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The goal of eye tracking is to detect and measure the point of
gaze (where one is looking) or the motion of eye(s) relative
to the head. The eye tracking data obtained by an eye tracker
provide new opportunities and potentials in a broad range
of applications including human computer interaction, com-
puter simulation/virtual reality, neuroscience, medical, and
cognitive-behavioral research. In recent years, eye tracking
technology has been undergoing rapid development with
improvements in the accuracy, stability, and sampling rates.
A number of technologies and techniques are now available,
including head-mounted, glass, table-mounted, and embed-
ded systems, and with these advances new opportunities and
applications are emerging. This special issue aims to bring
together theoretical and practical perspectives in the area
of eye tracking technology to present and discuss the latest
technological developments and to inspire interaction and
creation.

The issue received fifteen submissions; each qualified
submission was reviewed by two international reviewers that
wewarmly thank for their time and efforts. Seven papers have
been accepted for the publication.

“Learning to Model Task-Oriented Attention” by X. Zou
et al. describes amodel of saliency based on bottom-up image
features and target position feature. Experimental results
demonstrate the importance of the target information in the
prediction of task-oriented visual attention.

“Characterization of Visual Scanning Patterns in Air
Traffic Control” by S. N. McClung and Z. Kang defines new
concepts to systematically filter complex visual scanpaths into
simpler and more manageable forms and develops proce-
dures tomap visual scanpaths with linguistic inputs to reduce
the human judgement bias during interrater agreement. The
developed concepts and procedures were applied to investi-
gating the visual scanpaths of expert ATCs using scenarios
with different aircraft congestion levels. The findings show
that the scanpaths filtered at the highest intensity led to
more consistentmappingwith theATCs’ linguistic inputs, the
pattern classification occurrences differed between scenarios,
and increasing aircraft congestion caused increased scan
times and aircraft pairwise comparisons. These results pro-
vide a foundation for better characterizing complex scanpaths
in a dynamic task and automating the analysis process.

“EyeTribe Tracker Data Accuracy Evaluation and Its
Interconnection with Hypothesis Software for Cartographic
Purposes” by S. Popelka et al. introduced a possible combi-
nation of Hypothesis software with EyeTribe tracker. A new
software platformwas presented which connects eye tracking
device with an experiment builder. Experimental results
showed that the mixed research design combines the advan-
tages of quantitative and qualitative methods.

“Low Cost Eye Tracking: The Current Panorama” by O.
Ferhat and F. Vilariño provided an overview of remote visible
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light gaze trackers and challenges in this area. The authors
also analyzed the explored techniques from various perspec-
tives such as calibration strategies, head pose invariance, and
gaze estimation techniques.

“Learning-Based Visual Saliency Model for Detecting
Diabetic Macular Edema in Retinal Image” by X. Zou et
al. presents a learning-based visual saliency model method
for detecting diagnostic diabetic macular edema regions of
interest in retinal image.Themethod introduces the cognitive
process of visual selection of relevant regions that arises
during an ophthalmologist’s image examination. The pro-
posed method outperforms state-of-the-art saliency models
and salient region detection approaches derived for natural
images.

“Real-Time Control of a Video Game Using Eye Move-
ments and Two Temporal EEG Sensors” by A. N. Belkacem
et al. presents an algorithm able to classify six classes of
eye movement by using only two temporal EEG electrodes,
thus, in a noninvasive way.Moreover, this algorithm has been
tested on real-time applications, in particular the control, by
means of the eye movements, of a screen cursor and then of a
character in a video game. Results showed that the proposed
algorithm had an efficient response speed demonstrating its
efficacy and robustness in real-time control.

“Designs and Algorithms to Map Eye Tracking Data with
Dynamic Multielement Moving Objects” by Z. Kang et al.
presents algorithms to address the eye tracking analysis issues
when participants interrogate dynamic multielement objects
and when eye trackers are incapable of providing exact eye
fixation coordinates. The approach was tested in air traffic
control (ATC) operations and themore accurate results could
be obtained for eye tracking data analysis.

We hope that the readers of this journal will find in the
issue interesting papers and that this can encourage and foster
further research on eye tracking technology.

Hong Fu
Ying Wei

Francesco Camastra
Pietro Aricò
Hong Sheng
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Design concepts and algorithms were developed to address the eye tracking analysis issues that arise when (1) participants
interrogate dynamic multielement objects that can overlap on the display and (2) visual angle error of the eye trackers is incapable
of providing exact eye fixation coordinates. These issues were addressed by (1) developing dynamic areas of interests (AOIs) in the
form of either convex or rectangular shapes to represent the moving and shape-changing multielement objects, (2) introducing the
concept of AOI gap tolerance (AGT) that controls the size of the AOIs to address the overlapping and visual angle error issues,
and (3) finding a near optimal AGT value. The approach was tested in the context of air traffic control (ATC) operations where
air traffic controller specialists (ATCSs) interrogated multiple moving aircraft on a radar display to detect and control the aircraft
for the purpose of maintaining safe and expeditious air transportation. In addition, we show how eye tracking analysis results can
differ based on how we define dynamic AOIs to determine eye fixations on moving objects. The results serve as a framework to
more accurately analyze eye tracking data and to better support the analysis of human performance.

1. Introduction

Eye tracking research is useful for evaluating usability or
analyzing human performance and more importantly under-
standing underlying cognitive processes based on the eye-
mind hypothesis [1]. This hypothesis asserts that what we
observe when performing a task is highly correlated with
our cognitive processes. Thus, eye tracking research has been
conducted in diverse fields to investigate how objects or
spatially fixed areas are interrogated [2–7]. For example,
an air traffic control specialist (ATCS) must timely detect
and control multiple aircraft on a radar display in order to
maintain a safe and expeditious flow of air traffic. Through
eye tracking data, we can identify which aircraft the ATCS
interrogates and what visual search pattern the ATCS applies.

However, the analysis of eye tracking data for a task
that requires interrogating moving objects (e.g., an ATCS

controlling multiple moving aircraft on a radar display or a
weather forecaster determining whether to issue a warning
by observing the weather features on a radar display) can
be difficult due to the different characteristics of the moving
objects and the limited capabilities of the eye tracking system.
Furthermore, eye tracking analysis becomes more difficult
if the object’s overall shape can change due to the shape
change of the object’s elements or the physical relocation of
its elements (e.g., an aircraft on a radar screen is composed
of elements such as a vector line and a data block, and the
length of the vector line can change due to the aircraft speed
change, or the data block can be repositioned by the ATCS).
The details of the issues are as follows.

In order to map and analyze the eye tracking data for
such a task described above, different characteristics of those
moving objects need to be identified (Figure 1). Objects
can have irregular shapes and sizes and different movement
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Figure 1: Characteristics of multiple moving objects: each object is
in motion except for object “B.” “A

𝑡
” indicates a circular object at

time 𝑡 and “A
𝑡+1

” indicates the change of its location at time 𝑡 + 1.
“D” is an object rotating clockwise, and “E” is an object changing
its shape. The red dots on and around “C” indicate the order of eye
fixations at times 𝑡 (eye fixation 1) and 𝑡 + 1 (eye fixations 2 to 5).

AOI

0.5
∘

UAL480
280C
781 480

Actual fixation
point

Perceived fixation
point of the eye tracker

480

Figure 2: Area of interest (AOI) and visual angle accuracy error:
The AOI approximates the shape of the object and should be slightly
bigger than the original object size considering the visual angle error.
The object consists of the aircraft itself (shown as a small diamond
shape), the direction indicator (currently flying east), the data block
(aircraft ID: UAL 480, altitude: cruising at 28000 ft., computer ID:
781, and speed: 480 knots), and the leader line which points to its
corresponding aircraft.

characteristics and can be at close proximity or overlap with
one another as time progresses. When the eye fixation data
is collected, we can overlay the data with the objects to
determine whether an eye fixation occurred on the object.

Eye tracking systems return pixel-based coordinates
where the eyes fixated; however, we are more interested in (1)
whether eye fixations occurred on the objects of interests as
well as (2) the order of the eye fixations among those objects
of interest. Specifically, we need to consider the following
issues when mapping the pixel-based eye fixations with the
multielement objects on a display.

One of the difficulties with mapping the eye tracking data
to the objects is due to the visual angle accuracy of the eye
trackers (Figure 2). A visual angle accuracy (expressed in
degrees) is defined as the deviation of coordinates, collected
from the eye tracker, from the actual location on which the
individual fixated [8, 9] (e.g., 0.4∼0.5∘ [10–12]) when using
displays that are approximately below 16 (horizontal length)
× 12 (vertical length) inches (or 22 inches diagonally) in size.

For example, if a display is observed from 1 meter away with
visual angle accuracy of 0.5∘, then we can have up to 1 cm of
error where the eyes fixated on. Therefore, observing the eye
fixations shown as red dots in Figure 1, in addition to the first
four eye fixations, we could also determine that the fifth eye
fixation may have occurred on object “C.” In addition to the
inherent error of eye tracking systems, accuracy error can also
be affected by experimental conditions.

For example, in the actual air traffic control rooms,ATCSs
sit close to a large monitor (i.e., 19.83 × 19.83 inches) in
order to better detect and control multiple (i.e., sometimes
up to 50 or more) aircraft within their sector. For such an
environment, the accuracy of the eye tracker can drastically
decrease. These issues occur when measuring eye tracking
data not only in an air traffic control task, but also in other
various tasks such as during driving or during a virtual
simulation of offshore oil and gas operations. Therefore, the
visual angle accuracy is not fixed at 0.5∘ and can vary based
on the experimental conditions when we pursue high face
validity.

In addition, the mapping of eye tracking data to moving
objects can be difficult if there are multiple small objects
moving on the display and each object is composed of several
elements (e.g., the aircraft position symbol (or target), vector
line, and data block). To accommodate the complex shapes
of objects as well as the visual angle accuracy, the concept of
an area of interest (AOI) can be applied. An AOI is a convex
shape that can approximate and represent the complex object
shape and can be simple shapes such as circles and rectangles.
For example, the AOI can be fixed rectangular areas [5, 6, 13]
or moving rectangular areas [9, 14] on a display based on the
task types. Note that the size of an AOI should be slightly
enlarged to consider the visual angle accuracy [9, 14].

To determine whether an eye fixation occurred on an
object, we need to consider two aspects. First, the eye fixation
should have occurred within the visual angle error range
(e.g., 0.5∘ from all edge points of an object). Second, there
should be no other object or background image to which the
eye fixation occurred. In other words, if two objects are in
close proximity, it can be difficult to determine which object
the participant was interrogating. Even if the objects arrived
from different locations, they can come into close proximity
and even overlap as time progresses (Figure 3). Although
considerable research was conducted to investigate the eye
movements of air traffic control operations [15–18], it was
limited to creating spatially fixed AOIs or did not elaborate
on how overlapping issues were addressed.

Additionally, themapping issue becomesmore complex if
the shapes of the multielement objects change. For example,
if two aircraft are approaching close proximity, the aircraft
position symbols (or targets) as well as the data blocks can
overlap, and then an ATCS can reposition the data block
(Figure 4). The data block can be repositioned in eight
directions relative to the aircraft position symbol (e.g., from
the bottom of the target itself to the top or right upper corner
of the target) as well as increased in distance (e.g., from0.5 cm
away to 5 cm away).

In this paper, we present designs and algorithms to
address the issues raised to facilitate the analysis of the eye
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Figure 3: Overlapping objects and defined AOIs over time: the AOIs are designed slightly larger than the objects themselves to accommodate
the visual angle error. The overlapping areas are denoted as SAB and SAB .

Figure 4: The overall shape change of an aircraft position indicator along with the data block. An ATCS can freely move around the data
block since the leader line connects the data block to its aircraft. The overall shape also changes if the aircraft changes its direction.

tracking data for tasks that involve interrogating multiele-
ment moving objects that can change their overall shape and
overlap with one another by considering different shapes and
sizes of the AOIs that are fitted to represent the objects.

2. Conceptual Designs and Algorithms

Themain features of our approach are to (1) develop dynamic
AOIs that continuously fit the multielement objects into
convex or rectangular shapes whenever the objects’ overall
shapes or locations change, (2) modify the size of the AOIs
(through the concept of AOI gap tolerance) to consider
the visual angle error, (3) map the pixel-coordinate based
eye fixations with the AOIs, and (4) define eye fixations on
overlapping AOIs. Specific to air traffic control operations,
the designs and algorithms create AOIs based on matching
the pixel-coordinates from the flight data block, target, and
vector lines with the pixel-coordinates of the eye fixations.
Figure 5 represents the data processing flowchart of the
overall methodology. The flowchart consists of seven major

steps, which are discussed in detail in the subsequent sections.
Note that the introduced algorithm is based on discretized
movements of the moving objects, and the background
(scene) is fixed.

Step 1. Collect and preprocess simulation and eye tracking
data.

Step 1.1 (collect and preprocess simulation data). Assume the
simulation scenario is of 𝑚 duration in minutes, given an
update rate (UR) in seconds (e.g., 1 second), defined as the
refresh rate of the objects’ locations and shapes on a display;
the total duration of a scenario can be divided intoUR×𝑚×60
time frames in seconds. Thus, if we want to represent the 𝑚
minutes scenario into discrete time frames we can represent
it as

𝑇 = {UR,UR × 2,UR × 3, . . . ,UR × 𝑚 × 60} , (1)

where 𝑇 represents the time frame counter in seconds.
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(1) Collect simulation and preprocess
simulation and eye fixation data

(2) Develop different types of AOIs

(3) Map eye fixation data with AOIs

(4) Visualize plot eye fixation data on
the simulated scenarios

Start

(5) Calculate different metrics of
interest for the initial (or minimal)

AOI gap tolerance value

(6) Change 
(increase) AOI
gap tolerance

value

All AOI gap
tolerance values

covered?

End

Yes

No

(7) Find optimal AOI gap
tolerance value

Figure 5: Data processing flowchart.

20 minutes

Start 
time

Frame “1” Frame “3” 

Frame “2” Frame “n” 
(Total elapsed time “n” secs)

End 
time

1 

1 

1 

· · ·

(Total elapsed time 1 sec)

(Total elapsed time 2 secs)

(Total elapsed time 3 secs)

Figure 6: Discretization of the simulation video into time frames.

Figure 6 represents an example of the discretization
process of the simulation output for a 20-minute duration.
Note an observable (or systematic) discrete movement of the
object (e.g., aircraft or radar display). In other words, no

change in position occurs within a time frame; for example,
suppose the simulation starts at 0 seconds, the next change
in positon of the aircraft will occur at the end of the first
second, and the next change will be at the end of two seconds
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Table 1: Example of eye fixation data.

𝑋 pos (pixels) 𝑌 pos (pixels) Start time (secs) Stop time (secs) Duration (secs)
1047 1668 0.35 0.466 0.116
628 1255 0.816 1.15 0.334
852 1174 1.5 2.233 0.733
1150 1690 2.666 2.916 0.25
1162 1721 2.933 3.416 0.483

and so on. After discretizing the time frames as part of
the simulation data preprocessing step, the corresponding
multielement object data are identified for each time frame.
Let 𝑃 be the set that contains all the information of the
multielements for the total time duration. Then 𝑃 can be
represented as

𝑃
𝑁
𝑇
,𝑇
= {𝑝
𝑛UR ,UR, 𝑝𝑛UR ,UR×2, . . . , 𝑝𝑛UR×𝑚×60 ,UR×𝑚×60} , (2)

where𝑃
𝑁
𝑇
,𝑇
is the set ofmultielement objects present for each

time frame.

Step 1.2 (collect and preprocess eye fixation data). The eye
fixation data needs to be processed according to the time
discretization strategy used for processing the simulation
data. Table 1 represents a small sample of eye fixation data.The
first and second columns represent the horizontal and vertical
pixel-coordinates of the eye fixations, respectively. The third
and fourth columns show the start and stop time of an eye
fixation. The fifth column represents the time duration of an
eye fixation. The start and stop time values can be used to
determine the time frame inwhich the eye fixations occurred.

The eye fixations during a time frame can be described as

𝐸
𝑀
𝑇
,𝑇
= {𝑒
𝑚
1
,UR, 𝑒𝑚

2
,UR×2, . . . , 𝑒𝑚UR×𝑚×60 ,UR×𝑚×60} , (3)

where 𝐸
𝑀
𝑇
,𝑇
is the set of eye fixations that occurred for each

time frame.
Figure 7 shows an example of eye fixation durations that

occurred over the time frames. The time frames are based
on the object movement update rate (i.e., objects would
make discrete short burst of movements), and eye fixation
durations can either fall within a time frame or stretch over
more than one time frame.

Step 2 (develop different types of AOIs). Based on the
preprocessed data from Step 1, different types of AOIs were
developed. Two types of dynamic AOIs are considered:
convex AOI and rectangular AOI. The rectangular AOI is an
adaptation from [9], and in this research the shape and size
of the rectangular AOI change based on each time frame.
The convex AOIwas developed by calculating the convex hull
[19, 20] of the set of coordinate points used to represent each
multielement object. The convex AOIs change their shapes
and sizes based on each time frame aswell. Figure 8 represents
the two different types of AOIs (convex and rectangular) for
a multielement object.Thus, if an eye fixation occurs within a
dynamic AOI, then we conclude that an eye fixation occurred
on the multielement moving object.

T = 1 T = 2 T = 3 T = Tmax

ef1
ef2

ef3
ef4

T: time frame index
efi: ith eye fixation

Figure 7: Example of eye fixation durations: the lengths of the
arrows represent the eye fixation durations.

To define a parameter that governs the size of the buffer,
we define the buffer as the “AOI gap tolerance (AGT).” Since
any given AOI corresponds to only one multielement object,
𝑃
𝑁
𝑇
,𝑇
can be substituted by AOI

𝑁
𝑇
,𝑇
, the set of AOIs during a

time frame, as

AOI
𝑁
𝑇
,𝑇

= {aoi
𝑛UR ,UR, aoi𝑛𝑈𝑅×2,UR×2, . . . , aoi𝑛UR×𝑚×60,UR×𝑚×60} .

(4)

Step 3 (map eye fixation data with AOIs). The “AOImapping
(AM)” performs a match between the eye fixation set and
the AOI set during the same time frame. AOI mapping
identifies whether the eye fixations fell within the boundaries
of the AOIs by comparing the coordinates. The AM can be
expressed as

AM : 𝐸
𝑀
𝑇
,𝑇
→ AOI

𝑁
𝑇
,𝑇
. (5)

The functionalmapping described in (5) is called amany-
to-many mapping. Many-to-many mapping refers to the fact
that eye fixations can bemapped tomore than one AOI index
and similarly AOIs can also be mapped to more than one
eye fixation during a time frame. For example, in a single
time frame, two or more eye fixations (that have different
pixel-coordinates) can occur within a single AOI, or two or
moreAOIs can share a single eye fixation (when overlapping).
The resulting mapped AOIs during the time frame 𝑡 can be
expressed as AM(𝑒

𝑚
𝑡
,𝑡
) = aoi

𝑛
𝑡
,𝑡
. The collection of all mapped

AOIs can be defined as a “mapped AOI set (MA)” and be
written as

MA
𝐼,𝑇
= {ma

𝑖,𝑡
| AM (𝑒

𝑚
𝑡
,𝑡
) = aoi

𝑛
𝑡
,𝑡
,ma
𝑖,𝑡
∈ aoi
𝑛
𝑡 ,𝑡
} , (6)
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Figure 8: Example of a multielement object (black and red) represented using dynamic AOIs (green solid and dotted lines surrounding the
object): the shape created when using dotted green lines represents a tightly fitted AOI, and the shape created when using solid green lines
represents a slightly enlarged AOI with a buffer of 40 pixels.

(a) Rectangle AOI singular mapping (b) Rectangle AOI overlapped mapping

(c) Convex AOI singular mapping (d) Convex AOI overlapped mapping

Figure 9: Mapping eye fixation with different AOI types: the red “+” indicates the eye fixation location. For (b) and (d), we determine that
an eye fixation occurred in all three AOIs.

where MA
𝐼,𝑇

is the set of mapped AOIs during a time frame
and 𝐼 is index.

Figure 9 represents a mapping example where the rect-
angular and convex AOIs are shown in green. The red “+”
symbol represents the eye fixation point that falls within
the AOI boundary. There may be situations when an eye
fixation falls inside the boundary of more than one AOI
simultaneously. In other words, the eye fixation falls into a
region that is in the intersection of several AOI boundaries,
thus giving rise to the concept of “overlappedAOImappings.”
Thus, in this example, themappedAOI set for this eye fixation
will include three elements, which can be shown as MA

𝐼,𝑇
=

{𝑎
1,𝑡
, 𝑎
2,𝑡
, 𝑎
3,𝑡
}.

Another important concept, which will be useful in the
analysis, is the cardinality of the MA set, where cardinality
is the number of elements present in that set. This can be
expressed as follows:


ma
𝑖,𝑡


= 𝑐, 𝑐 ∈ {0, 1, 2, 3, . . . , 𝑛

𝑡
} , (7)

where | ⋅ | is the cardinality function and 𝑛
𝑡
is the number of

multielement objects present at time 𝑡.
Thus, if “𝑐” is the cardinality of thema

𝑖,𝑡
set we can say that

the corresponding eye fixation index has been mapped to “𝑐”
number of AOIs simultaneously. The larger the cardinality of
the ma

𝑖,𝑡
set, the greater the difficulty in analyzing those eye
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fixations. Therefore, an important consideration in the data
analysis is the frequency distribution of different cardinal
values of the ma

𝑖,𝑡
set.

Step 4 (visualize plotted eye fixation data on the simulated
scenarios). After the mapping process, the eye fixation data
is overlaid on the simulated display as a function of time
using the update rate. This process requires subsequently
plotting both the eye fixations and AOI data pertaining to the
same time frames and covering the time frames sequentially.
Example cases are shown in Figure 12.

Step 5 (investigate the mapping effects for different AOI gap
tolerance (AGT) values). Some of the metrics that are of
particular interest for this study are (1) the “percentage of
the number of eye fixations falling inside AOIs (PNFIA)” and
(2) the “percentage of the duration of the eye fixations falling
inside AOIs (PDFIA).”

PNFIA is defined as
PNFIA

=
Number of eye fixations falling inside AOIs

Total number of eye fixations
,

(8)

where the number of eye fixations falling inside the AOIs (in
(8)) is

Number of eye fixations falling inside AOIs

=

max(𝑇)
∑

𝑡=1

𝑚
𝑡

∑

𝑖=1

𝐴
𝑖,𝑡
,

(9)

wheremax(𝑇) is maximumvalue of the time frame count and
𝑚
𝑡
is the number of eye fixations during time frame 𝑡:

𝐴
𝑖,𝑡
=

{

{

{

1 if ma
𝑖,𝑡


̸= 0

0 otherwise,
(10)

where the cardinality function is expressed as |⋅| (e.g., |ma
𝑖,𝑡
|).

𝐴
𝑖,𝑡

is the indicator function that becomes 1 if the
cardinality of the corresponding set ma

𝑖,𝑡
is nonzero; in other

words this function takes the value of 1 if the associated eye
fixation falls at least within one AOI boundary. Therefore,
using (9) and (10) we get

PNFIA =
∑

max(𝑇)
𝑡=1

∑
𝑚
𝑡

𝑖=1
𝐴
𝑖,𝑡

𝑁
, (11)

where𝑁 is the total number of eye fixations.
PDFIA is defined as

PDFIA

=
Time duration of eye fixations falling within AOIs

Total time duration of alleye fixations
.

(12)

The time duration of eye fixations falling within AOIs is
calculated as

𝐷 =

max(𝑇)
∑

𝑡=1

𝑚
𝑡

∑

𝑖=1

𝑑
𝑖,𝑡
, (13)

where 𝑑
𝑖,𝑡
is time duration of eye fixation index 𝑖 during time

frame 𝑡 and 𝑚
𝑡
is the number of eye fixations that occurred

during time frame 𝑡.
For the purpose of calculating the time duration of eye

fixations falling within an AOI, we need to consider only
those eye fixations indexes for which the cardinality of their
corresponding AOI mapped set is nonzero. Therefore we
can use the indicator function described in (10) to take into
account only those specific eye fixation indexes that fall at
least within one AOI boundary. Thus we get the following:

𝐷

=

max(𝑇)
∑

𝑡=1

𝑚
𝑡

∑

𝑖=1

𝐴
𝑖,𝑡
× 𝑑
𝑖,𝑡
. (14)

Using (13) and (14) we get that the percent time duration of
eye fixations falling within an AOI to be

PDFIA = 𝐷


𝐷
. (15)

The next metric of interest is the frequency distribution
of ma

𝑖,𝑡
of various cardinalities. In other words, it is the

frequency distribution of various possible “𝑐” values, where
𝑐 is as described in (7). This can be found by counting the
number of occurrences of various possible values of “𝑐.” This
frequency distribution is an important metric because it is
a qualitative measure of the difficulty associated with the
analysis of the eye fixation sequence.

Step 6 (change AOI gap tolerance (AGT) values). Due to the
visual angle error, the choice of theAGT value depends on the
discretion of the analyst. In absence of any established rela-
tionship between theAGTvalues and the relevant eye fixation
parameters discussed in an earlier section, the optimal range
of the AGT value becomes very much context dependent. As
a result, it becomes important to study this relationship for
the present context. Thus, the next step involves varying the
AGT value to investigate its impact on the relevant metrics of
interest. The equation governing the change in AGT can be
written as

AGT
𝑅+1
= AGT

𝑅
+ 𝛿, (16)

where AGT
𝑅
is AOI gap tolerance value for the iteration value

𝑅 and 𝛿 represents increments of AGT values (e.g., 𝛿 = 5
pixels).

Table 2 shows the various values of the iteration counter
𝑟 and the associated AGT values. All the above-mentioned
steps need to be performed from Steps 2–5 for each 𝑟 value.

Step 7 (find optimal AOI gap tolerance value). Assuming that
a participant or a group of participants interrogate one object
at a time, one method to find the optimal AGT value is to
select the AGT value that provides the highest frequency of
the mapped AOI set of cardinality 1, or in other words we can
identify the optimal AGT value for which the number of eye
fixations on single AOIs is maximum.
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Table 2: AGT values defined for each iteration (𝑟).

Various combination of 𝑟 and AGT values
𝑟 AGT (pixels)
1 5
2 10
3 15
4 20
5 25
6 30
7 35
8 40
9 45
10 50
11 55
12 60
13 65
14 70
15 75
16 80
17 85
18 90
19 95
20 100

The equation to find the optimal AGT value (AGToptimal)
is as follows:

AGToptimal = arg max
AGT∈[5,10,...,100]

[f req (𝑐) : 𝑐 = 1] , (17)

where 𝑐 is cardinality of the mapped AOI set and freq(⋅) is
frequency of set with cardinality value 𝑐.

Note that we can also obtain an overall single near
optimal AGT value recommended for an experiment if we
used the aggregated eye tracking data obtained frommultiple
participants.

Pseudocode 1 shows the simplified pseudocode based on
the algorithmic flowchart shown in Figure 5.

3. Implementation

The developed approach was benchmarked through retired
professional air traffic control specialists (ATCSs) who pri-
marily work as instructors for the Federal Aviation Admin-
istration (FAA). The experiment was held at the FAA Civil
Aerospace Medical Institute (CAMI), located in Oklahoma
City, OK.

3.1. Participants. Ten certified ATCSs with over 32 years of
experience participated in the experiment. In addition, three
FAA employees participated as pseudo pilots who maneu-
vered the aircraft based on the controllers’ clearances. Eye
tracking data were collected from the certified controllers.

Due to the unforeseen technical issues when using the eye
tracking system and the air traffic control simulator, the data
obtained from the first five participants were discarded, and
only the data obtained from the subsequent five participants
were used.

3.2. Apparatus. The experiment environment closely resem-
bled the actual environment in the field (Air Route Traffic
Control Center) in order to obtain high face validity. The
simulated air traffic scenarios were displayed using a 19.83 ×
19.83-inch monitor (2048 × 2048-pixel active display area).
The size and resolution were equivalent to the actual display
size used in the field. An additional monitor was placed
to the right of the simulation monitor to display the En
Route Automation Modernization (ERAM) tool, a decision
support tool that provides text data with respect to aircraft
data, trajectory, and possible conflicts. A keyboard was
placed beneath the simulation monitor for an ATCS to input
commands.

The eye tracking data were only collected from the
simulation monitor to test our designs and algorithms.
Facelab 5 eye tracker system [11] was used to collect the eye
tracking data with a sampling rate of 60Hz. The threshold
for defining a fixation was set at 100ms. The accuracy of the
eye tracker was in the range of 0.5∘–1∘ of visual angle error.
Each participant’s eyes were approximately in the range of
55–70 cm from the simulated display. Kongsberg-Gallium I-
Sim software, internally outsourced and used by the FAA,
was used for generating three different air traffic scenarios.
The refresh rate of the simulated radar display was 1 second.
Obtained raw eye tracking data was exported through the
Eyeworks software [21], and the data output was similar to
that shown in Table 1.

The structure of the air traffic simulation file is provided
in Table 3 (sample data).The output file contains the details of
the aircraft movements, their coordinates, and other relevant
details of the aircraft representation used for the simulation.
The data update rate (UR) was 1 second. In Table 3, the first
and second columns show the elapsed time from the start of
the experiment and the actual time of day, respectively. The
third column named “aircraft code” shows the code name of
the aircraft under consideration. The fourth column is the
“target” column which shows the horizontal (𝑋 pos) and
vertical (𝑌 pos) coordinates of the targets (aircraft) in pixels.
The fifth column is the “data block” column which has three
subparts: (1) top left corner coordinates of the data block, (2)
bottom right coordinates of the data block, and (3) direction
column that represents the relative location of the aircraft
with respect to the target position (N (north), NE (northeast),
E (east), SE (southeast), S (south), SW (southwest), W (west),
and NW (northwest)). The last column provides the position
coordinates in pixels of the vector line’s end point.

3.3. Task and Scenarios. The task was a high fidelity rep-
resentation of air traffic control as performed in the U.S.
National Airspace System’s Air Route Traffic Control Cen-
ters. Controlling simulated traffic such as this requires an
experienced ATCS to observe the radar screen and give



Computational Intelligence and Neuroscience 9

for 𝑟 = 1 till max(𝑟) (loop to cover all iteration)
for 𝑡 = 1 till max(𝑇) (loop to cover all time frames)

for 𝑗 = 1 till 𝑛
𝑡
(loop to cover all multi-element objects for the current time frame 𝑡)

Plot 𝑗th plane elements for time frame 𝑡
Plot 𝑗th AOI boundary for time frame 𝑡

end for
for 𝑖 = 1 till𝑚

𝑡
(loop to cover all eye fixation 𝑒

𝑖,𝑡
for the current time frame 𝑡)

Plot 𝑖th eye fixation (𝑒
𝑖,𝑡
) for time frame 𝑡

for 𝑗 = 1 till 𝑛
𝑡
(loop to check whether the current eye fixation falls within the AOI list of the current time frame 𝑡)

find whether current fixation 𝑒
𝑖,𝑡
falls inside AOI

𝑗,𝑡

store the result: store 1 for inside, 0 for outside AOI
store the time duration of the eye fixation

end for
end for

end for
calculate percent number of eye fixations within AOI
calculate percent time duration of eye fixations within AOI
calculate the frequency distribution of mapped AOI sets of various cardinalities

end for
calculate the optimal AGT value

Pseudocode 1: Pseudocode used for the overall process.

Table 3: Air traffic simulation sample output data.

Scenario time Time of the day Aircraft code
Target Data block Vector line end point

Top left Bottom right Direction
𝑋 pos 𝑌 pos 𝑋 pos 𝑌 pos 𝑋 pos 𝑌 pos 𝑋 pos 𝑌 pos

00:00:14 11:55:19 DAL1268 988 939 1050 922 1141 994 E 957 892
00:00:14 11:55:19 EGF1819 599 1248 608 1282 699 1354 S 624 1237
00:00:14 11:55:19 N21LD 732 1300 792 1334 883 1406 SE 742 1277
00:00:15 11:55:20 DAL1268 987 938 1050 922 1141 994 E 957 892
00:00:15 11:55:20 EGF1819 599 1248 446 1231 537 1303 W 624 1237
00:00:15 11:55:20 N21LD 732 1299 792 1334 883 1406 SE 742 1277

Table 4: Characteristics of different simulation scenarios.

