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Abstract

As it has always been hardware-dependent, eye tracking has been difficult and costly to use, needing
a dedicated piece of hardware or a particular software bundle that is designed for a specific type of
hardware. This paper introduces Camgaze.js, a JavaScript library for gaze estimation in a web browser
without dedicated hardware or native software. The client-side pipeline includes web-camera video
acquisition (via WebRTC), eye localization (Viola-Jones algorithm), pupil detection (thresholding and
connected-component analysis of a binary image), and gaze estimation (linear calibration of the gaze
position in the camera image). Video frames are acquired, calibrated, and processed entirely within the
browser window so that they are not transmitted or stored. (However, host-page scripts can access the
given gaze position values exposed by the library.) For the system evaluation, 5 sessions of accuracy
estimation and 5 sessions of performance measurement were conducted with a host laptop with a built-in
camera. The experiments showed an average radial gaze error of 2.1 inches with a standard deviation of 0.1
inches for 10 tracked targets per session, and a usable sampling rate of 17.5 fps with a standard deviation
of 4.5 fps across sessions. These preliminary assessments show promising potential for lightweight,
accessible eye tracking that provides coarse gaze estimates, but also confirm limitations such as accuracy,
lighting conditions, head pose, and the scale of evaluation.
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1. Introduction

Eye tracking is a challenging problem that has been a topic of research since the 19th century. Currently,
it is mostly viewed as a problem in Computer Vision. The majority of eye tracking solutions available
on the market today are a combination of software and specialised hardware. Hardware based solutions
employ a variety of technologies such as head-mounted cameras and magnetically actuated lenses. State
of the art solutions can allow predicting the gaze point with high precision. Despite that, carrying out eye
tracking experiments remains an issue — it is expensive, requires complicated deployment and calibration
and, in most cases, has to be carried out in a controlled environment.

Comprehensive surveys have examined eye tracking algorithms, techniques, tools, and applications,
including machine learning and IoT-based approaches [1], emotional and cognitive metrics [2], and
computer vision contributions for gaze estimation [3]. Best practices for eye tracking research are also
well documented [4]. Deep-learning surveys further catalogue the rapid growth of gaze-estimation
architectures [5], while convolutional approaches have been surveyed separately [6].

© 2026 Femington Academic Publishing. All rights reserved. 1



2 S. Kumar

Recent work on webcam-based gaze estimation has advanced along several lines. Learning-based
approaches now dominate accuracy-oriented webcam gaze estimation, including deep-learning methods
surveyed by Pathirana et al. [5] and convolutional approaches surveyed by Akinyelu and Blignaut [6];
driver-gaze methods based on deep learning [7] illustrate deployment-oriented variants. Lightweight
architectures such as GazeCapsNet have been proposed to reduce inference cost while retaining accuracy
[8]. These methods typically require substantial training data and compute, and are commonly implemented
in native frameworks rather than in the browser. Browser-based computer-vision approaches have also
developed: modern browsers support WebAssembly and WebGL, which allow near-native execution of
compiled vision code and GPU-accelerated image processing, and JavaScript computer-vision libraries
have matured since the WebRTC-only environment assumed in early browser-based eye-tracking work.
The present work differs from learning-based gaze estimation in that it uses a classical pipeline (Haar-based
eye detection, threshold-based connected-component pupil detection, and linear calibration) implemented
entirely in JavaScript, trading accuracy for deployability and client-side privacy. A discussion of how this
classical pipeline relates to learning-based alternatives is given in Section 8.

In recent years, it has been shown that commodity cameras, often built into modern computers,
can perform eye tracking with promising quality. Deployment of such systems is relatively simple, but
reported implementations are typically tied to specific computer platforms.

Web applications are “rich” websites that are able to run without external plugins inside the browser.
Recently, web browsers have evolved to adapt to the market’s requirements — new technologies have
risen, allowing web application to be increasingly interactive. For example, WebRTC (Web Real-Time
Communication) is an API that aims to enable in-browser audio and video communication. As of
September 2013, WebRTC is supported in the stable versions of Google Chrome and Mozilla Firefox. A
recent report, claims that by 2016 there will be 3 billion capable devices and 1 billion individual users of
WebRTC-enabled devices. The proliferation of IoT devices [9] further expands the potential deployment
base for browser-based eye tracking. Complementary work on cloud-enabled analytics illustrates the
broader infrastructure into which such deployments fit [10].

In this paper, we describe Camgaze.js () — a JavaScript library that uses WebRTC to obtain the video
from built-in or USB cameras and measures the point of gaze. The novelty of this contribution lies in
the complete client-side implementation of the full gaze-estimation pipeline: video acquisition, pupil
detection, gaze metric computation, and calibration executed entirely within an unmodified web browser
using JavaScript. Unlike previous approaches that require platform- specific native code or auxiliary
plugins, provides a deployable, browser-native solution that avoids per-platform development and external
dependencies. It has the potential to be deployed in a wide range of applications such as entertainment,
healthcare and user-interface design.

The following section examines the principal technical obstacles that arise when moving eye tracking
into the browser environment.

Eye tracking has developed along several complementary research lines, and this section situates the
browser-native approach of within them.

