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Abstract

Helicopters are used in complex and harsh operational environments such as
search and rescue missions and firefighting, that require operating in ground prox-
imity, tracking targets while avoiding impacting obstacles, namely a combination
of point tracking (“positive”) and boundary avoidance (“negative”) objectives. A
simulation task representing simplified helicopter dynamics is used to investigate
point tracking and boundary avoidance tasks. The variance and regression anal-
ysis are used to study the effects of task conditions on participants’ tracking er-
rors and input aggression. The overall tracking error shows a negative correlation
with input aggression. The participants tend to have higher input aggression and
lower tracking error near the boundaries, exposing the switching of manipulation
input strategies under different task conditions. It also suggests a potential way
of designing simulation tasks for human operators manipulating helicopters and a
trigger for investigating pilots’ biodynamic feedthrough.
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LIST OF ACRONYMS
ANOVA Analysis of Variance
APC Aircraft-Pilot Coupling
BAT Boundary Avoidance Tracking
BDFT Biodynamic Feedthrough
GUI Graphical User Interface
MAE Mean Average Error
PAO Pilot Assisted Oscillations
PIO Pilot Induced Oscillations
RMS Root Mean Square
RMSE Root Mean Square Error
RPC Rotorcraft-Pilot Coupling
GPR Gaussian Process Regression

1 INTRODUCTION

1.1 Aircraft and Rotorcraft Pilot Coupling
Current high-performance aircraft and rotorcraft have been developed to meet the

increasing demands of various missions. During design, testing, and operations, en-
gineers and pilots must anticipate and manage unfavourable occurrences known as
Aircraft-Pilot Couplings (APCs), or Rotorcraft-Pilot Couplings (RPCs) (1) in the fixed-
and rotary-wing contexts, respectively. APC and RPC phenomena emerge from the
undesired and unexpected coupling between the pilot and the vehicle. They can lead to
instabilities of both oscillatory and non-oscillatory nature, degraded handling qualities,
and increasing structural strength requirements, potentially resulting in catastrophic
accidents. APC and RPC “events are rare, unexpected, and unintended” (2), but the fre-
quency of their insurgence can be expected to increase and manifest itself in different
and unforeseen forms as new types of air vehicles are introduced (3).

Before 1995, the aircraft and rotorcraft communities referred to APC and RPC
events as Pilot-Induced Oscillations (PIO) and Pilot-Assisted Oscillations (PAO) (4,5),
whose distinction carried an underlying, implicit emphasis on whether the interaction
was with rigid-body or aeroelastic vehicle dynamics (1). Although such denominations
appear to put inappropriate and excessive emphasis on the role of pilots as the primary
cause of APCs and RPCs, whereas the culprit of the phenomenon lies in the proneness
of the vehicle to adverse interaction with the pilot (2), they remain of general use. In
this context, in accordance with (1) and further highlighting their underlying genesis
and nature, we choose to interpret PIOs as “Rigid-Body A/RPCs,” or control-motivated
A/RPCs, and PAOs as “Aeroelastic A/RPCs,” or control-unrelated A/RPCs.

1.2 Boundary Avoidance Tracking
Boundary-Avoidance Tracking (BAT) is a pilot-task model proposed by Gray (6,7),

which stems from the consideration that in the process of performing flight tasks, pilots
not only need to complete the task of “maintaining specific conditions” (point tracking,
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a “positive” objective) but also typically need to “avoid certain conditions” (boundary
avoidance, a “negative” objective), such as clearance from obstacles, or staying away
from dangerous operational conditions, like stall for fixed-wing aircraft or vortex-ring
susceptible envelope for helicopters. Researchers believe that boundary avoidance be-
haviour has a strong correlation with the critical phenomenon of PIO, as defined in
Section 1.1, which triggers the pilot’s input change from minimal, gentle control to
rapid, exaggerated commands, often in phase opposition (6,7). The usual point-tracking
models, focusing on the positive goal of the pilot, usually cannot correctly describe the
onset of the corresponding PIO phenomenon, while boundary avoidance tracking can
capture the struggle between the positive and negative objectives of the pilot.

BAT is used across many domains including workload/cognitive load measure-
ment (8,9), pilot model investigation (10,11,12), flight safety (13,14), handling qualities (15),
situational awareness (16), etc. For the present study, a task inspired by the BAT concept
was designed, where point tracking and boundary avoidance tracking were simultane-
ously employed to investigate how participants make trade-offs between the two control
strategies.

1.3 Pilot’s Performance
During task execution, the situational awareness of the pilot in the human-machine

system has a significant impact on task performance. A generally agreed definition
of situational awareness is divided into three levels: perception, comprehension, and
projection, each playing a different role in the system (17). The measurement of situa-
tional awareness can be divided into direct and indirect methods (18), where the former
includes Situation Awareness Global Assessment Technique (SAGAT) (19), Situation
Present Assessment Method (SPAM) (20), and other query methods, and the latter in-
cludes process measurement (eye movements, communication, etc.) (21,22) and perfor-
mance measurement (reaction time, error, etc.) (23,24). The task design of this study
includes explicit tracking tasks and direct data acquisition. Therefore, point-tracking
error and input aggression were used to evaluate the performance of participants, re-
flecting their situational awareness.

1.4 Research Purpose
This study aims to discover the relationship between pilots’ performance and input

strategy when simultaneously pursuing contradictory task goals, namely point tracking
and boundary avoidance.

