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Abstract; Air traffic controllers are the important parts of air traffic management system who are responsible for
the safety and efficiency of the system. They make traffic management decisions based on information acquired
from various sources. The understanding of their information secking behaviors is still limited. We aim to identify
controllers’ behavior through the examination of the correlations between controllers’ eye movements and air traf-
fic. Sixteen air traffic controllers were invited to participate real-time simulation experiments, during which the da-
ta of their eye ball movements and air traffic were recorded. Tweny-three air traffic complexity metrics and six eye
movements metrics were calculated to examine their relationships. Two correlational methods, Pearson’s correla-
tion and Spearman’s correlation, were tested between every eye-traffic pair of metrics. The results indicate that
controllers’ two kinds of information-seeking behaviors can be identified from their eye movements: Targets track-

ing, and confliction recognition. The study on controllers’ eye movements may contribute to the understanding of
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information-seeking mechanisms leading to the development of more intelligent automations in the future.
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0 Introduction

Air traffic controllers are the person in the
air traffic management (ATM) system who are in
charge of managing aircraft traffic in the airport
ground and in the air. The primary objective of
their job is to ensure safe separations between air-
craft by delivering instructions and clearances to
the pilots. Although more and more advanced au-
tomations have been deployed into ATM system,
controllers are always in the core of the system.
As the final decision-maker and executor, the be-
haviors of controllers are closely linked with the
system’ s safety and efficiency. Therefore, the
understanding of their behaviors is vital for the
safety and improvement of the performance of
ATM system.

There is a common consensus among engi-

neers and researchers in ATM field controller’s
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mental workload is one of the main factors limit-
ing airspace capacity. There are a great deal of re-
search on measuring and predicting controller’ s

2] Among them, a prevalent approach

workload
is from psychological science. The earliest work
was carried out by Schmidt using queuing theory
to estimate the controller’s workload by exami-
Models that

aim to qualitatively analyze controller’s internal

. ! . r
ning controller’ s routine work™/,

activities are developed by psychologists and cog-

M) For example, Histon and

nitive scientists
Hansman have investigated underlying mecha-
nisms used by controllers to mitigate cognitive
complexity. They have found four types of struc-
ture-based abstraction: Standard flow, critical
points, grouping, and responsibility”. Given the
nature of human behavior, up until now, it is un-

able to quantitatively measure and predict con-

troller’s workload correctly.
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Another line of research focuses on the other
side of the ATM system, e. g. , air traffic and air-
space activities, The main purpose is to under-

stand the factors driving controllers’ mental

workload™®. Air traffic complexity and airspace
complexity are the factors widely investigated as
they are seen as the major factors affecting con-
troller’s cognitive activities. There are many met-
rics derived from operational data or experimental
data such as dynamic density, complexity map,
etc. , aiming to capture the intrinsic characteris-

951 Due to the nonlinear inter-

tics of air traffic
action between air traffic and controllers’ activi-
ties, it is hard to establish the quantitative rela-
tionships between workload and complexity
measures.

Much previous efforts has been contributed
to the analysis of air traffic controller's communi-
cations, cognitive activities and mental work-
load™. Little has been devoted to their eye
movements activities. The study of controllers’
eye movement has significant meaning since most
of information controllers acquired is through
their visual systems. Based on the information
obtained from radar screen and communications
with pilots, air traffic controllers estimate traffic
situation and make control decision. With the ad-
vancement of technologies, decision support tools
are placed in controllers’ work stations. Most of
controllers’ work will be shifted to monitor all the
automations operating functionally. Appropriate
information seeking strategies will play a vital
role in their daily operation, and they have to
make sure that they can take back control if there
is any automation failures occurred in the sys-
tem[16*17].