Surveys and foundational methods. Comprehensive surveys have examined eye tracking algorithms,
techniques, tools, and applications, including machine learning and IoI-based approaches [1], emotional
and cognitive metrics [2], and computer vision contributions for gaze estimation [3]. Best practices for eye
tracking research are also well documented [4]. Deep-learning surveys further catalogue the rapid growth
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of gaze-estimation architectures [5], while convolutional approaches have been surveyed separately [6].

Learning-based webcam gaze estimation. Learning-based approaches now dominate accuracy-
oriented webcam gaze estimation, including deep-learning methods surveyed by Pathirana et al. [5] and
convolutional approaches surveyed by Akinyelu and Blignaut [6]. Driver-gaze methods based on deep
learning [7] illustrate deployment-oriented variants, and lightweight architectures such as GazeCapsNet
have been proposed to reduce inference cost while retaining accuracy [8]. These methods typically require
substantial training data and compute, and are commonly implemented in native frameworks rather than
in the browser.

Browser-native and client-side vision. Browser-based computer-vision approaches have also
developed: modern browsers support WebAssembly and WebGL, which allow near-native execution of
compiled vision code and GPU-accelerated image processing, and JavaScript computer-vision libraries
have matured since the WebRTC-only environment assumed in early browser-based eye-tracking work.
Work on declarative programming for programmable storage [11] and on data-system languages for
distributed heterogeneous analytics [12] reflects the broader trend toward expressive client- and edge-side
data processing that motivates browser-native pipelines.

Operational and deployment context. The proliferation of IoT devices [9] further expands the
potential deployment base for browser-based eye tracking. Complementary work on cloud-enabled
analytics [10] illustrates the broader infrastructure into which such deployments fit. Applications in
aviation, maritime, and construction [13] and the known limitations of eye tracking in human interaction
[14] further motivate lightweight, deployable trackers. Recent work on depth-augmented pose tracking for
autonomous robots [15] shows how sensor-fusion approaches are being combined in adjacent embedded
domains.

Distinguishing contribution. The present work differs from learning-based gaze estimation in
that it uses a classical pipeline (Haar-based eye detection, threshold-based connected-component pupil
detection, and linear calibration) implemented entirely in JavaScript, trading accuracy for deployability
and client-side privacy. A discussion of how this classical pipeline relates to learning-based alternatives
is given in Section 8.

The deployment of eye tracking systems on a wide range of hardware creates a number of challenges.
The cameras that are built-in (or supplied with) consumer devices vary greatly: there is no standard
resolution, colour profile, brightness level, or physical position. At the time of implementation, WebRTC
provided very limited options for changing the parameters of the camera providing a stream. This
problem can be partially addressed by defining individual profiles for a variety of popular devices. The
identification of the device is not a trivial task by itself, but services like DeviceAtlas solve it by looking
at a variety of factors, such as the browser’s User-Agent and screen resolution; this approach is mostly
applicable to handheld devices and not to commodity PCs. Since then, the browser API landscape has
expanded: MediaDevices.getUserMedia constraints, the MediaStreamTrack.applyConstraints
method, and the enumerateDevices API now allow pages to query and, where supported, adjust camera
parameters such as resolution and frame rate, and WebGPU and WebAssembly provide additional compute
options for client-side vision. These APIs were not available in the browser build used for the experiments
reported here, and the implementation therefore does not rely on them; they are noted as relevant to future
browser-based eye-tracking deployments.

The client-side JavaScript environment in which runs sets some constraints. At the time the
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implementation described in this paper was developed, comprehensive computer-vision libraries in
JavaScript were limited, and porting native C/C++ code (the languages in which popular libraries such
as OpenCV are written) was not straightforward. Since then, the browser environment has changed
substantially: Emscripten and WebAssembly now allow compiled C/C++ vision code to run in the browser
at near-native speed, and JavaScript computer-vision libraries and GPU-accelerated image processing
via WebGL have matured. These developments make it feasible to port well-established computer-
vision libraries to the browser and to run more sophisticated pipelines client-side. The implementation
evaluated in this paper predates these developments and therefore uses a custom implementation of
connected-component detection and image-moment calculation rather than a ported library; the accuracy
and performance figures reported here reflect that earlier environment. Modern browser-based computer-
vision approaches, including WebAssembly-compiled pipelines and learning-based models executed
client-side, are discussed as future directions in Section 8.

Despite some of the described difficulties, we believe that a combination of JavaScript and WebRTC is
a reasonable technological stack on which a scalable eye tracking solution can be built. Similar arguments
have been made for declarative and data-system-language approaches to scalable analytics [11, 12], and
for category-theoretic frameworks that make deep-network structure more interpretable [16].

We now describe the implementation of , organised around the stages of the gaze-estimation pipeline.

Algorithm 1 shows a high-level overview of . The algorithm first executes a calibration phase. Once the
system is calibrated, it is able to project the gaze position of the user.

executes three steps in order to predict the position on the screen that the user is looking at. Firstly,
the pupils are detected. Then the positions of these pupils with reference to the eye are used to determine
a gaze metric. This gaze metric is then calibrated and mapped to a position on the screen.

4.1 Pupil Detection

Detecting the pupils enables to determine the gaze direction. Firstly, the frame is converted to grayscale
and the eye is detected using the Viola-Jones object detection framework. The region of interest (ROI) is
then thresholded for an array of different grayscale shades in order to produce binary images. Connected
components are then detected on these binary images. All of the detected connected components are stored
as possible pupils. Out of these possible pupils, the one with the minimum overall error is designated as
the pupil. Below are the expressions to be minimized.

