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Abstract: This paper introduces a quantitative methodology for assessing drone pilot performance, aiming to

reduce drone-related incidents by understanding the human factors influencing performance. The challenge lies

in balancing evaluations in operationally relevant environments with those in a standardized test environment

for statistical relevance. The proposed methodology employs a novel virtual test environment that records not

only basic flight metrics but also complex mission performance metrics, such as the video quality from a target. A

group of Belgian Defence drone pilots were trained using this simulator system, yielding several practical results.

These include a human performance model linking human factors to pilot performance, an AI co-pilot providing

real-time flight performance guidance, a tool for generating optimal flight trajectories, a mission planning tool for

ideal pilot assignment, and a method for iterative training improvement based on quantitative input. The training

results with real pilots demonstrate the methodology’s effectiveness in evaluating pilot performance for complex

military missions, suggesting its potential as a valuable addition to new pilot training programs.

Keywords: performance assessment; pilot training; human performance modelling; quantitative validation;

standardised tests; drone simulator; AI copilot

1. Introduction

1.1. Need and Problem Statement

As the number of drone operations rises each year, so does the risk of incidents with these un-
manned systems [1,2]. Research shows that the majority of these incidents can be attributed to human
error [3]. From a human factors perspective, improving human-machine interaction can be performed
through improving the training, the equipment, the task definition, the environment, the selection of
the personnel or the organisation of the work. In this paper, we will focus on investigating the root
causes of these errors and integrating these findings into training procedures. While acknowledging
the various human factors that can improve human-machine interactions [4], we chose to focus on
enhancing training, because, unlike the improvement of systems or of tasks on these systems, training
is an area over which the armed forces have direct control. However, assessing the human factors
contributing to drone incidents presents significant challenges. On one hand, a realistic operational
environment is necessary to study human behaviour under authentic conditions. On the other hand, a
standardized environment is essential for conducting repeatable experiments that ensure statistical
relevance of the results.

Generally, two approaches are distinguished towards quantitative assessment of drone pilot
performance [5]: detailed incident report analysis and simulation environments. However, for small
drone operations, incident reporting is often inadequate, lacking sufficient data for meaningful analysis.
Simulation environments on the other hand do offer controlled settings to observe pilot behaviour,
which is a common practice in manned aviation where extensive simulator training precedes real
flights [6]. However, for small drones, achieving realistic sensory feedback is challenging, as the
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current simulators are often limited to simplistic scenarios, failing to provide high-quality feedback to
trainees or mentors [7].

To address these issues, we propose a drone operator performance assessment tool that utilizes
a realistic environment and operational conditions to measure operator performance qualitatively
and quantitatively. The ultimate goal is to use these metrics to optimize training curricula, ensuring
maximum safety during real operations.

Realism is crucial in simulation systems to achieve desired results. Our proposed framework uses
a highly realistic environment, incorporating operational conditions like wind and weather effects. A
key aspect of qualification assessment is defining test methods and scenarios. Current drone training
simulators often cover only simple operations, while complex scenarios reveal critical human factors.
For this reason, pilots in challenging conditions, such as military or emergency services, find simplistic
scenarios irrelevant. Therefore, this paper introduces a standard test methodology specifically for
assessing drone operators in the security sector.

Our performance assessment tool includes a simulator for military and other drone pilots to
perform missions in realistic virtual environments. Developed for this research, the simulator tracks
pilot performance parameters, offering a highly realistic setting for complex operations. Built on
the Microsoft AirSim engine [8] and the Unreal Engine [9], the simulator is customizable, enabling
the incorporation of standard test scenarios and multiple drone models. It measures over 65 flight
parameters and assesses video footage quality, crucial for evaluating operator performance. The tool
also suggests optimal trajectories for target observation, assisting operators during missions.

Post-flight, an overall performance score is calculated based on mission objectives. After subjecting
a range of pilots (from beginners to experts) to the simulator environment, the obtained data was used
to:

1. Train an AI-based classifier to recognize ‘good’ and ‘bad’ flight behaviour in real-time, aiding in
the development of a virtual AI co-pilot for immediate feedback;

2. Develop a mission planning tool assigning the best pilot for specific missions based on perfor-
mance scores and stress models;

3. Identify and rank human factors impacting flight performance, linking stress factors to perfor-
mance;

4. Update training procedures to account for human factors, improving pilot awareness and perfor-
mance.

In summary, this paper introduces the following novel contributions:

• A drone simulator tracking operator performance under realistic conditions in standardized
environments (discussed in Section 3).;

• A method for quantitative evaluation of drone-based video quality (discussed in Section 3.3);
• A methodology for modelling human performance in drone operations, relating human factors to

operator performance (discussed in Section 4);
• An AI co-pilot offering real-time flight performance guidance (discussed in Section 5.1);
• A flight assistant tool for generating optimal flight trajectories (discussed in Section 5.2);
• A mission planning tool for optimal pilot assignment (discussed in Section 5.3);
• An iterative training improvement methodology based on quantitative input (discussed in Section

5.4).

This paper discusses these contributions in detail, starting with a review of related work in the
remainder of Section 1, followed by an introduction to the general framework in Section 2. Sections
3 and 4 concentrate on the core contributions introduced by this work: on the one hand the novel
simulator tool and on the other hand the pilot performance modelling methodology. By training
a series of pilots (following the methodology described in section 4) in this simulator environment
(described in section 3), these innovations are combined, which allows for the development of a
number of applications that are described in section 5.
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1.2. Related Work in the Domain of Drone Simulation

Drone simulators have become integral tools for both recreational users and professional oper-
ators, offering a risk-free environment for training and experimentation. A detailed review of the
performances of these systems has been performed by Mairaj et al. [10]. For the sake of brevity,
this section focuses on the most prominent simulators that are currently available, including the DJI
Drone Simulator [11], the DRL Sim Drone Racing Simulator [12], the Zephyr Drone Simulator [13], the
droneSim Pro Drone Flight Simulator [14], and the RealFlight RF9.5 Drone Simulator [15]. This section
provides an overview of these simulators, discussing their features, advantages, and weaknesses, and
comparing their utility for different user needs.

The DJI Drone Simulator [11] is primarily designed for training pilots to operate DJI drones, offer-
ing both free and paid versions, with the latter providing more advanced features and scenarios. One
of the main advantages of the DJI Drone Simulator is its realistic flight physics, which closely replicate
the characteristics of actual DJI drones. The simulator also offers a variety of environments, from
urban landscapes to open fields, and includes comprehensive training modules and scenarios, which
are particularly useful for new pilots. However, the simulator is limited to DJI drones, reducing its
utility for users operating other brands. Additionally, the advanced features and realistic environments
require a paid subscription, which may not be affordable for all users.

The DRL Sim Drone Racing Simulator [12], developed by the Drone Racing League (DRL), focuses
on high-speed drone racing and aims to provide an authentic racing experience. The simulator’s
physics engine provides a realistic racing experience that closely mimics actual drone racing conditions.
Users can compete against others online, adding a social and competitive dimension, and a wide range
of race tracks and customizable courses are available. The DRL Sim includes tools for fine-tuning
drones and improving racing skills. However, its high specialization in racing makes it less useful for
those interested in other aspects of drone operation, and the focus on high-speed manoeuvres and
precision can be challenging for beginners.

Zephyr Drone Simulator [13] is designed primarily for educational purposes, providing a platform
for both recreational and professional training. It emphasizes training and education, featuring
structured lessons and comprehensive feedback. Zephyr supports a variety of drone models, making
it versatile for different types of training, and allows instructors to create custom training scenarios
tailored to specific needs. Despite these advantages, Zephyr’s graphical quality and realism may not
be as high as some other simulators, and it may lack some advanced features sought by experienced
pilots.

droneSim Pro Drone Flight Simulator [14] offers a realistic flight experience aimed at both hob-
byists and professional pilots. It focuses on providing realistic flight physics and dynamics, and its
straightforward interface makes it accessible to beginners. Additionally, it is relatively affordable
compared to some other high-end simulators. However, droneSim Pro’s variety of training environ-
ments and scenarios is not as extensive as some competitors, and its graphics may not be as advanced,
impacting the overall immersive experience.

RealFlight RF9.5 Drone Simulator [15] is a comprehensive flight simulator that includes a variety
of aircraft, including drones. It supports a wide range of aircraft types, making it useful for users
interested in more than just drones. The simulator offers high-quality graphics and a realistic flying
experience, with extensive training tools and scenarios catering to all skill levels. The strong community
support and regular updates enhance the user experience. However, the broad range of features and
aircraft can be overwhelming for beginners, and the simulator is on the pricier side, which might be a
deterrent for some users.

While each of these simulators has unique strengths, they also share a common limitation: the
inability to record pilot performance and flight characteristics during flights. This deficiency impedes
their utility for the quantitative assessment of drone pilot performance, restricting their potential for
comprehensive training and evaluation.
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1.3. Related Work in the Domain of Quantitative Evaluation of Drone Pilot Performance

The necessity for a quantitative assessment of drone pilot performance, initially observed in
military contexts by Cotting [16] and Holmberg [17], has led to the application of various evaluation
techniques [18,19]. These include traditional analytical performance evaluations [17,20] and the in-
creasingly popular mission-task-elements (MTE) paradigm, favoured for its flexibility and universality
[21–23].

Efforts have been made to characterize different types of Unmanned Aerial Systems (UAS) and
establish databases for performance criteria of existing systems [16,24]. A methodology has been
proposed for the systematic development and refinement of MTEs, which involves the use of simulated
vehicle performance checked against flight test data to refine the model until it achieves sufficient
accuracy [19,22].

Building on this, Herrington et al. explored in [25] the human factors associated with training
pilots to meet the demands of commercial drone operation. Ververs and Wickens [26] conducted
experiments to study the impact of multiple interface variables on pilot performance in a cruise flight
environment. They used statistical analysis methods such as mean absolute error, root mean square
error (RMSE), and response time delay. The experiments involved pilots flying a flight segment while
observing changes in heading, airspeed, and altitude, and pressing a button on the joystick when any
randomly appearing external event was detected. The deviations from the flight path and response
time to detect sudden events were measured using the aforementioned statistical methods, and the
experiments were repeated for different display locations, clutter, and image contrast ratios. The data
suggested that attention was modulated between tasks (flight control and detection), and between
display areas (head-up and head-down).

