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In today’s air-traffic management system, the intent of an aircraft is revealed in its flight plan and a pilot’s
adherence to published navigation routes. In a future free-flight environment, aircraft might be allowed to fly any
route they choose. Intent will likely be broadcast in the form of trajectory change points (TCPs), for instance,
up to four TCPs in an automatic dependent surveillance—broadcast message. However, if broadcast TCPs do
not accurately represent intent, do not exist, or do not get received, then a nearby aircraft or ground-monitoring
system has a need to infer the pilot’s intent in real time. In this paper, a method of inferring intent, which is
based on artificial intelligence models and a process for best fitting an intent model to observed aircraft motion, is
investigated. Horizontal, vertical, and speed dimensions are first investigated independently, and then combined,
including sequences of actions, to fully explain the three-dimensional guidance and navigation plan of an aircraft.
Finally, the inferred intent is used as a basis to predict a path from the current location of the aircraft into the
future.

Introduction

A S new free-flight1 procedures remove jetway routing, posi-
tive control, and other constraints, an added emphasis will

be placed on distributed control techniques. In free flight, a data
link technology, for instance, automatic dependent surveillance—
broadcast (ADS-B), will be used to communicate state and intent
data between aircraft. State and intent information [e.g., position,
speed, and trajectory change points (TCPs)] will be exchanged be-
tween aircraft so that conflicts between aircraft can be detected and
resolved in a distributed manner.

Real-time intent inference is needed in free flight because there
is no guarantee, even if flight plans or intent are broadcast to nearby
aircraft, that these flight plans will be followed. Even with accept-
able required navigation performance levels which stipulate how
closely the flight crew should locate the aircraft relative to the in-
tent, there still is the possibility that the crew might change their
plans without inputs into the flight management system (FMS) or
ADS-B broadcast, the equipment for ADS-B broadcast might fail,
or deviations from a flight plan might be excessive because of poor
wind predictions, weather avoidance, or emergency diversions.

Figure 1 illustrates the intent inference problem. In this situation,
an aircraft has lateral deviations caused by flight technical errors
while flying to a waypoint, severe weather is just ahead, and there
is a good reason why the aircraft might be 1) flying north of the
storm (because the current heading is pointed that way), 2) flying
directly to the next waypoint ignoring the weather (because the flight
plan indicates this), or 3) flying south of the storm and skipping a
waypoint (because airlines have policies to avoid storms and ar-
rive on schedule). In general, the problem of intent inference is to
determine: What is the intent of the aircraft?

While intent data is broadcast between aircraft, the following
cases can occur: 1) the broadcast intent message is present, but
needs to be verified true; 2) the broadcast intent message is present,
is verified false (or erroneous), and an intent must be inferred from all
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available information; or 3) the broadcast intent message is missing
(because of data dropout or an unequipped aircraft), and the intent
needs to be inferred. In each case, the intent inference algorithm
designed in this paper produces a predicted intent of the aircraft and
a prediction of the future flight path.

Related Literature
In the literature, Zhao et al.2 specify several classifications of

pilot intent models, including motive intent, objective intent, trajec-
tory intent, and cost intent. Several studies, including our own, have
found that many of these types of intent can be captured in some
form of a knowledge database using artificial-intelligence models.
Furthermore, these knowledge databases can be searched or man-
aged in ways that allow for the operator’s intent to be understood.

Next, we review the work of several researchers developing
human–machine interaction theories and/or systems. First, we con-
sider systems that reason about discrete actions taken by the pilot.
In these situations, the system acts as an observer “over the shoul-
der of the pilot” watching the switches, modes, and discrete control
choices made by the pilot:

1) The first system is operator plan analysis logic (OPAL),3−5 in
which plan-goal graphs are used to explain the causal relationship
between the observed discrete actions and the goals (intent) of the
operator. OPAL identifies conflicts that exist in goals as well as
conflicts that exist with plans.

2) The next is the operator function model expert system
(OFMspert),6,7 in which an expert system uses a blackboard ar-
chitecture, and operator function models (OFM), a heterarchic-
hierarchic network of nodes that represent operator control func-
tions, to replicate and infer an explanation of the actions of the
human operator.

3) The third system is generalized plan recognition,8 in which a
deductive inference system performs intent inference by recogniz-
ing the plan an operator is implementing, based on observations of
actions, and an action taxonomy (an exhaustive set of sequences of
discrete admissible actions).

4) Next is event tracking using Soar,9 in which the Soar
knowledge-based system reasons about the decisions made in the
task of the operator, triggering rules that create problem space, goals,
and subgoals that lead to an explanation.

5) The last system is crew activity tracking system,10,11 in which
a normative model based on the OFM captures the discrete human–
machine interactions between the pilot and the control system. Each
activity is expressed in terms of binary states and an and/or tree.
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Fig. 1 What is the intent of this aircraft?

Fig. 2 Human decision-making process for flying an aircraft.

The intent inference method described in this paper is very similar
to these discrete intent inference methods because discrete and/or
type graphs are used to identify the intent. However, these discrete
intent inference methods rely on the binary or discrete nature of the
problem to classify the motion into a represented state of the and/or
graph, plan/goal graph, or to an OFM. In the technique described in
this paper, the match is made with a continuous (rather than discrete)
matching, which is novel to the approach.

The second set of systems monitors the continuous motion of
an aircraft from an external perspective (no pilot control inputs are
observed, only the motion of the vehicle is observed); these methods
are referred to as continuous intent inference:

1) The first is mission segment identification,12,13 in which neural-
network logic or fuzzy logic classifies the state inputs to linguistic
maneuvers (outputs). When a neural-network approach is pursued,
a sufficient amount of training data must be available spanning all
possible classifications. When the fuzzy-logic approach is pursued,
tuning of the parameters associated with fuzzy membership func-
tions must be performed.

