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Abstract
The integration of remotely piloted aircraft systems (RPAS) into shared airspace requires a thorough risk analysis. Specific op-

erations risk assessment (SORA) is a widely adopted approach by international civil aviation authorities to guide RPAS operators
in evaluating risks associated with their mission. A critical step in the SORA process is analyzing the airspace where the oper-
ation will take place, which requires knowledge of the intruder aircraft’s flight characteristics as well as the airspace model.
This paper proposes a methodology for developing a statistical airspace model using historical aircraft track data collected
in the Winnipeg Manitoba Flight Information Region. The developed methods include data cleaning routines, Kalman filters
for track smoothing, and Bayesian networks for synthetic track generation, following an approach similar to that employed
by the Massachusetts Institute of Technology Lincoln Lab. Additionally, the developed methodology allows for the analysis of
specific models by altitude or aircraft type. The methods presented were subsequently adjusted for a comprehensive analysis
spanning across Canada’s diverse airspace. The initial statistical model, derived from Canada-wide data, is currently accessible
to the public via the National Research Council’s GitHub repository [https://github.com/nrc-cnrc/Canadian-Airspace-Models].

Key words: remotely piloted aircraft systems (RPAS), statistical airspace model, interacting multiple models (IMM), unmanned
aircraft system, Bayesian networks

1. Introduction
In recent years, the civil application of remotely piloted

aircraft systems (RPAS) has gained significant momentum.
The integration of these systems into airspace shared with
traditional aviation, however, presents a major challenge as
they must be able to safely interact with all other aircraft
without becoming an undue workload for air traffic control
(ATC).

The Canadian Aviation Regulations Part IX (2021) states that
only RPAS with a maximum take-off weight of 25 kg can
operate without a special flight operation certificate (SFOC),
provided that the operation is conducted within visual line of
sight, among other conditions. Exceptions require applying
for a SFOC supported by a risk assessment for the intended
operation. To guide this analysis, the Canadian civilian
aviation authority——Transport Canada——adopted the specific
operations risk assessment (SORA), developed by the Joint
Authorities for Rulemaking on Unmanned Systems (JARUS
2019). The SORA process assesses both the ground and the
air risks, taking into consideration the specific concept of
operation. This approach allows the regulator and operator
to establish the appropriate strategic and tactical mitigation
performance and robustness levels required to safely conduct
the proposed operation. Regionally appropriate statistical
airspace models are proposed as a means to assist in the

establishment of consistent and accurate risk assessments
for specific operations.

A statistical model is a mathematical model that analyzes a
large set of data and determines the probability distribution
of variables to subsequently apply statistical assumptions for
the generation of new sample datasets (Ray 2019). In the con-
text of airspace, a statistical airspace model is derived from
the analysis of aircraft track data, which allows for the un-
derstanding and simulating realistic aircraft behavior condi-
tioned by various factors of interest, making it a powerful
tool capable of filling the current gap that prevents users
from making informed decisions. Furthermore, a statistical
model offers an advantage over dynamic models since it does
not rely on predefined rules and assumptions.

The objective of this work is to develop and implement a
systematic approach for the creation of a statistical airspace
model that can provide valuable insights for air risk analysis,
a critical component of the SORA process, and to present in-
formation on the expected aircraft behavior, such as speeds,
turn rates, vertical rates, and accelerations based on histor-
ical data, in the form of histograms. Additionally, it may
support the methodology for the selection and testing of
detect and avoid (DAA) equipment, as well as the deter-
mination of collision risk probability, by generating real-
istic aircraft tracks and conducting fast-time Monte Carlo
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Fig. 1. Stages for the statistical model creation.

simulations. In pursuit of these objectives, Bayesian networks
have been selected as the preferred approach for generating
realistic aircraft tracks, although other approaches such as
multilayer perceptron and long short-term memory artificial
neural networks have also been considered (Krings 2023).

Research conducted by Kochenderfer et al. (2008) from the
Massachusetts Institute of Technology Lincoln Laboratory
(MIT LL) developed the first versions of two different models:
an uncorrelated encounter model (meaning that it does not
account for ATC involvement in aircraft trajectory), and a
correlated encounter model (meaning that the aircraft are
cooperating with ATC), which were updated later by Weinert
et al. (2013) and Underhill et al. (2018), respectively. These
models were developed with aircraft tracks collected from
over 200 sensors in the United States, flying under Visual
Flight Rules from an altitude of 500 feet above ground level
to 18,000 feet above sea level (ASL), and the data processing
consisted of data filtering and interpolation. Subsequently,
the features (geographic location, airspace class, altitude
layer, airspeed, vertical rate, turn rate, and acceleration)
were extracted for posterior smoothing and quantization,
working with predetermined cut points that best described
the data according to histograms to finally determine the
Bayesian structure for the initial and transition distributions
and perform sampling and track simulation. This approach
achieved more functionalities than models previously de-
veloped, like the one developed by the MITRE Corporation
McLean (1983), or the one created by the International Civil
Aviation Organization (ICAO) and Eurocontrol (Arino et al.
2002). Following up on that work, the MIT LL continues carry-
ing out research to develop different models for specific types
of aircraft, locations, and areas (Edwards 2010; Weinert et al.
2019). Other recent work that addresses the integration of
RPAS into airspace focuses on the development of unmanned
aircraft system traffic management (UTM) (Labib et al. 2019;
Pongsakornsathien et al. 2020), rather than modeling the en-
tire airspace. Currently, the models developed by MIT LL are
the only ones publicly available. The MIT LL public GitHub
repository [https://github.com/Airspace-Encounter-Models]
contains algorithms that generate realistic tracks from
already processed data. However, those algorithms do
not include means to process different datasets or
find the structure of Bayesian networks that adjust to

diverse models and fit different requirements. Furthermore,
since the data used in the MIT LL public models originated
from US National Airspace traffic surveillance, it is uncer-
tain whether they can be applied to Canadian airspace,
considering the geographic, environmental, regulatory,
and socio-economic differences that may contribute to dif-
ferences in traffic density, make-up (types), transponder
equipment, and behavior.

