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Introduction: Uncorrected refractive errors are a leading cause of preventable
vision impairment globally, particularly affecting individuals in low-resource
regions where timely diagnosis and screening access remain significant
challenges despite the availability of economical treatments.

Aim: This study introduces a novel deep learning-based system for automated
refractive error classification using photorefractive images acquired via a
standard smartphone camera.

Methods: A multi-branch convolutional neural network (CNN) was developed
and trained on a dataset of 2,139 corneal images collected from an Indonesian
public eye hospital. The model was designed to classify refractive errors into
four categories: significant myopia, significant hypermetropia, insignificant
refractive error, and not applicable to classified. Grad-CAM visualization was
employed to provide insights into the model's interpretability.

Results: The 3-branch CNN architecture demonstrated superior performance,
achieving an overall test accuracy of 91%, precision of 96%, and recall of 98%,
with an area under the curve (AUC) score of 0.9896. Its multi-scale feature
extraction pathways were pivotal in effectively addressing overlapping red reflex
patterns and subtle variations between classes.

Conclusion: This study establishes the feasibility of smartphone-based
photorefractive assessment integrated with artificial intelligence for scalable
and cost-effective vision screening. By training the CNN model with a real-
world dataset representative of Southeast Asian populations, this system offers a
reliable solution for early refractive error detection with significant implications
for improving accessibility to eye care services in resource-limited settings.

KEYWORDS

refractive error detection, vision screening, artificial intelligence, convolutional neural
network, smartphone, red reflex, photorefraction
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Introduction

Uncorrected refractive errors are the leading cause of vision
problems in children and adults. Worldwide, among the 338 million
individuals with visual impairments, approximately 153 million are
affected by uncorrected distance refractive errors, 8 million are blind,
and 145 million experience considerable distance vision impairment
(Holden, 2007; GBD 2019 Blindness and Vision Impairment
Collaborators, 2021). Uncorrected refractive errors can lead to
immediate and long-term consequences for children and adults, such
as lost educational and job opportunities, reduced economic
productivity for individuals, families, and communities, and a lowered
quality of life (Resnikoff et al., 2008; Rahi et al., 2014).

Treatments for refractive errors, such as glasses, are
economical and easily obtainable in high-income regions.
However, refractive errors frequently go undiagnosed or are not
referred for treatment, and some obstacles prevent people from
accessing these services, especially in low-middle-income
countries (Cochrane et al., 2010). Identifying significant refractive
errors in communities remains a challenge in both diagnosis and
public health. The challenge persists in finding a timely and cost-
effective method to screen large groups of people. Screening
approaches using professional equipment, such as autorefraction
and photo-screening, have been developed to overcome the
screening challenges in communities (Braverman, 2007). Such
equipment entails high costs, the need for trained eye health
professionals, and patient cooperation, which can be challenging
to obtain in children. As a result, this poses difficulties for the
screening of refractive disorders in communities in resource-
limited areas (Yang et al., 2020).

Photoscreening equipment operates on a principle known as
photorefractive assessment, which evaluates the red reflex pattern in
the fundus. In addition, photorefractive assessment can be adapted to
work with a smartphone camera to detect refractive errors.
Characteristics, such as the position and size of the red reflex pattern,
can provide insights into the specific type of refractive disorder that a
person may have (Donahue, 2009; Cooper et al., 1996; Waltts et al.,
1999). Previous studies (Yang et al., 2020; Wang et al., 2024; Ma et al.,
2020; Kiu et al., 2024) have shown the potential of smartphone-based
photorefractive assessment in refractive error detection and vision
screening initiatives, especially in regions with restricted access to eye
care services. Nonetheless, this approach requires trained eye care
professionals, particularly —optometrists, to analyze the
photorefractive images.

Artificial Intelligence (AI) can be a valuable supplementary
resource developed to perform specific functions, like analyzing
images and handling data processing. Integrating Al into
smartphone-based photorefractive assessment could automate the
analysis of photorefractive images, enabling accurate predictions of
the type of refractive error. Deep learning (DL), a branch of artificial
intelligence that employs convolutional neural networks (CNN) with
several layers of algorithms, is used for image analysis’s advanced
feature extraction. This technique enables machines to process and
learn autonomously from raw data while examining intricate
non-linear relationships. A significant advantage of applying DL
algorithms in the medical field is their effectiveness in medical image
analysis and screening. Incorporating Al, especially DL, can
significantly improve the efficiency and accessibility of eye care
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services (Martinez-Perez et al., 2022; Keskinbora and Giiven, 2020;
Ngetal.,, 2021; Lim et al., 2022; Panda and Kumar Dhaka, 2022; Latif
etal., 2019).

Previous studies have attempted to develop a DL model to
predict refractive error. Varadarajan et al. (2018) created a deep-
learning prediction model for estimating refractive error using
retinal fundus images. The model demonstrates substantial accuracy
in forecasting spherical power but lacks precision in predicting
cylindrical power. Linde et al. (2023) used portable infrared
smartphone-based fundus cameras to obtain red reflex images.
However, the CNN model they developed using those images has a
modest accuracy in predicting spherical power and a weak accuracy
in predicting cylindrical power. Both studies utilized professional
equipment or additional devices for smartphones to capture the
necessary images for CNN model development. This can incur extra
costs and limit their usefulness for vision screening. The
development of the CNN model for refractive error prediction using
images captured by the built-in smartphone camera has been
demonstrated by Do et al. (2022), Fu et al. (2020), Chun et al.
(2019), and Yang et al. (2020). These models show promising good
accuracy in the validation phase. However, those models did not
undergo the testing phase due to the small-size dataset limitation;
thus, the actual accuracy score is not yet determined. The models
were also trained with the eye image of the East Asian population,
mainly of Chinese and Korean ethnicity. Hence, the validity and
reliability of the models for use on another ethnicity still need
further validation.

