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Introduction
Corneal ectasia encompasses a group of progressive, non-in-
flammatory disorders characterized by structural instability and 
thinning of the cornea, leading to irregular astigmatism and vi-
sual impairment. Among these, keratoconus is one of the most 
studied conditions, marked by localized corneal thinning and 
cone-shaped deformation [1, 2]. However, corneal ectasia also 

includes related conditions such as pellucid marginal degener-
ation and forme fruste keratoconus, which share overlapping 
clinical features [3]. Early detection of these conditions is cru-
cial, as timely intervention can prevent severe visual deteri-
oration and reduce the need for invasive procedures such as 
corneal transplantation [4]. Despite their importance, diagnos-
ing ectatic conditions in their early stages remains challenging, 
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Abstract
Purpose: To propose a theoretical method for diagnosing corneal ectasia, including keratoconus and related condi-
tions, by analyzing Purkinje images, specifically the displacement and distortion of the first Purkinje image (P1). The 
method aims to provide a cost-effective, accessible diagnostic tool for early detection and monitoring.

Methods: The proposed method utilizes an algorithm that analyzes key metrics, including Euclidean distance, eccen-
tricity, area, and perimeter, derived from Purkinje images. Data augmentation techniques are employed to create a 
diverse reference dataset simulating varying ectatic conditions. The method is adaptable to multiple platforms, such as 
attachments to existing fundus cameras or standalone devices and incorporates a composite scoring system to quantify 
ectasia severity.

Results: Simulated scenarios demonstrate that the method effectively identifies deviations in P1 metrics indicative of 
ectasia. Higher composite scores correspond to more severe cases, reflecting significant changes in eccentricity, perim-
eter, and displacement metrics. The robustness of the algorithm is supported by data augmentation, which enhances 
diagnostic reliability even in the absence of clinical data.

Conclusions: This method provides a promising approach for diagnosing corneal ectasia, offering a cost-effective and 
adaptable solution. Future integration of artificial intelligence and machine learning is expected to optimize the scor-
ing system, automate the analysis process, and further improve diagnostic accuracy.

Translational Relevance: The proposed method bridges the gap between high-end diagnostic tools and accessible, 
low-cost solutions, particularly for underserved populations. It has the potential to revolutionize corneal ectasia diag-
nostics by enabling early detection and improving patient outcomes in diverse healthcare settings.
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particularly in low-resource settings where access to advanced 
diagnostic tools is limited.

Current diagnostic techniques, such as corneal topography and 
tomography, offer detailed assessments but are often cost-pro-
hibitive and require specialized equipment that may not be ac-
cessible in underserved areas [5]. While traditional tools like 
Placido discs provide a low-cost alternative, they lack the quan-
titative precision to detect subtle early-stage abnormalities [6]. 
Additionally, these methods often rely on cross-sectional eval-
uation, which may not capture the progressive nature of ectatic 
conditions without longitudinal follow-up.

To address these limitations, this study proposes a novel, theo-
retical method for detecting corneal ectasia by analyzing Purkin-
je images, mainly focusing on the displacement and distortion 
of the first Purkinje image (P1) [7, 8]. The method employs key 
geometric metrics, such as Euclidean distance, eccentricity, area, 
and perimeter, combined with a composite scoring system to 
quantify the severity of ectasia. The method establishes a robust 
reference dataset for diagnostic comparisons by leveraging data 
augmentation techniques, even without clinical data [9].

The method’s adaptability to multiple platforms, including at-
tachments for existing fundus cameras and standalone, low-cost 
devices, ensures its utility across diverse healthcare settings. In-
creasing the analysis resolution, such as using additional LEDs, 
could further enhance its ability to detect early-stage abnormal-
ities. These features make it particularly suitable for low-re-
source environments, where affordable and accessible solutions 
are urgently needed [10, 11].