Smith and Caldwell [27] employed RMSE to investigate pilot fatigue in extensive experiments
involving many turns and climbs before performing an instrument landing. The study suggested the
use of objective metrics such as RMSE over predefined flight patterns for measuring pilot performance.
Hanson et al. [28] evaluated the usability of different adaptive control techniques by using pilot
handling quality ratings for an air-to-air tracking manoeuvre. The ratings were computed for pitch
stick deflections from two pilots while using different adaptive controllers and with simulated aircraft
failures.

Field and Giese [29] further applied RMSE and power spectral density (PSD) of pitch control
column activity during handling quality research investigations for a lateral offset approach and
landing task. The focus of this study was to evaluate the changes in the handling qualities for the same
aircraft configuration in three different simulators. The authors conclude that primarily the PSD metric
is useful to qualitatively and quantitatively assess the pilot’s control activity input power.

Other researchers, such as Zahed et al. [30], have focused on Cross-track command and path
error as potential time-domain metrics to quantify pilot and quadcopter performance to establish
training and certification for pilots and aircraft. Archana Hebbar and Pashilkar [31] examined the
application of different statistical and empirical analysis methods to quantify pilot performance. They
executed a realistic approach and landing flight scenario using the reconfigurable flight simulator at
the Indian National Aerospace Laboratories and applied both subjective and quantitative measures
to the pilot performance data. Results indicate that analysing pilot’s control strategy together with
his/her deviations from predetermined flight profile provides a means to quantify pilot performance.

In summary, while a variety of statistical measures are available in the literature, specifying a
common metric to measure performance is challenging due to context specificity. A range of metrics
has been developed to assess different performance dimensions, but these are often task-specific and
rely on measuring the deviation from a predefined ideal trajectory. This approach is less useful when
the pilot is tasked with complex missions, such as searching for missing persons or intruders in an
area, where no ideal trajectory can be defined.

An example of an approach that does take into consideration more complex mission profiles
is the methodology proposed by the National Institute of Standards and Technology (NIST) [32].
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NIST developed quantitative assessment methods for drones and their operators, particularly in the
context of urban search and rescue operations. This research from NIST includes standardized testing
methods and infrastructure to evaluate the performance of drone operators and enables users to
generate statistically significant data on aspects such as airworthiness, manoeuvrability, and payload
functionality. Although these methods are valuable, they are heavily focused on urban search and
rescue operations and may not be applicable to all types of security missions.

Consequently, there remains a significant need for reliable quantitative evaluation methodologies
for drone pilot performance in various complex mission profiles.

1.4. Related Work in the Domain of Video Quality Analysis

Assessing video quality in drone operations is crucial for ensuring accurate navigation, target
identification, and situational awareness, which are essential for mission success and safety. High-
quality video feeds enable operators to make informed decisions and respond promptly to dynamic
environments. Therefore, an essential component of the proposed simulator system is a tool to
quantitatively assess the video quality.

Video quality analysis methodologies can be broadly classified into two categories: subjective
and objective methods.

Subjective video quality analysis methodologies [33] evaluate video quality as perceived by
humans. These methods require video sequences to be shown to groups of viewers, whose subjective
opinions are recorded and averaged into a Mean Opinion Score (MOS) to determine the quality of
the video sequence. Although subjective video analysis methods provide excellent results, they are
extremely labour-intensive and thus challenging to implement in practical contexts. Consequently,
more objective—and therefore more automated—methods have been developed.

Objective video quality analysis methods are classified by the International Telecommunications
Union (ITU) based on the input data used by the algorithms [34], as shown on Figure 1.
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Video Quality Analysis

Objective

Hybrid modelMetadata layerBitstream layerPlanning modelPacket layerMedia layer

No Ref.Red. Ref.Full Ref.

Subjective

Figure 1. Taxonomy of video quality analysis methodologies.

A range of metrics has been developed to assess different performance dimensions, but 194

these are often task-specific and rely on measuring the deviation from a predefined ideal 195

trajectory. This approach is less useful when the pilot is tasked with complex missions, 196

such as searching for missing persons or intruders in an area, where no ideal trajectory can 197

be defined. 198

An example of an approach that does take into consideration more complex mission 199

profiles is the methodology proposed by the National Institute of Standards and Technol- 200

ogy (NIST) [32]. NIST developed quantitative assessment methods for drones and their 201

operators, particularly in the context of urban search and rescue operations. This research 202

from NIST includes standardized testing methods and infrastructure to evaluate the per- 203

formance of drone operators and enables users to generate statistically significant data on 204

aspects such as airworthiness, manoeuvrability, and payload functionality. Although these 205

methods are valuable, they are heavily focused on urban search and rescue operations and 206

may not be applicable to all types of security missions. 207

Consequently, there remains a significant need for reliable quantitative evaluation 208

methodologies for drone pilot performance in various complex mission profiles. 209

1.4. Related work in the domain of video quality analysis 210

Assessing video quality in drone operations is crucial for ensuring accurate navigation, 211

target identification, and situational awareness, which are essential for mission success and 212

safety. High-quality video feeds enable operators to make informed decisions and respond 213

promptly to dynamic environments. Therefore, an essential component of the proposed 214

simulator system is a tool to quantitatively assess the video quality. 215

Video quality analysis methodologies can be broadly classified into two categories: 216

subjective and objective methods. 217

Subjective video quality analysis methodologies [33] evaluate video quality as per- 218

ceived by humans. These methods require video sequences to be shown to groups of 219

viewers, whose subjective opinions are recorded and averaged into a Mean Opinion Score 220

(MOS) to determine the quality of the video sequence. Although subjective video analysis 221

methods provide excellent results, they are extremely labour-intensive and thus challenging 222

to implement in practical contexts. Consequently, more objective—and therefore more 223

automated—methods have been developed. 224

Objective video quality analysis methods are classified by the International Telecom- 225

munications Union (ITU) based on the input data used by the algorithms [34], as shown on 226

Figure 1. 227

Media layer models, for instance, directly utilize the video signal to define a quality 228

measure. These methods do not require prior information about the system under test and 229

are often used to compare different compression methodologies. Depending on the type of 230

source data to which the processed video is compared, three sub-methods can be identified: 231

1. Full-Reference Methods: These extract data from high-quality, non-degraded source 232

signals and are often derivatives of PSNR [35], commonly used for video codec 233

evaluation; 234

Figure 1. Taxonomy of video quality analysis methodologies.

Media layer models, for instance, directly utilize the video signal to define a quality measure.
These methods do not require prior information about the system under test and are often used to
compare different compression methodologies. Depending on the type of source data to which the
processed video is compared, three sub-methods can be identified:

1. Full-Reference Methods: These extract data from high-quality, non-degraded source signals and
are often derivatives of PSNR [35], commonly used for video codec evaluation;

2. Reduced-Reference Methods: These extract data from a side channel containing signal parameter
data;

3. No-Reference Methods: These evaluate video quality without using any source information.

Parametric packet-layer models estimate video quality using only information from the signal
packet header.

Parametric planning models use quality planning parameters for networks to estimate video
quality.

Bitstream layer models combine encoded bitstream information with packet-layer information to
estimate video quality.
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Hybrid models use a combination of these methodologies to estimate video quality.
Traditional methodologies for video quality analysis are based on the assumption that there is a

perfect input signal, which is then degraded due to encoding, network transmission, decoding, and
display constraints. However, in our application, this assumption does not hold. Our primary interest
lies in whether specific subjects are adequately perceived within the video material, necessitating a
content-based analysis.

Content-based video analysis for drones has been explored by Hulens and Goedemé [36], who
presented an autonomous drone that automatically adjusts its position to keep a subject (e.g., an
interviewee) within view under certain cinematographic constraints. While this approach is useful
for specific applications where subjects are always human faces, our research aims to maximize
information gain about generic subjects.

The full-frame analysis proposed by Hulens and Goedemé [36] imposes significant constraints on
system processing requirements. These constraints can be avoided by using only metadata for analysis.
Drones typically have accurate GPS sensors onboard, allowing for the geolocation of all image and
video data produced. This enables the introduction of a new category of models based on metadata
layer processing [37].

The new metadata-layer model, however, overlooks crucial aspects of the traditional video quality
analysis paradigm, such as errors that may occur in the encoding-transmission-decoding-display
pipeline. However, for a fact and accurate assessment of the quality of the content of the produced
video by a drone pilot (while ignoring eventual transmission losses), the metadata approach is highly
appealing.

1.5. Related Work in the Domain of Human Performance Modelling for Drone Operations

The study of human performance in drone operations has evolved significantly over the years.
Early research by the US Air Force in 2006 focused on large, remote-controlled military drones,
with performance models primarily analysing operator workload to optimize crew composition [38].
However, these models may not be applicable to smaller drone systems with limited crews.

In response, Bertuccelli et al. [39] introduced a new formulation for a single operator conducting
a search mission with multiple drones in a time-limited environment. This concept was further
developed by Wu et al. [40], who proposed a multi-operator multi-drone model.

The main conclusion of the research cited above was that cognitive workload and stress factors
significantly affect drone pilots performance. High cognitive workload and stress can impair a pilot’s
decision-making and reaction times. Therefore, tools such as NASA’s Task Load Index (NASA-TLX)
[41] were introduced in the domain of human performance modelling for drone operations to assess
perceived workload during drone operations.

A more recent innovation is the integration of autonomous systems with human operators, which
brings with it a whole new series of open research questions related to human performance modelling
for drone operations [42]. Effective human-autonomy teaming can reduce cognitive workload and
improve performance [43]. However, challenges remain in designing interfaces and interaction
protocols that maximize the benefits of automation while minimizing new types of errors.

AI and machine learning techniques can also be applied to model and predict human performance
in drone operations. AI-based systems can analyse large datasets from simulator and real-world
operations to identify patterns of behaviour associated with high and low performance [44]. Machine
learning models can predict operator errors and provide real-time feedback or intervention.

Advancements in wearable technology have enabled the real-time monitoring of physiological
indicators such as heart rate variability, galvanic skin response, and brainwave activity [45]. These
indicators can be used to assess an operator’s stress and fatigue levels [46]. Biofeedback mechanisms
can then be employed to help operators manage their stress and maintain optimal performance levels
during drone operations.
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Developing standardized test scenarios and performance metrics is crucial for assessing and im-
proving human performance in drone operations [47]. Standardization allows for consistent evaluation
across different operators and operational contexts. Metrics such as mission completion time, error
rates, and quality of data collected are used to measure performance. These metrics help in identifying
areas where training and operational procedures can be improved.

While significant progress has been made in understanding and improving human factors in
drone operations, challenges remain in achieving realistic simulation environments, developing
effective human-autonomy teams, and creating comprehensive training programs. Specifically for
military operations, critics argue that existing methods over-rely on classical attention and fatigue
modelling, while ignoring essential elements for security sector operations, such as mission stress,
enemy countermeasures, and varying operator skills. This highlights the need for further research and
development in this field.

