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Aircraft tracking, intent inference, and trajectory predictions are important tools for enhanced capacity in air

traffic control operations. In this paper, we propose an algorithm that performs these three tasks accurately. The

algorithm uses a hybrid estimation algorithm to estimate the aircraft’s state and flight mode. These estimates are

combinedwith knowledge about air traffic control regulations, the aircraft’sflight plan, and the environment to infer

the pilot’s intent. Trajectory predictions are computed as a function of the aircraft’s motion (state and mode

estimates) and the inferred intent. The result is an algorithm that provides, in real-time, accurate intent and

trajectory predictions for aircraft. We analyze and test the performance of the proposed algorithm with various

scenarios representative of current and future aircraft operations within the National Airspace System.

Nomenclature

Aj, C = mode-matched state transition matrix and the
mode-independent output matrix

Î = aircraft’s estimated intent
k = discrete time index
l, Sl = prediction look-ahead time and the

propagation time of the estimated states
m, m̂ = the flight mode and its estimate
Qj, R = mode-dependent process noise covariance

matrix and mode-independent measurement
noise covariance matrix

T = sampling time
TTG�wI� = time to go to wI
VI , Vac, V̂ac = intent model ground speed, that of the aircraft,

and its estimate
wI , eI = waypoint and unit vector associated with intent

model I
wj, v = mode-dependent process noise and mode-

independent measurement noise
x, _x, �x, y, _y, �y = position, velocity, and acceleration in the east

and north directions
z, _z = altitude and altitude rate
��I = rate of change of the intent model likelihood

for intent model I
�RMIMM
j = jth mode-matched Kalman filter likelihood

function as computed by residual-mean
interacting multiple model

�I , �I = intent model likelihood and the time-averaged
likelihood of intent model I

�ij, � = mixing probability and the mode probability
vector

�, �̂, � = aircraft state vector, its estimate, and the
measured position and velocity

�̂j, Pj = state estimate and the state estimation error
covariance matrix computed by mode-matched
Kalman filter j

�ij = mode transition probability from mode j to
mode i

 , �,  I , �I = heading and flight path angles for the aircraft
and the intent model unit vector

I. Introduction

T HE goal of air traffic control (ATC) is to safely and efficiently
manage the flow of aircraft operating within the National

Airspace System (NAS). Currently, a centralized system is being
used in which pilots and ground controllers interact to decide upon
the future trajectory of the aircraft. Once an intent is decided, the
aircraft must comply with this intent [1].

To sustain safe and efficient aircraft flow management, decision
support tools that aid controllers have been developed [2–9]. These
decision support tools are based on trajectory prediction algorithms
because traffic advisories are dependent on the aircraft’s future
trajectory. Trajectory prediction algorithms are also important to
develop recent concepts for future air traffic management, such as
free flight [1,10–17]. In this type of system, aircraft will be able to
make decisions independently, except near the terminal area. To do
so without sacrificing safety, there is a need for accurate information
about the future behavior of the aircraft.

The research scope of this paper is the development of tracking
and prediction algorithms to accurately track maneuvering aircraft,
infer the pilot’s intent, and compute trajectory predictions.

Tracking of maneuvering aircraft is a challenging problem.
Difficulties arise when the aircraft changes flight modes in an
unanticipated manner (such as from straight flight to coordinated
turns). For aircraft tracking, algorithms such as the � � � and � �
� � � algorithms have been used in ATC [18,19]. To improve the
tracking performance of maneuvering aircraft, adaptive state
estimation algorithms have been proposed [18,20–24].

Trajectory prediction methodologies can be divided into nominal,
worst case, and probabilistic techniques [10,25,26]. Nominal
trajectory prediction gives the aircraft position by propagating
estimated states into the future along a single trajectory [2,4,8]. This
methodology does not account for uncertainties in the aircraft’s
future behavior and therefore, its accuracy could degrade as the look-
ahead time, or the time for which a prediction is made, increases.
Worst-case techniques assume that an aircraft will perform any of a
set of maneuvers and the worst case, defined by the application, is
considered for aircraft trajectory prediction. Probabilistic methods
can also be used by modeling uncertainties to describe potential
changes in the future trajectory of an aircraft [27,28]. This has been
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done in at least two ways: by adding a position error to a nominal
trajectory [29,30], or by developing a complete set of possible future
trajectories weighted by their probability of occurrence. Uncertainty
about the future behavior of an aircraft can be reduced by using intent
information which determines the goal a pilot is pursuing and using
this in trajectory prediction. The problem of extracting such
information is referred to as intent inference and has received a great
deal of attention [10–17].

An intent inference algorithm (IIA) [11,12,31] models the
aircraft’s intent as a discrete set of intent models and uses path
correlation measures to identify which intent model best describes
the actual aircraft’s intent. The IIA is a sophisticated algorithmwhose
functionality is briefly explained as follows. The finite set of intent
models are ranked based on their correlation with measured aircraft
motion, in the horizontal, vertical, and speed dimensions,
independently. The intent model with the highest correlation is
declared as the inferred intent of the aircraft at a specific point in time.
The algorithm computes nominal trajectory predictions as a function
of the aircraft’s inferred intent in each dimension (i.e., horizontal,
vertical, and speed) by joining the current position of the aircraft with
the waypoint associated with the inferred intent.

The IIA has successfully increased the amount of intent
information that can be obtained from a pilot’s actions, flight plan,
and environment information. The IIA is a remarkable algorithm,
which has motivated our work. Through extensive testing, we have
noticed that this algorithm may present inference delays. Also,
because the IIA does not track the current mode of the aircraft, its
trajectory prediction methodology may result in degraded accuracy,
especially on the short term (7 min or less of look-ahead time).

We propose the intent-based trajectory prediction (IBTP)
algorithm to address the limitations encountered in the trajectory
predictions of the IIA and the propagation of the current estimated
states. We are motivated by the possibility of creating an algorithm
that exhibits the strengths of each technique. For state estimation, the
IBTP algorithm uses the residual-mean interacting multiple model
(RMIMM) algorithm [23,24] which provides accurate state
estimates and flight-mode estimates that are used to infer the pilot’s
intent. Intent information is obtained by using an intent inference
algorithmwhich ranks the intentmodels according to their likelihood
of representing the actual pilot’s intent. This likelihood is a function
of the estimated states and the time to go to the waypoints associated
with each of the intent models. The intent inference algorithm uses
flight-mode change information provided by the RMIMM algorithm
to reduce inference delays. The IBTP algorithm exploits accurate
state andmode estimates, and intent information to compute nominal
trajectory predictions.

We demonstrate through simulations for various test scenarios and
analysis that the IBTP algorithm increases the accuracy of the intent
inference and reduces inference delays observed when using the IIA.
We also show that the IBTP improves on the IIA and the RMIMM
algorithms in trajectory prediction over a wide range of look-ahead
times.

This paper is organized as follows: Sec. II explains in detail the
IBTP algorithm, Sec. III presents simulations results, and finally,
Sec. IV states our conclusions.