Integrating artificial intelligence (AI) and machine learning 
(ML) offers a promising avenue to refine this method. AI can 
optimize the scoring system, automate the analysis process, and 
improve diagnostic accuracy, enabling real-time interpretation 
of Purkinje images [12, 13]. By lowering the barrier to use, AI 
could also empower non-specialists to perform screenings, ex-
panding access to early detection in underserved regions. These 
advancements would complement, rather than replace, high-end 
diagnostic tools, offering a scalable, practical alternative for 
widespread screening.

In summary, this method represents a significant advancement in 
ophthalmology, offering a cost-effective and accessible solution 
for diagnosing corneal ectasia. Addressing current limitations 
and incorporating future refinements, such as increased reso-
lution and AI integration, this approach could establish a new 
standard for early detection and management of ectatic corneal 
disorders, particularly in underserved areas.

Materials and Methods
Overview of the Method
This study introduces a theoretical approach to diagnosing corne-
al ectasia, including keratoconus and related conditions, through 

the geometric analysis of Purkinje images. The focus is on the 
first Purkinje image's displacement and distortion characteristics 
(P1), a key reflection from the anterior corneal surface [7, 8]. 
The method is designed to function either as an attachment to 
existing fundus cameras or as a stand-alone, low-cost diagnostic 
device, enhancing accessibility, particularly in low-resource set-
tings where traditional diagnostic tools are unavailable [10, 11].

This approach's core is a robust database built through data aug-
mentation, simulating a wide range of corneal shapes and ectasia 
severities. This augmented database provides a comprehensive 
reference for the diagnostic algorithm, enabling accurate com-
parisons between patient images and baseline metrics derived 
from both healthy and simulated ectatic corneas [9, 14]. By le-
veraging this framework, the method aims to offer an accessible, 
non-invasive screening solution for early detection and monitor-
ing of corneal ectasia.

Optical Setup and Image Capture
The primary setup for capturing Purkinje images involves either 
an attachment to existing fundus cameras or a dedicated stand-
alone device, both equipped with near-infrared (NIR) LEDs 
(Figure 1) [7, 15]. NIR wavelengths are chosen for their ability 
to produce consistent, high-quality reflections from the corneal 
surface while minimizing interference from ambient light [10]. 
This setup ensures precise alignment and enhances image quali-
ty, both of which are essential for reliable diagnosis.

The light source is positioned to uniformly illuminate the cornea, 
generating the first Purkinje image (P1). The camera or imaging 
sensor, integrated within either the fundus camera attachment or 
the stand-alone device, is aligned with the light source to capture 
P1 in a clear, focused frame. To standardize image capture, sub-
ject positioning, and lighting conditions are carefully controlled, 
reducing variability and improving the reliability of geometric 
measurements [10].

Multiple NIR LEDs can be arranged at different positions around 
the cornea to enhance diagnostic accuracy. This setup captures 
multiple P1 reflections from varying angles, providing a more 
comprehensive analysis of corneal asymmetry and ectasia-relat-
ed irregularities [15, 16]. Increasing the number of LEDs (e.g., 
from 4 to 8 or 12) could improve resolution and sensitivity to 
early-stage abnormalities [10, 11].

Figure 2 illustrates the differences in Purkinje image reflections 
between healthy and ectatic cornea. These images highlight the 
characteristic variations in P1 displacement and distortion as-
sociated with ectasia, forming the basis for subsequent image 
analysis. By leveraging these optical distinctions, the method 
identifies early signs of ectatic conditions through the geometric 
properties of P1.
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Figure 1: Schematic representation of the optical setup used to capture Purkinje images, highlighting the placement of near-infrared 
(NIR) LEDs and the imaging sensor. This setup ensures consistent image quality and accurate detection of the P1 reflection.

Figure 2: Comparison of Purkinje images from a healthy cornea and a keratoconic cornea. The images illustrate the displacement 
and distortion of the P1 reflection in the keratoconic eye, which are key indicators used in the proposed diagnostic method.

Image Processing and Analysis
Purkinje images provide valuable diagnostic information, offer-
ing insights into corneal and lens conditions. Once captured, the 
images undergo a series of processing steps to prepare and ana-
lyze them for ectasia indicators [8].