This study is based on a simple hardware flight simulator. Flight simulation plays
an important role in areas such as human-machine interaction, pilot modelling, and sit-
uational awareness. Lu and Jump (25) established and determined the pilot model and
parameters under the BAT task using flight simulation tasks, while Feng et al. (26,27,28)

used flight simulation tasks to determine the relationship between task design, situa-
tional awareness of subjects, and work performance. Zanoni et al. used flight simula-
tion to study the biomechanical feedthrough (BDFT) of the upper limbs of pilots and
the effect of the task on pilots’ muscular activation (29,30,31).
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An important element of the task design of this study lies in its randomness. Sev-
eral previous studies about boundary avoidance used periodic tasks (11,12), which would
cause participants to learn the regularity of the task goals and predict their trajectory,
thus affecting the tracking performance and objectivity of the experiment and model
fitting.

BDFT provides an insight in topics such as PAO caused by the passive, i.e., invol-
untary, response of the pilot. The task and interface design presented in this study are
being used also for research in this area (32). The effect of BAT on BDFT will be the
objective of future research.

2 OBJECTIVE AND APPROACH
This research attempts to answer these questions:

RQ1 Will pilots use different input strategies to cope with different task conditions
(namely, point tracking and boundary avoidance)?

RQ2 What will the performance of the pilots be under different task conditions?

RQ3 Is there a correlation between pilots’ input strategy and the corresponding per-
formance?

Under the guidance of these questions, this research investigates the pilots’ re-
sponse to the simultaneous and contrasting goals of point tracking and boundary avoid-
ance in a simplified simulated flight task; two main aspects are the aim of this study:

1. Pilots’ tracking performance and input aggression under different task conditions
regarding both point tracking and boundary avoidance tracking;

2. The possible relationship between input strategy (aggression) and task perfor-
mance (tracking error).

Section 3 describes the methodology of this study. Section 4 describes the data
analysis procedure. Section 5 presents the results of the experiments, that are discussed
in Section 6. Conclusions are finally drawn in Section 7.

3 METHOD

3.1 Participants
Fourteen participants volunteered and took part in the experiments. Participants

were randomly recruited from undergraduate and graduate students, with an average
age of M = 25.08, SD = ±1.12 years. The participants had no specific helicopter train-
ing or former experience with the task. One of them was female, twelve of them had
video game experience with controllers, and four of them had simulated or real-life
fixed-wing piloting experience. The participants were briefed about the test procedure
and its objectives, without excessive details, to avoid influencing the control strategies
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they were going to use. They were informed that they could call the end of the experi-
ment at any time if they felt any physical or mental discomfort. All participants signed
an informed consent form prior to the experiment.

3.2 Test Devices
The joystick utilized in this study was a ThrusterMaster developed by Guillemot

Corporation S.A., France, shown in Figure 1. It has two main sticks. The left one
only moves in the longitudinal direction, simulating the “collective” inceptor of a he-
licopter. The right one moved in both longitudinal and lateral directions, simulating
the “cyclic” inceptor of a helicopter. The simulated task was developed and operated
on a laptop, with an Intel Core i5-7300HQ processor, Nvidia Geforce GTX1060 6 GB
VRAM graphics card, and 16 GB of RAM. The laptop’s operating system was Win-
dows 10 21H2, version 19044.1645.220403-0835. The joystick was connected to the
laptop using its USB cable. Figure 2 shows the set-up of the experiment. In this study,
only the cyclic stick was used.

Figure 1: The joystick used for the test.

3.3 Experiment Design and Procedures
3.3.1 Task Design

The tasks were designed based on a helicopter tracking task and the concepts of
“point tracking” and “boundary avoidance tracking” (BAT). During the task, the par-
ticipants received visual information from the monitor. Two types of information were
displayed on the monitor, the “point” to be tracked and the “boundary” to be avoided.
Two types of tasks were performed: one without “boundary”, where participants could
focus on the “point tracking” task; the other with “boundary”, where the participants
were told to conduct a point tracking task (a “positive” objective) while avoiding the
boundaries (a “negative” objective), such that once the boundary was touched, the task
would fail immediately. As a consequence, particular emphasis was placed on avoiding
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Figure 2: The experiment’s set-up.

the boundaries, whereas no specific reward or emphasis was associated with tracking
accuracy. The same task design will be utilized also for future/ongoing research in
pilots’ BDFT.

3.3.2 GUI Design

The GUI was designed in Scalable Vector Graphics (SVG) format. The participants
would see the interface of Figure 3, whose main elements are:

Figure 3: GUI interface.

1. A square scale, related to the cyclic stick.
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2. A circular indicator (in green), displaying the position of the cursor that repre-
sents the response to a cyclic input.

3. A purple diamond, indicating the target that the pilots are requested to track with
the above mentioned circular indicator.

4. Sawtooth boundaries, for boundary avoidance tracking tasks.

The vertical and horizontal axes of the square scale correspond to the longitudinal
and lateral components of the cyclic stick’s motion, respectively. Among the displayed
elements in Figure 3, (4) and (5) would change colour according to the distance be-
tween the target and the pointer, as an indicator for the participants to adjust their
controlling strategies; (6) would also change colour if the pointer were close to that
specific boundary, as a visual proximity warning.

3.3.3 Simulink Module

The Simulink module of Figure 4 was integrated into MATLAB 2022a to generate
and output the signals related to target and boundary movement, collect the input sig-
nals from the joystick, and filter them through the helicopter transfer function discussed
in Section 3.3.4.

Figure 4: Simulink Module.

The blocks of the Simulink module are:

• Control Input: it receives input signals from the joystick (eventually, from the
flight simulator platform).

• Dynamic Model: it simulates the dynamics of the helicopter model. For this
research, an appropriately crafted second-order transfer function was used.

• Target Generator: it receives parameters and random seeds to generate the signal
that controls the target movement.

