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Fixation identification: The optimum threshold
for a dispersion algorithm

PIETER BLIGNAUT
University of the Free State, Bloemfontein, South Africa

It is hypothesized that the number, position, size, and duration of fixations are functions of the metric used for
dispersion in a dispersion-based fixation detection algorithm, as well as of the threshold value. The sensitivity of
the I-DT algorithm for the various independent variables was determined through the analysis of gaze data from
chess players during a memory recall experiment. A procedure was followed in which scan paths were generated
at distinct intervals in a range of threshold values for each of five different metrics of dispersion. The percent-
age of points of regard (PORs) used, the number of fixations returned, the spatial dispersion of PORs within
fixations, and the difference between the scan paths were used as indicators to determine an optimum threshold
value. It was found that a fixation radius of 1° provides a threshold that will ensure replicable results in terms of
the number and position of fixations while utilizing about 90% of the gaze data captured.

1. Introduction

Cognitive processing takes place during fixations and
allows the human to “see” (Just & Carpenter, 1984), but
the eyes are never still. There is constant tremor of the
eyes in the form of nystagmus, drifts, and microsaccades
(Rayner, 1998). “A fixation . . . may be thought of as the
mean X and Y position coordinates measured over a mini-
mum period of time during which the eye does not move
more than some maximum amount. More simply stated,
point-of-gaze must continuously remain within a small
area for some minimum time” (Eyenal, 2001, p. 12).

Irwin (1992) found the theoretical minimum duration
for a single fixation to be 150 msec, whereas Manor and
Gordon (2003) argued that 100 msec can also be justified.
Rayner (1998) indicated that the mean duration of a single
fixation may depend on the nature of the task. The mean
fixation duration during silent reading is about 225 msec.
During visual search, however, the mean fixation duration
is 275 msec, and for tasks that require hand—eye coordina-
tion, such as typing, the mean fixation can be 400 msec
(Rayner, 1998).

Saccades are rapid eye movements with velocities as
high as 500°sec used to reposition the central focus area
of the eye (fovea) to a new location (Rayner, 1998). The
duration of a saccade is influenced by the distance covered.
For example, a 2° saccade, which is typical during reading,
lasts about 30 msec, whereas a 5° saccade (typical of scene
perception) lasts about 40—50 msec (Rayner, 1998).

The fixation, as the fundamental unit of eyetracking
analysis, depends on both the algorithm used to separate
fixations from saccades and the parameters employed for
the algorithm (Shic, Chawarska, & Scassellati, 2008).
Results produced by different algorithms may vary sig-

nificantly (Spakov & Miniotas, 2007). One of the great-
est restrictions of the available algorithms for fixation
detection is the fact that the parameter settings are cru-
cial. It has been shown by Shic et al. (2008), as well as
Manor and Gordon (2003), that a change in the param-
eters may cause a change in the reported fixation dura-
tions. Choices made by researchers during analysis can
lead to different interpretations of the same eyetracking
data (Shic et al., 2008).

In this article, the dispersion threshold algorithm for
fixation identification (I-DT) of Salvucci and Goldberg
(2000) is implemented, and an attempt is made to deter-
mine the optimum dispersion threshold for each of four
different measures of dispersion. Various characteristics
of the identified fixation sequences, also known as scan
paths, are analyzed at a range of thresholds. The optimum
threshold for each measure is considered to be the one at
which a number of indexes (the percentage of PORs in-
cluded, the number of fixations identified, the position of
the fixations, and their spatial distribution) are optimized
to such an extent that the position and duration of a view-
er’s actual gaze is represented as accurately as possible.

It is hypothesized that all of the indexes listed above
(dependent variables) are functions of the metric used for
dispersion as well as of the threshold value (independent
variables). Specifically, the sensitivity of the dependent
variables of the I-DT algorithm for the various indepen-
dent variables was analyzed.

If the hypothesis holds, it would mean that eyetrack-
ing research should always report the algorithm that was
applied, together with the metric and threshold that was
used, in order to facilitate the replication of results—an
opinion shared by Salvucci (as quoted in Karn, 2000).
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Figure 1. (A) Raw gaze data of a participant during a memory recall experiment. (B) Panel A repeated, but with the chess

pieces removed.

The present article is organized as follows. Section 2
will provide some background on the identification of
fixations from raw data, and Sections 3 and 4 will give
an overview of the literature on existing algorithms for
identifying fixations and the critical nature of the thresh-
old values that are used in these algorithms. Section 5 will
deal with the methodology used in the present study. In
Section 6, the results will be analyzed with respect to the
hypothesis as formulated above. The quality of the fixa-
tion sequences that are identified by the various metrics at
arange of threshold values will be evaluated in Section 7.
Section 8 will resolve the findings of Sections 6 and 7 in
an attempt to determine an optimum dispersion threshold
for the I-DT algorithm of Salvucci and Goldberg (2000).
The findings will be summarized in Section 9, and the
article will be concluded with some suggestions for future
research in Section 10.

2. Identifying Fixations From Raw Gaze Data

The raw data generated by planar eyetracking equip-
ment consists of tuples (x;, y;, t;) where x; and y; refer to
the so-called point-of-regard (POR)—that is, the gaze co-
ordinates in the plane of a two-dimensional stimulus (e.g.,
a computer screen) at time #;. The interval at which data
are sampled varies with different eyetrackers but typically
can be 8-20 msec.

Figure 1A shows the raw gaze data (individual PORs)
for a chess player looking at a configuration of pieces for
15 sec, whereafter he had to reconstruct the configuration
for the purposes of a memory recall experiment. Figure 1B
shows the same board with the pieces removed in order to
reduce cluttering and improve visibility of the PORs. It is
clear that the PORs are grouped together and that these
clusters could possibly be identified by a human observer

as fixations. It is, however, not always clear whether PORs
that are spatially close to each other are also temporally
adjacent or how PORs that are not spatially close to other
PORs should be handled. Furthermore, manual inspec-
tions are extremely tedious and not feasible when working
with a large data set. An algorithm is thus needed that can
be automated to extract fixations from the raw gaze data in
such a way that the viewer’s intent (whether conscious or
subconscious) is extracted as accurately as possible.
Figure 2A shows a recording of the same stimulus for
another participant. The clustering is much less evident,
and a human observer would have difficulty identifying
the fixations as indicated by the enclosing convex hulls
in Figure 2B. PORs that were regarded by the fixation
detection algorithm as noise or intermittent gaze captures
during saccades are not included in a fixation. It is also
clear that some clusters that might have been mistaken for
a single fixation by a human observer are identified by the
algorithm as separate fixations, since they are not tempo-
rally adjacent. For longer recordings, the issue of overlap-
ping fixations would become even more pronounced.

