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This paper presents an innovative approach to gaze tracking in the context of smart eyewear, utilizing a fully event-based algorithm.
Traditional gaze-tracking methods often rely on grayscale or infrared imaging, which can be computationally intensive and raise
privacy concerns. Our research addresses these issues by developing an algorithm that exclusively uses data from event-based sensors,
optimizing for the limited computational capabilities of smart eyewear. The system uses simple geometrical operations, enabling
efficient real-time processing. Experimental results demonstrate the feasibility of this approach, offering a promising solution for gaze
tracking in compact, computationally constrained devices. Despite certain limitations in accuracy due to optimization for efficiency,

the research underscores the practicality of this approach for practical, privacy-conscious applications in smart eyewear technology.
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1 INTRODUCTION

Gaze tracking refers to the technology and methodology used to monitor and record the direction in which a person
is looking or the specific point in their visual field where their eyes are directed [Liu et al. 2022]. Gaze tracking
can be conducted using various types of visual information obtained from the individual, including images of their
eyes [Starostenko et al. 2019] or the entire face [Zhang et al. 2017]. Eye tracking specifically entails monitoring and
recording eye movements, such as position and motion type. Gaze tracking can be considered one of the scopes within
eye tracking. This technology’s applications are vast and varied, encompassing areas like Human-Computer Interaction
(HCI) [Majaranta and Bulling 2014], where it enhances device-user engagement; usability testing for evaluating
digital interface navigation [Wang et al. 2019]; and Virtual Reality (VR) and Augmented Reality (AR) for immersive
experiences [Shadiev and Li 2023]. Additionally, gaze tracking is instrumental in neuroscience for understanding
brain-eye interactions and in marketing to analyze consumer attention [Bialkova et al. 2020].

The methods of gaze tracking are diverse, each suited to different applications and scenarios. 2D mapping-based
methods, often employed in desktop eye trackers, correlate 2D eye features with screen coordinates, requiring personal
calibration to understand the user’s gaze [Morgante et al. 2012]. 3D model-based methods construct a more spatially
accurate representation by considering the depth and distance of the eyes, commonly used in VR/AR settings [Tonsen

et al. 2020]. Finally, appearance-based methods, which focus on the overall visual appearance of the user rather than
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specific eye features, are beneficial when detailed eye feature extraction is unfeasible, such as in distance tracking or
head-mounted devices.

The intricacies of these methodologies also bring to light critical considerations in their development and deployment.
Intrusive methods, while effective, might not be suitable for all contexts. The design of the systems, particularly
those that are head-mounted, requires careful attention to ensure they do not disrupt natural behavior or pose safety
risks [Canigueral et al. 2018]. Ethical implications, especially for devices directly engaging with the eyes, are paramount.
Thus, the evolution of gaze-tracking technology is a balancing act between technological innovation, user comfort, and
ethical responsibility. The use of event sensors has recently been considered a safer approach from an ethical point of
view since they do not acquire images, only sparse pixels, making them privacy-preserving and preferable in these
scenarios [Bolten et al. 2019].

In this work, we focus on the specific scenario of smart eyewear, where gaze information has to be collected to
provide functionalities and context information to the smart glasses. In this scenario, three crucial aspects must be
considered. The first one is the size of the tracking device can have. Since the head-mounted camera for eye tracking
has to be integrated into a daily-use product, it cannot drastically change the shape of traditional glasses. Secondly,
camera recordings of the user’s eye might be considered sensitive information, and their usage could be limited in the
future. For this reason, event-based approaches, which, instead of providing a complete image of the eye, return only
binary values of the changing pixels, are generally considered a more privacy-preserving and safe option [Gallego
et al. 2020]. Finally, traditional eye-tracking algorithms can rely on post-processing and heavy computational power to
detect and track the eye effectively. Since our approach is to integrate eye tracking technology into smart eyewear, the
available computational power is severely limited, while real-time processing becomes mandatory. For this reason, an
optimized algorithm that can run in real-time, leveraging the simplified representation provided by the event cameras,
is a promising direction of work.