• Boundary Control: it receives the parameters to control the movement of bound-
aries.
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• Shift Control: it adds the shifting movement to the boundary and target move-
ment.

• Stopwatch: it terminates the task when a certain condition is met (e.g., the task
duration time is exceeded or the boundaries are crossed).

Several parameters control the movement of the target and boundaries. For target
movement, the adjustable parameters include motion speed, direction, and duration,
stance duration, maximum position, and task duration. For boundary motion, the ad-
justable parameters include motion speed, lower limit position, and type of motion
pattern. Random target motion parameters were set within certain limits. Figure 5
shows an example of one-axis target movement.

Random seeds were utilized to generate reproducible random signals. By selecting
a sequence of random seeds, the participants would individually experience a set of
unpredictable random tasks, while tasks were consistent among all the participants.

Figure 5: Target Movement.

Boundary movement patterns could be configured as “discrete” or “continuous”.
An example of one-axis boundary movement is shown in Figure 6. It illustrates the
difference between “discrete” and “continuous” boundary motion. The transition be-
tween discrete boundary changes was always smoothed, to provide the participants
with some form of warning that the boundaries were about to change.

Figure 6: “Discrete” and “continuous” boundary movement.

A shift could be applied to both the target and boundary movement signals. A
sinusoidal function with increasing frequency (“chirp”) was added to the target and
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boundary movement signals. The amplitude of the sinusoidal function was parameter-
ized and adjusted in real-time so that the boundaries would not move outside of the
scale. Figure 7 shows the boundary movement with shifting. And Figure 8 shows how
the target and boundary move with and without shifting.

Figure 7: Boundary movement with shifting.

Figure 8: Target movement with and without shifting.

In the definition of the tasks, care was taken to make them always attainable; no
task required getting too close to a boundary or even having to cross one, to reach the
target.

3.3.4 Simplified Helicopter Dynamics

A second-order transfer function is implemented in this study as the Dynamic
Model of Figure 4. The structure of this transfer function mimics the function used
in (33) to describe the helicopter dynamics along the vertical axis in hover, which con-
tains the dominant pole of the helicopter and an integrator, expressing the relationship
between the control input and the displacement of the helicopter. The parameters of
the transfer function have been tuned to find a trade-off between realism and feasibil-
ity/difficulty of the task. No claim is made on the fidelity or even the representativeness
of such a dynamic model. The resulting transfer function is

H(s) =
0.45

s2 + 0.3s
(1)
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3.3.5 Task Patterns

The participants were instructed to operate only the cyclic stick, as operating two
sticks at the same time proved to be too difficult among research group members under
the configuration for this study. Correspondingly, target and boundary movements were
only applied to the cyclic stick. The participants performed a sequence of 5 different
types of tasks, 3 runs for each type (except for Task 0, which the participants could
repeat as many times as they wished, for familiarization). The types of tasks are:

• Task 0: Point tracking task only, with no termination condition other than task
duration. The maximum target movement was 60% of the scale’s dimension.
This task was for the participants to familiarize themselves with the joystick and
response transfer function.

• Task 1: Point tracking task with boundary avoidance tracking, boundary move-
ment is “discrete”, no shifting movement.

• Task 2: Point tracking task with boundary avoidance tracking, boundary move-
ment is “continuous”, no shifting movement.

• Task 3: Point tracking task with boundary avoidance tracking, boundary move-
ment is “discrete”, with shifting movement.

• Task 4: Point tracking task with boundary avoidance tracking, boundary move-
ment is “continuous”, with shifting movement.

Data collected during the experiment included:

• Target movement;

• Boundary movement;

• Raw input signals;

• Pointer movement signals (input filtered by the transfer function).

All data were collected for both the longitudinal and lateral axes of the cyclic stick.

3.3.6 Index Definition

In this study, tracking error and input aggression are utilized to evaluate the perfor-
mance and control strategy of the participants. The error is defined for the purpose of
evaluating how well the participants performed the point-tracking task. Aggression is
defined to evaluate how intensely the participants were manipulating the joystick (34).
The larger the input amplitude or frequency, the larger the aggression is. Several defi-
nitions have been proposed, which differ in the norm that is used to evaluate the rate of
the control input. Lu and Jump (25) proposed to use its 1-norm; in this work, the Root
Mean Square (RMS) is used instead, following the work of Gray (35).

The indicators are defined as

error = target − response (2)
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aggression =

√
1

t1 − t2

∫ t2

t1

∣∣∣δ̇ (t)
∣∣∣2 dt (3)

where:

• target is the target movement signal;

• response is the response signal;

• δ (t) is the pilot’s input signal; δ̇ (t) is its time derivative;

• t1, t2 are the start and end of a time interval for aggression analysis.

The signals are actually available as discrete time series, with a sample rate of
60 Hz. To evaluate the performance and aggression in a certain time period (the whole
task run or a specific portion, for example), their RMS is calculated:

errorRMS =

√√
1
n

n∑
i=0

(errori − errormean)2 (4)

aggressionRMS =

√√
1
n

n∑
i=0

(
aggressioni − aggressionmean

)2 (5)

Since experimental data were directly measured in terms of longitudinal and lateral
components of the input, the composed total value of tracking error and input aggres-
sion can be calculated as follows:

errortotal =
√

error2
longitudinal + error2

lateral (6)

aggressiontotal =

√
aggression2

longitudinal + aggression2
lateral (7)

For the evaluation of a complete task run, the RMS value is directly calculated
and the results are utilized as baseline data. For the evaluation of specific conditions
within a task run, timestamps, when the conditions were met, are marked, and the
corresponding error or aggression values are extracted to calculate the local RMS value.
Data extracted from all task runs were grouped in terms of participants and task patterns
respectively, to analyze the effect of differences among individuals and task patterns.

