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ABSTRACT Eye diseases, which often lead to severe vision loss, can be prevented, reversed, or slowed
down if diagnosed early. The demand for accurate and timely diagnosis has stimulated the exploration of
innovative diagnostic techniques, including the connection of deep learning with smartphone applications
to analyze eye images. This review explores how smartphone-based systems transform diagnostic processes
using built-in cameras, computational resources, and deep learning models to provide inexpensive solutions
for early detection on amassive scale.We provide a comprehensive analysis of recent advances in smartphone
deep learning applications using eye imaging diagnostic techniques in ophthalmology, highlighting the key
application areas and examining the underlying methodologies, hardware, and software solutions used,
as well as their clinical implications. We describe 26 complete diagnostic solutions consisting of the
smartphone application with the ability to capture images using the smartphone and the accessible deep
learning model, supplemented with 48 partial solutions. The aim of this review is to present an overview of
current solutions and provide a comprehensive view of future directions for technicians and ophthalmologists
in this emerging interdisciplinary research field.

INDEX TERMS Deep learning, mobile, neural networks, ophthalmology, smartphone, image.

I. INTRODUCTION
The leading causes of blindness and severe vision loss
worldwide are cataracts, uncorrected refractive errors, glau-
coma, age-related macular degeneration (AMD), and diabetic
retinopathy (DR) with diabetic macular edema (DME) [1].
Some of these conditions are preventable or reversible,
and their progression may be slower when diagnosed and
treated early [2], [3]. Therefore, there is a need to increase
available ophthalmologic care to avoid increasing global
visual impairment [1]. Simple and automatic screening,
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diagnosis, and monitoring methods for sight-threatening
conditions using artificial intelligence could be valuable [4].

Standard ophthalmologic examinations have limited acces-
sibility and are available exclusively to healthcare profession-
als with the necessary medical equipment. In contrast, the
worldwide penetration of smartphones was estimated to be
78% in 2020 [5]. The analysis of ophthalmic imaging requires
experienced medical professionals, who are in short supply in
developing countries [6]. Imaging through smartphones com-
bined with a diagnostic computational model for ophthalmic
applications can aid in earlier diagnosis without requiring
highly skilled medical professionals [7]. Direct smartphone
images of the anterior segment of the eye captured without
any attachment could be clear and comparable in quality
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to those acquired by a standard camera. In addition to
direct smartphone-captured images, capturing images using
various smartphone attachments helps to obtain other types
of ophthalmic images, such as slit lamp or fundus images,
depending on the type of attachment used. These attachments
are made to be compatible with smartphones [8], and their
small size, along with smartphone features, allows some of
them to capture images without the need for an examination
room or immediate access to electricity and the Internet [9],
[10]. Capturing fundus using these attachments or with a
twenty dioptries (20D) lens alone requires both hands of
a skilled examiner, a well-dilated pupil, and a cooperating
patient. The field of view is limited compared to the standard
fundus camera [11], [12], and inexperienced users could
expect difficulties in adjusting the filming distance and glare
in the lens [13]. However, the properties and functionality of
smartphones vary from device to device [14]. Different pos-
sibilities offer portable handheld fundus cameras connected
to smartphones; the examination technique is definitely
easier, the quality of the image tends to be comparable
to standard fundus cameras with lower resolution, and the
field of view is usually wider compared to the smartphone
with fundus attachment alone [15]. Some solutions include
a non-mydriatic mode, which is made possible by multiple
illumination sources using white and near-infrared (NIR)
light [16].

When dealing with fundus examinations in low-income
countries, buying a standard fundus camera could be expen-
sive; moreover, such cameras are relatively large and difficult
to move [8]. Smartphones with attached fundus cameras
or portable smartphone-based ophthalmoscopes are practical
‘‘on the go’’ and as a useful screening tool in a general
practitioner’s office [17], [18]. The role of smartphones in
the assessment of healthcare has been even more highlighted
during the COVID-19 pandemic [19]. Smartphone-based
diagnostic solutions are compact, easy to use, and usually
inexpensive [20], perfectly suited for ophthalmology screen-
ing purposes, as well as for creating second opinions for
clinical decision-making, assisting patients, or educational
purposes. Capturing smartphone images in ophthalmology
has a high potential for telemedicine solutions to increase
accessibility to ophthalmic care where specialists are lacking
or unavailable. Such telemedicine solutions or solutions
captured using handheld cameras are widely developed and
adopted [17], [21], [22] and could work with or without
the implementation of artificial intelligence, including deep
learning (DL).

According to recent studies, deep learning applications are
suitable for use in modern ophthalmology and are expected
to become standard practice in the near future [23], similar
to deep learning applications in other medical subfields [24].
Advanced artificial intelligence algorithms have already
been widely used for screening for various ophthalmologic
diseases and in clinical decision support systems [23], [25].
We reviewed smartphone deep learning applications with

eye imaging techniques in ophthalmology used for screening

of various diseases, focusing on capturing eye images using
smartphones, the datasets used, deep learning models, and
their implementations. This review was intended to allow
medical technicians and ophthalmologists to become more
familiar with this novel interdisciplinary research field and
its clinical meaning. To the best of our knowledge, this
is the first recent review of smartphone deep learning
applications using eye imaging techniques in ophthalmic
disease screening in this field. Although this article review
was meant to describe complete smartphone deep learning
solutions in ophthalmology, including smartphone image
capture techniques, deep learning model training, and its
implementation in smartphone applications, we found in the
literature only a limited number of these; therefore, we also
include partial solutions in this review. Moreover, most of
these solutions were created for scientific purposes only
and could not be downloaded from Google or Apple stores.
Because of that, we believe that in this growing field of
research, it is also important to analyze partial solutions,
which could be helpful for further research.

The remainder of the review article consists of the
Methods section, with a description of the selection process
and analysis of reviewed articles, followed by the Results
section, where we describe the conventional examination and
diagnostic process in ophthalmology versus AI-empowered
smartphone imaging, the used datasets and deep learning
models including their implementation in the form of
smartphone applications, and the clinical benefit of these
solutions. Finally, the Discussion, Future Work, and Conclu-
sion sections are presented.

II. METHODS
Searching through the Web of Science online library,
PubMed, and IEEE Xplore were used to search full-text
articles in the English language from January 2, 2024,
up to March 16, 2024, to find the most recent research.
We searched for the combination of keywords listed in
Figure 1. After searching for all combinations in all
three databases, 1621 articles were indexed and manually
reviewed. As the first step, we removed all duplicates from
the remaining 1463 articles and selected 74 articles based
on inclusion and exclusion criteria. We excluded articles
mentioning deep learning only as a future research goal and
articles that do not focus on the evaluation of non-image data
in ophthalmology or image data of the eye, which cannot
be captured nowadays by smartphones, e.g., images from
optical coherence tomography (OCT). In relation to our topic,
we defined that the workflow of the complete solution must
contain three mandatory parts. The first stage involves using
a smartphone to capture images, the second stage involves
using a trained deep learning model, and the final stage
involves the development of a smartphone application.

With regard to the target eye structure, the authors could
capture the anterior or posterior segment of the eye. In the
anterior segment are the cornea, iris, ciliary body, and lens,
including aqueous humor. The posterior segment of the eye
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FIGURE 1. Workflow of database search and analysis, including a combination of search keywords and description of complete and partial solutions.

is composed of the retina, choroid, vitreous, and optic nerve
head. It must be noted that not all structures are visible in
captured photography.

The images captured on a smartphone could be used for
training or testing, so we also included works in which the
authors trained a deep learning model on images that were
not captured using a smartphone, followed by testing the
model on smartphone images. We analyzed partial solutions
in two distinct categories: those designed specifically for
smartphone capture but not implemented as a phone app;
and those potentially using non-smartphone data sources
(like public datasets or fundus camera images) where the
model was actually deployed, either locally on a smartphone
or via cloud-based deep learning. We think that these
partial solutions could also contain valuable information
to contribute to this research topic. The workflow of
database search and analysis that includes the combination
of search keywords and the description of complete and
partial solutions is depicted in Figure 1. The final selection

of the articles contains 34 anterior and 40 posterior segment
solutions, respectively, primarily published in the last five
years. We extracted and divided the detailed functionalities
after an advanced analysis of the described applications.
The selection of the research articles was performed by
three independent researchers, and the resulting selections
were then combined. Data extraction was performed by two
independent researchers, with a third researcher verifying
the results. The third researcher verified the accuracy of
the results and solved the discrepancies in the opinions
of the first two researchers. In this process, the specialist
ophthalmologist helped solve medical-oriented and technical
issues.