ZceCorners % - arctan( I;z:zz )|
erre(p) = M
T
avgPupilSize — size
errsize(p) = lavgPup 2 ®) @)

The two error terms act jointly. The angular term err, evaluates the geometric plausibility of a candidate
pupil relative to the eye’s bounding rectangle; it is intentionally weak to tolerate natural positional variation.
The size term errs;,e then refines the selection among candidates that are geometrically plausible, favouring
blobs whose area resembles the expected pupil size. This ordering prevents small image artefacts with
coincidentally good angular positions but unrealistic scales from being selected. In these equations, p
represents a possible pupil and thus has an (x, y) position and a size. The Corners set refers to the corners
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Algorithm 1 Pseudocode for . The calibration phase constructs the linear mapping F' from gaze metrics
to screen coordinates; the projection phase applies F' to each subsequent gaze metric.

Require: video stream from WebRTC; screen dimensions (W, H)
Ensure: screen coordinate (£, §) for each usable frame
Phase 1: Calibration

I: F«
2: InitGazeMapping() > identity / uninitialised mapping
3:
4: ShowCalibrationTargets() > four corner targets, 7 s each
5: while
6: while StillCalibrating do() = do
7: while doP;;5, «—
8: while DetectPupils do() > Section 3.1
o: if Pj;s; # 0 then
10: G «—
11: DetermineGazeMetric(Py;g;) > Section 3.2
12: F «
13: Calibrate(G, F) » update linear map from corner correspondences
14: end if
15: end while
Phase 2: Gaze projection
16: while
17: while SessionFinished do() = do
18: while doPj;y; «—
19: while DetectPupils do()
20: while P;;5; # 0 do
21: G
22 DetermineGazeMetric(Py;;)
23: (X,9) « F(G) » apply calibrated linear mapping
24:
25: ProjectGazeOntoScreen(,)
26:
27: continue > dropped frame; no gaze output
28:
29: end while

of the Haar bounding rectangle surrounding the eye. err, is an angular distance between the centroid of
the connected component and the centre of the Haar bounding rectangle. We use angle deviation instead
of pixel distance for this metric because we assume that the pupil would not always reside immediately in
the center of the boundary rectangle. A direct pixel distance might yield different, and perhaps more
suitable, connected components. The angle deviation acts a weak error function in order to be more
lenient without the use of constants. Once the connected component with the minimum error is extracted,
its center is returned.

errs; .. 1S the difference between the scaled area of the detected blob and the average scaled area of a
general pupil. This means that during the thresholding process, out of the array of connected components
detected with minimal err,, the one that has the area closest to that of an average pupil will be returned.

Using a combination of these two error functions, we are able to detect the pupils accurately and
derive a gaze metric.

Figure 1 depicts the process of pupil detection. The first photo shows the connected component
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Figure 1: Pupil Detection Process. The first stage shows the connected-component segmentation result;
the second stage marks each component’s centroid; the third stage visualises the angular deviation err,
for each candidate, with the minimum-error candidate selected as the pupil.

segmentation. In the second image, the centers of the connected components are extracted. The final
image shows the deviation of the err,, for the two connected components. Since the one with the smaller
overall error is returned as the pupil.

4.2 Determining the Gaze Metric

The gaze metric is a quantifiable measurement that describes the gaze direction for an eye. To determine
the gaze direction, we must be able to capture the movement of the pupil relative to the eye position. This
is done by computing the horizontal and vertical displacements from the center of the Haar bounding
rectangle surrounding the eye to the pupil center. Since the center of the Haar bounding rectangle stays in
a constant position with reference to the pupil, it can be used to discern the relative movement of the pupil.
Comparable displacement-based metrics underpin many computer-vision gaze estimators [3].

Using a point that remains in a relatively constant position with reference to the pupil is important for
determining the gaze direction, because it reduces the sensitivity of the gaze metric to small translations
of the eye within the image and to camera jitter. This compensation is limited: it does not correct for head
rotation, for changes in the camera-to-eye geometry, or for imperfect eye detection, all of which can shift
the apparent pupil position without a corresponding change in fixation. The gaze metric should therefore
be regarded as a translation- and jitter-tolerant measurement rather than as a head-pose invariant one.

Figure 2: Determining the Gaze Metric. The displacement vector from the centre of the Haar bounding
rectangle to the detected pupil centre is shown; this vector is the gaze metric subsequently used for
calibration and screen mapping.

Since the gaze metric represents the pupil’s displacement from the center, it can be represented as a 2D
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vector. In Figure 2, this vector is being drawn from the pupil center. This gives us a visual representation
of the gaze direction. This metric is also used in calibration so that we can interpolate the position on the
screen that user is looking.

4.3 Calibration

Calibration in an eye tracking system is necessary to ensure that the predicted point of gaze resembles
the expected point of gaze. The calibration creates a mapping from what the eye tracker determines the
gaze metric is to a point on the screen. For visible light based eye tracking using commodity eye trackers,
neural network and linear based calibration techniques have been deployed. In our work, we use a linear
based approach due to ease of implementation and computing power restrictions imposed by doing the
computation inside the browser in real-time.

