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I.

INTRODUCTION

Conventional modeling approaches are often derived from
performance specifications in order to infer conclusions from
modeling and simulation. While this approach is sufficient, it
frequently requires supplementary data for validation and may
rely heavily on assumptions or overly simplistic models.
This study introduces a novel modeling approach in which
data-driven models are generated to capture the operational
variation within a given data set. This approach utilizes
principle component analysis to reduce a data set to a series of
linear models. This modeling technique is used to drive Monte
Carlo simulations of converging and intersecting runway
operations. This simulation generates collision risk factors
used to define the operational range for improved airport
operations.
II.

efficiency. The goal is to define the smallest size and location
of the "no-go box" to ensure safe operations while allowing the
maximum throughput.
In this instance, we want to measure the risk associated
with releasing a departure, given an arriving aircraft at a
specified distance from threshold. The risk of the arriving
aircraft initiating a missed approach and successively colliding
with the departing aircraft should be sufficiently small to meet
safety requirements. For this study, a collision was defined
only as a function of the lateral trajectory, independent of
altitude separation. Some of the factors that influence this risk
are as follows:
runway geometries and locations
fleet mix
missed approach rate
missed approach initiation height
No-Go Box
27R

Abstract—A novel methodology is presented for generating data
driven models for the general application of modeling and
simulation. This approach relies on the use of principle
component analysis to decompose a given data set into a basis of
linearly uncorrelated modes. Data-driven models are then
constructed from radar track data in order to develop models for
a Monte Carlo simulation to evaluate the collision risk of
converging runway operations.

CONVERGING RUNWAY OPERATIONS

With increasing airport operations, new concepts are
required in order to enhance throughput while maintaining a
high level of safety. One such concept is reducing interoperation time for dependent converging and intersecting
runway operations. Specifically, this paper focuses on the
arrival-departure converging runway operation. Fig. 1 shows
an example of this operation at Chicago O'Hare International
airport (ORD).
Conventional operations require "landing assured" for
arrivals to 27R in order to release the departure from 32L,
which limits the departure efficiency to that of arrivals on 27R.
Alternatively, a "no-go box" defines a specified region prior to
the runway threshold in which it is unsafe to release a
departure. Provided there is no arriving aircraft in this region,
the departures would be cleared, increasing the departure

Departure
Missed Approach
Intersection
Figure 1. Converging runway operations at ORD.

300

departure clear-to-roll time
250

In this paper, the modeling approach for the aircraft
trajectories is described. Since the aircraft trajectories define
the separation time when the arrival/departure aircraft tracks
cross, this is an essential component to modeling the risk. Each
of the other factors is treated separately to determine the
overall risk of a given operation, and is beyond the scope of
this paper.
A. Radar Track Data
In order to capture the operational performance of aircraft,
historical high-update radar track data is examined. The
departure tracks were grouped by aircraft type for over a year
of track data at 14 airports to generate enough statistics for a
wide variety of aircraft types.
The high-update radar source data utilized reports aircraft
position at 1 second intervals. The position and time of these
track reports were passed through a series of least squares
filters2 from which the ground speed was estimated. Next,
each departure was normalized to its throttle-up time, estimated
for each speed profile. Each track was then reduced to the first
180 seconds of flight. The ground speed data set for each
aircraft type then consists of 180 ground speed measurements
for N departures. Fig. 2 shows a two-dimensional probability
density function (pdf) plot of this data for the set of Airbus
A319 aircraft. Each slice through the x-axis would represent a
histogram of the track speeds at a given time. The mean as
well as the 95% upper and lower confidence bounds on the
speeds at each time is also shown.
III.

