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Abstract—Gaze tracking is a promising technology for studying
the visual perception of clinicians during image-based medical
exams. It could be used in longitudinal studies to analyze their
perceptive process, explore human-machine interactions, and
develop innovative computer-aided imaging systems. However,
using a remote eye tracker in an unconstrained environment
and over time periods of weeks requires a certain guarantee of
performance to ensure that collected gaze data are fit for purpose.
We report the results of evaluating eye tracking calibration for
longitudinal studies. First, we tested the performance of an eye
tracker on a cohort of 13 users over a period of one month. For
each participant, the eye tracker was calibrated during the first
session. The participants were asked to sit in front of a monitor
equipped with the eye tracker, but their position was not con-
strained. Second, we tested the performance of the eye tracker on
sonographers positioned in front of a cart-based ultrasound scan-
ner. Experimental results show a decrease of accuracy between
calibration and later testing of 0.30° and a further degradation
over time at a rate of 0.13°. month—1. The overall median accu-
racy was 1.00° (50.9 pixels) and the overall median precision was
0.16° (8.3 pixels). The results from the ultrasonography setting
show a decrease of accuracy of 0.16° between calibration and
later testing. This slow degradation of gaze tracking accuracy
could impact the data quality in long-term studies. Therefore,
the results we present here can help in planning such long-term
gaze tracking studies.

Index Terms—Accuracy, biomedical imaging, calibration, data
analysis, gaze tracking, testing, ultrasonography.
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I. INTRODUCTION

AZE tracking is the process of determining one’s point-
G of-gaze as a temporal sequence of coordinates. Spatially
registering the points-of-gaze to a visual stimulus displayed on
a monitor requires a calibration which depends on several fac-
tors related to the subject (physiological properties, presence of
sight correction apparatus) or the environment (illumination,
position of the monitor) [1]. While controlled cross-subject
and cross-device comparative studies of gaze tracking accuracy
are available in [2], these do not provide any information on
whether the accuracy may degrade in time. In addition, vendor-
provided performance information is an estimate assuming
a specific use context [e.g., desktop-based human—computer
interaction (HCI)].

Especially from the biomedical engineering perspective,
there are several motivations for exploring human perception
via gaze tracking. Namely, understanding the medical image
perception process by assessment of visual search strate-
gies of clinicians [3], studying human visual expertise during
image acquisition and interpretation for potential skill assess-
ment [4], improving and designing graphical visualizations
and interfaces for HCI in medical settings [5], and devel-
oping computer-based image analysis methods, such as auto-
matic detection of medical image contents and computational
modeling of human visual attention [6]—[8].

First, the holistic understanding of expert perceptive and
cognitive learning processes in terms of visual scan, search and
recognition strategies, and decision-making has been of con-
siderable interest to the scientific community. Studies in this
direction include the evaluation of visual search tasks in radi-
ology [9]-[12]; computed tomography [13]-[15]; mammogra-
phy [16]-[19]; magnetic resonance imaging (MRI) [20], [21];
pathology [22]-[24]; and ultrasound imaging [25], [26].

Second, variations in visual expertise and behavior between
experts, trainees, and novices have been analyzed in different
clinical settings, such as endoscopic surgery [27]-[29]; radi-
ology [30]-[33]; mammography [34]; pathology [35], [36];
computed tomography [37], [38]; pediatric neurology [39];
dermatology [40]; and ultrasound-guided anesthesia [41].

Third, gaze tracking has been widely explored for HCI and
usability research [5], [42]. The information inferred from eye
tracking devices can be utilized to determine areas of interest
and visual search patterns in an interface, and to evaluate the
visibility, usefulness, and position of its elements. This has
been shown to be helpful in improving interface design for
more efficient system interaction, e.g., reduced overall visual
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clutter [43] and cognitive workload. An example of an HCI
study for medical imaging is [44], where gaze tracking was
used to analyze visual search paths of radiologists to provide
useful insights for designing efficient radiology workstations.

