing dataset to 1024 × 1024 pixels
and 8, respectively, and tested the large model with these new parameters. Figure 10 shows
the confusion matrix for the large model tested on the updated testing dataset. Table 7
presents the performance metric from the previous experiment and this new test for better
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comparison. The new large model performs slightly worse, with an ACC of 80%, an R of
88.6%, and an F1 score of 86.1%.
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Table 7. The results obtained by the proposed approach with the large model of YOLOv8 on the
testing set. The input image size is 1024 × 1024 and the batch size is 8.

Model ACC P R Sp F1 Score

YOLOv8-large 0.80 0.838 0.886 0.600 0.861

YOLOv8-large
(previous experiment) 0.820 0.842 0.914 0.600 0.877

5. Discussion

We created an image dataset consisting of fundus pictures of myopic and healthy eyes,
categorized by eye SER. This dataset holds great potential for future research aimed at
developing AI-based methods for objective myopia detection. The possibility of expanding
it to include other eye diseases detectable through fundus images further strengthens its
value, enhancing the applicability of computer vision techniques in clinical settings and
offering new opportunities to improve patient care.

We explored the feasibility of using CNN-based software with YOLOv8 architecture
and its variants to diagnose myopia from single-eye fundus images, requiring no coding
expertise. The model we developed, based on the large version of YOLOv8, represents a
novel approach to myopia detection. It is the first model trained on a Caucasian population
from Northern Italy and the first utilizing this state-of-the-art convolutional neural network.
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Retinal fundus imaging, a widely implementable technique, proves to be an effective
tool for large-scale screening, especially in areas with limited access to eye specialists.
The time required for retinography is minimal—around 1.5 min per patient—and it is
an efficient alternative to other clinical tests like objective and subjective refraction. In
our study, retinography was performed on both eyes consecutively for each patient. The
combination of fundus imaging and machine learning highlights the promising potential
of this approach for advancing clinical diagnostics.

The performance metrics of the proposed network are promising, with balanced
precision and recall across all experiments. This balance indicates a relatively low cost
associated with false negatives, which occur when myopic images are incorrectly predicted
as non-myopic. The model’s high precision significantly reduces the risk of misclassifying
myopic patients as non-myopic thereby preventing them from being excluded from the
screening process. Additionally, the higher recall (or sensitivity) achieved by the larger
YOLOv8 model across all experiments enhances the clinician’s ability to detect myopia,
reducing the risk of misdiagnosing a myopic eye. Consistently high precision, recall, F1
scores, and AUC values, all exceeding 0.8 (a clinically acceptable threshold for computer-
assisted methods), demonstrate the model’s potential to minimize misdiagnosis.

Compared to other models presented in [32] with the same goal of classifying myopia
from retinal fundus images, the model in this study achieves slightly lower accuracy
across all YOLOv8 versions considered. However, we must consider differences in training
parameters, such as batch size and input image size, as well as the various preprocessing
and data augmentation methods applied. Furthermore, the two datasets differ, which may
explain some of the variations in the results. Additionally, ref. [32] does not specify the
number of images per class, so we cannot assess whether the dataset was well balanced
or what stage of myopia was considered when training the models. Nonetheless, we are
satisfied with presenting a series of functional models, trained on a well-defined dataset,
despite some limitations. Our analysis of the performance metrics provides a clearer
understanding of our algorithms’ potential and the areas for further improvement.

Although comparisons between models reveal differences in AUC, these differences
are not statistically significant. The confidence intervals for the AUC differences include
zero, indicating insufficient evidence to claim a significant difference in discriminative
ability between the models. Consequently, the performance of the models in terms of
AUC appears comparable, and observed differences are likely due to random variability
rather than true variations in predictive power. This suggests that while slight variations in
AUC exist, none are large or consistent enough to conclusively determine that one model
outperforms the others. Furthermore, since myopic patients often report symptoms related
to poor distance vision, diagnosing myopia can be aided by patient interviews about vision
quality. In this context, lower specificity can be acceptable if the model maintains high
recall. The primary risk in a screening program is failing to identify individuals with
the disease, so high recall ensures that most myopic individuals are correctly identified,
reducing false negatives. While lower specificity means more healthy individuals may
be incorrectly labeled as positive, this is less critical in screening as false positives can
generally be managed through follow-up diagnostic tests.

By using the proposed model, eye specialists and volunteers can significantly enhance
the precision of the screening system. Their involvement, even in simple tasks such as ask-
ing the right questions, can help further reduce the chair time required for a comprehensive
eye exam, which typically includes both aided and unaided visual acuity testing, as well as
objective and subjective refraction.

This study, while valuable, has several limitations that need to be addressed in future
research and clinical implementation. A major limitation is the relatively small and im-
balanced dataset of myopic and non-myopic images, which limits the model’s ability to
generalize to a broader population. For the model to be more effective in clinical practice,
it is crucial to have a larger, more balanced dataset that includes an equal representation
of both myopic and non-myopic cases. Currently, the dataset is skewed towards myopic
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patients, which may affect the model’s performance and accuracy. To overcome this, it is
essential to ensure that both classes are balanced during training, which would help im-
prove the model’s ability to make accurate predictions across different population groups.
Additionally, for future improvements, it may be beneficial to focus on specific age groups,
or multiple age groups, to test the model’s performance within defined age ranges. Age-
related variations in myopia could influence the model’s ability to classify accurately, and
this could be addressed by testing the model within selected age categories. Similarly, es-
tablishing a specific SER range for myopic patients could improve the model’s performance.
Including more images from patients with low myopic SER (close to −0.50 D) and higher
hypermetropic SER would help refine the model, particularly in distinguishing between
low myopia and hyperopia, which are conditions the model may currently struggle with,
potentially leading to misclassification. Lastly, the use of transfer learning could be explored
as a means to improve the model’s performance further. Transfer learning would allow
the model to leverage pre-trained networks on larger, more diverse datasets, enhancing its
generalization ability and potentially improving accuracy across varied populations.

In terms of future developments, an important step would be to repeat the experi-
ment and compare the results, using more recent versions of the YOLO algorithm beyond
YOLOv8, which was used in this study. Updated versions of YOLO, such as YOLOv10,
YOLOv11, or future iterations, come with improvements in accuracy, efficiency, and gen-
eralization ability. These newer versions are designed to process images faster and with
greater precision, potentially enhancing the model’s ability to identify subtle features in
the images, which is crucial in a clinical setting. Furthermore, newer versions of YOLO
typically benefit from advances in network architectures, optimization techniques, and
better handling of smaller objects or imbalanced datasets, which could address some of the
current limitations. As the field of computer vision continues to evolve, it is essential to stay
updated with the latest advancements to improve model performance and applicability in
real-world clinical scenarios.

The involvement of artificial intelligence in myopia management is not merely a
possibility, it is already an emerging reality. This technology is set to become the new
paradigm for the early detection, diagnosis, and treatment of myopia, marking a future
that holds great promise for improving patient outcomes and advancing clinical practices.
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