3.3.7 Results Prediction

The randomness of the target movement and the presence of the boundary indi-
cated that participants might find the tracking task at some times easy and difficult at
others. The changing difficulties of the tasks might trigger participants to shift their
input strategies, resulting in a change in input aggressiveness and tracking error. The
possible results are listed below.

• Tracking error
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1. The tracking error was lower in easy tasks than that in difficult tasks. If this
result should appear, it might indicate that the participant tended to focus on
avoiding boundaries and treating tracking as a secondary task under critical
boundary situations;

2. The tracking error was higher in easy tasks than that in difficult tasks. This
result might indicate that under difficult tasks, the participants force them-
selves to be more accurate in performing the tracking tasks, with the sec-
ondary effect of avoiding the boundary, resulting in a lower tracking error.

• Input aggression

1. The input aggression was lower in easy tasks than in difficult ones. This
might indicate that participants felt relaxed in easy tasks and did not need to
make sudden adjustments for tracking tasks, while in difficult tasks partic-
ipants felt the risk of hitting the boundary and adjusted their input strategy
to complete the task;

2. The input aggression was higher in easy tasks than that in difficult tasks.
This situation might happen when participants abandon tracking tasks and
stay in a safe area during difficult tasks.

4 DATA ANALYSIS

4.1 Conditions and Boundary Thresholds
Different conditions were defined to distinguish different groups of situations the

participants encountered during the tasks:

(a) Condition 1

• Closing: the pointer is moving towards one of the boundaries;

• Opening: the pointer is moving away from one of the boundaries;

(b) Condition 2

• Near: the point is between one of the boundaries and its corresponding
boundary threshold;

• Far: the pointer is outside boundary thresholds.

(c) Condition 3

• Closing and Near: both the Closing and Near conditions are simultane-
ously met;

• Opening or Far: any of the Opening or Far conditions (or both) is met.

They are illustrated in Figure 9.
In this group of definitions, boundary threshold needs further clarification. The

threshold should be small enough to only capture difficult task conditions, where par-
ticipants are most likely to change their input strategy; however, it should be large
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Figure 9: Conditions of Section 4.1.

enough to sample a sufficient amount of data for the analysis. For this reason, differ-
ent boundary thresholds were tested. The duration of the Closing and Near condition
in every task run, for a total of 216 test runs under different boundary thresholds, is
plotted in Figure 10. Each task run lasts 120 seconds.

Figure 10: Duration of Closing and Near condition for different values of boundary
threshold.

When the boundary threshold is set to 0.1 (i.e., 10% of the cyclic scale), approx-
imately 50% of the data is in the range of 27 s to 40 s, with a median value of 33 s.
When it is set to 0.15, approximately 50% of the data is in the range of 40 s to 53 s,
with a median value of 49 s. Subsequent analysis showed that using boundary threshold
values of 0.1 or 0.15 had no significant influence on the results. The analysis presented
in the following is based on a boundary threshold of 0.1.

4.2 Regression Analysis
In this research, Gaussian Process Regression (36) is used to analyze if the tracking

error can be explained by experimental factors. Different task conditions were included
in the regression model (participant’s ID, task runs, task pattern, input aggression, task-
failed flag) to investigate how these conditions affected the tracking errors.
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The same basic functions and kernel functions were applied for longitudinal, lateral
and composed total data, namely Equations (6) and (7). The scattered response plots,
predicted vs actual plots, and residual plots were generated and presented to demon-
strate the validity of the regression method. Then partial dependence plots were applied
to interpret experimental factors.

4.3 Failing the Task
The existence of critical boundaries meant that participants could fail the task be-

fore the defined task duration of 120 s was reached. Statistical and regression analysis
was done with task runs that did not fail, to extract data that fully represented partici-
pants’ performances under pressure. Task runs that failed will be treated individually
to analyze how the test developed leading to the failure of the task.

5 RESULTS

5.1 Individual Analysis
5.1.1 Baseline Performances

Baseline performances were extracted from the first 3 to 5 task runs where bound-
ary avoidance tracking was not involved. The RMS values of the tracking error are
shown in Figure 11. The RMS values of the aggression are shown in Figure 12. The
ANOVA analysis results presented in Table 1 show that in terms of both the cyclic
tracking error and input aggression, the participants presented significantly different
behaviours (p < .01), which means the task design between point tracking and bound-
ary avoidance tracking was effective in triggering different participants’ control strate-
gies to cope with the different task conditions.

In terms of tracking errors, the following results were observed from Figure 11:

1. Among all the tracking tasks performed with the cyclic stick, the participants
showed higher and more scattered tracking errors in tasks without BAT (M =

0.109, SD = 0.074, where M stands for Mean and SD for Standard Deviation)
than in those with BAT (M = 0.075, SD = 0.044). Input aggression was higher
for task runs without BAT (M = 1.207, SD = 0.443), than for those with BAT (M
= 1.137, SD = 0.520);

2. In task runs without BAT, the tracking error of participants 4 and 7 was higher
in the longitudinal than in the lateral direction; the tracking error of participant
8 was higher in the lateral than in the longitudinal direction; the tracking er-
rors of all participants showed significant difference (p < .01) in the longitudinal
direction, but not in the lateral direction (p > .05);

3. For most participants, task runs without BAT showed a higher and more scattered
tracking error than that of task runs with BAT; exceptions are participants 1, 2,
6, 11, 13, and 14, whose tracking errors were less scattered in task runs without
BAT, and participant 9, whose tracking error showed no significant difference;
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Figure 11: RMS values of tracking error.