2) The second is conformance monitoring14,15 in air traffic control
(ATC), in which fault-detection techniques are used to identify when
an aircraft is conforming (vs nonconforming) to the flight plan.

Note that neither of the continuous intent inference methods men-
tioned here reason about the causes of the change in vehicle motion.
In contrast, the continuous intent inference method presented in this
paper links the geometry of hazardous weather, special-use airspace
(SUA), and other factors directly to the inferred intent.

In short, the intent inference technique described in this paper
captures the most salient properties of both discrete and continuous
intent inference methods. Tracking filter-based prediction, for in-
stance, with a Kalman filter, although useful for short time periods
ahead of an aircraft, does not address the intent inference problem
when it comes to explaining factors such as avoiding weather, SUA,
and turbulence, which are factors not easily incorporated into the
aircraft equations of motion modeled in most tracking filters. Using
a tracking filter is most applicable when coupled with the intent
inference method as we discuss later in this paper.

The next sections of this paper detail the theory behind intent
inference and the method of path prediction, present some examples,
and state our conclusions.

Intent Inference Theory
Intelligent inference is based on the work of Krozel and

Andrisani.16−18 Our solution incorporates any broadcast or data-link
information from nearby aircraft being tracked. Furthermore, when
domain knowledge data are available, for example, traffic, weather,
terrain, standard terminal arrival routes, and SUA, these data are
taken into consideration in intent models. The intent inference sys-
tem is able to verify that a tracked aircraft is following the broad-
cast intent, and, if the aircraft is seemingly following some other
intent, then it will identify the most plausible intent(s) for the air-
craft being tracked. Finally, the intent inference system uses the
most plausible intent to predict the future path of the vehicle being
tracked.

Basis of Theory
The process of human flight control is analyzed through two the-

ories: control theory and aviation psychology. From control theory,
flying an aircraft incorporates stability, control, guidance, and navi-
gation. From aviation psychology, reasons for making control deci-
sions while flying an aircraft are explained by understanding human
decision-making process.

Consider a closed-loop model for intelligent flight control pos-
tulated by Stengel.19 This model includes sensing, regulation, and
decision making, as in Fig. 2. The sensory inputs to the human are
associated with seeing (states from displays, aircraft out the win-
dow, weather, runways, etc.), feeling (forces felt by the body), and
hearing (sounds correlated with speed, engine noise, and inner ear
effects from gravity)—taste and smell are assumed negligible in the
model. These senses are connected to the brain to influence decision
making. Decision making governs regulation, with neuromuscular
responses driven by learned associations between stimuli and desir-
able actions. Through the decision-making process the pilot plans
and sets goals to form navigation and guidance command inputs.
Such decision making is dependent on the pilot’s knowledge base
of both rules of flight and past experience.

For the aircraft model, navigation, guidance, and control func-
tionality might be supplied by the pilot or by computer-based con-
trol systems (e.g., FMS). For instance, autopilots allow the pilot to
command a constant heading angle or airspeed. The maneuvering



KROZEL AND ANDRISANI 227

precision will differ based on whether flight is performed by a pilot
or by automatic control.

The human decision-making model has a hierarchical structure. In
the inner loops, stability augmentation and reflexive control are per-
formed with fast update rates, perhaps 1–10 Hz. In the outer loops,
guidance and navigation changes can be made every 1–10 min.
The central nervous system supports such a hierarchy for decision
making by providing a structure that includes declarative actions,
procedural actions, and reflexive actions—the basis of the intelligent
flight control system of Stengel.19 In intent inference, this hierar-
chical structure and separation between declarative actions from
reflexive actions are also modeled.

We consider the problem of predicting the intent and path of an
aircraft being tracked by an outside observer. These concepts are
similar but different:

1) Intent inference determines what the tracked vehicle is most
likely attempting to do.

2) Path prediction determines how the tracked vehicle will most
likely accomplish the intent.

The path of an aircraft is directly a result of the control inputs de-
termined by regulation and/or guidance decisions. The pilot intent
is to use guidance and control inputs to follow a flight plan. Intent
inference is related to inferring the declarative and procedural deci-
sions of the pilot, and path prediction is related to inferring the path
that the pilot attains from regulatory and reflexive control inputs.

Because of the hierarchical nature of decision making, navigation
is likely to remain constant for a long time as inner-loop guidance
commands change more frequently. If path prediction is pursued
with very short look-ahead times, for instance 1–5 min, then the