The process begins by detecting the pupil center using edge de-
tection algorithms, such as the Canny edge detector. It is fol-

lowed by contrast enhancement to distinguish the pupil from the 
surrounding iris. The image is aligned with the pupil center as 
the reference point for all subsequent measurements (Figure 3) 
[15].

The primary diagnostic metric is the Euclidean distance between 
the pupil center and the P1 reflection, calculated using the fol-
lowing formula, referred to as Equation (1):
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Figure 3: Illustration of the light source and P1 reflection in a healthy cornea. The light path and corresponding reflection point (P1) 
are shown to demonstrate the normal geometric relationship between the corneal surface and the lens, which is used as a baseline 

in diagnosing keratoconus.

 (1)

where (xP1, yP1) represents the coordinates of P1, and (x0,y0) 
represents the pupil center coordinates [8].

In addition to the Euclidean distance, the analysis quantifies P1 
distortion by calculating its area, perimeter, and eccentricity. 
These geometric metrics are compared to a reference database 

derived from healthy corneal images (Figure 4) [7]. Significant 
deviations in these metrics indicate the presence of corneal ir-
regularities consistent with ectatic conditions.

To enhance diagnostic reliability, the method employs a com-
posite scoring system, integrating the deviations of each met-
ric from its reference value. This scoring system quantifies the 
severity of ectasia, providing a standardized measure for early 
detection and follow-up monitoring [9, 17].

Figure 4: Illustration comparing the P1 reflection in a healthy cornea (left) and a keratoconic cornea (right). The distortion in the P1 
reflection for the keratoconic cornea is highlighted, showing the significant deviations that are key diagnostic indicators.

Algorithm for Purkinje Image Analysis
The following algorithm outlines the steps for accurate detection 
and measurement of Purkinje images, specifically targeting the 
geometric properties of the first Purkinje image (P1):

1.	 Define Coordinate System: Establish a coordinate system 
with the origin (x0, y0) at the detected center of the pupil on 
the camera sensor.
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2.	 Capture and Preprocess Image: Capture the image of 
the subject’s cornea and preprocess it to enhance reflection 
points and reduce noise, ensuring improved visibility of key 
features.

3.	 Detect Pupil Center: Apply edge detection algorithms, 
such as the Canny edge detector, to identify the pupil's 
boundaries. Enhance the image contrast to distinguish the 
pupil from the surrounding iris. Fit an ellipse to the detected 
edges, modeling the pupil's shape and determining the el-
lipse's center as the detected pupil center.

4.	 Normalize Image Alignment: Align the image such that 
the detected pupil center coincides with the reference point 
(x0, y0) on the imaging sensor. This standardization ensures 
consistent measurements across images.

5.	 Identify Reflection Points (P1): Detect the coordinates 
(xP1, yP1) of the reflection point P1 on the sensor.

6.	 Measure Distance and Analyze Distortion: Euclidean 
Distance: Calculate the Euclidean distance from the pupil 
center to P1 using Equation 1:

                                  

                     
Reflection Shape Analysis: Analyze the shape and properties of 
the reflection around P1 by measuring the area, perimeter, and 
ellipticity of the reflection spot.

•	 Ellipticity is calculated using the equation: 

where a is the length of the semi-major axis and b is the length 
of the semi-minor axis of the ellipse that best fits the reflection

•	 Area is calculated using:
A= π.a.b

•	 	 Perimeter is calculated using: 

7.	 Establish Baseline Metrics: Develop a comprehensive ref-
erence database of baseline metrics—distances, areas, pe-
rimeters, and eccentricities—from a large sample of healthy 
corneas. This database serves as the benchmark for identi-
fying deviations indicative of ectatic conditions.

8.	 Comparison and Thresholds: Compare the patient’s corne-
al metrics with the baseline database using statistical methods 
to determine whether the measurements fall within normal 
ranges or indicate ectasia. Thresholds are established based 
on statistical distributions of the baseline metrics.