Figure 12: RMS values of input aggression.
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Table 1: ANOVA analysis between With and Without BAT Tasks.
Difference Significance:
With and Without BAT Tasks

Tracking Error

Longitudinal
Source F-value P-value
WithWithoutBAT 46.57 <0.001
Participant 24.67 <0.001
Interaction 3.28 <0.001

Lateral
Source F-value P-value
WithWithoutBAT 13.85 <0.001
Participant 27.79 <0.001
Interaction 1.66 0.073

Total
Source F-value P-value
WithWithoutBAT 37.22 <0.001
Participant 30.62 <0.001
Interaction 2.66 0.002

Input Aggression

Longitudinal
Source F-value P-value
WithWithoutBAT 5.24 0.023
Participant 50.75 <0.001
Interaction 6.05 <0.001

Lateral
Source F-value P-value
WithWithoutBAT 10.38 0.002
Participant 42.01 <0.001
Interaction 7.20 <0.001

Total
Source F-value P-value
WithWithoutBAT 4.20 0.042
Participant 65.79 <0.001
Interaction 8.49 <0.001
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4. Participant 11 is the only one whose tracking error in task runs with BAT was
higher than that in task runs without BAT, but the largest error was treated as an
outlier.

The comparison discussed above showed that a smaller tracking error occurred in
BAT tasks. This was expected since tasks without BAT were meant for participants
to get familiar with the joystick and the task. The absence of a fail condition made
participants operate in a relaxed environment. During BAT tasks, instead, participants
were given a workload higher than they expected, which in several occasions resulted
in better performance, at least within certain ranges of parameters. The presence of the
boundary also resulted in a less scattered tracking error in BAT tasks because partici-
pants were guided to track the target while avoiding the boundary.

The comparison of the aggression in Figure 12 produced the following results:

1. Only participants 2 and 11 had a lower aggression in task runs without BAT than
that in task run with BAT, and other participants had a higher aggression in task
runs without BAT. The difference in the input aggression is significant (p < .001);

2. Scattered degree of aggression showed no significant difference for most cases
except that participant 7 showed a larger scatter region (contributed by an outlier)
in task runs with BAT. The changing of aggression for participants 2 and 11 was
unique among other participants, indicating that they chose less aggressive input
strategies for BAT tasks. While other participants utilized more cautious/careful
input strategies for more difficult tasks.

5.1.2 Analysis of Conditions

(a) Condition 1
Figure 13 shows the tracking error and input aggression for Closing and Opening
conditions. The tracking errors under the Closing condition (M = 0.069, SD =

0.035) are slightly larger than those under Opening (M = 0.045, SD = 0.029)
for most participants, but the results showed did not show sufficient statistical
significance (p > .05). Furthermore, participants 5, 6, 8, 11, and 14 presented a
larger scattered region for tracking errors. Combined with their behaviour during
the test, a conclusion can be drawn that they tended to aggressively pull back the
joystick when the target was leaving the boundary area, resulting in larger max-
imum tracking error values. The input aggression under the Closing condition
was slightly larger than under Opening, though again no sufficient significance
could be observed (p > .05).

The result shows that participants were more likely to control the stick less ag-
gressively when they tried to follow the target getting close to the boundary, to
avoid hitting it.

(b) Condition 2
Figure 14 shows the tracking error and input aggression for Far and Near condi-
tions. The tracking errors under the Near condition (M = 0.027, SD = 0.012) are
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Figure 13: Error and Aggression under the Closing and Opening conditions.
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Table 2: ANOVA analysis between the Closing and Opening conditions
Difference Significance:
Closing and Opening conditions

Tracking Error

Longitudinal
Source F-value P-value
Condition 4.15 0.042
Participant 58.58 <0.001
Interaction 0.29 0.993

Lateral
Source F-value P-value
Condition 33.78 <0.001
Participant 70.93 <0.001
Interaction 1.03 0.421

Total
Source F-value P-value
Condition 13.80 <0.001
Participant 76.19 <0.001
Interaction 0.45 0.951

Input Aggression

Longitudinal
Source F-value P-value
Condition 18.32 <0.001
Participant 89.52 <0.001
Interaction 0.42 0.963

Lateral
Source F-value P-value
Condition 14.38 <0.001
Participant 98.80 <0.001
Interaction 0.17 1.000

Total
Source F-value P-value
Condition 4.97 0.027
Participant 132.63 <0.001
Interaction 0.24 0.997
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Figure 14: Error and Aggression under the Near and Far conditions.
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Table 3: ANOVA analysis between the Near and Far conditions
Difference Significance:
“Near” and “Far” Conditions

Tracking Error

Longitudinal
Source F-value P-value
Condition 335.44 <0.001
Participant 43.93 <0.001
Interaction 13.48 <0.001

Lateral
Source F-value P-value
Condition 519.03 <0.001
Participant 44.27 <0.001
Interaction 19.71 <0.001

Total
Source F-value P-value
Condition 162.14 <0.001
Participant 63.15 <0.001
Interaction 5.24 <0.001

Input Aggression

Longitudinal
Source F-value P-value
Condition 12.34 <0.001
Participant 70.31 <0.001
Interaction 2.10 0.014

Lateral
Source F-value P-value
Condition 10.77 0.001
Participant 72.41 <0.001
Interaction 3.04 <0.001

Total
Source F-value P-value
Condition 9.26 0.003
Participant 142.73 <0.001
Interaction 1.10 0.355
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significantly lower than under Far (M = 0.076, SD = 0.039) for all participants
(p < .001). The analysis of the participants’ behaviour during the test runs led to
two possible conclusions:

1. The participants exerted greater effort to control the stick, achieving high
accuracy for the point tracking task while preventing hitting the boundary;

2. When the target was in the threshold of the Near condition, it was stationary
for a larger portion of time than outside the threshold, so point-tracking
tasks were easier.