Table 1 Primitive intent models

Primitive intent model description Dimension Period Index

Direct to TCP H Steady state I H = 1
Direct to TCP + 1 H Steady state I H = 2
Direct to TCP + 2 H Steady state I H = 3
Direct to TCP + 3 H Steady state I H = 4
Hold course H Steady state I H = 5
Return to flight leg H Steady state I H = 6
Avoid SUA (horizontal) H Steady state I H = 7
Violate SUA (horizontal) H Steady state I H = 8
Follow jet route (jet route from a database) H Steady state I H = 9
Direct to airport (destination, alternate, or database airport) H Steady state I H = 10
Direct to fix (fix selected from a fix database) H Steady state I H = 11
Direct to navaid (Navaid from a Navaid database) H Steady state I H = 12
Hold coordinated turn (1.5 deg/s or 3 deg/s; left or right) H Transient I H = 13
Avoid aircraft (horizontal) H Transient I H = 14
Violate aircraft protected airspace zone (horizontal) H Transient I H = 15
Avoid weather cell (horizontal) H Transient I H = 16
Hold TCP altitude (altitude given) V Steady state I V = 1
Climb/descend to TCP altitude (climb rate given) V Steady state I V = 2
Hold TCP + 1 altitude (altitude given) V Steady state I V = 3
Climb/descend to TCP + 1 altitude V Steady state I V = 4
Hold TCP + 2 altitude (altitude given) V Steady state I V = 5
Climb/descend to TCP + 2 altitude V Steady state I V = 6
Hold TCP + 3 altitude (altitude given) V Steady state I V = 7
Climb/descend to TCP + 3 altitude V Steady state I V = 8
Return to flight plan altitude V Transient I V = 9
Descend to airport V Steady state I V = 10
Avoid aircraft conflict (vertical) V Transient I V = 11
Violate aircraft protected airspace zone (vertical) V Transient I V = 12
Avoid SUA (vertical) V Transient I V = 13
Avoid weather (vertical) V Transient I V = 14
Hold planned speed S Steady state I S = 1
Return to flight plan speed S Transient I S = 2
Speed to meet required time of arrival restriction S Transient I S = 3
Speed to meet TCP time-to-go (TTG) requirement S Transient I S = 4
Speed to meet TCP + 1 TTG requirement S Transient I S = 5
Speed to meet TCP + 2 TTG requirement S Transient I S = 6
Speed to meet TCP + 3 TTG requirement S Transient I S = 7
Speed to meet miles-in-trail (MIT) restriction S Transient I S = 8
Decelerate to airport S Transient I S = 9
Avoid aircraft protected airspace zone (speed) S Transient I S = 10
Avoid weather cell (speed) S Transient I S = 11

outer-loop navigation commands can be assumed constant. How-
ever, as look-ahead times become longer, for instance, 5 to 20 min,
one should expect that the navigation commands can change, de-
pending on how far along the process the pilot is in terms of follow-
ing the outer-loop logic. Thus, the model used for the path prediction
must adapt to the context set forth by the outer-loop decisions. From
this discussion, the hierarchical structure explains why intent infer-
ence is necessary to do accurate path prediction, especially when
the prediction time is long enough (e.g., over 5 min) to include
declarative or procedural decisions. In our work, we call pilot intent
at the guidance level a “primitive intent” and the pilot intent at the
navigation level a “meta-intent,” as illustrated in Fig. 2.

Intent inference and path prediction are solved simultaneously.
Predicting a pilot’s intent can be abstracted into the process pre-
sented in Fig. 3. Later in this paper, this process is extended to
show how sequences of primitive intent guidance commands can
be linked together to infer navigation tasks and to predict further in
time according to the meta-intent models.

Intent Inference Knowledge Base
Knowledge engineering and operations analysis are used to build

a knowledge base consisting of a set of plausible intent models.
The aircraft flight domain has a rich set of intent models that will

reside in the intent inference knowledge base, including but not lim-
ited to the models listed in Table 1. A database of primitive intent
models holds all of the associated constants and parameters needed
to provide the direction that an aircraft should go given any arbi-
trary set of initial conditions. A unique index is also created to pro-
cess each intent model, although some intent models are relatively



228 KROZEL AND ANDRISANI

Fig. 3 Identifying intent models that best match observed motion.

Fig. 4 Local path correlation—horizontal dimension.

simple, for instance, the model to hold heading, and others are more
complex, for instance, the model to avoid weather. Intent models are
defined for horizontal (H), vertical (V), and speed (S) dimensions;
we use the notation [H, V, S] to refer to these dimensions.

The intent inference knowledge base also requires domain knowl-
edge. Domain knowledge is used to build a situation assessment
model—a map of the situation—which includes the factors that
might influence the pilot’s decision making. Our particular applica-
tion includes inputs from the following:

1) ADS-B20 includes the broadcast of state and intent data in
[H, V, S] dimensions. We focus on a data link, which provides up
to four TCPs, although, in general, the approach also applies to the
case of n TCPs (TCP, TCP + 1, . . . , TCP + n − 1).

2) Flight information services21 includes weather and SUA con-
straints.

3) Onboard databases provide static data, including airport, nav-
igation, SUA, and terrain elevation data.

Intent Correlation
The actions of a decision maker can be observed and analyzed

both locally (instantaneously) and globally (over a time window) in
the [H, V, S] dimensions.

As shown in Fig. 4, the horizontal (H) variables that determine
the local path correlation are a unit vector ψ̂H in the ground track
direction and a unit vector φ̂H in the optimal direction to proceed
according to the horizontal intent model. The local path correlation
is defined by the dot product:

L(t) = ψ̂H (t) · φ̂H (t) (1)

The local correlation will indicate (locally) if the aircraft is heading
toward the direction of the intent model (dot product of 1) or in
some sense opposite of the intent model (dot product of −1). This
dot product acts as a good measure of correlation between the intent
to fly according to the logic of the intent model and the current
aircraft state as indicated by the current ground track.

The global analysis considers the correlation between a history
of state variables with a series of decisions that would support a
consistent intent. For a global correlation ρ, one integrates (sums
up) the local correlation function L over the observed flight-path
data:

ρ(N ) = 1

N

N∑
i = 1

L(i) = N − 1

N

[
ρ(N − 1) + 1

N − 1
L(N )

]
(2)

where at time t = N� (the N th time increment of duration �) the
global correlation is computed from the local correlation function

Fig. 5 Local path correlation—vertical dimension.

L(i). The right side of Eq. (2) represents a recursive form of the
summation. The global correlation has a range: −1 ≤ ρ ≤ 1 for the
horizontal dimension.