This research builds upon the models developed by MIT LL
and aims to provide a methodology that, based on real in-
formation about the behavior and distributions of different
categories and types of manned aircraft in various classes of
airspace, can contribute to the calculation and analysis of
mid-air collision risk in Canada. This work uses a small set
of Winnipeg aircraft track data obtained from NAV Canada
to test the developed methodology, which differentiates from
previous work by MIT LL since it considers the aircraft’s wake
turbulence category (WTC) as an additional variable influenc-
ing its behavior and provides flexibility in the generation
of a dataset according to the user’s needs. The initial sta-
tistical model, derived from Canada-wide data, is currently
accessible to the public via the National Research Council’s
GitHub repository [https://github.com/nrc-cnrc/Canadian-Air
space-Models].

2. Methods

2.1. Stages for the statistical model creation
The methodology to develop the Canadian statistical

airspace model was divided into three stages, each of which
encompasses different aspects of the process. Each stage is di-
vided into steps (Fig. 1), which are further explained in detail
in the following sections of this paper.

The reason for dividing the methodology into the fol-
lowing stages is to identify the different steps necessary to
create the model. Initially, the data obtained must be pro-
cessed to eliminate noise and erroneous observations, thus
ensuring the integrity of the results. Subsequently, a flexible
dataset can be generated, taking an adequate representation
of the data for the model to be created (with the intention
to analyze a certain set of altitudes or WTC representation)
and then determining the appropriate cut points that best
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Fig. 2. Controlled airspace within the Winnipeg Flight Information Region generated in MATLAB R2022a with an Esri basemap
(2018) leveraging a National Research Council of Canada’s custom MATLAB file based on NAVCANADA’s Designated Airspace
Handbook (2021).

represent the data distributions for each variable. Finally, the
data must be discretized, to apply search algorithms and find
the optimal Bayesian structure that adequately represents
the interrelationship between the different variables of the
model.

2.2. Historical track dataset description
The historical track dataset used to develop the meth-

ods/models presented in this work consists of 120,000 tracks
with 2.3 million rows of observations (1.8 GB) collected over
the first 28 days of November 2020 in the Winnipeg Flight
Information Region (FIR; Fig. 2) and was provided by NAV
Canada’s sensors, such as:

� Primary surveillance radar (PSR): transmits a signal that,
upon reaching the aircraft, is reflected back to the radar.
The position of the aircraft with respect to the radar is cal-
culated from the time elapsed between sending and receiv-
ing the signal, and the azimuth, of the antenna at the time
of the interaction. PSRs do not provide information about
altitude or aircraft identity.

� Secondary surveillance radar (SSR): sends an interrogation
signal to transponder-equipped aircraft and receives an en-
coded response that often includes information regard-
ing the aircraft’s identity and altimeter reading. The ar-
rival time of the transponder response is used to estimate
range/position in a manner similar to PSR.

� Automatic dependent surveillance-broadcast (ADS-B): does
not require active signals to be sent from ground-based
equipment. Aircraft equipped with ADS-B automatically
transmit (i.e., “broadcast”) their position and velocity infor-
mation as derived from onboard Global Navigation Satellite
Systems (i.e., dependent on the function of the GNSS).

Table 1 shows the standards established by the ICAO (2007)
for the accuracy of the radars. Once the radars collect the in-
formation, the data are sent to NAV Canada’s radar data pro-
cessing system (RDPS), where it is processed, associated, and
combined, resulting in a track. You et al. (2016) explain in
detail how a similar type of system operates.

The RDPS dataset received from NAV Canada consists of
many parameters sampled at a 5 s interval corresponding to
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Table 1. Radar performance characteristics (ICAO 2007).

Range Accuracy Revisit rate

Primary surveillance
radar (PSR)

S-band typically 60–80 NM In range: 0.1 NM rms or 0.2 NM 2σ 5 s

L-band 160–220 NM In azimuth: 0.15 degrees rms or 0.3 degrees 2σ

Secondary surveillance
radar (SSR)

200–250 NM For monopulse radar 5 s

In range: 0.03 NM rms

In azimuth: 0.07 degrees rms or 0.14 degrees 2σ for random
errors

At 50 NM range the 0.14 degree error results in a position
error of 0.12 NM

At 100 NM range: 0.24 NM

At 200 NM: 0.48 NM

At 250 NM: 0.60 NM

Automatic dependent
surveillance-broadcast
(ADS-B)

200–250 NM Determined by the aircraft avionics and independent of
range from sensor

Typically 1 s from
ground station

For GPS, typically: 95% less than 0.1 NM

Table 2. Wake turbulence category ICAO classification.

ICAO wake turbulence category

Light Maximum takeoff weight lower or equal to 7000 kg

Medium Maximum takeoff weight higher than 7000 kg and lower than 136,000 kg

Heavy Maximum takeoff weight higher or equal to 136,000 kg

Fig. 3. RDPS data processing workflow.

each observation of the track, including the latitude, longi-
tude, altitude, and time.