The input aggression showed inconsistent results across participants. For some
of them, the input aggression was higher under the Near condition, while for
others it was lower. Participants 10 and 11 presented different input strategies
for the longitudinal and lateral direction. This might indicate that they tended to
focus on one direction. For all participants, the difference in the input aggression
was significant (p < .05).

(c) Condition 3

Figure 15: Error and Aggression under the Closing and Near and Opening or Far
conditions.

Figure 15 shows the tracking error and input aggression for Closing and Near
and Opening or Far conditions. The tracking errors under the Closing and Near
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Table 4: ANOVA analysis between Closing and Opening and Near or Far conditions.
Difference Significance:
“Closing and Near” and “Opening or Far” Conditions

Tracking Error

Longitudinal
Source F-value P-value
Condition 392.54 <0.001
Participant 45.36 <0.001
Interaction 15.91 <0.001

Lateral
Source F-value P-value
Condition 537.74 <0.001
Participant 50.57 <0.001
Interaction 23.29 <0.001

Total
Source F-value P-value
Condition 167.23 <0.001
Participant 68.64 <0.001
Interaction 5.79 <0.001

Input Aggression

Longitudinal
Source F-value P-value
Condition 42.93 <0.001
Participant 62.66 <0.001
Interaction 1.95 0.025

Lateral
Source F-value P-value
Condition 35.88 <0.001
Participant 66.40 <0.001
Interaction 2.11 0.014

Total
Source F-value P-value
Condition 25.72 <0.001
Participant 140.93 <0.001
Interaction 1.01 0.444
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(M = 0.025, SD = 0.010) and Opening or Far (M = 0.072, SD = 0.038) condi-
tions showed a similar trend as under Near and Far mainly because tracking er-
rors under Closing and Opening showed no significant difference. The difference
in tracking error here also showed statistical relevance (p < .001). Inconsistent
results were observed for aggression also under this group. The difference be-
tween conditions and participants is significant for longitudinal and lateral axis
(p < .05), but not the composed total value (p > .05). Different participants ap-
plied different input strategies under severe task conditions, resulting in different
point-tracking performances.

5.2 Task Pattern Analysis
Figure 16 shows plotted each task run and their task pattern. Table 5 lists the mean

and standard deviation of each task pattern. As presented in Table 6, tracking errors
had no significant difference for each participant across different task patterns (p > .05),
while aggression showed a great difference (p < .001), which means that participants
tried to adjust their input strategy to cope with different task patterns, resulting in sim-
ilar tracking errors. Mean and standard deviation are presented in Table 5.

Figure 16: Tracking error under different tasks.

Table 5: Mean and standard deviation of tracking error and input aggression among
different task patterns

Task 1 Task 2 Task 3 Task 4

Error Aggr. Error Aggr. Error Aggr. Error Aggr.

Mean 0.074 1.104 0.080 1.117 0.073 1.141 0.071 1.187
Standard Deviation 0.043 0.452 0.057 0.460 0.034 0.560 0.039 0.606
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Figure 17: Input aggression under different tasks.

According to the definition and design of each task pattern, where Task 3 and 4
added a shifting movement for both target and boundary, the difficulty of Tasks 3 and 4
is higher than that of Tasks 1 and 2, but the performance varies in terms of participants.
For example, participants 2 and 12 showed no significant difference in performing dif-
ferent task patterns; participants 5, 6, 7, 13, and 14 presented the largest tracking error
when the BAT task was first introduced; this could mean that some learning effect still
had an impact on the participants’ performance during several of the first BAT tasks;
participants 4, 9, 10 presented the largest tracking error when the shifting movement of
the target and boundary was first introduced. For each task pattern, participants always
showed some decrease in tracking error with the prosecution of the task runs, which
indicates that some learning effect was present throughout the whole experiment.

The input aggression also showed variations. Participants 2, 3, 8, 9 presented the
largest input aggression in Task 4, which should be the most difficult by design. Other
participants showed a broader variety of results. Specifically, participant 7 showed the
largest input aggression in Task 1, which was the first group of tests where the BAT task
was introduced. This might be explained by the familiarization with the BAT task as
the experiment proceeded, which is consistent with the decreasing tracking error after
Task 1. Still, participant 7 was the one with the largest tracking error.

5.3 Failed Task Runs Analysis
In this Section, failed task runs that were representative are plotted and analyzed.
In the test run shown in Figure 18, the participant failed the task at about 65 s.

Between 42 s and 50 s, the lateral direction target was approaching the right bound-
ary. While the participant tried to track the target, they pulled the stick back periodi-
cally to avoid exceeding the boundary. As a consequence, the pointer also approached
the boundary periodically, but with some delay with respect to the participant’s input.
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Table 6: ANOVA analysis among different task patterns
Difference Significance: Task Patterns

Tracking Error

Longitudinal
Source F-value P-value
Task Pattern 1.49 0.220
Participant 32.93 <0.001
Interaction 0.89 0.661

Lateral
Source F-value P-value
Task Pattern 0.39 0.759
Participant 28.62 <0.001
Interaction 0.71 0.893

Total
Source F-value P-value
Task Pattern 0.78 0.508
Participant 38.23 <0.001
Interaction 0.78 0.804

Input Aggression

Longitudinal
Source F-value P-value
Task Pattern 8.15 <0.001
Participant 102.66 <0.001
Interaction 3.65 <0.001

Lateral
Source F-value P-value
Task Pattern 0.67 0.574
Participant 82.24 <0.001
Interaction 3.05 <0.001

Total
Source F-value P-value
Task Pattern 3.04 0.032
Participant 156.85 <0.001
Interaction 4.25 <0.001
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Figure 18: Task failed while trying to track the target near the boundary.

