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ABSTRACT

This work proposes OptoCheck, a modular and compact solution to monitor eye state and patient cooperation
during ophthalmic exams. Our solution integrates an optical architecture, including a CMOS board-level camera
and a dichroic mirror, and employs a Support Vector Machine (SVM)-based classification algorithm for real-
time image analysis. The system is engineered to be compatible with current ophthalmic instruments, such as
pupillometers and Optical Coherence Tomography (OCT), with minimal modifications. We tested the system
on eight healthy subjects to evaluate its ability to detect eye movements, blinks, and small misalignments in real
time. This approach improves the reliability of ophthalmic tests, shortens examination times, and supports more
accurate and timely diagnoses, particularly in settings involving non-cooperative patients, such as pediatric or
geriatric cases.

1. INTRODUCTION

The integration of Artificial Intelligence (AI) into medical equipment is becoming increasingly popular.1,2 Ar-
tificial intelligence applied to fields such as computer vision, machine learning (ML), and deep learning (DL)
has improved traditional medical instrumentation.3,4 In particular, AI has significantly advanced biomedical
imaging,5 ocular data analysis,6,7 and ophthalmic image analysis.8 Digital cameras have significantly improved
diagnostics and the detection of disease progression.9 Procedures such as slit lamp microscopy,10,11,12 Optical
Coherence Tomography (OCT),13 funduscopy,14 and pupillometry4,15 benefit from these advancements. Despite
these advancements, ophthalmic measurements still face significant challenges, particularly with non-cooperative
patients such as children, elderly individuals, or those with physical or cognitive impairments. For example,
visual field tests and intraocular pressure (IOP) measurements can be compromised by patient movement, re-
duced attention spans, or discomfort.16 These limitations emphasize the importance of adaptive systems to
maintain diagnostic accuracy under challenging conditions.17 Several studies have explored vision-based algo-
rithms to mitigate these challenges, focusing on enhancing data acquisition reliability during ophthalmic tests.2,18

Real-time image filtering and eye position recognition techniques have demonstrated significant potential for im-
proving diagnostic reliability.19 For example, AI-driven classification methods for pupil alignment and blink
detection have demonstrated improvements in data quality.20,21 Systems integrating hyperspectral imaging
and machine learning have enabled robust iris pigmentation analysis.7 Studies leveraging convolutional neural
networks (CNNs) for gaze tracking and pupil detection have enhanced the accuracy, scalability, and real-time
performance of ophthalmic instrumentation.22,23,24 In our previous study,4 we compared Expert Systems (ES),
Machine Learning (ML), and Deep Learning (DL) algorithms for classifying eye images, with a focus on balanc-
ing computational efficiency and classification accuracy to meet the demands of real-time applications. Speed
performance proved crucial for modern ophthalmic exams, which require compact, embedded systems capable of
real-time operation.25

Building on this foundation, we developed OptoCheck, a robust solution tailored to overcome key challenges in
ophthalmic examinations with enhanced precision and efficiency. Designed for seamless integration, OptoCheck is
compatible with various ophthalmic devices, including pupillometers, OCT scanners, and corneal topographers,
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requiring minimal modifications. It achieves precise and high-speed image classification, processing images in
just over 1 millisecond on embedded platforms, making it ideal for compact systems and time-sensitive tests.
Its cost-effectiveness stems from the use of standard components, including a dichroic mirror, a CMOS camera,
and an optical filter, eliminating the reliance on complex algorithms or costly hardware. Beyond its technical
simplicity, OptoCheck enhances the diagnostic process by providing real-time feedback on eye positioning and
patient behavior. This capability enables clinicians to identify uncooperative patients or instances of discomfort
during examinations, ensuring accurate and reliable measurements. Ultimately, this innovative approach opti-
mizes ophthalmic test quality, improves clinical workflows, and facilitates faster, more precise diagnoses while
maintaining accessibility for widespread adoption.

In the subsequent sections, we detail the design and implementation of OptoCheck, followed by experimental
validation to demonstrate its effectiveness and applicability in clinical settings.

