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Abstract—Automated retinal inspection systems may enable
broader access to consistent diagnostic eye examinations. In
this work, we present an automated, contactless posterior
eye examination system that can perform examinations at
safe distances on freestanding patients. The system uses seven
cameras, with two tracking the head, four tracking the pupil
being examined, and one collecting diagnostic images through a
wide-angle indirect ophthalmoscope lens to capture a 56◦ retinal
field of view. The sensor system is mounted on a robot arm,
which tracks the center to the patient’s head motion, locking
onto the pupil, and capturing images of the retina. Feasibility
studies on a moving phantom and members of the research
team indicate that the system can generate high quality images
suitable for diagnostic purposes.

Index Terms—Automation in Health Care; Motion Planning
and Control; Big Data and Deep Learning

I. INTRODUCTION

Clinicians must examine the posterior segment of the
eye to observe the health of the retina. The retina serves
as an important screening tool in medicine to identify and
monitor several diseases including hypertension, diabetes,
neurological disorders, and ocular disorders [1]. Examination
techniques are limited in efficacy, particularly in routine
primary care medical examinations by non-ocular specialists
[2]. As such, many retinal conditions are missed due to
inconsistent techniques or lack of posterior segment exami-
nation. Several retinal imaging systems have been developed
to perform more comprehensive retinal screening, such as
scanning laser ophthalmoscopes [3] capable of generating
200◦ retinal images. In setups like these, patients place their
head on a chinrest and keep their eyes still for 0.5 s to ensure
that images are captured with minimal artifact. As such, these
tools are limited to eye clinics, involve physical contact with
the patient for stabilization, and must be operated by skilled
medical staff.

Recent work has demonstrated the feasibility of robot-
stabilized optical coherence tomography (OCT) in freestand-
ing patients [4, 5] with recent versions attaining with up
to a 32◦ field of view at a 86 mm working distance [6].
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However, no robot-stabilized system has been developed to
perform posterior segment wide-angle imaging under white
light. The wide-angle lensing of white light retinal imaging
poses two technical challenges: 1) closer working distance
(6 cm in our setup) and 2) interference with in-line pupil
tracking cameras used for alignment in prior work. In prior
work, environment-fixed cameras for head tracking cause a
short loss of active tracking during the approach phase, when
the sensor head occludes the patient’s face [4, 5]. This leads
to a risk of procedure failure and increased patient risk, which
is exacerbated at closer working distances. Moreover, when
pupil and head tracking cameras are mounted off-axis, the
performance of tracking methods tends to degrade.

We propose EYESIGHT, a robot-mounted modular sensor
system to perform fully automated mydriatic retinal inspec-
tion on freestanding patients (Fig. 1). Our system uses a
single robot-mounted sensor package capable of head and
pupil tracking and sub-two millimeter visual servoing [7]
accuracy for contactless and safe control within 6 cm of the
patient. To address the aforementioned weakness of prior
systems, EYESIGHT leverages recent advances in tracking
algorithms that allow cameras to track objects from closer
and more extreme angles [8]. It performs sensor fusion over
six cameras to track the head and eyes across a wider
workspace than prior work [4, 5, 6]. Once pupil lock is
obtained, an imaging sequence from the clinical sensor is
then automatically processed using a deep learning model
to identify retinal images that are clear, free from motion
artifacts, and free from iris obstruction. We present experi-
ments evaluating our system’s accuracy on both a phantom
and members of the research team, demonstrating adequate
tracking performance. We also conduct a pilot evaluation
of the full EYESIGHT system on a hand-moved phantom,
demonstrating that it produces a series of clear images of
the retina with 56◦ field of view even under constant target
movement.

Our system is demonstrated in the supplemental video that
accompanies this paper.

