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Abstract

Introduction: Eye movements are key biomarkers for di-
agnosing and monitoring neuro-otological, neuro-
ophthalmological and neurodegenerative disorders. Video-
oculography (VOG) systems enable detection of small, rapid
eye movements and subtle oculomotor pathologies that may
be missed during clinical exams. However, they rely on high-
quality input, struggle with torsional movements, and are
often limited by high costs in clinical and research settings.
Methods: To overcome these limitations, we developed
3DeepVOG, a deep learning-based framework for three-
dimensional monocular gaze tracking (horizontal, vertical,
and torsional rotation) that operates robustly across varied
imaging conditions, including low-light and noisy
environments. The method combines automated pupil
and iris segmentation with geometrically interpretable

estimation using a two-sphere anatomical eyeball model
with corneal refraction correction. Torsion is tracked in real
time using a novel mini-patch template matching approach.
The system was trained on over 24,000 annotated samples
obtained across multiple devices and clinical scenarios.
Application was tested against a gold-standard VOG
system in healthy controls. Results: 3DeepVOG operates in
real time (>300 fps) and achieves gaze errors of ~0.1° in all
three dimensions. Oculomotor measures — saccadic peak
velocity, smooth pursuit gain, and optokinetic nystagmus
slow-phase velocity — show good-to-excellent agreement
with a clinical gold-standard system. As proof of concept,
we present a case of acute unilateral vestibular failure where
3DeepVOG reliably captures 3D nystagmus. Conclusions:
3DeepVOG enables accurate, quantitative eye movement
tracking across three dimensions under diverse conditions.
As an open-source framework, it provides an accessible and
scalable tool for advancing research and clinical assessment
in neurological oculomotor disorders.
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Introduction

Eye movements are critical neurophysiological sig-
nals and serve as biomarkers for diagnosing and
monitoring neuro-otological disorders such as pe-
ripheral or central vestibular dysfunction, as well as
central nervous system disorders such as multiple
sclerosis and parkinsonian syndromes [1-4]. Governed
by well-defined neural circuits, abnormalities often
reflect specific lesions or dysfunctions in vestibular and
oculomotor pathways. Structured clinical assessments
evaluate mostly horizontal and vertical eye movements
through tasks such as saccades, smooth pursuit, and
optokinetic nystagmus (OKN), while torsional eye
movements can be hardly evaluated without apparative
testing [1, 5, 6]. Hypometric saccades and impaired
pursuit are characteristic of neurodegenerative disor-
ders such as progressive supranuclear palsy, while ab-
normal OKN - i.e., reduced slow-phase velocity (SPV)
or asymmetric responses — can indicate central ves-
tibular or brainstem dysfunction. Torsional eye
movements assessed for instance via the ocular tilt
reaction, are crucial for diagnosing peripheral vestib-
ular disorders and localizing lesions in the brainstem
and cerebellum [7, 8].

Video-oculography (VOG) enables the detection of
subtle or rapid eye movement abnormalities not evi-
dent on clinical examination, offering noninvasive,
high-resolution tracking and the extraction of digital
oculomotor biomarkers. Commercial VOG systems are
widely used in clinical settings, but accuracy depends
on infrared video quality, making them vulnerable to
noise and poor lighting, especially during bedside or
other less controlled environments [9-11]. Most
commercial platforms focus on horizontal and vertical
tracking and have limited sensitivity to torsional
motion due to subtle iris textures and small rotational
displacements. While scleral search coils allow precise
torsion tracking, they are invasive and costly [12].
Additionally, the high cost and proprietary designs of
current VOG systems limit broader clinical and re-
search adoption.

Recent advances in computer vision and deep
learning (DL) have enabled data-driven gaze tracking
methods that are more robust to varying imaging
conditions [10, 13, 14]. For instance, NVGaze, de-
veloped by NVIDIA, uses convolutional neural net-
works (CNNs) to estimate gaze directly from noisy raw
VOG frames [13]. However, such end-to-end models
often lack geometric interpretability - limiting clinical
applicability where anatomical insight is crucial [15].
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We previously introduced DeepVOG, among the first
systems to combine DL with model-based gaze esti-
mation for clinically interpretable gaze tracking [10,
16]. It uses a U-Net-like CNN for pupil segmentation
and a calibration-free gaze estimator based on a
simplified spherical eyeball model. However, its seg-
mentation model (~3,000 training frames) lacks ro-
bustness across conditions and devices, and the sim-
plified spherical model, which ignores corneal re-
fraction among other factors, limits anatomical
accuracy [10].