2.3. Model variables
Choosing an appropriate set of variables is essential to

building a valid statistical airspace model. Including ir-
relevant variables wastes the data used to estimate the
parameters of the model. However, not including relevant
variables results in blurring important characteristics of
aircraft behavior. For this work, along the same lines as the
models developed in the past, the selected variables were
airspace class, altitude, speed, acceleration, turn rate, and vertical
rate; however, it was decided to also include WTC as this
was assumed to have a large impact on maximum expected
values and the type of maneuvers the aircraft will be able
to perform. For example, light aircraft are not expected
to reach very high altitudes/speeds, as most of them work

with reciprocating engines. Medium and heavy aircraft are
expected to reach higher take-off speeds as well as cruise
altitudes. This hypothesis turned out to be true, as shown
in Section 6, since it was found to be one of the variables
to best describe aircraft behavior as per Bayesian network
structure.

Table 2 shows the WTC division established by the ICAO.
For this work, an additional category was created to clas-
sify helicopters, given the different and specific behavior of
this type of aircraft compared to fixed-wing airplanes, as de-
scribed in Section 3.5.

3. RDPS data processing
This section consists of ensuring the quality of the data

and extracting the relevant variables to create the models.
Figure 3 shows the workflow of the process.
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Fig. 4. Kalman filter flow diagram.

3.1. Data cleaning
To ensure the results of the subsequent steps and the

integrity of the model, it is of utmost importance to uti-
lize high-quality data. Since some errors and inconsistencies
were found in the observations that were not corrected by
the RDPS, it was required to develop a routine to clean the
data. The solution implemented consists of the following
checks:

1. UTM zone standardization: It was decided to convert the
latitude and longitude reported by RDPS to UTM coordi-
nates for the Cartesian characteristics, so for the tracks
that cross different UTM zones, it was required to stan-
dardize the values in the x-axis.

2. Time check: To ensure that the observations were made
within a time interval of 5 s, a tolerance of ±2 s was given.
The tracks with stale times were deleted.

3. Repeated data check: This step removed stale position
data with variable time.

4. Horizontal displacement check: It was required to ensure
an adequate horizontal displacement between observa-
tions to validate the result of the changes made in the two
preceding stages. If an error was found, the track was con-
sidered corrupted and discarded.

After this cleaning process, a total of 1440 tracks were re-
moved, corresponding to 1.2% of the full dataset, ensuring
that the tracks left were correct and ready to be smoothed
for later use in the model.

3.2. Data filtering
The data filtering step was implemented to smooth the

tracks, reduce sensor noise, and increase the data resolution.

Once the corrupted tracks were removed by the data clean-
ing process, it was important to reduce the noise of the ran-
dom error introduced by the azimuth and range measure-
ments from the radar and to smooth the final tracks to later
calculate the changing dynamic variables that describe the
movement of the aircraft as it develops over time.

Kalman filtering was used to smooth the data and remove
the noise. The evolution and process noise matrices were se-
lected based on the approaches proposed by Genovese (2001)
and Watson and Blair (1992), as these methods have been
shown to be effective. Subsequently, appropriate values rep-
resenting the observation sensor noise were determined, as
described in Section 3.4.

3.2.1. Classical Kalman filter

The Kalman filter consists of two main stages: the predic-
tion stage, where based on the previous state of the system,
the current state can be predicted, and the correction stage,
in which the measured data from the sensors are used to
correct the estimates of the previous stage by updating the
covariance error. Figure 4 shows how the algorithm works.
More information could be found in Bar-Shalom et al. (2004).

3.2.2. Modeling aircraft dynamics

An aircraft is an object with variable dynamics, and al-
though under normal circumstances straight, level, and
constant speed flight predominate, all aircraft must perform
maneuvers where changes in speeds and directions occur.
To describe aircraft movement at any point in time, a single
type of Kalman filter is insufficient. For this reason, three
Kalman filters——constant velocity, constant acceleration, and
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turn model——were developed, to be able to work under all
possible circumstances.

a) Constant velocity model——to describe cruise flight, con-
stant speed ascents, and descents.

Initial state vector:

x =
[

x y z
dx
dt

dy
dt

dz
dt

]
(1)

Initial covariance vector:

P = [06×6](2)

Evolution matrix:

F =
[

I3×3 diag (T )

03×3 I3×3

]
(3)

Measurement matrix:

H = [
I3×3 03×3

]
(4)

Measurement noise matrix:

R = [
diag

(
σ 2

3×3

)]
(5)

Process noise matrix:

Q = q

⎡
⎢⎢⎣

T3

33x3

T2

23x3
T2

23x3
T3x3

⎤
⎥⎥⎦(6)

b) Constant acceleration model——to describe take-off, land-
ing, and speed-changing maneuvers.

Initial state vector:

x =
[

x y z
dx
dt

dy
dt

dz
dt

d2x
dt2

d2y
dt2

d2z
dt2

]
(7)

Initial covariance vector:

P = [09x9](8)

Evolution matrix:

F =

⎡
⎢⎢⎢⎣

I3x3 diag (T ) diag
(

T2

2

)
03x3 I3x3 diag (T )

03x3 03x3 I3x3

⎤
⎥⎥⎥⎦(9)

Measurement matrix:

H = [
I3×3 03×6

]
(10)

Measurement noise matrix:

R = [
diag

(
σ 2

3×3

)]
(11)

Process noise matrix:

Q = q

⎡
⎢⎢⎣

03x3 03x3 03x3

03x3 03x3 03x3

03x3 03x3 T3x3

⎤
⎥⎥⎦(12)

c) Turn model——to describe maneuvers requiring turns, such
as holding maneuvers, traffic pattern maneuvers, changes
in direction, and training maneuvers.