II. RELATED WORK

A. Robotic Eye Examination Systems

Robotic ophthalmological procedures date back to as early
as 2005, focusing on reducing tremor in delicate eye sur-
gical procedures [9, 10]. Robotic ophthalmology recently
expanded to eye examinations, including teleoperated robots



Fig. 1. Proposed system, starting with head PBVS, followed by pupil PBVS, then clinical imaging of the retina. Head tracking uses 3DDFA-V3 for
keypoint detection and triangulation to resolve the 3D head keypoint positions. Pupil tracking uses Otsu segmentation and a Hough circle transform for
pupil detection and a triangulation to resolve 3D pupil position. We use binary classification to reject low quality images from the clinical image sequence,
generating a high-quality retinal image sequence that can be visualized for diagnosis by an ophthalmologist.

[11] in which a remote eye doctor provides remote commands
to a system in the patient room with the assistance of a
technician, which makes eye examinations available to more
patients [12]. Recent autonomous eye examination systems
aim to conduct repeatable, contactless eye exams without
patient fixation. The first such system uses optical coherence
tomography (OCT), which is used to capture 3D imaging of
the eye to monitor a range of ocular disorders [4].

For head tracking, prior work used environment-mounted
cameras [5, 13]. This causes a limitation where the patient’s
face is occluded by the sensor head as it approaches, leading
to unreliable tracking [5]. In the approach phase, an open-
loop motion is required to bridge the head tracking and pupil
tracking phase. If the patient moves during this movement,
pupil tracking can fail or the robot can collide with the
patient. Our robot-mounted head tracking system allows for
continuous closed-loop control during the approach phase.

For pupil tracking, prior work used an inline beamsplitter
to combine the pupil camera and OCT optics [5]. In indirect
ophthalmoscopy, inline pupil imaging is not possible at the
same time as retinal imaging due to the intervening fundo-
scope lens. Instead, pupil tracking cameras must be mounted
at an oblique angle, which makes tracking more challenging
due to interference with the patient’s nose, eyelash, and
cheek.

B. Head Tracking

Head tracking has progressively advanced with new ma-
chine learning approaches. Prior robotic eye exam systems
used the OpenFace2.0 algorithm, which becomes unreliable
during occlusion and at oblique viewing angles [13]. Newer
face tracking methods have the potential to work more
reliably in close-range head tracking, such as 3DDFA-V2,
3DDFA-V3, and Google MediaPipe Face Mesh [8, 14, 15].
These deep learning approaches can be used for 3D head
tracking with well-calibrated stereo cameras and state esti-
mation. Recent work has explored 3D head tracking with a

simultaneous localization and mapping methodology, though
the approach is limited to flat-plane backgrounds due to use
of a SIFT keypoint detector [16]. Face keypoint detectors
appear promising as an alternative for head tracking. Tri-
angulation is a naı̈ve approach to 3D head tracking from
2D keypoints, and one recent approach includes the use
of an unscented Kalman filter to estimate Th from tracked
keypoints [17]. In our work, we analyze several head tracking
models on our stereo head tracker and perform 3D head pose
estimation using triangulation.

C. Pupil Tracking

First and fourth Purkinje reflections can be used to deter-
mine eye gaze vector [18], and a recent work has digitized
this approach for eye gaze vector tracking [19]. Deep learning
approaches have become commonplace in pupil tracking and
gaze vector estimation [20], based on a variety of open-
access datasets. Existing eye gaze datasets are either too
specific to particular hardware, or too general to transfer well
to specific camera orientations and hardware. Simulated eye
gaze datasets provide excellent ground truth, but have camera
pose configuration limitations and simulation-to-real gaps,
particularly for blink, saccade, and occlusion simulations [21,
22]. Real eye gaze datasets are often limited in range of eye
orientations, expensive to generate, and ground truth is error-
prone [23]. Our testing indicates that convolutional neural
networks trained on such data tend to degrade in performance
when out of distribution, in particular, in the oblique and out-
of-center images frequently seen in our system.