Finally, recently there has been an emergence of interest in
the image analysis literature in gaze tracking to understand its
role in constraining image interpretation. For example, appli-
cations of gaze tracking-based computer vision include object
recognition [45]-[47], action recognition [48]-[50]; and cap-
tion generation [51]. Likewise, expert human knowledge has
been leveraged to design advanced medical image analysis
algorithms for automatic detection and classification of image
contents in mammography [52], retinal images [53], MRI [54],
and ultrasound images [55], [56]. From the computer vision
point of view, gaze tracking has informed saliency-based visual
attention methods [57], leading to a number of computational
visual saliency models. Correspondingly, prediction of visual
attention in medical images has been performed using gaze
data as ground truth in radiology and retinal images [58],
endoscopy [59], and ultrasound images [60].

However, the construction of meaningful models of med-
ical image perception requires a large amount of real-world
data to account for the natural variability of the task as well
as the natural variability in human perception. This involves
the acquisition of gaze data across an extended period of time
(potentially several months). In order to facilitate the anal-
ysis and interpretation of gaze data, it is important that the
eye tracker is accurately calibrated for each observer, and that
the calibration does not drift with time. Therefore, we wanted
to understand how the accuracy of a commercial eye tracker
varies in time, and whether a regular recalibration is necessary.

Longitudinal stability of gaze tracking accuracy has
previously been reported at timescales of the order of minutes.
Gomez-Poveda and Gaudioso [61] evaluated the temporal sta-
bility of different eye tracking algorithms for webcams in a
single continuous session, i.e., the stability of measurements
across consecutive camera frames. Johansen et al. [62] com-
pared the accuracy of two eye trackers with nine participants
and at four different instances, separated by a pause of 2 min.
The authors reported that the effect of time elapsed since
calibration was not statistically significant at this timescale.
Hence, to the best of our knowledge, there has not been a
longitudinal study assessing performance at larger timescales.
However, long-term temporal factors could have an impact on
the accuracy of gaze tracking.

1) Changes in the external environment, such as head

position [63], [64] or illumination [65].

2) Changes in the appearance of the user. This is relevant as
most eye trackers use image-based tracking algorithms
to take measurements from the user’s face and eyes.

In this paper, we report the results of a longitudinal study
of gaze tracking performance conducted over a period of one
month. The aim of this paper was to evaluate whether the accu-
racy of gaze tracking is stable over this time interval after a
single initial calibration for each user. This issue has been stud-
ied in related areas such as biometric recognition. For instance,
it has been suggested that the accuracy of iris recognition may
decrease in the very long term [66]. A recent study reported
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TABLE I
MONITOR SPECIFICATIONS

Monitor 1 Monitor 2
Resolution 1920 x 1200 1920 x 1080
Pixel pitch 2.7 x107*m 2.4 x 10~*m
Refresh rate 60 Hz 60 Hz

a diminution of face recognition accuracy with years [67].
However, accuracy over several years is not relevant to the
range of applications of interest in biomedical image analysis.
Indeed, the purpose of having a temporally robust gaze track-
ing system is to acquire data on human visual behavior while
demanding minimum time and effort (i.e., a minimal num-
ber of calibrations) from the studied subjects (busy clinical
professionals working in clinics).

Our investigation was divided into two studies. The first was
a desktop study with 13 participants. It was intended as a ref-
erence for image viewing on a desktop monitor. The second is
an in situ study, which specifically looked at accuracy in the
context of cart-based ultrasonography (a cart-based scanner is
the most commonly used device for ultrasound exams). The
environment of an ultrasound exam is different from the desk-
top setting in which gaze tracking is usually performed. First,
the amplitude of motion of a sonographer is typically larger
than that of someone sitting at a desk in front of a computer,
and the variability of head positioning is also larger due to
the flexibility of the cart-based ultrasound scanner. Second,
the ultrasound exam is performed in the dark, with the moni-
tor as the main source of luminosity. Since the head position
and room illumination are two important factors impacting eye
tracking quality, it is of interest to estimate how an eye tracker
performs in these conditions. Note that we purposefully did not
constrain the movement of the participants, because the objec-
tive was to evaluate the temporal evolution of gaze tracking
performance in a real use situation rather than the performance
under optimal conditions.

