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Foundational Simulation Modules for Future CMSA Safety
Benefit Assessments

José Ignacio de Alvear Cárdenas1, Seungman Lee2, Priyank Pradeep3, Vincent H. Kuo4

Summary

This work presents six foundational fast-time simulation modules for the future safety benefit
study of UAS Traffic Management (UTM) Services, such as Conformance Monitoring for Situa-
tional Awareness (CMSA). First, a methodology is proposed to translate simulated or real data
into Operational Volume Block (OVB) dimensions that comply with the ASTM conformance re-
quirement of 95%. Fixing OVB blocks in length or duration led to the emergence of temporal and
spatial overlap which are associated with contiguous and overlapping OVBs, respectively.

Second, realistic scenarios are automatically created by randomly and periodically selecting
geographic locations (e.g. San Francisco or Houston) and spawning services that follow operational
profiles that have been linked to actual geographic features. Here, we implemented hub-and-spoke,
out-and-back and point-to-point operational profiles that can be connected to package delivery,
inspection, and emergency medical supply transport services, respectively. Those services translate
into flight paths that populate the airspace. Consequently, now practically an infinite number of
scenarios can be simulated and it is possible to run Monte Carlo simulations whose conclusions can
be generalized to the complete National Airspace System and will not potentially overfit to a few
manually designed airspace geometries.

Third, it is shown how the dimensions of the OVB sizing stage are used to discretize the flight
paths of the scenario generation, even around waypoints where the direction of flight changes.

Fourth, a low-latency 4D volume-based conflict detection module is proposed that uses R-trees.
Three different implementations are considered. Results show that R-trees created with the OVBs
of all flights in the airspace consistently lead to the lowest computational time when detecting
conflicts, both during the initial airspace configuration and when incrementally adding new flights.

Fifth, a modified Conflict Based Search (CBS) approach is suggested for pre-departure 4D
volume-based strategic temporal deconfliction. This method leverages R-tree-based conflict detec-
tion at the low level and employs a Constraint Tree structure at the high level. The cost function
integrates both total airspace delay and the number of conflicts, with a higher weighting placed
on conflict reduction, as achieving a conflict-free solution is the primary objective. Results show
that it is able to resolve all conflicts in randomly generated scenarios, even when flight trajectories
are diverse and unpredictable, including crossing, merging, and parallel flight paths. Moreover, it
successfully deconflicts complex flight plans introduced into an already conflict-free airspace within
seconds. Parallelizing the CBS algorithm introduces a beam search-like effect, which contributes
to lower overall airspace delays by exploring multiple solution paths concurrently. However, this

1San José State University, Moffett Field, California
2NASA Ames Research Center, Moffett Field, California.
3Analytical Mechanics Associates Inc, Moffett Field, California
4Metis Technology Solutions, Moffett Field, California
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benefit comes with a trade-off: the computational cost increases compared to the standard sequen-
tial greedy strategy.

Sixth, a scenario exporter module that allows researchers to import deconflicted scenarios in
JSON format for use in any fast-time simulator that supports the ASTM UTM Protocol for OVB
definition. The ultimate goal is to enable any simulator to import realistic, high-fidelity scenarios,
allowing researchers to focus on the development and analysis of current and more advanced UTM
functions, such as CMSA, instead of repeatedly building some of these supporting tools from scratch.
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1 Introduction

Unmanned Aircraft Systems (UASs) are expected to generate substantial positive socio-economic
impacts, which are projected to grow in the coming years (Ref. 2, 3). These impacts span both
public applications like disaster management (Ref. 4), wildfire management (Ref. 5–7) and public
safety (Ref. 8, 9), as well as commercial uses such as infrastructure inspection (Ref. 10, 11),
agriculture (Ref. 12) and the delivery of package and medical supplies (Ref. 13, 14). According
to the Federal Aviation Administration (FAA) Aerospace Forecast Fiscal Years 2025-2045 (Ref.
3), the United States is predicted to have 1.93 million recreational small drones and 1.18 million
commercial drones by 2029.

To enable this routine, safe and efficient UAS operations, NASA launched in 2024 the UAS
Traffic Management (UTM) Beyond Visual Line of Sight (BVLOS) project in collaboration with
the FAA. UTM is an ecosystem envisioned as a highly automated, collaborative and distributed
system designed to safely manage UAS operations in low altitudes minimizing direct human air
traffic control (Ref. 15). This concept was primarily conceived and developed by NASA back in
2013 followed by Technical Capability Level (TCL) demonstrations that concluded in 2019 (Ref.
16–18). UTM BVLOS is an extension from that early work that aims at the operationalization
of the concept, in part through its deployment with real commercial and public safety flights and
services in the UTM Key Site Operational Evaluation in the Dallas-Fort Worth area (Ref. 19, 20).
This evaluation aims to gather data to inform FAA rulemaking for BVLOS operations, becoming
a template for national UTM deployment.

Besides FAA and NASA, industry partners have collaborated with these government agencies
to develop the ASTM F3548-21 (Ref. 21) industry consensus standard that outlines the essential
services that UAS Service Suppliers (USSs) must provide and how they interact within the UTM
ecosystem. Conformance Monitoring for Situational Awareness (CMSA) is one of those services and
it provides situational awareness for nonconforming or contingent UAS operations; states in which
the UAS is predicted to or has deviated from its original authorized flight plan. Unfortunately, in-
dustry stakeholders lack consensus on the sufficiency of evidence in literature that demonstrates the
added safety benefit of CMSA, which raises questions about warranting their required economical
investment and added complexity to the UTM ecosystem.

This lack of consensus is exemplified by differing assessments of CMSA’s incremental safety
contribution. For instance, Appendix X4 of the ASTM standard (Ref. 21) develops a probabilistic
analysis using a volume-based collision risk model to demonstrate the safety benefits of strategic
deconfliction (SD), assuming compliance with the standard’s provisions and certain operational
parameters (e.g., off-nominal event rate and participation rate). The results show that SD alone
can reduce the number of collisions by 97.9%, implying CMSA would only have the potential
of improving safety by 2.1%. Similarly, Airbus (Ref. 22), using a simulation-based approach,
concluded that SD alone could achieve a 99% reduction in Mid-Air Collisions (MAC), suggesting
CMSA would potentially offer only an additional 1% safety benefit.

In contrast, NASA (Ref. 23) presented an analytical approach showcasing the need for additional
deconfliction services beyond SD, such as CMSA, as a function of population density, off-nominal
probability, and the number of flights per hour, in order to meet a Target Level of Safety (TLS).
The results indicate a highly demanding off-nominal flight probability lower than 10−5 to meet the
required TLS when the operational tempo is higher than 100 flights per hour in urban environments.
Beyond their differing assumptions, the models also diverge in their methodology; the former
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methods assess safety relative to a baseline, whereas the latter defines the requirement to meet an
absolute TLS.

These analytical methods can be verified in simulation by directly computing the actual safety
benefit contribution of CMSA. However, the main challenge is that its impact cannot be evaluated
in isolation, as this service requires the integration of other UTM services. CMSA’s function is
limited to detecting UAS flight path deviations and generating predicted off-nominal Operational
Intent (OI). That information needs to be ingested by other deconfliction services, such as pre-
departure strategic deconfliction, to affect the 4D flight separation. Consequently, CMSA cannot
be simulated in isolation and requires additional work beyond its direct implementation to derive
conclusions.