To address these limitations, we present 3DeepVOG - an
open-source system for robust 3D eye movement estimation
(horizontal, vertical, and torsional) from VOG data. It
features an enhanced segmentation network trained on a
large, diverse dataset spanning multiple devices and clinical
scenarios. 3DeepVOG integrates an anatomically accurate
two-sphere eyeball model with corneal refraction correction
and uses a GPU-accelerated, vectorized mini-patch template
matching algorithm for real-time torsion tracking. In the
following, we outline the methodology and evaluate real-
time performance, segmentation accuracy, and 3D gaze
estimation against clinical gold standards. By enabling ac-
curate and interpretable oculomotor tracking under diverse
conditions, 3DeepVOG provides a scalable, accessible tool
for providing digital biomarkers of vestibular and neuro-
ocular disorders.

Methods

System Pipeline

An overview of the 3DeepVOG pipeline, covering eye
segmentation, and 3D gaze estimation are presented in
Figure 1. Detailed mathematical and implementation-
related information for each component of 3DeepVOG is
provided in the online supplementary material (for all online
suppl. material, see https://doi.org/10.1159/000549948).

Eye Feature Extraction

Segmentation Pipeline

Eye feature extraction begins with VOG frames as
input (Fig. 1a). Each frame is resized and normalized to
values between 0 and 1 (black to white). Frames with
extreme brightness or darkness, identified by average
pixel intensity outside predefined thresholds are ex-
cluded. The remaining valid frames are grouped into
mini-batches and passed through a DL segmentation
model, generating probability maps for the pupil, iris,
and visible eye regions. These maps are then resized back
to the original frame resolution.

Zhao et al.

920z YoIeN 90 uo 3sanb Aq pd 8166+5000/768E8YY/L2/1/01/4Pd-01o1e/qIp/Wod 1aB1ey//:dBy Woly papeojumoq


https://doi.org/10.1159/000549948

a eye feature extraction
feature segmentation

input batch ~ segmentation model

b gaze tracking

corrected
gaze direction

A
. ’ I‘I encoder decoder — o ]

output batch

corneal refraction correction eyeball parameter fitting

ellipse fitting

gaze
direction 1

eyeball focal length
< center l ) I > «—
v )
‘ camera N
coordinates 8
two-spheric eyeball model O
. . - a
¢ torsional tracking mini-patch _ 6
template matching affine & polar transform | =
¥ N > . o
- \ coverage rate ~ weight ©
¢ @ e " oiﬁl «— « e
s . "
:
p weighted “:-) il
average _ =
. LA S $ p

Fig. 1. Overview of the 3DeepVOG system pipeline. a Eye
feature extraction: input video frames are processed in mini-
batches using a deep learning-based segmentation model,
producing probability maps for the pupil, iris, and visible eye
region. Post-processing yields fitted ellipses and segmented iris
areas for downstream analysis. b Gaze tracking: pupil ellipse
parameters are used to fit a two-sphere anatomical eyeball
model for estimating gaze vectors in the camera coordinate
system followed by corneal refraction correction. ¢ Torsion

Post-processing builds on an expanded DeepVOG
pipeline [10]: probability maps are binarized, and only
the largest connected component is retained for each
region. Ellipses are fitted to the pupil and iris masks to
extract center coordinates, axis lengths, and rotation
angles. The iris pattern map is computed by intersecting
the fitted iris ellipse with the visible eye region and
subtracting the pupil mask.

3DeepVOG: Accurate, Real-Time 3D Gaze
Tracking Using Deep Learning

tracking: in a parallel process, the segmented iris region is
geometrically corrected and unwrapped into polar coordinates.
A mini-patch template matching algorithm is applied to track
torsional eye movements by sampling local patches from the
unwrapped iris map. For each patch the normalized cross-
correlation (NCC) is used to measure similarity between the
current patch position and its location in the template frame.
Final torsion is computed by weighted average of mini-patch
template matching results.