II. METHODS
A. Experimental Setup

For all experiments, we used a Tobii Eye Tracker 4C (Tobii,
Sweden). This remote eye tracking device provides an esti-
mate of the point-of-gaze and 3-D eye position for each eye
at 90 Hz.

For the longitudinal desktop study, a Dell Ultrasharp U2413
monitor was used with the relevant specifications summarized
in Table I under Monitor 1. For the in situ study, a Philips
EPIQ 7G cart-based ultrasound scanner was used, consisting
of an articulated monitor with the characteristics summarized
under Monitor 2 in Table I. For each monitor, the eye tracker
was rigidly attached under the display area with a magnetic
mounting bracket, following the product’s instructions. The
experimental setup for the in situ study is represented in Fig. 1.

B. Calibration

A 9-point calibration was performed for each user, following
the method in [1]. The calibration targets were defined on a
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Fig. 1. Experimental setup for the in situ study. The eye tracker is fixed on
the monitor of a cart-based ultrasound scanner. A visual stimulus is displayed
to perform calibration and testing of the eye tracker.

regular grid at relative horizontal and vertical screen positions
of 0.1, 0.5, and 0.9

Targets = {0.1, 0.5, 0.9} x {0.1, 0.5, 0.9}. (1)

The visual stimulus was a white disk on a black background.
The calibration protocol was as follows:

procedure CALIBRATION(Targets)
for T € Targets do
Expand stimulus to size s
Move stimulus to T
Shrink stimulus to size s
Acquire calibration data
end for
Compute calibration parameters
end procedure.

This protocol was implemented in C++ using Qt for the
GUI and the Tobii Pro SDK (C language binding, version
1.1.4.5) for controlling the eye tracker. The acquisition of cal-
ibration data and the computation of calibration parameters
were performed using functions of the Tobii Pro SDK. The
radius of the stimulus was sp = 10 pixels between acquisi-
tions, and s; = 5 pixels during acquisition. The duration of
the stimulus shrinking and expanding animations was 500 ms
and the duration of motion from one target to another was
2000 ms.

The calibration for each user was saved on the disk through
the Tobii Pro SDK, so that it could be loaded later for testing.

C. Testing

The testing protocol was similar to the calibration proto-
col. Gaze data was acquired at the same nine targets as in
Section II-B. The testing protocol was as follows:

procedure TESTING(Targets,numberOfSamples)
Samples <— EmptyList
for T € Targets do
Expand stimulus to size s
Move stimulus to T
Shrink stimulus to size s
n<20
while » < numberOfSamples do
S <« acquireSample()

if isValid(S) then
Samples <— append(Samples, S)
n<n+1
end if
end while
end for
return Samples
end procedure.

D. Evaluation Metrics

Evaluation metrics were calculated as pixel and angular
measures for the eye tracking device [1].

1) Pixel Measures: Let G = (gx, gy) denote the gaze mea-
surement in screen coordinates, with x corresponding to the
horizontal axis, and y to the vertical axis. Given a series
(Gi)ﬁi | of N measurements corresponding to the same visual
target, the fixation point F is defined as

1 N
F:N;:G,-

and the pixel accuracy Apixels for a fixation F acquired over
target T € Targets from (1) is defined as

(@)

Apixels(F, T) = |[F — T|2. 3)

For the same series (G,-)?’= | of continuous measurements,
ordered in chronological order, the precision Ppixels is defined
as the root mean square of displacements [68]

N—1
1

Ppixets(G1, ..., Gy) = NZ}MGZ-—GZ-HH%. 4)
=

2) Angular Measures: In order to convert the evaluation
metrics from pixels to degrees, one needs to know the dis-
tance d between the eyes and the screen and the pixel pitch
p (physical size of a pixel). The distance can be obtained for
each eye using the eye position E and 3-D gaze point position
G*P provided by the eye tracker

di = |E; — G} P )

where i € {left, right} indicates the left and right eyes. The
average distance is d = (1/2)(dieft + dright)-

Then, the angular accuracy Aang and angular precision Pyng
can be computed as

A .