The central contributions of our research can be distilled into two primary aspects:

e Development of a Fully Event-Based Gaze Tracking Algorithm: We introduce an innovative gaze-tracking
algorithm that exclusively relies on data acquired from event-based sensors. This approach differentiates from
previous solutions since it omits reconstructed grey-scale images or any infrared data, a common element in

traditional gaze-tracking systems.

Design of an Optimized Gaze Detection and Tracking Pipeline: We have developed a streamlined gaze detection
and tracking pipeline. This pipeline is characterized by its reliance solely on simple geometrical operations.
The efficiency and simplicity of these operations make the system particularly well-suited for deployment on
micro-controllers and within smart eyewear systems. This optimization enhances computational efficiency and

ensures compatibility with the limited processing capabilities inherent to these platforms.

2 RELATED WORKS

Eye tracking has been an active research field for many years, employing various setups and technologies, with
traditional methods largely using RGB or infrared cameras to monitor the subject’s face or eyes. In particular, two
different approaches to eye tracking have emerged through the years. The first one is 2D Mapping-based methods.
They rely on the correlation of n-dimensional features extracted from a 2D representation of the eye, such as RGB
images, with the positional information of the eyes on the 2D coordinates of a screen or image [Morgante et al. 2012].
This approach is commonly employed in desktop eye trackers and integrated laptop/webcam solutions. Gaze-tracking
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algorithms based on 2D mapping are generally easier to implement and typically require personal calibration before
becoming operational. The personal calibration procedure is essential for learning the relationship between the observed
2D features of the eye and the user’s point-of-regard (POR). The second approach is 3D Model-based gaze tracking.
They involve the creation of a three-dimensional model of the eye and its movements. These methods account for
the depth or distance of the eyes from the tracking system, offering a more spatially accurate representation of gaze
direction. Commonly employed in VR and AR, this category of tracking algorithms is more intricate to implement, often
requiring stricter setups and controlled lighting conditions. However, it generally excels in handling head movements
and can achieve accuracies in 3D gaze line-of-sight (LOS) estimation up to 0.5°, as demonstrated in studies [Bakker et al.
2013; Luo et al. 2020].

Most recent trends in gaze tracking research focus on the problem of gaze tracking in the wild and not in a light-
controlled environment. This is indeed one of the most relevant challenges researchers are currently facing. Many of
the previous works achieve high accuracy in indoor scenarios, where the lightning does not present significant changes
and the eye tracking system can be properly calibrated. Instead, outdoor scenarios are affected by rapid and significant
changes in lightning. This affects both the acquisition system (i.e., the camera exposure and the Infrared illuminator)
and the eye, which can adapt its shape due to excessive light. In this context, deep learning is widely adopted, and
recent models can achieve a sub-0.5° gaze error [Chaudhary et al. 2019], [Yiu et al. 2019]. These algorithms are limited
in practical cases by the operational frequency of around 5 Hz, making them unsuitable in real-time scenarios.

With the growing interest in eye-tracking technologies in recent years, many datasets have been published to develop
new gaze-tracking algorithms. In particular, nowadays, it is possible to account for a large number of public datasets
of real and synthetic eye data, like SynthesEyes [Wood et al. 2015], GazeCapture [Krafka et al. 2016], UT Multi-view
[Sugano et al. 2014], UnityEyes [Wood et al. 2016]. While infrared-based eye tracking is a well-established technology,
many datasets are available, event-based sensors are relatively new, and the number of datasets is extremely limited. In
particular, the only one available is the dataset presented by Angelopoulos et al. [Angelopoulos et al. 2022]. In this
work, the authors exploit event cameras as sensors for gaze tracking, complementing greyscale data provided by the
DAVIS sensor and specifically focusing on 2D mapping-based methods.