Additionally, previous UTM simulation efforts evaluating safety have exhibited several con-
straints. These simulations have often been confined to specific airspace geometries and geograph-
ical locations (Ref. 22), lacked accounting for mission or service type diversity (Ref. 24), and
utilized contiguous, homogeneous Operational Volume Blocks (OVBs) without correlation to ac-
tual vehicle performance (Ref. 25). Furthermore, these efforts have not adequately considered the
heterogeneous landscape of UAS in the future National Airspace System (NAS) or the need for
spatial and/or temporal OVB overlap (Ref. 26). As a result, the conflict detection and deconflic-
tion services selected in these simulators tend to overfit scenario assumptions, rendering the derived
CMSA safety benefits non-extrapolatable to the general airspace.

This research develops an initial set of simulation modules designed to overcome the limitations
of previous efforts, serving as a critical first step towards higher-fidelity Monte Carlo simulations
for comprehensively assessing the CMSA’s safety benefits within the NAS. Overfitting to specific
geographies or geometries is mitigated by enabling simulations across any major city, where diverse
drone services (e.g., package delivery, inspection) are randomly generated and realistically linked to
actual geographic features (e.g., supermarkets, restaurants, apartments). Moreover, an OVB sizing
approach is proposed based on simulated or real flight data, directly reflecting vehicle performance.
Finally, 4D volume-based conflict detection and pre-departure strategic temporal deconfliction
(PDSTD) modules leveraging the R-Trees (Ref. 27) and Conflict-Based Search (CBS) (Ref. 28)
heuristic algorithms were implemented. They can operate across arbitrary airspace geometries and
are optimized for the high-speed performance typically needed in fast-time simulations.

The remainder of this paper is organized as follows. Section 2 outlines the methodology, elabo-
rating on each of the simulation modules that shape the contribution of this work. Next, Section 3
presents the module outputs, visualized over the city of Mountain View, California, from flight path
generation to strategically deconflicted OIs. Finally, Section 4 discusses the work’s conclusions and
provides recommendations for future research.

2 Methodology
Figure 1 shows all the blocks required to simulate a scenario and assess the safety benefit of

CMSA. Given some user input and map data from OpenStreetMap, a scenario is generated in the
chosen geographic location spawning flight paths from selected UAS mission profiles, such as hub-
and-spoke (package delivery) or point-to-point (medical supply delivery). In order to discretize the
paths, the OVBs corresponding to the performance of the chosen vehicle(s) are sized using simulated
or flight data. Next, the constructed OIs are passed on to 4D volume-based conflict detection, for
the discovery of all the intersections between OVBs of different flights, followed by 4D volume-
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based pre-departure strategic temporal deconfliction where the departure times are adjusted. The
conflict-free scenario is fed to the fast-time simulator (e.g., Fe3 (Ref. 29)) which only needs to be
paused when an off-nominal flight is injected. This would trigger the CMSA module which would
detect the off-nominal behavior, transition the state of the flight to nonconforming or contingent,
and generate off-nominal OVBs. The latter is fed back to the 4D volume-based PDSTD module
before feeding the rescheduled remaining flights to the simulator, which will continue until the next
failure is injected.

Flight path
generation

module

Flight path
discretization

module

OVB sizing
module

4D Volume-based
conflict detection
module (R-tree)

Real or 
simulated
flight data

Off-nominal flight
generation

module

High-level:
Constraint Tree

(CT) SLSQP R-tree

Low-level

4D Volume-based PDSTD module (CBS)

Off-nominal
behavior detection

submodule

UTM flight state
transition

submodule 

Off-nominal OVB
generation
submodule

CMSA module

Simulation

Scenario export
module

OpenStreeMap
data

Execute
fast-time sim

Figure 1. CMSA simulation block diagram.

The solid, rounded-edged blocks are the ones discussed in this section and their output will be
visualized later in Section 3. The dashed blocks reflect the intention of future work.

2.1 OVB Sizing
The ASTM F3548-21 (Ref. 21) specification on UAS Traffic Management states that during the

Activated state, a UAS should remain within the defined Operational Intent (OI) for at least 95%
of its total flight time; this minimum compliance threshold is referred to as OiMinConformance
in ASTM requirement OPIN0010. According to the UTM Concept of Operations (ConOps) (Ref.
15), the OI is composed of blocks that the research community understood as spatio-temporal 4D
cuboids (Ref. 30–33) and called Operational Volume Blocks (OVBs) (Ref. 25). The standard does
not prescribe a methodology for achieving this requirement, and the literature lacks a clear approach
for determining the appropriate sizing of OVBs based on vehicle performance characteristics and
system uncertainties. In most cases, the dimensions of OVBs are either assumed to be fixed and
based on conservative estimates using factors such as the vehicle’s cruise speed (Ref. 25, 34), or
determined through a grid search over a range of UAS noise values and OVB dimensions (Ref. 22).

To address this gap in the literature, a simple methodology is proposed using the error between
the desired and actual flight trajectories of the vehicle, which can be obtained in simulation or from
real flights. For illustration purposes, cruise trajectories are simulated using the simple kinematic
model shown in Equation 1. The pitch (θ), heading (ψ) and velocity (V ) are sampled at every time
step from a Gaussian distribution with the mean and standard deviations shown in Table 1.

5



Xt+1 = Xt +

|Vt| · cos θt · cosψt

|Vt| · cos θt · sinψt

|Vt| · sin θt

 · dt (1)

Table 1. Kinematic model inputs
Velocity [m/s] Heading [deg] Pitch [deg]

Mean | Std 10 | 2 0 | 10 0 | 2

Figure 2 shows 100 trajectories projected onto the x-y plane, with each point also associated
with a time component. In real-world scenarios, position drift caused by external factors such as
wind, or by internal factors such as sensor inaccuracies (e.g. inertial measurement unit or IMU
drift), is typically compensated by the onboard controller and complementary sensors (e.g., GPS).
In this simple simulation, drift in the y and z axes is corrected by clipping each trajectory to the
centerline every time it enters a new OVB, as will be seen in Section 3.1.

Figure 2. Simulated trajectories without drift correction.

Table 2. OVB sizing methods by input and the type
of emerging OVB overlap

Sizing input OVB overlap type
Length Temporal

Duration Spatial

OVBs can be sized by fixing their length (meters) or duration (seconds). In the case that
the length is fixed, the trajectories are chopped along the x-axis and the data points within each
segment are used to determine each OVB’s dimensions. Besides the 95% conformance rate required
by the standard (Ref. 21), it defines the OI as a “volume-based representation of the intent for a

6



UAS operation; comprises one or more overlapping or contiguous 4D volumes, where the start time
for each volume is the earliest entry time, and the stop time for each volume is the latest exit time”.
Hence, the entry and exit times of each OVB correspond to the earliest and latest time steps of
the data points within each segment. Since the x-dimension is fixed, the y and z dimensions are
determined so that 95% of the data points lie within the OVB. To approximate this joint coverage,
each marginal (y and z) dimension is bounded using a symmetric interval around the mean that
contains

√
95 = 97.5% of the data points in that dimension. This empirical method yields a

rectangular approximation of the joint distribution by independently computing tolerance intervals
along each axis. To further refine these last two dimensions, a global optimization approach such as
Particle Swarm Optimization (PSO) (Ref. 35, 36) can be applied. The objective function minimizes
the difference between the actual proportion of points contained within the OVB and the target
value of 95%. The empirically computed bounds from the previous step serve as initial estimates
for the particle positions in PSO.