3. Overview of Existing Algorithms

Two basic conditions exist for a cluster of PORs to con-
stitute a fixation: The total duration must be long enough,
and the PORs must be spatially close enough to one an-
other while forming a temporal sequence. These condi-
tions can be more precisely defined in terms of a duration
threshold and a distance or velocity threshold.

The algorithms that can be used to identify fixations
within raw gaze data have been well summarized (Du-
chowski, 2007; Jacob, 1990, 1993; Salvucci & Goldberg,
2000; Shic et al., 2008; Spakov & Miniotas, 2007), and
several novel improvements and alterations have been sug-
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Figure 2. (A) Raw gaze data of a second participant showing the points of regard (PORs). (B) Panel A repeated, but with
enclosing convex hulls that group PORs together in fixations. PORs that are not assigned to a fixation are visible outside the

hulls.

gested in the past (Kumar, Klingner, Puranik, Winograd,
& Paepcke, 2008; Santella & DeCarlo, 2004; Urruty, Lew,
Thadaddene, & Simovici, 2007). Also, several tools exist
that employ these algorithms (Camilli, Nacchia, Terenzi,
& Di Nocera, 2008; Eyenal, 2001; Gitelman, 2002; Hem-
inghous & Duchowski, 2006; Salvucci, 2000; Spakov &
Miniotas, 2007; Tobii Technology AB, 2008).

The algorithms can be categorized roughly in terms
of the way in which the above-mentioned conditions for
fixations and the corresponding thresholds are handled.
The velocity threshold algorithm discussed by Salvucci
and Goldberg (2000) and Kumar et al. (2008) separates
fixation points (PORs belonging to a fixation) and sac-
cadic points (PORs that do not belong to a fixation) on
the basis of their point-to-point velocities. The velocity
of a fixation point is less than a chosen threshold value,
whereas a saccadic point has a velocity that is larger than
or equal to the threshold. Thereafter, consecutive fixation
points are collapsed into fixations, and saccadic points are
discarded. Another velocity-based algorithm is based on
hidden Markov models (HMMs). The algorithm “uses a
two-state HMM in which the states represent the velocity
distributions for saccade and fixation points” (Salvucci &
Goldberg, 2000, p. 73). It is more robust than the velocity
threshold algorithm but uses a set of eight parameters—
namely, two observation (mean and variance of the dis-
tribution) and two transition parameters for each of the
two states. These parameters can be adjusted dynamically
through a process of reestimation. The process of reesti-
mation can, however, be difficult to implement (Salvucci
& Goldberg, 2000).

The dispersion threshold algorithm was originally pro-
posed by Widdel (1984), and adaptations and implemen-

tations thereof are discussed in Camilli et al. (2008), Sal-
vucci and Goldberg (2000), Shic et al. (2008), and Urruty
et al. (2007). The algorithm utilizes the fact that fixation
points, because of their low velocity, tend to cluster close
together. Fixations are identified as groups of consecu-
tive PORs within a particular dispersion or maximum
separation. The dispersion can be measured in terms of
the distance between points in the fixation that are the
farthest apart (Salvucci & Goldberg, 2000), the distance
between any two points (Shic et al., 2008; Spakov & Min-
iotas, 2007), the distance between points and the center
of the fixation (Camilli et al., 2008; Shic et al., 2008), the
standard deviation of the x- and y-coordinates (Anliker,
1976; Eyenal, 2001), or a minimum spanning tree of the
points in a fixation (Salvucci & Goldberg, 2000; Urruty
etal., 2007).

Recently, two promising approaches to fixation detec-
tion have been proposed. The mean shift procedure pro-
posed by Santella and DeCarlo (2004) searches for a local
maximum in a d-dimensional space by shifting each point
of the space toward higher density areas in order to sepa-
rate clusters until such movements involve a small number
of points. Urruty et al. (2007) proposed a clustering algo-
rithm in which clusters are formed by projections of eye-
tracking data. Urruty et al.’s approach constructs clusters
in subspaces of lower dimensionality and then uses these
to assist in identifying clusters in the original data set.

In this article, the focus will be on the dispersion thresh-
old algorithm only. This algorithm is quite robust with re-
gard to identified fixation sequences, as opposed to other
algorithms; for example, velocity-based algorithms may
produce inconsistent results at or near threshold values
(Salvucci & Goldberg, 2000) or at slow eye movements
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Figure 3. Scan paths of a participant as identified with the I-DT algorithm with a radius threshold of 1.0° and a duration
threshold of 100 msec (A: d4, c4, ¢6, f6, g7, g5, 15, ¢3, b3, d4, c4, b3, d2, g2, g4) and 200 msec (B: c6, g7, {5, d4, c4, d2, g4). Black

circles indicate differences.

(Urruty et al., 2007). Furthermore, the I-DT algorithm is
simple and easy to implement, and end users have little
difficulty comprehending the meaning of the parameters
and relating them to published recommendations. The al-
gorithm is also commonly used in analysis tools (Camilli
etal., 2008; Gitelman, 2002; Salvucci, 2000; Tobii Technol-
ogy AB, 2008). The algorithm is, however, very sensitive
to parameter settings (Salvucci & Goldberg, 2000), which
necessitates an effort to establish the optimum settings.

4. Criticality of Threshold Values

One of the biggest restrictions of the available algo-
rithms for fixation detection is the fact that the parameter
settings are crucial. Karsh and Breitenbach (1983) have
shown that the different algorithms for detecting fixations
can lead to totally divergent results. Shic et al. (2008) indi-
cated that mean fixation duration is a linear function of the
parameters chosen. Shic et al. also showed that specific
findings of an eyetracking analysis can be made insignifi-
cant or even reversed by changing parameter settings. The
fact that existing commercial eyetracking systems suffer
from a lack of transparency regarding the algorithms they
implement while having a strong dependency on the pa-
rameters entered by users (Lankford, 2000) further ag-
gravates the situation. As was stated by Wooding (quoted
in Karn, 2000), the standardization of algorithms for the
extraction of fixations and saccades, in order to ensure
rigor during research, is long overdue.