Previous research in 2D mapping-based approaches has explored diverse eye features. For instance, some studies
have employed the vector formed by the pupil/iris center and eye corner point [Cai et al. 2016], while others have delved
into more intricate features such as the state of the eye (open/closed), iris, and eyelid identification [li Tian et al. 2000].
In [Feng et al. 2022], an event camera can drive an auto region of interest (ROI) prediction algorithm for eye tracking
using software-emulated events. Due to the nature of event cameras, glints can not be employed in the standard way
since a fixed light on the frame will not produce any events. In [Stoffregen et al. 2022], authors introduce a tracking
pipeline exploiting blinking glints that the event sensor can, in this way, detect. The work from [Angelopoulos et al.
2022] employed a DAVIS sensor able to capture both events and gray scale frames. Their tracking algorithm uses the
frames to localize and estimate the pupil center by fitting an ellipse on the pupil border. Then, the ellipse is propagated
in between frames using the incoming events.

Our work extends from state-of-the-art and proposes a purely event-based approach, designed to be extremely
lightweight and easily integrated into smart eyewear. This means that differently from the solution proposed in [An-
gelopoulos et al. 2022], all the components of pupil detection and tracking are performed using only data from the
event camera. Since the dataset from [Angelopoulos et al. 2022] is the only one that provides real event recordings, all

tests and pipeline validation are performed using this dataset.
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Fig. 1. Architecture of the event-based eye tracking pipeline. Events from the DAVIS sensor are grouped into buffers of different
lengths. Each buffer is used for a specific task in the pipeline based on the number of points required. Finally, the gaze position is
projected to a screen using a previously computed calibration.

3 EVENT-BASED EYE TRACKING

In this section, we present the complete pipeline for gaze tracking using event-based data. Despite the non-traditional
input, this approach maintains the core principle of 2D mapping-based gaze tracking, converting the 2D center of pupil
imaging ellipse into corresponding screen coordinates. Our system architecture, depicted in Fig. 1, is composed of three
interconnected components: the Predictor, the Detector, and the Fitter, all functioning within a unified memory space
to optimize the running frequency of the algorithm.

The Predictor is responsible for continuous monitoring of the event stream from the sensor, identifying significant
eye movements by tracking event bursts. The Detector, once activated, processes these events at 250 Hz, projecting
them onto an RGB-like frame to determine the pupil’s center and its region of interest (ROI). The Pupil Fitter is engaged
in fitting an ellipse to the pupil within the identified ROI This component operates at a higher frequency, enabling
continuous updates to the ROI and the ellipse center without reconstructing the artificial RGB frame. The interplay
between these components, particularly the dynamic activation and deactivation mechanisms, exemplifies an efficient,

real-time gaze tracking system optimized for event-based data scenarios.

3.1 Predictor

The events from the DAVIS sensor are captured asynchronously with microsecond temporal resolution. Grouped into
batches at a fixed 2.5 KHz frequency, each batch represents 0.4 ms of data. Since the eye remains stationary most of
the time, processing every batch would be inefficient. To optimize resource use, we employ a movement prediction
strategy. This involves tracking the event count in each batch and calculating a running mean over the last ’k’ batches.
The system processes a batch only if it consistently exceeds the running mean for 'n’ consecutive batches. Conversely,
it predicts eye movement cessation when the event count falls below the running mean for 'm’ consecutive batches.
The parameters ’k’, ‘'m’, and 'n’ are adjustable, affecting the system’s sensitivity to movement. For initial settings,
considering typical saccade durations in reading and scene perception, we chose 'n’ = 25 (10 ms delay for activation)
and 'm’ = 50 (20 ms delay for deactivation).