II. Intent-Based Trajectory Prediction Algorithm

In this section, we describe the IBTP algorithm. The algorithm
assumes that an aircraft trajectory can be described by flight
segments or modes, such as straight lines and arcs. The aircraft
position and velocity change continuously (continuous dynamics),
whereas the flight segment changes discretely (discrete dynamics).
This can be modeled as a hybrid dynamical system. To track the
trajectory of the hybrid system, a hybrid estimation algorithm is used
which can estimate aircraft states and modes simultaneously. These
estimates are combined with information on the aircraft’s
environment, such as ATC regulations and flight plan to estimate
the aircraft’s intent. The IBTP algorithm assumes a set of intent
models which describes the behaviors of aircraft operatingwithin the
NAS. To estimate the aircraft intent, the IBTP algorithm identifies a

single intent model which is most likely to represent the actual intent
of the aircraft. The IBTP algorithm combines the state and mode
estimates of the aircraft and the inferred intent to accurately compute
trajectory predictions.

The information required to execute the IBTP algorithm is
assumed to be provided by the flight information services-broadcast
(FIS-B) message, static databases, and the automatic surveillance-
broadcast (ADS-B) message. FIS-B is a ground based data-link
technology which broadcasts weather and other flight information.
The static databases contain information such as special use airspace,
airport locations, navigational aids, and fix locations. ADS-B is a
data-link technology being deployed to communicate among aircraft
their measured states (i.e., position and velocity), and flight plan
information [i.e., trajectory change points (TCPs)] [11,32].

Figure 1 shows a block diagram of the IBTP algorithm. The inputs
and outputs of the algorithm are displayedwith arrows going into and
out of the thick-lined box, respectively. The hybrid estimation block
uses the ADS-B measurements to compute the state and mode
estimates, i.e., the aircraft’s current position, velocity, and flight
mode. These are used in the intent inference block, together with
environment information (FIS-B message and static database) and
the flight plan information (ADS-B message) to identify an intent
model. The trajectory prediction block uses the state and mode
estimates together with the inferred intent to perform trajectory
predictions. Note that the IBTP algorithm can be also used for the
current ATC systemwhich uses radar information instead of ADS-B
because the IBTP algorithm needs only aircraft position and/or
velocity measurements for intent inference and trajectory prediction.

In the remainder of this section, we describe in detail each of the
blocks that compose the IBTP algorithm following the sequence
displayed in Fig. 1.

A. Aircraft Dynamic Model

The dynamic models described in this section are used by the
hybrid estimation block to compute the current state and mode
estimates of the aircraft. The dynamic models are matched to the
different flight modes of an aircraft. The modes chosen in this paper
describe the flight segments commonly performed by aircraft
operating in the NAS. They are as follows.

1) CV: constant velocity mode; straight flight for cruising.
2) CT: coordinated turn mode; maneuvers for heading changes

with constant speed, yaw rate, and altitude.
3) CA: constant acceleration/deceleration mode without heading

change; maneuvers for speed changes with constant heading and
altitude.

Fig. 1 Block diagram of the intent-based trajectory prediction

algorithm.
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4) CH: ascending/descending mode with constant altitude change
rate and constant ground speed; maneuvers for altitude changes.

5) CHCA: ascending/descending mode with constant altitude
change rate, and with constant acceleration/deceleration in the
horizontal dimension; maneuvers for takeoff and landing.

The dynamics of the aircraft are characterized by the following
state vector

� � x y z _x _y _z �x �y
� �

T (1)

In each mode, the aircraft dynamics are represented by a discrete-
time linear dynamic system of the form

� �k� 1� � Aj��k� � Bjwj�k� (2a)

� �k� � C��k� � v�k� (2b)

where j 2 fCV;CT;CA;CH;CHCAg denotes themode. Themode-
dependent process noise is assumed to be aGaussian randomprocess
with the following statistics:

E�wj�k�� � 0; E�wj�k�wj�k�T � �Qj (3)

The mode-independent measurement noise term is also assumed to
be a Gaussian random process with the following statistics:

E�v�k�� � 0; E�v�k�v�k�T � � R (4)

Nowwe define themode-dependent system parameters for each of
the modes previously mentioned. Let the sampling interval be set to
1 s to match the ADS-B message update rate. Let us define the
following matrices useful for notational simplicity:

A 1 �
T 0 0

0 T 0

0 0 0

2
4

3
5; A2 �

1 0 0

0 1 0

0 0 0

2
4

3
5

A3 �
T2

2
0

0 T2

2

0 0

2
4

3
5; A4 �

T 0

0 T
0 0

2
4

3
5

(5a)

A 5 �
T 0 0

0 T 0

0 0 T

2
4

3
5; A6 �

T2

2
0 0

0 T2

2
0

0 0 T

2
4

3
5

A7 �
1 0 0

0 1 0

� �
; A8 �

T 0 0

0 T 0

0 0 1

2
4

3
5

(5b)

Also, let I r denote the identity matrix with r rows andOr�c denote a
zero matrix with r rows and c columns. Then, for the CV mode, the
system matrices are given by

ACV �
I 3 A1 O3�2
O3�3 A2 O3�2
O2�3 O2�3 O2�2

2
4

3
5; BCV �

A6

A1

O2�3

2
4

3
5

QCV �
0:002 0 0

0 0:002 0

0 0 0:002

2
4

3
5

(6)

For the CT mode, we use the Wiener-sequence acceleration model
[18,19,33], that is

ACT �
I 3 A1 A3

O3�3 A2 A4

O2�3 O2�3 I 2

2
4

3
5; BCT �

A6

A1

A7

2
4

3
5

QCT �
0:7 0 0

0 0:7 0

0 0 0:002

2
4

3
5

(7)

The dynamic model for the CA mode also corresponds to the
Wiener-sequence acceleration model. The difference between the
models for CT and CA comes from the magnitude of the process
noise covariance in the components of the horizontal dimension.

ACA � ACT; BCA � BCT; QCA �
0:07 0 0

0 0:07 0

0 0 0:002

2
4

3
5
(8)

Note that the covariance in Eq. (8) is one order of magnitude smaller
than the one in Eq. (7), except for the vertical velocity component.
This is because both modes are representative of motion in the
horizontal plane, without altitude changes.

For the CH mode, the model matrices are given by

ACH �
I 3 A5 O3�2
O3�3 I 3 O3�2
O2�3 O2�3 O2�2

2
4

3
5; BCH �

A6

A8

O2�3

2
4

3
5

QCH �
0:002 0 0

0 0:002 0

0 0 0:5

2
4

3
5

(9)

Finally, for the CHCA mode, the model matrices are as follows:

ACHCA �
I 3 A5 A3

O3�3 I 3 A4

O2�3 O2�3 I 2

2
4

3
5; BCHCA �

A6

A8

A7

2
4

3
5

QCHCA �
0:1 0 0

0 0:1 0

0 0 0:5

2
4

3
5

(10)

The ADS-B message contains measurements for position and speed
in the horizontal and vertical dimensions. Therefore, the mode-
independent output matrix in Eq. (2) is given by

C�

1 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0

0 0 1 0 0 0 0 0

0 0 0 1 0 0 0 0

0 0 0 0 1 0 0 0

0 0 0 0 0 1 0 0

2
6666664

3
7777775

(11)

Themeasurement noise covariancematrix in Eq. (4) is obtained from
the ADS-B system performance parameters [32]. This matrix is
defined as

