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SUMMARY

With the rapid advancement of technology, drones are being actively deployed across
various domains. To manage their growing presence in the airspace, Uncrewed Air Traffic
Management (UTM) has been proposed and is currently under development. Given the
expected high volume of drone traffic, UTM will rely heavily on high levels of automation,
as it is impractical to control each drone manually in the manner of traditional Air Traffic
Control (ATC). However, this reliance on automation presents potential risks, particularly
in airspace around airports where crewed aircraft are taking off and landing. Since com-
pletely reliable automation has not yet been achieved, anomalies or failures in UTM sys-
tems could increase the risk of collisions between drones and crewed aircraft. Therefore,
UTM still warrants human supervision to ensure the safety of drone operations.

As automation becomes more advanced and complex, it also becomes increasingly
difficult for humans to supervise, thereby hindering their trust and acceptance. Previous
research suggests that some form of “seeing-into” transparency may be required to ad-
dress this issue and support effective human supervision of automated systems. In this
dissertation, “seeing-into” transparency is categorised into operational transparency and
engineering transparency. Operational transparency offers (real-time) insights into the
automation’s states, actions, goals, and environmental impact, helping operational users
maintain situation awareness and respond effectively to changing conditions. Engineer-
ing transparency, in contrast, discloses the inner workings of automation, enabling users
to develop a deeper understanding of automation behaviour. This research adopts a
bottom-up approach, beginning with engineering transparency and progressing towards
operational transparency.

This dissertation focuses on achieving transparent path planning in UTM routing.
To this end, a visual approach was first proposed to reveal the internal processes of path-
planning algorithms, with a focus on graph- and sampling-based ones, as shown in Chap-
ter 2. To demonstrate the effectiveness of the approach, a novel web-based pathfinding
visualiser was developed that incorporates various classic and advanced path-planning
algorithms, such as A*, Theta*, Anya, Polyanya, Rapidly-exploring Random Tree (RRT),
RRT*, Informed RRT* and Batch Informed Tree (BIT*). To evaluate the impact of the pro-
posed approach on algorithm runtime, extensive benchmark tests were performed on
public datasets. Results show that extracting all search trees during the search process
may significantly slow down the original algorithms. For large-scale, real-time opera-
tions, it is recommended to record only necessary data during the search and perform
search tree extraction afterwards for visualisation.

To further investigate the effectiveness of algorithmic transparency, a user study was
conducted to evaluate its impact on human understanding, as presented in Chapter 3.
Considering that directly presenting the search process may overwhelm users, partic-
ularly in operational contexts, the path-planning transparency was structured into six
distinct levels. Results indicate that as the transparency level increases, so does human
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understanding. However, the relationship between transparency and understanding is
not a linear one. When the algorithm behaves contrary to human expectations and in-
creased transparency fails to provide a clear explanation, users may become even more
confused than without the additional transparency. For non-expert users unfamiliar with
the algorithm, full transparency is often critical for meaningful understanding. The user
study suggests that sampling-based algorithms may be easier to comprehend than graph-
based algorithms. While the randomness inherent in sampling-based algorithms makes
their behaviour difficult to predict, their overall rationale and underlying principles are
meaningful and intuitive to humans.

As the ultimate goal of this dissertation is to achieve transparent path planning for
UTM, the focus was then shifted from path-planning algorithms to UTM routing, broad-
ening the concept of algorithmic transparency from purely engineering concerns to en-
compass operational dimensions, as shown in Chapter 4. A unified transparency taxon-
omy was developed, integrating diverse aspects of algorithmic transparency. Based on
the proposed taxonomy, twenty transparency elements and their corresponding visual
prototypes were devised for UTM routing. A survey study was then conducted to inves-
tigate the needs and preferences of Air Traffic Controllers (ATCos) and drone experts re-
garding these elements and prototypes. Results show that operational transparency is
deemed more useful than engineering transparency in nominal UTM scenarios, whereas
engineering transparency becomes more valuable when UTM routing fails. In the sur-
vey, operators were also asked to group the transparency elements, and their groupings
aligned with the proposed transparency taxonomy.

The survey study captures only the initial opinions of operators, shaped by their prior
knowledge and experience. To gain more insights, a human-in-the-loop experiment was
performed to further examine the actual usage of various transparency elements in dy-
namic scenarios, where time pressure is a key concern, as shown in Chapter 5. Results
show that information regarding the Closest Point of Approach (CPA) between drones
and crewed aircraft is the most useful element for supporting tactical UTM supervision.
When UTM routing fails, operators typically seek more information, such as constraint
changes and details about the algorithm’s inner workings, to understand the failure and to
gather clues that inform their intervention strategies. Similar to the user study presented
in Chapter 3, the experiment in Chapter 5 also suggests that in UTM contexts, sampling-
based algorithms might be more suitable for supervision than graph-based algorithms.
This is likely because the search tree visualisation of sampling-based algorithms could
more clearly convey the algorithms’ exploration efforts, offering useful cues for human
intervention, such as indicating regions that are likely to be conflict-free.

In conclusion, this research achieves algorithmic transparency in path planning and
demonstrates its application within UTM contexts. It contributes further empirical evi-
dence to the growing body of research underscoring the importance and benefits of al-
gorithmic transparency. The findings suggest that algorithmic transparency can enhance
human understanding, but its utility in operational settings may be limited by situations,
time pressure, and workload. As operators develop trust or expertise, their need for trans-
parency may diminish. Overall, transparency is essential to facilitating trustworthy au-
tomation, especially when it is not yet fully reliable.
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1
INTRODUCTION

This chapter first introduces the background and operational concept of
Uncrewed Air Traffic Management (UTM), describes the research prob-
lem with a focus on transparency issues in UTM, and then presents the
approach along with four key questions. The research scope is defined by
clarifying the underlying assumptions and areas of focus. The disserta-
tion outline is also included to illustrate how each chapter contributes to
and aligns with the overall study.
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1.1. BACKGROUND
With the rapid advancement of technology, Uncrewed Aerial Vehicles (UAV), commonly
referred to as Uncrewed Aircraft Systems (UAS) or drones, have emerged as transforma-
tive tools across a wide range of commercial and industrial sectors in recent years. They
are increasingly being utilised for applications such as aerial surveying, infrastructure
inspection, agriculture, logistics, and emergency response. In China, the number of reg-
istered drones rose by 42.6% between 2018 and 2021, reaching 832,000 by the end of 2021
[1]. In the United States, over 842,000 small commercial drones (weighing between 250
grams and 25 kg) had been registered by 2023 [2]. In Europe, government and commer-
cial units are expecting drone operations to increase from several thousand to hundreds
of thousands from 2016 to 2035 [3]. This upward trend highlights the growing influence
of drones in our daily lives.

However, as the number of drones increases, the risk they pose to humans also rises.
A malfunctioning drone that falls from the sky may strike people on the ground, while an
unauthorised and uncoordinated drone may interfere with crewed aviation, endangering
passengers on board. In recent years, unannounced private drone activity near airports,
such as Gatwick, Heathrow, Frankfurt and Madrid, caused significant disruptions to reg-
ular air traffic and even led to temporary airport shutdowns [4]. These risks and incidents
underscore the need for regulation and management of drone operations.

From 2014 to 2016, the National Aeronautics and Space Administration (NASA) de-
veloped an initial Concept of Operations (ConOps) for UAS Traffic Management (UTM)
in the United States [5, 6]. Using a risk-based approach, four Technical Capability Lev-
els (TCLs) were defined to progressively advance UTM from limited drone operations in
rural areas to high-density operations in urban environments. During the same period,
the Single European Sky ATM (Air Traffic Management) Research (SESAR) Joint Under-
taking also developed a ConOps for the European UTM, known as U-space, and released
a corresponding blueprint [7]. Four levels of U-space services were proposed according
to levels of drone automation and connectivity. Nowadays, the American UTM ConOps
has been updated to its second version by NASA and the Federal Aviation Administration
(FAA) [8], whereas the U-space ConOps from SESAR is now in its fourth edition [9]. The
fifth edition is currently under development through the SESAR project CORUS five [10].

In general, both American and European UTM systems are expected to rely on high
levels of automation, providing a wide range of automated services to support drone op-
erations. These services include operation planning, routing, weather and terrain avoid-
ance, intent sharing, and strategic and tactical de-confliction. Additionally, both systems
apply digital airspace management techniques, such as geofencing and geocaging [11], to
restrict drone flight positions. This approach treats airspace as a shared resource and dy-
namically allocates it among a large number of drones (and other airspace users), thereby
reducing operational interference and potential conflicts between them.

However, the American and European UTM systems differ in their approach to sup-
porting drone operations in controlled airspace. In the American UTM system, UTM ser-
vices provide information and advisories, such as conflict detection and resolution, in a
supportive manner [8, pp. 19–20, 36–39]. Drone pilots or operators maintain primary
responsibility for ensuring operational safety. In contrast, the European UTM system in
controlled airspace resembles traditional Air Traffic Control (ATC), offering tactical con-



1
4 1. INTRODUCTION

flict resolution services [9, pp. 34-36]. Drone pilots or operators must follow instructions
issued by UTM in controlled airspace. In existing controlled airspace for crewed aviation,
ATC is expected to manage both drones and crewed aircraft with the assistance of UTM
services. However, it remains unclear how to support ATC in achieving this goal. This re-
search is guided by the European UTM (U-space) ConOps and seeks to address this gap,
with a particular focus on ATM–UTM integration and human-automation interaction.

1.2. ATM–UTM INTEGRATION
Drone operations in (existing) controlled airspace, unlike those in uncontrolled airspace,
often require coordination with crewed aviation. Nowadays, to access controlled airspace
in the Netherlands, a drone operator needs to request permission from Luchtverkeerslei-
ding Nederland (LVNL) and submit flight plans via GoDrone [12]. Figure 1.1 presents the
GoDrone map in the vicinity of Rotterdam The Hague Airport. The red areas are mostly
no-fly zones for drones, and the large red circle with an extended rectangle represents the
Control Zone or Controlled Traffic Region (CTR), centred around the airport. Currently,
tower controllers are responsible for monitoring both drones and crewed aircraft in the
CTR and have the authority to approve or deny clearance for drone flights. Due to the
availability and workload of tower controllers, the number of drone flights that take place
simultaneously within the CTR is limited.

Figure 1.1: Screenshot of the GoDrone map in the vicinity of Rotterdam The Hague Airport [12]. The right side
shows relevant information about the selected airspace, including its name, type, and altitude. The
green button allows users to submit a digital flight plan to request authorisation from LVNL.

A CTR such as the one above Rotterdam The Hague Airport typically occupies a large
portion of urban airspace. As the demand for drone operations within the CTR increases,
current tower control capabilities may be insufficient to meet it. To facilitate the integra-
tion of drones into controlled airspace, U-space has advanced the development of collab-
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orative interfaces with ATM [13–16]. The concept of Dynamic Airspace Reconfiguration
(DAR) has been developed in the AURA (ATM U-space Interface) project [17]. In this con-
cept, controlled airspace is defined as either ATM-controlled zones for crewed aviation
or UTM volumes for drone operations. Figure 1.2 depicts two possible operational sce-
narios based on DAR. Scenario 1 indicates that controlled airspace is assigned to ATM by
default, with ATM having the authority to delegate portions of the airspace to UTM when
drones request access. Scenario 2 adopts the opposite approach, with UTM managing
controlled airspace and delegating portions to ATM as required. Essentially, regardless
of the scenario, the goal of DAR is to reduce potential interactions between drones and
crewed aircraft by clearly defining the airspace boundaries.
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Figure 1.2: ATM–UTM integration in controlled airspace, adapted from the AURA project [17]. AUSA is the ATM–
UTM Shared Airspace. ATZ is the Aerodrome Traffic Zone, which is part of the CTR. CTA is the Con-
trol Area, representing a broader portion of controlled airspace. This research primarily focuses on
CTR, in alignment with the LVNL requirements.
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To further support safe ATM–UTM integration, two key concepts have emerged based
on DAR: segregation and separation [15]. Segregation refers to the complete spatial isola-
tion of drones from crewed aircraft. In this concept, once controlled airspace is allocated
based on flight plans and operational constraints, there is no interaction between ATM
and UTM. Drones operate exclusively within UTM airspace, while crewed aircraft remain
confined to ATM airspace. The likelihood of conflict between drones and crewed aircraft
is minimised. However, full segregation may not always be feasible in practice. For ex-
ample, emergency helicopters may sometimes need to enter UTM airspace to save time,
and medical drones might have to traverse ATM-controlled areas near runways. Sepa-
ration, in contrast, involves keeping beyond a predefined safe distance between drones
and crewed aircraft. It offers greater adaptability in dynamic environments and can be
achieved not only through DAR, but also via direct commands issued to drones, or, when
necessary, to crewed aircraft.

Given the likelihood for drones to vastly outnumber crewed aircraft in the future, con-
trolled airspace may eventually be dominated by UTM, as shown in Scenario 2 of Figure
1.2. Accordingly, this research focuses on Scenario 2, exploring how safe ATM–UTM inte-
gration can be achieved and how humans are involved in this context.

1.3. ROLE OF HUMANS IN UTM
In traditional ATM, pilots and Air Traffic Controllers (ATCos) both play a vital role in en-
suring safe and efficient crewed aviation operations. Similarly, in UTM, drone pilots (or
operators) and automated UTM services are crucial to enabling the safe and orderly inte-
gration of drones into the airspace. Drone pilots can be either human operators control-
ling drones manually, or autopilot systems enabling autonomous operations. This study
considers only autonomous drones, disregarding response delays caused by human pi-
lots. This assumption aligns with the U-space ConOps [9], where the level of UTM cor-
responds to the degree of drone automation, and full ATM–UTM integration is generally
associated with the highest UTM levels (U3-U4).

In U-space, automated UTM services resemble ATC within controlled airspace, where
issued instructions are mandatory. This indicates that the automated UTM system bears
the ultimate responsibility for ensuring safety, and all drones should be capable of being
directly controlled by it. However, this may be problematic in some cases simply because
100% safe and reliable automation does not exist yet. Automation failures in UTM could
increase the risk of collisions between drones and crewed aircraft, posing a threat to hu-
man lives. Therefore, human oversight still remains essential to ensure the safety of drone
operations, particularly in emergency or abnormal situations.

Initial studies explored whether UTM supervision could be integrated into the exist-
ing duties of ATCos alongside their regular ATC tasks [15], according to the suggestions in
the U-space ConOps [9]. The findings, however, suggest that a dedicated supervisory role
may be necessary. In this dissertation, the individual responsible for monitoring drone
traffic and overseeing UTM operations is referred to as “UTM Operator/Supervisor”. The
UTM supervisor does not need to be a professional ATCo, but can be someone with prior
experience in drone operations, such as a drone operator or expert. Certainly, adequate
training is required before they can assume the role of a UTM supervisor.
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1.4. PROBLEM DEFINITION
To support human operators in supervising UTM operations, some form of “seeing-into”
transparency is required that provides insights into the inner workings of UTM, enabling
operators to understand its behaviour and limitations [18–20]. For instance, in a previous
human-in-the-loop experiment regarding tactical UTM operations [13], some operators
questioned why path A was chosen by automation for drone rerouting instead of their ex-
pected path B , expressing a desire for higher transparency to understand the underlying
rationale of the path-planning algorithm. “Seeing-into” transparency aims to “facilitate
human-automation interaction by revealing the automation’s responsibilities, capabili-
ties, goals, activities, inner workings, performance, or effects to the human in real time”
[20, p. 794]. It contrasts with “seeing-through” transparency, which refers to a seamless
interface that creates direct interaction between humans and automated tasks, making
the interface itself appear invisible. In this dissertation, the term transparency only refers
to “seeing-into” transparency.

Several transparency models that specify what information should be disclosed have
been developed, including Lyons’ human-robot transparency model [21] and the situa-
tion awareness-based agent transparency model [22]. These models have been success-
fully applied in various fields such as multi-mission uncrewed systems [23–25]. Algorith-
mic transparency, with a focus on algorithms and their inner workings, has increasingly
attracted public attention as a means to understand and justify algorithmic systems [26–
29]. It is defined as the “disclosure of information about algorithms to enable monitor-
ing, checking, criticism, or intervention by interested parties” [26, p. 811]. The notion of
progressive disclosure has been introduced to enable the incremental and on-demand
provision of relevant algorithmic information [30].

In addition to “seeing-into” transparency, Explainable AI (XAI) has recently emerged
as a field dedicated to explaining how AI systems function to specific audiences [31–33].
Instead of simply disclosing information, XAI seeks to generate human-understandable
explanations that are usually more concise and meaningful for users. Transparency pro-
vides access, like a book open to all, whereas XAI serves as a teacher who interprets and
tailors the content to learners. If explanations are regarded as a form of information, XAI
can also be seen as a way to enhance transparency [34]. The “Right to Explanation” has
been established under the European Union (EU) General Data Protection Regulation
(GDPR) to protect individuals affected by algorithmic decisions [35].

Although some progress has been made in transparency, it remains unclear how ex-
isting models and frameworks can be integrated and applied to specific contexts such
as UTM. Several SESAR projects have explored transparency in ATM [36], but different
design approaches were employed. The goal of this research is to unify these efforts by
proposing a comprehensive transparency framework and apply it in the context of UTM.
Considering that automated UTM should be an algorithmic system (e.g., path-planning
algorithms), the key problem this dissertation addresses is therefore:
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Research Problem

How can algorithmic transparency be achieved in UTM to support tactical UTM op-
erations within controlled airspace, ensuring that human operators can effectively
understand and supervise automated UTM decision-making?

The study focuses on conflicts between drones and crewed aircraft. Collision avoid-
ance among drones is assumed to be handled by onboard “sense and avoid” systems.
It is also assumed that only drones can be controlled by UTM, and crewed aircraft are
regarded as dynamic obstacles. More assumptions will be detailed in Section 1.6.

1.5. RESEARCH APPROACH
To address the research problem, the primary service that UTM will provide during tac-
tical operations is identified first. Similar to ATC, the goal of UTM is to guide drones to
their destinations while avoiding conflicts with other aircraft. This is essentially a Multi-
Agent Path Finding (MAPF) problem [37]. Given the widespread use of the First-Come-
First-Served (FCFS) strategy in aviation, MAPF is usually decomposed into conflict-free
single-agent path planning, where other aircraft are treated as dynamic obstacles rela-
tive to the aircraft currently being planned [38]. Conflict-free path planning can generate
routes that avoid both static and dynamic obstacles. It can be viewed as an extension of
traditional path planning, enhanced with conflict detection and resolution capabilities.

Therefore, path planning forms a core capability of UTM, offering routing services
for drones. The objective of this research can thus be reframed as achieving transparent
path planning for UTM. In this dissertation, only graph-based and sampling-based path-
planning algorithms are considered as promising candidates for UTM routing, excluding
machine learning-based methods. This choice is motivated by the nature of the oper-
ational UTM environment, which is typically well-defined and fully observable via the
UTM interface [14], and by the predictability of crewed aircraft trajectories. Moreover,
graph-based and sampling-based algorithms benefit from solid mathematical founda-
tions and theoretical guarantees, making them more reliable for real-world deployment.
In contrast, machine learning-based methods still face significant challenges regarding
their trustworthiness and certification, especially in aviation contexts [39]. It is foresee-
able that, in the short term, graph-based or sampling-based path planning will be a more
feasible and practical solution for UTM than learning-based path planning.

This dissertation distinguishes between two types of “seeing-into” transparency: en-
gineering transparency and operational transparency. Engineering transparency reveals
the internal mechanisms of automation, allowing users to build a deep understanding of
how it functions. Operational transparency, on the other hand, provides (real-time) in-
formation regarding the automation’s states, actions, goals, and environmental interac-
tions/impact, supporting users in maintaining situation awareness. The research follows
a bottom-up approach, starting with engineering transparency and advancing towards
operational transparency, which together form the two main parts of the dissertation.
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1.5.1. ENGINEERING TRANSPARENCY
Given that path-planning algorithms typically follow fixed procedures, the initial focus is
on uncovering their internal processes without involving specific UTM scenarios. Due to
the benefits of visualisation in presenting procedural knowledge [40–42] and various suc-
cessful practices in pathfinding visualisers [43–48], this research also focuses on a visual
approach rather than a textual or verbal approach for path-planning transparency. Most
existing visualisers include only a limited set of classic algorithms, such as Dijkstra’s [49],
A* [50] and Rapidly-exploring Random Tree (RRT) [51], and lack a clearly defined, unified
visualisation framework. Additionally, since visualisation is essentially a form of infor-
mation presentation, extracting information from the algorithms’ internal processes for
visualisation can slow down the algorithms and thus affect the system’s real-time perfor-
mance. These issues lead us to the first research question:

Research Question 1

How can the internal processes of path-planning algorithms be visualised via a uni-
fied approach, and what impact does such visualisation have on algorithm runtime?

To address this research question RQ1, the common steps of various graph-based and
sampling-based path-planning algorithms are firstly identified based on a literature re-
view and practical experience. The experience is gained via the implementation of vari-
ous classic and advanced path-planning algorithms. The common steps establish a foun-
dation for path planning, upon which a general approach is proposed for storing, extract-
ing and visualising information from the algorithm’s internal process. To demonstrate the
proposed approach, a novel pathfinding visualiser is developed, incorporating over ten
representative path-planning algorithms. Benchmark tests are then conducted to assess
the influence of the information extraction on the algorithm runtime based on public
datasets [52].

The first step of the dissertation (RQ1) seeks to uncover and present detailed insights
into the internal processes of path-planning algorithms from a technology-centred per-
spective. The relevant information disclosed is referred to as engineering transparency.
The second step (RQ2) will then shift to a human-centred approach, exploring how al-
gorithmic transparency affects human understanding. From the human-centred per-
spective, presenting too much information at once could overwhelm human users, and
thus transparency should be structured and revealed according to user needs. To assess
whether increased transparency truly leads to enhanced understanding, empirical user
studies are required. Therefore, the second research question is formulated as follows:

Research Question 2

How can visual algorithmic transparency information in path planning be organised
in a structured way, and how does that affect human understanding?

To address this research question RQ2, path-planning transparency is firstly chunked
into distinct, meaningful information elements. Then, inspired by the notion of progres-
sive disclosure [30] and previous Ecological Interface Design (EID) practices in aviation
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[53, 54], these elements are organised into hierarchical levels that follow a typical human
top-down, problem-solving strategy. As the transparency level increases, deeper infor-
mation is progressively disclosed.

Based on the varying levels of transparency, an experiment is designed to assess how
human understanding evolves as transparency increases. The experiment resembles an
open-book exam, where the “book” is the transparency itself. As users gain more infor-
mation, they are expected to develop a deeper understanding. If understanding improves
noticeably with transparency, this would suggest that transparency is effective. As pre-
viously mentioned, this research focuses on graph- and sampling-based path-planning
algorithms. Therefore, one algorithm from each category is selected in this experiment.
This choice not only strengthens the reliability of the findings but also enabling an explo-
ration of whether algorithm type influences human understanding.

1.5.2. OPERATIONAL TRANSPARENCY
The first part of the dissertation (RQ1 and RQ2) explores how to achieve transparent path
planning and validate the effectiveness of algorithmic transparency in enhancing human
understanding. These explorations are conducted without a specific operational context.
Building on this foundation, the next phase of the research broadens the scope to exam-
ine the role of transparency in tactical UTM operations. In this case, algorithmic trans-
parency extends beyond engineering transparency (the inner workings of algorithms) to
include operational transparency that supports operator situation awareness [55]. This
leads to the third research question:

Research Question 3

What constitutes algorithmic transparency in tactical UTM operations, and what are
operators’ perceptions regarding its role in supporting UTM supervision?

To address this research question RQ3, a comprehensive literature review spanning
various relevant fields is conducted, such as XAI [33], agent transparency [19], EID [56]
and Cognitive Work Analysis (CWA) [57, 58], transparent ATM and UTM [36, 59]. In sum-
mary, there is no unified method to guide transparency design, especially in operational
contexts. Existing studies typically focus on diverse aspects of algorithmic transparency.
For example, the SESAR projects ARTIMATION [60], MAHALO [61] and TAPAS [55] all ad-
dress similar problems in ATM but with different design choices [62].

Therefore, a unified taxonomy for algorithmic transparency is developed by integrat-
ing the concepts of operational and engineering transparency, with each category repre-
senting a distinct aspect of transparency. Operational transparency reveals an algorithm’s
solutions, purposes/intents, and its impact on the broader context or environment to en-
hance operator situation awareness. In contrast, engineering transparency emphasises
disclosing an algorithm’s internal mechanisms to improve operator understanding and
foster their trust and acceptance. Based on the proposed taxonomy, various transparency
elements and visual prototypes are designed for tactical UTM operations. A survey study
is then conducted to investigate operators’ perceptions regarding the usefulness of these
elements and prototypes in UTM supervision.
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The third step of the dissertation (RQ3) develops a range of transparency elements for
UTM and investigates operators’ perspectives through a survey study (static scenarios).
Based on this, the final step (RQ4) delves deeper into how operators utilise these trans-
parency elements to supervise real-time UTM operations through a human-in-the-loop
experiment (dynamic scenarios). This could also indicate whether the transparency el-
ements preferred by operators (RQ3) are actually used in practice, especially under time
pressure. Therefore, the final research question can be formulated as follows:

Research Question 4

How do operators utilise algorithmic transparency in tactical UTM supervision?

To address this research question RQ4, a novel UTM interface is developed, incorpo-
rating the transparency elements designed in response to RQ3. Drawing on the feedback
from the survey study (RQ3), the transparency elements are further refined in the inter-
face. A human-in-the-loop experiment is conducted to explore the usage of the trans-
parency elements across different scenarios in tactical UTM operations. In line with the
experiment performed to answer RQ2, a graph-based algorithm and a sampling-based
algorithm are deployed and compared to assess whether algorithm type affects trans-
parency usage and to identify which algorithm may be better suited for UTM supervision.

1.6. RESEARCH SCOPE
To limit the research scope, the following considerations are taken:

UTM ConOps. As UTM is still under development at the moment of writing, there
is no universally recognised standard for how UTM will operate in the future. This dis-
sertation follows the U-space framework and focuses mainly on tactical UTM operations
in CTR near airports. It is assumed that conflicts between drones are resolved by their
onboard detect-and-avoid systems. The primary role of UTM is therefore to efficiently
navigate drones to their destinations while avoiding conflicts with crewed aircraft. The
conflict here is defined as a loss of horizontal separation; vertical separation is not con-
sidered [14]. This choice is made because drones are highly susceptible to wind, and
updrafts can lead to a sudden reduction in vertical separation. According to the U-space
ConOps, UTM in controlled airspace should resemble traditional ATC, and thus a cen-
tralised UTM concept is implemented in this research, as presented in Figure 1.3. Oper-
ators can supervise automated UTM operations via an interface and, if necessary, issue
instructions or implement constraints (e.g., geofences) to intervene in UTM decisions.

UTM simulations. The movements of crewed aircraft and drones are simulated using
kinematic models rather than precise dynamic models. A fixed bank angle of 20◦ is ap-
plied to all turning manoeuvres of fixed-wing aircraft. Multi-rotor drones are assumed to
execute turns at waypoints with a rotation rate of 30◦/s. The climb and descent rates of
crewed aircraft are determined by the current altitude and the target altitude of the next
waypoint, ensuring a smooth, gradual transition. All drones maintain a constant altitude.

Geofencing. The dissertation focuses on grid-based geofencing [14, 63] for DAR. All
drones must avoid entering designated geofenced areas. Geofencing is used to separate
drones, particularly in high-density operations, from crewed aircraft. Operators can ac-
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Figure 1.3: A centralised UTM system for drone (re-)routing.

tivate geofences to temporarily restrict drone access to specific regions. Geofences thus
serve as a means for operators to intervene in the automated UTM routing service, which
is governed by a certain path-planning algorithm. Geocaging, which keeps drones con-
fined within a specific region, is not considered [11].

Path-planning algorithms. The dissertation focuses on graph-based and sampling-
based path-planning algorithms, since they typically offer theoretical guarantees of find-
ing feasible and (sub-)optimal paths [64, 65]. The explicit and fixed procedures of graph-
based and sampling-based algorithms also make their internal processes relatively easy
to disclose. Moreover, the intents and trajectories of all aircraft should be known to UTM,
leading to a relatively stable environment with less uncertainty. This makes the routing
problem in UTM particularly suitable to graph-based and sampling-based algorithms.

Transparency presentation. The dissertation focuses on visual transparency rather
than verbal or textual transparency due to the unique benefits of visualisation in convey-
ing time-related procedural knowledge [40–42] and many successful practices in path-
planning visualisation. Additionally, the system implements adaptable transparency, al-
lowing users to choose what information is shown, rather than adaptive transparency,
which adjusts the display automatically based on user behaviour or context.

Infrastructure assumptions. It is assumed that all necessary infrastructure is in place
to enable seamless communication between drones and UTM. All drones are considered
autonomous and directly controllable by UTM. Communication delays and positioning
uncertainties are not considered, and data transfer is assumed to be flawless. These as-
sumptions do not affect the main conclusions of this dissertation, as the primary focus is
on transparency issues in human-machine interactions.

1.7. DISSERTATION OUTLINE
This dissertation includes six chapters, with four core chapters corresponding to the four
research questions, as shown in Figure 1.4.

Chapter 2: Transparent path planning (RQ1). Chapter 2 summarises the common
steps of graph-based and sampling-based path-planning algorithms and proposes a gen-
eral approach for storing, extracting and visualising relevant information from them. A
novel web-based pathfinding visualiser is developed where many representative path-
planning algorithms have been implemented. The impact of the proposed approach on
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algorithm runtime is also explored.
Chapter 3: The impact of transparency on understanding (RQ2). Chapter 3 further

organises path-planning transparency into distinct levels and then explores their impact
on non-experts’ understanding of path-planning algorithms via a user study.

Chapter 4: Towards a unified transparency taxonomy (RQ3). Chapter 4 extends the
research scope to tactical UTM scenarios, aiming to achieve transparent UTM. A unified
taxonomy is developed for algorithmic transparency, integrating operational, domain,
and engineering transparency. A survey-based user study is conducted to investigate the
transparency needs of operators for UTM supervision and validate the effectiveness of
the proposed taxonomy.

Chapter 5: Usage of transparency for UTM supervision (RQ4). Chapter 5 presents a
human-in-the-loop experiment that investigates how operators use transparency infor-
mation in real-time, tactical UTM operations. It also examines whether the transparency
information operators preferred in the survey (Chapter 4) aligns with what they actually
use and need in practice.

Chapter 6: Discussion and conclusions. Chapter 6 first revisits the research prob-
lem and summarises the main findings by answering the four research questions. Then,
the potential directions for extending this research are discussed by relaxing some of the
underlying assumptions. Finally, it concludes by distilling the main takeaways and high-
lighting the most significant findings.
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TRANSPARENT PATH PLANNING

The goal of this chapter is to achieve transparent path planning by visu-
ally revealing the internal processes of path-planning algorithms. The
common steps of graph-based and sampling-based path-planning al-
gorithms are summarised, and a general approach is proposed for stor-
ing, extracting and visualising relevant information from them. A novel
web-based pathfinding visualiser is developed where many representa-
tive path-planning algorithms have been implemented. The impact of
the proposed approach on algorithm runtime is investigated.
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ABSTRACT
In step with technology evolution, various innovative algorithms have been proposed to
solve path-planning problems. However, as algorithms become more complex, it also be-
comes increasingly more difficult for humans to understand them, hindering their appli-
cations. One way to overcome the barriers to understanding and thus help promote cer-
tain path-planning algorithms is to implement some form of ‘seeing-into’ transparency.
This chapter presents a visual approach to achieve transparent path planning, aiming to
visually reveal the internal processes of various classic and advanced path-planning algo-
rithms. This approach is centred around storing, extracting and visualising information
directly from algorithms themselves rather than developing additional explainers to gen-
erate post-hoc explanations for their outputs. A novel web-based interactive pathfinding
visualiser was developed to demonstrate the effectiveness of the proposed approach. Over
ten representative path-planning algorithms have been implemented, such as A*, Theta*,
Anya, Polyanya, Informed Rapidly-exploring Random Tree* (Informed RRT*) and Batch
Informed Tree (BIT*). Benchmark tests were conducted to assess the additional computa-
tional time required by the proposed approach. It is hypothesised that visualisations could
help in understanding the commonalities and differences of various path-planning algo-
rithms, allowing one to: 1) identify the strengths and weaknesses of algorithms, 2) visually
debug incorrect implementations, 3) seek opportunities for improving algorithms and 4)
better match algorithms with suitable application domains.

2.1. INTRODUCTION
Path planning is one of the fundamental problems in many domains, aiming to find the
optimal path between two locations or states under certain environmental constraints. A
large number of algorithms have been proposed to solve various practical path-planning
problems. For example, in tackling the Euclidean shortest path problem, a series of ad-
vancements has been made, including A* [50], Theta* [66], Anya [65], 2k -neighbourhoods
[67], RayScan [68] and End Point Search [69]. However, as algorithms grow more complex,
they become increasingly difficult for humans to understand and apply. For non-expert
users, this lack of understanding may hinder their acceptance and trust in algorithms,
further limiting the algorithms’ real-world applications [70].

To address this issue, explainable path planning has been developed in recent years
[71, 72]. It is a subfield of Explainable AI (XAI) [31, 33] and Explainable AI Planning (XAIP)
[73, 74]. Explainable path planning aims to make path-planning algorithms more easily
understandable to humans by explaining why certain paths were generated by the algo-
rithms. For instance, it can clarify why path A is optimal rather than path B [71, 75], why
path A is safe and feasible [72] and why the algorithm failed to find a path [76, 77]. How-
ever, this method does not truly explain how the algorithm works. These explanations
emphasise the output more than the internal process that leads to a specific output.

Therefore, transparent path planning is introduced as a complement to existing ex-
plainable path planning. Rather than offering specific explanations for the output, trans-
parent path planning focuses on disclosing the internal process, aiming to make relevant
information regarding path-planning algorithms accessible to humans. Gaining insights
into the internal process may also enhance understanding of the output, as the process



2

18 2. TRANSPARENT PATH PLANNING

is governed by the algorithm’s underlying rationale, procedure and constraints, with the
output serving as its final step or result.

Visualisation, particularly animation, could be an effective way to achieve transparent
path planning due to its unique advantages in presenting time-related procedural knowl-
edge [40–42]. Many pathfinding visualisers have thus been developed [43–48, 78, 79].
However, most visualisers either serve as one-off demonstrators [43, 78] or are confined
to specific domains [44, 46]. There is no clearly defined and unified method among them.
Considering the fact that numerous graph-based and sampling-based path-planning al-
gorithms find paths by constructing search trees [51, 64–66, 80, 81], a general approach
is proposed to extract search trees from the algorithm’s internal process for visualisation.
To show the effectiveness of this approach, a novel web-based pathfinding visualiser was
developed, incorporating more than ten representative path-planning algorithms, such
as A* [50], Theta* [66], Anya [65], Polyanya [82], Rapidly-exploring Random Tree (RRT)
[51], RRT* [64], Informed RRT* [83], Batch Informed Trees (BIT*) [81], Time-Optimal Any-
Angle Safe-Interval Path Planning (TO-AA-SIPP) [84] and Zeta*-SIPP [85]. Benchmark
tests were conducted to assess the impact of search tree extraction on algorithm runtime.

This chapter is structured as follows: Section 2.2 summarises the common steps of
graph- and sampling-based path-planning algorithms. Section 2.3 clarifies the concepts
of explainability and algorithmic transparency and reviews relevant literature on explain-
able motion/path planning and visualisations. Section 2.4 presents a general approach
for storing, extracting and visualising search trees from path-planning algorithms and
analyses the impact of search tree extraction on algorithm runtime through benchmark
tests. Section 2.5 discusses the potential benefits, applicability and limitations of trans-
parent path planning.

2.2. PATH-PLANNING ALGORITHMS
In this section, the general path-planning problem and its relevant terminology are first
clarified. Then, various graph-based and sampling-based path-planning algorithms are
reviewed to identify and summarise their common steps. This section provides the foun-
dation for achieving algorithmic transparency in path planning.

2.2.1. PATH-PLANNING PROBLEM
Path planning is a problem of determining a path from a start point ps to a target point
pt given a search space S: (ps , pt ,S). To simplify the problem, this chapter only focuses
on 2D path planning with static obstacles where S ⊂ R2. The static obstacles are defined
as O =O1 ∪O2 ∪ ...∪On ⊂R2. Therefore, the free space in the environment without static
obstacles is represented by S f r ee = S \ O. Then, the 2D path-planning problem can be
rewritten as (ps , pt ,S f r ee ). Please note that S f r ee here is continuous, which is suitable for
both graph- and sampling-based path-planning algorithms.

A path is a sequence of points π = {p1, p2, ..., pn} ⊂ S f r ee where p1 = ps and pn = pt .
The cost of a path π is the sum of the costs between each successive pair of points: C (π) =∑n−1

i=1 c(i , i + 1) where c(i , i + 1) is the cost between the points pi and pi+1. The cost is
usually represented by the Euclidean distance between pi and pi+1, and in this case, the
general path-planning problem can be reduced to the Euclidean Shortest Path Problem
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[69]. A path is optimal (shortest) if its cost is the minimum among all paths between its
start and target points.

Many terms are interchangeably used in the field of path planning. For a better illus-
tration, the terminology is clarified first in this dissertation, as shown in Figure 2.1. The
green points and lines represent graphs (vertices and edges), while the orange points and
lines refer to search trees (nodes and branches). Line-of-sight checks are utilised to de-
termine if two non-adjacent vertices are mutually visible, which can be considered as a
method to introduce more edges in a graph or more branches in a search tree.

Edge and Graph Branch and Search Tree NodeVertex

Work domain
Search space

Start Target

Obstacle

Line-of-sight checks: Passable edge/branch Impassable

Figure 2.1: Terminology used in path planning.

In path planning, g (n) represents the real cost from the start node ns to the node n
and is initially set to infinity. If g (n) is less than infinity, it indicates that a feasible path
to n has been found. g (n,n′) is the real cost from n to n′. h(n) indicates the estimated
cost from the node n to the target node nt , which is usually assumed to be the cost of the
direct path between n and nt . h(n,n′) is the estimated cost from n to n′. Therefore, the
total cost of a node is f (n) = g (n)+h(n).

2.2.2. GRAPH-BASED PATH PLANNING
Since a continuous space contains infinite points, graphs are usually defined to limit the
complexity of the space for path planning. Graph-based path planning firstly generates a
graph G = (V ,E ,CE ) where V is a set of vertices, E ⊆V ×V is a set of edges and CE : E →R+
is a cost associated with each edge. Then a search algorithm can be applied to search for
the optimal solution within the limited search space. One benefit of such a graph is that
the connections between vertices are predefined before searching, and thus it is easier to
expand nodes to generate search trees. Without the predefined edges, the algorithm has
to perform line-of-sight checks to expand nodes and build branches, which is generally
more time-consuming for the search.



2

20 2. TRANSPARENT PATH PLANNING

There are various approaches to generate graphs, such as regular grids, navigation
meshes and visibility graphs [86]. Regular grids are perhaps the most common approach
for discretising continuous spaces. Graph vertices on regular grids can be either the grid
vertices or the grid centres. Different from regular grids, navigation meshes are collec-
tions of convex polygons that can more accurately represent the environment. Regular
grids can be viewed as a special case of navigation meshes. Visibility graphs are graphs
whose edges represent visibility connections between corresponding vertices. They are
usually constructed from the vertices of obstacles.

A* is one of the most classic graph-based path-planning algorithms [50]. It has been
applied to various fields and still forms a basis for many advanced algorithms [65, 68].
However, traditional A*-based algorithms are mainly implemented on regular grids to
find grid-by-grid paths. The connections for each grid are constructed only between it
and its eight adjacent grids. This kind of search is limited to 45-degree increments and
thus the paths are not the truly shortest [66].

To address this issue, any-angle path planning is proposed, such as Theta* [66], Block
A* [87] and Anya [65], which removes the 45-degree limitation to generate straighter and
shorter paths. TO-AA-SIPP [84] and Zeta*-SIPP [85] are optimal any-angle path planning
combined with Safe Interval Path Planning (SIPP) [88] for dynamic environments. In ad-
dition to any-angle path planning on grids, many mesh-based and visibility-graph-based
algorithms are also designed to find true shortest paths [69]. For instance, Polyanya [82]
is an extension of Anya, which is designed for navigation meshes instead of regular grids.
RayScan [68] is an online path-planning algorithm which partially builds a visibility graph
by using ray shooting to discover obstacles and then scanning along their edges to find
ways around them.

In summary, despite the variety of graph-based path-planning algorithms, most of
them are still based on the A* search. The algorithms mentioned above are all A*-based.
Therefore, Algorithm 1 summarises the main procedure of A*-based path planning. Here,
open is a queue, sorted by the f -value in Line 5. N refers to the nodes explored by the
algorithm, which can be used to extract the search tree at each step. More details on the
usage of N are provided in the next section.

2.2.3. SAMPLING-BASED PATH PLANNING
Another way to search continuous spaces is through sampling. Rather than predefining
a graph, sampling-based algorithms randomly pick points in the search space (or called
sampling space) for discretisation. The sampling points can be regarded as the vertices
of an implicit Random Geometric Graph (RGG) [89] whose edges are more flexible than
fixed predefined graphs. Sampling-based path planning can be regarded as constructing
an implicit RGG and an explicit search tree in the search space S [90]. There are two
main approaches to build edges in RGGs: connecting each vertex to a specific number
of its nearest neighbours [91] (k-nearest RGGs), or to all its neighbours within a certain
distance [92] (r-distance RGGs).

When considering the usage of RGGs, two types of sampling-based path-planning al-
gorithms emerge: Probabilistic Roadmaps (PRM) [80] and RRT [51]. In PRM-based algo-
rithms, a complete PRM/RGG with edges is firstly built by sampling after which a search
algorithm is applied to find the optimal path within this PRM/RGG. The main difference
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Algorithm 1 A*-based path planning

Input: Search space S, start ps , target pt

Output: Optimal path π

1: Graph G ← discrete(S)
2: Start node ns ← createNode(ps ,G)
3: Tree nodes N ← {ns }, open ← {ns }
4: while open ̸=∅ do
5: nc ← argminn∈open f (n)
6: open ← open \ {nc }
7: if isReach(nc , pt ) then
8: return pathTo(nc )
9: end if

10: Nc ← generateSuccessors(nc ,G)
11: open ← open ∪ (Nc \ N ), N ← N ∪Nc

12: Rewire the search tree and update the node costs
13: end while
14: return null

between PRM-based and graph-based path planning is the method of generating graphs.
The former is based on sampling within a local region while the latter is a decomposition
of the entire search space. BIT* [81, 90] can be regarded as a variant of PRM-based algo-
rithms. For each batch in BIT*, an implicit RGG is built (or revised) and then a heuristic
search can be applied to incrementally expand the search tree.

Different from PRM-based algorithms, RRT-based algorithms do not directly connect
sampling points to build edges in RGGs, but instead utilise the sampling points to provide
expansion directions for search trees. In each iteration, after sampling a random point in
the search space, the RRT-based algorithm finds the nearest node in the search tree to this
random point, and then extends a new branch from the nearest node to it. A parameter,
incremental distance [51], limits the length of this new branch. If the incremental dis-
tance is large enough, the sampling points may directly become the nodes of the search
tree after sampling and light-of-sight checks. In RRT* [64], by checking if the newly added
node is a better parent for its neighbours within a certain distance, the search tree can be
rewired to find asymptotically optimal paths.

In summary, PRM-based path planning also applies search algorithms after building
RGGs, and the A* search used can also be described by Algorithm 1. Therefore, only the
procedure of RRT-based path planning is summarised, as illustrated in Algorithm 2. The
basic ideas of RRT* (line 9) and Informed RRT* (line 12) are also integrated.

2.2.4. COMMON STEPS IN PATH PLANNING
Based on the analysis above, although graph-based and sampling-based path planning
appear to be different, both essentially find paths by building search trees. Their main
difference is how they create a graph to discretise the search space. Graph-based path
planning generally predefines a graph based on the decomposition of the search space,
which is usually fixed but has an efficiently ordered nature. The complexity of the path-
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Algorithm 2 RRT-based path planning

Input: Search space S, start ps , target pt , termination condition T
Output: Optimal/Near-optimal path π

1: Tree nodes N ←∅ and paths P ←∅
2: Initial condition t ← init()
3: while t ̸= T do
4: Random point pi ← sample(S)
5: Nearest node nnearest ← nearest(N , pi )
6: Search node ni ← steer(nnearest, pi )
7: if collisionFree(nnearest,ni ) then
8: N ← N ∪ {ni }
9: Rewire the search tree and update the node costs

10: if isReach(ni , pt ) then
11: P ← P ∪pathTo(ni )
12: S ← updateSearchSpace(P,S)
13: end if
14: end if
15: t ← update(t )
16: end while
17: return bestPath(P )

planning problem within a graph is also limited. Sampling-based path planning creates
an implicit RGG by sampling, which has a good scalability and can be continuously im-
proved by adding more samples. After discretising the search space, a search algorithm,
like A* and RRT (the node expansion strategy in RRT can also be regarded as a “search”
algorithm), can be applied to generate a search tree and find a feasible or optimal path.
In RRT-based algorithms, the RGG vertices are only used to provide expansion directions
for the search trees.

