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Abstract

We propose tools and methods to analyze and
interpret both simulator and psychophysiological
data in order to support pilot trainees and instruc-
tors and improve manual flight control training
effectiveness.

Current pilot training uses a fixed curriculum,
with all trainees proceeding at the same pace.
There is little guarantee that they really develop
the skills that are being taught, until the subjec-
tive evaluation by instructors. In the “Pilot’s In-
dividualized Learning using Objective Data” (PI-
LOD) project we provide methods to individual-
ize the training program based on the feedback of
objective data to the trainees during their training.

In this paper we discuss experiments where
we trained university students in a fixed base
Boeing 747-400 simulator. From a large num-
ber of initial trainings we developed analysis
methods and evaluation metrics, as well as train-
ing recommendations and specific practice exer-
cises. We applied these in a follow-up experiment
with 10 students who received 6 hours of train-
ing each. Eye, heart, and brain wave data were
recorded, but at this moment only the analysis of
heart data is sufficiently robust and meaningful
for practical use.

The results show that the analysis of simula-
tor and psychophysiological data can be a useful
addition to subjective observation by an instruc-
tor in the evaluation of manual flying skills dur-
ing flight training and the creation of personal-

data

ized training programs. The results also showed
the effectiveness of the training in general, and of
the specific flare and longitudinal control training
modules in particular.

1 Introduction

1.1 Background

Developments in the aviation market have led to
3 big challenges in pilot training:

Quantity: There is a pilot shortage that will only
get worse due to the rapid globalization and in-
creased wealth, especially in Asia [, 2].

Quality: With the increased use of cockpit au-
tomation, pilots’ manual control skills have de-
graded [3]. Manual aircraft control has become
a factor in the majority of fatal accidents.

Cost: More efficient pilot training will be
needed to assure safety in the increasingly
competitive market where Low Cost Carri-
ers (LCCs) and government-supported airlines
from the Middle-East put pressure on airlines
and pilots to cut costs.

On the other hand, the following develop-
ments create opportunities for pilot training:

Better understanding of human behavior:

Interdisciplinary research between the fields
of engineering, medicine, and psychology
is blooming because both simulators and
instruments to measure eye movements, heart



rhythms, brain waves, etc. have become
cheaper and easier to use.

Data-driven society: With the increased avail-
ability of data, and our increased ability to an-
alyze such data, objective decision making and
personalization have become easier than ever.

Educational innovation: The aviation industry
and regulators world-wide have started push-
ing a modernization of training methods. The
Advanced Qualification Program (AQP) [4] and
Evidence Based Training (EBT) [5] can be seen
as implementations of problem/project based
learning (PBL), continuous assessment, and the
systematic definition of learning objectives that
are already mainstream in regular education at
schools and universities around the world. The
next step would be the ‘individualized curricu-
lum’.

1.2 The “Pilot’s Individualized Learning us-
ing Objective Data” (PILOD) Project

In the PILOD project we develop tools to iden-
tify the needs of individual pilot trainees, and to
support the individualization of training curric-
ula. It builds builds on research in control, avia-
tion psychology, and data analysis to move Evi-
dence Based Training from the fleet level to the
personal level (Fig.1). The aim is to improve the
efficiency and effectiveness of pilot training in or-
der to mitigate the challenges mentioned in the
previous section.

Flying is not only about keeping the aircraft
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within safe operational limits, but also doing so in
a robust and systematic way, with sufficient spare
capacity to deal with unforeseen events. There-
fore we propose to incorporate all three levels
in the analysis — pilot (resource), control (pro-
cess), and performance (output). Beside flight
(simulator) data, we also use bio data to analyze
the trainee’s visual workload, mental effort, and
stress. This could provide a valuable addition to
the subjective information an instructor can ob-
tain through observation. The analysis outcomes
can support the instructor an recommend appro-
priate practice exercises on a challenging level
(Fig.2). This means some trainees will get exer-
cises to specifically improve their personal weak
points, while others may get integrated tasks or
move ahead slightly quicker (they may need ad-
ditional practice on different points in the future).