1.6. Related Work in the Domain of AI Assistance for Drone Operations

The proposed work includes the development of an advanced pilot assistance system (APAS) for
drone operations, based on the assessment of the performance of human operators in a virtual flight
simulator environment.

Existing APAS for drone operations are already equipped with several advanced features [48].
Many commercial drones possess the capability to return home automatically and detect and avoid
obstacles. These systems utilize multiple sensors, leverage artificial intelligence (AI) for data analysis,
and incorporate advanced control algorithms to assist pilots in various aspects of drone operations
[49].

One of the primary areas of development in pilot assistance systems is autonomous navigation
and obstacle avoidance. These systems use a combination of sensors, such as LiDAR, cameras, and
ultrasonic sensors, to detect and avoid obstacles in real-time [50]. Advanced algorithms, including
Simultaneous Localization and Mapping (SLAM) and path planning algorithms, enable drones to
navigate complex environments autonomously [51]. SLAM algorithms allow drones to create and
update maps of unknown environments while simultaneously tracking their own location. This
technology is crucial for indoor and GPS-denied environments. Path planning algorithms, such as
Rapidly-exploring Random Trees and A*, enable efficient path planning by finding the shortest and
safest routes around obstacles [52].

AI-based flight control systems enhance the stability and control of drones, especially in chal-
lenging conditions. Machine learning algorithms can predict and compensate for environmental
disturbances such as wind gusts, ensuring smoother flights [53]. Reinforcement learning algorithms
have shown promise in optimizing flight control by learning from interactions with the environment
[54]. These systems continuously improve their performance through trial and error. Neural networks
are used to model complex dynamics and provide adaptive control strategies, making drones more
resilient to varying flight conditions.

Computer vision technologies enable drones to interpret and analyse visual data, providing
critical assistance in tasks such as target tracking, landing, and navigation. Advanced algorithms, such
as YOLO (You Only Look Once) and Faster R-CNN (Region Convolutional Neural Network), allow
drones to detect and track objects in real-time, enhancing their capability to follow moving targets or
avoid dynamic obstacles [55]. Visual odometry techniques use camera data to estimate the drone’s
position and movement, which is particularly useful for GPS-denied environments [56].

Effective Human-Machine Interface (HMI) designs are crucial for providing intuitive control and
feedback to drone pilots. Advances in HMI focus on improving situational awareness and reducing
pilot workload [57]. Augmented Reality (AR) interfaces overlay critical flight information onto the
pilot’s field of view, enhancing situational awareness without the need to look away from the drone
[58]. Haptic feedback systems provide tactile sensations to the pilot, indicating obstacles, flight status,
or other critical alerts, thereby improving control precision [59].
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Autonomous landing systems are designed to assist drones in safely landing, particularly in
challenging environments or emergencies [60]. Systems equipped with computer vision and GPS
technologies enable drones to land accurately on predefined markers or docking stations. Emergency
landing algorithms identify safe landing spots in real-time during emergencies, such as power failures
or loss of communication [61].

While most of these APAS solutions focus on automated guidance and exteroceptive sensing for
collision avoidance, the aspect of human-drone interaction during flight operations is less explored.
However, recent developments are emerging to provide real-time feedback to pilots about their flight
performance. These systems use data analytics and AI to evaluate various performance metrics and
offer actionable insights [62].

Performance monitoring systems track parameters such as flight stability, adherence to planned
routes, and response to environmental conditions. Real-time analytics allow pilots to receive immediate
feedback on their actions, helping them to adjust their behaviour during flight [44]. For instance, if
a pilot exhibits flight patterns indicative of fatigue or stress, the system can provide warnings and
suggest corrective actions.

An example is the work performed within the DLR MOSES (More operational flight safety by
enhancement of situation awareness) project [63], where different approaches to measuring and im-
proving situation awareness were investigated, particularly in information gathering during approach
and taxiing. The study analysed eye movements of forty pilot students and nine experienced pilots
and explored the influence of an additional taxi guidance system on eye movements. While these
results are significant, they primarily focus on ground operations rather than flight operations.

AI-driven co-pilot systems have been developed for manned aviation to assist pilots by offering
real-time guidance and support. These systems analyse flight data in real-time, comparing it against
optimal flight models, and provide suggestions or corrections to the pilot [64]. Such systems enhance
safety by reducing the likelihood of human error and improving overall flight performance.

2. Overview of the Proposed Evaluation Framework and Situation in Comparison to the State of
the Art

As stated in the previous sections, there has been some previous work in the domain of quantita-
tive assessment of drone pilot performance. However, an all-encompassing solution that provides an
integrated approach towards human performance modelling in a statistically relevant and standardised
training environment, is lacking.

The concept of the approach presented in this paper is sketched in Figure 2 and is based on the
incorporation of a novel drone simulator tool that is used for human performance modelling. The
ultimate goal of this architecture is to provide quantitative performance feedback as input to a pilot
training, such that corrective measures can be taken if required and that the training curricula can be
improved.

As discussed in section 1.2, current drone simulation tools available on the market do not enable
the recording of pilot performance and flight characteristics during the flight. We propose to tackle this
problem, by developing a simulator tool that is built on the Microsoft AirSim engine [8], which is an
Open source simulator for autonomous vehicles built on the Unreal Engine [9]. Building on top of this
open source tool, we integrate complex standardised test scenarios that cater to the needs of military
security professionals. In our use case, we consider specifically the needs of the Belgian Special Forces
Group, and for that purpose, we focus on a scenario of intruder detection and identification, but the
framework is totally open to deal with different use case scenarios.

An important aspect of such a use case - and in many others, such as any scenario involving
photography or mapping - is evaluating the quality of the video processed by the drone pilot. Within
the proposed simulator, we have integrated a unique content-based video-analysis tool based, based on
metadata analysis. This video quality analysis approach was first introduced in our previous work [37]
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as an isolated video quality assessment methodology, and in this paper we show how it is integrated
in a full pilot performance assessment pipeline.

Drone pilot

Quantitative
Performance

Profiles

Standard
Test

Methods

Realistic
Training

Environment

Pilot
Training
Agency

Improve
Pilot

Courses

Improve
Pilot

Syllabus

Human
Performance

Model

Virtualcopilot

Mission
preparation

tool

Contributions of this paper

Video
Quality
Analysis

Drone simulator

Figure 2. Conceptual overview of the main contributions of this paper.

In the domain of human performance modelling, the presented approach builds on existing work
[65,66] on qualitative performance modelling (using standardised questionnaires) and quantitative
performance modelling (using training in highly realistic and standardised simulation environments).
Furthermore, this paper introduces and discusses the performance modelling results from extensive
trials with civilian and military test pilots working for Belgian Defence. These results led to the
development of a drone mission planning tool that enables to select the optimal pilot and drone for a
given mission in function of the performance results recorded in the database. Furthermore, within
this paper, we also introduce the intended methodology towards incorporating the results of the
qualitative and quantitative performance tests for the incremental improvement of drone operator
training procedures.

The developed tools for video quality analysis and pilot performance modelling have important
applications, as they can be further used for providing automated assistance to the drone pilot or for
providing real-time qualitative feedback on flight performance. For this purpose, we present an AI
drone copilot, building on the work in [44] that enables to detect ’bad’ flight behaviour and warn the
pilot in real-time. Furthermore, building on the algorithmic approach for video quality assessment
[37], an automated tool is developed that enables to calculate optimal drone trajectories for target
observation. This enables drone pilots to simply flip a lever on their remote control to obtain an
optimal depiction of their target. Together, these automated assistance tools provide significant novel
tools benefiting both novel and experienced pilots.

3. Virtual Environment for Quantitative Assessment

3.1. Software Framework

The proposed virtual environment for quantitative assessment is called the ALPHONSE simu-
lator and consists of an interplay between multiple system components, as depicted on the system
architecture diagram of Figure 3. The different system components are described in the following
subsections. All the different system components communicate with one another over TCP and UDP
connections. This implies that they can also be spread out over multiple computers, in order to spread
the processing burden. In practice, we did not do this for the implementation presented in this paper,
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which does imply that a reasonably powerful PC is required in order to run the simulator at maximum
image resolution, while maintaining a low-latency control loop.

Mavlinkrouter– mavp2p

PX4 MavLink
Interface

Standard
Environments

QGroundControl

Dynamic
Environment

Generator

Remote
Control

Performance analysis tool

Logger LoggerLogger Screen

Pilot

StandardScripted
scenarios

Video
quality
analysis

Figure 3. Software architecture of the proposed drone simulator system.

3.1.1. PX4

PX4 is an open-source flight control software for drones and other unmanned vehicles [71],
offering a suite of tools for drone developers to share technologies and create solutions for various
drone applications. PX4 establishes a standard for delivering drone hardware support and software
stacks, facilitating a scalable ecosystem for building and maintaining both hardware and software.

Simulators enable PX4 flight code to control a computer-modelled vehicle in a simulated envi-
ronment. Users can interact with this vehicle as they would with a real one, using QGroundControl
as a Ground Control Station application or a radio controller. PX4 supports both Software In the
Loop (SITL) simulation, where the flight stack runs on a computer, and Hardware In the Loop (HITL)
simulation, which uses simulation firmware on a real flight controller board.

In our simulation framework, we utilize the version v1.10.1 PX4 SITL as the vehicle simulator.
Given that PX4 is a widely adopted flight controller, this allows us to easily change the vehicle model
if required. The SITL implementation of the PX4 autopilot provides a highly accurate simulation of the
vehicle response, as it is a software version of a real autopilot hardware.

PX4 employs a simulation-specific module to listen on TCP or UDP ports, enabling simulators to
connect to these ports and exchange information using the MavLink protocol [75]. MAVLink is a very
lightweight messaging protocol for communicating with drones, used by a wide range of drones and
drone users.

3.1.2. Mavlinkrouter

In order to pass the MavLink messages from one simulator component to another, we use
the mavp2p MavLink router. This is a versatile and efficient Mavlink proxy, bridge, and router,
implemented as a command-line utility [76]. It is primarily utilized to connect UAV flight controllers,
interfaced via serial ports, with ground stations over a network. Additionally, mavp2p can facilitate
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routing across various configurations involving serial, TCP, and UDP connections, thereby enabling
communication across different physical and transport layers.