Manuscript submitted to ACM



Event-based eye tracking for smart eyewear 5

Event number analysis Event number analysis Event number analysis
500 500 500
—— Number of events —— Number of events —— Number of events

—— Running mean events —— Prediction true —— Prediction false
— Running mean events — Running mean events

400 400

300

200

Number of Events inside batch
Number of Events inside batch
Number of Events inside batch

0 5000 10000 15000 20000 25000 30000 o 5000 10000 15000 20000 25000 30000 o 5000 10000 15000 20000 25000 30000
Batch number (2500 = 1s) Batch number (2500 = 1s) Batch number (2500 = 1s)

(a) Number of events @2500 Hz and running (b) Movement predictions in blue (c) No movement predictions in black
mean

Fig. 2. Twelve seconds of data extracted from a user recording. The first picture represents the number of events through time and
the running mean of the number of events. In the second picture, the point in time where the predictor identifies a movement is
presented in blue, while in the third picture, the points in time where the predictor predicts no movement are highlighted in black.

Fig. 3. Event batch rendered as RGB image (second and third images), with the negative polarity pixel in red and the positive in green.
The event frames have been acquired with sampling frequencies of 250 Hz and 500 Hz from left to right. The higher the sampling
frequency, the fewer events we group in the same batch. The first image is the greyscale returned by the DAVIS sensor.

In Fig. 2, it can be seen how visible the saccadic motion is based on the number of integrated events. The number
of events during a saccade is orders of magnitude higher than the running mean over one second. Furthermore, the
narrow peaks prevent the running mean from going too high. From 2b and 2c, we can graphically see the sensitivity of

the predictor changing from no-movement to movement prediction and vice-versa.

3.2 Pupil detector

The pupil detector, operating at 250 Hz, translates the asynchronous event stream from the DAVIS sensor into event
frames. These frames, resembling standard RGB frames, aggregate positive and negative events into separate grids,
encoded with red and green colors respectively. This is because events from the camera carry not only the information
of a change in brightness of the pixel but also the direction of change, i.e., from dark to bright or the opposite, which is
coded into the polarity field. The camera acts as an edge extractor, with the pupil’s movement generating boundary pixel
changes, creating a distinct pattern on each polarity image. This pattern, mirroring each other across the pupil’s center,
varies with different eye movements. The sampling frequency crucially affects the edge visibility in these frames, with
higher frequencies yielding thinner edges. Slow movements, however, might be less discernible due to event dispersion.
To manage this, events are stored in a queue buffer, focusing on arrival order rather than absolute time, ensuring the
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Fig. 4. The 16 directional templates employed for pupil detection. The rows indicate the polarity. The templates are paired columns-
wise; every row corresponds to a single direction

detectability of pupil edges during movements. Sample images acquired at different frequencies are shown in Fig. 3. It is
important to notice how the eye always has the same pattern, green on one side and red on the other, which indicates
the pixel’s polarity change due to the movement. Indeed, the event camera functions as an edge extractor: when the
pupil moves, the boundary pixels in the direction of its movement switch from a higher intensity of the iris to a darker
intensity of the pupil. Conversely, in the pupil region opposite the movement direction, the boundary pixels switch
from the pupil’s lower intensity to the iris’ brighter intensity.

Exploiting this pattern, pupil detection employs a 2D convolution with eight templates, shown in Fig. 4. Each
aligns with a potential movement direction. These templates, designed to match two horizontal, two vertical, and four
diagonal movements, are applied to the polarity images. Convolution results from both polarities are multiplied to
create heatmaps, identifying movement direction. The highest-scoring template pair indicates the motion direction, and

a bounding box centered at the maximum point of the heatmap pinpoints the pupil location.

3.3 Pupil Fitter

The initial pupil center estimation obtained from the detection step requires refinement for accuracy. This is achieved
by fitting an ellipse to the events within the ROI, identified by the pupil detector. Unlike the RGB case where pupil
boundaries are extracted, the event-based approach already has these boundaries defined by the sensor. However, not
all events in this region correspond to the pupil boundary. Two distinct fitting strategies are employed to increase the
algorithm performance, tailored exclusively for event data. The behavior of the pupil fitter algorithm varies depending
on the availability of prior pupil ellipse estimation.