Scenario name Average unique
aircraft per frame

Min unique
aircraft per frame

Max unique
aircraft per frame

Std dev unique
aircraft per frame

Moderate traffic 20 7 30 7
Moderate traffic + weather feature 20 6 29 6
Busy traffic 24 8 37 7

clearances to aircraft adjusting their altitudes, headings, or
speeds so as to maintain aircraft-to-aircraft separation and
route aircraft through the sector or to their destination airport
within the sector. The ATCSs gave voice commands, via the
communication system, to pseudo pilots whowere situated in
a remote room.The pseudo pilots followed the clearances and
provided read-back to the ATCSs. Three scenarios were used
(moderate traffic, moderate traffic with convective weather,
and busy traffic). The duration of each scenario was 20
minutes. Table 4 and Figure 10 show the details of the

scenarios. In Figure 10(b), the blue patch represents the
weather feature.

3.4. Data Analysis. The analysis of convex and rectangular
AOIs was automated as follows: Based on the provided
simulation output and the eye tracking output, both data
sets were synchronized (step (1) in Figure 5). After the
preprocessing steps, the two types of AOIs (convex and
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(a) Moderate traffic scenario (Mod) (b) Moderate traffic with weather feature scenario (Mod +W)

(c) Busy traffic scenario (Busy)

Figure 10: Air traffic control scenarios.

rectangular AOI) were created using the aircraft coordinates
at every second (step (2)). Then, mapping was performed
using the eye tracking data and the simulation data (step
(3)). The mapped data was visualized (step (4)), and relevant
metrics including the PNFIA and PDFIA were calculated
by varying the AGT values (steps (5) and (6)). Finally, the
optimal AGT value was obtained by identifying the highest
percentage of the eye fixations on single AOIs (step (7)).

The complexity of the data processing time was
𝑂(𝑛
1
𝑛
2
𝑛
3
𝑛
4
𝑛
5
𝑛
6
), where 𝑛

1
is the number of participants, 𝑛

2

is the number of scenarios, 𝑛
3
is the number of AOI types, 𝑛

4

is the number of AGT values, 𝑛
5
is the number of AOIs per

time frame, and 𝑛
6
is the number of eye fixations per time

frame. Each eye fixation was compared with each AOI per
time frame.

In the Results, the total eye fixation numbers and dura-
tions on the display (without using AOIs) were plotted in
order to investigate the oculomotor trends. Then, aggregated
PNFIA and PDFIA values for all participants were plotted
based on the AGT values. Then, the number of eye fixations
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Figure 11: Oculomotor trends of the total number and duration of eye fixations among scenarios.

that occurred on single and multiple overlapping AOIs was
plotted based on the AGT values. The optimal AGT value
was computed, and examples of different scanpath sequences
(resulting from either different AOI types or AGT values)
were identified.

4. Results

The oculomotor trends are shown in Figure 11. Figure 11(a)
shows the total number of eye fixations and Figure 11(b)
shows the total duration of eye fixations with respect to
scenario difficulties: moderate traffic (Mod), moderate traffic
with weather feature (Mod +W), and busy traffic (Busy).The
legends in Figure 11 showing 1, 2, 3, 4, and 5 represent the
participant numbers.

Figure 12 displays example snapshots of the visualization
process (see Step (4) in Figure 5) for both AOI types. The
example snapshots show the dynamic AOIs with the AGT
value set to 40 pixels. In Figure 12, the AOIs are highlighted in
green and the order of eye fixations along with the associated
saccades (connections between eye fixations when moving
from one to the next) are highlighted in red. Note that the
automated illustrations of the ordered eye fixations (shown
in numbers) and the saccades linking the eye fixations are
accumulated, meaning that the illustrations show all eye
fixations from the scenario start time (time frame 1) until the
indicated time frame such as time frame 120 or 1200.

Figure 13 depicts the effect of changing the AGT values
on (1) the percentages of the numbers of eye fixations
that fall within AOIs (PNFIA) shown in grey and (2) the
percentages of the durations of the eye fixations that fall
within AOIs (PDFIA) shown in black. The plots show the

Table 5: Mean and standard error for the optimal AGT values for
different AOI types.

Optimal AGT AOI type
Convex AOI Rectangular AOI

Mean (pixels) 40 38.3
Standard error (pixels) 1.8 1.2

mean and standard error associated with every AGT value.
In addition, the fitted polynomial equations and the𝑅2 values
are provided.

Figure 14 depicts the change in the frequency of mapped
AOI sets, of various cardinalities, with respect to the change
in AGT values for convex and rectangular AOIs, respectively.
The plots show the mean and the standard error associated
with the coverage percent values. The maximum possible
observed cardinality of the mapped AOI set is 8. A general
trend among the various plots is that the frequency count
of the ma

𝑖,𝑡
set having cardinality 1 (or in other words

𝑐 = 1 (shown in red)) increased and then decreased. As the
AGT values increased, the number of overlapping AOIs also
increased, and the eye fixations on a single AOI subsequently
decreased.

The near optimal (or recommended) AGT values (by
considering all participants and scenarios) are provided in
Table 5. The AGT value of 40 pixels captures approximately
70–80% of the total eye fixations that fall within the AOIs.
Note that the participants can freely observe other areas that
are not defined as AOIs within the display.

Figure 15 depicts the change in the frequency of mapped
AOI sets, of various cardinalities, with respect to the change
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(a) Rectangular AOI, time frame = 120 (b) Rectangular AOI, time frame = 1200

(c) Convex AOI, time frame = 120 (d) Convex AOI, time frame = 1200

Figure 12: Examples of visual representations of eye fixation data plotted onto theAOIs: the eyemovements (eye fixation orders are numbered,
and the saccadic movements are shown as red lines) were accumulated over time.

in AGT values for convex and rectangular AOIs, respectively.
The plots show the mean and standard error associated with
the frequency values for every AGT value. The maximum
possible observed cardinality of the mapped AOI set is 8. In
many cases the frequency of cardinality values higher than
five was zero. Thus the curves for these cardinalities might
not be exclusively visible on the plots as they are overlapping
each other. A general trend among the various plots is that
the frequency count of the ma

𝑖,𝑡
set having cardinality 1

(or in other words 𝑐 = 1 (shown in red)) increased and
then decreased. As the AGT values increased, the number
of overlapping AOIs also increased, and as a result, the eye
fixations on a single AOI subsequently decreased.

Figure 16 shows examples of how different AGT values
can affect the resulting AOI-based scanpath sequences. More
relevant eye fixations were captured when using the optimal
AGT value of 40 (obtained from our experiment) than

the AGT value of 5. As shown in Figure 16, the identi-
fied scanpath sequence “FFCC(A,B)E” (Figure 16(b)) shows
much more pertinent mappings compared to the scanpath
sequence “CCA” (Figure 16(a)). Again, note that the scanpath
sequences can be further collapsed into “FC(A,B)E” and
“CA,” respectively.

5. Discussion

An approach was developed that automatically (1) created
rectangular and convex AOIs around multielement objects,
(2) mapped eye fixations with different types of AOIs,
(3) systematically evaluated the mapping characteristics by
increasing the size of the AOIs to consider the fidelity of the
eye trackers, and (4) investigated how the increase of the AOI
sizes affects the overlapping of multiple AOIs. This approach
was applied to the collection of visual scanning data from a
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(e) Busy traffic scenario
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Figure 13: Plots of coverage percentages of the numbers and durations of the eye fixations that occurred within the AOI versus AGT values:
the figures on the left column are the results for the convex type, and the figures on the right column are the results for the rectangular type.
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(a) Moderate traffic scenario
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(b) Moderate traffic scenario
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(c) Moderate traffic with weather feature scenario
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(d) Moderate traffic with weather feature scenario
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Figure 14: Distribution of the number of eye fixations on single or overlapped AOIs based on AGT values: the top red line shows the change
of the number of eye fixations for a single AOI. The subsequent lines show the change of the number of eye fixations on overlapping AOIs
(increasing from 2 to 8).
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Figure 15: Examples illustrating how AOI types can affect the AOI-based scanpath sequences: the red “+” shows the location of the eye
fixations, and the numbers are the corresponding eye fixation orders. For (a), eye fixation 5 only falls inside AOI “B,” whereas for (b) eye
fixation 5 falls inside both AOIs “A” and “B.”
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Figure 16: Examples illustrating how AGT values can affect the AOI-based scanpath sequences: the red “+” shows the location of the eye
fixations, and the numbers are the corresponding eye fixation orders. For (a), eye fixations 1, 2, 6, and 7 fall outside the AOIs, whereas for (b)
only eye fixation 7 falls outside the AOIs.

high fidelity simulation of an air traffic control task. The task
required ATCSs to interrogate multielement moving objects
(that can change their overall shapes) on a radar display. The
approach was applied to eye tracking data collected from the
ATCSs as they performed the conflict detection and control
task through interrogating multiple moving aircraft within
their sector.

The oculomotor statistics on different types of scenarios
show that the overall eye fixation numbers and durations on
the display (without considering AOIs) did not significantly
differ among the scenarios. The results differ from previous
aircraft conflict detection research [22, 23]. In [22], eye
fixation numbers and durations increased as the difficulty
level increased (easy: many aircraft had different altitudes;
moderate: many aircraft had similar altitudes; difficult: many
aircraft changed altitudes), while setting the number of
aircraft on the display at twelve for all scenarios. In [23], eye
fixation numbers and durations increased as the number of
aircraft on the display was increased from twelve to twenty. A
major difference in the scenario settings was that there was
no time limit on detecting possible collisions for [22, 23],

whereas the experiment in this research had a time limit of
twenty minutes.

Regarding the ATCSs’ cognitive processes, one reason
that similar oculomotor trends could be found is that the
ATCSs were constantly vigilant on interrogating and control-
ling the aircraft throughout the experiment. In addition, the
reason for a marginal decreasing trend on eye fixations and
durationsmay be due to the order effect of the scenarios being
performed in a sequence of moderate traffic, moderate traffic
with convective weather, and busy traffic. The participants
could have become more comfortable with the situation
as they continued to control the multiple aircraft. Another
possibility is that the ATCSs may have spent more time
on looking at the ERAM display as well as the keyboard.
Unfortunately, the exported eye tracking data only provides
pixel-based eye fixations that occurred within the defined
display; therefore, it is difficult to know where the eye
fixations occurred outside the display.

The convex and rectangular AOI types did not generally
affect the amount of mapped eye fixations among the par-
ticipants and the scenarios due to the relatively small size of
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the objects as well as the accuracy of the eye tracking system
for a high face validity experiment. However, we were able
to identify specific examples of different AOI types affecting
the resulting scanpath sequence (Figure 15). The analysis of
human performance using the scanpath sequences may have
substantially differed for the same experiment if the analysts
applied different AOI types. The effect may have been overall
significant if the size of the multielement objects was bigger
due to the increased unnecessary area (Figure 8) created by
the rectangular AOI type. The unnecessary areas would also
result in creating more overlapping AOI areas.

The AGT values substantially impacted the amount of
covered eye fixations and durations on both AOI types and
the trends fitted to polynomial equations. Up to a certain
point, the increase of theAGTvaluewas able to accommodate
many eye fixations that occurred around the objects; then
the increase rate (of the amount of included eye fixations)
began to reduce since lower amount of eye fixations occurred
further away from the objects. The eye fixation numbers
and durations were highly correlated for our experiment.
Note that the AGT values also affected the resulting scanpath
sequences (Figure 16). The use of too tightly fitted AOIs
resulted in missing many eye fixations that occurred around
the object. Note that if we used AOIs that were too large, then
the cardinality of themappedAOI set would increase, leading
to either inaccurate mapping or an increase in the complexity
of the scanpath sequences by having more overlapping AOIs.

Thus, the selection of the AGT value gives rise to a trade-
off between the coverage (amount of eye fixations) versus
complexity (overlapping AOIs) of the algorithm because the
more we increase the coverage, the more we increase the
complexity. As the AGT value increases, the coverage of the
overlapping AOIs increases accordingly, but the coverage of
the single AOIs starts to decrease (Figure 14). The reason
is that overlapping AOIs begin to take away the amount of
eye fixations that occurred within single AOIs. Therefore,
we were able to determine the near optimal AGT value by
identifying the coverage peak of single AOIs. Having an
adequate AOI size to map an eye fixation to a single AOI
is more preferred to having larger AOIs that would result
in creating unnecessary overlapping areas. In other words,
the more we increase the coverage, the more we increase the
complexity formultielementmoving objects that can overlap.

6. Limitation and Future Research

Although the different AOI types did not show significant
differences when aggregated results were compared, we were
able to identify specific cases where differences were indeed
present. A follow-up experiment is needed to vary the size of
the actual objects in order to identify a threshold that shows
substantial mapping differences when using complex convex
approximations versus the simple shaped approximations.
In addition, although the benchmarking of the developed
methods was able to show that trade-offs exist when consid-
ering the design of AOIs based on visual angle errors and
overlapping objects, more follow-up experiments are needed
to refine and better support our methods.

In addition, the near optimal AGT values were obtained
from aggregated data across the whole experiment and
among the participants.The limitation to this approach is that
we apply a constant AGT value for the whole duration. The
optimal AGT value might not be a constant for all the time
frames, and further detailed analysis might help to segregate
time segments from the whole experimental duration (i.e.,
identify the amount of variations for different segregated time
segments). Note that we would not be able to obtain a trend
to identify the optimal value if the time length was too short
(e.g., for a 1-second time frame, we would only obtain 1 or 2
eye fixations). To investigate how it would vary, wewould first
need to define the time segments that we should apply.

Another limitation is that we assumed that the multiele-
ment objects make discretized movements and that the scene
(background) is fixed. If the background is moving or the
objects make rapid movements (e.g., from one end of the
screen to another end of the screen in a very short time), then
our approach would not work. These issues are difficult to
solve and should be addressed in our subsequent research.

The overarching goal of our research is to obtain more
accuratemappings between the eyemovements and themov-
ing objects in order to better support the analysis of human
performance. This research concentrated on prototyping,
implementing, and evaluating new conceptual designs and
algorithms to obtain more accurate mappings. Based on the
obtained results in this research, we are currently analyz-
ing the human performance based on the obtained AOI-
based scanpath sequences through the Directed Weighted
Networks [24, 25].

Furthermore, the results can be a basis to develop better
scanpath analysis methods that build upon existing methods
[22, 26–31], mimic human performance [32], and develop
data visualization methods for active learning using the
experts’ visual scanning patterns [33]. In addition, the visual
scanning data could be combined with EEG analysis [34] to
better understand how the different types of tasks or incidents
affect brain response and visual scanning and how the brain
response data is correlated with visual scanning data.

7. Conclusion

To address the issue of mapping eye fixations with multiele-
ment objects (that move, can change their shape, and overlap
over time), we proposed and implemented dynamic AOIs
that represent the multielement objects. During the process,
we showed a way tomap eye fixations to overlapping AOIs. In
addition, the concept of AGT was applied in order to address
the issue of the fidelity of the eye trackers. Our approach was
automated and applied to data collection from a high fidelity
simulation of an air traffic control task. The benchmark
showed that eye tracking data analyses can substantially differ
based on how the AOIs are defined and how we can obtain
near optimal values to better define the AOIs.
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For many applications in graphics, design, and human computer interaction, it is essential to understand where humans look in a
scenewith a particular task.Models of saliency can be used to predict fixation locations, but a large body of previous saliencymodels
focused on free-viewing task.They are based on bottom-up computation that does not consider task-oriented image semantics and
often does not match actual eye movements. To address this problem, we collected eye tracking data of 11 subjects when they
performed some particular search task in 1307 images and annotation data of 2,511 segmented objects with fine contours and 8
semantic attributes. Using this database as training and testing examples, we learn a model of saliency based on bottom-up image
features and target position feature. Experimental results demonstrate the importance of the target information in the prediction
of task-oriented visual attention.

1. Introduction

For many applications in graphics, design, and human
computer interaction, it is essential to understand where
humans look in a scene with a particular task. For example,
an understanding of task-oriented visual attention is useful
for automatic object recognition [1], image understanding,
or image search [2, 3]. It can be used to direct visual search
and foveated image video compression [4, 5] and robot
localization [6, 7]. It can also be used in advertising design
or implementation of smart cameras [8].

However, it is not easy to simulate task-oriented human
visual behavior perfectly by machine. Attention is an abstrac-
tive concept, and it needs objective metrics for evaluation.
Judging the results of experiments by intuitive observation is
not precise because different people might focus on different
regions of the same scene, even with task. To solve this issue,
eye tracker equipment pieces that can record human eye
fixation, saccades, and gazes are routinely used. Investigations
of human eye movement data provide more objective ground
truth for studies on computational attention models. At the
present time, there are over two dozen databases with eye
tracking data for both images and videos in the public domain
[9], which mainly focus on “free-viewing” eye movements.

Most existing computational visual attention saliency
models have often been evaluated against predicting human
fixations in free-viewing task, in which some are biologically
inspired and based on a bottom-up computationalmodel and
others combine both bottom-up image based saliency cues
and top-down image semantic dependent cues. Though the
models do well qualitatively, the models have limited use
because they frequently performwell only in the context-free
scenario.

Motivated by this, we make two contributions in this
paper. The first is a large database of task-oriented eye
tracking experiments with labels and analysis and the second
is a supervised learning model of saliency which combines
both bottom-up image based saliency cues and task-oriented
image semantic dependent cues. Our database consists of
eye tracking data from 11 different users across 1307 images.
To our knowledge, it is the first time that such an extensive
collection of task-oriented eye tracking data is available for
quantitative analysis. For a given image, the eye tracking
data is used to create a “ground truth” saliency map which
represents where viewers actually look with a particular
search task. We introduce a set of bottom-up image features
and target position features to define salient locations and use
a linear support vector machine to train a model of saliency.
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We compare the performance of saliencymodels createdwith
different task-oriented attention and show that our approach
performs better in predicting human visual attention regions
than MIT model [3], which is one of the best models in
predicting context-free human gaze.

The structure of this paper is as follows: Section 2 provides
a brief description and discussion of some previous works.
Section 3 is devoted to describing the characteristics of
the database. In Section 3.1, we present the data collection
method, the images, eye tracking data, and ground truth
data. Section 3.2 analyzes the properties of our database. The
detailed description of ourmodel is in Section 4 that evaluates
our approach using the popular saliency model evaluation
scores (AUC) with MIT saliency model. The discussion and
conclusions are discussed in the last section.

2. Related Work

Attention and saliency play important roles in visual percep-
tion. In past few years,more than two dozen of such databases
are now available in the public domain. Fixations in Faces
(FIFA) [10] were collected from eight subjects performing
a 2 s long free-viewing task on 180 color natural images.
It demonstrates the fact that faces attract significant visual
attention. Subjects were found to fixate on faces with over
80% probability within the first two fixations. The NUSSEF
database [11] was compiled from a pool of 758 images and
75 subjects. Each image was presented for 5 seconds and
free-viewed by at least 13 subjects. A big feature of this
dataset compared with others is that the 758 images in
the dataset contain a large number of semantically affective
objects/scenes such as expressive faces, nudes, unpleasure
concepts, and interactive actions. MIT database from Judd
et al. [12] included 1003 images collected from Flickr and
LabelMe. Eye movement data were recorded from 15 users
who free-view these images for 3 s. In this database, fixations
were found around faces, cars, and text. Many fixations are
biased towards the center. The DOVES dataset [13] includes
101 natural grayscale images [14]. Eye movements from 29
human observers as they free-view the images were collected.
However, all of these databases record “free-viewing” eye
movements. In addition, MIT CVCL Search Model Database
[15] was recorded to understand task-oriented eyemovement
patterns of users. Observers were asked to perform a person
detection task, and their eye movements were found to be
consistent, even when the target was absent from the scene.
This database was recorded based on task-oriented attention,
but its task is single. So it is necessary to create a content-rich
database based on task-oriented attention.

Several visual attention models are directly or indirectly
inspired by cognitive concepts which are from psychological
or neurophysiological findings. The winner-take-all (WTA)
biologically plausible architecture which is related to the
Feature IntegrationTheory is proposed by Koch and Ullman
[16]. Built on WTA, Itti et al. [17] first implemented the
computational model using a center-surround mechanism
and hierarchical structure to predict salient regions. In this
model, an image is predecomposed into low-level attributes
such as color, intensity, and orientation across several spatial

scales. The WTA inference pulls out the position with most
conspicuity set of features. Later, Le Meur et al. [18] proposed
a bottom-up coherent computational approach based on the
structure of the human visual system (HVS), which used
contrast sensitivity, perceptual decomposition, visual mask-
ing, and center-surround interaction techniques. It extracted
features in Krauskopf ’s color space and implemented saliency
in three separate parallel channels: visibility, perceptual
grouping, and perception. A feature map is obtained for
each channel, and then a unique saliency map is built from
the combination of those channels. Based on the isotropic
symmetry and radial symmetry operators of Reisfeld et al.
[19] and the color symmetry of Heidemann [20], Kootstra
et al. [21] developed three symmetry-saliency operators and
compared them with human eye tracking data. E. Erdem and
A. Erdem [22], Marat et al. [23], and Murray et al. [24] are
other models guided by cognitive findings.

Another class of models is derived mathematically. Itti
and Baldi [25] defined surprising stimuli as those which
significantly change beliefs of an observer. This is modeled
in a Bayesian framework by computing the KL divergence
between posterior and prior beliefs. Similarly, Zhang et al.
[26] proposed SUN (Saliency Using Natural statistics) model
in which bottom-up saliency emerges naturally as the self-
information of visual features. Bruce and Tsotsos [27] present
a model for visual saliency built on a first principles informa-
tion theoretic formulation dubbed Attention based on Infor-
mation Maximization (AIM). Avraham and Lindenbaum’s
work onEsaliency [28] uses a stochasticmodel to estimate the
most probable targets mathematically. Schölkopf et al. [29]
proposed the Graph-Based Visual Saliency (GBVS) model,
which used a Markovian approach to describe dissimilarity
and concentration mass regions. Seo and Milanfar [30] and
Liu et al. [31] are two other methods based on mathematical
models.

Another class of models computes saliency in the fre-
quency domain. Hou and Zhang [32] proposed Spectral
Residual Model (SRM) by relating spectral residual features
in spectral domain to the spatial domain. In [28], Avraham
and Lindenbaum proposed Esaliency, a stochastic model,
to estimate the probability of interest in an image. They
roughly segmented the image first and used a graphicalmodel
approximation in global considerations to determine which
parts are more salient.

Our proposed approaches are related to thosemodels that
learn mappings from recorded eye fixations or labeled salient
regions. These models use some high-level features obtained
from earlier databases and conduct learning mechanisms to
determine model parameters. Torralba et al. [33] proposed
an attentional guidance approach that combines bottom-up
saliency, scene context, and top-downmechanisms to predict
image regions likely to be fixated by humans in real-world
scenes. Based on a Bayesian framework, the model computes
global features by learning the context and structure of
images, and the top-down tasks can be implemented in
the scene priors. Cerf et al. [34] proposed a model that
adds several high-level semantic features such as faces, text,
and objects to predict human eye fixations. Judd et al.
[12] proposed a learning-based method to predict saliency.
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They used 33 features including low-level features such as
intensity, color, and orientation; midlevel features such as a
horizon line detector; and high-level features such as a face
detector and a person detector. The model used a support
vector machine (SVM) to train a binary classifier. Zhao
and Koch [35] proposed a model similar to that of Itti et
al. [17], but with faces as an extra feature. Their model
combines feature maps with learned weighting and solves the
minimization problem using an active set method. Among
themodels described above, some focus on adding high-level
features to improve predictive performance, while others
use machine learning techniques to clarify the relationship
between features and their saliency. However, the so-called
high-level features are blur concepts and do not encompass
all types of environments.

These saliency models have been used to characterize
RoIs in free-viewing task, but their use in particular task has
remained very limited. Recent results suggest that, during
task-oriented visual attention, in which subjects are asked to
find a particular target in a display, top-down processes play
a dominant role in the guidance of eye movements [36–40].
However, the so-called top-down features are blur concepts
and do not encompass all types of environments. Here, we
exploit more informative concepts including low-level, target
location, and center bias, using machine learning for eye
fixation prediction.

3. Database of Eye Tracking Data

We collected a large database of eye tracking data to allow
large-scale quantitative analysis of fixation points and gaze
paths and to provide ground truth data for saliency model
research [41]. Compared with several eye tracking datasets
that are publicly available, the main motivation of our new
dataset is for studying task-oriented visual attention, that
is, where observers look while deciding whether a scene
contains a target.

3.1. Data Gathering Protocol

3.1.1. Participants. Fifteen participants, undergraduate and
graduate volunteers aged 19–32 years (𝜇 = 23.3, 𝜎 = 38.4)
with uncorrected and corrected normal eyesight, voluntarily
joined this experiment. All the participants were from the
Northwestern Polytechnical University.

3.1.2. Apparatus. Tobii TX300 eye tracker was used to record
eye movements. We set the sampling frequency to 300Hz.
The eye tracker tolerates a certain extent of head movements,
which allows the subjects to move freely and naturally in
front of the stimulus. Freedom of headmovement is at 65 cm,
37 × 17 (width × height), where at least one eye is within
the eye tracker’s field of view. Max head movement speed
50 cm/s stimuli were presented on a 23-inch wide screen TFT
monitor. The screen size was 50.5 cm × 28.5 cm. Its screen
response time was typically 5ms and its resolution was set to
1920 × 1080.

3.1.3. Materials. We randomly selected 1307 images from
VOC2012 as the stimuli. The longest dimension (could be
either width or height) of each image was 500 pixels and the
other dimension ranged from 213 to 500 pixels. The images
contained eight categories, namely, airplane, motorbike, bot-
tle, car, chair, dog, horse, and person.

3.1.4. Procedure. The 1307 images were separated into eight
groups. Each group contained 100 images from the same
categories and 70 images from the other categories (10 images
were selected from each of these categories). All subjects
sat at a distance of approximately 65 cm from the screen in
a relatively quiet room. The images from each group were
presented randomly with their original size in the middle of
screen. Before the test, a five-point target display was used
for calibration. To ensure high-quality tracking results, we
checked the calibration accuracy after each of the groups. If
the accuracy of the eye tracker was within about 1∘ visual
angle, the subjects can continue the next group. Otherwise,
the calibrationwill be carried out again. Subjects will be given
different instructions for each of the groups. For example,
for airplane group, subjects would be asked to find airplane
in each picture, while a picture may have zero, one, or more
airplanes. Subjects should find airplanes as more as possible
in one image and switch to the next one through hitting
the space key. To encourage the subjects to concentrate on
looking for the target, we took two measures to improve
authenticity of test. On the one hand, each group (above-
mentioned eight groups) was equally divided into three small
subsets. Subjects will spend less time to view the small subsets
and pay more attention to the stimuli. On the other hand,
after each subset, the subjects took a 2min break and did a
memory test: how many airplanes did you find?

3.2. Analysis of Dataset

3.2.1. Consistency. In our dataset, for the target-present
images, all subjects fixate on the same locations, while, in
target-absent image, subjects’ fixations are dispersed all over
the image. We analyze this consistency of human fixations
over an image by measuring the entropy of the average
continuous saliencymap across subjects.Though the original
images were of varying aspect ratios, we resized them to 200
× 200 pixel images before calculating entropy. Figure 1(c)
shows a histogram of the entropies of the images in our
database. It also shows a sample of 12 saliency maps (shown
in Figures 1(a) and 1(b)) with lowest and highest entropy and
their corresponding images.

3.2.2. Center Bias. Our data indicates a strong bias for
human fixations to be near the center of the image, as is
consistent with previously analyzed eye tracking datasets
[12, 42]. Figure 2 shows the average human saliency map
separately from the dog and chair category, which have the
strongest and weakest center bias. In the dog category, 57%
of the gaze points lie within the center 11% of the image, and
80% of the gaze points lie within the center 25% of the image.
In the chair category, 29% of the gaze points lie within the
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Figure 1: ((a) and (b)) The heat map made from subjects gaze points with low and high entropy. If the image has high entropy, it usually
contains more objects. (c) A histogram of the saliency map entropies.

center 11% of the image, and 49% of the gaze points lie within
the center 25% of the image.

There are several hypotheses for the root cause of center
bias. In our test, the main reason is that people tend to place
object or interesting things near the center of an image when
taking a picture (the so-called photographer bias). To test this
notion, we separately analyze percent of target gaze points,
which are gaze points located on the target object within the
center 11% and 25% of the dog and chair category. Obviously,
in the dog category percentage of target gaze points in center
area ismore than that in the chair category.This difference has
been attributed to the fact that target objectmainly located on
the center of images in dog category but was distributed in the
whole image in chair category.

3.2.3. Agreement among Observers. In this paragraph, we
evaluate agreement of the fixation positions among observers.
Analysis of the eye movement patterns across observers
showed that the fixations were strongly constrained by the
search task and the scene context. To evaluate quantitatively

the agreement among observers, we studied the human
interobserver (IO) model to predict eye fixations, under the
same experimental conditions. The IO model outputs, for a
given stimulus, a map built by integrating eye fixations from
subjects other than the one under test while theywatched that
stimulus. Then the map was used to predict fixations of the
excluded subject. Finally, we use the evaluation of IO model
performance to evaluate the agreement among observers.

Using the area under the ROC curve (AUC) as the score,
the IO model’s map is treated as a binary classifier on every
pixel in the image. Pixels with larger values than a threshold
are classified as fixated while the rest of pixels are classified
as nonfixated. Human fixations are used as ground truth. By
varying the threshold, the ROC curve is drawn as the false
positive rate versus true positive rate, and the area under this
curve indicates how well the saliency map predicts actual
human eye fixations.

We separately computed the IO model over 8 categories
from our dataset and select the mean value as the result.
Table 1 shows the mean value of AUC scores of models.
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Figure 2: (a) The percentage of gaze points within the center 11% and 25% of the images, which is displayed by blue. Meanwhile, red shows
the percentage of target gaze points. Obviously, in the dog category, the percentage of target gaze points is more than chair category. ((b) and
(c)) Dog’s and chair’s average saliency map containing all the gaze points, which indicates a bias to the center of the image.

Table 1: Intersubject agreement for target-present and target-
absent.

Group name Target-present Target-absent
Airplane 0.90 0.90
Bottle 0.87 0.87
Car 0.86 0.86
Chair 0.83 0.84
Dog 0.95 0.95
Horse 0.94 0.94
Motorbike 0.93 0.93
Person 0.92 0.93
Average 0.90 0.92

The results show that observers are very consistent with one
another on the fixated locations in the target-present and
target-absent conditions (over 85% in each case). On average,
the agreement among observers is higher when the target

is present than absent. This suggests that locations fixed by
observers in target-present image are driven by the target
location.

3.2.4. Gaze Points in Each Stimulus. The task of counting
target objects within picture is similar to an exhaustive visual
search task. In our design, each scene could contain up to 4
targets. Target size was not prespecified and varied among
the stimuli set. Under these circumstances, we expected
observers to exhaustively search each scene, regardless of the
true number of targets present. Figure 3 shows the average
number of the total of gaze points of each stimulus in every
group. Unexpectedly, the count of fixations in the target-
present is obviously more than target-absent.

To analyze the fixation position in the target-present
images, we compare the percentage of human fixation that
falls within the target object and the center area. In the first
case, we apply the ground truth segmentation as the target
object’s area. In the second case, we calculate the percentage
of human fixations located within the center 2%, 11%, 25%,
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Figure 3: Average number of the total of gaze points of each
stimulus in every group.

and 65% of the image. Figure 4 summarizes the results.
First of all in two cases, the percentages both are above
chance level. The differences seen in Figure 4 are statistically
significant: the center 25% of the image better attracts human
fixations than the target object area. This effect was mostly
driven by subject’s sidelong glance, for which human fixations
are always around target object. But even so, the graphs in
Figure 4 clearly indicate that the location of target object (the
center area) and the area of target object will attract human
fixations.

3.2.5. Objects of Interest. According to Judd et al. [12, 42], if
stimuli have one or more humans, gaze points should mainly
locate on the human faces. However, in our test, this situation
is not similar.

Figure 5 shows heat map of stimuli in which have one or
more humans. From Figure 5, we can know the following:

(a) For one stimulus, it has different heat map in different
situation.

(b) If the human is the target object,many gaze points still
locate on the human face.

(c) When subjects search target in the stimuli, they can
ignore the other objects and pay all attention to the
target object.

From what we have discussed above, we know that in our
test whether some object is of interest depends on the task.