In fact, there have been a huge amount of re-
search works on eye movements from various dis-
ciplines, including psychology, ergonomics, usa-

(18231 Ip

bility research, and computer science etc
the ATM field, there is few work can be found on
the analysis of controller's eye movements, Ahl-

strom and Friedman-Berg examined the correla-

tions between controller’ s eye movements and
cognitive workload"*’. They found that eye
movement measures can provide a more sensitive
measure of workload as observed in numerous be-
havioral studies. In a recent study. an eye-track-
ing study was carried out at MITRE CAASD to e-
valuate the newly developed automation concept,
relative position indicator (RPD"™', Two kinds
of eye movements patterns among five levels of
competence of controllers were reported™,

With continuous efforts being devoted to the
human factors in aviation and air traffic studies,
there is a lack of research linking the two parts of
ATM system, i. e. the human part and the physi-
cal part. In this paper, we examined the correla-
tions between controller’s eye movements activi-
ties and air traffic activities. The objectives of
this study were to investigate the information-see-

king behavior and attention allocation behaviors.

1 Material and Methods

To obtain air traffic controllers’ eye move-
ments data and the associated air traffic data, we
invited 16 qualified air traffic controllers to partic-
ipate human-in-the-loop simulations in the radar
simulation lab at Nanjing University of Aeronau-
tics and Astronautics in June, 2015. The real-
time simulations lasted two weeks. During the
simulations, controllers’ eye movements data
were recorded with FaceLAB, while airspace data
and air traffic data on flights' trajectory were re-

corded by the simulation system automatically.
1.1 Participants

Sixteen air traffic controllers, 15 males, one
female, at the age of 22—33, volunteered to par-
ticipate in this study (detailed information is giv-
en in Table 1). All of the controllers have quali-
fied control licenses and they are responsible for
approach control in Nanjing terminal airspace.
The youngest controllers have two-year working
experience, while the oldest have worked for 12
years. Controllers are qualified into five classes

based on their working experience and personal
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competency. In this experiment, there is no Lev-
el-1 controller. The difference in controllers’ lev-

els is out of concern of current study.

Table 1 The number of controllers in four levels

Gender Level-2 Level-3 Level-4 Level-5
Male 2 1 3 9
Female 0 0 1 0

1.2 Equipment

During the simulation, FaceLAB 5. 0 with
automatic software was used to record partici-
pant’s eye movement. FaceLAB has been widely
used in commercial, clinical and research applica-
tions, which can provide a high quality tracking
without interfering the user environment.

The radar control simulation systems used in
this study were air traffic control automation sys-
tem produced by Nanjing Les Information Tech-
nology. The system performed high-fidelity sim-
ulation exercises. Both the functions and the in-
terface at controller’ s position were exactly the
same as their working station in ATMB. The po-
sitions of each aircraft in terms of longitude, lati-
tude, and altitude, were recorded in every 4 s by
the simulation system, which were be used to cal-

culate various traffic complexity metrics.
1.3 Procedures

The simulated airspace was sector ZH-
HHO1AP of Wuhan approach. As shown in Fig.
1, the sector is responsible for all the arrival
flights and departure flights in Wuhan terminal
airspace. There are four major traffic flows ente-
ring and departing from Wuhan Tianhe Interna-
tional Airport. The main fixes are ZF, WTM,
LLKO, and XSH. Departure/arrival traffic from/
to Wuhan airport are all through these fixes. De-
parture flow and arrival flow are not separated in
the controlled airspace.

We prepared four levels of traffic scenarios
based on the real flight schedule. Each controller
participated two simulations. Every simulation

exercise lasted about 30 min. Therefore we had

32 simulation exercises in total.

Before each simulation started, a brief intro-
duction of the purpose of the study and the traffic
scenario was given to the controller. The
FaceLAB cameras were set up in front of control-
ler's keyboard in the middle of main radar screen.
A precise model was built for each participant,
and calibration was made before simulation star-
ted. All participants were allowed to have normal
utilization of both arms and legs and permitted to
wear eyeglasses for vision correction, as they

were doing normal control job.
ZF

WIM

XSH

LKO

Fig. 1 Airspace structure in Wuhan approach

1.4 Eye movement measure

The original data recorded by FaceLAB have
to be processed using specific algorithms for fur-
ther analysis of eye movement behavior. One of
the most important algorithm is to determine fix-
ation and saccadic. An algorithm mainly based on
the velocity-threshold fixation identification (I-
VT) algorithm was proposed here to extract fixa-
tion points from recorded data. I-VT algorithm
has been widely used in lots of eye-tracking re-
search. The brief idea is that angular velocity is
used to distinguish fixation and saccade points. A
crucial parameter, the velocity threshold, must
be designated in advance, e. g. 120 °/s. The orig-
inal time series data was first sorted according to
the recorded time. Then, I-VT began by calculat-
ing point-to-point angular velocities for each
point. The following rules were applied to distin-
guish fixation and saccade points: If the point’s
angular velocity was less than the threshold, it

was identified as fixation point; otherwise it was
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saccadic point. The process then collapsed con-
secutive fixation points into fixation groups and
discarded saccade points.