As shown in Fig. 5, the vertical (V) variables that determine the lo-
cal path correlation are a unit vector ψ̂V in the direction of the climb
vector ψ̄V from the ground track and a unit vector φ̂V in the optimal
climb direction from the ground track to proceed according to the
vertical intent model. The local path correlation is defined by the
dot product:

L(t) = ψ̂V (t) · φ̂V (t) (3)

The global correlation is defined by Eq. (2); it has a range −1 ≤ ρ ≤ 1
for the vertical dimension.

Instead of a dot product, the speed (S) dimension is processed
with a speed ratio. Let the current aircraft speed be Vactual. Each
intent model dealing with speed will derive an intent speed Vintent.
Both of these speeds will be a function of where the aircraft is on a
path. The local speed correlation is defined by the ratio:

L(t) = Vactual/Vintent (4)

This function will always be positive because speeds are always
greater than zero. Because Eq. (4) can be greater or less than one,
the global correlation will be a number in a range between zero and
infinity, with one indicating that the vehicle has a speed consistent
with the intent model. The global correlation is defined by Eq. (2).

In making this choice for local correlation, we have recognized
that speed is inherently different than the other variables used to
define horizontal or vertical path correlation functions. Speed is a
scalar function, while the quantities used in the horizontal or vertical
path correlation functions were vectors. With vectors, a dot product
is appropriate to capture if two path directions are aligned. With
scalars, the simple division is appropriate to indicate if the scalar is
at or near the intent value. The dot product provides normalization
to ±1. With a scalar there is still a normalization to 1, but the local
correlation can be greater or less than 1 and is always positive.

Weighting Historical Data
In computing global correlation functions in real-world appli-

cations, control over the time history of data is important as well
as the weighting given to past data. Two methods are as follows:
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Fading Memory
Past data points are weighted less and less. The fading memory

factor f ( f = 1 for no fading, 0 < f < 1 for some fading) is used to
exponentially reduce the weighting on past data points:

ρ f (N ) = 1

G N

N∑
i = 1

f N − i L(i) = G N − 1

G N

[
fρ f (N − 1) + L(N )

G N − 1

]
(5)

where

G N =
N∑

i = 1

f N − i = G N − 1 + f N − 1

and initially G1 = 1. A fading memory can be useful, for instance,
in military applications where the intent might be changing quite
frequently.

Moving Window
Only data points between time (N − M + 1)� and N� are in-

cluded in the summation (M terms in the summation).

ρM (N ) = 1

M

N∑
i = N − M + 1

L(i) = N
M

ρ(N ) − N − M
M

ρ(N − M)

(6)
A moving window can be useful, for instance, in ATC, where pilots
hold their intent constant for a considerable amount of time while
flying flight legs.

A general strategy for handling these forms is to compute ρ f (N )
recursively and to store past values in a circular buffer. Then, if
required, the moving window correlation ρM (N ) can be computed
from ρ f (N ) and the stored ρ f (N − M). In this strategy, each intent
model must set up and manage its own circular buffer and compute
its own local correlation function.

Naı̈ve Intent Model
As a default, the naı̈ve intent model is the intent model that is

invoked when all other intent models fail. It is designed to be sim-
ple and robust, applicable to a wide variety of aircraft types, and
essentially, is on all the time ready to provide a simple extrapola-
tion of the observed motion. This model encompasses each of the
three [H, V, S] degrees of freedom. Estimated states from Kalman
filters are the input to this intent model. Redundancy in the estima-
tion results from a bank of six decoupled Kalman filters, exploited
to produce better overall estimates of the aircraft velocity, heading,
and vertical speed. Average quantities form the basis of a straight-
line prediction algorithm. The prediction time is set to Tp seconds
ahead (a user-defined parameter). The prediction time is fairly short
(typically 30 s) because the model is so simple. Acceleration terms
(second derivative terms) are ignored in the prediction, because the
estimated acceleration terms should be highly sensitive to noise and
thus not useful for long-term trajectory prediction. The purpose of
the naı̈ve intent model is to provide a straight-line prediction of the

Fig. 6 Meta-intent models transition between sets of requirements.

aircraft motion in the worst case that no other primitive intent or
meta-intent model explains the motion of the aircraft. Primitive and
meta-intent models are described next.

Primitive Intent Models
The local and global correlation functions operate on a compari-

son between the aircraft state data and intent models. Table 1 lists the
primitive intent models that have been implemented. Each primitive
intent model returns a heading, climb rate, or speed that the aircraft
would most likely be using if the pilot were attempting to follow
the logic of the primitive intent model. Although space limitations
do not permit a full description of all of the primitive intent models
implemented, an example primitive intent model is presented in the
Appendix to illustrate how they are designed.

Next, to identify which primitive intent model best correlates
with the observed aircraft motion, ranking functions are imple-
mented. Ranking functions rank the global correlation results for
each [H, V, S] dimension. All of the primitive intent models are
compared to one another:

1) Horizontal: All horizontal intent model outputs are ranked at
time t = i� according to

ρH
Best(i) = max

[
ρH

1 (i), ρH
2 (i), . . .

]
(7)

2) Vertical: All vertical intent model outputs are ranked at time
t = i� according to

ρV
Best(i) = max

[
ρV

1 (i), ρV
2 (i), . . .

