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Abstract. Ensuring safety and proficiency in aviation requires effective training
and maintenance of pilot skills. Pilots must maintain currency, implying regular
flight, though some critical elements (e.g. emergency procedures) are rarely prac-
ticed in-flight. Simulator sessions are employed for safe practice and training.
Simulators provide more opportunities for pilots to experience sophisticated
training without safety risks and dependencies on for example weather and logis-
tics. While human assessors currently evaluate pilot performance, a simulator can
provide rich data for assessments, utilizing learning analytics for individual in-
sights. Simulator data (and potentially aircraft data) is not regularly used yet in
training to gain insights in performance. Furthermore, current training planning
lacks consideration for individual needs, relying on fixed intervals and syllabi.
This study aims to investigate how simulator data can be used to assess perfor-
mance and if it provides valid statements about pilot performance. Thereafter, the
data is used to develop a skill retention model accommodating personal differ-
ences. The research involves Chinook helicopter pilots from the Royal Nether-
lands Air Force, using simulator data to create tailored performance metrics for
maneuvers. The ongoing study investigates the integration of simulator data into
training assessments and aims to contribute valuable insights into pilot perfor-
mance and skill retention. This paper presents the preliminary findings in the de-
velopment of learning analytics within this context.

Keywords: Performance Assessment, Evidence-Based Training, Pilot Perfor-
mance.

1 Introduction

1.1 Related Work

Defence organizations are increasingly more focused on (operational) readiness, driven
by a growing sense of urgency due to recent geo-political events, compelling them to
be fully prepared for potential conflicts. In 2022, NATO leaders agreed on a new NATO
Force Model [1, 21, 22]. This new model proposes a larger pool of high readiness forces
to improve NATO’s ability to react in quick response. NATO members are commis-
sioned to improve their operating methods in order to adhere to the new NATO Force
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Model. A critical component is the readiness of personnel. Readiness extends across
every level of the organization, involving everyone from the military pilot, trained for
specific goals and proficiency levels, to the commander, who requires thorough assess-
ment reports and extensive data to make informed decisions regarding deployments and
missions. Readiness can be subdivided into personnel, training, equipment on hand (i.e.
amount) and equipment status (i.e. usability). Readiness can be assessed on an individ-
ual (e.g. pilot), team (e.g. unit) and collective level (e.g. joint forces) [2]. However,
several divisions of readiness are available and can change per country and operational
command.

Several studies from the RAND Corporation indicated that the current readiness as-
sessment system falls short in effectively measuring the force's capacity to fulfill forth-
coming mission requirements [2, 3, 23]. Investment in training assets is mentioned to
help address the gaps in readiness assessment, specifically [2]:

Mission Training through Distributed Simulation (MTDS)
More simulators and new synthetic threat environments
Aggregated force readiness measurement

Adaptive, proficiency-driven training

The research investigates the utilization of data, particularly simulator data, for adap-
tive, proficiency-driven training. This field of research is known as learning analytics
[4]. It involves the development of performance metrics to evaluate pilot performance.
These metrics, in addition to instructor observations, help to outline trainee perfor-
mance, leading to a more comprehensive assessment of readiness on an individual level.

Following this, the study explores the possibility of modeling performance over time
based on the results of performance metric, which is called skill retention [5]. The in-
tegration of performance metrics and learning process modeling aims to optimize train-
ing by selecting and scheduling training tasks based on the individual needs of the
trainee. This improves effectiveness of training and resource efficiency to meet the re-
quired proficiency level. Thereafter, results from a whole unit or force can be aggre-
gated and analyzed from a commander's perspective, providing a comprehensive view
of the readiness of the operating commands.

This paper presents the proposed method and initial development of performance
metrics, along with preliminary results derived from the training session data. However,
it does not delve into the modeling of skill retention. The performance metrics are cru-
cial for modeling skill retention, and additional repeated measures are necessary. As
data collection is ongoing, results will be published at a later stage. The research in-
volves Chinook helicopter pilots from the Royal Netherlands Air Force (RNLAF), us-
ing simulator data to create tailored performance metrics for specific maneuvers. In the
following section, we describe the Learning Analytics that may be applied to achieve
this enhanced level of retention training and readiness.
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1.2 Learning Analytics and Performance Metrics

Learning analytics is defined as the measurement, collection, analysis, and reporting of
data on learners within their specific contexts. The primary objective is to comprehend
and optimize the learning process and the learning environment [4].