A fast approach for pupil detection uses the Hough cir-
cle transform [24], which can serve as an accurate pupil
center detector. However, Hough circle transforms require
hardware-specific tuning, and can be sensitive to patient
appearance variation. Pupil tracking in previous robotic OCT
work relies on inline and oblique cameras [4, 5, 6]. Our
work uses oblique cameras only, which are positioned at the
outer edge of the clinical objective lens. Our method uses



Fig. 2. End effector sensor array design. A) End effector sensor array
CAD image. B) Assembled sensor array mounted on UR5e at the home
position. C) Modular components for clinical imaging, head tracking, and
pupil tracking. D) Retinal illumination design (head tracker removed for
clarity), with illumination element paraxial to the clinical sensor.

Otsu segmentation [25], a Hough circle transform, and inter-
camera consistency checking to achieve robust 3D tracking.

III. SYSTEM DESIGN

Our system consists of a robotic arm af�xed to an optical
table, and uses a central computer for tracking the patient and
commanding the robot. Our sensor design differs from prior
works [4, 5, 6] in that it contains all tracking components
on the robot's end-effector, allowing occlusion-free motion
relative to the patient and closer working distances. The
assembly consists of a pupil tracker, head tracker, and clinical
sensor (Fig. 2C). Our pupil tracker module contains four
small cameras with respective camera centers aligned toward
the focal point of an indirect ophthalmoscope lens. Our head
tracker module contains two robot-mounted head tracking
cameras, allowing a point-based visual servoing (PBVS)
target to be seamlessly transferred from head tracking to
the four robot-mounted pupil tracking cameras. A seamless
fallback to head tracking occurs if pupil tracking fails, and if
both fail, the robot retracts the sensor to a safe home position.
Our clinical imaging camera, with a light source near the axis
of the camera, is designed to view through the lens, capturing
diagnostic retinal images.

Because indirect ophthalmoscopy requires a lens placed at
a close working distance to the eye for retinal examination, an
inline pupil camera is infeasible for PBVS and simultaneous
clinical imaging. In our work, due to our unique camera
arrangement, we use a classical approach to pupil detection
via Otsu segmentation and a Hough circle transform [24, 25],
which is both fast and provides robust detection on the tested
subjects.

Our clinical sensor is designed to capture images through
an indirect ophthalmoscope, and is based on the existing
binocular indirect ophthalmoscope headset [26]. We use a
single camera with a telephoto lens to magnify the view and
use a paraxial ophthalmoscope light for illumination.

A. Design Requirements

Our system must perform PBVS relative to landmarks
on the head with high enough accuracy to visualize the
retina of a free-standing patient with a wide-angle indirect

ophthalmoscope lens. To assess these features of our system,
we propose the following constraints:

1) Lighting Safety: must be safe for> 10 second expo-
sures at the corneal surface as de�ned by ANSI 2000
[27]

2) Safety: head tracking should be suf�ciently accurate
during normal physiologic head motion, and robot
motion response latency should be below 200 ms to
avoid collisions at far distances (> 10 cm), and below
50 ms during close distances (< 10 cm).

3) Servoing Accuracy: target should remain within 1 cm
for head tracking, and 4 mm for pupil tracking at a 6 cm
working distance to view through an 8 mm pupil.

4) Diagnostic Image Quality: diagnostic images should
clearly show the retina in> 75% of reported images.

B. System Architecture

Our system hardware consists of a computer with 16 GB
RAM and an NVIDIA RTX 4060 Ti, a UR5e robot, a Volk
Pan Retinal 2.2 BIO indirect ophthalmoscope lens, a lighting
array to illuminate the face and eye, seven cameras attached
to the robot's end effector, and 3D printed mounting mate-
rials. The software consists of Ubuntu 22.04 LTS, Python
3.10.12, a Redis database to handle multi-process commu-
nications between tracking and control scripts, a behavior
tree developed with PyTrees, and the Klamp't robot interface
layer to handle robotic control and simulation [28].