When the OVB length is fixed and trajectories are clipped at the OVB exit, each trajectory will
have a different exit time. As a result, and following the standard definition of the OI, consecutive
OVBs exhibit temporal overlap (Table 2). This emerging overlap arises because the exit time of
one OVB may extend beyond the entry time of the next.

In the case that the OVB duration is fixed, trajectories are sliced along the temporal axis, and
only the data points time stamped within the OVB’s entry and exit times are used for its sizing.
The method is identical to length-fixed sizing, except that the dimension along the x-axis is not
predefined. Following the standard’s OI definition, the length of each OVB is determined such
that it fully encloses all its corresponding trajectory points. Finally, since trajectories are sliced at
different locations along the x-axis due to the fixed duration, a spatial overlap (Table 2) emerges
between OVBs, as the exit location of one may extend beyond the entry location of the next.

The output of the OVB sizing are six variables, namely the length (l), width (w), height (h)
and duration (T ) of the block, as well as its spatial (Os) and temporal (Ot) overlaps.

2.2 Flight Path Generation
Current simulation approaches use a manually generated geometry for the generation of their

airspace traffic (Ref. 24–26) or are constrained to a particular geography (Ref. 22), hindering
the extrapolation of the conclusions to the complete NAS. The results overfit the fine-tuned com-
plexity of the designed scenarios (e.g., airspace density, number and type of crossing points) and
assumptions (e.g., only straight flights considered) which sometimes can be unrealistic.

To address these challenges and assess the safety benefits of CMSA our scenario generation
incorporates two distinct points of randomization. The first point of randomization pertains to the
geographical location itself. To assess the safety benefit of CMSA agnostic to any single geography,
our Monte Carlo simulation can change the area of operation after a certain number of iterations.
For instance, in the context of the NAS, this would mean alternating between all or major cities of
the USA. The user can define these specific locations that span from neighborhoods to cities (e.g.,
“Capitol Hill, Denver, USA,” “San Francisco, California, USA,” or “Japan”), which are then used
by the OSMnx library (Ref. 37) to import and spawn the corresponding geographical area, as seen
in Figure 3.

The second point of randomization involves the stochastic spawning of flight paths within the
chosen airspace, following predefined operational profiles linked to services. Once a geographical
area is established through the first randomization step, the flight paths of vehicles are randomly
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(a) Capitol Hill, Denver, USA (b) San Francisco, California, USA (c) Luxembourg

Figure 3. Grid plans from OSMnx.

generated within that specific region. These services are specified to sometimes leverage informa-
tion from the ground, such as the location of warehouses or apartment buildings. This ensures a
realistic, diverse and unpredictable set of flight trajectories for robust scenario testing, relevant to
the characteristics of the selected location.

For the current version of this simulation module, three operational profiles are considered,
namely hub-and-spoke (HNS), out-and-back (ONB) and point-to-point (P2P). Their On-demand
Time of Departure (OTD) is simulated separately using a Poisson distribution (Ref. 25, 34, 38).
Each will be briefly discussed in the following subsections.

2.2.1 Hub-and-Spoke

HNS is typically associated with package delivery. It consists of a central departure location
called depot where multiple UAS take-off towards drop-off locations (clients) within a certain range.
A Company operating HNS can have multiple depots separated by a minimum distance from each
other. Leveraging the real-world information from the geographical location through OSMnx,
depots are located at the coordinates of restaurants, bars, cafes, pubs, supermarkets or shops, or
a subset of those. Meanwhile, a potential client can be a residential building, hotel, office, college,
university, stadium, dormitory, house, bungalow or static caravan within the radius of operation
of the depot. This region of operation is shaped as a ring, allowing for a minimum and maximum
distance from the depot. Figure 4a and Figure 4b show the locations of potential companies
and clients in the area of Mountain View, California, whereas Figure 4c shows the potential clients
within the region of operation of each depot. Depending on emerging services, the physical meaning
of depots and clients can be changed in the future by using different OpenStreetMap tags.

In Table 3 are the inputs for the generation of HNS missions. For every scenario, a user-defined
number of depots per company is chosen at random from the potential candidates in the region.
Only when a depot has enough potential clients within its operational range, it is approved for
flight generation and client locations are selected at random as flight targets.
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(a) Potential depots (blue circles) (b) All clients (white crosses) (c) Depot potential clients

Figure 4. Scenario generation in Mountain View.

Table 3. Hub-and-spoke inputs
Number of companies Depot tags Max. radius of operations

Number of depots per company Client tags Min. radius of operations

Number of flights per depot Intra-company depot distance Average take-off rate
(Poisson distribution)

OVB dimensions per depot Min. clients per depot Depot min. temporal
flight separation

2.2.2 Out-and-Back

ONB operations can be associated, among others, with the inspection of an electrical grid,
perimeter patrol or real estate videography. As can be seen in Figure 5, it consists of a flight path
that starts at a location (diamond), flies following a certain number of waypoints (circles) where
heading changes can be performed and concludes (at the white cross) returning in a straight line to
the point of origin for landing. The user can specify the number of waypoints, the spacing between
them, the maximum allowed heading change at each waypoint, and whether the vehicle must turn
in a single direction or is allowed to zigzag.

Table 4 lists the inputs for the generation of ONB missions. Multiple companies can operate
several ONB flights. For the current implementation, ONB flights have their departure/landing and
waypoints coordinates randomly chosen on land within the region of interest (e.g., Mountain View),
with waypoint selection stopping after a set number of failed attempts. However, instead of using
random sampling, the structured, topological and attribute-rich spatial data from OpenStreetMap
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(a) Turning in a single direction (b) Zigzagging

Figure 5. Out-and-back flight profile examples.

(via OSMnx) could be leveraged to define rules that enable more realistic simulation of one or more
of the aforementioned services. For example, the tags “power=line”, “landuse=residential” and
“building=villa” could guide UAS to follow power lines or orbit residential areas or villas.

Table 4. Out-and-back inputs
Number of companies Min. number of waypoints Waypoint search limit

Number of flights per company Max. inter-waypoint distance Turn single direction flag
OVB dimensions per company Min. inter-waypoint distance Average take-off rate

(Poisson distribution)Max. number of waypoints Waypoint max. heading change

2.2.3 Point-to-Point

P2P operations are linked to services such as emergency medical supply transport between
healthcare facilities, transport of lab samples to diagnostic centers or disaster relief supply drop-
offs. It is the simplest operational profile from the ones implemented in this work. As can be
observed in Figure 6, it consists of a straight flight path from a take-off point (diamond) to a
landing point (cross). The distance between these locations is user-configurable.