We reviewed the articles in full text to obtain the following
data: authors, title, year of publication, main purpose of
the application, image type, platform, used datasets, used
deep learning architecture and their results, used hardware,
source code availability, and assumed price of the solution.
A brief summarization of the data of the anterior segment
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TABLE 1. The evaluation score criteria.

solutions is given in Tables 2 and 3 for complete and partial
solutions, respectively. The data from the posterior segment
solutions are listed in Tables 4 and 5, for complete and partial
solutions, respectively. In each of the first four tables, there
is information for every solution image data source, disease,
neural network backbone, target operating system, whether
the solution contains the model description, whether the
solution is online or offline, and whether it uses smartphone
images for training and testing.

We assessed the quality of the reviewed articles using
criteria derived from the Tripod-AI framework [26], explic-
itly adapted to our context, and summarized the results
using an evaluation score. Our adaptation focused on
model description, transparency, data sharing/reproducibility,
multi-institutional validation, and crucially, the use of
smartphone-captured images and the development of associ-
ated apps – areas where standard Tripod-AI was not specific
enough. We evaluated the articles according to seven selected
criteria (Table 1), each worth 1 point. The range of points
gained was from a minimum of 0 to a maximum of 7, with
four levels of evaluation score: basic (0-1 points, black color),
moderate (2-3 points, orange color), good (4-5 points, yellow
color), and excellent (6-7 points, blue color). Color-coded
evaluation scores are presented in Tables 2 to 5.

Additional information, including the datasets used, the
main task of the best-performing neural networks, and their
results, is listed in Appendix Tables 8-11. Source code
availability, used hardware, and price range are listed in
Appendix Tables 12- 15. In both Appendix Table groups,
the data are sorted in the following order: anterior complete,
anterior partial, posterior complete, and posterior partial.

III. RESULTS
The Results section is composed of six subsections. The first
subsection presents a conventional ophthalmological exam-
ination, followed by AI-empowered smartphone imaging in
ophthalmology, subsections on datasets, preprocessing, and
augmentation, deep learning models, their deployment, and,
finally, a subsection describing the clinical contribution of
such solutions.

A. CONVENTIONAL EXAMINATION AND DIAGNOSTIC
PROCESS IN OPHTHALMOLOGY
The conventional diagnostic process for an ophthalmologic
patient involves evaluation through various ophthalmic exam-
inations, including the use of different devices. In addition to
direct examination of the patient’s eye, a fundamental part of
the examination is ophthalmoscopy in the slit lamp. In the slit
lamp, the anterior segment of the eye is examined using full
light spread directly, or using the beam of light with variable
height (e.g., slit beam) from different angles, or indirectly
with retroillumination, when the light is reflected from
the posterior structures. The posterior segment examination,
including the fundus, is also performed on the slit-lamp, with
the magnifying lens held in front of the patient’s eye, most
often after pupil dilation with mydriatic eye drops. Another
option for fundus examination is to use a handheld direct
ophthalmoscope or a fundus camera, a device that captures
images with a built-in camera, with the option to print and
save images. After summarizing the examination findings,
the ophthalmologist considers the diagnosis to recommend
the appropriate treatment.

When examining fundus in low-income countries, purchas-
ing a standard fundus camera can be expensive; moreover,
such cameras are relatively large and difficult to transport [8].
Therefore, handheld fundus cameras and smartphone solu-
tions are in high demand. After summarizing the examination
findings, the ophthalmologist considers the diagnosis to
recommend the appropriate treatment.

B. AI-EMPOWERED SMARTPHONE IMAGING IN
OPHTHALMOLOGY
We can divide smartphone eye imaging into two categories
from the clinical point of view – capturing images of the
anterior and posterior segment of the eye (see the lower left
corner of Fig.1).

In the anterior segment imaging, images could usually
be captured without any add-on hardware, except in some
specific cases, which wewill describe later in the text. Images
of the anterior segment can be captured by the patient himself
with the front camera or by another person with the rear
camera [32].
Posterior segment imaging is the visualization of the

fundus, that cannot be captured directly; commercial add-on
devices or other add-on hardware must be used, including a
magnifying lens.

Examples of various add-on attachments and devices for
smartphone-based eye imaging are shown in Figure 2.

1) IMAGING OF THE ANTERIOR SEGMENT
The anterior segment of the eye and eye gazes can be
captured directly with the smartphone, without any need for
additional hardware [28], [30], [32], [38], [39], [43], [51],
[56], [57], some of them require super macro mode [46], [58].
To obtain more precise anterior segment data comparable to
those in the slit-lamp examination, an attachment mounted

VOLUME 13, 2025 187413



V. Kurilova et al.: Review of Smartphone DL Applications Using Eye Imaging Diagnostic Techniques

TABLE 2. Anterior segment complete solutions.

on a slit-lamp [58] or a digital slit-lamp [45] could be used.
An adapter with the light pointed to the left of the pupil
was proposed by Quian et al. [55]. An add-on that mimics a
real medical device was a low-cost smartphone-based corneal
topographer for diagnosing keratoconus, proposed byGairola
et al. [31]. An atypical and creative smartphone add-on, a ring
light with a paper-printed grid-like cylinder, was used to
screen for dry eye innovatively in contact lens users: if the
disease is not detected, a concentric grid of circles is projected
onto the eye; otherwise, distorted circles are observed [54].

2) IMAGING OF THE POSTERIOR SEGMENT
To examine the fundus in posterior segment imaging using
a smartphone, a fundus adapter with a magnifying lens is
used [100]. A 20D condensing lens, as in binocular indirect
ophthalmoscopy, is recommended [93]. These adapters,
along with smartphone features, enable the capture of images
on the go in communities without the need for an examination
room or immediate access to electricity and the Internet [9],
[10]. In the case of using a smartphone as a fundus camera, all
parts can be bought from commercially available sellers [82],
[101], [102], [103], constructed and designed (except the
lens) from inexpensive and readily available materials (PVC
pipes) [82], or printed using three-dimensional printers [68],
[87]. More complex prototypes or commercial devices could

be attached to the smartphone, such as D-eye [71], [89], [95],
[96], Volk-In View [72], Remidio Non-Mydriatic Fundus on
Phone [10], [62], [63], [64], [66], PanOptic ophthalmoscope
Welch Allyn with iExaminer adapter [78], [84], RetinaScope
with 3D printed plastic housing [67], or smartphone-based
handheld device Phelcom Eyer [69], [70] (table 6). Among
the above-mentioned complex or commercial add-ons, the
most widely used fundus-capture mobile device was Remidio
Fundus on Phone-Non Mydriatic (Remidio FOP NM) [10],
[61], [62], [63], [64], [66]. When using commercially avail-
able add-ons, authors usually perform more fundus images–
as in [61] posterior pole including disc and macula, nasal
and temporal fields and as in [63], [69], and [70] posterior
segment centered on macula and one disc-centered image
or five sequential images ( central, inferior, superior, nasal,
temporal) with the possibility to be computationally merged
to wide-field montage [67]. To capture an image in a larger
field of view, dilation of the pupils (mydriasis) is often used.

The images could be extracted as frames from smartphone-
captured video [60], [84], [87], [95], [96]. Using a 3D-
printed EyeGo fundus attachment and a Panretinal 2.2 Volk
lens on the iPhone, as in [87], allows the authors to extract
more data than with single-image capture. The panoptic
ophthalmoscope and the iExaminer adapter were mounted
on a slit lamp and used as a fixation target to facilitate eye
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TABLE 3. Anterior segment- partial solutions.
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TABLE 4. Posterior segment- complete solutions.

alignment during video recording in [84]. After capturing
the video using the D-eye device, the best frame was chosen
manually [89], [95]. The best five images were manually
selected in [84] and [78].
In the following subsections, we summarize the capture

of eye images under different gazes, distances, and lighting
conditions. The last subsection is devoted to red reflex,
mydriasis, and pupil extraction. It is also necessary to
consider the type of camera used. Some systems utilize both
front and rear cameras, with the help of another person in the
latter case [32].

3) GAZES AND ANGLES
More relevant data could be extracted when captured
from different gazes [28], [43], similar to the standard

ophthalmological examination. The upward, right, and left
gazes were added to the central gaze to detect leukoco-
ria [28], nine direction gazes in the strabismus classification
application [43]. Lateral segment images captured from
the side view could help diagnose keratokonus [60]. One
application captures images at a specified angle, using data
from the accelerometer and gyroscope sensors embedded in
the smartphone [32].