Initial state vector:

x =
[

x y z
dx
dt

dy
dt

dz
dt

d2x
dt2

d2y
dt2

d2z
dt2

]
(13)

Initial covariance vector:

P = [09x9](14)

Evolution matrix:

g =

⎡
⎢⎢⎢⎣

1
sin (ωT )

ω

1 − cos (ωT )
ω2

0 cos (ωT )
sin (ωT )

ω
0 −ω sin (ωT ) cos (ωT )

⎤
⎥⎥⎥⎦

F =

⎡
⎢⎢⎣

I3x3 diag (g12) diag (g13)

03x3 diag (g22) diag (g23)

03x3 diag (g32) diag (g33)

⎤
⎥⎥⎦

(15)

Measurement matrix:

H = [
I3×3 03×6

]
(16)

Measurement noise matrix:

R = [
diag

(
σ 2

3×3

)]
(17)

Process noise matrix:

Q = q

⎡
⎢⎢⎣

03x3 03x3 03x3

03x3 03x3 03x3

03x3 03x3 T3x3

⎤
⎥⎥⎦(18)
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In the previous equations, x, y, and z are the position coordi-
nates in each axis, T represents the time interval, σ the noise
covariance, ω the turning rate, and I represents the identity
matrix.

3.2.3. Interacting multiple model algorithm

The interacting multiple model (IMM) estimator was the
method selected to combine the outputs of the three Kalman
filters, generating a final result. According to Simeonova
and Semerdjiev (2002), an IMM is regarded as a highly effec-
tive suboptimal hybrid filter for state estimation. It demon-
strates its effectiveness in estimating the state of dynamic
systems that exhibit varying motion dynamics and can tran-
sition between different modes. As explained by Mazor et
al. (1998), the IMM model can be characterized as a self-
adjusting variable bandwidth filter; this description high-
lights its applicability in tracking maneuvering targets. The
authors emphasize that one of the significant benefits of
this approach is its ability to strike a balance between com-
plexity and performance, as they note that the computa-
tional demands of the IMM model are nearly linear with
respect to the problem size, while its performance closely
resembles that of an algorithm with quadratic complex-
ity.

Figure 5 represents the IMM algorithm. In the context of
IMM filters, the previous estimated state and error covariance
are used to compute mixed probabilities for each Kalman fil-
ter model, as described by Bar-Shalom et al. (2004). These
probabilities are then used to calculate the new state esti-
mate and covariance error for each filter. The corrected posi-
tion and covariance error estimates are subsequently com-
puted for each of the filters to obtain the mode-matched
filtering. Finally, the mode probability is obtained, allow-
ing the final state estimate and covariance error to be cal-
culated. This process results in a smoothed track that in-
cludes information on the position, speed, and acceleration
on the x–y–z axis for each point on the track. The Mode-
Matched filtering used in the IMM method provides a flex-
ible and robust approach to tracking objects in a variety
of environments, while the smoothed track can be used to
extract valuable information on the object’s behavior over
time.

3.3. Interpolation
Given that in the resultant track, the points were separated

by an interval of 5 s, and that for the model, information was
needed at a 1 s interval, a modified Akima cubic piecewise
Hermite interpolation was performed, because it retains the
shape of the track.

It was decided to employ this approach as it showed
satisfactory results while reducing the computation time
compared to other options like using Kalman filter predic-
tions. An important factor that was considered was the large
amount of data expected to be processed in future applica-
tions of these methods when deriving a Canada-wide statisti-
cal model.

3.4. Data processing results
Given the lack of ground truth data (i.e., onboard posi-

tional information from tracked aircraft), to tune and test
the filtering solution, simulated flights were employed. To
replicate the sensor-generated noise, artificial noise was
incorporated; then, the “noisy tracks” were filtered, and
a meticulous comparison of the results was conducted to
validate the accuracy of the IMM (Krings 2023, p. 62). Subse-
quently, RDPS tracks belonging to different types of aircraft
were selected and run through the filter and interpolation
routines. Figures 6–9 show that the IMM effectively smooths
the tracks, and with the set tuning and configuration param-
eters, it can detect different maneuvers and work for aircraft
of different categories and flight characteristics.

3.5. Variable extraction
From the results of previous steps, the following variables,

which are required for the creation of the statistical model,
were extracted:

a) WTC: The data received were already divided according
to WTC, so the assignment was automatic according to
Table 3.

b) Airspace class: An algorithm was developed based on the
position and altitude of the aircraft, assigning values ac-
cording to Table 4.

c) Altitude: It is equivalent to the position on the z-axis. It
is important to note that although the filtering is done in
meters, before displaying the result, a conversion routine
was included, showing the final altitude in feet ASL.

d) Speed: This variable was calculated by taking the data re-
sulting from the IMM algorithm and applying the follow-
ing formula:

v =
√

v2
x + v2

y + v2
z(19)

where vx is velocity in the x-axis, vy is velocity in the y-axis,
and vz is velocity in the z-axis. This variable can change every
second, and the wind impact is being ignored. Also, as part of
this calculation, a unit conversion was performed to present
the result in knots per meters per second.

e) Acceleration: This variable was calculated by taking the
data resulting from the IMM algorithm (acceleration on
the x–y–z axes) and applying the following formula:

a =
√

a2
x + a2

y + a2
z(20)

where ax is acceleration in the x-axis, ay is acceleration in the
y-axis, and az is acceleration in the z-axis. This variable can
change every second. Also, as part of this calculation, a unit
conversion was performed to present the result in knots per
second, from m/s/s.

f ) Vertical speed: This variable was directly extracted from
the result obtained from the IMM algorithm, being the
sixth column describing the velocity on the z-axis. How-
ever, the result was expressed in meters per second, so the
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Fig. 5. Interacting multiple model flow diagram. Model 1——constant velocity, Model 2——constant acceleration; and Model 3——
constant turn.