Eye Segmentation Datasets

Training of the segmentation model was based on two
datasets: the TEyeD dataset and a curated in-house
dataset [10] all recorded from healthy volunteers un-
der diverse conditions. TEyeD comprises VOG re-
cordings across multiple devices and scenarios [17]. All
TEyeD subsets were used except “NVGaze” which is no
longer publicly available. Obvious annotation errors
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were excluded. Each subset was split approximately 60:
20:20 into train, validation, and test sets, then concat-
enated and shuffled. Open-eye frames were down-
sampled to 70 Hz, resulting in 20,858 training, 7,213
validation, and 6,522 test frames.

The in-house dataset included manually labeled VOG
frames from healthy adult participants recorded under
diverse lighting environments (e.g., dark MRI, clinical,
and natural light). Data were split 60:20:20 (3,523, 881,
1,102 frames) and balanced across TEyeD and in-house
samples. Further recording details are provided in online
supplementary Section 2.2.

Model Comparison and Selection

We evaluated three lightweight encoder-decoder CNN
architectures from MONAI [18], optimized for medical
image segmentation: U-Net (1.63 M parameters) [19],
Attention U-Net (1.99 M) [20], and SegResNet (1.58 M)
[21]. U-Net employs a 5-level encoder-decoder (16-256
channels) with skip connections and dropout (0.5); At-
tention U-Net adds attention gates; SegResNet uses re-
sidual blocks with batch normalization and dropout (0.2).

Segmentation performance was also compared with the
prior DeepVOG model (24.7 M; pupil-only) [10], and two
VOG-specific baselines: RITnet (0.24 M; no iris contour)
[22] and EllSeg (2.6 M; no visible eye region) [23].

Model Training and Evaluation

All candidate models were trained using a uniform
preprocessing pipeline. The loss function combined
Dice-Cross Entropy (A = 0.7) with a Hausdorff distance
term (weight = 0.03) to balance region and boundary
accuracy. Optimization was performed using Adam
(learning rate = 0.004), with hyperparameters tuned via
Optuna (100 trials on 10% of training data, each for 100
epochs) [24].

Data augmentation (applied with 50% probability)
included horizontal and vertical flips, affine transfor-
mations (+45° rotation, +0.5 shear, +15% translation),
zoom (x0.9-2.0), gamma correction (y = 0.1-10),
Gaussian noise (u = 0, 0 = 1), grayscale-to-RGB con-
version, intensity scaling, and frame resizing. Test per-
formance was assessed on 3,843 VOG frames (including
1,511 with blinks) using multiple metrics: Dice coefti-
cient, Hausdorff distance, precision, recall, and F1 score,
computed for pupil, iris, and visible iris regions.

Blink Detection

Blinks were detected using a confidence score de-
fined as the ratio between visible and total pupil area
within the visible eye region. Frames with a score below
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0.735 (determined via grid search) were classified as
blinks. Detection performance was validated using
annotated blink intervals from the TEyeD dataset (see
Section “Eye Segmentation Datasets”).

Horizontal and Vertical Gaze Tracking

For gaze estimation, 3DeepVOG employs a previously
proposed single-camera, glint-free 3D method based on
a two-sphere anatomical eye model with corneal re-
fraction correction (Fig. 1b) [16, 25]. This model,
adapted from Le Grand [26], represents the eye as two
intersecting spheres, the eyeball and cornea, and ac-
counts for pupil shape distortions due to corneal re-
fraction. Each frame yields a pupil ellipse of varying size,
from which two possible 3D pupil circles with arbitrary
radius can be inferred. These candidates are projected
back to the 2D image to estimate the eyeball center. The
correct circle is selected by ensuring the projected gaze
direction (perpendicular to the pupil circle) intersects
with the projected eyeball center. The eyeball center is
then optimized across frames by minimizing the devi-
ation between projected and observed pupil positions,
while maintaining the anatomical distance between pupil
and eyeball centers. Gaze direction is subsequently
computed per frame based on the pupil’s position rel-
ative to the optimized eyeball center, with corneal re-
fraction corrected using an empirical polynomial model.
Eyeball parameters are estimated from frames collected
during a gaze calibration task (see Section “3D Gaze
Tracking Validation Procedures”) and are held fixed for
all subsequent gaze tracking.