Therefore, the common steps in graph- and sampling-based path planning can be
summarised as follows:

1) Define a search space to limit the search process. The search space S is usually the
entire map if there is no other physical constraint related to agent performance,
such as vehicle endurance and manoeuvre limitations. For instance, in grid-based
path planning, it is common to include barriers or walls around the map to con-
strain the search and prevent it from extending beyond the specified boundaries.
In Informed RRT* [83], according to the best path found so far, an elliptical region
is defined to narrow the search space.

2) Generate a graph to discretise the search space. As the search space is continuous
and has an infinite number of points, it is difficult to search directly in the space.
Both graph-based and sampling-based algorithms create a graph to discretise the
search space. Then a search can be performed to find a path.

3) Apply a search algorithm to find a path based on the graph. The real output of a
search is a search tree and the final path can be obtained by extraction. There are
four main elements in a search algorithm: search nodes, successors, cost function
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and search procedure. The successors indicate the connections of nodes and can
be used to construct the branches of search trees. The cost function is designed
to evaluate the cumulative costs of nodes, and the search procedure describes the
main search steps. Please note that the search nodes are not limited to points and
can also take other forms, like triangles [65].

The diversity of path-planning algorithms are reflected by the different approaches
adopted in the common elements. For example, different methods to graph generation
in graph-based path planning can lead to regular-grid-based, mesh-based or visibility-
graph-based algorithms. How to define an efficient cost function to accurately reflect the
goal of path planning is also an important element in real-world applications.

2.3. EXPLAINABILITY AND ALGORITHMIC TRANSPARENCY
Algorithmic transparency is the core concept of transparent path planning. It is related to
explainability, as both aim to enhance the comprehensibility of models or algorithms. Ex-
plainability indicates the “details and reasons a model gives to make its functioning clear
or easy to understand given a certain audience” [33, p. 85], whereas algorithmic trans-
parency refers to the “disclosure of information about algorithms to enable monitoring,
checking, criticism, or intervention by interested parties” [26, p. 811].

Explainability is associated with XAI and the notion of explanation [33]. As stated in
[29], both explainability and algorithmic transparency address “black box” issues. The
main difference is that explainability pertains to the “lack of clarity on the reasoning of
AI”, aiming to providing tailored explanations for why a particular output is generated,
while algorithmic transparency concerns the “lack of clarity on the functioning of algo-
rithms”, focusing on simply disclosing all relevant information including inputs, outputs
and internal processes [29]. Enhancing explainability can actually be seen as a way to
boost transparency, as it enables the extraction of more human-understandable infor-
mation from models, which can then be revealed to humans [30, 34].

There are three main strategies for enhancing explainability [31]. The first strategy
involves creating inherently interpretable models, known as “white box” models, such
as linear regression and decision trees. The second strategy employs post-hoc methods,
utilising simplified interpretable models to approximate the functionality of the original
complex models (“black box”), examples of which include Local Interpretable Model-
agnostic Explanations (LIME) [93] and SHapley Additive exPlanations (SHAP) [94]. The
third strategy focuses on developing models with partially explainable features. An ex-
ample is the decomposed reward Deep Q-Networks (drDQN) that divides rewards into
various meaningful components, thereby making the rationale behind actions under-
standable through the comparison of sub-rewards [95].

Some researchers have raised concerns that the explanations generated by post-hoc
methods may not accurately reflect the functioning of original “black box” models [96].
They argue that such explanations should rather be termed “observations”, because they
merely approximate the input-output relationships by observing the black box’s behaviour
without truly explaining its mechanisms and rationale [97]. Therefore, in high-stakes do-
mains, caution is advised when implementing post-hoc methods due to the potential
risks arising from discrepancies between the original model and the post-hoc explain-
able model, and, if possible, “white box” models are preferred [96].
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This research focuses on algorithmic transparency rather than explainability, as the
main interest is in revealing the inner workings of path-planning algorithms instead of
specifically explaining why a certain path is chosen. Since the final path is a direct out-
come of the internal process, understanding the process should naturally lead to an un-
derstanding of the output. Additionally, the nature of graph- and sampling-based path-
planning algorithms allows their internal processes to be relatively easily disclosed, simi-
lar to “white box” models in XAI. These factors motivated the choice of algorithmic trans-
parency as a means to enhance human understanding in path planning.

2.3.1. EXPLAINABLE MOTION AND PATH PLANNING
While XAI primarily addresses black-box, learning-based approaches, XAIP represents a
burgeoning field with a focus on elucidating automated planning and decision-making
processes [73]. Explainable motion/path planning, a specific subfield of XAIP, strives to
render the motion/path plans generated by AI more comprehensible to humans.

Brandao et al. [76] summarised different kinds and purposes of explanations within
motion planning and developed optimisation-based and sampling-based explainable mo-
tion planners. Their attention was not limited to failure explanations (why did you fail?),
but extended to contrastive explanations (why plan A rather than B?). Contrastive map-
based explanations were introduced to clarify path plan optimality [71, 75]. These ex-
planations were framed as solutions to inverse-shortest path problems, calculating the
minimal modification required to the map to make the user’s desired path optimal. This
means if a user inquires why path A is optimal instead of path B , the explainable plan-
ner modifies the map to demonstrate scenarios where path B would be optimal. This
approach has been extended to the failure-explanation problem in motion planning [77].
Furthermore, a visual approach based on temporal segmentation for multi-agent mo-
tion/path planning was proposed to explain plan feasibility [72, 98, 99]. This approach
decomposes a plan into segments in which the agents’ paths are disjoint, thereby illus-
trating that the plan is conflict-free and feasible.

In summary, the existing methods for explainable motion/path planning focus on
explaining the optimality and feasibility of the final plan (output), often leveraging con-
trastive explanations. Referring to this, when disclosing the internal process of a path-
planning algorithm, some form of cost-based contrastive explanations can also be inte-
grated to illustrate why the algorithm follows a certain search direction and why an ex-
plored path is not the final path. For example, in an A*-based algorithm, the current node
has the lowest cost value among the nodes in the open list. From the cost values of the
open nodes, the next current node (next search step) can be easily predicted.

2.3.2. PATH PLANNING VISUALISATION
The aforementioned approaches focus on elucidating the outputs of motion/path plan-
ning rather than the internal mechanisms behind them. Distinct from various ML mod-
els, the internal processes of motion/path planning, particularly in 2D environments,
lend themselves more readily to visualisation. This accessibility has led to the develop-
ment of numerous visualisers, providing a reference for transparent path planning.

Red Blob Games [78] and Moving AI Lab’s Single Agent Search [43] were online tools
tailored for educational purposes, featuring interactive demonstrators and accompany-
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ing learning resources. These tools provide detailed explanations of classic graph-based
path-planning algorithms. PathFinding.js [44] and Mihailescu’s visualiser [45] were pri-
marily developed for graph-based path-planning, offering many adjustable options to
modify the inputs and settings. Upon execution, an animation that illustrates the search
process will be displayed. The Visualiser ThreeJS [79] attempts to portray several clas-
sic graph-based path-planning algorithms in 3D environments. While the algorithms are
designed for 2D, the perspective can be smoothly transformed into 3D. This feature has
the potential to be integrated into map navigation.

FAST Lab’s Sampling-based Visualiser [46] and Local Planner Visualisation Project
(LPVP) [47] focus on sampling-based path-planning algorithms rather than graph-based
ones, presenting the exploration processes of search trees through animation. LPVP can
also portray potential-field-based path-planning algorithms by presenting their vector
fields. PathBench [48] is an integrated platform designed for portraying graph-based,
sampling-based and learning-based path-planning algorithms, supporting both 2D and
3D environments. It includes an evaluation module for benchmarking different path-
planning algorithms. Posthoc [100] is a debugging and visualisation platform for search
algorithms. It takes as input a structured data log describing basic search operations and
provides a visual interface used for playback, analysis and visualisation.

Given the goal of this research to achieve algorithmic transparency in path planning,
the primary inspiration is drawn from path planning visualisations rather than explain-
able path planning methods. Instead of providing specific explanations for the output,
the proposed approach aims to disclose all relevant information, allowing users to form
their own judgments. By presenting how the algorithm works, users could understand
how it navigates within the map, what constraints it considers, and why it generates a
specific path. Due to the benefits of visualisation in presenting time-related procedural
knowledge [40–42] and various successful practices in pathfinding visualisers, a visual
approach is adopted rather than a textual or verbal approach for transparency. However,
the existing visualisers do not systematically illustrate how to extract and present infor-
mation from algorithms. The impact of information extraction on algorithm runtime also
remains unexplored. This research aims to fill this gap.

2.4. VISUAL APPROACH TO TRANSPARENT PATH PLANNING

2.4.1. INFORMATION EXTRACTION
As the essence of visualisation is to present information, this section introduces a gen-
eral approach for extracting information in path planning based on the common steps
summarised in Section 2.2. The information extraction is performed during the search
process. Depending on when the data are transmitted from the algorithm to the inter-
face within the system, the visualisation can be either real-time (during the search) or
post-hoc (after the search). The proposed approach supports both since the data trans-
mission is independent of the data extraction. This research chooses post-hoc visualisa-
tion, which is displayed only when users request more transparency.

As stated in Section 2.2, search trees are at the heart of graph-based and sampling-
based path-planning algorithms. The final path represents only one of many possible so-
lutions explored by search trees. However, to save memory, the search trees are typically
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not stored directly during the execution of path-planning algorithms. Only the “latest”
or “current” search tree is retained in a specific structured format. Path planning can be
regarded as a process of continuously updating this “current” tree until it contains the
optimal path. In practice, the tree data is usually embedded within the variables of tree
nodes N (see Algorithms 1 and 2), requiring further extraction from them. To effectively
extract search trees, two methods are introduced that specify the necessary data to be
stored, along with procedures for extraction, as shown in Algorithms 3 and 4.

Algorithm 3 is perhaps the most straightforward method to extract search trees. The
collection of tree nodes N is stored at each search step. By constructing branches from
the tree nodes N , the search tree at a certain step can be extracted. The search process
can then be portrayed by displaying the extracted search trees in order. However, storing
all search trees using Algorithm 3 is not efficient. Much redundant data may be recorded
since most branches are fixed after construction. For example, in A*-based algorithms,
when a node n is inserted into the closed list, the branch connecting par ent (n) and n is
fixed and only needs to be extracted once, as depicted in Figure 2.2. The changes to the
search tree are primarily caused by rewiring among the explored nodes or expansion to
new nodes. It is only necessary to record the new changes or new branches at each step.

Figure 2.2: Part of the search tree is fixed during the search process. The light blue grids indicate the open
nodes, whereas the dark blue grids denote the closed nodes. The yellow lines are the branches of
search trees and the light orange thick line is the current optimal path found by the algorithm.

Let Li denote the new branches at step i , and thus the cumulative collection of new
branches at step i is Γi ← Γi−1 ∪Li . Based on Γi , the extraction process for search trees
is slightly different. Algorithm 4 introduces forward and backward extraction methods
based on Γi . Lines 17 and 19 ensure that the new branches will always be connected first
and then the old useless branches will be discarded. The forward extraction method is
particularly suitable for incremental data extraction as it extracts search trees according
to the previous tree (Ti−1) and new branches (Li ). The backward method is more efficient
for extracting only one search tree since it requires no pruning. Using Algorithm 4, only
necessary data Γi need to be recorded during the search process. The benefit of Algo-
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Algorithm 3 Extract i -th search tree directly

1: function directExtract(Ni )
2: Search tree Ti ←∅
3: for each n ∈ Ni do
4: if par ent (n) ̸= null then
5: Ti ← Ti ∪ { par ent (n),n }
6: end if
7: end for
8: return Ti

9: end function

Algorithm 4 Extract i -th search tree from branch sets

1: function forwardExtract(Γi )
2: Search tree Ti ←∅
3: for j = 1,2, · · · i do
4: Branches L j ← Γi ( j )
5: for each { par ent (n),n } ∈ L j do
6: Ti ← Ti \ { ol d par ent (n),n }
7: Ti ← Ti ∪ { par ent (n),n }
8: end for
9: end for

10: return Ti

11: end function

12: function backwardExtract(Γi )
13: Search tree Ti ←∅
14: for j = i , i −1, · · ·1 do
15: Branches L j ← Γi ( j )
16: for each { par ent (n),n } ∈ L j do
17: if connected(n) = f al se then
18: Ti ← Ti ∪ { par ent (n),n }
19: connected(n) ← tr ue
20: end if
21: end for
22: end for
23: return Ti

24: end function

rithm 4 is that it separates data storing from data extraction, meaning that it can obtain
solutions first and then extract data later for visualisation. In summary, Algorithm 3 has
to extract and store all search trees during the search process, which could significantly
reduce the real-time performance of path-planning algorithms. In contrast, Algorithm 4
only needs to record new branches at each step, allowing the extraction of search trees to
be performed after the search.
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In practice, some other useful data can also be recorded for visualisation:
1) Current node. The current node is either the most promising node so far, or a new

node added to the search tree.
2) The path through the current node. The current path is usually constructed by the

explored path from the start to the current node and the expected path from the
current node to the target.

3) In A*-based algorithms, the status of a node (e.g., whether open or closed) can be
recorded and then presented with different colours in the visualisation [44].

4) In RRT-based algorithms, one can record (i) which node is the nearest tree node
to the current node, (ii) the current sampling space, (iii) the current optimal path,
(iv) and the rewiring radius.

2.4.2. INFORMATION VISUALISATION

Visualisation

Algorithm

Black Box

Input Output

Input Output

Animation 2 Animation NAnimation 1

Start Node

Target Node

Obstacle

Figure 2.3: The overview of path-planning visualisation.

Essentially, the portrayal of path-planning algorithms can be depicted by search trees
comprising both explored nodes and constructed branches, as illustrated in Figure 2.3.
While this type of presentation is prevalent for sampling-based path-planning algorithms
[46, 47], surprisingly, it is uncommon for grid-based path planning. Generally, the visu-
alisation of grid-based path planning focuses on presenting explored nodes (i.e., grids),
neglecting to showcase the expanding, rewiring and pruning processes of search trees
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[44, 45]. This research highlights the central importance of search trees in path planning
visualisation and algorithmic transparency. By implementing the proposed approach, a
new web-based pathfinding visualiser1 was developed in JavaScript and OpenLayers, as
shown in Figure 2.4.

(a) Grid world

(b) AR0602SR (Theta*) (c) Berlin_0_256 (Anya)

Figure 2.4: Pathfinding visualiser, showing the grid world and two benchmark scenarios.

The visualiser shows the starting position of a generic vehicle (e.g., a drone, car or
robot) in a grid world. When the vehicle icon is clicked, its final path and target point will
be displayed. The relevant information elements are implemented as five check boxes
that follow the top-down structure. Users can activate the boxes to view information on

1URL: http://dronectr.tudelft.nl/, ID: pathfinder

http://dronectr.tudelft.nl/
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how the selected algorithm works. An interactive slider bar is implemented for display-
ing search processes, allowing one to progressively step through the entire process either
forwards or backwards. Alternatively, the process can be replayed forwards or backwards
using the buttons on both sides. Users can freely add or remove obstacles by blocking
or unblocking grid elements after which the currently activated path-planning algorithm
will generate a new, collision-free path. Note that the grid is independent of the path-
planning algorithms and only intended here to help users more easily create and remove
obstacles. In addition, the start and target points in the visualiser need not necessarily be
situated at the grid centres, which is more applicable to real-world scenarios.

Over ten representative algorithms have been implemented in the visualiser. In this
section, six of them are selected to present briefly: A*, Theta*, Anya, Polyanya, Informed
RRT* and BIT*. SIPP-based algorithms like TO-AA-SIPP and Zeta*-SIPP are not presented
here, as they are designed for dynamic environments. Note that regardless of whether
an algorithm is advanced or not, as long as it relies on search trees, it can be visualised
using the proposed approach. The nodes of the search trees do not necessarily have to be
points; they can also take other shapes, as seen in Anya and Polyanya.

Figure 2.5 shows the search trees and nodes of A* and Theta*. The light blue grids in-
dicate the open nodes, while the dark blue grids denote the closed nodes. The yellow lines
are the branches of search trees and the light orange thick line is the optimal path found
by the algorithm. It can be clearly seen that A* is limited to 45-degree expansions while
Theta* has a straighter and more directly oriented search tree, although their explored
nodes are similar. Users can click on any node in the explored space to present an al-
ternative path through the selected node and its corresponding cost. For example, when
clicking on the nodes at the same position in Figure 2.5, the distances in A* and Theta*
will increase by 1.22% and 3.13% compared to their optimal paths, respectively. The al-
ternative path consists of two parts: the explored path from the start to the selected node
and the expected path from the selected node to the target. The explored path follows
the branches of the search tree, whereas the expected path reflects the direction to the
target. As shown in Figure 2.6, users could also intervene in the output of the algorithm
by choosing another (sub-optimal) path present in the stored search tree.

Anya and Polyanya are also A*-based algorithms. Unlike other algorithms, the search
node of Anya and Polyanya is a tuple of a root (vertex) and an interval: (r, I ), which can
be viewed as a triangle as shown in Figure 2.7. The explored space of Anya and Polyanya
looks like a collection of rays emitted from a point source. In Anya, the rays radiate up or
down row by row, while in Polyanya, the rays diverge polygon by polygon. The optimal
path can be found when the target point is covered by the rays. Please note that in Anya,
the combination of the triangles (rays) cannot be equivalent to the entire visible region.
For example, as shown in Figure 2.7a, the area near the left and right boundaries cannot
be fully covered by the rays from the start point. The branches of the search tree in Anya
and Polyanya are generated by connecting the roots of the search nodes. The search node
creates a continuous region that allows users to click on any point in the explored space
to find an alternative path.

Informed RRT* and BIT* are sampling-based algorithms. They both use an informed
search procedure to narrow the search space and speed up the convergence towards the
optimal path. In Figure 2.8, the sampling points are orange whereas the search nodes are
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(a) A* (b) Theta*

Figure 2.5: The search trees and nodes of A* and Theta*.

Figure 2.6: Intervening in the Theta* algorithm.

green. They are near-uniformly distributed within the green ellipse, which represents the
“current” search space and is defined by the “current” optimal path. An orange circle in-
dicates the rewiring radius of Informed RRT*. Within the rewiring radius, the search tree
is re-connected to generate straighter branches. Note that Figures 2.5-2.8 are provided
for illustrative purposes only. Readers are encouraged to visit the web-based visualiser1

to better understand and interpret the information displayed in the figures.
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(a) Anya

(b) Polyanya

Figure 2.7: The search trees and nodes of Anya and Polyanya.

(a) Informed RRT* (b) BIT*

Figure 2.8: The search trees and nodes of Informed RRT* and BIT*.
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2.4.3. PERFORMANCE ANALYSIS
In this section, the impact of information extraction on the runtime of path-planning al-
gorithms is evaluated. Seven algorithms were chosen: A*, Theta*, Anya, Polyanya, RRT,
RRT* and BIT*. Informed RRT* was excluded because, prior to finding the first feasible
path, it behaves identically to RRT*, and the sampling-based algorithms were set to ter-
minate upon finding a feasible path. To facilitate comparison, all search trees during the
search processes were stored and extracted using both Algorithm 3 and Algorithm 4. The
additional runtime introduced by information extraction could thus be analysed.

The experiments were conducted on four public benchmark sets, including around
0.23 million instances [52]. Two of them are from computer games; Dragon Age: Origins
and Baldur’s Gate II (Original maps). Another one consists of thirty 256×256 city/street
maps from ten different cities and the final one comprises ten 512×512 grid maps, each
featuring 10% random obstacles. In the experiments, the maps “den510d” and “orz100d”
had to be excluded from the Dragon Age set because the RRT-based algorithms were un-
able to successfully solve all the problems of the maps within an acceptable time (given
fixed parameter settings). For example, the first 1,200 instances of the map “den510d”
took RRT 18 days to calculate for both path planning and information extraction on the
laptop used for testing. This is because the feasible paths in many instances of “den510d”
and “orz100d” need to pass through some extremely narrow passages. The RRT-based al-
gorithms are unable to handle this situation efficiently without optimising their parame-
ters [101, 102]. As the goal is not to compare the performance of different path-planning
algorithms, the exclusion of these maps is unlikely to have a significant effect on the con-
clusion drawn from the benchmark tests.

The algorithms were implemented in JavaScript and performed on Node.js v18.14.2
on a laptop with 2.30GHz Intel Core i7-11800H and 16 GB RAM. For simplicity, rectan-
gular meshes were generated for Polyanya by greedily merging unobstructed grids [82].
The iterations of the sampling-based algorithms were set to infinity, and they were termi-
nated only when finding a feasible path. In this setting, Informed RRT* degenerated into
RRT* because its informed procedure would be activated only upon the discovery of an
initial solution. The BIT* implemented here was its basic version [90].

The performance of sampling-based algorithms heavily depends on their parameter
settings. Optimisation of these parameters remains an area of ongoing research [103].
Drawing on the parameter settings from previous studies, the rewiring radius of RRT* and
BIT* was computed by 2η(1+1/d)1/d (λ(X f r ee )/ζd )1/d (log(q)/q)1/d [64, 90] where η≥ 1 is
a tuning parameter, d is the dimension of the space, λ(X f r ee ) is the Lebesgue measure
of the obstacle-free space, ζd is the volume of the unit ball in the d-dimensional space
and q is the number of tree nodes. Based on [83, 90], η was set to 1.1. The incremental
distance of RRT and RRT* was set equal to the rewiring radius [83] and the target range
was 5% of

p
S where S is the area of the search space [90]. The batch size of BIT* was set

to 100 [90].
Tables 2.1-2.3 present the additional runtime introduced by the information extrac-

tion methods. To facilitate analysis and comparison, Figure 2.9 summarises the results
across the different maps. These results show that, regardless of Algorithm 3 and 4, ex-
tracting all search trees from the entire search process could significantly affect the orig-
inal path-planning runtime, especially for A* and Theta*. This is because A* and Theta*
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Table 2.1: Mean ratio of additional runtime to original runtime due to directExtract of Algorithm 3.

Benchmark A* Theta* Anya Polyanya RRT RRT* BIT*

Dragon Age 68.9528 26.9459 4.4505 1.8574 0.3315 0.0798 0.0075
Baldur’s Gate II 15.0701 6.1994 0.7060 0.3027 0.3476 0.0996 0.0091
City/street maps 23.9722 8.6318 0.6552 0.3663 0.3742 0.0688 0.0069
Random 10% 52.3331 15.5591 10.5738 4.4334 0.4369 0.1326 0.0033

Table 2.2: Mean ratio of additional runtime to original runtime due to recording Γ for Algorithm 4.

Benchmark A* Theta* Anya Polyanya RRT RRT* BIT*

Dragon Age 0.2002 0.0864 0.0234 0.0089 0.0172 0.0090 0.0016
Baldur’s Gate II 0.1725 0.0836 0.0248 0.0071 0.0373 0.0193 0.0030
City/street maps 0.2480 0.1102 0.0202 0.0067 0.0302 0.0114 0.0023
Random 10% 0.1775 0.0929 0.0340 0.0077 0.0022 0.0015 0.0003

Table 2.3: Mean ratio of additional runtime to original runtime due to forwardExtract of Algorithm 4.

Benchmark A* Theta* Anya Polyanya RRT RRT* BIT*

Dragon Age 30.2517 12.6191 2.1679 0.8175 0.1667 0.0640 0.0051
Baldur’s Gate II 6.6391 2.8711 0.3197 0.1333 0.1972 0.0790 0.0083
City/street maps 9.4963 4.0004 0.2949 0.1657 0.2168 0.0550 0.0070
Random 10% 21.5124 6.4739 5.6418 2.2755 0.2276 0.0819 0.0015
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Figure 2.9: Comparison of Algorithms 3 and 4 in data recording and extraction.
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both expand search nodes grid by grid and thus construct many branches during their
search processes. However, Theta* straightens its search tree by checking if the current
node’s adjacent nodes can be reached from the current node’s parent node and generally
constructs fewer branches compared to A* in the same scenario. Therefore, the extrac-
tion of search trees has a relatively smaller impact on Theta* compared to A*. In contrast
to A* and Theta*, Anya and Polyanya expand their search nodes (triangles) row by row
or polygon by polygon, largely reducing the need to build connections (branches) be-
tween nodes. Unlike graph-based path-planning algorithms, sampling-based algorithms
are less affected by information extraction. This is probably because they are not con-
strained by predefined graphs and can find feasible paths through fewer branches.

Please note that the results in the tables are also affected by the original runtime. The
slower the algorithm, the smaller the impact of extracting the same search tree. For ex-
ample, RRT* is much slower than RRT due to its rewiring calculations, which results in a
smaller impact from information extraction. The mean ratios of additional runtime for
BIT* are very small because BIT* consumes considerable time constructing RGGs, which
are not considered in the search tree extraction. Further research could combine graph
preprocessing with search tree extraction to provide a more comprehensive presentation
of path planning. As this chapter focuses on search trees, which are central to path plan-
ning, the construction process of graphs is beyond the scope.

The results of Algorithms 3 and 4 are similar. However, recording only the necessary
data Γ will not significantly slow down the original path-planning algorithms. Through
Algorithm 4, the search trees can be extracted as needed after the path has been found.
The results of this benchmark test also imply that extracting all search trees to present
animations may be impractical in real-time, large-scale environments. When comput-
ing resources are limited, achieving full transparency could significantly slow down algo-
rithms. As a result, users will receive delayed feedback and information from algorithms,
leading to slower responses. In operational contexts with time constraints, this could be
problematic and it may be necessary to consider lower levels of transparency (extracting
less information). Designing for transparency requires considering both human (cogni-
tive load) and machine (computing resources) limitations.

2.5. DISCUSSION

2.5.1. POTENTIAL APPLICATIONS OF ALGORITHMIC TRANSPARENCY
Algorithmic transparency holds numerous potential applications in the real world. For
algorithm learners, transparency can facilitate a deeper understanding of path-planning
algorithms, making complex concepts more accessible and less intimidating through vi-
sualisation [104]. For algorithm designers, it provides a valuable tool for visually debug-
ging incorrect implementations and identifying opportunities for improving algorithms
[100]. For system developers, transparency aids in evaluating the strengths and weak-
nesses of various algorithms, enabling the selection of the most suitable algorithm for a
specific application. For operational users, transparency can enhance trust and accep-
tance of algorithms in operations, fostering productive human-AI collaboration [70].

I have already utilised algorithmic transparency to help me visually debug the imple-
mented path-planning algorithms. For instance, when I tested Anya on the large-scale
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benchmark map (“Berlin_0_256”), I found some new bugs that did not appear in the sim-
ple grid world (Figure 2.4a). In most cases, the final results of Anya were correct and opti-
mal. However, a few scenarios seemed to have some issues: only near-optimal paths were
found. I had no idea by only inspecting the output messages on the console. Therefore,
I checked their visualisations, with one example shown in Figure 2.10a. In this figure, I
found that no new root was generated when the horizontal interval was pushed through
a corner (highlighted by a red circle) and thus the true optimal path could not be found.
This was because of the precision loss of floating point numbers in JavaScript. It was al-
most impossible to identify this problem without visualisation. I also tested Polyanya on
“Berlin_0_256”, the results were certainly the same as Anya. However, I observed that in
several scenarios, Polyanya spent excessive time in finding optimal paths. When one of
the scenarios was visualised in Figure 2.10b, it was apparent that redundant nodes were
expanded since the turning points should be the corners of obstacles, yet the one high-
lighted by a red circle was not. Then, by pruning these nodes when generating successors,
the runtime of Polyanya could be reduced.

(a) Debugging process in Anya (b) Pruning unnecessary nodes in Polyanya

Figure 2.10: Visualisations for debugging on the benchmark map: Berlin_0_256.

The visualisation also inspired me to improve a path-planning algorithm. During the
development process, I found that TO-AA-SIPP inserts too many nodes into the open
list, with some contributing nothing to finding optimal solutions. This issue seems to
arise in sampling-based path planning as well, as it requires generating numerous sam-
pling points and nodes to converge to optimal solutions. Ideally, I only want to sample
new nodes that have the potential to improve the current path. This is exactly what In-
formed RRT* does to RRT*. By observing the visualisations of Informed RRT* and BIT*, I
discovered that the “ellipse” they used to limit the search space can be adapted to design
an any-angle forward expansion for optimal any-angle path planning. This would allow
algorithms like TO-AA-SIPP to incrementally add only the necessary nodes to the open
list, similar to the grid-by-grid forward expansion in A*. The difference is that the grid-by-
grid or 2k -neighbourhood expansion follows a circular pattern, which cannot guarantee
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finding optimal solutions for any-angle path planning, while the any-angle forward ex-
pansion follows an elliptical pattern and can ensure this optimality. By implementing
this idea, I successfully improved TO-AA-SIPP and designed Zeta*-SIPP [85], as shown in
Figure 2.11. Since there is no dynamic obstacle, Zeta*-SIPP degenerates into Zeta*.

(a) BIT* (b) Zeta*(-SIPP)

Figure 2.11: Inspiration from the visualisation of BIT* for improving TO-AA(-SIPP).

In safety-critical domains, such as air traffic control, algorithmic transparency is also
necessary for supporting human supervision [62]. When automation fails to find a path,
operators tend to seek more information to examine the underlying reasons behind the
failure [62]. The information overload issue also becomes more evident in tactical opera-
tions [19]. In high time-pressure situations, operators may even prefer a “black-box” ap-
proach [60]. In this case, a lower level of transparency may be more helpful, as operators
may not have time to review the entire search process step by step. It is necessary to de-
velop different levels of transparency that are appropriate for operators to use. Addition-
ally, future research could conduct human-in-the-loop experiments to gather empirical
insights into whether algorithmic transparency truly leads to increased understanding of
algorithms as expected, particularly among non-experts. It would also be interesting to
explore what level of transparency would be required to achieve a basic versus a more
thorough understanding of certain algorithms.

2.5.2. THE IMPACT OF INFORMATION EXTRACTION ON ALGORITHM SPEED
From the benchmark tests, it is found that extracting search trees can significantly slow
down the algorithms. The fewer the required search steps and branches, the shorter the
time needed to extract the information. For example, although the line-of-sight checks
in Theta* slow down the runtime, they can result in fewer branches, thereby reducing the
need for extraction. Actually, the impact of information extraction depends not only on
the number of branches but also on the difficulty of building a branch during the search.
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A greater effort in constructing a branch generally suggests a lower ratio of time spent
on branch extraction to branch construction. For example, to generate shorter paths on
grids, Theta* does not follow predefined edges but performs line-of-sight checks to cre-
ate more direct paths between vertices. In this case, the effort required to build a branch
is greater than that of directly following a predefined edge, thereby indirectly reducing
the negative impact of information extraction on algorithm speed. When expanding a
branch, RRT-based algorithms have to find the nearest node in the tree to the new sam-
pling point in addition to line-of-sight checks, which further reduces the negative effect.

Although extracting all search trees may be slow, fortunately, the data recording and
extraction processes can be separated using Algorithm 4, allowing the latter to be per-
formed in the background after finding paths. As shown in Figure 2.9, the data recording
process for Algorithm 4 slows down the original path-planning algorithms by less than
20%, with relatively limited impact on real-time performance of path planning. In prac-
tice, the search tree extraction process of Algorithm 4 can be executed in a separate thread
to ensure that the main thread, which handles system interaction and path planning, re-
mains unaffected. This can significantly mitigate the negative impact of information ex-
traction on real-time operations.

In general, extracting information from algorithms to achieve transparency will slow
down the algorithms anyway. For large-scale operations that demand real-time perfor-
mance, achieving full transparency may be challenging. Users may experience delayed
feedback from the algorithms, leading to slower responses to certain situations and per-
haps even instability in closed-loop, human-automation interaction. In that case, lower
levels of transparency may be more helpful. For policy makers and algorithm designers,
slower algorithm speed may be less of a concern, as they have sufficient time to audit an
algorithm. In fact, a slower algorithm might even improve users’ assessments [105]. The
time spent waiting for the algorithm’s output is often used to reflect on the problem at
hand and rethink one’s own solution, which helps prevent blindly following or dismissing
the algorithm’s results.

2.5.3. APPLICABILITY AND LIMITATIONS
The proposed visual approach for transparent path planning is founded upon the com-
mon steps shared among various path-planning algorithms and can be applied in re-
verse, as depicted in Figure 2.12. The pathfinding visualiser presented in Section 2.4.2
also illustrates the applicability of the proposed approach.

This research mainly focused on the search process of path-planning algorithms, rel-
atively overlooking the graph construction process. For example, in the empirical analy-
sis, BIT* sometimes consumed much time for building an implicit RGG, but the process
cannot be observed through the current visualisation. Although displaying the search
process alone is sufficient in many cases as it is the primary process of path planning, it
may not be satisfactory for those seeking to uncover every detail.

The proposed approach aims to find a general solution for algorithmic transparency
in path planning. To achieve that, it is based on the commonalities underpinning the in-
ternal process of various algorithms. Thus, it may not incorporate certain computation
processes that are specific to certain algorithms. For example, the visibility checks be-
tween nodes can be conducted by Line of Sight, but can also be performed by Field of
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A* Theta* Zeta* Anya Polyanya RRT RRT* BIT*Informed RRT*

Graph-based path planning Sampling-based path planning

Common steps

Information extraction

Information visualisation

A* Theta* Zeta* Anya Polyanya RRT RRT* BIT*Informed RRT*

Graph-based path planning Sampling-based path planning

Generalize Implement

Figure 2.12: Development and implementation of information extraction and visualisation.

View (e.g., Shadowcasting [106]). However, according to the current design, the process
of visibility checks remains undisclosed.

In this chapter, no specific application is addressed and thus domain constraints are
not yet considered in transparency. In real-world applications, the domain constraints
form an essential part of transparent path planning, because it limits the search/solution
space [107] and provides additional explanations for why some states or locations can-
not be reached or why some solutions are not feasible. To visualise the search/solution
space for domain transparency, Ecological Interface Design (EID) [53, 108] could provide
some support and reference. It is mainly used to reveal the deeper structure of the work
domain that essentially uncovers the operational envelope of physical systems [109]. For
example, the search space of flying vehicles is limited by their manoeuvring capabilities
and fuel reserves. As such, EID could be used to complement this research.

2.6. CONCLUSION
This chapter presents a visual approach to transparent path planning, revealing the in-
ternal processes of path-planning algorithms by putting the emphasis on search trees.
For graph-based and sampling-based path planning, two information extraction meth-
ods are introduced based on the common steps shared by various algorithms. To demon-
strate the proposed approach, a novel web-based pathfinding visualiser has been devel-
oped in JavaScript and OpenLayers. Over ten representative path-planning algorithms
have been implemented in the visualiser and six of them are discussed in detail. It is an-
ticipated that the visualisations enable users to understand the algorithms and perceive
their strengths and weaknesses.

Benchmark tests indicate that information extraction can have a large negative im-
pact on algorithm runtime, particularly for A* and Theta*. Two strategies can be applied
to mitigate this negative impact: 1) Information extraction can be separated from data
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recording and performed after the path is found using Algorithm 4. 2) The transparency
level can be lowered to minimise the amount of information that needs to be extracted.
The second strategy requires a transparency model, which will be developed in the next
chapters. In this chapter, domain constraints were ignored since no specific application
is specified. Future research can integrate algorithmic transparency with domain trans-
parency towards transparent path planning in operational contexts. This will be explored
in Chapters 4 and 5 for Uncrewed Air Traffic Management (UTM).
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In the previous chapter, a visual approach to transparent path planning
was introduced, revealing the search processes of path-planning algo-
rithms. This chapter further organises the path-planning transparency
into distinct levels and then explores their impact on human under-
standing via a user study. The results show the effectiveness of transpar-
ent path planning and demonstrate that increased transparency could
lead to enhanced understanding in path planning.
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ABSTRACT
Computer algorithms facilitate increased automation in various human-centred work ar-
eas to improve operational safety and efficiency. Algorithmic transparency is considered es-
sential for human operators, policy makers and system developers, as it allows them to un-
derstand the capabilities and limitations of an algorithm. However, it remains unclear to
what extent algorithmic transparency can enhance human understanding, particularly for
path-planning algorithms. Therefore, this chapter describes results of a user study among
non-experts (N = 40) to evaluate the impact of algorithmic transparency on human un-
derstanding in path planning. Drawing on theories from cognitive engineering and the
notion of progressive disclosure, six levels of transparency were designed to chunk mean-
ingful information pertaining path-planning algorithms. During the study, transparency
information was progressively disclosed in levels, and participants’ understanding at each
level was assessed through objective questions and subjective confidence ratings. The re-
sults suggest that increased transparency levels allow non-experts to more correctly and
confidently understand the details of a path-planning algorithm. However, it is also found
that certain transparency levels can lead to confusion, especially when the algorithm be-
haves in a way contrary to human expectations. This study further reveals that, given the
same level of transparency, sampling-based path-planning algorithms may be easier to
comprehend than graph-based algorithms. This research can serve as a reference for how
to hierarchically portray and organise transparency information and how to implement
transparency in path-planning applications.

3.1. INTRODUCTION
As technology advances, more and more algorithms are being developed to help peo-
ple do their jobs more safely and efficiently. However, the complexity of algorithms is
also increasing, making them more difficult for humans to understand. This lack of un-
derstanding hampers human trust and acceptance of the advanced technology, thereby
limiting its real-world applications, especially in safety-critical domains [33, 110, 111]. In
aviation, operator acceptance has proven to be one of the largest challenges to success-
fully introducing new advanced automation [112, 113].

To address this issue, Explainable Artificial Intelligence (XAI) has emerged in recent
years, attracting widespread attention from researchers in various fields [31, 32, 36, 70,
114, 115]. XAI is defined as “AI systems that can explain their rationale to a human user,
characterise their strengths and weaknesses, and convey an understanding of how they will
behave in the future” [31, p. 44]. It was originally derived from Explainable Machine
Learning (XML), as advanced ML models, especially Neural Networks (NN), are generally
too complicated to interpret [116, 117]. Researchers seek to comprehend the knowledge
embedded within a trained ML model or the decision rules the ML model acquires via
learning.

Nowadays, XAI has become a multidisciplinary field [111, 114, 115], covering AI [93,
118], Human-Computer Interaction (HCI) [21, 119] and Cognitive Science [120, 121]. This
expansion is driven by the recognition that understanding AI is beneficial to a wide range
of stakeholders, including not only researchers, but also engineers, designers, domain
users, and regulators [33, 111]. The European Union (EU) General Data Protection Reg-
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ulation (GDPR) has established the “Right to Explanation” for individuals affected by al-
gorithmic decisions [35]. Since AI is a broad topic, this research focuses mainly on path
planning, exploring a practical approach to enhance its comprehensibility.

Some initial efforts have been made in this direction, such as Explainable AI Planning
(XAIP) [73, 74, 122] and Explainable Motion/Path Planning [71, 72, 98, 123, 124]. Model
Reconciliation [74, 122] is one of the representative works in this field. It was developed
by considering the process of explanations as the reconciliation between human mental
models and AI models. There, the model difference, along with inferential limitations of
humans, is the root cause of the need for explanations [73]. However, this approach heav-
ily relies on estimating human mental models [125, 126], which may generate meaning-
less explanations if the mental models are inaccurately estimated.

To complement the model reconciliation, “seeing-into” transparency [19–22, 30] are
therefore considered. Rather than identifying the model difference, transparency entails
revealing the internal processes of AI models, making them accessible to humans. By
reviewing the transparency information and learning from it, humans can also narrow
the gaps between their mental models and the AI models. The advantage of transparency
is that it gives users access to all relevant information. The downside, however, is that too
much information can become overwhelming and impede understanding.

To avoid overwhelming human users, especially in operational contexts, many stud-
ies recommend organising transparency information hierarchically and providing infor-
mation on demand [19, 22, 30, 62]. Therefore, rather than just animating algorithms, as
existing pathfinding visualisers do [44, 48], six levels of visual transparency were devised
for path planning based on Chapter 2. A user study was then conducted to evaluate the
impact of different transparency levels on human understanding.

Relevant research regarding the effects of algorithm visualisation/animation on un-
derstanding has been performed in Computer Science (CS) education [40, 104, 127, 128].
However, in CS education, algorithm visualisation mainly serves as a supplementary or
auxiliary material to the core textbook teaching materials. In this research, the primary
interest is in the level of understanding achievable solely through visualisation. If a low
level of transparency can lead to a relatively high level of understanding, perhaps a small
amount of information is sufficient to meet user needs, thereby reducing the possibility
of information overload in operational scenarios. In the user study, non-experts were in-
vited to participate, since experts with prior knowledge of path planning may confound
the results. Moreover, users of path-planning applications may be the ones who are un-
familiar with path-planning algorithms, such as air traffic controllers and policy makers.
The study results could potentially provide a reference for these use cases.

Combined with Chapter 2, this research could serve as a practical example of opera-
tionalising a multidisciplinary perspective to study XAI and transparency [111, 114, 115].
While this research specifically addresses path planning, its methodology can be gener-
alised to other AI fields for promoting the real-world applications of AI [129].

This chapter is structured as follows: Section 3.2 reviews relevant literature on trans-
parency design frameworks and guidelines, and user studies. Section 3.3 shows the de-
sign of six levels of visual transparency for path planning. Sections 3.4 and 3.5 present a
user study and its results for evaluating the impact of these transparency levels on human
understanding. Section 3.6 discusses the findings and limitations of this research.
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3.2. RELATED WORK

3.2.1. DESIGN FRAMEWORKS
From a user-centred perspective, explanatory and transparency information should be
presented in accordance with user demands, limitations, preferences and needs. Several
user-centred frameworks have been proposed to design XAI systems [97, 114, 130, 131].
Wang et al. [131] proposed a theory-driven user-centric XAI framework, inspired by the
theoretical underpinnings of human reasoning. This framework aims to support human
reasoning processes and reduce cognitive biases by providing tailored explanations. In-
stead of abstract design guidelines, Eiband et al. [130] introduced a practical approach
with their stage-based participatory design process for achieving transparency by expla-
nation interface design. This process can be divided into two pivotal phases: identifying
the content of explanations and determining the best approach to deliver them, thus of-
fering concrete guidance for designers. Building upon these foundations, Mohseni et
al. [114] developed a nested XAI framework that integrates both design and evaluation
phases. This framework contains three layers: an overall XAI system, an explanation in-
terface, and core explainable models and algorithms. The design process of this frame-
work initiates with defining the goals of the XAI system in the outer layer, progresses by
tailoring the interface to meet user needs in the middle layer, and finally focuses on the
underlying algorithms in the innermost layer. In each layer, the stages of design and eval-
uation construct an iterative cycle.

Another line of research is related to automation and agent transparency [19], such
as the Belief-Desire-Intention (BDI) framework [132], Lee and See’s 3Ps (Purpose, Pro-
cess and Performance) theory in human trust in automation [133], Lyons’ human-robot
transparency model [21] and the Situation Awareness-based Agent Transparency (SAT)
model [22]. To avoid overwhelming human users, transparency is generally divided into
different levels, enabling a progressive and incremental disclosure of information [30].
For example, the SAT model has three levels [22, 134]: Level 1 - Basic Information (agent’s
current status/actions/plans), Level 2 - Rationale (agent’s reasoning process) and Level
3 - Outcomes (agent’s projections/predictions; uncertainty), each corresponding to and
supporting the three levels of Endsley’s Situation Awareness theory respectively [135].
More relevant reviews are provided by Bhaskara et al. [19], Endsley [70], van de Merwe
et al. [136].

Although many transparency frameworks were developed for multi-agent systems,
they can also serve as a reference for the algorithmic transparency design. These frame-
works often divide transparency into different components and organise them into a hi-
erarchical structure. As deeper information is revealed, a higher level of understanding
could be achieved. The research presented in this chapter also explores how to divide
path-planning transparency into different elements and how to design transparency lev-
els to progressively disclose information about path-planning algorithms.

3.2.2. USER STUDIES
To evaluate the impact of transparency on user perceptions, understanding, acceptance
and trust, some user studies and human-in-the-loop experiments have been conducted
[19, 114, 136, 137]. However, the reported study results are mixed [30, 138]. Some stud-
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ies show clear positive effects of transparency [24, 34, 139–142] while others do not [143,
144]. These findings indicate that additional factors influence the effectiveness of trans-
parency, such as explanation modalities [145], explanation meaningfulness [146], infor-
mation amount [144, 147], user expectations [30, 148, 149] and domain knowledge [150].
Designing for transparency should take these factors into account. Interestingly, inves-
tigations in CS education have also identified similar mixed results regarding the effec-
tiveness of algorithm visualisation [151]. Through a meta-study [40] and a series of ex-
periments [152], researchers found that engagement (e.g., interacting with the algorithm)
plays a vital role in learning and understanding [127, 152].