Fig. 6. Track of Boeing 737–400. Commercial aircraft commencing a descent:
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Fig. 7. Track of Vans aircraft RV-6. Light aircraft performing turning maneuvers:

Fig. 8. Track of Eurocopter EC120 Colibri. Helicopter in ascent:

units were converted to feet per minute. For a more accu-
rate description of the aircraft dynamics, variation every
second is allowed.

g) Turn rate: This variable describes the change in degrees of
heading per unit of time; for this model, it can vary every
second. For the extraction, an algorithm was developed
that calculates the heading of the aircraft at every time
step, and considering the direction to which it was head-
ing an instant before, it was possible to obtain the heading

variation. The result of this calculation was expressed in
degrees per second.

4. Statistical dataset analysis and
preparation

This section explains the process followed to (1) gener-
ate flexible datasets, (2) create histograms of the statistical
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Fig. 9. Track of Swearingen Merlin 3. Business turboprop in established ascent:

Table 3. Table of equivalences for WTC
assignment.

WTC Value assigned

Light 1

Medium 2

Heavy 3

Helicopter 4

Table 4. Table of equivalences for airspace class
assignment

Airspace class Value assigned

A 1

B 2

C 3

D 4

E 5

F 6

G 7

distributions, and (3) describe the steps required for the
preparation of the data for future processing. Figure 10 shows
the workflow of this process.

4.1. Dataset-selective attribute sampling
algorithms

Upon analysis of the data, it was noted that the distribu-
tion of tracks and observations in RDPS may not necessarily
represent the actual distribution of aircraft in the airspace,
as it depends on the ability of the sensors to detect the target

and the quality of the tracks that are maintained after pro-
cessing. For this reason, a MATLAB routine was developed to
allow for the analysis of a specific type of aircraft according to
the WTC: separate fixed-wing aircraft track from those of the
helicopter, or to generate a mixed dataset, allowing the cre-
ation of customized datasets that comply with the conditions
established by the user. It is important to note that while
this process enables data manipulation, such as selecting spe-
cific data points, no synthetic data are introduced, and the
variables obtained after filtering remain unaltered. Figure 11
shows the workflow of this routine.

A comparison of the aircraft distribution according to the
WTC between the RDPS dataset employed for this work and
the official data reported by Statistics Canada (2022) for aircraft
movements in the Winnipeg area in 2020 was conducted.
Table 5 shows the results obtained; however, these findings
are not necessarily an accurate representation of reality given
the concept of itinerant aircraft used by the source, consid-
ering only aircraft departing and landing at CYWG and not
those overflying the area, so the values presented are used
only to provide a general idea of the variation that may oc-
cur.

4.2. Cut point determination
To create a statistical model with Bayesian networks, it was

necessary to discretize the continuous variables. As explained
by Fu and Tsamardinos (2005), there are several methods to
address this requirement. The one selected for this work was
the pre-discretization of altitude, speed, acceleration, verti-
cal rate, and turn rate. It was necessary to calculate appropri-
ate cut points that represent the data, trying to maintain the
characteristics and dependencies of the variables as best as
possible.
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Fig. 10. Statistical dataset preparation workflow.

Fig. 11. Dataset generation process workflow.

Table 5. Aircraft distribution according to WTC

WTC RDPS Winnipeg dataset Stats Canada Winnipeg Nov 2020 Stats Canada Winnipeg 2020

Light 35% 44% 43%

Medium 32% 51% 52%

Heavy 33% 5% 5%

As a first step, histograms were created for each one of
the continuous variables to visualize the characteristics of
the data and create a “good balance between simplicity, effi-
ciency, effectiveness, and applicability for data compression”
(Ioannidis 2003), providing important information about the
behavior of the aircraft.

The next step was to select the cut points. Unfortunately,
there is no standard procedure for this step, and there are
several rules of thumb for selecting them. The best fit distri-
bution for the data was found by applying a MATLAB toolbox
(De Castro 2021) that compares it with all possible statistical
distributions available and finds the best fit.

Once the type of distribution that best fits the data was
determined, a chi-squared test was applied to measure the
goodness-of-fit (Balakrishnan et al. 2013). The test consists of
applying the following formula:

χ2 =
n∑

i=1

(Oi − Ei )
2

Ei
(21)

where Oi is the observed count and Ei is the expected count
based on the hypothesized distribution, which allows us to
determine if the observed counts are sufficiently large to fit
the distribution. Once it was confirmed that the most appro-
priate selection was made, the cut points needed to perform
the test were selected accordingly for the data discretization.
This approach was applied to all continuous variables ex-
cept for altitude, for which the same cut points used by MIT
LL were selected since they adequately represent different
phases of flight, while adding some extra points as necessary
for higher altitudes.

Once the cut points were defined, the next step was to dis-
cretize the continuous variables accordingly. This was done
by assigning the number of the bin to which the value in each
cell belongs. Figure 12 shows the result of this process.

4.3. Initial and transition distributions setup
The next step was to create the data distribution files. To

understand this step, it is important to highlight that the
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Fig. 12. Before and after data discretization.

model has two types of distributions (Kochenderfer et al.
2008; Weinert et al. 2013):

1. Initial distribution: contains all the variables and deter-
mines the initial conditions of the trajectory.

2. Transition distribution: based on the initial conditions,
it can describe how the motion will evolve. It contains all
variables plus three rows with acceleration, vertical rate,
and turn rate data at the next time step.