In Table 5 are the inputs for the generation of P2P missions. Again, for the work shown
here, the two points of interest are chosen at random on land within the region of interested.
When searching for points that meet those conditions, the algorithm samples fewer than a specified
number of candidates before giving up. To define rules for more realistic simulation of the afore-
mentioned services, OpenStreetMap tags such as “amenity=hospital”, “healthcare=laboratory”
and “emergency=assembly_point” could be used.
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Figure 6. Point-to-point flight profile example.

Table 5. Point-to-point inputs
Number of companies Max. flight distance Average take-off rate

(Poisson distribution)Number of flights per company Min. flight distance
OVB dimensions per company Take-off/Landing search limit

2.3 Flight Path Discretization
Once the OVB dimensions are defined, flight path discretization is the problem of spatially

positioning OVBs along a flight path, as well as defining their entry and exit times. Previous UTM
efforts (Ref. 25, 38) assumed straight-line flight paths composed of contiguous OVBs, with each
OVB placed tangentially to the one before it. Under this assumption, only the final block required
spatial and temporal trimming to align with the remaining portion of the flight path. In this work,
due to the addition of waypoints, there are four scenarios that will be discussed in the next sections.

2.3.1 Starting OVB

In this work, UAS are assumed to take-off vertically, and OVBs begin forming above the take-off
location once the cruise altitude is reached. The distance from the start of cruise to the center of
the first OVB (d0,1) is defined as half the length of that OVB (l1), as shown in Equation 2. The
entry time of the first OVB corresponds to the start of the cruise phase (t0), and the exit time is
given by the entry time plus the duration of the first OVB (T1), as determined during the sizing
stage (Equation 3).

d0,1 = l1
2

(2)
t01 = t0
te1 = t01 + T1

(3)
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2.3.2 OVBs Between Waypoints

The distance along the flight path between the centers of two OVBs (di,i+1) is computed in
Equation 4, taking into consideration the spatial overlap (Osi). The variables li and li+1 represent
the length of two consecutive OVBs, and δdi is the distance from the previous OVB to the start of
the spatially overlapped region, as can be seen in Figure 7a.

δdi = li
2 −Osi

di,i+1 = δdi + li+1
2

(4)

(a) Between waypoints (b) Around waypoint

Figure 7. Flight path discretization.

The OVBs must also be temporally aligned along the flight path. Equation 5 calculates the
center time (tci+1) of each OVB between waypoints, taking into account the temporal overlap
(Oti). Let Ti and Ti+1 represent the duration of the previous and current OVBs, respectively. It
also computes the OVB’s entry (t0i+1) and exit (tei+1) times, with tci+1 defined as their average.

tci+1 = tci + Ti+Ti+1
2 −Oti

t0i+1 = tci+1 −
Ti+1

2

tei+1 = tci+1 + Ti+1
2

(5)

2.3.3 OVB Before Waypoint

An OVB is placed just before a waypoint when the condition in Equation 6 is satisfied. Specif-
ically, this occurs when the distance from the previous OVB center to the end of the current OVB
— excluding the portion that overlaps with the potential next OVB — exceeds the available space
between the previous OVB center and the upcoming waypoint (di,j).

di,i+1 + li+1
2
−Osi ≤ di,j (6)

When reaching a waypoint, the OVB is trimmed such that only the portion that would be under
spatial overlap overshoots the waypoint, as can be observed in Figure 7b. In that case, the distance
of that OVB center to the previous one (d∗

i,i+1) is computed using Equation 7. Here, l∗i+1 is the
length of the trimmed OVB.

l∗i+1 = di,j − δdi +Osi

d∗
i,i+1 = δdi + l∗i+1

2

(7)
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Since the OVB is trimmed, the center (t∗ci+1), exit (t∗ei+1) and entry times (t∗0i+1) are computed
using Equation 8. The quantity δti denotes the average time it should take the vehicle to travel
from the previous OVB center to the start of the spatially overlapped region; li+1 and Ti+1 represent
the length and duration of the OVB if it were not trimmed; and T ∗

i+1 denotes the duration of the
trimmed OVB.

δti = Ti
2 −Oti

T ∗
i+1 = l∗i+1 ·

Ti+1
li+1

t∗ci+1 = tci + δti + T ∗
i+1
2

t∗0i+1 = t∗ci+1 −
T ∗

i+1
2

t∗ei+1 = t∗ci+1 + T ∗
i+1
2

(8)

2.3.4 OVB After Waypoint

The first OVB after the waypoint is not trimmed but it is shifted back by δdi from the waypoint
such that the spatial overlap is behind the waypoint. Finally, Equation 9 computes the center time
of the first OVB after the waypoint by first computing the time that the vehicle is expected to fly
over the waypoint (tj). The entry and exit times are computed using the equations in Equation 5.

tj = t∗ci
+ (T ∗

i
2 )−Oti +Osi ·

Ti+1
li+1

tci+1 = tj + δti+1
(9)

2.3.5 Buffers

Once the OVBs have been positioned in space and time, it is possible to add buffers in all 4
dimensions. Additionally, the approach discussed in the previous sections enables the researcher to
have both spatial and temporal overlaps even though in the sizing process only one emerges per
chosen input. The buffers do not change the spatial position of the OVB centers but may increase
the safety during deconfliction by ensuring an increased separation.

2.4 4D Volume-Based Conflict Detection
Per the ASTM F3548-21 standard (Ref. 21), a conflict occurs when the OVBs of two differ-

ent flights overlap in 4D, intersecting in both space and time: “the spatial dimensions of the 4D
volumes must share at least one point and the start/end time range for the two 4D volumes must
overlap”. Given that scenarios are automatically generated by spawning flights from diverse oper-
ational profiles, it is necessary to implement a conflict detection approach that does not rely on
airspace geometry assumptions. Crossing points, parallel flights and merging lanes could emerge
in a scenario. To address this challenge, the approach proposed here is based on R-trees (Ref. 27).

The R-tree is a hierarchical data structure specifically designed to index and query multi-
dimensional information, making it highly effective for spatial data like geographic coordinates,
polygons, or other geometric shapes. They have been commonly researched and used in (spatial)
databases (Ref. 39, 40). At the core of its design is the Minimum Bounding Box (MBB) (Ref. 1),
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which in 2D is the smallest possible rectangle that encloses a collection of nearby spatial objects,
as can be seen in Figure 8.
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Figure 8. Minimum Bounding Boxes (Ref. 1).
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Figure 9. R-tree data structure (Ref. 1).

The R-tree indexes information in a dynamic, height-balanced tree (Ref. 27). It efficiently
handles a combination of insertions, deletions, and searches without the need for regular structural
adjustments, and the height difference between the left and right subtrees of any node is bounded,
ensuring balanced performance across operations. Figure 9 shows how this structure is organized
in levels (Ref. 1). At the lowest, leaf nodes contain the actual data objects (or pointers to them).
Moving up the hierarchy, parent nodes do not store objects directly; instead, they store the MBBs
that fully enclose the geographic regions of their child nodes. This nested structure is the key to its
performance. When a spatial query is executed (e.g., finding all bike shops within a one-kilometer
radius), the search algorithm can quickly discard large portions of the data. It starts at the root
node and recursively descends the tree, checking if the query region overlaps the bounding boxes
of the nodes. If the query area does not intersect with an MBB at a high-level node, the R-tree
does not need to examine any of the branches beneath it, dramatically reducing search time.