South East Asian populations have a high prevalence of refractive
error and uncorrected refractive error (Cao et al., 2022; Pan et al.,
2013; Hashemi et al., 2018). The vision screening program in this
region is hindered by the lack of facilities and the scarcity of human
resources.  Smartphone-based  photorefractive  assessment
incorporating artificial intelligence (AI) could be an interesting
solution to expand the coverage of refractive error screening in this
region. Developing an Al model, particularly the CNN model, which
is trained with an image dataset derived from the Southeast Asia
population, will provide a prompt and timely refractive error detection
for this population. A previous study (Linde et al., 2023) shows low
accuracy of the pre-trained CNN model for predicting refractive error
using red reflex images. Therefore, we chose to develop a multi-branch
CNN because single-branch CNNs were not able to differentiate well
enough the subtle variations in the morphological patterns of the
pupillary red reflex, which are crucial for differentiating the categories
of refractive error like significant myopia and hypermetropia. The
single-pathway architectures consistently failed to differentiate
between subtle variations in pupillary red reflex patterns, resulting in
a misclassification in refractive error classes. Finally, we selected the
multi-branch CNN because this approach allows us to simultaneously
capture features at multiple scales, which is essential for distinguishing
crescent-shaped reflexes that often have overlapping characteristics
between different refractive error classes. This study aimed to develop
an automated deep learning-based prediction system to assess
refractive error using photorefractive images of Indonesian patients
taken with a smartphone. Another aim of this study is to train the
Multi-branch CNN models using photorefractive images to detect
different types of refractive errors, as we classified in our previous
study (Syaugie et al., 2025), and test the models with different new
datasets to establish the validity and reliability of this new CNN model.
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Methods
Design and selection of subjects

This study design is a cross-sectional study. Subjects were patients
who visited the outpatient clinic for refractive examination at a Public
Eye Hospital in Pekanbaru, Riau Province, Indonesia, from January
2023 to June 2024 were invited to participate in this study. Patients
with eyelid and ocular abnormalities that obscure the visual axis
(cornea, lens, and vitreous), ocular infection or inflammation, and a
history of ocular surgery were excluded from this study. A total of 952
patients, most whom were of Malay ethnicity, participated in this
study. The mean age (S.D.) of the patients was 20.06 (11.27) years, and
the median was 18 years (range 1-55 years).

The study protocol was reviewed and approved by the Ethics
Committee of the Faculty of Public Health Universitas Indonesia
(Ket-541/UN2.F10.D11/PPM.00.02/2024). All patients underwent
complete ophthalmic examinations, including uncorrected visual
acuity (UCVA), slit lamp biomicroscope examination, fundus
photography, objective refraction using an autorefractor (Tonoref II,
Nidek Co., Japan), and subjective refraction to determine best-
corrected visual acuity (BCVA). After complete ophthalmic
examinations, the patients underwent both eye images were captured
in a dark room with a smartphone camera.

Workflow of the CNN model development

The workflow for the Multi-branch CNN model begins with the
acquisition of pupillary red reflex images using a smartphone
(Figure 1). These images were preprocessed to ensure uniformity,
including resizing to 256 x 256 pixels and normalization to a range of
[0,1][0,1][0,1]. Data augmentation techniques, such as rotation,
flipping, and zooming, are applied to increase the diversity of the
dataset and improve the model’s robustness.

The preprocessed images are fed into the selected CNN
architecture—1-branch, 2-branch, or 3-branch—for feature extraction
and classification. Each architecture processes the input differently,
with the 3-branch model providing the most comprehensive feature
representations. The classification output predicts one of the following
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The workflow culminates in model evaluation, where metrics such
as accuracy, precision, recall, and F1-score are computed. The results
are visualized through confusion matrices, ROC curves, and training-
validation plots to assess model performance. The successful
deployment of the model on a smartphone platform represents the
final step, enabling real-time, low-cost refractive error screening in
clinical and community settings.

Data acquisition

Eye images were acquired with a 12-megapixel smartphone
camera (iPhone 6s, Apple Inc., California, United States) at a 50-60 cm
distance from the front of the patient in a dark room (<10 lux) and
using an external light source to the camera (Figure 2A). The
smartphone was placed straightforward to the face of the patient
without angulation. The patient’s gaze is slightly upward (15 degrees)
during image capture (Ik et al., 2015). The smartphone’s built-in flash,
which was present next to the left of the camera lens, was used as the
light source for image capturing, wherein light entered the eye through
the pupil, reached the retinal surface, and then reflected to the camera
lens. Reflected light from the eye is shown as a characteristic crescent-
shaped red reflex that appears in the pupil, which is called the
pupillary red reflex (Chun et al., 2019). All the images were acquired
in the same setting (in a dark room, in portrait orientation, and
without instilling the cycloplegic agents) and done with one operator
(MS) (Figure 2B). All images, each containing images of both eyes
with pupillary red reflex, were stored in the database with
ophthalmology examination records (Figure 2C).

Data preprocessing and augmentation

Data preprocessing ensures that the input images are standardized
for optimal training performance. Each image was cropped to extract
only the corneal portion so that each image could produce two corneal
images. Each corneal image has a 72 x 72 pixels resolution. Each
corneal image is labeled with one type of refractive error classification
based on findings in our previous study (Syaugie et al., 2025). Corneal
images with the same refractive error classification were stored in one

four classes: “Not Applicable to Classified” “Significant  folder. The images were labeled considering the red reflex pattern in
Hypermetropia,”  “Insignificant ~ Refractive ~ Error;  and  the pupil, which indicates significant myopia, significant
“Significant Myopia.” hypermetropia, and insignificant refractive error. Corneal images with
Image Processing \
n | Model
‘ Train Validation [  Test | ‘ Evaluation on
e eraining erations Test Data
= no. of layers (depth) -
on algorithm lid ‘
cropped eyes e LEGHE Nass Model Development
* batch size Parameter .
- siepeehs Tuning 5 Performance Evaluations
Test :
e Model Evaluate Performanc for robust rosul m
Model H H
FIGURE 1
Workflow of multi-branch CNN model development.
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(A) Data acquisition process environment setting during image capture, the distance between the operator and the patient is about 50-60 cm. An
external light source is positioned beside the operator and faces the patient. (B) Dim lightning conditions and portrait orientation before the image is
captured. (C) The image captured by the smartphone shows the pupillary red reflex in both eyes.

the absence of pupillary red reflexes were labeled as not applicable to
classification (Figures 3A-D). In addition to the red reflex pattern in
the pupil, the ground truth of each type of refractive error classification
also considers the spherical equivalent (SE) dioptric power acquired
from objective refractive using an autorefractor (Tonoref II, Nidek
Co., Japan) and subjective refraction examination. From the findings
in our previous study (Syaugie et al., 2025), we found a significant
correlation between the red reflex pattern and spherical equivalent
dioptric power (p < 0.001). The crescent red reflex pattern, which is
dominant on the right side of the pupil, has a spherical equivalent of
—5.977 + 3.655 diopters (95% CI: —6.393 to —5.562); the crescent red
reflex pattern, which is dominant on the left side of the pupil, has a
spherical equivalent of +1.361 + 1.925 diopters (95% CI: 0.941-1.782);
and the red reflex pattern, which occupies the entire pupil area, has a
spherical equivalent of —1.174 + 1.325 diopters (95% CI: —1.334 to
—1.015). These results support the use of subjective refraction and
autorefractor data for refractive error type labeling, which can
be further used for model training and testing.