Finally, I-VT output each fixation group re-
presented by {x , y, t, d), where x and y are the
center of the points in a group, ¢ is the time of the
first point, and d the duration of the fixation
group.

Eye movement metrics can be calculated
based on the fixation and saccadic data. Here, six
eye movements measures were selected for analy-
ses, including the average number of area of in-
terest (AOD , average fixation duration, saccadic
velocity, mean pupil diameter of left eye, mean
pupil diameter of right eye and mean blinking
rate. The areas of interest is defined as the clus-
ters that many fixations appear close together,
which might suggest that there are some kinds of
stimuli in the proximity of these fixations that at-

tracts attention™*’?,

1.5 Traffic metrics

There have been a huge number of research
works on the study of air traffic complexity dur-
ing the last decades. One line of research focuses
on the identification of the quantifiable complexi-
ty variables or factors. Here, we selected the fol-
lowing 23 traffic-related complexity metrics to de-
scribe traffic behavior, based upon the previous
work. These metrics can be directly calculated
from flight trajectory data.

(1) Number of aircraft.

(2) Aircraft count divided by the capacity of
the sector.

(3) Total controlled kilometers: The flight
distance for all flights under control in the air-
space unit,

(4) Mean controlled kilometers: The average
flight distance for all flights under control in the
airspace unit.

(5) Total controlled time: The flight time
for all flights under control in the airspace unit.

(6) Mean controlled time: The average flight

time for all flights under control in the airspace u-
nit.

(7) Number of climbing aircraft.

(8) Number of cruising aircraft.

(9) Number of descending aircraft.

(10) Total climbing time.

(11) Total cruising time.

(12) Total descending time.

(13) Number of aircraft with heading change
greater than 15 degrees.

(14) Number of aircraft with speed change
greater than 10 knots,

(15) Number of aircraft with altitude change
greater than 750 feet.

(16) Average velocity of aircraft.

(17) Number of aircraft with 3D Euclidean
distance between 0—5 nm excluding violations.

(18) Number of aircraft with 3D Euclidean
distance between 0—8 nm excluding violations.

(19) Number of aircraft with 3D Euclidean
distance between 0—13 nm excluding violations.

(20) Minimal horizontal separation.

(21) Minimal vertical separation.

(22) Number of potential conflicts.

(23) Minimal time-to-go to conflict.
1.6 Correlation methods

To determine whether two set of random da-
ta is correlated or not, we chose the following
two commonly used correlation methods: Pearson
correlation and Spearman correlation.

(1) Pearson correlation

Pearson correlation coefficient is commonly
used to examine the relationship between two
random variables. In order to construct the time
series data sets of eye movements and traffic com-
parable, we used 20 s as the sampling rate to re-
calculate eye movements metrics and traffic met-
rics.

Let ¢/ (1) represents the j th eye movement
measure value of the i th participant at the ¢ th
slot, while ¢?(¢) represents the % th traffic metric

value. ¢ is the number of time slots that are ob-
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served in a traffic scenario.

The following equation can be used to com-
pute the correlation coefficient p/' between eye
movement and traffic behaviors of the i th partici-

pant

Qi =
D0, — el () () — )

D) @ — e )P 3] D) () — @)

(D

wherep c[—1,1].

(2) Spearman's rank correlation

Another method employed here to measure
correlation is Spearman’s rank correlation coeffi-
cient, which assesses how well the relationship
between two variables from other perspective.
Spearman’ s rand correlation is appropriate for
both continuous and discrete variables, including
ordinal variables. In fact, Spearman's correlation
coefficient only considers the ranking of the varia-
bles in the time series which is defined as the
Pearson correlation coefficient between the ranked
variables. Thus, Spearman’s coefficient can be
used to evaluate the non-linear correlations be-
tween the two time series.