Aang = atan(p erls> (6)
P .

Pung = atan (p ‘;‘e“). %)

E. Desktop Study

We evaluated the performance of the eye tracker on a cohort
of 13 participants during one month. Each participant was cal-
ibrated at time Ty and tested right after the calibration, and
then at 7o + 1 hour, Ty 4+ 1day, then every week to (and
including) the fourth week (seven test sessions per partici-
pants). The attendance rate was 95.6% (four sessions were
missed).
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1) Protocol:

a) First session: For the initial session, each participant
was asked to sit in front of the monitor equipped with the
eye tracker. They were free to adjust the monitor’s height and
inclination, and to move the chair. Then, they were asked to
look at the visual stimulus displayed on the monitor, in order
to perform the calibration. The lights were turned off, so as
to have similar illumination conditions to the second study on
sonographers. The calibration was performed as described in
Section II-B. Note that the estimation of the calibration param-
eters performed by the Tobii Pro SDK can fail if the quality
of the calibration data is insufficient. In such a case, the cali-
bration procedure would be attempted one more time. Where
the calibration was successful, the test procedure described
in Section II-C was performed under the same conditions.
The participant did not leave the experimental station between
calibration and testing.

b) Test sessions: For each subsequent session, the exper-
imental protocol was similar, and testing was performed as
described in Section II-C. Therefore, the main differences from
the first test were:

1) the participant had been away from the station between
calibration and testing;

2) the configuration of the monitor and chair may have
changed;

3) a certain amount of time had elapsed.

2) Models:

a) Linear model: We wanted to investigate whether the
accuracy and precision (response variables) of an eye tracker
are constant with respect to the time elapsed since the cal-
ibration. Explanatory variables are: participant; time since
calibration; session type (initial/testing); target location; and
distance to screen. Time since calibration is the specific focus
of this paper. It is a continuous variable, therefore its effect
can be modeled through regression. The participant variable is
also of interest, because it can be used to study the interuser
variability in accuracy and precision. Target location and dis-
tance to screen, on the other hand, cannot be controlled during
eye tracking acquisitions without constraining the participant.
Therefore, these can be considered as part of the residual
variability in the response variables. In order to perform a
regression while modeling interuser variability, we need to
use a mixed-effect model. Thus, we fitted a generalized linear
mixed-effect model [69] to the evaluation measure y (either
Aang O Pypg). The model is defined as

3i(0i(0) ~ Distr(pi(0), %) (®)
wi(® = Bo+ Boi + (B1 + Bu.i)t 9
Boi | _ 2
[ﬂu] /\/(0, U,D) (10)
where i = 1...M denotes the participant, ¢ is the time

since calibration, Distr(x, 02) is a statistical distribution with
location parameter p and dispersion parameter o, wi(t) is
the location parameter of the model with fixed-effects inter-
cept and slope fBo, B1, random-effects intercept and slope
Po.i» P1.i and o, is the mixing standard deviation, accounting
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for interuser variability. The matrix D parameterizes the corre-
lations between random effects. This model is of interest to our
problem because it performs a regression on the time variable ¢
while explicitly modeling the interuser variability through o,
and the residual variability through o. The residual variability
corresponds to the uncontrolled explanatory variables (target
position) and testing conditions.

b) Two-stage linear model: One potential issue with the
purely temporal model above is that it only accounts linearly
for the time elapsed, without modeling the initial effect of leav-
ing the station and coming back for testing (independently of
the time delay). To account for this effect, we define a sec-
ond mixed-effect model with an additional variable [; € {0, 1}
indicating whether the participant has been away between
calibration and testing. The model can thus be defined as

¥i(Oli(o) ~ Distr(ui(0), o) (an
wi®) = Bo+ Bo.i + (B1 + Bri)t + (B2 + Bo.i) i (12)

[~ x(0.070)
Ba.i

13)

where f, is the parameter corresponding to the effect of
leaving the station.