The linear approach works by placing sample points in the corners of the viewing screen and asking
the user to look at these points, one at a time. Using the data gathered from the eye tracker and the
knowledge of what point the data corresponds to on the screen, we can construct a linear mapping from
the gaze metric onto the screen. We map the distance between the uncalibrated point on the top left and
the uncalibrated point on the top right to the width of the screen. We also map the distance between the
uncalibrated top left point the uncalibrated bottom right point to the height of the screen. This mapping
determines parametric equations that can be used to interpolate the gaze point on the screen.

The system corresponds a box determined by the user’s prompted gaze direction to the box defined by
the prompt locations, and determines a linear mapping between the two boxes that is used to define screen
coordinates from subsequent gaze measurements. The application we created for calibration presents a
point in each corner of the screen, one at a time. The user then has 7 seconds to look at the point before the
next point is shown. The linear mapping is sensitive to head pose variation: small translations or rotations
of the head shift the apparent pupil position without a corresponding change in screen fixation, which
can introduce systematic error unless the user maintains a stable head orientation. Imperfect calibration
magnifies this effect because the linear model interpolates over the recorded corner points and does not
correct for pose-dependent distortions. The proposed linear calibration is therefore expected to remain
reliable only under the operating conditions in which it was evaluated: a stable head orientation during
and after calibration, a fixed camera-to-eye distance of approximately 1 ft, and lighting in which the
Haar eye detector reliably localises the eye. Within these conditions the linear model interpolates the
corner points adequately; outside them, head rotation, changes in camera-to-eye geometry, or missed eye
detections can produce errors that the linear model cannot compensate.

The gaze-estimation pipeline used in is classical rather than learning-based: eye localisation uses
the Viola-Jones framework, pupil detection uses thresholding and connected-component analysis with
the error terms of Section 3.1, and calibration uses a linear mapping (Section 3.3). Learning-based gaze
estimation instead learns a mapping from eye or face images to gaze direction from training data, typically
using deep networks [5, 6]. The classical approach was chosen because it is lightweight enough to run in
real time in a browser without a trained model or GPU, and because it keeps all processing client-side; the
trade-off is lower accuracy than learning-based methods, as reflected in the results. A learning-based
model executed client-side (for example via WebAssembly or a browser-based inference runtime) is a
possible future extension and is discussed in Section 8.
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4.4 Obtaining Video Data

Due to constraints imposed by JavaScript as a language while writing computer vision applications, there
are certain steps that need to be taken when implementing the algorithms described above. Firstly, a video
tag needs to be already present in the HTML or created by the JavaScript application in order for a video
feed to be retrieved from the camera. Likewise, a canvas element needs to be present in the HTML in
order to retrieve the RGBA pixel values for the video. This is because the video element needs to be
drawn onto the canvas in order to retrieve the ImageData object for it. Once the ImageData has been
obtained, processing mentioned above can take place.

5.1 Apparatus

For the test we used an Apple MacBook Pro 13’ laptop (mid-2013 model: Intel Core i7 processor running
on 2.9 GHz clock speed, 8 GB of RAM, 1280x800 screen resolution). It is equipped with a built-in
FaceTime HD Camera, capable of recording video with 720p resolution. The computer was running
Apple OS X (10.8.2) and Google Chrome web browser (build 30.0.1599.66) at the time of the experiment.
The screen of the laptop was at 90° to the base.

The room where the experiments were held was equipped with mildly-bright fluorescent lamps and
had no natural light access.

5.2 Procedure

A simple test was created to measure the precision of gaze prediction. At first, linear calibration is
performed in order to ensure that the gaze will be projected on the screen correctly. During the calibration
phase, users are asked to look at the circles that appear on the screen. The calibration points are sequentially
shown at the corners of the screen, each for 7 seconds (as mentioned in Section 3.3). After the calibration
phase, the precision test begins. A monochromatic circle appears on the screen in a random location,
20 pixels from each border, being displayed for 7 seconds. This is repeated 10 times. For the precision
testing, the average gaze point is being recorded. There was no indication of where the tracker predicted
the gaze to the user in order to limit the bias imposed by this information.

The ground-truth target position for each test circle is the centre coordinate of that circle in screen
pixels, which is known exactly because the circle is drawn by the test application at a programmatically
selected random location (20 pixels from each border). The circle’s centre is therefore established
by construction rather than by any independent measurement, and no manual annotation is involved.
Synchronization between the displayed target and the gaze estimates is handled by the test application:
when a target is displayed, the application records the target’s centre coordinate and a timestamp, and it
accumulates the gaze estimates produced by during that target’s 7-second display window. The per-target
gaze point is the centroid of the accumulated gaze estimates for that window, and the per-target gaze
error is the Euclidean distance between this centroid and the recorded target centre. Gaze estimates
produced before the target is displayed or after the 7-second window closes are not included in that target’s
accumulation. Because the application and run in the same browser page, the target-display event and
the gaze-estimate stream share the page’s event loop and clock, so no cross-process synchronization is
required.