The algorithm applied to create both distributions and the
result of this process are shown in Fig. 13.

5. Bayesian network structure learning
Up to this point, the obtained results reflect a basic statis-

tical model that offers insights into aircraft behavior, serv-
ing specific applications. However, there is a need to en-
hance the model’s capabilities by enabling the generation
of synthetic aircraft tracks that will allow the calculation
of collision probabilities and will support the selection and
testing of DAA equipment. To address these requirements,
the decision was made to implement Bayesian networks, al-
though other methods like artificial neural networks were
analyzed (Krings 2023). Figure 14 shows the workflow of this
process.

5.1. Bayesian network structure determination
Bayesian networks are a type of model of the probabilis-

tic graphical models framework (Blasco 2015), which, as in-
dicated by Chickering (2002), is defined by:

PB (x1, . . . , xn ) =
n∏

i=1

p (xi|�xi ,�i )(22)

where the Bayesian network B for a set of variables U =
{x1,…, xn} is a pair (G, �), with G being the direct acyclic
graph (DAG) and equal to G=(V, E), where V represents the
nodes or lines that indicate the dependency between vari-
ables and E is the edges connecting the nodes. � is defined as

a set of conditional probability distributions (CPDs), being �i

the probability of node xi given the parents �xi as described
by G.

Bayesian networks are increasingly being used to model
systems since they allow the integration of the different com-
ponents and, given certain initial circumstances, allow pre-
dicting how the process will evolve over time. Chen and
Pollino (2012) present several recommendations for the cor-
rect modeling with Bayesian networks, such as a good defi-
nition of the purpose of the model or adequate determina-
tion of parameters and structures, among other recommen-
dations that were considered for the development of this
work. On this note, it was decided to work with a discrete
framework, as this approach is simpler to implement, more
efficient, and was the option selected in previous approaches
for statistical airspace model development (Kochenderfer et
al. 2008; Weinert et al. 2013).

The choice of an appropriate Bayesian structure is of ut-
most importance for the reliability of the model since there
are variables that are dependent on other values, so the se-
lected structure should represent these relationships. Kitson
et al. (2021), describe many proposed algorithms to solve the
issue of structure learning, and Chickering (2002) discusses
the equivalence between structures, given that two different
solutions can yield the same results.

After analyzing several options, it was evident that per-
forming an exhaustive search would guarantee finding the
most appropriate structure; however, this method is not fea-
sible given the number of variables, resulting in an exponen-
tial number of possibilities. Therefore, as an alternative, the
hill climbing search algorithm, proposed by Heckerman et
al. (1995), was employed in the open-Markov software (2021).
The hill climbing algorithm utilized an uninformed prior dis-
tribution to explore the search space and identify the most
suitable structure.

In addition to the structure resultant from the hill climb-
ing algorithm, several candidate structures were manually
created based on knowledge of aircraft dynamics and the re-
sults presented in the MIT LL model. Then, these were eval-
uated individually, and the structure was found to have the
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Fig. 13. Creation of initial and transition distributions: (a) workflow and (b) results.

Fig. 14. Bayesian network implementation workflow.

best score for the model by applying the K2 score algorithm
proposed by Cooper and Herskovits (1992).

The described method was applied to find the structures
for both the initial and transition distributions; however, for
the transition distribution, a restriction was imposed that
only the dynamic variables (acceleration, vertical rate, and
turn rate at the next time step) would be dependent and the
initial variables would be completely independent. This re-
striction was imposed so it can be used to develop the
track over time given a set of initial conditions that should
not change at each time step (WTC and airspace class), or
that will vary as a function of the dynamic variables (alti-
tude and speed). It is worth noting that the proposed ap-
proach can be classified as a type of dynamic Bayesian net-
work due to its consideration of time-dependent variables
and dependencies between variables at different time steps,
providing an important degree of freedom for this appli-

cation, and offering enhanced modeling capabilities and
insights.

5.2. Data counts
From the selected Bayesian structures, it was possible to

create the quantified tables of the dataset, which represent
sufficient statistics to estimate the model parameters. The ra-
tionale behind choosing to generate frequency tables as op-
posed to more conventional approaches, such as CPDs, lies in
the intention to utilize this output in conjunction with other
available tools, such as the MIT LL algorithms, to produce syn-
thetic, realistic tracks.

For the creation of the tables, an algorithm was developed
in MATLAB that receives as input the distribution tables and
the DAG of the Bayesian structure, sorts the data of each vari-
able according to the dependence of parents and children,
and performs the data count for each bin.
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Fig. 15. Example of data counts.

Figure 15 is an example of how the data count tables would
look, according to a Bayesian structure of three variables or
nodes.

6. Statistical model——results and
analysis

After following the process described in Section 3 and
extracting the already identified variables, a dataset repre-
senting a mixed model was constructed using the algorithm
described in Section 4. The data of five pre-pandemic years
from Statistics Canada (2015–2019) were analyzed, and the
average presence of aircraft of different WTC was calculated,
finding that 31.71% of the tracks belong to light aircraft,
65.80% to medium aircraft, and 2.49% to heavy aircraft in the
Winnipeg area. Note that, being a mixed model, within the
category of light aircraft, helicopter tracks were included.