We classified the refractive error type according to its SE dioptric
power. Significant myopia was observed if the patient’s eye had a
dioptric power below —3.00 Diopter and the crescent red reflex
pattern was dominant on the right side of the pupil; significant
hypermetropia was observed if the dioptric power was above +1.00
Diopter and the crescent red reflex pattern was dominant on the left
side of the pupil; and insignificant refractive error was observed if the
dioptric power was between 3.00 and 0.50 Diopter and between +0.50
and +1.00 Diopter and the red reflex pattern occupied the entire
pupillary area (Figures 3A-C). The dataset labeling was done by one
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operator (MS) to avoid bias in labeling the dataset. This procedure
ensures that each corneal image is assigned correctly to its refractive
error type labeling.

The first step involves preprocessing the raw dataset D, which
comprises corneal images Iy for k = 1,..., N. The corneal images I} is
normalized to a pixel range of [0,1] to stabilize gradients during
training and accelerate convergence (Krizhevsky et al., 2012),
represented mathematically as described by the Equation 1
given below.

I (xy)

T(xy)= 255

,‘v’(x,y)elk (1)

Typical input normalization was applied by rescaling the pixel
values in [0,255] to [0,1], as shown in Equation 1. The normalization
of corneal images I, to a pixel range of [0,1] is a standard and essential
pre-processing technique in deep learning for medical image analysis.
Normalization ensures consistency across images, minimizes the
influence of varying imaging conditions, and enables the network to
learn more robust and generalizable features by providing a consistent
scale for all input pixel intensities. The images are then cropped to
focus on the corneal region and resized to 72 x 72 pixels, ensuring that
the model processes inputs of consistent size, balancing computational
efficiency and the retention of significant features (Simonyan and
Zisserman, 2014).

Data augmentation was performed for the significant
hypermetropia class because the number of images is significantly low

compared with other classes, which could affect the accuracy of the
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9.0

FIGURE 3

X .

(A) Corneal images with a specific pupillary red reflex marked certain types of refractive error. (B) Corneal image of significant myopia. (C) Corneal
image of significant hypermetropia. Corneal image of an insignificant refractive error. (D) Corneal image showing the absence of pupillary red reflex.

model. Initially, the significant hypermetropia class had 237 images
(12.3%); the significant myopia class had 586 images (30.9%); the
insignificant refractive error class had 538 images (27.9%), and the not
applicable to classified class had 555 images (28.9%). Data augmentation
for the significant hypermetropia class was performed by resizing the
original image (zoom-in at 20%), resulting in 460 images.

Data augmentation techniques are used to improve model
generalization and address class imbalance. This augmentation
enhances the dataset’s diversity, reducing the risk of overfitting
(Shorten and Khoshgoftaar, 2019). Data augmentation introduces
synthetic variability into the dataset. Data augmentation techniques,
including transformations T such as rotation (0 € [-20°, 20°]),
zooming (z € [0.8, 1.2]), and vertical flipping, are applied to the
images as described by the Equation 2.

T(I) = ILiotated 2 Lzommed Y Iﬂipped (2)

where T augments the original image I into multiple augmented
variants. This ensures that the model encounters a diverse set of inputs
during training, reducing overfitting.

A total of 2,139 images were acquired after data augmentation, and
the proportion of images between each class was quite similar; the
significant hypermetropia class had 21.5% of total images; the
significant myopia class had 27.4% of total images; the insignificant
refractive error class had 25.2% of total images, and the not applicable
to classified class had 25.9% of total images. The encoding for each class
is set as follows: 0 for the not applicable to classified class, 1 for the
significant hypermetropia class, 2 for the insignificant refractive error
class, and 3 for the significant myopia class (Figure 4). Finally, the
dataset is divided into training (70%), validation (15%), and test (15%)
subsets following standard practices for model evaluation (Heaton
et al, 2018), denoted as Dyin> Dyl and Dy, respectively. This
partitioning ensures that the model is trained and validated on distinct
data while reserving unseen examples for unbiased evaluation. The final
distribution of classes in each subset is balanced through augmentation,
which is critical for mitigating biases during model training.

Model architecture

The model is designed as a multi-branch CNN with three
branches. The multi-branch architecture enhanced the model’s
capability to process features at multiple resolutions. Each branch
independently captured spatial patterns, and their combined outputs
improved feature extraction, particularly for classes with subtle
distinctions, such as insignificant refractive errors.
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The CNN model M¢yy is initialized to extract the hierarchical
features critical for refractive error classification. The architecture
consists of convolutional layers (Conv2D) followed by ReLU activations
and MaxPooling layers. The kernel size taken has been 3 x 3, uniformly
with an input image size of 256 x 256 and batch size of 32.
Convolutional layers learn spatial filters to extract low-level features like
edges, and progress to high-level features (LeCun et al., 2015). Batch
normalization improves convergence and mitigates internal covariate
shifts (Toffe and Szegedy, 2015). The convolutional layer described here
uses a ReLU (i.e., Rectified linear unit (RU)) activation function. The
equation for the ReLU activation function is described in Equation 3.

ReLU =0, for x<0 (3)
ReLU =x, for x >0.

ReLU has been used to introduce nonlinearity in the form of half-
rectified (from the bottom). ReLU gives a zero output for any vector
value that is less than 0, while it behaves as an identity function for any
vector value that is equal to 0 or greater than 0. It and its derivatives are
both monotonic functions. Nevertheless, the fact that all negative
values become 0 reduces the functionality of the models that train from
data. Hence, it has been used in conjunction with other activation
functions. The output layer uses four neurons because four classes can
be predicted using the softmax function. The equation for the softmax
activation function in the output layer computes class probabilities for
multi-class classification and is mathematically described in Equation 4.

exp(zk)

Z?zlexp(zj)

P(y=klx)= (4)

where zj, is the output for class k and C is the number of classes.

We use adam as the optimizer and sparse_categorical_cross-
entropy as the loss function to measure the prediction error because
we encoded our dataset using ‘tf.keras.utils.image_dataset_from_
directory, which returns an integer label instead of one hot encoding
(Kingma and Ba, 2014). We also want to use accuracy as the metrics.
The Adam optimizer with an initial learning rate (77 =0.00 1) provided
stable convergence and accelerated training. Training consisted of 10
epochs which is extensible to 100 epochs, and EarlyStopping callback
with patience =20 was used to monitor validation accuracy.
EarlyStopping is used to restore the best weights when validation
accuracy does not improve after 20 epochs and the training is stopped.
The use of EarlyStopping ensured that the model converged efficiently,
preventing overfitting. By restoring the best weights after 20 epochs of
non-improvement, the model maintained a balance between training

frontiersin.org


https://doi.org/10.3389/fcomp.2025.1576958
https://www.frontiersin.org/journals/computer-science
https://www.frontiersin.org

Syaugie et al.