9.	 Scoring System: Combine the deviations of each metric 
from its reference value to calculate an overall keratoconus 
severity score SSS using the following formula:

where:
•	 dP1 is the measured Euclidean distance from the pupil cen-

ter to P1, and dref  is the corresponding reference distance 
for a healthy cornea.

•	 E is the eccentricity of the reflection spot, and Eref is the 
reference eccentricity.

•	 A is the area of the reflection spot, and Aref is the reference 
area.

•	 P is the perimeter of the reflection spot, and Pref is the ref-
erence perimeter.

•	 w1, w2, w3, w4 are the weights assigned to each metric, 
reflecting their relative importance in the overall score.

Higher scores indicate greater deviations from normal corneal 
profiles, suggesting more severe ectatic conditions.

Composite Scoring System
To enhance diagnostic accuracy, multiple NIR LEDs are po-
sitioned around the cornea at different locations. Images are 
captured individually for each LED position, enabling the cal-
culation of multiple scores (e.g., K1 and K2) from different di-
rections. This multidirectional assessment provides a more com-
prehensive evaluation by capturing asymmetries and surface 
irregularities indicative of ectasia.

Data Augmentation Techniques
To overcome the absence of clinical data, data augmentation 
techniques are utilized to simulate a wide array of corneal shapes 
by systematically altering K1 (horizontal curvature) and K2 
(vertical curvature) values. These variations encompass a spec-
trum of corneal ectasia stages, including keratoconus and similar 
conditions, creating a comprehensive dataset of simulated cor-
neal profiles [9, 18]. Each profile is paired with corresponding 
Purkinje images, capturing the anticipated distortions and dis-
placements in P1 for both healthy and ectatic corneas.

The augmented dataset includes thousands of corneal profiles, 
each meticulously defined by key P1 metrics such as Euclide-
an distance, area, perimeter, and eccentricity. This broad dataset 
provides a reliable foundation for establishing normative and 
pathological ranges for P1 characteristics. By leveraging this 
augmented reference, the algorithm can effectively differentiate 
between normal and abnormal corneal features with high preci-
sion [19]. This approach ensures accurate diagnostic compari-
sons even in the absence of real patient data, laying a practical 
groundwork for future clinical studies and validation.

Comparison with Reference Data
The diagnostic metrics derived from the subject’s Purkinje im-
ages—such as Euclidean distance, area, perimeter, and eccen-
tricity—are systematically compared against the augmented ref-
erence database. This database, built through data augmentation 
techniques, defines statistically validated thresholds for normal 
and ectatic corneal profiles.

Each metric is evaluated in relation to its baseline distribution 
within the reference database. Metrics closely aligned with the 
normative ranges are classified as normal, while significant de-
viations indicate potential ectasia. The algorithm integrates these 
deviations into a composite scoring system, quantifying the like-
lihood and severity of ectatic conditions. Scores exceeding pre-
determined thresholds act as diagnostic alerts, recommending 
further clinical evaluation where appropriate. This quantitative, 
comparative process ensures an objective and reproducible as-
sessment of corneal health, even without clinical data.
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Potential Validation (Future Work)
While this method is currently theoretical, future work will pri-
oritize validating the approach through rigorous clinical studies. 
These studies will involve collecting and analyzing data from 
patients with confirmed diagnoses of corneal ectasia, includ-
ing keratoconus and related conditions. By correlating clinical 
observations with the diagnostic metrics derived from Purkinje 
image analysis, the robustness and reliability of the method can 
be critically assessed.

The integration of artificial intelligence (AI) and machine learn-
ing (ML) is anticipated to significantly enhance the method’s di-
agnostic precision. AI models trained on the augmented dataset, 
and eventually real patient data, could refine the scoring system, 
dynamically adapting to diverse populations and corneal condi-
tions. These advancements could enable the method to become 
a reliable, scalable tool for early ectasia detection, particularly 
in low-resource settings where high-cost equipment is imprac-
tical. Collaboration with ophthalmology institutions and regu-
latory bodies will further ensure the method's clinical viability 
and adoption.