1.3 Workflow

To develop a tool that can support continuous as-
sessment and individualized training, we need to

1. find a practical means to acquire data,

(a) cost-effective measurement devices
(b) ease-of-use (by non-researchers)

2. identify meaningful features in the data,
3. automate the extraction and analysis of the se-
lected features,

4. perform an evaluation or classification of the
analysis results,
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Fig. 2 Left: Integral evaluation of the trainee’s
psychophysiological state, his control actions,
and the resulting flight. Right: PILOD starts with
a briefing and initial data collection, followed by
a cycle of personalized training, data recording,
and feedback.
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(a) build a base or reference data
(b) identify what is ‘good’ performance or
‘desirable’ behavior (i.e., ‘metrics’)

5. suggest specific actions based on the evalua-
tions.

(a) create a pool of exercises to train various
skills on various levels

(b) verify that the exercises have the desired
effect on the trainee’s skills

Obviously, the ‘meaningful’ in item 2 strongly
depends on what is thought to be desirable (item
4b) and how it relates to training possibilities
(item 5). Identifying these points is the major
challenge in this research. Another challenge is
developing automated feature extraction methods
that are sufficiently reliable and robust to cope
with the relatively low quality data that can be
expected under the restriction arising from item
1.

Figure 3 illustrates the general idea of the
skill level classification and action recommenda-
tion.

2 Materials & Methods

2.1 Simulator

For the experiments we used the fixed-base Boe-
ing 747-400 simulator at The University of Tokyo
(Fig.4). Custom software is used to simulate the
dynamics, which is based on publicly available
models but has been extended and tuned with the
help of professional pilots. The simulator states
are logged at 20 Hz.
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Fig. 3 Left: skill level classification example for
elevator control style. Right: results can be used
to individualize training to balance the trainee’s
skill set.

2.2 Other measurement devices

We recorded eye-data (gaze direction, saccade
speeds, blinks, and pupil diameters) at 30 Hz
using the Takei TalkEyeLite and electrocardio-
grams (ECG) at 250 Hz using the ParamaTech
EP-301. In some experiments we additionally
recorded brainwave data (electroencephalogram,
EEG) using the eMotiv EPOC+ at 128 Hz. The
devices are shown in Fig. 5.

All recordings were automatically synchro-
nized using custom built, serial port based trig-
ger system, activated by the beep of the ECG
recorder (which does not have external trigger
functionality built in).

Fig. 4 The fixed-base flight simulator at The Uni-
versity of Tokyo
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eye-mark recorder shot
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301 portable ECG recorder  brainwave recorder
Fig. 5 Measurement devices used in the experiments




2.3 Initial Training Experiments

The analysis methods and evaluation criteria
were developed from our experience with and
data from the basic flight (simulator) training of
ca. 40 university students, some of who also
completed an intensive follow-up training. The
gathered data were automatically analyzed af-
ter each training session and used to provide the
trainees feedback on their performance and psy-
chophysiological state, as well as to give them
advice such as what skill to focus on in the next
session. The interpretation was done by the au-
thors, and typical patterns in the graphed data
were explained to the participants so that over the
training course they developed the ability to self-
evaluate using the analysis result graphs.

During these experimental training sessions
we tried out various explanation and feedback
methods and training practice exercises. To-
gether with data from a few private pilots as well
as a few active and retired airline pilots, this data
was used to develop the analysis methods, to cre-
ate a baseline of typical progress, and to inven-
tory common training difficulties.

2.4 PILOD-based Training Experiments

The main experiments discussed in this paper
consisted of the training of 10 male university
students aged between 21 and 23. All partici-
pants were right-handed and had normal or cor-
rected to normal vision. None of the subjects had
any experience flying an actual plane, nor more
than 1 hour experience in the simulator used in
the experiment. One subject had about 30 hours
hang-glider experience.

