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Conformance monitoring in air traffic control is an approach that is used to detect any deviations of the aircraft
fromits cleared (or planned) flight path that might compromise safety and efficiency. This task is made difficult by the
fact that some deviations are normally expected of a conforming aircraft due to uncertainties. In this paper, a
conformance monitoring algorithm that uses a stochastic linear hybrid system model is proposed. The stochastic
linear hybrid system model divides the aircraft dynamics into a number of flight modes and is able to describe the
random deviations in (conforming) aircraft trajectories. The detection of any nonconforming trajectories is
determined by a fault detection technique. First, a hybrid estimation algorithm is used to estimate the hybrid state of
the stochastic linear hybrid system and generate a residual vector based on the measurements. The statistical
characteristics of the residual expected of a conforming aircraft are derived. Then, a statistical decision test is used to
detect any deviation of the observed residual from the expected residual. Two illustrative examples are presented to
demonstrate the performance of the proposed algorithm.

I. Introduction

ONFORMANCE monitoring in air traffic control (ATC) is an

approach that is used to monitor and detect any deviations of an
aircraft flight path from the assigned flight plan that might com-
promise safety or efficiency [1]. The Federal Aviation Agency has
projected that, by the year 2025, the number of aircraft passengers
may increase two to three times [2]. A new concept of opera-
tion, known as the Next Generation Air Transportation System
(NEXTGEN), has been proposed to meet these challenges [3]. The
proposed concept of operation has identified major changes in areas,
such as air traffic management, air traffic surveillance, and system
infrastructure. Under the NEXTGEN, a larger number of aircraft are
expected to operate with reduced separation thresholds between
aircraft within a given airspace. The new concept of operation also
allows aircraft the flexibility of changing flight routes (or flight plans)
in response to changing conditions [4,5]. Furthermore, the respons-
ibility of ensuring safe separation may be delegated to individual
aircraft. With these changes, it would be important to have a confor-
mance monitoring tool for monitoring the aircraft movements.
Currently, the task of conformance monitoring is performed by air
traffic controllers by comparing the estimated aircraft position,
heading, speed, etc. (computed with observed aircraft positions from
radar surveillance) with those expected based on clearances or flight
plans. If the differences between the observed and expected positions
exceed some allowable deviations, nonconformance can be deter-
mined [1]. Because of many other tasks required of an air traffic
controller, this method does not necessarily give the performance that
may be required in the future with higher traffic levels, and hence a
decision support algorithm may be beneficial. The conformance
monitoring task will be even more difficult in future ATC operations.
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Apart from the more complex operating scenarios, different aircraft
will have very different navigation capabilities, due to the different
levels of equipment onboard. Therefore, there is a need to investigate
conformance monitoring tools that are capable of addressing both
complex air traffic operations and various levels of navigation
uncertainties.

There are some recent research interests on conformance moni-
toring, due to the increased demand for higher capacity in the
National Airspace System [1,6,7]. Brinton and Atkins have analyzed
the performance of a prototype algorithm on taxi conformance
monitoring, with an emphasis on the possibility of improving the
existing conformance monitoring algorithms to increase safety and
reduce the controllers’ workloads [7]. Reynolds and Hansman have
proposed a conformance monitoring scheme, based on fault detec-
tion techniques, by testing the conformance residuals (CRs) gene-
rated (based on the difference between the observed and expected
state values of an aircraft [1,6]). Their work focuses on investigating
issues that arise in applying the conformance monitoring scheme to
different operational scenarios. They have identified and illustrated
several challenges in aircraft conformance monitoring due to
uncertainties in aircraft trajectory deviations. For example, the CRs
of a conforming aircraft could be very large due to uncertainty at a
waypoint transition, and this results in a higher false alarm rate
(FAR), given the mean detection delay. Thus, there is still much work
to be done to improve the performance of existing conformance
algorithms, such as to achieve a rapid detection of nonconformance
during waypoint transitions.