R�

4225 ft2 0 0 0 0 0

0 4225 ft2 0 0 0 0

0 0 900 ft2 0 0 0

0 0 0 0:67 ft2

s2
0 0

0 0 0 0 0:67 ft2

s2
0

0 0 0 0 0 1 ft2

s2

2
66666664

3
77777775

(12)

Letm�k� denote the flight mode at time k. The mode dynamics are
modeled as a finite Markov chain with known mode-transitions
probabilities [18,23]

�ij ≜ Probfm�k� 1� � ijm�k� � jg (13)

from mode j at time k to mode i at time k� 1. This Markov chain
description of the aircraft’s modes is used to model an unknown
pilot’s inputs. The Markov transition matrix � is chosen as

372 YEPES, HWANG, AND ROTEA



��

0:9 0:025 0:025 0:025 0:025
0:1 0:9 0 0 0

0:1 0 0:9 0 0

0:1 0 0 0:9 0

0:1 0 0 0 0:9

2
66664

3
77775 (14)

The values for the entries of � are chosen following concepts
developed in [18,31]. The first row represents the mode-transition
probabilities from the modes j 2 fCV;CT;CA;CH;CHCAg to the
mode i� CV. The second row represents the mode-transition
probabilities from the modes j 2 fCV;CT;CA;CH;CHCAg to the
mode i� CT, and so on. The elements in the diagonal represent the
probability of the aircraft remaining in the same mode from time k to
time k� 1. The off-diagonal entries equal to zero represent mode
transitions that are not allowed in our model. For example, because
the element in the second row and third column is zero (�23 � 0), the
mode transition from the CAmode to the CTmode is not allowed. In
this way, we only allow mode transitions from any mode to CV, and
from CV to any mode, because this is representative of mode
transitions commonly performed by aircraft. The system described
by Eqs. (2) and (13) is called a stochastic linear hybrid system [34].

B. Hybrid Estimation Algorithm

The hybrid system in Eqs. (2) and (13) contains the continuous
state dynamics andmode transitions. To track the trajectories of such
a system, a hybrid estimation algorithm is required. This type of
algorithm can estimate both the continuous state and the aircraft
mode. For hybrid estimation we use the residual-mean interacting
multiple model algorithm [23,24]. This algorithm is chosen among
other hybrid estimation algorithms because it uses the mean of the
residual of each Kalman filter to improve the differentiation of the
likelihood of each filter being the correct one. As a result, false mode
estimation is reduced. This is done by exploiting the fact that if the
dynamic model in a given Kalman filter is not representative of the
actual flightmode of the aircraft, the residual produced by this filter is
not zero. A brief explanation is given subsequently.

The outputs of RMIMM are the continuous state estimate, its
covariance, and the mode estimate, which are computed as
[18,23,24]

�̂�k� 1� �
X
j

�̂j�k� 1��j�k� 1� (15a)

P�k� 1� �
X
j

fPj�k� 1� � ��̂j�k� 1� � �̂�k� 1����̂j�k� 1�

� �̂�k� 1��Tg�j�k� 1�
(15b)

m̂�k� 1� � argmax
j
�j�k� 1� (15c)

where �̂j�k� 1� and Pj�k� 1� are the state estimate, and its
covariance, computed by the Kalman filter matched to mode j and
�j�k� 1� is the probability of mode j being the correct one at time
k� 1. Thus, the state estimate is a weighted sum of the mode-
matched state estimates, and the mode estimate is the mode that has
the maximum mode probability.

RMIMM has a bank of Kalman filters matched to each mode. The
Kalman filter j, matched to mode j, computes its own state estimate
and its covariance as

�̂ j�k� 1� � Aj�̂0j�k� � Kj�k� 1����k� 1� � CAj�̂0j�k�� (16a)

Pj�k� 1� � AjP0j�k�ATj �Qj � Kj�k� 1��C�AjP0j�k�ATj
�Qj�CT � R�Kj�k� 1�T (16b)

where ��k� 1� is themeasurement,Kj�k� 1� is the gain of Kalman

filter j, and �̂0j�k� and P0j�k� are inputs to the Kalman filter j at time
k� 1. These inputs are computed as

�̂ 0j�k� �
X
i

�̂i�k��ij�kjk� (17a)

P0j�k� �
X
i

fPi�k� � ��̂i�k� � �̂0j�k����̂i�k� � �̂0j�k��Tg�ij�kjk�

(17b)

where �ij�kjk� is the probability that mode i was in effect at time k
given that mode j is in effect at time k� 1, and given the
measurement up to time k. This probability is called the mixing
probability and is calculated as

�ij�kjk� �
1

cj
�ji�i�k�; where cj �

X
i

�ji�i�k� (18)

where �i�k� is the mode probability at time k, and
i; j 2 fCV;CT;CA;CH;CHCAg. The mode probability at time
k� 1, �j�k� 1�, is computed as

�j�k� 1� �
cj
c
�RMIMM
j �k� 1�; where c�

X
j

�RMIMM
j cj

(19)

where�RMIMM
j �k� 1� and can be computed using Eqs. (26)–(29) in

Hwang et al. [23]. The initial condition �i�0� can be obtained from
the properties of the system.

C. Intent Inference

As seen in Fig. 1, the intent inference algorithm uses the state and

mode estimates, �̂�k� and m̂�k�, respectively, together with
environment information (FIS-B message and static database) and
flight plan information (ADS-B message) to estimate the aircraft’s
intent at time k, denoted as I�k�.

The set of possible intents of an aircraft at any time could have
infinitely many elements. However, in ATC these intents are
constrained by ATC procedures and regulations. Thus, in this paper,
we create a finite set of intent models based on the idea in [11,12].
These intent models are chosen to represent most of the possible
pilot’s actions in the current and future NAS. For simplicity, Tables 1
and 2 present a subset of intent models developed in [12,35]
corresponding to the ones used in the test scenarios in Sec. III.

The intent models are grouped into regulation related intents and
flight plan related intents, denoted as �reg and �fp, respectively.
Furthermore, they are subdivided into the different dimensions:
horizontal, vertical, and speed, denoted as Mh, Mv, and Ms,
respectively.

Each intent model I 2Mh [Mv has an associated waypoint
similar to the spatial location of the TCPs and an associated unit
vector in the direction of the waypoint. For example, for intent model
go-to-TCP in Fig. 2, the associated waypoint is wgo�to�TCP � TCP
and the corresponding unit vector ego�to�TCP � eTCP. In the speed
dimension, each intent model I 2Ms has an associated ground
speed that the aircraft should follow to achieve the intent model’s
goal.

Table 1 Intent models related to ATC regulations (RNP: required
navigation performance)

Regulation related intents, �reg

Horizontal intents, Mh Vertical intents, Mv Speed intents Ms

Avoid aircraft avoid aircraft avoid aircraft
Hold course outside RNP hold course outside RNP ——

Blundering aircraft blundering aircraft blundering aircraft
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The intent inference problem is posed as a maximum likelihood
inference problem in which the inferred intent is the one that
maximizes a likelihood-like function�. The likelihood-like function
is composed of two factors, �1 and �2. The inferred intent is computed
as

Î � arg max
I2�reg[�fp

�� arg max
I2�reg[�fp

�1 	 �2 (20)

Note that �reg [�fp �Mh [Mv [Ms. In the following two
subsections, we will discuss how to construct the factors �1 and �2.
These factors are referred to as intent model likelihoods; �1 is based
on aircraft state onlywhereas �2 is based on the time required to reach
the waypoint associated with a particular intent model.