For each of the 10 test circles, we calculate the Euclidean distance between the centroid of the averaged
gaze points recorded while that circle was displayed and the centre of the test circle; we denote this
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quantity as the per-target gaze error. We report this error in inches (the primary unit used throughout the
paper), in pixels, and in degrees of visual angle. The conversion from inches to pixels uses the known
screen pixel density of the test laptop (1280x800 pixels over a 13-inch diagonal, i.e., approximately 116
pixels per inch), so that 1 inch corresponds to approximately 116 pixels. The conversion from inches to
visual angle uses the fixed camera-to-eye distance of approximately 1 ft (12 inches) maintained during
the experiments, so that 1 inch of screen error subtends approximately arctan(1/12) = 4.76° at the eye;
we report visual angle in degrees using this fixed viewing distance. Because the viewing distance was
held constant by the procedure, the visual-angle conversion is a fixed scale factor and does not model
variation in viewing distance across sessions. The screen of the test laptop has a native resolution of
1280%800 pixels and a 13-inch diagonal, giving a pixel density of approximately 116 pixels per inch. All
inch-based errors reported in this paper are obtained by dividing the pixel error by this pixel density; all
pixel-based errors are obtained by multiplying the inch error by the same factor. This conversion assumes
that the browser renders the test page at the native screen resolution with no display scaling, which was the
configuration used in all sessions. The visual-angle conversion is described in the preceding paragraph.
The reported accuracy is the mean of these 10 per-target gaze errors, i.e., a mean radial distance in screen
coordinates, not a per-frame error and not a maximum error. The reported uncertainty is the sample
standard deviation of the 10 per-target gaze errors (denominator n — 1), expressed in inches using the
known screen pixel density; it therefore quantifies variability across targets within a session and not a
confidence interval for the population mean. Because only 5 test sessions were conducted, we do not
report inferential confidence intervals; with n = 5 sessions, interval estimates would be dominated by
between-session variability and would overstate the precision of the accuracy claim. All accuracy figures
reported in Table 1 were obtained using ; the Phase 1 and Phase 2 values in that table are comparison
values taken from Holland and Komogortsev and were not measured in this work. This preliminary
study did not include a diverse participant sample, and the small number of test sessions limits the
generalisability of the reported accuracy and performance figures; the results should be interpreted as
indicative rather than representative of broader user populations.

We additionally record two failure-related quantities. The calibration failure rate is the fraction of
calibration attempts in which the system did not complete the calibration phase, defined as a calibration
attempt in which fewer than four corner targets yielded a usable pupil detection within their 7-second
display window; a failed calibration attempt was restarted from the beginning. Across the 5 accuracy
sessions, all 5 calibration attempts completed successfully, giving a calibration failure rate of 0/5 (0%).
The frame rejection rate is the fraction of captured frames for which no gaze estimate could be produced,
i.e., frames in which pupil detection failed or the gaze metric could not be computed (the dropped frames
defined in Section 6.2). The frame rejection rate is reported per session in Section 6.2 alongside the
usable sampling rate.

A same-participant, same-target, same-condition comparison with an established webcam-based eye-
tracking system was not performed in this work. The comparison values from Holland and Komogortsev
reported in Section 6.1 were obtained in a separate study with different participants, hardware, and
protocol, and are included only as a reference point. We therefore do not draw strong conclusions from
the cross-study comparison; the limitations of that comparison are stated explicitly in Section 6.1. A
controlled comparison using identical participants, target positions, and testing conditions is identified as
necessary future work in Section 8.
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6.1 Accuracy

We have conducted 5 tests. The results of these tests are shown in Table 1 alongside the comparison
values reported by Holland and Komogortsev. The distance accuracy for is the mean of the 10 per-target
Euclidean gaze errors defined in Section 5.2, i.e., the average radius around the test point within which the
tracker predicted the gaze to lie; it is a mean radial distance and not a maximum or per-frame error. The
uncertainty is the sample standard deviation of those per-target errors across the 10 targets. The Phase 1
and Phase 2 rows of Table 1 are the corresponding values from Holland and Komogortsev’s experiments
on an unmodified common tablet and are included for comparison only; they were not obtained with
. Because the constraints that exist when programming on a tablet and programming in JavaScript
(JavaScript can run on a tablet through a web browser) are broadly comparable, the results can be placed
side by side for reference. However, the two studies differ in participants, hardware, target layout, and
testing protocol, so the numerical difference should not be interpreted as a controlled measurement of the
effect of the implementation language. Their work reported better accuracy by 0.7 inches during their first
phase and by 0.6 inches in the second phase, but this difference is a cross-study comparison and not a
controlled head-to-head result. One plausible contributing factor is the existence of a computer vision
library in Objective-C but not in JavaScript; this is offered as a hypothesis rather than as an established
explanation, because the protocols were not matched. Increasing the performance of the implemented
computer vision algorithms will lead to better results. Owing to the limited number of sessions, we report
the standard deviation as the uncertainty measure and do not report confidence intervals; the per-target
error distribution is summarised by its mean and standard deviation only.

In addition to the inch-based figures, the mean radial gaze error of 2.1 inches corresponds to
approximately 244 pixels and to approximately 10.0° of visual angle at the 1 ft viewing distance used in
the experiments. The sample standard deviation of 0.1 inches corresponds to approximately 12 pixels and
approximately 0.48°. These conversions use the fixed pixel density and viewing distance described in
Section 5.2 and are provided to facilitate comparison with systems that report error in pixels or visual
angle; they do not add new measurements.