The threshold values for velocity and dispersion that are
normally used during research are motivated by physiologi-
cal characteristics. Depending on the nature of the task, it
has normally been recommended that the threshold for min-
imum fixation duration should be 100—200 msec (Manor &

Gordon, 2003), and the dispersion threshold should include
0.5°-1° of visual angle (Camilli et al., 2008; Eyenal, 2001;
Jacob & Karn, 2003; Salvucci & Goldberg, 2000).

If the duration threshold is set too low, false fixations
might be identified; if it is too high, actual fixations might
be missed (Camilli et al., 2008). Manor and Gordon (2003)
have also shown that significantly more fixations are iden-
tified with a duration threshold of 100 msec than with a
threshold of 200 msec. Figure 3 shows the raw gaze data
for a participant looking at a stimulus for 15 sec. The scan
path during the first 3 sec as identified with the I-DT algo-
rithm of Salvucci and Goldberg (2000) is indicated. In Fig-
ure 3A, the duration threshold was set at 100 msec, and the
maximum fixation radius at 1.0°. In Figure 3B, the same
dispersion threshold was used (fixation radius 1.0°), but
the duration threshold was set to 200 msec. It is clear that
several clusters of PORs that a human observer might have
regarded as fixations were not identified in Figure 3B—for
example, c4, 16, g5, b3, and g2 (circled in Figure 3B).

If the dispersion threshold for the I-DT algorithm of
Salvucci and Goldberg (2000) is too low, the algorithm
might exclude fixations of people with a large amount
of tremor—for example, older people or people wearing
glasses. If the dispersion threshold is too high, intermediate
PORs that are actually part of saccades might be mistaken
as part of a fixation, or clusters of PORs that actually rep-
resent separate fixations could be merged. Figure 4 shows
a scan path for the same participant as the one in Figure 3.
The duration threshold was set at a fixed 100 msec, and the
dispersion threshold was set to 0.5° (Figure 4A) and to 1.5°
(Figure 4B). As compared with Figure 3A, several fixations
were not identified in Figure 4A (e.g., ¢4, 16, g5), whereas
the fixations for ¢4 and d4 were combined in Figure 4B.
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Figure 4. Scan path of a participant as identified with the I-DT algorithm with a duration threshold of 100 msec and a radius
threshold of 0.5° (A) and 1.5° (B). The differences are highlighted with black circles.

Also, in Figure 4B, the saccadic point on the edge of e4
en route from f5 to ¢3 was included in f5.

Duchowski (2007) indicated that parameters may be de-
termined empirically and referred also to Tole and Young
(1981), who suggested an adaptive approach to overcom-
ing the criticality of threshold values by recalculating the
thresholds on the basis of recently observed noise. It might
also be possible to personalize the threshold for individual
users, in order to accommodate individual differences in
tremor and drift (refer to Figures 1 and 2).

With reference to the hypothesis mentioned in Sec-
tion 1, the aim of this study was to determine the impact
of the metric and threshold used in a dispersion-based
algorithm. Whereas the duration threshold was kept at a
constant 100 msec in the study, an attempt was also made
to determine the optimum dispersion threshold.

5. Methodology

One dispersion-based algorithm for fixation detection,
the [-DT algorithm of Salvucci and Goldberg (2000), was
implemented with five different measures of dispersion.
Various characteristics of the fixation sequences that were
identified by the algorithm were analyzed at a range of
thresholds. The optimum threshold for each measure was
considered to be the one at which a number of indexes
(the percentage of PORs included, the number of fixations
identified, the position of the fixations and their spatial
distribution) were optimized to such an extent that the
position and duration of a viewer’s actual gaze was repre-
sented as accurately as possible.

5.1. Participants, stimuli, and experimental setup.
Thirty-one chess players were approached between rounds
of a chess tournament to take part in the study. Participa-

tion was voluntary, and all the participants had normal
or corrected-to-normal vision. The sample included 27
males and 4 females, with an average age of 31.0 years
(SD = 13.2). Since no participant showed signs of bad
health, trembling, or weakened vision, age was not consid-
ered to have an effect. Chess expertise varied from novice
(ELO! rating 1,000) to expert (ELO rating 2,400), with an
average ELO rating of 1,880 (SD = 445). Although chess
expertise could have an influence on scan paths, it was not
considered to have an impact on fixation identification.
Therefore, the sample was considered to be homogeneous
in all respects that relate to the aim of this study.

Four different board configurations or stimuli, one of
which is shown in Figure 1, were displayed to each par-
ticipant onscreen for a period of 15 sec each. After every
15-sec exposure, players had to reconstruct the configu-
ration for purposes of a memory recall experiment. The
recall performance of the participants is beyond the scope
of this study, and only the eyetracking data that were cap-
tured during the 15-sec exposure time were analyzed.

Two of the boards represented midgame setups from
actual games with 18 and 28 pieces, respectively. For pur-
poses of the memory recall experiment, several pieces
on these two boards were randomly interchanged to cre-
ate the other two boards. The random interchanging of
pieces meant that the overall configuration of the boards
remained the same but that invalid positions might have
been created. Although the validity of the boards or the
number of pieces could certainly have an effect on the
scan paths, especially for better players, it was not consid-
ered to have an impact on fixation identification.

5.2. Equipment. Data were captured with a Tobii 1750
eyetracker (www.tobii.com). The eyetracker has a fre-
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quency of 50 Hz, which means that the PORs were cap-
tured and written to the underlying database every 20 msec.
The spatial resolution, or frame-to-frame variation of the
recorded PORs (also referred to as noise), of the eyetracker
was approximately 0.25° (Tobii Technology AB, 2003).

The eyetracker had a 17-in. screen, and the stimuli were
displayed with a resolution of 1,024 X 768 pixels, with an
eye-to-screen distance of =650 mm. Therefore, 1° of fo-
veal angle was represented by about 33 pixels, or 10.5 mm.
The individual squares of the chess board spanned about
20 mm (=2°) on screen, and each piece was displayed at
about 7 X 8 mm (<1°).