Torsional Gaze Tracking

Preprocessing

To estimate torsional eye movements (Fig. 1¢), the iris
pattern map from the segmentation pipeline undergoes
an affine transformation based on ellipse parameters
(center, size, rotation) to correct for viewing-angle
distortions without requiring an explicit 3D eyeball
model. This yields a normalized map where the pupil and
iris form concentric circles. The annular region between
the pupil and iris is mapped to horizontal lines in the
unwrapped rectangular iris image, where the upper and
lower boundaries correspond to the pupil and iris el-
lipses. The affine transformation smoothly interpolates
between pupil and iris parameters. The final unwrapped
image has fixed angular x radial resolution, and pixel
intensities are mapped using bilinear interpolation.

To enhance pattern visibility, adaptive histogram
equalization is applied. Two quality metrics are then
computed: iris coverage (visibility ratio) and pattern
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clarity (horizontal gradient intensity). The frame with
the highest combined score is selected as the template for
torsion tracking.

Mini-Patch Template Matching

After preprocessing, torsional eye movements are
estimated by identifying angular shifts between se-
quential unwrapped iris patterns. To enhance perfor-
mance and improve robustness to occlusions, illumi-
nation changes, and image distortion, we propose a
mini-patch template matching algorithm as an alter-
native to full-frame methods [5, 27, 28].

Small rectangular patches are randomly selected from
the enhanced unwrapped iris map in each video frame,
constrained to the central iris region, to avoid edge effects.
Normalized cross-correlation is then used to measure
similarity between the current patch position and its
location in the template frame by horizontally shifting it
within a range corresponding to +15 degrees of physio-
logically expected torsional movement and identifying the
position with the highest correlation score [27].

To ensure reliable estimates, shift values from each
patch are weighted by the visible iris ratio. Only patches
exceeding a visibility threshold (0.5 in our study) are
included, and weights are normalized to sum to one. The
final torsion estimate per frame is computed as a
weighted combination of patch shifts.

3D Gaze Tracking Validation Procedures

The accuracy of 3DeepVOG’s horizontal and vertical
gaze tracking was evaluated in 19 healthy participants
(mean age: 324 + 7.0 years; 8 female). Torsional gaze
tracking was evaluated in a separate group of 10 healthy
participants (mean age: 32.1 + 8.7 years; 5 female). All
validation recordings were performed using the EyeSeeCam
system (EyeSeeTec GmbH, Germany; 120 Hz) a clinically
validated VOG platform that is widely established in clinical
practice and research as a gold-standard reference.

For initial eye model fitting, we employed a free-
viewing calibration paradigm in which participants
kept their heads stationary while freely exploring the
visual periphery, producing highly elliptical pupil shapes.
To validate horizontal and vertical gaze tracking, par-
ticipants underwent a standard neuro-ophthalmological
assessment including saccades, smooth pursuit, and
OKN. For torsion-tracking validation, torsional eye
movements were elicited using sinusoidal (1 Hz, +3 mA)
galvanic vestibular stimulation (GVS) via a constant-
current stimulator (Model DS5, Digitimer, UK).
Ground-truth torsion was derived from scleral marker
tracking analyzed using the EyeSeeCam system.

3DeepVOG: Accurate, Real-Time 3D Gaze
Tracking Using Deep Learning

Validation was performed on two levels. First, the ac-
curacy of 3D eye-position estimates was quantified based
on the median and interquartile range of absolute angular
errors relative to the gold standard (EyeSeeCam for gaze;
scleral markers for torsion). For horizontal and vertical
gaze, estimates from the proposed two-sphere model with
corneal refraction correction were compared to a baseline
single-sphere model (as used in DeepVOG [10]). For
torsion, estimates from the proposed mini-patch template
matching method were compared to a baseline whole-
image template matching approach. Prior to analysis,
torsional signals were detrended (moving average) and
bandpass filtered (fourth-order Butterworth, 0.2-2.0 Hz).

Second, the validity of clinical biomarkers derived from
3DeepVOG was assessed against the gold standard. For 2D
gaze tracking, standard oculomotor biomarkers — saccadic
peak velocity, smooth pursuit gain, and OKN SPV - were
extracted from the neuro-ophthalmological assessment [29,
30]. For torsion tracking, magnitude-squared coherence
between the GVS stimulus and the torsional response was
analyzed [31, 32]. Agreement with the gold standard was
evaluated using Pearson’s correlation coefficient and the
intraclass correlation coefficient for absolute agreement
(ICC (3,1)), interpreted according to established guidelines:
poor (<0.5), moderate (0.5-0.75), good (0.75-0.9), and
excellent (>0.9) agreement [33].