2. MATERIAL AND METHODS

2.1 System Design

Figure 1 shows the OptoCheck system, comprising three main components: a CMOS camera for imaging, a
low-power embedded board for processing, and a Support Vector Machine (SVM) algorithm for real-time classi-
fication. These components work together to characterize the eye state in real-time by classifying images based
on gaze, blink detection, and eye position. The SVM implementation and its detailed performance analysis are
extensively described in.4 The system was integrated into a Maxwellian-View pupillometer,26,27,28 enabling the
accurate acquisition of pupil images through precise alignment and enhanced image processing. The SVM was
trained on a publicly available dataset of ocular images (PopEye4) using features extracted from downsampled
32×32 pixel grayscale images, balancing classification accuracy and processing speed for embedded applications
on this specific task.
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Figure 1: Block diagram of the OptoCheck system, highlighting the interaction between the CMOS camera, embedded
board, and SVM algorithm. These components work in unison to ensure real-time eye state classification with high
efficiency.

The output classification information can be used to trigger visual or auditory alerts when optimal conditions
for image acquisition are met, allowing examiners to correct small misalignments or manage non-cooperative
patients during examinations promptly.

The optical design illustrated in Figure 2 depicts a modular and compact approach. More specifically,
we have used infrared LED light sources (850 nm SFH4250, ams-OSRAM AG, Premstätten, Austria), a 45◦

dichroic mirror (DMSP750B, Thorlabs, Newton, NJ, USA), and a CMOS camera (BF3-3M-0064ZG-1Y0020



mvBlueFOX3-3M, Matrix Vision GmbH, Germany) mounting a wide angle (F = 16mm) S-Mount lens. A 12
mm high-pass filter (λc = 750nm) was mounted on the camera to block visible light.
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Figure 2: Optical diagram of the OptoCheck system. The infrared (IR) light optical path (dashed purple line), using 850
nm SFH4250 LEDs, facilitates eye position monitoring and recording via a CMOS camera (mvBlueFOX3-3M, Matrix
Vision GmbH). The visible light optical path (dashed yellow line) is directly transmitted thus allowing eye stimulation.
The dichroic mirror (DMSP750B, Thorlabs) separates IR and visible light paths, ensuring compatibility with additional
ophthalmic devices.

The use of a dichroic mirror is essential for separating infrared light from visible light, allowing the system
to function seamlessly with both new and existing ophthalmic devices without compromising their original
functionality. This configuration is highly adaptable; for example, the dichroic mirror can be substituted with
one that reflects visible light while transmitting near-infrared (NIR) wavelengths, enabling compatibility with
technologies like optical coherence tomography (OCT) scanners that rely on NIR light for precise imaging.
The modular and flexible design makes it suitable for a wide range of ophthalmic applications, enhancing both
performance and integration potential.

Figure 3 illustrates a 3D design proposal that can be fabricated using any commercially available FDM 3D
printer, making it highly customizable for both experimental and professional optical applications. The modular
layout has a compact footprint, measuring just 50 mm in the horizontal dimension, and is enclosed within a
50x50x50 mm housing. This design incorporates a dichroic mirror and SMA1 optical windows, featuring standard
C-MOUNT internal threading (SM1A10, Thorlabs©, Newton, New Jersey, USA).

In most cases, the design can be incorporated into current systems with minimal modifications necessary,
whereas in certain situations, it can be seamlessly inserted into the optical path of compatible devices, promoting
minimal disruption and facilitating straightforward implementation.

2.2 Test Methodology

For preliminary experiments, we have combined the optical design described in the previous Section 2.1 into a
Maxwellian-View monocular pupillometer26,27 integrating a custom four-wavelength LED light source.28 Pre-
liminary measurements were conducted on eight healthy participants, simulating a typical 2-minute ophthalmic
examination involving controlled fixation tasks. During the test, participants were instructed to fixate on a
circular red target while seated comfortably on a clinical chin rest. Moreover, the red light stimulation was
configured to have a 20.5◦ FOV and 120 cd/m2 with peak wavelength at 630 nm and 14 nm FWHM. The camera
was configured to acquire images with fixed frame rate equal to 50 Hz. The eye sample images, illustrated in
Figure 4, were pre-processed and categorized into one of six classes: ‘correct‘, ‘closed‘, ‘right‘, ‘down‘, ‘left‘, and
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Figure 3: Illustration of the modular integration design for the mvBlueFOX3-3M CMOS camera. The system features C-
mount threads for easy attachment to optical instruments, an entrance and exit window for optical paths, and compatibility
with the SM1A10 adapter for enhanced modularity. The side view, front view, and cross-sectional view (A-A) highlight
the dimensions and internal configuration, including the integration of the DMSP750B (Thorlabs © Newton, New Jersey,
U.S.) dichroic mirror optics and S-mount objective.