DATA DRIVEN MODELS

A. Conventional Approaches
Trajectory modeling, in this context, relies upon defining a
speed profile for a given aircraft type. Using the runway
location and heading, the speed profile can then be integrated
in order to define a lateral trajectory for modeling and
simulation.
Numerous trajectory models exist for various aircraft types.
These models often rely on engine performance specifications
or simplistic empirical models. However, such models often
lack the operational variance in performance that would be
seen in day-to-day operations. Variability may be introduced
in the parameters which define such models, but are often a
poor match when validated against data.
Alternatively, one can define the model directly from the
given data. Conventional approaches to data-driven models
might simplify the profile from Fig. 2 into simple linear
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Figure 2. Two-dimensional pdf of A319 departure ground speed trajectory
from track data.
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A Monte Carlo approach has been adopted in order to
compute the collision risk, where the airport operation is
simulated using models which describe the variability in each
component.
Previous studies have adopted a similar
methodology to assess the risk of these operations1.
Simulations of aircraft pairs are allowed to evolve
independently, such that additional risk mitigations factors
such as controller intervention or TCAS alerting are not
requirements for the safety of the operation.
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Figure 3. Two dimensinoal pdf of A319 constant acceleration trajectory
model.

segments with constant acceleration. Such an example is
shown in Fig. 3. The speed profile consists of 3 segments. The
first is a high acceleration ground roll phase, ending at the
rotation point; followed by a constant speed take-off segment
(during which gear and flaps are retracted); ending with a
climb acceleration segment. Each segment is a simple linear
model with coefficients drawn from known infinite
distributions, based on fits to the given data.
While the bulk features of the speed profile are captured,
there are apparent features in the actual speed profiles which
indicate non-constant accelerations through these segments. In
addition, not all speed profiles demonstrated this basic 3segment behavior, as shown by other aircraft types in Fig. 4.
There are clearly different signatures in each speed profile as
well as distinct differences in the variability, which cannot be
captured from such a simple linear model.
B. Principle Component Analysis
An attractive alternative for data-driven models is the use
of Principle Component Analysis (PCA). Previous studies
have utilized PCA as part of data driven modeling to cluster
data groups3 or deriving filter coefficients4.
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Figure 4. Two-dimensional pdf of departure ground speed trajectory for various aircraft types from radar track data.
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The data set, X, is defined by a series of random variables,
xi. In the context of this study, each random variable is the
ground speed at a given time (giving 180 random variables).
The principle components (modes), mi, are defined by the
eigenvectors of the covariance matrix, XTX. Similarly, the
variance of each coefficient, ci, is the eigenvalue of the
covariance matrix. The distributions of these coefficients will
be critical to the definition of the model.
The modes and coefficients represent a linear
decomposition of the data set similar to a Fourier
decomposition. However, each principle component in the
PCA basis accounts for the maximum variability in the data.
As such, the PCA basis will have less error than any other basis

set when reconstructing using a subset of the components.
Another essential property of the PCA basis is that each
principle component is linearly uncorrelated with all other
components.
C. Continuous Univariate Coefficient Distributions
For this example, the ground speed data set of the Airbus

Cumulative Total Energy (%)

PCA is a mathematical decomposition of a given data set
through the use of eigenvalue decomposition5. Through PCA,
a data set is decomposed into a set of uncorrelated principle
components, which define a special basis set for the given data.
PCA can also be described through the Proper Orthogonal
Decomposition6 (POD) of a given data set:
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Figure 5. Cumulative total energy in the A319 PCA decomposition.
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Figure 6. Continuous distribution fits to the second mode's coefficients (left) and scatter plot of first and second mode's coefficients (right).

Next, a model for the distribution of each mode's
coefficients is developed. Fig. 6 (left) gives a histogram of the
first mode's coefficient. Two continuous distributions are
shown overlaid with the data, a Gaussian distribution and a
Pearson Distribution7 (defined by mean, standard deviation,
skew, and kurtosis). Relating this distribution back to the
eigenvalue decomposition of the covariance matrix, the
standard deviation of the Gaussian is equivalent to the square
root of the eigenvalue. While the Gaussian is a good fit to the
data, the Pearson fit better accounts for the skew in the data.
This process is applied to each of the modes coefficients,
giving an infinite distribution for each mode. Dominant
outliers were removed prior to fitting the infinite distribution in
order to better approximate the data.
Fig. 6 (right) gives a plot of the second mode's coefficient
against the first mode's coefficient (normalized to the square
root of their eigenvalues). It is apparent by the random scatter
of the data that the distributions are largely uncorrelated. This
is again a result of the PCA, where each mode is linearly
uncorrelated with other modes.
This property enables
sampling from each of the Pearson distributions independently,
which can then be reconstructed into the speed trajectory by
summing along each of the principle components. A sample
trajectory is then given by:

20

v

si mi
i 1

where si is a random sample of the Pearson distribution
from the ith mode. The sample trajectory, v, is then used as an
input to the Monte Carlo simulation. With any other basis
decomposition, multivariate sampling would be required,
which is much more complex and can lead to several additional
sources of error.
In practice, bounds were placed on each coefficient and the
variance of the coefficients in order to prevent unrealistic
trajectories caused from sampling from infinite distributions.
These bounds were determined from the sample size and the
extrema observed in the actual data.
Fig. 7 shows the two-dimensional pdf of the PCA
model for the Airbus A319 speed profile. Since the PCA basis
is defined from the data set, the model is able to capture all of
the effects of the input data set (shown in Fig. 2), without any a
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A320 aircraft is examined. PCA is used to decompose the set
into its principle components (the mean mode is subtracted off
prior to decomposition to center the coefficients). As PCA
represents an optimal decomposition with respect to the
variance of the data, it serves as a perfect tool to reduce the
order of the data. Fig. 5 shows that by retaining the first 20
modes, the model is able to account for 99.5% of the variation
in the data. While more or fewer modes could easily be
retained, 20 modes are hereafter modeled for demonstration of
the methodology.
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Figure 7. Two-dimensional pdf of A319 PCA decomposition trajectory
model.
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Figure 9. Two-dimensional pdf of PCA decomposition model for various aircraft types.

Because this approach does not rely on any a priori inputs
in order to construct the model, we can follow the same
methodology for other aircraft types. The models for each of
the aircraft types from Fig. 4 are shown in Fig. 8. Each of the
models is able to capture the distinct signatures and variability
from its corresponding data set.
D. Nonlinear Correlation Errors
One of the key assumptions in this modeling approach is
the independence of each principle component from the others.
In terms of the model, this is based on the assumption that the
underlying variation in trajectories is caused by independent
random variations. Each mode, by definition, is linearly
uncorrelated with all other modes. However, this does define
independence, as higher order correlations may exist in the data
or multivariate groupings of tracks.
Fig. 9 plots a two-dimensional pdf of the ground speeds for
500 McDonnell Douglas DC10 aircraft. It is apparent that

there is a largely bimodal variation in the data during the climb
phase of the departure. This is likely caused by variations in
airspeed restrictions, region, or aliasing of aircraft types.
Regardless, we are attempting to define a generic DC10
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priori assumptions on the form of the model. This feature sets
the PCA modeling approach apart from other conventional
models. This model is also able to directly capture the
correlation between speeds at different times, since each speed
profile is a linear combination of the principle components of
the original data set.
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Figure 8. Two-dimensional pdf of DC10 departure ground speed trajectory
from track data.
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the principle components contain higher order correlations.
Alternatively, we can start by dividing the set of DC10
trajectories by clustering the first couple modes' coefficients,
from Fig. 10. Each of the groups is then independently
modeled, creating two models for the DC10 aircraft. Random
trajectories are then sampled from each of the two models,
respective to their proportions in the data. This bimodal modal
is shown in Fig. 11 (right), which is a much better model for
the initial data set.
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The time which it takes a departure to cross the missed
approach trajectory is a key factor when applying the PCA
model to the Monte Carlo simulations. The time it takes the
departure to reach the intersection point is found by integrating
the speed profiles until reaching a distance of 14,400 ft (the
distance from the T10 taxiway of runway 32L to the
intersection point). These times are determined for the
recorded tracks and the PCA model, shown in Fig. 12 for the
Airbus A319 aircraft. There is clearly a better match for the
PCA model than the simpler constant acceleration approach.
V.