3.1.3. Mavlink Interface

This Python v3.8 program monitors messages transmitted by the PX4 SITL. It simultaneously
stores these messages and provides real-time flight performance analysis. The MavLinkInterface
program is implemented as a command-line tool and performs several critical functions. It connects to
and arms the vehicle, then listens for various messages, including drone attitude, global position, local
position, system status, vibrations, head-up display parameters, RC button status, RC raw channels,
RC manual commands, and pilot home position. Additionally, it continuously calculates the distance
and bearing between the pilot and the drone (in order to be able to simulate RF signal degradation
over distance) and saves all the aforementioned data to a CSV file. Running the MavLinkInterface
generates a CSV file of approximately 1 GB per minute, facilitating detailed post-flight analysis and
data archiving.

3.1.4. Standard Scripted Scenarios

The Alphonse simulator is open and modular for including a wide range of potential scenarios.
However, for this paper, we focus on one specific use case. This use case is defined by the Belgian
Defence Special Forces Group and consists of an ISR (Intelligence, Surveillance, Reconnaissance)
mission in a mountainous environment. The task of the drone pilot is dual. On the one hand, the pilot
needs to detect an enemy encampment in a very large area, providing a high-quality video of this target
and an accurate geo-location. On the other hand, the pilot also needs to detect and identify enemies
present in this environment, while avoiding detection. When detecting any of these targets, the drone
pilot is requested to lip a switch on the Remote Control to record the detection. This operation takes
place in a complex environment, consisting of mountains, roads, lakes, and under varying weather
conditions, in order to add complexity, such that pilot performance under stressful conditions can
be assessed. The implemented scenario consists of enemy 1 camp which is statically allocated at
run-time and 100 enemies that are dynamically allocated at run-time. Within the attributed time of
25 minutes that the pilots can operate in the simulator (before the battery of the drone runs out), it is
quite impossible to detect all enemies in this environment, which creates extra pressure for the pilots.

3.1.5. UnReal Engine

The Unreal Engine, developed by Epic Games, is a state-of-the-art, real-time 3D creation tool
widely recognized for its versatility and high fidelity in rendering complex, interactive environments
[9]. Initially designed for video game development, the Unreal Engine has evolved into a powerful
platform with applications extending far beyond gaming, including architectural visualization, film
production, virtual reality, augmented reality, and scientific simulations. Its robust framework, sup-
ported by advanced features such as photorealistic rendering, dynamic lighting, and physics-based
simulation, enables researchers and developers to create highly realistic and immersive virtual envi-
ronments. The engine’s extensive scripting capabilities, facilitated by its visual programming language,
Blueprints, and support for C++, provide users with the flexibility to develop customized solutions for
diverse scientific and industrial applications. The Unreal Engine’s ability to handle large datasets and
complex simulations makes it an invaluable tool for conducting high-fidelity virtual experiments and
developing innovative visualization techniques in various scientific domains.

We used version 4.25 of the UnReal engine and implemented the following capabilities in order
to fulfil the requirements of the simulator:

• Next to the standard First-Person-View camera, we introduce a ground-based observer viewpoint
camera which renders the environment through the eyes of the pilot. At the start of the operation,
the simulator starts in this ground-based observer viewpoint. As the environment is very large
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and as most operations will take place Beyond Visual Line Of Sight (BVLOS), the operator will
after a while usually switch to First-Person-View.

• Measure the number of collisions with the environment, as this is a parameter for the pilot
performance assessment

• Measure the geo-location of any target (static camp or dynamic enemies)
• Calculate at any moment the minimum distance to any enemy
• Calculate the detectability of the drone, taking into consideration a detectability model in function

of the distance of the drone to the enemy and the noise model of the drone type used [77,78].
• Sound an alarm when the drone is detected
• Include a battery depletion timer (set at 25 min). The drone crashes if it is not landed within the

set time.

The UnReal engine renders photorealistic environments and can do that also directly in a Virtual
Reality interface. However, while the simulation engine supports virtual reality and we have the
equipment available, we have especially opted for using a curved monitor and not making use of a
virtual reality interface for two reasons:

1. We want to avoid measuring the side-effects of virtual embodiment, where some pilots may be
subject to.

2. Virtual reality would obstruct the use of exteroceptive sensing tools for measuring the physiologi-
cal state of the pilot during the test.

3.1.6. Standard Test Environment

At the core of the standard test environment, we use the LandscapeMountains outdoor environ-
ment, which is available as a free download from the UnReal marketplace as a showcase of some
advanced lighting, water reflection and weather effects. This environment features weather effects
such as clouds and fog and also includes dynamic aerial obstacles (also called birds), thereby providing
a rich training environment for operating drones. It is a very large (6GB in size) and excellently suited
for testing outdoor surveillance scenarios in vast open space environments. Figure 4 gives the reader a
general view of the scenery and the different environmental features of the environment.

Within this environment, we introduce two standardised targets, conforming to the ISR scenario:

• A standardised visual acuity object. It consists of a mannequin with a letter written on its
chest plate, as shown on Figure 4e. The user will be requested to read out the letter (like for
an ophthalmologist exam). The letters can be dynamically changed for every simulation and
the mannequins can be spread randomly over the environment. In order to increase the level
of difficulty, some of the mannequins are placed inside enclosures, forcing legibility only under
certain viewing angles, thereby making the job even more difficult for the drone pilot.

• An enemy camp. It consists of a series of a series of tents, military installations and guarded
watchtowers, as shown on Figure 4f.
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(a) Drone in start position (b) High-altitude view of the environment

(c) Low-altitude view of the environment (d) Environment in rain/fog/snow

(e) Visual acuity test on a target (f) Enemy camp in the environment
Figure 4. Snapshots of the simulator environment, showing the elements of the standardised test
environment

3.1.7. AirSim

Microsoft AirSim is an advanced, open-source platform designed for the simulation of au-
tonomous vehicles and drones [8]. Developed by Microsoft Research, AirSim provides a highly
realistic, physics-based simulation environment that enables researchers and developers to train, test,
and validate autonomous systems in a controlled, virtual setting before deploying them in the real
world.

AirSim is open-source, cross platform, and supports hardware-in-loop with popular flight con-
trollers such as PX4 for physically and visually realistic simulations. It is developed as an UnReal
plugin that can be dropped into any Unreal environment. Conceptually, one could say that AirSim
bridges the physical simulation of the environment (by the UnReal Engine) and the physical simulation
of the drone itself (by the PX4 flight controller).

3.1.8. Dynamic Environment Generator

One of the primary objectives of the Alphonse flight simulator is to evaluate drone pilot per-
formance under various external factors that may influence their flight capabilities. Two significant
sources of disturbance are weather conditions and auditory disruptions. To simulate these distur-
bances, the Dynamic Environment Generator (DEG), a Python script, dynamically generates such
environmental variations.
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As outlined in Section 3.1.6, the standard test environment incorporates weather effects such as
rain, snow, clouds, wind, and fog, as depicted in Figure 4d. The DEG introduces these environmental
conditions at random intervals throughout the simulation runs to evaluate pilot performance under
diverse weather scenarios.

Additionally, to assess pilots’ resilience to auditory disturbances, the DEG cycles through various
auditory tracks during the simulation runs. This approach allows for a comprehensive assessment of
pilot performance under different types of auditory disruptions.

3.1.9. QGroundControl

QGroundControl is an advanced ground control station for UAVs [80], offering comprehensive
flight control and mission planning capabilities for any MAVLink-enabled drone, as well as vehicle
setup for PX4 autopilot-powered UAVs. The software is entirely open-source and is used by a wide
range of drone users, which makes it the logical choice as a software platform for planning and
controlling the flight operations, as many of our end-users will already be used to this tool.

In our simulation framework, we use QGroundControl for planning missions (e.g. setting
geofences, defining mapping tasks, defining waypoints or regions of interest, etc.) and for arming and
disarming the drone. All this is particularly useful, as many of our operators have indicated to work in
Beyond Visual Line of Sight (BVLOS) conditions, where the use of tools like QGroundControl becomes
essential.

In our application, v4.1.1 of QGroundControl is utilized to provide a graphical user interface
(GUI) featuring an earth map, which aids in drone localization, as shown on Figure 5. Although
these earth terrain maps do not automatically correspond to the simulated environments, integrating
a reasonably accurate environmental model of a real-world setting allows the simulation and GUI
to function in complete cohesion. This configuration provides an optimal training environment for
Beyond Visual Line of Sight (BVLOS) flights.

Furthermore, QGroundControl supports input from a Remote Control connected via USB to the
simulator PC. The Remote Control can be calibrated and configured through QGroundControl to
operate in various modes, tailored to the user’s preferences. Next to the normal mapping of flight
controls, we also programmed specific levers on the Remote Control, such that when they are activated,
all relevant flight data (position etc.) is logged in a separate CSV file. This enables the pilots to fully
focus on flying during the simulation, as they can keep their both hands on the Remote Control at all
times.

Figure 5. Interface of the QGroundControl application.
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3.1.10. Logging Systems

Attached to the various components of the drone simulator software are multiple logging systems
that enable off-line processing by the performance analysis tool. In general, three types of logs are
created:

1. The MavLink interface records a series of interesting parameters related to the drone itself (its
position, velocity and acceleration, control parameters, vibrations, ...) on the MavLink datastream.

2. The Dynamic Environment Generator records the environmental conditions (wind direction and
speed, density of rain, snow and fog, ...) and the presence of auditory disruptions (type of audio
track, sound intensity, ...).

3. The UnReal-based simulation records the number of collisions with the environment, the geo-
location of all targets, the minimum distance to any enemy and the detectability of the drone.

Next to these three inputs, the video quality analysis tool, described in section 3.2 also provides an
important input to the performance analysis tool.

3.1.11. Video Quality Analysis Tool - See Section 3.2

3.1.12. A Mission Performance Analysis Tool - See Section 4.1

3.2. Quantitative Evaluation of Drone-Based Video Quality

3.2.1. Concept

As established in Section 1, there is currently no tool available to determine whether a video
produced by a specific drone operator contains sufficient information about a particular target. This
paper proposes a methodology to quantitatively assess the content of drone-based video data.

It is important to note that this methodology does not rely on video signal analysis, as such an
approach would be challenging to adapt across various applications or mission scenarios. Instead,
our methodology is based on the analysis of positional data, which drones typically acquire via their
positioning sensors. This approach is inherently task-agnostic and can be applied to a wide range of
applications.

For this paper, we primarily focus on military operations, where the objective is to gather the max-
imum amount of data about a target in the minimum amount of time. A limitation of this application
choice is that the proposed methodology does not account for cinematographic constraints (e.g., the
rule of thirds) commonly used in professional video photography, thus limiting its applicability to
such contexts.