]
(8)

3) Speed: The aircraft is said to be exhibiting this intent if the
speed ratio correlation function is close to 1. Closeness to 1 is ranked
highest, and so the ranking function involves the subtraction of 1
and the application of the absolute value. All speed intent model
outputs are ranked at time t = i� according to

ρS
Best(i) = 1 + min

[∣∣ρS
1 (i) − 1

∣∣, ∣∣ρS
2 (i) − 1

∣∣, . . . ] (9)

Note that the horizontal correlation functions, vertical correlation
functions, and speed ratio correlation functions used in Eqs. (7–9)
can take any of the forms ρ( ), ρ f ( ), or ρM ( ). In the event of a tie,
we give preference to an intent model that is associated with TCP
first, then TCP + 1, then TCP + 2, etc.

Meta-Intent Models
Simply comparing (ranking) primitive intent models results in

an inferred intent that is based on guidance information only (refer
back to Fig. 2). The purpose of creating meta-intent models is to con-
sider navigation information, which involves a sequence of guidance
tasks. Additionally, these navigation tasks can couple [H, V, S] de-
cisions in the meta-intent logic. A sequence of meta-intent required
state transitions Ti are identified to correlate a meta-correlation, as
illustrated in Fig. 6.

As an example, a meta-intent model for flying a flight plan would
involve the primitive intent models in the sequence identified in
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Fig. 7 Meta-intent model for fly flight plan.

Fig. 7. The and condition indicates that all three dimensions must
be matched in order for the meta-intent model to correlate with the
observed data. Later, a predicate logic will be described so that and
and or conditions can be considered when constructing meta-intent
models.

Next, a notation system is introduced for reasoning about prim-
itive intent models and meta-intent models. A meta-intent model
is defined by a sequence of requirements R j . Given a meta-intent
model with the following sequence of R j ,

R1 = [
I H

1 I V
1 I S

1

] → R2 = [
I H

2 I V
2 I S

2

]
→ R3 = [

I H
3 I V

3 I S
3

]
. . . (10)

I H
j with j = 1, 2, 3, . . . identifies the name or intent model index of

one of the horizontal primitive intent models, defined as the j th hor-
izontal meta-intent model requirement. For instance, I H

1 = “Direct
to TCP + 1,” or equivalently I H

1 = 2 according to Table 1. Simi-
larly for the vertical intent I V

1 = “Avoid Weather Cell (Vertical),”
or equivalently I V

1 = 14, and for speed intent I S
1 = “Hold Planned

Speed” or equivalently I S
1 = 1. In the sequence just given, the meta-

intent model requirement denoted R1 (which includes simultaneous
primitive intent model requirements for I H

1 and I V
1 and I S

1 ) needs
to be followed by R2, which needs to be followed by R3 for this
meta-intent model. The indexes of the [H, V, S] dimension prim-
itive intent models are denoted: 1) kth horizontal primitive intent
model index I H = k, where k = 1 through 16; 2) lth vertical primi-
tive intent model index I V = l, where l = 1 through 14; and 3) mth
speed primitive intent model index I S = m, where m = 1 through 11.
The aforementioned examples for R1 = [I H

1 I V
1 I S

1 ] can be sum-
marized using the notation of the primitive intent model indexes as
R1 = [“Direct to TCP + 1,” “Avoid Weather Cell (Vertical),” “Hold
Planned Speed”] or with the notation R1 = [2 14 1].

As time moves forward, the global correlation functions are com-
puted for each primitive intent model and ranked (Fig. 3). At any
time denoted with index i , the [H, V, S] primitive intent models with
the best global correlation functions are denoted I H

Best(i), I V
Best(i), and

I S
Best(i). For example, if “Direct to TCP + 1” is the best primitive

intent model at time i then I H
Best(i) = 2.

The value of the primitive global correlation function is a function
of the primitive intent model index I and the time index i . Two ways
to represent this are possible as in the examples:

1) ρS
2 (i) = ρ(I S = 2, i) represents the global correlation value for

“return to flight plan speed” requirement at time i .
2) ρS

Best(i) = ρ[I S
Best(i), i] represents the global correlation value

for the best speed primitive intent model at time i .
Both notations are used in the following text depending on con-

venience.

Local Meta-Correlation
Ideally, we would like the best (highest ranked) primitive intent

model to perfectly match the requirement of the meta-intent model
in all of the [H, V, S] dimensions. But what if the requirement
is met by the primitive intent model that ranks second highest?

The “match” condition takes this into consideration by creating a
comparison between the requirement in the meta-intent model and
the relative ranking of the primitive intent models. Two key factors
are considered:

1) Highest ranking primitive intent: The highest ranking primi-
tive intent models for the [H, V, S] dimensions are determined by
Eqs. (7–9), respectively, at time i .

2) Ranking relative to the meta-intent requirement: Given re-
quirement R1 = [I H

1 I V
1 I S

1 ], then the local meta-correlation M1(i)
equals zero if any winning intent model is naı̈ve (that is, the win-
ning intent model does not exceed a minimum threshold, e.g., 0.90);
otherwise

M1(i) = 1

3

{
ρ
(

I H
1 , i

)
ρ
[

I H
Best(i), i

] + ρ
(

I V
1 , i

)
ρ
[

I V
Best(i), i

] + ρ
[

I S
Best(i), i

]∣∣ρ(
I S

1 , i
)− 1

∣∣+ 1

}
(11)

Note: The local meta-correlation M(i) collapses the three-
dimensional [H, V, S] requirements of a meta-intent model into
a scalar, that is, ρ(I H

1 , i), ρ(I V
1 , i), ρ(I S

1 , i) → M(i). Also, if there
is “No Requirement” in any of the [H, V, S] dimensions, then the
local meta-correlation M(i) should use 1.0 for the H, V, or S term
inside Eq. (11).