4) CAPTURING DISTANCE
Capturing direct images from three distances was proposed
in [52] to obtain adequate images under different light
conditions. To assess the correct, standardized photo shooting
distance, software that detects eyes and frames them in
real-time could be helpful [28]. A 15-centimeter distance
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TABLE 5. Posterior segment- partial solutions.
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FIGURE 2. Various smartphone add-on attachments and devices used in reviewed articles for smartphone imaging in
ophthalmology and their price estimates in US dollars (USD). The red background of the price represents high-end solutions,
yellow background mid-range solutions, and finally blue represents low-cost solutions.

Attachments and devices used in first row (from left to right): Remidio NM-FOP: [10], [61]– [66] , Eyer [69], [70], RetinaScope [67],
Volk-InView [72], D-Eye [71], [89], [95], [96], Smartphone with microscopic lens [74]; in second row (from left to right): portable
optical device [73], Panoptic ophthalmocope Welch-Allyn [78], [84], Do it yourself funduscamera [82], SmartKC Topographer [31],
Ring light and grid-like cylinder [54], Smartphone adapter on slit-lamp [55].

TABLE 6. Complex prototypes or commercially available devices to
examine fundus with smartphone in reviewed articles.

with the lower eyelid pulled down was ideal for the work to
visualize the bulbar and tarsal conjunctiva with a tear film to
detect dry eye disease [44]. A distance of less than 20 cm was
reported in [41] to capture the ocular surface and detect ocular
surface disease (OSD).

5) LIGHT CONDITIONS
Capturing images under different/lower light conditions
should also be considered, for example, in dim or dark
conditions [67], [84]. The dark room was used to capture
eccentric photorefraction images at a distance of one
meter [42]. A smartphone flashlight can be refracted, magni-
fied, and reflected from the retina, creating a crescent-shaped
reflection in the pupil [42]. Infrared and color-red reflexes
were captured in [47] to observe crescents in the pupil in

automatic refractive error estimation. Screening for media
opacities and leukocoria was performed in dark and ambient
conditions to capture red reflex [28]. In [52], the authors
measured parameters such as the position of the red reflex,
the radius of the undilated pupil, the hue of the iris region,
the red reflex and crescent width from dark-lit images, and
eyelid contour, corneal light reflex, and the center of the
iris from images of ambient light. To reduce accommodation
and pupil constriction, infrared images were captured in a
dark room, as with the Nun infrared camera attached to a
smartphone [47]. Diffuse light and side-focused illumination
from a slit light to the nuclear region of the lens, similar
to standard ophthalmoscopic examination, were proposed
by [45] for cataract screening using a smartphone-attached
slit lamp. The macro mode of the rear cameras allows for
automatic focus at very short distances with high resolution,
as in [46], and [58].

6) RED REFLEX, MYDRIASIS AND PUPIL EXTRACTION
Red reflex images are used to help diagnose cataract,
leucocoria, amblyopia, and refractive errors (with the use
of photorefraction images). Capturing the eye, including the
red reflex, is very challenging. As it was difficult to capture
faces without ‘‘red eyes’’ in the past, it is now complicated
to capture eyes with red reflex with current technologies.
In current smartphones, various methods are implemented to
avoid red reflex, as an often unintended phenomenon, i.e., a
pre-flash of bursting on the object before capturing the image,
or several built-in post-processing algorithms. Bernard et al.
[28] captured naturally dilated eyes with a red reflex in a dark
environment, and by turning off pre-flash settings. The same
approach, removal of the pre-flash, was proposed by Murali
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et al. [52]. Both solutions lack reproducible technical details
on how to modify the pre-flash settings. Linde et al. [47]
captured red reflex images using an infrared fundus camera.

When capturing the fundus, most works use pupil dilation
(mydriasis) [62], [67], [69], [70], [93]. The examination of the
fundus through a dilated pupil is easier and more accurate,
and is also necessary when examining some other ocular
structures, such as the lens. It reduces the pupil-induced
artefacts, helping us to obtain images of higher quality.
It widens the field of view, allowing us to detect pathologies
in the retinal periphery. In addition, it is helpful in non-
cooperative patients, especially in pediatric ophthalmology,
to examine the patient faster. Capturing images without
mydriasis avoids the risk of angle closure in previously
unexamined patients with a narrow anterior chamber angle.
The field of view is reduced, but could still be sufficient
to screen some of the ophthalmologic pathologies. The
advantage is the ability to screen ‘‘on the go’’ without any
medical assessment. Capturing the fundus without dilation of
the pupil could be handled when capturing images in the dark
using an infrared light source, which could be found as an
additional feature in [10], as in the Remidio NM-FOP device.
In some research, there is a need for pupil extraction,

regardless of whether it contains the red reflex. Haar
cascade [104] was used to detect pupils and bound them to
the circle in [32]. Dlib face landmarks detection extracts the
eyes using Histogram of Oriented Gradients features along
with a linear classifier to detect the pupil from whole-face
images [37].

C. IMAGE DATASETS USED IN SMARTPHONE DEEP
LEARNING APPLICATIONS, PREPROCESSING AND
AUGMENTATION TECHNIQUES
Authors of analyzed papers worked with own datasets, some
of which were captured by the smartphone [28], [32], [43],
[52], [73], [81], some with a standard slit lamp or fundus
camera [73], or with publicly available datasets [10], [71],
[73], [79], [81], [87], [90], [91] (Table 7). Datasets could
also be collected from publicly accessible images from the
web based on specific keywords [59]. There are almost
no public ophthalmologic datasets captured by smartphones
available, except for two: – the first, the Brazil glaucoma
dataset with 2000 images, focused on the optic disc and
glaucoma diagnosis [78], and the second, the Cataract
Mobile Periocular Database (CMPD) [105] with 2380 direct
smartphone images before and after cataract surgery.

1) DATA COLLECTION
When collecting the data, it is useful to collect the demo-
graphics. It is unclear how the described deep learningmodels
performed across different demographics; nevertheless, 10 of
34 anterior segment solutions listed the age and gender of
participants, three more listed just the age, and the rest of
the articles did not mention the age and gender. From the
posterior segment solutions, 12 of 40 articles mentioned age
and gender. Some of the articles focus on child patients (i.e.,

retinopathy of prematurity, amblyopia detection). In addition
to the average statistics, no performance analysis was
performed according to the age or gender.

When using their own dataset, in most articles, the
participants were tested in one country, except in two works
where the participants were tested in two countries [47],
[50]. On the other hand, a multi-institutional collection of
participants was present in more works, which confirmed the
robustness of the studies. More than 10 institutions or centers
were present in four studies [35], [49], [61], [62], and 2 to
9 institutions in 11 studies. Cross-platform or cross-device
validation may contribute to the availability of the solution.
If provided, most solutions use Android smartphones, seven
solutions use both iPhone and Android [29], [30], [48],
and two solutions are marked cross-platform [34], [43].
In complete posterior solutions are mainly used iPhones, but
this could be explained because almost half of the solutions
are captured using the Remidio FOP camera. Few of the
reviewed studies validated models on independent external
datasets, and if this was present, it was mostly in posterior
partial solutions, when using a public dataset and testing or
training on a smaller private smartphone dataset.

To obtain a standardized and homogeneous dataset, it is
common practice to present images acquired under con-
strained conditions. In anterior segment solutions, almost half
works (16 of 34) described some reproducible constrained
conditions, which differ from each other. In posterior segment
solutions, especially in the complete subgroup, the majority
of solutions use commercially available devices, which
usually have recommended user instructions and settings for
capturing the image in constrained conditions. Some solu-
tions implemented an image-quality check after capturing
to focus on image clarity, integrity, and illumination [29],
which could be helpful when capturing on different devices
or platforms (i.e., iPhone with Android). Besides that, there is
no standardized test that could be used to judge the quality of
anterior and posterior eye images across smartphone devices.
Implementing such a test could be valuable as a future
research goal to compare images or even whole datasets
obtained from different devices.

