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Abstract

The airspace environment is a system that is expected to continue increasing in complexity with the pro-
jected growth of air traffic volumes and the introduction of new types of air vehicles and operations such as
uncrewed aircraft. This increase in complexity brings a need for investigating and developing new models
of airspace environments as a means of better understanding and managing their constituent parts. This
paper presents a methodology for creating a geospatial model of complex airspace environments which
can be used to study any geospatially distributed entity that is part of these systems. The methodology
leverages Discrete Global Grid Systems (DGGS), a Geographic Information Systems framework often uti-
lized in the fields of geography and urban planning. The usefulness of the model is demonstrated using
two case studies investigating the risk factors associated with weather and mid-air collisions in an airspace
region of interest. Since such a model needs to be able to work for any type of air vehicle and airspace
region in a fully three-dimensional model capable of performing time-varying analysis in a computation-
ally efficient manner, a rudimentary geospatial airspace risk model was also developed which satisfies
these requirements. Weather radar data from the National Oceanic and Atmospheric Administration and
air traffic data from the OpenSky Network were collected and integrated in the geospatial model and the
geospatial airspace risk model was used to calculate the risk of collisions for geospatially distributed points
in the airspace for four scenarios of increasing airspace complexity. The results from these four scenarios
demonstrate that the proposed methodology can be used to study the risk associated with spatially dis-
tributed risk factors for different points in the airspace for any type of air vehicle and airspace region of
interest in a fully three-dimensional model that can perform time-varying analysis in a computationally
efficient manner.
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1. Introduction

The complexity of today’s airspace environment can be attributed to many factors including its
three-dimensional nature; the presence of diverse types of aircraft; the need for precise commu-
nication and navigation; weather systems; airspace classes each with their own set of rules and
regulation; international boundaries; and air traffic safety and capacity management challenges [1,

2, 3]. This complexity is expected to continue to increase in the near future as a result of the integra-
tion of new types of air vehicles and operations [4, 5, 6] such as Urban Air Mobility (UAM) [7] and a

forecasted exponential growth in air traffic volumes [5, 6]. This evolving situation makes it increas-
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ingly difficult to understand and analyze a variety of airspace phenomena [8] and to address this,

the National Academies of Sciences [4, 5, 6] explains that there is a need to develop new methods

for modeling complex airspace environments.

2. Research Objective

The objective of the research that is the subject of this paper is to develop a methodology for creating
a geospatial model of complex airspace environments with the requirement that the model be ex-
tensible for the study of any geospatially distributed airspace entity that is part of that environment.
Six criteria are proposed for the development of the model and its comparison to other models in
the literature:

1. Air vehicle agnostic: Many different aircraft types and categories operate within the airspace
environment, with varying levels of performance and operational limitations [9]. The first
requirement for the airspace model is that it can accommodate any air vehicle in order to
model both a “real-life” airspace environment and be adaptable to new types and categories of
aircraft as they are introduced.

2. Applicable to any airspace region: Applicable to any airspace region: One challenge for
some existing airspace models is that significant work must be done in order to re-apply them
to new airspace regions [10]. The second requirement for the airspace model is that it be
capable of being re-applied to any airspace region of interest without significant work. This
capability will allow the model to be used across any airspace class, for very low altitude or very
high-altitude studies, as well as for researching regions of varying size (for example airport ter-
minal airspace studies or full North American airspace studies) and the analysis of differences
between airspace regions.

3. Fully three-dimensional: Some airspace models found in the literature are two-dimensional
and account for the altitude component using a layered approach [11, 12]. The third require-
ment for the airspace model is that it use a fully three-dimensional approach and can be used
to study three-dimensional scenarios.

4. Capable of time varying analysis: The airspace environment undergoes rapid and signifi-
cant changes over time in terms of the number of entities operating within it as well as what
types of operations they are performing and where [13, 14]. The fourth requirement for the
airspace model is that it be capable of time varying analysis and be able to study these changes
and the importance of the related timeframes.

5. Computationally efficient: Satisfying the three-dimensional and time varying requirements
for the proposed model can make it challenging to maintain computational efficiency. The
fifth requirement for the airspace model is that it be as simple and computationally efficient as
possible.

6. Scalability (area size, time interval, number of entities): Some models found in the liter-
ature are tailored to analyze specific sizes of airspace regions, time intervals, and number of
entities [15, 16, 17]. This can pose a problem if a study is concerned with understanding the
effect of varying those parameters. The sixth requirement for the airspace model is that it be
scalable to a wide variety of area sizes, time intervals, or number of entities.

3. Literature review

3.1 Airspace modeling

The literature reflects a number of different approaches to airspace modeling. The Agent-Based
Model approach [18], for example, simulates the actions and interactions of autonomous agents to

assess their effects on the system as a whole. The Discrete Event Simulation approach [19, 20] mod-
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els the operation of a system as a sequence of discrete events in time, where each event occurs at
a particular instant and marks a change of state in the system. A third approach uses Monte Carlo
Simulation [21], a computational algorithm that relies on repeated random sampling to obtain nu-
merical results and is often used to generate simulated data that is statistically representative of
a given dataset. A fourth approach is to model the airspace as a Geographic Information System
(GIS). The United States Geological Survey (USGS) agency defines a GIS as an “organized collection
of computer hardware, software, and geographic data designed to efficiently capture, store, update,
manipulate, analyze, and display all forms of geographically referenced information” [22]. For clar-
ity, this paper will refer to airspace models making use of this fourth approach as geospatial models.
Geospatial models represent the airspace and its constituent parts as a geospatial system, where each
element present in the model has a 3D location that can change over time, and is associated with a
GIS reference system [23, 24, 25, 26]. The airspace model presented in the current paper makes use

of the geospatial system approach.

Geospatial models of the airspace environment have been used to study the overall safety, effi-
ciency, and environmental sustainability of the system. For example, they have been used to im-
prove airspace safety by analyzing terrain and obstacle obstructions near airports [26], for studying
the impacts on the risk of integrating Uncrewed Aircraft Systems (UAS) in the airspace [27], and
for improved modeling of weather systems near aircraft to mitigate weather-related incidents [28].
Starita et al. [29] show how to make use of geospatial models in the field of Air Traffic Manage-
ment to predict congestion points in real-time for rerouting flights more efficiently, reducing fuel
consumption, and mitigating potential delays. Wang et al. [30] show how geospatial models can
be used for planning and investigating airspace design concepts un the context of Advanced Air
Mobility (AAM) operations. Geospatial models have also been used for studying the environmental
sustainability of the airspace system by Wunderli et al. [31], specifically for producing a more accu-
rate model of aircraft noise present in the airspace system. Research by Ruiz et al. [32] has further
enhanced airspace safety by applying causal modeling to de-conflict large numbers of 4D trajec-
tories, which ensures safety in high-density environments by predicting and preventing collisions
before they occur. Additionally, Garcia [33] introduced a 3D collision risk model based on recorded

trajectories and 3D spatial grids to partition the airspace into small segments, providing a practical
method for estimating the risk of mid-air collisions in high-traffic airspace.

Recent research focused on modeling complex airspace environments has made use of a new geospa-
tial framework called Discrete Global Grid Systems (DGGS) 34, 35]. DGGS is recognized as a foun-
dation for the next generation of Geographic Information Systems (GIS) tools [35] because of its
ability to effectively integrate heterogeneous data types in a fully-scalable and time-varying three-
dimensional representation of the Earth. The Discrete Global Grid divides the Earth and the airspace
above it into small cells or grids that are uniformly distributed and represented by unique identifiers
[36]. DGGS have found practical applications in the fields of geography, environmental studies and
urban planning [19, 20]. More recently (2016-2020), DGGS have been investigated for their applica-

bility in aviation research. For example, Kaiser [37] investigated how DGGS could be employed in
the field of air traffic management to enhance the analysis and visualization of flight data. By rep-
resenting airspace and flight paths using a grid-based system, DGGS facilitates the integration and
analysis of real-time and historical flight data, enabling improved airspace management, route plan-
ning, and congestion detection. Han et al. [38] showed how a DGGS framework could be used for
studying complex airspace environments with a use case focused on the identification of emergency
airport sites using large amounts of spatiotemporal data and complex environmental information
for varying potential landing ranges. Sahadevan Neelakandan and Ali [39] have explored the appli-
cability of DGGS in flight planning and navigation. The authors showed that DGGS could provide a
framework for a novel hexagonal grid-based 4D trajectory representation for unmanned aerial ve-

hicle (UAV) traffic management. Using DGGS overcomes the limitations of existing cubic trajectory
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representation methods.

3.2 Geospatial airspace risk modeling

The use of DGGS frameworks for performing geospatial airspace risk analysis studies is a relatively
unexplored field of study.

Ulmer et al. [40] propose a method to extend DGGS to support three-dimensional data. Although not
exclusively focused on airspace risk analysis, the authors show how the method can be applied to
aviation scenarios requiring three-dimensional spatial analysis, such as air traffic management and
collision risk assessment. Zhai et al. [ﬂ] shows how GeoSOT-3D grids, a type of DGGS grid, can
be used to address the increasing challenge of collision detection among UAVs due to their grow-
ing numbers. Traditional methods face computational limitations and inefficiencies, especially in
complex and high-speed environments and the authors showed the using a DGGS framework pro-
vided a balance between computational efficiency and collision detection accuracy. Although their
research is applied to studying geospatial risk for the maritime field, Rawson et al. [42, 43] produced
research that is relevant to airspace risk assessment. Their developed methodologies showed how
DGGS can effectively manage and analyze large volumes of heterogenous geospatial data to identify
risk hotspots and their versatility in handling complex geospatial risk analyses.

There does not yet exist a DGGS spatial risk model that can be used for complex airspace envi-
ronment analysis that also satisfies the 6 requirements listed in Section 2. This paper presents a
novel use of DGGS for modeling geospatial entities contained in complex airspace environments
using a model that is extensible to the study of any geospatially distributed entity that is part of the
environment.

To investigate the usefulness and applicability of the developed geospatial model, two case studies
will be used. The first case study will use the geospatial model of the airspace to study weather risk
and the second case study will use the model to study risks associated with mid-air collisions (MAC).
It will also be shown in Section 4.3 how the results of both case studies can be combined to get a risk
metric that include both weather and MAC risk.