The calculation of Spearman’s correlation co-
efficient can be described as follows. First, rank
the time series x in ascending order: X,;,: € 1,2,

-,n and then let their locations Rank«; represent
the location of the element 7 in the time series j.
For the time series Y, Y;.: € 1,2,:-.n, the
Rank »; stands for location of the element 7 in the
time series j. The Spearman’s correlation coeffi-
cient for time series can be computed as

6 Zl,lzldf

n

p=1— (2)

where d; = Rank,U — Rankyu andp € [—1,1].

2 Analytical Results

Thirty-two simulation datasets were con-
structed with each dataset containing eye move-

ment data and 4D trajectory data. Each dataset

was about 20 min. The sampling rate of eye
movements data was 16 ms, while the sampling
rate of traffic data was 4 s. Therefore, the eye
movement data were aggregated to 4 s in order to
make two types of time series data sharing the
same data points. Based on the methods described
above, we calculated all the correlation coeffi-
cients, both Pearson coefficient and Spearman’s
coefficient, between eye movements measures
and traffic measures. Fig. 2 shows an example of
Pearson's correlation results of a controller for all
the eye movements behavior and traffic complexi-
ty. It can be seen from the Fig. 2, fixation dura-
tion and saccadic velocity are correlated with most
of traffic metrics compared to other eye move-
ments metrics. The rest of the datasets show the
similar results as well. Saccadic velocity is related
to the ability of acquiring information, while fixa-
tion is interpreted with attention allocation.
Therefore, the rest of analysis will mainly focuses

on these two metrics.
‘

Mean_PD_L

min_|
min

c_cov_y
c_cop_y
con_num_y
min_con_time_y

Fig. 2 Pearson correlations between six eye movements
metrics and 23 air traffic metrics colors represent

the strenth Please be more spe cific
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2.1 Target tracking

Pearson's correlation can directly tell the lin-
ear relationships between two time series data.
All the Pearson correlations between controllers’
eye movement metrics and traffic metrics were
examined. It was hard to find that regular corre-
lations among all the combinations of controller-
traffic behavior. However, one interesting result
were identified that for over 93% controllers, the
mean saccadic velocity were closely correlated
with two traffic metrics; The mean velocity of
aircraft (positive correlated), and the number of
aircraft in the sector (negative correlated). Fig. 3
depicts Pearson's correlations in detail.

Cognitive studies suggest that saccadic veloc-
ity reflects the capability of dealing with complex
tasks. Hence, saccadic velocity of controllers’
eyeball reflects their ability of management air
traffic. The mean saccadic velocity and the total
number of aircraft in the sector exhibit negative
correlations as shown in Fig. 3. To ensure the
safety of flights in the sector, controller has to
maintain a vivid picture of traffic in mind. They
have to know the status of each aircraft in order
to estimate future traffic situation. More aircraft
in the sector means more information shall be ac-
quired by the controllers. There will be more tar-
gets to be tracked and memorized if there are
more aircraft in the sector; Each aircraft has to be
scanned by the controller in every short time peri-
od. Also, the difficulty to locate right target in-
creases. Average time to recall flight information
from work memory will increase as well, which
means longer time on the target. In order to track
the targets, controllers have to increase saccadic
speed. In contrast, there will be less targets to
follow if there are few aircraft in the sector.
There will be no such hurry to scan flights,
therefore the mean saccadic velocity will de-
crease. Therefore, the correlations between mean
saccadic velocity and total number of aircraft in

the sector are negative.

If the average speed of the aircraft in the sec-
tor becomes faster, controllers will feel more
rand stress. It requires them to estimate traffic
situation and make right decisions quicker. Nor-
mally, they will increase the frequency of scan-
ning each flight in the sector in order to update
necessary information, which may lead to faster
saccadic velocity. There will be no need to faster
saccadic speed if the average speed of flights in
the sector is slow. Therefore, the mean saccadic
velocity is positively correlated with the average
speed of aircraft in the sector.

There is no other eye movements-traffic pair
showing regular phenomena except the above two
pairs. Significant differences among controllers
were found. For example, it is expected that the
number of AOIs is positively correlated with the
number of aircraft, as more aircraft in the sector
means higher traffic density, which may result in
more AOIs. However, our results showed that a-
bout 33% controllers had negative relationships
between the number of AOIs and the number of
aircraft, while 67% controllers had positive rela-

tionship.