The application of learning analytics further distinguishes itself based on the levels
at which it operates. At one level, the focus is on individual (or team) learning pro-
cesses, where performance is analyzed, providing valuable insights for self-evaluation,
feedback, and performance assessment. Another level involves the analysis of data
from large groups, offering valuable insights at the organizational level. Management
can leverage these insights for improving learning trajectories and decision-making. In
terms of military organizations, the management application is layered from managers
of operational units responsible for training up to the commanders who decides on de-
ployment and missions.

While the distinction between application at an individual or group level is well-
known, another distinction is proposed between learning analytics within a training ses-
sion and between multiple training sessions. Within the specific time frame of a single
training session, learning analytics leverages data to provide insights into the perfor-
mance of an individual. By extrapolating this functionality over multiple training ses-
sions, aspects like skill retention can be addressed. While both types rely on similar
data, distinct algorithms and analyses are required to effectively capture and assess per-
formance trends over the course of time. For initial training, this could span weeks or
months, while in continuation training, it may extend over months, years or even dec-
ades.

Types of learning analytics. A training session occurs with its own context, both fore-
seen (e.g. training scenario) and unforeseen (e.g. weather). Assessment of performance
is highly dependent on this context and therefore learning analytics should be adjusted
and fine-tuned for every context [6]. Military operators determine their actions based
on the context, where a specific action may be correct in one context but improper in a
slightly different one. The distinctions between contexts can involve subtle nuances but
result in significant differences in desired behavior, particularly in critical situations.
Regarding assessment, an instructor possesses the experience, knowledge and ability to
recognize these differences based on their expertise and experience. An analytical
model in learning analytics is less sensitive for the context and therefore it is important
to provide sufficient context when interpreting the results. Models frequently tend to
either overgeneralize or undergeneralize. Hence, it is crucial to determine the intended
goal for using a performance metric and ensure its validity in that particular context.
While there is currently no consistent framework for various types of learning analytics
in military training, four distinct categories can be identified from the context of formal
education: descriptive, diagnostic, predictive, and prescriptive analytics [4]. When ap-
plied to the training of a military operator, the definition slightly shifts from formal
education.
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Descriptive analytics. Descriptive analytics offers insights into what takes place in the
training scenario (e.g. visualizations of aircraft positioning relative to other objects).
Descriptive analytics can be utilized in real-time and during an after-action review.
Nevertheless, the insights presented by descriptive analytics still need interpretation
from the user since they solely describe what occurs and do not assess or assign value
to the observed behavior. Descriptive analytics aids instructors in gaining awareness of
aspects that may be challenging to observe directly. During an after-action review, it
serves to replay events and reconstruct potential causes of both success and mistakes.
Its primary application is within a training session.

Diagnostic analytics. Diagnostic analytics offer insights into why something happened
[4]. Unlike descriptive analytics, diagnostic analytics involves a degree of assessment.
The conclusiveness of the assessment varies for each analytic. The least conclusive
form involves indicating abnormal behavior, such as a pilot deviating from procedures.
This indication does not categorically state correctness or incorrectness; instead, it high-
lights an event that is potentially interesting for reflection. An example of a diagnostic
analytic with high conclusiveness is a model that grades the execution of a turn based
on the prescribed procedures. These analytics can help an instructor focus attention on
intriguing events or on competencies that are complex to assess (letting the analytics
handle simpler competencies). For effective use, high conclusiveness must be granted
validity. The examples are mainly useful within a training session.