All subjects received a short training syllabus
and 30 minute individual explanation about the
aircraft operation (controls, cockpit displays, out-
the-window visual cues/aids, etc.) and 6 one hour
training sessions (on 6 different days). In the 1%,
4t and 6" session we recorded data for analysis
and the remaining time was spent on practice, the
other sessions were practice only. About half of
the practice time followed a predetermined cur-
riculum shared by all subjects, the other half was
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individualized based on the analysis results.

Before the first data recording, subjects got
a little time to familiarize with the simulator,
watched a landing replay, and flew a straight-
and-level flight for 3 minutes and a landing from
1800 ft (550 m) altitude. After that we recorded
simulator data, eye data, ECG, and EEG for
2 landing replays (including ‘relax’ time after
touchdown), 2 landings in good visual condi-
tions, and 2 landings in bad visual conditions
(1600 m visibility). We also recorded simulator
data only for a straight-and-level flight. In all sce-
narios there was moderate turbulence.

Individual practice exercises were assigned
based on the analysis results from the first day
measurements and could be one or two of the fol-
lowing:

« High Altitude' Longitudinal Control

* High Altitude Lateral Control

* Scanning (i.e., systematically checking each
cockpit display/indicator)

* Aiming (i.e., focusing on the movement of the
landing zone markings on the runway to decide
one’s low altitude control)

* Flare (i.e., the pitch-up maneuver a few sec-
onds before touchdown to reduce sink rate and
land on the main gear)

* Integral landing practice (i.e., no specific prac-
tice)

The experiment protocol was approved in ad-
vance by the ethics committee of The University
of Tokyo’s School of Engineering. Each subject
provided written informed consent before partic-
ipating.

3 Results

3.1 [Initial Training Experiments

The initial training experiments have resulted in a
large set of data analysis tools, knowledge about

I“High Altitude’ in this paper refers to altitudes above
ca. 300~500ft (100~~150 m), where the cockpit instru-
ments are the pilot’s main source of information, as op-
posed to lower altitudes where the outside visual scene with
runway geometry provides more salient cues.
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the interpretation of various data, and special
practice exercises. Several of the analysis meth-
ods have been reported earlier [0, 7]). We added a
number of new features to our simulator in order
to record additional parameters and facilitate new
training exercises, for example freezing motion
in a specific direction so that the trainee can focus
on one subtask at a time, and a warning buzzer
when a flight parameter deviates too much from
its desired value to improve scanning. A number
of new software tools were developed, such as a
simple secondary task tool [&].

In the experiments we presented the trainees
with various graphs of their psychophysiological
state, control style, and performance and showed
them what to aim for. We noticed that this visu-
alization of the flight analysis can help to explain
problems or desired behavior. It also help to con-
vince the trainee, as it provides some evidence
with the instructor’s subjective comments.

We carried out a meta-analysis of the data
gathered in the initial training experiments, try-
ing to develop a 5-level skill level classification
scheme from beginner to veteran for a large num-
ber of metrics. Large progress was made in the
automatic extraction of numeric indices that re-
flect features we had thus far subjectively iden-
tified from graphs when providing feedback to
trainees. However, a few challenges remain on
the way to an automated evaluation and recom-
mendation system, and some expert interpreta-
tion, contextual awareness, and cross-verification
with the original graphs and (subjective) cockpit
observations will probably always remain neces-
sary to some extent.

3.2 PILOD-based Training Experiments

To evaluate the trainee’s control input we make
use of spectrogram analysis. Figure 6 shows an
example. The top image shows a typical begin-
ner’s pattern, with almost no control, except for
some slow (long period) control at low altitude,
short before touchdown. With increasing expe-
rience, we see more, stronger, and faster con-
trol. In the bottom figure we see the control is
concentrating at the shorter periods, as the pilot
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Fig. 6 Analysis of elevator control in a ‘good vis-
ibility” flight the 1%, 4" and 6™ training session
(top to bottom). Each image shows a spectrogram
analysis of the control input (top-left), the distri-
bution of control input periods (right) and the ele-
vator deflection command (bottom). The vertical
red lines indicate the moment of touchdown.

notices deviations quicker and his response be-
comes more adequate (less over-control).