3.3 Case study #1 literature review: Weather risk modeling

The literature on weather risk analysis in the aerospace field highlights a diverse range of approaches
and methodologies aimed at enhancing flight safety through advanced weather data utilization. To
be applicable for the weather risk case study, the weather risk models need to meet the six require-
ments listed in Section 2. A key focus is on probabilistic and ensemble forecasting methods, as
evidenced by research on sUAS Weather Risk Models (sWRM) [44] that quantify weather hazards
using fine-scale forecasts and extensive flight data and ensemble weather forecasting frameworks
[45] that integrate probabilistic analysis for mission planning and risk evaluation. sSWRM can ac-
commodate multiple air vehicle types (satisfies the air vehicle agnostic requirement) and Zhang et
al. [45] demonstrate that ensemble weather models can be used across different airspace regions.
The integration of tools like the Risk Situation Awareness Tool (RSAT) with NEXRAD radar im-
ages has shown to improve decision-making about weather-related risks and is able to highlight
fully three-dimensional analysis capabilities [46]. Furthermore, aircraft surveillance data has been
effectively used to reconstruct weather fields, enhancing local weather predictions and showcasing
time-varying analysis by capturing dynamic environmental changes [47]. Advances in weather radar
technology, such as systems predicting windshear, are used for ensuring flight safety during critical
phases like takeoff and landing which must also maintain computational efficiency through real-time
hazard detection to remain practical [48]. Short-range probabilistic forecasting models provide data
for air traffic control by predicting convective risks [49]. Statistical analyses of radar signals reflected
from weather hazards offer improved classification of dangerous weather conditions [50]. Both of
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these last two models are scalable to different area sizes, time intervals, and entity numbers [49, 50].
Additionally, combining data from weather radar, weather stations, and GNSS receivers has led to
innovative improvements for algorithms for severe weather events at near airports [51]. Solazzo et
al’s model can be used for different scales and for three-dimensional and time-varying analysis [51].

Jardines et al. [52] proposed a model integrating thunderstorm and traffic data to predict airspace
occupancy risk during such events, highlighting how combining real-time weather and traffic data
enhances collision risk predictions. The approach presented uses a spatial grid to model the airspace,
where weather conditions and aircraft locations are represented within grid cells. These grids allow

for evaluating the risk at each point based on weather hazards and aircraft occupancy.

3.4 Case study #2 literature review: Mid-air collision risk modeling

Midair collision risk models in aviation have evolved from early deterministic approaches [53, 54,
55], to more complex probabilistic models like the Collision Risk Model (CRM) used by the Inter-
national Civil Aviation Organization (ICAO) [56]. Deterministic models provide specific outcomes
based on defined inputs and scenarios, assuming conditions remain constant or predictable [57] and
do not account for the randomness or variability in real-world scenarios [58]. The Reich model and
its derivatives [53, 54, 55] are examples of deterministic MAC models which have been used as the
basis for defining separation minima [59] and route spacing [60]. To be applicable for the MAC risk
case study that is the subject of this paper, the MAC risk model needs to meet the six requirements
listed in Section 2. Deterministic MAC models do not satisfy the requirement of being applicable
to any region of the airspace because they can only be applied to controlled airspace environments
which have prescribed air routes. Also, due to their highly analytical nature, they are not computa-
tionally efficient. Lastly, these models do not meet the scalability requirement because they can only
be used for a specific set of defined inputs and scenarios, which assumes conditions remain constant
or predictable. The second type of MAC models, the probabilistic models, incorporate randomness
and uncertainty, evaluating a range of possible outcomes and their probabilities [61]. The proba-
bilistic approach acknowledges the inherent unpredictability of factors like aircraft behavior and
environmental conditions, offering a more nuanced understanding of collision risks. Furthermore,
some of these probabilistic models are combined with additional modeling techniques like Monte
Carlo simulations for generating simulated statistical outcomes [62, 63, 64]; agent-based models [29,

30] to simulate individual aircraft behaviors; and Bayesian Networks [31, 34] to capture interdepen-
dencies in aviation operations. With respect to satisfying the six model requirements of the current
research, probabilistic models can lack the ability to be scalable to any air vehicle type and airspace
region since they rely on subjective knowledge, typically in the form of expert opinion, to formulate
best guess estimates for some of the probabilities used to model outcomes [65]. This means that new
assumptions and expert opinion needs to be incorporated into the models before applying them to
study new concepts of air vehicle types and airspace regions. Probabilistic models also typically
require much computational effort to produce practical results. This is important for the proposed
model since the value of the new simulations being generated typically scales with computational
cost [66].

Each of the reviewed weather and MAC risk models were developed for a specific set of conditions,
which enable them to be used effectively under these conditions but, to the best knowledge of the
authors of this paper, there does not yet exist a weather or MAC risk model that is able to simulta-
neously satisfy the six requirements in order to be used as a case study for the geospatial model of
the airspace proposed in this paper. To that end, and as a proof of concept, a new and rudimentary
geospatial airspace risk model will also be developed and presented in this paper in Section 4.3.
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4. Methodology

The proposed geospatial airspace risk model was developed in three main steps, which are shown
in Figure 1: the collecting and processing of geospatial data of interest; the application of a DGGS
framework to integrate the data in a structured geospatial model that includes uniformly distributed
volumes and their centroids; and the creation of a geospatial, time-varying map of the risk associated
with the data of interest in the DGGS grid at each time increment.

The two case studies described in Section 3.2 will be used to investigate the usefulness and applicabil-
ity of the model for studying risk factors associated with weather and air traffic data. To that effect,
the proposed model makes use of two types of geospatial data, weather and air traffic data, in order
to demonstrate the practicality of DGGS frameworks at integrating multiple types of geospatial data
in a structured geospatial model. Furthermore, a rudimentary airspace risk model is developed and
described in Section 4.3, which can model airspace risk for both case studies.

. ; Calculate geospatial
Data collec_tlon & Integrate data in a risk for each DGGS
processing DGGS framework

centroid and time

> Case study #1
Weather geospatial risk

Case study #2
Air traffic geospatial risk

Figure 1. Main components of the geospatial airspace model

4.1 Data collection and processing

4.1.1 Weather radar data collection and processing

Historical NEXRAD II weather radar data was collected from the National Oceanic and Atmospheric
Administration (NOAA) via the Amazon Web Services (AWS) cloud computing platform [67]. Fig-
ure 2 illustrates the steps taken to collect and process the raw weather data into storm cell centroids,
which are used for the risk calculations in the third step of the methodology. The boundaries of the
airspace region used for collecting the weather data that were used correspond to a 100 km cubic
airspace region centered on the greater New York metropolitan area, which include 4 major airports.
The boundaries of the region were selected to provide a best tradeoff between being large enough
to capture significant weather patterns and maintaining computational efficiency. The data was col-
lected for a period of 8 hours on January 2, 2022 at 21:00 and was selected based on significant and

extreme weather precipitation being present at this time.
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Figure 2. Weather data processing

4.1.2  Air traffic data collection and processing

Historical ADS-B air traffic data was collected from the OpenSky Network [68] for a specified date
and region of interest. The OpenSky Network exclusively monitors 1090 MHz SSR Mode S downlink
channel ADS-B traffic and does not track aircraft equipped with 978 UAT [69]. This limitation results
in coverage gaps, particularly for low-altitude general aviation aircraft operating below 18,000 feet
in the United States, where 978 UAT is commonly used [B] As a result, while 100% surveillance
of all aircraft is not feasible for the OpenSky Network, the exclusion of 978 UAT-equipped aircraft
leads to incomplete coverage of the lower airspace and general aviation traffic. Other coverage gaps
include exemptions made by the FAA for certain military and other sensitive government operations
under 14 CFR § 91.225, which permits authorized deviations from standard ADS-B requirements for
specific missions.

The data was collected for the United States Thanksgiving holiday weekend from November 23 to
November 25, 2022, and includes some of the highest traffic volumes of that calendar year. Figure 3
illustrates the processing performed on the raw ADS-B data in order to prepare it for its use in the
risk model. The boundaries of the airspace region used for collecting the air traffic data correspond
to a 5 km cubic airspace region centered on New York’s LaGuardia airport (LGA). The boundaries
of the region for the air traffic data were selected in order to include air traffic in the vicinity of the
LGA airport, which features high volumes of air traffic.
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Figure 3. Air traffic data processing

4.2 DGGS geospatial airspace model

Figure 4 depicts the concept used for the geospatial model. The DGGS framework partitions the large
cubic volume created by the airspace boundaries into many smaller cubic volumes, or DGGS cells.
All the DGGS cells, when put together, constitute the DGGS grid. Figure 2a shows these DGGS cells
for the LGA region and Figure 2b shows the centroids of each of the cells. Using this approach, any
datapoint in both datasets can be allocated a DGGS cell and centroid. A more detailed description
of the implementation of the DGGS framework can be found in [71].

Two variables need to be chosen in order to create the geospatial airspace model: the DGGS grid
width (which is the same in all 3 axes of the region since the model is cubic) and the DGGS cell
size, which is the distance separating each centroid. The DGGS grid width is chosen based on two
observations from the datasets. The first observation is that weather moves much slower when
compared to air traffic and thus requires a much larger airspace region (i.e. grid width) to capture
useful weather patterns. The second observation is that air traffic risk is more densely concentrated
near airports.

For these two reasons, the grid width used for the results presented in this paper is 100 km, but
the air traffic risk was only calculated in a 5 km cubic region around the LGA airport. The second
variable, the DGGS cell size, is chosen depending on the required resolution for the case study under
question. The DGGS cell size used in this paper is then 100 m inside the 5km region around the LGA
airport (since a finer resolution is required to study air traffic risk patterns) and 2000 m outside of
that region for the rest of the 100 km wide DGGS grid (since a coarser resolution is required to study
weather risk patterns). The results presented in Section 5.3 for the combined risk of both weather
and air traffic risk make use of the finer DGGS cell size of 100 m in the 5 km cubic region around the
LGA airport.
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Figure 4. Simplified representation of the geospatial model concept

4.3 Creating the risk model

The geospatial airspace risk model calculates a risk metric for each centroid of the DGGS grid over
a period of time, which can be used to investigate the risk factors associated with any geospatial
entity in an airspace region and how that risk factor evolves over time.