The process of constructing an R-tree (Ref. 1, 27) begins with an empty root node that is also
a leaf node and has no entries. Once the first data object (e.g., a point or polygon) is inserted, it
is added to the root/leaf node. The node’s MBB is set to be the same as the object’s MBB.

For each subsequent object, the tree performs the following three-step insertion procedure. First,
a subtree is chosen. Starting at the root, the algorithm selects the child node whose MBB requires
the least amount of enlargement to enclose the new object. This process is repeated down the tree
until a leaf node is reached. Second, the new object is added to the selected leaf node. Third, the
MBB of the leaf node is adjusted (if necessary) to enclose the new object. This change is then
propagated up the tree, and each parent MBB is updated to reflect the new size of its child’s MBB.

Each node in an R-tree has a maximum capacity. If adding a new object to a leaf node causes
it to exceed this capacity, a split occurs. The entries in the overflowing node (including the new
object) are divided into two groups. The goal of the split algorithm (e.g., linear or quadratic (Ref.
27)) is to create two new nodes whose MBBs cover the minimum possible area and have the least
overlap. The single MBB in the parent node is replaced with two MBBs representing the two
new nodes. This can cause the parent node to overflow, triggering another split. This process can
continue all the way up to the root. If the root node itself is split, a new root node is created with
two children (the two nodes resulting from the split). This is how the R-tree increases in height.
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In the present research, R-trees are employed for 4D volume-based conflict detection to identify
overlapping OVBs from different flights in both space and time. The baseline method uses a naive
approach that compares each OVB from each flight with all OVBs from every other flight. The
process involves a sequential filtering: it first checks for temporal overlap, followed (if successful) by
an altitude overlap check, and finally, if both conditions are met, it performs a 2D polygon inter-
section to confirm spatial conflict. Since that can be computationally expensive, three alternative
R-tree conflict detection implementations are considered:

1. Hierarchical OI/OVB R-trees: a high-level R-tree is built by inserting each flight’s OI as
a single volume. In addition, a low-level tree is built for each flight containing its respective
OVBs as entries. Each OVB from every flight is then used to query the high-level R-tree,
which returns a list of flights that may be in conflict. Excluding its own flight, the same OVB
is subsequently used to query the low-level trees of these candidate flights, yielding a refined
list of potentially conflicting OVBs. Since the R-tree returns only those candidates whose
MBB intersects the query OVB, a final naive sequential filtering step is then applied to each
of these candidates to confirm actual OVB overlap.

2. Hybrid OI R-tree/naive: an R-tree is built as the high-level tree in the hierarchical im-
plementation. However, instead of building and querying low-level trees, the query OVB
is directly checked for conflicts against all OVBs of the candidate flights using the naive
sequential filtering approach.

3. OVB R-tree: an R-tree is built with all the OVBs in the airspace, and each OVB from
every flight is used to query the tree. To avoid self-comparison, OVBs belonging to the same
flight are excluded from the list of intersection candidates. A final naive sequential filtering
step is applied to each remaining candidate; the detailed check to confirm actual conflicts.

The R-trees of all these approaches have been implemented as 4D R-trees using the efficient
rtree Python library¶, a wrapper of the C++ libspatialindex library. This enables volume-based
conflict detection across all dimensions with a single search query. The performance of these three
approaches will be compared to the naive baseline later in Section 3.4.

Finally, the benefits of R-trees are efficiency, flexibility, and scalability. They promise faster
spatial queries compared to flat spatial databases, such as the naive baseline approach. R-trees can
handle various OVB shapes, including both trajectory-based and area-based representations. They
are also well-suited for scenarios involving large numbers of flights, as their search time increases
logarithmically (logmN , where m is the node capacity and N is the number of OI/OVBs), in
contrast to the quadratic complexity of the naive approach (O(N2)).

2.5 4D Volume-Based Pre-Departure Strategic Temporal Deconfliction
Previous UTM work in pre-departure strategic temporal deconfliction (PDSTD) used mixed-

integer linear programming (MILP) approaches (Ref. 34), either alone or in combination with
heuristics such as rolling horizon methods (Ref. 38), to determine vehicle departure times that
ensure conflict-free airspace prior to takeoff. These methods are classified as temporal deconfliction
strategies, as they adjust departure times instead of flight paths or speeds.

¶https://rtree.readthedocs.io
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Classical MILP-based approaches that seek the global optimum exhibit poor scalability, as the
formulation grows rapidly with the number of vehicles and spatial intersections, resulting in a
large number of variables and constraints per vehicle. Hence, these methods suffer from constraint
explosion, requiring all possible spatial interactions to be predefined, even if many conflicts never
occur. They are also inflexible in dynamic environments, as MILP solvers are optimized for static
problems and must be entirely reformulated and re-solved when new vehicles or conditions arise.
Furthermore, they remain computationally inefficient in sparse conflict scenarios, processing the
full optimization space regardless of actual conflict density. In addition to these computational
and modeling drawbacks, existing MILP formulations in the UTM literature have not addressed
the resolution of 4D volume-based conflicts arising from merging or parallel flight paths, but have
mostly focused on 3D conflicts (2D in space) at crossing points.

This work proposes an alternative approach based on Conflict Based Search (CBS) (Ref. 28) that
circumvents these limitations, albeit at the cost of sacrificing global optimality in favor of locally
optimal solutions. Originating from the field of Multi-Agent Path Planning, CBS decomposes a
large, hard problem into smaller, more tractable subproblems, resolving the conflicts emerging in
the scenario incrementally. Instead of introducing all scenario constraints upfront, it addresses one
conflict at a time, incorporating only the relevant constraints needed to resolve it. Unlike methods
such as MILP, which grow directly with the number of agents and spatial intersections, CBS only
scales with the number of conflicts. Even though heuristics can break a large MILP into smaller
instances, effectively reducing the problem size and the computational time, it still requires defining
all the airspace constraints upfront.

CBS enhances scalability (larger agent sets) by introducing constraints only when conflicts
arise, resulting in a sparse, focused search space. It is also well-suited for dynamic environments,
supporting easy integration of new aircraft in the airspace or local replanning. It is especially
efficient in low-conflict scenarios, as it limits revisions to only a subset of flights.

The algorithm operates on two levels: a high-level search over a conflict tree that branches on 4D
volume-based detected conflicts, and a low-level optimizer responsible for computing conflict-free
OTDs satisfying individual vehicle constraints. The following sections detail each component.

2.5.1 High-Level: Conflict Tree Search

At the high level, CBS operates using a constraint tree (CT), where each node represents a set
of constraints on agents’ departure times. The tree is binary, and each node contains: (1) a set of
constraints, (2) a solution specifying the departure times of all agents that satisfy those constraints,
and (3) the total cost of the current solution.