Figure 7 shows how the heart rate of one
of the subject changed during the bad visibility
landings. It is interesting to mention that this sub-
ject showed almost no progress on any of the con-
trol or performance metrics, and some even got
worse. Looking at the heart rate patterns how-
ever, we see some clear changes. On the first day
there is no difference between the ‘Not Flying’
(watching replay / relaxing) case and the Flight
cases: the subject did not know what to do and
did not feel engaged. On day 4 we see a rapid
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Fig. 7 Heart rates in the ‘bad visibility’ landings
and a landing replay of the 1%, 4™ and 6'" training
session (top to bottom). The dashed vertical lines
indicate the moment of touchdown.

increase of the heart rate from ca. 20-30s be-
fore touchdown, when the runway becomes vis-
ible through the fog: the subject didn’t feel he
could make a difference in instrument flight, but
knows what needs to be done when seeing the
runway. On day 6, we see more engagement ear-
lier on, and a less distinct stress peak just before
the landing: he starts to understand the cockpit
instruments. The subject probably made progress
in understanding, without (yet) being able to turn
that into effective actions. After the experiments
the subject requested some more training, and
his control and performance improved steadily.
He appeared to be a late-bloomer, something that
would have been impossible to see from cockpit
observations only.

Individual differences and the difficulty of ro-
bustly de-blinking data made it difficult to extract
practical metrics from the eye tracking data. For
several subjects the eye tracker could not consis-
tently detect the pupil for unclear reasons.

We are still in the process of developing EEG
based metrics. A spectral band power analysis [9]
and Approximate Entropy [10] did not provide
useful results. It is still unclear if this is due to
the low quality of the EEG data or that these met-
rics are not sensitive enough for our application
(with a small number of trials per subject, lim-
ited measurement time, and a multidimensional
and time-varying task).
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The progress of 3 of the subjects is shown in
Figure 8. The subject of Figure 8(a) received spe-
cific ‘High Altitude Lateral Control’ training, so
we expect his horizontal deviation, aileron con-
trol period, and number of aileron control ac-
tions to improve. It is interesting to note that
the aileron control period may seem to get worse,
but this is due to the fact that on Day 1 the sub-
ject made only very few control actions, which
happened to be short period, resulting in a good
evaluation on this metric. In short, if the number
of control actions is too low, their dominant pe-
riod becomes meaningless. The subject also re-
ceived scanning training, which can be expected
to result in an overall improvement of all vari-
ables except aiming, flare, and heart rate. The
heart rate trend getting worse at first and then re-
covering somewhat indicates a pattern similar to
that of the subject shown in Figure 7.

Figure 9 shows a comparison between groups
of subjects who received a particular specific
training and those who didn’t. Subjects who
received the integral landing practice (i.e., no
specific practice) and in the case of Fig. 9(b)
also those who received scanning practice were
omitted from the analysis, since they would fit
equally well in either group. It can be seen that
the groups receiving special practice clearly im-
proved, while the groups that didn’t receive such
practice didn’t improve. For the other specific
trainings the results were less distinct. This may
be due to the small sample size, lesser sensitivity
of the metrics, ineffectiveness of the training ex-
ercises, higher difficulty of the task (e.g., lateral
control takes more time to master than longitudi-
nal control, so a few hours may not suffice), or a
combination of these.

4 Discussion

A remaining issue is that it is often very difficult
to define what is ‘good’ or ‘appropriate’ control.
In particular when we also consider the wide va-
riety of pilot tasks and objectives, including ill
defined concepts such as passenger comfort and
his own workload, it is not always clear what de-
serves high priority and what performance level
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Fig. 9 Effect of special training. Boxes span from the first to the third quartile, + indicates an out-
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is acceptable in the given situation. Unlike typ-
ical automatic feedback control systems which
aim at driving the error signal to zero, a pilot will
generally be indifferent to the error value as long
as it is within some (soft) limits, and those limits
may change over time with the flight phase or the
pilot’s workload.