In this paper, motivated by the work of Reynolds and Hansman [1],
a conformance monitoring algorithm, based similarly on a fault
detection concept, is proposed. The general idea of the conformance
monitoring scheme is illustrated in Fig. 1. Here, the actual system
represents the dynamics of an aircraft, and the measurements are its
observed trajectory. The model of the system describes the expected
behavior of a conforming aircraft. In practice, for ATC applications,
the command input is not known exactly, but it can be inferred from
flight plan and clearance information. The conformance monitoring
algorithm is implemented as a fault detection function, which con-
sists of a residual generation scheme and a decision making scheme.
The residual generation scheme generates a vector known as the
residual, which is used to test for conformance or nonconformance
by the decision making scheme. The contributions of this paper are:
1) the development of an effective residual generation scheme that
generates a residual with zero mean when the observed aircraft
trajectory conforms to our aircraft dynamics model; 2) the derivation
of approximate statistical characteristics of the residual, which
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Fig. 1 Model-based fault detection concept.

facilitates the implementation of the statistical decision making
algorithm; and 3) the use of a model that can accurately represent the
aircraft dynamics, as well as its navigation errors, flight plans, and air
route structures. In most other conformance monitoring algorithms,
such as that in Reynolds and Hansman [1], the aircraft model
assumes that aircraft follow the planned flight paths without any
navigation errors. To account for navigation uncertainties, these
algorithms use higher detection thresholds during decision making,
and this will result in higher detection delays. Our aircraft model
includes a description of aircraft navigation uncertainties about flight
plans or standard air routes. These uncertainties may be determined
based on the required navigation performance (RNP) for current
ATC operations, or based on the aircraft navigation capabilities
in the NEXTGEN. As a result, our conformance monitoring
algorithm uses smaller detection thresholds and yields smaller detec-
tion delays, compared with algorithms that do not account for the
aircraft navigation uncertainties directly. The proposed algorithm
could be applied to current ATC scenarios with radar surveillance
systems, as well as future ATC scenarios, with measurements
reported by automatic dependent surveillance-broadcast (ADS-B)
systems.

This paper is organized as follows. Section II presents the aircraft
model, which is used to describe the trajectory of a conforming
aircraft. The aircraft model is a hybrid system that consists of both the
continuous state (e.g., aircraft positions) and the discrete state (or
flight modes). Section III presents the conformance monitoring
algorithm, which consists of the residual generation scheme and the
decision making scheme. Approximate statistical characteristics of
the residual are derived to facilitate decision making. In Sec. LV,
two simulation examples are presented to illustrate the performance
of the proposed algorithm and compared with other conformance
monitoring algorithms. The scenario in the first example involves
a waypoint transition in a horizontal plane, and the other involves
an altitude transition in the vertical plane. These scenarios illustrate
the challenges in conformance monitoring due to uncertainties in
aircraft operations. The simulation results validate that the proposed
algorithm yields small detection delays with low given FARs in such
challenging scenarios. Conclusions are given in Sec. V.

II. Aircraft Model

The dynamics of the aircraft are modeled as a stochastic linear
hybrid system (SLHS), which consists of both the continuous state
and the discrete state. The continuous state describes the aircraft
position, velocity, etc., and the discrete state describes the aircraft
flight modes, such as constant velocity (CV), coordinated turn (CT),
etc. The continuous state dynamics and measurements of the SLHS
model are given by

x(k) = A x(k — 1) + wyu (k) (1)

2(k) = Cypx(k) + vy (k) 2)

where x(k) € R" is the continuous state; z(k) € R? is the mea-
surement vector; g(k) € {1, 2, ..., n,} is the discrete state or flight
mode at a given time k; w, (k) and v, (k) are white Gaussian noise
with zero mean and covariances Q,, and R, respectively;and A, B,
and C, are the state space matrices corresponding to each flight

mode. The measurement model in Eq. (2) can describe different
levels of surveillance quality. For example, in Sec. IV, two different
measurements models are considered: one assumes the radar
measurements for current ATC scenarios, and one assumes the ADS-
B data for future ATC scenarios.