Computing Environment

All components were implemented in Python 3.11 and
optimized for real-time performance using GPU acceler-
ation (NVIDIA GeForce RTX 4090) and multi-threaded
CPU (AMD Ryzen 9 7950X3D, 16 cores). Model training
was conducted on the Clinical Open Research Engine
(CORE) at LMU Klinikum. Key libraries included PyTorch,
MONALI, OpenCV, scikit-image, pye3d, and Kornia.

Results

Eye Region Segmentation and Blink Detection

Performance

Segmentation performance was evaluated across
several models using spatial and global metrics, while
also considering model size to account for computational
complexity and potential inference trade-offs (Table 1).
Among all tested architectures, SegResNet (1.58 million
parameters) consistently achieved the best performance
across the pupil, iris, and visible iris regions. It also
enabled reliable blink detection without explicit blink
annotations during training, yielding a precision of
0.995, recall of 0.904, and F1 score of 0.966.
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Table 1. Eye region segmentation performance

Model Region Dice coefficient Hausdorff distance Precision Recall F1 score
U-Net (1.63 M) Pupil 0.967 (0.949-0.975) 2.000 (1.414-2.236) 0.951 0.942 0.960
Iris 0.959 (0.934-0.973) 5.000 (4.000-8.944) 0.954 0.939 0.946
Visible Iris 0.909 (0.870-0.939) 9.000 (6.325-13.342) 0.834 0.963 0.902
Attention U-Net Pupil 0.961 (0.945-0.972) 2.000 (2.000-2.236) 0.973 0.930 0.953
(1.99 M) Iris 0.964 (0.945-0.975) 4472 (3.162-7.280) 0.967 0.936 0.953
Visible Iris 0.955 (0.929-0.969) 4472 (3.162-7.071) 0.922 0.949 0.936
SegResNet (1.58 M) Pupil 0.967 (0.953-0.976) 2.000 (1.414-2.000) 0.981 0.946 0.963
Iris 0.964 (0.947-0.976) 3.162 (2.236-5.000) 0.971 0.962 0.966
Visible iris 0.962 (0.940-0.974) 4.000 (3.000-6.000) 0.929 0.974 0.951
DeepVOG (24.7 M) Pupil 0.960 (0.933-0.973) 2.236 (2.000-3.000) 0.923 0.917 0.920
Iris — — — — —
Visible iris — — — — —
RIT (0.24 M) Pupil 0.954 (0.911-0.967) 2.236 (2.000-3.162) 0.916 0.834 0.873
Iris — — — — —
Visible iris 0.754 (0.632-0.868) 36.49 (25.30-45.80) 0.720 0.780 0.749
EllSeg (2.6 M) Pupil 0.958 (0.939-0.969) 2.000 (2.000-2.236) 0.977 0.910 0.943
Iris 0.941 (0.899-0.961) 7.616 (5.000-13.000) 0.940 0.867 0.902
Visible iris — — — — —

Performance metrics for the evaluated segmentation networks (including number of network parameters) across different eye
regions. Spatial differences between labeled and predicted regions are reported using Dice coefficient and Hausdorff distance
(median and interquartile range), along with recall, precision, and F1 score. Best performance values are indicated in bold.

Table 2. Accuracy of 3D eye-position estimates

Measure Component 3DeepVOG Baseline p value
Gaze error, ° Horizontal 0.098 (0.040-0.254) 0.316 (0.106-0.688) <0.001

Vertical 0.128 (0.052-0.284) 0.298 (0.125-0.715) <0.001
Torsion error, °© Torsional 0.113 (0.052-0.206) 0.145 (0.065-0.276) <0.001

Absolute angular errors relative to the clinical gold standard are reported as median and interquartile
range. Horizontal and vertical gaze errors are shown for the two-sphere eyeball model with corneal re-
fraction correction used in 3DeepVOG, compared to a simplified one-sphere model without correction
(baseline). Torsional position errors are shown for the mini-patch template matching algorithm im-
plemented in 3DeepVOG, compared to a baseline full-template matching approach. Statistical differences
between approaches are indicated in the last column.

3D Gaze Tracking Accuracy

3DeepVOG achieved median eye-position errors of
~0.1° across horizontal, vertical, and torsional planes
(Table 2). For horizontal and vertical gaze, the proposed
two-sphere anatomical model with corneal refraction
correction significantly improved accuracy compared to the
baseline single-sphere model, reducing errors by approxi-
mately 60-70% (Fig. 2a-d). For torsional position esti-
mates, the mini-patch template matching method out-
performed the baseline whole-image matching approach,
achieving around 20% reduction in error (Fig. 2e-f).