3.2.2. Methodology

The video quality analysis methodology presented here is designed to be as task-agnostic as
possible. However, certain key basic assumptions must be defined for the algorithm:

• We assume that the drone camera is always directed at the target. This assumption simplifies the
algorithm by avoiding (dynamic) viewpoint adjustments based on drone movement. This is a
realistic scenario, as in actual operations, a separate camera gimbal operator typically ensures
the camera remains focused on the target. This task can also be automated using visual servoing
methodologies [67], which we assume to be implemented in this paper.

• To ensure uniform perception of the target from various viewing angles, we assume the target
has a perfect spherical shape. While this is an approximation and may differ for targets with
non-spherical shapes, it is the most generic assumption and can be refined if specific target shapes
are more applicable to particular uses.

• Since the zoom factor is not dynamically available to the algorithm, we assume a static zoom
factor.
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• The input parameters for the video quality assessment algorithm are the drone’s position at a
given time instance xi = (xi, yi, zi) and the target’s position xt = (xt, yt, zt), which is assumed to
remain static throughout the video sequence.

The proposed methodology for quantitative video quality analysis considers three sub-criteria
that together determine the overall measure of video quality. These metrics are:

1. The number of pixels on target ϕp. It is well-known that for machine vision image interpretation
algorithms (e.g., human detection [68], vessel detection [69]), the number of pixels on target is
crucial for predicting the success of the image interpretation algorithm. Similarly, for human
image interpretation, Johnson’s criteria [70] indicate that the ability of human observers to perform
visual tasks (detection, recognition, identification) depends on the image resolution on the target.
Given a constant zoom factor, the number of pixels on target is inversely proportional to the
distance between the drone and the target, such that:

ϕp =
λ

|xixt|
, (1)

where λ is a constant parameter ensuring that 0 ⩽ ϕp ⩽ 1, dependent on the minimum distance
between the drone and the target, the camera resolution, and the focal length.

2. The data innovation ϕd. As discussed in the introduction, assessing the capability of drone operators
to obtain maximum information about a target in minimal time is crucial. The data innovation
metric evaluates the quality of new video data. This is achieved by maintaining a viewpoint
history memory θj with j = 1...i − 1, which stores all normalized incident angles of previous
viewpoints. The current incident angle θi is compared to this memory by calculating the norm
of the difference between the current and previous incident angles. The data innovation is the
smallest of these norms, representing the distance to the closest viewpoint on a unit sphere:

ϕd =
i−1

min
j=1

(|θi − θj|) (2)

New viewpoints should be as distinct as possible from existing ones, as expressed by (2).
3. The trajectory smoothness ϕt. High-quality video requires a smooth drone trajectory over time.

Irregular motion patterns make the video signal difficult to interpret by human operators or
machine vision algorithms. The metric ϕt evaluates trajectory smoothness by maintaining a
velocity profile ẋj with j = 1...i − 1, which stores all previous velocities. The current velocity
ẋi is compared to the n most recent velocities. The norm of the difference between the current
and previous velocities is weighted by recency. The weighted sum of the n most recent velocity
differences measures changes in the motion profile and is inversely proportional to trajectory
smoothness:

ϕt =
1

i−1
∑

j=i−n

1
i−n

∣∣ẋj − ẋi
∣∣ (3)

All three video quality sub-criteria produce values between 0 and 1. Assigning equal importance
to each sub-criterion, the overall measure for drone-based video quality is:

ϕ = |(ϕp, ϕd, ϕt)| (4)

Weights can be applied to this global metric to prioritize specific sub-criteria based on application
requirements. However, this paper examines the generic case without applying any such weights.
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3.2.3. Validation

For the validation of the proposed methodologies, we assessed the performance of drone operators
in the simulation environment introduced earlier. Multiple operators with known proficiency profiles
were tasked with producing a high-quality video of a target within the simulation environment, and
the resulting total ϕ scores they obtained were recorded, as shown in Figure 6. The figure demonstrates
that the algorithm effectively distinguishes between proficient users (e.g., operator 3) and less proficient
users. However, further research is necessary to validate the relationship between subjective quality
assessments and this objective metric.

Figure 6. Video quality scores obtained by seven operators.

4. Drone Operator Performance modelling

4.1. Performance Analysis Tool

4.1.1. Metrics Definition

The role of the mission performance analysis component is to read in all the log files that are
created after a simulator run by a pilot (which easily consists of a few 100GB of data) and present this
data in a user-friendly way. For that reason, it extracts a number of performance metrics and visualizes
those on a Graphical User Interface.

The most important performance metric is the performance score ψ that is defined as an average
of multiple partial performance components:

ψ =

√√√√ 6

∑
j=1

ψj, (5)

The first performance component analyses the control commands and assesses the smoothness of
these pilot controls:
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ψ1 =
ω1

∏n
i=1∇vi

, (6)

where ω1 is a weight factor and vi consist of a number of (n = 20) control signals that can be
read from the MavLink protocol. After a number of experiments, we concluded that the following
combination of MavLink control signals offer the most relevant measure to assess the performance of
the pilot:

• GPS latitude, altitude and heading
• Velocity in the X, Y, Z direction
• Roll, pitch and yaw angles
• Velocity in roll, pitch and yaw
• Throttle level
• Climb rate
• Vibrations in the X, Y, Z direction
• Control stick position in the X, Y, Z and roll direction

Note that equation 6 considers the gradient of the vi signals, as it is not really their magnitude
which is of importance, but more their smoothness.

The ψ2 component assesses the number of collisions made by the pilot, as it is inversely propor-
tional to the number of collisions with the environment κ as measured during the UnReal simulator
during the execution of the flight:

ψ2 =
ω2

1 + κ
, (7)

The third component ψ3 is quite specific for this use case scenario, as it assesses whether the pilot
has succeeded in locating the enemy base. When the pilot triggers the detection reporting button on
the remote control within a predefined distance that is close enough to the centre of the enemy camp,
the boolean variable γ is set to one (otherwise it is zero). At the same time, the distance to the camp
δC is measured, which serves as an error measure for the pilot reporting. In case that the camp was
not found, this distance is initialised to a very high value. This enables to define the camp detection
component as:

ψ3 = ω3
γ

δC
, (8)

The fourth component measures quality of the video recorded by the pilot, following the method-
ology developed in section 3.2 and, with ϕ as defined by equation 4.

ψ4 = ω4ϕ, (9)

The fifth component ψ5 is a metric to assess target identification accuracy, as it compares the
number targets that are identified τI with the total number of targets τN . The metric also takes into
consideration the average distance to the detected targets τE and the total flight time T.

ψ5 = ω4
τI

τNτET
, (10)

The final component ψ6 further assesses the pilot performance in avoiding detection by enemies,
by comparing the mean distance to enemies δE and the minimum distance to enemies to the total
number of times the drone has been spotted by the enemies ϵ, as it was flying too close.

ψ6 = ω5

1
n ∑n

m=1 δE min δE

1 + ϵ
, (11)
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4.1.2. Interface Design

The mission performance analysis component was developed as a Matlab application, in order
to make it user friendly for the analyst. The interface, as shown on Figure 7, features a large 2D
top-down view of the standardised test environment, showing the locations of the different enemies
(blue dots), the enemy camp (red square), and the drone trajectory (blue line). This allows an analyst to
discuss with the pilot the performance in terms of trajectory smoothness and the adherence to certain
predefined search patterns.

Figure 7. Main interface of the performance analysis tool, featuring on the right side a number of
performance metrics and on the left side a top-down view of the standardised simulation environment,
showing the locations of the different enemies (blue dots), the enemy camp (red square), and the drone
trajectory (blue line).

The right side of the interface shows a number of metrics that can help for the analysis of the
flight performance:

• The total flight time in seconds;
• The total distance flown in meters;
• Whether the camp has been found, and - if yes- the error on the distance measurement;
• Whether a video was recorded, and - if yes- the video quality score according to equation 4;
• The number and percentage of enemies identified and their localisation error;
• The mean and minimum enemy distance in meters;
• Whether the drone has been detected by enemies;
• The number of collisions;
• The performance score under multiple environmental; conditions or under multiple human

factors. Note that - as can be expected - the performance score in normal weather is better than
the performance score in bad weather.

The Interface also features a second screen that gives access to much more detailed performance
data of 60 time signals over the whole flight duration, as shown in Figures 8 and 9. The reason
for including this interface is that we wanted to provide a full explainability towards the singular
performance score metric, thereby increasing the trust of the users in the system [72]. Indeed, by
analysing the different time signals recorded during the flight, an expert analyst can deduce e.g. what
went wrong during a certain flight and why the corresponding performance score is low.
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Figure 8. Expert analysis panel of the performance analysis tool. The user can select any of the 60
recorded time-signals on the right to better understand the composition of the performance score. Here,
the graph shows the X-axis component of the drone velocity, as measured by its on-board GPS system.

Figure 9. Expert analysis panel of the performance analysis tool. The user can select any of the 60
recorded time-signals on the right to better understand the composition of the performance score. Here,
the graph shows the Z-axis component of the drone vibrations.

As an example, Figure 8 shows the X-axis component of the drone velocity, as measured by its
on-board GPS system. The steep inclines in this graph do indicate erratic flight behaviour that will be
penalised in the performance score.

Similarly, Figure 9 shows the Z-axis component of the drone vibrations. While the signal is mostly
flat, some important spikes can be noted that likely indicate collisions with the environment, leading
to a lower performance score.

4.2. Human Performance Model

4.2.1. Methodology

Human performance modelling involves creating a mathematical representation of human
perception-reaction behaviours and cognitive reasoning processes. The objective of this modelling is to
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enhance the safety, efficiency, and performance of human-machine systems, such as drone pilot-drone
interactions.

We have developed an innovative drone operator performance model, particularly focusing on
military operations. To collect comprehensive user inputs, standardized questionnaires were designed
to encapsulate pilot performance within a human performance model that considers a broad set of
parameters. This model assesses the impact of varying operator training and skill levels, as well as the
diverse capabilities and reliability of different platforms.

The proposed human performance model enables the examination of multiple system prototypes
and theories related to human performance, which can be further validated through human-in-
the-loop experiments. This adaptability is crucial for keeping pace with rapidly evolving drone
technologies and for accurately representing human behaviour under extreme conditions. Objective
functions are constructed to optimize the model’s output—such as error rate, task completion time,
and workload—by treating model inputs as decision variables.