Patient consent is absolutely essential in any form of
medical imaging, ensuring that individuals control how their
personal health information and images are used, particularly
for research or sharing outside direct clinical care. Although
most authors acknowledge that they have obtained patient
consent for their study, they typically do not discuss the
potential implications arising from such consent, particularly
with regard to data handling and usage permissions. The
consent scope must be clearly defined to prevent misunder-
standings or misuse of sensitive medical information post-
consent. Furthermore, even after receiving explicit consent,
ensuring privacy often involves deidentification - the process
of removing personal identifiers (like name, date of birth)
from data. However, under regulations like General Data
Protection Regulation (GDPR), which emphasize strict data
minimization and purpose limitation before any processing,
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TABLE 7. Publicly available datasets used in reviewed articles.

including storage or sharing for research, the complete
anonymization is not always guaranteed by simple dei-
dentification; residual risks may still exist depending on
the techniques used (e.g., pseudonymization might allow
re-identification under certain circumstances). This omission
highlights the need for research centers to proactively
consider possible uses (including future studies, secondary
analysis, teaching materials) when obtaining consent, ensur-
ing that patients are fully informed and agree specifically to
each intended application. Failure to do so can lead to ethical
breaches even after initial permission is granted.

2) ANTERIOR SEGMENT DATASETS
The described anterior segment images are direct images
capturedwithout additional attachments (in 25 of 74 reviewed
articles) (Figure 3, first and second rows) and images
captured with a slit lamp (7 of 74) (Figure 3, third row).
Additional specific components mentioned only in two
articles were a smartphone-based corneal topographer [31]
to capture corneal heat maps for the screening of keratoconus

and a grid-shaped cylinder with ring light to diagnose dry
eye [54].

After the analysis of the reviewed articles, we can confirm
that it is possible to capture images of the anterior segment
of the eye of sufficient quality for diagnostic purposes with
a smartphone without any attachment. Images acquired using
a smartphone-attached slit lamp could also be of sufficient
quality, focusing on more superficial structures with full
spread of light or on deeper structures using the slit beam
from the slit-lamp. This could be considered according to the
target eye structure or disease.

3) POSTERIOR SEGMENT DATASETS
When analyzing smartphone fundus images, the quality
differs significantly. It also depends on whether a simple 3D
printed fundus attachment is used or a commercially available
device with built-in preprocessing and image quality control
assessment. Some applications are trained using fundus
images captured with a standard fundus camera and tested
on smartphone-captured images. When captured in low
quality, the results could be unreliable. Therefore, various
preprocessing techniques are used; some authors prefer to
capture more images or preferentially extract images from
smartphone-captured video [78], [84]. As public fundus
image datasets, mostly EyePacs [112] and Asia Pacific
Tele-Ophthalmology Society (APTOS) [106] datasets were
used. These datasets could be downloaded from the Kaggle
data science community. The largest dataset from reviewed
articles was used by [87], the authors combined EyePacs
and APTOS datasets with their own dataset extracted from
smartphone shot videos.

4) IMAGE PREPROCESSING
As a pre-processing, CLAHE [122] was used in several
works [79], [82], [84], [91], [93], [98], channel-wise color
normalization [53], and conversion to a green channel due to
higher contrast [82], [98]. Segmentation of the image based
on color spaces and masking was proposed by [51], expand-
ing the 3 to 4 color channels in [55]. The mask of the fundus
region could be assumed by using the Hough transform [98].
The authors in [89] and [99] used noise removal filters.
Multiscale retinex with preservation of chromaticity was used
to enhance image quality in [56]. In addition, blood vessel
extraction was used [81], [84], overall with median filtering
and morphological operations [81]. Gamma correction could
be applied to better visualize endpoints of tiny vessels [93].
The triplet-based method and the watershed transform were
used to detect the optic disc in [82]. The authors in [45] use
the Tenengard algorithm, a gradient-based image definition
evaluation function using the Sobel operator, to select the
output image for further analysis. To detect the eye region
on the video or image, the authors in [27], and [32] used the
Haar cascade proposed by Viola and Jones [104].
In the reviewed articles, it is not explicitly mentioned how

the authors deal with the reflections of bright lights when
capturing images with a smartphone. These reflections could
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FIGURE 3. Examples of image datasets - captured directly with smartphone (first two rows), captured using smartphone portable slit-lamps or digital
slit-lamps (third row), and fundus images captured using various smartphone attachments or commercial devices connected to smartphone (fourth and
fifth rows).

First row (from left to right): [27], [43], [38], [41], [44], second row (from left to right): [28], [29], [51], [53], [60], third row (from left to right): [45], [58], [48],
[55], [35], fourth row (from left to right): [62], [61], [78], [70], [71], [96], fifth row (from left to right): [74], [72], [84], [87], [95], [98].

alter the image and make further diagnosis challenging; an
image quality check could prevent the use of such undesired
images.

5) IMAGE AUGMENTATIONS
Usually, various augmentation techniques are used to enlarge
and balance the dataset before deep learning training.
Augmentation includes various approaches: rotations [55],
flipping and zooming [10], [28], [43], [51], [55], [61], [87],
perspective distortion [43], changing aspects of color [28],
[43], [53], [91], and Gaussian, average, median, or motion
blurring [30], [52], [91].
To augment the dataset, more images of both eyes could be

used: complete eye or anterior segment of the eye, different

gazes or angles [28], [43]. Quite a lot of images could
be extracted by capturing videos [30], [87]. Augmentations
could be saved on the drive or generated in real-time to save
disk space and train using different images in each batch [91].
In the paper [59], a novel trend was applied in which GAN
models generated synthetic images of conjunctival lesions to
augment the dataset.

D. DEEP LEARNING MODELS
The reviewed articles used various neural networks (NNs),
with a strong focus on deep learning (DL) models. These
models were used primarily for classification tasks, dividing
patients into healthy and unhealthy, or referable and non-
referable, and in some applications even into multiple classes
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according to the stage of the disease. Other possibilities
of use include segmentation, object detection, regression,
and image generation. In particular, several studies have
includedDLmethods for image qualitymonitoring [30], [61].
Furthermore, Maddala et al. [89] implemented image quality
enhancement through super-resolution generative adversarial
networks (SRGAN) to improve datasets for glaucoma
classification. Moreover, synthetic image generation using
GAN models was adopted by Yoo et al. [59] to augment
datasets. In some cases, the DL models were limited to
feature extraction in conjunction with other classifiers [72],
[73], [79], [83], while another study used DL for prediction
purposes [55].

In general, used DL models differ regarding performance,
efficiency, or suitability for mobile deployment. MobileNet,
with an extremely low parameter count and latency, was
designed for mobile deployment. Together with ShuffleNet,
they are very efficient for smartphone use, offering fast
inference, low memory use, and moderate accuracy [123],
[124], although their accuracy may decline further when
working with small datasets. This can be addressed when
tuned to domain-specific tasks. EfficientNet models offer
higher accuracy, making them one of the most efficient
modern architectures, but the size of the models differs
according to the used version (5 to 50 MB) [125]. Like
some larger versions of the EfficientNet model, larger models
(i.e., ResNet, Unet, DenseNet, Inception, XCeption, NasNet)
provide excellent accuracy, but have a slower inference speed
and often require pruning or quantization to run efficiently
on mobile devices [126]. Cloud deployment presents another
viable option, which requires an Internet connection and
could raise latency and privacy concerns [127]. U-net is
usually the most common and accurate model used for
segmentation, especially for medical images, but requires a
lightweight variant with fewer parameters and optimization
when deployed on mobile devices [128]. YOLO (You
Only Look Once) models are fast and accurate and are
typically used for object detection, but like U-net, they
often require some modifications when used in low-resource
environments [129].
The analysis revealed 11 complete solutions for the

anterior segment, with nine relying on DL for classification.
Among them, one study used DL for object detection [29],
one study employed DL for segmentation [34], and one study
utilized DL for feature extraction [30] (Table 2).
For partial anterior segment solutions, 23 studies were

analyzed. Among them, 15 used DL exclusively for clas-
sification, two employed DL for segmentation [38], [39],
one for regression [55], and 2 for combined classification
and detection [45], and detection with segmentation [48]
(Table 3).
In the anterior segment, ResNet-based models were

predominantly used for classification tasks, followed by
Inceptionmodels (Figure 4). YOLOdetectors were utilized as
object detectors, while U-net-based models and ResNet mod-
els were used for segmentation and regression, respectively.

A summary of 15 complete posterior segment solutions
revealed that 11 studies used DL for classification, two used
it for segmentation, and another two combined classification
and feature extraction (Table 4).

Among the 25 partial posterior segment solutions, 17 used
DL for classification, 2 for segmentation [81], [84], 2 for
feature extraction [79], [83], one for image generation
and classification [89], and another two for combined
classification and segmentation [91], [96] (Table 5).