1. Intent Model Likelihood Based on Aircraft State

The intent model likelihood �1 is a measure of how likely an intent
model is of representing the actual pilot’s intent based on the current
estimated states. Consider Figs. 2 and 3, which contain a simple yet
illustrative problem in the horizontal dimension. The algorithm
computes the intent model likelihood in the horizontal dimension by
comparing the estimate of the aircraft’s current heading angle, and
the estimate of the heading angle of the intent models’ unit vector,

denoted in this case as  ̂tcp and  ̂tcp�1, respectively. These angles can

be computed from a unit vector pointing in the direction of the
aircraft’s heading, denoted as e�, and from the intent model unit
vectors, etcp and etcp�1.

The intentmodel likelihood is a function of the difference between

 ̂I and  ̂, and the maximum intent model likelihood corresponds to
the case when the aircraft’s heading is perfectly aligned with
waypoint wI. As seen in Fig. 3, this can be achieved by using a
normal distribution whose mean is the aircraft’s heading angle, and

calculating the likelihood for a given value of  ̂I . In the horizontal
dimension, the intent model likelihood for intent model I at time k is
defined as

�I�k�≜N � ̂I�k�;  ̂�k�; 	2h�; 8 I 2Mh (21)

In Eq. (21), 	h is a design parameter which is set to 	h � 5 deg,
guaranteeing that only those intent models whose heading angles are
within 
15 deg from the aircraft’s heading will have a significant
intent model likelihood. Note that 15 deg corresponds to the 3	
bound of the distribution, which contains 99% of the heading angle
values with significant likelihood.

Similarly, in the vertical dimension, the algorithm compares the
differences between theflight path angles of the intentmodels and the
flight path angle of the aircraft. Thus, in the vertical dimension, the
intent model likelihood is defined as

�I�k�≜N ��̂I�k�; �̂�k�; 	2v �; 8 I 2Mv (22)

where 	v � 5 deg.
In the speed dimension, the intent model likelihood is computed

by comparing the differences between the estimate of the aircraft’s
ground speed and the ground speed associated with each of the intent
models in this dimension. Then, in the speed dimension, the intent
model likelihood is defined as

�I�k�≜N
�
V̂ac�k�
VI

; 1; 	2s

�
; 8 I 2Ms (23)

where 	s � 0:033. This value guarantees the aircraft speed is at least
90% of the intent model speed, and at most 110% of it. This
corresponds to the 3	 bound of the distribution, which contains 99%
of the speed ratios with significant likelihood.

Because the intentmodel likelihoods in Eqs. (21–23) are functions
of the current estimated states, they are likely to be subject to
measurement noise. In the horizontal case, if the aircraft is in a
nonmaneuvering mode, such as CV, its intent is fixed. However, the
noisy characteristics of the intent model likelihoods may produce
false intent estimates. Thus, we propose to filter the noise by
computing a time-averaged likelihood:

�I�k�≜
1

Gk

Xk
n�ko

fk�n�I�n�; with Gk �
Xk
n�ko

fk�n; Gko � 1

(24)

where f is the fadingmemory factor (0< f < 1, f� 1 for no fading)
used to exponentially reduce weighting on past data points, ko is the
initiation time of the current flight mode, and �I�k� is defined in
Eq. (21). If the whole time history of the intent model likelihood is
considered, i.e., ko � 0 s is the time of initiation of the whole flight,
this could cause intent inference delays because �I�k� in Eq. (24)
includes old intent model likelihood information. These delays could

(x̂, ŷ)

ey

ex

TCP

TCP+1

eΨ

etcp +1

etcp

Fig. 2 Waypoints and unit vectors associated with intent models go-to-

TCP and go � to � TCP� 1.
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Fig. 3 Intent model likelihoods for the heading angles shown in Fig. 2.

Table 2 Intent models related to flight plan actions (MIT: miles in trail)

Flight plan related intents, �fp

Horizontal intents, Mh Vertical intents, Mv Speed intents, Ms

Go-to-TCP hold TCP pressure altitude speed to meet TTG TCP
Go-to-TCP� 1 hold TCP pressure altitude� 1 speed to meet TTG TCP� 1
Return to flight plan climb/descend to TCP altitude speed to meet MIT restriction
Blundering aircraft blundering aircraft blundering aircraft
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arise particularly when the aircraft has maneuvered, and thus
changed its intent. To reduce these delays, we divide the time history
in segments corresponding to the duration of flight in a specific
mode, and reinitialize the filter in Eq. (24) when a new flight segment
is initiated. For example, if at time k� 500 s the aircraft changes
modes from CV to CT, then ko � 500 s.

We have observed through simulations that when the aircraft
initiates a maneuver (e.g., CT flight) the time-averaged likelihood in
Eq. (24) is not a good measure to infer the aircraft’s intent in an agile
fashion. Maneuvers in the horizontal dimension are detected by the
RMIMM algorithm through the detection of mode transitions from
CV to CT mode. That is, if m̂�k� ≠ m̂�k � 1� and m̂�k� � CT, a
mode transition has occurred and the aircraft is in the maneuvering
mode in the horizontal dimension. To rapidly identify the correct
intent model when a maneuver is detected, we investigate the rate of
change of the intent model likelihood, defined as

��I�k�≜ �I�k� � �I�k � 1�; 8 I 2Mh (25)

which is a measure of how fast each intent model is increasing its
likelihood of being correct. If the rate of change of the intent model
likelihood is negative for all intent models, the aircraft is not
changing its heading toward any of thewaypoints associatedwith the
intent models in Tables 1 and 2. Then, the aircraft is declared as
blundering. This intent model allows us to identify an aircraft that
does not follow its flight plan and thus could be used for aircraft
conformance monitoring.

Depending on whether the aircraft is maneuvering or not, we
create a function �1�I� for all intent models which is directly related
to either their time-averaged likelihood for the nonmaneuvering
cases, or the rate of change of the intent model likelihood for the
maneuvering cases. This function is defined as

�1�I�

≜
�
��I�k� 8 I 2Mh [Mv [Ms; if m̂�k� ≠ m̂�k � 1�
�I�k� 8 I 2Mh [Mv [Ms; otherwise

(26)

and is a function of the estimated states of the aircraft only.
An intent inference algorithm that considers only the quantity �1

may fail if two intent models have their corresponding waypointswIi
and wIj closely collinear with the aircraft’s position. This scenario

can happen fairly often, especially when the aircraft is closely
following its flight plan, and the next two TCPs are closely aligned
with the aircraft heading. To prevent the algorithm from failing, we
introduce another likelihoodmeasure which is a function of temporal
information.

2. Intent Model Likelihood Based on Temporal Information

The IBTP algorithm could discern between intent models whose
time-averaged likelihoods or the rate of change of their intent model
likelihoods are very similar in value. To do so, it ranks the intent
models in the time dimension according to their value of a second
weight, �2�I�, which contains information about how far into the
future the goal related to each intent model resides, i.e., the time-to-
go to wI .