To assess the proposed approach for transparent path planning, a user study is also
required. Considering the central importance of understanding in transparency [111], the
user study in this chapter was specifically designed to explore the impact of transparency
on understanding rather than trust and task performance. Moreover, previous user stud-
ies have rarely assessed the understanding of planning processes, focusing primarily on
classification and prediction problems [145], or planning outputs (final plans) [74]. This
study could fill this gap and serve as an example of how to conduct such an evaluation. To
avoid potential bias from experts’ prior knowledge, only non-experts were invited to par-
ticipate. An interactive interface was implemented to enhance participant engagement
[142], allowing them to freely explore the algorithm’s behaviour and maximise the use of
available information at different transparency levels.

3.3. TRANSPARENCY LEVELS
For the purposes of learning and auditing, it may be helpful to have browsable animations
that offer comprehensive insights into the inner workings of path-planning algorithms.
However, in operational contexts, presenting excessive information simultaneously may
overwhelm operators [19]. As suggested by Springer and Whittaker [30], progressive dis-
closure may be necessary for algorithmic transparency, indicating that transparency in-
formation needs to be organised hierarchically from ‘simple’ to ‘complex’.

No clear guidelines exist, however, for what type of hierarchy would be needed and
what ‘simple’ and ‘complex’ entail. Therefore, to clarify algorithmic transparency in path
planning, the algorithms are decomposed into multiple information elements, which are
then categorised into six levels, as shown in Figure 3.1. Inspired by Rasmussen’s Abstrac-
tion Hierarchy (AH) used in Cognitive Systems Engineering and Ecological Interface De-
sign (EID) [53, 153, 154], the transparency levels were organised from functional purpose
(i.e., solution) to inner physical structure (i.e., search process), following a typical human
top-down, problem-solving strategy. As the level of transparency increases, more details
about the algorithm’s inner structure are revealed in a cumulative way. Each subsequent,
deeper level introduces additional information on top of the preceding levels without ex-
cluding any previously disclosed information.

A general example of the transparency levels for two different types of path-planning
algorithms is shown in Figure 3.2. At Level 0, only the final path is presented. The dashed
line indicates the direct path without obstacles. The final path will cause a 5% additional
cost compared to the dashed direct path (the numbers are illustrative only). At Level
1, the search space is delineated by an elliptical region, which could be more complex
in real-world scenarios (more constraints). Here, the elliptical region can represent the
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Figure 3.1: Proposed transparency levels for organising different information elements in path planning.

endurance/fuel or required time of arrival for moving vehicles [107]. At Level 2, regular
grids and sampling points that discretise the search space are showcased. In Probabilistic
Roadmap (PRM)-based algorithms, the connections between sampling points can also be
highlighted. At Level 3, the explored space is illustrated through the display of explored
nodes. Users are able to probe the explored space, for example by clicking on a node,
to obtain a cost-based contrastive explanation [115] for why the optimal path is A rather
than B . Please note that this click will not trigger a new search but will retrieve the ex-
plored path through the clicked node from the search tree. At Level 4, the search tree
is shown to provide detailed information about the explored solution space. From the
figure, one can see many other feasible solutions besides the optimal one. It also pro-
vides users with the possibility to change the optimal path to a non-optimal, but maybe a
more preferable path, allowing users to intervene in the algorithm based on the existing
information [114, 123].

Level 5 is omitted from Figure 3.2 because the transparency elements regarding the
search process are designed to be displayed via a controllable animation. Animation, as
a dynamic visualisation technique, has been shown to be helpful in explaining algorith-
mic behaviour and improving human understanding [41, 155]. According to the cognitive
load theory [156], the capacity of humans to process novel information is limited. Ani-
mation could make hidden dependencies among different components (e.g., nodes and
branches) in a model more salient and thus reduce the cognitive load associated with
comprehension [41]. Animation is quite suitable for presenting time-related procedural
knowledge [40–42]. Through animation, the dynamic expansion, rewiring, and pruning
of search trees can be visually observed. Moreover, animation should be both control-
lable and interactive given the complexity of the information it conveys [42]. Users should
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have the flexibility to view and review, stop and start the animation.
Figure 3.2 actually hints at another reason for adopting the cumulative approach in

classifying transparency levels: the transparency elements are not completely indepen-
dent of one another. For example, the graph can be regarded as a discretised version of
the search space, allowing one to roughly perceive the shape, size and boundary of the
original search space. The search trees contain the location information of the explored
nodes and are also shaped by the graph and search space. The search process can be re-
garded as a sequence of search trees, with the final tree representing the final result of the
explored solutions. Therefore, the new information introduced at deeper levels is actually
dependent on the previous levels, but further elucidates the algorithm’s inner workings
in detail. For an expert familiar with the algorithm, some information at lower levels can
be hidden to avoid visual clutter without compromising comprehension.

3.4. METHODOLOGY
This section presents a user study evaluating the impact of algorithmic transparency on
human understanding. Its goal was to gain empirical insight into how transparency en-
ables non-experts in path planning to correctly and confidently understand details of a
path-planning algorithm. The underlying motivation for this choice is the expectation
that end users, system developers/engineers, and policy makers without a computer sci-
ence background will probably need to work with such algorithms in their professions.

3.4.1. EXPERIMENT SETUP AND PROCEDURE
The experiment was conducted in a laboratory at TU Delft using the developed pathfind-
ing visualiser, as shown in Figure 3.3. As the laboratory is an enclosed room, only one par-
ticipant was allowed at a time. The task for participants was to understand the underlying
path-planning algorithm through various transparency levels. As shown in Figure 3.4, in
the experiment, the scenario remained consistent across all participants, algorithms and
transparency levels, with fixed start and target points and modifiable obstacles. Partic-
ipants were allowed to freely add or remove static obstacles by blocking or unblocking
grid elements.

The experiment consisted of two main phases: training and measurement. The do-
main constraint considered in the measurement phase was that the path length cannot
exceed a certain value. This constraint is very common when a vehicle needs to reach
its destination within a limited time (e.g., battery power or emergency). Two different
types of path-planning algorithms were chosen: Theta* and Informed RRT*. Each partic-
ipant was assigned one of them for evaluation, following a between-participants design.
During the experiment, participants were presented with different levels of transparency,
starting from Level 1 to Level 5. At each level, participants were required to answer ques-
tions designed to test their understanding.

Considering that maintaining focus for a long time is difficult, the entire experiment
generally took 90 minutes, with the measurement phase having a maximum time limit
of 60 minutes. Figure 3.5 shows an example of the interface (Theta*, Level 5) presented
to participants1. Level 0 was excluded in the experiment according to three rounds of

1URL: http://dronectr.tudelft.nl/, ID: understanding

http://dronectr.tudelft.nl/
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Figure 3.3: Experiment setup in the laboratory.
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Figure 3.4: Overview of experimental design.

beta tests. During the beta tests, ambitious and exploration-minded participants found
it difficult to complete the experiment containing Level 0 on time. Given that Level 1 only
reflects the domain constraints imposed on the algorithms, the information it contains is
relatively independent of algorithmic information. Hence, setting Level 1 as the baseline
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Figure 3.5: Screenshot of the experiment interface (Theta*, Level 5).

is also appropriate.
The questions to be answered included objective and subjective types, corresponding

to tested and perceived understanding respectively. The objective questions were mostly
multiple-choice, each with three incorrect choices and one correct choice. Each question
had an “Unable to answer based on the available information” option, which participants
were encouraged to select only if they felt they lacked sufficient information to answer ac-
curately. The questions were devised based on the transparency elements in Figure 3.1.
According to DARPA’s XAI definition [31], users should be able to understand the weak-
nesses of AI systems via XAI. Thus, participants were also asked about the disadvantage
of the presented path-planning algorithm. When submitting an answer to an objective
question, participants were asked to indicate their confidence in their responses (from
0 to 100). By considering both tested and perceived understanding, one’s calibrated un-
derstanding could be assessed [157]. Well-calibrated understanding indicates high con-
fidence in correct answers and low confidence in incorrect ones. The final question was
open-ended, designed to elicit participants’ explanations regarding the inner workings of
the algorithm.

After all questions were answered and submitted, the transparency level would auto-
matically increase to the next level. At the next level, participants could either adjust their
initial answers or submit the same answers. This process continued until the end of the
highest level of transparency. To mitigate learning effects in the experiment, the ordering
of the objective questions was randomised for each participant.

The eight objective questions were shown as follows, with more details available in
Appendix B. These questions could also be answered through textual and/or verbal ex-
planations, similar to those provided by textbooks and teachers. However, the focus was
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specifically on how visual transparency would enable participants to answer them.
Q1: The algorithm will always find the same path in the same situation [True or False].
Q2: The algorithm will always find the true shortest path (if a path exists) [True or False].
Q3: What is the most accurate statement regarding the constraint for the final path?
Q4: What is the main advantage of the discretisation method adopted by the algorithm?
Q5: What is the correct statement regarding the search nodes explored by the algorithm?
Q6: What is the correct statement regarding the search tree generated by the algorithm?
Q7: What strategy does the algorithm employ to attempt to find the shortest path?
Q8: What is the main disadvantage of the algorithm?

Before the experiment began, participants were required to undergo training to fa-
miliarise themselves with the interface elements, interactions, and questions along with
their options. Dijkstra’s algorithm [49] was implemented and presented in this phase.
The constraint and grid size were both different from those used in the measurement
phase. For illustrative purposes, the transparency elements in Figure 3.1 were presented
in random combinations during training, rather than at the proposed levels.

Additionally, participants were not informed of the presentation order of the trans-
parency levels in the measurement phase. They only knew the number of the remaining
rounds they needed to complete. This setup made it difficult for participants to predict
what the supportive information would be available next, preventing them from inten-
tionally skipping to higher levels to gather more information for answering questions.

Participants were encouraged to answer the questions to the best of their ability using
the information available to them. After the experiment, participants were asked to com-
plete a post-hoc questionnaire in which they could indicate their preferences regarding
the transparency elements using a five-point Likert scale.

3.4.2. PARTICIPANTS
Forty participants, all TU Delft staff and students from faculties Aerospace Engineering,
Civil Engineering and Geosciences, Mechanical Engineering, and Technology, Policy and
Management, volunteered to conduct the experiment. All of them had a general under-
standing of path-planning problems, but lacked in-depth knowledge of pathfinding al-
gorithms. In fact, expert knowledge of pathfinding algorithms could bias or confound re-
sults, making it difficult to attribute understanding to the portrayed information. Partic-
ipants were quasi-randomly assigned to the groups to create two balanced groups based
on education level (see Figure 3.6). This experiment was approved by the Human Re-
search Ethics Committee (HREC) under number 4019.

3.4.3. INDEPENDENT VARIABLES
The experiment had two main independent variables: 1) two path-planning algorithms
(between-participants), and 2) five transparency levels (within-participants). Theta* and
Informed RRT* were chosen because they are the classic (and still advanced) examples
of graph and sampling-based algorithms. They also have different implications for algo-
rithm visualisation, and thus potentially understanding. For each participant, the trans-
parency levels all started at Level 1 and automatically increased to the next level after all
questions were answered.

Reverse or random ordering of the transparency levels was not adopted as a compar-
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Figure 3.6: Distribution of the participants’ education levels.

ison group because the higher levels always contain information from the lower ones,
potentially influencing the learning outcomes of the lower levels. Moreover, the integra-
tion of information at the higher levels can circumvent the phenomenon of forgetting,
ensuring that any enhanced understanding is attributable to the new information.

3.4.4. DEPENDENT MEASURES
Four types of dependent measures were considered: 1) understanding, 2) learning time,
3) interactions, and 4) preferences. Participant understanding was measured in terms
of tested and perceived understanding [114, 157, 158]. The tested understanding repre-
sented the number of correct answers to the objective questions whereas the perceived
understanding was measured by the participants’ self-rated confidence. The learning
time was recorded by the time it took participants to answer each question at each trans-
parency level. To avoid learning effects in the experiment, the objective questions were
presented in a random order. The interaction metrics include the number of algorithm
executions and interactions with the map (e.g., grid activation and deactivation). Partici-
pants’ preferences regarding the usefulness of the transparency elements (for the purpose
of understanding) were measured on a five-point Likert scale.

3.4.5. CONTROL VARIABLES
There were five control variables: 1) interaction mode, 2) questions and options, 3) the
order of transparency levels, 4) algorithm parameters, and 5) start and target points.

At each transparency level, participants could freely interact with the path-planning
algorithm by adding or removing obstacles, allowing them to observe how the solutions
could be affected. This method can be regarded as discovery learning [159, 160] or active
learning [161], which emphasises the role of engagement in learning and understanding
[40, 127, 152]. In this manner, participants could maximise the use of available informa-
tion to comprehend the algorithm, allowing for a more accurate assessment of the impact
of algorithmic transparency on human understanding. To maintain consistency, the sce-
nario would be reset to its initial condition, removing all obstacles, before participants
began answering questions at each level.

Additionally, as indicated by [162], guided discovery is generally more effective than
pure discovery in learning. Therefore, the questions and their options were integrated
into the interface, rather than being added as a post-hoc quiz, to serve as guidance or
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learning objectives for participants, similar to an “open-book” exam. These questions
and options remained consistent across all algorithms and levels of transparency. Only
the correct answers to the questions may vary for different algorithms.

As mentioned above, the order of transparency levels was fixed, ranging from Level 1
to Level 5. The algorithm parameters might also influence participants’ comprehension
as the algorithm’ behaviour may differ depending on the parameters, such as the grid size
in Theta* and the incremental distance in Informed RRT*. To facilitate comparison, the
algorithm parameters, along with the start and target points, were kept fixed as well. For
Theta*, the grid size is set to half the size of the obstacle grid. For Informed RRT*, the
maximum number of iterations is set to 1000. To make the algorithm’s behaviour more
apparent, the rewiring radius is set to dst /3 and the incremental distance to dst /5 where
dst is the distance between the start and target points.

3.4.6. HYPOTHESES
It was hypothesised that a higher level of transparency would lead to a deeper under-
standing of path-planning algorithms, indicating higher fractions of correct answers and
higher self-rated confidence scores (H1). It was also expected that Informed RRT* would
be comparatively more challenging to comprehend than Theta* (H2). This means that
Theta* may be grasped more quickly (less learning time) and effectively (higher learning
scores) than Informed RRT* at the same level of transparency. This hypothesis was driven
by the observation that the behaviours of sampling-based algorithms are more difficult to
predict because of their random sampling strategies. In contrast, graph-based algorithms
are generally more structured and deterministic.

3.5. RESULTS
Table 3.1 shows the means and standard deviations of the dependent measures at differ-
ent transparency levels for Theta* and Informed RRT*. In general, as the level of trans-
parency increases, both the hit ratio and the confidence increase, while the learning time
and the number of interactions (algorithm executions and interactions with the map)
tend to decrease. Surprisingly, the hit ratio of Theta* is lower than that of Informed RRT*,
contrary to the hypothesis (H2). The learning time of Theta* is generally lower than that
of Informed RRT* at the same level (except for Level 1), aligning with the expectations.
The following sections will further discuss the results in more detail.

3.5.1. DATA ANALYSIS AND STATISTICS
To compare Theta* and Informed RRT*, the means of dependent measures for each par-
ticipant were first computed, and then Mann-Whitney U tests were conducted for statis-
tical analysis. The effect size r was calculated in the Mann-Whitney U tests (small ≥ 0.1,
medium ≥ 0.3, large ≥ 0.5), which is defined by the standardised test statistic z from the
tests divided by the square root of the total number of observations. To compare differ-
ent transparency levels in each algorithm group, the dependent measures were analysed
using Friedman tests, followed by Exact tests [163] with Bonferroni correction for further
pairwise comparisons. Kendall’s coefficient of concordance w was used to measure the
effect size for the Friedman tests (small ≥ 0.1, medium ≥ 0.3, large ≥ 0.5). The significance
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Table 3.1: Means of Dependent Measures (DM) as a function of transparency level.

Algorithm DM Level 1 Level 2 Level 3 Level 4 Level 5

Theta*

Hit Ratio 0.32 (0.17) 0.42 (0.21) 0.44 (0.16) 0.49 (0.13) 0.54 (0.17)
Confidence 58.5 (13.8) 63.2 (17.6) 66.2 (17.1) 70.3 (17.8) 75.2 (18.3)
Learning Time 774 (276) 526 (141) 552 (217) 491 (242) 474 (231)
Execution 63 (39) 39 (27) 40 (25) 28 (16) 22 (22)
Map Interaction 257 (169) 140 (88) 123 (97) 68 (56) 77 (71)

Informed RRT*

Hit Ratio 0.47 (0.18) 0.53 (0.19) 0.57 (0.16) 0.61 (0.12) 0.63 (0.14)
Confidence 57.3 (13.8) 62.4 (13.3) 65.3 (13.8) 69.5 (14.7) 72.8 (16.6)
Learning Time 769 (237) 612 (220) 560 (193) 531 (182) 674 (288)
Execution 109 (119) 69 (63) 74 (76) 63 (63) 34 (43)
Map Interaction 244 (132) 145 (104) 137 (114) 110 (101) 92 (85)

Note: Standard deviations are in parentheses.

level was set to 0.05. As the effect size reflects the magnitude of the difference between
groups [164], it is ideal to have both a statistically significant result (p < 0.05) and a large
effect size to claim a clear and meaningful difference. A low effect size suggests that the
statistical significance should be interpreted with caution.

3.5.2. HIT RATIO
Figure 3.7 shows the number of correct answers for each question at each transparency
level. The bar plot above the heat map illustrates the cumulative number of correct an-
swers for each question, whereas the bar plot on the right indicates the cumulative num-
ber of correct answers for each transparency level. It is evident that some questions are
difficult to answer correctly, while others are not.

The first question, Q1, asks whether the algorithm is deterministic or probabilistic.
Most participants answered this question correctly across all transparency levels. How-
ever, several participants in Informed RRT* relied too much on their expectations of the
algorithm and failed to notice that it generated different results in the same environment,
leading to incorrect answers to Q1 at Level 1. Fortunately, when they observed the sam-
pling points at Level 2, they correctly revised their answers.

Q2 inquires whether the algorithm can find the true shortest path. As the path found
by Theta* is close to the true shortest path, some participants failed to provide correct
answers to this question, especially at lower transparency levels. Q3 asks what is con-
straining the generated path. The constraint implemented in the measurement phase
was the maximum allowable path length. The results of Q3 suggest that the constraint
should be more clearly indicated in the visualisation. For example, a text box displaying
“current path length / maximum allowable path length” can be attached.

Q4 (discretisation) and Q8 (overall) pertain to the advantages and disadvantages of
the algorithms, which are difficult to answer because they cannot be directly perceived
and need to be inferred from the visualisation. Q5 is related to search nodes. There is an
option in Q5 that misled many participants: the search node represents a visible region
from a certain location. This option was designed originally for Anya and Polyanya. The
search nodes of Theta* and Informed RRT* are not regions but points, making this option
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Figure 3.7: The number of correct answers for each question at each transparency level.

incorrect for both algorithms. However, the visualisation cannot present points without
a radius. For Theta*, the search nodes are represented by grid cells rather than points
located at the grid centres. This misled participants, especially at Levels 4 and 5, causing
them to change their correct answers to incorrect ones.

Q6 is related to search trees. The visualisation of search trees (Level 4) positively im-
pacts the accuracy of responses to Q6. Q7 asks about the strategy of the path-planning
algorithm to find the shortest path (straighten the search tree). The results indicate that
this question is difficult to answer. Some participants suggested that at Level 5, the pro-
cesses of expansion, rewiring, and pruning should all be presented, rather than just the
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final search tree of each step. Visualising these intermediate sub-procedures at each step
could help humans better understand the search process and strategy.

For further analysis, statistical tests were performed. Mann-Whitney U tests found a
significant difference in the hit ratio between Theta* and Informed RRT* (W = 94.5, p =
0.004,r = 0.707). This result suggests that Informed RRT* may be easier to comprehend
than Theta* via visualisation, which contradicts the initial hypothesis (H2). One possi-
ble reason is that, although the random sampling of Informed RRT* makes its behaviour
difficult to predict, this randomness also makes its strategy and inner workings easy to
observe. For example, by viewing the random sampling points generated by Informed
RRT* (Level 2), participants may gain some insights into how the algorithm explores the
space to find paths. In contrast, Theta* generates the same result given the same input.
At lower levels of transparency, a few participants believed that the search tree of Theta*
does not change during the algorithm’s execution (Q6), and some participants assumed
that Theta* considers the vertices of obstacles because it generates paths that appear as
straight as possible (Q5 and Q7). These results suggest that the algorithm type may in-
fluence human understanding of path-planning algorithms. For Theta*, a deeper level of
transparency may be more necessary compared to Informed RRT* to help humans form
a more accurate mental model.

Friedman tests found significant differences in the hit ratio between the transparency
levels in both Theta* (χ2(4) = 25.085, p < 0.001, w = 0.314) and Informed RRT* (χ2(4) =
16.446, p = 0.002, w = 0.206). The effect sizes are not large, indicating that the substantive
differences between transparency levels are not particularly pronounced. This is poten-
tially because the number of questions is limited and some questions are too difficult
to answer (e.g., Q3, Q5 and Q7 in Figure 3.7). Participants generally gained low hit ra-
tios at each level (see Table 3.1). Moreover, the information was cumulatively presented
as the level of transparency increased. The magnitude of differences between adjacent
transparency levels is indeed not very large in terms of information amount (except for
Level 5, search process). In Theta*, exact pairwise comparisons with Bonferroni correc-
tion further revealed significant differences in the hit ratio between Level 5 and Level 1
(D = 41.5, p < 0.001), Level 4 and Level 1 (D = 30.0, p = 0.028). In Informed RRT*, exact
pairwise comparisons with Bonferroni correction further revealed a significant difference
in the hit ratio between Level 5 and Level 1 (D = 32, p = 0.013). Compared to Level 1 (base-
line), Level 4 (search tree) and Level 5 (search process) could offer significant insights into
algorithms.

3.5.3. CONFIDENCE
Figure 3.8 depicts the distribution of confidence in being unable to answer, answering
correctly, and answering incorrectly at each transparency level. Overall, the confidence
tends to increase with the transparency level, regardless of whether the answer is correct
or not. This observation is in line with other research on transparency [25] and decision-
making [165]. Although the self-rated confidence is related to the amount of information
received, the confidence in correct answers is generally higher than in incorrect answers,
which also aligns with the findings of Daun et al. [166]. This indicates that the partici-
pants’ self-rated confidence can indeed reflect their understanding to a certain degree.
The confidence in being unable to answer decreases with increasing transparency, possi-
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Table 3.2: Exact pairwise comparisons of confidence between transparency levels (with Bonferroni correction).

Theta* Informed RRT*

Level 1 Level 2 Level 3 Level 4 Level 5 Level 1 Level 2 Level 3 Level 4 Level 5

Level 1
Level 2 1.000 0.308
Level 3 0.990 1.000 0.028* 1.000
Level 4 ** 0.028* 0.308 ** 0.028* 0.308
Level 5 ** ** ** 0.237 ** ** 0.019* 1.000

Note: *p < 0.05, **p < 0.01.

bly because participants felt they should be able to answer as the amount of information
increases, even if they still failed.

Friedman tests revealed significant differences in the confidence between the trans-
parency levels in both Theta* (χ2(4) = 50.394, p < 0.001, w = 0.630) and Informed RRT*
(χ2(4) = 47.251, p < 0.001, w = 0.591). In contrast to the hit ratio, the substantive differ-
ences in the confidence are evident. This is likely because confidence is independent of
the number of questions and participants more easily became confident as they received
more information [165]. Exact pairwise comparisons with Bonferroni correction further
revealed differences between transparency levels, as shown in Table 3.2. The results indi-
cate that Level 4 and Level 5 could significantly improve perceived understanding.

3.5.4. CALIBRATED UNDERSTANDING
Figure 3.9 illustrates the calibrated understanding based on the hit ratio and confidence,
which reflect the tested and perceived understanding, respectively. The “unable to an-
swer” responses were counted as incorrect answers with zero confidence in this figure,
regardless of the original confidence ratings given by participants. This is because, when



3.5. RESULTS

3

59

Theta* Informed RRT*

0 25 50 75 100 0 25 50 75 100

0.00

0.25

0.50

0.75

1.00

Average confidence in the correctness of the answers

H
it 

ra
tio

Transparency level L1 L2 L3 L4 L5

Figure 3.9: Calibrated understanding by hit ratio and confidence, featuring 95% confidence ellipses and their
centres (black dots) for each transparency level.

participants selected this option, they already knew their answers were incorrect (zero
confidence in correctness). In contrast, when respondents selected other options, their
ratings indicated a higher degree of confidence in the correctness of their answers.

It was expected that a well-calibrated understanding would align with the diagonal
line (from bottom left to top right) as the transparency level increases [157]. Figure 3.9
indicates that despite high variability in calibrated understanding among participants,
the desired trend is generally evident in the mean (black lines). Compared to Informed
RRT*, participants may exhibit overconfidence (i.e., a low hit ratio with high confidence)
when learning about Theta*. This indicates that the algorithm type may also play a vital
role in human understanding.

3.5.5. LEARNING TIME
Figure 3.10 presents the learning time distribution of Theta* and Informed RRT* at five
transparency levels for the eight different questions. Overall, Theta* demonstrates lower
learning time compared to Informed RRT*. As transparency levels increase, a downtrend
in learning time is observed for both algorithms, suggesting that higher transparency may
facilitate more efficient learning. However, the extent of this change varies by question.
For Q7, Informed RRT* takes more time at Levels 4 and 5. This is likely because Levels
4 and 5 enable participants to observe the strategy of Informed RRT* in detail, but the
processes of node expansion and tree rewiring are not easy to understand. For Q3, the
constraint was not clearly stated, causing participants to spend much time exploring the
algorithms to determine the exact parameter that was constraining the algorithms.

Mann-Whitney U tests found no significant difference between Theta* and Informed
RRT* in terms of the total learning time. However, Table 3.1 suggests that participants
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Figure 3.10: Learning time for each question at each transparency level.

may learn Theta* more quickly than Informed RRT*. This is probably because Theta* is a
deterministic, grid-based algorithm. It always generates the same result under the same
conditions in the same environment and its graph (i.e., grid) remains fixed regardless of
changes in obstacles. Each time a participant added or removed an obstacle, the visual
information of Theta* did not change much on the display. This may enable participants
to become familiar with Theta* more quickly.

Friedman tests found significant differences in the learning time between the trans-
parency levels in Theta* (χ2(4) = 21.72, p < 0.001, w = 0.272), but no significant differ-
ence in Informed RRT*. In Theta*, similar to the hit ratio, the effect size for the learning
time is small. This may also be attributed to the correlations between transparency lev-
els, which allowed participants to quickly grasp the newly added information. Moreover,
the experiment had a maximum time limit, requiring participants to effectively manage
their time for each level. Exact pairwise comparisons with Bonferroni correction fur-
ther revealed significant differences in the learning time between Level 5 and Level 1
(D = −43, p < 0.001), Level 4 and Level 1 (D = −36, p = 0.003). Participants tended to
spend more time on Level 1 because it was their first experience with the new algorithm.
Participants spent more time checking Level 5 of Informed RRT* because understanding
the random expansion of nodes and the rewiring of search trees is generally difficult.

3.5.6. INTERACTION
There are two metrics for measuring interactions: the number of algorithm executions
and the number of interactions with the map. Algorithm executions represent how many
times participants challenged the algorithm by adding/removing obstacles that would
lead to observable changes to their results, while interactions with the map mainly refer
to the number of obstacles added or removed. Given that algorithm executions reflect the
frequency with which participants see new information, this metric is used for analysis.

Figure 3.11 shows the number of algorithm executions of Theta* and Informed RRT*
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Figure 3.11: The number of algorithm executions (reroutes) for each question at each transparency level.

for each question at each transparency level. The trend of this metric is similar to that
of the learning time (see Figure 3.10). In the figure, Q3 is the most prominent, as partici-
pants spent much effort creating various scenarios to examine the constraint. Informed
RRT* generally exhibits higher median execution numbers and greater variability com-
pared to Theta*. This is because Informed RRT* employs a random sampling strategy and
some participants frequently executed Informed RRT* in the same scenario and observed
changes in the results. Mann-Whitney U tests found no significant difference between
Theta* and Informed RRT* in terms of the number of algorithm executions.

Friedman tests found significant differences in the number of algorithm executions
between the transparency levels in both Theta* (χ2(4) = 21.7, p < 0.001, w = 0.271) and
Informed RRT* (χ2(4) = 19.719, p < 0.001, w = 0.246). The effect sizes are both small, in-
dicating that while differences in the interactions between transparency levels exist, they
are not apparent. In addition to the relatively small differences between adjacent trans-
parency levels, the fixed interaction mode and starting and target points (control vari-
ables) also reduce the need for a large number of interactions to achieve understanding.

In Theta*, exact pairwise comparisons with Bonferroni correction further found sig-
nificant differences in the algorithm executions between Level 5 and Level 1 (D =−42, p <
0.001), Level 4 and Level 1 (D =−32.5, p = 0.009). In Informed RRT*, exact pairwise com-
parisons with Bonferroni correction further revealed significant differences in the algo-
rithm executions between Level 5 and Level 1 (D = −42.5, p < 0.001), Level 5 and Level
2 (D = −28.5, p = 0.039), Level 5 and Level 3 (D = −28.5, p = 0.039), Level 5 and Level 4
(D =−30.5, p = 0.019).

This result can be linked to the learning time. The Spearman’s rank correlation coeffi-
cient (0.625) indicates a strong correlation between the learning time and the number of
algorithm executions. It seems that the greater the number of interactions, the longer the
learning process takes. At Level 5 of Informed RRT*, the algorithm was executed less fre-
quently, but the learning time was longer because participants spent considerable time
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examining the search process.

3.5.7. PREFERENCE
Figure 3.12 illustrates the Likert scale ratings for the transparency elements. The expan-
sion, rewiring and pruning processes are integrated into the search process. Generally,
except for the cost values, all other elements are considered highly useful for understand-
ing both Theta* and Informed RRT*. This is probably because the tested algorithms both
aim to find the shortest path and the cost value is intuitively reflected in the path length.
However, for other types of costs in more real-life operational contexts, such as fuel con-
sumption and risks, the cost values and their weights may become more useful. Com-
pared to Informed RRT*, more participants found the search space and graph elements
less useful for understanding Theta*. This may be because these elements can better help
participants understand the random sampling strategy of Informed RRT*. However, for
Theta*, they appear redundant due to the explored nodes and search trees.

Search process

Cost values

Search trees

Explored nodes

Graph

Search space

Path

−100%−75%−50%−25% 0% 25% 50% 75% 100%

Theta*

−100%−75%−50%−25% 0% 25% 50% 75% 100%

Informed RRT*

Scale Not at all useful Slightly useful Moderately useful Very useful Extremely useful

Figure 3.12: Likert scale ratings for the transparency elements regarding the usefulness for understanding the
path-planning algorithms.

3.6. DISCUSSION

3.6.1. SAMPLING-BASED ALGORITHMS VS. GRAPH-BASED ALGORITHMS
According to the experiment results, it seems that sampling-based path-planning algo-
rithms are more suitable for applications requiring algorithmic transparency, as partici-
pants were generally able to better understand sampling-based algorithms than graph-
based algorithms.

Before conducting the experiment, it was hypothesised that Informed RRT* would be
more difficult to understand than Theta* (H2), due to its random sampling strategy and
less organised visual presentation. However, the results indicate the opposite. This may
be because the random sampling for path planning is more meaningful to humans than
expected. Each time the algorithm was executed, Informed RRT* generated different ran-
dom points, making it salient to participants that the algorithm used a random strategy
to explore the space. For Theta*, although it is deterministic and highly structured, some
participants mistakenly thought it also used a random strategy for exploration because
its current node appeared to jump around randomly at each step. They did not under-
stand why the current node behaved this way (recall that the current node is the node
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with the lowest f -value in the open list in Section 2.2). For better understanding, it may
be necessary to more clearly indicate the basis of the current node selection in the visual-
isation. For example, provide additional textual and/or verbal explanations to clarify the
rule, rather than requiring users to infer it from the visualisation.

While the sampling-based algorithms showcased several advantages in this research
related to understandability, they cannot replace graph-based algorithms. The main dis-
advantage of sampling-based algorithms is that they do not fully utilise the prior knowl-
edge of maps and they may sometimes get stuck in narrow passages [101, 102]. Stability
and optimality are still the biggest obstacles for sampling-based algorithms in practice.
Rather than drawing a rash conclusion (“which one is better”), this research offers a new
perspective for comparing algorithms on transparency and understanding criteria. These
dimensions are also important to consider in real-world applications, especially in high-
stakes domains where technology requires human oversight.

3.6.2. IS INCREASED TRANSPARENCY ALWAYS BETTER?
The user study reveals that increased transparency generally leads to better understand-
ing, as hypothesised (H1). This result aligns with findings from other research [30, 142].

In the experiment, participants tended to rely on their expectations to formulate an-
swers, especially when lacking sufficient information. The increased transparency can
continuously correct their misconceptions and refine their mental models of the algo-
rithm. However, this does not mean that they only changed incorrect answers to correct
ones. Sometimes, when new information at subsequent levels violated participants’ ex-
pectations, they felt more confused and provided even more incorrect answers, resulting
in a lower hit ratio. This phenomenon is similar to the mixed results identified in other
research [30, 138], suggesting that more information does not necessarily lead to better
understanding and may instead result in greater confusion. This may occur when new
information is insufficient to alleviate their confusion caused by the mismatch between
their expectations and the truth, or the new information is unclear.

For example, Theta* is an any-angle path-planning algorithm that ignores the edges
of the graph (e.g., eight adjacent grids). The mismatch between the paths and the graph
(Level 2) made participants feel more confused. At lower levels of transparency, they ini-
tially thought that Theta* primarily explored the vertices of obstacles rather than grid by
grid. This confusion also occurred when participants noticed that some search nodes
and sampling points in Informed RRT* did not overlap. This inconsistency between the
truth and human expectations indicates that higher levels of transparency are required
to deepen understanding for some algorithms. It has been observed that participants’
confusion was indeed alleviated (more confident and higher hit ratio) with higher levels
of transparency. When the information is clear to users, they should eventually be able to
gain a deeper understanding.

In the experiment, it was found that participants’ confidence increased with higher
levels of transparency, regardless of whether their answers were correct or incorrect. This
indicates that participants can become overconfident as transparency increases. This
may be because participants misunderstood some transparency information, believing
they understood it correctly when they actually did not. To alleviate this problem, one
possible solution is to further increase transparency and provide more detailed, clear in-
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formation. As learning deepens, users may identify their own mistakes. Another possible
solution is to evaluate users’ understanding and provide feedback to promptly correct
their mental models. This idea is similar to the concept of model reconciliation [74] as
mentioned in the introduction, but estimating human mental models in real time still
remains a challenging issue.

Fortunately, the procedures and strategies of algorithms are usually fixed, allowing
users to learn them during training. In real-time operations, users may pay more atten-
tion to situational changes. If users already grasp the algorithm’s underlying principles,
transparency information could help them quickly understand the algorithm behaviour
in a certain scenario, thereby improving their situation awareness [70, 135].

The statistical analyses found significant differences in the dependent measures be-
tween transparency levels, but mostly with small effect sizes. This is largely because of
the dependent relationships between transparency levels, where higher levels are built
upon lower ones (see Figure 3.2). As the level of transparency increases, the information
regarding the inner workings of the algorithm is progressively and cumulatively revealed.
If the information were chunked into more levels, the differences between transparency
levels might be even less obvious.

The results suggest that perhaps certain levels of transparency can be combined or re-
moved to obtain potentially large effect sizes. For example, based on the benchmark tests
in Chapter 2 and the user study findings, Level 4 (search tree) strikes a good balance be-
tween algorithm speed, human understanding and visual presentation complexity. Com-
pared to Level 4, Levels 2 and 3 might be redundant and could be removed. Meanwhile,
Levels 1 and 5 should be retained considering that Level 1 pertains to domain constraints
(distinct type of information) and Level 5 to the search process (animation that contains a
large amount of information). The elements “search space”, “graph” and “explored nodes”
can also be separated from Level 4 to further condense the transparency information.

3.6.3. THE ROLE OF ENGAGEMENT IN UNDERSTANDING AND OPERATIONS
As indicated by Hundhausen et al. [40], Naps et al. [127], Grissom et al. [152], Doherty
and Doherty [167], engagement plays a crucial role in enhancing human understanding.
Although this research did not specifically assess the impact of engagement, efforts were
made to maximise the participant engagement during the experiment (control variables).
According to the engagement taxonomy in CS education [127], there are six categories for
engagement with algorithm visualisation: 1) No Viewing, 2) Viewing, 3) Responding, 4)
Changing, 5) Constructing, and 6) Presenting. “No Viewing” refers to instruction with-
out any visualisation technology whereas “Viewing” is the core form of the visualisation
engagement. “Responding” involves answering questions concerning the visualisation
and “Changing” allows learners to change the algorithm’s input to explore its behaviour.
“Constructing” indicates learners build their own algorithm visualisations and “Present-
ing” suggests showing a visualisation to an audience for feedback and discussion. This
research mainly incorporated “Viewing”, “Responding” and “Changing” categories. Since
the target audience was primarily non-experts, “Constructing” and “Presenting” were
deemed less suitable.

For real-time operations, operators perform more effectively when their engagement
level is high [70, 168]. As the level of automation increases, operators still need to be ac-
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tively engaged into operational tasks and the control loop to understand what the system
is doing [129, 169]. Otherwise, they could lose situation awareness and be unable to de-
tect and address the system errors promptly. Empirical evidence has found a positive
effect of transparency on situation awareness and operator performance due to the in-
creased information [19, 24, 136]. In fact, transparency can also increase the engagement
level of operators by offering ways to interact with the system. For example, transparency
can allow operators to visually examine the inner workings of path-planning algorithms,
helping them understand why and how a specific path was proposed. Additionally, it can
assist operators in conducting “what-if” analyses [170]. Operators may actively check the
transparency information, thus avoiding passively monitoring the system for extended
periods and becoming bored.

3.6.4. LIMITATIONS AND FUTURE DIRECTIONS
The user study suggests that the designed visualisation may need further improvement.
For example, detailed information related to the search space and constraints should be
provided, such as “current path length / maximum allowable path length”. This would
make it easier for users to check the relationship between the current results and the con-
straint bounds. For operational purposes, it is better to state the constraints in advance
rather than letting users guess. In grid-based algorithms, if the search node is generated
at the centre of the grid rather than at the vertex, it may be helpful to mark this centre
point instead of the entire grid (or explain in advance). Marking the entire grid is a com-
mon approach to visualise the search node for grid-based algorithms, but it may mislead
users into thinking that the algorithms explore the entire region within that grid, while ac-
tually only the centre will be explored. Furthermore, the search tree is portrayed at each
step to reveal the search process (Level 5). However, the search process actually includes
expansion, rewiring, and pruning, which can be separated for clearer presentation.

In addition to the visualisation, textual and verbal explanations can also be useful in
some cases. Textual explanations excel in providing precise, detailed descriptions that
may be hard to capture in a visual format, such as abstract concepts and numerical data.
In contrast, verbal explanations are inherently more human-like, fostering an interactive
environment and deeper engagement for users. This research does not compare visual
transparency with textual or verbal transparency because there are no readily available
textual or verbal explanations for how path-planning algorithms work. To create them, it
would be required to extract explanations from the original papers that introduce these
algorithms, such as Theta* [66] and Informed RRT* [83]. Moreover, determining the ap-
propriate level of detail to include in the textual or verbal explanations would also need
to be addressed, which is beyond the scope of this study. For future research on trans-
parent path planning, this work could serve as a reference and a basis for comparison.
The differences in effectiveness and user preferences between visual, textual, and verbal
transparency could be further explored [145].

The user study assessed the participants’ understanding mainly through the eight
questions, which were designed only to evaluate the understanding of the algorithm’s
inner workings. Future research could incorporate more questions to assess broader as-
pects of transparency and understanding, such as debugging, potential algorithm im-
provements and the environmental impact of solutions. Many participants reported that
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some questions were sometimes difficult to answer, which explains the relatively low av-
erage hit ratio. This may be because most participants were novices or beginners in path
planning and were not familiar with its basic concepts. They needed to learn the relevant
terms, quiz questions and options, and, most importantly, the algorithm itself within a
limited time (20 minutes for training and 60 minutes for measurement). This task was
non-trivial for many of them.

Additionally, the user study was intentionally designed in a generic setting, as path-
planning algorithms generally follow fixed procedures, and revealing their inner workings
does not require a specific real-world context. However, domain experts with extensive
operational background may have better initial understanding of algorithms within their
domain [150]. Future studies should therefore also consider how domain knowledge and
operational expertise and experience may impact (the need for) transparency in under-
standing the working mechanisms of algorithms.

Finally, the proposed transparency levels were implemented to be adaptable in the
web-based pathfinding visualiser, enabling users to drive the interaction with the inter-
face and access information on demand. This approach could avoid “automation sur-
prises” from unexpected autonomy-driven changes in real-time operations [171]. It is
particularly suitable for human-centred domains such as air traffic control, where op-
erators should maintain authority over and awareness of automation. Adaptive trans-
parency that considers users’ cognitive load and expertise levels could also be a promis-
ing area to explore. For example, by detecting users’ confusion emotion [172], the system
could automatically adjust the level of transparency to provide more or less information
and explanations. The ultimate goal of this research is to enhance human understanding
through algorithmic transparency, rather than dynamically tailoring information deliv-
ery based on users’ real-time cognitive states. The exploration of adaptive transparency
is beyond the scope of this study. All in all, whether transparency is adaptive or adaptable,
the findings of this research could provide a reference for both.

3.7. CONCLUSION
This chapter extends the work presented in Chapter 2 and proposes six levels of visual
transparency for path-planning algorithms. A user study was conducted to explore the
impact of different transparency levels on human understanding. Results demonstrate
that visual transparency allows inexperienced people to correctly and confidently un-
derstand the details of a path-planning algorithm and increased transparency generally
improves understanding. The user study also shows that a lack of prior experience and
knowledge of path-planning sometimes can lead to confusion at higher levels of trans-
parency, for various reasons but especially when the algorithm behaves contrary to ex-
pectations. Training, combined with a clear operational context and an algorithm that
matches human expectations, can probably alleviate the need for greater transparency.
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ABSTRACT
With the rapid advancement of drone technology, drone applications have become increas-
ingly widespread. However, the integration of drones into the airspace also poses risks to
crewed aircraft, particularly around airports. To address this issue, highly automated Un-
crewed Air Traffic Management (UTM) systems are being developed worldwide. Since fully
safe and reliable automation does not exist yet, UTM still requires human supervision to
enhance the overall system safety and reliability. Some form of “seeing-into” transparency
may be necessary to help operators better understand the limitations and behaviour of the
automated UTM system. As UTM is a novel concept, research on transparent UTM is lim-
ited. Many efforts have been made in other fields, but there still remains a lack of con-
sensus on what transparency entails, particularly for algorithmic systems. Therefore, this
chapter first presents a unified taxonomy for algorithmic transparency, with operational,
domain and engineering transparency introduced as its core concepts. From the taxonomy,
twenty UTM transparency elements and their corresponding visual prototypes were then
designed, which also showcases how the taxonomy can be applied in practice. A survey-
based user study was conducted to collect the opinions of air traffic controllers and drone
experts regarding the designed elements and prototypes. Results indicate that transparency
is deemed imperative for UTM, especially in scenarios featuring automation failure. It also
reveals that operational transparency is generally preferable over engineering transparency
in nominal operations. Participants were asked to group the designed elements, and their
results closely aligned with the structure of the proposed taxonomy.

4.1. INTRODUCTION
In recent years, drone usage has rapidly increased in various domains, such as agricul-
ture, inspection, delivery, surveillance and entertainment. In aviation, it is expected that
a large number of drones will share the airspace with crewed aircraft in the near future
[2, 3]. To safely cope with the increased number of drones, Uncrewed Air Traffic Manage-
ment (UTM) was proposed and is currently under development [6, 8, 9, 173, 174]. As UTM
is a novel concept, a universally recognised standard has not yet been firmly established
[175]. Various solutions for UTM are being actively explored around the world, such as
American UTM [174], European U-space [9] and Chinese UTMISS [1].

Despite the differences among these solutions, there is a consensus that, unlike tra-
ditional Air Traffic Management (ATM), UTM will be built from the ground up to rely
on high levels of automation. This is because drone traffic often involves much higher
flight densities and could be far more complex than existing crewed air traffic. It is nearly
impossible for humans to manually control such a large number of drones simultane-
ously. However, relying heavily on automation may also be problematic, especially in the
low-altitude airspace around airports where drones and crewed aircraft coexist. Any defi-
ciencies or limitations in automation could increase the risk of collisions between drones
and crewed aircraft, posing a threat to human lives. Therefore, although UTM is highly
automated, it still requires human supervision, at least in the Controlled Traffic Regions
(CTR) around airports, to enhance the overall safety and reliability.