Subsequently, the histograms of the continuous variables
were plotted to determine the best strategy to analyze this
dataset. To test the methods and tools developed, the com-
plete set of altitudes was analyzed. As shown in Fig. 16, the
vertical rate histogram is hard to appreciate, and the speed
histogram shows a trimodal distribution. This is likely due
to speed restrictions at different altitudes and the typical
characteristics of aircraft performing low-altitude and high-
altitude operations. For this reason, it was decided to divide
the model into three altitude ranges:

1. Below 10,000 ft ASL, given the regulatory speed restriction
of 250 knots. Corresponds to 27% of the generated dataset.

2. Between 10,000–25,000 ft ASL, it can be considered as a
low-altitude operation. Corresponds to 32% of the gener-
ated dataset.

3. Above 25,000 ft ASL, it can be considered as a high-altitude
operation. Corresponds to 41% of the generated dataset.

For the altitude cut points, in the first model (below 10,000
feet ASL; Fig. 17), the same criteria as the MIT LL were used;

below 1200 ft ASL captures the traffic pattern, takeoffs, and
landings; between 1200 and 3000 ft ASL, aircraft transition-
ing to cruise; between 3000 and 5000 ft ASL, aircraft maneu-
vering, in cruise or in transition; and above 5000 ft ASL, en-
route flights of small aircraft. For the second model (between
10,000 and 25,000 feet ASL; Fig. 18), 12,500 ASL was selected
since it is the floor of class B airspace, and 18,000 ft was se-
lected since at this altitude the altimeter settings change and
class A airspace begins. For the third model (above 25,000 ft;
Fig. 19), the altitude cut points were determined to differenti-
ate the typical airline aircraft from private jets that can reach
higher altitudes.

The turn rate x-axis was limited to ranges from −10
to +10 deg/s to show the variations that occur around
zero; however, given the high changes in direction that can
be observed in helicopters, the data showed values up to
35 deg/s.

Table 6 shows the cut points that were determined for all
continuous variables in the first model (below 10,000 ft ASL),
and Fig. 17 shows the resulting histograms.

The results obtained from Fig. 17 show that most of the
speeds were around 100 knots, because most light aircraft
operate at these altitudes and in this speed range. In addi-
tion, the range of speeds does not get too high given the 250-
knot restriction, with very few observations above this value,
which can be explained by the strong winds that cause in-
creases in ground speed while maintaining a low indicated
air speed. Considerable variation in the other variables can
also be noted, since at these altitudes, there were aircraft tak-
ing off, landing, following traffic patterns and instrumental
procedures, aerobatic aircraft, helicopters, and instructional
flights.

Table 7 shows the cut points that were determined for all
continuous variables in the second model (between 10,000
and 25,000 ft ASL), and Fig. 18 shows the resulting his-
tograms.

For this range of altitudes, it can be observed from Fig. 18
that speeds are concentrated around 250 knots, being the
standard cruise speed of aircraft conducting low-level flight,
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Fig. 16. Mixed-model variable distributions. Speed (a), acceleration (b), vertical rate (c), and turn rate (d).

Fig. 17. Mixed-model histograms below 10,000 ft ASL. Speed (a), acceleration (b), vertical rate (c), and turn rate (d).
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Fig. 18. Mixed-model histograms between 10,000 and 25,000 ft ASL. Speed (a), acceleration (b), vertical rate (c), and turn rate
(d).

Fig. 19. Mixed-model histograms above 25,000 ft ASL. Speed (a), acceleration (b), vertical rate (c), and turn rate (d).
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Table 6. Mixed-model cut point for tracks below 10,000 ft ASL.

Mixed model 2015–2019 (Below 10,000 ft ASL)

Variable Cut points

WTC L(1), M(2), H(3), Helicopter(4)

Airspace C(3), D(4), E(5), F(6), G(7)

Altitude (ft) ASL 1200, 3000, 5000

Speed (knots) 27, 87, 137, 192, 247, 283, 346, 397

Acceleration (Kts/s) −6.3, −3.8, −1.3, 1.3, 3.8, 6.3

Vertical rate (ft/min) −5710, −4100, −2490, −870, 740, 2360, 3970, 5580

Turn rate (deg/s) −6.7, −4, −1.3, 1.3, 4, 6.7

Table 7. Mixed-model cut point for tracks between 10,000 and 25,000 ft ASL.

Mixed model 2015–2019 (between 10,000 and 25,000 ASL)

Variable Cut points

WTC L(1), M(2), H(3)

Airspace A(1), B(2), C(3), D(4), E(5), F(6), G(7)

Altitude (ft) 12,500, 18,000

Speed (knots) 38, 120, 201, 273, 361, 423, 522, 581

Acceleration (Kts/s) −6.3, −3.8, −1.3, 1.3, 3.8, 6.3

Vertical rate (ft/min) −5960, −4520, −3070, −1630, −190, 1260, 2700, 4140, 5590

Turn rate (deg/s) −6.7, −4, −1.3, 1.3, 4, 6.7

Table 8. Mixed-model cut point for tracks above 25,000 ft ASL.

Mixed model 2015–2019 (above 25,000 ASL)

Variable Cut points

WTC L(1), M(2), H(3)

Airspace A(1), E(5), F(6)

Altitude (ft) 35,000, 40,000, 60,000

Speed (knots) 100, 169, 242, 315, 389, 462, 353, 608

Acceleration (Kts/s) −6.3, −3.8, −1.3, 1.3, 3.8, 6.3

Vertical rate (ft/min) −6670, −5110, −3550, −1990, −430, 1140, 2700, 4260, 5820

Turn rate (deg/s) −6.7, −4, −1.3, 1.3, 4, 6.7

as well as the expected speeds of larger aircraft in climb and
descent modes. Less variation is also observed in the other
parameters, which is to be expected given that at these alti-
tudes there are mostly aircraft in cruise flight, transitioning
to high-level cruise flight, or descending in preparation for
landing. It is interesting to note that, compared with the pre-
vious model illustrating lower altitudes, the turn rate limits
are reduced since abrupt maneuvers are not common at these
altitudes, and turns are mostly performed only as part of a
predetermined trajectory.