Our sensor array contains the tracking cameras and lights
necessary to perform retinal viewing (Fig. 2) in a payload
that weighs 1.150 kg. Our pupil tracker consists of four
Dothecamera 3.9 mm endoscope camera modules mounted
on a ring that holds the lens. The endoscopes have built-in
LEDs used for face illumination. Our head tracker consists
of two FLIR Black�y S BFS-U3-23S3M cameras with Kowa
LM3NC1M lenses mounted at 30� off-axis of the effector
(Fig. 2C). Our clinical sensor consists of one FLIR Black�y S
BFS-U3-51S5C camera with an Edmunds 25mm �xed focal
length lens mounted further back on the effector to capture a
complete view of the retina through the lens. The illumination
element contains a Welch Allyn 04900-U LED bulb paraxial
to the clinical sensor.

C. Keypoint Tracking

We use two keypoint trackers: a head tracker and a pupil
tracker. The base of the robot is de�ned as the world origin,
and we transform keypoints into world coordinates for use
by our control system.

1) Head Tracking: Head tracking involves 2D keypoint
detection and 3D keypoint triangulation. We de�ne a head
coordinate systemTh with respect to world coordinates. The
origin of Th is the anatomical nasion, thex0-axis is de�ned
parallel to the line intersecting the two eye centers from left
to right and originating from the nasion, they-axis is de�ned
along the line between the nasion and the nose tip, and the
z-axis is the cross product of thex0- andy-axes. Thex-axis
is then de�ned as the cross product of they and z axes to



Fig. 3. PBVS diagram. The target position for PBVS is de�ned by the
behavior tree, which will dynamically update the eye center target position
from the head tracker to the pupil target position from the pupil tracker. In
an error state, the behavior tree will send the most recently tracked position
for 15 iterations before returning to the retracted state.

TABLE I
COMPARISON OFFACE KEYPOINT DETECTION METHODS

Method Dropped (%) # Quality (%) " Rate (fps) "

3DDFA-V2 [14] 7.56 89.4 15:15� 0:90

3DDFA-V3 [8] 0.0 97.3 11:46� 0:80

OpenFace2.0 [13] 77:65 0.0 16:71� 3:01

MediaPipe [15] 10:89 0.0 24.70� 2.83

* all intervals reported as one standard deviation

account for non-orthogonality between thex0-axis and the
y-axis, which can occur due to face asymmetry.

We �t the ldm106 facial landmarks [29] to the face and
extract landmarks 52, 61, 75, and 84, corresponding to
the nasion, nose tip, and center of the right and left eyes
respectively. When keypoints are detected in both frames of
our head tracker, we use keypoint triangulation to resolve
the 3D position of the detected facial keypoints relative to
the robot end effector, and use these keypoints to compose
Th in 3D (Fig. 1, Head Tracking). We use 3DDFA-V3 [8],
a new model capable of face-�tting even in the context of
extreme viewing angles, distortions, and expressions as seen
in our system.

2) Pupil Tracking: Pupil tracking is used for short-range,
higher-accuracy tracking. Like head tracking, pupil tracking
requires keypoint detection and triangulation. We apply an
adaptive Otsu threshold to perform binary segmentation of
the image, effectively separating the darker regions (pupil and
eyebrows) from brighter regions (skin and sclera). A Hough
circle transform is empirically tuned for pupil detection.
This approach results in a single circle surrounding the iris
when unobstructed by the eyelid, with the center located
approximately at the pupil in each of the endoscope camera
views (Fig. 1, Pupil Tracking). When the pupil is detected
in two or more cameras, we use triangulation relative to
the robot end effector to resolve the pupil center. We then
transform the pupil center into world coordinates to use in
visual servoing.