Calibration was done by displaying five dots at known
positions in the same area where the boards were dis-
played. One participant could not be calibrated satisfac-
torily, and his recordings were therefore not included in
the final analysis.

5.3. Algorithm and metrics. For each participant—
stimulus combination, the I-DT algorithm of Salvucci
and Goldberg (2000) was applied with a slight addition
(Line 6) to ensure that the identified fixation stayed within
the confines of the threshold:

1. points <— All PORs in recording
2. while there are still points
3. [Initialize window over first points to cover
duration threshold
4. if dispersion of window points = threshold
5 Add additional points to the window until
dispersion > threshold

6. Remove last point added
7. Note a fixation at the centroid of the
window points
8. Remove window points from points
9. else
10. Remove first point from points

11. end while

Since the primary aim of this study was to determine
an optimum dispersion threshold for the various metrics
of dispersion, the duration threshold (Line 3) was set at a
constant 100 msec. This is in line with Manor and Gordon
(2003), who found 100 msec to be a useful and practical
balance between the theoretical minimum and maximum
limits of fixation duration.

Salvucci and Goldberg (2000) explained the use of one
particular measure of dispersion of a fixation (Lines 4
and 5) but also indicated that alternative dispersion met-
rics can be used. Five different metrics were used in turn
to measure dispersion in this study, in order to determine
whether the number, position, size, and duration of fixa-
tions that are returned by the algorithm are functions of
the specific metric used. The metrics also served as veri-
fications of one another, especially in terms of intermetric
agreements of the scan paths that were returned.

1. For the distance dispersion (DD) metric (Shic et al.,
2008), the distance between each point in a fixation and
every other point should be less than a threshold value.

2. The distance threshold (D7) algorithm (Spakov &
Miniotas, 2007) compares the distance between succes-

sive points with a threshold. Since the eyetracker samples
points at a constant rate, it can also be referred to as a
velocity threshold.

3. The largest distance from the center of a fixation to
any POR in the fixation is referred to as the fixation ra-
dius (Rd) and should be less than a radius threshold value.
This is essentially the same as Anliker’s (1976) centroid-
distance method, which requires that a predetermined
percentage of points should be no further than a threshold
from the centroid of a fixation.

4. The Salvucci dispersion (SIv) (Salvucci & Goldberg,
2000) is a measure of the maximum horizontal and verti-
cal distance covered by the PORs in a fixation. For this
study it was defined as [(Max X — Min X) + (Max ¥ —
Min Y)]/2 = Threshold, which is different from the met-
ric in Salvucci and Goldberg in that the average of the
horizontal and vertical dispersion was used and not the
sum. Although this change would have no effect on the
fixations that would be identified, the order of magnitude
of thresholds would be comparable to that of the other
metrics (e.g., DD, DT, and Rd), especially for long, nar-
row fixations.

5. The standard deviation (SD) of the distances of all
points from the center of a fixation should be less than
a threshold value (Eyenal, 2001). This is referred to as
the position-variance method (Duchowski, 2007) and is a
variant of Anliker’s (1976) centroid-distance method.

When implementing the Rd and SD metrics, the cen-
troids of fixations were recomputed after each addition,
and it was decided to allow no points to exceed the set
threshold; that is, 100% of the points should be no fur-
ther than the threshold distance from the centroid of a
fixation.

Figure 5 shows seven consecutive PORs, with the DD,
DT, Rd, and Slv measures of dispersion indicated. The
distance between Points 4 and 7 is the largest of all the in-
terpoint distances, whereas the distance between Points 5
and 6 is the largest of all differences between two consecu-
tive points.

5.4. Procedure. In order to compare the various metrics
of'the I-DT algorithm on a range of thresholds, an applica-

Max Y — MinY

! Max X — Min X

Figure 5. Seven consecutive points of regard with different
measures of dispersion indicated. D7, distance threshold; DD,
distance dispersion; Rd, radius; Slv, Salvucci dispersion.
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tion was developed that identifies fixations according to
each one of the metrics in turn.

During data capturing, a separate recording of the gaze
data was saved for each participant and stimulus. Apply-
ing the I-DT algorithm to each recording with each of
the five metrics, one after the other, fixation sequences
were generated for a range of threshold values. Thus, for
each metric, a total of p X s X ¢ fixation sequences were
generated, where p denotes the number of participants
(30), s the number of stimuli (4), and 7 the number of
thresholds for the respective metric. The value of  ranged
from 70 for the SD metric to 320 for the DD metric (see
Section 5.6 below).

For each fixation in every sequence that was generated,
the exact dispersion (not to be confused with the thresh-
old) was saved, along with its duration, radius, and nearest
neighbor index (NNI; see Section 7.1 below). For every
sequence of fixations, the percentage of PORs in the re-
cording that was included in fixations was saved, as well
as the averages over all fixations for dispersion, radius,
duration, and the NNI.

Fixation sequences that were generated at equivalent
thresholds (see Section 5.5 below) for each one of the dif-
ferent metrics were compared with one another in terms
of (1) the number of fixations that were identified, (2) the
percentage of PORs included in fixations, (3) the spatial
distribution of the PORs that defined a fixation, and (4) the
amount of difference between the fixation sequences. For
each metric, it could thus be determined which threshold
or range of thresholds would (1) lead to the most fixations,
(2) include the most PORs in the fixations, (3) provide the
highest measure of regularity in the spatial arrangement of
the PORs within fixations, and (4) have the largest inter-
metric agreement of fixation sequences.

5.5. A common basis for comparisons. Since the met-
rics differ from one another with regard to the entity that is
measured for dispersion, it follows that they cannot be com-
pared with one another at the same threshold. A common
dispersion measure is needed to enable comparisons.

Consider a set of tuples (d,, r;), where d, represents the
average dispersion of all fixations that were identified for
all the participants and stimuli at threshold ¢, and r, rep-
resents the average radius of the same fixations. For each
metric, 7, is plotted against d, for each ¢ in the range of
thresholds (Figure 6). The linear relationships are almost
perfect (Table 1), confirming that the two constructs mea-
sure the same thing on different scales.