Because pilots should follow ATC regulations, it is reasonable to
give more weight to intent models related to ATC regulations than to
those related to the flight plan. To do so, for all Ii 2 �reg and for all
Ij 2 �fp, we have �2�Ii� � �2�Ij� (i ≠ j) for a significant time
interval. This is achieved by defining �2�I� as

�2�I�≜
�
N �TTG�wI�; 0; �	reg�2� if I 2 �reg

N �TTG�wI�; 0; �	fp�2� if I 2 �fp
(27)

where 	reg > 	fp.
§ We set 	reg � 900 s, which corresponds to the

maximum time for which a potential conflict is investigated [11,12].
The time it would take an aircraft flying at a ground speed of 673 ft=s
(e.g., the Boeing 747-200) to travel 5 n mile is 48 s, approximately.
This distance corresponds to the minimum en route separation
requirement for safety. Outside the 5 n mile range to a hazard, more
weight is given to intent models related to ATC regulations than to
those related to the flight plan. To achieve this, it is necessary that for
all Ij 2 �reg and for all Ii 2 �fp, �2�Ij� � �2�Ii� for all times between
47:9 s< TTG�wIj�< 900 s. To satisfy this condition 	fp � 17 s. As

seen in Fig. 4, the intersection between �2�Ij� and �2�Ii� occurs at
47.9 s.

3. Intent Inference Cost Function and Optimization Problem

Given �1�I� in Eq. (26) and �2�I� in Eq. (27), the intent models are
ranked according to their value of the cost function

��I� � �1�I� 	 �2�I� (28)

Note that��I� incorporates spatial information about the likelihood
of an intent as a function of the aircraft’s states and the environment
information, through �1�I�. It also includes temporal information and
the type of the intent, through �2�I�. The intent model with the
maximum��I�will be declared as the inferred intent at time k. That
is,

Î�k� � arg max
I2Mh[Mv[Ms

��I� (29)

We now analyze the performance of the intent inference algorithm
for the nonmaneuvering case in the horizontal dimension, i.e., CV
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Fig. 4 Regulations and flight plan intent models, a) �2�I�, and b) zoom-in version of 4a.

§Because TTG cannot be negative, the Gaussian distribution in Eq. (27)
can be considered as a truncated Gaussian, i.e., N �x; 0; 	2� � 0 if x < 0.
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flight. This analysis presents results on the performance of the intent
inference algorithm as a function of the estimation errors.

4. Performance Analysis of the Intent Inference Algorithm in the

Horizontal Dimension

Let kcv denote the time instant at which the aircraft initiated the
current CV flight segment, then ko � kcv in Eq. (24). Suppose that
intent model i correctly describes the aircraft’s current intent, that is
I�k� � Ii. Then, the intent inference algorithm using the likelihood
function in Eq. (26) (i.e., spatial information only) can correctly
identify the actual aircraft’s intent at time k if

�Ii
�k�>�Ij

�k�; 8 Ij 2Mh � fIig (30)

For simplicity in the analysis, we use the log-likelihood function
because it contains the same properties and information as the
likelihood function itself [35]. Thus, we define the log-likelihood for
the intent model at time k and a new time-averaged likelihood
measure as

ln �I�k�≜ ln
1

	h
������
2�
p �

�
�� ̂I�k� �  ̂�k��2

2	2h

�
(31a)

�I�k�≜
1

Gk

Xk
n�kcv

fk�n ln �I�n� (31b)

An equivalent expression to Eq. (30) using �I�k� is

�Ii�k�> �Ij �k�; 8 Ij 2Mh � fIig (32)

A sufficient condition for Eq. (32) to be satisfied is that

j ̂Ii�n� �  ̂�n�j< j ̂Ij �n� �  ̂�n�j; 8 n 2 fkcv; kcv � 1; . . . ; kg
(33)

Note that condition (33) is a function of the estimated quantities,
which are dependent on the estimated position and velocity and are
subject to estimation errors.

Let� �k�,� Ii�k�, and� Ij�k� denote the estimation errors for

the angles  ,  Ii , and  Ij respectively. Then,

� �k�≜  �k� �  ̂�k�; � I�k�≜  I�k� �  ̂I�k� (34)

Let the aircraft’s actual position and velocity vectors and their
estimates be denoted as

v �k� � _x�k� _y�k�
� �

T; p�k� � x�k� y�k�
� �

T (35a)

v̂�k� � _̂x�k� _̂y�k�
� �

T; p̂�k� � x̂�k� ŷ�k�
� �

T (35b)

Figure 5a shows a geometrical description for the relationship
between � and the estimation error vector for velocity denoted as
�v�k�. Figure 5b shows a relationship between the estimation error
vector for position, denoted as �p�k�, and� Ij . Expressions for� 
and � Ij can be found as a function of �v�k� and �p�k� using the

laws of sines and cosines:

� �k� � sin�1
�
k �v�k� k sin�
k v�k� k

�

� I�k� � sin�1
�k �p�k� k sin ’I
k 
I�k� k

� (36)

Using the estimated heading angles and their estimation errors in
Eq. (36), condition (33) can be written as

j Ii �n� �  Ij�n�j>� Ii�n� �� Ij �n� � 2� �n�;

8 n 2 fkcv; kcv � 1; . . . ; kg
(37)

Let us consider the worst case in which the right-hand side of
Eq. (37) attains themaximumvalue. To this end,we seek expressions
for the maximum values of � Ii , � Ij , and � , and examine the

properties of the estimation errors in position and velocity. If the
estimated mode is correct, then the mean of the estimation error

converges exponentially to zero [23]. Let �̂�k� denote the estimated
state vector at time k and ��k� denote the estimation error vector.
Then the error ellipsoid, defined by

� �k�TP�1�k���k� � 1 (38)

will be centered at the actual aircraft’s position [36–38], where P�k�
is the estimation error covariance matrix, defined in Eq. (15).
Assuming that the estimation error for position is uncorrelated with
the estimation error for velocity, P�k� becomes a block diagonal
matrix of the form

P�k� � Ppos�k� 0

0 Pvel�k�

� �
(39)

where Ppos�k� and Pvel�k� denote the estimation error covariance
matrices for position and velocity, respectively. If we assume that the
position estimation error in the vertical dimension is uncorrelated
with those of the horizontal dimension, the major and middle axes of
the error ellipsoidwill be located in the horizontal plane. This follows
because in CV flight, the standard deviation for the estimation error
in the vertical dimension is smaller than those for the errors in the
horizontal dimension. Paielli and Erzberger [36] have assumed that
this ellipsoid has its major and middle axes aligned with the along-
track and cross-track directions, respectively. We do not make this
assumption, and therefore allow a more general description of the
error ellipsoid.
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Fig. 5 Heading estimation error for a) the aircraft, and b) the intent model.
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Consider the error ellipsoid