A diagnostic analytic can be applied in a context beyond specific actions, such as
assessing the execution of a turn. This involves the assessment of competencies. Vatral
et al. [7] developed a method in which diagnostic analytics, grading specific actions or
performance indicators, are utilized to grade competencies. The results of multiple spe-
cific metrics relevant to a competency are combined to generate a competency score.
The competency framework can be multi-layered, where competencies from a lower
level can also be combined to create a higher-level competency score. The methodology
expresses the score of a metric between 0 and 1, and this score is further categorized
into three states (below, at, or above expectation) for a metric or competency score.
Bayesian modeling is employed to combine these scores into a higher-level competency
score [7]. This Bayesian scoring method is applied within a training session. However,
there is also potential to use such approach between training sessions for long-term
competency assessment.

Another approach for long-term competency assessment between training sessions
is the use of the Elo rating system [8]. The Elo rating system, originating from compet-
itive gaming, quantifies the skill level of a trainee. Each participant is assigned a nu-
merical rating for each competency, and after each training session, the ratings are ad-
justed based on the outcome. Every training task or scenario is also provided by a nu-
merical rating per relevant competency, which is the complexity level. The updating
mechanism of the Elo rating system involves a dynamic adjustment of players' skill
ratings after each match. The extent of the adjustment is determined by the outcome of
the training session and the difference between the trainee’s skill rating and the com-
plexity of the training tasks. A lower-rated trainee gains more from performing well in
higher-rated training tasks, while a higher-rated trainee experiences a smaller rating
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increase when performing well against lower-rated training tasks. The difference be-
tween the skill rating of the trainee and the complexity level of the task is utilized to
calculate a probability of the win chance, expressed as a percentage, indicating the like-
lihood of a good performance by the trainee given the task’s complexity. The adjust-
ment, determined by a logistic function, ensures a dynamic and continuous reflection
of changes in trainee’s skill levels over time. The updating mechanism of the Elo rating
system is visualized in Figure 1. For a positive and effective learning curve, it is advis-
able to choose training tasks that align with the player's skill rating. This dynamic ad-
justment allows for the continuous assessment and monitoring of players' long-term
competency, reflecting their evolving skill levels as they engage in more training ses-
sions over time [8].
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Fig. 1. A visualization of the updating mechanism of the Elo rating system.

Predictive analytics. Predictive analytics are used to make estimates of future behavior.
It combines historic data to identify patterns in the data and with the use of mathemat-
ical models and algorithms relationships between various variables can be captured in
order to forecast trends [4]. These analytics are mainly useful between training sessions,
for example in the prediction of skill retention. Anticipating when proficiency might
diminish is advantageous for scheduling subsequent training sessions [9]. Various
methodologies are employed to predict skill retention. The Predictive Performance
Equation (PPE) adopts a theory-based approach, establishing a mathematical model
based on: (1) the power law of learning, indicating that performance improves with
practice; (2) the power law of forgetting, which suggests that performance declines over
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time since practice occurred; and (3) the spacing effect, emphasizing the benefits of
distributed practice over time [9]. Another approach involves the utilization of machine
learning algorithms, particularly those involving reinforcement learning and regression
[10]. These approaches can also be integrated into hybrid models, where they comple-
ment each other [10].

Prescriptive analytics. Prescriptive analytics provide recommendations and advice by
utilizing historical data, such as scores, to identify training needs and relate them to
various training options [4]. These analytics are frequently integrated into recom-
mender systems, which can vary in their objectives and the techniques used to generate
recommendations [11]. Recommendation systems can be applied across various time
frames, as illustrated by the following examples. Firstly, a recommendation on very
short notice involves the real-time adaptation of training scenarios based on the perfor-
mance and mental state of the trainee. Performance, assessed by evaluator and/or other
analytics, and mental state, determined by measures of brain activity, are used as inputs
to adjust the scenario's complexity. For instance, a fighter pilot may encounter more or
fewer adversary aircraft based on their performance [12]. Secondly, historical perfor-
mance data can be utilized to construct the next scenario in a training. In the Pilot Train-
ing Next research program, historical assessment data and the scenarios constructed by
instructors based on that data are provided to an Artificial Intelligence (AI) model. The
model suggests the next training scenario by emulating the instructor's scenario con-
struction process, considering the individual needs of each trainee, derived from the
data [13]. The third example occurs on a similar timeline to the Pilot Training Next
example. By employing the Elo rating system, competency scores are generated and
updated over time. Competency scores that lag behind in development are identified,
and subsequent training activities are recommended to address those underperforming
competencies at a complexity level that matches the trainee's skill level. To facilitate
this, an Experience Index is formulated, detailing which competencies are trained by
each training task and at what complexity level [8].