Figure 4: Example images classified into six categories: a) correct b) closed c) right d) down e) left f) up.

‘up‘. These categories were selected to address typical challenges in pupillometry, including off-axis gaze and
partial eyelid closure.

These classes have been purposefully chosen for pupillometry assessments, in which the measurement of
pupil size conducted by conventional image processing techniques may be affected by an off-axis gaze or a
partly closed eyelid. It is significant to note that this approach can be used for different kinds and amounts of
categories, including blurred or sharp images, partial or complete blinks, or inadequate image exposure, tailored
to the specific application task. As we have described in our previous work4 the Support Vector Machine (SVM)
algorithm with 32×32 pixel normalized and unrolled input size images demonstrated the best balance of accuracy
and speed as it achieved 96.2% prediction accuracy with an average 1.7 ms Single Frame Prediction Time (SFPT)



on a 10 Watt Cortex A53 CPU.

In this particular research, a Python-driven image processing technique27,29 was employed to determine the
pupil’s position and size, while the SVM algorithm was utilized for detecting partial blinks throughout the
experiment. In the results section, we were interested in identifying both complete blinks—when the eyelid
is fully closed and the pupil becomes undetectable—and partial blinks, where the eyelid is partially closed,
potentially obscuring the pupil and compromising the accuracy of pupil size measurements30 (Figure 5).

Figure 5: Figure illustrates pupil detection using an image processing algorithm designed to estimate pupil size even with
a partially closed eyelid. The red perimeter highlights the detected pupil region. Standard methods such as ellipse fitting
and minimum enclosing circle fail to provide an accurate measurement of pupil size due to partial occlusion by the eyelid.

Blink frequency and duration are critical indicators of patient discomfort or fatigue, which can affect mea-
surement reliability and compromise the pupillary response.31 This dual focus on both the detection of partial
and complete blinks and the analysis of blinking behavior adds an additional layer of diagnostic insight, aiding
in the evaluation of the patient’s physiological and psychological state during the examination.

RESULTS AND DISCUSSION

Our analysis of blinking behavior revealed key patterns of variability and their potential impact on ophthalmic
imaging reliability. The average blink duration observed among the eight participants was 190 milliseconds, with
an average blink rate of 13 blinks per session. These findings are summarized in Table 1, which provides detailed
participant-specific data. While the average measured blink rate is significantly lower than reported values of 14
to 17 blinks per minute under normal conditions,32,33 variability between participants reflects individual factors
such as discomfort, dryness, or task-induced stress. Notably, other studies, such as,34 have shown that blink
rates are strongly influenced by the nature of the task, with cognitively demanding or visually intensive tasks
often associated with reduced blink frequencies.

Table 1: Summary of blink behavior across participants. The table highlights variability in blink frequency and duration,
which may reflect individual differences in comfort and task engagement.

Patient Number of Blinks Average Blink Duration (s)
0 17 0.10
1 10 0.20
2 26 0.40
3 24 0.12
4 8 0.12
5 7 0.12
6 8 0.32
7 5 0.22

Figure 6 shows the distribution of blink durations. Most blinks fell within the range of 0.10 to 0.15 seconds,
consistent with prior studies on spontaneous blinking behavior.32,33

These results demonstrate the effectiveness of the OptoCheck system in accurately detecting and classifying
blinks in real-time. By excluding frames affected by excessive blinking or partial occlusions, the system ensures
reliable data acquisition. This aligns with previous research highlighting the importance of robust methodologies
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Figure 6: Histogram showing the distribution of blink durations. The x-axis represents the blink duration in seconds,
grouped into intervals of 20 ms, while the y-axis indicates the count of occurrences for each interval.

in ophthalmic imaging. Notably, the data also highlight that some patients exhibited significantly more frequent
blinking compared to others, potentially indicating greater difficulty in completing the task. This variability
could be explained by factors such as dryness, light sensitivity, stress, discomfort, or lack of familiarity with the
test. These conditions may lead to increased blinking and present additional challenges in maintaining stable
measurements, further underlining the utility of OptoCheck in such scenarios.