4. Learning-Based Saliency Model

In contrast to previous computational models that combine a
lot of biologically plausible filters together to estimate visual
saliency, we use a learning approach to train a classifier
directly from human eye tracking data. For each image, we
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Figure 4: Percent of gaze points that fall within the target object and
the center area.

precomputed the feature maps for every pixel of the image
resized to 200 × 200 and used the maps to train our model.
Figure 6 shows the feature maps. Through analyzing our
dataset, we promoted low-level, high-level, and center prior
features.

Low-level features, intensity, orientation, and color con-
trast have long been seen as significant features for bottom-
up saliency. We include the three channels corresponding to
these image features as calculated by Itti and Koch’s saliency
method [43]. Regarding high-level features, according to
our data analysis, we found that humans gaze points always
located on target object. So we used the location of target
object as the high-level features. Firstly, bounding boxes
around objects were labeled and we used them as the target
object’s area. Secondly, in the boxes, we used the distance of
every pixel to the center of box instead of the pixel. Finally,
out of boxes, we used zero instead of the pixel. Center bias,
when humans take pictures, they naturally frame an object
of interest near the center of the image. For this reason, we
include a featurewhich indicates the distance to center of each
pixel [12].

To evaluate our model, we followed the 5-fold cross
validation method. The method partitions the database into
five subsets randomly, each with 𝑀 images. Every subset is
selected sequentially as a test set and the remainders serve
as the training set. Each time we trained the model from 4
parts and tested it over the remaining part. Results are then
averaged over all partitions. From the ground truth gaze point
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(a)

(b)

Figure 5: The figure shows the heat map of stimuli. (a) It shows the target-present’s heat map but human is not target object. (b) It shows the
target-present’s heat map but human is target object.

Table 2: The table shows the average (Avg) and the corresponding standard deviations (STD) of the weight of attribute in each category. For
every category, the bold weight is the first and the second is italic weight.

Category Color Intensity Orientation Target Center bias
Avg STD Avg STD Avg STD Avg STD Avg STD

Airplane 0.0319 0.00005 −0.0154 0.00002 0.0098 0.00002 0.1201 0.00012 −0.4344 0.00025
Bottle 0.0346 0.00006 0.0424 0.00006 0.0294 0.00004 0.1206 0.00009 −0.3586 0.00019
Car 0.0073 0.00001 0.0112 0.00002 −0.0159 0.00002 0.2575 0.00016 −0.2418 0.00012
Chair 0.0234 0.00003 0.0578 0.00006 0.1002 0.00011 0.2766 0.00013 −0.1348 0.00008
Dog 0.0066 0.00001 0.0075 0.00001 0.0848 0.00006 0.1065 0.00008 −0.4556 0.00024
Horse 0.0241 0.00004 −0.0004 0.00000 0.0240 0.00003 0.1445 0.00011 −0.3182 0.00031
Motorbike −0.0088 0.00002 0.0166 0.00002 0.0276 0.00004 0.2001 0.00015 −0.2733 0.00025
Person −0.0131 0.00003 −0.0291 0.00003 0.0638 0.00006 0.1241 0.00007 −0.3159 0.00027

map of each image, 20 pixels were randomly sampled from
the top 20% salient locations, and 20 pixels were sampled
from the bottom 70% salient locations to yield a training
set of 3200 positive samples and 3200 negative samples. The
purpose of choosing a 1 : 1 sampling ratio is to balance the
distributions of positive and negative sample pixels in the
same image. We chose samples from top 20% and bottom
70% in order to have samples that were strongly positive and
strongly negative. The training samples were normalized to
have zero mean and unit variance.The same parameters were
used to normalize the test set.

We used the linear support vector machine [44] to train
the model which was first used to learn the weight of each
low-level, high-level, and center prior attribute in determin-
ing the significance in attention allocation. We used models
with linear kernels because they are faster to compute, and
the resulting weights of attributes are intuitive to understand.
For each group, the average (Avg) and the corresponding
standard deviations (STD) across the number of experiment
executions of the learned weight of each attribute are shown
in Table 2. It is clear that the attribute of center bias and
the location of target object have the higher weight than
others. Obviously, in the dog group, the weight of center
bias is stronger than others. However, in the chair group, the

weight of the location target object is stronger than others.
For this phenomenon, the flowing may be critical. The areas
of target object may contribute to the phenomenon. But we
do not know the detailed relations. The weight of attribute
also agrees with previous finding in figure-ground perception
that, during visual search tasks, in which subjects are asked to
find a particular target in a display, top-down processes play
a dominant role in the guidance of eye movements.

5. Evaluation

To measure performance of saliency models, we performed
comparisons of our models with the MIT model [3] which
is one of the best models in predicting context-free human
gaze. The model incorporated bottom-up saliency and high-
level image semantics and works well in predicting saliency
in a free-viewing context. To make the result comparable,
the MIT model is trained on the same training set as our
method. Figure 7 shows heat maps of our model and the
compared model. This is result for one image in each group.
We conducted our experiment on 160 images randomly
selected.

Figure 8 shows Receiver Operating Characteristic (ROC)
for our model and MIT model. These curves show the
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Figure 6: The figure shows the low-level feature maps such as color, intensity, orientation, and high-level feature maps such as the location
of target object, finally, center-bias feature map.
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Figure 7:The figure shows the heat maps, which are generated by our model andMITmodel.They were trained by the same gaze points and
used the same training method.

Table 3: The table shows the average (Avg) and the corresponding standard deviations (STD) of the AUC in each category.

Model Category
Airplane Bottle Car Chair Dog Horse Motorbike Person

MIT
Avg 0.8572 0.7881 0.7865 0.8152 0.8639 0.8583 0.8563 0.7962
STD 0.0016 0.0012 0.001 0.0015 0.0006 0.0008 0.0013 0.0011

Ours
Avg 0.8635 0.8566 0.8873 0.9015 0.8665 0.8663 0.8563 0.8893
STD 0.0012 0.0006 0.0005 0.0004 0.0006 0.0009 0.0007 0.0007

proportion of gaze points that fall within the saliency map
predicated by saliency model (detection rate) in relation to
the proportion of the image area selected by the saliency map
(false alarm rate). Our saliency models were generated by a
weighted linear combination of the feature maps using the
learned weights of each attribute. It shows how well the gaze
points of each subject can be predicted by saliency model.
For each category, we calculate the average (Avg) and the
corresponding standard deviations (STD) across the number
of experiment executions of the area under the ROC curve
(AUC), which is shown in Table 3.

It can be seen that, for the MIT model, the performance
is not always well; however, our model is better than MIT.
For example, in bottle, car, and chair category, MIT model
predicted gaze points regions with lower accuracy (AUC =
0.7881, AUC = 0.7865, and AUC = 0.8152) than our models
(AUC = 0.8566, AUC = 0.8873, and AUC = 0.9015). From
Table 3, we know that the weight of location of target object is

first in the car and chair category. So, the promotion of accu-
racy mainly results from target guidance factor. However,
even our model could not compete with human agreement.

6. Discussions and Conclusions

According to Figure 8 and Table 3, it is obviously shown that,
for the bottle, car, and chair category, MIT model has lower
performance, while our model has larger better performance
than it.Themain factor is that in these categories target object
is small or not salient, so when subjects are free-viewing, they
are not saliencymap. However, in the task-oriented attention,
they become the saliencymap; that is why free-viewingmodel
is not appropriately task-oriented.

As we all know several recent datasets [10–12, 45] all set
the free-viewing time to 2–5 s per image. In our paradigm,
the time was given to the subjects, which is mostly motivated
by the following factors. If the viewing duration is too short,
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Figure 8:The figure shows the Receiver Operating Characteristic (ROC) for ourmodel andMITmodel. For each picture, the false alarm rate,
on the 𝑥-axis, and the detection rate, on the 𝑦-axis. Besides, for each category, we calculate the averaging AUC scores of all the predictions,
which are shown in above picture.
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subjectsmight not have enough time to find the target objects
and also promote theweight of center bias.On the other hand,
if the viewing duration is too long, as the viewing proceeded,
top-down or other factors (e.g., subjects feel bored and tired)
come into play and gaze points become noisier. In addition,
if the viewing duration is too long, gaze points may become
the free-viewing.

Daily human activities involve a preponderance of visu-
ally guided actions, requiring observers to determine the
presence and location of particular objects. Based on it, we
researched how consistent human gaze points are across an
image. Previous research and experience have shown that the
gaze point location of several humans is strongly indicative
of where a new subject will look, whether target-absent,
and target-present. We implemented computational model
for target-present in visual search and evaluated how well
the model predicted subject’s gaze points locations. In our
experience, when subjects looked at a scene with a particular
task, they consistently payed greater attention to the location
of target objects and ignored the other saliency objects, such
as text and people. So, our model combined the location
of target as the high-level features. Ultimately, the model of
attentional guidance predicted 95%of human agreementwith
the location of target object component providing the most
explanatory power.

In this work we make the following contributions. We
develop a collection of eye tracking data from the 11 people
across 1307 images and havemade it public for research use. It
is the largest eye tracking database based on the visual search,
which provides not only the accurate subjects’ gaze points
but also segmentation of target object for each image. In
this search task, the location of target object is a dominating
factor. We use machine learning to train a bottom-up, top-
down model of saliency based on low-level, high-level, and
center prior features. Finally, to demonstrate performance of
our model, the same method was used to train MIT model.

For future work we may be interested in researching that
the subjects’ gaze points are tightly clustered in very small
and specific regions, but our model selects a much more
general region containing many objects without gaze points.
We believe that the features of target object such as size, scale,
and shape will lead subjects to fixate on target, which should
be researched more carefully.
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Characterization of air traffic controllers’ (ATCs’) visual scanning strategies is a challenging issue due to the dynamic movement of
multiple aircraft and increasing complexity of scanpaths (order of eye fixations and saccades) over time. Additionally, terminologies
and methods are lacking to accurately characterize the eye tracking data into simplified visual scanning strategies linguistically
expressed by ATCs. As an intermediate step to automate the characterization classification process, we (1) defined and developed
new concepts to systematically filter complex visual scanpaths into simpler and more manageable forms and (2) developed
procedures to map visual scanpaths with linguistic inputs to reduce the human judgement bias during interrater agreement. The
developed concepts and procedures were applied to investigating the visual scanpaths of expert ATCs using scenarios with different
aircraft congestion levels. Furthermore, oculomotor trends were analyzed to identify the influence of aircraft congestion on scan
time and number of comparisons among aircraft. The findings show that (1) the scanpaths filtered at the highest intensity led to
more consistent mapping with the ATCs’ linguistic inputs, (2) the pattern classification occurrences differed between scenarios, and
(3) increasing aircraft congestion caused increased scan times and aircraft pairwise comparisons. The results provide a foundation
for better characterizing complex scanpaths in a dynamic task and automating the analysis process.

1. Introduction

Air traffic controllers are considered to have a highly stressful
occupation due to the weight of their responsibilities and
the constant expectation of their faultless performance [1, 2].
They monitor aircraft, communicate with pilots, and solve
conflicts that threaten either loss of separation (LOS) of a
minimum allowed distance between aircraft or wake turbu-
lence [3]. Since 1980, industrial air traffic has averaged over
5% growth each year [4] and continues to steadily rise [5],
causing ATCs to experience more difficulty with their tasks
[6, 7]. Each ATC is assigned a sector in space and as the air-
craft traffic increases, the sectors become more crowded [6].
Overload and scenario difficulty has been shown to decrease
ATC performance [8], and since more aircraft cause higher
probability of errors and ATCs are required to make no
mistakes, it is highly important to aid ATCs by providing

insight to efficient training methods and utilizing as much
automation as possible.

Previous research verified that one way to develop effi-
cient training programs is by allowing novices to view expert
ATC visual scanpaths to teach the novices the highest per-
forming scanning strategies at the quickest rate [9, 10]. This
method was appropriate because monitoring eye movements
can aid in understanding user intent [11]. A scanpath is a
sequential eyemovement across a display [12–14], as depicted
in Figure 1. The points represent eye fixations and the lines
represent saccades, which are movements between fixation
points [15]; the scanpath moves sequentially from point 1 to
point 8. Eye tracking devices, such as those under monitors,
have been used to successfully record, observe, and analyze
visual scanpaths to improve computer interfaces [16, 17].
Because research has shown that understanding ATC cogni-
tive processes is useful [18, 19] and observing scanpaths is a
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Figure 1: Scanpath example.

Figure 2: Example of a real scanpath overlaid on a static display of
1.5-minute duration.

suitablemethod [20], automating detailed characterization of
scanpaths would also be valuable to provide effective training
techniques. If scanpath characterization can be accurately
automated, expert ATC scanpaths can be collected, recorded,
and characterized for novices to watch for deeper under-
standing. Additionally, novices can receive more feedback on
their own scanpaths while running simulations to test the
efficiency of their strategies as well as their performance.

However, there is a lot of uncertainty when attempting to
characterize scanpaths. According to ATC linguistic inputs,
scanning strategies can be conceptually described as being
circular, linear, trajectory, regional, augmented, proximity-
based, or density-based [9, 21], but realistically identifying a
scanpath into only one of the listed categories is unlikely due
to overlap caused by their elementary definitions. Therefore,
the challenge exists in attempting to correctly map the
ATC self-reported strategies, or patterns, to each of their
actual scanpaths. This is difficult because scanpaths grow in
complexity with time and become highly difficult to classify.

Figure 2 shows a scanpath of 1.5-minute duration inwhich
correct classification into the strategies provided by the ATCs
would be unlikely. In addition to finding multiple overlap-
ping patterns, the patterns can be incomplete, chaotic, or
ambiguous.

Another major concern that causes classification uncer-
tainty is that some scanpaths appear to cause a pattern that
was not intended.Most expertATCs intend to use a particular
strategy, but extracting exactly what they intended from the
data can be difficult. For example, an ATC can intend to
use a circular scanpath, but it cannot be identified by the
eye tracking data alone because of constant back-and-forth
comparisons between aircraft and lack of a complete circle.
The circle can switch directions several times from clockwise
to counterclockwise in semicircles and can be interrupted by

comparisons that cause the ATC to look across the screen in
linearmotions.When observing the plotted data, it is possible
that the intended circular scanpath can be classified instead as
mixed between linear and augmented. To visualize this issue,
Figure 3 demonstrates additional fictional examples of basic
scanpaths with their corresponding shapes. The numbers
show the order the aircraft were viewed in, the thick red lines
show the saccades, and simplified representations are below
in blue. Choosing one pattern to label (a) and (b) from the
many options available unfortunately relies on a judgement
call, especially since the patterns are not exclusive. Scanpath
(a) can be argued to be circular from fixations 3 to 10, linear
from 1 to 8 or 5 to 12, or augmented from 1 to 12 moving
from quadrants Q2, Q4, Q1, and thenQ3. Scanpath (b) can be
linear, trajectory, or density-based from fixations 1 to 9. Simi-
lar issues frequently occur when viewing ATC scanpaths.The
patterns require thresholds and possibly hierarchical order to
determine which strategy was dominant.

Other issues to consider are the level of influence on a
scan from the number of aircraft, the difficulty of the scenario,
and the spatial layout of the aircraft. Overall, the type of
scan depends on the ATC’s strategy and level of influence
from the mentioned variables which often leads to multiple
incomplete, local, or unclear patterns that prove highly chal-
lenging to characterize. For example, in [9], circular is defined
as observing circular motions in the scanpath; however the
details describing circular motions were not defined. There-
fore, it is possible to have human judgement bias during inter-
rater agreement if specific procedures to characterize and
classify the scanpaths are not developed.

In order to begin addressing these problems in a simpli-
fied manner, consider limiting the scanpath patterns to only
being circular, linear, and mixed as provided in Table 1. In
this research, only circular and linear patterns were searched
for because they are the simplest strategies to witness and
most frequently used by expert ATCs [21] and depend only
on scanpath shape. Ideal examples include counterclockwise,
clockwise, and spiral for circular patterns and horizontal, ver-
tical, and diagonal for linear patterns. The realistic examples
are representations of the ideal examples; the mixed pattern
uses both circular and linear movements to complete the
scan, so there is no ideal form. The realistic examples are fic-
tional, overlaid on a low congestion scenario of 12 aircraft to
conceptually demonstrate the categories. Note that patterns
can have a combination of their characteristics such as the
second circular and linear examples that change direction
before completion.

Due to the different possible interpretations and the high
magnitude of complexity, scanpaths are difficult to classify
into the patterns provided by the expert ATCs. Although
some ideal and realistic examples are provided, there is
still a challenge in mapping each scanpath to those selected
patterns. Patterns are described conceptually, but there are
no given thresholds ormathematical representations to confi-
dently identify them. For example, how is a linear movement
mathematically defined from an ATC verbal description
(such as moving left to right while zigzagging [21])? More-
over, if linear movements are successfully represented in
mathematical form, how are realistic scanpaths analyzed
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Figure 3: Examples of scanpaths with corresponding simplified patterns. The scanpaths overlaid on aircraft are shown above with saccades
in red and the interpreted patterns are shown below in blue. (a) Circular, linear, and regional patterns can be identified. (b) Linear, trajectory,
and density-based patterns can be identified.

Table 1: Ideal and realistic examples of relevant scanpath patterns.

Circular Linear Mixed

Ideal examples

CCW CW

Spiral
N/A

Realistic examples

given that they do not move in perfect or predictable ways?
Many conditions need to be considered, such as the random
fluctuations that occur in scans including back-and-forth
movements to previous aircraft. Although many algorithms
were developed to compare and analyze visual scanpaths
[12, 22–32] and their capabilities and limitations are provided
in detail in [12], the methods were limited to comparing
scanpaths but not mapping the visual scanpaths to strategies
verbalized by the experts.

Naturally, it is difficult to develop mathematical models
or algorithms based on verbal descriptions provided by the
ATCs. The descriptions require more depth; after refining
them, it may be possible to divide the scanpaths into patterns
that can be confidently classified based on certain criteria.
Pattern identification requires thresholds that address points
of deviation, the percentage of aircraft viewed following a
given pattern, and methods to correctly identify the pattern.
Otherwise, many patterns can be claimed to be used in a scan
although only one is dominant and intended by the ATC.

If terminologies and procedures were predetermined and
applied in a systematic manner, then more consistent and in-
depth discoveries could be reached. Therefore, the purpose
of this paper is to (1) introduce new terminology, (2) apply
filtration methods to scanpaths to simplify their representa-
tion before judgement, (3) provide procedures that behave as
a conceptual framework for raters during pattern classifica-
tion, and (4) apply the proposed procedures to characterize
scanpaths and compare their results across scenarios with
different number of aircraft. This work is meant to ease char-
acterization of scanpaths, increase characterization accuracy,
and contribute to future automation of scanpath characteri-
zation.

2. Proposed Methodology

2.1. Terminology for Identifying Visual Scanning Strategies.
New terminology is introduced in order to filter out the
complex scanpaths into manageable forms that can lead to
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Figure 4: Local scan without and with a comparison.The black dots represent aircraft named𝑊,𝑋,𝑌, and𝑍.The numbered arrows indicate
the order in which the aircraft were observed. Green indicates a local scan and red indicates a comparison. (a) Local scan between𝑊, 𝑋, 𝑌,
and 𝑍 with no comparisons. (b) Local scan between𝑋, 𝑌, and 𝑍 and comparison between 𝑌 and 𝑍.

representations of the strategies provided by ATCs. Assume
there are 𝑁 number of aircraft present on the radar display
for the definitions provided below:

(i) Raw scanpath: the raw scanpath is the entire scanpath
including all fixations and saccades from the begin-
ning to the end of the task being carried out by the
ATC to solve all conflicts in the scenario.

(ii) Global scan: a global scan is a complete observation of
all𝑁 aircraft.

(iii) Local scan: a local scan is an observation of a group of
aircraft with possible comparisons, where the group
contains 2 to (𝑁 − 1) aircraft.

(iv) Comparison: a comparison occurs when aircraft are
consecutively scanned at least twice after already
being viewed once before for a total of three or more
observations until moving on to different aircraft.

(v) Initial global scanpath (IGS): the IGS is the first
complete observation of all𝑁 aircraft on the display. It
includes all fixations and saccades that occurred until
all aircraft were visited.

(vi) Extracted IGS: the extracted IGS is the IGS with
comparisons removed, or filtered out; it applies the
initial filter to the IGS.

(vii) Fundamental IGS: the fundamental IGS is the IGS
without local scans; it applies the most intense filter
and extracts the simplest form of the IGS. It displays
the order each aircraft was viewed during the IGS.

During a global scan, if all𝑁 aircraft are visited, then the
following eye fixation starts the next possible global scan. In
a raw scanpath, there can be multiple global scans or none
if all the aircraft were never viewed. Similarly, a global scan
can include multiple local scans or none, and a local scan can
includemultiple comparisons or none. Particularly, they exist
as subsets of each other as shown below:

(Raw Scanpath) ⊆ (Global Scans) ⊆ (Local Scans) ⊆
(Comparisons).

The concept of local scans and comparisons is derived
from the definition of visual groupings [33], or a significant
amount of transitions between aircraft. Comparisons are
made during conflict resolution between aircraft. When a
comparison is finalized by an ATC moving on to different

aircraft, the ATC can either return again to the same aircraft
to perform another comparison, compare a different group of
aircraft, or continue scanning. A comparison is always a local
scan, although local scans are not always comparisons if the
aircraft are merely scanned without repetition. Figure 4 illus-
trates the difference between a local scan and comparison; (a)
shows a local scan between𝑊,𝑋, 𝑌, and 𝑍 with no compar-
isons while (b) shows a local scan between 𝑋, 𝑌, and 𝑍 with
a comparison beginning during the sixth movement between
𝑌 and 𝑍 shown in red. Note that the aircraft group shown
(𝑊, 𝑋, 𝑌, 𝑍) are only 4 out of many more aircraft on a radar
display; thus viewing them does not complete a global scan.

Only the IGS was analyzed for number of comparisons
and scanpath pattern because there are less chances of local
scans and comparisons during that time. After the IGS is
completed, all the aircraft have been viewed and the remain-
ing time ismost likely spent on conflict resolutionwhich does
not require additional global scans. Individual ATC scanning
strategies are most likely to be witnessed during the IGS with
more ease and clarity compared to the rest of the scan.

However, the problem remains that the IGS usually
consists of multiple local scans with comparisons causing it
to still be difficult to classify. Applying filters to the repetitive
movements eases the classification process; therefore the
extracted and fundamental IGSs were used. The extracted
IGS represents how raters should naturally observe scanpaths
while watching and judging scanning strategies; it disregards
comparisons between aircraft but has to consider local scans.
The fundamental IGS is the most simplified representation of
a scanpath; as previously mentioned, it disregards local scans
which implies excluding comparisons as well. It has𝑁 num-
ber of fixations and (𝑁 − 1) number of connections between
fixations. The connections between the fixations are not nec-
essarily saccades since they merely show the path to the next
viewed aircraft by the ATC without considering any repeat
observations to previous aircraft. Particularly, the aircraft are
numbered from 1 to𝑁 in the order they were fixated on; then
connections are drawn sequentially between the fixations.

Once the extracted and fundamental IGSs are obtained,
their patterns can be classified.The scanpath strategies consist
of seven known pattern categories: circular, linear, trajectory,
regional, augmented, density-based, and proximity-based
categories [9, 21]. Two additional categories that allow all
scanpaths to be identified are “mixed” and “other.” The most
popular strategies used by expert ATCs are circular and then
linear [9, 21], and as previously explained, they are also shape
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INPUT IGS
OUTPUTThe number of comparisons made during the IGS
Step 1. Define 3 states as Scanned, Potential Comparison, and Comparison.
Step 2. If an aircraft is viewed for the first time, it is placed in Scanned.
Step 3. If an aircraft from Scanned is viewed for the second time, it is copied into Potential Comparison.
Step 4. If the next aircraft viewed is also from Scanned, it is copied into Potential Comparison as well. Otherwise, if a new aircraft is
viewed, it is placed in Scanned and the Potential Comparison state clears.
Step 5. If Potential Comparison is occupied with aircraft and one of those aircraft are viewed again, it is copied into Comparison.
Step 6. As long as aircraft in Potential Comparison continue to be viewed, they are copied into Comparison as one comparison.
Step 7. When an aircraft is viewed that is not in Potential Comparison, the comparison is complete, the number of comparisons
(𝑁Comp) is incremented, and the states Potential Comparison and Comparison are cleared. The aircraft that broke the comparison
is either new and belongs in Scanned or is already in Scanned and is copied into Potential Comparison to possibly begin the next
comparison.

Procedure 1: Counting the number of comparisons.

INPUT Fundamental IGS
OUTPUT Circular scanpath
Let the center of the screen be the origin.
Let 0∘ be assigned in reference to the first eye fixated target (𝜗

1

).
Let 𝑖 be an indicator for sequential eye fixations where 𝑖 = {1, 2, 3, . . . , 𝑘}.
Let 𝑛 be a counter variable where 𝑛 = {1, 2, 3, . . . , 𝑘}.
Step 1. Assign each subsequent eye fixated target a degree value (𝜗

𝑖

, where 𝑖 = {2, 3, 4, . . . , 𝑘}) in reference to the clockwise direction
from 𝜗

1

.
Step 2. Increment 𝑛 for each sequential increase in 𝜗

𝑖

(where 𝜗
𝑖+1

≥ 𝜗
𝑖

), then go to Step 4.
Step 3. Increment 𝑛 if the next value is 𝜗

𝑘

, then continue to increment 𝑛 for each sequential decrease in 𝜗
𝑖

(where 𝜗
𝑖−1

≤ 𝜗
𝑖

), then
go to Step 4.
Step 4. If 𝑛 ≥ 𝑁/2, then the pattern is labeled circular.

Procedure 2: Identifying circular scanpaths.

dependent and are the easiest to identify. Thus, for purpose
of simplification, this work divides all scanpath patterns into
circular, linear, mixed, and other categories which are briefly
defined below and previously illustrated in Table 1. Trajectory
scans are not included because they are utilized by novices
[9], and this research studies expert ATC behavior:

(i) Circular: circular scanpaths rotate in a clockwise
or counterclockwise motion and include spirals and
rectangles. They move along adjacent edges of the
screen and tend to end adjacent from where they
began.

(ii) Linear: linear scanpaths are directional from one side
to its opposite and move in zigzags perpendicular to
their horizontal, vertical, or diagonal direction. They
tend to end opposite from where they began.

(iii) Mixed: mixed scanpaths occur when both circular
and linear scanpaths occur and can include overlap.

(iv) Other: other scans lack confident identification and
therefore include patterns that are unknown or cat-
egories too difficult to confidently identify including
regional, augmented, density-based, and proximity-
based scanpaths.

2.2. Characterization Procedure. Based on the definitions in
Section 2.1, procedures were developed for identifying the
number of comparisons in an IGS and for pattern classifica-
tion of extracted and fundamental IGSs.The analysis process
included counting the number of comparisons in the IGS,
then simplifying the IGS to extracted and fundamental forms,
and classifying those simplified scanpaths as circular, linear,
mixed, or other as indicated in Figure 5.

Procedures were followed to determine the number of
comparisons and the type of scanpath. The procedures are
meant to be used on IGSs; Procedure 1 analyzes the IGS, and
Procedures 2–4 analyze the fundamental IGS. Procedures 2–
4 only serve as guidelines for extracted IGSs due to the many
fluctuations caused by considering local scans; interrater
agreement is still the dominant classification method for
extracted IGSs. For fundamental IGSs, the procedures are
followed for initial classification of scanpaths, and then inter-
rater agreement is utilized to reassign pattern classification to
exceptional cases that are judged incorrectly classified by the
procedures.

Procedure 1was used to count the number of comparisons
made during the IGS. When aircraft were viewed for the sec-
ond time, it was not counted as a comparison because it was
possible that the ATC forgot a piece of information or needed
to make a confirmation. When the aircraft were immediately
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INPUT Fundamental IGS
OUTPUT Linear scanpath
Let (𝑋

𝑖

, 𝑌
𝑖

) be the coordinates of an eye fixated target where 𝑖 is an indicator for sequential eye fixations.
Let𝑋min = min{𝑋

1

, 𝑋
2

, . . . , 𝑋
𝑁

},𝑋max = max{𝑋
1

, 𝑋
2

, . . . , 𝑋
𝑁

}, 𝑌min = min{𝑌
1

, 𝑌
2

, . . . , 𝑌
𝑁

}, and 𝑌max = max{𝑌
1

, 𝑌
2

, . . . , 𝑌
𝑁

}.
Step 1. When an eye fixated target is an extreme point on the𝑋 or 𝑌 axis on the screen, let it be (𝑋

1

, 𝑌
1

).
Step 2. (Left-to-right). If (𝑋

1

, 𝑌
1

) = (𝑋min, 𝑌) AND𝑋 values increase to𝑋max AND 𝑌 values switch directions between increasing
and decreasing at least twice AND (𝑋

𝑛

, 𝑌
𝑛

) = (𝑋max, 𝑌), then go to Step 6.
Step 3. (Right-to-left). Else if (𝑋

1

, 𝑌
1

) = (𝑋max, Y) AND𝑋 values decrease to 𝑋min AND 𝑌 values switch directions between
increasing and decreasing at least twice AND (𝑋

𝑛

, 𝑌
𝑛

) = (𝑋min, 𝑌), then go to Step 6.
Step 4. (Bottom-to-top). Else if (𝑋

1

, 𝑌
1

) = (𝑋, 𝑌min) AND 𝑌 values increase to 𝑌max AND𝑋 values switch directions between
increasing and decreasing at least twice AND (𝑋

𝑛

, 𝑌
𝑛

) = (𝑋, 𝑌max), then go to Step 6.
Step 5. (Top-to-bottom). Else if (𝑋

1

, 𝑌
1

) = (𝑋, 𝑌max) AND 𝑌 values decrease to 𝑌min AND𝑋 values switch directions between
increasing and decreasing at least twice AND (𝑋

𝑛

, 𝑌
𝑛

) = (𝑋, 𝑌min), then go to Step 6.
Step 6. If 𝑛 ≥ 𝑁/2, then the pattern is labeled linear.
Note: Identification of linear scans with diagonal movements are evaluated by repeating the steps after rotating the display by 45
degrees.

Procedure 3: Identifying linear scanpaths.

INPUT Fundamental IGS
OUTPUTMixed or other scanpath
Step 1. If the scanpath satisfies Procedure 2, but not Procedure 3, then the pattern keeps its circular classification.
Step 2. If the scanpath satisfies Procedure 3, but not Procedure 2, then the pattern keeps its linear classification.
Step 3. If the scanpath satisfies both Procedures 2 and 3, then the pattern is classified as mixed.
Step 4. Otherwise, the scanpath is classified as other.

Procedure 4: Identifying mixed and other scanpaths.

Start with the entire scan

Focus only on the first scan of all targets or aircraft

Filter out comparisons

Filter out local scans

Raw scanpath

Obtain initial global scanpath (IGS)

Acquire extracted IGS

Acquire fundamental IGS

Classify the scanpath as being circular, linear, mixed, or other

Classify the scanpath as being circular, linear, mixed, or other

Count number of comparisons

Figure 5: Flow chart for IGS analysis procedure.

observed for a third time, it was assumed that the ATC was
making a comparison. In reference to Figure 2, following
Procedure 1 leads to no comparisons in (a) and the beginning
of the first comparison in (b) although aircraft𝑌was scanned
3 times in both examples.

Table 2: Application example of Procedure 1.

Step Scanned Potential comparison Comparison 𝑁Comp

1 E, A, B, C E — 0
2 E, A, B, C, F — — 0
3 E, A, B, C, F B, E B 1
4 E, A, B, C, F, D — — 1
5 E, A, B, C, F, D B, E, A B, A, B, E, A, E 2
6 E, A, B, C, F, D — — 2
7 E, A, B, C, F, D C — 2

An example is provided that applies Procedure 1 in order
to increase clarity. Consider a 20-step sequence between 6
aircraft: A, B, C, D, E, and F. The sequence is as follows:

E→A→B→C→E→F→B→E→B→D→B→E→A→
B→A→B→E→A→E→C.