Another issue is that sometimes veteran pi-
lots and beginners show very similar behavior,
while those in an intermediate phase act differ-
ently. This makes it impossible to automate eval-
uation without contextual awareness (e.g., num-
ber of training hours so far). A simple example

would be the elevator control effort. A beginner
who doesn’t know what to do may rely on the
plane’s natural stability and have small path de-
viations without controlling anything at all. An
intermediate trainee who tries to correct small de-
viations may over-control and stay busy correct-
ing his/her self-caused deviations. The veteran
notices deviations when they are still small and
can correct them quickly and without much ef-
fort. Both in control effort and in performance,
the beginner and veteran are very similar. This
shows the risk of reducing complex data to a few
simple indices.



The analysis of bio data poses some chal-
lenges due to the large interpersonal differences,
and even differences between days for the same
person. Normalization and standardization with
reference to the data recorded while watching the
replay and relaxing can help only to some extent.
Some subjects will easily get excited or stressed
and show an increasing heart rate, while others
will always stay ‘cool’. This may however be less
of an issue in a real training environment, as the
group of trainees has been homogenized by ap-
titude tests and medical examinations during the
selection process.

Finally, it is hard to obtain reliable reference
data. Although we accumulated data from many
student trainees, it is hard to find advanced and
veteran pilots who want to and are allowed to
cooperate, particularly when it comes to record-
ing bio data. An additional problem is that age
difference between veterans and trainees may af-
fect bio data (e.g., lower and more constant heart
rates, slower eye movements). At the same time,
veterans may have a accumulated rich practical
experience, but are not necessarily better than
early-career pilots [ 1] (cf. a veteran athlete be-
comes a trainer, but the early-career athlete wins
the Olympic).

It should be noted that there are some sub-
tle but important difference between evaluating
pilots and evaluating pilot trainees. For exam-
ple, whereas pilots need to be trained to a level
where they have sufficient spare capacity to deal
with unforeseen events, trainees need to be suffi-
ciently challenged (without being overloaded) in
order to learn efficiently. This has important im-
plications for the interpretation of metrics using
for example heart rate and heart rate variability.
Another difference is that experienced pilots may
have developed their own ways of doing things.
These alternative methods may be equally valid
(or even better suited to the individual), but may
not be evaluated as such by an automated system,
and maybe not even by a peer with even different
preferences. For trainees however, it is impor-
tant to acquire a basic set of skills to build on, so
it will be appropriate to define a set standard for
them.
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5 Summary and Future Works

We proposed a method for the automated analysis
of a variety of data collected during (simulated)
practice flights, which can support the instructor
in deciding which skills to focus on for each in-
dividual trainee. Such a system could even help
a trainee to self-evaluate and perfect his/her skill
to a specific level before requesting new instruc-
tion, so that the limited contact-time can be used
more effectively. In addition, some issues may
be hard to detect through ‘subjective’ observa-
tion by an instructor (e.g., effort, stress, work-
load, information use, situational awareness, con-
trol style/strategy), but may be possible to eval-
uate to some extent using measured ‘objective’
data. We showed examples of heart rate analysis
and spectrogram analysis of elevator control that
illustrate this.

We applied the PILOD method in an experi-
ment where we trained 10 subjects very systemat-
ically. The metrics based on flight technical per-
formance measures, control style, and ECG were
shown to be sufficiently sensitive and robust to
use for evaluation. Metrics based on eye tracker
data and brain waves will need to be investigated
further. The results also showed the effectiveness
of the training in general, and of the specific flare
and longitudinal control training modules in par-
ticular.

Additional effort will be needed to improve
the robustness of several bio-feedback metrics,
and to strengthen the base of reference data from
advanced trainees and veterans. We also plan to
validate the effectiveness of a number of special
practice exercises in independent experiments,
that is, without the complete flight basic training.
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