However, a higher level of automation generally makes it more difficult for human
supervision [70, 169]. Operators may be unable to understand the automation decisions
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and their underlying reasoning without additional support. In this case, they are left no
choice but to either blindly follow the actions suggested by automation or manually con-
trol everything due to a lack of trust in automation. In UTM, if a drone’s behaviour is com-
pletely unpredictable and uninterpretable, it will pose a huge threat to crewed aircraft and
should not be allowed to operate around airports [4]. To address this issue, some form
of “seeing-into” transparency may be needed that presents information and/or explana-
tions about the inputs, outputs and internal processes of automation [19, 20, 136, 176].
UTM operators should be aware of the intents and goals of both drones (e.g., where are
their destinations?) and the automated UTM system (e.g., what automated services are
provided?). Safety-related metrics, such as Closest Point of Approach (CPA), could also be
disclosed to help operators monitor the situation [55].

Since UTM is not fully developed, direct research on transparent UTM is limited [14–
16, 59, 63, 177]. In other related fields, some studies have been conducted to explore the
design and impact of transparency [19, 33, 136], such as the Situation Awareness–based
Agent Transparency (SAT) model [22, 134], Ecological Interface Design (EID) [53, 56] and
Explainable AI (XAI) design frameworks [114, 131]. Previous research also suggested pos-
itive effects of transparency on human performance in one-to-many drone operations
[178] and multi-unmanned (air, ground, and sea) vehicle mission planning [23–25]. How-
ever, these works generally stem from different perspectives on transparency, and there
remains a lack of consensus on what transparency entails, particularly for algorithmic
systems. In the UTM context, it is still unclear how to achieve transparency and how
transparency could affect the collaborative operations between drones and crewed air-
craft. Therefore, the goal of this chapter is to propose a unified taxonomy for algorithmic
transparency to integrate different perspectives. Based on this taxonomy, various infor-
mation elements and visual prototypes can be devised for transparent UTM. According
to the designed elements and prototypes, a survey-based user study can be conducted to
validate the proposed taxonomy and explore operators’ needs and preferences for trans-
parency in different UTM scenarios.

This chapter is organised as follows. Section 4.2 reviews different perspectives and re-
lated works on transparency and presents a unified transparency taxonomy. Based on the
taxonomy, Section 4.3 shows the design of twenty transparency elements and fourteen
corresponding visual prototypes for UTM. Section 4.4 outlines the user study method-
ology, introducing the questionnaire structure and participant background. Section 4.5
presents the results collected from participants, analysing their needs and preferences
regarding the designed transparency elements and prototypes. Section 4.6 discusses the
insights gained from the user study and future research directions.

4.2. TRANSPARENCY TAXONOMY
Much research has been conducted to enhance automation transparency [19, 31, 33, 136,
179], but their methods are usually diverse and lack a unified guide or framework. For ex-
ample, the Single European Sky ATM Research (SESAR) projects ARTIMATION [60], MA-
HALO [61] and TAPAS [55] all explored methods to achieve transparency in tactical ATM
operations, yet ended up with different design choices. Some studies [23, 25, 55] em-
phasised improving operator situation awareness in human-automation collaboration
through transparency. They usually followed Endsley’s situation awareness theory [135]
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and Chen’s Situation Awareness–based Agent Transparency (SAT) model [22, 134]. In con-
trast, other studies [58, 61, 107] focused on revealing the physical and intentional con-
straints of work domains to establish a common ground for both humans and machines.
This approach was mainly based on Ecological Interface Design (EID) [53] and Cogni-
tive Work Analysis (CWA) [57]. Additionally, some other research [60, 180, 181] seemed to
draw inspiration from the Explainable AI (XAI) community, aiming to design explainable
models to elucidate the inner workings of automation.

Although transparency can be approached from different perspectives, the overall
goal is to support human supervision of automation and ensure humans remain in the
loop. The ecological approach is developed for improving operator situation awareness
as well [54], while the XAI methods are implemented to foster the trust and acceptance
of human users [181]. Essentially, transparency is about disclosing relevant information
to humans, and thus the focus of transparency may shift depending on the needs and
background of the user [111]. Operators may be more concerned with how automation
affects operational scenarios and situations, whereas policymakers may need to assess
whether an automated system is trustworthy and reliable for real-world application. Dif-
ferent needs may lead to different methods and perspectives on transparency.

However, even for the same type of users, their transparency needs may still be dif-
ferent depending on personal preferences, expertise, and specific contexts [115, 134]. In
addition to situation-related information, operators may also seek to understand the in-
ner workings of automation, especially when automation behaves unexpectedly [14]. To
meet user needs across all scenarios, it seems necessary to implement an overarching
approach to disclose as much information as possible. Users can thus access the infor-
mation they need on demand. Therefore, a unified transparency taxonomy is devised to
summarise different perspectives on transparency. The proposed taxonomy could also
serve as a guide for transparency design.

As this research focuses on tactical UTM operations within CTR around airports, it
primarily investigates the needs and preferences of operational users, such as Air Traf-
fic Controllers (ATCos) and drone experts, rather than those of policymakers or system
developers/designers in the survey-based user study.

4.2.1. PERSPECTIVES ON TRANSPARENCY
Three main perspectives can be summarised from the literature: user-centred [21, 22, 30,
131], model-centred [71, 94, 95] and ecology-centred [53, 107, 108].

From a user-centred perspective, transparency information should be presented in
accordance with user demands, limitations, preferences and expertise [182]. For exam-
ple, Lyons’ human-robot transparency model [21] defines various types of information
that need be presented to humans, such as robots’ tasks, purposes, decision-making pro-
cesses and environmental perceptions. To prevent overwhelming users, transparency is
generally divided into different levels, enabling a progressive and incremental disclosure
of information [30]. For example, corresponding to the three levels of situation aware-
ness defined by Endsley [135], Chen et al. [22] designed three levels of transparency in
their SAT model: Basic Information (Level 1), Rationale (Level 2) and Outcomes (Level 3).
In practice, these transparency levels are usually combined in visual and/or textual pre-
sentations [24]. However, information revealed by the SAT model might be insufficient
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in some cases. When automation fails or behaves unexpectedly, users may seek more
information about the agent’s internal process (i.e., how the agent makes decisions) to
understand what happened, why it happened, and how to resolve it [76, 77]. This type of
information is not explicitly reflected in the SAT model.

The model-centred approaches are mostly developed in the XAI community, aiming
to construct explainable models that are readily comprehensible to humans. As tech-
nology advances, automation becomes increasingly complex and difficult for humans to
understand, such as neural networks and reinforcement learning. XAI was thus intro-
duced to enhance the explainability of advanced AI models and algorithms [31]. Many
approaches have been developed, including Local Interpretable Model-agnostic Expla-
nations (LIME) [93] and Shapley Additive Explanations (SHAP) [94]. The main focus of
the model-centred perspective is to thoroughly dissect the internal processes of mod-
els and explain them in human-understandable terms. In recent years, user-centric XAI
has gained increasing attention from researchers since explanations should also consider
user expertise and needs [33]. For example, a theory-driven user-centric framework for
XAI has been proposed [131], aiming to support human reasoning and mitigate cognitive
biases through tailored explanations.

XAI has also been applied in ATM to improve the operator trust and acceptance of
AI-based ATM systems [180, 181, 183]. As the core of UTM is to guide drones to their des-
tinations while avoiding conflicts with crewed aircraft, a centralised conflict-free path-
planning algorithm is expected to be implemented to achieve this goal [63]. Therefore,
this study primarily focuses on transparent path planning. Many pathfinding visualisers
have been developed to portray the search processes of various path-planning algorithms
[43, 44, 48, 100], which could also serve as references for this work.

The ecology-centred approach is derived from EID [53, 153] and CWA [57]. It puts
emphasis on visualising the physical and intentional constraints governing the work do-
main, revealing its deep structure for achieving domain transparency [107, 108]. This ap-
proach can provide a common ground for user-centred and model-centred approaches
since both humans and machines should obey the same domain constraints. Technically,
the ecological approach seeks to discover the most effective way for presenting domain
constraints, fully utilising the human ability for direct perception [184, 185]. For instance,
in drone flight monitoring, drone endurance can be depicted as a virtual battery [186] or
alternatively represented as available manoeuvring space (an elliptical space) [14]. The
latter may be more intuitive for humans in the context of path planning since it builds a
direct link between the constraint and the solution: the path should be within the ma-
noeuvring space to satisfy the endurance constraint.

The ecology-centred approach could provide users with deeper insights into the so-
lution space of a task, fostering a clearer understanding of the feasibility and robustness
of solutions as well as serving as input/output feature spaces for human intervention.
The ecology-centred approach has yielded many promising results for ATM and aviation
[54, 107, 187–189]. In essence, human and automated agents alike are constrained by the
same fundamental laws and causalities that govern the work domain. Contextualising
machine intentions can enhance the comprehension of their underlying motives.

While these three perspectives differ from one another, they are connected when con-
sidering a triadic semiotic perspective on socio-technical systems [190], as depicted in
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Figure 4.1. The model-centred design identifies what content about machines can be
revealed, including implemented algorithms, internal processes, and reasoning mech-
anisms. The user-centred design determines how the information should be conveyed
to humans, taking the goals, skills and preferences of human users into account. The
ecology-centred design highlights domain constraints, such as laws of physics, princi-
ples and dynamics. The behaviour of both humans and machines should be bounded by
these constraints. The interface acts as a bridge, facilitating interactions and communica-
tions between humans and machines. The transparency information is usually presented
on an interface, conveying the state of and constraints within the environment, what the
machine does, and what the users may need and/or prefer.

1

Human Machine

Work domain: 

context

Laws (of physics)

Principles

Dynamics (of processes)

Interface

Goals

Skills

Preferences

Algorithms

Processes

Logic

Content

Structure

Form

perception

action input

output

sensing

acting

sensing

acting

Ecology-centred 

design

User-centred 

design

Model-centred 

design

Triadic approach

Figure 4.1: Triadic perspective on transparency, capturing user-, model-, and ecology-centred perspectives.

4.2.2. TRANSPARENCY IN ATM AND UTM
In the fields of ATM and UTM, automation transparency is gaining increasing attention.
SESAR 3 Joint Undertaking initiated five projects [36] to address transparency issues of
AI in ATM. The most relevant projects for tactical UTM operations are ARTIMATION [60],
MAHALO [61] and TAPAS [55].

ARTIMATION proposed three levels of transparency: 1) Black Box, 2) Heat Map and
3) Storytelling. The Black Box showed only the proposed solution along with the instruc-
tions for execution. The Heat Map presented what trajectory was explored by the algo-
rithm and whether it was good or bad. The Storytelling provided a step-by-step preview
of the proposed solution while also explaining alternative possibilities. A user study of
ARTIMATION [60] showed that ATCos preferred the Black Box because of the time pres-
sure issue. They favoured the simplest interface design for Air Traffic Control (ATC). They
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also thought that transparency would be beneficial for the initial training period to in-
crease the understanding and trust of ATCos. In real operations, transparency should be
hidden by default but remain accessible.

MAHALO devised three transparency conditions: 1) Vector Line, 2) Vector Line and
Solution Space Diagram (SSD) and 3) Vector Line, SSD and text-based explanation. The
Vector Line, indicating flight speed and heading, represented the proposed solution for
conflict resolution. The text-based explanation clarified the target Closest Point of Ap-
proach (CPA) and the agent’s purpose. The core of MAHALO is the SSD, which could
visually explain whether the proposed solution is feasible and how robust it is. MAHALO
also explored the personalisation of AI to align its advice more closely with ATCos’ pref-
erences. A user study of MAHALO [61] indicated that personalised advisories were more
easily accepted by ATCos than transparent advisories and that greater personalisation
may reduce the need for transparency.

TAPAS did not have explicit transparency levels in their Conflict Detection & Resolu-
tion (CD&R) use case. Instead, it mainly utilised text-based tables to present detailed in-
formation and possible solutions associated with CD&R, such as geometrical features of
the CPA detected and suggested actions along with their expected outcomes. Their trans-
parency design is similar to Chen’s SAT model, which is also based on Endsley’s situation
awareness theory [135]. A user study of TAPAS [55] showed that providing information
that maintains operators’ situation awareness could probably be sufficient to develop
trust in AI, even in high-stakes fields like ATC.

To summarise, these projects all had different perspectives on addressing the same
problem (i.e., CD&R in ATC). Each of them developed its unique transparency elements,
covering different visual and textual parameters representing the tactical ATM context.
Nonetheless, some similarities were found in that they all centre transparency informa-
tion around solutions, revealing information about the proposed solution (e.g., planned
actions) and the expected outcomes (e.g., predicted minimum separation).

Similar to ATM, although UTM has not been fully established yet, some research has
already started to explore how to increase the transparency of UTM based on their en-
visioned operational concepts and designed simulators [14, 59]. As UTM is expected to
rely on high levels of automation, the transparency issue may be more urgent than it
is for ATM. Without transparency, operators may struggle to understand the behaviour
and limitations of automation, leading to a loss of situation awareness [14, 70]. Trans-
parency research on one-to-many drone operations and multi-unmanned vehicle mis-
sion planning indicated positive effects of transparency, such as increased understanding
and greater performance [24, 25, 178, 191, 192].

4.2.3. PROPOSED TRANSPARENCY TAXONOMY
To integrate the three perspectives on transparency in a pragmatic way in a path-planning
context, a unified taxonomy is devised based on Figure 4.1, and is shown in Figure 4.2.
Referring to the European Union Aviation Safety Agency (EASA) AI Roadmap [193], two
fundamental concepts are proposed: operational transparency and engineering trans-
parency. Operational transparency reveals (real-time) information about system status,
goals, activities, and environmental impacts, directly supporting operational users in
maintaining situation awareness, making informed decisions, and responding effectively
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▪ Solution: What is the solution?

▪ Purpose/Intent: Why does automation propose this solution?

▪ Expected outcomes: What are the expected outcomes of this solution?

▪ Explored solutions: What other alternative solutions were explored?

▪ Cost values: What were the cost values of those alternative solutions?

▪ Computational process: How were these solutions explored?

▪ Domain constraints: What is the physical space of possibilities for finding solutions?

Operational transparency

Engineering transparency

Domain 

transparency

Figure 4.2: Proposed unified taxonomy for algorithmic transparency, integrating user-, model-, and ecology-
centred perspectives.

to evolving conditions. Engineering transparency, in contrast, discloses system inter-
nal mechanisms, such as reasoning, exploration, evaluation, and decision-making pro-
cesses, enabling users to develop a deeper understanding of system behaviour.

When operational transparency is fully revealed, operational users may have less need
for engineering transparency [55]. This is because operational transparency equips users
with the information they need to monitor and manage tasks effectively, reducing the
necessity to understand the underlying engineering details. However, when unexpected
events occur, such as automation failures, engineering transparency may become essen-
tial to help users identify the causes and alleviate the stress associated with confusion.
Domain transparency, as a shared foundation in the middle, serves to connect the oper-
ational and engineering transparency. By clarifying the boundaries of feasible solutions,
domain transparency helps users understand why the proposed solution (operational)
and the exploration process (engineering) are both constrained within a certain range.

The transparency taxonomy contains seven categories, ranging from functional pur-
pose and operational impact to operational boundaries and inner physical structure.
This type of organisation is inspired by Rasmussen’s Abstraction Hierarchy (AH) used in
CWA and EID [53, 57, 153, 154]. The AH is structured based on typical human top-down,
problem-solving strategies, starting at the desired system output (= functional purpose)
and progressively descending towards the physical components of a system. As suggested
by Springer and Whittaker [30], progressive disclosure may be needed for algorithmic
transparency. In the proposed taxonomy, the transparency categories are organised hi-
erarchically. From the Solution category to the Computational Process category, deeper
algorithmic information is progressively revealed.

The Solution category emphasises that the algorithm’s solutions should be clearly pre-
sented to users. For example, a path plan may include a sequence of actions, and users
should be informed of when and where each action will take place. The Purpose/Intent
category aims to reveal the algorithm’s objective. This type of information will be complex
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if the algorithm has multiple objectives with varying weights. The Expected Outcomes
category helps users assess the quality of the solution and decide whether to accept it or
not. This decision depends not only on algorithm optimisations but also on user prefer-
ences. The Domain Constraints category lies at the intersection, forming solution spaces
to explain the feasibility and robustness of solutions (operational) and also serving as a
basis for system computation (engineering). The Explored Solutions category indicates
the algorithm’s exploration results in addition to the final optimal solution. The Cost Val-
ues category reflects the algorithm’s criteria for evaluation and comparison. The Com-
putational Process category represents the algorithm’s underlying process for finding a
solution. In search-based path planning, it mainly refers to the search process. Note that
a transparency category is not entirely equivalent to a transparency level. A level could
contain elements from one or more categories.

The proposed operational transparency categories can be regarded as a variant of the
SAT model. As indicated by Bhaskara et al. [25], the projected outcomes (Level 3) in the
SAT model may not necessarily represent a higher level, but rather a type of informa-
tion, which is in line with the concept of the taxonomy. Different from the SAT model
[22] and Lyons’ human-robot transparency model [21], the proposed taxonomy is organ-
ised around solutions, with each category shedding light on a distinct aspect. This ap-
proach strengthens the interconnections between the various transparency categories,
highlighting its hierarchical structure. The operational transparency categories also ex-
hibit a correspondence with the engineering transparency categories, such as Solution
to Explored Solutions, Purpose/Intent to Cost Function/Values, Expected Outcomes to
Computational Process.

4.3. TRANSPARENCY DESIGN
As UTM encompasses a wide range of services [8, 9], this research mainly centres on tac-
tical UTM operations in CTR around airports, in particular Rotterdam The Hague Air-
port. A web-based simulator DroneCTR1 has been developed and improved as a test bed
[14, 63]. The envisioned operational concept is similar to Dynamic Airspace Reconfigura-
tion (DAR) [15, 16]. It assumes that CTR is assigned to UTM for navigating drones by de-
fault and operators can use geofences to block portions of the UTM airspace as required.
As previous studies suggested a dedicated role for UTM supervision [15, 63], it also as-
sumes that operators can only control drones rather than crewed aircraft. A centralised
time-optimal path-planning algorithm is responsible for drone (re)routing to prevent en-
try into geofences and avoid conflicts with crewed aircraft. Therefore, this research is to
reveal information about the UTM conflict-free routing service and the inner workings of
the path-planning algorithm.

4.3.1. TRANSPARENCY ELEMENTS
Following the transparency taxonomy in Figure 4.2, a total of 20 transparency elements
have been proposed for assisting the supervision of the automated UTM conflict-free
routing service, as shown in Table 4.1. Like the proposed taxonomy, the transparency el-
ements are primarily based on established design practices from previous studies, high-

1URL: http://dronectr.tudelft.nl/, ID: demo

http://dronectr.tudelft.nl/
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Table 4.1: Proposed transparency elements.

Transparency Category Transparency Element

Solution
The proposed (new) path and old path
Estimated state and planned action at each waypoint

Purpose/Intent
The underlying goals and intentions of the system (e.g., min-
imising flown track miles)

Expected outcomes

If the drone follows the old path
• Predicted location of separation loss
• Predicted start time of separation loss
• Predicted minimum separation
• Predicted probability of separation loss

If the drone follows the proposed (new) path
• Predicted location of CPA
• Predicted time to CPA
• Predicted minimum separation
• Predicted probability of separation loss

Domain constraints

Safe separation standards between aircraft
Manoeuvring space: the flight range governed by battery power
and environmental conditions
Flight mission boundary: certain drones can only fly within a
pre-approved area
Wind field: wind speed and direction

Explored solutions

Search graph: a search graph is how automation discretises a
continuous space, and the generated path can only follow the
edges of the graph
Explored nodes: explored potential waypoints
Search trees: explored potential paths

Cost function/values
The cost values of the explored potential paths given the system’s
goals and intentions

Computational process
Search process: a dynamic process that indicates how to gener-
ate the path

lighting that this work complements rather than replaces them.
In terms of operational transparency, the Solution category contains two elements:

the old path and the proposed (new) path [55, 194, 195]. The old path is the path the
drone followed before rerouting, which hints at why the drone needed to reroute in the
first place (e.g., due to a conflict). A path is essentially built from a sequence of states and
actions. To gain a deeper understanding of the proposed path (solution), the estimated
states and planned actions should be clearly revealed (e.g., where certain heading/alti-
tude changes will take place). The Purpose/Intent category can be presented by text-
based explanations [61, 196]. In this case, the path generated by the UTM system aims
to be time-optimal and conflict-free. For the Expected Outcomes category, two different
“what-if” situations are considered: what if the drone continues following the old path,



4

78 4. TOWARDS A UNIFIED TRANSPARENCY TAXONOMY

and what if it flies along the proposed (new) path. To observe the outcomes of the paths,
four metrics were proposed referring to other research [55, 60]: predicted location of sep-
aration loss (and predicted location of CPA), predicted start time of separation loss (and
predicted time to CPA), predicted minimum separation and predicted probability of sep-
aration loss. Regarding the Domain Constraints category, a range of restrictions linked to
drone endurance and no-fly zones, such as drone manoeuvring space and flight mission
boundary, were presented [14, 107]. The wind field was incorporated as well since drones
are susceptible to wind [197].

In terms of engineering transparency, the domain constraints, such as the manoeu-
vring space, also limit the search space of path planning, illustrating why the system only
searches within a certain area [198]. For the Explored Solutions category, three elements
were proposed with reference to existing pathfinding visualisers [43, 44, 48, 100]: search
graphs, explored nodes and search trees. These three elements could also be simultane-
ously showcased to convey information that is more meaningful and integrated. The cost
function/value is somewhat similar to the expected outcomes, with both utilising spe-
cific metrics for computation. However, the cost function represents the goals of the sys-
tem, while the outcomes are future projections of the solution. The cost function in this
study optimises only a subset of factors, such as flight efficiency (time-optimal), without
considering environmental uncertainty (e.g., optimising for robustness). The Computa-
tional Process category reveals the algorithm’s dynamic search process (can be achieved
through animation [41, 42, 155]), providing more details about the algorithm’s expansion
of search nodes and search trees.

4.3.2. VISUAL PROTOTYPES
The corresponding visual prototypes for the proposed transparency elements have also
been developed, as shown in Figures 4.3-4.5. The proposed (new) path is a solid yellow
line that the drone will follow, while the old path is drawn as a dashed yellow line that can
be hidden if desired. The waypoints of the proposed path are presented as green dots and
more details regarding the waypoints can be accessed, such as waiting (loitering) time,
speed/heading/altitude change and remaining battery. The destination of the drone is
also represented as a dot, containing information about the goals and intentions of the
drone (path-planning algorithm).

For the Expected Outcome category, the proposed metrics can be collectively show-
cased, allowing the depiction of the expected outcomes with only two images. One is for
the conflict situation (old path): the red area indicates the predicted location of separa-
tion loss. Detailed information about the conflict can be displayed, including estimated
start time of separation loss (ET), estimated minimum separation distance (ES) and esti-
mated probability of separation loss (EP). The other one is for the normal situation (new
path): the amber crosses indicate the predicted locations of CPA. The predicted time to
CPA (CPA Time), predicted distance at CPA (CPA Dist) and predicted probability of sepa-
ration loss (LOS Prob) can also be accessed via the crosses.

For the domain constraints, the safe separation is denoted by a yellow circle around
crewed aircraft. It means that if a drone flies into this circle, there will be a loss of separa-
tion. Combined with the route, a green air corridor for crewed aircraft can be presented.
The drone manoeuvring space is a visual representation of the drone’s range governed



4.3. TRANSPARENCY DESIGN

4

79

(a) Aircraft Routes (b) States and Actions

(c) Goals and Intentions (d) Expected Outcomes: Old Path

(e) Expected Outcomes: New Path (f) Safe Separation Standards

Figure 4.3: Prototypes showcasing the proposed transparency elements (Part 1).
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(a) Drone Manoeuvring Space (b) Flight Mission Boundary

(c) Wind Field (d) Search Graph

(e) Explored Nodes (f) Search Tree

Figure 4.4: Prototypes showcasing the proposed transparency elements (Part 2).
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(a) Cost Value (Open Node) (b) Cost Value (Closed Node)

(c) Search Process (Animation 1) (d) Search Process (Animation N)

Figure 4.5: Prototypes showcasing the proposed transparency elements (Part 3).
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by battery power and environmental conditions such as wind. Generally, a narrow ma-
noeuvring space corresponds to low excess battery power and/or increased headwind
conditions. Two different types of manoeuvring space are presented in the figure: the
dark yellow indicates the proposed route and the bright yellow denotes the direct route.
The mission boundary is designed as an air corridor in this case and the drone can only
fly within this area. Wind field information can not only be shown by speed and direc-
tional values, but also in the form of animated particles and/or coloured arrows. Different
colours indicate different wind speeds: green denotes winds that have relatively little im-
pact on drones while red represents strong winds that could cause drones to drift.

A grid-based time-optimal path-planning algorithm [85] is employed for the UTM
conflict-free routing service. Therefore, the search graph in this case is a grid bounded
by the search space, which is determined by the drone manoeuvring space and, if appli-
cable, the mission boundary. The explored nodes are the green cells that are potential
waypoints explored by the algorithm while the search tree represents all potential paths
that have been explored. The “heuristic” (direct) lines between the branch ends and the
destination node have been hidden to avoid visual clutter. Note that the potential paths
explored by the algorithm are just promising to be time-optimal and conflict-free (the
algorithm’s purpose). During the search process, the algorithm produces (many) inter-
mediate results that failed to be the final solution, because they are not optimal and/or
are unsafe. The cost value of a node, representing the cost of an explored path passing
through it, can be retrieved. The search process is a dynamic process that indicates how
the search tree is composed and how the final path was found. Similar to [43, 44, 48], the
dynamic search process can be demonstrated through (fast-time) animation.

4.4. METHODOLOGY

4.4.1. OVERVIEW
Based on the proposed transparency elements and visual prototypes, a questionnaire was
designed to investigate the transparency needs of operators for supervising the UTM sys-
tem. The overall goal of this survey study is to validate the content and structure of the
proposed transparency taxonomy in the tactical UTM context. If all the devised elements
are deemed valuable for UTM supervision, then every category in the taxonomy is indis-
pensable. The survey study also examines how operators categorise these transparency
elements, exploring whether three distinct types of transparency emerge from operators’
viewpoints.

At the start of the questionnaire, participants were given a detailed explanation of the
background and a hypothetical operational concept, recognising that they may have dif-
ferent visions of future UTM operations. Some personal information was then collected
to aid data analysis. This study was approved by the Human Research Ethics Committee
(HREC) under number 3374.

Given the primary focus of this study on UTM within CTR, Rotterdam-The Hague Air-
port was selected as a use case. The potential drone applications in the airport’s vicinity,
such as railway and highway inspection and medical delivery, are illustrated in Figure
4.6a. Three distinct hypothetical scenarios, as depicted in Figure 4.6b-4.6d, were pre-
sented to stimulate participants’ thoughts: a simple scenario encompassing only a single
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drone, a failure scenario entailing an automation failure case and a complex scenario in-
volving multiple drones with diverse missions and types. For the simple and failure sce-
narios, a trajectory-contrastive question and a failure question [76, 115] were provided
for further inspiration: 1) why path A rather than path B , and 2) why the system fails. For
the complex scenario, time pressure issues may be more salient [60] and the usefulness
of transparency information for supervision might be different.
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Figure 4.6: Schematic diagrams for operational scenarios.

To enhance the authenticity of the scenarios, descriptive text for the three operational
scenarios was also provided before the rating began. For the simple and failure scenarios,
“a medical drone needs to pass through an area near the runway to deliver emergency sup-
plies between two hospitals (from Rotterdam to Delft) as quickly and as safely as possible,
but a crewed aircraft is about to land. The automated UTM conflict detection service has
detected a potential separation problem (= conflict) between these two aircraft”. For the
complex scenario, “when more drones need to cross the area covering the extended run-
way centreline, the conflict scenario may become more complex. Such increased complex-
ity may have an impact on your transparency needs in the light of ‘information overload’.
Note that the UTM system in this investigation only deals with separation conflicts be-
tween crewed and uncrewed aircraft. The collision avoidance among drones is assumed to
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be achieved by ‘sense and avoid’ systems onboard drones. Therefore, the automated conflict
detection & resolution services for drones only regard crewed aircraft as dynamic obstacles”.

4.4.2. QUESTIONNAIRE STRUCTURE
There were two main phases in the questionnaire, as presented in Figure 4.7. In the first
phase, the proposed 20 transparency elements derived from the unified taxonomy were
presented as response options, with their order being randomised. Participants were
asked to rate the elements using a 5-point Likert scale according to their perceived useful-
ness for understanding and supervising the automated UTM conflict-free routing service.
Open-ended questions were also present to inquire the reasoning behind their ratings. To
obtain the original opinions of participants and avoid any potential bias in their results,
the visual prototypes were deliberately withheld from participants in the first phase.

Introduction and Background

What transparency elements are preferred?

Rate Prototypes

Visual Interface Prototypes

How and When are transparency elements presented?

Simple Scenario Complex Scenario

Rate Prototypes

What types of interaction with UTM are preferred?

Rate Elements

Simple Scenario

When to present the visualisation?

How are transparency elements grouped?

Rate Elements

Failure Scenario

Rate Elements

Complex Scenario

General Opinions and Preference

1st Phase

2nd Phase

Figure 4.7: The structure of the questionnaire

Then, the questionnaire explores how participants proposed to group transparency
elements that belonged together in their opinions. This can offer valuable insights into
what transparency categories or elements should be connected and/or presented to-
gether in practice. The groups identified by operators could also help validate whether
the proposed unified taxonomy is reasonable from the operators’ perspective, specifically
whether there are indeed three distinct types of transparency. Considering that each par-
ticipant may have their own groups of transparency elements, a weighted adjacency ma-
trix is employed to summarise their preferences. The weight here refers to the number of
times two elements are divided into the same group. Then, based on this adjacency ma-
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trix, a weighted graph can be constructed to visually depict the interconnections among
various transparency elements. Finally, to group these elements (i.e., the vertices of the
weighted graph), the Walktrap community detection algorithm [199] will be applied, as
illustrated in Figure 4.8.

Participant 1

Participant 2

A B C D

A B C D

A B C D
A 0 1+1 1 0
B 1+1 0 1 0
C 1 1 0 1
D 0 0 1 0

Weighted Adjacency Matrix

A

B
C

D

Weighted graph with 
community detection

Figure 4.8: Data processing of the grouped transparency elements

In the second phase, the visual prototypes for the proposed transparency elements
were presented and then 5-point Likert scale questions were provided to inquire the use-
fulness of the prototypes for understanding and supervision in the simple and complex
scenarios again. To limit the questionnaire length, participants were provided only with
examples that successfully generate paths, as shown in Figures 4.3-4.5, and thus the fail-
ure scenario was omitted in this phase. Previous studies indicated that user preferences
on transparency may change after actual experience with it [30, 60]. This phase can assess
whether participants altered their opinions after viewing the prototypes.

When to present each prototype was also investigated after then. For example, op-
erators could enable the UTM system to automatically determine the timing of informa-
tion presentation (adaptive). Alternatively, operators could manually show or hide the
elements by clicking on relevant buttons (adaptable). After rating the transparency ele-
ments and prototypes, participants were asked to select and rank their preferred types of
interactions with the UTM system. Finally, the questionnaire ended with some general
questions on transparent UTM systems in terms of importance, additional workload and
acceptance concerns.

4.4.3. PARTICIPANTS
Previous research indicated that UTM supervision may not be appropriate for ATCos to
perform besides their regular ATC tasks and a dedicated UTM supervisor may be neces-
sary [15, 63]. Since the role of UTM supervisors differs from ATC such as tower control,
they are not required to undergo the same training and licensing as ATCos. Instead, they
could be someone more familiar with drone operations, like drone pilots or drone engi-
neers. Therefore, both ATCos and drone experts were invited to participate in this study.
The results could offer a more comprehensive insight into the transparency needs of op-
erational users. Additionally, given the diverse professional backgrounds of ATCos and
drone experts, their transparency needs may also be different [33, 61, 111].

Twenty four operators from Europe and China volunteered to participate in this sur-
vey of which twelve were licensed ATCos (e.g., Rotterdam and Shanghai controllers) and
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twelve were drone experts (e.g., drone engineers from TU Delft and drone pilots from
companies). Their experience in ATC and drone operations is summarised in Figure 4.9.
One participant who serves as both an ATCo and a drone expert was classified as an ATCo
in this survey.

Air traffic controller

Drone expert

0 3 6 9 12

Experience

Tower control 
Approach control 
Area control 
Drone operation 
Drone engineering

Figure 4.9: Participants’ experience in air traffic control and drone operations.

4.5. RESULTS

4.5.1. GENERAL OPINIONS ON TRANSPARENCY
Figure 4.10 presents the general opinions of participants on transparency after filling out
the questionnaire. Most participants believed that transparency plays an important role
in supervising the UTM system and will significantly influence their level of acceptance
and trust. One ATCo held the view that transparency would not affect acceptance at all,
because his/her main concern was about the number of aircraft in flight. One drone
expert believed that transparency would have a slight impact on trust, because he/she
would trust the UTM system overall once it is fully operational. The additional workload
that transparency could bring is considered to be relatively manageable. Over half of the
participants thought that the additional workload would not be very high. This result
should be interpreted with care, because this study did not feature a real-time, interac-
tive human-in-the-loop simulation with dynamic traffic situations. As such, conclusions
about transparency-induced workload warrants further research.

Importance

Acceptance and Trust

Additional Workload

−100%−75%−50%−25% 0% 25% 50% 75% 100%
Percentage

Air Traffic Controller

−100%−75%−50%−25% 0% 25% 50% 75% 100%
Percentage

Drone Expert

Scale Not at all Slightly Moderately Very Extremely

Figure 4.10: General opinions on transparency.

4.5.2. PREFERRED TRANSPARENCY INFORMATION

DATA ANALYSIS AND STATISTICS

By converting the Likert scale ratings into numerical values, statistical analysis could be
performed to assess the impact of different factors on operators’ transparency needs.
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Wilcoxon Signed-Rank tests were conducted for an overall comparison of operational
and engineering transparency. The matched-pairs rank biserial correlation coefficient
r c [200] was then calculated to measure the effect size for Wilcoxon Signed-Rank tests
(small ≥ 0.1, medium ≥ 0.3, large ≥ 0.5). Friedman tests were performed to further anal-
yse the differences in operational and engineering transparency among various scenar-
ios, followed by Exact tests [163] with the Bonferroni correction for pairwise comparisons.
Kendall’s coefficient of concordance w was used to measure the effect size for Friedman
tests (small ≥ 0.1, medium ≥ 0.3, large ≥ 0.5). To compare the differences between ATCos
and drone experts, Mann-Whitney U tests were conducted. The effect size r was calcu-
lated for Mann-Whitney U tests (small ≥ 0.1, medium ≥ 0.3, large ≥ 0.5), which is defined
by the standardised test statistic z from the tests divided by the square root of the total
number of observations. The significance level was set to 0.05. As the effect size reflects
the magnitude of the difference between groups [164], it is ideal to have both a statis-
tically significant result (p < 0.05) and a large effect size to claim a clear and meaningful
difference. A low effect size suggests that the statistical significance should be interpreted
with caution.

COMPARISON OF OPERATIONAL AND ENGINEERING TRANSPARENCY

The Likert scale ratings for the transparency elements and visual prototypes are shown in
Figures 4.11 and 4.12. The failure scenario was not included in the second rating phase
with the visual prototypes and the reason has already been mentioned in the previous
section. Generally, all proposed elements were considered valuable for supervising the
UTM system, although some of them may have limited utility in some scenarios.

Compared to operational transparency, engineering transparency is considered less
useful in the tactical UTM operations, as expressed by an ATCo: “I need it to tell me why
it gives this route and the disadvantage of this route. I don’t think how it finds this route is
useful”. Drone experts had similar views: “I would be most interested in knowing when,
where and how the conflict might occur from the system’s point of view . . . I need to access
objective metrics from which I can verify the soundness of the proposals. I do not want to
be bothered by the inner workings of the system (e.g. how the search is conducted) since
I feel it may lead to an information overload.” These arguments are consistent with the
SESAR projects reviewed in this chapter, which focuses on the goals and intentions of
systems and the expected outcomes of solutions. Additionally, a drone expert remarked:
“It has to be simple during actual operations . . . the operational environment might be
over-engineered - these items should be more of things to revisit in hindsight”. Interestingly,
operational and engineering transparency were not mentioned in the questionnaire, but
judging from the results, participants seemed to distinguish between them very well.

The operational transparency encompasses two distinct categories of expected out-
comes: one pertaining to the proposed (new) path and the other to the old path. A drone
expert suggested that “a really simple table was needed to compare the main elements of
two paths”. This comment shares similarities with the TAPAS project which also utilises
tables to present various metrics. The expected outcomes of the old path are also con-
sidered relatively less useful. One expressed it as follows: “I think the old path is not
necessary for avoidance. The current states of both manned and unmanned aircraft and
their predicted paths are more important”. Another drone expert also remarked: “The pre-
dicted states based on the proposed path matters more than the old path”. This is probably
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Figure 4.11: Likert scale ratings for the proposed transparency elements. The red dashed lines denote the op-
erational, domain and engineering transparency categories. The transparency elements from the
“Solution” category are absent in the failure scenario because there is no solution in this case.

because the proposed path is more relevant to the current situation.
As for the domain constraints, although a drone expert pointed out that “Large wind

or stormy weather will create critical situations for aircraft, especially drones”, the wind
field is generally considered least useless compared to other constraints. A possible rea-
son is that the wind field only presents basic environmental information, which is not di-
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Figure 4.12: Likert scale ratings for the visual prototypes.

rectly associated with the goals of operators. It may be more effective to introduce no-fly
zones determined by wind conditions, taking into account both wind speed and drone
performance. In other words, presenting wind information in terms of how it impacts
drones is considered more useful than simply presenting the wind condition itself.

For a clearer comparison, average ratings are computed for operational and engineer-
ing transparency in different scenarios, as depicted in Figure 4.13. Based on the average
ratings of the two phases, Wilcoxon Signed-Rank tests revealed significant differences be-
tween operational and engineering transparency in both ATCo (V = 74, p < 0.01, r c =
0.897) and drone expert (V = 63, p < 0.01, r c = 0.909) groups.

PREFERENCES IN DIFFERENT SCENARIOS

Figures 4.11-4.13 also indicate that differences exist not only between the types of trans-
parency but also among the scenarios. In the failure scenario, engineering transparency
is deemed more useful compared to other scenarios. This is probably because operators
need more information about the system’s internal process to figure out what happened
inside the system. The information concerning constraints could be particularly helpful:
“If there’s no good solution, this should come from some limitations from the dynamics of
drones”. “The waypoints, manoeuvring space, and boundaries are the key to finding the
desired path”. Actually, some participants indicated, “that everything allowing to under-
stand why the system fails is useful”. However, it is worth noting that the occurrence of
failure scenarios should be minimised as much as possible. Robustness was repeatedly
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Figure 4.13: Average ratings for operational and engineering transparency based on “Not at all useful = 0” to “Ex-
tremely useful = 4”. Domain transparency is included in both operational and engineering trans-
parency

mentioned as one of the crucial factors affecting their acceptance of a highly automated
UTM system. A participant stated, “If there is no feasible path, it should never cross a
route with manned traffic”. In the complex scenario, engineering transparency is consid-
ered even less useful, as “too much information could overwhelm operators.” A respon-
dent suggested that “it is more important to only look at the conclusive information”. The
information indirectly related to safety and situations should probably be hidden in the
first place.

To further confirm these differences, a statistical analysis was performed based on
Figure 4.13. For the ratings with only textual description, Friedman tests revealed signif-
icant differences among conditions (Three Scenarios × Two Transparency Types) in the
ATCo group (χ2(5) = 23.002, p < 0.01, w = 0.383), but no such differences were observed
in the drone expert group. For the ATCo group, pairwise comparisons with the Bonferroni
correction further revealed that the “Complex-Engineering” condition was significantly
different from the “Simple-Operational” (D = 33.5, p < 0.01), “Failure-Operational” (D =
35.0, p < 0.01) and “Failure-Engineering” (D = 30.5, p < 0.01) conditions. For the ratings
with visual prototypes, Friedman tests revealed significant differences among conditions
in both ATCo (χ2(3) = 9.083, p = 0.028, w = 0.252) and drone expert (χ2(3) = 19.817, p <
0.01, w = 0.550) groups. However, pairwise comparisons did not confirm significant dif-
ferences in the ATCo group between conditions. It can also be observed in Figure 4.13 that
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the data spread in the ATCo group is large. For the drone expert group, pairwise compar-
isons with the Bonferroni correction further found that the “Complex-Engineering” con-
dition was significantly different from the “Simple-Operational” (D = 24, p < 0.01) and
“Complex-Operational” (D = 18, p = 0.027) conditions.

PREFERENCES WITH VISUAL PROTOTYPES

To further explore whether participants’ preferences changed after viewing the visual pro-
totypes, Figure 4.14 shows the relationships between the average ratings for the two rat-
ing phases. Overall, participants’ preferences remained relatively consistent, suggesting
that the visual prototypes in the second phase aligned with their expectations formed
through the textual descriptions in the first phase. However, there are still some notable
changes. After viewing the visual prototypes, ATCos found the transparency information
less beneficial in simple scenarios than previously thought (negative change), but more
beneficial in complex scenarios (positive change). In contrast, drone experts regarded the
transparency information as less useful in both simple and complex scenarios than ini-
tially expected (negative changes). The negative changes for participants are likely driven
by concerns about visual clutter and a preference for maintaining a clean interface. The
positive change for ATCos may stem from their experience with ATC interfaces. They may
believe that more supportive information is required in complex scenarios and that the
visual prototypes can be integrated into a single interface for support without excessive
visual overlap.

COMPARISON OF ATCOS AND DRONE EXPERTS

Generally, the needs for different types of transparency were found to be similar between
ATCos and drone experts. Mann-Whitney U tests did not reveal any significant difference
between the two operator groups. However, as evident from Figures 4.11 and 4.12, some
minor distinctions still exist on specific elements. Among the four metrics indicating the
expected outcomes, the probability of separation loss is found to be favourable by drone
experts: “I may pay more attention to . . . the predicted probability of separation loss.” The
probability would indicate the uncertainties of the system. If the system’s confidence in
resolving conflicts is not high enough, operators may need to intervene in the system.
However, as an ATCo stated, “ATC does not control considering probability”. Also, another
ATCo expressed: “To some extent, probability may not represent its level of danger very
well. If I realised the separation was not enough, I thought my priority was to increase the
separation to prevent it, not just to compare the probability”. In fact, the automated UTM
conflict-free routing service should be robust enough to reduce the probability of sepa-
ration loss to “zero” in most cases. When the probability is not zero, the system should
provide some additional explanations to indicate its limitations. For example, changes in
wind conditions could lead to variations in flight duration, thereby increasing the proba-
bility of separation loss and triggering new conflicts. Furthermore, ATCos also emphasise
the information regarding predicted locations of separation loss and CPA and predicted
minimum separation. As mentioned by an ATCo, “Two elements are of utmost impor-
tance: which location will the separation loss be and to which location does it shift when a
new route is proposed.” This preference can be clearly observed in the complex scenario
(see Figure 4.11).
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Figure 4.14: The relationships between the average ratings for the two phases: one with only textual descrip-
tions and the other with visual prototypes. Confidence ellipses (95%) are presented per trans-
parency type, with black dots indicating their centres.

As shown in Figure 4.13-4.14, there is a notable discrepancy in the variance of ratings
between ATCos and drone experts. It appears that ATCos tend to be more forthright and
confident, often expressing their views at either end of Likert scales. There also seems to
be a disagreement among ATCos, resulting in the increased variance. This phenomenon
primarily exists within the tower and area controller groups. Drone experts, in contrast,
tend to hold more conservative views, leaning towards the neutral side. There appears to
be more consensus among drone experts. Since the sample size is not large, more data
would be needed to substantiate this observation.

Additionally, ATCos expressed a greater preference for engineering transparency ele-
ments than drone experts in complex scenarios after viewing the visual prototypes (see
Figures 4.12 and 4.13). One possible reason is that ATCos generally take a more critical
view of automation [201] and thus may seek as much information as possible to audit it.
In comparison, drone experts, being more familiar with automation, may be more biased
to accept and trust UTM (as noted by one drone expert shown in Section 4.5.1), and thus
may require less engineering transparency information.
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4.5.3. TRANSPARENCY ELEMENT GROUPING
Based on the weighted adjacency matrix and the Walktrap community detection algo-
rithm, the correlations between the proposed transparency elements are computed, as
shown in Figure 4.15. Both ATCos and drone experts categorise these elements into three
groups, with their results being nearly identical. The sole distinction lies in how the safe
separation standard is allocated: for ATCos, it is associated with the expected outcomes
(red group) whereas for drone experts, it is linked to domain constraints and solutions
(purple group). This is possibly because the goal of ATCos is to ensure that the outcomes
meet the established separation standards. The safe separation can be regarded as a base-
line or minimum requirement, which is often presented in ATC decision-support tools.

In summary, the groups classified by operators can be labelled as follows: Expected
Outcomes (red), Solution & Solution Space (purple) and Internal Process (green). This
can be regarded as a more condensed variant of the proposed taxonomy. In the green
group, the goals and intentions are closely connected to the cost values since cost func-
tions should typically be designed in accordance with goals. The correlations among the
proposed transparency elements can provide guidance and reference for further devising
transparency levels and models, as they illustrate which elements operators prefer to see
concurrently for understanding and supervision.