The linear relationships between the average radius and
the average dispersions as applicable to the other metrics
will be used to determine an equivalent radius threshold
for the respective dispersion thresholds. Indicators from
the various metrics will then be compared at equivalent
radius thresholds. For example, the fixation sequences
returned by the Rds metric at a threshold of 1.0°, the DD
metric at 1.53°, the DT metric at 0.98°, the SIv metric at
1.08° and the SD metric at 0.24° can be compared with
one another, since these values can all be expressed in
terms of an equivalent radius threshold of 1.0°.

5.6. Threshold range. With reference to the procedure
described above, each metric was applied for a series of
threshold values starting at 0° and incremented by 0.01°
after each application. It is important to note that no con-
clusions can be based on thresholds below the eyetracker’s
spatial resolution—that is, 0.25° (Tobii Technology AB,
2003), which is equivalent to a fixation radius of 0.125°.

A decision had to be made as to when to stop incre-
menting the threshold values. The percentage of PORs
that are included in fixations was used as a barometer.
This value largely depends on the threshold that is set:
The larger the threshold, the more PORs will be included.
Of course, given a threshold that is large enough to span
the entire stimulus, 100% of PORs will be included. The
PORs that are not included in fixations are mostly inter-
mittent data captures during saccades, but they can also be
noise due to participant or equipment variability. Occur-
rences of clustered PORs that do not meet the threshold
for minimum duration (100 msec for this study) can also
not be regarded as a fixation.

An obvious choice as to when to stop the process
would be when all PORs are included in fixations. This
would, however, unnecessarily prolong an already time-
consuming process. Figure 7 shows graphs of the percent-

Table 1
Results of Linear Regression for Radius
Versus Dispersion per Metric

Metric Gradient Intercept r R? P
DD 0.6817 —0.0416 9996 .9993 <.01
DT 1.1354 —0.1105 9972 .9945 <.01
Rd 1.0000 0 1.0000 1.0000 —
Sty 0.9976 —0.0797 9992 .9983 <.01
SD 4.2225 0.0026 9976 .9953 <.01

Note—DD, distance dispersion; DT, distance threshold; Rd, radius; Slv,
Salvucci dispersion; SD, standard deviation.
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ages of PORs that were included in fixations against the
threshold value as applicable for each metric (Figure 7A)
and against the common radius threshold (Figure 7B). As
in Figure 6, each point in the graphs represents an average
over all participants and stimuli at the specific threshold.
The percentage of PORs increases rapidly at low radius
thresholds and starts leveling out once the radius threshold
reaches 1.5°. At this point, the process could have been
halted, but to be on the safe side, it was decided to stop
incrementing the threshold values for a specific metric
when 98% of the PORs were included in fixations. For the
SD metric, this level was reached at a dispersion threshold
of about 0.7°, whereas for the DD metric, it was reached
only at about 3.2°.

6. The Effect of Metric and Threshold
on Fixation Identification

The next step was to test the main hypothesis of the
study. In order to do this, the eyetracking data were ana-
lyzed to determine whether the metric and threshold used
in a dispersion-based fixation detection algorithm have an
effect on the number, size, and duration of fixations that
are identified. The influence of the metric and dispersion
threshold on the position of fixations will be dealt with in
Section 7.2.

6.1. The influence of dispersion threshold on dura-
tion and size of fixations. Figures 8A and 8B show the
graphs of average duration and average radius of fixations,
respectively, against radius threshold. Linear regression
showed that all lines were linear, with R? significant at the
99% level.

As the threshold for inclusion of a POR into a fixa-
tion was increased, more and more PORs were included,
to the effect that both the fixation duration and radius

of PORs increased. With reference to the first hypoth-
esis mentioned above, it can thus be concluded that both
fixation duration and fixation size are linear functions
of the dispersion parameter chosen. The findings of Shic
et al. (2008) with regard to fixation duration are thus
confirmed.

6.2. The influence of dispersion threshold on the
number of fixations identified. Graphs of the average
number of fixations that were identified per participant
and stimulus at a specific threshold value are shown in
Figure 9. These graphs should be interpreted together with
Figure 7B. For a small threshold, only a small number of
PORs were included per fixation—to such an extent that
many fixations did not meet the requirement of minimum
duration (100 msec in this study) and, thus, were dis-
carded. As the threshold increased, more and more fixa-
tions met the duration threshold, and the number of both
valid fixations and PORs that were included increased. At
some stage, the increase in the number of PORs that were
included became very small (Figure 7B), and any further
increase in threshold caused more PORSs per fixation, with
the result that fewer fixations were identified. Therefore, a
maximum number of fixations were identified at a certain
critical threshold value that coincided with the elbow in
Figure 7B (radius threshold = 0.72°).

6.3.The influence of metric used on the duration, size,
and number of fixations identified. From Figure 9, it is
evident that the radius threshold at which the maximum
number of fixations were identified was about the same
for all metrics (0.72° £ 0.04°). Figure 10 shows graphs of
the average number, duration, and radius of fixations for
all the participants and stimuli at this threshold. Table 2
shows the results of a one-way ANOVA for each one of
these dependent variables against the metric used. All
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three variables were significantly (p < .05) influenced by
the metric used.

Using Tukey’s post hoc test, it was established that the
number of fixations returned by the DT metric differed
significantly (p < .01) from that for all the other metrics,
whereas the number of fixations returned by the other
metrics did not differ significantly (p < .01) from one
another at a radius threshold of 0.72°. Although the over-
all effect of metric on fixation duration was significant
(p < .05), none of the individual intermetric differences
in duration proved to be significant (p < .05). Most of
the intermetric differences in fixation size—namely, DD/
DT, DD/Rd, DT/Slv, DT/SD, Rd/Slv, Rd/SD, and Slv/SD—
were significant (p < .01). Referring back to Figure 8, it
is evident that these differences will become more pro-
nounced at higher thresholds.

Taking into account the results of Sections 6.1, 6.2,
and 6.3 and with reference to the hypothesis, it can thus be
concluded that the dispersion threshold value that is cho-
sen by a researcher has an influence on the number, size,
and duration of fixations that are identified. The influence
of the metric used in the dispersion-based algorithm on
these variables is not consistent.