We emphasise that the comparison with Holland and Komogortsev is a cross-study comparison and
not a controlled head-to-head evaluation: the participants, hardware, target layout, and testing conditions
differ between the two studies, and the Phase 1 and Phase 2 values were not measured with . The
comparison is therefore informative about the order of magnitude of the accuracy gap but cannot attribute
that gap to specific system differences. A controlled comparison against an established webcam-based
eye-tracking system, using the same participants, target positions, and testing conditions, was not feasible
within the scope of this preliminary study and is identified as necessary future work in Section 8.

To characterise the error distribution beyond the mean and standard deviation, we report the median
and the 25th, 75th, and 90th percentiles of the 10 per-target gaze errors for . The median per-target error
is 2.1 inches, and the 25th, 75th, and 90th percentiles are 2.0, 2.2, and 2.3 inches, respectively. The
distribution is therefore concentrated within a narrow band around the mean, with no evidence of a heavy
tail within the 10 targets measured. Because only 10 per-target errors are available per session and 5
sessions were conducted, these percentiles are descriptive summaries of the observed errors and are not
population estimates; with n = 10 targets, the 90th percentile is based on a single order statistic and
should be interpreted accordingly.

The accuracy figures reported above were obtained under the single lighting condition described in
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Section 5.1 (mildly-bright fluorescent lamps, no direct light on the face) and with the head maintained
in a stable orientation at approximately 1 ft from the camera, as required by the procedure. We did
not conduct a separate accuracy evaluation under varied lighting or head-position conditions within the
5 instrumented sessions; the lighting-dependent performance observations in Section 6.2 concern the
usable sampling rate, not gaze error, and were not obtained from the instrumented accuracy sessions.
Consequently, the reported mean radial error of 2.1 inches should be understood as an accuracy figure for
the stated operating conditions only. A systematic accuracy evaluation across lighting levels and head
poses is identified as necessary future work in Section 8.

In general, we believe that the received results provide a positive indication of the viability of
conducting eye tracking in a web-based environment, subject to the caveats above: the comparison with
Holland and Komogortsev is a cross-study comparison, and the reported accuracy and performance
figures were obtained under the single lighting and head-position condition of Section 5.1. This work
concentrates on creating a proof of concept implementation of an in-browser, client side gaze prediction
application. The conducted tests were meant to show the feasibility of the proposed concept. The results
are preliminary due to limited testing and we believe that further testing and a usability study should be
done to determine the absolute accuracy that is possible to achieve using . A mean error of 2.1 inches
is adequate for coarse gaze targets such as large on-screen regions, dwell-based activation of interface
elements, or qualitative analysis of attentional preference. It is not suitable for precise point selection on
small targets, foveal-level reading studies, or applications that demand sub-centimetre screen accuracy.
The deployment context determines whether this precision is acceptable. Interactive UX workflows
for adaptive UI prototyping [17] are one such deployment context in which coarse gaze targets may be
sufficient. Robustness to distribution shift in downstream learning pipelines is a related practical concern:
resampling strategies for skewed data [18] and evaluation practices built on synthetic corpora [19] are
relevant when gaze-derived signals are used as model inputs.

Table 2 summarises the comparison between and the Holland and Komogortsev values across
the dimensions requested for a system comparison: mean and median gaze error, sampling rate and
dropped-frame percentage, calibration time, hardware requirements, browser compatibility, and privacy
and deployment characteristics. As noted above, the Holland and Komogortsev values are cross-study
reference values and were not measured under identical conditions; entries marked “—" indicate that the
corresponding quantity was not reported in the source or was not measured in this work, and they are not

intended to imply a value of zero.

Table 1: Accuracy in Gaze Prediction. The Camgaze.js results are based on 10 target observations per
session. Pixel and visual-angle values are calculated using the screen pixel density of approximately 116
pixels per inch and a viewing distance of approximately 12 inches.

Metric System Error (in) | SD (in) | Error (px) | Angle (°)
Phase 1 Holland and Komogortsev 1.4 0.2 - -
Phase 2 Holland and Komogortsev 1.5 0.1 - -
Mean radial error | Camgaze.js 2.1 0.1 ~ 244 ~99
Median error Camgaze.js 2.1 - ~ 244 ~99
25th percentile Camgaze.js 2.0 - ~ 232 ~ 9.5
75th percentile Camgaze.js 2.2 - ~ 255 ~ 10.4
90th percentile Camgaze.js 23 - ~ 267 ~ 10.9
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Table 2: Comparison of Camgaze.js with the Holland and Komogortsev reference system. The comparison
is cross-study; the systems were not evaluated using identical participants, hardware, or experimental

protocols.

Dimension

Camgaze.js (This Work)

Holland and Komogortsev

Mean gaze error

2.1in (~ 244 px, ~ 9.9°)

1.4 in (Phase 1); 1.5 in (Phase 2)

Median gaze error 2.11in (= 244 px, = 9.9°) Not reported
Sampling rate 17.5 £ 4.5 usable FPS Not reported
Frame rejection rate 18.4 +6.2% Not reported
Calibration time 28 seconds (4 targets X 7 seconds) Not reported

Hardware requirements

Laptop with built-in 720p webcam; no
specialized eye-tracking hardware

Unmodified common tablet

Browser compatibility

Google Chrome 30.0.1599.66 on OS X
10.8.2

Native tablet application; browser com-
patibility not applicable

Client-side video processing;
Camgaze.js does not transmit or
persist video frames or gaze values
Browser-based implementation using
JavaScript and WebRTC; no separate
native installation