10.3389/fcomp.2025.1576958

Class name: Hasil pemeriksaan tidak dapat dinilai, Integer label: @
Class name: Hipermetropia signifikan, Integer label: 1

Class name: Kelainan refraksi tidak signifikan, Integer label: 2
Class name: Miopia signifikan, Integer label: 3

data_iterator = data.as_numpy_iterator()
batch = data_iterator.next()
len(batch)

2

fig, ax = plt.subplots(ncols=32, figsize=(20,20))

for idx, img in enumerate(batch[0]):
ax[idx].imshow(img.astype(int))
ax[idx].title.set_text(batch[1] [idx])

0 250 250 250 250 250 25

FIGURE 4
Encoding of corneal images according to their class.

-Qevcecesvoveosencnceveaevoee

250 250 250 250 250 250

and validation performance. We experimented with learning rates and
optimizers (we chose Adam due to stable convergence) and dropout
rates (settling on 0.5 to avoid overfitting). We experimented with
different layer configurations, finally deciding on three convolutional
layers with 32, 64, and 128 filters with MaxPooling, providing the
optimal balance between model capacity and generalization.

Model training

The CNN is trained over E epochs using batch size B. Early
stopping is applied to monitor validation loss and halt training when
no improvement is observed for P consecutive epochs (Prechelt,
2000). This prevents overfitting and ensures efficient training. The
model’s weights are updated iteratively using the Adam optimization
algorithm, which adapts the learning rate based on gradient updates
as described by the Equation 5:

Wi =W, —n-VWL )

where L is the loss function. Training stability and convergence
are monitored using accuracy and loss curves for training and
validation datasets (Chollet, 2017).

Model evaluation

Model evaluation is performed on the test set Dy, using standard
metrics. The confusion matrix C is computed as described by the
Equation 6:

N - . .
Ci,jzzkzll[)’k:“\}’kzl} (6)
where 1 is the indicator function. Precision, recall, and F1-scores
are derived from this to quantify the model’s performance for each
class (Powers and Ailab, 2011). Additionally, the ROC-AUC score

evaluates the model’s discriminatory power in a multi-class setting,
defined as described by the Equation 7:

AUC= [\ TPR(FPR)d(FPR) %)
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where TPR is the true positive rate and FPR is the false positive
rate (Bradley, 1997).

Model explainability

Grad-CAM (Gradient-weighted Class Activation Mapping) is
applied to enhance model interpretability by visualizing regions in
the input image that contribute most to predictions. Grad-CAM
heatmaps illustrate the corneal image regions that contribute most
significantly to the predictions. For instance, the heatmaps for
significant myopia consistently highlighted crescent-shaped red
reflex patterns on the right side of the pupil, aligning with the ground
truth. This level of interpretability enhances the model’s acceptance
in clinical settings, as it provides insights into the decision-making
process. Grad-CAM computes the gradients GGG of class scores
ScS_cSc with respect to the last convolutional feature map AAA,
producing class-specific heatmaps as described by the Equation 8
given below:

Hi, j= ReLU(cEwcAl, j,c), we = Z1i, j20Ai, j,cOSc
Hi,j = ReLUZCWCAi,j,C

Where (8)
1 as,

We=—=) ..
‘ Zzl’JaAi,j,c

These visualizations help clinicians interpret the model’s focus,
improving trust, and facilitating adoption in real-world ophthalmic
diagnostics (Rs et al., 2020).

Model deployment

The final CNN model M¢yy is converted to TensorFlow Lite
format MryprE, optimizing it for mobile deployment. This
lightweight version retains accuracy and enables real-time inference
on smartphones. Techniques like quantization further reduce the
model size and computational requirements (Abadi et al., 2016). The
optimized Mg g is integrated into smartphone applications to
provide a scalable, low-cost solution for vision screening in
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TABLE 1 Pseudocode of corneal image detection.

10.3389/fcomp.2025.1576958

Step Description

1. Data preprocessing

Normalize all images /[ such that pixel values fall within [0,1]{0, 1][0,1].

Crop corneal regions from the images and resize to 72 x 72 pixels.

Perform data augmentation: rotation (0 e [—200, 20°i| ), flipping, zooming (z € [0.8,1 .2]).

Split the dataset into training (70%), validation (15%), and test (15%) subsets.

2. Initialize the CNN model Design architecture with sequential layers:

Conv2D — RelLU — BatchNorm — MaxPool — Flatten — Dens.

Use softmax activation in the output layer for multi-class classification:

Compile with Adam optimizer (7 =0.001), categorical cross-entropy loss, and accuracy metric.

3. Training

Train the model for E epochs using batch size B.

Apply early stopping to monitor validation loss with patience P:

Stop if L{/‘;} > L{/ al for P epochs.

Save the best-performing model weights.

4. Evaluation

The trained model is evaluated on the test se Dggt.

Compute confusion matrix C:

Ci,j =Zk1[yk =inyk =/}

Generate the classification report (Precision, Recall, F1-score):

Precision: = b
recisionj =

Recallj = ==—

. 2 Precision;j x Recallj
Precision;j + Recallj

Generate the ROC-AUC for multi-class classification:

AUC = _[éTPF?(FPR)d(FPR)

5. Explainability

Apply Grad-CAM to visualize important regions in input images that contribute to prediction.

Compute the Grad-CAM heatmaps using gradients G of class scores:

Hij j = ReLU ZWCA,‘J"C
c

6. Deployment

Convert the trained model Mon\ to TensorFlow Lite format as follows:

MTFLITE < Convert(MCNN )

Optimize MTF] /TE for mobile deployment and integrate it into smartphone applications.

resource-limited regions. Table 1 summarizes the pseudocode of each
step in CNN model development.

Results and discussion

The CNN model demonstrated strong performance across all
evaluation metrics, achieving an overall testing accuracy of 91%.
The inclusion of three convolutional layers with ReLU activation
and MaxPooling, followed by fully connected dense layers, allowed
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the network to extract hierarchical features relevant to the
classification task. Categorical cross-entropy was used as the loss
function to ensure proper gradient propagation for multi-class
classification. The model shows excellent results in the testing phase.
The model can predict most images according to the type of
refractive error, as shown in the confusion matrix (Figure 5, Left).
The model also effectively distinguishes one class from another and
has a perfect score (AUC score: 0.9896). This excellent score proves
that this model could correctly predict the type of refractive error
based on corneal images captured by a smartphone camera. The
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performance metric of this model shows high scores in all
classification metrics.

The confusion matrix revealed that the model performed
particularly well in predicting each class (Figure 5, Left). The model
accuracy is 91% (95% CI: 87.9-94.1%), which means that the model
can correctly predict 91% of all predictions of the refractive error type.
The overall precision of the model was 92% (95% CI: 89.0-95.0%), and
the precision of the significant myopia class was the highest 96%. This
means that the model can correctly predict 96% of 89 corneal images
in the testing dataset with the crescent red reflex pattern dominant on
the right side of the pupil as significant myopia, indicating that the
majority of the predictions for this class were correct.