Supplementary Note on Mobile Attachment
While this study's primary focus is on the use of fundus cameras 
and stand-alone devices for Purkinje image analysis, a supple-
mentary approach involves the potential development of a mobile 
device attachment equipped with a low-intensity white LED. This 
option could dramatically enhance accessibility, particularly in 
underserved areas lacking traditional ophthalmic equipment.

However, technical challenges must be addressed to ensure the 
method’s feasibility in mobile environments. These include 
achieving consistent pupil detection, maintaining image align-
ment, and minimizing variability in lighting conditions. While 
promising, this mobile-based approach is currently considered 
experimental. Future iterations will explore this option's techni-
cal and diagnostic viability, focusing on optimizing performance 
and reliability under real-world conditions.

Results
Simulated Outcomes and Theoretical Analysis
The algorithm developed for Purkinje image analysis demon-
strates its potential to effectively differentiate between healthy 
and ectatic corneas, including keratoconic profiles, by evaluat-
ing key geometric metrics: Euclidean distance (dP1), eccentric-
ity (E), area (A), and perimeter (P). Simulated scenarios, which 
represent corneal shapes with varying degrees of ectasia severi-
ty, indicate that the algorithm reliably detects deviations in these 
metrics compared to reference values derived from healthy cor-
neas [1, 2].

For example, as the severity of corneal ectasia increases, signif-
icant deviations are observed in the eccentricity and perimeter 
of the P1 reflection, both of which diverge substantially from 
baseline values. Similarly, the Euclidean distance (dP1) shows a 
marked increase, reflecting greater displacement of P1 from the 
pupil center—a characteristic associated with ectasia-induced 
corneal steepening [7, 8]. These findings suggest that the pro-
posed algorithm could serve as a robust tool for identifying and 
monitoring the progression of corneal ectasia by tracking specif-
ic changes in Purkinje image metrics.

Data Augmentation Outcomes
He data augmentation process produced a diverse array of sim-
ulated corneal shapes, encompassing both healthy and ectatic 
profiles. This dataset serves as a robust reference, enabling the 
algorithm to evaluate patient data by comparing it against estab-
lished normative and pathological metrics [18, 20].

Analysis of the augmented dataset demonstrates the algorithm’s 
ability to reliably detect abnormalities in Purkinje images. The 
scoring system effectively categorizes the severity of ectasia 
based on deviations in key metrics. Visual examples from the 
dataset illustrate distinct differences between Purkinje images of 
healthy corneas and those indicative of ectatic conditions [14, 
19]. These simulated comparisons validate the proposed meth-
od, highlighting its potential for detecting corneal ectasia with 
high sensitivity, even in the absence of clinical data.

Scoring System Validation (Theoretical)
The scoring system has undergone theoretical validation using 
simulated cases, demonstrating that higher composite scores 
correlate with more severe presentations of corneal ectasia. In a 
series of hypothetical scenarios where patient data were simulat-
ed to reflect varying levels of corneal irregularities, the scoring 
system consistently aligned with the severity of the condition 
[3, 5].

For instance, scores that deviate significantly from the baseline 
range—derived from healthy corneas—indicate advanced ec-
tasia stages, prompting further clinical evaluation. These theo-
retical validations suggest that the scoring system is a reliable 
quantitative indicator of ectasia severity, accurately distinguish-
ing between mild and advanced stages based on deviations in 
Purkinje image metrics [6, 21].

Potential Impact
The results of this theoretical study indicate that the proposed 
method has significant potential to advance the early diagnosis 
and monitoring of corneal ectasia, particularly in low-resource 
settings. By leveraging data augmentation and a robust scoring 
system, this method offers a cost-effective, accessible diagnostic 
tool that can be seamlessly integrated into existing ophthalmo-
logic practices without requiring specialized equipment [10, 11].

The ability to diagnose ectatic conditions early, using minimal 
resources, could lead to improved patient outcomes by enabling 
timely interventions and reducing the need for invasive proce-
dures in advanced stages. This approach addresses critical gaps 
in healthcare accessibility, offering a scalable solution that bene-
fits underserved communities and has the potential to transform 
corneal ectasia screening globally [22, 23].