3) Or logic in a meta-intent requirement: The logic for the
meta-intent model requirement Ri can contain an or condi-
tion in a [H, V, S] dimension. For example, given requirement
R1 = [(2 or 4 or 6), (1 or 5), (3 or 7)] we could write this as R1 =
[(2, 4, 6), (1, 5), (3, 7)] = [(I H

1,1, I H
1,2, I H

1,3), (I V
1,1, I V

1,2), (I S
1,1, I S

1,2)].
The requirement is carried through in the meta-intent correlation as
follows:

a) If R1 contains an or in the H dimension, for example, primitive
A or B, then use the following term in the meta-intent correlation
for the H dimension:

max
[
ρ
(

I H
1,1, i

)
, ρ

(
I H

1,2, i
)]

ρ
[

I H
Best(i), i

]
b) If R1 contains an or in the V dimension, for example, primitive

A or B, then use the following term in the meta-intent correlation
for the V dimension:

max
[
ρ
(

I V
1,1, i

)
, ρ

(
I V

1,2, i
)]

ρ
[

I V
Best(i), i

]
c) If R1 contains an or in the S dimension, for example, primitive

A or B, then use the following term in the meta-intent correlation
for the S dimension:

ρ
[

I S
Best(i), i

]
min

[∣∣ρ(
I S

1,1, i
) − 1

∣∣, ∣∣ρ(
I S

1,2, i
) − 1

∣∣] + 1

Given these individual conditions, the local meta-correlation is
computed:

M1(i) = 1

3

{
max

[
ρ
(

I H
1,1, i

)
, ρ

(
I H

1,2, i
)
, ρ

(
I H

1,3, i
)]

ρ
[

I H
Best(i), i

]
+ max

[
ρ
(

I V
1,1, i

)
, ρ

(
I V

1,2, i
)]

ρ
[

I V
Best(i), i

]
+ ρ

[
I S

Best(i), i
]

min
[∣∣ρ(

I S
1,1, i

) − 1
∣∣, ∣∣ρ(

I S
1,2, i

) − 1
∣∣] + 1

}
(12)
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Global Meta-Correlation
Global meta-correlation is a path correlation in the [H, V, S] di-

mensions that correlates a sequence of primitive intent models with
meta-intent model state transitions Ti . Recall that the basic recur-
sive form of the global correlation function ρ(N ) is computed from
Eq. (2). Because our pilot decision-making model is hierarchical, we
re-use this equation format for the meta-global correlation function
P( ) as follows:

P(N ) = 1

N

N∑
i = 1

M(i) = N − 1

N

[
P(N − 1) + 1

N − 1
M(N )

]
(13)

where M( ) is the local meta-correlation function. The local meta-
correlation M(i) and global meta-correlation P(i) are purposely
defined to be analogous to the local correlation L(i) and the global
correlation ρ(i). Fading memory and moving window functions
can also be defined as analogous to the local and global correlation
functions defined earlier.

The process for computing the global meta-correlation considers
two models: 1) a singleton (R1 is not followed by any other require-
ment) and 2) a sequence of requirements (R1 → R2 → · · ·). In both
of these cases, we rely on a requirement Ri to match the meta-intent
model with sufficient strength [level of correlation P( ) of 0.90 or
above] as well as to match consistently [k consecutive times (k = 5)];
otherwise, we consider the situation weakly correlated or noisy.

A comparison between P(i) for the meta-intent models selects
and outputs the best global meta-intent model at time increment i
that explains the intent of the aircraft. If no result has a high enough
correlation, then no result is output. In this case, the best primitive
intent models can be output for that instant of time. If no primitive
intent model is ranked high enough, then the naı̈ve intent predictor
is invoked (a straight-line prediction is made based on the best state
estimate for the tracked aircraft).

Prediction Theory
Prediction is based on three cases: 1) naı̈ve intent, 2) primitive

intent, and 3) meta-intent.

Naı̈ve Predictor
If there is not sufficient evidence (i.e., a global correlation value

above 0.9) that a primitive intent or meta-intent model can match
the observed motion, then the naı̈ve predictor is used. As described
earlier for the naı̈ve intent model, a suite of Kalman filters is used
to predict to a short time period Tp (30 s in our applications) ahead
of the vehicle using a straight-line prediction.

Primitive Intent Predictor
If there is not sufficient evidence that a meta-intent model can

match the observed motion, yet there is sufficient evidence (i.e., a
global correlation value above 0.9) for a match of a [H, V, S] primi-
tive intent, then the primitive intent predictor is used. The primitive
intent predictor extends a straight-line prediction out as far as pos-
sible. For example, prediction for the “Avoid Weather Horizontal”
primitive intent will extend a straight line out to the corner of a haz-
ardous weather cell, but will not be able to “turn around the corner.”

Meta-Intent Predictor
If there is sufficient evidence (i.e., a global correlation value above

0.9 and k consecutive matches of the requirement R) that a meta-
intent model can match the observed motion, then the meta-intent
predictor is used. Recall that meta-intent models include a sequence
of requirements R j , for example, R1 → R2 → R3. In this case, the
process of matching the meta-intent model can be at any of the
following stages:

1) R1 is matched, and R2 → R3 remains; the prediction includes
the primitive intent prediction to finish R1 and then the navigation
through the remaining R2 → R3 navigation.

2) R1 → R2 is matched, and R3 remains; the prediction includes
the primitive intent prediction to finish R2 and then the navigation
through the remaining R3 navigation.

3) R1 → R2 → R3 is matched; the prediction includes the primi-
tive intent prediction to finish R3.

In general, the meta-intent logic is used to guide the intent in-
ference prediction forward in time based on TCPs or the terminal
conditions of the meta-intent requirements. Note that the primitive
intent model predictors can be iteratively invoked to predict forward
in time.