Monitoring the pupil’s position during the test can be particularly valuable for evaluating patient compliance
and focus. Observing deviations from the central area within the framed region can help identify whether the
patient is distracted, struggling to maintain fixation on the target, or experiencing discomfort. Such insights
are critical for ensuring the reliability of the measurements, as they allow for the detection of non-compliance
or shifts in attention. By addressing these deviations, clinicians can make necessary adjustments to improve
test conditions, ultimately enhancing data quality and patient experience. In our test case, the analysis of pupil
positions, shown in Fig. 7, highlights the distribution of normalized X and Y coordinates during the experiment.
A total of 42,701 data points containing pupil position were collected during the experiments. The majority of
the data points are concentrated around the center of the image, indicating that the eye remained predominantly
central during the experiment. Ellipses representing 68%, 95%, and 99.7% confidence levels were overlaid to
further emphasize the distribution of the data. The equivalent diameters of these ellipses were calculated as
1.73 mm, 2.80 mm, and 3.90 mm, respectively. These results likely reflect that the test, involving fixation on a
single spot of uniform red light, was relatively simple for most participants, resulting in a stable, central position
of the detected pupil.
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Figure 7: Distribution of pupil positions during the experiment. The plot shows the normalized X and Y positions of the
pupil inside the Field of View of the camera. Most data points are concentrated at the center, reflecting stable fixation.



Notably, in this specific test, participants were instructed to look at the red fixation area. As a result,
no frames where the pupil moved significantly up, down, left, or right were detected by the SVM algorithm.
However, in other types of tests where a fixation target is absent, or in conditions such as darkness where the pupil
might move more erratically, the patient’s eye could exhibit significantly greater deviations. In such scenarios,
the classification algorithm would be particularly useful for identifying images where the eye is substantially
misaligned with the optical axis or where the gaze is incorrect. Looking at Figure 7, the presence of a few
distant outliers highlights the potential challenges in maintaining reliable measurements for patients with unstable
fixation. The robust classification algorithm of OptoCheck helps identify and exclude these frames, ensuring data
integrity. This further underscores the importance of robust classification to ensure accurate identification and
exclusion of frames where the pupil’s position or gaze deviates excessively.

Incorporating these capabilities into routine ophthalmic examinations, particularly for non-cooperative pa-
tients, enhances data quality and reduces diagnostic errors. Future work will aim to expand testing to diverse
populations and explore integration with other ophthalmic devices, further advancing the reliability and efficiency
of diagnostic imaging.

CONCLUSIONS

Integrating OptoCheck into ophthalmic devices can enhance diagnostic accuracy and improve patient outcomes.
By addressing key challenges, such as non-cooperative patients and involuntary eye movements, this technology
marks a significant step forward in ophthalmic instrumentation. The system enables more precise and efficient
examinations by providing real-time feedback on eye positioning and patient behavior, reducing measurement
errors and minimizing examination times. These capabilities not only streamline clinical workflows but also
ensure more reliable diagnoses and tailored patient care.

The results of our study demonstrate the system’s ability to accurately detect and classify blink behaviors and
pupil positions, even under challenging conditions. This highlights its applicability in diverse clinical scenarios,
from routine examinations to research settings.

Future developments will aim to integrate the system with additional ophthalmic devices while expanding its
applications to include blur detection, optimizing image exposure, and assessing stress or fatigue. Furthermore,
validating the system’s performance on larger and more diverse populations will enhance its reliability and
applicability. With these advancements, OptoCheck has the potential to establish new benchmarks for precision,
efficiency, and accessibility in the diagnosis and management of eye diseases.
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