4.5.4. INTERACTION AND INTERVENTION
Figure 4.16 illustrates the trigger conditions preferred by operators for the transparency
elements. Overall, there is no universally agreed-upon trigger condition for each trans-
parency element. The operators have their individual preferences for determining when
to present the transparency information. It seems that ATCos generally prefer to click on
(or hover over) aircraft, while drone experts tend to favour global or automatic activation
on demand. This is probably due to their different experiences with ATC and drone op-
erations. For ATCos, they are more accustomed to interacting with radar screens where
information and actions are typically associated with each aircraft, including radar labels,
speed vector lines and history dots. In contrast, for drone experts, they may rely more on
automation to assist in planning trajectories and avoiding obstacles. More than 25% of
the ATCos opted to never present the inner workings of the algorithm, likely to maintain a
clean interface, which is in line with their ratings on the transparency elements (See Fig-
ures 4.11 and 4.12). Conversely, drone experts prefer retaining the option to access more
additional information.

With transparency information, operators may be able to understand the current sys-
tem state and maintain situation awareness. However, they also need to know what ac-
tions they can take if something goes wrong; otherwise, human supervision of the system
would be pointless. Sometimes, the generated path may not align with operators’ expec-
tations or preferences on how to resolve conflicts. The UTM system should incorporate
interaction methods that allow operators to intervene when required or desired. There-
fore, during the survey, in addition to rating the elements, participants were also asked
to select and rank different interaction methods with UTM. The results are presented in
Figure 4.17. Interestingly, according to the Rank 1, more than 50% of the ATCos and drone
experts prefer active control over drones instead of passive control (geofence activation)
or mixed control (waypoint constraints on algorithms). This observation is in line with
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Figure 4.15: The correlations between the proposed transparency elements. The vertex size corresponds to the
average rating.
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Figure 4.16: Trigger conditions of the visual prototypes.

previous human-in-the-loop experiments in dynamic UTM scenarios [14, 15, 63]. As the
scenario becomes more complex, ATCos tend to prefer passive control to protect crewed
aircraft from drones whereas drone experts favour active control to navigate drones man-
ually. This is probably because of their different professional backgrounds and experi-
ences with drone operations. Drone experts may be more confident in taking control
of drones to address issues, whereas ATCos prioritise maintaining the safety of crewed
aircraft by clearing their paths of any obstacles.

4.6. DISCUSSION

4.6.1. OPERATIONAL AND ENGINEERING TRANSPARENCY
The results of the user study revealed that operational transparency is more useful than
engineering transparency for tactical UTM operations, as recognised by both ATCo and
drone expert groups. This finding aligns with the previous transparency research in ATM
[55, 60, 61]. For example, TAPAS [55] also introduced the concept of operational trans-
parency in their research, defining it as the provision of operational information driving
decisions with respect to operators’ pragmatics constraints. They believed that providing
information that maintains operators’ situation awareness is sufficient to develop trust
in AI, even in high-stakes fields like ATC.

This conclusion appears to contradict the prevailing perspective in XAI research that
aims to open “black boxes” (engineering transparency) to increase human understand-
ing, trust and acceptance of AI-based systems [31, 33]. However, actually, there is no
contradiction between them. As indicated by Springer and Whittaker [30], Kizilcec [147],
trust is affected by expectation violation. For ATM and UTM, the operators’ expectations
are to ensure safe and efficient operations. As long as the system’s proposed solution
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Figure 4.17: Ranks of interaction methods with the UTM system.

can meet this goal, operators will probably accept and trust it. In this case, operational
transparency is to help operators evaluate the proposed solution within a specific con-
text [202] and thereby maintain their situation awareness. There is almost no need for
operators to access engineering transparency in normal scenarios, especially when op-
erators have extensive operational experience like ATCos [55]. Operators’ transparency
needs may diminish over time as they become increasingly familiar with the system.

However, as this study suggests, in the case of automation failure, operators tend to
want more engineering transparency to understand what happened deeper inside the
system. This is precisely because of the expectation violation. The automated system did
not work as expected, resulting in a reduced trust and an increased demand for expla-
nations and engineering transparency [74]. Therefore, to effectively address all possible
situations, both operational and engineering transparency is important. Certainly, it does
not mean that all information is required to be presented simultaneously. To avoid over-
whelming operators, transparency should be provided on demand [30].

4.6.2. POTENTIAL IMPROVEMENTS TO TRANSPARENCY DESIGN IN UTM
Section 4.3 shows the design of twenty transparency elements and fourteen correspond-
ing visual prototypes. Based on the study results, they can be further improved.
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In operational transparency, some operators considered the old path relatively less
important, possibly because drones may frequently adjust their paths in dynamic envi-
ronments, causing the old path to change often as well. Focusing on the old path may
provide limited value for monitoring the current situation and system state. Therefore, it
may be better to present the drone’s original plan as the “old path”, allowing operators to
understand how the new path deviates from the original plan. For a point-to-point flying
drone, its original plan represents a direct path from its current location to its destination.
Highlighting the expected outcomes of this direct path not only explains why the drone
had to reroute but also indicates when it can resume direct, point-to-point flight. Thus,
this information element could more effectively reflect the current situation. Addition-
ally, for consistency, using a cross symbol similar to those marking the expected outcomes
of the new path may be better than red grid cells for indicating the expected outcomes of
the direct path or original plan. The red grid cells rely on the shape of geofences, making
them applicable only within the concept of Dynamic Airspace Reconfiguration (DAR). In
contrast, the cross symbol is independent of geofences and can be applied to a broader
range of operational concepts.

Since most engineering transparency elements were deemed relatively less useful in
nominal scenarios, they could be simplified or condensed further to enhance their us-
ability. For example, the search graph can be omitted for grid-based path-planning algo-
rithms to reduce visual clutter. The explored nodes and search trees can be combined to
indicate the space explored by an algorithm. As shown in Figure 4.5, the cost values have
already been embedded within the explored nodes. In this way, only two transparency
elements were required to reveal the inner workings of a path-planning algorithm: Ex-
plored Space and Search Process. The explored space represents the final results of the
algorithm’s exploration, while the search process illustrates the step-by-step details of
how the exploration unfolds. They represent two distinct presentation styles for opening
the “black box”: a static image and a dynamic animation.

4.6.3. INTEGRATION OF TRANSPARENCY INTO UTM SYSTEMS
This research aligns with the U-space Concept of Operations (ConOps) [9], which man-
dates a collaborative interface with ATC to support human operators in managing drone
traffic within controlled airspace. Several corresponding interface prototypes have been
developed in previous studies [14–16, 63], with one of them presented in Figure 4.18. On
the left side of the display is a selection panel where users can activate various options to
display different information layers on the main radar screen (map). The proposed trans-
parency elements can be integrated as additional options within this selection panel. As
discussed in Section 4.6.2, the transparency elements can be further condensed, thereby
limiting the number of options. Otherwise, presenting too many options may overwhelm
users. The operational transparency elements can also be considered as contributing to
the provision of certain UTM services, such as intent sharing, conflict alerts and weather
information. All services can be integrated into a single interface, enabling UTM super-
visors to share information seamlessly with drone operators.

In such a UTM system, a centralised (conflict-free path-planning) algorithm is ex-
pected to control all drones during tactical operations, meaning that flight plans are gen-
erated by the UTM system rather than by individual drones. This centralised approach
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Figure 4.18: UTM interface prototype DroneCTR1 developed by Janisch et al. [63].

allows both operational and engineering transparency elements to be computed directly
within the UTM system, thereby reducing the volume of data that needs to be trans-
ferred between drones and UTM. If the UTM system is decentralised, the role of UTM
supervisors may become unnecessary, and drone operators should be responsible for the
safety of their own flights. An interface similar to Figure 4.18, integrated with the trans-
parency elements, can be adapted to help drone operators monitor whether their drones
are maintaining safe separation from other aircraft. As long as humans remain involved,
transparency is essential for effective human-automation collaboration.

From a technical feasibility standpoint, integrating transparency elements into the
UTM interface requires a robust backend architecture capable of real-time data process-
ing and integration. The centralised conflict-free path-planning algorithm operates on
a server-side platform, generating safe and efficient flight plans under dynamic airspace
conditions. These flight plans should then be transmitted to the drones securely and re-
liably. To ensure accurate drone positioning, the system needs to continuously aggregate
data from diverse sources, including Global Positioning System (GPS), onboard sensors,
and external surveillance systems. It is also imperative to maintain low latency and sup-
port timely updates to the user interface.

4.6.4. TRAINING NEEDS FOR UTM SUPERVISION
As mentioned by both ATCos and drone experts, when scenarios become more complex
(e.g., increased number of drones), they are more concerned about the risk of informa-
tion overload, thereby preferring less transparency information. However, such traffic
complexity also heightens the risk of conflicts between drones and crewed aircraft. Op-
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erators may in fact need greater transparency to support their supervision in complex
scenarios. Moreover, when automation fails, which is often an urgent situation, ATCos
and drone experts express a preference for access to nearly all available information. In
such cases, the risk of information overload may be even more pronounced. Therefore,
future UTM supervisors should be able to quickly identify the most relevant information
in various situations. Appropriate training is required to ensure that they are familiar with
how to effectively utilise transparency information to learn more about the nature of the
supervisory control task and the system that needs to be monitored.

The proposed unified transparency taxonomy can also serve as a reference for train-
ing practices that rely on providing information “scaffolds” to guide the learning process
in a phased manner, such as the Four-Component Instructional Design (4C/ID) model
[203, 204]. The hierarchical structure of the proposed transparency taxonomy seems in-
line with progressively providing deeper (algorithmic) information, ranging from easily
interpretable operational parameters to more complex engineering parameters.

For example, due to the large speed difference between drones and crewed aircraft, it
may be difficult for inexperienced people to predict their Closest Point of Approach (CPA).
In this case, the CPA-related transparency elements can provide valuable support. On
the one hand, they can help operators learn how to predict CPA more accurately. On the
other hand, they reassure operators that this information can be relied upon when they
feel uncertain about their own predictions. Engineering transparency further helps op-
erators understand an algorithm’s capabilities and limitations, fostering well-calibrated
trust, preventing over-reliance, and promoting learning – potentially reducing the need
for transparency over time.

The hierarchical structure of the proposed taxonomy may also serve as procedural
information to some extent, guiding operators through a step-by-step process for diag-
nosing issues such as automation failures. For instance, when UTM rerouting fails, the
expected outcomes of the old path may help operators understand the direct cause, such
as to avoid a conflict with a newly incoming crewed aircraft (a new constraint appears).
Then, operators could further inspect the domain constraints, since the failure may have
been caused by some other factors such as limited remaining battery or a strong head-
wind. Finally, they could examine the algorithm’s inner workings to gain deeper insights.
The grid size may be too large to find a feasible path, or the search tree may be overly
constrained, preventing the drone from flying around certain obstacles. After repeated
execution of this step-by-step process, operators could acquire sufficient understanding
(of the algorithm and context) to reduce their reliance on transparency mechanisms.

4.6.5. LIMITATIONS AND FUTURE RESEARCH
In this chapter, the user study were conducted only via a questionnaire. Participants did
not experience the actual functioning of transparency in (simulated) UTM operations,
and thus their ratings were mainly based on their prior experience and expectations. The
responses to the questionnaire can only provide subjective measurements that may be bi-
ased due to the small sample size. To address these limitations, future research (Chapter
5) will involve human-in-the-loop experiments in dynamic scenarios to further explore
the practical usage of different transparency elements. During the second rating phase,
participants were only required to rate elements in normal scenarios and the failure sce-
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nario may warrant further exploration.
Additionally, the engineering transparency categories in the unified taxonomy were

largely derived from both literature and the experience with “traditional” path-planning
algorithms such as graph-based and sampling-based algorithms. Traditional path plan-
ning, instead of machine learning-based path planning, was chosen for UTM routing be-
cause the operational UTM environment within controlled airspace is assumed to be fully
known (similar to current ATC), and the future trajectories of all flights are generally pre-
dictable, making the traditional approach particularly suitable in this case. Traditional
path planning can be a feasible and practical solution to UTM in the near future due to
its solid mathematical foundations and theoretical guarantees. This “traditional” field
also continues to evolve, with algorithms becoming increasingly faster and optimal [85].

However, owing to the substantial potential offered by machine learning, future re-
search can explore how to extend this taxonomy to include machine learning methods
as well, addressing transparency for training data, training algorithms and trained mod-
els [33]. For instance, visualising the policy in reinforcement learning could offer deeper
insights into the AI decision-making strategy [205]. Revealing the learning process could
assist policymakers in identifying bias in learning-based AI models [28].

4.7. CONCLUSION
This research introduces a unified taxonomy for algorithmic transparency, integrating
established user-, ecology-, and model-centred perspectives to achieve operational, do-
main, and engineering transparency. Based on the taxonomy, twenty transparency ele-
ments and fourteen corresponding visual prototypes were designed to support the su-
pervision of tactical UTM operations within CTR around airports. A survey-based user
study was then conducted to investigate the needs and preferences of ATCos and drone
experts on these elements in different scenarios. The results suggest that transparency
is a dynamic construct that depends on situational demands and operator background.
In nominal UTM scenarios, operational transparency is deemed more useful than engi-
neering transparency. In the case of automation failure, operators tend to seek more en-
gineering transparency to understand what happened deeper inside the system. The pro-
posed transparency taxonomy offers the flexibility to accommodate these varying trans-
parency needs across various scenarios. As scenarios become more complex, the issue of
information overload may intensify. To mitigate this issue, appropriate training may be
necessary for UTM supervisors to effectively access and interpret transparency informa-
tion in different situations. The grouping results of the transparency elements validated
the structure of the proposed taxonomy. As demonstrated in this chapter, the taxonomy
could serve as a guide for system developers in designing transparency.
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ABSTRACT
To safely and efficiently manage the anticipated surge in drone traffic, Uncrewed Air Traf-
fic Management (UTM) is currently being developed based on high levels of automation.
In the low-altitude airspace surrounding airports, UTM aims to keep drones safely sepa-
rated from crewed aircraft. However, automation deployed in safety-critical environments
generally warrants human supervision to enhance overall safety and reliability. This re-
quires some form of “seeing-into” transparency to provide humans with deeper insights
into the automation. This chapter presents the design of a novel interface for UTM in Con-
trolled Traffic Regions (CTR) around airports, which integrates eight distinct transparency
information elements. A human-in-the-loop experiment, involving 16 participants, ex-
plored what and how specific transparency elements were used under different traffic con-
ditions, algorithm settings and automation failures. The results reveal that information
about the Closest Point of Approach (CPA) between drones and crewed aircraft is the most
useful element for supporting UTM supervision. When UTM (re)routing fails, operators
typically seek more information, such as constraint/situation changes and details about
the algorithm’s inner workings, to understand what happened and also gather clues for
their intervention actions. As conflict-free path planning is central to UTM (re)routing,
this research also compares the differences between a novel graph-based algorithm, Zeta*-
SIPP, and an advanced sampling-based algorithm, Informed RRT*. The findings suggest
that the sampling-based algorithm might be more suitable for UTM supervision because it
generally leads to a lower perceived workload and its search tree visualisation could better
support human interventions in addressing automation failures.

5.1. INTRODUCTION
In recent years, the use of drones in various domains, such as delivery, inspection, aerial
mapping, and rescue, has substantially increased due to their unique benefits [206]. By
the end of 2023, over 842,000 small commercial drones (weighing between 250 grams
and 25 kg) had been registered in the United States [2]. The Federal Aviation Adminis-
tration (FAA) forecast that the commercial drone fleet would likely increase to around
1.12 million by 2028 [2]. Due to the small size, drones will operate at much higher densi-
ties than crewed aircraft [207] and are more susceptible to wind [208], introducing many
new challenges to traditional Air Traffic Management (ATM) methods. To safely and ef-
ficiently manage the large number of drones, Uncrewed Air Traffic Management (UTM)
is currently under development around the world [6, 8, 9, 173]. In Europe, SESAR 3 Joint
Undertaking launched multiple projects to explore various issues of U-space, the Euro-
pean version of UTM, such as CORUS five (fifth version of U-space concept of operations)
[10], ENSURE (ATM–UTM collaboration) [209] and MUSE (societal and environmental
impact) [210].

Due to the expected high volume of drone operations, UTM will be built based on
high levels of automation [9]. As 100% safe and reliable automation does not exist yet,
UTM still requires human supervision, particularly in low-altitude airspace around air-
ports, where the risk of collisions between drones and crewed aircraft remains a concern.
However, a higher level of automation usually makes it more difficult for humans to un-
derstand the rationale behind automation behaviour, potentially reducing their situation



5

104 5. USAGE OF TRANSPARENCY FOR UTM SUPERVISION

awareness, trust and acceptance [111, 169]. Operator acceptance has proven to be one of
the largest obstacles to successfully introducing new advanced technologies to aviation
[110, 112, 113]. Therefore, some form of “seeing-into” transparency that reveals the in-
ner workings of automation may be required to enhance human understanding, address
trust and acceptance issues, and support human supervision [20, 22, 70, 176, 211].

As UTM is a novel concept, direct research on transparent UTM is still limited [14,
62]. Some research focused more on human-machine interactions in UTM or (one-to-
many) drone operations [59, 178, 191, 198, 212, 213] while others mainly addressed multi-
unmanned (air, ground, and surface) vehicle control [23–25, 171]. Their results generally
indicated positive effects of transparency on human performance [23–25, 178]. However,
these studies primarily concerned mission planning rather than traffic management like
ATM and UTM. The core task of UTM is to guide drones to their destinations while avoid-
ing any conflicts or collisions. This research focuses mainly on tactical UTM operations
around airports, where the key challenge is ensuring safe separation between drones and
crewed aircraft in real time [14, 16]. The impact and usage of transparency in this case
may thus be different, which are still unclear and underexplored.

Although transparency research in UTM is limited, some progress has been made in
the ATM field. SESAR 3 Joint Undertaking initiated five projects that addressed the trans-
parency and explainability issues of automation in ATM [36]. Explainable AI (XAI) has
been introduced to enhance the transparency of AI-based ATM systems [180, 181, 183].
However, as indicated by [62], research on transparency usually dealt with similar prob-
lems using different yet related approaches, such as the ARTIMATION [60], MAHALO [61]
and TAPAS [55] projects under SESAR [36], lacking a clear and unified design guidance.

To address this issue, a unified transparency taxonomy was proposed in Chapter 4,
as presented in Figure 5.1. Three concepts of transparency have been introduced: oper-
ational, engineering and domain transparency. Operational transparency reveals infor-
mation related to the operational situations and system states, aiming to help operators
maintain situation awareness. In contrast, engineering transparency provides insights
into the inner workings of models and/or algorithms, fostering human understanding,
trust, and collaboration with them. Domain transparency, found in the middle, empha-
sises the disclosure of the physical and intentional constraints that govern the work do-
main, independent of the agent that performs actions. It creates a shared foundation for
all agents, as both humans and machines must adhere to the same domain constraints.
Based on the proposed taxonomy, a survey-based user study was conducted to inves-
tigate the transparency needs of Air Traffic Controllers (ATCos) and drone operators if
they were to supervise UTM [62]. The findings suggest that operational transparency is
preferable to engineering transparency in UTM, with no significant difference observed
between ATCos and drone operators.

This research extends previous studies [14, 62, 63], further exploring when and how
operators would use transparency in tactical UTM operations via a human-in-the-loop
experiment. Unlike the previous survey-based user study in Chapter 4, which featured
only static scenarios, participants in this experiment interact with various dynamic en-
vironments, including nominal operations, automation failures, and dense traffic con-
ditions. Through direct experience with tactical UTM operations, operators’ opinions
and preferences regarding the usefulness of certain transparency information may differ
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2

▪ Solution: What is the solution?

▪ Purpose/Intent: Why does automation propose this solution?

▪ Expected outcomes: What are the expected outcomes of this solution?

▪ Explored solutions: What other alternative solutions were explored?

▪ Cost values: What were the cost values of those alternative solutions?

▪ Computational process: How were these solutions explored?

▪ Domain constraints: What is the physical space of possibilities for finding solutions?

Operational transparency

Engineering transparency

Domain 

transparency

Figure 5.1: Proposed unified taxonomy for algorithmic transparency.

from those reported in the survey study. Furthermore, tactical UTM operations are time-
constrained and safety-critical. Varying levels of time pressure and workload may influ-
ence the need for and usage of transparency. A comparison is conducted between a novel
graph-based path-planning algorithm, Zeta*-SIPP [85], and an advanced sampling-based
algorithm, Informed RRT* [83], for supervising UTM operations. This choice is motivated
by the study in Chapter 3, which indicates that algorithm type can affect human under-
standing [214]. Overall, this research contributes to the development of interactive and
transparent path planning in real-time, safety-critical contexts.

This chapter is structured as follows: Section 5.2 provides a literature review of trans-
parency frameworks, empirical studies and transparent ATM/UTM. Section 5.3 shows the
developed UTM interface prototype, incorporating various transparency elements. Sec-
tion 5.4 outlines the experiment design, including the setup, participant recruitment, in-
dependent variables, dependent measures, control variables and hypotheses. Section 5.5
presents the results regarding safety, efficiency, transparency usage and preference, in-
tervention, workload and interface acceptance. Finally, Section 5.6 summarises the study
findings, discusses their implications, and highlights future research directions.

5.2. RELATED WORK

5.2.1. DESIGN FRAMEWORKS
To achieve automation transparency, several guidelines and frameworks have been pro-
posed for designers. For example, inspired by folk psychology, the Belief-Desire-Intention
(BDI) framework was introduced [132] and has been applied to generate explanations of
agent behaviour [215, 216]. Research suggested that explanations should be designed
by combining both goals (desires) and beliefs [216–218]. For human trust in automa-
tion, Lee and See [133] proposed the 3Ps theory: Purpose, Process and Performance.
They indicated that automation should disclose why it was developed (purpose), how
it operates (process) and what it does (performance). To support human-robot interac-
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tions, Lyons [21] developed a human-robot transparency model that includes robot-to-
human and robot-of-human transparency. For robot-to-human transparency, four types
of information should be presented to humans: 1) the robot’s design, purpose and in-
tent (intentional model), 2) its tasks, goals and progresses (task model), 3) its underlying
analytical structure (analytical model), and 4) its understanding of the environmental
conditions (environmental model). For robot-of-human transparency, both humans and
robots should have a shared understanding of each other’s roles (teamwork model) and
robots should also communicate their understanding of humans’ cognitive, emotional,
and physical states (human state model). Inspired by Endsley’s [135] theory of Situation
Awareness (SA), the BDI framework [132] and Lee and See’s 3Ps theory [133], Chen et al.
[22] developed a SA-based Agent Transparency (SAT) model. To support the three levels
of SA, the agent’s basic information (Level 1: current status, intentions and plans), ra-
tionale (Level 2: reasoning process) and outcomes (Level 3: projections and limitations)
should be revealed.

In recent years, the rapid development of AI has increasingly attracted the attention
of researchers to its explainability [32, 33]. Explainable AI (XAI) is an emerging field, re-
ferring to “AI systems that can explain their rationale to a human user, characterise their
strengths and weaknesses, and convey an understanding of how they will behave in the
future” [31]. Unlike previous research on agent transparency [21, 22], XAI puts more em-
phasis on explaining the inner workings of advanced AI technology, aiming to open the
“black-box” to achieve model or algorithmic transparency [26, 30, 34]. Several frame-
works have been proposed for designing XAI systems. For example, inspired by the the-
oretical underpinnings of human decision making, Wang et al. [131] proposed a theory-
driven user-centric XAI framework to support human reasoning processes and reduce
cognitive biases. Eiband et al. [130] introduced a stage-based participatory process for
designing transparent interfaces. The first three stages aim to identify the content of ex-
planations (what to explain), involving what can be explained from expert perspectives,
the differences between the user and expert mental models, and what users want and
prefer. The last two stages focus on determining the presentation format (how to ex-
plain), including iterative prototyping and evaluation. Building upon these foundations,
Mohseni et al. [114] further developed a nested XAI framework with three layers. The
outer layer defines the goals of the XAI system, the middle layer designs the interface to
meet user needs, and the innermost layer explains the underlying algorithms. In each
layer, design and evaluation form an iterative cycle. Furthermore, Kaplan et al. [219] pro-
posed a unified XAI framework by addressing four key questions: 1) why explain, 2) what
to explain, 3) for whom to explain, and 4) how to explain. The framework comprises five
aspects: system, data, model, performance, and decision exploration, aiming to provide
explanations tailored to different user groups.

The guidelines and frameworks mentioned above mainly focus on revealing infor-
mation about agents or robots themselves, while somewhat overlooking the disclosure
of domain constraints. Although Lyons’ human-robot transparency model and the SAT
model both indicate environmental constraints, these constraints mainly refer to those
perceived by agents, which may be inaccurate if the agents rely only on their own sen-
sory information. In fact, domain constraints should be independent of agents because
all (human and machine) agents need to obey the same domain constraints. To uncover
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the underlying structure of work domains, Ecological Interface Design (EID) [53, 153] and
Cognitive Work Analysis (CWA) [57] were developed. The ecological approach aims to vi-
sualise the physical and intentional constraints that govern the work domain, intuitively
revealing the deep structure to facilitate domain transparency [107, 108, 187, 220]. EID is
guided by three principles, each designed to support a different level of cognitive control:
skill-, rule- and knowledge-based behaviours (SRK taxonomy) [221]. Recent research at-
tempted to integrate Lyons’ human-robot transparency model and the SAT model into
EID [222] and introduce CWA to XAI [58]. A user study has shown that revealing domain
knowledge could prevent over-reliance on automation and foster appropriate levels of
trust [150].

In summary, transparency research can generally be divided into three distinct per-
spectives: user-centred approaches, model-centred approaches and ecology-centred ap-
proaches [62]. The model-centred approaches seek to reveal relevant information about
(internal) models, with less focus on the actual (external) context or situation in which the
information is used. The user-centred approaches put more emphasis on user demands
and experience, making explanations and disclosed information align more closely with
user preferences, beliefs and sensory capabilities. The ecology-centred approaches re-
volve around the work domain and environment, seeking to make complex domain con-
straints salient. As illustrated in Figure 5.1, these perspectives can be integrated into a
unified transparency taxonomy, structured around the solution generated by automation
in a supervisory control setting. The proposed operational transparency categories can
be regarded as a variant of the SAT model, while the engineering transparency reveals the
internal processes of algorithms governing automation behaviour. The domain trans-
parency is positioned at the intersection, serving both to explain the feasibility and ro-
bustness of solutions (operational) and to clarify the boundary of automation optimisa-
tion (engineering). According to the proposed transparency taxonomy, a novel interface
for UTM supervision was developed, integrating various transparency elements. More
details will be discussed in Section 5.3.

5.2.2. EMPIRICAL EVIDENCE
As indicated by Langer et al. [111], improving human understanding is a crucial objec-
tive of transparency and plays a central role in satisfying the desires of stakeholders. As
the level of transparency increases, humans can generally form more accurate mental
models of the underlying system’s functioning [30, 34, 142, 145], which often leads to im-
provements in their trust and acceptance [139, 223, 224]. However, some studies reported
mixed results [30, 138, 143, 144], identifying that transparency does not always result in
positive effects. There are several factors that influence the effectiveness of transparency.
In many cases, the negative impact of transparency can be attributed to expectation vi-
olation, where the outputs and/or actual workings of automation violate users’ initial
expectations [30, 147, 149]. An appropriate expectation adjustment may be necessary for
increasing user satisfaction and acceptance [148]. When receiving more information, hu-
mans tend to be more confident regardless of the accuracy of their judgments [165] and
are more easily biased towards agreeing with automation [25, 225]. The effectiveness of
explanations also depends on their meaningfulness to humans [146]. The disclosed in-
formation and explanations should be presented in a human-understandable manner,
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utilising various modalities such as textual, verbal, and visual transparency [145, 226].
The effects of transparency on human-machine teaming in tactical operations have

also been investigated. Many studies have identified that increased transparency ben-
efits operators’ situation awareness and performance without increasing – and in some
cases even reducing – workload [23, 24, 178, 227–229]. However, reports on operators’
decision time were mixed. Some studies suggested that increased transparency reduces
or has no impact on decision time [23, 178, 227, 230], while some revealed that decision
time may increase due to the additional time for processing more information [24, 229].
Time pressure is an important issue in tactical operations, which may affect the usage
of transparency [25, 228, 229]. In the experiment conducted by Hurter et al. [60], ATCos
preferred little transparency due to the high time pressure.

This study primarily explores the usage of transparency in tactical UTM operations
around airports. In this context, operators need to continuously monitor the automated
UTM system to prevent conflicts between drones and crewed aircraft, and promptly in-
tervene when necessary. Due to the limited time available to resolve issues, such as UTM
failures in deconfliction, rapid and effective responses are critical. Since previous stud-
ies have demonstrated the benefits of transparency, this research focuses more on what,
how and when transparency information would be used in such real-time, safety-critical
operations via a human-in-the-loop experiment.

5.2.3. TRANSPARENCY IN UTM AND ATM
As UTM has not been fully established yet, research on transparent UTM remains limited.
Some works attempted to design UTM interfaces or systems [14, 15, 231–233] while some
explored UTM operational concepts that support human-machine interactions [59, 177,
212]. The study in Chapter 4 investigated the transparency needs of professional ATCos
and drone operators for supervising UTM systems. The results indicated that both groups
preferred operational transparency over engineering transparency, and their needs var-
ied across different scenarios. Almost everyone agreed that transparency is important for
UTM and would significantly influence their level of acceptance and trust.

Given the similarities between UTM and ATM, the ATM transparency research is also
reviewed, such as the ARTIMATION [60], MAHALO [61] and TAPAS [55] projects under
SESAR. ARTIMATION introduced three levels of transparency: 1) Black Box, 2) Heat Map,
and 3) Storytelling. The Black Box displayed only the proposed solution along with exe-
cution instructions, without revealing the underlying process. The Heat Map visualised
the algorithm’s explored trajectories, indicating whether they were safe or not. The Sto-
rytelling offered a step-by-step preview of the proposed solution while also presenting
alternative options. MAHALO proposed three transparency conditions: 1) Vector Line, 2)
Vector Line and Solution Space Diagram (SSD), and 3) Vector Line, SSD and text-based
explanation. The Vector Line, indicating aircraft speed and heading, represented the
proposed solution for conflict resolution. The text-based explanation clarified the tar-
get Closest Point of Approach (CPA) and the agent’s purpose and intent. The founda-
tion of MAHALO is SSD, which could visually illustrate the feasibility and robustness of
the proposed solution. TAPAS primarily implemented visual panels and textual tables
to present detailed information about detected conflicts, such as conflict geometry and
severity, along with suggested solutions and their expected outcomes. Their transparency
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design is based on Endsley’s situation awareness theory [135], similar to the SAT model.
They also introduced the concept of operational transparency but did not explore domain
and engineering transparency. Additionally, there are several other works that aim to en-
hance transparency in AI-based ATM systems by applying XAI methods [180, 181, 183],
such as Local Interpretable Model-agnostic Explanations (LIME) [93] and SHapley Addi-
tive exPlanations (SHAP) [94].

In summary, the previous works lead to different solutions for ATM transparency. For
example, the three SESAR projects ARTIMATION, MAHALO, and TAPAS all addressed the
same problem in ATM (i.e., conflict detection and resolution), but arrived at different
design choices. ARTIMATION focused on engineering transparency by revealing the al-
gorithm’s inner workings, such as heat maps that visualise the trajectories explored by the
algorithm. In contrast, MAHALO emphasised domain transparency, using SSD to repre-
sent all available solutions. SSD not only demonstrates the feasibility of the proposed
solution (i.e., Vector Line) but also enables operators to manually select their preferred
alternative. TAPAS, meanwhile, concentrated on operational transparency and explicitly
introduced this concept within its research.

Therefore, a unified taxonomy covering different aspects of transparency was devised
in Chapter 4, as shown in Figure 5.1, and accordingly various transparency elements were
designed for supervising UTM. This chapter will present an interactive interface proto-
type that visually portrays these elements. The human-in-the-loop experiment in this re-
search aims to explore how these elements would be utilised for supervising UTM routing
decisions and maintaining safe separation between drones and crewed aircraft.

5.3. INTERFACE DESIGN

5.3.1. INTERFACE PROTOTYPE
Given the broad scope of UTM, this research revolves around tactical UTM operations
within Controlled Traffic Regions (CTR) near airports [14, 63], in particular Rotterdam The
Hague Airport. Due to the large range of CTR (e.g., 8 nmi around Rotterdam The Hague
Airport [12]), some urban airspace, such as Amsterdam and Rotterdam, is mostly cov-
ered by them, greatly hindering drone operations in cities. In recent years, unannounced
private drone operations at Gatwick, Heathrow, Frankfurt and Madrid caused large dis-
ruptions in regular air traffic flows, posing huge risks to crewed aviation [4].

To support UTM in the CTR, an interface prototype, called DroneCTR [14, 63], was de-
veloped and enhanced with various transparency elements [62], as shown in Figure 5.2.
The transparency elements proposed in the previous work are implemented as the eight
buttons on the left side of the interface. Users can activate a certain element by pressing
the corresponding button. When an element is deactivated, it will be removed from the
map. This is an adaptable control approach that enables users to drive changes in the
interface [171]. It helps operators maintain situation awareness and prevents “automa-
tion surprises” caused by unexpected automation-driven changes (adaptive automation)
[171, 234]. More details of the implemented transparency elements will be introduced in
the next section.

On the map, the circle surrounding a crewed aircraft represents its safe separation
from drones, which is assumed as 1 km in this research [14, 63]. Given that the safe sep-
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Figure 5.2: UTM interface prototype DroneCTR1. To control variables, all drones perform point-to-point deliv-
ery missions in this research.

aration is a crucial criterion for UTM, the safe separation circles are always displayed in
the interface. Users can view aircraft routes by clicking on aircraft icons. When a crewed
aircraft is clicked, a green air corridor is presented, which is associated with the aircraft
route and safe separation. As aircraft routes are basic elements for operators to interpret
aircraft intents, this information element is not allowed to be removed using a button like
the one on the left. Similar to traditional ATM displays, history dots trailing the aircraft
icon are presented to indicate the aircraft locations during the past few dozen seconds.
The right side of the interface displays the flight strips of crewed aircraft and drones, pro-
viding detailed information about each flight. The panel containing the flight strips can
be shown or hidden using the button attached to its side.

The lower-left corner of the interface shows event messages. When a certain event
occurs, a message will pop up as an indicator for around 35 seconds. There are five types
of messages with different colours: changes to air traffic (white), automation-triggered
events (blue), automation failures (orange with a box border), manual control actions
(green), and loss of separation alerts (red with a box border). To avoid message overflow,
where multiple messages appear simultaneously and occupy a large portion of the inter-
face, the display is limited to a maximum of six messages at a time. An example of event
messages is shown in Figure 5.3. The grey background of the message signifies that it is
being hovered over by the mouse cursor, while the cursor changing to a hand indicates
that the element is clickable. Operators can click on a message to select the correspond-
ing drone or crewed aircraft on the map.

1URL: http://dronectr.tudelft.nl/, ID: transparency

http://dronectr.tudelft.nl/
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Figure 5.3: An example of event messages.

The concept of operations for UTM within CTR has been explored in several previ-
ous works [14–16, 63, 177]. They followed the U-space framework [9] and implemented
a centralised UTM system, as depicted in Figure 5.4. In this case, UTM provides opera-
tors with information to monitor the automated routing service, while also allowing them
to input instructions or constraints to intervene when necessary. The interface proto-
type also adopted this centralised approach. Geofences, designated as no-fly zones for
drones, have been proposed to achieve collaborative operations between ATM and UTM.
Operators can dynamically add or remove geofences to prevent drones from entering
certain areas, thus separating drones from crewed aircraft. This concept is called Dy-
namic Airspace Reconfiguration (DAR). This approach eliminates the need for operators
to manually control each drone, making it ideal for managing a large number of drones.
However, previous experiments [14, 15, 63] showed that operators also expressed a pref-
erence for active control over specific drones instead of only dynamic geofencing (i.e.,
passive control). Therefore, this research will include more possibilities for active con-
trol. A new feature, Command Line, has been implemented to enable operators to issue
direct commands to drones, as shown at the bottom of the interface. For example, one
can input “DEL9 HDG 90” and press the “Enter” key to set the heading of the drone DEL9
to 90◦. In this case, DEL9 is no longer under UTM control and its icon colour turns green.
For reasons of experimental control, operators were not allowed to use the Command
Line to change the drone speed and altitude in this research.

1. Introduction

Inputs 

(Geofences)

Information

Inputs

(Geofences)

Information

Interface OperatorsUTM

Route…

Route

Route

Route

Human-Automation Collaboration

Figure 5.4: Centralised UTM for drone (re-)routing, which was also adopted in the interface prototype.
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This concept of operations is also similar to the flight-based control allocation [235].
All drones under UTM control are coloured blue, but operators can take control over a
specific drone from UTM when necessary, changing the drone’s colour to green. When
a drone is under human control, operators have full responsibility for ensuring its safety
and successful mission completion. The geofences (also coloured in blue) are only ap-
plicable to the blue drones whereas the green drones will ignore them. When a drone is
rerouted by UTM, its icon changes to a darker blue as a visual indicator. To clarify the di-
vision of responsibilities, operators need to first take control before they can set a drone’s
heading. As shown in Figure 5.5, users can right-click on the drone icon to open the con-
trol menu. After taking control, operators can select one of the available commands for
the drone. The “Land Immediately” command is used when operators believe the drone
cannot avoid conflicts with crewed aircraft or complete its mission. They can also return
control of the drone to UTM using the “Delegate to UTM” command. Also, when a drone
is under human control, operators can right-click on its destination to direct the drone to
fly there.

(a) Take control (b) Control commands

Figure 5.5: Exemplary screenshots of the control commands.

In this research, two advanced path-planning algorithms have been implemented for
UTM routing: Zeta*-SIPP [85] and Informed RRT* [83]. This choice is motivated by the
previous study in Chapter 3, which also selected a graph-based and a sampling-based al-
gorithm, demonstrating that the type of algorithm can influence human understanding.
However, different from the previous study, the algorithms applied in this research con-
sider not only static obstacles (geofences) but also dynamic obstacles (crewed aircraft).
Zeta*-SIPP is a state-of-the-art grid-based algorithm that can find time-optimal conflict-
free paths with relatively less turns (any-angle path planning). Zeta*-SIPP first examines
whether the direct path from the start point to the target point is conflict-free. If not,
it gradually expands its search range in an elliptical pattern until the “current” optimal
path becomes feasible. For simplicity, the “wait” action is disabled for path planning in
this research. Informed RRT* is an advanced sampling-based algorithm that randomly
expands its search tree to explore the search space. It can quickly find a feasible path and
then continuously improves it until it converges to the optimal solution. The original In-
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formed RRT* was designed for static environments, but in this research, it was adapted
to deal with dynamic obstacles as well. At each iteration, when Informed RRT* attempts
to add a new node to its search tree, it performs a line-of-sight check to ensure that the
branch connecting the existing tree to the new node is not blocked by any static obstacles.
To handle dynamic obstacles, an additional conflict detection check was introduced. A
new branch is inserted into the search tree only if it is confirmed to be conflict-free.

In summary, Zeta*-SIPP checks whether the current optimal path is feasible while
Informed RRT* seeks to optimise the current feasible path. They represent two differ-
ent directions for optimal path planning. Moreover, Zeta*-SIPP and Informed RRT* both
incorporate an elliptical search/sampling range. Zeta*-SIPP incrementally expands its el-
liptical search range outward from the direct line connecting the start and target points
until it either finds the optimal path or exhausts the search space. The search range repre-
sents the currently identified lower bound of the optimal path cost. In contrast, Informed
RRT* progressively narrows its elliptical sampling range within the search space as better
paths are discovered. The sampling range defines the upper bound for its random sam-
pling process. The connections and differences between these two algorithms prompted
a comparison in the experiment. Given that sampling-based algorithms may be easier to
comprehend than graph-based algorithms [214], this study further investigates whether
this trend also holds in tactical UTM supervision involving dynamic scenarios.

5.3.2. TRANSPARENCY ELEMENTS
This section introduces the eight transparency elements (buttons) in the interface in de-
tails. In Chapter 4, twenty transparency elements were proposed for supporting UTM
supervision based on the taxonomy in Figure 5.1. A survey study then revealed that op-
erators prefer operational transparency over engineering transparency. They generally
wanted their interface to be clean and not overwhelming. Moreover, another user study
in Chapter 3 concluded that certain transparency elements regarding the inner workings
of path-planning algorithms could be merged, as their individual contributions to human
understanding or confidence were not substantial. Therefore, this research further con-
denses the relevant transparency information, integrating the twenty elements into eight
ones, as shown in Figures 5.6 and 5.7. To reduce the text space occupied by images, the
displays of Elements 2 and 3, as well as Elements 4 and 5, are combined. Corresponding
to the transparency taxonomy, Elements 1-3 provide operational transparency, Elements
4-6 offer domain transparency, and Elements 7-8 reveal engineering transparency.

The first element is about waypoint states. As shown in Figure 5.6a, when users ac-
tivate this element, green dots will be presented at the waypoints of drone routes. Users
can right-click on a green dot to access detailed information about this waypoint, such
as remaining battery, estimated arrival time and heading change. Elements 2 and 3 per-
tain to conflict detection. When Element 2 is activated, a cross symbol will appear at a
certain location along the drone’s flying route, indicating the Closest Point of Approach
(CPA) between the drone and other crewed aircraft. Similarly, activating Element 3 will
display a cross symbol along the drone’s direct route, representing the CPA if the drone
flew directly to its destination. The default colour of CPA crosses is orange, but the cross
turns red if the separation distance at CPA is less than the safe separation threshold (1
km). Users can right-click on a cross to view more information about CPA, as shown in
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(a) Waypoint state (Element 1) (b) Detection: flying and direct routes (Elements 2 and 3)

(c) Geofence grids and wind field (Elements 4 and 5) (d) Drone manoeuvring space (Element 6)

(e) Explored space: Zeta*-SIPP (Element 7) (f) Explored space: Informed RRT* (Element 7)

Figure 5.6: Exemplary screenshots of different transparency elements.
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(a) Search process: Zeta*-SIPP (Animation 1) (b) Search process: Zeta*-SIPP (Animation N1)

(c) Search process: Informed RRT* (Animation 1) (d) Search process: Informed RRT* (Animation N2)

Figure 5.7: Exemplary screenshots of search processes (Element 8).
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Figure 5.6b. The “CPA Dist” refers to the separation distance at CPA and the “CPA Time”
represents the predicted time to reach CPA.

However, due to the susceptibility of drones to wind and the dynamic trajectories of
crewed aircraft, there are uncertainties in the CPA predictions. In the interface, the stan-
dard deviations of the local wind field around a drone are disclosed [236]: angular disper-
sion around the average wind vector (“VAR Wind (d)”) and wind speed dispersion along
the average wind vector (“VAR Wind (s)”). For the trajectory uncertainty (“VAR TrajAc”),
if the crewed aircraft associated with the drone’s CPA follows Visual Flight Rules (VFR),
the uncertainty level is set to “med” (medium) considering that VFR flights are gener-
ally more flexible. In contrast, Instrument Flight Rules (IFR) aircraft and emergency heli-
copters are regarded as having “low” uncertainty since they typically follow structured or
direct routes with fewer turns and exhibit more predictable behaviour.

Element 4 denotes geofence grids, representing a constraint for users to define ge-
ofences. Users cannot flexibly change their shape and size. Element 5 denotes the wind
field, shown in the form of animated particles and coloured arrows. Different colours
indicate different wind speeds: green denotes winds that have relatively little impact on
drones while red represents strong winds that could cause drones to drift. One can also
right-click on a wind arrow to view the wind speed and direction at a specific location.
Element 6 shows the drone manoeuvring space [14]. It is a visual representation of the
drone’s range governed by battery power and environmental conditions such as wind.
Generally, a narrower manoeuvring space indicates lower excess battery power and/or
increased headwind conditions. The manoeuvring spaces for both the flying and direct
routes are presented. The outer manoeuvring space also defines the search space for
path-planning algorithms. As a drone flying beyond this boundary is unable to return
to its destination due to limited battery capacity, there is no need to search outside this
boundary.

In Chapter 4, five transparency elements were devised for path-planning algorithms:
search graphs, explored nodes, search trees, cost values and search processes. However,
the survey study indicated that operators have limited need for these elements in nom-
inal scenarios. Therefore, these elements are integrated into two ones in this research:
a static image representing the entire explored space (Element 7) and a set of browsable
images depicting the dynamic search process (Element 8). Element 7 illustrates the space
explored by the algorithm, comprising both explored nodes and search trees. To reduce
visual clutter, the search graph is excluded, and the cost values are embedded within
the nodes. Users can right click on a node to retrieve the cost value of an explored path
passing through that node (orange line). The cost value is presented as the ratio of the
retrieved explored path to the current optimal path. As depicted in Figure 5.7, Element
8 provides users with access to the search process of the path-planning algorithm. An
interactive slider is implemented, allowing users to progressively view the entire search
process in either forward or backward directions.