To evaluate the relationship between human factors and operator performance, we employed
a user-centred design approach [73]. Following this methodology, we identified human factors that
potentially impact drone pilot performance through interviews with experienced drone operators.
The key factors, determined by expert operatives, are listed in Table 1. Additional factors, such as
distraction, were also considered but scored low and were excluded from the primary list. These
identified parameters are re-evaluated with test subjects during an intake questionnaire to assess their
state before the simulation exercise.

Table 1. Most important human factors impacting drone operator performance.

Human Factor Importance level (0 – 100%)

Task Difficulty 89%
Pilot Position 83%

Pilot Stress 83%
Pilot Fatigue 83%

Pressure 83%
Pilot subjected to water or humidity 83%

Pilot subjected to temperature changes 78%
Information location & organization & formatting of the controller display 78%

Task Complexity 78%
Task Duration 78%

Pilot subjected to low quality breathing air 72%
Pilot subjected to small body clearance 72%

Ease-of-use of the controller 72%
Pilot subjected to noise / dust / vibrations 67%

Task Type 67%

Secondly, we identified operational scenarios and environmental conditions affecting drone pilot
performance through further interviews with security sector operators. This led to the compilation
of standard operational scenarios that cater to diverse end-user needs, including complex target
observation and identification missions in both urban and rural environments.

Thirdly, we developed a simulation environment for complex drone operations, as presented in
section 3. Within this simulation environment, pilots face dynamic environments, changing weather
conditions, and time pressure, all of which can induce errors impacting performance. This simulation
environment is completely open and customizable, which enables us to incorporate the standard test
scenarios, multiple customizable drones and to quantitatively measure the performance of the pilots
on-line while executing the mission. Next to this interoceptive sensing of the human physiological
state using the metrics presented in section 4.1.2, we also plan to use (in a later stage) exteroceptive
sensing of the human physiological state by a camera system targeted at the pilot, estimating fatigue
etc.
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Following mission completion, test subjects complete an additional questionnaire to assess their
physiological state and any changes since the intake survey. The collected data comprises human factors
and physiological states before, during, and after the mission, alongside quantitative performance data
from the simulation engine. This comprehensive dataset enables the development of a mathematical
model correlating human factors and physiological states with performance. Such a model can predict
performance based on given input states and has potential applications in drone pilot accreditation
and certification processes.

4.2.2. Results & Discussion

To evaluate the performance model, we recruited a diverse group of pilots to undertake several
missions using the proposed simulator system. This group comprised individuals with varying degrees
of experience in drone operation. The test group includes both military and civilian personnel from
Belgian Defence, with the military staff consisting mostly exclusively of drone pilots from the Special
Forces Group. While these are highly trained individuals with experience in operating military drones,
they do not necessarily all have specific type training on quadrotor drones. The civilians included
in the test panel included researchers working at the Belgian Royal Military Academy with highly
varying skill levels related to drone piloting.

The initial goal was to subject the test pilots to a whole range of human factors, as given by Table
1. However, this research study was not performed under the umbrella of an ethical committee, so
it was not possible to perform research on humans and to subject the human test subjects to a series
of human factors like sleep deprivation, water, humidity & temperature changes, etc. Therefore, we
concentrated on a number of factors that we could readily measure with the simulation system.

The initial aspect we examined was the decline in pilot flight performance under deteriorating
weather conditions. As previously mentioned, the simulator subjects pilots to a range of weather
scenarios (wind, snow, rain, fog, etc.). Among these variables, wind is the most straightforward to
quantify, as illustrated in Figure 10.
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Degradation of performance due to increasing wind speed.

Figure 10. Degradation of performance due to increasing wind speed. Each line represents the
performance score of an individual pilot across various wind speeds. The figure shows that good pilots
manage to keep a consistent performance level, whereas bad pilots see their performance reduced.
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In Figure 10, each line represents the performance score of an individual pilot across various
wind speeds. As anticipated, the performance scores generally exhibit a downward trend, indicating
that performance declines as wind speed increases. However, this trend should not be generalised, as
Figure 10 also reveals that highly skilled pilots show only minimal performance degradation under
increased wind speeds. This suggests that proficient pilots can effectively manage this external factor,
whereas less skilled pilots experience significant performance decreases in high wind conditions.

Another aspect we modelled was the degradation of pilot flight performance due to auditory
disturbances. The simulator facilitates this by introducing distracting noises during flight execution.
The analysis of performance scores under auditory disturbances initially puzzled us, as the results
were highly individualistic: some pilots managed various types of auditory disturbances exceptionally
well, while others experienced decreased flight performance. However, when we cross-referenced
these observations with the profiles of the test subjects, we discovered that military drone pilots were
generally resistant to auditory disturbances, whereas civilian pilots exhibited reduced performance
under such conditions, as illustrated in Figure 11.
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Figure 11. Degradation of performance due to auditive disturbances level. The figure shows that
military pilots (blue line) handle auditive disturbances very well, whereas civilian pilots tend to have
their performance reduced when subjected to auditive disturbances.

This observation is likely linked to the rigorous military training that prepares personnel to
handle auditory disturbances. Notably, the group of military pilots comprised Special Forces personnel
with operational experience, equipping them with the skills to overcome such disturbances. This
background also explains their higher average performance level compared to civilian pilots.

Stress is a frequently reported factor influencing pilot flight performance. To quantitatively
measure pilot stress levels, we included the Holmes-Rahe Life Stress Inventory [74] in the intake
questionnaire, which provides a quantitative assessment of stress. The variation in performance scores
relative to different amounts of stress levels is depicted in Figure 12.
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Figure 12. Degradation of performance due to a-priori stress level. No clear correlation between the a
priori stress level and the pilot flight performance could be established.

To be completely honest, we were initially disappointed with the results shown in Figure 12, as it
reveals no clear correlation between stress levels and flight performance. Based on existing literature,
we anticipated a decreasing trend; however, our experiments did not confirm this. This discrepancy
may stem from three cumulative factors

• Measurement of stress level only before the test and not during the test may not be enough to
yield appropriate measurements of stress levels. As discussed before, we intend to extend the
simulator system with exteroceptive sensing systems that would enable the measurement of
stress levels during flight, but this is not something that is ready yet.

• The Holmes-Rahe Life Stress Inventory is likely not be the optimal tool for quantifying stress
levels in this context, as it emphasizes long-term life events rather than short-term stressors.

• Limited sample size of our pilot population, which may not be sufficient to yield statistically
significant results.

Another possible reason is that
A final correlation we aimed to quantify is the relationship between training and performance,

as illustrated in Figure 13. This figure clearly demonstrates that to enhance performance, training
must be specific to the type of drone being operated. In other words, cross-type training does not
significantly improve performance, as evidenced by the blue line in Figure 13. This line predominantly
represents performance data from pilots with substantial experience flying fixed-wing drone systems.
However, their fixed-wing experience did not translate into high performance scores in the simulator.
It is important to note that the Alphonse simulator and its performance metrics focus on assessing
the ability to control the drone, rather than other critical aspects of drone operation such as ATM and
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UTM interactions, RF communication, and weather assessment, areas where fixed-wing pilots would
likely excel.

The correlation between flight training on quadrotors and performance scores is immediately
evident, as shown by the red line in Figure 13. This curve displays a steady and monotonous increase,
suggesting that more training consistently leads to better performance. The highest results in our
simulator were indeed achieved by a Special Forces operative who flies quadrotors on a daily basis,
thereby accumulating a substantial number of flight hours.
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Figure 13. Degradation of performance due to pilot experience. The figure shows that training
drastically improves performance (red line), but the training should be specific to the type of drone,
as training on fixed wing drones (blue line) will not help much for increasing the performance on
quadrotors.

5. Application Use Cases

5.1. AI Copilot for Drone Operator Assistance

5.1.1. Motivation and Concept

Given the susceptibility of drone operations to incidents arising from human error, it is imperative
to provide robust support to human pilots. The automotive industry has already addressed similar
issues through advanced driver assistance systems, which alert drivers when they are inattentive or
when they deviate from their lanes without signalling. Drawing on the data accumulated from the pilot
performance assessment system presented in this study, a comparable system for drone operations can
be developed.

This system utilizes an artificial intelligence (AI) framework that analyses flight patterns across a
spectrum of pilots, ranging from novices to highly trained experts. By examining these parameters,
the AI system can identify behaviours characteristic of proficient pilots and those indicative of sub-
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optimal performance. This paper details the development of an AI-based expert system designed to
perform such assessments in real-time. The expert system functions as a virtual co-pilot, continuously
monitoring flight performance and issuing warnings when detrimental flight behaviours are detected.

5.1.2. Methodology

In the ALPHONSE simulator, multiple drone pilots of varying skill levels performed flight trials
under controlled conditions. Each pilot executed a multi-target detection mission while being subjected
to auditory distractions, changing weather conditions, and other variables. Concurrently, 66 flight
parameters available in the MavLink drone messaging protocol [75] were tracked at a rate of 300
samples per second. The primary challenge in designing the virtual co-pilot system is determining
the relationship between these flight parameters and the pilot’s skill level. To address this, a two-step
approach was employed.

In the first step, termed the ’human intelligence’ step, the problem space was narrowed using
insights from the drone pilots, gathered through intake and out-take questionnaires. This process
reduced the 66 flight parameters to a list of 26 relevant parameters for further analysis. These
parameters include speed and acceleration, gradients for roll, pitch, yaw, and climb rate, vibrations,
control stick inputs, among others.

In the second step, the ’artificial intelligence’ step, a neural network was trained to model the
relationship between the 26 flight parameters and pilot skill levels. Initially, data pre-processing was
necessary due to the high sampling rate of the flight simulator logs. To manage the data flow, an
averaging process over 100 samples was applied, equating to approximately 0.3 seconds per sample.
The sequence length had to balance two competing requirements: maximizing data inclusion in the
decision process while minimizing delay in skill recognition. A sequence length of 50 was selected,
corresponding to around 15 seconds.

The neural network classifier comprises 100 hidden layers and five base layers:

1. A SequenceInputLayer that handles sequences of the 26 flight parameters.
2. A bidirectional long short-term memory layer that learns bidirectional long-term dependencies

between time steps of time series.
3. A fully connected layer that multiplies the input by a weight matrix and adds a bias vector.
4. A softmax layer that applies a softmax function [81] to the input.
5. A classification layer that computes the cross-entropy loss for classification tasks with mutually

exclusive classes.

The outputs were categorized into three classes:

• Category 1: Novice pilots, which also includes pilots experienced with fixed-wing drones but not
rotary-wing drones, subject to poor skill transfer across drone types, as observed and discussed
in section 4.2.2.