F. In Situ Study

We evaluated the performance of the eye tracker for a cohort
of three sonographers. Each sonographer was calibrated at time
To and tested right after the calibration, and at 7j + f, where
t > lday is a variable parameter according to the availability
of sonographers for the study.

1) Protocol: The protocol for the in situ study was similar
to the desktop study with two main differences.

1) The monitor of the cart-based ultrasound scanner pro-
vided more flexibility than the desktop monitor, as the
sonographers were free to adjust its inclination, height,
rotation, and distance according to their preference.

2) The time intervals for subsequent test sessions were not
fixed due to strict time constraints on the sonographers.
However, the interest was in quantifying the initial shift
in performance, due to the variability in the configura-
tion of monitor of the ultrasound scanner. Indeed, the
rate of change of performance due to time alone was
expected to be similar to that observed in the desktop
environment study. Thus, the measurements for individ-
ual test sessions after the first session were concatenated
into a single group for each sonographer, instead of
multiple test sessions at fixed time intervals for each
participant in the desktop study.

2) Models: A linear mixed-effects model is not adequate
to represent the variation in calibration metrics, as the data
is recorded at fewer time instances for three sonographers.
Hence, we performed a comparison of the statistical dis-
tribution of the performance metrics between the two time
points.
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TABLE 1T
FIXED EFFECTS COEFFICIENTS OF THE LINEAR MIXED-EFFECTS MODELS FOR ACCURACY AND PRECISION

parameter  estimate SE correlation matrix®
Bo —4.156  0.040 1.00 -0.70 -0.07 —
log(Aung)® B1 0.008 0.002 —-0.70  1.00 0.05 —
ang o 0.509 0.039 —0.07  0.05 1.00 —
log(o2) —0.450  0.051 — — — 1.00
Bo —5.774  0.133 1.00 —-0.43 -0.59 0.28
10g(Pang)® 51 0.002 0.003 —0.43 1.00 0.09 —0.09
ang or 0.306 0.036 —-0.59  0.09 1.00 —-0.22
log(a?) —0.263  0.056 028 —-0.09 —-0.22 1.00

2 Correlation values smaller than 0.01 are replaced with —.
b Angle measurements in rad, rates in rad - d—! (In logarithmic scale).

0.9999

0.99 -

0.5 -

0.01 |-

empirical cumulative distribution

L1 1A ! Ll !
04 103 1072 101

theoretical cumulative distribution

100

Fig. 2. Probability plot for accuracy against the lognormal distribution. The
data is close to the theoretical distribution.

III. RESULTS
A. Calibration

The calibration succeeded at the first attempt for 12 out of
13 participants. In the single failure case, the calibration was
successful at the second attempt.

B. Desktop Study

1) Exploratory Data Analysis: In order to identify a suit-
able statistical distribution to use in our model fitting we used
probability plots to visually check the goodness of fit for a set
of candidate distributions that could model the variability in
accuracy: lognormal, Rayleigh, and Weibull. The visually best
fit amongst those was obtained for the lognormal distribution
(Fig. 2).

Y ~ Lognormal (i, o2)is equivalent to log(Y) ~ N (u, a?),
so in the following we fit a normal distribution to the logarithm
of accuracy and precision.