Right before the pointer hit the boundary, while approaching it, the participant tried
to slow down or stop the pointer by pulling the stick backwards. Because of the lag
caused by the transfer function, the response was delayed, resulting in hitting the target,
and thus failing the task.

Figure 19: Task failed while ignoring one axis.

Another failed task run is shown in Figure 19. The task failed at around 17 s. Com-
paring the input signal in both longitudinal and lateral directions, one can observe that
the participant was trying to control the stick to follow the target in the lateral direction,
where the target underwent a sudden stop close to the boundary. In the meanwhile, in
the longitudinal direction, the target was also moving towards the boundary, but the
participant seemed to ignore this axis and focused their attention on the lateral axis,
consequently failing the task with respect to the longitudinal axis.

5.4 Regression Analysis
During data processing, it was observed that participants who exhibited higher lev-

els of input aggression presented lower tracking errors. Conversely, participants who
had higher tracking error and task failure count exhibited lower input aggression. In
order to provide a more comprehensive analysis of the data, all data points were plotted
in Figure 20, including failed trials. The Figure indicates that although there is consid-
erable variation in the data points, they tend to be concentrated in the lower-left corner
of the graph. This pattern suggests that tracking error and input aggression may neg-
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atively correlate. To further investigate this relationship, Gaussian process regression
(GPR) was utilized.

MATLAB 2022b was utilized to use its built-in functions to script a Optimizable
GPR code. During the analyzing procedure, hyper-parameters for GPR were optimized
using Bayesian optimize method. Figures 21–23 show the results of the GPR. Table 7
shows the Root Mean Square Error (RMSE), R-Squared, Mean Squared Error (MSE),
and Mean Average Error (MAE) of the prediction.

Partial dependence represents the relationships between predictor variables and pre-
dicted responses in a trained regression model. It computes the partial dependence of
predicted responses on a subset of predictor variables by marginalizing over the other
variables (37). In this paper, partial dependence was used to explain the effect of predic-
tors (participant’s ID, task runs, task pattern, input aggression, task-failed flag) on the
predicted response (tracking error).

Figure 20: Aggression-Error plot.

Figure 21: Gaussian Process Regression in the Longitudinal Axis.

The participant number (1 to 14), task runs (1 to 17), task pattern (0 to 4), task
failure (0 or 1), and input aggression were used as the predicting variables while track-
ing error was used as the response. Regression figures are plotted in Figs. 21, 22, and

28



Figure 22: Gaussian Process Regression in the Lateral Axis.

Figure 23: Gaussian Process Regression for total data.

Table 7: Regression Training Results

Longitudinal Lateral Total

RMSE 0.027 0.025 0.033
R-Squared 0.59 0.53 0.62
MSE 7.2e-4 6.0e-4 1.1e-3
MAE 0.015 0.014 0.019
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23. Training results are shown in Table 7. According to the plots and results table, the
current model variables can explain about 50%–60% of the variance of the tracking
error. The variables are plotted separately to investigate the partial dependence of the
tracking error.

Figure 24: Partial dependence of Participants.

Figures 24–28 show each variable in relation to the tracking error for longitudinal,
lateral axes and total error. The ‘Participants’ partial factor showed the most variance
across all the variables (a range from 0.02 to 0.12, a margin of about 0.1 of the tracking
error), which could be understood because each individual had different proficiency
with the stick, as well as a different understanding of the task. The task runs showed
that although all tasks were random and different from each other, there was still a slight
negative correlation with the tracking error (a margin of about 0.06), which seems to
indicate that a learning effect still existed across the trials. This could be explained
by familiarization with the joystick, and some remaining implicit similarities between
the tasks. Task patterns seem to have a weak positive relation with the tracking error
(a margin of about 0.02), meaning that difficulty increased across the 5 task patterns.
Task failure increases the tracking error by about 0.02.

Input aggression showed an inconsistent correlation with the tracking error. For the
longitudinal axis, the increase in aggression also increased the tracking error, which
ranged at about 0.006, while increasing the input aggression at the lateral axis reduced
the tracking error with a margin of about 0.04. The combined total error showed a
negative correlation between input aggression and tracking error, with a margin of
about 0.06.

The tracking error was affected by multiple factors. The above-mentioned analysis
may have not covered all aspects of the problem, but it shows some interesting results.
The inconsistent correlation for the aggression deserves further investigation in future
research.
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Figure 25: Partial Dependence of Task Runs.

Figure 26: Partial Dependence of Task Patterns.
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Figure 27: Partial Dependence of Failure.

Figure 28: Partial Dependence of Aggression.
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6 DISCUSSION
This study aimed at investigating tracking error and input aggression under different

task conditions in point tracking and boundary avoidance tasks. A regression model
was implemented to find possible relationships between input aggression and tracking
error. The following aspects are discussed according to the questions raised in this
paper.

6.1 Participants and Task Patterns
The volunteers that participated in the experiment had no previous experience in

either helicopter piloting or similar simulation tasks.
The participants could familiarize themselves with the task configuration and joy-

stick manipulation through Task 0, which they could try as many times as they wished.
Therefore, it could be assumed that participants had sufficient experience and confi-
dence to deal with more challenging tasks before entering the BAT task. However,
different participants still exhibited different input strategies and tracking performance,
which were related to both the task configuration and the participants themselves.