Discussion
Interpretation of Results
The theoretical results suggest that the proposed method for di-
agnosing corneal ectasia, including keratoconus, through Pur-
kinje image analysis is both feasible and potentially highly effec-
tive. By analyzing key geometric metrics—Euclidean distance 
(dP1), eccentricity (E), area (A), and perimeter (P)—the method 
provides a detailed and quantitative assessment of corneal ir-
regularities [7, 8]. Each metric captures unique aspects of ecta-
sia-induced changes in corneal geometry.
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The scoring system, which integrates these metrics, has demon-
strated its ability to quantify the severity of corneal ectasia ac-
curately. This capability makes the method valuable not only for 
early detection but also for monitoring disease progression over 
time [3, 5]. These findings emphasize the method’s diagnostic 
reliability and highlight its potential as a low-cost, quantitative 
solution for identifying ectatic conditions, particularly in set-
tings with limited access to advanced diagnostic tools [1, 4].

Comparison with Existing Methods
Compared to established diagnostic approaches such as corneal 
topography and tomography, the proposed method offers several 
distinct advantages. While traditional methods are highly accu-
rate, they are often expensive and require sophisticated equip-
ment that may not be available in all healthcare settings [6, 24]. 
In contrast, the proposed method is designed to be cost-effective 
and adaptable to a range of platforms, including attachments to 
existing fundus cameras and standalone units.

This adaptability makes the method particularly suitable for 
low-resource environments, where access to high-end ophthal-
mic devices is limited [10, 11]. Additionally, the non-invasive 
nature of the technique and the use of near-infrared (NIR) LEDs 
enhance patient comfort by eliminating the need for direct con-
tact with the eye or complex imaging procedures. These attri-
butes position this method as a practical and accessible alter-
native to conventional diagnostics, especially in underserved 
regions [22, 23].

Implications for Clinical Practice
The proposed method can potentially transform the early detec-
tion and monitoring of corneal ectasia in clinical practice, partic-
ularly in underserved regions. By providing a low-cost and acces-
sible diagnostic tool, this method enables widespread screening 
and early intervention, which is critical for preventing severe visu-
al impairment and improving patient outcomes [21, 25].

Its simplicity and ease of use allow integration into routine eye 
examinations, even in settings with limited access to specialized 
care. By bridging gaps in healthcare accessibility, the method 
offers an opportunity to proactively manage ectatic conditions in 
low-resource environments [26, 27]. This approach not only en-
hances diagnostic capabilities but also serves to improve overall 
eye health on a global scale.

Integration of AI and Machine Learning for Enhanced Di-
agnostic Accuracy
Integrating artificial intelligence (AI) and machine learning 
(ML) into this diagnostic approach offers a transformative op-
portunity to enhance accuracy, efficiency, and scalability. ML 
algorithms, particularly those employing deep learning, can be 
trained on the augmented dataset to detect complex patterns 
indicative of corneal ectasia [12, 27]. By leveraging a diverse 
array of Purkinje images—including both healthy and ectatic 
cases—these models can reliably distinguish various stages of 
the disease with high precision [13, 28].

AI also has the potential to optimize the composite scoring sys-
tem by dynamically adjusting the weights assigned to each diag-
nostic metric (e.g., dP1, E, A, P). Techniques such as reinforce-
ment learning or genetic algorithms can refine these weights 

iteratively, tailoring the scoring system to improve diagnostic 
accuracy across diverse patient populations and corneal condi-
tions. This adaptability enhances the robustness and versatility 
of the method [29, 30].

Additionally, AI-driven analysis can enable real-time evaluation 
of Purkinje images during routine eye exams, significantly re-
ducing diagnostic time. This rapid, automated capability, com-
bined with the method's low-cost design, makes it a practical 
solution for both clinical settings and remote or resource-con-
strained environments. By facilitating non-specialists in iden-
tifying ectatic conditions, AI-powered tools can expand access 
to early diagnosis and timely intervention, especially in under-
served regions [17, 31].