Table 2 shows how each aircraft appropriately falls into the
states introduced in Procedure 1. In the first step, aircraft (E,
A, B, C) are viewed for the first time and placed into Scanned;
then an aircraft (E) is seen again and copied into Potential
Comparison. In the second step, a new aircraft is viewed (F)
and placed into Scanned, so the states Potential Comparison
andComparison clear. In the third step, aircraft from Scanned
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are viewed again (B, E) and copied into Potential Comparison.
When an aircraft in Potential Comparison is additionally
viewed (B), it is copied into Comparison where aircraft are
allowed to repeat, and 𝑁Comp is incremented to 1 (0 + 1 = 1).
In the fourth step, a new aircraft is viewed (D) and placed
into Scanned, and Potential Comparison and Comparison are
cleared. In the fifth step, previous aircraft are viewed (B, E, A)
and copied into Potential Comparison until they are repeated
and therefore copied into Comparison (B, A, B, E, A, E)
where the comparison continues between those aircraft that
are also in Potential Comparison, and 𝑁Comp is incremented
to 2 (1 + 1 = 2). In the sixth step, an aircraft that was not in
Potential Comparison is viewed, so Potential Comparison and
Comparison are cleared. In the seventh step, since the next
aircraft (C) was already in Scanned, it is placed in Potential
Comparison. The number of comparisons incremented until
𝑁Comp = 2 for this sequence.

After Procedure 1 is completed for total number of com-
parisons during the IGS, the extracted and fundamental IGSs
are used for Procedures 2–4 for pattern classification. The
procedures are general guidelines for classifying extracted
IGSs but are closely followed for fundamental IGSs; they are
applied by raters; then patterns are determined by interrater
agreement. Scans are labeled as being circular or linear when
at least 50% of the 𝑁 total aircraft sequentially follow that
pattern, because if a pattern is used on at least half of the
aircraft (in the studied scenarios which range from 12 to 20
aircraft on the display), it is most likely not coincidental. Note
that the percentage threshold can be adjusted and there is
some allowance for points to deviate from the procedures
without interrupting the sequential count of aircraft following
a pattern; the aircraft count can be paused for 1 or 2 deviation
points and then continued for the next aircraft if they
continue the pattern. Circular and linear scans depend on
the shape made by the scanpath and are independent of
ATC intention. If the radar screen is represented by a grid
divided into sections, the shape-dependent patterns can be
conceptually identified based on the order the aircraft were
observed near the outside border of the grid.Hence the center
of the grid should be considered a region of error.

Circular patterns are basically achieved when an imagi-
nary bar originating from the center of the display stretching
out to the border rotates at least 180∘. As the bar rotates, the
scanpath must hit the aircraft it touches; circular patterns
are made when the scanpath moves to adjacent points
along the border, resulting in clockwise or counterclockwise
movements as defined in Procedure 2. They usually result in
rotating back to the starting point although that is not always
the case.

Similarly, linear patterns can be conceptualized by imag-
ining a bar that stretches across the display either vertically,
horizontally, or diagonally. As the bar moves from one side to
its opposite, the scanpath must hit the aircraft in contact with
the bar which results in zigzag motions perpendicular to the
direction the bar is moving in. Procedure 3 demonstrates this
idea; the scanmoves from one side or corner of the grid to the
opposite, similar to wave propagation. The scanpath travels
perpendicular to the direction of movement in zigzagging

motions which creates switching of opposite positions along
the border.

Procedures 2–4 provide conceptual frameworks to clas-
sify the patterns with chosen thresholds. The classification
process is not complete until Procedures 2–4 are applied to
each scanpath sequentially. Certain assumptions are made
before utilizing Procedures 2 and 3: there is a uniform dis-
tribution of aircraft across the display, tolerance is applied by
raters to allow some deviation from the ideal patterns, and the
procedures are based on assuming that the spatial layout of
the multiple targets (or aircraft) are distributed in a uniform
manner with random spacing, meaning that they are not
equally aligned following a uniform distribution.

The rationale for Procedure 2 is as follows. The angle
of the first eye fixated target is always set at 𝜃

1
= 0
∘. Step

1 assigns 𝜃 values to each subsequent eye fixated target in
reference to 𝜃

1
(e.g., in Figure 6(a), 𝜃

2
is 15∘ clockwise from

𝜃
1
). Steps 2 and 3 investigate whether there is a consistent

increase or decrease of 𝜃 values. If increasing, then the visual
scan is in a clockwise motion, and if decreasing, then the
visual scan is in a counterclockwise motion. Note that for a
counterclockwise movement, 𝜃

1
(where 𝑖 = 1) is followed by

𝜃
𝑘
(where 𝑖 = 𝑘), and then the 𝑖 values decrease from 𝑘. In Step
4, if the identified number of eye fixated targets (𝑛) is over half
the total eye fixated targets (𝑁), then we classify the scanpath
as circular. Note that the threshold used in Step 6 can be
adjusted. A tolerance in sequential increase or decrease must
be allowed (e.g., a few 𝜃

𝑖
values can increase among an overall

decrease of 𝜃
𝑖
values) since eye movements are not mechan-

ical and often deviate from ideal mathematical patterns or
verbal explanations of individual’s search patterns. Examples
of circular scanpaths classified by Procedure 2 are shown in
Figures 6(a) and 6(c). Each black point represents a target;
the first target being fixated on is 0∘ (𝜃

1
). In Figure 6(a), the

remaining points have sequentially increasing 𝜃 values which
creates a clockwise rotation. In Figure 6(c), the first 10 points
apply to a circular pattern, which are over half of the aircraft;
therefore it also satisfies Procedure 2.

The rationale for Procedure 3 is as follows. Step 1 defines
the starting point of the aircraftfixated on an extreme location
on the 𝑥- or 𝑦-axis of the display. The starting point does not
need to be the first eye fixation point on the target since the
pattern may not start until a few eye fixations occurred on
other targets. Also note that𝑋 and𝑌 extrema can include any
points relatively near the outside border of the screen to allow
some tolerance; they do not have to be the absolute extrema,
but they need to be close. Steps 2–5 define the general trend of
linearmovements of either vertical or horizontal movements.
In detail, the movements can be in the overall vertical
direction with horizontal zigzags or in the overall horizontal
direction with vertical zigzags. The reason that there are 4
differentiated steps is that each step indicates whether the
overall direction is increasing from left to right (Step 2), right
to left (Step 3), bottom to top (Step 4), or top to bottom (Step
5) and insures they end near the opposite side of the display.
In Step 6, if the identified number of eye fixated targets (𝑛)
is over half the total eye fixated targets (𝑁), then we classify
the scanpath as being linear. Note that the threshold used in
Step 6 can be adjusted. Again, a tolerance in the overall
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Figure 6: Fundamental scanpath examples that are identified using Procedures 2–4. (a) Circular scanpath identified with Procedures 2 and 4
(Step 1). (b) Linear scanpath identified with Procedures 3 and 4 (Step 2). (c) Mixed scanpath identified with Procedure 4 (Step 3). (d) Another
scanpath identified with Procedure 4 (Step 4).

direction must be allowed (e.g., a few 𝑋
𝑖
(or 𝑌

𝑖
) values

can increase among overall decrease of 𝑋
𝑖
(or 𝑌
𝑖
) values).

Examples of linear scanpaths classified by Procedure 3 are
shown in Figures 6(b) and 6(c). The scanpath in Figure 6(b)
starts at𝑋min, then the𝑋 values consistently increase as the𝑌
values switch directions (between increasing and decreasing)
6 times, and finally it ends at𝑋max; the linear direction is hori-
zontal from left to right. In Figure 6(c), the last 10 points apply
towards a horizontal linear pattern from right to left (the third
point is excluded, so 9 total points count towards the linear
pattern), which include over half of the aircraft; therefore it
also satisfies Procedure 3.

The rationale for Procedure 4 is as follows. Steps 1 and
2 cause the scanpath to be analyzed for circular or linear
patterns. If the scanpath is exclusively circular or linear, it is
classified as such. In Step 3, if the scanpath can satisfy both
requirements for circular and linear patterns, it is labeled
mixed. Step 4 is provided to assign “other” classification for
scanpaths that do not utilize circular or linear patterns at
all. After the procedures are followed, interrater agreement
is used in order to account for exceptional cases. Utilizing
interrater agreement is a necessity due to the fact that realistic
scanpaths do not follow ideal mathematical patterns. All of
the figures provided in Figure 6 are classified using Procedure
4. Part (a) is classified by Step 1, part (b) is classified by Step 2,
part (c) is classified by Step 3, and part (d) is classified by Step
4. The example in (c) is mixed because the first 10 fixations
qualify as being circular since the 𝜃 values are increasing,
and the last 10 fixations (excluding the third point) qualify
as being linear since the 𝑋 values are consistently decreasing
as the 𝑌 values switch direction twice. The example in (d)
is “other” because neither circular nor linear patterns occur
consecutively for at least half of the aircraft.

3. Experiment

3.1. Participants. At Indianapolis ARTCC, 25 expert ATCs
with FAA certification provided the scanpaths. Their expe-
rience ranged from 3 to 30 years with an average of 20.7 and
standard deviation of 7.1. Due to toomuch loss of data to draw
confident conclusions, 1 participant was excluded from each
scenario resulting in the analysis of 24 participants across 3
scenarios for a total of 72 recordings.

3.2. Apparatus. A Tobii X60 eye tracker was used to collect
the eye tracking data of the participants at a collection
rate of 60Hz. Simscope/Simtarget software was used to

simulate a radar display of air traffic on a 48.26 cm LCD
monitor. The eye tracker had an accuracy of 0.5∘ with each
degree corresponding to approximately 1.2 cm when eyes
were 68.6 cm from the monitor. Participants’ eyes were about
100 cm from the monitor which resulted in a maximum
fixation error of 1 cm. Data blocks were 1.5 cm by 1.1 cm;
therefore the data block visual angle was about 0.6∘ due to the
height. Digital surveillance radar (DSR) mode was used on
Simscope/Simtarget with a refresh rate of 5 s, which simulates
realistic radar displays with considerable accuracy.

3.3. Task. ATCs had to identify and solve conflicts while
their eye tracking data was collected. Before the tasks began,
2 practice scenarios were performed in order to familiarize
the ATCs with the simulation. During the following tasks
that were recorded for data analysis, they were required
to announce aircraft call signs of LOS pairs until no more
remained during 3 unique scenarios.

3.4. Scenarios. There were 3 en route scenarios presented to
each participant that are displayed in Figure 7: (1) low con-
gestion scenario with 12 aircraft shown in (a), (2) moderate
congestion scenario with 16 aircraft shown in (b), and (3)
high congestion scenario with 20 aircraft shown in (c). The
simulations have black backgroundswith bright green objects
and text, but to enhance the images, the color was inverted
and converted to black and white, and the text size was
increased by 200%. Each small diamond shape symbolizes an
aircraft and the line projecting out indicates the direction of
travel.The display provides a top-down view of the aircraft as
if they are being observed from above, looking down towards
the Earth’s surface. The three lines of text by each aircraft is
the data tag which lists the flight number, altitude, and speed,
respectively.The aircraft in these scenarios are en route; hence
each has constant altitudes indicated by the “C” following the
altitude.

3.5. Data Analysis. The independent variable was the aircraft
congestion of low, moderate, and high. The dependent vari-
able was each resulting scanpath. From each raw scanpath,
the IGS was obtained and then extracted and fundamental
IGSs were obtained.The raw scanpath was measured for total
time, the IGS was analyzed for scan time and number of
comparisons by applying Procedure 1, and the extracted and
fundamental IGSs were analyzed for pattern classification of
circular, linear, mixed, or other using Procedures 2–4 with
interrater agreement.
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Figure 7: Scenarios performed by each participant. (a) Low congestion scenario. (b) Moderate congestion scenario. (c) High congestion
scenario.

Tobii Studio software was used to collect and analyze the
eye tracking data.The velocity threshold identification (I-VT)
algorithm [34, 35] was used with the defaulted threshold of
0.42 pixels/ms to define a spatial fixation.

Analysis of oculomotor trends included average raw
scanpath time versus aircraft congestion, average IGS time
versus aircraft congestion, average number of IGS compar-
isons versus aircraft congestion, and average IGS time versus
average number of IGS comparisons.The results were plotted
and an ANOVA test was applied with pairwise comparisons
between each relationship.

For visual scan pattern classification, two raters utilized
Procedures 2–4 to reach an interrater agreement. Extracted
scanpath classification is similar to the previous method
used in [9] because interrater agreement was dominant and
the procedures were only used as guidelines. Fundamental
scanpaths were classified using a more elaborate procedure
thanwhat was previously used in [9]. Classification depended
on the procedures; then interrater agreement was used to

confirm accurate use of the procedures and reassign classifi-
cation to exceptional scanpaths that were judged incorrectly
classified by the procedures. Each scan was reviewed at least
3 times by the raters to minimize judgement errors. The
results of extracted and fundamental scanpath patterns were
compared against each other to see if they differed and with
ATCs’ verbal inputs from [21] to check consistency.

4. Results

From all 75 recordings, 3 were excluded due to missing peri-
ods of eye tracking data: participant 5 in low and moderate
congestion scenarios and participant 22 in high congestion
scenario. Therefore 72 recordings were used, 24 recordings
from each scenario.

4.1. Oculomotor Trends. The oculomotor trends include scan
time and number of comparisons as aircraft congestion
increases. Figures 8(a) and 8(b) illustrate how scan time and
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Figure 8: Oculomotor trends. (a) Average time to complete the raw scanpath (red) and average time to perform the IGS (black). (b) Number
of comparisons during the IGS. (c) Average time to complete the IGS with respect to the identified number of comparisons during the IGS.

number of comparisons both increased with more aircraft.
As ATCs conducted more comparisons, they took longer to
complete the IGS as shown in Figure 8(c), which implies that
increasing the amount of aircraft increases the number of
comparisons which increases the required scan time.

For the following data analysis on oculomotor trends, 𝛼
= 0.05 was used to determine significance of results. The dif-
ferent congestion levels (low, moderate, and high) had signif-
icant effect on the total scan time (𝐹 = 5.47, 𝑝 < 0.001) illus-
trated in Figure 8(a). Post hoc analysis (Tukey test) showed
that there were significant differences among all congestion
levels (𝑝 < 0.001 for all pairwise comparisons). Similarly,
the different congestion levels had significant effect on the
IGS time (𝐹 = 4.14, 𝑝 < 0.001). Post hoc analysis (Tukey test)
showed significant differences for low versus high (𝑝 < 0.001)
and moderate versus high (𝑝 < 0.001), and marginal differ-
ences for low versus moderate (𝑝 = 0.08). The different con-
gestion levels had significant effect on the mean number of
comparisons (𝐹 = 2.53, 𝑝 < 0.001) illustrated in Figure 8(b).
Post hoc analysis (Tukey test) showed significant differences
for low versus high (𝑝 < 0.001) and moderate versus high
(𝑝 = 0.010), and insignificant differences were found for low
versus moderate (𝑝 = 0.108). The number of comparisons
had significant effect on the IGS time (𝐹 = 11.80, 𝑝 <
0.001) illustrated in Figure 8(c). Post hoc analysis (Tukey test)
showed significant differences for most pairwise compar-
isons, as depicted in Table 3.

4.2. Scanpath Patterns. The results of the extracted and fun-
damental scanpath classifications for different levels of con-
gestion are provided in Figure 9. The number of participants
to use the given patterns is shown for circular (C), linear (L),
mixed (M), and other (O). Several trends can be witnessed
from the data. The fundamental scanpaths show a similar
trend for low and moderate congestion if mixed patterns
are not considered (since it is unknown if they should be
counted as circular, linear, or other): circular scanpaths are
most common, followed by linear, and other scanpaths are
least common. For high congestion, the pattern occurrences
are fairly consistent. However, for the extracted scanpaths,
the trends were quite different. Other scanpaths were most
common due to the influence of local scans, and they in
fact consist of almost half of the identified patterns. Circular
patterns are slightly more occurrent than linear, but neither is
frequent, and mixed patterns are least popular except in the
moderate congestion scenario where they suddenly rise.

The detailed scanpath patterns identified from the
extracted and the fundamental scanpaths of all participants
during the IGS are shown in Table 4 for each scenario. As
previously explained, the “extracted scanpath pattern” was
determined by observing the IGS while excluding compar-
isons. The “fundamental scanpath pattern” was derived from
the shape created by the order the aircraft were viewed,
which excluded any repeated fixations. The fundamental
scanpath is the IGS without local scans (which also excludes
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Table 3: Least squares means for effect number of comparisons. Pr > |𝑡| for𝐻0: LSMean(𝑖) = LSMean(𝑗). Dependent variable: IGS time.

𝑖/𝑗 1 2 3 4 5 6 7 8 9
1 0.234 0.010 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
2 0.234 0.966 0.043 0.003 <0.001 <0.001 <0.001 <0.001
3 0.010 0.966 0.171 0.016 <0.001 <0.001 0.001 <0.001
4 <0.001 0.043 0.171 0.973 0.038 0.006 0.041 <0.001
5 <0.001 0.003 0.016 0.973 0.400 0.030 0.094 0.001
6 <0.001 <0.001 <0.001 0.038 0.400 0.360 0.906 0.012
7 <0.001 <0.001 <0.001 0.006 0.030 0.360 1.000 0.943
8 <0.001 <0.001 0.001 0.041 0.094 0.906 1.000 0.695
9 <0.001 <0.001 <0.001 <0.001 0.001 0.012 0.943 0.695

Table 4: Scanpath patterns identified during IGS.

Participant Extracted scanpath pattern Fundamental scanpath pattern
Low Moderate High Low Moderate High

1 Other Mixed Linear Linear Mixed Linear
2 Other Mixed Mixed Circular Mixed Mixed
3 Other Circular Mixed Other Circular Circular
4 Circular Circular Circular Circular Circular Circular
5 N/A N/A Linear N/A N/A Linear
6 Other Other Other Circular Other Other
7 Mixed Linear Linear Mixed Linear Linear
8 Other Mixed Other Mixed Mixed Mixed
9 Mixed Linear Linear Mixed Linear Linear
10 Mixed Other Circular Linear Mixed Circular
11 Other Circular Other Linear Circular Linear
12 Circular Other Other Circular Circular Other
13 Other Other Circular Other Circular Circular
14 Circular Other Circular Circular Mixed Circular
15 Other Circular Mixed Mixed Circular Mixed
16 Other Mixed Mixed Circular Circular Mixed
17 Linear Mixed Linear Linear Linear Linear
18 Linear Mixed Other Linear Other Other
19 Other Mixed Other Circular Mixed Other
20 Linear Linear Other Mixed Linear Other
21 Linear Other Other Linear Circular Linear
22 Other Other N/A Other Other N/A
23 Circular Circular Circular Circular Circular Mixed
24 Circular Other Other Circular Other Other
25 Mixed Other Circular Mixed Other Circular

comparisons); consequently the scanpath does not return
to aircraft already scanned. Usually the patterns observed
in the fundamental scanpaths were the same or simpler
than the extracted patterns, although that was not always
the case; there were 3 exceptions (low scenario participant
20, moderate scenario participant 18, and high scenario
participant 23). N/A indicates substantial loss of eye tracking
data not included in the analysis.

Figure 10 illustrates the fundamental scanpaths. Each
black dot represents an aircraft and the starting and end-
ing aircraft are marked with a green star and red square,
respectively. They are grouped into the categories exactly as

indicated from Table 4 (C, L, M, or O) and the participant
number is on the top left of each scanpath. The classification
was chosen based on Procedures 2–4 provided above and
then interrater agreement to reassign any exceptions. Note
that the fundamental scanpaths are a still image drawn based
on the initial location of each aircraft to provide better
insights to the visual patterns. In reality, each aircraft is in
movement during the IGS of ATCs. However, the movement
of each aircraft was substantially small during the IGS (e.g.,
approximately 95 pixels or 0.25 cm of movement on the
display every 5 seconds when flying at 300 knots). Therefore,
it was determined that it was sufficient to use a single figure
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Figure 9: Number of participants classified with given scanpath patterns for extracted IGS (blue dashed line) and fundamental IGS (orange
solid line). (a) Low congestion scenario. (b) Moderate congestion scenario. (c) High congestion scenario.

with initial aircraft location overlaid with the scanpath, rather
than having to show multiple screenshots of different aircraft
locations during the IGS.

Extracted scanpaths are not graphically displayed because
they depended on the raters’ cognitive ability of watching
the IGS and disregarding any comparisons, similar to the
previous method used for identifying scanpath patterns.
Nonetheless, examples of identified global scanpaths from
collected data are shown in Figure 11 when definite circular
or linear patterns occurred. The aircraft and data tags are
in green, the white numbered circles show the sequential
eye fixations, and each line represents a saccade between
fixations. Rater judgement was made on extracted scanpaths
by observing the IGSs similar to global scanpaths displayed
in Figure 11, cognitively neglecting comparisons, and then
determining the classification based on the scanpath pattern.

The obtained results were compared to the ATCs’ lin-
guistic inputs from [21] in Table 5. The verbal inputs were
applied to 26 low congestion scenario cases and only con-
sisted of circular (C), linear (L), or other (O) patterns. The

fundamental and extracted pattern results were applied to all
scenarios and consisted of 24 cases each, with an additional
mixed (M) category. As the table indicates, the low congestion
fundamental patterns are most consistent with the ATCs’
inputs. The occurrences from the results were expected to
differ because of the added presence of a mixed category,
but most of the trends are similar. If the mixed category
was removed causing mixed scanpaths in the low scenario
of fundamental patterns to instead be classified as 5 other
patterns and 1 circular pattern, those findings would match
the verbal inputs as much as possible given the unequal
participant numbers.

5. Discussion

The scanpaths were characterized based on (1) oculomotor
trends including raw scanpath completion time, IGS time,
and number of comparisons for differing aircraft congestion
scenarios and (2) extracted and fundamental IGS patterns.
Not all of the patterns that ATCs self-reported in [21]
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Figure 10: Illustrated fundamental IGSs grouped in their pattern classifications. (a) Low congestion scenario. (b) Moderate congestion
scenario. (c) High congestion scenario.

were identified, although similar patterns were found from
observing the scans, without considering the linguistic input
from the ATCs.

The oculomotor trends in Figure 8 showed that there
were significant differences between congestion levels when

examining total raw scanpath time or initial global scanpath
(IGS) time. The scan times significantly increased as the
congestion increased; however the amount of increase in the
IGS time based on congestion was not proportionally linear
to the amount of increase in total scan time. It appears that
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(a) (b)

(c) (d)

(e) (f)

Figure 11: Examples of global scanpaths overlaid on the radar display. (a) Circular scanpath in low congestion scenario. (b) Circular scanpath
in moderate congestion scenario with three complete revolutions. (c) Circular scanpath in moderate congestion scenario. (d) Circular
scanpath in high congestion scenario. (e) Linear scanpath in moderate congestion scenario. (f) Linear scanpath in high congestion scenario.

the ATCs tookmuchmore time to detect the aircraft conflicts
as the congestion level increased but tried to complete the
IGS as quickly as possible. This reasoning is supported by
the average rate of increase of the total raw scanpath time
being higher than the average rate of increase of the IGS time.
This is most likely due to the average number of comparisons
during the IGS moving from only 2 (low congestion) to 3
(moderate congestion) to 4 (high congestion) comparisons;
only 1 more comparison was used each time the congestion
scenario increased, but the total number of comparisons
probably increased much more across the scenarios which
resulted in the total scan time rate increasingmuch faster than
the IGS rate.

The visual scanning strategies show that the most dom-
inant patterns used by expert ATCs were circular method
followed by linear method, followed by other methods,
which accords with the ATCs’ linguistic inputs that were
provided in [21]. An important finding was that the fun-
damental scanpaths showed more consistent matching with
the ATCs’ linguistic inputs compared to those identified
from the extracted scanpaths. In Figure 9, similar trends
can be viewed between circular, linear, and mixed patterns,
but extracted scanpaths have much more “other” patterns
than fundamental scanpaths. This indicates that the “other”
patterns in extracted scanpaths were classified as being either
circular, linear, ormixed in the fundamental scanpaths.When
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Table 5: Pattern occurrence from ATCs’ linguistic inputs compared to fundamental and extracted scanpaths.

ATCs’ inputs Fundamental patterns Extracted patterns
Low Low Moderate High Low Moderate High

C 11 42% 9 38% 9 38% 6 25% 5 21% 5 21% 6 25%
L 6 23% 6 25% 4 17% 7 29% 4 17% 3 13% 5 21%
M N/A N/A 6 25% 6 25% 5 21% 4 17% 7 29% 4 17%
O 9 35% 3 13% 5 21% 6 25% 11 46% 9 38% 9 38%

observing the individual trends in Table 4, approximately
68% of the classifications were identically matched between
those scanpaths, and the remaining 32% of pattern classifi-
cations consisted of the mentioned differences between the
scanpaths.

Interestingly, there was a slight increase in the frequency
of the linear search patterns when the congestion level was
high, and possible reason for that could be due to the
initial spatial layout of the multiple aircraft in that scenario
which seemed to be dominantly linear. Based on the multiple
observations of the ATCs’ visual scanning patterns, the ATCs
seem to apply an overall scan pattern (such as circular or
linear), but it also seems that they move from one aircraft to
another in close (or closest) proximity. If the spatial layout is
somewhat linear, then even if an ATC has a circular search
strategy in mind, the visual scanpath may result in a linear
pattern and that could explain the higher number of linear
patterns used in the high congestion scenario that can be seen
Figure 9(c).

Another explanation could be that the ATCs may have
changed their strategies from circular to linear as the con-
gestion level increased. It may have been easier for the
ATCs to use a linear scanning strategy to keep track of the
observed aircraft as the scenarios became more complex.
Individual scanpath pattern comparisons in Table 4 show
that many ATCs were consistent with their visual scanning
strategies across the scenarios (e.g., participants 4, 23, and
17); however, some ATCs showed different patterns among
different congestion levels (e.g., participants 10, 11, and 25).
However, the amount of change from circular to linear was
not drastic, and it is challenging to identify the possible
reasons of the individual inconsistencies by only examining
the scanning patterns.

Figure 10 illustrates the categorized fundamental IGSs
that were judged and agreed upon the interraters based on
the developed processes. The result shows that scans can be
classified by simply observing their filtered representations
and applying definitive procedures without any follow-up
validations by the ATCs. The obtained results could not be
100% mapped to the ATCs’ linguistic inputs but showed
high promise with similar mapping percentages, as shown
in Table 5. Note that perfection was not expected since the
results included an extra classification category (mixed) as
opposed to those verbally expressed by ATCs, but the trends
are similar in which circular patterns are more popular than
linear patterns.

As previously mentioned, fundamental and extracted
patterns differ mainly in the other category; other pattern

is the most popular pattern for extracted scanpaths, but
they are less frequent than circular patterns for fundamental
scanpaths. The mapping percentages were closest to ATCs’
inputs for the fundamental scanpath during the low conges-
tion scenario. If the 6 occurrences that were judged mixed
in that case were instead classified as 5 other and 1 circular,
the trend would have matched the ATCs’ inputs as much
as possible (note that the ATCs’ inputs total 26 while each
fundamental and extracted scenario total 24). In fact, if all 6
of the mixed patterns were classified instead as other, the low
congestion fundamental case would be consistent with the
inputs provided in [21].This consistency indicates promise in
utilizing the classificationmethod on fundamental scanpaths.

Limitations and Future Directions. Scanpath patterns used by
ATCs can be unintended, incomplete, and limited to local
scans, or overlapping with other categories which makes
classification challenging. Circular and linear scans were the
easiest to identify because they are independent of the above
limitations mentioned; they depend on shape and follow
certain procedures. However, regional, augmented, density-
based, and proximity-based scans are considered difficult to
identify since they do not depend on shape. At this time,
they lack confident identification from the eye tracking data
alone unlike circular and linear scans; therefore they hold too
much uncertainty for current identification and are classified
as other scans. Other and mixed scans are subjectively the
most difficult to recognize, with other scans ranking as most
difficult. Although the remaining patterns increase in classifi-
cation difficulty, it remains useful to develop algorithms that
can encapsulate all strategies mentioned by ATCs.

The effects of several variables have been studied in this
work and in previous research, such as scenario congestion
and difficulty. Spatial layout also needs to be investigated
to determine how different layouts can influence the visual
scanning patterns and analysis of them. In an extreme case, if
all aircraft were aligned into a single line, the visual scanning
pattern would always be linear even if the ATC attempted a
circular strategy.

Perhaps the most difficult aspect of this research was
in identifying the cognitive reasons to the observed visual
scanning patterns under different aircraft congestion levels.
The visual scanpaths provide different types of search meth-
ods but do not necessarily show the rationale underlying
the search pattern. Therefore, a mixed method approach was
required to validate the classified visual scanning patterns
through the ATCs’ follow-up confirmation on the classified
patterns.
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Based on this research, it seems that the ATCs’ intended
strategies are composed of 3 parts: (1) aircraft are searched
with a pattern to complete a global scan, (2) aircraft in
potential conflict are selected with local scans, and (3)
comparisons are made between aircraft to solve conflicts
[21]. The order in which these steps occur and whether
they overlap differ with individual ATCs. For example, some
ATCs completed a global scan before using local scans and
then start comparisons, and others use local scans with
comparisons to eventually form their global scan. If an ATC
decides how to complete each step and in which order, it may
be possible to define the ATC’s intended strategy leading to
better mapping the visual scanpaths to each ATC’s intended
strategy.

The goals in analyzing expert ATC scanpaths are to (1)
develop high quality training programs for novices and (2)
use automation to aid ATCs as their jobs grow more difficult
with increased aircraft traffic. CharacterizingATCs’ strategies
observed during complex and critical situations can be used
to better aid novice ATCs during training. Automation can
be applied in many ways, such as informing ATCs when
multiple aircraft were not scanned in an effective manner
or when possible conflicting aircraft were not adequately
identified. The succeeding step of this research is to compare
the results obtained using the procedures on fundamental
scanpaths with ATCs’ inputs to test methodology accuracy
through implementing the procedures into robust computer
algorithms. Furthermore, in the long term, we should be able
to support multimodal input analysis, such as corroborating
EEG analysis with eye tracking analysis [36] to better support
our goals.

6. Conclusion

Finding similar visual scanpath patterns that map with the
ATCs’ linguistic inputs were accomplished by selectively
using the IGS, extracting the fundamental representation,
and applying Procedures 2–4 for classification that allowed
less reliability on rater judgement. The development and
classification of the fundamental scanpaths showed promise
in better mapping the visual scanning patterns to the ATC
linguistic inputs; it was found that the mixed patterns should
instead bemost likely classified as “other” patterns.Moreover,
oculomotor trends revealed the effects of different aircraft
congestion; as congestion increased, scan time and number
of comparisons increased as well. Scanpath patterns were
also affected by increasing aircraft congestion by a higher
occurrence of “other” patterns in the fundamental scanpaths,
although more studies are required to determine the cause.
Improving the classification procedures and developing algo-
rithms would be highly useful for identifying scanpath
patterns more accurately. Once appropriate algorithms are
generated, pattern identification can be automated and uti-
lized in further understanding of ATC cognitive processes,
effective training methods, and improvements of the ATC
interface.
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The mixed research design is a progressive methodological discourse that combines the advantages of quantitative and qualitative
methods. Its possibilities of application are, however, dependent on the efficiency with which the particular research techniques
are used and combined. The aim of the paper is to introduce the possible combination of Hypothesis with EyeTribe tracker. The
Hypothesis is intended for quantitative data acquisition and the EyeTribe is intended for qualitative (eye-tracking) data recording.
In the first part of the paper, Hypothesis software is described. The Hypothesis platform provides an environment for web-based
computerized experiment design and mass data collection. Then, evaluation of the accuracy of data recorded by EyeTribe tracker
was performed with the use of concurrent recording together with the SMI RED 250 eye-tracker. Both qualitative and quantitative
results showed that data accuracy is sufficient for cartographic research. In the third part of the paper, a system for connecting
EyeTribe tracker and Hypothesis software is presented. The interconnection was performed with the help of developed web
application HypOgama. The created system uses open-source software OGAMA for recording the eye-movements of participants
together with quantitative data from Hypothesis. The final part of the paper describes the integrated research system combining
Hypothesis and EyeTribe.

1. Introduction

The paper presents methodological-technical approach com-
bining quantitative and qualitative methods which are based
on specific technical tools. The aim of this paper is to
introduce the newly developed technical research system and
results of its validation: specifically, the creation and empirical
verification of an interconnection of a web-based platform
Hypothesis with an EyeTribe eye-tracking system connected
to open-source software OGAMA. The interconnection was
done by the creation of a new web application HypOgama.