These results confirm the assertions by Karsh and
Breitenbach (1983) and Shic et al. (2008) that different
values for dispersion thresholds can lead to inconsistent
results, especially when an algorithm that is sensitive to
parameter values such as I-DT is used. The issue in this
article is to determine the optimal settings in order to ne-
gate or compensate for the sensitivity.

7. Evaluation of Fixation Sequences
It might be reasonable to expect that the same fixations
should be identified for a particular recording irrespective

of the metric or threshold settings that are used. It is, how-
ever, difficult, if not impossible, to determine the correct set
of fixations to use as a benchmark against which to evaluate
the accuracy of a specific metric or threshold setting.

Since it was determined above that the number, size, and
duration of fixations that are identified depend on the dis-
persion threshold that was chosen, the question arises as to
what threshold would return the best fixation sequence. In
order to determine this optimum threshold value for each
of the metrics, the fixation sequences that they returned at
each threshold (in the range of threshold values that were
inspected) were examined in terms of four indicators: the
percentage of PORs included in fixations (Section 5.6),
the number of fixations that were identified (Section 6.2),
the spatial distribution of PORs that define a fixation
(Section 7.1), and average Levenshtein agreement (LA)
with other metrics (Section 7.2). The optimum threshold
for each metric was accepted to be the one at which these
indicators are optimized to such an extent that the position
and duration of a viewer’s actual gaze is represented as
accurately as possible. The nature of the optimization for
each indicator is discussed in Section § below.

7.1. Nearest neighbor index. The NNI denotes the
ratio between the average of the minimum distances be-
tween points and the mean random minimum distance that
one would expect if the distribution was random (Clark &
Evans, 1954). Although the index was originally intended
for use in fieldwork in botany, it is still widely used in
spatial analysis of data in agriculture, paleontology, and
crime analysis.

Initially, the nearest neighbor distance for each point in a
set is computed. The average of these distances (74) is then
divided by 7, the expected mean nearest neighbor distance
if the distribution were random (Clark & Evans, 1954):
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=05V AIN ,

where 4 = the area covered by the points and N = the
number of points.

The ratio 7,/7g is equal to 1 when the distribution
is random. A value lower than 1 indicates clustering,
whereas a value higher than 1 indicates regular spacing.
Theoretically, the NNI lies between 0 (maximum cluster-
ing) and 2.1491 (strictly regular hexagonal pattern).

Although this index was previously used in eyetrack-
ing to investigate the dispersion of fixations in a record-
ing (Camilli et al., 2008; Di Nocera, Camilli, & Terenzi,
2007; Di Nocera, Terenzi, & Camilli, 2006; , the present
study is interested in the dispersion of PORs within fixa-
tions. Since the tremor, drift, and microsaccades are in-

voluntary, it is accepted that these small eye movements
are random, and therefore, the PORs within a fixation
should have an NNI larger than 1. Clustering of PORs
within a fixation might indicate the existence of separate
fixations.

For the purposes of this article, the area covered by a
fixation was computed by defining a convex hull around
the comprised PORs, as in Figure 2B, and then calculat-
ing the area of that hull. In order to compensate for edge
effects, Donnelly’s (1978) adjustment was added to 7 as
follows:

7 = 0.5V AN +(0.0514+0.041 VN )% B/A,

where B = the perimeter of the convex hull.

A graph of the average NNI for the fixations that were
identified against threshold value is shown in Figure 11A.
The regularity of the dispersion of PORs within fixations
increases sharply with the threshold and reaches a maxi-
mum before dropping again.

For all the metrics, the maximum NNI is reached at a ra-
dius threshold of 0.26° = 0.03°. The equivalent dispersion
threshold for individual metrics can be computed from
this value by using the regression coefficients in Table 1.
A one-way ANOVA indicated that the NNIs for the re-
spective metrics at 0.26° differ significantly [F(4,1122) =
16.8, p < .01] from one another. Tukey’s post hoc analysis
revealed that this effect was due largely to the low value of
the SD metric, which differed significantly (p <.01) from
all other metrics at 0.26°. None of the other intermetric
differences in NNI were significant at the 99% level, al-
though the difference between DD and Slv was significant
at the 95% level.

The statistical significance of the NNI can be computed
as well (Clark & Evans, 1954):

rey =-26136 /N N*/4
z=(r, - rE)/rSE'

Ifz > 2.33, the null hypothesis that the PORs are clustered
can be rejected at the 99% confidence level (one-tailed). If
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Table 2
Means and Standard Deviations of Number, Duration,
and Radius of Fixations at a Radius Threshold of 0.72°

Fixations Duration Radius
Metric N M SD M SD M SD
DD 230 53.0 8.3 213.3 39.1 0.49 0.06
DT 230 49.1 10.5 215.6 43.6 0.46 0.07
Rd 230 54.0 8.1 206.3 37.8 0.45 0.07
Sly 230 54.0 8.6 206.7 40.0 0.50 0.05
SD 230 53.7 8.0 206.6 40.2 0.48 0.09

F(4,1145) =132  F(4,1145) =28  F(4,1145) =246
p <.01 p<.05 p <.01

Note—DD, distance dispersion; DT, distance threshold; Rd, radius; Slv, Salvucci

dispersion; SD, standard deviation.

this null hypothesis is rejected, it implies that the PORs are
either random or regularly dispersed. A graph of the aver-
age z value of the NNI for the various metrics against radius
threshold is shown in Figure 11B. With the exception of
very small threshold values, the dispersion of PORs within
fixations was significantly nonclustered for the entire range
of thresholds that was examined. Therefore, on the basis of
NNI only, any dispersion threshold above ~0.1° will result
in valid fixation sequences, although the best sequence will
be attained at a radius threshold of =0.26°, where a valid
fixation is regarded as one where its comprised PORs are
significantly nonclustered.

7.2. Levenshtein agreement. The Levenshtein (1966)
distance is a metric for measuring the amount of differ-
ence between two sequences. The Levenshtein distance
(LD) between two character strings is given by the mini-
mum number of operations, defined as insertion, deletion,
or substitution, needed to transform one string into the
other. The LD has no cost function, and every operation
has equal weight. The metric has been applied previously
in eyetracking research in the comparison of scan paths

Average NNI

1.0 1.5 20 25 3.0
Radius Threshold (degrees)

0.5 35

Average z Value of NNI

for different participants (West, Haake, Rozanski, & Karn,
2006). This study differs in the sense that scan paths that
were returned by different algorithms for the same record-
ing of gaze data were compared.