D. System Control and Behavior Tree

We implement a PBVS controller for our eye-in-hand
system in which the end effector approaches the 3D desired
position estimated by either the head tracker or pupil tracker

TABLE II
ESTIMATED HEAD AND PUPIL TRACKER MEASUREMENTPRECISION

RELATIVE TO FIXED AND FREESTANDING INDIVIDUALS

Dataset Pupil P* Head P* Roll (� ) Pitch (� ) Yaw (� )

Rigid
Phantom

� 0:439 � 0:141 � 0:149 � 0:404 � 0:265

Held
Phantom

� 3:175 � 2:522 � 0:431 � 1:132 � 0:730

Chinrest
Human

� 0:575 � 0:913 � 0:480 � 1:406 � 0:618

Standing
Human

� 1:248 � 2:001 � 0:492 � 1:393 � 0:512

* P = Precision (mm) ** all intervals reported as one standard deviation

(Fig. 3) [7]. We de�ne the desired end effector position as
Pd, the current end effector position asPc and the error as
e = Pd � Pc. We use a proportional controller:v = K � e,
wherev is the velocity of the end effector andK is the scalar
gain. Two targets forPd are de�ned asCe � t , the eye center
Ce minus the translationt from the end effector to lens focal
point, andCp � t , the pupil center minus the translationt. For
smooth robot motion, we set a dead zonejj (Ce � t) � Pcjj2

to 2.0 mm, and limit the maximum velocity to 25% of the
robot's maximum Cartesian velocity. For servoing to the
pupil, the dead zone forjj (Cp � t) � Pcjj2 is tightened to
0.5 mm, while maintaining the same maximum velocity as in
head-point servoing. Head-lock and pupil-lock are achieved
when Pd is within the dead zone of the respective head
and pupil servoing conditions. We perform translation-only
servoing at 250 Hz, constraining end effector rotation to the
identity matrix.

We address synchronization issues in software by associ-
ating tracking results with time-stamped camera poses, and
we maintain a queue of past robot poses. When a tracking
result arrives, we retrieve the robot pose with the closest
timestamp in the queue to perform triangulation, ensuring
that the position of the triangulated point accurately re�ects
the offset from the camera pose.

Our behavior tree contains four stages: move to home,
approachCe, head-lock toCe, and pupil-lock toCp. In
normal behavior, a patient stands in front of the robot with
the robot at the home position. When the head tracker detects
Th consistently for three seconds, the robot begins a safe
approach to the patient's left eyeCe with an offset of 6.0 cm
between the lens �ange and the eye center, corresponding
to the working distance of the lens. Once the robot reaches
the head tracker dead zone,Cp tracking begins. If the pupil
tracker detectsCp consistently for one second, the PBVS
target switches fromCe to the more rapidly and accurately
trackedCp. After successfully tracking and servoing toCp

for two seconds, the clinical sensor begins recording a 10
second diagnostic image sequence of the retina.

If pupil detection fails for three or more cameras, servoing
will fall back to Ce. If head tracking is also lost, the robot
will return to the safe home position and restart the behavior
tree. Once all clinical images are captured bilaterally, the
system will reset for the next patient.



TABLE III
TRACKED PBVS TARGET POSITION DEVIATION

Servoing Stage Target Translation (mm)

Home Head Detection � 1:383 (world)

Approach Head Landmark � 1:856 (world)

Head Servoing Lock Target Error 2:591� 1:996 (focal point)

Pupil Servoing Lock Target Error 1:262� 1:706 (focal point)

* all intervals reported as one standard deviation

Fig. 4. Head and eye phantom with OEMI-7 Eye model embedded as the
left eye. Used to test head and eye PBVS on the physical robot before testing
on humans.

E. Clinical Image Filter

Due to patient movement and tracking error, retinal images
during pupil lock may still exhibit incorrect focus, iris oc-
clusion, and motion blur. To obtain a subset image sequence
ready for examination by a medical professional, we train a
binary classi�er to �lter out unclear images. We use a 489-
frame video of the phantom eye collected by the clinical
sensor during pupil-lock servoing. Annotations are manually
provided by a medical student, with positive labels for images
containing a well-illuminated retinal view in more than 75%
of the lens. Using a 75-25 training-validation split, we applied
a pretrained ResNet-34 model to the training frames [30].
A center crop is applied to the image sequence to eliminate
optical artifacts at the edges. During training, random vertical
and horizontal �ips are applied to introduce variations in the
training data. An Adam optimizer with a learning rate of
0.001 is used to minimize cross-entropy loss [31].