The root contains an empty set of constraints. Each child node inherits the constraints of its
parent and adds new constraints to resolve a single conflict. In this work, when a conflict occurs,
as seen in Figure 10a, there are two possible resolutions: either vehicle A or vehicle B is delayed.
If vehicle A is delayed (Figure 10b), the constraint set (CS) in Equation 10 is added to one of the
two child nodes. Conversely, if vehicle B is delayed (Figure 10c), the CS in Equation 11 is added
to the other. Here, STDX stands for Scheduled Time of Departure for flight X, whereas X0 and
Xe are the entry and exit times, respectively, of the OVB of flight X involved in the conflict. ∆ is
a constraint constant computed once when resolving the conflict.
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Figure 10. Conflict between Flight A (orange OVB with solid outline) and Flight B (blue OVB
with dashed outline), with their temporal resolution options. Values indicate entry and exit times.

STDA > STDB +∆
∆ = (STDA − STDB)− (Be −A0)

(10)

STDB > STDA +∆
∆ = (STDB − STDA)− (Ae −B0)

(11)

On top of those constraints, each flight has the added constraint that the STD has to be later
than the OTD from Section 2.2: STDA > OTDA and STDB > OTDB.

The solution (S) of a node is the list of vehicle STDs that satisfy its constraints, computed
by the algorithm’s low-level component. Its cost (C), defined in Equation 12, combines the total
number of resulting conflicts (nconf) and the aggregate delay across all vehicles (D). The delay
of a vehicle is defined as the difference between its scheduled and on-demand times of departure
(DX = STDX − OTDX). Conflicts are assigned a higher penalty using a Big-M constant (M),
reflecting the priority of achieving a conflict-free solution.

C = M · nconf +D (12)

Besides the tree, a priority queue Q stores unexplored leaf nodes, ordered by cost from lowest
to highest. This enforces a greedy strategy: nodes with the fewest conflicts are prioritized, and ties
are broken by selecting the node with the lowest delay.

The high-level algorithm begins by creating a root node without constraints. Its solution consists
of the vehicles’ ODTs, and the cost is based solely on the number of conflicts detected with the
efficient R-trees described in Section 2.4 (see Figure 1). Since vehicles depart at their ODTs, there
is no delay. This root node is then added to Q.

The lowest-cost leaf node (initially the root) is dequeued from Q. If it has zero conflicts (nconf =
0), the scenario is deconflicted, the high-level algorithm terminates, and its solution is returned.
Otherwise, the earliest conflict is selected for resolution, and the two CSs, defined in Equation 10 and
Equation 11, are computed. Two child nodes are spawned, each inheriting the parent’s constraints
plus one of the two CSs. The low-level algorithm is then executed for both children, and they are
added to Q. This process repeats by dequeuing the next lowest-cost node from Q. Algorithm 1
shows the pseudo-code for the high-level algorithm.
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Algorithm 1 High-Level Algorithm Pseudocode
1: Create initial solution with flight path generation (see Section 2.2): S0 = [OTD1, OTD2, . . .]
2: Compute the initial number of conflicts nconf0 with R-trees (see Section 2.4)
3: Compute initial cost C0 = M · nconf0
4: Create root node N0 with S0, nconf0 and C0
5: Add N0 to Q
6: Initialize best cost Cbest ←∞
7: Initialize best solution Sbest ← ∅
8: while Q is not empty do
9: Extract node NX with lowest cost CX from Q

10: if nconfX = 0 then
11: return Solution SX

12: else if CX < Cbest then
13: Cbest ← CX

14: Sbest ← SX

15: end if
16: Choose earliest conflict in NX

17: Compute the two CSs to resolve the conflict (see Equation 10 and Equation 11)
18: Spawn 2 child nodes, each with one CS
19: for each child node Ni do
20: Run low-level algorithm to compute solution and cost for Ni (see Section 2.5.2)
21: end for
22: Add child nodes with solution to Q
23: end while
24: return Best stored solution Sbest

2.5.2 Low-Level: Individual Conflict Resolution

Given a child node with its constraints from the high-level algorithm, the low-level algorithm
computes a solution that satisfies these constraints and evaluates its cost. Only the flight affected
by the last added constraint is updated, as it was involved in the conflict of the parent node.

To resolve the scheduling constraints for the most recently constrained vehicle pair, a nonlin-
ear optimization problem is formulated and solved using Sequential Least Squares Programming
(SLSQP). The goal is to minimize DX of the delayed vehicle X by changing the decision variable
STDX , subject to its node-specific constraints. If no feasible solution is found, the node is dis-
carded. Otherwise, the vehicle’s OI and OVBs entry and exit times are updated in the R-tree,
which in turn updates the set of conflicts caused by that vehicle. These updates are then used to
calculate the conflict count and delay cost. Finally, the node is added by the high-level algorithm
to Q for further consideration as a potential parent node.

2.6 Scenario Exporter
Once the scenario has been generated and, if needed, deconflicted, it can be passed to a fast-

time simulator such as Fe3 (Ref. 29) to model vehicle dynamics and environmental effects like
wind (Ref. 26). To support this, the OVBs for all flights, regardless of service type or operational
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profile, are exported in JSON format, following the ASTM UTM Protocol‖. This enables any
simulator to import realistic, high-fidelity scenarios, allowing researchers to focus on their core
research questions rather than repeatedly building supporting tools from scratch. Without this
capability, researchers are often forced to re-implement the same foundational simulation modules
with limited time and resources, resulting in ad-hoc, low-fidelity solutions that compromise the
overall quality and reproducibility of the work.

3 Results: Module Outputs and Design Justifications
This section presents an example that demonstrates the output of each module and explains the

rationale behind certain design choices, such as the chosen final R-tree implementation. All tests
were run on a macOS machine with a 2.7 GHz Quad-Core Intel Core i7 processor (4 cores, 8 logical
processors), 16 GB of LPDDR3 RAM, running macOS Sequoia 15.6.

3.1 OVB Sizing
When the OVB length is fixed at 100 meters and the kinematic model is initialized using the

inputs from Table 1, the resulting 10 OVBs — generated by sampling 10,000 trajectories of 1,000
meters — are shown spatially and temporally in Figure 11. As mentioned in Section 2.1, trajectories
are clipped to the centerline at each OVB entrance. The OVBs’ length remains constant, whereas
their width and height vary around a mean. OVB duration and temporal overlap increase linearly
due to the uncorrected longitudinal drift, an observation expected to vanish or dampen in higher-
fidelity simulations or real-world scenarios where drift is corrected by the vehicle’s controller.

(a) Spatial dimension 2D top-down view (b) Temporal dimension

Figure 11. Length-fixed OVB sizing with temporal overlap.

Similarly, Figure 12 shows the same 10 OVBs when their duration is fixed at 10 seconds. The
trajectories are omitted for clarity. In this case, the emerging overlap is spatial rather than temporal.
OVB length and the spatial overlap increase linearly with time due to the longitudinal drift.

Regardless of the method used, it was observed that without PSO, the achieved conformance
rate fluctuated between 94.8% and 95.1% closely aligning with the target of 95%. When PSO was
applied, the target was consistently met; however, this came at the cost of a 4–12x increase in

‖github.com/astm-utm/Protocol/blob/F3548-21/utm.yaml
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Figure 12. Duration-fixed OVB sizing with spatial overlap.

computation time. Therefore, in scenarios where the operator must periodically update the OVB
dimensions for multiple aging vehicles based on their flight data, PSO fine-tuning may not be jus-
tified, given its marginal performance improvement relative to significant computational overhead.