The introduction of the paper discusses the methodology
and mixed-research design (combination of quantitative
and qualitative, resp., explorative methods) in the area of
cognitive visualization and cartography.The paper consists of

three parts which are ordered due the logic and procedure of
the research system creation and verification.The first part is
focused on the presentation of a tool for mass data collection:
web-based platformHypothesis.The second part of the paper
presents the new low-cost eye-tracking system EyeTribe,
which allows efficient realization of qualitative, respectively,
explorative studies. In this part, close attention is paid to
empirical study verifying the truthfulness of the low-cost Eye-
Tribe tracker in comparison with SMI RED 250 system. The
final part of the paper describes the research system which
combines and integrates above-mentioned tools. Part of this
last section is also an illustration of possible empirical study,
where the interconnection of Hypothesis and EyeTribe for
cartographic and psychology research is presented. However
this case study is only an example of how the integrated
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research system and HypOgama application works, and it
should only illustrate the procedure of conducting a mixed-
research design.

A significant portion of experimental studies in the area
of cognitive visualization can be sorted into two main cate-
gories. The studies in the first category monitor and record
the behaviour of individuals or, rather, their conscious actions
and general work methods when completing tasks with a use
of amap.Themost common aspects of studies are completion
speed, accuracy, and correctness or frequency of a given
solution (see [1–5]).Thementioned studies use a quantitative
approach and subsequent statistical methods of data analysis.
A second significant category is the use of eye-tracking sys-
tems. Eye-tracking studies are in many cases combined with
the recording of conscious behaviour, that is, user actions (see
the first category), but the crucial activities recorded are eye-
movements, which offer continuous data about (even uncon-
scious) behaviour of the participant while solving a task. In
other words, the focus of the user’s attention is foregrounded
[6]. Due to the high processing requirements, these studies
are often performed on a small sample of participants and
methods other than statistical data analysis are being used, for
example, explorative data analysis [7].

Eye-tracking was used for the evaluation of maps for the
first time already in the late 1950s [8], but it has been increas-
ingly used in the last ten to fifteen years.Themain reasons are
the declining prices of the equipment and the development
of computer technology that allows faster and more efficient
analysis ofmeasured data. For usability research, eye-tracking
data should be combined with additional qualitative data,
since eye-movements cannot always be clearly interpreted
without the participant providing context to the data [9].

An example of comprehensive research in the field of
cognitive visualization by using eye-tracking is the work
of Alaçam and Dalcı [10], who compared four map por-
tals (Google Maps, Yahoo Maps, Live Search Maps, and
MapQuest). The basic assumption of the study was that
lower average fixation duration indicates more intuitive map
portal environment. The shortest average fixation duration
was found in the case of Google Maps. Fabrikant et al. [11]
used eye-tracking for the evaluation of map series expressing
the evolution of the phenomenon over time, or for evaluation
of user cognition of weather maps [12]. Ooms et al. [13] dealt
with the suitability of map label positions and differences
in map reading between experts and novices. Popelka and
Brychtova [14] investigated the role of 2D and 3D terrain
visualization in maps.

Olson [15] compared cognitive visualization and cogni-
tive psychology, arguing that cartographers can adapt ideas
and experiments in methodology from cognitive psycholo-
gists. Equally, psychologists can use maps as stimuli in their
studies. Both disciplines can examine the cognitive processes
while reading and understanding maps. However, cognitive
psychologists are interested in different types of cognitive
processes such as attention, visual perception, memorizing,
or decision-making. A map is only a tool in this context. For
a cognitive cartographer, the map is far more important.

The approach mentioned above is based on close coop-
eration between cartographers and psychologists and shows

Small-scale study
(i) Limited research sample
(ii) Combination of Hypothesis and EyeTribe systems

(iii) Logging user actions and gaze tracking

Large-scale study
(i) Large research sample
(ii) Extensive and mass data collection on the Hypothesis platform

(iii) Event logging: user actions (conscious behaviour)

Figure 1: The combination of large-scale and small-scale study.

the possibility of a connection between large-scale studies
and small-scale studies based on gathering and analysing
eye-tracking data. Differences between large-scale and small-
scale studies are described in Figure 1.

As it is discussed in Štěrba et al. [16], using only a quali-
tative (explorative) or quantitative type of evaluation method
is not sufficient. Therefore, it is necessary to combine those
methods, enabling their suitable completion, obtaining more
valid results, and achieving better interpretation. A combina-
tion of quantitative and qualitative methods was established
as mixed-research design [17]. The key idea and innovation
of our method are the interconnection of two approaches
in the area of cognitive visualization and also finding
a technological solution.

TheHypothesis platform serves primarily for the creation
of experimental test batteries, online administration, and
extensive data gathering. After connecting with the eye-
tracking system, more detailed data on the experimental task
processing methods are gathered, which allow deeper insight
into the postulated cognitive processes that underlie the
behavioural reactions.

Štěrba et al. [18] propose two variants of mixed-research
design:

(i) Using the eye-tracking system for a pilot study exam-
ining a quality of experiment design with results
from this pilot study being used for improvement of
experiment design before large-scale data collection.

(ii) Using Hypothesis for large-scale quantitative
approach and secondary using of eye-tracking
method for the subsequent specification of certain
results with adjusted or changed types of tasks.

Both approaches and technical specification of Hypothesis
platform are described in detail in [18] and are available
online in English.

2. A Tool for Mass Data Collection: Web-Based
Platform Hypothesis

For the purposes of large-scale experimental investigation,
the creation of psychological tests, and evaluation of carto-
graphic works, new research software concept was designed
within the project “Dynamic Geovisualization in Crisis Man-
agement” [19]. Subsequently, this concept has been realized,
and original software MuTeP was developed [20, 21]. MuTeP
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Figure 2: Example task onWMS interactivemap.The user indicates
the requested objects, draws lines, and marks out target areas by
polygons. In the example shown, the user called up an orthophoto
map in a dialogue-window.All the actions including the drawnpoint
coordinates, lines, and polygons are saved in the database, and the
correctness of the solution is automatically evaluated under preset
conditions.

was primarily created for the purposes of objective experi-
mental exploration and evaluation of cartographic products
in the perspective of user personality.

Although MuTeP was practically proven [22], it was
clear that the conception used will soon reach its limits.
Another impulse for the search for a more flexible solution
was an effort to involve dynamic cartographic visualization as
stimuli, randomization, nonlinear test batteries, connection
with eye-tracking technology, and so forth, which were not
possible to implement into MuTeP software.

Based on experience with MuTeP and in the context of
current requirements, a new software concept was designed.
This new software should have the potential for long-
term growth and development [23]. Hypothesis has several
important advantages in comparison with MuTeP. Above
all, Hypothesis enables computer adaptive testing and offers
a modular solution with plugin support (such as video or
interactive animation plugins) and enables the work with
interactive maps (such as web map services; see Figure 2).

The technology used for designing Hypothesis consists
of the following: (1) the application core and user interface
are built on framework Vaadin 7; work with the database is
provided by ORM Hibernate; and (2) PostgreSQL in version
9.1 (and higher) is used as a primary database system [18].

The architecture of the system is three-layer: a client,
server, and database. The client part is designed for com-
munication and interaction with the user, and its operation
is provided by standard web browsers (thin client) or a
special browser distributed in the application package—
special Hypothesis Browser. Hypothesis Browser is based on
Standard Widget Toolkit (SWT) components and ensures
more strict conditions and control over running tests [18, 24].

Hypothesis works as an event-logger application, which
logs all user actions and events (coordinates and timestamps
of clicks, key presses, start and end time of each presented
slide, exposition time of every component such as a picture
or dialogue-window, zoom of maps, rotation of 3D objects,

Figure 3: Management module in the Hypothesis platform. The
user can launch the available tests in twomodes: (a) legacy (launches
in a normal browser) and (2) featured (launches in a controlled
mode in SWT browser). The manager and the superuser have an
extended access and can unlock the tests, create users, export results,
and so forth.

etc.). Extensive logging of user actions and events is enabled
through the structure of the final slides used for the test
battery (package). The package comprises the hierarchical
structure of branches which contain one or more tasks, and
each task contains at least one slide. The slide consists of
a template and content. Such structure enables nonlinear
branching of the test slides or randomization of slides. All
parts of the package are stored in structured XML format.
After starting a test, a selected package is loaded from the
database to the server application and a new test is created.
Emphasis was placed on variability and range of software
usability. Figure 2 shows an example of the slide using WMS.
The slide consists of two layers. The underlaying image
is created with a layer: ImageLayer. Above it, there is a
transparent layer: FeatureLayer, which is designed to draw
demanded points, polylines, or areas by mouse and store the
events [18].

Hypothesis is also improved with two new key function-
alities that are vital for the interconnection between eye-
tracking systems (or other peripherals such as EEG) and
enable the realization of experiments with high reliability.
These functionalities involve the use of SWT browser that
allows the client tomonitor and control the testing process. In
other words, when using the controlled mode (see Figure 3),
the participant has no way to intentionally or unintentionally
exit the test by, for example, pressing alt + F4. Other common
functions of web browsers are also strictly disabled, such
as page refreshing or opening menus by right-clicking the
mouse. The second key functionality is the recording of two
time sets in the database. To avoid the problem of slow
internet connection, both server time and local PC time
are recorded, which means that events on the client side
can be accurately synchronized (e.g., synchronizing stimulus
exposition with data from the eye-tracker).

Researchers can effectively create new test batteries
thanks to a combination of a number of subfunctions and
tools. Emphasis is also placed on the efficiency of the
software. Researchers can effectively change the content of
already finished test slides and create derivatives from sample
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Table 1: Summary of calibration results for all participants.

Participant SMI𝑋 SMI 𝑌 EyeTribe
P01 0,4 0,2 Good
P02 0,3 0,1 Poor
P03 0,4 0,6 Moderate
P04 0,4 0,4 Perfect
P05 0,9 0,5 Good
P06 0,3 0,5 Redo
P07 0,2 0,4 Moderate
P08 0,6 0,3 Moderate
P09 0,4 0,1 Perfect
P10 0,3 0,4 Poor
P11 0,6 0,3 Poor
P12 0,5 0,5 Moderate
P13 0,3 0,3 Moderate
P14 0,4 0,6 Poor

templates through themodules for user access administration
and also export structured results.

Hypothesis software is freely available for collaboration
on a various research topic in the Czech Republic and
abroad. Access to the database and modules is provided after
registration.

3. In-Depth Analysis of Cognitive Processes
Using Eye-Tracking System

3.1. EyeTribe Tracker. Eye-tracking technology is becoming
increasingly cheaper, both on the hardware and on the
software front. Currently, the EyeTribe tracker is the most
inexpensive commercial eye-tracker in the world, at a price
of $99. More information about the device is available at
the web page of the manufacturer (https://theeyetribe.com/).
The low-cost makes it a potentially interesting resource for
research, but no objective testing of its quality has been per-
formed as of yet [25]. Dalmaijer in his study [25]with five par-
ticipants compared the EyeTribe tracker with high-frequency
EyeLink 1000. He states that concurrent tracking by both
devices of the same eye-movements proved to be impossible,
due to themutually exclusiveway inwhich both deviceswork.
One of the reasons was that EyeLink uses only one eye for the
recording. Delmaijer [25] also states that recording with both
devices at the same time results in deterioration of results
of both and often leads to a failure to calibrate at least one.
Ooms et al. [26] compared EyeTribe with SMI RED 250 but
also did not use the concurrent recording. In our study, we
compared the EyeTribe tracker with SMI RED 250. In our
case, we have not noticed any problems with calibration (see
Table 1).

3.2. Methods of EyeTribe Accuracy Evaluation. For the com-
parison study, recording with SMI RED 250 and the EyeTribe
tracker at the same time was performed. Laboratory setup is
displayed in Figure 4. The EyeTribe tracker stands in front of
the SMI device.

Figure 4: Laboratory setting for EyeTribe and SMI accuracy
comparison.

EyeTribe tracker was connected with the OGAMA soft-
ware [27], where the experiment with six static image stimuli
was prepared. At the same time, screen recording experiment
was created in SMI experiment center (sampling frequency
was set up to 60Hz, to be the same as EyeTribe). Both devices
were calibrated separately (but the eye-trackers were at their
positions and turned on).

After calibrations, recording with SMI started. After that,
experiment with static images in OGAMA was performed.
That means the SMI device recorded the experiment data
as well (as a screen recording video). The whole experiment
procedure was done with fourteen participants. The purpose
of the studywas to verify how trustworthy data fromEyeTribe
tracker are. Recorded fixations from both eye-trackers were
compared qualitatively and quantitatively. A diagram of the
whole recording procedure is displayed in Figure 5.

For the comparison of recorded data from both devices,
the OGAMA environment was used. Data from EyeTribe
were displayed in OGAMA directly; SMI data had to be con-
verted. For this conversion, the tool smi2ogama developed by
S. Popelka was used.The tool is available at http://eyetracking
.upol.cz/smi2ogama/.

The recorded screen data were cropped according to
the pertinence to individual stimuli. For that, recorded key
presses (for a slide change) were used.

3.3. Participants. Total of 14 respondents participated in this
part of the study (ten males and four females with an average
age of 29.5). They were employees and postgraduate students
of department of geoinformatics. 16-point calibration was
used for both devices. Results of calibration are summarized
in Table 1. With the EyeTribe, it was almost not possible to
achieve perfect calibration result. Figure 6 shows the details of
calibration results for participant P03.The results inOGAMA
show calibration result for each of the 16 calibration points
(with the use of colour); SMI shows only the average value in
degrees of visual angle for axes𝑋 and 𝑌.

For all recordings, I-DT fixation detection in OGAMA
was used with the same settings. A value of 20 px was used as
“maximumdistance”; “minimumnumber of samples” was set
up to 5. More information about fixation detection settings is
available in [28, 29].
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Figure 5: Diagram of concurrent eye-movements recording with SMI RED 250 and EyeTribe.
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Figure 6: Calibration results from EyeTribe (a) and SMI RED (b) for participant “P03.”

3.4. Stimuli. The experiment contained six static images.The
first one contained a grid with nine numbers; second one
(Slide 2, Figure 7) contained sixteen numbers. The task of
the participants was to read numbers in ascending order
(from top to the bottom). Next three stimuli contained
different types of maps, but the results of these stimuli are not
described in this paper. The last stimulus (Slide 6, Figures 8
and 9) contained a map of the world and respondents’ task
was to move the eyes around Africa.

3.5. Results and Discussion of EyeTribe Evaluation. Eye-
movement data recorded from participant P03 are displayed
in Figure 7. Red points represent fixations from SMI, and blue
points are fixations from EyeTribe. The task in this stimulus
was only to read the numbers.

From Figure 7, it can be seen that both devices recorded
around one or two fixations over each number. The accuracy
of the recording is comparable. Accuracy reflects the eye-
tracker’s ability to measure the point of regard and is defined
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Figure 7: Comparison of recorded eye-movement data from participant P03 in Slide 2 from EyeTribe (blue) and SMI RED (red).
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Figure 8: Comparison of recorded eye-movement data from participant P03 in Slide 6 from EyeTribe (blue) and SMI RED (red).

as the average difference between a test stimulus position and
the measured gaze position [30]. The largest deviations of
the EyeTribe tracker data were observed for two points in
the middle of the bottom line. This situation was observed in
almost all recorded data.The situation can be seen in Figure 7
in the case of points 14 and 15 (middle points in the lowest line
of numbers). Gaze position recorded by EyeTribe is shifted
upwards.

Another example is visible in Figure 8, which is the crop
of Slide 6 stimuli. In this stimulus, the task was to move
the eyes around the continent of Africa on the map. The
data recorded by EyeTribe tracker were moved to the left by
20 px, but this systematic error can be corrected by a manual
shift of fixations in OGAMA. This situation is depicted
in Figure 8. On the left side, original data are displayed.
On the right, data after horizontal shift (20 px to the right
for EyeTribe and 10 px to the left for SMI) are depicted.
Eye-movement data from EyeTribe for horizontally central
fixations are shifted upwards, especially in the bottom part of

the stimuli. See Figure 12 formore detailed analysis of fixation
locations. The same issue was reported in all stimuli for most
of the participants. Visualization of gaze trajectories of all
participants is in Figure 9. The solution for dealing with this
inaccuracy is to avoid placing important parts of the stimulus
to the bottom of the screen. It will be possible to compare
recorded raw data, but, in cartographic research, fixations
are used for analysis, so it was more meaningful to compare
fixations (identified with the same algorithm).

As an alternative for the comparison of raw data, compar-
ison of data losswas performed. In the case of SMI recordings,
average data loss (samples with coordinates 0, 0) was 0.57%
of all recorded data. With the EyeTribe, the average data loss
was 1.22%. Although the value is more than twice higher than
in the case of SMI, it is still acceptable.

The graph in Figure 10 shows the percentage of data loss
for Slide 2. It is evident that data loss is higher in the case of
EyeTribe recordings, but, in most cases, less than 2% of data
is missing. The highest values were observed for participants
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Figure 9: Problems with data recorded by EyeTribe (blue) at the bottom of the stimuli in comparison with SMI data (red).
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Figure 10: Comparison of data losses of fourteen participants
during observation of Slide 2. Red bars represent SMI RED 250; blue
ones represent EyeTribe tracker.

P06 and P13. Participant P06 had the worst calibration from
all respondents. Participant P13 has worn glasses which can
possibly cause the high data loss.

In the next step of accuracy evaluation, values of eye-
tracking metric fixation count recorded by SMI RED 250 and
the EyeTribe tracker were compared for all six stimuli in the
experiment. A summary of the results is shown in Figure 11.
The correlation between numbers of detected fixations was
between 0.949 and 0.989 with the exception of participant
P13 with the correlation of 0.808.The ratio between a number
of recorded fixations with SMI device and EyeTribe was
also investigated. On average, EyeTribe recorded 88.2% of
fixations that were recorded by SMI device. The correlation
and ratio values for each participant are presented as part of
Figure 11.

Beside the number of fixations, their location was com-
pared. For this evaluation, Slide 2 with a grid of 16 numbers
was chosen (Figure 7). For each participant, the deviations
between coordinates of the target (number) and closest

fixation were calculated. The graphs in Figure 12 show the
median size and direction of the deviation for each of the 16
targets in the stimuli. It is evident that the largest deviations
(heading upwards) for EyeTribe were observed for the points
in the bottom part of the image (numbers 14 and 15). Each
graph contains the value of the Euclidean distance of median
deviations from the origin. Average deviation was 26 px for
EyeTribe and 22 px for SMI.

The evaluation of truthfulnesswas performed on fourteen
participants. According to Nielsen [31], this number should
be sufficient. The evaluation of qualitative (Figures 7, 8, and
9) and quantitative (Figures 10, 11, and 12) data indicates that
accuracy of low-cost EyeTribe tracker is sufficient for the
use in cartographic research. Similar results were found by
Ooms et al. [26], who measured the accuracy by the distance
between recorded fixation locations and the actual location.

The limitation of the low-cost device is the sampling
frequency, which is only 60Hz (compare with 250Hz of
SMI RED eye-tracker). Another problem is shift of fixation
locations in the bottom part of the screen. Taking into
account described limits of the device, the EyeTribe may be
an appropriate tool for cartographic research.

4. Integrated Research System:
Interconnection of Hypothesis Software
and EyeTribe

As one of the practical applications of the mixed-research
experiment design, the Hypothesis software interconnected
with the EyeTribe tracker was chosen. For the recording of
eye-tracking data, the OGAMA software was used because
the EyeTribe tracker is intended for developers and contains
no software for data recording and analysis. OGAMA has
an inbuilt slide show viewer, but the range of functionality
of this viewer in comparison with SW Hypothesis is quite
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Figure 11: Comparison of fixation count eye-tracking metric for fourteen participants. EyeTribe data are displayed as blue line; SMI data are
displayed as red line.

limited. Desktop application OGAMA principally does not
allow working with web-based interactive maps and mouse
clicks are recorded but not shown. Oppositely, Hypothesis
visualizes clicks and allows drawing of lines and polygons.
This functionality is crucial in the context of working with
maps. Because of this functionality, Hypothesis connected to
OGAMA via HypOgama was used.

4.1. Methods of Hypothesis and EyeTribe Interconnection. For
the study, a simple Hypothesis experiment containing five
stimuli (intro, three pairs of maps, and last slide) was used.

Participants’ task was to identify the differences between the
maps. Coordinates of the clicks representing differences were
also recorded.

OGAMA experiment was designed with only one screen
recording stimulus. OGAMA in version 5.0 can record
dynamic web stimuli, but it is not possible to use slides from
Hypothesis as separate stimuli.

Recorded data were split according to their belonging
to particular slides in the Hypothesis experiment. For the
split, timestamps fromHypothesis indicating the slide change
were used. The splitting and conversion of recorded data
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Figure 12: Comparison of fixation positions in Slide 2 for fourteen participants. Distance from the center of the image shows fixation deviation
in pixels. EyeTribe data are displayed as blue dots; SMI data are displayed as red dots.

manuallywere time-consuming andnot user-friendly.Thus, a
web application calledHypOgamawas written in PHP for the
automation of the process. The functionality of HypOgama
application is illustrated in Figure 13.

The HypOgama application (Figure 14) is freely available
at http://eyetracking.upol.cz/hypogama/.

The application synchronizes the Hypothesis time with
the timestamp from the eye-tracking recording in OGAMA.
The synchronization is processed by the key press that was
used to start the Hypothesis experiment and which was
recorded in both systems—in Hypothesis and OGAMA.

In the next step, the application scans the Hypothesis file
and finds the timestamps of slide changes. These timestamps
are then used for splitting raw eye-tracking data into blocks
belonging to particular slides. The name of the relevant stim-
uli is added to all records from each block. In the final step,
the data structure is modified for the direct import into a new
OGAMA project.

The application contains six input fields:

(1) Exported file from Hypothesis manager containing
data for one participant.
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Figure 13: Process of splitting recorded data (screen recording) into trials with the use of HypOgama web application.

Figure 14: Environment of HypOgama web application.

(2) Exported raw data from the OGAMA application for
one participant.

(3) Name of the output file.
(4) Subject name (if blank, the ID from Hypothesis will

be used).
(5) Frequency of an eye-tracker (30 or 60Hz).
(6) Synchronization variables: these values indicate

which key was used for the synchronization of
Hypothesis and OGAMA (default value is “Key:
Down” in OGAMA format and “Down” in the
format of Hypothesis application).

In the Hypothesis file (ad 1), HypOgama finds the row with
the key press (default Key: Down) and the corresponding
time, which corresponds to the beginning of the experiment.
In the next step, the column containing the slide names is
scanned and the time of the first occurrence of each slide
is also stored. According to this time, OGAMA recording is
split.The last information obtained from theHypothesis file is
the name of the subject, overwriting the subject name in the
OGAMA file.

In OGAMA file, all records prior to the synchronization
key press are erased. Stimuli names are replaced by those from
Hypothesis file.

Outputs of the created script are raw eye-movement
data for each slide that could be directly imported into the
OGAMA project. The only one necessary thing is to put
image files (stimuli) into OGAMA project folder. If it is the
same filename as the one contained in the Hypothesis file,
images will be automatically assigned to proper data. After
the whole process, a user has OGAMA project containing
static image stimuli with all corresponding eye and mouse
movement data. The proposed concept was applied and
verified through a selected case study described below. The
purpose of this short study was to illustrate the functionality
of interconnection of EyeTribe and OGAMA.

For the verification of the designed process of Hypothesis
and EyeTribe combination, simple test battery was designed.
For chosen procedure, Hypothesis was used for large-scale
quantitative approach and eye-tracking method for the sub-
sequent specification of certain results.

The test battery was established in the Hypothesis soft-
ware and was focused on verification of Gestalt principles,
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Figure 15: Example of stimuli—the first pair of topographic maps.
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Figure 16: An example of results from Hypothesis. An average number of correct answers for each of the participants.

respectively, figure-ground organization, and on the cross-
cultural comparison in the context of visual perception of
cartographic stimuli [22, 32–35] on the example of specific
cartographic products. The cartographic tasks were part of
these more complex research batteries. The main purpose
of this short cartographic study was the verification of
HypOgama application andwhole integrated research system
for further research studies.

4.2. Participants. Participants of this illustrative case study
were 64 students from theMasarykUniversity, Czech Repub-
lic, and 64 students from Wuhan University, China. In the
first phase, participants were tested only on the web-based
platform Hypothesis. Only a half of the dataset (Czech pop-
ulation) was further used in context of this particular study
where the topographic and thematic maps were compared.
In the second phase, the experiment was conducted with the
use of eye-tracking system and the research sample is still
continually extended.

4.3. Stimuli. The stimuli were represented by three pairs
of maps that differed in 10 variables, for example, different
colours of map signs, different position of the signs, and
missing map signs. First two pairs of stimuli contained
topographic maps. The third pair of the maps contained a
thematic map.

The test was structured in three main parts. In the first
part, participants filled out a personal questionnaire; in the
second part, a representative example of the stimuli was pre-
sented to familiarize the participants with the environment
of Hypothesis. In the third part, three tasks containing pairs
of stimuli described above were presented. Participants were
asked to mark the differences between presented maps. The
time limit for each task was 45 seconds. An example of a
topographic map (Slide 1) is displayed in Figure 15. On Slide
2, similar topographic map in different scale was shown. The
last slide contained thematic map (see Figure 17).

4.4. Results and Discussion of Hypothesis and EyeTribe Inter-
connection. The performed study verified stability of pro-
posed system on long distances and, at the same time, part
of the test battery was used as a pilot study to verify the func-
tionality of an integrated research system. Stimuli comparing
the effectiveness of visual search between topographic and
thematic maps were selected.

In the first phase, the test was performed in the Hypoth-
esis application only. A number of differences identified
between pairs of maps on Czech population were analysed
(see Figure 16).

In the case of two pairs of topographic maps, the average
number of correct answers was four. In the case of the stimuli
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Figure 17: Example of eye-movement data recorded during the Hypothesis experiment. Circles represent fixations; blue line on the right is a
mouse trajectory.

with a thematic map, the average number of correct answers
was five.

To generalize the findings, an increase of the number of
maps per condition would be necessary. However, this differ-
ence was the first clue to establish working hypotheses. Based
on the data from the first phase of testing, hypotheses were
established only at the level of stimulus-reaction. The way of
task processing by users and their solving strategies were still
a black-box; thus there was a need for more detailed proce-
dural data, especially for information about distinct search
strategies.

To explore differences in the visual search, eye-tracking
can be used due to the ability to provide more detailed
information (e.g., which kind of object was omitted, which
kind of object could be found at first glance, and which areas
attracts main attention).

Therefore, in the second phase, the already used exper-
imental battery created in Hypothesis was interconnected
with OGAMA through HypOgama application and the
experiment was launched with the EyeTribe system. Car-
tographic stimuli and the eye-tracking data were linked
together and further analysed with OGAMA.

The example in Figure 17 shows outputs from OGAMA-
scan path and mouse trajectory of one participant over the
stimulus with thematic maps. In this case, fixations are dis-
tributedmainly over the text labels in themap. Participant did
not find the difference in the colour of theOdisha state (on the
east coast of India) under the relatively large graph. At the
same time, eye-tracking metrics (e.g., fixation count, dwell
time for each map, and a number of saccades between these
maps) can be statistically analysed. Based on findings from
both types of analyses, the hypotheses for subsequent study
can be established.

The functionality of the integrated research system has
been fully verified in the above-mentioned pilot study.
The experiment created on the Hypothesis platform was
connected with OGAMA and EyeTribe via HypOgama.
Data capture including eye-tracking recording continued and
exploratory analyses of these data were performed.

5. Conclusion

The aim of the paper was to prove the concept of the mixed-
research design through the interconnection of Hypothesis
(software for experiment creation, experiment execution, and
data collection) and the EyeTribe tracker (the most inexpen-
sive commercial eye-tracker). This system could prove to be
a valuable tool for cognitive cartography experiments and
evaluation of user behaviour during map reading process.

The first necessary step was to evaluate the accuracy of
the EyeTribe tracker with the use of concurrent recording
together with the SMI RED 250 eye-tracker.The results of the
comparison show that the EyeTribe tracker can be a valuable
resource for cartographical research.

The next part of the study was focused on the intercon-
nection of the EyeTribe with the Hypothesis platform, devel-
oped at Masaryk University in Brno. The connection was
made through a newly created web application that modifies
eye-movement data recorded during screen recording exper-
iment in the OGAMA open-source application. The applica-
tion is publicly available for the community of cartographers
and psychologists at web page http://eyetracking.upol.cz/
hypogama.

The interconnection advantages were illustrated on an
example of simple case study containing three pairs of maps.
The performed case study demonstrated the ability of the
combined system of the Hypothesis platform and the Eye-
Tribe tracker to support each other and to serve as an effective
tool for cognitive studies in cartography.
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Despite the availability of accurate, commercial gaze tracker devices working with infrared (IR) technology, visible light gaze
tracking constitutes an interesting alternative by allowing scalability and removing hardware requirements. Over the last years, this
field has seen examples of research showing performance comparable to the IR alternatives. In this work, we survey the previous
work on remote, visible light gaze trackers and analyze the explored techniques from various perspectives such as calibration
strategies, head pose invariance, and gaze estimation techniques. We also provide information on related aspects of research such
as public datasets to test against, open source projects to build upon, and gaze tracking services to directly use in applications. With
all this information, we aim to provide the contemporary and future researchers with a map detailing previously explored ideas and
the required tools.

1. Introduction

From a computer scientist’s perspective, human beings are
machines which receive input from their sensors such as ears,
eyes, and skin and which interact with the world they live in
through their actuators, which are their hands, feet, and so
on. Their attention can be understood by analyzing the way
they direct their sensors (i.e., looking at specific locations or
inspecting unknown objects by touching or smelling). More-
over, as in the case of robots, examining this attention can give
us hints about their state of mind and their way of reasoning.

Among the human senses, sight has an important place in
today’s world where we are surrounded with digital displays
be it in our mobile phones, our computers, or televisions.
Instead of making passive observations of the objects around,
it also gives hints about what the person actively chooses to
see through eye movements. Analysis of these movements,
therefore, sparked great interest in research communities.

Devices or systems that track a person’s eye movements
are called eye trackers or gaze trackers. Currently, the most
widespread techniques used in these trackers make use of
light sources and cameras that operate in the infrared (IR)
spectrum. There are many available commercial models that
are in the form of either eyeglasses or table mounted devices

[1–3] and also open source alternatives that allow the use of
custom hardware [4].

Visible light gaze tracking, on the other hand, does
not require any special hardware and aims to solve the
task making use of regular cameras. In this paper, we will
concentrate on this class of trackers and survey the related
research. Furthermore, we will limit our search to the table
mounted setup (also called remote setup) as it is ubiquitous
in contemporary devices and it removes the restrictions for
camera placement (with a few exceptions). Our aim and
contribution is as follows:

(i) To provide an exhaustive literature review.
(ii) To comment on these works from various perspec-

tives.
(iii) To list publicly available datasets.
(iv) To list open source software.
(v) To list gaze trackers as a web service.

The rest of the paper is organized as follows: we will
start with an overview of the software structure used in
remote, visible light gaze trackers. Then, we will categorize
and explain the previous work according to the techniques
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used and continue with two other categorization schemes:
how/if they are calibrated and how/if they handle head
movements. Afterwards, we will list and comment on the
available datasets, online gaze tracking services, and open
source projects.Wewill finishwith our conclusions regarding
the current state and future directions.

2. Categorization and Structure of
Visible Light Gaze Trackers

The categorization of the works that we analyze in this paper
is not trivial, because the borders between groups of methods
are not always clear and in the literature different naming
schemes exist.

In the early review by Morimoto and Mimica [5], meth-
ods using the eye appearance (i.e., eye region image pixels)
directly for gaze estimation are called appearance-based or
view-based methods, and the rest is left unnamed. Here,
the given name refers to all the visible light methods and
does not give information about the subcategories. Even
in a more recent survey [6] where both infrared (IR) and
visible light methods are considered, the latter group is
considered as just an alternative, and its subcategories are
left unclear. Other categorization schemes also build on this
ambiguity: appearance-based versus feature-based [7, 8] and
appearance-based versus model-based [9, 10]. It should also
be noted that the “appearance-based” name is still being used
to refer to all visible light methods [11, 12], adding to the
confusion.

With the aim of clearly identifying the borders between
different visible light gaze estimation techniques (and hope-
fully not adding to the confusion), we present a new catego-
rization scheme:

(1) Appearance-Based. These methods only use the eye
image pixel intensities to create a mapping to the
gaze estimation. The image pixels are converted to a
vector representation via raster scanning and fed to
the estimation component.

(2) Feature-Based. Methods of this category also make
use of a mapping to calculate the gaze; however, they
use richer feature vectors compared to themethods in
the previous category (i.e., not just pixel intensities).