In cases with only the center estimation from the pupil detector, the Random Sample Consensus (RANSAC) algorithm
is used [Fischler and Bolles 1981]. RANSAC iteratively selects a random subset of events within the ROI to fit an ellipse,
evaluating the fit quality against all points in the ROI This continues for a set number of iterations, with the best-scoring
model being chosen. While RANSAC is robust against outliers, it is computationally intensive, and increasing the
number of iterations enhances the probability of finding an optimal model.

The second fitting approach relies on an existing ellipse model, working best when the new model closely aligns
with it over time. This method requires events for the new fit near the edge of the pre-identified ellipse. Applied
post-RANSAC or independently, it continuously updates the center. In particular, only the events within the ROI are
considered from the continuous stream of new events from the sensor. These events are processed in batches of 100,
and for each batch, events close to the boundaries of the most recent ellipse are identified. The ellipse model is then

Manuscript submitted to ACM



Event-based eye tracking for smart eyewear 7

Predicted "eye still" (72 %) Predicted "eye move" (28 %)
Correct Correct
mmm Wrong Prediction: 2.8% = \Wrong Prediction: 53.1%
mmm Correct Prediction: 97.2% mmm Correct Prediction: 46.9%
Wrong Wrong
0% 20% 40% 60% 80% 100% 0% 20% 40% 80% 80% 100%
(@ (b)

Fig. 5. Predictor evaluation on the test data. In the first image, the scenario where the predictor predicts a still eye is analyzed. In this
case, most of the predictions are correct. The second image presents the scenario where the predictor predicts a movement. In this
case predictions are less accurate but, due to the nature of the task false positive are acceptable and preferred to missed movement
detections.

updated using these identified events. The update employs a weighted average with the existing ellipse parameters to
ensure a smooth and homogeneous transition.

The Pupil Detector and RANSAC fitting are used for initial estimation, achieving high tracking accuracy at specific
eye movement phases. The second fitting approach is then triggered and tracks the pupil movement processing events
up to 500 Hz.

4 EXPERIMENTAL RESULTS

To validate the efficacy of the proposed method, our initial step involves an assessment of the predictor’s accuracy,
as it is the fundamental element that initiates the entire detection process. Subsequently, we proceed to evaluate the
algorithm’s performance in its entirety. To perform these tests, we employed the only publicly available event-based
gaze dataset from Angelopoulos et al. [Angelopoulos et al. 2022]. A critical aspect to note is that the used dataset does
not directly provide the ground truth in terms of the eye’s position within the camera frame. Rather, it provides data
regarding the focal point of the subject’s gaze on a monitor.

It was central to implement a calibration procedure for the system to evaluate the algorithm’s precision. In particular,
we computed a transformation matrix that maps the observed eye position to its corresponding location on the plane
of interest. This transformation is required to validate our algorithm’s accuracy, as it enables us to correlate the
observed data with the actual point of gaze, thereby providing a more reliable and accurate measure of the algorithm’s

performance.

4.1 Predictor evaluation

The primary objective of the Predictor is to accurately identify the start point of the ocular movement, which subsequently
activates the detection and propagation blocks of the pipeline. The effectiveness of this algorithm is quantitatively

evaluated using the F1-score metric, with an average score of 0.6, as depicted in Fig. ??. However, this F1-score does not
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Fig. 6. Average degree error per user in the left plot users are sorted based on the error in the right eye, the same results are presented
on the left but grouping per eye.

fully capture the specific behavioral characteristics of interest. This discrepancy arises primarily due to the imbalance in
the class distribution. Moreover, the crucial classification task involves discerning a ‘still’ state of movement. Conversely,
misclassification in the opposite scenario is occasionally deemed tolerable.