• Category 2: Competent pilots with experience flying rotary-wing drones.
• Category 3: Expert pilots, consisting of highly skilled pilots who regularly practice complex flight

operations.

The Adaptive Moment Estimation (ADAM) method for stochastic optimization [82] was im-
plemented. ADAM combines adaptive gradients and root mean square propagation, allowing the
algorithm to converge to a stable solution for the classifier, as illustrated in Figure 14.

This approach demonstrates the efficacy of integrating human intelligence and artificial intelli-
gence to enhance drone pilot training and performance assessment, ultimately contributing to the
development of advanced support systems for unmanned aerial operations.
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Figure 14. Convergence of the accuracy and loss of the ADAM pilot skill classifier.

5.1.3. Validation and Discussion

In this section, we present the results of tests conducted with drone pilots from Belgian Defence
and civilian researchers, who have flown within the ALPHONSE simulator. These pilots initially
provided flight data to train the model and subsequently participated in the model’s validation. For
validation purposes, the available flight data from all pilots was divided, with 80% used for training
and 20% reserved for validation.

To evaluate the performance of the pilot skill level classifier, the Receiver Operating Characteristic
(ROC) curve for the classifier is shown on the left side of Figure 15. This ROC curve is zoomed in
towards the upper left corner, highlighting the low ratio of false positives to true positives across all
classes. The confusion matrix, displayed on the right of Figure 15, further indicates the classifier’s
overall accuracy at 88.5%.

(a) ROC curve (b) Confusion matrix
Figure 15. Co-pilot classifier performance.
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It is important to note that most classification ’confusion’ occurs between classes 2 and 3 (com-
petent and expert pilots, respectively), which is not critical for the co-pilot application. The primary
concern for the co-pilot application is the accurate identification of novice pilots (class 1), for which the
classifier achieves an accuracy of 92.8%, demonstrating excellent performance.

The pilot skill level classification is performed in 0.02 seconds, theoretically allowing alerts to
be generated at a rate of 50Hz. However, due to the 15-second latency required to accumulate a
meaningful sequence length of flight parameters, such rapid alert generation is unnecessary. Therefore,
a Kalman Filter was implemented to disregard misclassifications.

The output of the Kalman Filter is an auditory alert issued at a rate of 1 Hz to the drone operator
when their flight behaviour is recognized by the classification system as corresponding to that of
novice pilots. If the ’bad’ flight behaviour is due to a lack of attention to the piloting task, the drone
operator can take corrective measures. In cases where the pilot is indeed a novice still learning to
operate a drone under an instructor’s supervision, the instructor can use the alerts from the virtual
co-pilot to provide guidance on improving flight performance.

5.2. Automated Optimal Drone Trajectories for Target Observation

5.2.1. Methodology

To automatically generate optimal drone trajectories for target observation, we frame the problem
as a constrained optimization task. Here, the objective function—such as the number of targets that
need to be reached—is minimized while considering the constraints imposed by the drone’s flight
dynamics. Consequently, it is essential to define the drone model and the application scenario, which
in this case is a target observation mission.

In this study, we focus on rotorcraft drones, a practical choice since these types of unmanned
aircraft are commonly used for short inspection or target observation tasks. Although executing
complex dynamic flight behaviours with rotorcraft drones necessitates a sophisticated motion model
and control architecture [83], a simplified motion model suffices for low-speed and relatively static
observation applications relevant to this paper. Thus, we adopt a straightforward motion model [84]
for generating potential locations for the drone to move to.

Additionally, we do not account for weather effects, such as wind, in our current model. While
these external factors can be integrated into the system in future iterations, our primary aim is to
validate the effectiveness of the proposed trajectory generation approach.

A pseudo-code representation of the general framework for generating drone trajectories is
provided in Algorithm 1. The methodology is detailed line by line to elucidate the process.

• Line 2: As stated above, the algorithm starts from a simple drone motion model, which proposes
a number of possible discrete locations where the drone can move to, taking into account the
flight dynamics constraints.
In a first step, we perform a search over all possible new locations in order to assess which one is
the best to move to. This means that a brute brute-force search is followed for searching for the
optimal position. This is a quite simplistic approach, but we have opted for this option as the
number of possible locations is not so enormous and it is therefore not required to incorporate
some advanced optimization scheme.

• Line 3: In a second step, the safety of the proposed new drone location is assessed. This analysis
considers in fact two different aspects:

– The physical safety of the drone, which is in jeopardy if the drone comes too close to the
ground. Therefore, a minimal distance from the ground will be imposed and proposed
locations too close to the ground are disregarded.

– The safety of the (stealth) observation operation, which is in jeopardy if the drone comes
too close to the target, which means that the target (in a military context often an enemy)
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could hear / perceive the drone and the stealthiness of the operation would thus be vio-
lated. Therefore, a minimal distance between the drone and the target will be imposed and
proposed locations too close to the target will be disregarded.

• Lines 4-6: The different sub-criteria are assessed, following equations (1), (2) and (3).
• Line 7: The global objective video quality measure ϕ at the newly proposed location is calculated,

following the equation (4).
• Line 8: The point with the highest video quality score ϕ is recorded.
• Line 9-10: At this point, an optimal point for the drone to move to has been selected (xb). The

viewpoint history memory θj and the velocity history memory ẋj are updated to include this new
point.

• Line 11: The drone is moved to the new point xb, in order to prepare for the next iteration.
• Line 12: The point xb is appended to the drone trajectory profile.

Algorithm 1: Trajectory generation algorithm.

Input: drone position xi = (xi, yi, zi) target position xt = (xt, yt, zt)

Output: Drone trajectory Y
1 while not at end of the iteration do
2 xn ← CalculatePossibleNewPositions(xi) forall proposed positions xn do
3 if EvaluateSa f ety(xn) then
4 ϕt ← CalculatePixelsOnTarget(xn, xt)

5 ϕd ← CalculateInnovation(xn, xt, θj)

6 ϕt ← CalculateSmoothness(xn, xt, ẋj)

7 ϕ← |(ϕp, ϕd, ϕt)|
8 xb ← RecordBestPoint(xn, ϕ)

9 θj ← UpdateDataInnovation(θj, xb)

10 ẋj ← UpdateTrajectorySmoothness(ẋj, xb)

11 xi ← AdvanceDrone(xb)

12 Y ← RecordDronePosition(xb)

5.2.2. Validation and Discussion

For the validation process, we initiated the drone from a random location and evaluated the
optimal trajectories estimated by the algorithm.

An example of this analysis is illustrated in Figure 16. In the experiment depicted, the drone starts
from a location which is significantly elevated above the target. The solution proposed by the proposed
automatic trajectory generation methodology is shown in Figure 16e, where the target position is
depicted by the large sphere on the bottom. Notably, the proposed solution involves a spiralling
downward movement, ensuring comprehensive target perception from various angles. Upon reaching
the safety distance from both the ground and the target, the movement pattern transitions to an
outward-extending rectangular pattern. This movement pattern is both economical for the drone and
ensures that the target is observed from increasingly oblique angles.

Figure 16a-16c depict the evolution of the sub-criteria ϕp, ϕd and ϕt throughout various stages
of the drone’s trajectory. As observed, the algorithm successfully achieves a relatively high number
of pixels on target during the initial phase of the trajectory, while the drone spirals downward. In
the subsequent phase, the number of pixels on target decreases as the drone moves further away to
capture more oblique views.

The data innovation ϕd, illustrated in Figure 16b, exhibits a predominantly decreasing trend. This
trend is attributed to the increasing difficulty in acquiring new information as the mission progresses.

Figure 16c demonstrates that the trajectory smoothness remains fairly constant for the majority
of the trajectory. This consistency indicates the algorithm’s effectiveness in selecting smooth trajecto-
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ries. However, near the end of the trajectory, peaks and valleys are observed, corresponding to the
rectangular pattern where 90° turns alternate with straight paths.

By summing up the data innovation ϕd over time, a measure of scan completeness can be defined,
as shown in Figure 16d. This metric provides an indication of the amount of new data collected per
step of the trajectory. Across all conducted experiments, this scan completeness metric exhibits an
asymptotic behaviour, as demonstrated in Figure 16d. This asymptotic trend is expected, as it becomes
progressively more challenging to obtain new data over time. Consequently, this metric is invaluable
for drone operators to evaluate in real-time whether it is worthwhile to continue the observation task
or if it is more prudent to terminate the mission.
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(b) Evolution of the ϕd criterion.
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(c) Evolution of the ϕt criterion.
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Figure 16. Drone trajectory generation validation.

5.3. Drone Mission Planning Tool

Commanders in the field are often confronted with the situation that they have a number of
human and technological assets (in this case: pilots and drones) at their disposal and they have
to choose which assets to deploy for a specific mission. Using the quantitative performance data
generated by the proposed assessment system, commanders can be offered a tool that enables an
optimal resource allocation, based on statistical processing of quantitative data.

For this reason, an in-the-field drone mission preparation tool was developed, using the human
performance data gathered using the pilot assessment tool. The tool, presented on the Figure 17a,
allows to quickly select the pilots and drones that are available for a certain mission and to define the
characteristics of the mission profile. At this moment, 9 pre-defined mission profiles are foreseen in the
system: Intelligence Surveillance and Reconnaissance, Force protection, Search & rescue, Mapping,
Explosive ordnance disposal, CBRN, Indoor, covert observation and targetting, as shown on Figure 17a.
Based on historical performance data, the app will then propose the optimal resource allocation (pilot
+ drone) for the specified mission, as shown on the bottom of Figure 17a.

If the user wants more information, details on the resource allocation optimization can be con-
sulted, as shown on the figure on the right. This can be insightful, as by analysing this information,
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it can become clear that not in all cases the best overall drone pilot or best suited drone are chosen
as an optimal combination. In the example below, it is e.g. evident that the chosen drone (number 7)
performs overall less well than drone number 8. The final choice of the resource allocation tool for
drone number 7 can be explained by the fact that it also takes into consideration the specific training &
experience that each operator has with each drone (in practice: the number of flight hours, as shown
on the bottom left of Figure 17b), as this is a key factor to be taken into consideration for the choice of
the pilot and drone for any given mission.

(a) Interface of the drone mission preparation tool,
enabling the operator to select the available drones
and pilots and the type of mission. The system then
calculates the optimal drone and pilot for the given
mission and presents this information to the user.

(b) Details of the calculation of the optimal resource
allocation. The optimizer uses stored capability pro-
files for drones and pilots for different missions and
experience levels of the different pilots with all the
drones to propose an optimal allocation.