(3) Model-Based. Compared to the discriminative approach
of the first two categories, the methods belonging to
this category follow a generative approach by trying to
model the eyes and maybe even the face. The gaze is
calculated geometrically using the model parameters.

After explaining our categorization and the reasoning
behind it, we can continue with the discussion about the
software pipeline of these trackers. Although the variation in
details is huge, a common skeletal structure that describes
their software implementation can easily be identified as seen
in Figure 1.

The input to the system is generally a video stream;
however, examples of systems working on still images are also
found [13]. In the former case, the previously processed video
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Figure 1: The common software structure for visible light gaze
trackers. The methods start by locating the eyes. To make the
estimation more stable, spatiotemporal tracking may be utilized at
this step. Later, the location information is used to extract features,
fit 2D or 3D models to the eyes, or just extract the eye region image.
In the case of model-based methods, the fitted model is used to
calculate the gaze geometrically, whereas in the other methods, a
mapping function is necessary to calculate the gaze angle or point.

frames’ results may be used to improve the performance for
the next frames [14].

The first task in the pipeline is to extract the eye region. If
an optional head pose estimation component is present, and if
its output contains information about the eye location, it may
be used directly as the location or it may be used as a rough
initial estimate for the actual eye locator. Otherwise, the eye
locator component has the option of using face detectors to
restrict the processed image area and reduce computational
cost [15, 16]. In order to calculate accurate eye location, the
system can make use of iris center detectors [17], eye corner
detectors [18], or 3D eye models that take into account the
appearance of the entire eye [19].

Once the region of interest (ROI), that is, the eye region,
is located, the second step is to prepare the input for the
gaze estimation component. Depending on the class of gaze
estimationmethod, the required input for the last step varies.
In appearance-based methods, the extracted eye image from
the first step is used directly as the input. Here, each image
pixel intensity is considered as one dimension of the input
vector. As the change in illumination and shadows may
interfere with these inputs, this class of methods may not
always give robust results.

Feature-basedmethods try to break the direct connection
between the raw pixel intensities and the final input vector, in
an attempt to increase robustness to lighting changes. Some
of the features used in the literature are as follows:
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(i) Pixel positions of keypoints (e.g., inner eye corners,
iris center, and eyelid) [20, 21].

(ii) Their relative positions (i.e., vectors connecting two
positions) [22–24].

(iii) Standard computer vision features such as histogram
of oriented gradients (HOG) [25, 26] and local binary
patterns (LBPs) [11, 27].

(iv) Features calculated by a convolutional neural network
(CNN) [13].

(v) Features grouping and summarizing pixel intensities
[28–31].

Finally, themodel-based gaze estimationmethods require
the parameters for a 2D or 3D eye model as the input. In
case of 2D, these can be the parameters defining the iris
edge model [32]; in the 3D case, it can get more complex to
include 3D positions of the eyeball center [33] or other facial
landmarks [34].

The last step in the described pipeline is the estimation
of the gaze, given the inputs calculated in the previous
step. Appearance-based and feature-based methods require
a mapping function that maps the input vectors to the gaze
point or the gaze direction. The commonly used techniques
include neural networks (NNs) [35, 36], Gaussian process
(GP) regression [14, 37], and linear interpolation [38, 39]. On
the other hand, model-based methods use the geometry of
their 3D model (e.g., normal vector for the iris of 3D eye ball
model) to calculate the gaze [40, 41].

3. Methods for Single Camera
Remote Gaze Tracking

In this section, we categorize the works that we focused on
according to our scheme. A summary of these works can be
seen in Table 1.

3.1. Appearance-Based Methods. The first techniques pro-
posed for visible light gaze tracking introduced the category
of appearance-based methods [16, 35, 42].These methods are
characterized by their use of eye image pixel intensities as
their features for gaze estimations. After a possible histogram
normalization step for standardizing image appearances over
the whole dataset, these feature vectors are fed to the estima-
tion component which maps them to screen coordinates.

3.1.1. Neural Networks. One of the most popular mapping
functions used in eye tracking is neural networks (NNs). In
their pioneering work, Baluja and Pomerleau [35] introduce
the first method making use of NNs. They test their system
extensively by varying the inputs (iris region or entire eye),
NN structure (single continuous or divided hidden layer),
and the hidden layer unit number. In another experiment,
they demonstrate that, by training the system with inputs
from different head poses, the system can even handle small
head movements. Finally, they top their system with an offset
table that is used to correct the systematic shifts in actual eye
tracker use. In the best case, their reported accuracy is around
1.5∘.

Stiefelhagen et al. [16] use skin color segmentation and
pupil detection to replace the use of a light source for this task
in the original work of Baluja and Pomerleau. Xu et al. [42]
introduced an iterative thresholding method to locate the iris
region accurately and also proposed Gaussian smoothing for
outputs of the NN during training. Two recent works [43, 44]
used the NN technique for gaze tracking on commercial
tablet computers and report lower accuracy (average error >
3∘), mainly because of the low sampling rates in tablets and
high training data demand of the NNs.

3.1.2. Local Linear Interpolation. A recently more popular
alternative to NN mapping is local linear interpolation as
proposed for gaze tracking by Tan et al. [38]. In their work,
they see the eye region images as coming from an appearance
manifold, and gaze estimation is posed as a linear inter-
polation problem using the most similar samples from this
manifold. Although this work makes use of IR illumination
for eye localization, the gaze estimation technique is valid for
purely visible light setups. The reported accuracy of around
0.40∘ shows the promise of the proposed technique.

Ono et al. [45] calculate the decomposition of the eye
image, which takes into account variations caused by gaze
direction, base eye appearance, and shifts in image cropping.
Using this decomposition, they can encounter the most
similar 3 training samples and use LLI to calculate the gaze
with 2.4∘ accuracy.

Sugano et al. [46] use an LLI technique that allows head
movements.They cluster the eye images according to the cor-
responding head pose and choose samples for interpolation
only from the cluster with the same head pose as the current
sample. Their system keeps learning from user interaction
(i.e., mouse clicks) and continuously updates its parameters,
adding clusters for new head poses when necessary. The
reported average error is in the range 4-5∘. The extended
version of the work [47] provides methods for refining gaze
labels acquired through mouse clicks, discarding high-error
training samples, and locating the eye position better, thus
decreasing the average error to only 2.9∘.

Lu et al. [7, 29] decompose the gaze estimation problem
into subproblems: (1) estimation under fixed head pose and
(2) compensation of errors caused by head rotation and
eye appearance distortion. Unlike other work, they do not
choose the most similar local training samples explicitly;
however, they argue that their method for weighting all the
training samples automatically selects a small number of
local samples. By learning eye appearance distortion from 5-
second video clips and applying both compensations, they
decrease the average error from 6∘ to 2.38∘ (and from 13.72∘ to
2.11∘ in the 2014 paper). In their later work [48, 49], instead of
video clips (containing around 100 frames), they acquire only
4 additional training samples under reference head poses and
synthesize extra training samples by modeling the change in
eye appearance.

Alnajar et al. [50] propose a calibration-free estimation
based on the assumption that humans have similar gaze
patterns for the same stimulus. Here, first initial gaze points
are calculated for a user without calibration, and then a
transformation is calculated to map the user’s gaze pattern
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Table 1: Summary and results of all the techniques analyzed in this work.Methods are grouped into categories for easier reference. HP column
shows whether the technique has head pose invariance or not. Techniques allowing small head movements are denoted by ≈ symbol. Output
column shows what type of gaze is calculated: point of gaze (∘) or line of gaze (∡).

Feature Mapping Calibration HP Dataset Output Accuracy References Comments

Appearance-based

— NN Grid — — ∘ 1.5–4 [16, 35, 42–44]
— GP Grid — [98] ∘ 2 [9]
— GP Grid ≈ — ∘ n/a [37, 53] Rigorous calib. for HP
— LLI Grid — — ∘ 0.4 [38] IR to locate eye
— LLI Grid — — ∘ 2.4 [45]
— LLI Grid + HP ✓ — ∘ 2.2–2.5 [7, 29, 48, 49] 0.85∘ error with fixed HP
— LLI Grid ✓ — ∡ 4.8 [8]
— LLI — ✓ — ∘ 3–5 [46, 47] Incremental calibration
— LLI Grid ✓ [99] ∡ 4 [51] 8 cameras
— LLI — — — ∘ 3.5–4.3 [10, 50] Saliency for calibration

Feature-based

PC-EC GP Grid — — ∘ 1.6 [20, 54]
PC-EC LI Grid — — ∡ 1.2 [22]
PC-EC LI Grid — — ∘ n/a [24, 55]
PC-EC PI Grid — — ∘ 1.2 [39] 3∘ without chin rest
PC-EC LI Grid ✓ — ∘ 2–5 [56]
PC-EC PI Grid — — ∘ 2.4 [57]
PC-EC PI Grid ✓ — ∘ 2.3 [18] 1.2∘ error with fixed HP
Several NN Grid — — ∘ 1-2 [23, 58]
Several NN Grid ✓ — ∘ 2–7 [21] Few tests
EC shift n/a Grid — — ∘ 3.2 [59]
EC shift LI — — — ∘ 3.4 [60] Hand-coded params.
GC-CM LI Grid — — ∘ 1.5 [62]
Several LI Grid — — ∘ 3 [17]

Edge energy S3GP Grid — — ∘ 0.8 [14]
Intensity ALR Grid ≈ — ∘ 0.6 [28, 63] 8D or 15D feats.
Intensity RR Grid — — ∘ 1.1 [31] 120D feats.
HOG SVR/RVR Grid — — ∘ 2.2 [26]
Several NN Grid — — ∘ 3.7 [36] Dim. reduced to 50
CS-LBP S3GP Grid — — ∘ 0.9 [11] Partially labelled data
Several Several Grid — [100] ∘ 2.7 [66] Dim. reduced to 16
Several Several Grid ✓ [101] ∘ 3.2 [67]
CNN Several Continuous ✓ [68] ∡ ∼6 [13] Calib. from dataset

Segmentation GP Grid — — ∘ 2.2 [30]
Model Calibration HP Dataset Output Accuracy References Comments

Model-based

Iris contour Camera ✓ — ∡ 1 [32, 70] One-circle alg.
Iris contour Grid ✓ — ∘ 4 [71, 72]
Iris contour — ✓ — ∡ n/a [73] Two-circle alg.
Iris contour Camera — — ∘ n/a [74]
Iris contour Camera — — ∡ 0.8 [75] Error for single dir.
Iris contour Grid ✓ — ∡ 3.3 [76]
Iris contour Grid ✓ — ∡ 3.5 [77]
Iris contour Grid ✓ — ∘ 6.9 [12]
Eyeball Grid ✓ — ∡ 3.2 [34] Calib. personal params.
Eyeball Grid — — ∡ 3.5 [40] PF tracking
Eyeball 1 target ✓ — ∡ ∼2 [78] Error for single dir.
Eyeball Grid ✓ — ∘ 2.7 [33]
Eyeball — ✓ — ∡ 9 [19, 79] Autocalibration
Eyeball Grid ✓ — ∘ n/a [41]
Eyeball — ✓ [102, 103] ∡ 5.6 [80]
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to other users. For the initial gaze estimation, they either use
the closest neighbors from the training set to reconstruct the
current eye appearance (with samples from other users) or
project the eye appearance to a 2D manifold to get the most
similar samples.

Lai et al. [8] use random forests to learn the neighborhood
structure for their joint head pose and eye appearance feature
(HPEA). Gaze is estimated with linear interpolation using
the neighbors in the random forest, yielding an accuracy of
around 4.8∘ (horizontal and vertical combined).

Sugano et al. [51] build a multiview dataset and use it to
reconstruct part of the face in 3D. They use this 3D model
to generate synthetic samples acquired from different camera
angles and use the extended dataset to train a random forest.
Here, unlike their previous work [46], they do not divide the
data strictly according to the head pose; however, they build
sets of regression trees with overlapping head pose ranges
(i.e., samples from a single head pose are used in building sev-
eral sets of trees). Gaze is calculated as the average result from
the nearest regression forests according to head pose, result-
ing in an average error of 6.5∘ with cross-subject training.

3.1.3. Gaussian Processes. Gaussian process (GP) is another
choice for the mapping in some gaze tracking methods.
GP predictions are probabilistic and allow calculation of
confidence intervals for the outputs which may be used as an
indicator to detect when the calibration is no longer valid for
the test data [20, 52].

Nguyen et al. [37, 53] describe a system where they use
a Viola and Jones [15] eye detector and optical flow (OF)
to detect and track the eye in the camera image. Then, the
extracted eye image is fed to a GP to calculate the gaze
point. In the extended work [37], they show that when the
calibration is repeated in several head poses, the system can
even become head pose invariant.

Ferhat et al. [9] also propose a similarmethod, where they
use several Viola-Jones detectors (face, eye, nose, andmouth)
to choose 8 anchor points on the face automatically and use
the extracted eye image to train a GP. In the final system, the
average error is 2∘ (horizontal and vertical combined).

Sugano et al. [10] use saliency information to automat-
ically calibrate a gaze tracker while the subject is watching
a video clip. While calibrating the GP-based tracker, instead
of using known gaze positions, they train the GP with gaze
probability maps calculated by aggregating several saliency
maps.

3.2. Feature-Based Methods. In the appearance-based meth-
ods, the inputs to themapping functionswere the same across
all techniques; therefore, we categorized them according to
the mapping functions they used. However, in feature-based
methods, the main difference is their feature set, and our
categorization also reflects this difference.

3.2.1. Anchor Point Position-Based Features. In this first sub-
category of feature-based methods, the positions of impor-
tant anchor points inside and around the eye (e.g., pupil (iris)
center, inner and outer eye corners, and nostrils) are used as
features. In some cases, they constitute distinct dimensions of

the feature set, whereas in other cases, the relation between
them (i.e., the vector connecting two anchor points) is used
as the feature.

Pupil Center-Eye Corner Vector. In infrared gaze trackers, a
feature widely used for gaze estimation is the pupil center-
corneal reflection vector (PC-CR) [39].The equivalent of this
in natural light methods is the pupil center-eye corner vector
(PC-EC) (or, alternatively, iris center-eye corner (IC-EC)
vector).

The first use of the PC-EC vector in natural light eye
trackers is proposed by two distinct research groups around
the same time [20, 22, 54]. Hansen et al. [20, 54] use Active
Appearance Model (AAM) and mean shift to track the eyes
over time and find the positions of pupil center and eye
corners. Gaze estimation is done by training a Gaussian
process (GP) where the input is the PC-EC vector.The system
results in an average error of around 1.6∘, and the eye tracker
is verified in an eye-typing interface. Zhu and Yang [22], on
the other hand, propose methods for detecting the iris center
and the eye corner with subpixel accuracy. They use a 2D
linear mapping to estimate gaze positions from the feature
vectors. They report an accuracy of around 1.2∘ from their
experiments.

Valenti et al. [24, 55] propose a novel eye corner locator
and combine it with a state-of-the-art eye center locator to
calculate the EC-PC vector. Inspired by Zhu and Yang [22],
they also use a 2D linear mapping for gaze estimation. In
their later work [56], they make use of a head pose estimator
and use the calculated transformation matrix to normalize
the eye regions. The more accurate eye location found this
way, in turn, is used to better estimate the head pose in a
feedback loop. To solve the gaze estimation problem with
head movements, they retarget the known calibration points
to the monitor coordinates whenever there is a change in
the head pose and calibrate the system again. With these
improvements, they achieve average errors of between 2∘ and
5∘ in two experimental tasks.

Sesma et al. [39] normalize the PC-EC vector, dividing
the vector components by the Euclidean distance between the
inner and outer eye corners. For gaze estimation, they use
both PC-EC vectors for the inner and outer eye corners and
their experiments show the average error to be 1.25∘ when the
head movement is constrained and around 3∘ when no chin
rest is used.

Baek et al. [57] apply image rectification to rectify the eye
images to a front facing head pose and combine it with a
novel iris center localization method. They use second-order
polynomial equations (as in [39]) to calculate the gaze and
measure an accuracy of 2.42∘.

Cheung and Peng [18] fit Active Shape Models (ASM) on
images normalized using local sensitive histograms.With the
novel methods they propose for iris center and eye corner
detection, they achieve errors of 1.28∘ with fixed head pose
and 2.27∘ with head movements.

Others. Some feature-based methods making use of anchor
point positions may take a different path and combine or
replace the EC and PC positions with information coming
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from other anchor points (e.g., nostrils) or simply calculate
the features in another way.

In his thesis, Bäck [21] uses several geometrical features
such as iris center, eye corner, nostril positions, head angle,
and eye angles to create a rich feature vector and trains a
NN for gaze estimation. The system is not tested heavily;
however, the accuracy is reported to be in the range 2–4∘ and
sometimes even up to 7-8∘.

Torricelli et al. [23, 58] calculate several distance and
angle features from both eyes to fill the feature vector. These
features include distances of inner and outer eye corners to
the iris center, the slopes of the lines connecting these points,
and the positions of outer eye corners. The trained NN gaze
estimation component results in average errors in the range
1-2∘.

Ince and Kim [59] track the iris with a custom method
and calculate the gaze using the iris center displacement
between subsequent camera frames. The proposed system
has an accuracy of 3.23∘ (horizontal and vertical combined).
Nguyen et al. [60] take a similar approach andmake use of the
center-bias effect, which states that gaze distribution is biased
towards the center of the screen [61]. Their system does not
require any calibration and works by calculating the mean
iris center over time and estimating the gaze through the
difference of current iris center and the mean.The combined
error in 𝑥 and 𝑦 directions is 3.43∘ of visual angle.

Wojciechowski and Fornalczyk [62] preprocess the eye
images by calculating the edges and then extract their features
which are the geometric center and center of mass of edge
pixel positions.Thefinal feature is the vector connecting these
two locations (GC-CM), which is used to calculate the gaze
estimation using the weighted average of data from 4 training
points. The system has around 1.5∘ accuracy (combined).

Skodras et al. [17] track several moving and stationary
anchor points (e.g., eye corner, eyelid control points, and
iris center) and calculate vectors from their relative positions
to build the final feature vector. They use linear regression
for mapping to gaze point and achieve an accuracy of 2.96∘
(combined).

3.2.2. Intensity-Based Features. In some feature-based meth-
ods, the direct connection between the image pixel intensity
and feature vector is not broken completely. Williams et al.
[14] combine the image pixel intensities with edge energies
in their feature vector. They train a sparse, semisupervised
Gaussian process (S3GP) which also infers the missing labels
in the partially labeled training data. They make use of the
confidence value for the GP to filter the estimation over time
using a Kalman filter and achieve a final accuracy of 0.83∘.

Lu et al. [28, 63] propose extracting 8D or 15D intensity
features from the eye region, which is identical to resizing
the grayscale eye image to 2 × 4 or 3 × 5 pixels, respectively.
Together with the proposed subpixel alignment method for
eye region, and adaptive linear regression (ALR) for gaze
estimation, they can estimate the gaze point with up to 0.62∘
accuracy.

Xu et al. [31] extend the work of Lu et al. [28, 63] to
increase the feature dimension to 120D (2 eye images of 6×10

pixels) and to use ridge regression for gaze estimation and
achieve slightly worse results (1.06∘).

3.2.3. Traditional Computer Vision Features. Computer
vision (CV) tasks such as object detection and classification
are normally solved by using features (e.g., histogram of
oriented gradients (HOG) [25], scale-invariant feature
transform (SIFT) [64], and local binary patterns (LBPs)
[27]) extracted around salient points in the images. However,
until recently, this approach was still unexplored for the gaze
tracking problem.

Martinez et al. [26] introduce this concept in a head
mounted tracker, where they extract multilevel HOG features
from eye images and use support vector regression (SVR) or
relevance vector regression (RVR) to map these features to
the gaze point, and achieve an accuracy of 2.20∘ (combined).

Zhang et al. [36] combine several features to build
their feature vectors: color, pixel intensity, orientation (from
several Gabor filters), Haar-like features, and spatiogram
features (combining color histogram with spatial informa-
tion). After generating this rich representation, they apply
a dimensionality reduction technique to reduce the feature
vector size to 50 and train aNN for gaze estimation. Although
the reported average error is not very low (around 3.70∘,
when combined), the work is a great example of applying the
traditional CV pipeline to gaze trackers.

Liang et al. [11] build on the previously explained S3GP
technique [14] and train it with CS-LBP features [65], which
is based on LBPs. They make use of spectral clustering to
learn from partially labeled data and report an average error
of 0.92∘.

Schneider et al. [66] explore several feature types (DCT,
LBP, and HOG) in conjunction with many alternatives for
regression (GP, 𝑘-nearest neighbors (𝑘NN), regression trees,
SVR, RVR, and splines). They use a dually supervised embed-
ding method to reduce the feature dimensionality, resulting
in up to 31.2% decrease in the errors (best accuracy being
2.69∘ with 16-dimensional features based on HOG and LBP).
Huang et al. [67] also take the same approach and review
several feature types (LOG, LBP, HOG, and mHOG) and
regression components (𝑘NN, RF, GP, and SVR).They report
that random forests (RF) combined with multilevel HOG
(mHOG) features prove to be the most efficient combination
(3.17∘ error) in a very challenging scenario (i.e., tablet com-
puters), with free head movements.

Lately, convolutional neural networks (CNNs) are very
popular in computer vision research, and Zhang et al. [13]
are the first to use them for gaze tracking. CNN methods
generally require a large dataset, and in their work they also
present their dataset [68] which contains more than 200,000
images. They calculate features using a CNN and combine
these features with the head pose information to build the
complete feature vector. After testing with several regression
functions (random forests, 𝑘NN, ALR, and SVR), the best
accuracy they achieve is around 6∘.

3.2.4. Others. Ferhat et al. [30] use the segmented iris area
to calculate their proposed features. In their feature vector
(which contains 192 dimensions for an eye image of size
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128 × 64), a given feature dimension holds the number of
segmented pixels in the corresponding row or column of the
iris segmentation image. Their system makes use of GP for
regression and has an accuracy of 2.23∘ (combined).

3.3. Model-Based Methods. Themodels used in model-based
gaze estimation methods are roughly divided into two: iris
contour models (also known as one-circle algorithm), where
an ellipse is fitted around the iris region, and eyeball models,
where the main objective is to estimate the location of the
eyeball center.

3.3.1. Iris Contour Models. The direct least squares method
for fitting ellipses onto a set of points [69] is influential in the
development of iris contour models for gaze estimation. This
method, complementedwith the observation that the circular
iris boundary appears as an ellipse in camera images, has
enabled the development of several gaze tracking techniques.

Wang et al. [32, 70] develop the one-circle algorithm
where they use edge detection to find pixels belonging to the
iris boundary, and they fit an ellipse to this set of locations.
Then, the ellipse is back-projected to the 3D space to find the
iris contour circle, and its normal vector is used as the gaze
vector. Their system has an average error of around 1∘.

Hansen and Pece [71, 72] use an active contourmethod to
track the iris edges over time, and (probably) using the one-
circle method, their system estimates the gaze with around 4∘
accuracy.

Wu et al. [73] propose an extension with their two-circle
algorithm, where they assume the elliptic iris contours for
both eyes lie on the same plane or on parallel planes in
3D. With this assumption, they are able to estimate the gaze
direction without the need for camera calibration.

Huang et al. [74] use randomized Hough transformation
for iris contour fitting, whereas Zhang et al. [75] propose an
improved RANSAC algorithm. The reported that accuracy
for the latter work is 0.8∘ in a single direction.

Fukuda et al. [76] propose subpixel methods for iris
contour estimation in low resolution images, achieving a
combined average error of 3.35∘. Mohammadi and Raie [77]
train a support vector machine (SVM) to filter out the
unrelated edge segments before applying the ellipse fitting,
yielding an accuracy of 3.48∘.

Wood and Bulling [12] detect the edges belonging to
the iris from the image’s radial derivative. After fitting the
ellipse using the RANSAC method, the gaze estimation has
an accuracy of 6.88∘.

3.3.2. Eyeball Models. Eyeball model-based techniques try to
infer the eyeball center position and calculate the gaze vector
as the line connecting this point with the iris center.

Ishikawa et al. [34] use an AAM to track the face and use
the eye corner positions and the scale of the face to infer the
anatomical constants for the user (i.e., eye geometry). This
calibration is followed by iris detection by template matching
and edge-based iris refinement to calculate the center of the
iris.The geometrically calculated gaze has an average error of
3.2∘.

Wu et al. [40] track the iris contours and the eyelids
with a particle filter (PF) and use several appearance metrics
to calculate the likelihood of a given particle (candidate).
Experimental results show the mean error to be greater than
3.5∘.

Xie and Lin [78] infer the position of the eyeball center
and other personal parameters using a simple one-target
calibration. They calculate the gaze geometrically by using
the iris center and eye corner positions on the image, with
2∘ accuracy in a single direction.

Chen and Ji [33] use a generic face model that includes
several facial anchor points (nostrils, inner and outer eye
corners) and one of the eyeball centers. After calibrating for
the personal parameters, they track the facial points and fit
the 3D model to estimate the gaze with 2.7∘ accuracy.

Yamazoe et al. [19, 79] segment the eye image pixels into
three classes: skin, sclera, and iris. Using the segmentation
results, they calculate the most possible eye pose byminimiz-
ing the projection errors for a given candidate. The accuracy
of the system is reported to be around 9∘.

Reale et al. [41] use the detected iris contours to calculate
the eyeball center, and after calibrating for the visual axis-
optical axis shift and the eyeball radius, they estimate the gaze
direction. Finally, the most recent work in this category is
from Heyman et al. [80], who employ canonical correlation
analysis (CCA) to estimate the head pose in a similar manner
to AAMs. They calibrate the eyeball radius during initial-
ization and estimate the iris center using a segmentation
method. Their system estimates the gaze direction with 5.64∘
accuracy.

4. Calibration Strategies

Traditionally, calibration of the eye trackers consists of asking
the subject to look at several targets in known positions. In
this way, either the personal parameters (e.g., angle between
visual and optical axis of the eye, eyeball radius) or the camera
parameters (e.g., focal length, position with respect to the
display) are learned.

Several papers that we analyze in this work present novel
techniques to make this process easier for the subject using
the tracker. Yamazoe et al. [19, 79] employ a transparent
calibration process, where the user does not need to be aware
at all.They track the face over time to construct the 3Dmodel
of the face and eyes and start calculating the gaze when the
calibration is ready. Alnajar et al. [50] use other users’ gaze
patterns to help estimate the current user’s patterns. Sugano
et al. [10] completely remove the need for training data and
estimate the gaze in a probabilistic manner using computed
saliency maps.

Another approach to collecting the training data without
needing special actions from the user is to let the user operate
the computer normally and take samples duringmouse clicks
[13, 46, 47]. This method is based on the assumption that the
user looks around the mouse pointer while clicking.

Head movements constitute a challenge for eye tracker
calibration, and even smallmovementsmay cause large errors
in the estimations of a calibrated tracker. This holds true
especially for appearance-based gaze trackers. Valenti et al.
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Table 2: Publicly available datasets for remote, natural light gaze tracking.

Year # subjects # targets # head poses Calibration Resolution Dataset size References
UUlm 2007 20 2–9 19 Yes 1600 × 1200 2,200 imgs. [103, 104]
HPEG 2009 10 Continuous 2 Yes 640 × 480 20 videos (∼6.6 k imgs.) [102, 105]
Gi4E 2012 103 12 1 No 800 × 600 1,236 imgs. [106–108]
CAVE 2013 56 21 5 Yes 5184 × 3456 5,880 imgs. [81, 100]
CVC 2013 12 12–15 4 Yes 1280 × 720 48 videos (∼20 k imgs.) [9, 98]
EYEDIAP 2014 16 Continuous Continuous Yes 1920 × 1080 94 videos [109, 110]
Multiview 2014 50 160 8 (+synthesized) Yes 1280 × 1024 64,000 imgs. (+synth.) [51, 99]
MPIIGaze 2015 15 Continuous Continuous No 1280 × 720 213,659 imgs. [13, 68]
OMEG 2015 50 10 Continuous No 1280 × 1024 44,827 imgs. [111]
TabletGaze 2015 51 35 Continuous No 1280 × 720 816 videos (∼120 k imgs.) [67, 101]

[56] solve this problem by retargeting the calibration targets’
positions to user’s new field of view and calibrating the system
again. Lu et al. [7, 29] require the user to record 5-second
video clipswhilemoving her/his head and use these to correct
errors caused by head movements. Xie and Lin [78] require
just a single target calibration, where the user keeps looking
at the same position on the screen and moves her/his head
around. Zhang et al. [13] take an approach based on large
datasets and use other people’s training data to calibrate a
more accurate tracker.

Making the calibration process transparent for the user
and collecting the required large amount of data are two
conflicting objectives. In order to use the available training
data to full extent, Williams et al. and Liang et al. [11, 14]
use partially labeled data and annotate some of the unlabeled
samples automatically. Ono et al. [45] create new samples
by adding shifts while cropping the eye images, and in this
way they can model the resulting appearance change and
compensate for it while searching local samples. Lu et al.
[48, 49] create synthetic training data by modeling the pixel
flow around the eyes, whereas Sugano et al. [51] use 8 cameras
tomodel a large part of the face in 3D and to generate training
samples from previously unobserved head poses.

5. Dealing with Head Pose

Model-based visible light gaze trackingmethods are normally
invariant to head movements, assuming the preprocessing
steps such as eye localization or model fitting do not fail.
However, the same does not hold for the appearance-based
and feature-based systems. As Lu et al. [29] demonstrate,
the head movement not only adds a shift to the gaze angle,
but also makes the calibration invalid by distorting the eye
appearance for appearance-based methods.

The naive approach to solving the problem of head
movements is adding more training data. Nguyen et al. [37,
53] propose repeating the calibration up to 10 times, while
Lai et al. [8] require 34,000 training samples per user.

Zhang et al. [13] use a large dataset of previously collected
images to train a feature-based gaze tracker. Here, training
data collected from many subjects can be used in estimating
the gaze for another person. Head pose invariance is achieved
by incorporating the head pose angles into the feature set.

In other approaches [46, 47], the multipose training
data is grouped according to head pose, and only a subset
corresponding to the most similar head pose is used in the
active calibration. To reduce the need for additional training
data, Lu et al. [48] synthetically generate training samples for
unseen head poses.

Instead of pouring more data into the system, another
option is to apply compensations or small fixes to keep the
current calibration working. Lu et al. [63] propose an eye
image alignment scheme to undo the deformation in these
images. In their other works [7, 29], they train regression
for this task and combine it with a compensation for head
rotation.

Valenti et al. [56] keep the calibration targets in a flexible
representation and retarget these to the display coordinates
whenever the head pose is changed and recalibrate their
system.

Cheung and Peng [18] assume the PC-EC feature is
completely invariant to head pose and apply only head
rotation compensation in their system.

6. Available Datasets

Several papers that we analyzed contain a summary of
publicly available datasets for visible light gaze tracking
[13, 51, 81]. However, they are mostly for the purpose of
comparison with the presented datasets in the mentioned
work and thus may lack some pieces of related information.

In Table 2, we bring together all the datasetsmentioned in
these works (with several more recently published additions),
in an attempt to provide a reference for future research in the
field.

One of the datasets [82] cited in the previous reviews has
been removed, as it provided data for a head mounted setup.

7. Gaze Tracking as a Service

While visible light gaze tracking has become a hot topic in the
academia in recent years (as can be observed in Figure 2), the
industry is not trailing far behind either. Here, we talk about
several companies already providing gaze tracking service
based on regular cameras found on consumer devices.
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Figure 2: Number of works from different categories of eye trackers
according to the publication year.

GazeHawk [83] (now closed) was enabling its customers
to convey remote eye tracking studies inside the user’s
browser. xLabs [84] is another similar service, which is
also available as a Chrome extension. With the extension,
several demos (including continuous calibration by an ant
smashing game) can be tried. Lastly, Sticky [85] also provides
a JavaScript-based service, suggesting use cases such as online
ad placement and web page optimization. As the only service
with detailed specifications, their eye tracker provides an
average accuracy of 2.4∘.

Other possible clients for this type of eye tracker are the
game or application developers. SentiGaze [86] provides an
SDK for developers targeting the Windows platform. Face-
Track from Visage Technologies [87] provides a similar C++
SDK for developers, with augmented reality, view control in
gaming, and view-dependent rendering suggested as possible
use cases. The SDK provides detailed information such as
mouth contour, chin pose, and eye openness, in addition to
the gaze information. InSight SDK [88] takes one step further
and combines the gaze information with mood, age, and
gender estimation.