The ongoing evolution of AI technology further underscores its 
potential to continuously improve diagnostic outcomes, posi-
tioning this method at the forefront of accessible and innovative 
ophthalmic diagnostics.

Practical Implementation in Clinical Settings
To transition this method from theory to practice, several steps 
are required to ensure successful integration into clinical work-
flows:
•	 Device Adaptation and Setup: The method’s adaptability 

allows implementation as attachments to existing fundus 
cameras or standalone, low-cost devices. The method can be 
deployed as an add-on for clinics with advanced equipment, 
requiring minimal modifications. For low-resource settings, 
a standalone or smartphone-based device offers a cost-ef-
fective alternative that maintains diagnostic accuracy.

•	 Training and Calibration: Training programs for clini-
cians and technicians will be essential, focusing on device 
setup, calibration, and interpretation of results. Regular cali-
bration using the reference database will ensure consistency 
and reliability across diverse clinical environments.

•	 Workflow Integration: Seamless integration into existing 
clinical workflows will require user-friendly software inter-
faces compatible with electronic medical records (EMR). 
Features such as automatic report generation and alerts for 
suspected ectatic conditions will streamline the diagnostic 
process in busy settings.

•	 Regulatory Approval and Validation: Clinical trials will 
be necessary to validate the method’s effectiveness and ob-
tain regulatory approval. Collaborations with ophthalmol-
ogy institutions and regulatory agencies will be critical to 
establishing the method’s credibility and ensuring its wide-
spread adoption.

Limitations and Future Work
Although this method has a solid theoretical foundation, its pri-
mary limitation is the current lack of clinical data for validation. 
Future work should prioritize collecting clinical data from di-
verse patient populations to rigorously test and refine the meth-
od’s diagnostic capabilities. Additionally, further refinement of 
the algorithm, particularly through AI and ML integration, could 
enhance its precision by identifying subtle patterns associated 
with corneal ectasia.

Future research should also explore optimizing the device’s de-
sign for improved portability and usability in low-resource set-
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tings. By addressing these limitations, the method could evolve 
into a clinically validated, AI-enhanced diagnostic tool for early 
detection and management of ectatic conditions worldwide.

Conclusion
This study presents a novel, theoretical method for diagnosing 
corneal ectasia, including keratoconus, through the geometric 
analysis of Purkinje images. By focusing on the displacement 
and distortion of the first Purkinje image (P1), the method eval-
uates key metrics—Euclidean distance, eccentricity, area, and 
perimeter—to comprehensively assess corneal irregularities. 
Integration of a composite scoring system enables the quantifi-
cation of ectasia severity, offering a robust foundation for early 
detection and continuous monitoring.

A defining feature of this approach is its accessibility and 
cost-effectiveness, making it particularly suited for low-resource 
environments. By employing near-infrared LEDs and adaptable 
configurations—such as attachments to existing fundus camer-
as or standalone, low-cost devices—the method offers a scal-
able solution for widespread screening. Additionally, using data 
augmentation to simulate diverse corneal profiles enhances the 
method’s diagnostic accuracy, even without direct clinical data.

Future advancements in artificial intelligence and machine 
learning present an exciting avenue for enhancing this diagnos-
tic tool. AI-driven algorithms could refine the scoring system, 
automate diagnostic processes, and improve overall accuracy, 
enabling real-time analysis and broader applicability across di-
verse healthcare settings. These advancements can potentially 
elevate the method into a practical, high-precision tool for early 
detection and proactive management of corneal ectasia.

In conclusion, the proposed method represents a significant ad-
vancement in ophthalmic diagnostics, potentially improving ac-
cess to early detection and management of corneal ectasia, par-
ticularly in underserved areas. By addressing current limitations, 
validating the method through clinical studies, and integrating 
AI-driven improvements, this method could establish a new 
standard for accessible, reliable, and scalable corneal diagnos-
tics worldwide.
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