� p�k�T�3Ppos��1�k��p�k� � 1 (40)

which corresponds to the 3	 bound and thus contains 99% of the
estimation realizations at time k [35]. The length of its semimajor
axis, denoted as k�p�k�kmax, can be defined as [37,38]

k�p�k�kmax ≜
����������������������
	��3Ppos�k��

q
(41)

where 	��3Ppos�k�� denotes themaximumeigenvalue of the estimation
error covariance matrix 3Ppos�k�. The maximum estimation error for
position in the horizontal dimension is defined to be k�p�k�kmax.
Therefore, the maximum estimation errors for the heading angles of
the aircraft and of the intent unit vector corresponding to the intent

model, denoted as � 	 and � 	 I , respectively, are computed using
Eq. (36) as

� 	 �k� � sin�1
�k�p�k�kmax sin�

kv�k�k

�

� 	 I�k� � sin�1
�
k�v�k�kmax sin ’I
k
I�k�k

� (42)

Proposition 1: Suppose the aircraft is flying in CVmode at time k
and that the mode estimate is correct. That is m̂�k� �m�k� � CV.
Let the true aircraft’s intent be represented by intent model i,
I�k� � Ii. Then, with a 99% confidence level, an intent inference
algorithm that considers the value of the time-averaged likelihood
�I�k� only, can identify the true intent of the aircraft in the horizontal
dimension if

j Ii�n� �  Ij �n�j> sin�1
�k�p�k�kmax sin ’Ij

k
Ij �n�k

�

� sin�1
�k�p�k�kmax sin ’Ii

k
Ii �n�k

�
� 2sin�1

�
k�v�k�kmax sin�

kv�n�k

�

�� 	 Ii �n� �� 	 Ij�n� � 2� 	 �n�

8 Ij 2Mh � fIig; 8 n 2 fkcv; kcv � 1; . . . ; kg
(43)

Proposition 1 gives an important insight to the intent inference
problem. Specifically, an intent inference algorithm that considers
only the value of�I will fail ifwIi andwIj are closely collinear with

the aircraft’s position. In this case, the heading angles associatedwith
their corresponding intent unit vector will be very close in value,
making the left-hand side of Eq. (43) equal or very close to zero.
Hence, the inequality is hard to be satisfied, thus justifying the use of
�2�I�. Until now we have presented analytical results for the
nonmaneuvering case. We now shift our attention to the
maneuvering case which in the horizontal dimension corresponds
to CT mode.

Recall that when the aircraft is maneuvering, the algorithm infers
the aircraft’s intent as a function of the rate of change of the intent
model likelihood, denoted as ��I for all I 2Mh. Let us assume that
m�k� �m�k � 1� � CT, i.e., if there is no mode transition at time k.
Suppose that intentmodel i correctly describes the actual intent of the
aircraft at time k, that is I�k� � Ii. The intent inference algorithmwill
correctly identify the actual intent based on the rate of change of the
intent model likelihoods if

��Ii�k�> ��Ij�k� ) �Ii�k� � �Ii�k � 1�> �Ij �k� � �Ij �k � 1�;

8 Ij 2Mh � fIig
(44)

Inequality (44) is a function of the estimated quantities and their
associated estimation errors. To define the worst-case scenario, let
inequality (44) be expressed as

� Ii�k� � 	�Ii�k � 1�> 	�Ij�k� � �Ij �k � 1�; 8 Ij 2Mh � fIig
(45)

where �I�k� and 	�I�k� are defined using Eq. (42) as

� I�k� �N fj I�k�j � �� 	 I�k� �� 	 �k��; j �k�j; 	2hg (46a)

	� I�k� �N fj I�k�j � �� 	 I�k� �� 	 �k��; j �k�j; 	2hg (46b)

as shown in Fig. 6. For notational simplicity, let

a :� j Ii�k� �  �k�j; b :� � 	 Ii�k� �� 	 �k� (47a)

c :� j Ii �k � 1� �  �k � 1�j

d :� � 	 Ii�k � 1� �� 	 �k � 1�
(47b)

e :� j Ij�k� �  �k�j; f :� � 	 Ij �k� �� 	 �k� (47c)

g :� j Ij�k � 1� �  �k � 1�j

h :� � 	 Ij �k � 1� �� 	 �k � 1�
(47d)

We perform the small perturbation analysis. Let

� 	 �k � 1� �� 	 Ii�k � 1� �� 	 Ij �k � 1� � 0

� 	 �k� �� 	 Ii�k� �� 	 Ij �k� 
 1

which corresponds to estimation errors at time k � 1 equal to zero,
and those at time k small. This results in d� h� 0, b
 1, and
f
 1 according to Eq. (47). Then any quadratic terms that are

functions of� 	 �k�,� 	 Ii�k�, or� 	 Ij �k� will be close to zero. This
yields the following Proposition.

Proposition 2: Suppose that the aircraft is flying in CT mode at
time k, and that the mode estimate is correct, that is
m̂�k� �m�k� � CT. Assume that there is no mode transition at
time k, and that the mode estimate is correct at time k � 1. Suppose
that intent model i correctly describes the actual intent of the aircraft
at time k, that is I�k� � Ii. Assume small estimation errors, that is

� 	 �k � 1� �� 	 Ii�k � 1� �� 	 Ij �k � 1� � 0

� 	 �k� �� 	 Ii�k� �� 	 Ij �k� 
 1

Then, the intent inference algorithm can identify the actual intent of
the aircraft in the horizontal dimension based on the rate of change of
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the intent model likelihoods if

exp�g2 � e2�
exp�a2 � c2�

> exp�2ab�
�
exp�g2 � 2ef� � exp�e2�
exp�c2� � exp�a2 � 2ab�

�
(48)

where b and f are functions of the estimation errors,� 	 ,� 	 Ii , and

� 	 Ij at time k, and a, c, g, and e are defined in Eq. (47).

Because it is assumed that ��Ii�k�> 0 for nonblundering aircraft,
it follows that jcj> jaj because j Ii�k � 1� �  �k � 1�j>
j Ii�k� �  �k�j. This will not hold as the term 2ab increases its
value, which is a linear function of b, i.e., as the estimation error for
the heading angles at time k increases in value. In the asymptotic
case, the right-hand side of Eq. (48) will tend to infinity as
c2 ! a2 � 2ab. This corresponds to an aircraft with a very small
turn rate. In this case, the algorithm tends to fail. Because it is
assumed that ��Ij �k�> 0 for nonblundering aircraft, it follows that

jgj> jej. Then, the term exp�g2 � 2ef� � exp�e2� grows
exponentially as a function of f, which represents the estimation
errors for the heading angles at time k. Hence, the algorithm tends to
fail as the estimation errors for the heading angles at time k increase,
which are dependent on the 2-norm of the estimation error
covariance matrices as seen from Eq. (36).

In the horizontal dimension, we assume that the mode estimate at
time k is correct and corresponds to CV or CT, that is
m̂�k� 2 fCV;CTg. Then, for the nonmaneuvering case in steady-
state conditions, the mode probability for CV,�CV � 1, and�m � 0
form ≠ CV. The residual for the CVmode-matched Kalman filter is

close to zero, that is �̂CV�k� � �̂�k� � 0. Therefore, according to
Eq. (15), P�k� is approximately equal to the estimation error
covariance of the CV mode-matched Kalman filter, PCV�k�. For a
single Kalman filter in steady-state conditions, the estimation error
converges to a function of the process noise covariance [38]. Thus,
P�k� will converge to a function of the process noise covariance for
CVmode, denoted asQCV. The RMIMMalgorithm allows the use of
smaller process noise covariance for each mode than the one
necessary for the implementation of a single Kalman filter [38].
Because we reduce the value of this norm, we guarantee smaller
estimation errors in the heading angles, favoring the intent inference
algorithm performance in the nonmaneuvering case. This analysis is
also valid for the maneuvering case. The performance analysis of the
intent inference algorithm in the vertical and speed dimensions can
be done in a similar way [39].