Figure 17. Graphical user interface of the drone mission preparation tool.

5.4. Incremental Improvement of Drone Operator Training Procedures

5.4.1. Enabling Fine-Grained Pilot Accreditation

In manned aviation, there exist extremely strict procedures for pilot accreditation and aircraft
airworthiness certification. For small unmanned aircraft, however, the rules are less tight and also
less harmonized globally. In the European Union, a risk-based approach [85] is followed, where
tighter rules are imposed (both for the pilot license as for the aircraft airworthiness assessment) with
increasing risk associated to the drone operation to be performed. A crucial point is thus to assess the
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risk to a drone operation, which is dependent of the scenarios that are going to be performed and that
are written down in the operational handbook. Therefore, a set of standard scenarios are defined and
in order to get a permission to fly, the performance of drone pilots and drones for a specific scenario
needs to be assessed. This concept of operation for the accreditation has an important pitfall that our
work tries to address: the drone pilot accreditation process happens once, once a year or once every
few years. However, we know that a varying physiological state of the pilot on the date of the flight
may impact the performance drastically. Using our human performance model, we can predict – given
a certain physiological input state – what would be the flight performance of the human operator. As
such, a much more fine-grained case-based accreditation is possible, which is specifically useful for
stressful operations, such as is often the case in the security sector.

5.4.2. Enabling Iterative Improvement of Training Procedures

The described system represents a significant advancement in the domain of drone pilot training,
offering a dynamic and iterative methodology for performance enhancement. This approach can be
effectively employed by training agencies to refine and elevate their training procedures continuously.
Central to this system is the ability to capture and analyse extensive performance data within a virtual
test environment, allowing for a comprehensive assessment of pilot skills under various conditions.

Training agencies can leverage the system’s detailed data collection capabilities to conduct an
in-depth analysis of pilot performance, identifying patterns and pinpointing specific areas where
pilots may struggle. This data-driven insight enables the development of tailored training programs
that address individual weaknesses and promote overall proficiency. Furthermore, the integration of
a human performance model provides a nuanced understanding of how factors such as stress and
cognitive load impact pilot effectiveness. By incorporating these insights, training programs can be
adjusted to mitigate these factors, thereby enhancing pilot performance.

The real-time feedback provided by the AI co-pilot is another critical asset, offering immediate
guidance and correction during training sessions. This feature ensures that pilots can rectify mistakes
as they occur, fostering the development of correct practices and preventing the reinforcement of
poor behaviours. The continuous feedback loop created by this system is instrumental in promoting
iterative improvement, as it allows for the ongoing refinement of training techniques based on real-time
performance data.

Moreover, the system’s mission planning tool plays a crucial role in optimizing pilot assignment
and training scenarios. By simulating real-world mission planning and assessing pilot suitability based
on performance scores and stress models, the tool prepares pilots for actual operations and enhances
their decision-making skills. This aspect of the system ensures that training remains relevant and
aligned with operational demands, providing pilots with a realistic and practical training experience.

The iterative nature of this system is further reinforced by the continuous incorporation of
quantitative input from training sessions into the overall training curriculum. As pilots engage with
the training modules, their performance data is systematically analysed and used to update and
improve the training content. This process ensures that the training programs evolve in response to
the latest performance insights, maintaining their effectiveness and relevance over time.

In essence, the described system enables training agencies to adopt a holistic and adaptive
approach to drone pilot training. By utilizing comprehensive data analysis, real-time feedback, and
iterative curriculum updates, training programs can be continuously refined to produce highly skilled
and proficient drone pilots. This approach not only enhances individual pilot performance but also
contributes to the overall advancement of training methodologies within the field.

5.4.3. Enabling Fine-Grained Pilot Performance Follow-Up

The presented approach allows training agencies to monitor pilot progress with precision, provide
targeted interventions, and continuously refine training programs to enhance pilot performance
comprehensively. The simulator system facilitates fine-grained pilot performance follow-up through
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its detailed data collection and analysis capabilities. By capturing extensive performance metrics
within a sophisticated virtual test environment, the system provides a comprehensive and nuanced
understanding of each pilot’s abilities and areas for improvement.

Training agencies can utilize this detailed data to monitor pilot performance over time, allowing
for precise tracking of progress and identification of trends. This longitudinal data collection enables a
granular analysis of how specific skills develop and how different factors, such as training interventions
or operational stressors, impact performance. By continuously analysing this data, agencies can provide
targeted feedback and tailor training programs to address individual pilot needs.

Moreover, the iterative nature of the system’s data integration ensures that performance follow-up
is a continuous and evolving process. As pilots engage in training, their performance data is regularly
fed back into the system, allowing for ongoing updates and refinements to the training curriculum.
This iterative feedback loop ensures that training programs remain adaptive and responsive to the
latest performance insights, providing pilots with continuously optimized training experiences.

6. Conclusions

6.1. Discussion on the Proposed Contributions

In this paper, we propose a novel drone operator performance assessment tool that leverages
realistic environments and operational conditions to measure operator performance both qualitatively
and quantitatively. This tool aims to optimize training curricula to ensure maximum safety. Realism
in simulation systems is crucial for achieving desired training outcomes. Our proposed framework
incorporates realistic operational conditions, such as wind and weather effects, which are critical for
assessing pilot performance in complex scenarios. This approach is particularly relevant for pilots in
challenging conditions, such as those in military or emergency services, who find simplistic training
scenarios inadequate.

The development of our performance assessment tool includes a sophisticated simulator built on
the Microsoft AirSim engine and the Unreal Engine. This simulator tracks over 65 flight parameters
and assesses video quality, providing a highly realistic environment for complex operations. It also
suggests optimal flight trajectories for target observation, thereby assisting operators during missions.
Post-flight, an overall performance score is calculated based on mission objectives. This data has been
used to train an AI-based classifier to recognize ’good’ and ’bad’ flight behaviours in real-time, which
aids in the development of a virtual AI co-pilot for immediate feedback.

Furthermore, our research has led to the development of a mission planning tool that assigns
the best pilots for specific missions based on performance scores. This tool helps identify and rank
human factors impacting flight performance. It was also the goal to link stress factors to performance
outcomes, but as shown by Figure 12, we were not able to deduct such a relationship, such that we
couldn’t include stress in the model.

Our study makes several novel contributions to the field: a drone simulator that tracks operator
performance under realistic conditions, a method for quantitative evaluation of drone-based video
quality, and a comprehensive human performance modelling methodology that links human factors
to operator performance. Additionally, the introduction of an AI co-pilot for real-time flight perfor-
mance guidance and a flight assistant tool for optimal trajectory generation represents significant
advancements in drone pilot training technologies. Furthermore, by training a range of pilots in this
simulator environment, these innovations enable the development of several applications, including
an iterative training improvement methodology based on quantitative input. These developments
shown in this research work are developed to meet the needs of the Belgian Special Forces Group,
focusing on scenarios such as ISR operations. However, the presented approach is totally generic and
open, and therefore highly adaptable to various other use cases.
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6.2. Future Work

While the presented drone operator performance assessment tool represents a significant ad-
vancement in the field of drone pilot training, it remains only an Alpha version and can benefit from
multiple potential future improvements to further enhance its effectiveness and applicability.

One promising direction is the continuous refinement and expansion of the simulation scenarios.
While the current simulator effectively incorporates an ISR scenario in a mountainous environment,
future iterations should include an even broader range of scenarios and environmental variables and
emergency situations. This would provide a more comprehensive training experience, better preparing
pilots for the wide variety of conditions they may encounter in real-world operations. Additionally,
expanding the range of simulated scenarios to include more specific mission types, such as search
and rescue operations, civil security, or industrial inspections, could tailor the training experience to
the needs of various industries. This would help bridge the gap between simulation and real-world
operations, leading to more effective training outcomes.

Another potential area of future work is the integration of more advanced feedback systems.
While the current system relies on intake and outtake questionnaires, future versions could incorporate
exteroceptive sensing to gather quantitative stress and task load data from the pilots during the flight
operation, which would enable correlating specific flight operations with stress levels. Potentially, this
could also alleviate the problem that we failed to identify (in Figure 12) a correlation between the stress
level and the pilot flight performance.

What is certainly required to extend the system applicability is to incorporate more drone pilots
in the testing process. Moreover, longitudinal studies tracking the progress of pilots over extended
periods could provide valuable insights into the long-term effectiveness of the training program
and identify areas for further refinement. Additionally, collaborative research with psychological
and cognitive scientists could help to better understand the human factors influencing drone pilot
performance and how best to address them in training programs.

Another avenue for future work is the development of better metrics for assessing drone pilot
performance, as the current metrics are basically a first guess by the authors. Establishing a set of more
universally accepted performance indicators would facilitate more consistent and objective evalua-
tions across different training programs and operational contexts. This could involve collaboration
with regulatory bodies and industry stakeholders to ensure that the metrics are comprehensive and
applicable to a wide range of drone operations.

Lastly, expanding the applicability of the simulator to a broader audience, including civilian
and recreational drone pilots, could have significant implications for drone safety and regulation.
Developing user-friendly versions of the simulator with customizable training modules could help
democratize access to high-quality drone training, ultimately contributing to safer skies for all drone
operators.
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Abbreviations

The following abbreviations are used in this manuscript:

ADAM Adaptive Moment Estimation
AI Artificial Intelligence
APAS Advanced Pilot Assistance Systems
ATM Aerial Traffic Management
BVLOS Beyond Visual Line Of Sight
CBRN Chemical, Biological, Radiological and Nuclear
CSV Comma-separated values
DEG Dynamic Environment Generator
DJI Da-Jiang Innovations
DRL Drone Racing League
GB Gigabyte
GPS Global Positioning System
GUI Graphical User Interface
HITL Hardware In The Loop
HMI Human Machine Interface
ISR Intelligence, Surveillance, Reconnaissance
LiDAR Light Detection and Ranging
MDPI Multidisciplinary Digital Publishing Institute
MTE Mission Task Element
NIST National Institute of Standards and Technology
PSD Power Spectral Density
PSNR Peak Signal-to-Noise Ratio
R-CNN Region Convolutional Neural Network
RC Remote Control
RF Radio Frequency
RMSE Root Mean Square Error
ROC Receiver Operating Characteristic
SITL Software In The Loop
TCP Transmission Control Protocol
TLX Task Load Index
UAS Unmanned Aircraft System
UAVs Unmanned Aerial Vehicle
UDP User Datagram Protocol
UTM Unmanned Traffic Management
YOLO You Only Look Once)
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