Overall, posterior segment studies relied primarily on
MobileNet-based and Inception models for classification,
followed by ResNet-based models. U-net models were
predominantly used for segmentation tasks, such as optic
disc and cup segmentation or retinal blood vessels detection.
These findings were influenced by four articles that used a
shared solution (Remidio FN-Top with the MEDIOS system)
[10], [61], [62], [63] (Figure 5).

The primary architectures utilized for the anterior and
posterior segment solutions are models based on ResNet and
Inception, with the difference in the use of MobileNet-based
architectures, which also dominate in posterior segment
solutions. Because most of the solutions reviewed are partial,
this discrepancy might be caused by a different proportion
of solutions with applications for inference. If a solution
contains an application for inference, the model is usually
implemented in a smartphone. The prevalence of inference
applications is much higher in partial posterior segment
solutions compared to anterior segment partial solutions (16
of 25 solutions vs. 6 of 23 solutions). Thus, we could expect
more use of MobileNet-based architectures, which were
primarily designed formobile deployment. On the other hand,
the prevalence of image acquisition or video recording appli-
cations dominates in partial anterior segment solutions (16 of
the 23), making it less essential to use a lightweight model.

We compared all solutions in which the accuracy metric
was listed, solving binary or multiclass classification prob-
lems. The highest average accuracy in binary problems was
achieved by NasNet mobile, U-net, and VGG (descendingly)
(Fig.5, top left image). If we analyze specificity versus
sensitivity, the highest classification performance can be
observed at VGG, the Ensemble model, and Inception. Vari-
able performance was observed in MobileNet, ResNet, and
Cloud solutions. Xception and custom CNN gained higher
sensitivity, but lower specificity (Fig.5, top right image).

In multiclass solutions, MobileNet, ShuffleNet+SVM,
and custom CNN achieved the highest average accuracy.
We observed that in multiclass solutions, the use of a DL
model is not the case, so variable-used models are repeated
(Fig.5, bottom left image). Due to the availability of enough
solutions to classify diabetic retinopathy into severity stages,
we have compared the DL models according to overall
accuracy. Almost all solutions gained similar accuracies,
except for one Inception and one custom CNN model with
the highest values (Fig. 5, bottom right image).
To avoid time-consuming and data-demanding training

from scratch, most studies employed transfer learning by
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FIGURE 4. Deep learning models used in anterior (first table) and posterior segment (second table) solutions in reviewed articles.
‘‘C’’- classification, ‘‘D’’- object detection, ‘‘S’’- segmentation, ‘‘FE’’- feature extraction, ‘‘R’’- regression, ‘‘G’’- image generation.

FIGURE 5. Graphs of binary and multiclass accuracy, binary classification performance, and diabetic retinopathy staging
classification accuracy.
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pre-training DNNs on the ImageNet database [130] before
fine-tuning them on target datasets. Detailed information
regarding the specific DL models used, including their
evaluation metrics (e.g., accuracy, sensitivity, specificity, and
AUC), is provided in Appendix Tables 8-11.

E. TECHNICAL SOLUTIONS FOR DEPLOYING DEEP
LEARNING MODELS
The analysed smartphone deep learning applications are
diverse and differ in implementations, programming lan-
guages used, computing resources used, and other technical
specifications. However, we can divide them into online and
offline solutions, depending on whether they need an internet
connection to function correctly or not.

1) OFFLINE SOLUTIONS
Offline solutions do not require access to the Internet
and can be used for screening purposes in remote areas
where a stable Internet connection is not currently available.
On the other hand, these applications are usually hardware
dependent, which can lead to specific limitations and
increased complexity of the overall solution. In this approach,
the deep learning model is deployed directly in a standalone
native mobile application by default, which allows for local
analysis of input images captured by the device’s camera
or stored in the phone’s memory (Figure 6). In general, the
speed of evaluation by a deep neural network varies based
on the specific mobile device and its computing capabilities.
To speed up calculations, hardware acceleration is often
used, which enables the processing of computationally
intensive operations by the graphics processing unit (GPU) or
application-specific integrated circuit (ASIC). This leads to
offloading a general-purpose central processing unit (CPU)
and speeding up the evaluation process even on mobile
platforms, as recently shown by Martins, Cardoso, and
Soares [91]. Since a large number of smartphones have
embedded GPUs, utilizing hardware acceleration is usually
preferred when available [55].

2) ONLINE SOLUTIONS
The second type is represented by solutions that require
temporary access to the Internet in the form of a native
mobile application, or during the entire process of using
the mobile platform through a web application (Figure 6).
Online solutions are not hardware dependent on a specific
mobile device and can have an additional feature: they
could contain a doctor’s opinion module in a telemedicine,
meaning an external expert consultation [81], [131]. The
main reason for the need for active access to the Internet
is the connection to the cloud server for computational
offloading. The online cloud server usually has higher
computing capabilities than the user’s mobile device, which
enables the acceleration of sample evaluation and the use of
more complex and computationally demanding deep neural
networks, which could not be directly deployed on a mobile

platform. In addition, the computing server can also fully
utilize the possibilities of hardware acceleration, in general,
by using GPUs. In terms of implementation, several solutions
rely on sending a sample from the mobile device to a cloud
computing server, where it is analyzed and the result is sent
back to the user’s mobile device for display [51], [81]. The
display of results and the overall solution can also take the
form of a web-based application, which has an advantage
in terms of use because no installation is required [43]. Luo
et al. [88] proposed a collaborative edge-cloud architecture
with optimized data management between the user‘s mobile
device and the cloud server. The application developed by
Li et al. [46] contains three main blocks: a mobile block for
image capture, a cloud block on which the DL model runs,
and a big data block for data collection.

3) OPERATING SYSTEM, HARDWARE AND HARDWARE
PRICE
In the analyzed cases, solutions were primarily designed
for the two most popular mobile operating systems: iOS
and Android. Although most authors focused on deploying
their solutions on a single OS, some authors (e.g., Wei et
al. [71] and Majumder et al. [90]) developed cross-platform
applications using the Keras deep learning framework [132],
enabling deployment on both operating systems. There
are also other deep learning frameworks that offer similar
functionalities, but these are not the subject of this analysis.
We also analyzed the hardware used with respect to the
sensor intended to capture eye images. Due to significant
differences between the mobile devices used by various
authors, we did not pay special attention to specific models.
The other monitored parameter was the estimated price of the
designed hardware solution for scanning, excluding the price
of a mobile device. We omitted this parameter due to price
differences between individual models. However, it may not
have any effect on the functionality of the proposed solution
presented by the individual authors. The estimated price of
the solution is only a rough estimate, as we obtained the prices
from the manufacturer’s websites and publicly available
offers from various sellers. This estimate is only indicative
and may differ significantly between individual sellers. The
monitored parameters have an impact on the reproducibility
of the results by other authors from the point of view of the
continuation of the research, while the price and availability
of the hardware solution used can be a limiting factor. The
results of our analysis are shown in Appendix Tables 12-15.
From the perspective of hardware procurement and related
costs, the proposed solutions vary significantly. A review of
74 articles revealed that only four authors (approximately
5%) used a custom fundus attachment compatible with a
smartphone camera for eye screening, which is a low-cost
solution that typically costs less than $100. These attachments
are often 3D printed or assembled from readily available
components such as lenses and cameras. Such innovative and
budget-friendly solutions do not pose barriers to immediate
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FIGURE 6. Local and cloud deployment of deep learning models accessible through mobile and web-based applications.

implementation, even in resource-limited conditions. The
second most cost-effective approach employed by the four
research teams (about 5%) involved using a standard digital
camera priced between several hundred and a few thousand
dollars to capture images to train deep learning models.
Furthermore, thirteen authors (approximately 18%) used
smartphone cameras directly without any special attach-
ments. In terms of higher price, 22 authors (30%) adopted
commercial professional solutions with costs estimated at
thousands of dollars, which can act as a significant barrier
to broader adoption by other research or medical teams.
The hybrid approach, which combines the use of mobile
devices with a mid-range attachment (costing hundreds to
thousands of dollars), was chosen by the 13 authors (18%).
This compromise balances cost and functionality, making it
more accessible than commercial solutions while addressing
some of the limitations posed by low-cost attachments. The
remaining 18 authors (approximately 24%) did not use any
hardware and relied on available data from public datasets.