The shortest distance between each centroid and each airspace entity (storm cells or ADS-B aircraft)
is calculated at each time increment. Typical distances are illustrated using air traffic airspace entities
for two different times in Figure 5a and Figure 5b.

The rate of change of each the distances is calculated at each time increment and used to calculate
a convergence time which corresponds to the hypothetical time each airspace entity (weather storm
cells or ADS-B aircraft) would take to arrive at the centroid location if it were to follow the shortest
path at the calculated rate of change. The full historical trajectory of each airspace entity is not
taken into account when calculating convergence times, producing a risk metric that allows for the
possibility that airspace entities do not necessarily follow projected/anticipated flight paths.

4.3.1 Weather risk metric

A weather risk metric is calculated for each centroid in the DGGS grid at each time interval. The
weather risk metric at centroid ¢; at time #;, WR,, 4, is equal to the smallest convergence time of all the
weather entities as described in Equation 1. The weather risk metric WR,, ;, provides a quantitative
measure of how close (in seconds) the nearest storm cell is to each centroid in the DGGS grid at
any moment in time. Appendix 2 contains the pseudocode detailing the logical breakdown of the
weather risk metric calculation used in the Python code.

VVch,t,- = min(CTsk,cj,t,-a CTsk+1,cj,t,-a CTsk+2,cj,t,-a ) (1)

The weather risk metric for every centroid and time WR,, ;, can be expressed in terms of probabilities
by associating a weather risk metric value with the probability of a worst-case event occurring. The
worst-case event for weather risk, termed as A, is where a storm cell is exactly positioned at a
centroid location for a specific time. The probability of event A happening at centroid ¢; at time t; is
P(A)., 1, and a risk metric value of 0 seconds corresponds to P(A), 1, = 100%. The probability of event
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Figure 5. Illustration of the shortest distances at two times

Anot happening (1-P(A),, 1,) is defined by a minimum risk metric value that is of practical interest for
the weather case study and is selected to be of 1800 seconds (30 minutes) and corresponds to P(A).,
= 0%. This value was selected based on a combination of historical data analysis to identify points
where risk metric trends stabilized past a point where changes in risk became negligible and expert
knowledge to incorporate domain-specific considerations. A similar value was used by Matthews
and DeLaura [72] for related weather risk research.

The assignment of probability values to the weather and air traffic risk metrics aligns with estab-
lished practices in risk assessment literature, such as the principles and foundational work outlined
by Cook and Unwin [73] for the nuclear safety industry and as well as more recent studies that

validate deterministic risk assessment methods done by Assis and Nogueira [74] in the field of en-
vironmental safety. The choice to use a deterministic threshold-based approach over probabilistic
methods was done based on them offering improved scalability, reduced computational complexity,
and ease of interpretation when compared to probabilistic methods [75], which are all requirements

for the methodology as outlined in the objectives section (Section 2).

4.3.2 Mid-air collision risk metric

The air traffic risk metric ATR,, 1, is a measure of the potential risk of a midair collision occurring at a
specific centroid and time. For the purposes of this paper, a midair collision occurs if two conditions
are met. The first condition is that an aircraft pair must have the same convergence time at the
same centroid within a specified threshold (ACTipeshoid)- The threshold ACTypyeshora can be adjusted
to provide a margin of safety or “box” for each aircraft, where any pair of aircraft with less than
ACTipresnola between their convergence times is considered a mid-air collision risk.

The second condition is that if there is more than one pair of aircraft that meets the 1st condition,
then the pair of aircraft that has the smallest convergence time is the pair that will arrive at the
centroid first and therefore the critical pair driving the mid-air collision risk metric.

The mid-air collision risk metric at centroid ¢; at time #;, ATR,; , is calculated according to Equation 2,
where ATRap, c.t; ATRAP,,,1.c.t» ATRAP,,..c.1;» and ATRap, ¢, 1, are the mid-air collision risk metrics of
the 1st, 2nd, 3rd, and nth pair of aircraft that meet conditions 1 and 2 for centroid ¢; at time ¢,
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respectively.

ATch,ti = min(ATRApm,cj,,l., ATRAPm+1,cj,ti= ATRAPWHZ:stti’ ATRAP,,,cj,ti) (2)

Equation 3 is used to calculate the risk metric for each pair of aircraft that meet conditions 1 and 2
for centroid ¢; at time t;, where ACTyp,, ¢, 1, is the difference between convergence times for pair of
aircraft AP, and CTpin AP, ¢+ is the minimum convergence time of the aircraft pair AP,,. Appendix
3 provides the pseudocode describing the process of calculating ATR,, ;, that was used in the Python
code.

ATRAPm,cj,t,- = ACTAPm,c]-,t,- + CTmin,APm,cj,t,- (3)

Using a similar process to the one used for the weather risk metric, the air traffic risk metric for every
centroid and time ATR,; , can be expressed in terms of probabilities by associating an air traffic risk
metric value with the probability of a worst-case event occurring. The worst-case event for air traffic
risk, termed as B, is where both aircraft in a pair of aircraft AP, are exactly positioned at a centroid
location for a specific time. The probability of event B happening at centroid ¢; at time ¢; is P(B)..1,
and a risk metric value of 0 seconds corresponds to P(B), ;, = 100%. The probability of event B not
happening (1 - P(B),,1,) is defined by a minimum risk metric value that is of practical interest for the
air traffic case study and is selected to be of 180 seconds (3 minutes) and corresponds to P(B), 1, = 0%.
Like the weather risk metric minimum value, the air traffic risk minimum value was selected based on
a combination of historical data analysis to identify points where risk metric trends stabilized past a
point where changes in risk became negligible and expert knowledge to incorporate domain-specific
considerations. A similar value was used by Kuchar and Yang [76] for related aircraft collision risk
research.

4.3.3 Combining weather and mid-air collision risk metrics

A comprehensive geospatial risk metric can be produced for each centroid of the DGGS grid at each
moment in time by combining both risk metrics of weather and air traffic risk. The method used to
combine the weather and air traffic risk metrics uses the following process [77]. The probability of

a worst-case event occurring where both events A and B occur for the same centroid ¢; at time ¢ is
termed P(C); - Assuming A and B and independent events, P(C),, 1, can be expressed as:

P(C)gr, = 1 - [(1 = P(A)g1,) X (1= P(B)g,.1)] (4)

The values for the combined risk metric are influenced by the minimum thresholds for the weather
and air traffic risk metrics of 30 minutes and 3 minutes, respectively. Aircraft typically travel at much
higher speeds than weather storms, making the selection of a combine risk metric minimum thresh-
old dependent on anticipated results of the analysis. In the case of the example presented in this
paper, this was addressed by analyzing a large number of potential values and selecting thresholds
within a closer range. This option produced a combined risk metric that remained representative
and significant across both domains, mitigating discrepancies arising from differing timescales and
ensuring meaningful integration of air traffic and weather risk.
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5. Results

This section describes the results obtained using the geospatial airspace risk model to calculate the
risk metric at each of the geospatially distributed centroids for different time steps using the pro-
cessed weather and air traffic data. The results are presented using three types of scenarios of in-
creasing airspace complexity. The first type of scenarios, presented in Section 5.1 calculates weather
risk metric values (P(A),, ) using only weather data in the model, while the second type of scenar-
ios (presented in Section 5.2) uses only air traffic data in the model to calculate mid-air collision risk
metric values (P(B),)- The third type of scenarios (shown in Section 5.3) combine weather and air
traffic risk into a combined risk metric (P(C), ) using the process described in Section 4.3.

5.1 Weather only scenario

This section presents the results obtained for scenarios using weather data only. Figure 6a and
Figure 6b show 2D and 3D satellite views of the larger 100 km cubic DGGS region, which is used to
identify high-level weather patterns; and Figure 7a and Figure 7b show 2D and 3D satellite views of
the smaller 5km grid width region, which is used to show weather risk results with more granularity
(using the 100 m DGGS cell size and 5 km grid width).

Figure 6 shows 2 hours of weather data where 11 distinct storm cells have been identified. The
figure shows that the storms generally travel in the north-east direction. The 3D view of the figure
shows that the storms cells usually change altitude from higher altitudes (2000 m MSL) above the
Appalachian Mountains to lower altitudes (700 m MSL) above New York City and then level off above
the Atlantic Ocean. The average speed at which storm cells travel is much slower than the air traffic
movement.
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Figure 6. Overview of storm cells in the 100 km cubic DGGS grid

Figure 7 shows the 5km airspace region centered on the LGA airport that is used to calculate weather
risk metric values for each centroid at each time interval. Although the risk metric is calculated for
all centroids in the DGGS grid (125,000 centroids in total), two arbitrary geographical centroids
were selected and will be used as examples to validate and explain the weather risk results obtained.
The two centroids are referred to as ‘centroid 1’ and ‘centroid 2’ and are depicted in Figure 7 and
all subsequent figures using red and green square symbols, respectively. Centroid 1 is positioned
at [594950, 4515268, 1200], at an altitude near storm cells, and centroid 2 is positioned at [596195,
4513437, 300], at an altitude lower than storm cells, in meters of Universal Transverse Mercator
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(UTM) coordinates. Centroid 1 was selected as a centroid of interest to show higher values of weather
risk while centroid 2 was selected to show lower values of weather risk. Figure 7 also shows 2 distinct
storm cells, identified as storm cell 0 and 1, which are travelling in the 1000 - 1400 m altitude range.
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a) 2D satellite view b) 3D satellite view

Figure 7. 5km region near LGA airport with centroids 1 and 2 and storm data

Figure 8 shows the probability of a worst-case event occurring at centroids 1 and 2 for the weather
only scenario P(A),;, over a lapse of time of 6 minutes where storm cells 0 and 1 are present in
the 5 km DGGS grid. Blue vertical dashed lines are used in the figure to identify three key times
which will be discussed in more detail using Figures 9, 10, and 11. P(A),,, for centroid 1 presents
on average higher values when compared to centroid 2, indicating a greater risk of weather storms
being located near this centroid for this scenario. At 18:02:08, P(A),y, is 79% for centroid 1 and
progressively increases over time up to a peak near 18:06:00. After 18:06:00, the risk probability of
centroid 1 decreases rapidly down to 12% at 18:07:49. On the other hand, P(A)., s, for centroid 2 is
37% at 18:02:08 and then decreases non-linearly down to 0% 18:03:45.