Table 8 shows the cut points that were determined for all
continuous variables in the high-altitude model, and Fig. 19
shows the resulting histograms.

For the last model in Fig. 19, it is noted that the speeds are
concentrated around 400 knots, which can be explained by
the fact that the aircraft are operating at high altitudes, being
able to reach high ground speeds while keeping the indicated
airspeed within acceptable limits. Also, the effect of wind and

turbulence must be considered, which at higher altitudes are
much stronger and have a greater impact on the aircraft, as
this is also reflected in the large variation of accelerations.
On the other hand, low variation is observed in the vertical
rate and turn rate, which is expected since most of the tracks
correspond to aircraft in cruise flight.

Based on the results, it can be noted that the model
presents greater tolerance in the minimum–maximum val-
ues of the variables in comparison to the MIT LL models
developed in the past; this happens because it admits air-
craft tracks flying at higher altitudes, performing all kinds
of maneuvers, and helicopters that have greater freedom in
changing the direction of movement, reflecting all the range
of behaviors that can be found in the airspace.

Finally, based on the distributions found and the cut points
determined, Bayesian network structures were found for
both the initial distribution and the transition distribution.
Figure 20 shows the results obtained.
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Fig. 20. Initial distribution (left) and transition distribution (right) Bayesian networks.

Fig. 21. Model-generated track for light aircraft flying below 10,000 ft.

As expected, in the upper region are the environmental
and functional variables that primarily determine the be-
havior of the aircraft, and in the lower region are the dy-
namic variables that represent its motion, having a logi-
cal dependence between them, which follow the laws of
kinematics and flight dynamics. Figures 21 and 22 show
sample tracks that can be generated by models of this
nature.

Furthermore, it is important to address the topic of valida-
tion. Given the 1-month dataset employed to derive the sam-
ple models presented, conducting comprehensive validation
within this scope is challenging. However, it is worth noting

that the methodologies described have been extended and ap-
plied to create models based on a broader range of Canadian
historical data, which are publicly available on the National
Research Council’s GitHub repository [https://github.com/nrc
-cnrc/Canadian-Airspace-Models] and documented in Krings
et al. (2023).

While the current paper focuses on the development and
presentation of the methodologies for air traffic modeling,
readers interested in a more in-depth application of the
described methods to creating a Canadian airspace model
are encouraged to visit the National Research Council of
Canada’s GitHub.
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Fig. 22. Model-generated track for medium aircraft flying between 10,000 and 25,000 ft.

7. Conclusions and future work
This paper describes the process followed to develop a

statistical airspace model working with NAV Canada’s RDPS
data from the Winnipeg FIR. The resultant model captures
the behavior of the different types of aircraft at various alti-
tudes and phases of flight, considering not only operational
(airspace class and altitude) and dynamic (speed, acceleration,
vertical rate, and turn rate) variables, but also, unlike mod-
els developed in the past, introducing WTC as a variable to be
considered. A flexible tool was developed that allows the user
to create different models by adjusting the data to a certain
group of aircraft to be analyzed (fixed wing, helicopter, and
mix) or dividing it into different altitudes. This functionality
could be useful for analyzing the typical flight characteristics
of intruders when performing an air risk assessment of an
RPAS operation beyond the visual line of sight. Relevant ex-
amples of applications of this model for determining the risk
ratio of a candidate DAA system can be found in the work of
Ellis and Borshchova (2023).

The paper showcases the outcomes of a sample model
creation process across various altitude bands (0–60,000 ft
ASL) as a means of evaluating the developed tools and meth-
ods. Notably, these tools are also applicable for analyzing
low-altitude operations involving small RPAS, as well as
medium- to high-altitude operations involving large RPAS.
In the results, a wide range of allowed values of the dynamic
variables can be observed, thus capturing the behavior of air-
craft in high-level flight as well as aircraft performing fewer
common maneuvers that generally occur at lower altitudes.
We identified that there is a need to capture these behaviors
to have a complete picture of what to expect in Canadian
airspace, which has distinct and unique characteristics that

could not be perceived if working with data from other parts
of the world. Although the methods were initially tested
on a limited dataset, they were later effectively applied
for analyzing data on a national scale throughout Canada,
regardless of the temporal range (Krings et al. 2023).

It is left as future work to study more specific models, such
as a model containing only helicopter data, only general avia-
tion aircraft data, or just aircraft pertaining to airlines, as well
as the development of models that only consider low-level
flight, terminal area, or others. Furthermore, a comprehen-
sive analysis of the distinctive operational patterns between
typical and atypical scenarios holds potential for further in-
vestigation.

Finally, part of future work is the continuous improvement
and development of the methods presented. This includes
acquiring trustworthy ground truth data through certified
equipment installed within different types of aircraft to
facilitate further testing and refinement of the IMM filter,
studying different approaches for cut point selection that
would potentially improve the Bayesian network perfor-
mance, improving the approach to determining the Bayesian
network structure, and studying alternative machine learn-
ing algorithms for the generation of tracks. Additionally, it
is planned to undertake a comprehensive model validation
process by incorporating more recent datasets and consid-
ering additional data sources, ensuring the robustness and
reliability of the models.
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