4) SOLUTION AVAILABILITY AND REPRODUCIBILITY
The last monitored parameters in the analyzed articles
were the availability of the solution in terms of the
mobile application created, data, model, or source code.
Reproducibility analysis (Tables 12-15 in the appendix)
revealed that only four research teams (approximately 5%)
of the 74 studied made their applications publicly available
for download. One of them was the application only for
data collection without interactive features. Furthermore,

fourteen authors (19%) shared their training data, while seven
authors (9%) provided access to trained models or complete
source codes. Despite these efforts, significant challenges
remain to ensure the reproducibility and accessibility of
research outputs. The limited sharing of resources suggests
that research can remain confined within individual labs or
groups, making collaborative progress and innovation more
difficult.

Examples of screenshot images of smartphone applications
from reviewed articles are shown in Figure 7.

F. CLINICAL CONTRIBUTION OF SMARTPHONE IMAGING
AND DEEP LEARNING DIAGNOSIS IN OPHTHALMOLOGY
Different ophthalmologic diagnoses are based on images of
the anterior and posterior segments of the eye. Moreover,
there are some specifics in the deep learning ophthalmologic
image diagnosing compared to standard examination, e.g.,
the diagnosis of cataract, although anterior segment structure
pathology could be made based on blurring of the captured
fundus image [79], which is definitely not part of the standard
examination process in the doctor’s office. In addition,
glaucoma diagnosis is always made based on the appearance
of the optic nerve head on fundus photography when using
a smartphone. However, the accuracy could be limited
because of multimodal assessment requirements in glaucoma
(intraocular pressure measurement, gonioscopy, visual field,
optic nerve head, and retinal nerve fibre layer examination).
On the other hand, the disease that can be found in the
posterior segment could be screened using a smartphone
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FIGURE 7. Examples of screenshot images of smartphone applications from reviewed articles.
First row (from left to right): [27], [28], [53], [61], [68], [71], [81], second row (from left to right): [75], [80], [85], [86], [88], [91], [94].

direct image, for example, to detect leucocoria [28]. The
focused clinical entity also depends on the available capture
technology and appropriate datasets. The graphical analysis
of the focused clinical diagnoses in the anterior and posterior
segment imaging is shown in Figure 8.Most of the articles are
classifying cataract and diabetic retinopathy, in the imaging
of the anterior and posterior segments, respectively. The
following diagnoses are pterygium, ocular surface disease,
conjunctivitis, keratitis in the anterior segment, and glaucoma
in the posterior segment.

1) AI- ASSISTED SMARTPHONE DIAGNOSTICS USING
ANTERIOR SEGMENT IMAGES OF THE EYE
Direct smartphone images are used mainly to detect anterior
segment pathologies. The advantage is that there is no need
for any smartphone attachment or device, and the image
could be captured by the patient himself, sometimes with
the assistance of another person. In addition, the resolution
of actual smartphone photographs is high; therefore, small
physiological or pathological details could also be noticed.
If available, a smartphone-attached slit lamp can mimic
standard anterior segment examination, providing some new
perspective compared to standard two-dimensional direct
photography of the eye.

Inflammations or other pathologies of the conjunctiva [27],
[51] or cornea [35], [46], [58], including possible tumors [59]
could be detected. From a clinical point of view, it is
valuable to distinguish the etiology of keratitis – bacterial,
fungal, or herpetic [58]. The ocular redness was detected
by segmentation of the sclera (and also the conjunctiva)
by [34] as part of the uveitis tracking system. Dry eye

disease, which is a consequence of insufficient quantity or
quality of patient tears, is a common cause of discomfort,
sometimes also of loss of vision. The self-screening of
ocular surface disease was proposed by [41]. Okazaki et al.
[54] presented a non-conventional method using a grid-like
cylinder containing a ring light that generates a concentric
grid on the surface of the eye. The distortion of this grid
is suspected to be due to contact lens-induced dry eye
disease. Hong et al. [44] divided the dataset images into two
classes based on the tear volume tests using a phenol red
thread. An application that can distinguish between urgent
and non-urgent anterior segment pathology could also be
useful [29]. Although rare in developed countries, trachoma
is one of the leading causes of irreversible blindness in
developing countries. To classify trachoma, images of the
tarsal conjunctiva were used in [50].

Zaki et al. [60] screened for keratoconus, the disease in
which the cornea has a cone shape, from images captured
from the side. Gairola et al. [31] used a smartphone-based
corneal topographer that generated corneal heat maps.

The classification of the presence of pterygiumwas studied
in 3 of the 74 articles [38], [39], [48].

In our reviewed articles, cataract was detected in two
different sources of images. For cataract prediction, direct
images were used mainly [33], [36], [37], [40], [53], [56].
Hu et al. [45] detected cataracts from slit lamp images
connected to the smartphone.

In pediatric ophthalmology, it is important to detect visual
impairment in children as soon as possible to prevent ambly-
opia. Smartphone applications could help parents screen their
children for further examinationwhen suspected.Murali et al.
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FIGURE 8. Ophthalmologic diseases diagnosed or screened in described
complete and partial solutions.

[52] screened for amblyopia by observing refractive error
and optical media opacities in the red reflex in the pupil.
Chen et al. [29] detected visual impairment by various causes
using a smartphone video of the child. Strabismus detection
applications were proposed by de Figueiredo et al. [43]
and Gupta et al. [32]. The appearance of the pupillary red
reflex (pupillary crescents) could predict the spherical and

cylindrical refractive power [47]. This observation is based
on the red reflex test (Bruckner test).

Only 2 of 74 reviewed articles diagnosed tumors - Bernard
et al. [28] classified direct smartphone images according to
the presence of a red reflex to detect leukocoria and thus
retinoblastoma. The second work by Yoo et al. [59] classified
the presence of conjunctival melanoma on direct images.
In rare diagnoses, such as retinoblastoma, false positives
could exceed true positives, leading to the low sensitivity of
such applications [28]. Smartphone diagnosis and screening
for ophthalmologic tumors using deep learning, especially
those in the anterior segment, is definitely an area of great
uncovered potential, when there will be a larger smartphone-
captured dataset available containing these pathological
lesions [59].
Direct images of the eye focusing on the anterior segment

could also be used for various measurements, in the
periorbital region [57] and in the depth of the anterior
chamber [55].

2) AI-ASSISTED SMARTPHONE DIAGNOSTICS USING
POSTERIOR SEGMENT IMAGES OF THE EYE
Various retinal diseases could be screened by examining the
posterior segment using smartphone deep learning methods.
As we described earlier, due to the inability to capture the
posterior segment of the eye directly using smartphones,
many fundus attachments and devices are used. To detect
retinopathy of prematurity (ROP) in remote and low-resource
environments, smartphone solutions are favorable [88], [93],
[98]. A comprehensive system to detect ROP and classify
its severity into three classes was proposed by [88]. The
classification into plus or non-plus disease was presented
by [98].

One of the leading causes of blindness, diabetic retinopathy
(DR), is also the leading disease in smartphone deep learning
ophthalmologic applications. Twenty-four of the works focus
on DR (12 in complete and 12 in partial posterior segment
solutions). Binary classification (also suitable for screening)
can divide images into healthy (without DR) and with DR,
or alternatively, referable (healthy and mild non-proliferative
DR) and unreferable ( moderate and severe non-proliferative
with proliferative DR and/or diabetic macular oedema
(DME)). The classification into DR or non-DR or referable
or non-referable DR was proposed by [67], [68], [69], [70],
[71], [73], [80], [86], [87], [90], and [99]. The three-class
classification into normal, non-proliferative, and proliferative
was described by [92]. The classification into more stages
was proposed by [10], [61], [73], [77], [82], [83], [86],
[90], and [97], mainly into five stages: mild, moderate,
and severe non-proliferative DR, and proliferative DR. The
prediction of the grade of diabetic macular oedema was
proposed by [75]. Some solutions use commercially available
Remidio MEDIOS AI with EyeArt software, automated
offline analysis of retinal images captured using the Fundus
on Phone handheld retinal camera [62], [63], [66]. This
solution identifies DR, referable DR or worse, and/or DME.
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The other commercially available smartphone system used
was EyerCloud by Phelcom Technologies LLC [69], [70].

Another leading cause of blindness, AMD, was not ana-
lyzed in any reviewed article, which was really unexpected,
because many patients suffer from this diagnosis, and such a
smartphone application could be demanding.