Figures 9, 10, and 11 can be used to understand in more detail and validate the P(A)cj,,i values shown
in Figure 8 for the same three selected times marked by the dashed blue lines in Figure 8. Figure 9
shows 3D weather risk maps for these 3 selected times, Figure 10 shows 2D weather risk maps for
the same 3 times at the altitude of centroid 1 and FiguregshowaD weather risk maps for the same
3 times at the altitude of centroid 2. Figures 9, 10, and 11 also show centroid 1 and 2 using red and
green squares and P(A),, 1, values for all calculated centroids (not just for centroids 1 and 2) using a
color scale ranging from dark red for high risk values (near 100% P(A),; ) to light green values for
low risk values (near 0% P(A),+,). The current position of each storm cell is depicted using a storm
icon and the historical trajectory of storm cells 0 and 1 are illustrated using blue and orange lines
respectively.

The 3D risk maps of Figure 9 show that the centroids producing risk create a spherical shape near
storm cell locations that are elongated along the direction of travel of each storm, with higher risk
values located nearest to each storm cell. This is expected behaviour since the P(A).,; for each
centroid is calculated based on the shortest distance between each centroid and storm cell and the
rate of change of the shortest distance.

At 18:02:08, the 2D risk map of Figure 10 at the centroid 1 altitude (1200 m) shows that centroid 1
is located near the trajectory of storm cell 1. At 18:03:58 the shortest distance between storm cell 1
and centroid 1 decreases producing higher P(A)., ;, values. Finally, at 18:07:58, Fig. 10c shows that
the risk at centroid 1 switches to being driven by storm cell 0, explaining the trend observed in Fig.
8 for centroid 1 at this time.
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Figure 8. Weather risk metric over time for centroids 1 and 2

At 18:02:08, the 2D risk map of Figure 11 at the centroid 2 altitude (300 m) shows that centroid 2
is located nearest to storm cell 0. At 18:03:58 risk is now 0% since Figure 11b shows that the green
centroid 2 square is outside of the risk sphere. This is explained by the fact that both the shortest
distance and the rate of change of the shortest distance is now diverging past this time between
storm cell 0 and centroid 2.
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Figure 9. 3D weather risk maps for 3 selected times
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Figure 11. 2D weather risk maps for 3 selected times for centroid 2 at 300m altitude

5.2 Air traffic only scenarios

This section presents the results obtained for scenarios using air traffic data only. The same 5 km grid
width DGGS grid with 100 m DGGS cell size is used to present mid-air collision risk results as was
used for the weather only scenarios of Section 5.1. The air traffic only results feature two distinct
scenarios: 1) a two aircraft scenario (presented in Section 5.2.1) and 2) a three aircraft scenario
(presented in Section 5.2.2). Although P(B)., ;, risk values are calculated for all centroids in the DGGS
grid, two new arbitrary centroids, termed ‘centroid 3’ and ‘centroid 4’, were selected to be used as
examples to validate and explain the mid-air collision risk results obtained in this section. Centroid
3, depicted by a blue square in all subsequent figures, is positioned at [595695, 4513737, 500], at an
altitude where there is much air traffic taking off and landing at the LGA airport. Centroid 4, depicted
by an orange square symbol in all subsequent figures, is positioned at [595695, 4513437, 2400], an
altitude that is higher than most air traffic in this region. Centroid 3 was selected as a centroid of
interest to show higher values of air traffic risk while centroid 4 was selected to show lower values
of air traffic risk.

Figure 12a and Figure 12b show the airspace region used for air traffic only results using 2D and
3D perspectives. 32 different aircraft are depicted using oranges dots over a lapse of time of 1 hour
between 18:00:00 and 19:00:00. This figure shows the general trends observed in the air traffic data
for this region and time. Most of the air traffic is found at lower altitudes (0 to 1000 m) where aircraft
are taking off and landing at the LGA airport. There are two additional groups of aircraft, one that is
performing flyovers over the LGA airport in the 1000-2000 m altitude range and one that is cruising
at higher altitudes over the LGA airport (3000 to 5000 m range).
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Figure 12. 5km region near LGA airport with centroids 3 and 4 and air traffic data

Figure 13 shows the probability of a worst-case event occurring for the air traffic only scenario
P(B),, 1, for centroids 3 and 4 in blue and orange over a lapse of time of 10 minutes where a sequence
of 10 aircraft are present in the 5 km DGGS grid. Fig. 13 shows using aircraft icons and a secondary
y-axis on the left of the figure the times where each aircraft is present in the airspace and their
corresponding ICAO identifiers. Vertical dashed lines are used to identify three key selected times
for each air traffic scenario, the blue dashed lines being for the two aircraft scenario and the green
dashed lines being the selected time for the three aircraft scenario. The mid-air collision risk metric
values near at these times will be discussed in more detail in Sections 5.2.1 and 5.2.2. In Figure 13,
P(B),, for centroid 3 presents on average higher values when compared to centroid 4, indicating a
greater risk of air traffic collisions being located near this centroid for this scenario. This means that
collisions are more likely to occur at altitude ranges near 500 m (near centroid 3) when compared to
higher altitudes near 2400 m (near centroid 4). The values of P(B), 1, for both centroids in Figure 13
follow curved and non-linear trends over time whenever a pair of aircraft are converging toward
either centroid 3 or 4. These results will be explained in more detail using figures 14 to 16 for a two
aircraft scenario and figures 17 to 19 for a three aircraft scenario in the Section 5.2.1 and Section 5.2.2
below.
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Figure 13. Mid-air collision risk metric over time for centroids 3 and 4
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5.2.1 Two aircraft scenario

The two aircraft present in this scenario are aircraft A2A618 and aircraft AC0417 which are both in
the airspace between times 18:06:05 and 18:06:42. The historical ADS-B trajectories of both aircraft
are shown in Figures 14, 15, and 16 using pink and grey lines, respectively. The 3D maps of Figure 14
show that aircraft A2A618 is flying over the LGA airport at a low altitude ( 1000 m) while aircraft
AC0417 is performing a landing on runway 13. The 3D risk maps of Figure 14 show a larger risk
region that could result in a worst-case event at time 18:06:05 and then as both aircraft progressively
get closer to each other up to time 18:06:42 the risk region reduces in size but the number of high risk
centroids (dark red centroids) increases. This is expected behaviour since the air traffic risk metric
P(B)., 1, described in Section 4.3 depends on the rate of change of the shortest distance between each
aircraft with respect to each centroid.

The 2D risk maps shown in Figure 15 for the same 3 times can be used to analyze the P(B)., 1, results
for centroid 3 (the high traffic centroid). The three times shown in Figure 15 show that P(B),, is
greatest when both aircraft in the pair have the shortest distance to centroid 3 and are also converg-
ing to centroid 3 at the fastest rate. The local minimum shown in Figure 13 can be explained by these
results, where the local minimum corresponds to the point of highest risk produced by the aircraft
pair.

Finally, the 2D risk maps shown in Fig. 16 for the same 3 times can be used to analyze the P(B).,r,
results for centroid 4 (the low traffic centroid). The figure shows the same trend as for the centroid
3 results but with lower risk probabilities overall. One additional observation is that although the
P(B),, risk values are lower (less risk) for centroid 4 at higher altitudes when compared to centroid
3 at lower altitudes, Figure 13 shows that the rate of change of P(B), s, is much greater than centroid
3. This means that even though risk values are lower at higher altitudes in this scenario, they can
change at a higher rate than for lower altitudes, which could be equally as important a risk metric
as P(B);, depending on the reason for using the proposed model.
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Figure 16. 2D mid-air collision risk maps for 3 selected times for centroid 4 at 2400m altitude

5.2.2 Three aircraft scenario

The three aircraft scenario is used to show that the proposed airspace risk model can be extended to
scale to any number of airspace entities. Because the geospatial model of the airspace was developed
to analyze complex airspace interactions, it is most useful for scenarios involving three or more
entities interacting in the airspace and the other scenarios discussed in this paper are presented for
illustrative and verification purposes of the method since the results are more visually interpretable
whereas those for more complex scenarios involving three or more aircraft are not.

The three aircraft present in this scenario are aircraft A2A618, aircraft AO2CF1, and aircraft A4F7CB,
depicted in the following figures using pink, dark yellow, and cyan lines respectively. Figure 17
shows the 3D risk maps for the three aircraft scenario for the three selected times of 18:07:24,
18:07:32, and 18:07:40 and figures 18 and 19 show the 2D risk maps at the centroid 3 and centroid 4
altitudes. These results show that for three or more airspace entities, the airspace risk model pro-
duces more complex risk map shapes when compared to two or less entities, and that there are more
than one localized area of risk. Although these scenarios are more complex and harder to interpret,
they demonstrate that the proposed model provides a means of analyzing more complex scenarios
using a data-driven methodology for complex scenarios that are often found in real-life airspace
encounters.
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Figure 19. 2D mid-air collision risk maps for 3 selected times for centroid 4 at 2400m altitude

5.3 Combined weather and air traffic scenarios

A comprehensive geospatial risk metric that is more representative of real-life airspace conditions
can be produced for each centroid of the DGGS grid at each moment in time by combining both risk
metrics of weather and air traffic risk using the process described in Section 4.3. This combined risk
metric P(C),,;, represents the probability of a worst-case event occurring where at least one of the
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two events A or B occur for the same centroid ¢; at time ¢; . Section 5.3 will discuss a scenario for
combined risk results. The combined risk scenario will use the same 5 km DGGS grid width with
100m DGGS grid cell size for the weather and air traffic data from 18:00:00 to 18:10:00. Figure 20
shows the airspace region used for the combined risk scenario using 2D and 3D perspectives with
centroids 1, 2, 3, and 4 and the storm and air traffic data present between 18:00:00 and 18:10:00.
Aircraft trajectories are depicted using orange lines and storm cell trajectories using blue lines.
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Figure 20. Centroids 1, 2, 3, and 4 with storm and air traffic data