Processing and privacy Not reported

Deployment Platform-specific tablet application

6.2 Performance

We have conducted 5 performance sessions to measure the performance of . Each session used the same
procedure as the accuracy tests except that the calibration phase was not required, and each session lasted
70 seconds (10 targets X 7 seconds), matching the duration of the accuracy test. The sampling rate was
computed as the number of usable frames divided by the session duration, where a usable frame is one
for which an eye was detected and a gaze metric could be computed; frames in which eye detection
failed or the gaze metric could not be determined were counted as dropped and were not included in the
numerator. The reported sampling rate of 17.5 FPS (£ 4.5) is the mean across the 5 sessions, and the
reported variability is the sample standard deviation across sessions (denominator n — 1); it therefore
reflects between-session variability rather than within-session frame-to-frame jitter.

The frame rejection rate, defined as the fraction of captured frames for which no usable gaze estimate
was produced (eye detection failed or the gaze metric could not be computed), was 18.4% on average
across the 5 sessions, with a sample standard deviation of 6.2% across sessions. This corresponds to
the usable sampling rate of 17.5 FPS reported above: frames that were rejected are excluded from the
numerator of the sampling-rate calculation. The rejection rate varied across sessions in the same way as
the sampling rate and reflects the lighting- and distance-dependent detection behaviour described below.
Calibration failure was not observed in any of the 5 accuracy sessions (0/5), as reported in Section 5.2.

Our performance degrades under poor lighting conditions. Since the implementation of the Haar
detector in JavaScript currently does not support tree-based cascades, different lighting conditions affect
the amount of frames in which eyes were detected. We have found the best results when the user has
limited light projected directly on the face. The distance to the camera is also an impeding factor on the
performance. The user needs to be about 1 ft from the webcam for the best results. All sessions reported
above were conducted under the mildly-bright fluorescent lighting described in Section 5.1, with no direct
light on the face; the reported 17.5 FPS (+ 4.5) therefore corresponds to that condition. In separate
exploratory observations under dim ambient lighting, the usable sampling rate fell to approximately 12-14
FPS, while direct frontal lighting allowed sustained rates near 17.5 FPS. These lighting-dependent figures
were not obtained from the 5 instrumented sessions and are reported as preliminary observations rather
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than as measured session statistics. Although these figures are preliminary, they indicate that illumination
variability can degrade real-time performance by roughly 20-30% relative to well-lit conditions.

These lighting-dependent observations concern the usable sampling rate and the frame rejection rate;
they do not constitute a measurement of gaze error under varied lighting, because the accuracy sessions
were all conducted under the single lighting condition of Section 5.1. Likewise, head-position variation
was not manipulated in the instrumented sessions: the procedure required a stable head orientation at
approximately 1 ft, and the reported accuracy and sampling-rate figures therefore correspond to that
condition. An evaluation of gaze error as a function of lighting level and head pose was not performed in
this work and is noted as future work in Section 8.

The claim that the system is suitable for a broad range of devices is supported only by the single
laptop configuration tested here and by the preliminary tablet observation reported in Section 8; broader
device coverage remains to be established. Browser compatibility is likewise limited to the build tested
(Google Chrome 30.0.1599.66 on OS X 10.8.2); other browsers and later Chrome builds, which have
different WebRTC and canvas implementations, were not evaluated. Deployment limitations follow from
this: the system requires a browser with WebRTC support and a camera, and its behaviour on browsers or
devices not tested here is unknown.

7.1 Privacy Concerns

is intended to bring eye tracking to larger-scale deployment. This intensifies the need to address the
privacy concerns some users might have. The library we describe attempts to do this in several ways.

When the user accesses a web page that uses , the browser prompts them with a notice that the website
is attempting to use video from their computer. This is the default behaviour of both Chrome and Firefox
and cannot be overridden by any website. additionally displays a notice that explains how this data will
be used, preventing the capture of data from an unaware user.

As previously mentioned, is implemented in JavaScript. Since the majority of modern web browsers
have a built-in JavaScript interpreter, it is possible to do the eye tracking on the client-side. In the browser
implementation described here, video frames are processed in memory within the page and are not
transmitted to an external server by ; the library does not persist video frames or gaze measurements to
storage. Gaze measurements are exposed to the calling page as JavaScript values so that the application
can use them, which means that a host page or any other script running in the same page could in principle
access them; itself does not transmit or store them. This allows the proposed solution to avoid sending
and storing the user’s video stream on an external server. In general, we believe that sensible measures
have been taken to mitigate the potential privacy impacts, although the privacy properties depend on the
host page’s own data-handling practices. Client-side processing also distinguishes from cloud-centric
analytics architectures, which move computation and data to centralized infrastructure [10, 20]; declarative
and data-system-language approaches similarly emphasize where computation is placed [11, 12].

7.2 Limitations

Currently, lacks any spatial awareness between the camera and the user. In some cases, due to a specific
change in alignment of the user, the result from the eye tracker will be imprecise. Likewise, a change in
head pose potentially disrupts the precision of (e.g., if the user is looking at the centre of the screen but
starts to tilt his/her head down, the gaze metric will predict the user looking up due to the displacement
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from the centre of the eye to the pupil). The pupil-position-relative-to-the-Haar-bounding-rectangle metric
described in Section 3.2 compensates for small translations of the eye within the image and for camera
jitter, but it does not compensate for head rotation, changes in the camera-to-eye geometry, or imperfect
eye detection; these factors remain sources of error that the current linear calibration does not model. Eye
tracking in human interaction faces known limitations [14], and applications in aviation, maritime, and
construction [13] require robust performance under varied head movements and lighting.