Measures in Military Exercises. The utilization of analytics or measures is not entirely
novel in the military domain. During military exercises, measures are frequently em-
ployed to obtain a more objective assessment of task execution. Two types of measures
are defined: Measures of Effectiveness (MoE) and Measures of Performance (MoP).
An MoE describes the desired outcomes, such as the mission objective, while an MoP
characterizes the performance of an action irrespective of the overarching mission goal.
These measures are established beforehand and evaluated afterward. Evaluation can be
based on operator observations and opinions during debriefs, but outcomes can also be
determined based on data [14]. The types of analytics mentioned in the previous sec-
tion, primarily descriptive and diagnostic analytics, could also serve as input for deter-
mining the outcomes for MoE and MoP.
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2 Methodology for Performance Metrics and Competency
Scores

For modelling and optimizing retention training, our proposed method makes use of the
methodology and results of Vatral et al. [7], which described the Generalized Intelligent
Framework for Tutoring (GIFT). This research uses the Generalized Intelligent Frame-
work for Tutoring (GIFT). GIFT is pioneering in the development of Al-based Aug-
mented and Intelligent Tutoring Systems (IAAR-ITS) environments [7, 19, 20]. The
research employs a competency-based approach, breaking down complex tasks into
competencies and subtasks through cognitive task analysis, resulting in a layered com-
petency profile. Each subsequent layer in the hierarchy further decomposes the complex
task, specifying subtasks until the level of observable behavior and actions is reached.
The bottom layer of the profile is made measurable through performance metrics [7,
20].

Subsequently, performance metrics developed for the bottom layer of the profile,
representing observable behavior. The exact method for developing the analytics is not
generic, as creating analysis models is context-dependent. The performance metrics are
described in detail in section 3.4. The layered competency profile allows scores at the
bottom to be aggregated to higher layers. Figure 2 depicts the interactions between the
different layers precisely, illustrating how a subordinate component can contribute to
multiple superior components. The multi-layered competency profile that is shown is
only a placeholder and will be defined at a later stage. A distinct visualization can be
made for each maneuver or task [7, 20]. The orange boxes indicate that assessments
scores of instructors can also be included in this method. This was not part of the initial
methodology [7, 20].

Performance
metrics (0 - 1)

Instructor-Led
Observation

Distance to
inverted ¥/

Competency scores (0 - 1)

Rate of Descent
during Touch-
Down

Adhere to procedure

Stick & Rudder Skills

Brown-out Maneuver

Glide Slope
M
Drift

Fig. 2. An overview of the interaction between the performance metrics (left box)
and the multi-layered competency profile (right box) for the brown-out maneuver.
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A performance metric can thus contribute to multiple competencies [7, 20]. Watz et
al. describe a criterion-based approach for developing learning analytics, defining rules
and cut-off points with experts to convert measurements into assessments. An effective
analysis model can be created with sufficient data and a well-defined concept of suc-
cess. Watz et al. also investigate aggregating underlying components to higher-level
ones, combining various measurements, both subjective and objective, into a perfor-
mance score through a weighted average. Initial weights are assigned by experts and
can later be refined using machine learning techniques [6]. However, Vatral et al. use
a different method to aggregate scores of underlying components to higher-level ones
[7,20].

The result of a performance metric at the lowest level of the framework is a contin-
uous number between zero and one, with three labels specified: (1) below expectation
for a score below 0.4, (2) at expectation for a score between 0.4 and 0.9, and (3) above
expectation for a score above 0.9. The continuous number can be based on a percentage
or score. A continuous score between zero and one is used because Bayesian network
models are employed to generate assessments for higher levels in the hierarchy. Bayes-
ian networks are probabilistic models, used for predictions, representing relationships
between variables. They consist of nodes representing variables and directed arrows
indicating causal relationships between variables. Each node has a probability distribu-
tion representing the likelihood of each possible outcome of that variable, given the
values of the variables it is linked to. These probability distributions are updated using
Bayesian inference, using new data to calculate the likelihood of each possible expla-
nation and determining which explanation is most likely. For each competency, the
probability of the state (i.e. below-, at- and above-expectation) is calculated [7]. The
Bayesian network model in this research consists of four models:

1) Three state competency model: the likelihood of a competence status given
the result of a performance metric (i.e. below-, at- or above-expectation).