0.6 —=—Number of aircraft
—e—Mean aircraft speed

0.4}
021 N\'\'
LU 0.0 1§

_0.6 1 1 1 1 1 1
0 5 10 15 20 25
Index of simulation exercises

30 35

Fig. 3 Pearson correlations between saccadic velocity
and average aircraft velocity and number of air-

craft in the sector

The statistical results show the obvious line-
ar correlations during the target tracking activity.
In order to further investigate the correlations be-
tween traffic activities and eye movement activi-
ties, we carried out Spearman'’s rank correlations
of all the eye-traffic measures. Comparing the

Pearson correlation’ s results, it was found that
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there did exist non-linear correlations between
more eye movements metrics and traffic complex-
ity metrics. Regarding target tracking, Spear-
man’ s rank correlations show similar patterns
from the same eye-traffic metrics. In the follow-
ing, we will discuss a detailed description of cor-
relations from the rest two aspects: Conflict rec-

ognition and attention allocation.
2.2 Conflict recognition

Conflict recognition is vital in controllers’ ac-
tivities since their major responsibility is to en-
sure the safety of air traffic. The capability to i-
dentify and resolve potential conflicts in the sector
is essential for the experienced controllers. In our
simulations, all the aircraft should maintain a
minimum horizontal distance of 10 km (i. e. 5
nm) or a minimum of vertical distance of 300 m
(i. e. 1 000 ft). Thus, the number of aircraft
pairs within 3D Euclidean distance between 0—05
nm reflects the possibility of potential conflicts.
In eye movements studies, longer fixations is in-
dicating the difficulty of extracting information
from a display. As shown in Fig. 4, average dura-
tion on fixation is positively correlated with the
number of aircraft pairs within 0—5 nm. More
aircraft pairs within 0—55 nm, it requires con-
trollers more time to evaluate potential conflicts.
The difficulty to determine useful information in-

creases,causing longer fixation.

0.6 —= Number of aircraft

—e—Mean aircraft speed
05
0.4 r

o 037
02T
0.1f

0.0

0 5 10 15 20 25 30 35
Index of simulation exercises

Fig. 4  Spearman correlations between the number of
aircraft pairs with 3D distance between 0—5 nm
and the mean fixation duration, the number of

AOIs

The reason for the positive correlations be-
tween number of AOIs and the number of aircraft
pairs within 5 nm shown in Fig. 4 is that when the
number of the aircraft with separation less than
5 nm increases, it is necessary to gather more in-
formation to resolve potential conflict. There-
fore, controllers will pay more attention to more
AOls.

Compared with Pearson's correlation results,
these two eye-traffic measures exhibit a complete
positive correlation trend. In spite of individual
difference, all controllers behave similarly under
different experiments. It can be drawn from the
results that the number of aircraft pairs within
0—>5 nm is a major factor affecting controllers’
conflict recognition activities. lLonger fixations
and more AQOIs are needed if there are more pairs

of aircraft within 0—5 nm.

3 Conclusions

This work aims to identify air traffic control-
lers’ behaviors from their eye movements, since
most of information acquired by the controllers
are through their visual systems. Human-in-the-
loop simulations were carried out in order to ob-
tained controllers’ eye movements data and traffic
data. Building on previous research on eye move-
ments and air traffic complexity, the correlations
between controllers’ eye movements and air traf-
fic activities were examined using Pearson corre-
lations and Spearman’s rank correlations. It can
be drawn from the initial results that two types of
cognitive activities during the control process, i.
e. targets tracking and conflict recognition, can
be inferred from eye movements and traffic. Fac-
tors including the number of aircraft in the sec-
tor, the average speed of aircraft, and the num-
ber of aircraft within 0—5 nm, may have huge
impact on controllers’ information-seeking behav-
iors. Continuous efforts will be devoted to exami-
ning other traffic factors that influence controller’

s cognitive behaviors. This study offers a quanti-
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tative understanding of interactions between hu-
man part and physical part of ATM system,
which may contribute to our understanding of hu-

man factors in other complex systems.
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