Table 6 summarizes the average dimensions input to the flight path discretization module for
both, length-fixed (LF) and duration-fixed (DF) OVBs. Given the cruising speed of 10 [m/s], the
temporal overlap in the LF case corresponds to approximately 32 [m] of spatial overlap, closely
matching the 31.5 [m] overlap in the DF case. This indicates that both approaches provide nearly
equivalent safety margins. By extending the LF OVBs in both directions by half the temporal
overlap (in distance), the DF OVBs naturally emerge. Nevertheless, this observation should be
further studied through more extensive simulations and real-world data validation.

Table 6. OVB dimensions for both sizing input types
Length

[m]
Width

[m]
Height

[m]
Duration

[s]
Spatial

overlap [m]
Temporal
overlap [s]

LF 100 6.1 1.2 13.3 0 3.2
DF 129.3 6.0 1.2 10.0 31.5 0

If the hypothesis is true, the choice between spatial and temporal overlap in OVBs ultimately
depends on implementation details and operator preference. Spatial overlap makes the safety mar-
gin visually explicit, but it may clutter the display; in contrast, temporal overlap is less visually
intrusive but renders the margin less apparent. Alternatively, both overlap types could be com-
bined by partially converting one form into the other using the cruise speed. A well-informed
recommendation on the appropriate overlap type could be developed through future human factors
studies that account for all relevant user interface variables.

3.2 Scenario Generation
For the current example, 50 flights cruise at the same altitude in the area of Mountain View,

California: 10 HNS flights split equally among two depots from Company H0, 10 HNS flights split
equally among two depots from Company H1, 10 ONB flights from Company O0 and 10 P2P flights
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from Company P0. The inputs for each of the operational profiles can be found in Table A-1 in
the Appendix. Figure 13 and Figure 15 show all the planned flights for the scenario spatially and
temporally, respectively.

Figure 13. Example scenario: Top-down
view of airspace.

Figure 14. Example scenario: Flight path
discretization with zoom-in regions.

By leveraging real-world operational profiles tied to local infrastructure, a wide range of scenar-
ios with realistic complexity can be automatically generated. This approach eliminates the need to
manually design a limited set of airspace geometries, which may be either too simplistic or overly
complex—and whose findings may be too narrowly tailored to specific cases. By periodically vary-
ing geographic locations and sampling operational parameters from realistic ranges or probability
distributions, airspace diversity can be introduced into Monte Carlo studies. This enables more
robust assessments of average safety and efficiency for UTM services, such as CMSA. As a result,
conclusions can be drawn at scales ranging from individual neighborhoods to the entire National
Airspace System (NAS).

3.3 Flight Path Discretization
For visualization purposes, the OVBs in the example scenario have been enlarged relative to

their original dimensions from the sizing stage. To demonstrate the tool’s versatility — allowing
each company to use different OVB configurations — four variations are presented in Table A-2 in
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Figure 15. Example scenario: Flight paths temporal plot. Flight names on the y-axis follow the
format: S<scenario number>_<operational profile type><company number>_F<flight number>,
where the service type is represented by a letter (’O’ for ONB, ’H’ for HNS, ’P’ for P2P) and the
flight number is assigned by each company. For HNS, an additional depot identifier is included in
the format D<depot number>. The colors correspond to those shown in the airspace illustration.

the Appendix: H0 serves as the baseline; H1 uses temporal overlap instead of spatial; P0 features
OVBs twice the size of those in H0; and O0 maintains the same dimensions as H0 but includes
additional width buffers. Figure 14 illustrates how the methodology in Section 2.3 applies those
OVB dimensions to the example scenario.

Figure 16 presents three zoomed-in views from Figure 14, highlighting specific spatial features.
In Figure 16a, the spatial overlap among the three companies is shown, along with noticeable
differences in length and width. P0 is twice the size of H0, while O0 is 1.5 times wider than H0
due to its buffer. Additionally, the H0 flights show that the base of the first OVBs aligns with
the start of cruise above their depot. Figure 16b illustrates that H1’s OVBs are tangential rather
than overlapping, reflecting the absence of spatial overlap. These OVBs are also half the length
and width of P0’s. Finally, Figure 16c demonstrates how smaller OVBs are generated just before
waypoints for O0 flights, while still preserving spatial overlap.

3.4 4D Volume-Based Conflict Detection
All R-tree 4D volume-based conflict detection implementations consistently identify the 93 con-

flicts shown in Figure 17. Since the primary goal is to use R-trees in fast-time simulation studies,
and given their critical role in the conflict resolution strategy described in Section 2.5, the most
suitable implementation is the one that yields the lowest computational time.
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(a) Top-right corner zoom-in
with blue OVBs from H0 depot,
red OVBs from O0 and white
OVBs from P0

(b) Center-left zoom-in with
white OVBs from H1 depot, and
blue and purple OVBs from P0

(c) Bottom-right zoom-in with
red, yellow and pink OVBs from
O0

Figure 16. Flight path discretization examples: Zoom-ins from Figure 14.

(a) Top-down view of airspace. Centers
of conflicting OVBs are marked with red
crosses. Zoom-in region is highlighted with a
red dashed box.
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(b) Flight paths temporal plot. The omitted vertical axis
tick labels match those in Figure 15. Conflicting OVBs
are in red.

Figure 17. Example scenario: 4D volume-based detected conflicts.
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To evaluate this, two key metrics were considered: (1) the time required to detect all conflicts
among flights initially present in the airspace, and (2) the time needed to identify conflicts for a
newly introduced flight, assuming all previous conflicts have already been computed and the R-tree
is pre-built. The former is essential for computing the initial solution for the root node of the CT
in CBS, while the latter is critical during execution of its low-level algorithm. To measure this,
all R-tree implementations and the naive baseline performed each task with increasing numbers of
flights initially present in the airspace. Each scenario is an equal mixture of each operational type.

As shown in Figure 18, incorporating any form of R-tree generally improves both metrics com-
pared to the naive baseline. Even though the hierarchical and hybrid implementations might be
more costly when initializing the scenario than the naive baseline, they offer performance gains
every time a new flight is added. Among all variants, the OVB R-tree consistently outperforms the
others, with its advantage growing steadily as the number of OVBs increases. This shows that the
R-tree structure is the most effective when applied directly to geometric primitives (OVBs); ab-
stractions (OIs) that separate them add overhead without benefit. Consequently, the OVB R-tree
approach is selected for the low-level algorithm in the CBS 4D volume PDSTD framework.
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(b) New flight added to deconflicted airspace

Figure 18. 4D volume-based conflict detection computational time for R-tree implementations.

3.5 4D Volume-Based Pre-Departure Strategic Temporal Deconfliction
As shown in Figure 17, many conflicts stem from overlapping HNS flight paths within depots,

particularly when multiple vehicles take-off in rapid succession. This worsens with more depots and
vehicles per depot. Commercial package delivery services, which often follow the HNS operational
model, are frequent contributors due to their high flight volumes. Since CBS computational time
scales with conflict count, reducing them leads to faster solutions. This can be done by temporally
staggering the activation of OVBs from the same depot. In the example scenario (see Table A-2 in
the Appendix), neither HNS company uses buffers, so increasing the minimum departure interval
to 30 seconds, the duration of an OVB, reduces conflicts from 93 to 76, as shown in Figure 19a.