For each threshold ¢, a sequence of fixations or scan path
F,is generated that is indexed according to the squares on the
chess board—for example, d6, €6, f7, h7, 1. In seeking to
identify the best fixation sequence for a specific recording,
the sequences returned by different metrics at equivalent
radius thresholds can be compared with one another. For
example, if a sequence d4, c4, c6, 16, g7, g5 was reported by
metric M1 for a specific recording of gaze data at a specific
threshold, and a sequence d4, ¢4, ¢5, 16, g5 was reported for
the same recording at the equivalent threshold with metric
M2, the difference between the sequences would be 2: one
substitution (c5 for c6) and one deletion (g7).

The question is to determine which of the reported
scan paths is the closest to reality. In this study, it was
accepted that if five different metrics return the same
or nearly the same scan path, it is highly improbable
that they are all wrong and that that scan path should

55
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Figure 11. Graph of average nearest neighborhood index (NNI) (A) and average z value of NNI (B) against the radius thresh-
old. Slv, Salvucci dispersion; DD, distance dispersion; Rd, radius; SD, standard deviation; DT, distance threshold.
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be accepted as the best approximation of the correct
sequence.

If the Levenshtein distance between two fixation se-
quences is expressed as a percentage of the length of the
longest sequence, the LA between the two sequences can
be expressed as /00 — LD. For each metric and each par-
ticipant recording, the average LA4 with every other metric
was determined at each of the distinct thresholds. Finally,
the LA at each threshold was also averaged over record-
ings. Figure 12A shows a graph of the average LA against
radius threshold for each one of the metrics. A surpris-
ingly low maximum of just over 90% was attained, indi-
cating that even at the optimum threshold for each metric
they still differed substantially with regard to the number
and position of fixations that were determined. Another
important observation was that, unlike the NNI, where
the peaks were rather sharp, the LA stayed more or less
constant between 0.7° and 1.3°.

For all metrics, a maximum LA was reached at a radius
threshold of 1.0° = 0.1°. Figure 12B shows a graph of the
average LA per metric at a radius threshold of 1.0°. A one-
way ANOVA indicated that the LA4 for the respective metrics
at this threshold differed significantly [F(4,1116) = 14.2,
p < .01]. Using Tukey’s post hoc test, it was established
that the LA differed significantly (p < .05) between the
following pairs of metrics: D7/DD, DT/Rd, DT/Slv, DD/
SD, and Rd/SD. With reference to the hypothesis, it can thus
be concluded that the number and position of fixations are
functions of both the metric used and the threshold value.

8. Finding the Optimum Threshold

Two indicators were used to evaluate the quality or
“correctness” of the fixation sequences that are identi-
fied by the [-DT algorithm. The number of PORs that are

included in fixations and the number of fixations that are
identified might also be indicative of the optimum disper-
sion threshold that should be used. Some of the indica-
tors might be related or interdependent, whereas others
might be considered to be less important or not important
at all. In order to consider them as indicators of an opti-
mum threshold, they must contribute to the identification
of fixations so that the position and duration of a viewer’s
actual gaze is represented as accurately as possible.

The NNI succeeds in identifying an absolute lower limit
for dispersion threshold—that is, a threshold below which
clusters of PORs are unlikely to represent fixations. The
LA is based on an assumption that the optimum threshold
occurs at a value at which the agreement between the vari-
ous metrics in terms of the positions of individual fixa-
tions is at a maximum. Unlike these two indicators, the
percentage of PORSs that are included in fixations does not
show a definite maximum value, but the point at which the
increase in PORs levels off (the elbow in Figure 7B) may
indicate a preferred lower limit for the threshold—that is,
a threshold above which a substantial number of PORs are
included in fixations.

If all of the above candidate indicators are considered, an
optimum threshold for the I-DT algorithm, when a specific
metric is applied, would be a value that (1) will include as
many fixations as possible, (2) will include as many PORs
as possible, (3) will ensure maximum agreement with other
metrics with respect to the number and position of fixa-
tions that are identified (L4), and (4) will return fixations in
which the PORs are as regularly dispersed as possible.

To consider the threshold at which a maximum number
of fixations are detected as an optimum threshold could be
controversial, since it might be argued that the number of
fixations is not important as long as the correct fixations
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are identified. Eyetracking results are seldom based on
single fixations but on aggregates of time spent on spe-
cific areas of interest (AOIs). Therefore, having one long
fixation or two shorter consecutive fixations on the same
AOI might be immaterial. It is, however, also true that
less doubt about the validity of smaller fixations (which
inevitably means more fixations) exists, provided that the
radius threshold is above 0.3° (Figure 11). Furthermore,
the centroid of longer fixations in which the PORs are
clustered might be calculated at a point at which a par-
ticipant has never actually looked! Also, the higher granu-
larity of smaller fixations allows more distinct boundar-
ies between AOIs. The one negative aspect of preferring
shorter fixations is the fact that the correct setting of the
duration threshold is more critical.

The percentage of PORs included does not show a defi-
nite maximum but approaches 100% as the threshold is
increased. It would be preferable to utilize as many PORs
as possible, while ensuring that noise or intermittent gaze
captures during saccades are ignored. The elbow, at about
0.75° (Figure 7B), coincides more or less with the threshold
at which a maximum number of fixations are identified and
represents a point at which the increase in percentage of
PORs becomes smaller as the threshold increases.

The LA between sequences may be the most intuitive
indicator of an optimum threshold. In the extreme, if each
of two metrics returns a single “fixation” that includes all
PORs in a recording with centroid in the middle of a stimu-
lus, the LA between them will be 100%, but the threshold at
which this happens will be unacceptably high. If, however,
the LA is high while there are a large number of fixations
with a reasonable average duration (150-250 msec), it is
highly unlikely that the agreement is due to chance. In this
study, in which the intermetric agreements of five metrics
were considered, the probability of accidental agreement
was even less. Therefore, provided that a reasonable num-
ber of fixations of average duration is returned, this is con-
sidered to be the indicator of choice.