26 Digit Biomark 2026;10:21-31
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Across clinical oculomotor biomarkers (saccadic peak
velocity, smooth pursuit gain, OKN SPV, and GVS-
torsion coherence) 3DeepVOG showed good-to-
excellent agreement with the clinical gold standard
(EyeSeeCam), with ICC values ranging from 0.81 to 0.99
and relative magnitude errors below 8% (Fig. 3; Table 3).

To demonstrate real-world applicability of 3DeepVOG’s
built-in 3D gaze estimation pipeline, we analyzed data from a
representative patient (male, 70 years) diagnosed with left-
sided acute unilateral vestibular failure due to superior ves-
tibular neuritis. Despite only moderate video quality,
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Fig. 2. Accuracy of 3D eye-position estimates. a, ¢, e Eye-
position traces derived from 3DeepVOG (blue) and a baseline
method (yellow) are compared to the clinical gold standard
(red). Horizontal and vertical eye movements were recorded
during a standard oculomotor assessment including saccades,
smooth pursuit, and optokinetic nystagmus (OKN). The base-
line method for these components uses a simplified one-sphere
eyeball model, whereas 3DeepVOG applies an anatomically
accurate two-sphere model with corneal refraction correction.
Torsional eye movements were recorded during repeated 1

3DeepVOQG reliably captured the characteristic torsional eye
movement patterns associated with this condition. The esti-
mated three-dimensional nystagmus dynamics — comprising

3DeepVOG: Accurate, Real-Time 3D Gaze
Tracking Using Deep Learning

Hz, 3 mA galvanic vestibular stimulation (GVS). The baseline
method applies full-template iris matching, while 3DeepVOG
uses a mini-patch template matching approach. b, d, f Corre-
sponding absolute angular error histograms and cumulative
distribution functions (CDFs). Dashed lines indicate median
errors for each method. Asterisks indicate statistically significant
differences. g Exemplary 3D gaze tracking in a patient with left-
sided acute unilateral vestibular failure, showing a right-beating
and clockwise torsional nystagmus (from the patient’s per-
spective) with an up-beating component.

horizontal, vertical, and torsional components — were con-
sistent with clinical expectations (Fig. 2g; online suppl
Video 1).
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Fig. 3. Validity of derived clinical oculomotor parameters. a, c,
e Time-series plots of horizontal and vertical eye movements
during saccades (a), smooth pursuit (c), and optokinetic
nystagmus (OKN) (e), showing 3DeepVOG predictions
(blue) alongside the clinical gold standard (red). Estimated
biomarker values from 3DeepVOG (cyan) - saccade velocity

System Computational Performance

3DeepVOG achieved a preprocessing throughput
of 300 fps, more than twice that of DeepVOG (120
fps), despite the additional computational demands
of torsion tracking. This performance gain reflects the
outlined architectural optimizations, multi-threaded
processing, and GPU acceleration.
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(a) and pursuit gain (c) - are overlaid with corresponding
gold standard values (magenta). b, d, f Correlation plots
comparing 3DeepVOG-derived values with the clinical gold
standard for saccade velocity (b), pursuit gain (d), and OKN
SPV (f). Markers indicate movement direction (left, right, up,
down).

Discussion

We introduced 3DeepVOG, an open-source frame-
work for accurate, real-time binocular 3D gaze tracking.
Building on our previous framework, DeepVOG - which
at the time introduced the novel combination of DL-based
eye region segmentation with anatomically grounded
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Table 3. Validity of derived clinical oculomotor parameters

Metric EyeSeeCam (meanzSD) 3DeepVOG (mean+SD) RMSE (ABS) RMSE (REL %) R ICC (3,1)
Saccade velocity, °/s 412.499+79.443 408.581+81.104 22.604 548 0.961 0.961
Smooth pursuit gain 0.997+0.083 0.985+0.085 0.050 498 0.834 0.834
OKN SPV, °/s 0.258+8.112 0.251+£7.995 0.610 7.87 0.997 0.997
msCoherence GVS-torsion 0.9245+0.0824 0.9088+0.0627 0.0457 4,94 0.845 0.818