Regardless of whether HNS flights are staggered at the depot, the 4D volume-based PDSTD
approach successfully resolves all conflicts by introducing delays to STDs of selected flights. Fig-
ure 19b presents the temporal plot of the resolved flight paths for the example scenario, which
required a total induced delay of 3661.42 [s].
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(a) Flight paths temporal plot with temporally stag-
gered HNS flights in each depot
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(b) Deconflicted flight paths temporal plot

Figure 19. Example scenario: CBS 4D volume-based PDSTD. The omitted vertical axis tick labels
match those in Figure 15. Conflicting OVBs are in red.

Figure 20. Example scenario: Top-down view of original airspace with added white flight on
top-left.

The proposed PDSTD algorithm resolved the 93 conflicts in 122.42 [s]. To evaluate the incremen-
tal runtime for deconflicting a single flight, an ONB flight with 30 waypoints was introduced into
the already deconflicted airspace. Represented by the white OI in Figure 20, this flight generated
11 new conflicts, which were resolved by the algorithm in 3.5 [s].
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Finally, due to the inherently disjoint nature of the CBS node solution computation, an attempt
was made to parallelize the PDSTD algorithm using multiprocessing. Two approaches were tested:
(1) assigning a single node to each worker and (2) assigning batches of nodes per worker. Using
8 workers and batches of 5 nodes, the results (see Table 7) show that the parallel implementation
results in higher computation time. This indicates that the implicitly introduced beam search
strategy, where the top k candidate nodes are expanded, can outperform the greedy strategy, which
selects only the best node at each iteration. However, since the module is intended for fast-time
simulations, the sequential approach remains the default.

Table 7. CBS parallelization performance.
PX denotes the number of X parallel processes,

while BZ represents the batch size Z.
Final

delay [s]
Computational

time [s]
# explored

nodes
P1 3661.42 122.42 525
P8 3307.33 218.43 771

P8B5 2594.71 948.40 2427

4 Conclusions
This paper proposes a set of simulation modules to enable future simulation studies that evaluate

UAS Traffic Management (UTM) services (e.g., Conformance Monitoring for Situational Awareness
or CMSA) on metrics that, among other aspects, seek a safe and efficient airspace. The modules
were Operational Volume Block (OVB) sizing, flight path generation, flight path discretization, 4D
volume-based conflict detection, 4D volume-based pre-departure strategic temporal deconfliction
and a scenario exporter.

In OVB sizing, fixing the OVB blocks in length or durations has led to the natural emergence
of temporal and spatial overlap which are associated with consecutive and overlapping OVBs,
respectively. It was shown that there are signs that the emerging spatial and temporal overlaps are
equivalent. Additionally, the added value of fine-tuning the OVB dimensions with Particle Swarm
Optimization was observed to be very small.

Instead of tweaking the airspace to reach certain complexity levels, realistic scenarios are au-
tomatically created. This is achieved by randomly and periodically selecting geographic locations
and spawning services that follow operational profiles that have been linked to actual geographic
features. Consequently, virtually infinite scenarios can be simulated and conclusions can be drawn
at scales ranging from individual neighborhoods to the entire National Airspace System (NAS).

R-trees constructed using all individual airspace OVBs consistently outperform both the base-
line and other R-tree implementations considered for 4D volume-based conflict detection, with its
advantage growing steadily as the number of OVBs increases. This demonstrates that the R-tree
structure is most effective when applied directly to geometric primitives, whereas higher-level ab-
stractions, such as Operational Intents (OIs), introduce unnecessary overhead without providing
performance benefits.
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The proposed Conflict-Based Search for 4D volume-based pre-departure strategic temporal de-
confliction successfully resolves all conflicts in the scenario, regardless of intersection geometry
(merging, crossing, parallel). Whereas the beam search strategy, implicitly introduced through al-
gorithm parallelization, yields lower total airspace delays, the default greedy strategy outperforms
it in terms of computational time, which is the primary consideration in fast-time simulations.

Further work starts with the development of a factory of vehicle failures, such as propeller
damage (Ref. 41, 42), that can be injected in the simulation to create off-nominal flights, as well as
the CMSA modules illustrated in Figure 1. Once the failure has been injected, the CMSA module
should be able to detect the off-nominality, transition the states of the vehicle (e.g., per the ASTM
standards (Ref. 21)) and create the predicted off-nominal OVBs used for the deconfliction.

Moreover, it is necessary to validate the OVB sizing methodology with real flight data and verify
the hypothesis that the spatial and temporal overlaps are equivalent in terms of safety. In terms of
flight path generation, the out-and-back and point-to-point operational profiles could be made more
realistic by connecting them to geographical features, and other existing and emerging operational
profiles should be implemented. Furthermore, it should be studied whether the 4D volume-based
pre-departure strategic temporal deconfliction of the initial scenario airspace could be accelerated
by (1) first deconflicting each depots in isolation and (2) introducing a heuristic, like the rolling
horizon, to divide the problem space further. The implementation and safety benefit assessment of
in-flight strategic deconfliction and tactical deconfliction (Ref. 43) should be considered.

Even though the fast-time simulation blocks presented here do not address the implementation
of UTM services, such as CMSA, they provide a critical foundation for translating the information
generated by these services into safety benefits applicable across the future NAS. The authors aim
for this work to serve as a first step towards relieving researchers of the repetitive but essential tasks
of scenario generation and initial deconfliction. This would enable greater focus on the development
and analysis of current and more advanced UTM functionalities that will shape future technical
requirements and regulations.
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Appendix
Table A-1 contains the input parameters used to define the operational profiles used in the

example scenario and Table A-2 shows the OVB dimensions of each company.

Table A-1. Operational profile parameters of the example scenario (see Section 3)
HNS ONB P2P

Number of companies 2 1 1
Number of depots per company 2 - -

Number of flights per depot (HNS)
or per company (ONB/P2P) 5 10 10

Depot tags restaurant, bar, cafe,
pub, supermarket, shop - -

Client tags

residential, hotel, office,
college, university, stadium,
dormitory, static caravan,

stilt house, house, bungalow

- -

Intra-company depot distance 2000 - -
Min. clients per depot 30 - -

Max./Min. radius of operations 1000/300 - -
Depot min. temporal

flight separation 0 - -

Max./Min. number of waypoints - 7/6 -
Max./Min. inter-waypoint distance - 700/500 -

Waypoint max. heading change - 45 -
Waypoint (ONB) or

take-off/landing (P2P) search limit - 50 50

Turn single direction flag - 1 -
Max./Min. flight distance - - 2500/2400

Average take-off rate 20 20 20

Table A-2. OVB dimensions for each company in example scenario (see Section 3)

l [m] w [m] h [m] t [s] Os [m] Ot [s] Buffers
l-w-h-t

H0 300 90 60 30 30 0 0-0-0-0
H1 300 90 60 30 0 3 0-0-0-0
P0 600 180 120 60 60 0 0-0-0-0
O0 300 90 60 30 30 0 0-45-0-0
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