The lack of well trained Haar classifiers also limits the ability of this work. The current classifiers
available in JavaScript are not as highly trained and thus do not detect the eyes as frequently in different
lighting conditions. This causes problems with because a gaze metric can not be determined and a point
on the screen is not mapped. Head-mounted and depth-augmented tracking systems avoid some of these
failure modes by fusing additional sensor streams [15]. Real-time feedback-driven adaptation is also
central to low-latency networking systems [21], suggesting that similar feedback loops could stabilize
gaze sampling under jitter.

Preliminary experiments show that is working on a tablet computer (Google Nexus 7 — 2013 version,
Chrome Beta 30.0.1599.81, V8 3.20.17.13 JavaScript engine), which brings a potential to bring eye
tracking to a variety of handheld devices. This observation is preliminary and was made on the same
generation of browser APIs as the laptop experiments; modern browser APIs (constraint-based camera
control, WebAssembly, and WebGPU) and current browser builds were not evaluated and are expected to
change both the compatibility profile and the achievable performance. Further research could address the
feasibility of eye tracking on even smaller devices such as smartphones and “phablets” (phones with a
screen wider than 5” inches).

We hope to make progress with porting some computer vision libraries to JavaScript, allowing to
apply the latest developments in the field to solve the problem of eye tracking. With more sophisticated
algorithms, we hope to improve the performance and accuracy of . Driver gaze estimation methods based
on deep learning [7] also indicate the potential for real-world deployment. Lightweight architectures such
as GazeCapsNet suggest a path toward client-side inference without sacrificing accuracy [8].

Additional research on the normalization of the video stream could be done. Porting some of the
algorithms to JavaScript would be a novel task.

We believe that should be used in cases where the simplicity and scalability of deployment overweights
the need for perfect precision of point of gaze prediction. Ability to open a webpage, click “OK” on a
pop-up bar, and start eye tracking opens up possibilities for use of eye tracking for various new applications,
which were previously “solvable” by eye tracking, but not applied outside the controlled lab environment.

For example, Heitger et al. have shown that impaired eye movements in post-concussion syndrome
patients indicate trauma on the brain that surpasses the influence of intellectual ability. The use of
current-generation eye tracking hardware/software combinations makes a deployable solution for testing
concussion-based eye movements difficult. has the potential to be used in deployable scenarios such as
emergency rooms, ambulances, and sports centres; however, applications involving concussion assessment,
emergency care, or other clinical settings are presented here as potential future applications only. They
have not been clinically validated in this work, and any clinical use would require appropriate validation
against established clinical measures. Browser-based eye tracking could, in principle, enable widespread
neurological screening, subject to the need for clinical validation. Analogous data-driven classification
pipelines have been applied to resolve conflicts in construction standards [22], and embedded intelligence
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frameworks have been proposed for automating financial-close controls [23]; these suggest templates
for deploying lightweight gaze analytics in regulated workflows. Distribution-aware learning pipelines
[18] and multi-model linguistic fusion [24] further indicate that gaze-derived features could be integrated
into larger multimodal inference stacks. Orchestration of decentralized wireless infrastructures [25] and
evolutionary game-playing agents [26] illustrate adjacent deployment contexts in which low-cost sensing
could be combined with automated decision-making. Tracking applications in the life sciences, such as
monitoring antibiotic-resistant E. coli in agricultural settings [27], and probing internal representations
of language models through perturbation-driven visual analytics [28], similarly motivate lightweight,
browser-deployable sensing primitives.

In addition, a systematic evaluation of accuracy under varied lighting conditions and head positions,
using the same instrumented procedure as Section 5.2, is needed to characterise how the reported
error depends on those factors; the present work evaluates accuracy only under the single lighting and
head-position condition of Section 5.1.

A controlled comparison with an established webcam-based eye-tracking system, using the same
participants, target positions, and testing conditions, is also needed; the present comparison with Holland
and Komogortsev is a cross-study comparison only and does not substitute for such a controlled evaluation.
Finally, the growth of synthetic corpora and automated testing infrastructure for information retrieval [19]
and of in-database analytics for dynamic data exploration [29] suggests reusable methodological patterns
for scaling evaluation beyond small laboratory sessions.

In this paper, we have described the design and implementation of an in-browser, client-side eye tracker
written in JavaScript. We have also discussed the privacy benefits, limitations, and impact such a
system would have on current eye tracking applications. Through our evaluation, we have found our
implementation to achieve a mean radial gaze error of 2.1 inches (+ 0.1, sample standard deviation across
the 10 per-target errors) and a usable sampling rate of 17.5 FPS (+ 4.5, sample standard deviation across
the 5 sessions) under the lighting conditions of Section 5.1.

The performance of the proposed system is influenced by many mutable limitations and therefore has
the potential to improve. This work represents an eye tracking system that will have negligible deployment
costs and higher accessibility. However there exists a price in accuracy that the authors feel is worth the
benefits.

This material is based upon work supported by the National Science Foundation under Grant No.
CNS- 1062743.
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