2) Transition model: determining the likelihood of a competence status changing
after a training event (e.g., from below- to at-expectation).

3) Conditional model: assessing the likelihood of the higher-level competency
having the same status as the underlying competencies.

4) Prior model: evaluating the probability of the team having a certain status
based on prior knowledge and experience.

The method enables personalized training sessions by updating predictions within
each session, optimizing training duration to maximize learning gains while minimizing
diminishing returns. Additionally, it integrates into a larger ecosystem for evidence-
based, data-driven trainee assessments across various scenarios and environments, en-
suring consistent and reliable trend analysis regardless of training location or instructor.
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3 Method

3.1 Experiment Design and Data Collection

Experiment Design. The experiment involved two groups of pilots: one conducting
sorties every three months and the other every six months. The data collection period
spans two years. These time intervals were selected to allow sufficient time for skill
decay to occur. The discrepancy in time between the two conditions is implemented to
explore differences in pilot performance after a specified duration. It is presumed that
other flight experiences may impact the skill retention process. Therefore, in consulta-
tion with Subject Matter Experts (SME), three maneuvers are selected that are infre-
quently performed, or alternative procedures are employed to minimize the influence
of other flight experiences. Additionally, the total number of flight hours and flight
hours over the past year are recorded to assess whether these factors influence perfor-
mance.

The three maneuvers performed are: brown-out landings in sandy environments, au-
torotation in case of engine failure, and instrument flying with cockpit instruments only.
Variations were applied to the scenarios for each maneuver, but deviations from the
proposed schedule resulted in scenarios being flown at different times or not at all.

The brown-out scenarios are the same for every training session. Four attempts are
made in each training session. Participants are required to land to helicopter as close to
a certain point as possible. This point is between two lamps within a formation of lamps,
called inverted Y. Therefore, the brown-out maneuver only differs in timing (refresh
training after three or six months).

Five scenarios are developed for the autorotation maneuver, conducted in an open
field which provides plenty of landing spots. The scenarios vary in the location where
they are conducted. Each training session involves one of these five scenarios. Addi-
tionally, two more complex scenarios are created, set above forests where fewer suita-
ble landing spots are present, challenging pilots to make rapid and appropriate deci-
sions. One complex scenario is included in training sessions four and eight for the three-
month condition, and sessions two and four for the six-month condition. The simple
scenario is repeated twice within a training session, while the complex scenario is exe-
cuted only once.

Instrument flying is conducted in both a simple and complex scenario during every
training session. The simple scenario alternates between two options for each session,
while there are eight unique scenarios available for the complex scenario. Each type of
scenario is performed once in each session. Besides that, the instrument flying differs
in timing (refresh training after three or six months).

Data Collection. The data collection consists of saving simulator data and a question-
naire filled in by the participant. The simulator exports data in the DIS-protocol, which
provides location, orientation and several speed parameters. The DIS-data is eventually
converted to a CSV-file (see paragraph 3.4).
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The questionnaire is filled out by the trainee after every training session. The first
part is filled out before the training sessions starts. The following information is re-
quested before the training session:

e  The total amount of flight hours (rough approximation);

e The percentage of the total amount of flight hours on the CH-47F MYII
CAAS (rough approximation);

e  The total amount of flight hours in the last twelve months (rough approxi-
mation);

e  Whether or not the participant is a staff pilot;

e Karolinska Sleepiness Scale (KSS) [17];

e A rating on self-efficacy on each maneuver between one and ten.

The following information is requested after the training session:

e A rating of perceived cognitive load on each maneuver between one and
seven;

e A rating of perceived success on each maneuver between one and seven;

e A question whether the perceived cognitive load and/or success differed
between the scenarios within a training session (including space to elabo-
rate on their experience).