Comparison of oculomotor biomarkers derived from 3DeepVOG and EyeSeeCam. Values represent mean + SD for each system,
along with the absolute and relative root-mean-square error (RMSE), Pearson’s correlation coefficient (R, significant results in
bold), and the intraclass correlation coefficient ICC (3,1). OKN, optokinetic nystagmus; SPV, slow phase velocity; msCoherence,
magnitude-squared coherence; GVS, galvanic vestibular stimulation; RMSE, relative magnitude error.

model fitting - 3DeepVOG implements several key
improvements to the original framework. First, the
segmentation network was retrained on a broader
dataset comprising recordings from multiple VOG
devices under diverse conditions. It now segments
both the pupil and the iris, enabling accurate torsion
estimation. We adopt SegResNet, a lightweight ar-
chitecture that not only outperforms previous models
in segmentation accuracy but also enables a reliable
blink detection algorithm as part of the 3DeepVOG
pipeline. Second, we introduce a refined two-sphere
anatomical eye model with corneal refraction cor-
rection, improving horizontal and vertical gaze ac-
curacy by up to 70% over DeepVOG and achieving
~0.1° angular error. This level of precision lies within
the sub-degree range typically required for clinical-
grade and research eye-tracking systems, under-
scoring 3DeepVOG’s applicability for clinical and
experimental applications [34]. Third, we introduce a
mini-patch torsion-tracking method that improves
both speed and accuracy over whole-image matching
while retaining transparency and interpretability.

A key strength of 3DeepVOG is its adaptability to
diverse VOG hardware without requiring specialized
infrared or glint-based setups. Its reliable segmen-
tation under natural lighting makes it well-suited for
bedside, ambulatory, telemedicine, and MRI-
compatible applications. The framework’s accurate
3D eye-position estimation supports both clinical
assessments and research requiring precise gaze lo-
calization. 3DeepVOG’s torsion tracking might be
particularly relevant for research contexts where
torsional eye movements act as proxies for vestibular
responsiveness (e.g., binaural GVS) [35] and in
neuro-otology and neuro-ophthalmology for as-
sessing ocular tilt reactions or nystagmus charac-

3DeepVOG: Accurate, Real-Time 3D Gaze
Tracking Using Deep Learning

teristics [7, 8, 31] — though their clinical utility has so
far been limited due to technical challenges in
measurement. In this work, standard oculomotor
biomarkers (saccadic peak velocity, smooth pursuit
gain, and OKN SPV) derived from 3DeepVOG
showed good-to-excellent agreement with a clinical
gold standard, confirming the framework’s technical
validity.

While 3DeepVOG offers robust and accurate 3D gaze
tracking, several limitations remain. First all experiments
were conducted in neurologically healthy participants,
and the single patient with acute unilateral vestibular
failure was included only as a qualitative proof-of-
concept, precluding any conclusions about diagnostic
performance or clinical utility. This study therefore
represents a methodological validation focused on
technical accuracy and robustness rather than diagnostic
sensitivity or patient-level analysis. Follow-up evaluation
studies are required to assess 3DeepVOG’s sensitivity
and diagnostic applicability across diverse patient
cohorts.

Second, although DL is used for segmentation,
many downstream steps rely on conventional
methods, which may limit overall performance. Spe-
cifically, the current post-processing for estimating
pupil and iris ellipses is CPU-based, creating com-
putational bottlenecks due to GPU-CPU data transfer.
This could be mitigated by integrating these steps
directly into the segmentation network, as previously
demonstrated [23]. Similarly, anatomically informed
gaze parameters could be learned from spatiotemporal
input using transformer-based architectures [36].
Third, the torsion-tracking algorithm works well with
sharp iris images but fails under poor image quality or
increased camera-eye distance [5, 27, 28]. A dedicated
DL framework for torsion tracking could improve
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robustness [37]. Finally, 3DeepVOG is optimized for
head-fixed eye-tracking systems used in research and
clinics (e.g., EyeSeeCam, Pupil Labs Neon) and as-
sumes known camera parameters. These assumptions
currently limit its applicability in telemedicine or
remote monitoring scenarios, where the camera is
positioned in front of the participant rather than
mounted on the head, and the spatial relationship
between the camera and the eye may change over time.
Future work could integrate head-pose estimation
based on facial landmark tracking to extend its use to
remote monitoring via smartphones, tablets, or other
consumer devices [38-40].
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