Figure 21 shows P(C)cj,t,- for centroids 1, 2, 3 and 4 over time using red, green , blue, and orange colors
respectively. The figure shows that if there is no risk of any type P(C), 1, = 0%, if there is only air
traffic risk at centroid ¢; and time t; then P(C), 1, = P(A).,1;, if there is only weather risk at centroid
¢j at time t; then P(C)Cj,ti = P(B)cj,t,., and if there is both air traffic and weather risk at centroid ¢; at
time ¢; then P(C)¢,, = 1 - [(1 = P(A)gr) X (1 - P(B)Cj,,,.)]. The developed methodology could also be
modified without much effort to accommodate other equations for combining two risk metrics than
the one that was used in this paper in future research.
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Figure 21. Combined risk metric over time for centroids 1, 2, 3,and 4
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Figures 22 to 26 show combined risk maps for three key selected times (the same three times identi-
fied by the vertical blue dashed lines in Figure 21). The during the 1st time, at 18:06:00, there is only

weather risk present for all centroids in the airspace with storm cells 0 and 1 driving risk for differ-
ent centroids. Then, at time 18:06:06, there is both weather and air traffic risk. Similar to the three
aircraft scenario, combined risk results produce risk maps that become more complex to explain the
more entities and risk types that are present, although the model can capture the effect of combin-
ing multiple risk metrics into one. The shapes of the combined risk maps shown in Figures 22 to 26
for time 18:06:06 are hybrids of the air traffic and weather only risk map shapes where individual
spherical shapes for each risk type are merged into one more complex shape. This type of risk can
provide valuable insights on research involving multiple types of risk using a data-driven approach.
Finally, at time 18:06:54, aircraft AC0417 has left the airspace and only weather risk remains (no
more combined risk).
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Figure 22. 3D combined risk maps for 3 selected times
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Figure 23. 2D combined risk maps for centroid 1 at 1200m altitude
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Figure 24. 2D combined risk maps for 3 selected times for centroid 2 at 300m altitude
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Figure 25. 2D combined risk maps for 3 selected times for centroid 3 at 500m altitude
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Figure 26. 2D combined risk maps for 3 selected times for centroid 4 at 2400m altitude

5.4 Computational efficiency analysis

The fifth criteria for the developed model described in Section 2 is for the geospatial airspace model
to be computationally efficient. Table 1 (see Appendix 4) compares the run times of the Python code
for the three different steps of the developed methodology (Sections 4.1, 4.2, and 4.3) for air traffic
only, weather only, and combined air traffic and weather models. The table also includes different
run times for varying DGGS cell sizes and DGGS grid widths. The main observations with respect to
computational efficiency for the different model configurations tested can be summarized as follows:

1. The run time for the data collection and processing step of the methodology scales with the
number of airspace entities (aircraft or storms in this paper) present in the desired dataset.
Typically, a larger DGGS grid width will yield a higher number of entities (i.e. larger airspace
cubic area includes more aircraft) and require a longer run time.

2. The run time for the DGGS geospatial airspace model generation step scales with the total

number of centroids in the grid. The number of centroids is a function of DGGS cell size and
DGGS grid width.
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3. The run time for the risk calculation step scales with the number of entities and centroids.
This is explained by the fact that the sequence of calculations performed by the Python code
needs to run every time increment n* I number of times for the weather risk metric calculation,
m* m* [ number of times for the air traffic risk metric calculations, and (n + m * m) * [ number
of times for the combined risk metric calculations, where n is the number of storm entities, [
is the number of centroids, and m is the number of aircraft entities. Each run of the air traffic
risk metric calculation needs to be run m * m * [ times since it is performed for every possible
unique pair of aircraft present in the airspace at each time increment. See Appendix 3 for more
details on the pseudocode used to calculate the air traffic risk metric.

The developed methodology was intentionally designed to be as computationally efficient as possible
by doing two things: 1) the methodology uses the least amount of information possible (only 3D posi-
tion over time) to study spatial entities and 2) computationally efficient algorithms (Python modules
and Spatialite database querying made for efficient spatial transformations). This approach enables
the methodology to be used to analyze very large datasets and study complex airspace scenarios
using a minimum amount of information to enable the use of more elaborate and time-consuming
algorithms and calculations, which have proven promising in other models found in the literature .

6. Conclusion

This paper presents a novel methodology for developing a geospatial model of complex airspace
environments using a DGGS framework that is extensible to be used to study any geospatially dis-
tributed entity that is part of the environment. The model was demonstrated using two case studies
showing the impact on airspace risk caused by weather storm cell entities for the first case study and
then for the risks associated with mid-air collisions in the second case study. The results obtained
showed that the model satisfied the six model requirements set out in the objectives of the paper
(see Section 2) as follows:

1. Air vehicle agnostic: The presented results demonstrated that the developed method is air
vehicle agnostic by being used to calculate the risk of MAC for any existing or future air vehicle
since it uses only the time, latitude, longitude, and altitude parameters from the collected ADS-
B data for any entity in the space.

2. Applicable to any airspace region: The airspace model can be applied to study airspace
entities for any airspace region without significant modifications, providing three-dimensional
and time varying data is available for these entities (i.e. weather and ADS-B data). Setting a
new region boundary and collecting the weather or air traffic data for the region of interest are
the only changes required.

3. Fully three-dimensional: The airspace model is fully three-dimensional. It uses three-dimensional

data to perform risk model calculations for every centroid over time in the DGGS grid. Al-
though two different risk models were developed for weather and air traffic scenarios (see Sec-
tions 4.3.1 and 4.3.2), all risk models are based on the shortest distance between each centroid
and each airspace entity (storm cells or ADS-B aircraft) and the rate of change of the shortest
distances.

4. Capable of time varying analysis: The airspace model can be used to study time-varying
scenarios by using time-varying data for each entity type and calculating airspace risk for each
centroid and time using the rate of change of each the shortest distances as the basis for its risk
metric calculation.

5. Computationally efficient: The relative simplicity of the overall model allows it to remain
computationally efficient while still capable of running many scenarios of interest. Section 5.4
discussed the factors affecting computational speed in the model. o

6. Scalability (area size, time interval, number of entities): The model is scalable because




24 Nicolas Vincent-Boulay et al.

it can be parametrized to study multiple values of area sizes, time intervals, and number of
entities (i.e. storm cells and aircraft) while still meeting the other requirements.

The proposed geospatial model offers advantages that make it a valuable tool for studying com-
plex airspace environments while providing insights for various stakeholders. One of its primary
strengths is its ability to run numerous scenarios efficiently. The computational efficiency and scal-
ability of the model allow for large-scale simulations across diverse conditions, such as varying
airspace configurations, traffic densities, and weather patterns. This enables stakeholders to iden-
tify optimal strategies for airspace management, capacity estimation, and re-routing decisions, ulti-
mately enhancing operational safety and efficiency.

Another key advantage of the proposed model is its ability to integrate both real-life and fictional sce-
narios, offering the flexibility to combine, in the same simulation, hypothetical situations alongside
actual operational data, making it possible to evaluate the impact of future technologies, emerging
traffic patterns, or hypothetical events. This feature enables airspace planners, policymakers, and
industry stakeholders to test and evaluate the impact of future technological advancements, emerg-
ing traffic patterns, and novel operational concepts before implementation. For instance, Urban Air
Mobility (UAM) studies can leverage the model to simulate the integration of air taxis in congested
urban environments, while emergency response teams can analyze potential scenarios to optimize
search and rescue operations under varying conditions.



Journal of Open Aviation Science 25

Appendix 1. List of variables and their descriptions

Variable Description

t; Current time
ti1 Previous time
G Centroid i in the geospatial grid
ay Aircraft k in the airspace region of interest
dﬂk,r:,.t[ Shortest distance between aircraft a, and centroid ¢; at time ¢;
dakzc,.t.,, Shortest distance between aircraft a; and centroid c; at time ¢;_,
ﬂ\dak,c,-,ri The rate of change of the shortest distances between d%cl_t‘ and ﬁ'a,‘.,cﬁt,-,,
At Time interval between t; and t; 4
Vayc,t, Velocity of aircraft ax converging toward centroid ¢; at time t;
CTaert Copvergence tl.me of a.m:raft ay converging toward centroid ¢; at time ¢; (i.e. the time for aircraft a to
it arrive at centroid ¢; using the current velocity vq, c.r)
AP, Aircraft pair m out of all possible unique aircraft pairs present in the airspace

AC TAPm'Ej!tl The difference between convergence times for pair of aircraft AP,

ACTinresnola | Atbitrary threshold used for filtering ACTyp, ¢, ¢, Values based on desired granularity (use case specific)
CTap, e, Convergence time of the 1% aircraft in the aircraft pair AP,
CTap,,c.t; Convergence time of the 2°¢ aircraft in the aircraft pair AP,

Minimum convergence time of the aircraft pair APy,

CTmin,APm,ci,ti-

ATR4p, c.t, Alr traffic risk of the aircraft pair AP, for centroid ¢; at time t;

ATR ¢, Air traffic risk for centroid ¢; at time t;. Corresponds to the minimum out of all the ATRyp, c t,-

Appendix 2. Pseudocode used to calculate the weather risk metric

FOR time t; in time interval:
FOR centroid ¢; in geospatial grid:
FOR storm cell sy in airspace region of interest:
Calculate the shortest distance d Sty

Calculate the rate of change of the shortest distance Ads, ¢ r = ds, c.t, = dsic,t,,
IF storm cell sy, is converging to centroid c; mdsk‘ci’t‘ < 0):
Calculate velocity Vsopt; = Adsk,c,.t, JAt
Calculate convergence time CTsk.c,.r, = dskvcptg / Vspcpts
Calculate the weather risk for centroid ¢; at time ¢; as Iflh’*'\’,:“ti = min (€ Tsk,c,-,t,-' CT.