2) Linear Model: We estimated the parameters of the linear
model (8)—(10) for accuracy and precision separately, using the
generalized nonlinear mixed models function gnlmm of the R
package repeated (v1.1.0). The scale and shape parameters
where initialized using the gnlr function for generalized non-
linear regression from the R package gnlm(v1.1.0). The scale
parameters (B, B1), mixing standard deviation o,, and log-
shape estimate log(c-2) for the logarithm of accuracy log(Aang)
and precision log(Pa,g) are reported in Table II, along with
the corresponding standard error (SE) and correlation matrix.
For each model we also present, in a figure, the fixed effects

accuracy (degrees)

time (days)

Fig. 3. Fitted linear model for accuracy. The cohort mean trend is shown
as a solid line, with the 95% confidence band as dashed lines. The dark blue
region represents the one-sided 95% confidence band for user variability. The
light blue region represents the one-sided 95% confidence band for residual
variability.

trend as a function of time, with the 95% confidence band for
the fixed effects coefficients as dashed lines. The dark blue
region represents the 95% confidence band for the interuser
variability. The light blue region represents the one-sided 95%
confidence band for the residual above the dark blue boundary.

a) Accuracy: The estimated parameters indicate a cohort
mean accuracy at r+ = 0 of 1.24° and a slope of
0.30°-month™! at = 0 and 0.38° - month™! at r = 30d.
The correlation between random intercept and random slope
is —0.70. The temporal model for accuracy and associated
confidence bands are also represented as a function of time in
Fig. 3.

b) Precision: The estimated parameters indicate a cohort
mean precision at + = 0 of 0.26° and a slope of
0.01°-month™! (not statistically significant). The temporal
model for precision and associated confidence bands are
presented in Fig. 4.

3) Two-Stage Linear Model: To fit the two-stage linear
model (11)—(13), we defined an additional variable indicating
whether the samples were acquired during the initial session
or during a later one. Then, we used the same method as
above to estimate the parameters of the model. The fixed
effect scale coefficients (8o, 81, B2), mixing standard devia-
tion o,, and log-shape estimate log(c2) for the logarithm of
accuracy log(Aane) and precision log(Pa,g) are reported in
Table III, along with the corresponding SE and correlation
matrix.
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TABLE III
FIXED EFFECTS COEFFICIENTS OF THE TWO-STAGE LINEAR MIXED-EFFECTS MODELS FOR ACCURACY AND PRECISION
parameter  estimate SE correlation matrix®
Bo —4.339  0.073 [ 1.00 — —-0.84 —-0.03 — 7
1og(Aung)® 51 0.004 0.003 — 1.00 —0.41 0.05 —
08 Aang)” - g, 0.259  0.087 —0.84 —041 1.00 -0.01 —
or 0.507 0.039 —-0.03 0.05 —0.01 1.00 —
log(o?) —0.461  0.051 | — — — — 1.00 |
Bo —5.574  0.082 [ 1.00 0.01 —0.82 0.09 0.01 7
10g(Pang)® 51 —0.001  0.003 0.01 1.00 —-0.41 0.02 —-0.05
08 Fang)" g, 0.132  0.096 —0.82 —041 1.00 —0.01 0.01
or 0.403 0.025 0.09 0.02 —0.01 1.00 0.12
log(c?) —0.282  0.053 0.01 —-0.05 0.01 0.12 1.00
2 Correlation values smaller than 0.01 are replaced with —.
b Angle measurements in rad, rates in rad - d—1 (In logarithmic scale).
2 8 T
2 15 B 2 6
8 8
o 2
= Sy
= B B - =
z g
0 | | |
To 11 +1 week +1 month
time (days) time (days)
Fig. 4. Fitted linear model for precision. The cohort mean trend is shown  Fig. 5. Fitted linear model for accuracy. The cohort mean trend is shown

as a solid line, with the 95% confidence band as dashed lines. The dark blue
region represents the one-sided 95% confidence band for user variability. The
light blue region represents the one-sided 95% confidence band for residual
variability.

a) Accuracy: The estimated parameters indicate a cohort
mean accuracy at t = 0 of 1.03°, an initial shift of 0.30°, and
a slope of 0.13°-month™! at + = 0 and 0.15° - month™! at
t = 30d. The correlation between intercept (o) and shift (82)
is —0.84, the correlation between shift (8,) and time (B;) is
—0.41 and the correlation between intercept (Bp) and time is
less than 0.01. The model and associated confidence bands are
presented in Fig. 5.

b) Precision: The estimated parameters indicate a cohort
mean precision at + = 0 of 0.32°, an initial shift of 0.04°
and a slope of —0.01° - month™! (not statistically significant).
The model and associated confidence bands are represented in
Fig. 6.