3.2  Apparatus

The research is conducted using the Transportable Flight Proficiency Simulator
(TFPS). This high-fidelity simulator is utilized by CH-47 pilots of the RNLAF primar-
ily for training (emergency) procedures. Efforts are underway to integrate the TFPS
with other simulators, such as a second TFPS, AH-64 simulator, and Rear Crew Train-
ers (RCT). Consequently, tactical training will also be incorporated into the simulator's
usage [15].

Fig. 3. The Transportable Flight Proficiency Simulator (TFPS) built by NAVAIR [16].
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The pilots undertake a specially designed sortie for the research, featuring three ma-
neuvers: brown-out, autorotation, and instrument flying. During the brown-out maneu-
ver, pilots perform a landing in a sandy environment where the final phase of the land-
ing lacks outside visuals due to swirling sand, potentially causing disorientation. While
standard procedures typically involve using the autopilot, this research employs a more
manual procedure. An autorotation, an emergency maneuver, is executed when the en-
gines malfunction. Pilots initiate a steep dive to convert altitude into kinetic energy for
the rotor head. As the ground approaches, this kinetic energy is utilized to reduce ver-
tical speed and safely land the helicopter. Instrument flying restricts pilots to utilizing
only the instruments within the cockpit, without relying on visual cues from outside.
This practice is particularly valuable in low-visibility conditions such as nighttime or
foggy weather. Arrival routes are flown using only cockpit instruments in this research
setting.

3.3  Participants

Participant in this research were CH-47 pilots of the RNLAF. The complete population
of active CH-47 pilots in the RNLAF is approximately sixty pilots, from which twenty
pilots are only flying minimally due to other job responsibilities. In the present research
26 pilots are selected to participate. The participants are equally divided between the
two conditions. As of the current report, eighteen training sessions have been com-
pleted. Specifically, one participant completed two sessions, while another completed
three. Thirteen participants each completed one session. Unfortunately, data collection
failed during three sessions.

3.4  Data Analysis

This paragraph describes the various activities performed for data analysis, all of which
are conducted using Python.

DIS-converter. The DIS protocol is primarily designed for connecting simulators and
does not inherently support the development of learning analytics. To enable analysis,
a software module was developed to convert DIS data into a CSV file format suitable
for analysis. This module extracts key information such as timestamp, coordinates (i.e.
X, Y, z), orientation (i.e. pitch, roll, yaw), and various speed variables from each DIS
message, organizing them into rows in the CSV file. This CSV file containing the ex-
tracted variables can then be utilized for the development of learning analytics.

Dashboard for labeling. In each sortie, the three maneuvers are performed multiple
times (i.e. attempt), and this data is recorded in one session per person. To create sepa-
rate CSV files for each attempt, data extraction and labeling is necessary. While explor-
ing automatic data labeling approaches, it was deemed that the effort to develop such
software outweighed the time it would save. Instead, a dashboard was developed to
visualize the altitude over time for each training session. The dashboard is depicted in
Figure 4. This visualization enabled the user to identify the different maneuvers and
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attempts based on their knowledge of the experiment. Users could then manually add
starting and ending points to the timeline on the dashboard. After data collection, the
recordings were processed through the dashboard, and the starting and ending points
were used to generate distinct CSV files for each maneuver. Although the dashboard
provided a solution for data labeling in a specific format with a specific goal, the lack
of integrated data labeling tools or solutions in training devices remains a recurring
issue [18].

1y Upload Training Data by Selecting or Drag and Drop

Training: p13_23-03-2023

testing combined plots

Mark Beginnings or Endings

Exercise Ch

Fig. 4. Dashboard developed for data labeling, displaying time (x-axis) and altitude (y-
axis) with starting (orange) and end points (green) to distinguish maneuvers.

Learning Analytics. Performance metrics were identified partly by consulting flight
and training manuals, as they detail the execution of maneuvers and required speeds,
among other factors. Also, the available data types, such as position and orientation of
the helicopter, are considered. The design of the metrics was further refined through
consultation with a simulator instructor, a qualified CH-47 pilot.