The overall recall of the model is 92% (95% CI: 87.9-94.1%), and
the recall of the not applicable to classified class is the highest 98%,
signifying the model’s strong ability to identify images where the
pupillary red reflex was absent or could not be classified. This means
that the model can correctly predict 98% of the 84 corneal images in
the testing dataset with an absence of pupillary red reflex as not
applicable to classification (Figure 5). The high recall scores achieved
by the 3-branch model, for the “Not Applicable to Classified” category,
underscore its reliability in identifying cases where refractive errors
cannot be determined. This is of critical importance in clinical settings
because failure to detect such cases could result in delayed or improper
interventions. Moreover, the model’s high precision (96%) for
“Significant Myopia” and “Significant Hypermetropia” ensures that
most positive predictions correspond to true positives, reducing
unnecessary follow-up diagnostics.

The model also has a high F1 score of 91% (95% CI: 87.9-94.1%).
This means that the model performs well in labeling a patient with
refractive error or not. If the model labels a patient with significant
myopia, there is a high chance that the patient truly has significant
myopia. If the model labels a patient as not applicable to classification,
there is a high chance that the patient does not have a refractive error
or has another eye disease that impedes the pupillary red reflex.

Figure 5 highlights the confusion matrix, the Receiver Operating
Characteristic (ROC) curve, and detailed classification report. The
confusion matrix shows the true vs. predicted classifications for the
four classes as follows: “Not Applicable to Classified,” “Significant
Hypermetropia,” “Insignificant Refractive Error,” and “Significant
Myopia.” The results reveal strong classification performance, with
particularly high recall (98%) for the “Not Applicable to Classified”
category, indicating the model’s ability to accurately identify the
absence of refractive error or any patterns that preclude classification.
The classification report below confirms this trend with high precision
(96%) and F1-scores (0.92) for “Significant Myopia” and balanced
metrics across all categories. The overall accuracy of 91% and weighted
precision of 92% further emphasize the reliability of the 3-branch
CNN architecture. The results argue in favor of the 3-branch model’s
capacity to generalize across varying image complexities. The balanced
recall and precision scores ensure that the model avoids bias toward
any specific class, a challenge often observed in smaller or
imbalanced datasets.

The ROC curve in Figure 5, Right, demonstrates near-perfect
discrimination, with an AUC score of 0.9896 (95% CI: 0.976-0.996),
indicating that the model can effectively and confidently separate
positive and negative classes for each category with high confidence.
This is critical in medical applications where the cost of false negatives
can outweigh that of false positives. The ROC curve shows a
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one-vs-rest multi-class classification in our model. “Class 1” refers to
the significant hypermetropia class. The ROC illustrates the model’s
ability to differentiate cases of “significant hypermetropia” (Class 1)
from all other conditions (i.e., not applicable, insignificant refractive
error, and significant myopia). Class 1 (significant hypermetropia) was
treated as the “positive” class, whereas all other classes combined were
treated as the “negative” class. The reported ROC area under the curve
(AUC) score of 0.9896 quantifies this discriminatory power for Class 1.

The appearance of only three distinct segments (or roughly four
distinct points including the origin and (1,1)) in the ROC curve,
giving it a very pronounced “staircase” or “step-like” appearance
rather than a smooth curve, arises when the classifier’s output
probabilities (or confidence scores) for the “positive” class are highly
discrete or coarsely quantized, rather than spanning a continuous
range. The most probable reason for such a sharply segmented curve
is that the model, when predicting the probability of a sample
belonging to “Class 1,” generates only a very small number of unique
confidence scores across the test set. The test set for “Class 17 is
relatively small; thus, the number of distinct prediction scores for
these samples will naturally be limited, leading to fewer distinct (True
Positive Rate, False Positive Rate) points and a more segmented
curve. A smooth ROC curve is often expected and implies finely-
graded confidence scores. However, a segmented curve does not
indicate a fundamental flaw in the model’s performance. This reflects
the distinct nature of the model’s output probabilities for the given
test set. The area under the curve (AUC) remains the gold standard
metric because this model shows a perfect AUC score and excellent
discriminatory power between classes.

The 1-branch CNN architecture is the simplest model in this
study, designed to sequentially extract features from the input image
(Figure 6). It comprises a single pipeline in which convolutional layers
detect spatial patterns in the corneal images. The network’s structure
is straightforward, starting with a convolutional layer followed by
max-pooling. The initial layers capture low-level features, such as
edges and textures, which are essential for identifying general patterns
in the red pupillary reflex. Higher-level features, such as the symmetry
or orientation of the reflex, are captured as the input progresses
through additional convolutional and pooling layers.

The simplicity of the 1-branch CNN ensures computational
efficiency, as reflected in its relatively small parameter count
(approximately 11 million). However, this simplicity comes at a cost:
the model is unable to capture the multi-scale features that are often
necessary for distinguishing subtle differences between refractive
error classes. For instance, overlapping patterns between “Insignificant
Refractive Error” and “Significant Hypermetropia” may remain
indistinguishable due to the lack of diversity in the feature
extraction process.

Although the model demonstrated stable training and validation
curves, as shown in Figures 7A,D, its overall performance metrics
lagged behind the more complex architectures. The inability to capture
diverse and hierarchical features limited its precision and recall,
particularly in complex cases. Thus, while the 1-branch model
provides a baseline for comparison, its architectural simplicity limits
its effectiveness.

The 2-branch CNN introduces additional complexity by splitting
the input data into two parallel pipelines (Figure 8). Each branch
independently processes the input, capturing distinct features at
different spatial scales. This design enables the network to learn
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complementary feature representations, which are later combined
through a concatenation layer. The branches leverage deeper
convolutional and pooling layers, allowing them to detect both
localized patterns (e.g., crescent-shaped reflexes) and broader
contextual features (e.g., reflex symmetry).

However, the intermediate complexity of the 2-branch model
presents challenges. The model struggles to balance feature extraction
capacity with generalization, as reflected in its unstable validation
accuracy and loss curves (Figures 7B,E). The lack of a third branch to
diversify feature learning pathways results in redundant or insufficient
feature representations. The validation accuracy of the 2-branch
model varied, which indicated the difficulty in trading feature diversity
and parameter efficiency. Problems with the two-branch model are
due to a lack of diversity in pathways. It could not adequately separate
the feature space for our four-class problem and caused errors in
distinguishing between classes, leading to inconsistent validation
performance. This limitation is particularly evident in the confusion
matrix, where the model misclassifies overlapping categories such as
“Significant Hypermetropia” and “Insignificant Refractive Error”