Figure 10. Scatter plot of DC10 first and second mode's coefficients.

trajectory model based upon the full data.
Following the methodology described above, the PCA
decomposition is applied to the DC10 tracks. Fig. 10 gives a
plot of the first two coefficients, normalized to the square root
of their respective eigenvalues (similar to the plot in Fig. 6,
right). Although the two coefficients are linearly uncorrelated,
there is clearly a higher-order correlation between the two.
This correlation is directly related to the bimodal grouping
apparent from Fig. 9. Fig. 11 (left) shows the end result when
the model is applied to the bimodal distribution of tracks. The
variability between the two groups is smeared out across the
range of speeds, producing an inaccurate model. While a
dominant source of this error is the approximation of the C1
coefficient by a unimodal distribution, even a perfect match to
the bimodal pdf would still produce an erroneous model, since

EXTENDING THE MODEL TO ADDITIONAL DATA

Models are often required which can take a broader input in
order to capture the relation between different parameters. In
the context of the converging runway operations, the
atmospheric conditions will have a substantial impact upon the
performance of the aircraft, namely through the temperature
and winds.
We can extend the PCA modeling concept to include these
ancillary parameters as additional random variables in the PCA
decomposition given in Eq. 1. The temperature and winds,
measured on the ground at the airport during the release of the
departure, are supplemented to each trajectory. Considering
the wind a 2-component parameter, and the temperature a
scalar, we now have an additional 3 random variables in the
model. However, the data set, X, now consists of random
variables with different units. Depending upon the scale of the
data, the PCA will produce different results.
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Figure 11. Standard PCA model of DC10 speeds (left) and bimodal PCA model of DC10 speeds (right).
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Each data set, X, can be normalized with respect to the
variance of its input parameters. This is similar to the PCA
obtained by standardized variablesError! Bookmark not
defined., where each variable centered around its mean and
normalized to the square root of its variance. In this context,
we normalize groups of variables, such that the 180 ground
speeds are normalized to their average variance, the 2 wind
speeds are normalized with respect to their variance, and the
temperature normalized to its variance:

0.05

The PCA modeling approach can then be applied to X
where the last 3 elements of the resulting modes will contain
the proportions of the principle components dedicated to the
winds and temperatures. The modes are then parsed by their
parameters and the normalization removed in order to return to
the initial units of the data.
Utilizing this approach to capture the surface wind and
temperature, arrival-departure pairs can be sampled and
matched according to the atmospheric conditions. Additional
modes are included to account for the convergence of the
energy of each parameter (similar to Fig. 5).
Conventional approaches might try to adjust the speed
profiles or performance models based on the recorded surface
measurements in order to account for these factors. However,
such an approach adds a substantial number of assumptions
which begin to degrade the accuracy of the model. By adding
these components to the PCA model, no assumptions are made.
Rather, aircraft pairs are selected which were shown to have
similar surface conditions when they were flown.
VI.

CONCLUSIONS

This paper presents a novel methodology for generating
data driven models for the Monte Carlo simulation of airport
operations. Specifically, this approach is applied to a collision
risk analysis of converging runway operations for arrivaldeparture aircraft pairs. In order to estimate the collision risk,
it is necessary to have precise models of each aircraft type's
speed trajectory, which are obtained through data driven
models from radar tracks.
Data sets were assembled using an aggregate of radar tracks
from each aircraft type. Each data set was then decomposed
using principle component analysis to obtain an empirical basis
set of uncorrelated modes. The coefficients of each mode were
then modeled using a Pearson distribution. Sample trajectories
were then obtained by randomly sampling the Pearson
distribution and summing over each of the modes in the PCA
basis set. The resulting trajectories were shown to very closely
match those of the input data set, subject to the assumption that
the underlying data is governed by random independent
fluctuations. Furthermore, it was shown that this approach can
be extended to include additional parameters such as winds and
temperature, which can be utilized to match the surface
conditions of simulated aircraft pairs.
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Figure 12. Departure time from T10-RW32L to the intersection point.

While this approach is shown to be successfully applied to
the Monte Carlo simulation of converging runway operations,
the methodology extends to a more general approach to
modeling and simulation. The use of data driven models is
able to integrate the validation process by using all available
data to drive the generation of a given model, with only basic
assumptions about the input data set.
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