As mentioned in the previous section, Zeta*-SIPP starts from the direct route, searches
with an expanding elliptical range and stops when the current optimal path is feasible (no
red cells block the path). In contrast, Informed RRT* randomly explores the search space,
narrows it down upon finding feasible paths, and continues until a specified termination
condition is met: either 200 samples are drawn or 150 tree nodes are reached. This condi-
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tion is intentionally selected to ensure that Informed RRT* fails in cases where Zeta*-SIPP
is also unable to find a path during the experiment. This helps ensure the scenarios for
both algorithms remain as consistent as possible. The orange circle indicates the rewiring
range of Informed RRT*, defined as dst /3 [214], where dst is the distance between the start
and target points. The incremental distance for node expansion is set to dst /5 [214].

5.4. METHODOLOGY
The previous section introduced the UTM interface prototype and its associated trans-
parency elements. This section will present a human-in-the-loop experiment to explore
how and when these proposed transparency elements are utilised by operators in super-
vising UTM operations.

5.4.1. EXPERIMENT SETUP
The experiment was conducted in the ATM laboratory at TU Delft based on the devel-
oped UTM interface, as shown in Figure 5.8. Each participant required around 2.5 to 3
hours to complete the experiment, which consisted of an interactive briefing session, a
training round, a measurement round and a post-hoc questionnaire. During the briefing
session, participants were introduced to the UTM background, the basic interface ele-
ments and the available control actions. There were 10 training runs and 8 measurement
runs in total. Each run, except for the first two training runs, lasted 5 minutes. After each
measurement run, participants were required to answer several questions to assess their
workload and evaluate how effectively the interface supported their task completion in
the scenario.

Figure 5.8: Experiment setup in the laboratory

In the experiment, all drones performed point-to-point delivery missions. The task
of participants was to avoid loss of (horizontal) separation between drones and crewed
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aircraft (1 km) while ensuring that the drones completed their missions with minimal
delays. The vertical separation was not considered. Participants could only influence
the routes of drones, with crewed aircraft considered dynamic obstacles. By default, all
drones were controlled by UTM using a path-planning algorithm, but participants were
allowed to take control over specific drones from UTM. The path-planning algorithm was
automatically triggered when a new crewed aircraft was about to enter the airspace (ar-
rival or departure). In this case, a new message will pop up as an indicator (e.g., Figure
5.3) and the rerouted drones will change from light blue to darker blue.

5.4.2. PARTICIPANTS
Sixteen participants, all TU Delft staff and students, volunteered to take part in the exper-
iment in the ATM laboratory. Their ages were distributed as follows: three participants
were between 18 and 24, twelve between 25 and 34, and one between 55 and 64. All of
them had a relevant background in aerospace engineering and drone operations. They
were either drone experts or UTM researchers. Previous studies [15, 16, 63] suggested that
the role of UTM supervisor cannot be assigned to tower controllers for workload reasons.
Therefore, it has been suggested that a new position is needed that solely focuses on UTM
supervision. This position does not have to be a professional ATCo and should ideally be
a person who is more familiar with drone behaviour and performances. The large speed
difference between crewed aircraft and drones makes it difficult for ATCos to perceive the
urgency of conflicts and when to take actions [63] as their training only focused on han-
dling crewed aircraft. The previous survey study in Chapter 4 also revealed no significant
differences in transparency needs between ATCos and drone operators. Therefore, drone
experts and UTM researchers were recruited for the experiment rather than professional
ATCos. This experiment was approved by the Human Research Ethics Committee (HREC)
under number 4724.

5.4.3. INDEPENDENT VARIABLES
The experiment had two within-participants independent variables: the path-planning
algorithm, having two levels and the traffic scenario, having four levels.

Path-planning algorithms. As mentioned in the previous section, Zeta*-SIPP and In-
formed RRT* were chosen for the experiment. This was because they are advanced exam-
ples of graph and sampling-based algorithms, representing distinct approaches to path
planning with dynamic obstacles. The relevant engineering transparency elements are
also different based on the algorithms used. Investigating the influence of the algorithm
type on transparency usage and identifying which algorithm is more suitable for UTM
supervision could offer valuable insights for system designers.

Traffic scenarios. The previous survey study in Chapter 4 found that the type of traf-
fic scenarios affects the transparency needs of operators for supervising UTM systems.
Thus, this experiment further explored how different traffic scenarios influence the trans-
parency usage in real-time dynamic operations. Four traffic scenarios were then defined:
simple-normal, simple-failure, complex-normal and complex-failure. The terms “sim-
ple” and “complex” mainly describe the complexity of the scenarios, which is determined
not only by the number of drones and crewed aircraft, but also by the diversity of their
flight types and the number of interactions between them. The “normal” and “failure” in-
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dicate whether an automation failure event occurs (i.e., the path-planning algorithm fails
to find a feasible path). Table 5.1 presents the characteristics of different traffic scenarios.
This design was also informed by previous work on UTM operations [14, 63]. HEMS de-
notes Helicopter Emergency Medical Services. The “rerouted” event means that a drone
is rerouted by the path-planning algorithm due to a conflict with crewed aircraft. The
“failure” event in the complex scenario is more challenging to resolve compared to the
one in the simple scenario. This is because, in the complex scenario, the drone that fails
to reroute has potential conflicts with two crewed aircraft.

Table 5.1: Characteristics of different traffic scenarios in the experiment. Each scenario lasts five minutes.

Scenario
Crewed Aircraft Drones Events

IFR VFR HEMS Fixed-Wing Multi-Rotor Rerouted Failure

Simple-Normal 3 0 0 2 6 1 0
Simple-Failure 3 0 0 2 6 0 1
Complex-Normal 2 1 1 6 10 4 0
Complex-Failure 2 1 1 6 10 4 1

The experiment took a within-participant design. Each participant was exposed to
the 8 measurement scenarios (2 algorithms × 4 traffic scenarios) in a quasi-randomised
order to counterbalance presentation order effects. To prevent mixing the algorithms, the
four scenarios for one algorithm were treated as a set. Only after completing one set the
next set (i.e., another algorithm) can be presented. Therefore, orthogonal Latin Square
of order 4 was implemented to achieve a balanced presentation order for the two sets of
scenarios. This approach generated four different sequences given the order of the two
algorithms. Considering the need to vary the algorithm order as well, the experiment had
eight quasi-randomised sequences for the measurement scenarios.

5.4.4. DEPENDENT MEASURES
The dependent measures in the experiment were as follows:

Safety. Although the experiment mainly aimed to explore the usage of transparency in
supervising UTM systems, safety was the most important goal that participants needed
to achieve. This was measured by the minimum separation between drones and crewed
aircraft and the number of loss of separation events.

Efficiency. Similarly, the mission efficiency of drones was the secondary goal for par-
ticipants. This was measured by the average delay and the number of failed drone mis-
sions (i.e., unable to reach its destination). To calculate the average delay, the delay for
failed drone missions was defined as the maximum allowable delay instead of being set
to infinity. The maximum allowable delay was calculated by the drone endurance minus
the minimum flight time (if following a direct route).

Interface usage and preference. The transparency usage was measured by the dura-
tions of displayed transparency elements and the number of times detailed transparency
information was requested through right-click actions. Participants’ preferences regard-
ing the usefulness of the transparency elements for UTM supervision were measured on
a five-point Likert scale after the experiment.
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Intervention. This was measured by the number of geofence activations and drone
commands, as well as the number of times drone control was taken from UTM and dele-
gated back to UTM.

Workload. This was measured by NASA-TLX [237] from six dimensions: mental de-
mand, physical demand, temporal demand, performance, effort, and frustration. The
first part of NASA-TLX involves direct ratings on these dimensions, while the second part
consists of pairwise comparisons to generate weights for each dimension. The total work-
load is calculated as the sum of the weighted workload ratings. However, performing the
pairwise comparisons after each measurement run would be too time-consuming. Sim-
ilar to van de Merwe et al. [229], the pairwise comparisons were performed only after
every four measurement runs (i.e., once per algorithm). The resulting weights were then
applied to the four measurement runs to calculate the overall workload for each run.

Interface acceptance. After each measurement run, participants were required to eval-
uate the interface based on the Modified Cooper-Harper for Unmanned Vehicle Display
(MCH-UVD) [238]. In this study, the rating scale was reversed, with 10 representing the
best and 1 the worst, similar to the the Controller Acceptance Rating Scale (CARS) [239].
MCH-UVD was selected because it was specifically designed for unmanned vehicle dis-
plays, making it well-suited for the UTM case.

5.4.5. CONTROL VARIABLES
The control variables in the experiment were as follows:

Degrees of freedom. Participants could only adjust the drone heading and could not
let the drone loiter. They were also not allowed to issue instructions to crewed aircraft.

Drone mission type. All drones in the experiment performed point-to-point delivery
missions and were either fixed-wing or multi-rotor types. Unlike Janisch et al. [63], the
drones were assigned the same priority to keep the focus on transparency usage.

Scenario. The scenarios were identical for Zeta*-SIPP and Informed RRT*. However,
to avoid recognition, the scenarios were mirrored, including crewed and drone traffic and
wind fields, using the runway centre line as the origin for mirroring.

Algorithm parameter. The parameters of the path-planning algorithms were fixed,
with a consistent grid size for Zeta*-SIPP and a fixed termination condition for Informed
RRT*. The grid size of Zeta*-SIPP was the same as the geofence grid size, equal to the safe
separation between drones and crewed aircraft (assuming 1 km). The parameter settings
of Informed RRT* have been mentioned at the end of Section 5.3.2. Although the differ-
ent algorithms were applied to the same traffic scenarios, the scenarios and algorithm
settings were carefully selected to ensure that they produced similar solutions and that
the same drones failed to be rerouted.

Initial run setting. At the start of each trial, all transparency elements were deactivated
and the flight strip panel was hidden. This ensured that each trial had the same initial
conditions for each participant.

5.4.6. HYPOTHESES
It was hypothesised that the conflict detection for the flying route (Element 2) would be
the most useful element for UTM supervision (H1). This hypothesis was driven by the
previous survey-based user study in Chapter 4, which revealed that operators preferred
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operational transparency and regarded the conflict detection for the flying route as one
of the most useful transparency elements. Based on the study in Chapter 4, it was also
hypothesised that failure scenarios would lead to more usage of transparency elements,
particularly the explored space and search process, compared to normal scenarios (H2).
This was because, when automation failed, operators may seek more algorithmic infor-
mation to understand what happened. They may also need more support from UTM to
complete their supervision tasks.

Moreover, it was also expected that Informed RRT* may be more suitable for UTM su-
pervision compared to Zeta*-SIPP. Specifically, operators would be more willing to access
the explored space and search process elements of Informed RRT* for support, which
would consequently lead to a reduced workload (H3). Although Informed RRT* employs
a random exploration strategy, its search trees may be more intuitive and meaningful for
humans. Even if it failed to find a feasible path, it may still provide hints about poten-
tial directions to resolve conflicts according to the final exploration results (search trees).
For example, as shown in Figure 5.9, Informed RRT* failed to find a path due to its limited
number of sampling points. However, the search tree suggested that navigating the drone
to the right may have a greater chance to resolve the conflict, as all leftward nodes failed
to cross the corridor due to the headwind. This may be particularly useful when opera-
tors are not familiar with how to handle this situation. In contrast, while the search tree
visualisation of Zeta*-SIPP may appear more organised, it cannot provide clear guidance
on which direction a human operator should explore for potential solutions.

Figure 5.9: A failure event for Informed RRT*
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5.5. RESULTS

5.5.1. DATA ANALYSIS AND STATISTICS
Given the relatively small sample size (N = 16), conservative non-parametric tests were
adopted. To compare Zeta*-SIPP and Informed RRT*, Wilcoxon Signed-Rank tests were
conducted for each dependent measure. The matched-pairs rank biserial correlation co-
efficient r c [200] was then calculated to measure the effect size for Wilcoxon Signed-Rank
tests (small ≥ 0.1, medium ≥ 0.3, large ≥ 0.5). To explore the differences among trans-
parency elements or scenarios, Friedman tests were performed, followed by Exact tests
[163] with Bonferroni correction for further pairwise comparisons. Kendall’s coefficient
of concordance w was used to measure the effect size for Friedman tests (small ≥ 0.1,
medium ≥ 0.3, large ≥ 0.5). The significance level was set to 0.05. As the effect size re-
flects the magnitude of the difference between groups [164], it is ideal to have both a sta-
tistically significant result (p < 0.05) and a large effect size to claim a clear and meaningful
difference. A low effect size suggests that the statistical significance should be interpreted
with caution.

5.5.2. SAFETY AND EFFICIENCY
Figure 5.10 shows the minimum separation and average delay in different scenarios. Only
one loss of separation occurred in the simple-failure scenario (the whisker extends be-
yond the red dashed line) because one participant specifically wanted to ensure the suc-
cess of drone missions and refrained from using the “Land Immediately” command, even
when a drone and a crewed aircraft were particularly close. This decision led to a failure to
maintain safe separation. In normal scenarios, human intervention did not consistently
improve efficiency compared to the baseline (red solid line). Some participants preferred
larger separation to ensure safety. In the simple-failure scenario, 15 out of 16 participants
successfully resolved the automation failure in both Zeta*-SIPP and Informed RRT*, lead-
ing to a notable improvement in efficiency. In the complex-failure scenario, 11 out of 16
participants resolved the issue in Zeta*-SIPP, while 12 out of 16 did so in Informed RRT*.
The efficiency gains were more pronounced in the simple-failure scenario, likely because
the smaller number of drones made successful failure resolution more impactful on over-
all performance. The variations within the minimum separation and average delay are
both small in the complex-failure scenario. This is because most participants paid more
attention to the drone that failed to reroute, leaving the other drones controlled by UTM
without human intervention.

The differences in safety and efficiency between Zeta*-SIPP and Informed RRT* are
primarily influenced by their respective parameter settings. For example, increasing the
number of samples in Informed RRT* can reduce its delay and bring its minimum sepa-
ration closer to 1 km. Therefore, the statistical comparisons based on Figure 5.10 may not
accurately reflect the human effects. To further analyse the impact of human interven-
tion on safety and efficiency, the increases in the minimum separation and average delay
were calculated relative to the baseline results, as depicted in Figure 5.11. The positive di-
rection of the x-axis indicates larger minimum separation, while the positive direction of
the y-axis represents increased average delay. Since increasing separation usually comes
at the cost of increasing delay, no points appear in the lower-right quadrant.
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Figure 5.10: Minimum separation and average delay in different scenarios. The red dashed line indicates the
assumed safe separation standard. The red solid lines represent the baseline results when no hu-
man intervention is involved.
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Figure 5.11: The impact of human intervention in terms of minimum separation and average delay, featuring
95% confidence ellipses.

No significant difference was found between Zeta*-SIPP and Informed RRT* across all
scenarios regarding the ratio of mean delay increase and the ratio of minimum separa-
tion increase. It is evident that there is an approximate linear relationship between these
two metrics in the simple scenarios. This is because, in these scenarios, only one drone
was designed to be affected (see Table 5.1), making the impact of human intervention
more pronounced compared to the complex scenarios. In the simple-failure scenario, all
points cluster in the lower-left quadrant because almost all participants successfully re-
solved the failure event. In the experiment, two distinct strategies were identified. Some
participants attempted to reduce the separation to minimise delays (lower-left quadrant),
while others tended to add more separation buffer to enhance safety (upper-right).

5.5.3. USAGE AND PREFERENCE
During the experiment, participants were provided with eight buttons to access different
types of transparency information. Since the computation of the first six elements (but-
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tons) was independent of the path-planning algorithm, their usage primarily depended
on the participants’ preferences and the specific situations they encountered. Therefore,
to compare the usage of the eight transparency elements, their average display durations
were first calculated for Zeta*-SIPP and Informed RRT*, as shown in Figure 5.12. In addi-
tion to the geofence grids and wind field, the other six transparency elements are gener-
ated based on drone routes. This means that accessing these elements requires not only
activating the buttons but also selecting a drone to display its route. Thus, the display
durations of transparency elements in Figure 5.12 have been corrected by the display du-
ration of drone routes.

Simple−Failure Complex−Failure

Simple−Normal Complex−Normal

0 100 200 300 0 100 200 300

Waypoint state

Conflict detection: flying route 

Conflict detection: direct route 

Geofence grids

Wind field

Drone manoeuvring space 
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Conflict detection: flying route 

Conflict detection: direct route 
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Wind field
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Cumulative durations of displayed transparency elements

Figure 5.12: Ridgeline plots of transparency element display durations, with black vertical lines marking the
median values. Each dot represents a participant.

From Figure 5.12, it is clearly seen that the conflict detection for the flying route and
the direct route was the most frequently used information in the experiments. Many par-
ticipants activated these two elements immediately at the start of the scenarios, drawing
on their previous experience from the training round. In contrast, the usage of the way-
point state was highly polarised. Some participants activated the waypoint state button
simultaneously with the conflict detection buttons, while the others almost never used it.

The geofence grid was the least used transparency information. This is because par-
ticipants rarely used geofences for conflict resolution and instead favoured active control
over specific individual drones. Also, the size and shape of the geofence grids remained
consistent across all scenarios. Participants might have already been familiar with this in-
formation during training and chose to disable it to maintain a clean interface. The use of
the wind field element was also limited. Participants tended to glance at the wind field,
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particularly when considering intervention in drone routes, and then immediately dis-
abled it. This suggests that the wind field could be valuable for UTM supervision, but the
abundance of coloured arrows and animated particles may contribute to visual clutter.

The drone manoeuvring space and explored space were utilised more frequently in
the failure scenarios. Participants primarily used them as supporting information to di-
agnose the failure events. The drone manoeuvring space represents the additional bat-
tery capacity available for drone rerouting, while the explored space reflects the efforts
made by the algorithm to resolve conflicts. The display durations of these two elements
were shorter in the complex-failure scenario compared to the simple-failure scenario.
This is likely due to the higher information load in the complex-failure scenario, where
participants tended to disable these elements after addressing the problem. The search
process was rarely used, with its slider accessed in only 6.25% of the experimental runs
(16 participants × 8 measurement runs).

As the use of geofence grids, wind field, and search process is limited, Friedman tests
were conducted only on the remaining five transparency elements. The results revealed
significant differences among them in terms of the display durations (χ2(4) = 29.123, p <
0.001, w = 0.455). Pairwise comparisons with Bonferroni correction further disclosed that
the conflict detection for the flying route (Element 2) was significantly different from the
waypoint state (D = 34, p < 0.001), drone manoeuvring space (D = 39, p < 0.001), and ex-
plored space (D = 41, p < 0.001). The difference between conflict detection for the flying
route and the direct route warrants further comparison.

As for the traffic scenarios, Friedman tests found significant differences among them
in the conflict detection for the flying route (χ2(3) = 13.189, p = 0.004, w = 0.275), drone
manoeuvring space (χ2(3) = 32.396, p < 0.001, w = 0.675) and explored space (χ2(3) =
19.777, p < 0.001, w = 0.412). Pairwise comparisons with Bonferroni correction were then
conducted, with the results presented in Table 5.2. No significant difference between the
simple-normal and complex-normal scenarios was found, suggesting that traffic com-
plexity may not be the primary factor influencing the usage of transparency. The dif-
ferences in the transparency usage mainly stemmed from the automation failure events.
Participants generally required more information, particularly the drone manoeuvring
space and algorithm’s explored space, to diagnose the failures. In fact, these transparency
elements not only helped participants understand the rationale behind the failures but
also improved their situation awareness and supported more informed decision-making.
For example, in the experiment, when automation failed to resolve a conflict, some par-
ticipants requested the drone manoeuvring space in order to consider the battery power
limitations for manually navigating the drone.

To further compare the differences between Zeta*-SIPP and Informed RRT*, Figure
5.13 presents the display durations of the explored space for these two algorithms. In the
normal scenarios, usage of the explored space between Zeta*-SIPP and Informed RRT* is
similar, with median values for both being close to zero. In the failure scenarios, partic-
ipants relied more frequently on the space explored by Informed RRT*. This is because
it provided participants with a clue that was more helpful in solving the problem. This
benefit was explicitly acknowledged in the comments of the ten participants who pre-
ferred Informed RRT* over Zeta*-SIPP. For example, one participant stated that Informed
RRT* “gave me more intuition on where to look for feasible solutions”, and another one
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Table 5.2: Pairwise comparisons of the display durations among scenarios (with Bonferroni correction).

Scenario
Detection: flying route Drone manoeuvring space Explored space

SN SF CN SN SF CN SN SF CN

Simple-Normal (SN)
Simple-Failure (SF) 1.000 *** 0.002**
Complex-Normal (CN) 1.000 1.000 1.000 *** 1.000 0.006**
Complex-Failure (CF) 0.006** 0.136 0.016* *** 1.000 0.006** 0.025* 1.000 0.040*

Note: *p < 0.05, **p < 0.01, ***p < 0.001.
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Figure 5.13: Differences in the use of the Explored Space element between Zeta*-SIPP and Informed RRT*.

noted that “especially in uncertain cases it [Informed RRT*] helps to see which region con-
tains most plausible solutions”. Nonetheless, no significant difference was found between
these two algorithms in all scenarios. Participants also used the explored space of Zeta*-
SIPP to gather more information in the failure scenarios.

In addition to viewing the transparency elements, participants also accessed detailed
information regarding waypoints, CPA, wind vectors, and cost values by right-clicking on
the corresponding elements. Almost no one accessed the wind vectors or cost values.
These two types of information may have been overly detailed for the UTM supervision
task in this particular experiment. Figure 5.14 presents the number of waypoint and CPA
access events. While some participants activated the waypoint state element (see Figure
5.12), they rarely accessed the detailed information. It appears that they merely wanted
green points to make the waypoints more visually salient. The difference between conflict
detection for the flying route and the direct route is more pronounced in terms of the
number of information requests. Wilcoxon Signed-Rank tests confirmed the significant
difference between these two elements (V = 136, p < 0.001,r c = 1). This illustrates that
participants relied mainly on the conflict detection for the flying route (Element 2) to
monitor the situation. The conflict detection for the direct route was primarily utilised
when participants intended to direct a drone straight to its target. The number of accesses
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Figure 5.14: Number of information requests concerning the waypoint and CPA details.

to the CPA for the flying route was lower in the failure scenarios because participants put
more effort into solving the problem and may not have enough time to access and digest
the detailed information.

Figure 5.15 shows the subjective ratings from participants for the eight transparency
elements, which align with their actual usage depicted in Figure 5.12. The geofence grids
and search process were considered relatively irrelevant for supervising the UTM system
in this experiment. They may be more valuable for training, helping operators become
familiar with the geofence grids and understand how the algorithm works. Regarding
the waypoint state element, the detailed information seems to have limited usefulness,
as suggested by Figures 5.14-5.15. However, it could be more useful if it included more
details, such as altitude changes, which are not directly observable from a 2D interface.
In this experiment, drone altitude was not considered, making the waypoint state ele-
ment less useful. However, in urban environments, drone altitude may require greater
attention to avoid collisions with high-rise buildings. Operators may need to inspect the
waypoints to ensure that the planned path remains above the terrain. Therefore, the in-
formation elements that were not accessed or requested in this experiment should not be
considered completely useless. They may just be less important for successfully accom-
plishing the task in this particular context.

5.5.4. INTERVENTION
Participants were provided with different means to intervene in drone traffic, including
geofence activations. However, geofences were utilised in only 7.81% of the experiment
runs. In most cases, participants favoured active control over specific individual drones.
This is because geofences could impact multiple drones simultaneously and thus may
not be very efficient. Additionally, the number of drones in the experiment was relatively



5

128 5. USAGE OF TRANSPARENCY FOR UTM SUPERVISION

Waypoint state

Conflict detection: flying route 

Conflict detection: direct route 

Geofence grids

Wind field

Drone manoeuvring space 

Explored space

Search process

−100% −75% −50% −25% 0% 25% 50% 75% 100%

Not at all useful Slightly useful Moderately useful

Very useful Extremely useful

Figure 5.15: Likert scale ratings for the eight transparency elements regarding their usefulness in supervising
the UTM system.

low, making the active control still manageable, particularly with the support of a high
level of automation (path-planning algorithm). As shown in Figure 5.5, operators can is-
sue commands to drones only after assuming control. Therefore, the number of takeovers
reflects the extent of intervention and the effort exerted by participants, while the num-
ber of re-delegations to UTM indicates their trust in the system and willingness to return
control, as depicted in Figure 5.16. No significant difference was found between Zeta*-
SIPP and Informed RRT*. In the normal scenarios, around 30% participants did not take
any control actions. They monitored the traffic and concluded that safety could be en-
sured without any intervention. In the failure scenarios, approximately 40% participants
intervened only once with the drone that failed to reroute.

To further compare the differences among the four scenarios, the average number

0

2

4

6

Simple−Normal
Simple−Failure

Complex−Normal
Complex−Failure

N
um

be
r 

of
 ta

ke
ov

er
s

0

2

4

6

Simple−Normal
Simple−Failure

Complex−Normal
Complex−Failure

N
um

be
r 

of
 r

e−
de

le
ga

tio
ns

 to
 U

T
M

Zeta*−SIPP Informed RRT*

Figure 5.16: Number of takeovers and re-delegations to UTM.
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of control take overs was calculated for Zeta*-SIPP and Informed RRT*. Friedman tests
then revealed significant differences between them (χ2(3) = 21.448, p < 0.001, w = 0.447).
Pairwise comparisons with Bonferroni correction further disclosed that the complex-
failure scenario was significantly different from the simple-normal (D =−32.5, p < 0.001)
and complex-normal (D = −22, p = 0.016) scenarios. This is because, in the complex-
failure scenario, some participants repeatedly took over control and delegated it back to
UTM, falling into a reactive loop without a clear solution to the problem. They wanted
to reroute drones by actively triggering the path-planning algorithm, but the limitations
of the algorithm often prevented it from functioning as intended, especially when it had
already failed in the first place. When UTM (re)routing fails, the system should probably
monitor for changes in state continuously to determine whether UTM can resume con-
trol. Once a viable solution is found, a prompt can be displayed to inform operators and
allow them to choose whether to accept it. This way, operators will understand that if no
prompt appears, the UTM routing service has not identified a solution – thereby avoiding
inefficient reactive loops.

5.5.5. WORKLOAD
Figure 5.17 shows the overall workload ratings in different scenarios measured by NASA-
TLX. Generally, Informed RRT* results in a lower workload than Zeta*-SIPP, with the dif-
ference being particularly pronounced in the complex-failure scenario. Wilcoxon Signed-
Rank tests confirmed the significant difference in this scenario (V = 96, p = 0.044,r c =
0.6). This is likely because the explored space of Informed RRT* could offer more sup-
port for participants in addressing failure events. As the drone’s battery power decreases,
its manoeuvring space (i.e., search space) narrows. Given the fixed number of sampling
points, the likelihood of finding a feasible path with Informed RRT* actually increases.
To further compare the differences among the four scenarios, the average workload was
calculated for Zeta*-SIPP and Informed RRT*. Friedman tests revealed significant differ-
ences between them (χ2(3) = 33.075, p < 0.001, w = 0.689). Pairwise comparisons with
Bonferroni correction further disclosed that the simple-normal and complex-failure sce-
narios differed significantly from all the other scenarios. This illustrates that the workload
for supervising the UTM system is influenced by the scenario complexity.

Figure 5.18 presents the distribution of the workload measured by NASA-TLX across
six dimensions. For easier observation, the ratings are normalised to [0.1,1.0]. Unlike the
original package [240], the max-min normalisation is applied to the entire data matrix
instead of individually to each dimension, as all dimensions share the same scale. As the
complexity of the scenario increases, nearly every dimension of the workload increases
as well. However, the physical demand drops significantly in the complex-failure sce-
nario for both Zeta*-SIPP and Informed RRT*. This is likely because participants focused
more on the drone that failed to reroute, reducing their attention to and interventions
with other drones. This trend can also be observed in Figures 5.10 and 5.14. For Zeta*-
SIPP, the temporal demand was consistently higher than that of Informed RRT* across
all scenarios. This can be attributed to the fact that the explored space of Zeta*-SIPP
is more ambiguous [214], requiring participants to allocate more attention to interpret-
ing the portrayed information. For Informed RRT*, the frustration was generally higher,
probably because the uncertainty introduced by its random sampling strategy caused
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Figure 5.17: Overall workload ratings measured by NASA-TLX in different scenarios.

participants to feel insecure.

5.5.6. INTERFACE ACCEPTANCE
Table 5.3 presents the participants’ subjective ratings of interface acceptance as mea-
sured by MCH-UVD. Please recall that a rating was given after each trial, and thus there
are totally 128 results. In most cases (90.6%), participants considered the display accept-
able for supervising UTM operations. Three participants felt that the interface required
improvement (ratings of 5 and 6) in the complex-failure scenario. This was caused by
Zeta*-SIPP, and the participants believed that Zeta*-SIPP and its associated transparency
information (e.g., explored space) did not provide adequate support for task completion.

Table 5.3: Number of observations in the MCH-UVD categories.

Scenario
Display is

acceptable

Deficien-
cies

warrant
improve-

ment

Deficiencies require
improvement

Mandatory
redesign

10 9 8 7 6 5 4 3 2 1

Simple-Normal 17 15 0 0 0 0 0 0 0 0
Simple-Failure 17 13 2 0 0 0 0 0 0 0
Complex-Normal 15 16 1 0 0 0 0 0 0 0
Complex-Failure 8 15 4 2 2 1 0 0 0 0

In the complex-failure scenario, some participants found it difficult to address the
failure event based on the available information. The interface should be improved to
better support operators in handling automation failures. For example, instead of re-
peatedly issuing commands and observing the outcomes, a preview feature could be in-
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Figure 5.18: Radar-boxplots [240] depicting the distribution of workload across six dimensions, with weights for
each dimension integrated into the ratings. The inner darker region represents the 25th to 75th
percentiles of each dimension, while the outer lighter region indicates the total range, excluding
outliers. The white dashed line denotes the median value.
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troduced that allows operators to quickly review potential resolution options before fi-
nalising their decisions. As one participant noted, “It would be nice to have a preview for
what the UTM would plan, because sometimes I switched back to the UTM but then re-
gretted it.” A drop-down menu with predefined headings (e.g., with 5◦ increments) can
also be integrated into the command line. When operators hover over a heading option,
a preview of the outcomes (e.g., CPA) can be displayed on the main screen. However,
the downside of such a preview feature is that it may cause delays in operator responses.
More experiments are required to explore its impact.

Another approach is to allow operators to directly manipulate drone routes on the
map, accompanied by a preview that indicates whether a solution is viable or problem-
atic. As one participant suggested, “It would be nice if, instead of setting a heading, you
could click to add an intermediate waypoint.” This approach follows the principles of di-
rect manipulation [241] and is similar to existing ATM decision support tools [109, 187,
195, 242]. Additionally, the interface would be more flexible if it allowed operators to ad-
just the parameters of the path-planning algorithm. A participant remarked, “Zeta*-SIPP
would be better if the grid size were smaller in my opinion.” If feasible solutions exist in
the search space, an automation failure in path planning typically indicates that the algo-
rithm is overly constrained by its own parameters, such as the grid size in Zeta*-SIPP and
the number of sampling points in Informed RRT*. In this case, human operators could
either manually examine areas beyond those explored by the algorithm or enhance the
algorithm’s capabilities to explore a broader space.

In summary, these interface deficiencies primarily arise from insufficient decision
support for human operators. This is because the interface developed in this study was
mainly designed for supervision, particularly through various transparency elements.
Further research is needed to enhance support for human intervention.

5.6. DISCUSSION

5.6.1. THE UTILITY OF TRANSPARENCY IN UTM SUPERVISION
In this research, eight transparency elements were designed for UTM based on the uni-
fied transparency taxonomy (see Figure 5.1). A human-in-the-loop experiment was con-
ducted to explore the usage of these elements in UTM supervision. The results indicate
that the conflict detection for the flying route was found to be the most important and
useful transparency element (H1). This finding aligns with the previous survey study in
Chapter 4 and the design choice implemented in the TAPAS project [55]. Unlike tradi-
tional ATM, trajectory prediction and conflict detection in UTM are much more chal-
lenging for operators because of the substantial speed differences between drones and
crewed aircraft. Most participants heavily relied on, and frequently used, the conflict de-
tection element during the experiment. This phenomenon has also been confirmed in
another UTM experiment [63].

The experiment results also suggest that operators require more information when
automation fails, particularly the drone manoeuvring space and the algorithm’s explored
space (H2). Contrary to the expectations, participants rarely accessed the algorithm’s
search process, even in the failure scenarios. During the experiment, it was observed that
some participants felt confused when UTM failed to reroute a drone. However, when they
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noticed the appearance of a new crewed aircraft whose route conflicted with the drone’s
route, they quickly understood what happened and why UTM failed. Although the corre-
sponding event messages appeared in the bottom-left corner of the display, participants
often overlooked them, focusing instead on the map. It seems that, instead of detailing
the search process, highlighting changes in the environment or constraints directly on the
map may be more useful for explaining automation failures in operational contexts [77].
The presentation of the search process may be more suitable for training and post-hoc
analysis, helping operators become familiar with their algorithmic co-workers.

It was found that participants mainly used transparency information to enhance their
situation awareness, such as actively scanning the CPA-related information to detect po-
tential conflicts and activating the wind field and drone manoeuvring space to identify
domain constraints. Even though the transparency elements were designed primarily to
provide insights into UTM, participants also utilised them as a decision support tool. For
example, most participants disabled the algorithm’s explored space in the normal scenar-
ios. However, in the failure scenarios requiring operator intervention, participants exam-
ined the explored space (the algorithm’s efforts to find solutions) to gather hints about
which direction was most likely to resolve conflicts and enable the drone to complete its
mission, especially when using Informed RRT*.

Additionally, transparency helped participants gain a clear understanding of the al-
gorithms and their limitations. Regarding Zeta*-SIPP, one participant observed, “It starts
with the direct route and then searches for small deviations from that.” Another partic-
ipant recognised how to revise the algorithm to improve its performance: “Zeta*-SIPP
would be better if the grid size were smaller in my opinion.” For Informed RRT*, a partic-
ipant shared, “It gave me more intuition on where to look for feasible solutions”. Another
noted, “It cannot ensure that the solution found is optimal.” This benefit of transparency
on human understanding aligns with findings from the previous study in Chapter 3.

5.6.2. THE IMPACT OF ALGORITHM TYPE ON UTM SUPERVISION
Graph- and sampling-based algorithms are two common approaches for path planning.
Both first discretise the continuous search space to reduce the complexity of the prob-
lem and then perform a search within the discretised space to build a search tree. The
branches of the tree represent passable connections between nodes, and the path from
the start (root) to each node can be traced through these branches. Once the target is
added to the search tree, it means that a feasible path from the start to the target has
been found. For optimal path-planning algorithms, such as those based on A*, the fea-
sible path found by the tree typically represents the optimal path within the discretised
space. An advantage of graph- and sampling-based path-planning algorithms is that their
internal processes can be easily portrayed to achieve algorithmic transparency. This ben-
efit could make it easier for operators to understand how the algorithms work and ac-
cept them as collaborators in tactical UTM operations. This is also why Zeta*-SIPP and
Informed RRT*, two advanced graph- and sampling-based algorithms, were chosen for
UTM rerouting in this research.

The experiment results suggest that Informed RRT* might be better suited than Zeta*-
SIPP for operators supervising the UTM system (H3). Although no significant difference
was found in the use of the explored space element, participants tended to activate this
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element more frequently when using Informed RRT*. Additionally, the workload asso-
ciated with Informed RRT* is generally lower compared to Zeta*-SIPP, with a significant
difference observed in the complex-failure scenario. The post-hoc questionnaire shows
that 10 out of 16 participants preferred Informed RRT*, appreciating its ability to provide
potential directions for conflict resolution and rerouting.

However, this cannot conclusively recommend that the UTM system should adopt a
sampling-based path-planning algorithm. Different operators may have different prefer-
ences. The post-hoc questionnaire also reveals that 6 participants favoured Zeta*-SIPP,
disliking the randomness of Informed RRT* and valuing the optimality of Zeta*-SIPP. One
possible solution is to leverage the strengths of both algorithms, allowing operators to
choose their preferred option during operations. Zeta*-SIPP can be used as the default
option. Should it fail to reroute, operators can switch to Informed RRT* to explore poten-
tial directions for resolving conflicts. Certainly, this method applies only to centralised
UTM systems, where one algorithm controls all drones instead of each drone having a
different algorithm. The differences between centralised and distributed UTM systems
will be discussed in Section 5.6.3.

Additionally, operators can be allowed to specify a direction for (Informed) RRT* ex-
ploration, enabling its sampling to follow a Gaussian distribution centred on that direc-
tion rather than being uniformly random within its sampling space. This could make
the operators’ intent transparent to UTM as well, supporting bi-directional transparency
[134]. This approach allows the algorithm to explore the search space in alignment with
the operators’ preferences and may also be helpful in scenarios involving automation
failures. For example, instead of relying on manual trial and error, operators can assign
a potential direction for resolving conflicts to the algorithm and let it explore automati-
cally. However, this customisation could also slow down the algorithm’s convergence to
the optimal solution, potentially affecting its efficiency and increasing flight delays.

Overall, the choice of algorithms and whether to tune them to cater to human pref-
erences depend on the system’s goals. For a human-centred automated system like ATM
and UTM, aligning algorithmic behaviour with users’ needs, expectations, and decision-
making processes may reduce their doubts, lower their demands for transparency, and
increase their acceptance and trust in the automated system [61, 113, 201].

5.6.3. THE CONCEPT OF OPERATIONS FOR UTM IN CTR
During the experiment, participants were allowed to intervene in the UTM system by us-
ing geofences or assuming direct control over drones. Actually, the extremes of these two
methods correspond to two operational concepts: full segregation and full integration
[15]. The full segregation is airspace-centric, indicating that the responsibility over the
airspace should be clarified between ATM and UTM. The ATM airspace is regarded as no-
fly zones (geofences) for UTM operations. The full integration resembles the current ATM
system, which resolves conflicts by directly modifying aircraft routes (e.g., issue a heading
command). However, since UTM is fully automated, operator intervention involves the
allocation of responsibility for drone flights, which is a flight-centric approach [235].

The experiment results show that participants rarely used geofences and preferred
direct control of drones. This finding aligns with the observations in the previous UTM
experiments [14, 15, 63], where operators expressed their wish to actively influence UTM
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routing to resolve conflicts. However, this does not mean that geofencing is useless. If the
traffic load would be very high, operators may not have sufficient time to directly con-
trol drones. In this experiment, the number of drones was relatively low (not hundreds),
and most drones were safely managed by UTM since the path-planning algorithm took
dynamic obstacles into account as well. Participants only needed to intervene with a few
drones they found problematic.

The algorithm requires predicting the trajectories of crewed aircraft. If the prediction
is not accurate, the routes found by the algorithm may be unsafe. Should this uncertainty
affect multiple drones, operators might need to activate geofences to safeguard crewed
aircraft from drone interference. Technically, a dynamic obstacle indicates that a certain
space will be occupied over a certain period. Geofencing actually adds a time buffer to
this occupation, which is particularly helpful when the predictions of dynamic obstacles
are unreliable. In real-world operations, HEMS and VFR flights may be more uncertain
than those simulated in the experiment, and hazardous weather patterns, such the move-
ment of strong wind fields, are difficult to predict as well. In this case, geofencing could
serve as a tool to ensure that drones are safely separated from other objects.

During the experiment, it was also found that one participant combined geofenc-
ing with manual control, as shown in Figure 5.19. They activated geofences to increase
the separation buffer for a drone with KL0003, while simultaneously instructing another
affected drone (green drone) to ignore the geofences and proceed directly to its target.
Overall, the effectiveness of the two control methods, Dynamic Airspace Reconfiguration
(DAR) and issuing direct commands to drones, across different scenarios may warrant
further research.

(a) Green drone passing through the activated geofences (b) Blue drone affected by the activated geofences

Figure 5.19: Geofencing combined with manual control in the simple-normal scenario: screenshots from a par-
ticipant’s experiment. Both KL0001 and KL0003 are preparing to land. The route and corresponding
green corridor of KL0003 are shown in (b).

In addition to geofencing, which prevents drones from entering a designated area,
geocaging has been introduced to ensure that drones remain within a specified region
[11]. For example, if a certain airspace is rarely accessed by crewed aircraft, it can be
allocated for drone operations through geocaging, thereby alleviating concerns about in-
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teractions between drones and crewed aircraft. This approach is particularly appropriate
for the initial implementations of UTM, when drone traffic is still relatively low. How-
ever, as drone operations continue to expand, it becomes inevitable that they will need to
operate within airspace occupied by crewed aircraft during activities such as railway in-
spections and medical deliveries. In some cases, emergency helicopters may also need to
enter areas assigned for drone operations. Dynamic geofencing, as demonstrated in this
research, is therefore necessary to ensure safe separation between drones and crewed
aircraft, especially when the number of drones is large. Future airspace management for
drone operations may benefit from combining both geofencing and geocaging.

Additionally, this study adopts a centralised UTM operational concept in controlled
airspace (see Figure 5.4), where the responsibility for safe separation between drones and
crewed aircraft is managed by a centralised (human or machine) agent, aligning with the
U-space framework [9]. However, a distributed UTM system is also possible [8], where
drone operators or the autonomous drones themselves are responsible for their flight
safety. In this case, the UTM services only provide information assistance (e.g., the lo-
cations and intents of other aircraft) and decision support (e.g., conflict resolution advi-
sories) without issuing mandatory commands. Despite the differences between the cen-
tralised and distributed UTM systems, the interface developed in this research can also
be adapted for supporting drone operators to supervise their own operations [178]. In-
stead of monitoring the entire airspace, they only need to oversee their individual flights,
with the proposed transparency elements offering insights into the automation.

5.6.4. LIMITATIONS AND FUTURE RESEARCH
To explore the usage of transparency in supervising UTM systems, an interface was de-
veloped that served as a test bed for investigating the efficacy of various visual elements.
During the experiment, several deficiencies of the interface have been identified. For ex-
ample, in the interface, clicking on an empty point on the map will deselect all aircraft.
Participants often accidentally did it when trying to select an aircraft, inadvertently re-
moving the route information of other aircraft of interest. To access the CPA information,
users have to left-click on a drone to display its route and then right-click on the CPA
symbol to view the details. Some participants mentioned that this process required too
many clicks and suggested that it would be better to display the CPA information directly.
Additionally, participants often had to try to input multiple headings to find a satisfac-
tory one using the command line. To mitigate this issue, the interface could allow users
to directly manipulate drone routes on the map. Alternatively, it could integrate a drop-
down menu with multiple candidate headings into the command line, accompanied by
a preview showing the estimated outcomes for each option.

This study focused on visual transparency for automation failures rather than tex-
tual transparency, although it did incorporate event messages into the interface (see Fig-
ure 5.3). Textual transparency could generally offer more concise explanations for failure
causes – for example, “UTM failed to reroute due to too large grid size.” However, failures
often result from multiple contributing factors. It can also be, “UTM failed to reroute due
to insufficient drone endurance, strong headwinds or incoming crewed aircraft.” Some-
times, it is difficult to extract clear and unambiguous textual explanations. Moreover, vi-
sual transparency is built on the map and is directly tied to drone routes, making it more
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immediately noticeable. The visual representation of the algorithm’s explored space can
also provide intuitive cues for human intervention, such as identifying which headings or
regions could be conflict-free.

In general, the developed interface was primarily intended to support UTM supervi-
sion and monitoring. However, the experiment results indicated that effective support for
intervention is also important. When automation fails, operators have to assume control
and intervene manually. However, the occurrence of such failures usually signals that lit-
tle margin remains to resolve the issues. Operators may be overwhelmed by the sudden
surge in stress and workload. In these high-pressure situations, a well-designed decision-
support tool may be necessary and perhaps even more so than in non-automated settings
[169]. In fact, decision-support tools share some similarities with transparency, as both
provide relevant information to users. However, decision-support tools primarily focus
on assisting users in making informed decisions, while transparency emphasises explain-
ing how automation reaches its decisions. Research on explainable motion planning
[123] also emphasises: explanations should be actionable, offering guidance on what
changes are needed to achieve the desired output. These findings collectively underscore
that supporting intervention (e.g., decision-support tools) is as critical as supporting su-
pervision (e.g., transparency).

Future research could consider other types of path-planning algorithms and/or ex-
plore potential combinations of graph- and sampling-based algorithms to better satisfy
operators’ preferences. One could also explore how operators interact with the algorithm
when given the ability to adjust its parameters. By intervening in the algorithm, oper-
ators can effectively communicate their needs to the system, ultimately fostering better
human–machine collaboration. However, incorporating human preferences may reduce
the algorithm’s efficiency. For example, operators may add a buffer to the minimum sepa-
ration constraint to encourage the algorithm to find more robust and safer solutions. This
decision may reduce their workload and pressure but could also lead to increased delays
for aircraft. Therefore, a balance between accommodating human preferences and opti-
mising system performance needs to be found for human-centred UTM systems.