With the transition from desktop programs to mobile
apps in recent years, two companies see a possibility for gaze
tracking on this platform. Snapdragon [89] provides an SDK
for Android apps, whereas Umoove [90] has a product on
both iOS and Android platforms.

8. Open Source Projects

A few works that we analyze in this paper have released their
source code with an open source license. In this section, we
list these options so that new projects in the field will have a
starting point for the codebase. Table 3 shows a summary of
the listed projects.

Opengazer [91] is an eye tracker from Cambridge Uni-
versity, which is unfortunately no longer maintained. It uses
Gaussian process regression with eye images as features,
which is similar to the technique described by Nguyen et al.

Table 3: Open source gaze trackers and the related publications.

Language Platform License References
Opengazer C/C++ Linux/Mac GPLv2 [91]
NetGazer C++/C# Windows GPLv2 [92]
CVC ET C/C++ Linux/Mac GPLv2 [9, 30, 93]
NNET Objective C iOS GPLv3 [43, 44, 94]
EyeTab Python/C++ Windows MIT [12, 95]
TurkerGaze JavaScript All MIT [31, 96]
Camgaze Python All ? [97]

[37]. NetGazer [92] is the port of Opengazer for theWindows
platform and is not maintained anymore either.

In the recent years, a fork of Opengazer project, named
CVC Eye Tracker [93], was made available and is main-
tained actively by researchers from Universitat Autònoma de
Barcelona. This project is the basis for two works analyzed in
our review [9, 30].

Neural Network Eye Tracker (NNET) [94] is the NN-
based eye tracker implementation for iPad devices, which
is presented in two articles [43, 44]. EyeTab [95] is another
open source codebase for tablet computers, which uses the
iris contour model-based method described by Wood and
Bulling [12].

Recently, the TurkerGaze project [31, 96] was made
available on GitHub. This application is totally implemented
in JavaScript (JS), whichmakes it platform independent (with
possible extension to the mobile). The library has a polished
interface for calibration and verification and comes with a
small application for analyzing the gaze patterns recorded
during conducted experiments. Although its proposed usage
area is to enable crowdsourcing eye tracking tasks on plat-
forms similar to Amazon Mechanical Turk, we believe it will
have a larger impact on both academic works and web-based
applications.

One last open source application is Camgaze [97], which
is written in Python and calculates binocular gaze estima-
tions.

9. Summary and Conclusions

In this work, we have tried to present a review of the state
of the art in remote, natural light gaze trackers. Although in
recent years many great works were published in the field,
and the accuracy gap to reach the infrared-based trackers
is closing, many open problems and unexplored approaches
still remain.

Apart from the accuracy, the biggest challenges to these
trackers are (a)making the calibration less painful for the user
and (b) allowing free headmovements. As we analyzed in the
previous sections dedicated to these two problems, the field
witnessed amazing works recently. Some open lines of work
that we have identified in these areas are the following:

(i) Maintaining Personal Calibration. Most of the works
we analyzed require some sort of calibration, be
it for personal parameters for the user, for camera
properties, or simply for training the gaze mapping
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component. Although some techniques may already
allow it (without stating explicitly), reusing the cal-
ibration information for the subsequent sessions of
the same user is still pending extensive analysis. With
such a technique, calibration before each session can
be simplified or removed altogether.

(ii) Using Calibration Data from Other Users. Despite
being explored in a few papers [13, 50], we believe
the accumulation (or collection) of training data
from people other than the current user will receive
more focus in the coming years. This is analogous
to training classifiers or detectors in other computer
vision tasks, and it will let us make better use of the
large datasets that we have begun to build.

(iii) Other Ways of Collecting Data. Collecting calibration
samples each time the user clicks the mouse enabled
us to create very large datasets for the first time [13,
46, 47]. Especially with the advent of JavaScript-based
eye trackers [31], other possibilities such as remotely
crowdsourcing data collection will emerge. Larger
data will eventually let us explore previously impos-
sible ideas, a trend which is common in computer
vision.

These lines of work are mostly around the topic of data
collection and calibration, and they will help solve the large
data needs of training for different head poses.

Most of the recent high-performing techniques [11, 14, 28,
63] are using feature-based gaze estimation, which shows the
promise of this category over appearance- or model-based
methods. Figure 2 also shows this tendency, and the increase
in feature-based methods can be observed clearly. Over the
next years, we will probably see more examples of similar
work with the following focus points:

(i) Different Features. The PC-EC vector, pixel intensity
and color, and other standard features (such as HOG
and LBP) have been used so far. New feature repre-
sentations that may be better suited to the problem at
hand will greatly improve the eye tracking accuracy.
The desired characteristics of such features are (a)
invariance to head pose, (b) invariance to intensity
changes, and (c) invariance to personal appearance
differences.

(ii) Migrating Proven Ideas from Other CV Fields. Use of
convolutional neural networks (CNNs) [13], features
such as HOG and LBP, and in general the computer
vision (CV) pipeline [36] are changing our approach
to the gaze tracking problem.These ideaswere already
commonplace in other areas of CV, andwe believe our
communitywill keep transferring insights which have
been proven to work for other problems.

Apart from these technical challenges and lines of work,
as a society, our biggest problems are related to transparency
and letting others build on our work.

Firstly, only very few of these works report their accuracy
on publicly available datasets or publish the dataset they
use. This is a must in other computer vision areas so that

the results from techniques can be compared and verified.
Moreover, standardization of the processing pipeline will
immediately follow (as it depends on the training data
structure) and will foster our progress.

Our second problem is that only few works make their
source code available. This prevents other researchers from
standing on the shoulders of giants and hinders the rate of our
progress. We believe that, by releasing our source code, we
can create stronger ties and cooperation in the field.

In conclusion, the amount and quality of the recent work
in the field are promising and signal even faster progress in
the coming years.With thismap of the current state of the art
that you are holding in your hands (or gazing at through an
electronic display), we hope to provide a reference point for
all these amazing works we cannot wait to see.
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This paper brings forth a learning-based visual saliency model method for detecting diagnostic diabetic macular edema (DME)
regions of interest (RoIs) in retinal image. The method introduces the cognitive process of visual selection of relevant regions that
arises during an ophthalmologist’s image examination. To record the process, we collected eye-tracking data of 10 ophthalmologists
on 100 images and used this database as training and testing examples. Based on analysis, two properties (Feature Property and
Position Property) can be derived and combined by a simple intersection operation to obtain a saliency map.The Feature Property
is implemented by support vector machine (SVM) technique using the diagnosis as supervisor; Position Property is implemented
by statistical analysis of training samples. This technique is able to learn the preferences of ophthalmologist visual behavior while
simultaneously considering feature uniqueness. The method was evaluated using three popular saliency model evaluation scores
(AUC, EMD, and SS) and three quality measurements (classical sensitivity, specificity, and Youden’s 𝐽 statistic). The proposed
method outperforms 8 state-of-the-art saliency models and 3 salient region detection approaches devised for natural images.
Furthermore, our model successfully detects the DME RoIs in retinal image without sophisticated image processing such as region
segmentation.

1. Introduction

Diabetes is a chronic disease that can cause many serious
complications including diabetic retinopathy (DR, damage
to the retina). DR is an important cause of blindness. One
percent of global blindness can be attributed to DR [1].
Diabeticmacular edema (DME) is themost common cause of
visual loss in DR, which is due to leaking of fluid from blood
vessels within the macula. Fortunately, the Early Treatment
Diabetic Retinopathy Study (ETDRS) has been able to reduce
moderate vision loss in patients with clinically significant
macular edema (CSME) by approximately 50% [2]. Hence to
prevent vision loss, early diagnosis of DME is very important.
Because there are no visual symptoms in the early stages of
DME, the retinal fundus images are recommended in the
diagnosis and treatment.The fundus image analysis helps the
ophthalmologists in understanding the onset and assessment
of the diseases. A reliable determination of clinically mean-
ingful regions of interest (RoIs) in retinal image is at the very

base of strategies for DME diagnosis. The advent of new
inexpensive fundus cameras and rapid growth in information
technology has made the automated system for DME RoIs
selection possible. Such a tool is going to be notably useful
in health camps particularly, especially in rural areas in
developing countries wherever an outsized population laid
low with these diseases goes unknown.

Exudates are the single most important retinal lesion de-
tectable in retinal images. However, hard and yellow exudates
within 500 𝜇m of the center of the fovea with adjacent retinal
thickening indicate the presence of clinically significant mac-
ular edema (CSME), as defined by ETDRS [2]. But automatic
DME RoIs finding in retinal images is a very challenging
task. Because other retinal features such as blood vessels and
outside diameter (OD) of bulbus oculi also have the similar
brightness patterns and gray level variations, the naive use of
current low-level-RoI-extraction methods for retinal images
would probably fail.
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Nevertheless, the ophthalmologists are always capable of
figuring out a very precise diagnosis. When they search for
CSME in retinal image, attention helps them rapidly disre-
gard the “usual” and find the “unusual” visual elements. Some
computational models of attention have been proposed to
predict where people look in natural scenes [3–5].Though the
existing saliencymodels dowell qualitatively, themodels have
limited use inDMERoIs detection because they frequently do
notmatch actual ophthalmologists’ precise diagnosis (ground
truth, GT).

In this paper, we propose three contributions to DME de-
tecting. First, we introduce the computational visual saliency
models in retinal images in the context of DME detection.
Through this model, we emulate the ophthalmologists’ first
examination step where she/he defines and separates high
informative DME diagnostic regions. Second, by analyzing
the precise diagnosis, we choose only a few concepts that
encompass comprehensive ophthalmologists’ visual behav-
iors, clarify the interactions among them, and develop a
method for implementing the visual saliency. The method
combines the advantages of a low-level image characteri-
zation with a high discriminant power in terms of DME
tissular and spatial properties, information learned from the
ophthalmologists. Third, we show that our model which is
able to detect the DME RoIs in retinal images outperforms
the mainstream salient region detection schemes.

This paper is organized as follows. Section 2 provides
a brief description and discussion of some previous works.
Section 3 is devoted to description of the implementation of
themodel. In Section 3.1, we present the images, eye-tracking
data, and ground truth data for saliency model research.
Section 3.2 describes the properties, derivations, and rela-
tionships of salience concepts. The detailed description of
our model is in Section 3.3. Section 4 evaluates our approach
using three popular saliency model evaluation scores (AUC,
EMD, and SS) and three quality measurements (classical
sensitivity, specificity, and Youden’s 𝐽 statistic) with 8 state-
of-the-art saliency models and 3 salient region detection
approaches. The conclusions and perspectives are discussed
in Section 5.

2. Related Work

The problem of automatically detecting DME RoIs in retinal
image has been approached using many techniques [6].
Phillips et al. [7] have proposed a method for the quantifica-
tion of diabetic maculopathy using fluorescein angiograms.
A combination of shade correction and thresholding tech-
niques was used for preprocessing. The exudates were then
detected by thresholding which was calculated based on the
distribution of gray levels in the image. Hunter et al. [8]
used feature extraction and classification techniques for the
automated diagnosis of referablemaculopathy.The technique
detects and filters the candidate points with strong local
contrast. Segmentation of candidate regions was carried out
next in order to find the location of lesions. The lesions
were distinguished from nonlesions by feature extraction
technique. Authors have used shape, color, and texture of

the candidate and the contrast between it and the surround-
ing retinal background. A multilayer perceptron (MLP) was
used as classifier which classifies the lesions as dark or bright.
A two-stage methodology was used for the detection and
classification of DME severity of fundus images [9]. The
first step was a supervised learning approach by which the
fundus images were classified as normal or abnormal. By
examining the symmetry ofmacular region using a rotational
asymmetry metric the abnormal fundus images were further
classified into moderate and severe DME. Osareh et al.
[10] used an automatic method for the classifications of
the regions into exudates and nonexudates patches using a
neural network. The fundus images were preprocessed using
color normalization and contrast enhancement techniques.
The images were segmented next into homogenous regions
using fuzzy C-means clustering. Based on the location of the
exudates at the macular region Lim et al. [11] have classified
the fundus images into normal, stage 1, and stage 2 of DME.
The exudates were extracted from the fundus images using a
marker controlled watershed transformation.

A DME pathologic diagnosis is the result of a complex
series of activities mastered by the ophthalmologists. Classi-
cal psychophysical theories suggest that complex visual tasks,
such as ophthalmologist examination, involve high degrees of
visual attention [12].

Today, many saliency models based on a variety of
techniques with compelling performance exist. One of the
most influential ones is a pure bottom-up attention model
proposed by Itti et al. [3], based on the feature integration
theory [13]. In this theory, an image is decomposed into
low-level attributes such as color, intensity, and orientation.
Based on the idea of decorrelation of neural responses, Diaz
et al. [14] proposed an effective model of saliency known
as Adaptive Whitening Saliency (AWS). Another class of
models is based on probabilistic formulation. Torralba [4]
proposed a Bayesian framework for visual search which
is also applicable for saliency detection. Similarly, Zhang
et al. [5] proposed SUN (Saliency Using Natural statistics)
model in which bottom-up saliency emerges naturally as
the self-information of visual features. Graph Based Visual
Saliency (GBVS) [15] is another method based on graphical
models. Machine learning approaches have also been used in
modeling visual attention by learning models from recorded
eye-fixations. For learning saliency, Kienzle et al. [16] and
Tilke et al. [17] used image patches and a vector of several
features at each pixel, respectively.

These computational models have been used to charac-
terize RoIs in natural images, but their use in medical images
has remained very limited. Jampani et al. [18] investigate
the relevance of computational saliency models in medical
images in the context of abnormality detection. Saliency
maps were computed using three popular models: ITTI
[3], GBVS [15], and SR [19]. Gutiérrez et al. [20] have
developed a visual model for finding regions of interest in
basal cell carcinoma images that has three main components:
segmentation, saliency detection, and competition. The key
insight from these studies is that saliency continues to play a
predominant role in examining medical images.
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3. Learning a Saliency Model for
DME RoIs Detection

3.1. Database of Eye-Tracking Data. For learning the prefer-
ences of ophthalmologist visual behavior and recording their
eye-tracking data, we established an eye-tracking database,
called EDMERI database (eye-tracking database for detecting
diabetic macular edema in retinal image). The EDMERI
allows quantitative analysis of fixation points and provides
ground truth data for saliency model research. Compared
with several eye-tracking datasets that are publicly available,
the main motivation of our new dataset is for detecting
diabetic retinopathy region in retinal images.

The purpose of the current analysis was to model the
cognitive process of visual selection of relevant regions that
arises during detecting diabetic macular edema in retinal
image. This reinforces our assumption that DME is a visible
CSME feature. Under this constraint, we collected 100 images
withDME (e.g., Figure 1(a)) fromDIARETDB0 [6], DIARET-
DBI1 [6], MESSIDOR [21], and STARE [22], which are four
standard diabetic retinopathy databases.These images stored
in JPEG format were resized to 1152× 1500 resolution. Andwe
recorded eye-tracking data from ten expert ophthalmologists,
with at least six years of experience, who were asked to view
these images to find diabetic retinopathy regions. We used
a Tobii TX300 Eye Tracker device to record eye movements
at a sample rate of unique combination of 300Hz. It has
very high precision and accuracy and robust eye tracking
and compensation for large head movements extends the
possibilities for unobtrusive research of oculomotor func-
tions and human behavior. A variety of researcher profiles,
including ophthalmologists, can use the system without
needing extensive training.

In the experiments, each image was presented for 10 s
and followed by a rapid and automatic calibration proce-
dure. To ensure high-quality tracking results, we checked
camera calibration every 10 images. During first 1 s viewing,
ophthalmologists maybe free viewed the histopathological
image, so we discarded the first 1 s viewing tracking results
of each ophthalmologist. In order to obtain a continuous
ground truth of an image from the eye-tracking data of a
user, we convolved a Gaussian filter across the user’s fixation
locations, similar to the “landscape map.” We overlapped the
eye-tracking data collected from all ophthalmologists (e.g.,
Figure 1(b)) and then generated ground truth of the average
locations (e.g., Figure 1(c)).

3.2. Relevant Properties and Bayesian Formulation. In this
subsection, we will discuss the relevant properties of the
visual saliency concepts in DME RoIs detection we have
considered and the relationship among them.We assume that
saliency values in a retinal image are relative to at least two
properties, as described below.

Feature Property (FP) (Saliency Is Relative to the Strength
of Features in the Pixel). In nature scene, features are
traditionally separated into two types, high- and low-level
features. High-level features include face, text, and events.
Low-level features include intensity, color, regional contrast,

and orientations. Since high-level features are more complex
to define and extract in a retinal image, we only consider
low-level features in this paper. For example, when the
ophthalmologists are diagnosing the presence ofDME, a pixel
with strong yellow color feature tends to be more significant
than one with weak ones.

Position Property (PP) (Saliency Is Relative to the Location
of the Pixel in the Image). Actual ophthalmologists’ precise
diagnoses have shown that DME always appears within
500𝜇m of the center of the fovea. That means the probability
distribution of saliency for every pixel in a retinal image has a
strong center bias property, so locational preferences in DME
RoIs detection will be considered in our approach.

Considering the properties described above, the saliency
of a pixel can be defined as the probability of saliency given
the features and positions. Denote 𝐹

𝑋
= [𝑓
1

𝑋
, 𝑓
2

𝑋
, . . . , 𝑓

𝑛

𝑋
],

𝑋 = [𝑥, 𝑦] ∈ 𝐼, as a feature set including 𝑛 features located
in a pixel position 𝑋 of image 𝐼. The saliency value can be
denoted as 𝑃(𝑆 | 𝑋, 𝐹

𝑋
), where “𝑆 equal 1” indicates that this

pixel 𝑋 is salient (i.e., it is in DME RoIs) and zero otherwise.
Based on the assumption that features can appear in all spatial
locations, we assume𝑋 and𝐹

𝑋
are independent of each other,

as Zhang et al. [5] did.The probability of pixel𝑋 being salient
can be written as
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(1)

In (1), the term 𝑃(𝑋 | 𝑆) is the probability of saliency given a
position𝑋 and it corresponds to Position Property (PP).𝑃(𝑆 |
𝐹
𝑋
) is the probability of saliency of the features appearing in

location 𝑋 and it corresponds to Feature Property (FP). As
a result, the probability of saliency is clearly relative to two
terms: PP and FP.

3.3. Learning-Based Saliency Model. In contrast to manually
designed measures of saliency, we follow a learning approach
by using statistics and machine learning methods directly
from eye-tracking data. Based on (1), when the ophthalmolo-
gists are diagnosing the presence of DME, there are two terms
that affect saliency value in a pixel of a retinal image: FP and
PP. Between these, FP can be learned from training samples
using SVM; PP can be learned from ground truth of training
images using statistical method. As shown in Figure 2, a set
of low-level visual features are extracted from some training
images. After the feature extraction process, the features of
the top 20% (bottom 50%) points in the ground truth are
selected as training samples in each training image. All of
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(a) Original image

(b) Eye tracking

(c) Ground truth

Figure 1: We collected eye-tracking data on 100 retinal images with diabetic macular edema from 10 ophthalmologists. Gaze tracking paths
and fixation locations are recorded in (b). A continuous ground truth (b) is found by convolving a Gaussian over the fixation locations of all
users.
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Figure 2: Illustration of learning process and saliency computing process. Feature Property: a set of low-level visual features are extracted
from some training images. Feature vectors corresponding to the top 20% (bottom 50%) of the ophthalmologists’ precise diagnoses (ground
truth) are assigned +1(0) labels. Then a SVM classifier is trained from these features and is used for predicting DME on a test image. Position
Property: we used a statistical analysis method to obtain it from ground truth. Finally, we combine Feature Property and Position Property
adopting.

the training samples are sent to train a SVM model. Then,
a test image can be decomposed into several feature maps
and imported into SVMmodel to predict the FP. At the same
time, PP also can be obtained from training images and their
ground truth by statistical analysis. Finally, the two parts are
combined, and a saliency map can be obtained after being
convoluted with a Gaussian filter.

Features Extraction. After analyzing the DME dataset, we first
extract a set of features for every pixel in each image including
𝑚 × 𝑛 pixels. Here, we use low-level features as they have
already been shown to correlate with visual attention and
have underlying biological plausibility [13, 23].

These features are listed below:
(i) Because they are physiologically plausible and have

been shown to correlate with visual attention, we use

the local energy of the steerable pyramid filters [24] as
features. We currently find the pyramid subbands in
four orientations and three scales, altogether thirteen
images.

(ii) Traditionally, intensity, orientation, and color have
been used as important features for saliency, deriva-
tion over static images. We include the three channels
corresponding to these image features as calculated by
Itti’s saliency method [12].

(iii) We include three values of the red, green, and blue
color channels as well as three features corresponding
to probabilities of each of these color channels andfive
probabilities of each color as computed from 3D color
histograms of the image filtered with a median filter
at six different scales.
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Eventually, all features are augmented in a 27D vector and
are fed to classifiers explained in the next subsection. Each
feature map is linearized into a 1 × 𝑚𝑛 vector (similarly for
class labels).

Feature Property. In (1), FP is the relationship between a given
feature set 𝐹

𝑋
appearing in position 𝑋 and saliency value

𝑆. One of the simplest methods to determine saliency is to
average all the feature values. However, some features may be
more important than others, so giving the same weight to all
features is not appropriate and will give poor results. Instead,
we use SVM to implement Feature Property.

We compile a large training set by sampling images at
diagnosis. Each sample contains features at one point along
with a +1/−1 label. Positive samples are taken from the top
𝑝 percent salient pixels of the precise diagnosis and negative
samples are taken from the bottom 𝑞 percent. We chose
samples from the top 20% and bottom 50% in order to have
samples that were strongly positive and strongly negative.
We avoided samples on the boundary between the two. We
did not choose any samples within 10 pixels of the boundary
of image. We trained models using ratios of negative to
positive samples ranging from 1 to 5 and detected no change
in the resulting ROC curves, so we chose to use a ratio of
1 : 1. Training feature vectors were normalized to have zero
mean and unit standard deviation and the same parameters
were used to normalize test data. To evaluate our model, we
followed the 10-fold cross validation method. The method
partitions the database into ten subsets randomly, each with
𝑀 images. Every subset is selected sequentially as a test
set and the remainders serve as the training set. Each time
we trained the model from 9 parts and tested it over the
remaining part. Results are then averaged over all partitions.

We used the LIBLINEAR support vector machine [25],
a publicly available MATLAB version of SVM, to implement
FP. We adopted linear kernels as they are faster and perform
as well as nonlinear polynomial and RBF kernels for our
specific task. In testing, instead of predicted labels (i.e.,
+1/−1), we use the value of 𝑊𝑇𝑓 + 𝑏, where 𝑊 and 𝑏 are
learned parameters.We set themisclassification cost 𝑐 at 1 and
found that performance was the same for 𝑐 = 1 to 𝑐 = 10,000
and decreased when smaller than 1.

Position Property. As shown in (1), PP presents precise diag-
nosis preference for locations in an image. We implemented
PP using a simple statistical method: sum up the values in
the same position of density maps of database images, and
normalize the result from zero to one. In the experiments, we
denoted𝑀

𝑖
as the 𝑖th ground truth image.Then the PPmatrix

𝑀
𝑝
can be computed in

𝑀
𝑝
=
∑
𝑖∈dataset𝑀𝑖 −min (∑

𝑖∈dataset𝑀𝑖)

max (∑
𝑖∈dataset𝑀𝑖) −min (∑

𝑖∈dataset𝑀𝑖)
. (2)

Based on the finding, the center prior in which the
majority of fixations happen near the center of the image can
be observed in𝑀

𝑝
.

Property Combination. The two matrices FP and PP, which
are denoted as 𝑀

𝑓
and 𝑀

𝑝
, respectively, are combined in

the saliency map 𝑀
𝑠
by an intersection operation and a

convolution operation, as shown in

𝑀
𝑠
= (𝑀

𝑓
∙𝑀
𝑝
) ∗ GF. (3)

Here ∙ denotes a Hadamard product and ∗ denotes
convolution operation. We set the parameter of the Gaussian
filter 𝛿 at 10 in the EDMERI database.

4. Experiment and Result

We validate our model by applying it to two problems: (1)
DME RoIs prediction and (2) segmentation of the DME RoIs
in a retinal image. We used EDMERI databases to evaluate
our results; the size of each image was 1152 × 1500 pixels. We
chose 100 training samples from each of the training images,
for a total of 10,000 training samples. The database provided
ophthalmologists’ eye-tracking data as ground truth.

Since there is no consensus over a unique score for
saliency model evaluation, we report results over three,
including Area Under the ROC Curve (AUC), Earth Movers
Distance (EMD), and Similarity Score (SS). A model that
performs well should have good overall scores.

AUC. It is the most widely used metric for evaluating visual
saliency. Using this score, the model’s saliency map is treated
as a binary classifier on every pixel in the image; pixels
with larger saliency values than a threshold are classified as
fixated while the rest of the pixels are classified as nonfixated
[26]. Precise diagnoses are used as ground truth. By varying
the threshold, the ROC curve is drawn as the false positive
rate versus true positive rate, and the area under this curve
indicates how well the saliency map predicts actual DME
diagnoses.The two distributions are exactly equal when AUC
is equal to 1, not relative when AUC is equal to 0.5, and
negatively relative when AUC is equal to 0.

EMD. It represents the minimum cost of change of a dis-
tribution to another distribution. In this study, we use the
fast implementation of EMD provided by Pele and Werman
[27, 28]. EMD equal to zero means the two distributions are
identical; a larger EMDmeans the two distributions are more
different.

SS. It is another metric for measuring the similarities of two
distributions. It first normalizes two distributions to let the
sum equal one and then to sum the minimum values in each
position. SS is always between zero and one. SS equal to one
means two distributions are identical and SS equal to zero
means two distributions are totally different.

Then, three quality measurements, classical sensitivity,
specificity, and Youden’s 𝐽 statistic, were computed. The
sensitivity and specificity were calculated for the whole set
of classified pixels, that is, whether or not a pixel belonged
to a RoI. Classically, the performance of a method is well
described using sensitivity and specificity; they account for
the individual result of hits or misses. However, we are



6 Computational Intelligence and Neuroscience

Table 1: Performance comparison of nine models in the EDMERI dataset.

Metrics GT Ours AIM AWS GBVS ITTI STB Judd SUN Torralba Average
AUC 1.0000 0.8275 0.5610 0.6081 0.6748 0.6419 0.4723 0.7945 0.6449 0.6235 0.6498
EMD 0.0000 8.1524 13.4767 13.2513 12.3116 12.8744 17.9996 12.3079 12.4320 12.701 12.8341
SS 1.0000 0.1930 0.0853 0.0987 0.1066 0.1044 0.0055 0.1033 0.0932 0.0988 0.0991

Image GT Ours AIM AWS GBVS ITTI STB Judd SUN Torralba

Figure 3: Some saliency maps produced by 9 different models from the EDMERI database along with predictions of several models using
ROC. Each example shown by one row. From left to right: original image, ground truth, Ours, AIM, AWS, GBVS, ITTI, STB, Judd, SUN, and
Torralba. It is obvious that Ours is more similar to the ground truth than other saliency maps.

interested in finding regions of interest, that is, collections of
pixels with semanticmeaning. Hence, the numbers of regions
found by eachmethodwere also compared and the sensitivity
of each method, regarding the number of RoIs, was also
calculated.

Sensitivity. It is also called the true positive rate, or the recall
in some fields, which measures the proportion of positives
which are correctly identified, and is complementary to the
false negative rate. The higher the sensitivity is, the more
sensitive the diagnostic test is.

Specificity. It is also called the true negative rate, which
measures the proportion of negatives which are correctly
identified, and is complementary to the false positive rate.The
higher the specificity is, the more precise the diagnostic test
is.

Youden’s 𝐽 Statistic. It is also called Youden’s index; this can be
written as formula (4). Its value ranges from 0 to 1. The index
gives equal weight to false positive and false negative values.
The higher Youden’s index is, the higher the authenticity the
test has is. Consider

Youden’s index = sensitivity + specificity − 1. (4)

4.1. DME ROIs Prediction

4.1.1. Analysis of AUC, EMD, and SS. As far as we know,
this is the first investigation devoted to extraction of DME
RoIs information from retinal images, using a bioinspired
model.The developedmethodwas comparedwith eight well-
known techniques which had to deal with similar challenges,
but in natural scene. We used them as the baseline because
they also emulate the visual system, even though they are

not specifically devised to detect relevancy inmedical images;
these eight models were AIM [29], AWS [14], Judd [17], ITTI
[5], GBVS [15], SUN [5], STB [30], and Torralba [4]. We
trained and tested our model over the dataset following 10-
fold cross validation. For EDMERI, 𝑀 = 10. The statistical
results are shown in Table 1.

Table 1 shows the comparison of evaluation performances
of the 9 models in the EDMERI database. In this experiment,
the average values of 10 times 10-fold cross validation in
Table 1 are used for comparison. In the results, Ours has the
best value in AUC, EMD, and SS. The AUC of our model
is highest (0.8275), followed by Judd (0.7945). However, the
average is only 0.6498. And the lowest value of EMD is
shown in our model (8.1524), which is less than the average
12.8341. It means the results of Ours are more identical
with ground truth than other models. Ours also has the
best performance in SS with a value of 0.1930. The average
value of SS is 0.0991, which just approximates half of Ours.
Generally speaking, Ours has good performance in these
three metrics. And Figure 3 presents some examples of the
saliency maps produced by our approach and the other eight
saliency models.

In Figure 4, we see the ROC curves of three examples
in Figure 3 describing the performance of different saliency
models. The size of the salient region plays an important
role in the ROC method. Since it cannot separate salient
regions frombackgrounds using a certain threshold, the ROC
method treats a saliency map as a binary classifier for ground
truth under various thresholds. As shown in Figure 4, ROC
of Ours was higher than other models from the 5% to 20%
salient region; GBVS, Judd, and ITTI2 got higher ROC when
the salient region was larger than 60%. This means that
when the definition of the salient region changes, the rank of
performance using the ROC method may change. However,
the salient DME RoIs in a retinal image region are generally
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Figure 4: Some ROC curves produced by 9 different models from the three examples in Figure 3. ROC of Ours was higher than other models
from the 5% to 20% salient region; GBVS, Judd, and ITTI2 got higher ROC when the salient region was larger than 60%. The salient DME
RoIs in a retinal image region are generally under 20%. As a result, the performance of our method is better than other models when the
salient region is small.

under 20% and even smaller in many cases. As a result, the
performance of ourmethod is better than othermodels when
the salient region is small.

4.1.2. Analysis of Sensitivity and Specificity. The ability of the
different methods to extract DME RoIs information from
retinal images was evaluated using conventional sensitivity

and specificity measurements. These results are shown in
Table 2.

Table 2 shows sensitivities and specificities of the 9models
in 50% salient region. Overall, all sensitivity, specificity, and
Youden measurements evidence that our model outperforms
the other models. The sensitivity of our model is 83.7%,
which surpasses the average sensitivity 18.2%, followed by
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Table 2: Sensitivities and specificities of nine models.

Ours AIM AWS GBVS ITTI STB Judd SUN Torralba Average
Sensitivity (%) 83.7 50.7 57.0 80.1 69.6 81.6 37.2 65.6 63.7 65.5
Specificity (%) 77.7 59.2 64.5 57.0 58.1 74.1 60.1 60.0 55.4 62.9
Youden 0.614 0.099 0.215 0.371 0.277 0.557 −0.027 0.256 0.191 0.356

STB with 81.6% and GBVS with 80.1%. However, Judd had
the lowest rate (only 37.2%), less than half of Ours. And the
larger value of specificity (77.7%) is also shown in our model,
which exceeds the average specificity 14.8%. Although the
sensitivities of STB andGBVS are over 80%, their specificities
are 74.1% and 57.0%, respectively; both are under Ours.
The sensitivity of GBVS especially is even lower than the
average. Owing to having the highest value of sensitivity
and specificity, Youden’s index (0.614) of our model is the
highest among the 9 models, followed by STB with 0.557 and
GBVS with 0.371. Average Youden’s index is 0.356, which is
only higher than half of Ours. The indisputable fact is that
the higher Youden’s index is, the higher the authenticity the
test has is, and our model outperforms the other models in
all sensitivity, specificity, and Youden measurements based
on Table 2. Thus, Ours is suitable for extracting DME RoIs
information from retinal images.