D. Trajectory Prediction

The inputs to the trajectory prediction block in Fig. 1 are the state
and mode estimates, computed in the hybrid estimation block, and
the inferred intent, computed in the intent inference block. The
trajectory prediction block also uses the FIS-B data, the static
database, and the ADS-B message.

The state and mode estimates represent the current motion of the
aircraft and the inferred intent represents the goal the aircraft is

pursuing. The combination of these two sets of information could
represent the future trajectory of the aircraft until the goal associated
with the inferred intent is achieved, that is, until the predicted
position of the aircraft reaches wÎ . This can be seen in Fig. 7. In this
figure, the aircraft is flying in CTmode towardwÎ . It can be seen that
trajectory predictions calculated using only the current aircraft state
and mode estimates result in degraded prediction accuracy as the
look-ahead time increases. This is the result of ignoring the aircraft’s
intent information, which characterizes the long-term trajectory of
the aircraft. On the other hand, predicting the aircraft trajectory using
intent information only, results in degraded accuracy for small look-
ahead times. This is the result of ignoring the aircraft’s current
motion.

The IBTP algorithm exploits the strengths of eachmethodology: it
combines the state and mode estimates with the inferred intent
information to compute trajectory predictions, which are composed
of two segments. The first segment is calculated by propagating the
state estimates obtained from the hybrid estimation block until a
junction point, which is located at a position Sl s into the future. The
second segment, corresponding to look-ahead times l � Sl, is
computed by projecting the predicted position of the aircraft at Sl
with a straight line up to the waypoint associated with the inferred
intent, namely wÎ . Calculating an appropriate value for Sl is not a
trivial problem. This value is a function of the estimated mode of
operation and the location of wÎ with respect to the aircraft. The
maximum value for Sl is a design parameter. In this paper, we set this
value to be

Smax
l �

�
500 s if m̂�k� 2 fCV;CA;CH;CHCAg
60 s if m̂�k� � CT

(49)

These values correspond to steady-state and transient conditions,
respectively.

If the estimated mode of the aircraft is m̂�k� 2 fCV;CA;
CH;CHCAg, then the aircraft’s heading and flight path angle
remains constant. IfwÎ is aligned with the aircraft heading and flight
path angle, then there is no information that indicates that the pilot
will change its flight mode. In this situation, it is appropriate to
propagate the estimated states for a maximum look-ahead time of
8 min (500 s), which corresponds to the first segment of the
prediction. Note that for CTmode, because the aircraft is assumed to

perform coordinated turns in cruise at a yaw rate of _ �
1:5 deg

s
,

after Smax
l � 60 s the total heading change will be 
90 deg. We

assume that heading change maneuvers greater than 
90 deg in
cruise are highly unlikely because that would result in a complete
course change for the aircraft, which is only performed in emergency
situations, for airborne holding, or around the terminal area.We now
explain the trajectory prediction methodology.

Let x̂p�k� Sl� denote the predicted position of the aircraft at time
k� Sl. The trajectory prediction algorithm propagates the estimated
state vector until one of the following conditions is met:

1) Sl is the time at which x̂p�k� Sl� �wÎ .

Junction Point

Prediction using intent 
information only

Prediction using the 
estimated states only

wÎ

Fig. 7 Aircraft trajectory prediction as a function of the currentmotion

and the intent of the aircraft.
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Fig. 8 CV flight with w
Î
straight ahead. Comparison of a) condition 1,

and b) condition 2.
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2) Sl is the time at which the aircraft’s heading at time k� Sl,
denoted as  ̂�k� Sl�, is pointing toward wÎ .

3) If the aircraft is in CV mode, and wÎ is to the side, Sl � 5 s.
4) Sl � Smax

l ; at this point we join x̂p�k� Smax
l � with wÎ using a

straight line.
Figure 8a represents condition 1 in the horizontal dimension and

CV flight. The solid line represents the propagation of the estimated
states, which is done until x̂p�k� Sl� reacheswÎ . To extend the look-
ahead time of the prediction,we do the following: if the algorithmhas
information about future TCPs which are beyond wÎ , denoted in
Fig. 8 as TCP� n, the prediction is extended until these points using
straight lines. This is done unless the aircraft is violating ATC
regulations, and is represented by the dashed line in Fig. 8a.

Figure 8b represents condition 2. The IBTP algorithm propagates
the estimated states until a point Sl s into the future where the
predicted aircraft heading aligns withwÎ . The prediction look-ahead
time is extended by joining x̂p�k� Sl� and wÎ using a straight
(dashed) line to incorporate the inferred intent information, as
mentioned before.

As soon as pilots notice that the aircraft is off-course, they will
usually correct their heading and proceed toward their next
waypoint. A problem lies on how to model the time it takes a pilot to
notice this course deviation. We propose a solution to this problem
by using the geometric construction shown in Fig. 9a. In this figure,

 is an angle that defines the location of a point of interest �, which is
located straight ahead of the aircraft, and �p denotes the angle

difference between  ̂ and  Î . The trajectory prediction is computed
by propagating the estimated states until the predicted position of the
aircraft is at �, and then turning the aircraft so that its heading aligns
with wÎ . In Fig. 9a, the trajectory prediction is represented by the
dashed line. Thus, the pilot’s reaction time (value ofSl) ismodeled as
a function of
. For example, setting
��p is equivalent to a pilot
initiating a turn maneuver immediately, because the point � would
coincide with the aircraft’s current estimated position, denoted as
�x̂�k�; ŷ�k��, such that Sl � 0. Currently we use 
��p � 5 deg,
which corresponds to a reaction time of less than 5 s. However, this is
a design parameter that can be adjusted. To find the location of �,
simple geometric functions are used [39]. There might be a case in
which the aircraft’s heading will not align with wÎ if the estimated
yaw rate is maintained throughout the maneuver. In this case, the
algorithm cuts the propagation of the estimated states afterSmax

l s and
then joins the predicted position at that time withwÎ using a straight
line. This is represented in Fig. 9b. In this way, we prevent the
prediction from diverging and not passing through wÎ . With this
case, we conclude the explanation of the trajectory prediction block.

III. Simulation Results

In this section, we test the performance of the RMIMM algorithm,
the IIA, and the IBTP algorithmusing two scenarios representative of
current and future air traffic operations within the NAS. In these
scenarios, the measurements and flight plan information (TCPs) for
each aircraft are assumed to come from the ADS-B message. To

generate the accurate ADS-Bmessage and the static database, we use
a 6-DOF simulation of a Boeing 747-200 aircraft, combined with
various levels of atmospheric turbulence.

Figure 10 presents a scenario corresponding to a pairwise
noncooperative aircraft avoidance scenario. In this scenario, the
maneuvering aircraft, identified as id50, performs a series of CT
flights followed by CV flights to avoid aircraft id49. Aircraft id49
maintains its course and speed, following its flight plan exactly.