The performance metrics are listed below in Table 1. Each metric is accompanied
by its relevance to specific maneuvers and a brief description of how it is computed.
The performance metrics yield continuous scores, such as the distance in meters for the
metric "distance to inverted Y." These scores are then normalized to a range between
zero and one using predefined cut-off points, such as the distance at which a landing is
deemed out-of-bounds. Subsequently, these normalized scores can be categorized as
below, at, or above expectation levels. However, specific cut-off points are not dis-
closed due to classification reasons.
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Table 1. The performance metrics with its relevance to the maneuver and a basic description on
how they are computed.

Performance metric

Relevant maneuver

Computation

Distance to in-
verted Y

Rate of Descent
during Touchdown

Ground Speed
100’

Glide Slope
Pitch Orientation

Drift

Decision Making -
Distance versus
Time

Correlation actual
and suggested
flight path of the
approach

Deviation from lo-
calizers

Brown-out

Brown-out
Autorotation

Brown-out
Autorotation

Brown-out
Autorotation
Brown-out
Autorotation
Brown-out
Autorotation

Autorotation

IFR

IFR

The pilots must land the helicopter at a
specific location (the inverted y). The dis-
tance is calculated between the inverted y
and the location the helicopter came to a
standstill.

The moment of touchdown is determined.
Thereafter, the vertical speed at that mo-
ment is compared to the cut-off points.
During landing the ground speed should
decrease. The ground speed as reviewed at
100 ft. and 50 ft in relation to the cut-off
points.

The glide slope in the last ten timesteps is
compared to the cut-off points.

The pitch in the last ten timesteps is com-
pared to the cut-off points.

The roll and yaw in the last ten timesteps
are compared to the cut-off points.

The pilot must decide based on available
landing sites between maximizing flight
time or covering more distance with re-
maining kinetic energy after engine failure.
Each option corresponds to a preferred
speed range, determined by specific cut-off
points.

Every approach has a suggested flight path
that must be followed. The correlation be-
tween the actual and suggested flight path
is calculated indicating the adherence to
the approach.

In an approach the pilot must adhere to a
maximum and minimum altitude and wide
based on so-called localizers. The absolute
margins decrease when the runway is ap-
proached. The deviation / adherence from
these minimum and maximum are calcu-
lated at several moments in the approach.
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4 Results

The paper presents preliminary results, with ongoing data collection and analysis. Alt-
hough the analysis is still in progress, the initial version of three performance metrics,
applied to the brown-out maneuver, is presented here. The algorithms have been applied
to a dataset comprising fifteen training sessions. However, data from three sessions are
corrupted, and efforts are underway to address this issue. Additionally, not all training
sessions completed the planned four brown-out attempts. The preliminary results are
presented in Table 2.

Table 2. Preliminary results for three brown-out maneuver performance metrics: scores catego-
rized as below (0), at (1), and above (2) expectation. Mean scores are presented due to balanced
category intervals, alongside standard deviation (SD) and response count (N).

Mean SD N
Distance to Inverted ~ Attempt 1 0.25 0.62 12
Y Attempt 2 0.33 0.65 12
Attempt 3 0.11 0.33 9
Attempt 4 0.63 0.92
Rate of Descent dur-  Attempt 1 1.67 0.78 12
ing Touchdown Attempt 2 1.75 0.62 12
Attempt 3 1.33 0.87
Attempt 4 1.13 0.83
Pitch Orientation Attempt 1 0.58 0.90 12
Attempt 2 1.70 0.72 12
Attempt 3 1.22 0.83 9
Attempt 4 1.00 0.76

The results provide insight in the item discrimination of the performance metrics. Item
discrimination is the measure of how well an item (e.g. test question, performance met-
ric) can distinguish between those who perform well and those who do not. The metric
of ‘distance to inverted Y’ seems to have a poor item discrimination based on the low
mean score. Approximately 80% of the attempts were labelled below expectation. This
is also indicated by the relatively low standard deviation compared to the two other
performance metrics.
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5 Discussion

The preliminary results are limited; thus, it is premature to draw conclusions regard-
ing the validity of the performance metrics or the pilots' performance. Nonetheless, this
phase has provided valuable insights into the development and implementation of learn-
ing analytics in helicopter pilot training.