Sk+1r

ety Clspumenty o Clsept)

Appendix 3. Pseudocode used to calculate the mid-air collision risk metric

FOR time ¢; in time interval:
FOR centroid c; in geospatial grid:
FOR aircraft ay in airspace region of interest:
Calculate the shortest distance dak.cf,t,-
Calculate the rate of change of the shortest distance Adﬁk-c,.t.— = dak,c,.t, - dak’c,_tﬂ
IF aircraft a; is converging to centroid c; fAdak,c,.r, <0):
‘ Calculate velocity Vagcot, = Adak,cf,ti /At
Calculate convergence time € Tak,c,.t.— = dak,c,.tx / Vaycyt,
FOR aircraft pair AP, in every pair of aircraft:
| Calculate the difference in convergence time ACTp,, Gyt
FOR all the AC Tapcpt; where both convergence times of pair AP, are the same within a threshold ACTypyesho1a:
Find the minimum convergence time of the pair as C Ty, APyc,t, = Min (C Tap,yepte CTa sz-C,.f;)
Calculate the air traffic risk of the aircraft pair AB,, as ATRap, .t = ACTap, cot; + CTnin ap, o,
Calculate the air traffic risk for centroid ¢; at time ¢; as ATRCIri = min (4 TRAF.,H‘CJ-,!Y,-J ATRApm],,:j_r!., ATRAFm”.Cj.,‘, -y ATRAP,,..:]‘:,)
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Appendix 4. Run time comparison table

NOTE: All times produced in the table were obtained using a ASUS ROG Zephyrus G15 laptop with
a AMD Ryzen 9 5900HS CPU, a NVIDIA GeForce RTX 3070 GPU, and 16 GB of RAM.

Cell Grid Run Time
7 Model Type Size ‘Width Model Step [HH:MM:SS]
[m] [m]
Air traffic data collection & processing 0:00:03
) Alr traffic DGGS geospatial airspace model generation 0:00:02
only Risk model calculations 0:28:12
Model total run time 0:28:18
Weather data collection & processing 0:00:09
5 Weather 100 DGGS geospatial airspace model generation 0:00:02
only Risk model calculations 0:20:44
Model total run time 0:20:56
Air traffic only component 0:28:18
3 Combined Weather only component 0:20:56
Risk model calculations 0:16:38
Model total run time 1:05:52
Air traffic data collection & processing 0:00:03
4 Alr traffic DGGS geospatial airspace model generation 0:00:19
only Risk model calculations 3:41:12
Model total run time 3:41:34
Weather data collection & processing 0:00:09
5 Weather s0 5000 DQGS geospatial airspace model generation 0:00:19
only Risk model calculations 2:42:39
Model total run time 2:43:08
Air traffic only component 3:41:34
5 Combined Weather only component 2:43:08
Risk model calculations 2:10:31
Model total run time 8:35:12
Alr traffic data collection & processing 0:00:03
7 Air traffic DGGS geospatial airspace model generation 0:00:00
only Risk model calculations 0:01:55
Model total run time 0:01:58
Weather data collection & processing 0:00:09
Weather DGGS geospatial airspace model generation 0:00:00
8 200 - .
only Risk model calculations 0:01:24
Model total run time 0:01:34
Air traffic only component 0:01:58
9 Combined Weather only component 0:01:34
Risk model calculations 0:01:08
Model total run time 0:04:40
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Cell Grid Run Time
# Model Type | Size Width Model Step [HH:MM:SS]
[m] [m]
Air traffic data collection & processing 0:00:03
10 Alr traffic DGGS geospatial airspace model generation 0:00:19
only Risk model calculations 3:41:12
Model total run time 3:41:34
Weather data collection & processing 0:00:09
11 Weather 100 DQGS geospatial ailrspace model generation 0:00:19
only Risk model calculations 2:42:39
Model total run time 2:43:07
Air traffic only component 3:41:34
12 Combined \Rl’eather only conlp(?nent 2:43:07
Risk model calculations 2:10:31
Model total run time 8:35:12
Air traffic data collection & processing 0:00:03
13 Air traffic DQGS geospatial ailrspace model generation 0:02:32
only Risk model calculations 29:12:06
Model total run time 20:14:42
Weather data collection & processing 0:00:09
14 Weather 50 10000 | RGGS geospatial airspace model generation 0:02:32
only Risk model calculations 21:28:23
Model total run time 21:31:05
Air traffic only component 29:14:42
15 Combined \Rl’eather only comp(lment 21:31:05
Risk model calculations 17:13:46
Model total run time 67:59:32
Air traffic data collection & processing 0:00:03
16 Alr traffic DGGS geospatial airspace model generation 0:00:02
only Risk model calculations 0:26:02
Model total run time 0:26:08
Weather data collection & processing 0:00:09
17 Weather 200 DGGS geospatial airspace model generation 0:00:02
only Risk model calculations 0:19:09
Model total run time 0:19:20
Air traffic only component 0:26:08
18 Combined \Rl’eather only compclment 0:19:20
Risk model calculations 0:15:22
Model total run time 1:00:49
Acknowledgement

The authors of this paper wish to thank Marinvent Corporation and Mitacs for supporting and fund-

ing this research.

Author contributions

« First Author: Conceptualization, Data Curation, Methodology, Software, Formal Analysis, Writing

- Original draft, Visualization

« Second Author: Supervision, Formal Analysis, Writing — Review and Editing



28

Nicolas Vincent-Boulay et al.

Open data statement

All datasets used in this research are pubicly available ADS-B datasets that can be accessed using
the Python API developed by Sun [68]. The specific datasets used in this paper can also be accessed
at [78].

Reproducibility statement

This research can be reproduced using weather radar data from [67] and ADS-B datasets accessed

using the Python API developed by Sun [68] for the date-times and airspace regions of interest that
were used in the paper.

References

[1]
2]

(7]

(8]

(10]

Jerry Banks. Discrete Event System Simulation. Pearson Education India, 2005. 1sBN: 81-317-
5896-6.

H Ron Harrison. “Atmospheric and Space Flight Dynamics: Modeling and Simulation with
MATLAB and Simulink A. Tewari Birkhauser Verlag, Viaduktstrasse 42, CH-4051 Basel, Switzer-
land. 2007. 556pp.£ 60. ISBN 978-0-8176-4437-6.” In: The Aeronautical Journal 112.1136 (2008),
pp- 621-621. 1ssN: 0001-9240.

Lloyd R Jenkinson, Paul Simpkin, Darren Rhodes, Lloyd R Jenkison, and Rolls Royce. Civil Jet
Aircraft Design. Vol. 338. Arnold London, 1999.

Current Landscape of Unmanned Aircraft Systems at Airports. Tech. rep. Washington, D.C.:
Transportation Research Board, Dec. 2019. por: 10.17226/25659. (Visited on 09/08/2023).

The National Academies of Sciences. Assessing the Risks of Integrating Unmanned Aircraft Sys-
tems into the National Airspace System. Tech. rep. Washington, DC: The National Academies
Press, 2018. por1: 10.17226/25143.

Engineering National Academies of Sciences. In-Time Aviation Safety Management: Challenges
and Research for an Evolving Aviation System. Jan. 2018. 1SBN: 978-0-309-46880-0. Do1: 10.17226/
24962. (Visited on 07/12/2022).

Annie Cheng, Kevin Witzberger, Nipa Phojanamongkolkij, and Ian Levitt. “Urban Air Mobility
(UAM) Airspace Research Roadmap - Systems Engineering Approach to Managing Airspace
Evolution Towards UML-4”. In: AIAA AVIATION 2022 Forum. AIAA AVIATION Forum. Amer-
ican Institute of Aeronautics and Astronautics, June 2022. por: 10.2514/6.2022-3401. (Visited
on 07/04/2022).

Wilfredo Torres-Pomales. Toward a Safety Risk-Based Classification of Unmanned Aircrafft.
Tech. rep. TM-2016-219367. NASA Langley Research Center, 2016, pp. 1-84.

Filippo De Florio. Airworthiness: An Introduction to Aircraft Certification and Operations. Butterworth-
Heinemann, July 2016. 1sBN: 978-0-08-100940-6. po1: 10.1016/C2010-0-65567-2.

Paul Lee, Joey Mercer, Brian Gore, Nancy Smith, Katharine Lee, and Robert Hoffman. “Examin-
ing Airspace Structural Components and Configuration Practices for Dynamic Airspace Con-
figuration”. In: AIAA Guidance, Navigation and Control Conference and Exhibit. 2008, p. 7228.
Bestugin A, Eshenko A, Filin A., Plyasovskikh A., Shatrakov A., and Shatrakov Y. Air Traffic
Control Automated Systems. Springer, July 2019. 1SBN: 9789811393860.

Emmanuel Sunil, Joost Ellerbroek, Jacco Hoekstra, and Jerom Maas. “Modeling Airspace Sta-
bility and Capacity for Decentralized Separation”. In: DEP 3 (2017), R1.

International Civil Aviation Organization (ICAO). Performance-Based Communication and Surveil-
lance (PBCS) Manual (Doc 9869). Tech. rep. 2017. (Visited on 07/20/2022).

Federal Aviation Administration. Air Traffic by the Numbers 2023. Tech. rep. Apr. 2023, p. 51.



https://doi.org/10.17226/25659
https://doi.org/10.17226/25143
https://doi.org/10.17226/24962
https://doi.org/10.17226/24962
https://doi.org/10.2514/6.2022-3401
https://doi.org/10.1016/C2010-0-65567-2

(15]

(18]

(19]

[20]

[26]

(27]

(28]

[29]

(30]

Journal of Open Aviation Science 29

Jenaro Nosedal, Miquel A. Piera, Adriano O. Solis, and Carles Ferrer. “An Optimization Model
to Fit Airspace Demand Considering a Spatio-Temporal Analysis of Airspace Capacity”. In:
Transportation Research Part C: Emerging Technologies 61 (Dec. 2015), pp. 11-28. 1SsN: 0968-
090X. por: 10.1016/j.trc.2015.10.011. (Visited on 01/22/2024).

Parker D. Vascik, Jungwoo Cho, Vishwanath Bulusu, and Valentin Polishchuk. “Geometric
Approach Towards Airspace Assessment for Emerging Operations”. In: Journal of Air Trans-
portation 28.3 (2020), pp. 124-133. por: 10.2514/1.D0183. (Visited on 01/22/2024).

Joe Mitchell, Girishkumar Sabhnani, Robert Hoffman, Jimmy Krozel, and Arash Yousefi. “Dy-
namic Airspace Configuration Management Based on Computational Geometry Techniques”.
In: AIAA Guidance, Navigation and Control Conference and Exhibit. American Institute of Aero-
nautics and Astronautics. po1: 10.2514/6.2008-7225. (Visited on 01/22/2024).

Sameer Alam, Daniel Delahaye, Supatcha Chaimatanan, and Eric Féron. “A Distributed Air
Traffic Flow Management Model for European Functional Airspace Blocks”. In: 12th ATM R&D
Seminar. June 2017. (Visited on 05/23/2023).