From the perspective of task configuration:

1. In this study, the simulated missions were composed of a critical and a sub-
critical task. Considering its impact on the results, BAT should be considered
the critical task, as its failure would directly lead to the termination of the mis-
sion, whereas point-tracking can be considered sub-critical because even if the
participants could not keep the point-tracking cursor in the desired or accept-
able regions, the mission would not fail. This task configuration might affect the
participants’ manipulation decisions, which answers RQ1 mentioned in section
2.0.

2. The termination condition (i.e., participants’ contact with the boundary) of the
simulated task itself would also affect their strategies. We can assume that if
contacting the boundary does not immediately terminate the task but affects the
score after the task ends, participants will adopt different input strategies.

3. The distance and direction of the point-tracking target from the boundary sig-
nificantly affected participants’ manipulation strategies, regardless of different
participants, which was also expected in the experiment design phase of this
study.

In terms of participants, different task conditions resulted in different task perfor-
mance, thus answering RQ2. The reason of this difference could be:

• Different participants had biased understandings of the task because it is highly
abstract, without a standardized code of conduct. The participants’ understand-
ing and execution of the task were entirely determined by their personal cognitive
capabilities.
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• In Task 0, the participants might have not fully mastered the joystick manipula-
tion, possibly owing to their inability to observe the difficulty of the subsequent
tasks. Consequently, they could have been unable to judge the adequacy of their
current proficiency for the subsequent simulated tasks, resulting in the need for
further training, and thus a potential learning effect, during the whole experi-
ment (the learning effect would have been limited to joystick proficiency rather
than task configuration as in (25) and (12), where periodic targets were adopted,
allowing participants to anticipate the movement of the targets).

• Although all participants encountered the same task configuration sequence, their
input strategies for the same task condition were different, possibly leading to
different point-tracking task performances, thus answering RQ3.

6.2 Limitations
A rather simple experimental setup was used in this study. This is expected to be

insufficient to give the participants the possibility to feel the realism and immersion
realistic, albeit simulated, helicopter tasks should have, possibly resulting in a too-
relaxed attitude towards the experiment. In the study of (26), an appropriate/medium
workload could improve the task performance of the participants. We cannot assume
that in this study all participants immersed themselves in the simulated flight task to the
same extent. However, even if more realistic simulation equipment were used, the dif-
ferences in the participants’ immersion could not be completely eliminated. However,
improving the simulation environment should reduce the differences by an appreciable
amount.

From the perspective of simulated task design, a simplified simulated task may be
able to meet the research aims and make the data collection easy. However, whether
such a task can accurately reflect the characteristics of a real one and reproduce the
situations that may be encountered in real-world cases needs further verification. In
addition, the task design itself has space for improvement. Despite the randomness
of the target movement, one can observe from Figure 8 that it became much more pre-
dictable near the boundary. Sudden movements were only presented for large distances
between the target and the boundaries, possibly contributing to the lower tracking er-
ror under the Near condition. Improved tasks are being designed tested in an ongoing
study.

The main indicators used in this study to analyze the participants’ performance are
input aggression and tracking error, and the interpretation of the data mainly relies on
statistical methods. The validity and specificity of the p-value are questioned (38,39).
However, the p-value threshold for hypothesis testing has been the standard in the
field and is generally reported across the literature spanning some 30 years (18). The
authors believe that this method and these indicators are effective within the scope of
the present study. More effective methods will be tried in future research. In addition,
more data from various aspects of the experiments will give the opportunity to address
more faces of the problem.

There is still room for interpretation in the model fitting of input aggression and
tracking error. The predictive function of Gaussian process regression should be able
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to provide a reference for the participants’ input strategy.
Despite the aforementioned limitations, this study provides valuable preliminary

task design and methods that will be exploited in future research on pilot involuntary
response and the dependence of BDFT on task complexity.

7 CONCLUSIONS
This paper featured a simulation task design based on the concepts of point tracking

and boundary avoidance tracking, and a data analysis method to investigate pilots’
point tracking performance and input aggression. Several results could be drawn from
this study. First, during the whole experiment, participants had a learning curve for the
joystick and task pattern, reflected in a significantly reduced tracking error from the task
without boundary to tasks with boundary. Then, after the boundary avoidance tracking
was introduced in the task, participants presented different input strategies, detected
through aggression, resulting in different levels of tracking error. When the target
was near the boundary, the participants presented significantly lower tracking errors
(p < 0.001), and the levels of input aggression were also lower for the longitudinal and
lateral axis (p < 0.05). While the tracking error was not significantly affected by task
patterns (p > 0.05), the input aggression showed a significant difference (p < 0.001).
During the experiment, task failures were sometimes caused by two types of situations:
a) the delay between the manual input signal and the motion of the pointer, and b) the
distribution of the participants’ attention. Regression analysis showed that tracking
errors can be predicted to a certain extent, giving useful indications for pilot training
and input strategy advising in future experiments.

This research suggests the existence of a relationship between task condition, input
strategy, and task performance. The random task design will be developed further to
address the aforementioned limitations and serve as a template for future research. In-
put aggression during task performance could be an indicator for investigating BDFT
and the trigger of PIO phenomena. The results of this research could serve as a database
for the development of a pilot model, which describes pilots’ behaviour and response
to BAT tasks, and furthermore, the research on BDFT and Rigid-Body and Aeroelas-
tic APCs and RPCs. Future work will focus on the following aspects: implementing
a more realistic flight simulation environment, with real helicopter control inceptors,
heads-up display, and dashboards; utilizing realistic helicopter dynamics and intuitive
graphical flight task presentation; establishing a pilot model for pilot behaviour investi-
gation and human-machine interaction modelling; investigating how control strategies
affect BDFT and the occurrence of PIOs; and exploring the full potential of the mea-
sured data.
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