5.1 Design and Development Process of Performance Metrics

During development and computation of the performance metrics several challenges
occurred. First, it was challenging to create a consistent algorithm to handle unexpected
data, such as missing attempts or prematurely ended maneuvers (e.g., go-arounds). Ad-
ditionally, obtaining conditional information necessary for computing performance
metrics proved challenging. For instance, determining the exact moment of touchdown
of the helicopter must be derived from simulator data, as there was no explicit label or
variable provided. Establishing a consistent method to determine touchdown and simi-
lar information posed difficulties. Therefore, this version represents an initial attempt
and may require refinement in subsequent iterations. These challenges align with the
data labeling issue outlined by Bessey et al. [18]. Frequently, datasets lack standardized
labeling, such as consistent start and stop times or event identification. Addressing this
labeling problem enhances the data's utility and reduces the analysis workload. Possible
solutions may include real-time labeling tools for simulator operators or classifier al-
gorithms for automated data labeling, such as identifying maneuvers or helicopter
touchdowns.

5.2 Item Discrimination and Validity

The preliminary results showed that item discrimination could be a potential prob-
lem regarding the validity of the performance metrics. In the continuation of this re-
search it can be beneficial to statistically investigate the item discrimination, for exam-
ple with the item-response theory.

Adjustments could enhance the usefulness of the performance metrics, such as im-
proving item discrimination and validity. One planned adjustment is transitioning the
outcome of the metric from a categorical to a continuous variable. For instance, con-
sider the metric "distance to inverted Y," which measures the distance between the
touchdown point and the intended landing spot. Currently, true/false statements check
whether the distance belongs to the criteria of below, at and above expectation, resulting
in a categorical variable. The true/false-statements reduces the variability massively in
comparison to a continuous variable. To generate a continuous variable, the distance
could be related to a minimum distance indicating perfect execution and a maximum
distance indicating poor performance. This approach could yield a continuous variable
ranging from zero to one, with values then categorized as below, at, or above expecta-
tion, aligning with suggestions by Vartral et al. (e.g. at expectation for a score between
0.4 and 0.9) [7, 20].
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Furthermore, a review of the cut-off points could be considered. If a significant num-
ber of participants' attempts are consistently classified as below expectation for exam-
ple, adjusting the cut-off points to enhance item discrimination might be advantageous.
However, from an operational standpoint, altering established cut-off points could be
undesirable. Doing so could potentially lead to either accommodating incompetent pi-
lots if requirements are relaxed or losing competent pilots if requirements are made
more stringent.

Additionally, it is important to assess whether the performance metrics accurately
label performance compared to assessments made by instructors. In future phases of
this research, training sessions will be organized wherein trainees are evaluated using
the performance metrics alone, by an instructor, and by an instructor aided by the per-
formance metrics. Examining the correlation between these three assessments can pro-
vide insights into the validity of the performance metrics.

5.3 Limitations and Future Research

One limitation of the research is the inconsistent attendance of participants, largely due
to high operational demand, resulting in deviations from the proposed training sched-
ule. This variability in the number and timing of training sessions significantly diverges
from the initial plan. It is anticipated that this deviation may impact the statistical sig-
nificance within tests and could potentially hinder the development of skill retention
models.

One limitation of the research stems from the use of univariate analysis rather than
multivariate analysis [7, 20]. The performance metrics in this study rely solely on DIS-
data, which, while valuable, may be limited in capturing the full scope of activities.
Future research should explore incorporating additional data types to enhance analysis.

Considerable knowledge and experience are being accumulated in regard to learning
analytics, providing insights for developing new types and applications of performance
metrics. It is crucial to establish a modular and expandable environment for these met-
rics, addressing aspects such as model and algorithm storage, version management, and
the incorporation of feedback to refine results from previous iterations. Future research
should focus on investigating the architecture of such an environment to support ongo-
ing advancements in the field.
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