Amy Pritchett, Seungman Lee, David Huang, and David Goldsman. “Hybrid-System Simula-
tion for National Airspace System Safety Analysis”. In: Journal of Aircraft. Vol. 38. Aug. 2000,
pp. 1132-1142. por: 10.1109/WSC.2000.899076.

Jun Tang, Miquel A Piera, and Olatunde T Baruwa. “A Discrete-Event Modeling Approach for
the Analysis of TCAS-induced Collisions with Different Pilot Response Times”. In: Proceedings
of the Institution of Mechanical Engineers, Part G: Journal of Aerospace Engineering 229.13 (Nov.
2015), pp. 2416-2428. 1ssN: 0954-4100. pOT1: 10.1177/0954410015577147. (Visited on 01/01/2024).
Ramazan Cecen and Cem Cetek. “A Two-Step Approach for Airborne Delay Minimization
Using Pretactical Conflict Resolution in Free-Route Airspace”. In: Journal of advanced trans-
portation 2019 (Apr. 2019). por: 10.1155/2019/4805613.

Jack Dangermond. What Is a Geographic Information System (GIS)? ASTM International, 1992.
Apostol Panayotov. “High Resolution Airport Airspace Model Using Geographic Information
System”. PhD thesis. unav, 2009.

Liudmila Mitsevich and Natalia Zhukovskaya. “Geospatial Modeling, Analysis and Mapping
for Aerodrome Land Development”. In: E3S Web of Conferences 310 (2021), p. 04003. 1sSN: 2267-
1242. por: 10.1051/e3sconf/202131004003. (Visited on 01/22/2024).

Apostol Panayotov, Iliya Georgiev, and Ivo Georgiev. “A Practical Approach for Airport Spa-
tial Modeling”. In: Proceedings of the 13th International Conference on Computer Systems and
Technologies. CompSysTech *12. New York, NY, USA: Association for Computing Machinery,
June 2012, pp. 321-328. 1SBN: 978-1-4503-1193-9. po1: 10.1145/2383276.2383323. (Visited on
01/22/2024).

Sze-Wei Chang. “A GIS Model for Analyzing Airspace Obstructions and Safety near Airports”.
In: Journal of Civil Engineering and Architecture 10 (2016), pp. 553-62.

Hongbo He, Xiaohan Liao, Huping Ye, Chenchen Xu, and Huanyin Yue. “Data-Driven Insights
into Population Exposure Risks: Towards Sustainable and Safe Urban Airspace Utilization by
Unmanned Aerial Systems”. In: Sustainability 15.16 (2023), p. 12247. 1ssN: 2071-1050.

Ferran Valdes Crespi, Stephan Sandenbergh, Jochen Schell, Daniel O’Hagan, and Peter Knott.
“A New Airborne Network Concept to Improve Air Navigation Safety”. In: 2021 21st Inter-
national Radar Symposium (IRS). June 2021, pp. 1-8. por: 10.23919/IRS51887.2021.9466228.
(Visited on 10/16/2023).

Stefano Starita, Arne K. Strauss, Xin Fei, Radosav Jovanovi¢, Nikola Ivanov, Goran Pavlovié,
and Frank Fichert. “Air Traffic Control Capacity Planning Under Demand and Capacity Pro-
vision Uncertainty”. In: Transportation Science 54.4 (July 2020), pp. 882—896. 1ssN: 0041-1655.
por: 10.1287/trsc.2019.0962. (Visited on 10/16/2023).

Xi Wang, Perry Pei-Ju Yang, Michael Balchanos, and Dimitri Mavris. “Urban Airspace Route
Planning for Advanced Air Mobility Operations”. In: Intelligence for Future Cities. Ed. by Robert



https://doi.org/10.1016/j.trc.2015.10.011
https://doi.org/10.2514/1.D0183
https://doi.org/10.2514/6.2008-7225
https://doi.org/10.1109/WSC.2000.899076
https://doi.org/10.1177/0954410015577147
https://doi.org/10.1155/2019/4805613
https://doi.org/10.1051/e3sconf/202131004003
https://doi.org/10.1145/2383276.2383323
https://doi.org/10.23919/IRS51887.2021.9466228
https://doi.org/10.1287/trsc.2019.0962

30

(31]

(32]

(33]

(39]

(40]

[41]

(44]

(45]

Nicolas Vincent-Boulay et al.

Goodspeed, Raja Sengupta, Marketta Kyttd, and Christopher Pettit. The Urban Book Series.
Cham: Springer Nature Switzerland, 2023, pp. 193-211. 1SBN: 978-3-031-31746-0. por1: 10.1007/
978-3-031-31746-0_11.

Jean Marc Wunderli, Christoph Zellmann, Micha Kopfli, and Manuel Habermacher. “sonAIR
- a GIS-Integrated Spectral Aircraft Noise Simulation Tool for Single Flight Prediction and
Noise Mapping”. In: Acta Acustica united with Acustica 104.3 (May 2018), pp. 440-451. por:
10.3813/AAA.919180.

Sergio Ruiz, Miquel A Piera, Jenaro Nosedal, and Andrea Ranieri. “Strategic De-Confliction in
the Presence of a Large Number of 4D Trajectories Using a Causal Modeling Approach”. In:
Transportation Research Part C: Emerging Technologies 39 (2014), pp. 129-147. 1ssN: 0968-090X.
Eduardo José Garcia Gonzalez. “Development of a 3-Dimensional Mathematical Collision Risk
Model Based on Recorded Aircraft Trajectories to Estimate the Safety Level in High Density
En-Route Airspaces”. Doctoral Thesis. Universidad Politécnica de Madrid, 2013.

Tor Bernhardsen. Geographic Information Systems: An Introduction. John Wiley & Sons, 2002.
ISBN: 0-471-41968-0.

Michael F Goodchild, Huadong Guo, Alessandro Annoni, Ling Bian, Kees De Bie, Frederick
Campbell, Max Craglia, Manfred Ehlers, John Van Genderen, and Davina Jackson. “Next-
Generation Digital Earth”. In: Proceedings of the National Academy of Sciences 109.28 (2012),
pp. 11088-11094. 1SSN: 0027-8424.

Michael F. Goodchild. “Discrete Global Grids for Digital Earth”. In: International Conference
on Discrete Global Grids. Mar. 2000. (Visited on 05/23/2023).

Vojtéch Kaiser. “Efficient Rendering of Earth Surface for Air Traffic Visualization”. PhD thesis.
Prague: Czech Technical University in Prague, 2018.

Bing Han, Tengteng Qu, Zili Huang, Qiangyu Wang, and Xinlong Pan. “Emergency Airport
Site Selection Using Global Subdivision Grids”. In: Big Earth Data 6.3 (July 2022), pp. 276-293.
ISSN: 2096-4471. por1: 10.1080/20964471.2021.1996866. (Visited on 10/16/2023).

Deepudev Sahadevan Neelakandan and Hannah Al Ali. “Enhancing Trajectory-Based Opera-
tions for UAVs through Hexagonal Grid Indexing: A Step towards 4D Integration of UTM and
ATM?”. In: International Journal of Aviation, Aeronautics, and Aerospace 10.2 (Jan. 2023). 1SSN:
2374-6793. po1: 10.58940/2374-6793.1815.

Benjamin Ulmer, John Hall, and F. Samavati. “General Method for Extending Discrete Global
Grid Systems to Three Dimensions”. In: ISPRS Int. . Geo Inf. 9 (2020). por: 10.3390/1jgi9040233.
(Visited on 08/06/2024).

Weixin Zhai, Xiaochong Tong, Shuangxi Miao, Chenggi Cheng, and Fuhu Ren. “Collision De-
tection for UAVs Based on GeoSOT-3D Grids”. In: ISPRS International Journal of Geo-Information
8.7 (July 2019), p. 299. 1ssN: 2220-9964. Do1: 10.3390/ijgi8070299. (Visited on 05/23/2023).
A.Rawson, Z. Sabeur, and M. Brito. “Intelligent Geospatial Maritime Risk Analytics Using the
Discrete Global Grid System”. In: Big Earth Data 6 (2021), pp. 294-322. por: 10.1080/20964471.
2021.1965370. (Visited on 08/06/2024).

A. Rawson, Z. Sabeur, and M. Brito. “Geospatial Data Analysis for Global Maritime Risk As-
sessment Using the Discrete Global Grid System”. In: 2021 IEEE International Geoscience and
Remote Sensing Symposium IGARSS (2021), pp. 3904-3907. por: 10.1109/IGARSS47720.2021.
9554208. (Visited on 08/06/2024).

Christopher A Roseman and Brian M Argrow. “Weather Hazard Risk Quantification for sUAS
Safety Risk Management”. In: Journal of Atmospheric and Oceanic Technology 37.7 (2020),
pp. 1251-1268. 1SsN: 0739-0572.

Bin Zhang, L. Tang, and M. Roemer. “Probabilistic Planning and Risk Evaluation Based on
Ensemble Weather Forecasting”. In: IEEE Transactions on Automation Science and Engineering
15 (2018), pp. 556—566. por: 10.1109/TASE.2017.2648743. (Visited on 08/06/2024).



https://doi.org/10.1007/978-3-031-31746-0_11
https://doi.org/10.1007/978-3-031-31746-0_11
https://doi.org/10.3813/AAA.919180
https://doi.org/10.1080/20964471.2021.1996866
https://doi.org/10.58940/2374-6793.1815
https://doi.org/10.3390/ijgi9040233
https://doi.org/10.3390/ijgi8070299
https://doi.org/10.1080/20964471.2021.1965370
https://doi.org/10.1080/20964471.2021.1965370
https://doi.org/10.1109/IGARSS47720.2021.9554208
https://doi.org/10.1109/IGARSS47720.2021.9554208
https://doi.org/10.1109/TASE.2017.2648743

(46]

(47]

(48]

(52]

(53]
[54]
[55]

[56]

(57]

(58]

[59]

[60]

[61]

Journal of Open Aviation Science 31

Sweta Parmar and Rick P. Thomas. “Effects of Probabilistic Risk Situation Awareness Tool
(RSAT) on Aeronautical Weather-Hazard Decision Making”. In: Frontiers in Psychology 11
(2020). por: 10.3389/fpsyg.2020.566780. (Visited on 08/06/2024).