Upon examining the distribution of class predictions, it is observed that the algorithm, on average, categorizes
72% of the events as non-movements. Focused analysis of these predictions, as illustrated in Fig. 5a, reveals that a
predominant majority of these non-movement classifications are indeed accurate. Nevertheless, a small fraction of
potentially significant events is overlooked by the predictor.

Further analysis of the algorithm’s performance in movement prediction, as shown in Fig. 5b, indicates less accurate
results. Of the average 28% of events predicted as movement, approximately half could potentially trigger the start
of the detection pipeline even in the absence of ocular motion. Combining these observations, it can be inferred that
when focusing solely on processing relevant events, approximately 70% of the total events are correctly disregarded,
since the eye is still, 15% are erroneously processed, 2% are mistakenly ignored, and 13% are accurately processed.
This comprehensive analysis highlights how only a minimal part of the events are lost, and the predictor effectively
detects the relevant events for the task, with a partial overload on the system in the scenarios where ‘still’ scenarios are

wrongly labeled.

4.2 Pipeline evaluation

The pupil centers detected by our pipeline are unsuitable for calibration purposes. This is primarily due to the high
sensitivity of the 2D mapping process, where even minor errors in center estimation, like a deviation of a few pixels in
determining the pupil center, can significantly impair the mapping quality.

To avoid this limitation, we employed a pre-calibrated Point of Regard (POR) Regressor derived from the frame
tracker, i.e., a regressor based on grey-scale images. The assessment methodology employed is akin to the approach
described in [Angelopoulos et al. 2022]. This gives us the calibration matrix to remap the pupil position to the 2D plane.

The resultant average angular error, calculated across the training users and considering the entire Field of View (FoV)
through frame calibration, stands at 9.31°, as shown in Fig. 6. Notably, this value surpasses the average error expected
from conventional image-based eye-tracking techniques. However, several pertinent factors warrant consideration.

Primarily, this angular error comprises not only the intrinsic error of the image-based detector but also the error

introduced during the calibration process to the screen. A detailed analysis of the error distribution on the projection
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screen reveals that certain points exhibit a markedly higher error, as shown in Fig. 6c, likely stemming from calibration
inaccuracies, thereby leading to potential prediction errors.

Furthermore, the algorithm has been designed and optimized for efficient execution on smart eyewear. This neces-
sitated several trade-offs, primarily prioritizing computational efficiency over accuracy. Indeed, the computationally
intensive RANSAC algorithm is deployed exclusively during the initialization phase. Consequently, if the tracker loses
track of the pupil and awaits reinitialization upon the cessation of eye movement, the accuracy of the measurements
significantly diminishes. A potential mitigation strategy could involve increasing the RANSAC algorithm’s frequency
to promptly identify and rectify such scenarios, thereby reducing the angular error.

Despite these challenges, the results unequivocally demonstrate the viability of a purely event-based approach
for embedded gaze-tracking in smart eyewear. This showcases the potential for implementing efficient, effective,

gaze-tracking solutions in compact and computationally constrained devices.

5 CONCLUSIONS

This work demonstrates the feasibility and efficacy of a fully event-based gaze-tracking algorithm tailored for smart
eyewear. The key contributions of this research include the development of an innovative gaze-tracking algorithm that
bypasses the need for grayscale or infrared imaging and the design of an optimized detection and tracking pipeline that
is both computationally efficient and well-suited for integration into smart eyewear.

The experimental evaluations show that, while the system prioritizes computational efficiency, it maintains a
reasonable level of accuracy, making it a viable solution for real-world applications. This balance is crucial in the context
of smart eyewear and embedded devices, where processing power and battery life are limited. Limitations in accuracy,
primarily due to the computational constraints, open to future developments that could focus on enhancing this aspect,
increasing the frequency of the RANSAC algorithm for more accurate pupil tracking.

Overall, this research highlights the advantages of a fully event-driven approach. It opens up new possibilities for

practical, privacy-conscious applications, offering a starting point for future advancements in this rapidly evolving field.
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