A. Tracking Performance

Wenow compare the tracking performance of the IIA [11,12] with
that of the IBTP algorithm. The comparison is made using a 50-trial
Monte Carlo simulation. This is performed for each aircraft;
however, only the results for the maneuvering aircraft are included,
because the estimation errors are higher when maneuvers are
executed along the trajectory.

Table 3 contains the average and largest rms values of the position
and velocity tracking errors for the aircraft avoidance scenario,where
a significant reduction of the average and largest rms errors indicates
increased performance in state estimation. From Table 3, it is clear
that the IBTP algorithm significantly reduces the IIA’s total average
rms and largest rms errors in position and velocity. Similar results
have been obtained for many different scenarios, including ones
discussed in this section.

B. Intent Inference Performance Comparison

Nowwe compare the intent inference performance of the IIA with
that of the IBTP algorithm. The comparison is made by using a
Monte Carlo simulation: for each scenario, we feed a set of 50
measured trajectories into the IIA and the IBTP algorithm to compute
50 sets of intent model likelihoods. These intent model likelihoods
are averaged for each intentmodel, and the intent inference algorithm
is executed based on these averaged intent model likelihoods. It is
expected from the tracking performance results and propositions 1
and 2 in Sec. II that the IBTP algorithmwill outperform the IIA in the
accuracy of the intent inference for both the maneuvering and
nonmaneuvering cases.

Figure 11 includes the intent inference results in the horizontal
dimension for the maneuvering aircraft in Fig. 10. Three time traces
are shown to represent the actual intent of the aircraft (true), the
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Table 3 RMS position and velocity errors for maneuvering aircraft

Average RMS errors Largest RMS errors

Position, ft Velocity, ft=s Position, ft Velocity, ft=s

IIA 70.0 1.50 71.0 1.50
IBTP 5.5 0.30 8.6 0.60
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inferred intent by the IIA, and the inferred intent by the IBTP
algorithm. It is important to note that the signal jumps simply
represent changes of intent. The first CT flight is initiated at time
k� 88 s. At this time, the actual intent of the aircraft in the horizontal
dimension changes to avoid-aircraft. It can be seen in Fig. 11b that
by using ��I the IBTP algorithm is able to identify this intent with a
delay reduction of 15 s over the IIA. However, during this time
interval, the short period transitions seen in IBTP’s intent inference
are due to the sensitivity added by ��I . A delay reduction of 12 s
(220 s< k < 232 s) can also be seen when the aircraft is turning to
return to its flight plan. In this case, the IIA incorrectly infers the
aircraft’s intent by using only the time-averaged likelihood of the
different intent models.

C. Trajectory Prediction Comparison

Now the trajectory prediction results for the two scenarios are
discussed. The comparison is made by feeding a set of 50 measured
trajectories into the IIA, the RMIMM, and the IBTP algorithms to
compute the trajectory predictions. The prediction times correspond
roughly to the initiation time of the maneuver to avoid the aircraft.

In Fig. 10, the IBTP prediction closely follows the actual
trajectory, whereas the RMIMMand IIA predictions diverge quickly
from it. These results demonstrate the benefits of using the IBTP
algorithm for trajectory prediction in the horizontal and vertical
dimensions. Similar results to those presented thus far (tracking,
intent inference, and trajectory prediction performance) have been
obtained in scenarios including maneuvers in the vertical and speed
dimensions.

D. Prediction Error Comparison

This section presents a scenario in which we test the prediction
performance of the RMIMM algorithm, the IIA, and the IBTP
algorithm. The aircraft follows the flight plan (TCPs), and preforms a
series of CV and CT flight segments. At time k� 1045 s the aircraft
initiates a turningmaneuver, and its intent is go-to-TCP. Even though
this scenario is fairly simple, it is useful to test the trajectory
prediction performance of the algorithms.

To test the trajectory prediction performance, we perform
Monte Carlo simulations: 50 sets of trajectory predictions are
computed by each algorithm at time k� 1045 s. TheRMSvalues for
the predicted position errors are computed and transformed into a
reference frame alignedwith the along-track direction. This results in
along-track and cross-track errors for look-ahead times between 1
and 900 s (maximum look-ahead time in this case). Figure 12
contains the cross-track and along-track errors. In this figure, there
are three time traces corresponding to the errors for each algorithm.

From Fig. 12a, it is clear that the performance of the RMIMM
algorithm is good for short look-ahead times, specifically for look-
ahead times less than 1min, after which the performance degrades as
a result of not using intent information. The performance of the IIA is
poor for small look-ahead times, because it does not consider the
current motion of the aircraft, but the performance improves as the
look-ahead time increases. The peak prediction error for this
algorithm is approximately 0.4 n mile in this case. It can be seen that
the IBTP algorithm outperforms both algorithms for all times by
incorporating both the current estimated motion and the intent
information. Note that the IIA and the IBTP algorithm prediction

0 50 100 150 200 250 300 350 400

AvoidAC

Time [sec]

IBTP
IIA
True

GoTo
TCP+1

Hold
Course
Outside
RNP

Return
To Flight
Path

GoTo
TCP

80 85 90 95 100 105

AvoidA/C

Time [sec]

GoTo
TCP

a) Inferred intent horizontal b) Inferred intent horizontal (zoom−in)

Fig. 11 Intent inference results for aircraft id50 in the aircraft avoidance scenario.
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performances converge as the look-ahead time increases. This is
because both predictions use the intent information and predict the
aircraft flying through TCPs.

Figure 12b contains the along-track errors for this scenario. Again,
the RMIMMalgorithm displays poor prediction performance as time
increases. This is also the case for the IIA and the IBTP algorithm
because the lengths of the predicted trajectories for both of these
algorithms are shorter than the actual trajectory of the aircraft. Thus,
the predicted trajectories of the IIA and the IBTP algorithm reach the
TCP in less time than the actual trajectory does, creating increasing
along-track errors. It is important to note that after 14 min of look-
ahead time, the IBTP along-track error is 20% less than that of the
IIA, and it corresponds to 2.5 n mile, which is approximately half of
the safety distance between aircraft in ATC.

IV. Conclusions

In this paper, we have proposed the intent-based trajectory
prediction algorithm to track maneuvering aircraft, estimate the
aircraft’s intent, and compute trajectory predictions. The algorithm
uses a hybrid estimation algorithm called the residual-mean
interacting multiple model algorithm to compute state and flight-
mode estimates, and surpasses the state estimation accuracy of the
intent inference algorithm in [11,12]. An intent inference
methodology has been developed that uses the state and mode
estimates, ATC regulations, and environment information to
estimate the aircraft’s intent in the horizontal, vertical, and speed
dimensions. The intent inference problem is posed as a discrete
optimization problem whose cost function uses both spatial and
temporal information. Intent inference delay reductions of up to 30 s
were obtained by using the rate of change of the intent model
likelihoods when the aircraft is maneuvering. The trajectory
predictions are computed by combining the state andmode estimates
and the inferred intent. The contributions of this paper are to develop
an algorithm for accurate trajectory predictions and accurate intent
inference with reduced delays. These contributions have been
demonstrated through analysis and various simulation results, which
test the algorithm in different scenarios representative of current and
future ATC operations.
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