The 2-branch architecture also exhibits a higher tendency to
overfit compared to the 1-branch model. Although its parameter
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count (~3.8\sim 3.8 ~ 3.8 million) is significantly lower than that of
the 1-branch CNN, the model’s instability suggests that additional
pathways or regularization strategies are necessary to fully realize its
potential. Thus, while the 2-branch model demonstrates improvement
over the 1-branch model in theory, its practical performance falls
short due to architectural limitations. Our 3-branch model overcomes
this by concatenating at different scales of features, and a steady
validation accuracy of 98.66% and test accuracy of 91% are achieved
in this way. The suboptimal performance of the two-branch model
highlights the challenges associated with intermediate architectural
designs. Although the two-branch model incorporates additional
complexity compared to the one-branch model, its limited capacity
to diversify feature extraction results in overfitting and unstable
validation performance. This limitation is evident in its fluctuating
validation loss and low classification metrics. The inability to
consistently separate classes with overlapping characteristics, such as
“Significant Hypermetropia” and “Insignificant Refractive Error,
further
architectural strategies.

underscores the need for more sophisticated
The 3-branch CNN represents the most advanced architecture in

this study, leveraging three independent feature extraction pipelines
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(Figure 9). Each branch processes the input image at different
resolutions, capturing multi-scale features that are critical for accurately
classifying refractive errors. For example, one branch may focus on
fine-grained details, such as the edges of the red reflex, whereas another
may capture broader patterns, such as symmetry and orientation. The
outputs of all three branches are concatenated and passed through
dense layers to obtain a comprehensive feature representation.

This architecture demonstrates superior performance, as evidenced
by its smooth training and validation accuracy curves (Figure 7C) and
consistently low loss (Figure 7F). The 3-branch CNN achieves the
highest precision (96%) and recall (98%) for critical classes such as
“Significant Myopia,” reflecting its ability to handle complex and
overlapping patterns. The high area under the curve (AUC) score of
0.9896 further underscores its robust classification capabilities.

Furthermore, the multi-branch design mitigates overfitting by
ensuring that each branch learns unique, complementary features.
This diversity enhances generalization, making the model more
reliable across unseen data. Despite its higher parameter count
(~274,000\sim 274,000~274,000), the 3-branch CNN achieves a
balance between complexity and performance, solidifying its role as
the optimal architecture for this application. Its success highlights the
importance of multi-scale feature extraction in deep-learning models
for medical imaging.

Figure 7 shows the accuracy and loss of each CNN model used in
this study. The one-branch model ran 20 epochs with a batch size of 32,
achieving a training accuracy of 0.9970 and a training loss of 0.0146.
The validation accuracy of the one-branch model is 0.9760, and its
validation loss is 0.0800. The two-branch model ran 100 epochs with a
batch size of 32 and used EarlyStopping, which means that the training
is stopped when validation accuracy is not improved after 20 epochs.
The two-branch model achieved a training accuracy of 0.9742 and a
training loss of 0.0738. The validation accuracy of the two-branch
model is 0.9688, and its validation loss is 0.1137. These results show
that the performance of the two-branch model is lower than that of the
one-branch model. However, the accuracy is improved and the loss is
decreased with the three-branch model. The three-branch model ran
100 epochs with a batch size of 32 and used EarlyStopping. The three-
branch model achieved training accuracy of 0.9992 and training loss
0f 0.0035. The validation accuracy of the three-branch model is 0.9866,
and its validation loss is 0.0762. Thus, this study shows that the three-
branch model achieves the optimum performance.

Architectural strengths of the 3-branch
model

The 3-branch CNN model exhibits significant architectural
advantages, leveraging its multi-pathway design to process input
images at varying resolutions. This approach ensures simultaneous
capture of both fine-grained features (e.g., subtle differences in red
reflex patterns) and broader spatial structures (e.g., pupil orientation).
The superior performance of the 3-branch model, achieving a
validation accuracy of 98.66% and a test accuracy of 91%, highlights
its robustness in generalizing across complex, multi-class refractive
error datasets. The model mitigates information loss by integrating
diverse feature representations through its branches, ensuring that
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patterns unique to each class are effectively learned. This is particularly
crucial for medical applications where misclassifications can have
significant implications.

Additionally, the smooth convergence of training and validation
loss in the 3-branch model, as shown in Figure 7F, underscores its
stability and resistance to overfitting. Unlike the one-branch model,
which underwits due to limited feature extraction capacity, and the
two-branch model, which suffers from unstable performance, the
3-branch model strikes an optimal balance between architectural
complexity and generalization. These findings solidify the importance
of multi-branch architectures in high-stakes classification tasks. The
image in Figure 10 provides an excellent conceptual diagram of a
multi-branch CNN architecture designed for analyzing pupillary red
reflex patterns for refractive error classification. The proposed model
leverages three distinct branches, each specialized in extracting
different levels of features from the input image, resulting in a more
robust and comprehensive analysis.

The architecture consists of an initial input image stage, followed
by three parallel processing branches (Branch 1, Branch 2, Branch 3)
that are then fed into a Feature Fusion stage, culminating in the
Classification Output. Branch 1 captures the fundamental, primitive
visual characteristics in the red reflex image and focuses on low-level
features such as edge detection and basic geometry. For red reflex
analysis, this branch is crucial for delineating the pupil boundaries,
identifying the edges of any crescent patterns, and potentially
localizing the red reflex. It provides foundational structural
information. The associated colored blocks (i.e., red, orange, gray)
would represent conceptual activations. High activation (red) occurs
when strong edges or basic geometric forms are detected. Branch 2
focuses on mid-level features, such as spatial relationships and
orientation. This branch helps identify patterns indicative of specific
refractive errors, such as the orientation of a crescent in the red reflex.
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Branch 3 focuses on high-level features such as contextual patterns
and symmetry. This branch integrates information from a wider range
of receptive fields to better understand overarching visual themes. This
branch is vital for distinguishing subtle differences between types of
refractive error that may not be obvious from isolated edges or local
orientations. Recognizing the gestalt of the red reflex, such as a “full
pupil coverage” for insignificant refractive error or the distinct
“crescent patterns” for myopia/hypermetropia, is helpful.

After each branch has extracted its specialized features, their
outputs are combined in the Feature Fusion stage, which is achieved
through concatenate and fully connected dense layers. The final
output of the model is the classification output, which indicates one of
4 classes. The model achieves a more comprehensive understanding
of the pupillary red reflex by fusing the insights from all three
branches. This integrated approach allows us to make more accurate
and nuanced refractive error classifications, leveraging the strengths
of each specialized feature extractor.

Grad-CAM is a crucial tool for model interpretability and to
understand the features driving our multi-branch CNN predictions.
Visualizing regions of importance is paramount for a medical application
like refractive error detection, because it provides transparency and
builds trust in the models decision-making process. The Grad-CAM
heatmaps illustrate the regions of an image that are most important for
the model’s classification of refractive errors. These illustrations provide
an understanding of why a deep learning model makes a certain
refractive error prediction. These Grad-CAM visualizations are essential
because they validate model behavior and visually confirm that the
multi-branch CNN focuses on the diagnostically relevant features
(crescent position, full reflex) that are traditionally used by clinicians in
photorefraction, rather than spurious correlations. The Grad-CAM
heatmaps show red and yellow areas, which indicate regions of high
activation that strongly influenced the model’s decision for the predicted

frontiersin.org


https://doi.org/10.3389/fcomp.2025.1576958
https://www.frontiersin.org/journals/computer-science
https://www.frontiersin.org

Syaugqie et al.