Although it is not a retinal disease, glaucoma is often
diagnosed using a photograph of the fundus captured with
a smartphone [81], [89], [95]. Optic disc-centered fundus
images are captured in [64], [65], [78], and [96]. The
segmentation of the optic disc and the cup was proposed
by [81], [91], [96] to visually represent the cup-to-disc
ratio of the optic nerve head. The commercially available
solution from the same company as in DR detection,
Remidio MEDIOS, Fundus on phone handheld retinal
camera, together with AI Glaucoma software, was presented
by [64], and [65].
As mentioned above, cataract can also be diagnosed by

detecting blurring of the fundus image [79]. As the lens
becomes less transparent, we could expect a lower quality of
fundus imaging.

As part of the diagnostics from fundus images, other
pathological entities were also screened, ie, pathological
myopia [76].

IV. DISCUSSION
Smartphone-based deep learning imaging diagnostics
have significant potential to revolutionize screening for
sight-threatening eye diseases. Analyzed solutions offer
several advantages: they are relatively inexpensive, acces-
sible, portable, and require minimal computing resources.
In addition, they improve diagnostic availability and reduce
the need for specialized personnel.

Deep learning technology enables efficient mass screen-
ing and accelerated decision-making in ophthalmology.
Smartphone applications leverage these advances, enabling
earlier diagnosis and thus improving treatment outcomes,
depending on the integration of current medical knowl-
edge with the technological capabilities of smartphones.
Technological innovations such as specialized chips (e.g.,
GPU, NPU) increase device performance and enable the
deployment of complex models. However, limitations arise
from constraints on mobile computing that require the use
of simplified deep neural network architectures. Smartphone-
based deep learning applications are ideal for implementation
in resource-constrained settings. The ethical and regulatory
challenges surrounding the deployment of AI-based tools
on smartphones in developing regions cover several areas.
Health and biometric data must be collected and stored, but
many regions lack adequate data protection laws. Poor inter-
net connectivity, limited access to updates, and the absence
of local technical expertise can limit available solutions and
increase the risk of misdiagnosis due to outdated algorithms.
Additionally, local populations may differ ethnically and
demographically from those represented in training datasets,
making local validation essential. Furthermore, even in

developed countries, deep learning tools for smartphones can
enhance rapid clinical decision-making, potentially leading
to earlier treatment initiation.

The process of capturing images of the eye using a
smartphone is highly dependent on the specific ocular
structures that are being examined. Capturing the anterior
segment images typically does not require any additional
hardware beyond the built-in camera of the smartphone, and
it is accessible to every smartphone user, even as a selfie.
However, it is very important that the image is of sufficient
quality, does not contain motion blur, is sharp, the eye is
not covered, and is captured in the desired resolution, and
any other specific imaging criteria are met. These can be
incorporated into the smartphone application in the form of
image quality tests immediately after the image is captured,
resulting in increased reliability [30]. In general, images
of the anterior segment captured by a smartphone often
match the quality of standard cameras, offering significant
diagnostic potential. Although current reviewed applications
have not fully embraced this capability, there is great promise
in the future for creating high-quality public datasets of
anterior segment pathologies. However, the built-in camera
is not the only integrated component that could be useful
for anterior segment analysis. The built-in Light Detection
andRanging (LiDAR) sensor, available in some smartphones,
shows promise for mapping the ocular surface, including
detecting corneal abnormalities in the future. On the other
hand, the safety of directing LiDAR light toward the eye
raises potential concerns; however, ocular damage is unlikely
in actual settings, as the emitted light is dispersed over a broad
area and is not intended for direct ocular exposure.

Posterior segment imaging with smartphones requires
special attachments or devices, including a magnifying
lens, and also the second person’s assistance with some
training or experience with such solutions. The quality of
captured images varies widely depending on the add-on used,
ranging from low-cost 3D printed attachments to expensive,
complex commercial devices with AI capabilities. Despite
these drawbacks, these solutions are compact, accessible, and
affordable compared to standard fundus cameras, making
them suitable for mobile or on-the-go screenings.

Different light conditions, various distances, and the
addition of more gazes can be valuable when capturing
the images of the anterior segment directly. In addition,
to capture fundus or red reflex photography, some built-in
camera settings in smartphones could make it challenging.
Most devices use a pre-flashlight directly into the eye or
post-processing algorithms to remove the red reflex. These
prefabricated settings are not easy to change, although
some studies have reported that they successfully did [28],
[52]. However, these methods are not well documented
or standardized, making these solutions unreproducible.
Although fundus or red reflex photography requires a dilated
pupil, some smartphone models allow image capture in
non-mydriatic mode without significantly compromising the
captured field of view [10], [61], [62], [63]. The need for
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medicamentous pupil dilation could then be bypassed by
using near-infrared light (NIR) or by specific changes in
capturing light and distance. NIR illumination modules are
already integrated into iPhone and Android smartphones to
unlock the phone using facial recognition.

When we analyzed deep learning models, we found the
dominance of ResNet and Inception architectures, in addition
to MobileNet in posterior segment solutions, probably
because of the more frequent presence of applications with
inference requiring model deployment into smartphones,
suggesting that smartphone deployment requirements heavily
influence model selection across analyzed solutions.

Training deep learning models typically requires large
datasets. Currently, in the solutions analyzed, there are
only two publicly available datasets for smartphone-based
ophthalmic imaging: the Brazil glaucoma dataset captured
using Welch Allyn handheld ophthalmoscope [78] and the
Cataract Mobile Periocular Database [105]. In addition, some
datasets contain both standard fundus camera images and
smartphone-captured images. It is important to note that
images from standard fundus cameras generally have a higher
resolution and a wider field of view compared to those
captured by smartphones. Training of models using publicly
available non-smartphone data for testing on smartphone
images is not uncommon, but might not be sufficient in the
case of testing images captured by smartphones. There is
a critical gap in publicly available high-quality smartphone
datasets, even in anterior segment datasets, which could
be captured directly without the need for any attachment.
This impedes the reproducibility and standardization of such
applications and slows their further development and avail-
ability. The disparity in image quality between smartphones
and standard fundus cameras can be addressed through image
enhancement techniques and data augmentation. In addition,
collecting more data from video sequences recorded by
smartphones [60], [87] can help expand the dataset. The lack
of public datasets tailored for smartphone-based ophthalmic
imaging and their differences from those captured by standard
fundus cameras may significantly hinder the development
and practical applications of deep learning models in this
field.

From a technical perspective, mobile applications can be
divided into two groups: offline applications that allow the
deployment of pre-trained deep learning models directly on
smartphones without internet access, and online applications
that rely on cloud servers for the computational offloading,
usually in the form of a native mobile or web application.
Of the total number of 74 analyzed solutions, only 19 were
online applications, which represents approximately 26 per-
cent. One of the reasons is certainly the added complexity in
creating online applications, as well as the increased security
demands due to privacy concerns [27]. For offline solutions,
authors generally avoid this topic and focus more on the
implementation description and technical parameters such
as the inference time or latency for a given neural network.
Although these are important technical parameters and there

is some trade-off between offline evaluation, which typically
takes less than 1 second, and cloud-based online solutions,
where evaluation typically takes less than 1 minute, they are
not critically important. However, the authors very rarely
address the topics of portability of the solution to other
devices, energy efficiency, thermal constraints, or regulatory
considerations. In this area, commercial solutions are much
more advanced and ready for clinical adoption, as they
usually have the necessary certifications and meet regulatory
requirements. Therefore, it is not surprising that some of
them have been used by authors in both offline (e.g.,
Medios AI) [64], [65] and online analyzed solutions (e.g.,
EyeArt) [66], [67]. However, expensive commercial devices
designed for the capture of fundus images can be a barrier
because of their high cost. In addition to our specific findings,
the broader trend we identified is that authors are focusing
on affordable fundus imaging setups. This includes systems
combining mobile phones with commercial mid-price eye
scanning attachments and parallel developments of low-cost
hardware using 3D printing.

From a clinical perspective, deep learning smartphone
diagnostics have specific nuances that differ from traditional
examination methods. The focus lies on two main factors:
the technology used for image capture and the availability
of suitable datasets. For example, cataract diagnosis can
be performed by analyzing direct images of the pupil to
identify mature cataracts or by assessing the quality of
fundus images, which may be worsened by lens opacity.
In addition, certain pathologies of the posterior segment can
be identified if the red reflex is not present (ie, mature
cataract or leukocoria in retinoblastoma). Intraocular pressure
(IOP) cannot currently be measured using a smartphone,
but glaucoma can be diagnosed by evaluating changes of
the optic nerve head visible in fundus images; however,
we cannot expect high precision, because the diagnosis of
glaucoma traditionally requires a multimodal assessment.
On the other hand, diabetic retinopathy appears to be more
suitable for smartphone screening: the diagnosis is based
primarily on fundus findings. That explains the primary focus
on DR in posterior segment solutions, which also contains
articles classifying the severity of the disease and available
commercial solutions (e.g., Medios, EyeArt).