4) Pixel Performance: The results given above were in
terms of angular errors. These allow the comparison between
measurements taken at different distances from the monitor. Of
practical interest are the metric or pixel measurements, which
indicate how precisely the eye tracking system can locate the
point-of-gaze on the display monitor. We represent the cohort-
wide median accuracy and precision for each test target on a
24-inch monitor in Fig. 7. The overall median accuracy was
50.9 pixels (13.8 mm) and the overall median precision was
8.3 pixels (2.2 mm). The accuracy at the center of the display
area (31.7 pixels, 8.6 mm) was significantly better than for the
peripheral targets. Similarly, the precision was significantly
better at the center (6.1 pixels, 1.6 mm).

as a solid line, with the 95% confidence band as dashed lines. The dark blue
region represents the one-sided 95% confidence band for user variability. The
light blue region represents the one-sided 95% confidence band for residual
variability. The point Ty corresponds to the initial session (following calibra-
tion) and the point 77 corresponds to the first session thereafter, so that the
evolution from T to 77 is discrete.

2 T
’% 1.5 |- N
D
Q
=
= 1 |
8
& 0.5
0 L |
To Ty +1 week +1 month
time (days)
Fig. 6. Fitted linear model for precision. The cohort mean trend is shown

as a solid line, with the 95% confidence band as dashed lines. The dark blue
region represents the one-sided 95% confidence band for user variability. The
light blue region represents the one-sided 95% confidence band for residual
variability. The point Ty corresponds to the initial session (following calibra-
tion) and the point 7'} corresponds to the first session thereafter, so that the
evolution from 7 to 77 is discrete.

C. In Situ Study

Three sonographers participated in the study. For one of
them, we performed three calibrations (on different days) in
order to have more samples at 7). The calibration of the eye
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participant
tracker on the ultrasound scanner was successful for five out of
five attempts. We performed ten testing sessions on different Fig. 10. Distance between the eye tracker and the eyes per user for the

days with one sonographer and one testing session with the
second sonographer. The third sonographer did not follow-up
after the initial session.

Normalized histograms of the measurements for accuracy
and precision are provided in Figs. 8 and 9, respectively.

a) Accuracy: The overall median accuracy was 0.65°
(30.1 pixels, 7.4 mm). A two-sample Kolmogorov—Smirnov
test indicated that the difference between the distributions
of accuracy values at Ty and 77 is statistically signifi-
cant (p < 0.05). The mean error at 77 was 0.16° larger
than at Ty.

b) Precision: The overall median precision was 0.09°
(4.5 pixels, 1.1 mm). A two-sample Kolmogorov—Smirnov test
indicated that the difference between calibration time (group
To) and subsequent testing (group 77) (p = 0.3) was not
statistically significant.

D. Distance to Screen

The distance between the user’s eyes and the screen (or
the eye tracker) is an important factor of gaze tracking qual-
ity. In real-world conditions, when the user’s position is not
constrained, there is no guarantee that the distance to screen
is within the optimal range for the eye tracker. The working
range of commercial eye trackers is optimized for a desktop
environment. However, the standard distance to screen when

desktop study. The red lines indicate the recommended working range of the
eye tracker.

using other types of work stations, such as a cart-based ultra-
sound scanner, is not known. In this section, we report some
statistics on the distance to screen that was measured in this
paper.

First, we report the distribution of the distance to screen
per user for the desktop study as box-and-whiskers plots
in Fig. 10. There is a significant interuser variability, but
overall 94 % of observations are in the recommended work-
ing range of the eye tracker (50-95 cm). We also report in
Fig. 11 the distribution of the distance to screen for differ-
ent points in time. We observed no significant variation in
time.

Finally, we report in Fig. 12 the distribution of distance
to screen per user and per time point for the in situ study.
All observations are within the recommended range for the
eye tracker. As previously, we observed that the interuser
variability is higher than the temporal variability.