10.3389/fcomp.2025.1576958

INPUT
(256x256x3)

Branch 1 (Path A)
Conv2D (32 filters)
Kernel: 3x3
Output: 254x254x32

fe R

Branch 2 (Path B)
Conv2D (64 filters)
Output: 30x30x64

MaxPooling2D
Output: 15x15x64

{

Conv2D (128 filters)
Output: 15x15x128

MaxPooling2D

Pool size: 2x2
Output: 127x127x32

Conv2D (64 filters)
Kernel: 3x3
Output: 125x125x64
MaxPooling2D

Pool size: 2x2
Output: 62x62x64

MaxPooling2D
Output: 7x7x128

Conv2D (128 filters)
Kernel: 3x3
Output: 60x60x128

MaxPooling2D
Output: 30x30x128

v ‘

GlobalAveragePooling2D
Output: 128

GlobalAveragePooling2D
Output: 128

Concatenate
Output: 256

v
Flatten
Output: 256

!

Fully Connected

FIGURE 8
Two-branch CNN model diagram chart.

class. These areas are the “hotspots” where the CNN is focused. The
Grad-CAM heatmaps also show blue and green areas, which indicate
regions of low or no activation, indicating that these areas were less
influential for refractive error class prediction.

The original image in Figure 11A shows a pupillary red reflex with
a prominent crescent of light, primarily on the right side of the pupil,
denoting a significant myopia class. The rest of the pupil appears
relatively dark or has a very dim reflex. The Grad-CAM heatmap in
Figure 11B displays a strong red/yellow activation, precisely
concentrated over this right-sided crescent. This indicates that the
model relies heavily on the presence, shape, and intensity of this right-
sided crescent for its classification. The original image in Figure 11C
features a distinct crescent of light, predominantly on the left side of the
pupil, denoting a significant class of hypermetropia. Similar to
Figure 3A, the remainder of the pupil is less illuminated. The Grad-CAM
heatmap in Figure 11D exhibits a strong red/yellow activation, which is
concentrated over the left-sided crescent. This indicates that the model’s
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Three-branch CNN model diagram chart.

decision is strongly driven by the characteristics of this left-sided reflex.
The heatmap shows that the model’s attention aligns with this key
diagnostic feature. The original image in Figure 11E shows a “Total Red
Reflex;” where the red reflex appears to fill nearly the entire pupillary
area, indicating a more diffuse and uniform light reflection, denoting an
insignificant refractive error class. The Grad-CAM heatmap in
Figure 11F shows a broad red/orange activation spread across almost
the entire pupillary area, closely matching the extent of the total red
reflex. This demonstrates that the model uses the overall presence and
distribution of the red reflex across the pupil rather than focusing on a
specific crescent. The original image in Figure 11G shows the pupil area
with a dark or absent/unclear red reflex, and some reflections or artifacts
might be present, but no clear red glow fills the pupil or forms a distinct
crescent. This image quality might fall into the “not applicable” or
“unclassifiable” category. The Grad-CAM heatmap in Figure 11H shows
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very scattered and relatively low-intensity (yellow/blue) activations,
primarily around the pupil edges or over reflections/artifacts, with no
strong, coherent red hotspot over the central pupillary area. This
indicates that the model is struggling to find distinct, meaningful red
reflex patterns or is focusing on subtle cues that indicate an unclassifiable
image. The diffused and less intense heatmap indicates the absence of
clear patterns for the other refractive error types in the model learned.

Comparative analysis of model
performance

The comparative results across the one-branch, two-branch, and
three-branch models emphasize the interplay between model
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complexity and generalization. The one-branch model although stable
(Figures 7A,D), demonstrates lower accuracy and higher loss due to
its inability to learn intricate patterns. In contrast, the two-branch
model shows significant instability in validation performance
(Figures 7B,E), with fluctuating validation accuracy and failure to
converge. This instability indicates that the intermediate complexity
of the two-branch model lacks the structural diversity required to
effectively separate overlapping classes, such as “Insignificant
Refractive Error” and “Significant Hypermetropia.”

Theoretically, a standard monolithic architecture like ResNet can
be adapted for multi-class classification. The decision to employ a
multi-branch architecture was deliberate and was fundamentally
driven by the inherent complexity and multi-faceted nature of
ophthalmic image analysis for refractive error detection, especially in
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FIGURE 11
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The Grad-CAM heatmaps illustrate the corneal image regions that most significantly contributed to the prediction. Figures on the left side refer to the
original images of the significant myopia class (A), the significant hypermetropia class (C), insignificant refractive error class (E), and the not applicable
class (G). The figure on the right side refers to the heat map of the myopic class (B), the hypermetropic class (D), insignificant refractive error class (F),
and not applicable classes (H), which captures important features for classifying refractive error, particularly the crescent region in the pupil.
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a smartphone-based setting. This specific multi-branch CNN
architecture was chosen after an initial design process in which
standard architectures, including CNNs with a single pathway, were
tested and offered insufficient performance in terms of learning for
distinguishing subtle differences in pupillary red reflex patterns. A
single-stream CNN may struggle to learn and fuse these disparate
features simultaneously.

Although pre-trained models such as ResNet are retrained to
serve as feature extractors, they are not designed with our specific
classification task in mind. Refractive error diagnosis requires a
holistic assessment of various visual cues, and smartphone-based
imaging for diagnostic purposes is inherently prone to noise sources
and artifacts (e.g., motion blur, uneven illumination, reflections). A
monolithic network forces all features through the same convolutional
layers, potentially leading to a suboptimal trade-off. For example,
some features may be diluted, or the network may struggle to learn
highly discriminative representations for all relevant cues.