Examples
Primitive Intent Example

A total of 41 primitive intent models (see Table 1) compete to
explain the motion of an aircraft in each of the [H, V, S] dimensions.
Discrete intent inference equations are applied with a 1-s update rate
for aircraft state data and a 1-min update rate for weather cell motion.
As illustrated in Fig. 8, an aircraft is flying around a hazardous
weather cell while holding altitude. Intent inference does not assume
that the aircraft will avoid weather until the pilot actually begins to
turn to avoid weather. Thus, initially, even though the predicted
path (dashed line) passes through hazardous weather, the prediction
is directly to the TCP. While the aircraft is avoiding the weather cell,
the predicted “go to” point moves with the weather cell—it is not a
stationary point. Primitive intent predictions do not extend around
the corner of the weather cell until the aircraft actually turns around
the corner of the weather cell.

Figure 9 demonstrates the ranking of horizontal primitive intent
models for this example. The global correlation value for a moving
window history [Eq. (6)] is plotted as a function of time. At each
instant of time, the maximum global correlation value for each intent
model is compared, and the highest ranking, according to Eqs. (7–9),
determines the predicted intent. These predicted intent outputs are
labeled at the top of Fig. 9. In the case of a tie, preference is given
to Go To TCP, as is the case initially.

Meta-Intent Example
Continuing on with the preceding example, meta-intent models

are added to the intent inference algorithm to further explain the
motion of the vehicle. The two key meta-intent models in this ex-
ample are the “Fly Flight Plan” meta-intent model (Fig. 7) and the
“Avoid Weather and Return to Flight Plan” meta-intent model, as
illustrated in Fig. 10. The meta-intent requirements are used in the
path prediction, as shown in Fig. 11, to extend the tactical predic-
tion made by the primitive intent models to extend further out in
time by exploiting the logic of the meta-intent model requirements.
Thus, the “Fly Flight Plan” meta-intent model allows the predictor
to extend the prediction from TCP to TCP + 1 · · · to TCP + n. The
“Avoid Weather and Return to Flight Plan” meta-intent model as-
sumes that the pilot will return to the flight plan because the pilot
started on the flight plan prior to weather avoidance.

Application
This theory was first applied to real-time data from today’s ATC

system and second to a simulated free-flight environment represent-
ing a possible future application.

Real-world data were used to compare the output of intent in-
ference algorithms to the intent revealed through pilot-controller
communications at the Chicago Air Route Traffic Control Cen-
ter, otherwise called Chicago Center (ZAU). An on-site visit to
ZAU was performed in September 2002, to observe how pilots and
controllers interact in the transition airspace leading to and from
Chicago O’Hare International Airport (ORD). Weather was in the
vicinity of the airport causing aircraft to request deviations around
hazardous weather cells. The precise date and aircraft call sign are
removed in these data to eliminate the implication of any perfor-
mance evaluation of the pilot or controller. Table 2 shows the dialog
between pilot and controller taken from ZAU voice recordings; time
stamps on the ZAU recordings provided Zulu Time (an absolute
standard). Aircraft track data at a 1-min update rate were retrieved
from the Federal Aviation Administration (FAA)’s Enhanced Traffic
Management System data source. Weather data at a 5-min update
rate were recorded from the National Convective Weather Diagnos-
tic data from the National Weather Service.
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Fig. 8 Primitive intent models explain pilot intent.

Fig. 9 Global correlation values ranked determine horizontal primitive intent.

Table 2 Pilot-controller dialog

Zulu time Dialog Speaker

21:41:10 Would like to deviate right of course Pilot
for weather

21:41:16 Course approved, BEARZ O’Hare when able Controller
21:41:18 Descend to flight level 190, speed of 280 kn Controller
21:44:15 Descend to 1-7000 Controller
21:41:16 (Repeat) descend 1-7000 Controller
21:41:18 Descend and maintain 1-1000 as soon Controller

as you can turn left 270, do so
21:44:15 Negative on the 270 down to 1-1000 Pilot

we can come left a little bit
21:41:16 As left as possible and as soon Controller

as you can fly 270 do so
21:41:18 {Call sign omitted} is on a 270 heading Pilot
21:44:15 On a 270 heading intercept 130 radial Controller

O’Hare and fly inbounds
21:41:16 Contact Chicago approach Controller

Figure 12 illustrates a comparison between the pilot-controller di-
alog and intent inference results time synchronized along an aircraft
trajectory. Initially, the pilot is flying a direct-to route to the OXI fix.
Next, when the pilot requests to make a deviation for weather, the
controller approves the request, and the intent inference algorithm
detects a weather deviation intent approximately 60 s later. Later,
the controller requests the pilot return to the flight plan as soon as
possible, and within 20 s the intent inference algorithm reports a
return to flight plan intent. Although these results are dependent
on the chosen algorithm parameters (in particular, a 0–10 n mile
expected clearance around hazardous weather and a 45-deg angle
of return to flight plan), they support a proof of concept for intent
inference. A formal validation of the concept would require an oper-
ational assessment with many scenarios comparing and contrasting
the various intent models to real-world data and possibly pilot and
controller interviews.

Figures 13–15 demonstrate meta-intent prediction based on real-
world aircraft and weather data of Fig. 12. Figure 13 shows the
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Fig. 10 Avoid weather and return to flight plan meta-intent model.

Fig. 11 Meta-intent models explain pilot intent.

Fig. 12 Intent inference results compared to pilot-controller dialog.
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Fig. 13 Meta-intent prediction for direct to TCP + 2 then follow flight plan.