IV. DISCUSSION

The results of the desktop study support two main conclu-
sions about the accuracy of the eye tracker. First, there is a
statistically significant degradation of accuracy between the
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Fig. 12. Distance between the eye tracker and the eyes at different times for
the in situ study. The red lines indicate the recommended working range of
the eye tracker.

initial calibration time point and later testing time points. The
mean shift was estimated at 0.30°, which corresponds to 30%
of the initial accuracy. This suggests that, when more than
one eye tracking session is planned after a single calibration,
the accuracy during subsequent sessions may be reduced with
respect to its initial level. A potential explanation for this effect
is that the conditions of the acquisition, such as the illumina-
tion or the position of the eyes with respect to the monitor
and eye tracker, have changed. These slight modifications in
the conditions thus have an effect on the accuracy of the eye
tracker. But note also that we did not see the same large shift
between subsequent time points. Second, the results show a
statistically significant degradation of accuracy with time, at
an average rate of 0.13°. month™!. This suggests that when
a gaze tracking study is planned over a certain period, the
duration of the study should be taken into account when con-
sidering the gaze tracking accuracy requirements. Moreover,
our results give an indication of the frequency at which the
eye tracker should be recalibrated, in order to ensure a cer-
tain accuracy of measurements. For example, if it is critical to
have a mean accuracy of 3° with a 95% confidence, then one
should recalibrate the eye tracker after 24 days.

The correlation matrix of the linear mixed-effects model
for accuracy shows a high negative correlation between inter-
cept (accuracy at calibration) and temporal slope (—0.70),
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which suggests that the temporal decrease in accuracy is
less important when the initial error is higher. However, the
correlation matrix of the two-stage model shows that the
most important correlations are between the intercept and
the initial shift (—0.84), and between initial shift and slope
(—0.41). This supports the conclusion that the two-stage
model gives a more precise indication of the evolution of
accuracy.

The results did not show any statistically significant
change of precision with time. However, they also pro-
vide confidence intervals which may be useful when plan-
ning a gaze tracking study. This is particularly important
because precision is arguably a more critical measure of
quality for gaze tracking data. Indeed, while inaccuracy
might be compensated a posteriori, low precision cannot be
corrected.

The in situ results provide indications of the accuracy and
precision of gaze tracking in a particularly challenging real-
world environment, as the monitor of a cart-based ultrasound
scanner is highly flexible, and there is more variability in the
positioning of sonographers in front of the scanner than in the
positioning of people in front of a desktop. The results give an
indication of the performance that can be achieved in such an
environment, and provide an estimation of the loss of accuracy
between calibration and later use (0.16°). The experiments did
not show any degradation of precision. Note that we found
both the accuracy and precision to be better in the in situ
study than in the desktop study. This is encouraging for the
development of gaze tracking studies in real-world medical
environments.

V. CONCLUSION

The main finding of this paper is that the accuracy of
gaze tracking degrades slightly with time. We have iden-
tified two effects that may impact gaze tracking accuracy:
1) a natural change in conditions caused by leaving and
returning to work station and 2) elapsed time, at a rate of
about 8’ - month~!.

This was, to our knowledge, the first longitudinal study of
gaze tracking performance at the timescale of weeks, and the
first where the effect of natural changes in real-world experi-
mental conditions was addressed. The practical significance
of this paper is in providing guidance for the planning of
real-world long-term gaze tracking studies, where repeated
recalibration of the eye tracker is not desirable. While the
rate of loss in accuracy is small, it was found to be practically
significant at the scale of a month.

We expect these results to be of particular interest for the
application of gaze tracking to the study of human understand-
ing of biomedical images in real-world settings. Indeed, the
acquisition of data from a clinical environment requires typ-
ically longer studies than in other domains, and it is often
not feasible to perform daily calibrations. For such applica-
tions, the results we have presented will support the design of
long-term gaze tracking studies while controlling the level of
confidence in the measurements.
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