Junzi Sun, Huy V4, J. Ellerbroek, and J. Hoekstra. “Weather Field Reconstruction Using Air-
craft Surveillance Data and a Novel Meteo-Particle Model”. In: PLoS ONE 13 (2018). pot: 10.
1371/journal.pone.0205029. (Visited on 08/06/2024).

Yequan Lu, Mingming Song, and Zhimin Guo. “Application and Development of Weather
Radar Predicting Windshear Function in Civil Aviation”. In: 12050 (2021), pp. 120505-120505.
por: 10.1117/12.2613781. (Visited on 08/06/2024).

Robert Osinski and Frangois Bouttier. “Short-Range Probabilistic Forecasting of Convective
Risks for Aviation Based on a Lagged-Average-Forecast Ensemble Approach”. In: Meteorolog-
ical Applications 25.1 (2018), pp. 105-118. 1ssN: 1469-8080. po1: 10.1002/met.1674. (Visited on
08/06/2024).

E. S. Boyarenko, E. A. Bolelov, O. V. Vasiliev, and S. S. Korotkov. “Experimental Statistical
Analysis of Radar Signals Reflected from Weather Hazards”. In: Civil Aviation High Technolo-
gies (2023). por: 10.26467/2079-0619-2023-26-5-19-29. (Visited on 08/06/2024).

Enrico Solazzo, Pierre-Yves Tournigand, S. Barindelli, Valerio Guglieri, E. Realini, L. Nisi, and
R. Biondi. “Understanding Severe Weather Events at Airport Spatial Scale”. In: IGARSS 2020 -
2020 IEEE International Geoscience and Remote Sensing Symposium (2020), pp. 5372-5375. DOI:
10.1109/IGARSS39084.2020.9323598. (Visited on 08/06/2024).

Aniel Jardines, Manuel Soler, and J Garcia-Heras Carretero. “Data-Driven Occupancy Predic-
tion in Adverse Weather Conditions Using Thunderstorm and Traffic Observations”. In: 9th
SESAR Innovation Days 11 (2019).

Peter G Reich. “Analysis of Long-Range Air Traffic Systems: Separation Standards—I". In: The
Journal of Navigation 19.1 (1966), pp. 88—98. 1ssN: 1469-7785.

DA Hsu. “The Evaluation of Aircraft Collision Probabilities at Intersecting Air Routes”. In:
The Journal of Navigation 34.1 (1981), pp. 78-102. 1sSN: 1469-7785.

D Anderson and XG Lin. “A Collision Risk Model for a Crossing Track Separation Methodol-
ogy”. In: The Journal of Navigation 49.3 (1996), pp. 337-349. 1ssN: 1469-7785.

International Civil Aviation Organization (ICAO). Manual on Airspace Planning Methodology
for the Determination of Separation Minima. Tech. rep. 9689. International Civil Aviation Or-
ganization, 1998.

P. G. Reich. “Analysis of Long-Range Air Traffic Systems: Separation Standards—II”. In: The
Journal of Navigation 19.2 (Apr. 1966), pp. 169-186. IssN: 1469-7785, 0373-4633. por: 10.1017/
S0373463300047196. (Visited on 07/12/2022).

Konstantinos Karydis, Ioannis Poulakakis, Jianxin Sun, and Herbert G Tanner. “Probabilisti-
cally Valid Stochastic Extensions of Deterministic Models for Systems with Uncertainty”. In:
The International Journal of Robotics Research 34.10 (2015), pp. 1278-1295. 1sSN: 0278-3649.
International Civil Aviation Organization. Operating Procedures and Practices for Regional Mon-
itoring Agencies in Relation to the Use of a 300 M (1000 Ft) Vertical Separation Minimum Between
FL 290 and FL 410 Inclusive. Vol. 9937. International Civil Aviation Organization, 2011. 1SBN:
92-9231-679-6.

International Civil Aviation Organization (ICAO). Performance Based Navigation (PBN) Man-
ual (Doc 9613). Tech. rep. 9613. 2013. (Visited on 07/20/2022).

Benoit Figuet, Raphael Monstein, Manuel Waltert, and Jérdme Morio. “Data-Driven Mid-Air
Collision Risk Modelling Using Extreme-Value Theory”. In: Aerospace Science and Technology
142 (2023), p. 108646. 1ssN: 1270-9638.

Mykel J. Kochenderfer, Matthew W. M. Edwards, Leo P. Espindle, James K. Kuchar, and J. Daniel
Griffith. “Airspace Encounter Models for Estimating Collision Risk”. In: Journal of Guidance,



https://doi.org/10.3389/fpsyg.2020.566780
https://doi.org/10.1371/journal.pone.0205029
https://doi.org/10.1371/journal.pone.0205029
https://doi.org/10.1117/12.2613781
https://doi.org/10.1002/met.1674
https://doi.org/10.26467/2079-0619-2023-26-5-19-29
https://doi.org/10.1109/IGARSS39084.2020.9323598
https://doi.org/10.1017/S0373463300047196
https://doi.org/10.1017/S0373463300047196

32 Nicolas Vincent-Boulay et al.

Control, and Dynamics 33.2 (2010), pp. 487-499. 1ssN: 0731-5090. por: 10.2514/1.44867. (Visited
on 02/16/2024).

[63] Mykel J Kochenderfer, Leo P Espindle, James K Kuchar, and J Daniel Griffith. “A Compre-
hensive Aircraft Encounter Model of the National Airspace System”. In: Lincoln Laboratory
Journal 17.2 (2008), pp. 41-53. 1sSN: 0896-4130.

[64] Andrew Weinert. “Method to Characterize Potential UAS Encounters Using Open Source
Data”. In: Aerospace 7.11 (2020), p. 158. IssN: 2226-4310.

[65] Jeremy Rohmer. “Uncertainties in Conditional Probability Tables of Discrete Bayesian Belief
Networks: A Comprehensive Review”. In: Engineering Applications of Artificial Intelligence 88
(2020), p. 103384. 15sN: 0952-1976.

[66] Dirk P Kroese, Tim Brereton, Thomas Taimre, and Zdravko I Botev. “Why the Monte Carlo
Method Is so Important Today”. In: Wiley Interdisciplinary Reviews: Computational Statistics
6.6 (2014), pp. 386—392. 1ssN: 1939-5108.

[67] Amazon Web Services, Inc. 2022/01/02/KOKX/KOKX20220102_020336_V06. (Visited on 01/05/2024).

[68] Junzi Sun. Python Interface for OpenSky Historical Database. Sept. 2022. (Visited on 09/13/2022).

[69] The OpenSky Network. Feeding 978 UAT Data? https://opensky-network.org/forum/questions/447-
feeding-978-uat-data. Jan. 2020. (Visited on 01/21/2025).

[70] FAA Safety Team. ADS-B Out Explained.

[71] Nicolas Vincent-Boulay, Catharine Marsden, and Angelina Cui. “Data-Driven Geospatial Mod-
eling for Complex Airspace Environments”. In: AIAA SCITECH 2024 Forum. 2024, p. 0571. DOI:
10.2514/6.2024-0571.

[72] Michael P Matthews and Richard DeLaura. “Decision Risk in the Use of Convective Weather
Forecasts for Trajectory-Based Operations”. In: 14th AIAA Aviation Technology, Integration,
and Operations Conference. 2014, p. 2717.

[73] Ian Cook and Stephen D. Unwin. “Controlling Principles for Prior Probability Assignments
in Nuclear Risk Assessment”. In: Nuclear Science and Engineering (Oct. 1986). por: 10.13182/
NSE86-A27446. (Visited on 01/22/2025).

[74] Higor Assis and Caio Nogueira. “Comparative Study of Deterministic and Probabilistic Critical
Slip Surfaces Applied to Slope Stability Using Limit Equilibrium Methods and the First-Order
Reliability Method”. In: Soils and Rocks (2023). por: 10.28927/SR.2023.013522. (Visited on
01/23/2025).

[75] Bonghwan Jang, Da-in Jeong, and Hunjoo Lee. “Comparison of Deterministic and Probabilistic
Approaches through Cases of Exposure Assessment of Child Products”. In: Korean Journal of
Environmental Health Sciences 43 (2017), pp. 223-232. por: 10.5668/JEHS.2017.43.3.223. (Visited
on 01/23/2025).

[76] J. Kuchar and L. Yang. “A Review of Conflict Detection and Resolution Modeling Methods”.
In: IEEE Trans. Intell. Transp. Syst. 1 (2000), pp. 179-189. por: 10.1109/6979.898217. (Visited on
10/17/2024).

[77] Sheldon M. Ross. A First Course in Probability. Vol. 2. Macmillan New York, 1976. (Visited on
09/30/2024).

[78] Nicolas Vincent-Boulay and Catharine Marsden. Datasets for the Spatial Modelling of Midair
Collision Risk Using ADS-B Data Article. Feb. 2024. por: 10.5281/zenodo.10651065. (Visited on
02/12/2024).



https://doi.org/10.2514/1.44867
https://doi.org/10.2514/6.2024-0571
https://doi.org/10.13182/NSE86-A27446
https://doi.org/10.13182/NSE86-A27446
https://doi.org/10.28927/SR.2023.013522
https://doi.org/10.5668/JEHS.2017.43.3.223
https://doi.org/10.1109/6979.898217
https://doi.org/10.5281/zenodo.10651065

	Introduction
	Research Objective
	Literature review
	Airspace modeling
	Geospatial airspace risk modeling
	Case study #1 literature review: Weather risk modeling
	Case study #2 literature review: Mid-air collision risk modeling

	Methodology
	Data collection and processing
	Weather radar data collection and processing
	Air traffic data collection and processing

	DGGS geospatial airspace model
	Creating the risk model
	Weather risk metric
	Mid-air collision risk metric
	Combining weather and mid-air collision risk metrics


	Results
	Weather only scenario
	Air traffic only scenarios
	Two aircraft scenario 
	Three aircraft scenario 

	Combined weather and air traffic scenarios
	Computational efficiency analysis

	Conclusion
	List of variables and their descriptions
	Pseudocode used to calculate the weather risk metric
	Pseudocode used to calculate the mid-air collision risk metric
	Run time comparison table
	Acknowledgement
	Author contributions
	Open data statement
	Reproducibility statement