In our analysis of anterior segment disease applications,
we observed a focus on conditions such as pterygium,
conjunctivitis, keratitis, eyelid tumors, and keratoconus.
However, there are numerous other diagnoses that could
be effectively screened using smartphones, yet they remain
underrepresented in the reviewed literature. Conditions such
as eyelid inflammations and pathologies, corneal dystrophies,
endocrine orbitopathy, and iris tumors are examples of these
areas not covered. In particular, pterygium, which is not
a sight-threatening condition, is addressed in three of the
reviewed articles ([38], [39], [48]), contrasting with ocular
tumors, which are rarely diagnosed using deep learning on
smartphones ([28], [59]), despite their life-threatening nature.
In remote and low-resource environments, the detection
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of retinopathy of prematurity using smartphones could be
advantageous ([88], [93], [98]). In developed countries,
screening for conditions such as the epiretinal membrane
or macular hole may be beneficial; however, screening for
retinal detachment may present a particular challenge due
to its often peripheral onset, making early diagnosis using
smartphones nearly impossible due to the limited field of
view.

Screening of rare diseases may remain a challenge: there
is usually a lack of datasets with labeled data, classes could
be imbalanced if present in datasets with multiple diseases,
or too heterogeneous if combined from multiple datasets.
Insufficient datamay then lead to a high rate of false positives,
because models tend to overfit or fail to recognize subtle
patterns. There are several strategies to bypass these potential
problems, such as various data augmentation techniques,
including synthetic data generation, weighted loss function
training, or federative learning allowing collaborative model
training across more institutions.

Interestingly, age-related macular degeneration (AMD),
another leading cause of blindness, was not analyzed in
any of the reviewed articles. This could be caused by the
lower accessibility of public datasets with AMD, compared
to DR. Some datasets are available on academic request (i.e.
AREDS [133]), some like ODIR [134] contain AMD together
with other diseases, and the number of images is small,
so they need to be concatenated, and finally there were not
as many active AMD challenges, as we observed with DR.
It is also difficult to find any AMD fundus datasets review
article.

In standard clinical practice, diagnostic conclusions usu-
ally integrate the findings of multiple examinations. In con-
trast, smartphone-based screening solutions often rely on a
single modality, such as one image or one measured param-
eter. Consequently, the sensitivity and specificity achievable
from a single input are inherently limited and must be vali-
dated under real-world clinical conditions against reference
diagnoses; confirmatory testing using clinical gold standards
remains essential. For diseases such as diabetic retinopathy,
in which the diagnosis is based primarily on fundus findings,
higher diagnostic accuracy can be anticipated. However,
in conditions such as glaucoma, where the evaluation of
the optic nerve head constitutes only one component of the
evaluation, a multimodal approach incorporating additional
tests (e.g., perimetry, OCT) is essential. In such cases, results
equivalent to comprehensive clinical examinations should
not be expected, and future approaches should integrate
multiple data sources as input. New hardware innovations,
such as portable augmented and virtual reality (AR and
VR) perimetry devices, could potentially serve as another
convenient glaucoma screening input—either for use on the
go or for home-based screening.

Although we did not perform a direct head-to-head
comparison in this study, cost analyses from similar
implementations indicate substantially reduced per-patient
screening costs. Telemedicine-based screening for diabetic

retinopathy has been shown to significantly reduce costs,
particularly in low-income and rural populations with high
transportation expenses [135], and to lower costs even
in developed countries, supporting the expansion of tele-
ophthalmology programs, including for follow-up examina-
tions [136]. Evidence from other studies further suggests that
incorporating artificial intelligence into screening workflows
can improve cost-effectiveness compared to conventional
ophthalmologist-based screening [137]. Moreover, screening
without direct specialist involvement has demonstrated both
reduced costs and promising accuracy in diabetic retinopathy
detection [138]. Therefore, the current literature supports
the use of smartphone-based deep learning solutions in oph-
thalmology, not as a replacement for comprehensive clinical
evaluation, but as a complementary first-line screening tool.

A key element of these solutions is the incorporation
of explainable artificial intelligence (XAI), which refers to
methods and techniques that make the internal workings
and decisions of deep learning models understandable
and interpretable by humans. The explanation mechanism
translates complex model reasoning into a digestible format
suitable for typical clinical workflows, which most often
involve various forms of visualization, such as class activation
mapping (CAM), saliency maps depicting relevant image
regions, or even text summaries. XAI integration is inherently
linked to model accountability, ensuring that creators and
developers of an AI system can be held accountable for its
performance and potential harm. Therefore, careful adoption
is needed, and common practice is to deploy such systems
in the form of decision support systems that require the
verification of results by a physician.

Besides the emerging need for new public smartphone
datasets creation and integration of XAI, a roadmap for
future solutions development in this area could be inspired
by our TRIPOD-AI-based evaluation score, to fulfill our pro-
posed criteria (Table 1). Determining the standard capturing
methodology for each solution could help reproducibility, but
it could be complicated to create general standards for eye
smartphone imaging due to the diversity between devices.
Another drawback of reviewed smartphone applications is
the focus on one specific ophthalmologic condition. These
solutions usually handle a single eye pathology, which means
that multiple of them would be needed to cover the full
ophthalmologic disease spectrum, leading to limited clinical
complexity. Therefore, developers of future applications
should focus on more complex deep learning smartphone
applications that diagnose multiple pathologies. In addition,
many of these reviewed applications are experimental and are
not available to the public for use or testing in real-world
settings. This makes current evaluations of their clinical
implementation insufficient.

V. CONCLUSION
Smartphone applications that can be used to improve the diag-
nostic process and management of various sight-threatening
conditions are in high demand. We reviewed the use
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of deep learning ophthalmologic smartphone applications,
focusing on the imaging techniques, used hardware, and
datasets, deep learning network architectures, and their
implementation. The described applications were analyzed
to provide guidance to ophthalmologists and technicians
in this new interdisciplinary research field. We described
various methods and approaches for smartphone ophthalmo-
logic image capture and hardware and software solutions,
highlighting the advantages and disadvantages that occur in
practice.

A limitation of the presented review is the restricted
scope of the reviewed applications and issues with their
availability, as most of them are experimental. Current
smartphone applications often focus on specific ophthal-
mological pathologies, such as diabetic retinopathy. The
handling ofmultiple conditions requires separate applications
for different diseases, which is impractical for comprehensive
clinical use.

While analyzed mobile applications may offer decent per-
formance suitable for triage or initial assessment, especially

when designed to meet certain accuracy benchmarks, they
may lag behind established gold standard tools in terms
of peak sensitivity and specificity reported across studies
simulating clinical practice. Mobile applications excel in
accessibility and integration potential into existing health-
care structures for primary care or community screening
programs, where immediate high-accuracy AI assistance
is not the only consideration; ease of deployment on
widely available smartphones makes them highly flexi-
ble and cost-effective outside traditional ophthalmology
settings. Although smartphones have great potential to
advance ophthalmic imaging, significant challenges remain
in terms of clinical validity, practicality, and implementation.
Addressing these challenges through collaboration will
be key to maximizing the impact on global eye health
care.

APPENDIX
See Tables 8 to 15.

TABLE 8. Summary of anterior segment COMPLETE SOLUTIONS, used datasets, best performed deep neural networks, solved tasks with best results.
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TABLE 9. Summary of anterior segment PARTIAL SOLUTIONS, used datasets, best performed deep neural networks, solved tasks with best results.
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TABLE 10. Summary of posterior segment COMPLETE SOLUTIONS, used datasets, best performed deep neural networks, solved tasks with best results.
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TABLE 11. Summary of posterior segment PARTIAL SOLUTIONS, used datasets, best performed deep neural networks, solved tasks with best results.
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TABLE 12. Source code availability, used hardware and price range for anterior segment imaging - COMPLETE SOLUTIONS.

TABLE 13. Source code availability, used hardware and price range for anterior segment imaging - PARTIAL SOLUTIONS.
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TABLE 14. Source code availability, used hardware and price range for posterior segment imaging - COMPLETE SOLUTIONS.

TABLE 15. Source code availability, used hardware and price range for posterior segment imaging - PARTIAL SOLUTIONS.
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