5.7. CONCLUSION
This chapter focuses on UTM in CTR around airports, addressing challenges arising from
the collaborative operations between ATM and UTM in low-altitude airspace. To sup-
port operators in supervising UTM, a transparent UTM interface was developed that in-
tegrates eight information elements derived from a unified transparency taxonomy. A
human-in-the-loop experiment was then conducted to explore the usage of these ele-
ments in UTM supervision. The results indicate that the conflict detection for the flying
route is the most useful element among all scenarios. When UTM fails to reroute a drone,
operators tend to require more information, especially the drone manoeuvring space and
the algorithm’s explored space, to help them manually address the issue. The number of
drones may not be the primary factor influencing transparency usage, although it could
affect the operators’ workload.

The experiment also investigated the impact of algorithm type on UTM supervision,
revealing that the sampling-based algorithm Informed RRT* might be more suitable for
supervising UTM compared to the graph-based algorithm Zeta*-SIPP. This is because the
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explored space of Informed RRT* could offer more insights to assist operators in han-
dling UTM rerouting failures. However, the randomness of the sampling-based algorithm
may be an obstacle for some operational users to accept it. Integrating both graph- and
sampling-based algorithms into UTM might provide more flexibility for supporting UTM
supervision. This research serves as a practical example of human-machine interaction
with advanced path-planning algorithms in tactical operations, offering a reference for
applying transparency in dynamic scenarios.



6
DISCUSSION AND CONCLUSIONS

The previous chapters constitute the main part of this dissertation. They
followed a bottom-up approach that began with transparent path plan-
ning (Chapters 2 and 3) and gradually extended to its application in
UTM (Chapters 4 and 5). This chapter, as a final summary, first revis-
its the research problem and summarises the main findings by answer-
ing the four research questions investigated in this dissertation. It then
recommends potential directions for extending this research by relaxing
some of the underlying assumptions. Finally, it concludes by distilling
the main takeaways and the most significant insights.
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6.1. RETROSPECTIVE
To accommodate the anticipated surge in drone operations, with varying types and mis-
sions, Uncrewed Air Traffic Management (UTM) systems are being developed worldwide,
including American UTM [8] and European U-space [9]. Despite differences among these
initiatives, there is a broad consensus that UTM operations should be highly automated.
However, it cannot be guaranteed that automated UTM will always function correctly. To
enhance the overall safety and reliability, UTM should be designed to enable human op-
erators to supervise its operations [129, 169]. Once UTM fails or behaves unexpectedly,
operators should be able to understand the underlying causes and intervene in the UTM
decisions when necessary.

Research suggests that some form of “seeing-into” transparency may be necessary to
support human supervision of automation [18–20]. However, there is no unified method
for transparency design in algorithmic systems, and it remains unclear what algorithmic
transparency entails in UTM contexts. Therefore, the main research problem this disser-
tation addressed is:

Research Problem

How can algorithmic transparency be achieved in UTM to support tactical UTM op-
erations within controlled airspace, ensuring that human operators can effectively
understand and supervise automated UTM decision-making?

As illustrated in Chapter 1, (conflict-free) path planning is central to UTM since the
goal of UTM is to safely navigate drones to their destinations. This dissertation therefore
focuses on path-planning algorithms. Based on this, four key points can be derived from
the research problem, leading to the formulation of the four research questions:
1) how to achieve algorithmic transparency in path planning (RQ1),
2) how algorithmic transparency improves human understanding (RQ2),
3) how to achieve algorithmic transparency to support UTM supervision (RQ3), and
4) how algorithmic transparency supports UTM supervision (RQ4).

Considering that path-planning algorithms typically follow fixed procedures largely
independent of context, a bottom-up approach was adopted, starting with transparent
path planning (RQ1 and RQ2) and gradually extending it to the UTM context (RQ3 and
RQ4). Figure 6.1 depicts the design cycle of this research.

The first iteration focused on transparent path planning, and aimed to visually reveal
the internal processes of path-planning algorithms (Chapter 2). A user study was per-
formed to evaluate its impact on human understanding, demonstrating its effectiveness.
(Chapter 3). In this iterative process, no specific context was involved, and the resulting
transparency was referred to as engineering transparency.

In the second iteration (Chapter 4), the scope was expanded to the UTM context, in-
troducing the concept of operational transparency to provide information that supports
operator situation awareness. A unified transparency taxonomy was thus proposed by
integrating operational and engineering transparency, as shown in Figure 6.2. In this tax-
onomy, domain transparency was defined as a bridge, referring to the disclosure of the
physical and intentional constraints of work domains. Based on the taxonomy, various
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1. Design

2. Evaluation

3. Design

4. Survey

Transparent Path Planning

5. Design

6. Evaluation

Transparency in Uncrewed Air Traffic Management

RQ1 & RQ2 RQ3: Early prototype RQ4: Final prototype

Engineering Transparency Engineering Transparency + Operational Transparency

Figure 6.1: Design cycle in this dissertation.

2

▪ Solution: What is the solution?

▪ Purpose/Intent: Why does automation propose this solution?

▪ Expected outcomes: What are the expected outcomes of this solution?

▪ Explored solutions: What other alternative solutions were explored?

▪ Cost values: What were the cost values of those alternative solutions?

▪ Computational process: How were these solutions explored?

▪ Domain constraints: What is the physical space of possibilities for finding solutions?

Operational transparency

Engineering transparency

Domain 

transparency

Figure 6.2: Product 1: Proposed unified taxonomy for algorithmic transparency.

transparency elements for UTM, along with their early visual prototypes, were devised. A
survey study was conducted to investigate operators’ opinions on the usefulness of these
elements for supervising UTM operations.

Using the feedback received from the survey, a final interface prototype was devel-
oped within the third iteration, as depicted in Figure 6.3. To evaluate this interface, a
human-in-the-loop experiment was conducted to explore the usage of transparency in
real-time, tactical UTM operations (Chapter 5).

6.1.1. TREE-BASED VISUALISATION

Research Question 1 Chapter 2

How can the internal processes of path-planning algorithms be visualised via a uni-
fied approach, and what impact does such visualisation have on algorithm runtime?

Given the focus on graph-based and sampling-based algorithms, the path-planning
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Figure 6.3: Product 2: UTM interface prototype DroneCTR1.

process can be depicted by the growth of a tree from a start point to a target point. This
tree, known as a search tree, may have unnecessary nodes pruned during its growth to
conserve computing resources for efficiency (e.g., speedup and memory). The branches
of the search tree, representing the connections between nodes, may also be adjusted to
improve the tree structure for optimality (e.g., path length). Therefore, a visual approach
to transparent path planning requires the storage, extraction, and visualisation of search
trees throughout the planning process. A novel web-based pathfinding visualiser2 was
developed accordingly, incorporating more than ten representative path-planning algo-
rithms. Recall that search nodes are not limited to points and can also take other forms,
like triangles in Anya [65] and Polyanya [68]. The search tree thus has a broader inter-
pretation. Overall, the proposed tree-based visualisation is applicable to a wide range
of tree-based path-planning algorithms, primarily including graph-based and sampling-
based ones.

For other types of algorithms, such as potential field-based [243] and reinforcement
learning-based path planning [244], there is no search process and search tree. Potential
field-based path planning treats obstacles as sources of repulsion and the target point as
a source of attraction, thereby guiding the generation of a path towards the target. Instead
of explicitly searching for a path, this approach constructs an artificial potential field. In
this field, obstacles resemble mountains, while the target appears as a sunken valley. An
agent can be regarded as a ball: no matter where it starts, it will eventually roll down and
settle into the target area. However, a key drawback of this approach is its susceptibility

1URL: http://dronectr.tudelft.nl/, ID: transparency
2URL: http://dronectr.tudelft.nl/, ID: pathfinder

http://dronectr.tudelft.nl/
http://dronectr.tudelft.nl/
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to becoming trapped in local minima, where the agent may be unable to reach the goal.
Reinforcement learning-based path planning learns a policy to navigate an agent to its
target. The policy specifies the action the agent should take based on its current state.
Since the state mainly refers to the agent’s position in path planning, the policy should
ideally be capable of generating a feasible path from any start point. Therefore, the policy
can also be seen as a field, with the agent behaving like a ball that rolls towards the target,
regardless of its initial position.

It seems that the tree-based visualisation is not feasible for these types of path plan-
ning. However, since a search tree represents the connections between nodes, a tree-like
structure can still be built to explicitly portray the artificial potential field or learned pol-
icy. As demonstrated in Figure 6.4, given any start point on the grid, the field or policy
can guide the agent to the target point (red circle) via a path (orange line). By traversing
all possible start points, a tree can be formed with the target point as its root. Essentially,
the tree-based visualisation is intended to make the underlying navigation strategy of the
path-planning algorithm visually salient – whether the strategy is predefined (potential
field-based), learned (learning-based), or searched (graph- and sampling-based).

Figure 6.4: A schematic illustration of tree-based visualisations for potential fields or learned policies. The red
circle is the target point.

As noted earlier, transparent path planning requires extracting information from the
search process, which inevitably introduces additional computational overhead. Bench-
marking results show that extracting all search trees representing the entire search pro-
cess may significantly slow down the original path planning, with the degree of slowdown
varying across different algorithms. To mitigate this impact, the search tree extraction can
be performed afterwards or on a separate thread, rather than during the search process.

The impact of transparency on algorithm runtime could be a concern for real-time,
large-scale operations, particularly those involving large maps. In this case, human oper-
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ators may encounter delayed feedback from the algorithm, leading to slower responses,
mistimed corrections, and ultimately unstable human-machine interactions. To address
this issue, one approach is to use a faster path-planning algorithm that expands only the
necessary branches, pruning unnecessary ones early in the search process. This can im-
prove both path planning and information extraction speeds. Alternatively, the system’s
computational load can be reduced by lowering the level of transparency (RQ2), thereby
limiting the amount of information that needs to be extracted and revealed.

For algorithm designers and policymakers, this slowdown may be of little concern. In
fact, a slower algorithm might even improve their evaluation of the algorithm [105]. The
additional waiting time allows them to reflect on the problems and potential solutions,
thereby deepening their understanding of the algorithm’s decision-making process (e.g.,
for debugging and auditing).

6.1.2. IMPACT OF TRANSPARENCY ON UNDERSTANDING

Research Question 2 Chapter 3

How can visual algorithmic transparency information in path planning be organised
in a structured way, and how does that affect human understanding?

The primary objective of algorithmic transparency is to enhance human understand-
ing of how an algorithm functions, and thus transparency should be designed with hu-
man users in mind. To avoid overwhelming users, transparency is generally structured
into hierarchical levels, facilitating the progressive disclosure of the algorithm’s internal
mechanisms [22, 30]. Six levels of transparency for path planning were proposed in Chap-
ter 3. In these levels, the path-planning information was chunked into distinct elements,
such as search space, discretised space (predefined or random graphs), explored nodes,
and search trees. These elements were organised such that more detailed information
can be presented at higher levels of transparency. The final level involves animating the
search process, corresponding to Chapter 2 (RQ1).

To assess the effectiveness of algorithmic transparency in path planning, a user study
was conducted to explore how human understanding evolves with the increasing levels
of transparency provided. To enhance the generalisability of the findings and investigate
whether the type of algorithm influences understanding, two distinct path-planning al-
gorithms were chosen: Theta* (graph-based) and Informed RRT* (sampling-based). The
experiment results indicate that increased transparency enables non-experts to under-
stand path-planning algorithms more confidently and accurately, with sampling-based
algorithms likely being easier to comprehend than graph-based ones.

While the overall trend in the experiment suggests that increased transparency can
enhance understanding, it is also found that this effect may not always hold, particu-
larly when the algorithm’s behaviour violates human expectations [30, 148]. For exam-
ple, when transparency was low, some participants believed that Theta* generated its
search nodes at the corners of obstacles, as the paths it found were relatively straight
and the turning points often appeared around obstacle corners. However, with increased
transparency, this expectation was challenged when it became evident that Theta* in fact
explored the search space grid by grid. This contradiction resulted in some degree of



6

146 6. DISCUSSION AND CONCLUSIONS

confusion. For Informed RRT*, the incomplete overlap between its sampling points and
explored nodes also confused some participants upon their first exposure to the explored
nodes (Level 3). They initially thought that the sampling points reflected the space and
locations explored by the algorithm. However, actually, these points were used only to
discretise the search space and guide the exploration direction of the search tree.

This finding aligns with the concept of model reconciliation in Explainable AI Plan-
ning (XAIP) [73, 74], where the differences between human mental models and AI models
are considered the cause of the need for explanations. Increasing transparency can also
be regarded as a means to correct human mental models, which helps explain why greater
transparency often leads to improved understanding. However, the visual transparency
designed in this research is not tailored to specific individuals. Participants were required
to interpret the presented information on their own. To further enhance understanding
and reduce confusion, (interactive) textual or verbal explanations could be incorporated
to clarify the elements and processes involved in path-planning algorithms. These expla-
nations could more precisely convey the semantic content of the visual information.

The study results also show that sampling-based path-planning algorithms may be
easier to understand than graph-based algorithms. One possible reason is that the ran-
dom exploration strategy of Informed RRT* is readily observable. For example, Informed
RRT* will generate different paths in the same environments. Even with minimal trans-
parency (Level 1), most participants were able to recognise that the algorithm employed
a certain random approach. Although the randomness of Informed RRT* makes its next
step during exploration unpredictable, the overall pattern is clear: the search expands
randomly from the start point and is limited within a certain region (the search space). In
contrast, Theta* relies on deterministic procedures, with embedded line-of-sight checks
that enable it to ignore adjacent grids and construct more direct paths. This strategy will
cause a mismatch between the edges of the graph (adjacent grids) and the branches of
the search tree (paths), making the algorithm’s behaviour less intuitive to interpret.

Certainly, the difficulty of understanding an algorithm also depends on its complexity.
Theta* cannot represent the entire family of graph-based path-planning algorithms. A*,
which usually follows the edges of the graph exactly, may be easier to comprehend than
Theta*. Polyanya, with its unconventional graph structure and search nodes, might be
more challenging to understand. These speculations warrant further experimental inves-
tigation. Contrary to the expectation, the study overall suggests that the random strategy
used in sampling-based path planning is generally meaningful and intuitive to humans,
and may be more easily understood than approaches based on predefined graphs.

6.1.3. UNIFIED TRANSPARENCY TAXONOMY

Research Question 3 Chapter 4

What constitutes algorithmic transparency in tactical UTM operations, and what are
operators’ perceptions regarding its role in supporting UTM supervision?

In tactical UTM operations, the goal of UTM is to safely navigate drones to their des-
tinations. This is essentially a (conflict-free) path-planning problem. Therefore, Chapter
4 builds upon the research on transparent path planning in Chapters 2 and 3, extending



6.1. RETROSPECTIVE

6

147

it to the UTM context. Here, algorithmic transparency encompasses not only the internal
processes of path-planning algorithms, but also their interactions with the surrounding
environment and operational context.

A unified taxonomy was therefore proposed, integrating operational, domain and en-
gineering transparency, as presented in Figure 6.2. The taxonomy is structured around
the “solution” proposed by an algorithm, with each category reflecting a distinct aspect
of transparency. The operational transparency can be seen as a variant of the Situation
Awareness-based Agent Transparency (SAT) model [22], and the proposed three cate-
gories align with the SAT model’s three levels. The domain transparency is derived from
Ecological Interface Design (EID) [53] and Cognitive Work Analysis (CWA) [57], both of
which emphasise the importance of making the underlying structure of the work domain
visually salient. The engineering transparency is inspired by Explainable AI (XAI) [31] and
transparent path planning. The three proposed categories of engineering transparency
also correspond to the three categories of operational transparency.

Based on the proposed taxonomy, twenty transparency elements and fourteen corre-
sponding visual prototypes for supporting UTM supervision were devised in Chapter 4. A
survey-based user study was conducted to explore operators’ needs and preferences re-
garding these elements and prototypes, and to validate the effectiveness of the proposed
taxonomy. Since UTM is not yet operational, no dedicated UTM operator or supervisor
is available. Thus, twelve professional ATCos and twelve drone experts, whose roles are
closely related to UTM, were invited to participate in this study.

Results show that operational transparency is preferable to engineering transparency
in nominal UTM operations. In UTM failure scenarios, both types of transparency were
considered useful and valuable. The study also asked participants to group the proposed
twenty transparency elements, and their groupings closely aligned with the proposed tax-
onomy. Additionally, no significant differences were found between ATCos and drone
experts regarding their transparency needs and preferences, suggesting that a “one-size-
fits-all” transparency solution for UTM would be possible.

When the focus shifted from transparent path planning to UTM routing, it was sur-
prising to find that the AI and ATM communities seemed to have different interpreta-
tions of transparency. Research on transparency in ATM emphasises operational trans-
parency that supports operators in maintaining situation awareness when collaborating
with automation [55]. In contrast, XAI seeks to reveal the inner workings of AI to make its
functioning understandable to humans [32, 33], which is referred to as engineering trans-
parency in this research. Endsley [70] also discussed the distinction between these two
perspectives (but using different terminology). In this study, it is found that operational
transparency is favoured over engineering transparency in nominal UTM operations.

Essentially, this difference in focus on transparency stems from the goals and needs
of users. In operational contexts, operators are mainly concerned with completing their
tasks safely, efficiently and/or sustainably. They may not need to understand how the al-
gorithm arrived at a solution, but rather how that solution affects the overall situation and
environment. Operational transparency helps operators assess whether a proposed so-
lution aligns with their goals, and whether an alternative solution or manual intervention
is required. In contrast, in the AI field, opening the “black box” is usually necessary to de-
velop trustworthy systems and facilitate their real-world applications. Engineering trans-
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parency helps developers debug their software and enables policymakers to audit algo-
rithmic systems. The survey study reveals no significant difference between ATCos and
drone experts, despite their different professional backgrounds and experiences. This
can also be attributed to the fact that they were assigned the same role (UTM supervisor),
and thus their transparency needs were similar.

However, this does not imply that engineering transparency is useless in operational
contexts. When automation fails or exhibits unexpected behaviour, operators may need
engineering transparency to understand what happened and why it happened [13]. This
is also reflected in the survey study, where participants expressed a desire to access all
relevant transparency information in automation failure scenarios.

However, the relevance of the information and the manner in which it is presented are
contingent on the particular context and circumstances. Therefore, a more systematic
approach is needed to determine what is relevant and under which conditions. The Joint
Control Framework (JCF) may serve this purpose, complementing the proposed trans-
parency taxonomy with an analysis of human-automation interaction patterns [245]. The
JCF provides a framework for analysing interaction patterns between humans and au-
tomation at different levels of cognitive control, modes of control allocation and possible
behavioural trajectories over time. Depending on the interaction pattern, the focus of
transparency may shift. For instance, when automation operates at the execution level,
humans may only require certain elements of operational transparency (e.g., expected
outcomes). Conversely, when automation shifts towards higher-level planning under
time pressure, a small subset of engineering transparency elements may be required to
reveal problems in the underlying computational and/or reasoning processes.

6.1.4. USAGE OF TRANSPARENCY FOR UTM SUPERVISION

Research Question 4 Chapter 5

How do operators use algorithmic transparency in tactical UTM supervision?

Based on insights from the survey-based user study (RQ3), the transparency elements
proposed in Chapter 4 were further improved and implemented as eight buttons in the
UTM interface, as presented in the top left of Figure 6.3. In the survey study (RQ3),
the responses provided by operators were based on their previous operational experi-
ence. Without direct exposure to transparency in real-time operations, their transparency
needs reflected in the survey may not accurately represent their actual requirements.
Therefore, based on the UTM interface, a human-in-the-loop experiment was conducted
to explore how operators use the transparency elements in practice. In alignment with
Chapter 3 (RQ2), a comparison was also made between a graph-based path-planning
algorithm, Zeta*-SIPP, and a sampling-based algorithm, Informed RRT*, in supervising
UTM operations. In this case, the path-planning algorithm is capable of avoiding not
only static obstacles (e.g., geofences) but also dynamic obstacles (e.g., crewed aircraft).

Results show that information regarding the Closest Point of Approach (CPA) between
drones and crewed aircraft (“Expected Outcomes” category in the proposed taxonomy)
is particularly useful for supporting UTM supervision. Participants proactively and fre-
quently accessed the CPA information on drone flying routes to ensure there were no
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potential conflicts with crewed aircraft. The CPA prediction for drone direct routes was
also often used to determine whether drones could fly directly to their destinations to
complete their missions or reduce flight delays.

The frequent use of the CPA information is probably due to the difficulty in predicting
the minimum separation between drones and crewed aircraft. This challenge is caused
by several factors, such as the large speed difference between drones and crewed aircraft,
the substantial impact of wind on drone speed, the varying speeds of takeoff and landing
flights, and the complex trajectories of VFR (Visual Flight Rules) flights. The CPA predic-
tions in UTM differ significantly from those in traditional ATC, where aircraft typically op-
erate at similar speeds. Thus, even for professional ATCos, making such CPA predictions
in UTM is still difficult without proper long-term training tailored to UTM supervision
[14, 63]. The CPA information can help reduce operators’ efforts and support them in su-
pervising UTM operations. In fact, CPA prediction or conflict detection is also central to
traditional ATC and forms the basis for many ATC decision-support tools [54, 187, 195].

This finding suggests that, to effectively support human supervision, automated sys-
tems should be designed to facilitate human evaluation of solutions proposed by algo-
rithms. The situational changes, impacts, and consequences that the proposed solutions
may cause should be clearly communicated to users, particularly when these outcomes
are difficult for humans to predict. Therefore, operational transparency can be regarded
as a means to support human evaluation of situations and proposed solutions. Similarly,
engineering transparency can be seen as a way to support the evaluation of the underly-
ing procedures and processes. For instance, it enables users to assess whether an auto-
mated system operates as intended and, if not, to identify the cause of the malfunction.

While the transparent UTM interface was specifically designed for supporting super-
vision, the experiment findings also underscore the importance of supporting interven-
tion. In human-automation collaboration, transparency allows humans to understand
what the automation is doing and examine whether it is functioning as expected. How-
ever, if something goes wrong, the interface should also provide the means for humans
to intervene and assume control. In such situations, offering decision-support tools may
be even more necessary than in non-automated settings, to reduce the sudden frustra-
tion and pressure caused by automation failures or unanticipated behaviour [169]. Oth-
erwise, operators may become overwhelmed, resulting in distraction and a diminished
awareness of the overall situation, as well as reduced trust and acceptance.

In Chapter 3 (RQ2), it was found that the sampling-based path-planning algorithm
Informed RRT* is easier to understand than the graph-based algorithm Theta*. In Chap-
ter 5 (RQ4), it was also observed that Informed RRT* may be more suitable for UTM su-
pervision than the graph-based algorithm Zeta*-SIPP. Zeta*-SIPP can be regarded as an
enhanced version of Theta*, capable of finding time-optimal any-angle paths in envi-
ronments with dynamic obstacles. The experimental results indicate that Informed RRT*
generally results in a lower workload, especially in the “complex-failure” scenarios. This
is likely because the explored space in Informed RRT* was more intuitive to participants,
particularly the notion that each branch of the search tree corresponded to an exploratory
and feasible action. As a result, the structure of its explored space could offer visual cues
about which directions were more likely to resolve conflicts and which were not.

However, this research cannot conclusively recommend that UTM should employ a
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sampling-based path-planning algorithm such as Informed RRT*. Some participants ex-
plicitly expressed their dislike for the randomness of Informed RRT* and voiced concerns
about its reliability and optimality. The advantages of Informed RRT* over Theta* and
Zeta*-SIPP, identified in the experiments (RQ2 and RQ4), could also potentially be offset
through sufficient pre-training for understanding, improved visualisation for grid-based
path planning, and the development of decision-support tools for human intervention.

Regardless of the algorithms implemented in automated systems, operational users
should undergo thorough training before actual operation. Transparency can play a cru-
cial role in supporting this process, and users should also be properly trained in utilising
transparency elements effectively. Overall, selecting the “best” algorithm for a human-
centred automated system should take into account multiple factors, including the algo-
rithm’s optimality, efficiency, reliability, transparency, and interpretability.

6.2. RECOMMENDATIONS
In this dissertation, some assumptions were made to define and limit the research scope.
However, these assumptions may not always hold in real-world applications. Therefore,
several recommendations for future exploration are discussed as follows.

6.2.1. EXTENSIONS TO LEARNING-BASED ALGORITHMS
This study focuses on graph- and sampling-based path-planning algorithms and, based
on this foundation, proposes a unified taxonomy for algorithmic transparency. However,
owing to the substantial potential offered by machine learning, future research could fur-
ther explore how to extend the taxonomy to include machine learning approaches as well,
addressing transparency for training data, training algorithms and trained models [33].
For instance, visualising the policy in reinforcement learning could offer deeper insights
into the AI decision-making strategy [205]. Revealing the learning process could also as-
sist policymakers in identifying bias in learning-based AI models [28].

Figure 6.5 presents a possible extension of the proposed transparency taxonomy to in-
corporate machine learning algorithms. Since operational transparency mainly concerns
the proposed solution and its interaction with the external environment, the distinction
between heuristic/optimisation and machine learning algorithms lies in (internal) engi-
neering transparency. Each type of engineering transparency in machine learning algo-
rithms has a direct counterpart in heuristic/optimisation algorithms. Explanations for
trained models or policies in machine learning are also associated with XAI. Further re-
search is required to validate and refine this extended transparency taxonomy.

For graph- and sampling-based algorithms, a visual approach is proposed to achieve
transparent path planning based on search trees (Chapter 2). Essentially, this tree-based
visualisation is founded on the fact that the algorithm explores the space from the start
point until the target point is reached. The explored paths construct a tree-like structure,
making them particularly suitable for tree-based visualisation. The end of a search tree
branch means that a feasible path from the start point to that endpoint has been found.
For an A*-based algorithm, when a node is closed, it is considered that the optimal path
to that node has been identified.

As previously discussed, the tree-based visualisation can also be applied to potential



6.2. RECOMMENDATIONS

6

151

Solution

Purpose/Intent

Expected Outcomes

Domain Constraints

Explored Solutions

Cost Values

Computational Process

Trained Model/Policy

Loss/Reward Values

Training Process/Data

Intermediate 

Product

Evaluation 

Standard

Algorithm 

Procedure

Heuristic/Optimisation Algorithm Machine Learning Algorithm

Engineering

Domain

Operational

Figure 6.5: Extended transparency taxonomy including machine learning algorithms.

field-based and reinforcement learning-based path planning, where it serves to indicate
the artificial potential field or learned policy. However, before the policy is fully learned
or finalised, a clear tree structure may not emerge, resulting in a chaotic or unstructured
visualisation. Therefore, to portray the training process, a vector field–based visualisa-
tion may be more appropriate [246]. Figure 6.6 illustrates an example of visualising the
initial and final policies based on vector fields. The training process can be viewed as
analogous to the search process. If all intermediate policies during training were visu-
alised, one might observe the vectors gradually converging towards the target (red circle).
Potential field-based path planning can be viewed as a special case, with the algorithms
being “trained” manually by designers.

Beyond pure reinforcement learning-based path planning, some other learning ap-
proaches have been proposed that can learn heuristics for A*-based algorithms [247] or
sampling distributions for RRT*-based algorithms [248]. This type of learning-based al-
gorithm can also be visualised using search trees, as its learning modules, like plug-ins,
do not alter the core procedures of graph-based and sampling-based algorithms.

6.2.2. ADAPTABLE AND ADAPTIVE TRANSPARENCY
In this dissertation, adaptable transparency is implemented, allowing users to freely acti-
vate or deactivate transparency elements themselves. This approach contrasts with adap-
tive transparency, where changes in transparency information are governed by automa-
tion. Both approaches have their own advantages and disadvantages.

Adaptable transparency offers users full control over the display of transparency in-
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(a) Random initialisation (b) Final policy

Figure 6.6: Vector field-based visualisation for reinforcement learning policies.

formation, helping to prevent automation surprises caused by unexpected automation-
driven changes [171, 234]. By enabling manual adjustments, it can enhance system flex-
ibility, support task-specific customisation, and foster a stronger sense of user agency.
However, this approach introduces some challenges as well. For example, providing too
many control options could overwhelm users, increasing their cognitive load and divert-
ing their attention from primary tasks. There is also a risk that users may configure trans-
parency settings suboptimally, potentially impairing display visibility and reducing over-
all task performance.

In contrast, adaptive transparency dynamically adjusts transparency information ac-
cording to automation-driven assessments of the user’s context, workload, and task de-
mands. By automating the management of information presentation, it can reduce user
effort, maintain an optimal balance between information richness and cognitive load,
and support smoother task execution, especially in high-demand situations. However,
users may struggle to develop accurate mental models of when and how transparency in-
formation is presented. Transparency cues may sometimes appear, disappear, or change
unexpectedly, potentially distracting users and disrupting their situation awareness.

Combining adaptable and adaptive transparency (hybrid) may offer the most effec-
tive strategy for supporting user needs. Adaptable transparency can be applied during
routine operations, allowing users to customise their experience as needed. In contrast,
adaptive transparency mechanisms can be activated in urgent situations, such as con-
flicts, loss of separation, or emergencies, to ensure that critical information is delivered
promptly without overwhelming users [249]. Future research could explore methods for
achieving adaptive transparency and systematically compare adaptable, adaptive, and
hybrid transparency mechanisms within the context of UTM (or ATM).

6.2.3. CENTRALISED AND DISTRIBUTED UTM
This research adopted a centralised UTM operational concept within controlled airspace,
aligned with the U-space framework. This approach mirrors existing ATM systems, thus
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facilitating smooth integration of UTM into ATM operations. Under this centralised con-
cept, a single (path-planning) algorithm is applied to manage all drones, making it eas-
ier for human operators to supervise the UTM operations. Centralised UTM can enable
global planning, thereby improving overall safety and efficiency. It can also enhance the
security of ATM by preventing drones from directly accessing information about crewed
aircraft. However, centralised UTM relies heavily on the capability of the implemented
(path-planning) algorithm. As the number of drones increases significantly, the cen-
tralised algorithm may encounter scalability limitations, leading to delays in response
time.

In addition to centralised UTM, a distributed UTM approach is also possible [8] and
may help to overcome the shortcomings of the centralised concept. Centralised UTM can
be regarded as a single “mind” governing all drones, whereas in distributed UTM, each
drone possesses its own “mind”. This allows distributed UTM to scale more effectively,
managing more drones with less concern about time and memory complexity [207]. In
this distributed concept, the safety responsibilities of drone operations are assigned to
individual drones or their operators rather than to a centralised system or its supervisor.
In this case, the role of UTM services is limited to providing non-mandatory advisories
and sharing intent information among aircraft. The final decision is made by either au-
tonomous drones or by drone operators. However, without a centralised UTM system,
coordination between ATM and UTM may be more difficult, which could potentially be
problematic in controlled airspace.

Therefore, a hybrid UTM system may be the most effective approach to balance cen-
tralised oversight with decentralised operational flexibility. For example, the centralised
approach can be employed in controlled airspace where drone operations intersect with
crewed aviation, ensuring coordination and safety. In contrast, distributed management
can be more suitable for rural and urban environments dominated by drone operations,
where scalability and responsiveness are critical.

Nevertheless, the proposed approach for achieving algorithmic transparency is ap-
plicable to both centralised and distributed UTM, as long as human supervision of drone
operations is required. In centralised UTM, the human supervisors are UTM operators,
similar to ATCos, whereas in distributed UTM, the supervisors are drone operators. The
application scenarios will not affect the main findings of this research, although in dis-
tributed UTM, the supervisors are only responsible for monitoring their own drone oper-
ations rather than the entire airspace.

6.2.4. GEOFENCING AND GEOCAGING
Geofencing is used to define no-fly zones for drones. This research implemented grid-
based geofences based on previous research on ATM–UTM collaborative operations [13,
14, 63]. This design choice was made because fixed grids may be easier for humans to
understand and manipulate, and regular grid structures help limit display complexity.

There are other types of geofences as well, such as circular and polygonal geofences
[250]. Rather than relying solely on activating fixed grids, perhaps UTM could allow oper-
ators to define geofences by drawing custom polygons. This design can limit the number
of geofences (compared to grids) and make it easier to adjust their parameters, such as
shape and time dimension. However, a potential drawback is that the resulting airspace
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structure may become complex and inconsistent across different operators. Further re-
search is required to determine which type of geofences is most effective for UTM.

In addition to geofencing, geocaging has been proposed to restrict drones to operate
within a certain area [11]. Geocaging is particularly suitable for fully segregating drones
from crewed aircraft, limiting interactions and potential conflicts between them. How-
ever, such interactions cannot be entirely eliminated, and geofencing could play a role in
managing them. When a crewed aircraft needs to access a geocaged airspace, geofences
can be dynamically added to separate drones from the crewed aircraft. Similarly, when a
drone has to cross a region where crewed aircraft are taking off or landing, geofences can
also be utilised to protect crewed aircraft from potential drone incursions.

Essentially, geofencing is to define ATM airspace for crewed aircraft, while geocaging
is to define UTM airspace for drone operations. These two techniques can be applied
to the AURA scenarios for ATM–UTM collaborative operations, as shown in Figure 1.2 in
Chapter 1. Future research could further explore how to combine these two techniques
to support Dynamic Airspace Reconfiguration (DAR) in high-density operations.

Additionally, in the experiment in Chapter 5, participants actively controlled drones
instead of relying on geofences, probably because the number of drones was low and rel-
atively manageable through manual control. While the number of drones is expected to
increase significantly in the future, the interactions between drones and crewed aircraft
should be limited to minimise risk and potential conflicts. It can be considered that irrel-
evant drones were automatically filtered out using geocaging and were therefore not dis-
played during the experiment. As a result, participants only needed to supervise drones
that might have an issue, with both geofencing and manual control available. Future re-
search could introduce a more realistic operational environment and allow operators to
configure both geofencing and geocaging settings, in order to further explore which con-
trol methods are most preferred and frequently used for UTM.

6.3. CONCLUSIONS
This dissertation shows how to achieve algorithmic transparency for UTM with a focus
on path-planning algorithms. The goal of algorithmic transparency is to make the inner
workings of an algorithm accessible and comprehensible to humans. The experiment in
this dissertation confirms that increased transparency can enhance human understand-
ing, and the survey study indicates that both ATCos and drone experts consider trans-
parency essential for UTM supervision. Algorithmic transparency can help humans bet-
ter understand an algorithm’s capabilities and limitations, preventing blind acceptance
or rejection of its decisions and fostering well-calibrated trust.

However, the need for transparency is not fixed. As indicated in the survey study and
the final human-in-the-loop experiment, it may vary across different scenarios and con-
texts. In nominal scenarios, operators typically require less transparency, whereas in fail-
ure scenarios, their need for transparency increases. Operators’ transparency needs are
also affected by their familiarity with automation. A deep understanding of the automa-
tion’s functionality can lessen their reliance on transparency. When automation becomes
fully safe, reliable and trustworthy, operators may no longer need to seek transparency –
except occasionally out of curiosity. For example, one can use a mobile phone effectively
without possessing detailed knowledge of its internal mechanisms.
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Algorithmic transparency often involves storing, extracting and presenting informa-
tion from algorithms, at the expense of increased computational resources. For real-time
operations with limited resources, a trade-off may be required between the amount of in-
formation revealed and system performance. Additionally, to avoid overwhelming users
with information, transparency is typically organised into distinct levels, with more de-
tails progressively disclosed. Designing for transparency should take into account both
human (cognitive load) and machine (computational resources) limitations.

Algorithmic transparency can take various forms, including visual, textual, and ver-
bal representations. This research primarily focuses on visual transparency, which excels
at making complex (spatiotemporal) relationships more visually salient. However, visual
transparency may be less effective at conveying precise rules, abstract concepts, and nu-
merical comparisons, where textual explanations often perform better. Likewise, it lacks
the natural, conversational quality of verbal communication, which can be more suit-
able in scenarios where users’ eyes are occupied and visual input cannot be effectively
processed, such as during driving or performing surgery. To enhance human-computer
interaction, a multimodal approach that integrates multiple forms of transparency is rec-
ommended. In path planning, visualising each step of the algorithm alongside the corre-
sponding line of code being executed can probably further enhance understanding.

Overall, transparency is an important step towards trustworthy automation, acting as
a communication bridge between humans and automated systems. However, trustwor-
thiness also depends on the automation itself being reliable, reasonable, and responsible.
Humans, automation, and their interactions all play vital roles in achieving this goal. As
long as automation still requires human supervision, transparency is indispensable.
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ABSTRACT
Any-angle path planning is an extension of traditional path-planning algorithms that
aims to generate smoother and shorter paths in graphs by allowing any-angle moves be-
tween vertices, rather than being restricted by edges. Many any-angle path-planning al-
gorithms have been proposed, such as Theta*, Block A* and Anya, but most of them are
designed only for static environments, which is not applicable when dynamic obstacles are
present. Time-Optimal Any-Angle Safe-Interval Path Planning (TO-AA-SIPP) was devel-
oped to fill this gap, which can find an optimal collision-free any-angle path that min-
imises the traversal time. However, as indicated by its authors, TO-AA-SIPP may not be
efficient enough to be used in Multi-Agent Path Finding (MAPF). Therefore, this chapter
presents a new algorithm Zeta*-SIPP to improve TO-AA-SIPP by means of 1) reducing use-
less search nodes that have no contribution to finding optimal solutions, and 2) introduc-
ing Field of View (FoV) instead of Line of Sight (LoS) to speed up visibility checks with static
obstacles. Benchmark experiments showed that Zeta*-SIPP reduced the computation time
of TO-AA-SIPP by around 70%-90% on average.

A.1. INTRODUCTION
Path planning aims to find an optimal path between two locations. A* [50] is one of the
most classic algorithms to solve the path-planning problem. However, the paths found
by A* are usually not the true shortest because the expansion of A* is limited to adjacent
neighbours and thus the shape of the path is highly affected by the graph structure. On
a square grid map, A* only searches paths in 45-degree increments. Therefore, any-angle
path planning has been developed, which ignores the edges of the graph and allows any-
angle turns at vertices, to generate smoother and shorter paths, such as Theta* [66], Block
A* [87] and Anya [65]. More analysis and evaluation regarding any-angle path planning
can be found in [251]

Most any-angle path-planning algorithms are designed only for static environments,
limiting their applicability in the presence of dynamic obstacles. Path planning with dy-
namic obstacles needs to consider the time dimension when searching for collision-free
paths. A common approach to handle it is to divide the time dimension into multiple
equal-length time slots, thus creating a space-time grid map [252]. In this way, static and
dynamic obstacles can both be represented by space-time grids, and thus path-planning
algorithms, like A*, can be easily extended to dynamic environments. However, this ap-
proach may aggravate the curse of dimensionality problem because obstacle grids could
be quite sparse, especially when there are only few dynamic obstacles. Therefore, Safe
Interval Path Planning (SIPP) [88] was proposed to merge consecutive obstacle-free time
slots into safe intervals, creating a compact space-time map to narrow the search space.

To combine any-angle path planning and SIPP, Any-Angle SIPP (AA-SIPP) was de-
signed [253]. The basic idea of AA-SIPP is similar to Theta*. Both attempt to straighten
paths by checking if the neighbours of a current node can be reached from the parent
of this current node with lower cost. However, this is a greedy approach. AA-SIPP, like
Theta*, is not guaranteed to find true optimal any-angle paths. Thus, Time-Optimal AA-
SIPP with inverted expansion (TO-AA-SIPP is used in this chapter instead of iTO-AA-
SIPP) was further developed [84] by checking if the paths through the current node to
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its neighbours could be straightened by any other node in the search space rather than
only the parent of the current node. This operation ensures optimality but also slows
down the algorithm since too many nodes need to be examined during the search pro-
cess. As stated in [84], TO-AA-SIPP may not be fast enough to be straightforwardly used
in Multi-Agent Path Finding (MAPF).

With further research, it was found that actually, in TO-AA-SIPP, not all nodes in the
search space contributed to finding optimal paths. Some nodes were never removed from
the open list after being inserted during initialisation. Therefore, it should be possible
to improve the performance of TO-AA-SIPP by reducing these useless nodes. Inspired
by Informed Rapidly-exploring Random Tree* (Informed RRT*) [83] and Batch Informed
Trees (BIT*) [90], the “ellipse” used in Informed RRT* and BIT* can be adapted to indicate
and limit the current search range. Thus, an any-angle forward expansion was developed
to incrementally add necessary nodes to the open list, like the forward expansion in A*.
In this case, nodes outside the “ellipse” are temporarily useless until they are expanded
by this “ellipse” (search range). By implementing this idea, Zeta-SIPP was designed.

However, in the worst case, Zeta-SIPP would be as slow as TO-AA-SIPP because all
nodes in the search space would be expanded by the any-angle forward expansion (“el-
lipse”). Therefore, to further improve TO-AA-SIPP and also Zeta-SIPP, Field of View (FoV)
was introduced to replace Line of Sight (LoS) for collision detection (visibility checks)
with static obstacles and thus developed TO-AA-FoV-SIPP and Zeta*-SIPP respectively.
Zeta*-SIPP can be considered a superior version of Zeta-SIPP since their search processes
are nearly identical except for the visibility check methods. According to the benchmark
experiments, Zeta*-SIPP outperformed Zeta-SIPP and TO-AA-FoV-SIPP in most cases, es-
pecially when the map was large.

A.2. PROBLEM STATEMENT
Suppose there is an agent navigating from a start ps to a target pt in a graph G = (V ,E)
where V is the set of vertices and E is the set of edges. Two different types of actions are
allowed: move and wait. It means that the agent can wait at a certain vertex or move from
a vertex to the other vertex. The movement speed is constant and the cost of an action
is its duration. The agent can only turn or wait at the vertices and the inertial effects are
neglected. Please note that in some practical cases, the wait action is not possible, such
as fixed-wing aircraft. To simplify the problem, the radius of the agent is ignored.

A path plan is an ordered sequence of position-time pairs π= {(p1, t1), (p2, t2), ..., (pn ,
tn)} where pi represents a position and ti denotes the waiting time at the position pi . If
the wait action is forbidden, ti = 0(i = 1,2, ...,n). The cost of the path plan is the sum of
the duration of the actions. The goal of this problem is to find the time-optimal plan from
a given start ps to a given target pt .

It is assumed that the plans of dynamic obstacles are known: {π1,π2, ...,πk }, and after
the plans are accomplished, the dynamic obstacles will disappear. This is reasonable
for flying vehicles. For instance, when drones complete their missions, they will land to
reload or recharge. Some papers assume that the dynamic obstacles will stay in their
target vertices forever [84] as on the ground, a robot cannot suddenly disappear and it
will become a static obstacle after reaching its target.
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A.3. ALGORITHM DESCRIPTION

A.3.1. OVERVIEW
Before diving into the details of the proposed algorithms, this section briefly introduces
the basic idea of TO-AA-SIPP [84] and illustrates how it can be improved.

To make the explanation more easily understandable, the A* algorithm is introduced
at first, as A* is quite well-known and also TO-AA-SIPP is A*-based. In A*, after a node is
moved from open to closed , eight neighbour nodes of this closed node are generated. If
a neighbour is not visited before, this closed node will directly be its parent. However, if
it has been visited, which means it already has a parent, A* needs to compare this closed
node with the current parent of this neighbour node to find out which is better and could
be its true parent. These two nodes can both be viewed as potential parents of this neigh-
bour node, and the metric used for comparison is g (pp(n))+ g (pp(n),n) where pp(n)
is the potential parent of a node n, g (pp(n)) is the real cost from the start to pp(n) and
g (pp(n),n) is the real cost from pp(n) to n. Therefore, the current parent of a node n is
also its current best potential parent bpp(n), and the real cost g (n) can be written as

g (n) = g (bpp(n))+ g (bpp(n),n) (A.1)

In TO-AA-SIPP, the cost computation is similar. However, to speed up the process, it de-
lays the SIPP-based collision detection with dynamic obstacles until necessary. It means
that TO-AA-SIPP utilises an estimated cost h(bpp(n),n), the lower bound, to replace the
real cost g (bpp(n),n) in Eq. (A.1) when a node is inserted into open. After a node with
the minimum cost is removed from open, the SIPP-based collision detection will be ex-
ecuted to compute the real cost g (bpp(n),n) and determine if this node can be inserted
into closed . This “lazy” evaluation is similar to Lazy Theta* [254] and BIT* [90] which
delay line-of-sight checks with static obstacles. Please note that in TO-AA-SIPP, only the
SIPP-based collision detection with dynamic obstacles is delayed while the line-of-sight
checks with static obstacles are not. Hence, the cost function of TO-AA-SIPP is

f (n) = glow (n)+h(n)

= g (bpp(n))+h(bpp(n),n)+h(n) (A.2)

where glow (n) is the lower bound of g (n) and h(n) is the estimated cost from n to the
target. This approach needs to record all the potential parents of the explored nodes.
Then it can conduct the SIPP-based collision detection with dynamic obstacles later from
the best potential parent to the worst potential parent until one can be the true parent
(the detailed process is more complicated). Only when the true parent of a node is found
can this node be inserted into closed and meanwhile might be a potential parent of other
nodes in open. Since this approach discovers and maintains connections between open
nodes and their potential parents at each search step, it can be called inverted expansion
[84], as shown in Figure A.1.