IV. EVALUATIONS AND RESULTS

To evaluate the system's adherence to our design con-
straints, we evaluate light safety, different keypoint detection
approaches, 3D keypoint triangulation precision, PBVS ac-
curacy, tracker latency, and image classi�cation accuracy.

For tracking accuracy and retinal imaging experiments, we
use a head and eye phantom with an Ocular Instruments
OEMI-7 human eye model [32] (Fig. 4). We also perform
tracking experiments on members of the research team.

A. Light Brightness Evaluation

Using a Thorlabs optical power meter, we measure the
intensity of our lighting system at a maximum power lower
than 1.5 W/cm2 at the focal region of the lens, compliant
with ANSI 2000 [27], indicating that our lighting system is
safe for more than 10 s exposures incident at the cornea.

B. Head Tracker Keypoint Detection Evaluation

We compared performance of 3DDFA-V2 [14], 3DDFA-
V3 [8], OpenFace2.0 [13], and MediaPipe [15] with our cam-

eras on a 450-frame video sequence of large head movements
of the phantom (approximately� 10� , � 50cm in x, y, and z).
We manually annotate the location of the nose tip, nasion,
and the lateral canthus of the left and right eyes in all frames
of the video, and calculate the distance between manual an-
notations and corresponding model prediction keypoints. We
de�ne high-quality frames when the mean distance between
detected keypoints in the image and the ground truth is under
20 pixels and report the percentage of high-quality frames
(Table I). OpenFace2.0 [13] and MediaPipe [15] are not
capable of �tting keypoints to the face with our close-range
head tracker. 3DDFA-V2 [14] often fails at the edges of the
camera view.

C. System Precision and Accuracy Evaluations

Next, we evaluate the triangulation precision for the
tracked points for both the head tracker and pupil tracker
on both human participants and the phantom (Table II). The
robot is positioned so that the left pupil is in front of the
objective lens at approximately a 6 cm working distance. In
the Rigid Phantom and Chinrest Human cases, respectively,
the phantom and chinrest are mounted on a tripod during
measurement. In the Held Phantom case, the phantom is held
approximately still in a standing experimenter's hand, which
mimics freestanding physiologic motion, and in Standing
Human, the participant stands as still as possible. Precision
is computed as the standard deviation of the position of
Ce and Cp over a 1000-frame moving window. For the
composed head transform in world coordinates, we evaluate
the deviation in tracked roll, pitch, and yaw. The deviation
is measured for both the head tracker and pupil tracker.

D. Latency Measurement

Processing time for each detector, from receipt of a
keyframe to result, and overall tracker latency, from image
acquisition to updating the PBVS target is measured and
reported in Table IV. Data is collected from 1000 frames
through a mixture of our phantom and members of the
research team. Timing is broken down between head tracking
and pupil tracking components. We observe that although
computations for each camera are largely parallelized, and
head detection is performed mostly on the GPU, there is still
some synchronization overhead.

E. Servoing Accuracy

We report target position variations during the four stages
of servoing motion: the measurement precision ofCe during
head detection with the robot at the home position; the
measurement precision ofCe while approaching the patient;
the distancejj (Pc + t) � Cejj2 between the current lens focal
point and the eye center provided by head tracking when
head servoing; and the distancejj (Pc + t) � Cp jj2 between the
current lens focal point and the pupil center provided by pupil
tracking when pupil servoing after target-transfer (Table III).
This evaluation is conducted on both freestanding individuals
and the handheld phantom for the duration of movements
de�ned by the behavior tree.
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