Fig. 14 Meta-intent prediction for avoid weather then follow flight plan.

Fig. 15 Meta-intent prediction for return to flight plan.

present location of the aircraft with the aircraft symbol. The air-
craft has skipped TCP + 1 and appears to be heading to TCP + 2.
The meta-intent model for flying the points TCP → TCP + 2 →
TCP + 3 → TCP + 4 is invoked. The meta-intent prediction (dashed
line) shows the aircraft moving from its present location directly
to TCP + 2, then to TCP + 3 and to TCP + 4. Figure 14 shows
what happens when the aircraft deviated from its flight path to
avoid weather. The meta-intent for avoiding a weather cell is in-
voked. The meta-intent predictor determines that the aircraft will
move toward the corner of the weather cell, turn the corner,
and return to its broadcast flight path (i.e., TCP + 3 → TCP + 4).
Figure 15 shows that the aircraft is returning to its broadcast
flight path but takes a path that that skips TCP + 3. The meta-
intent predictor places the aircraft on a trajectory that intercepts
the flight path between TCP + 3 and TCP + 4 on a 45-deg intercept
angle.

For a future free-flight system, a series of 19 movies were created
and shown to two current commercial airline pilots (9 and 13 years
commercial experience) to discuss intent inference results. Although
this is a weaker test than the previous pilot-controller dialog proof
of concept, it was necessary to test out scenarios that could not
be observed in real-world on-site observations. For instance, in the
case of flying around SUA, the “violate SUA” intent model can
be easily tested in simulation but would be difficult to find a real-
world example. Movies were created by simulating the flight of
one or more aircraft using a 6-degrees-of-freedom simulator (B-747

aircraft); 1-s ADS-B updates were simulated with 1-min weather
updates.

The general feedback from the pilot critique was positive. Minor
problems were identified with primitive intent models; however, the
pilots generally believed that the approach taken to intent inference
was a solid baseline for modeling aircraft path behavior.

Conclusions
We present a method for inferring the intent of a pilot in real-

time given aircraft and weather state information, domain knowl-
edge (e.g., standard terminal arrival routes and jetways, special-use
airspace region boundaries, and navaid locations), and broadcast in-
tent information (e.g., TCP or waypoint information from a flight
plan). Domain knowledge is used to build plausible models of intent
in the horizontal, vertical, and speed dimensions, and through cor-
relation measures the models of intent are ranked based on data that
supports the plausible models of intent. In each of the horizontal,
vertical, and speed dimensions, the highest ranking models of in-
tent from the set of plausible models constitute the best estimate of
the intent of the aircraft. Sequences of primitive intent matches are
considered to infer a navigation task intent. This technique can be
used for conformance monitoring of aircraft motion compared to the
intent, or it can be used to infer an intent when there is no intent infor-
mation available. Our method was tested using recorded data from
today’s air-traffic control system and was favorably evaluated by two
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Fig. A1 Avoid constraint region (SUA example).

current commercial airline pilots. Simulated real-time results show
that our method can determine the pilot’s intent (e.g., avoid weather)
and produce a long-range trajectory predictions (10–12 min ahead)
based on that inferred intent (e.g., fly around the weather and then
return to the flight plan).

Appendix: Example Primitive Intent Model
A total of 41 primitive intent models was created. This Appendix

demonstrates one such intent model “Avoid SUA (Horizontal).” The
model ignores the vertical dimension [“Avoid SUA (Vertical)” mod-
els the vertical dimension]. The algorithm is stated in terms of avoid-
ing a single nonmoving polygon constraint region; if more than one
constraint region is present, the algorithm does not solve the cou-
pled problem, rather, each constraint region is investigated sepa-
rately (thus, we are not considering the possibility that a constraint
region might be immediately behind another constraint region).

Let the aircraft position be pac = (xac, yac), and the constraint
region C = c1, c2, . . . , cn be defined by a set of polygon vertices
c1, c2, . . . , cn . Two cases are of interest, as illustrated in Fig. A1.

Case 1
Aircraft is inside the SUA. In this case, we assume that the aircraft

has no intention of avoiding the SUA;φ= −1 is returned to indicate
there is no intent to avoid the SUA.

Case 2
Aircraft is outside the SUA. In this case, we assume that the air-

craft is going to fly to one of two common tangent points to the SUA
in order to avoid the SUA: 1) the left common tangent between the
aircraft and the SUA and 2) the right common tangent between the
aircraft and the SUA. A standard computational geometry algorithm
is used to identify the left and right common tangent points between
the aircraft position and the polygon. Given the aircraft position
(xac, yac), we determine the left and right common tangent points
cL and cR . The points cL and cR are used to define the left potential
direction of intent and the right potential direction of intent:

φ̂L = cL − pac

‖cL − pac‖ (A1)

φ̂R = cR − pac

‖cR − pac‖ (A2)

Next, compare the left and right common tangent point direc-
tions to the current track direction, and return the common tangent
point direction that is closest to the current track direction. The
local correlation is computed for the left L(i) = ψ̂ · φ̂L and right
L(i) = ψ̂ · φ̂R common tangent points, returning the higher of these
two correlations.

Prediction involves determining the heading angle �p from the
aircraft position pac to the common tangent point (cL or cR) and the
range Rh from pac to the common tangent point. Prediction to range

Rh is accomplished with the following equations:

XPredict = xac + Rh sin �p (A3)

YPredict = yac + Rh cos �p (A4)

Because the aircraft has been determined to be traveling to the com-
mon tangent point but the path after this point is unknown, it is
not reasonable to predict beyond the common tangent point unless
meta-intent prediction logic is used to identify where the prediction
should extend.
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