To find optimal any-angle paths, unlike the eight neighbours in A*, TO-AA-SIPP ex-
amines all nodes in the search space at each step. It means that in TO-AA-SIPP, when
a node is closed, all the other nodes can be considered the “neighbours” of this closed
node. The extended “neighbours” guarantee that TO-AA-SIPP is not limited to 45-degree
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Figure A.1: Inverted expansion to find potential parents of open nodes.

increments and thus can find any-angle paths. However, not all search nodes may con-
tribute to finding optimal paths. For example, if the map is large, it may be unnecessary
to check the visibility connections between the closed nodes and the nodes that are very
far from the start and target. In this case, many unnecessary line-of-sight checks may be
conducted in TO-AA-SIPP since too many useless nodes exist in open, which reduces the
performance of the algorithm.

To address this issue, a natural idea is to also delay line-of-sight checks, which can be
performed with the SIPP-based collision detection simultaneously. In this way, only nec-
essary line-of-sight checks will be executed. However, if there are many static obstacles, it
may result in much more sorting computation in open. This is because after collision de-
tection, f (n) is updated. Only if f (n) is still the minimum, the node n can be inserted into
closed , otherwise, it has to be re-inserted into open and reordered. There is a trade-off
between collision detection and sorting computation when applying the “lazy” evalua-
tion. Since the size of open may be very large and grid-based line-of-sight checks can
be implemented efficiently with line drawing algorithms, like Bresenham’s line algorithm
[255], Lazy TO-AA-SIPP could be much slower in the worst case. Therefore, this idea may
not be suitable for improving TO-AA-SIPP.

Another idea is to directly reduce useless nodes in open, which will lead to both fewer
line-of-sight checks and sorting calculations. In A*, forward expansion is applied to ex-
tend open at each step, and the nodes in open form a boundary of the A* search (search
range). It is promising to develop a similar technique for TO-AA-SIPP to reduce the size
of open as in the worst case, only the calculations for forward expansion are redundant
compared to the original TO-AA-SIPP. Therefore, to implement this idea, Zeta-SIPP is pro-
posed and the details will be illustrated in section A.3.2.

Those familiar with computer graphics may recognise that line-of-sight checks may
not be the best way to conduct collision detection with static obstacles in TO-AA-SIPP.
The closed node can be viewed as a “light source” and the grids near the “light source”
could be checked for multiple times, leading to a waste of computing resources. There-
fore, Field of View (FoV) is introduced to replace line-of-sight checks. TO-AA-FoV-SIPP
and Zeta*-SIPP are thus developed. Symmetric recursive shadowcasting [106] is applied
to compute the Field of View efficiently.
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A.3.2. ZETA-SIPP
The main idea of Zeta-SIPP is to reduce useless open nodes in TO-AA-SIPP using any-
angle forward expansion. It means that only necessary nodes are expanded and inserted
into open at each step instead of inserting all nodes in the search space into open at
the beginning. Unlike A*, Zeta-SIPP aims to find any-angle paths, and thus the forward
expansion of A* cannot be directly applied to Zeta-SIPP. Inspired by Informed RRT* and
BIT*, an expanding “ellipse” is used to limit the range of any-angle search:

fl ow (n) ≤ minm∈open f (m) ∀n ∈ S (A.3)

where flow (n) = h(st ar t ,n)+h(n) ≤ g (n)+h(n) = f (n) is the lower bound of f (n) and S
is the search space. The focal points of the “ellipse” are the start and target and the major
axis length is flow (n). If all nodes satisfying the Inequality (A.3) are inserted into open,
then

minm∈open f (m) < flow (n) ≤ f (n) ∀n ∈ Sout (A.4)

where Sout = S \ (open ∪ closed) is the search space outside the current search range. It
indicates that the minimum cost in open is also the minimum in the remaining search
space (S \ closed). Thus, at each step, only open is enough to find the next closed node,
and there is no need to consider Sout . Therefore, the Inequality (A.3) can be applied to
develop an any-angle forward expansion for Zeta-SIPP and the search range of TO-AA-
SIPP can be limited during the search process.

The pseudocode of Zeta-SIPP is shown in Algorithms 5-9. To make the code structure
clearer, the main loop is split into several modules, as shown in Algorithm 5. The revised
part, compared to the original TO-AA-SIPP, is marked in red. The findNextClosedNode
is to identify the next closed node n from the open list. Since the SIPP-based collision
detection is delayed, the current node may be re-inserted into the open list after SIPP-
based examinations (i.e., validateTransition in Algorithm 6). In this case, the next
closed node would be null . The invertedExpansion assigns the closed node n as a
potential parent to all nodes in the current open list, provided there are no static obsta-
cles blocking the connection (i.e., lineOfSight in Algorithm 9). Please note that if the
invertedExpansion is removed, Algorithm 5 can also represent the main loop of A*. The
forwardExpansion utilises an expanding “ellipse” to continuously add new nodes into
the open list. Here, a new list called bound is introduced to indicate the nodes around
the boundary of the search range (open and closed). The initialisation and expansion
of the bound list are important because they are related to whether the Inequality (A.3)
can be satisfied by Line 9 in Algorithm 9. For simplicity, the bound list is initialised by
directly inserting all the unblocked search nodes in Zeta-SIPP, similar to how the open
list is initialised in TO-AA-SIPP. However, the nodes in the bound list do not need to be
examined by lineOfSight, thereby improving the performance of TO-AA-SIPP.

In findNextClosedNode, the SIPP-based collision detection with dynamic obstacles,
namely validateTransition, will be executed to compute the real cost g (bpp(n),n)
from the best potential parent bpp(n) to the current node n (Line 6). The path from
bpp(n) to n may be disturbed by dynamic obstacles, leading to g (bpp(n),n) > h(bpp(n),
n) in Eq. (A.2). Let the cost after the SIPP-based collision detection be

fsi pp (n) = g (bpp(n))+ g (bpp(n),n)+h(n) (A.5)
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Algorithm 5 Main Loop

1: while minn∈open f (n) <∞ do
2: n ← findNextClosedNode(open)
3: if n ̸= null then
4: if n = t ar g et then
5: return pathTo(n)
6: end if
7: invertedExpansion(n,open)
8: end if
9: forwardExpansion(open)

10: end while
11: return ∅

Algorithm 6 findNextClosedNode(open)

1: n ← argminn∈open f (n)
2: remove n from open
3: if bpp(n) ∈ potenti alPar ent s(n) then
4: remove bpp(n) from potenti alPar ent s(n)
5: end if
6: gnew ← validateTransition(bpp(n),n)
7: if gnew < g (n) then
8: g (n) ← gnew

9: par ent (n) ← bpp(n)
10: end if
11: if newBestPotentialParentExists(n) then
12: insert n into open
13: return null
14: end if
15: if g (n) <∞ and g (n)+h(n) ≤ minn∈bound fl ow (n)

and g (n)+h(n) ≤ minn∈open f (n) then
16: insert n into closed
17: return n
18: else
19: insert n into open
20: return null
21: end if

There maybe exists a “better” potential parent pp(n) than bpp(n) (Line 11, see Algo-
rithm 7):

f (n) ≤ f (n)′ < fsi pp (n) ∃pp(n) ∈ pps(n) (A.6)

where f (n)′ = g (pp(n))+h(pp(n),n)+h(n) and pps(n) is the collection of potential par-
ents of n. The best potential parent should be changed to pp(n): bpp(n) ← pp(n), as
perhaps f (n)′ ≤ fsi pp (n)′ < fsi pp (n). In this case, the current node should be re-inserted
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Algorithm 7 newBestPotentialParentExists(n)

1: glow (n) ← g (n), bpp(n) ← par ent (n)
2: f (n) ← glow (n)+h(n)
3: i sE xi st i ng ← f al se
4: for each n′ ∈ potenti alPar ent s(n) do
5: if g (n′)+h(n′,n) < gl ow (n) then
6: glow (n) ← g (n′)+h(n′,n)
7: bpp(n) ← n′
8: f (n) ← glow (n)+h(n)
9: i sE xi st i ng ← tr ue

10: end if
11: end for
12: return i sE xi st i ng

Algorithm 8 addPotentialParent(n,n′)

1: insert n into potenti alPar ent s(n′)
2: if g (n)+h(n,n′) < glow (n′) then
3: gl ow (n′) ← g (n)+h(n,n′)
4: bpp(n′) ← n
5: f (n′) ← gl ow (n′)+h(n′)
6: update n′ in open
7: end if

into open (Line 12) with a new cost f (n) ← f (n)′. Also, there maybe exists a “better” node
n′ than n (Line 15):

f (n) ≤ f (n′) < fsi pp (n) ∃n′ ∈ open (A.7)

The current node n is no longer the most promising node as perhaps f (n′) ≤ fsi pp (n′) <
fsi pp (n). In this case, the current node n should also be re-inserted into open (Line 19)
with a new cost f (n) ← fsi pp (n). When the current node is not closed, findNextClosed-
Node will return null .

In Algorithm 8, n is a closed node while n′ is an open node because only the closed
node can be a potential parent of an open node. In Algorithm 9, the inverted expansion
builds the connections between the current closed node and all the open nodes whereas
the forward expansion inserts new nodes into open based on the Inequality (A.3) and
finds the connections between the new open nodes and all the closed nodes.

A.3.3. TO-AA-FOV-SIPP
The idea of TO-AA-FoV-SIPP is simple. At each step of TO-AA-SIPP, after a node is inserted
into closed , shadowcasting will be executed to find visible open nodes from this closed
node and subsequently this closed node will be added to their potential parent lists using
Algorithm 8. This process is similar to invertedExpansion in Algorithm 9, but rather
than lineOfSight, shadowcasting for computing the Field of View (FoV) is applied. In
addition, the size of open can be reduced using the Field of View. In TO-AA-FoV-SIPP,
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Algorithm 9 Zeta-SIPP Expansion

1: function invertedExpansion(n,open)
2: for each n′ ∈ open do
3: if lineOfSight(n,n′) = tr ue then
4: addPotentialParent(n,n′)
5: end if
6: end for
7: end function

8: function forwardExpansion(open)
9: while minn∈bound flow (n) ≤ minn∈open f (n) do

10: n ← argminn∈bound flow (n)
11: move n from bound to open
12: invertedCheck(n)
13: end while
14: end function

15: function invertedCheck(n)
16: for each n′ ∈ closed do
17: if lineOfSight(n′,n) = tr ue then
18: addPotentialParent(n′,n)
19: end if
20: end for
21: end function

only when a node is visible from one of the closed nodes can it be inserted into open. This
is because if a node has no potential parent, the cost of this node is infinite. The inequality
(A.4) can also be satisfied since f (n) =∞, ∀n ∈ Sout where Sout = S \ (open ∪ closed).

A.3.4. ZETA*-SIPP
The main pseudocode of Zeta*-SIPP is shown in Algorithm 10 and the major revision
compared to Zeta-SIPP is marked in red. In general, the closed nodes may be the poten-
tial parents of the open nodes. Thus, the “light source” that needs to compute the Field
of View should be a closed node, like TO-AA-FoV-SIPP. However, in Zeta*-SIPP, since the
search range is bounded, inverted scanning is applied, which means that the open nodes
are considered as “light sources” rather than the closed nodes. The “light sources” are
distributed on the boundary of the search range and only illuminate the interior. At each
step of the forward expansion, when a new node is moved from bound to open, an in-
verted scanning is executed to compute the Field of View from this new open node and
obtain the corresponding visible nodes inside the search range. In practice, a node n is
treated as a wall in shadowcasting if its flow (n) is larger than the major axis length of the
current elliptical boundary plus

p
2 grid length (grid buffer), and thus shadowcasting is

bounded. Since the applied shadowcasting is symmetric, two nodes are mutually visible
if one node can be seen from the other. These visible connections are recorded using
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Algorithm 10 Zeta*-SIPP Expansion

1: function invertedExpansion(n)
2: for each n′ ∈ chi l dr en(n) do
3: if n′ ∉ closed then
4: addPotentialParent(n,n′)
5: end if
6: end for
7: end function

8: function forwardExpansion(open)
9: while minn∈bound flow (n) ≤ minn∈open f (n) do

10: n ← argminn∈bound fl ow (n)
11: move n from bound to open
12: invertedScan(n)
13: end while
14: end function

15: function invertedScan(n)
16: Nvi si bl e ← shadowcasting(n)∩open
17: for each n′ ∈ Nvi si bl e do
18: if n′ ∈ closed then
19: addPotentialParent(n′,n)
20: else
21: insert n′ into chi l dr en(n)
22: insert n into chi l dr en(n′)
23: end if
24: end for
25: end function

Lines 21 and 22 of Algorithm 10. Therefore, when executing the inverted expansion in
Zeta*-SIPP, there is no need to compute the Field of View for the closed nodes.

A.3.5. DATA STRUCTURE
In general, for SIPP-based planners, a node n can be represented by (p, [t1, t2]) where
p is the location of the node n and [t1, t2] is the safe interval. For the same location p,
there may exist multiple nodes with different safe intervals. The node n can be regarded
as a spatio-temporal point while the location p is only a spatial point. In graph-based
path planning, p usually refers to a vertex or a grid. Therefore, the nodes in the proposed
algorithms can be viewed as having two levels: the “node” level (space-time) and the
“grid” level (space). Focusing solely on the “node” level may result in repeated visibility
checks between two grids. To avoid this issue, the visibility checks can be conducted on
the “grid” level and the results can then be stored in grids. If there is a need to check
whether two nodes are mutually visible, the results can be generated or called from their
corresponding grids.
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A.4. THEORETICAL PROPERTIES
Zeta-SIPP, TO-AA-FoV-SIPP and Zeta*-SIPP have the same theoretical properties as TO-
AA-SIPP. The focus is thus mainly on proving the properties affected by the bound list in
Zeta/Zeta*-SIPP.

Lemma 1. The bound list always contains a node with the minimum flow -value in the
search space outside the open and closed lists S \ (open ∪ closed).

Proof. Since the bound list is initialised by inserting all the search nodes, according to
Line 11 in Algorithm 10, bound = S \(open∪closed). This concludes the proof. One can
adapt different approaches to generate (or expand) the bound list, but Lemma 1 must
hold to ensure optimality.

Lemma 2. The node extracted from the open list at each step has the minimum f-value in
the search space outside the closed list S \ closed.

Proof. The while-loop in forwardExpansion (Algorithm 10) ensures minn∈open f (n) <
minn∈bound fl ow (n) after expansion. Let Sout = S \ (open ∪ closed). Lemma 1 indicates
minn∈bound fl ow (n) = minn∈Sout flow (n). According to fl ow (n) ≤ f (n), minn∈open f (n) <
minn∈Sout f (n). This concludes the proof.

Theorem 1. Zeta/Zeta*-SIPP is complete and optimal.

Proof. As TO-AA-SIPP has already proved to be complete and optimal, it is only needed
to prove the main search procedure (Algorithm 6) of Zeta/Zeta*-SIPP is equivalent to that
of TO-AA-SIPP. Let the open list of Zeta/Zeta*-SIPP be open and the open list of TO-AA-
SIPP be open′. In TO-AA-SIPP, since all search nodes are inserted into open′ at initial-
isation, open′ = S \ closed . In Zeta/Zeta*-SIPP, Lemma 2 indicates minn∈open f (n) =
minn∈S\closed f (n). Therefore, minn∈open f (n) = minn∈open′ f (n). This means that the
node extracted from the open list at each step in Zeta/Zeta*-SIPP is identical to that of
TO-AA-SIPP. However, Lemma 2 cannot guarantee this equation still holds after extrac-
tion. Therefore, it is required to add g (n)+h(n) ≤ minn∈bound flow (n) in Line 15 of Al-
gorithm 6. Then based on Lemma 1, the adjusted condition in Line 15 can prove to be
equivalent to the original one in TO-AA-SIPP.

A.5. EMPIRICAL ANALYSIS
TO-AA-FoV-SIPP, Zeta-SIPP and Zeta*-SIPP were implemented in a web-based pathfind-
ing visualiser1, as presented in Figure A.2. It is clear to see that Zeta/Zeta*-SIPP forms an
elliptical boundary to limit the search range. The nodes outside the boundary have no
contribution to finding the optimal path, and there is no need to insert them into open.

To assess the performance of the proposed algorithms, experiments were performed
on three different benchmark maps [37]: Random-64-64-10, a 64 × 64 map with 10% of
randomly blocked grids; Warehouse-10-20-10-2-2, a 170 × 84 map from a logistics do-
main; Berlin_1_256, a 256 × 256 real-world city map. These maps were chosen, as they

1URL: http://dronectr.tudelft.nl/, ID: zeta-sipp
Code implementation is available at https://github.com/yiyuanzou/zeta-sipp.

http://dronectr.tudelft.nl/
https://github.com/yiyuanzou/zeta-sipp


A.5. EMPIRICAL ANALYSIS

A
169

(a) TO-AA-FoV-SIPP (b) Zeta/Zeta*-SIPP

Figure A.2: Screenshots of TO-AA-FoV-SIPP and Zeta/Zeta*-SIPP

represent different types of environment and differ in size. For each map, 500 scenarios
were generated by the following steps: 1) Chose 25 benchmark scenario sets (random)
[37]. 2) For each scenario set, took the last 20 scenarios as tests and the top 32/64/96/128
scenarios as dynamic obstacles. 3) The trajectories of dynamic obstacles were generated
successively by Zeta*-SIPP, which were collision-free and contained any-angle moves.
The algorithms were implemented in JavaScript and the experiments were performed
on Node.js v18.14.2 on a laptop with 2.30GHz Intel Core i7-11800H and 16 GB RAM.

Figure A.3 presents the mean algorithm runtime. On average, the proposed three al-
gorithms all outperformed TO-AA-SIPP, and Zeta*-SIPP was the best among them. In
the Random map, Zeta-SIPP has similar performance compared with Zeta*-SIPP. This is
because when the map size is small, the advantage of Field of View is rather inconspicu-
ous. In the Warehouse and Berlin maps, the performance difference between Zeta-SIPP
and TO-AA-FoV-SIPP diminishes. When the dynamic obstacles are 32 and 64, TO-AA-
FoV-SIPP is even faster than Zeta-SIPP. In the Berlin map, the mean runtime of TO-AA-
SIPP surpasses 40-60 seconds. This indicates that the algorithm has relatively low effi-
ciency, thereby limiting its applicability in real-world scenarios. Zeta*-SIPP substantially
improves TO-AA-SIPP and the mean runtime is generally reduced by around 70%-90%.

Table A.1 shows the mean search nodes and scanned grids of the algorithms regard-
less of the number of dynamic obstacles. The search nodes indicate the nodes visited
by the algorithms whereas the scanned grids mean the grids checked by Line of Sight or
Field of View. Zeta/Zeta*-SIPP effectively reduces the search nodes of TO-AA-SIPP while
maintaining the capability to find time-optimal paths. The search nodes are basically re-
duced by about 85%-95%. It is apparent that Field of View scans much fewer grids than
Line of Sight, especially when the map is large. This also illustrates why TO-AA-FoV-SIPP
performs better than Zeta-SIPP in the Warehouse and Berlin maps.

In Figure A.3 and Table A.1, means rather than medians are presented because me-
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Figure A.3: Mean runtime of the algorithms.

Table A.1: Mean number of the search nodes and scanned grids

Maps
Search nodes (-SIPP) Scanned grids (-SIPP)

TO-AA TO-AA-FoV Zeta Zeta* TO-AA TO-AA-FoV Zeta Zeta*

Random 7.11×103 3.56×103 4.56×102 4.56×102 3.15×106 2.60×104 1.75×105 2.36×104

Warehouse 1.71×104 8.11×103 2.50×103 2.50×103 6.01×107 3.92×105 9.68×106 2.06×105

Berlin 6.20×104 2.53×104 8.53×103 8.53×103 4.31×109 1.46×107 7.07×108 6.94×106

dians may disregard some worst cases with extremely slow runtime. For example, when
there are 32 dynamic obstacles in the Berlin map, relying solely on the median runtime
may give the impression that Zeta*-SIPP is about 20 times faster than TO-AA-SIPP. How-
ever, in Figure A.3, the mean runtime of Zeta*-SIPP is around 10% of that of TO-AA-SIPP
(only 10 times speedup). The improvements should be viewed with caution.

To further evaluate the improvements, Figure A.4 shows the frequency distributions
of the percentage of reduced runtime in relation to the original TO-AA-SIPP runtime.
The range of the x-axis is limited to [0,1] since only the positive values represent im-
provements. It is worth noting that in 99.4% of scenarios, all the proposed algorithms
outperformed TO-AA-SIPP. Hence, omitting the part less than 0 has little effect. The dis-
tributions illustrate the superiority of Zeta*-SIPP. In the majority (88.4%) of scenarios,
Zeta*-SIPP reduces the runtime of TO-AA-SIPP by over 70%. Zeta-SIPP and Zeta*-SIPP
both exhibit outstanding performance in the range [0.9,1] compared with TO-AA-FoV-
SIPP because their search ranges are limited by the elliptical region between the start and
target. If the optimal path is almost a straight line, Zeta/Zeta*-SIPP may quickly find it
and could be more than 10 times faster than TO-AA-SIPP.

A.6. CONCLUSION
Optimal any-angle path planning with dynamic obstacles remains relatively underex-
plored, with only a handful of algorithms making significant contributions to this area
of research. TO-AA-SIPP is one of the important works in this field. However, the effi-
ciency of this algorithm is an issue, posing difficulties for its applications. Therefore, two
different directions to improve TO-AA-SIPP are proposed: 1) reduce useless search nodes
by any-angle forward expansion (Zeta-SIPP), and 2) replace Line of Sight with Field of
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Figure A.4: The frequency distributions of the percentage of reduced runtime in relation to the original TO-AA-
SIPP runtime.

View for visibility checks with static obstacles (TO-AA-FoV-SIPP). Combining these two
ideas, Zeta*-SIPP is further developed. The initial experimental results of Zeta*-SIPP are
promising, reducing the runtime of TO-AA-SIPP by around 70%-90% on average.

To enhance the applicability of the proposed algorithms in real-world scenarios, fu-
ture work could consider incorporating domain-specific constraints. For instance, the
constraints on turning angles could be involved to account for manoeuvrer restrictions
of vehicles. In this case, the algorithms may be even faster as the search space is reduced.
Furthermore, current algorithms only focus on 2D scenarios. In the future, 3D any-angle
path planning with dynamic obstacles can also be explored (e.g., drone path planning).





B
QUESTIONNAIRES

This chapter presents two example questionnaires used in the experi-
ments. The first questionnaire aims to assess participants’ understanding
of path-planning algorithms, with each question corresponding to a dis-
tinct transparency element (Chapter 3). Included as well are comments
on the rationale behind the question design and observations gathered
from the experiments. The second questionnaire is designed to explore
the transparency needs and preferences of operators for supervising UTM
systems (Chapter 4). It was developed and distributed through Qualtrics
(a platform for online surveys). To conserve space, some repeated options
are presented only once.
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B.1. MEASURING UNDERSTANDING
1: The path-planning algorithm will always find the same path in the same situation or

environment.
1) True.
2) False.
3) Unable to answer based on the available information.

Comments:
This question was designed based on the “path” element to test whether participants
can correctly understand the algorithm’s nature (deterministic vs. probabilistic). It
might be easier to answer when the algorithm is probabilistic since providing a coun-
terexample is simpler than proving it. However, several participants still failed to an-
swer correctly for Informed RRT*, especially at lower levels of transparency, due to
incorrect expectations about the algorithm and a lack of in-depth exploration of it.

2: The path-planning algorithm will always find the ‘true shortest’ path (if a path exists).
1) True.
2) False.
3) Unable to answer based on the available information.

Comments:
This question was designed based on the “path” element to test whether participants
can correctly understand the algorithm’s optimality. Due to the limited re-wiring ra-
dius and the restricted number of sampling points in the experiments, participants
might easily recognise that the path found by Informed RRT* is not the true short-
est. Compared to Informed RRT*, the path found by Theta* is deterministic and near-
optimal, which might slightly increase the challenge for participants to answer this
question correctly for Theta*.

3: What is the ‘most accurate’ statement regarding the constraint for the path found by
the path-planning algorithm?
1) The path length cannot exceed a certain value.
2) The waypoints of the path cannot exceed the boundary of a fixed region.
3) The number of the waypoints cannot exceed a certain value.
4) The turning angle at the waypoint cannot exceed a certain value.
5) Unable to answer based on the available information.

Comments:
This question was designed based on the “search space” element to test whether par-
ticipants can correctly understand the constraint via visualisation. The constraint im-
plemented in the measurement phase was the first option: maximum path length.
The difficulty of this question lies in the fact that if the first option is correct, then the
second option is correct, and the third option is also not entirely wrong. This is be-
cause if the path length is limited, there must exist an elliptical region to constrain the
entire search space (recall the “informed” procedure in Informed RRT*). As the num-
ber of waypoints increases, the path length will also increase according to the triangle
inequality theorem.

4: What is the main advantage of the ‘discretisation’ method adopted by the path-plan-
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ning algorithm?
1) Being able to represent the search space consistently and evenly regardless of the

changes in obstacles.
2) Being able to build direct connections between the corners/vertices of obstacles

before the algorithm begins its search.
3) Being able to represent the search space exactly using relatively few polygons, es-

pecially in open areas with few obstacles.
4) Being able to discretise the search space progressively and continuously while con-

ducting the search, instead of using a fixed graph.
5) Unable to answer based on the available information.

Comments:
This question was designed based on the “graph” element to test whether participants
can perceive the advantage of the discretisation method used in the algorithm. The
first option is for regular grids, the second is for visibility graphs, the third is for navi-
gation meshes, and the fourth is for sampling-based algorithms.

5: What is the correct statement regarding the ‘search nodes’ explored by the path-plan-
ning algorithm?
1) The search node is created based on the vertex (or centre) of a predefined graph.
2) The search node is randomly generated based on a predefined sampling strategy.
3) The search node is generated at the corner/vertex of an obstacle.
4) The search node represents a visible region from a certain location.
5) Unable to answer based on the available information.

Comments:
This question was designed based on the “explored node” element to test whether
participants can correctly understand the concept of search nodes. The first option
is for graph-based or grid-based algorithms, the second is for sampling-based algo-
rithms, the third is for visibility-graph-based algorithms, and the fourth is for Anya
and Polyanya. However, participants tended to select the fourth option, particularly
after viewing the search trees. This tendency arose probably because a node is visi-
ble from its parent node (a certain location) and some participants failed to recognise
that the node of the tested algorithm represents a point rather than a region. Addi-
tionally, the node of Theta* is presented as a grid cell instead of a point located at the
grid centre, which may mislead participants about the algorithm.

6: What is the correct statement regarding the ‘search tree’ generated by the path-plan-
ning algorithm?
1) The search tree is predefined before the algorithm begins its search.
2) The search tree is randomly generated at the beginning.
3) The search tree is gradually expanded based on proximity and visibility.
4) The search tree does not change during the algorithm’s execution.
5) Unable to answer based on the available information.

Comments:
This question was designed based on the “search tree” element to test whether partici-
pants can correctly understand the concept of search trees. The first option was to test
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whether participants can differentiate between predefined graphs and search trees. A
search tree is the result of a search. The second option was designed as a trap, based
on the fact that many algorithms in other fields generate a random initial solution as a
starting point and then continuously optimise it. Also, the word “randomly” may mis-
lead participants to associate this option with Informed RRT*. The fourth option was
also designed as a trap. The deterministic algorithm (e.g., Theta*) consistently gener-
ates the same results and search trees, which might lead participants to believe that
the fourth option is correct. Some participants were indeed misled.

7: What ‘strategy’ does the path-planning algorithm employ to attempt to find the short-
est path?
1) Build direct visibility connections between the corners (or vertices) of obstacles by

finding visible regions from explored locations.
2) Straighten the search tree by checking visibility from the current node’s parent node

to the current node’s adjacent nodes.
3) Straighten the search tree by checking whether the current node could be a better

parent of the nodes within its certain range.
4) Straighten the search tree by checking visibility between all explored nodes in the

search space.
5) Unable to answer based on the available information.

Comments:
This question was designed based on the “search process” element to test whether
participants can correctly understand the search strategy adopted by the algorithm.
The first strategy is related to Anya and Polyanya, the second to Theta*, the third to
RRT*-based algorithms and the fourth is borrowed from TO-AA-SIPP. This question is
difficult to answer at lower levels of transparency.

8: What is the ‘main disadvantage’ of the path-planning algorithm?
1) Require significant preprocessing to discretise the search space before the algo-

rithm begins its search, especially in complex environments (with many obstacles).
2) As the search space dimension increases (e.g., 3D, 4D, 5D, etc.), the time required

to find a feasible path rises significantly (excluding the time for discretisation).
3) Poor performance in environments with narrow passages, occasionally being un-

able to pass through them.
4) Turning angles at waypoints are limited to specific integer increments (e.g., if the

increment is 15°, the turning angle can only be one of the following: 15°, 30°, 45°,
and so on.).

5) Unable to answer based on the available information.

Comments:
This question was designed to test participants’ overall understanding, specifically
whether they can identify the algorithm’s disadvantage via visualisation. The first op-
tion pertains to generating irregular navigation meshes or visibility graphs, the second
to grid-based path planning, the third to sampling-based algorithms, and the fourth
is derived from the A* algorithm on grids (45-degree increments).



B

178 B. QUESTIONNAIRES

B.2. INVESTIGATING TRANSPARENCY NEEDS

B.2.1. INTRODUCTION
Thank you for participating in this survey! The survey aims to investigate your trans-
parency needs for supervising Uncrewed Air Traffic Management (UTM) systems. First,
you will be provided with a background to UTM. Then, we would like you to answer sev-
eral questions that could help us identifying your needs for transparency. Please note that
you can go back to the previous steps to view your responses. If you have any questions,
feel free to ask the investigator(s).

B.2.2. BACKGROUND
Drone operations in urban areas are expected to significantly increase in number in the
near future due to their large potential in medical deliveries, infrastructural inspections,
area surveillance, etc. However, as indicated by several incidents (e.g, London Heathrow),
the increase in drone traffic could disrupt and threaten crewed air traffic operating at
low altitudes, like emergency helicopter flights and crewed aircraft during landing and
take-off. Since 2017, ongoing efforts within the ‘U-space project’ initiated by the SESAR
Joint Undertaking are developing procedures and technologies that aim to safely manage
increased drone traffic in very low-level airspace (below 500 feet).

Recently, Rotterdam-The Hague Airport has opened up its lower airspace (below 500
feet AGL) to drone operations that should eventually be managed by U-space services
once the system is fully operational. The figure below (see Figure 4.6a) shows represen-
tative drone missions superimposed on a map centred on Rotterdam-The Hague Airport.
The blue line indicates potential medical delivery missions between hospitals of Rotter-
dam and The Hague. The Netherlands’ expansive network of railway and highway infras-
tructure could also benefit from UAV-based inspection flights. Such inspection missions
would need to closely follow railway (amber) and highway (pink) routes within the air-
port’s control zone. Finally, the proximity of the airport to the Rotterdam harbour, which
is one of the most important naval trade connections in Europe, could be problematic
to any potential harbour inspection and surveillance flights by drones (purple). All of
these missions would be performed almost entirely within the airport’s control zone and
in close proximity to the airport’s runway.

Although the U-space vision expects that UTM relies on a set of highly automated ser-
vices that require minimal human attention, 100% safe and reliable automation under all
circumstances cannot be guaranteed. For that reason, some level of human supervision
and/or intervention would still be required in case of abnormal system behaviour. From a
safety perspective, Rotterdam-The Hague Airport has several geographical locations that
pose increased risks of interactions with drones and crewed air traffic routes. For exam-
ple, the locations where drone missions cross the extended runway centreline (e.g., the
two ILS areas) that crewed aircraft follow on landing and departure. Additionally, many of
the inspection routes coincide with published departure and arrival routes of aircraft op-
erating under visual flight rules (VFR), providing the potential for separation losses and
collisions between crewed and uncrewed aircraft. These locations with increased safety
risks will need to be monitored by a human supervisor.

A prerequisite for adequate human supervision is that UTM is sufficiently ‘transpar-
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ent’ to the human operator in order to understand what the system is currently doing,
what it is planning to do next, and why. For example, UTM could automatically reroute
drones in a specific way to solve a predicted separation problem with a crewed aircraft.
Without some form of transparency, it could be difficult for human operators to under-
stand why Solution A was selected by UTM instead of Solution B, and what underlying
assumptions were considered in formulating that solution in the first place. For example,
outdated and/or inaccurate information on environmental conditions (e.g., wind direc-
tions and magnitudes) could render the selected UTM solution infeasible and/or unsafe,
requiring the human operator to intervene and override the UTM decision.

The goal of this survey is to gather your ideas and preferences on what information
you would need to adequately supervise an automated UTM system and what type(s) of
intervention(s) you prefer. This survey contains a set of questions that are centred around
several hypothetical UTM scenarios at Rotterdam-The Hague Airport.

B.2.3. PERSONAL DETAILS
1: What is your highest level of education completed?

1) High school diploma or equivalent.
2) Bachelor’s degree.
3) Master’s degree.
4) Doctoral degree.
5) Other (please specify).

2: Please select the most applicable option regarding your air traffic control experience:
1) I am an active/retired tower controller.
2) I am an active/retired approach controller.
3) I am an active/retired area controller.
4) I am an air traffic control trainee.
5) I am an air traffic control researcher.
6) I am interested and familiar with air traffic control.
7) I know a little about air traffic control.
8) I have no idea what air traffic control is.
9) Other (please specify).

3: Please select the most applicable option regarding your drone operation experience:
(Note: multiple answers can be selected)
1) I am a drone operator or pilot.
2) I am a drone developer/engineer or researcher.
3) I have some experience flying drones.
4) I have no experience with drones.
5) Other (please specify).

4: Please select the most applicable option regarding your experience in automation de-
velopment:
1) Advanced: I have extensive experience in automation development and worked on

several (complex) automation projects.
2) Intermediate: I have worked on a few automation projects and have a good grasp

of automation tools and techniques.
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3) Beginner: I have some basic understanding of automation development concepts
and tools, but I haven’t implemented any significant projects yet.

4) Novice: I have little to no experience in automation development.
5) Other (please specify).

B.2.4. TRANSPARENCY PREFERENCES
You need to rate the 20 transparency elements below on a 5-point Likert scale in different
scenarios (Questions 5, 7, 9): Not at all, Slightly, Moderately, Very, and Extremely useful.
After rating, group them accordingly (Question 11).

1) Aircraft routes: the routes of crewed and uncrewed aircraft.
2) Estimated state (e.g., remaining battery) and planned action (e.g., heading change) at

each waypoint of the proposed path.
3) The underlying goals and intentions of the system to propose paths.
4) Predicted location of CPA if the drone follows the proposed path.
5) Predicted time to CPA if the drone follows the proposed path.
6) Predicted minimum separation (predicted separation at CPA) if the drone follows the

proposed path.
7) Predicted probability of separation loss if the drone follows the proposed path.
8) Predicted location of separation loss if the drone would follow the old path.
9) Predicted start time of separation loss if the drone would follow the old path.

10) Predicted minimum separation (predicted separation at CPA) if the drone would fol-
low the old path.

11) Predicted probability of separation loss if the drone would follow the old path.
12) Safe separation standards between crewed and uncrewed aircraft.
13) Drone manoeuvring space: the drone’s flight range governed by battery power and

environmental conditions such as wind.
14) Flight mission boundary (if applicable): certain drones, like surveillance drones, can

only fly within a pre-approved mission area (e.g. railway inspections).
15) Wind field: wind speed and direction.
16) Search graph: a graph is usually how automation discretises a continuous space, and

the generated path can only follow the edges of the graph.
17) Explored nodes: potential waypoints explored by the system.
18) Search tree: potential paths explored by the system.
19) The cost values of the explored potential paths given the system’s goals and intentions.
20) Search process: a dynamic process that indicates how the search tree is composed and

how the final path was found.
21) Other (please specify).

SCENARIO 1 (FIGURES 4.6B AND 4.6C)
A medical drone needs to pass through an area near the runway to deliver emergency
supplies between two hospitals (from Rotterdam to Delft) as quickly and as safe as possi-
ble, but a crewed aircraft is about to land. The automated UTM conflict detection service
has detected a potential separation problem (= conflict) between these two aircraft.

5: Sometimes the trajectory generated by the automated UTM conflict resolution service
may not be what you expect (see Figure 4.6b). To help you with understanding why
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and how the system generated a specific path, what information would you like to
have? Please rate the following elements by your judged usefulness.

6: Please provide a brief explanation/motivation for how you rated the elements.

7: In some cases, the automated UTM service may not be able to find a feasible path (see
Figure 4.6c). To understand why the system fails, what information would you like to
see? Please rate the following elements by your judged usefulness.

8: Please provide a brief explanation/motivation for how you rated the elements.

SCENARIO 2 (FIGURE 4.6D)
When more drones need to cross the area covering the extended runway centreline, the
conflict scenario may become more complex. Such increased complexity may have an
impact on your transparency needs in the light of ‘information overload’. Note that the
UTM system in this investigation only deals with separation conflicts between crewed
and uncrewed aircraft. The collision avoidance among drones is assumed to be achieved
by ‘sense and avoid’ systems onboard drones. Therefore, the automated conflict detec-
tion & resolution services for drones only regard crewed aircraft as dynamic obstacles.

9: In Scenario 2, multiple drones are involved in a conflict, and you may not have suffi-
cient time to check all information for understanding and supervision. In that case,
what information would you like to see? Please rate the following elements by your
judged usefulness. Note: The following information elements would be available for
each drone.

10: Please provide a brief explanation/motivation for how you rated the elements.

GROUPING

Sometimes, you may wish to see several information elements at the same time to opti-
mise your information processing efforts.

11: Please drag the information elements you think that belong together into the same
box. Note that the number of groups is limited to 6 (some of these boxes can be empty)
and the order of elements in each group (box) does not matter.

PROTOTYPES (FIGURES 4.3-4.5)
In the previous scenarios, we asked what information you would like to know. Next, you
will see several suggestions on how and when transparency information could be pre-
sented to you. From here onwards, you cannot go back to the previous sections.

There are 14 visual prototypes in total. For each prototype, you need to rate its use-
fulness in both simple and complex scenarios using a 5-point Likert scale (Questions 12,
13): Not at all, Slightly, Moderately, Very, and Extremely useful. You also need to answer
how you want to access the information element (Question 14).

12: Do you think the visualisation of this information element is useful in a simple sce-
nario involving only one drone for understanding and supervising the UTM system?

13: Do you think the visualisation of this information element is useful in a complex sce-
nario involving multiple drones for understanding and supervising the UTM system?
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14: When would you like to present the visualisation of this information element?
1) Never presented.
2) Automatically activated for involved aircraft in a conflict event.
3) Globally activated by users on demand (e.g., buttons).
4) Click on or hover over aircraft (e.g., drones).
5) Click on or hover over a significant map location (e.g., a waypoint or grid).
6) Always presented.

B.2.5. INTERVENTION PREFERENCES
Since there are uncertainties that cannot be fully modelled into the UTM system, for ex-
ample originating from wind prediction errors, uncertain drone kinematics & dynamics
and drone navigation errors, the generated path cannot be 100% guaranteed to be con-
flict free at all times. This could make the path unsafe sometime later, requiring operator
interventions in the UTM system. Additionally, the generated path may not align with op-
erators’ preferences on how to solve separation conflicts between uncrewed and crewed
aircraft. Therefore, the UTM system should incorporate interaction methods that allow
operators to intervene when required or desired.

You need to choose and rank the 6 intervention methods below in both simple and
complex scenarios (Questions 15 and 16).

1) Give UTM instructions to directly change the drone altitude (note that the maximum
altitude is 500ft).

2) Give UTM instructions to directly change the drone flight direction.
3) Give UTM instructions to directly change the drone route/waypoints.
4) Give UTM instructions to let the drone loiter in place.
5) Add intermediate waypoints to the drone: UTM will automatically plan the routes

between these waypoints.
6) Activate geofences: UTM will automatically reroute drones to prevent it from flying

through a shielded geographic location.
7) Other (please specify).

15: Which type of interaction with the UTM system do you prefer (for conflict resolution)
in a simple scenario involving only one drone if the generated path is not satisfactory?
Please drag a maximum of three of the elements below into the box and sort them by
importance. The top most element represents the most useful element.

16: Which type of interaction with the UTM system do you prefer (for conflict resolution)
in a complex scenario involving multiple drones if the generated path(s) is not satis-
factory? Please drag a maximum of three of the elements below into the box and sort
them by importance. The top most element represents the most useful element.

B.2.6. GENERAL OPINIONS
You need to answer Questions 17-19 using a 5-point Likert scale: Not at all, Slightly, Mod-
erately, Very much, and Extremely. Questions 20-21 require free-text responses.

17: How important do you think transparency is in supervising the UTM system?

18: How much does transparency impact your level of acceptance and trust in the UTM
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system?

19: How much additional workload do you think transparency will bring to supervising
the UTM system?

20: What other factors would affect your acceptance of a highly automated UTM system?

21: Do you have any additional final comment?





C
SIMULATORS

In this research, a unified code framework for simulators was developed
based on JavaScript and OpenLayers. This framework was initially used
to create a pathfinding visualiser for Chapters 2 and 3, which was later
extended into a UTM simulator, called DroneCTR, for Chapters 4 and 5.
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Figure C.1 presents the code framework for the developed simulators, comprising a
database (e.g., flight plans and scenarios), a motion simulation module (e.g., aircraft kine-
matic models), an interactive interface (e.g., HTML, CSS, and JavaScript’s “addEventLis-
tener”), and automation (e.g., models and algorithms). In this research, path planning
is the core automation module, and the transparency component records, extracts, and
displays information regarding the inner workings of automation.

Path Planning Module

Motion Simulation Interactive InterfaceDatabase Developer/User

Automation

Transparency

Figure C.1: Code framework of the developed simulators.

To achieve transparent path planning for UTM, various pathfinding visualisers were
reviewed. However, these visualisers commonly showcase a limited selection of classic
algorithms, such as Depth-First Search (DFS), Breadth-First Search (BFS), Greedy Best-
First Search, Dijkstra’s, and A*. Advanced algorithms typically are not included. For ex-
ample, when reproducing Anya and Polyanya, only static images illustrating the algo-
rithms’ underlying concepts were available online. To the best of my knowledge, there
were no interactive visualisers specifically designed for Anya and Polyanya, making it dif-
ficult for beginners to understand the algorithms’ procedural details. Additionally, trans-
parent path planning was intended not only for traditional algorithms like A*, but also
for a wide range of advanced algorithms. Therefore, in Chapter 2, a general approach for
path-planning visualisation was proposed and a novel pathfinding visualiser was devel-
oped, as shown in Figure 2.4.

Rather than only relying on the <canvas> HTML element, OpenLayers is utilised to
draw features like grids and paths in the pathfinding visualiser. OpenLayers is an open-
source JavaScript library for displaying interactive maps on web pages. Although Open-
Layers is not necessary for pathfinding visualisers, it can facilitate their integration into
map-based applications like ATM and UTM. Additionally, JavaScript was chosen over
other programming languages because it allows easy deployment of the pathfinding visu-
aliser on a website. This way, anyone accessing the link can interact with the algorithms
and visualisations without any additional efforts, such as installing apps or having prior
knowledge of specific programming languages.

In Chapters 4 and 5, the pathfinding visualiser was extended to a UTM simulator. As
the focus was on UTM within Controlled Traffic Regions (CTR), the simulator was named
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DroneCTR. The initial version of DroneCTR was developed based on Google Maps in [14].
However, Google Maps was not open-source, and thus the simulator was redesigned and
migrated to OpenLayers, with the latest version shown in Figure 5.2.

All demos presented in this dissertation can be accessed through a unified link:
http://dronectr.tudelft.nl/ (see Figure C.2), using the following IDs:

1) pathfinder: pathfinding visualiser.
2) zeta-sipp: demo for Zeta*-SIPP.
3) understanding: demo for the experiment in Chapter 3.
4) demo: demo for UTM without transparency [63], basis for Chapter 4.
5) transparency: demo for the experiment in Chapter 5.
The entire project is hosted on GitLab, while some portions of the code are also pub-

licly available on GitHub: https://github.com/yiyuanzou/zeta-sipp.

Figure C.2: Simulator login page.

http://dronectr.tudelft.nl/
https://github.com/yiyuanzou/zeta-sipp
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Uncrewed Air Traffic Management (UTM) is an emerging concept 

for safely and efficiently managing the growing number of drone 

operations, particularly near airports. While UTM is expected to rely 

on high levels of automation to keep drones safely separated from 

crewed aircraft, human oversight and intervention remain essential 

to handle unexpected events and contingencies.

To support human supervision of automation, some form of "seeing-

into" transparency is required, which reveals the inner workings of 

automation rather than treating it as a "black box". This dissertation 

investigates transparent path planning, introducing a visual design 

method and evaluating its impact within the context of UTM.
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