4.2. DME ROIs Detection. Almost all salient region detection
approaches utilize a saliency operator, where from there
they start to segment the most salient object. Because they
are not specifically devised to detect relevancy in medical
images, there is little study investigating the relevance of
computational saliency models in medical images in the
context of abnormality detection. Here, we used three well-
known techniques as the baseline and showed that our
approach could provide a good such starting point; these
three models were ITTI [3], SR [19], and Achanta’s [31].

We calculate ROC curves in Figure 5 by binarizing the
saliency map using every possible fixed threshold, similar to
the fixed thresholding experiment in [31]. As seen from the
comparison (Figure 5), our saliency model performs better
while competing with the other three state-of-the-art models
tailored for this task. Figure 6 shows examples with diagnosis
and detections of our model and the other three salient
region detection models. As can be seen, our model is able to
successfully detect the DME ROIs, ITTI’s RoIs, and SR’s RoIs
mismatching the ground truth, and even worse, Achanta’s
cannot detect the DME ROIs.

5. Discussions and Conclusions

The present paper has introduced a novel strategy, a new
visual saliency model using the Bayesian probability theory
and machine learning techniques, for selecting DME RoIs
in retinal images. The model is inspired in the first phase of
a DME pathological examination, a process largely studied
which starts by scanning the retinal images.

So far the underlying mechanism that controls a DME
RoIs selection in retinal image has been poorly studied.
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Figure 5: ROC curves for comparison of our model with ITTI, SR,
and Achanta’s.

Recent studies suggest that some visual mechanisms, such
as the one that allows highlighting an object from the
background and the visual attentional process, are connected.
This fact suggests that the visual system is able to selectively
focus on specific areas of the image, which besides are
entailed with a high relevant meaning. Yet the idea is far from
being fully exploited; our approach has been able to capture
some basic facts; that is to say, that relevancy is a global
property somehow constructed by integrating local features.

The proposed strategy is based on the interaction of Posi-
tion Property and Feature Property and combined by a simple
intersection operation using the Bayesian probability theory
and machine learning techniques to obtain saliency maps.
Our model is unlike traditional contrast-based bottom-up
methods in that its learning mechanism has the ability to
automatically learn the relationship between saliency and
features. Moreover, unlike existing learning-based models
that only consider the components of features themselves,
our model simultaneously considers appearing frequency of
features and the pixel location of features, which intuitively
have a strong influence on saliency. As a result, our model
can determine saliency regions and detect DME ROIs more
precisely. Experimental results indicate that the proposed
model has significantly better performance than other state-
of-the-art models.
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Image GT Ours ITTI SR Achanta’s

Figure 6: Some unnormalized saliency map for DME ROIs detection produced by 4 different models from the EDMERI database. Each
example shown by one row. From left to right: original image, GT, Ours, ITTI, SR, and Achanta’s. It is obvious that Ours is more similar to
the ground truth than other saliency maps.
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EEG-controlled gaming applications range widely from strictly medical to completely nonmedical applications. Games can provide
not only entertainment but also strong motivation for practicing, thereby achieving better control with rehabilitation system. In
this paper we present real-time control of video game with eye movements for asynchronous and noninvasive communication
system using two temporal EEG sensors. We used wavelets to detect the instance of eye movement and time-series characteristics
to distinguish between six classes of eye movement. A control interface was developed to test the proposed algorithm in real-
time experiments with opened and closed eyes. Using visual feedback, a mean classification accuracy of 77.3% was obtained for
control with six commands. And a mean classification accuracy of 80.2% was obtained using auditory feedback for control with
five commands. The algorithm was then applied for controlling direction and speed of character movement in two-dimensional
video game. Results showed that the proposed algorithm had an efficient response speed and timing with a bit rate of 30 bits/min,
demonstrating its efficacy and robustness in real-time control.

1. Introduction

Electroencephalogram (EEG) is a noninvasive technique for
measuring electrical potentials from electrodes placed on the
scalp produced by brain activity and some other artifacts such
as Electrooculogram (EOG) and Electromyogram (EMG).
Nowadays, EEG technique has been used to establish portable
synchronous and asynchronous brain-computer interfaces
(BCIs). Noninvasive EEG-based BCIs are themost promising
interface for space applications. They can be classified as
“evoked” or “spontaneous.” An evoked BCI exploits a strong
characteristic of the EEG, the so-called evoked potential,
which reflects the immediate automatic responses of the brain
to some external stimuli. Spontaneous BCIs are based on the
analysis of EEG phenomena associated with various aspects

of brain function related to mental tasks carried out by the
subject at his/her own will.

BCIs offer people with movement disabilities a means
of interaction with their environment by translating brain
activity into device control [1]. Recently, several BCIs have
been developed based on evoked potentials such as P300 and
steady-state visual evoked potential (SSVEP) or based on slow
potential shifts and variations of rhythmic activity [2]. Many
critical issues are faced on the development of a BCI such as
classification accuracy, number of degrees of freedom, and
training process (i.e., how users learn to operate the BCI).
Some researchers have demonstrated that BCI users can learn
to control their brain activity through video games [3, 4].
Therefore, EEG-controlled gaming applications can provide
strong motivation for practicing. In this respect, a main issue
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Table 1: Comparison table of EOG- and video-based eye-tracking techniques.

Criteria EOG electrodes Video-based eye tracking

Intrusiveness Intrusive with electrodes attached to the face (i.e.,
electrodes mounted on the skin around the eye).

Intrusive for cameras attached to glasses; nonintrusive
for cameras mounted independently.

Complexity

(i) Electrodes number reduces the portability of the
technique (many electrodes attached on the face).
(ii) EOG is a simple and easy method to measure eye
movements and it is still commonly used clinically for
testing eye movements in patients.

(i) The algorithm complexity of the image processing
system.
(ii) Calibration is a crucial problem: head distance,
head and pupil range of rotation with respect to sagittal
plane of the body must be estimated (in some case
manual corrections are still needed).

Influence of noise Facial muscles (EMG signal) can be influenced on EOG
signal.

(i) Light: big problem for image processing.
(ii) Head movement: must keep your eyes open and in
the vision field of the camera.
(iii) Hard to use it in real-life application (outside
environment).

Processing time Fast: training or calibration phase needed. Long: training or calibration phase needed; image
processing takes much memory.

Classification
accuracy

High, but related to visual angle, number of electrodes,
and algorithm applied.

High, but related to head angle, user environment, and
algorithm applied.

is how to develop medical and nonmedical games to improve
the robustness of BCIs with the goal of making it a more
practical and reliable technology.

Eye movements and blink artifacts are pervasive prob-
lems in EEG-based BCI research [5]. However, the present
authors feel that these artifacts are actually a valuable source
of information and are useful for communication and control.
In this paper, several participants were tested in different real-
time experiments on different days to examine the variability
and nonstationary nature of EEG signals. This study has
shown that the same control performances can be obtained
via either EOG or EEG signals with using suitable positions
and minimum number of sensors for EEG technique. The
control performances of participants were tested in natural
environment where they were asked to perform the move-
ments of their eyes, body, and head as naturally as possible.

In Section 2, BCI-based medical and nonmedical games,
popular techniques for eye tracking, and hybrid BCIs
based on brain activity and eye movement are reviewed.
In Section 3, materials and methods for developing several
paradigms of real-time experiment are introduced. These
experiments are based on real-time classification and control
with opened and closed eyes using our proposed algorithm
with minimum number of EEG sensors. In Section 4, results
of eye movements’ classification and video game control are
presented. Advantages and disadvantages of the proposed
idea in different scenarios are discussed with detailed aspects
in Section 5. Finally, conclusion and prospects of future work
are given in Section 6.

2. Related Work

2.1. BCI-Based Games. Simple BCI-based games can help
inexperienced users control via brain activity. Games based
on EEG have been designed to increase the intensity or
duration of attention, increase the speed and accuracy of
brain-signal control, and improve other capabilities [2]. Two

types of BCI-based games are frequently seen: medical and
nonmedical games. For medical purposes, Lalor et al. [3]
describe a game intended to improve the concentration
needed to operate a BCI that uses SSVEP. Other medical
games were designed to encourage rapid generation of motor
imagery-based BCI commands and enhance the user’s expe-
rience [4]. For entertainment purposes, several BCI-based
gameswere developed, for example, the one based on popular
video game “Tetris”, playing pinball, and dancing robot [6–8].
Most of these nonmedical games are based on concentration
level of the player [8].

2.2. Eye Tracking. In daily life conversation, eye movements
play an important role in interaction with environment
by indicating a person’s direction and level of attention.
Fortunately, most of handicapped people can still control
their eyes.Thus, eyemovement can be an additional option to
improve their quality of life. Eyemovements can bemeasured
as EOG signals or via cameras and applied to communication
or control systems [9–19]. Bothmethods have their respective
merits and demerits (Table 1).

2.3. Hybrid BCIs. Recent studies have shown that EOG sig-
nals acquired using EEG technique with a minimal number
of EEG sensors around the frontal lobe or ears are practical to
detect and classify eye movements [20–23]. Therefore, brain
activity was not extracted from EEG to be used as additional
information. Hybrid BCIs offer a potentially effective control
for complex systems through the combination of brain- and
non-brain-based activities. Wheelchair control, for example,
requires multiple degrees of freedom and fast intention
detection, making solely EEG-based wheelchair control a
challenge. Each type of BCIs has its limitations, but a hybrid
BCI combines different approaches to utilize the advantages
of multiple modalities [24, 25].

A hybrid BCI combining motor imagery and P300 was
proposed in Li et al. [26]. It was further used to control the
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Figure 1: Real-time experiment for controlling a white ball with opened and closed eyes based on eye movement.

direction and speed of a wheelchair in Long et al. [27]. How-
ever, a fast and accurate design for the stop command and
the forward and backward commands has not been obtained.
Wang et al. [28] proposed asynchronous wheelchair control
with a hybrid EEG-EOG BCI, combining motor imagery,
P300 potentials, and eye blinking. Their experimental results
not only demonstrated the efficiency and robustness of brain-
controlled wheelchair systems but also indicated that the
participants could control the wheelchair spontaneously and
efficiently without any other assistance. However, Wang et al.
used only a single eye movement, eye-blinks. Here, we show
that more than six classes of eye movements can be classified
and used for real-time control, demonstrating the utility of
EOG signals in EEG data. Hereafter we provide explanations
of the experiment paradigm, EEG recording, and real-time
video game control, describe and discuss our classifica-
tion and control results, and then conclude with future
prospects.

3. Materials and Methods

3.1. Experimental Paradigm. Five participants (4 males, 1
female) with a mean age of 26.2 years (standard deviation
(SD): 2.5) were seated in a chair and instructed to watch a
monitor screen located in different positions away at eye level.
All subjects reported normal or corrected-to-normal vision
and had no prior BCI experience. One of them suffers from
Amblyopia (vision problem also called lazy eye). Subjects
participated in a real-time test experiment, followed by an
eye-controlled video game. The real-time test experiment
was created to evaluate the performance of the proposed
algorithm. Participants then played the video game using
eye movements. In this study, classification accuracy was
calculated using the real-time test experiment, and control
performance was evaluated using the video game.

In the real-time test experiment (Figure 1), five partici-
pants were asked to move a white ball to five positions (up,
down, left, right, and center) using eye movements or change
its color by blinking.The participants did not move their eyes
on consistent time interval during control period. Subjects
performed ten runs (10 trials for each eye movement), with
each run lasting 60 s. During the first 10 s, the participants
were asked to fixate a white ball in the center. Then they
were asked to move the white ball to one of the four cardinal
directions (up, down, right, or left) using eye movements.
In the last 10 s, the participants were asked to blink three
times to change the color of the ball from white to yellow.
The participants were asked then to move a white ball to
five positions with closed eyes using voice instructions to
show the feasibility of sending commands in real time by
blind persons for autonomous eye movement based control
systems. After testing the performances of the proposed
algorithm in this real-time experiment, the participants were
able to play a video game during 20 minutes using eye
movements without any training or calibration phase. In
real-time control of video game, the subjects can move their
head position and direction and watched the motion of both
a game character and meteors in various timings. Figure 2
shows the experiment framework and electrode positions for
eye-controlled gaming.

3.2. EEG Recording. EEG signals were acquired during real-
time experiments using a g.USBamp system (g.tec medical
engineering, Austria) at a sampling frequency of 256Hz.
Two EEG electrodes were applied on the upper area behind
the left and right ears (Figure 2). This proposed position
was favorable because it was not obstructed by hair and
allowed for capture of EOG without the discomfort that
might occur with electrodes on the face. A clip electrode
was attached to the right earlobe as reference and ground
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Figure 2: Setup for EEG recording and game control.

electrode was placed on the forehead. To prevent muscle
artifacts, participants were asked to avoid strong blinking and
head movements.

An 8th-order Butterworth band-pass filter with a lower
cut-off frequency of 0.5Hz and an upper cut-off frequency
of 100Hz was applied to the recorded signals. A 4th-order
48–52Hz notch filter was used to suppress 50Hz power-line
noise.

3.3. Classification Algorithm. After recording the EEG signals
from right and left hemispheres, a real-time algorithm was
applied to distinguish between six classes: blink, center, right,
left, up, and down. Signal data were sent from the amplifier
to the computer in 1 s blocks.The EEG signals were separated
into low and high frequency components to separate EOG
activity from brain activity (1). Thus, 4th-order Butterworth
high and low pass filters with cut-off of 10Hz were used to
decompose EEG signals into two frequency bands: low [0.5–
10Hz] and high [10–100Hz]. For preprocessing phase, the
baseline artifact was corrected by subtracting the smoothed
signal with its mean (2). In the current study, EOG signal and
eye-blink artifact included in observed EEG signal were used
as valuable sources of information:
EEG (𝑡)Observed = EEG (𝑡)source + EOG (𝑡) + EMG (𝑡)

+ Artifacts,
(1)

𝑋
𝑖
= (EEG

𝑖
− 𝜇 (EEG (𝑛𝑇))) ,

EEG
𝑖
= EEG (𝑖𝑇) ,

𝜇 (EEG (𝑛𝑇)) =
𝑛

∑
𝑖=1

EEG (𝑖𝑇)
𝑛
,

(2)

where 1/𝑇 is sampling frequency of the EEG signal (𝑡 = 𝑛𝑇,
𝑛 = 1, 2, . . . , 256). After baseline correction, two signals 𝑌

1

and𝑌
2
were calculated (3).𝑌

1
maximized themargin between

classes left and right by using the difference between the
left (𝑋

𝐿,EEG) and right (𝑋
𝑅,EEG) electrode signals. 𝑌2 distin-

guished between classes up and down using the smoothed
sum of the two electrodes. A real-time detection was added
before classification phase because the length of time interval
of eye movements was not fixed. The length of time interval
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Figure 3: Example of raw EEG signals 𝑋
𝐿,EEG and 𝑋

𝑅,EEG, from the
left and right electrodes, respectively, and processed signals 𝑌

1
and

𝑌
2
. The symbols represent blink and eye movement classes.

was varying depending on each trial of natural eyemovement
and control timing for each participant (Figure 3):

𝑌
1
= 𝑋
𝐿,EEG − 𝑋𝑅,EEG,

𝑌
2
= 𝑋
𝐿,EEG + 𝑋𝑅,EEG.

(3)

In our previous work [20], we tested an offline algorithm
for classifying between eye movements in four cardinal
directions using area under the curve for signals 𝑌

1
and 𝑌

2
.

Thenwe added features for online discrimination between six
classes of eye movements [21]. Signals corresponding to each
eye orientation have a specific shape (Figure 3), and the blink
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Figure 4: Control flowchart for the real-time eye-controlled game.

pulse is similar to a Gaussian pulse. The wavelet scalogram
was used for detection phase of eye movement. We applied
a continuous wavelet transform on signals 𝑌

1
and 𝑌

2
. For 𝑎

scale parameter, 𝑎 > 0, and position, 𝑏, the CWT is

EEG
𝑎,𝑏 (𝜔) = 𝐶𝑎,𝑏 = ∫

1 s

0

EEG (𝑡) 𝜓𝑎,𝑏 (𝑡) 𝑑𝑡,

𝜓
𝑎,𝑏 (𝑡) =

1

√|𝑎|
𝜓
∗
(
𝑡 − 𝑏

𝑎
) ,

(4)

where 𝐶
𝑎,𝑏

is the continuous wavelet transform coefficients,
𝑎 is positive and defines the scale, 𝑏 is any real number
and defines the shift, 𝜓

𝑎,𝑏
(𝑡) is a wavelet function of Haar,

∗ denotes the complex conjugate, and EEG(𝑡) is 𝑌
1
or 𝑌
2

signal. CWT is a real-valued function of scale and position
because the signal EEG(𝑡) is real-valued. By continuously
varying the values of the scale parameter, 𝑎, and the position
parameter, 𝑏, we obtained the wavelet coefficients. Then the
wavelet scalogram was obtained by computing:

𝑆 = |coefs ∗ coefs| ,

𝐸 = ∑𝑆 (:) ,
(5)

where coefs is the CWT coefficients, 𝑆 is the energy for
each wavelet coefficient, and 𝐸 is the energy of the wavelet
coefficients for 1 s. For both 𝑌

1
and 𝑌

2
signals, area under the

curve of the positive and negative peaks was used for feature
extraction. The area was calculated over a 200-ms window
centered on the position of maximum wavelet coefficient
using the trapezoidal method. The waves were situated in
between the maximum wavelet coefficient.

Hierarchical classification was used to discriminate
between patterns obtained from 𝑌

1
and 𝑌

2
signals. Fixed

thresholds for four features, maximum wavelet coefficient,
area under the curve, amplitude, and velocity, were set prior
to the real-time experiments by calculating their means
and standard deviations based on our previous studies [20,
21]. The classification results were converted into vectors to
produce binary outputs. These outputs were used to move a
cursor on a screen and control a video game.

3.4. Eye-ControlledGame. Todemonstrate the efficacy of eye-
based control in real world applications, we created a simple
game.The gamewas an obstacle evasion 2D platformer game.
In the game, a character had to run in two directions to avoid
being hit by falling meteors which appeared in semirandom
sequences on a closed stage. The character’s movement was
controlled with the player’s eye movements (Figure 4).

The implementation of the game was divided into two
modules, the EEG signal classification module and the
graphic game module. The EEG signal classification module
was implemented in MATLAB (MathWorks, Natick, MA),
the graphic game module was implemented using the Unity
4 game development ecosystem (Unity Technologies, San
Francisco, CA), and the game’s logic was written in C#. The
twomodules interfaced with each other via TCP/IP protocol.

3.5. Character’s Movement Mechanism. The classification
module was capable of discriminating between 6 eye move-
ment classes (left, right, center, up, down, and blink). How-
ever, the video game required only 3 commands: “left,”
“right,” and “idle,” so the left and right classes were mapped
to their respective commands and the remaining classes were
mapped to the “idle” command.The character’s direction and
speedwere defined by the sign andmagnitude of a unit vector,
respectively. Initially, the vector was set to 0, so the character
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Table 2: Vocabulary of real-time commands for eye-controlled gaming.

EEG signal Character action
Command 1 Eyes moving to the up position and then returning back Stop
Command 2 Eyes moving to the down position and then returning back Stop
Command 3 Eyes moving to the left position and then returning back Move at the left side
Command 4 Eyes moving to the right position and then returning back Move at the right side
Command 5 Blinking Stop
Command 6 No eye movement (fixation) Stop
Command 7 Two successive similar movements of eyes to the left or right direction Increase the speed
Command 8Two successive opposite movements of eyes such as moving to the left then right position or vice versa Decrease the speed

stood still when the game started. A positive vector made
the character move to the right, and a negative vector made
it move to the left. Left commands from the classification
module decreased the vector magnitude by 0.1 units, while
right commands increase the magnitude by 0.1 units. The
character’s speed changed by increasing or decreasing a fixed
magnitude for character’s acceleration. Commands were
received discretely every 1 s to control the character’s motion
continuously. So the character’s movement direction was
determined as the dominant command in a given command
sequence window.This approach was used to compensate the
natural sudden change in eye movement direction when the
eyesmove back to the center position.The idle commandwas
different from the movement commands in that the vector
magnitude was set to 0 immediately after the idle command
was received, allowing the character to stop when the player
intended with no delay. The maximum speed of the meteors
was defined by a vector of units 0.1, and the initial speedwas 0.
Acceleration downwards was defined as a vector of units 0.01.
The number of meteors was semirandomized, but no more
than 5 appeared at one time. There were 5 meteors release
points lined up evenly across the top of the screen (Figure 4).
Each point had its own set of semirandomized release times
and delay values. We set the values to release, on average,
3 meteors per repetition. Difficulty was controlled by the
number of meteors and their speed. Therefore, classification
accuracy was based on stopping and moving the character
and not on avoidance of the meteors. Table 2 summarizes the
actions to be performed by the character shown in Figure 3
corresponding to each eye movement.

3.6. Evaluation Criteria. The performance of the proposed
algorithm was evaluated in the real-time experiments by
calculating the classification accuracy for six and three classes
based on success or failure to move the ball or character to a
desired direction, respectively. For control of the video game,
precision, sensitivity, and specificity were calculated for three
classes (right, left, and idle) such that

Precision = TP
TP + FP

× 100,

Sensitivity (Recall) = TP
TP + FN

× 100,

Specificity = TN
TN + FP

× 100,

(6)

Table 3: Confusion matrix of the six classes and accuracies
(rounded %) averaged across all participants.

Up Down Right Left Center Blink
Up 42 14 0 2 28 14
Down 6 50 0 0 24 20
Right 0 0 96 4 0 0
Left 0 0 0 100 0 0
Center 4 0 0 2 88 6
Blink 0 0 6 4 2 88

Table 4: Confusion matrix of the five classes and accuracies
(rounded %) averaged across all participants with closed eyes.

Up Down Right Left Center
Up 65 5 0 10 20
Down 12 46 19 15 8
Right 0 0 98 2 0
Left 0 0 2 97 1
Center 4 1 0 0 95

where TP is the number of true positives, TN is the number
of true negatives, FP is the number of false positives, and FN
is the number of false negatives.

4. Results

Calculating 𝑌
1
and 𝑌

2
resulted in unique signatures for each

class (Figure 3) which could be exploited for classification.
Table 3 shows a confusion matrix of the six classes and accu-
racies averaged across five participants (16.67% chance level).
All participants demonstrated reliable control of the white
ball in the first experiment, achieving an average accuracy
of 77.33 (SD: 2.52%). The proposed algorithm showed high
classification accuracy for right, left, center, and blink classes
using 0% of the data for training or calibration phase and
100% of the data for testing.

We used a one-way ANOVA to evaluate real-time classi-
fication results of the six eye movement classes among par-
ticipants. No significant differences were observed between
participants for accuracy (𝐹(4, 25) = 0.06, 𝑃 = 0.993).

Table 4 shows a confusion matrix of the five classes
(up, down, left, right, and center) and accuracies averaged
across five participants with closed eyes using the same
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threshold values. All participants resulted in almost the
same classification accuracy with opened or closed eyes,
achieving an average accuracy of 80.2% (SD: 1.87%) using
auditory feedback with closed eyes (20% chance level) with
no significant difference between participants (𝐹(4, 20) =
0.08, 𝑃 = 0.989).

We observed that classification accuracies using closed
eyes of “center” and “up” classes were increased compared
to the case of using opened eyes. This accuracy difference
between up class in the case of “opened eyes” and “closed
eyes” is due to similarity of the wave shape of “up direction”
and “eye-blink” signals. The “up” and “blink” classes were
combined in one class in eye-closed experiment. Therefore,
the classification accuracy of up class was increased. The
accuracy of center class was also increased because there is
no noise related to the visual information. The algorithm
showed a high accuracy and robustness using a single trial
for controlling the white ball in real time in the opened-
and closed-eyes situations with no significant difference
between all users using the same thresholds values for all of
them. The participant with Amblyopia disease showed the
lowest classification accuracy compared to others due to the
difficulty in moving his eyes correctly.

In real-time control of video game, the subjects can
move their eyes position and direction and watched the
motion of game character andmeteors in the various timings.
Table 5 shows precision, sensitivity, and specificity for each
participant.These values were calculated based on accuracies
(Table 2), with up, down, center, and blink classes considered
as the idle class. Average sensitivity was over 90%, and
participant 3 achieved an accuracy of around 100% using a
single trial to make decision. No significant differences were
found between participants for accuracy (𝐹(4, 10) = 1.23,
𝑃 = 0.359), sensitivity (𝐹(4, 10) = 0.63, 𝑃 = 0.653), or
specificity (𝐹(4, 10) = 0.94, 𝑃 = 0.478).

Response speed and timing are also important in full con-
trol of a BCI. Using serial communication, the classification
algorithm processed 60 bits/min, but the control algorithm
processed the first bit and ignored the second. Therefore, the
bit rate for controlling the video game was 30 bits/min. The
proposed algorithm was useful in classification accuracy and
time-saving because the main problem faced by real-time
application is the computing and processing time.

5. Discussion

In this study, subjects were able to perform real-time control
of an interface using six eyemovements andplay a video game
with three eye movement based commands. Because the
resting position of human eyes is forward-facing, we return
our eyes back to the center position after looking at any other
direction. This action would have resulted in classifications
opposite to the intended direction and, in turn, adversely
affect interface control. To solve this problem, the game
character’s movements did not follow the commands sent
from classification module verbatim. The movement of the
character was defined as a unit vector of acceleration along
𝑥-axis, with “right” being positive values and “left” being

Table 5: Precision, sensitivity, and specificity values (rounded%) for
each participant during real-time game play.

Right Idle Left
Participant 1 (M) 100/90/100 95/100/100 70/100/94
Participant 2 (M) 83.3/100/95.9 92.5/97.4/100 90.9/100/97.9
Participant 3 (M) 100/100/100 100/100/100 100/100/100
Participant 4 (F) 90.9/100/98 95/100/95.3 90.9/100/98
Participant 5 (M) 100/90.9/100 100/100/100 90.9/100/97.5

negative values. Movement commands gradually increased
the acceleration value in the intended direction. This tech-
nique reduced the effect of the eyes returning to the center
position. For the “idle” or stop command, which required
an immediate response, themovement vector magnitude was
immediately returned to zero to stop the character stop as
soon as the player intended.

For classes up and down, even though the two sensors
were located at the same points behind the right and left ears,
wewere able to obtain discriminable EOGactivity.We believe
that the eyes did not move at mirrored angles across the
central axis.This dissimilarity likelymade detection of up and
down directions possible and was amplified by calculating
𝑌
2
. Table 6 summarizes the advantages and disadvantages of

the proposed robust real-time control system based on EEG
signal.

Since the magnitude of the electrical signal generated by
the eye movement depends on the angular velocity, many
researchers have used a big visual angle of between 30∘
and 45∘ to get a high accuracy for detecting the directions
or positions of the eye movement [12, 29–33]. This large
visual angle is not suitable for daily life applications because
it leads almost immediately to eye fatigue, exhausting the
user. Comparing the real-time results using opened eyes
from this study with those of our previous offline and
online classificationwork [20, 21], we found that classification
accuracy using a small visual angle decreased from almost
90% to 77%. This was likely due to the complexity of the
real-time application, environment conditions, and users’
behavior. The participants were asked to make themselves
comfortable and perform the movements as naturally as
possible. There were instances where eye movements were
misclassified, but the signal data showed no serious influence
by head or body movements. Although future versions of
the proposed algorithm would benefit from an automatic
thresholding subroutine instead of a calibration phase, results
showed that the current algorithm holds promise in real-time
applications.

Through this work, we can help not only handicapped
people but also the blind persons to use their eye movements
using voice commandswith auditory feedback for controlling
smart-home applications. For able-bodied users, the idea
of sending commands with closed eyes can decrease the
fatigue issue related to rich detailed visual environments. In
some special eye movement based applications, the visual
information can be replaced by information from the tactile,
olfactory, or auditory senses such as the case of reducing or
increasing the room temperature and the volume of music.
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Table 6: Advantages and disadvantages of eye movements classification based on EEG signal.

Criteria Advantage Limitation

Visual angle

A small visual angle between 5∘ and 10∘ was used to decrease fatigue
issue (a large visual angle of 30∘ or more is required to detect eye
movement in most research using EOG signals. This large visual
angle leads almost immediately to eye fatigue, exhausting the user).

It becomes difficult to detect eye
movements if the visual angle is less than
5∘.

User
Several participants were tested (offline [20], online [21], and in
different real-time experiments in this study) on different days to
examine the variability and nonstationary nature of EEG signals.

Absence of testing the proposed
algorithm on handicapped users.

Sensors
position &
number

(i) The position of sensors around the ears is more robust to muscles
activity noise (body or head movements do not influence so much the
classification accuracy).
(ii) Two temporal EEG sensors were used (4 attached sensors on the
face are used as minimum requirement to get good classification
accuracy in EOG technique).

A low-cost wireless device based on the
proposed idea is not yet developed.

Comfort and
portability

The most suitable sensors position for daily life applications to record
eye movements compared with EOG sensors (the sensors can be
attached to the end of the glasses arms (temples), headset, and
headband).

Less comfort [21].

Real-time
classification

(i) Single trial was used for real-time classification.
(ii) No training or calibration phase was added before real-time
classification (fixed and common thresholds for all subjects were
used).
(iii) No fixed time interval for eye movements (the user is free to
move his/her eyes and send commands at any moment).
(iv) Six classes were distinguished using a linear clarifier.
(v) Eye movements were detected and classified in open- and
closed-eyes cases.
(vi) The proposed algorithm was tested in several real-time scenarios.

Using average or loop to make a decision
or machine learning methods can
improve the classification accuracy but
decrease the response time [9–13, 29].

Real-time
control

(i) Asynchronous control (the user can send commands even with
closed eyes using noninvasive technique).
(ii) The classification results were used for full control of continuous
character’s movement in 2D video game.
(iii) The bit rate for controlling the video game was 30 bits/min.

For each application, we need to develop
an interface between classification results
and the controlled device.

Classification
accuracy

Classification accuracy with chance level of 16.67% was greater than
70%, the suggested minimum for reliable BCI control with chance
level of 50% [34].

As same as EOG technique [20].

We sought to contribute to the development of noninvasive,
asynchronous, and hybrid BCIs combining brain activity
and eye movements. This kind of BCI could offer utility in
daily life applications and practical machine control. Though
most approaches in the BCI field focused solely on brain
activity, we see an opportunity for advancement of this field
by combining EEG and EOG. This approach could be used
to assist both able-bodied and disabled persons with high
efficiency compared to existing BCIs.

6. Conclusions

This paper presented asynchronous and robust real-time
control of a video game through eye movements detected
using two temporal EEG sensors.The algorithmwas designed
for multiclass control in a visually elaborate immersive 2D
game. Results of the study indicated that successful multiclass
control is possible using suitable position of sensors to detect
and classify eye movements in opened- and closed-eyes
situations.

In the near future, for rehabilitation, medical therapy,
and entertainment, we would like to design portable, non-
invasive, and asynchronous hybrid EEG-EOG-based games
and smart-home applications using minimum number of
wearable wireless sensors.
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[12] A. Güven and S. Kara, “Classification of electro-oculogram
signals using artificial neural network,” Expert Systems with
Applications, vol. 31, no. 1, pp. 199–205, 2006.

[13] C.-C. Postelnicu, F. Girbacia, and D. Talaba, “EOG-based
visual navigation interface development,” Expert Systems with
Applications, vol. 39, no. 12, pp. 10857–10866, 2012.

[14] D. Borghetti, A. Bruni,M. Fabbrini, L.Murri, and F. Sartucci, “A
low-cost interface for control of computer functions by means

of eye movements,” Computers in Biology and Medicine, vol. 37,
no. 12, pp. 1765–1770, 2007.

[15] N. Itakura and K. Sakamoto, “A new method for calculat-
ing eye movement displacement from AC coupled electro-
oculographic signals in head mounted eye-gaze input inter-
faces,” Biomedical Signal Processing and Control, vol. 5, no. 2, pp.
142–146, 2010.

[16] L. Y. Deng, C.-L. Hsu, T.-C. Lin, J.-S. Tuan, and S.-M.
Chang, “EOG-basedHuman-Computer Interface systemdevel-
opment,” Expert Systems with Applications, vol. 37, no. 4, pp.
3337–3343, 2010.

[17] N. Timmins and M. F. Marmor, “Studies on the stability of the
clinical electro-oculogram,” Documenta Ophthalmologica, vol.
81, no. 2, pp. 163–171, 1992.
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