Previous studies have developed CNN models for detecting
refractive errors in pupillary red reflex images. However, the accuracy
of those models is lower than that of our model. A study by
Kriangsakdachai et al. (2022) developed a pre-trained CNN model,
DenseNet and EfficientNet, for the detection of abnormal red reflex
due to refractive error. The model performance has an accuracy of
72.25%, sensitivity of 75.5%, and specificity of 0.69%. The model in
this study only classified the class into normal and abnormal cases
and did not classify the type of refractive error. The dataset was
retrieved from the 322 images captured using an iPhone X or iPhone
7. Another study by Linde et al. (2023) developed a pretrained CNN
model, Inception-v3 and EfficientNet, to differentiate myopic and
non-myopic eyes. Images of 357 patients were captured with a nun
IR fundus camera attached to an Android smartphone. The model
achieved 75% accuracy but did not achieve the target as a primary
screening tool. A Study in the Korean population by Chun et al.
(2019) showed higher accuracy of the pretrained CNN model,
ResNet-18, with an overall test accuracy of 81.6%. The model
classifies six types of refractive errors based on the dioptric power
interval. The dataset in this study is also quite small in size (305
images captured with LGM-X800K smartphone from 164 patients),
and the age range of the patients involved is also narrow and limited
to a young age (mean age 4.32 years, SD 1.87 years, range 6 months
to 8 years). The 3-branch model developed in our study had superior
precision (96%) and recall (98%) for critical classes such as
“Significant Myopia” compared with the pretrained model,
highlighting its ability to handle challenging scenarios where patterns
overlap or are subtle. The confusion matrix (Figure 5, Left) further
demonstrates the model’s ability to minimize misclassifications across
all classes, solidifying its position as the optimal architecture for
this application.

A multi-branch CNN allows dedicated branches to specialize in
extracting relevant features from specific regions or visual information
types in the input image. Each branch can be optimized using
appropriate filter sizes, receptive fields, and feature maps to best
capture the nuances of its designated input. The multi-branch
approach specifically addresses the need to simultaneously capture
features at different scales. This characteristic is particularly important
for crescent-shaped red reflex patterns that mainly differ in orientation
and position rather than in general appearance. The multi-branch
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CNN design facilitates the fusion of these specialized feature
representations at a later stage of the network (e.g., concatenation layer
followed by fully connected layers). This allows the model to learn
complex, non-linear relationships between these different types of
information, leading to a more accurate and comprehensive diagnosis
than relying on a single, undifferentiated feature set.

Limitations

Despite its strong performance, the proposed model has
certain limitations:

1. Ethnic diversity in dataset: The training dataset predominantly
comprised images from Malay ethnicity, which may limit the
model’s generalizability to other populations. Future studies
should incorporate images from diverse ethnic groups to
broaden the dataset and encompass a broader range of
populations. This can be achieved through multi-center
research initiatives. Additionally, to improve external validity,
stratified sampling during model development and thorough
subgroup analyses across different ethnic groups should
be implemented during validation. These approaches will
contribute to the generalizability of our results.

Resolution constraints: Although the 72 x 72 pixel resolution
was computationally efficient, it may have led to the loss of
finer details in the corneal images. Higher-resolution inputs
could further improve the model performance, particularly for
challenging classes. We tested the model performance using
224 x 224 pixel images, which are substantially higher than our
original 72 x 72 resolution. This higher resolution can better
capture subtle red reflex morphologies, contributing to our
improved test accuracy of 92.91% (vs. the previous 91%).
However, despite the improved performance gain, this led to
increasing computational demands. The higher resolution also
led to longer training times due to the limitations of our
computational resources. Efficient training times with lower
image resolution are preferred over a slight increase in test
accuracy using higher image resolution at the cost of higher
computational effort.

Class imbalance: Although the dataset was balanced by
augmentation, real-world applications may still encounter
skewed distributions. Dynamic re-weighting techniques during
training could address this issue.

Specific device usage. The specific iPhone 6s used in this
study may possess unique

image settings,

characteristics, and light source eccentricity that could

camera

influence algorithm performance. The iPhone 6s had a
flashlight source position at the left side of the camera lens,
with a light source eccentricity (distance of the light source
from the edge of the camera aperture) of approximately
6 mm. The images in the dataset were taken in the portrait
orientation; thus, the crescent-shaped red reflex was
positioned in the horizontal meridian (Figures 3A,B). In
smartphone types where the flashlight is positioned above or
below the camera lens (Nokia Lumia 800 or Samsung Galaxy
S3), if the image is taken in the portrait orientation, the
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crescent-shaped red reflex is positioned in the vertical
orientation (Figure 12) (Colicchia et al., 2015). The image
should be taken in landscape orientation to produce the
crescent-shaped red reflex, which is positioned in the
horizontal meridian. Therefore, if the image collection
procedure is standardized, the algorithm will continue to
produce valid and reliable results and is expected to be more
resilient to minor variations in image acquisition, regardless
of the type of smartphone.

Recommendations and future directions

The findings emphasize that architectural complexity alone does not
guarantee Dbetter performance. The integration of diverse and
complementary feature extraction pathways, as seen in the 3-branch
model, is critical for achieving robust classification in complex datasets.
Future studies should focus on refining multi-branch designs to further
enhance generalization and stability. Future directions should also focus
on expanding the dataset to include images from diverse ethnicities, age
groups, and lighting conditions to ensure the fairness of the model in a
global population. The use of the model with higher-resolution input
images could be beneficial because the influence of subtle variations in the
pupillary red reflex is crucial for differentiating more complex classes.
Deploying the model on smartphones through lightweight frameworks
like TensorFlow Lite will provide a cost-effective tool for real-time
predictions and could be a solution to a vision screening at the community
level, as it will be much more feasible. Moreover, advanced explainability
tools, such as Grad-CAM, should be introduced to generate visual
representations of decision-making processes to enhance clinician and
patient trust. Future studies may consider hybrid architectures that exploit
the benefits of convolutional layers along with attention mechanisms,
such as transformers that enhance the capacity of the model to classify
overlapping or complex refractive error categories. These improvements
will make the proposed solution scalable, reliable, and clinically usable.
Finally, future plans to test the model in a real-world environment,
particularly in school-aged children, are crucial. The choice for a pilot test
in the school-aged children population is due to the high prevalence of
uncorrected refractive errors globally, particularly among Indonesian
children, which is approximately 12% (Mahayana et al., 2017; Halim et al,,
2020). Validating algorithms using external test datasets and in practical
environments with diverse demographics is crucial to ensure their
generalizability and applicability in clinical practice before implementation.

FIGURE 12

In myopic eyes, the crescent-shaped red reflex is located in the
inferior part of the pupil. The images were captured using a Samsung
Galaxy S3 smartphone with the light source positioned below the
camera lens (Colicchia et al.,, 2015). Reprinted from Colicchia et al.
(2015), with the permission of AIP Publishing.
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Conclusion

The integration of CNN models with smartphone-based
image acquisition systems offers a scalable and cost-effective
refractive error screening solution. The model’s performance
demonstrates its potential to replace or complement traditional
methods that rely on specialized equipment and trained
professionals. The model effectively bridges the gap between
professional diagnostic tools and accessible, smartphone-based
solutions by automating the classification of refractive errors.
Therefore, this approach could significantly expand access to eye
care in resource-limited settings. By harnessing smartphone
technology, this methodology fills the void between the gold
standard in diagnostic imaging and currently scalable and
low-cost solutions for widespread vision screening.
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