The importance of the NNI is difficult to assess. Of
course, clustering of PORs within a fixation suggests sep-
aration of fixations, but it was shown above that as long as
the radius threshold exceeds 0.1°, the significance of this
index is such that clustering is never an issue (Figure 11).

The fact that the LA remains at more or less the same
level between 0.7° and 1.3° could be utilized to maximize
the other, albeit less important, indicators within this range
as well. Within this interval, the number of fixations and
the NNI would be at a maximum at 0.7°, whereas the num-
ber of PORs that are included would be at a maximum at
1.3° (Figure 13). It is thus a matter of deciding which is the
most important: having the PORs within fixations non-
clustered while also maximizing the number of fixations
or utilizing as much of the available data as possible. For
a longer duration threshold—for example, 200 msec—
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a researcher might consider placing higher emphasis on
smaller fixations. If, however, the duration threshold is
low (as was the case in this study), it might be better to opt
for a higher dispersion threshold. Looking at the form of
the graphs for the LA, it is less critical to err with a thresh-
old that is too large than to have it be too small.

0.8 1.2 1.6 20 24
Radius Threshold (degrees)

Figure 13. Per metric graphs of the various indicators of fixa-
tion accuracy against radius threshold. Rd, radius; D7, distance
threshold; SD, standard deviation; Slv, Salvucci dispersion.
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9. Summary

This study was undertaken to determine the criticality
of the setting of the dispersion threshold in a dispersion-
based algorithm for fixation detection. The study was also
an attempt to determine the optimum dispersion threshold
for each of five different measures of dispersion.

The radius of fixations was used as a common dis-
persion measure across the various metrics. A 1° radius
threshold would, for example, be equivalent to a disper-
sion threshold of 0.24° for the SD metric.

The hypothesis that the number, position, size, and du-
ration of fixations that are identified are functions of the
metric used for dispersion proved to hold in most respects.
The number of fixations identified by the DT metric was
significantly lower than that identified by the other met-
rics, whereas the duration of fixations identified by the
DD and DT metrics were generally longer than those iden-
tified by the Rd, Slv, and SD metrics. The DT and Rd met-
rics led to fixations that were smaller than those identified
by the DD, Slv, and SD metrics. The DT and SD metrics
returned scan paths that differed somewhat from those re-
turned by the DD, Slv, and Rd metrics, indicating that the
position of fixations is also a function of the metric used.

The fact that the number, position, size, and duration of
fixations that are identified are functions of the threshold
value could always have been accepted as obvious, but
definite trends were identified in each case. The size and
duration of fixations are linear functions of the threshold
value, and the number of fixations reaches a maximum at
some threshold, whereafter it decreases linearly with the
threshold. The position of fixations also depends on the
threshold, as indicated by the LA that is also maximized at
some threshold value.

It was found that there is no definite optimum disper-
sion threshold to be used in a dispersion-based fixation
detection algorithm but that the various indicators point
to an acceptable range for the radius threshold between
0.7° and 1.3°. Within this range, the L4 between metrics
is reasonably constant at about 90%. A lower threshold
within this range will ensure more fixations with PORs
that are less clustered within fixations, whereas a larger
threshold will utilize more PORs. Using threshold val-
ues less than 0.7° will result in fixation sequences that
differ considerably from one another. Threshold values
above 1.3° are less of a danger, but since longer and larger
fixations will be identified with PORs that can be more
clustered within fixations, it is possible that fixations will
be reported at positions that differ from a viewer’s actual
point of attention.

The 0.7°-1.3° range for the radius threshold is equiva-
lent to a very small range of 0.17°-0.30° for the SD metric.
The margin of error for the DD metric is somewhat bigger,
with an acceptable range of 1.1°-2.0°.

The fact that the correct setting of the dispersion thresh-
old is quite critical and that the number and position of
fixations that are identified are dependent on the set-
ting has important implications for eyetracking research.
Researchers should be aware of the exact metric used in
the tools that they are using and should set the threshold
accordingly.

10. Future Work

A linear regression was done for the relationship be-
tween average dispersion according to a specific metric
and fixation radius. A very good fit was found, but a
study should be done with another type of stimulus to
determine whether the set of coefficients can be applied
generically.

This study was done using a Tobii 1750 50-Hz eye-
tracker while using stimuli that consisted of four chess-
boards of equal size and fixed granularity. It will be neces-
sary to determine whether the results above for the range
of optimum thresholds per metric can be replicated for an
eyetracker with higher frequency and for other types of
stimuli. It is especially important to repeat the research on
stimuli with varying granularity, such as Web sites.

Furthermore, this study was confined to the threshold
setting of the dispersion parameter only. Although theo-
retical evidence about the minimum duration of a fixa-
tion exists, a similar study can be undertaken to determine
whether the theoretically determined values also hold in
practice for the duration threshold of dispersion-based al-
gorithms. Also, the study needs to be repeated for other
algorithms in which one or more thresholds need to be set,
such as the velocity threshold algorithm.

In this study, the LA with other metrics was used to de-
termine the quality of the identified fixation sequence. A
study could be constructed in which the position and order
of fixations can be manipulated by the researchers—for
example, by explicitly instructing participants to focus at
specific items on a stimulus at specific moments. This
set of fixations could then be used as a control set against
which the correctness of the fixations identified by the
algorithm—metric combination could be measured. It
could also be possible to simulate fixation data that will
be free of noise due to equipment or human variability and
the exact position of every fixation is known, as well as
the PORs that comprise it.

Although all precautions were taken to accurately cali-
brate each participant before and during a recording, the ac-
curacy of calibrations was not considered in this study. It
could be a topic for future research to determine the extent to
which accuracy of calibration influences threshold settings.

In the present study, only the averages for all the par-
ticipants were used. It could be an interesting topic to
determine to what extent individual differences, such as
near-sightedness, age, wearing of glasses, and so forth con-
tribute to indicators such as number of fixations, the NNI,
and the LA.
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NOTE
1. The ELO system was developed by Arpad Elo as a means for measur-

ing and rating the average playing ability of chess players (Elo, 1978).
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