The hybrid (or multiple model) system in Egs. (1) and (2) has been
used in various ATC applications [§—11]. In those papers, the flight
mode transitions are assumed to be a Markov chain with constant
probabilities of mode transitions that are independent of the contin-
uous state. This assumption is not good for conformance monitoring
applications. The task of conformance monitoring is to detect any
deviations of an aircraft trajectory from its planned flight path,
usually specified by a set of waypoints. Hence, it is necessary to
model how the aircraft flight mode is expected to change in relation
to, say, its position or distance (i.e., continuous state) from a given
waypoint. Therefore, a more accurate model is needed to describe
the aircraft mode transitions, which are dependent on flight plan
and/or air route structure.

In this paper, we use an aircraft model proposed in our earlier
work, which describes the flight mode transitions based on a set
of stochastic guard conditions [12]. These guard conditions can be
formulated, based on a given flight plan (or a set of waypoints) of the
aircraft to describe the expected aircraft dynamics. The probabilities
of flight mode transitions, which are dependent on the continuous
state, can then be derived from the stochastic guard conditions.

It is modeled that a flight mode changes from g(k—1) =i
to q(k) = j if a guard condition G(i, j) is satisfied, where G(i, j)
is given by

G(i, j)={[x O] IL.yx+ L0 <0} 3)

where L, ;; € R""and Ly;; € R™ are constant matrices, and 6 € R*
is a random vector with probability density function (PDF):

plo] = N (6; 6, Zy) )

We will see later that the random vector 6 is used to describe the
random deviations of the aircraft flight trajectories due to navigation
uncertainties. The mean 6 can be determined based on the nominal
flight path along the given flight plan or air route structure, and the
covariance X, can be determined based on RNP or the navigation
capabilities of the aircraft. Thus, the flight mode evolution is
described by

q(k) = ylg(k— 1), x(k — 1), 0] ©)
where y: Q X X x ® — Q is the mode transition function defined as
v, x, 0)=j 6

[xT 07" € G(i, ))

Note that Pr[A] denotes the probability of an event A. The
continuous-state-dependent mode transition probability is then given
by [13]:

m;j(k—1): Prig(k) = jlg(k—1) =i, x]
= PrlL,;jx(k—1) + Ly;;0 < O0lx(k — 1) = x]
= q>l(LH,ijé + Lx,ijx’ Lﬂ,ijEQLg,-_,-) (7
where ®,(u, X) is the I-dimensional Gaussian cumulative density
function (CDF), with a mean of i and a covariance of X, defined as
follows.

Definition: Suppose y is an /-dimensional Gaussian variable with a
mean of u and a covariance of X:

@, (u, ): Prly = 0]

Methods to compute the Gaussian CDF are discussed in our earlier
paper [13] and the references therein.
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Fig. 2 An aircraft moving along a planned flight route.

Example: The following example illustrates the flight mode
transition model. It is assumed that an aircraft is following a standard
flight route in a horizontal plane, as shown in Fig. 2. The flight route
consists of two straight legs intersecting at a waypoint W,. The air-
craft dynamics are modeled as consisting of two flight modes:
a CV mode and a CT mode. Along the standard flight route, the
aircraft would start to turn (which corresponds to mode transition
CV — CT) at the flight-trajectory change point F CP,, and complete
the turn (which corresponds to mode transition CT — CV) at
FCP,,. The points FCP, and FCP,, are computed-based on a
nominal turn radius (or turning rate of 1.5 deg /s). In practice, the
points at which the aircraft starts to turn (or completes a turn) would
deviate when the turn radius is different. We will discuss how this
deviation is modeled in the latter part of this section. First, consider
the mode transition when the aircraft is approaching FCP,y. The
distance dy; is defined to be the distance of the aircraft from W,,,
projected along the direction of the first leg B,. The distance is
given by

dg = (§ — &) cos(By) + (1 — Nyer) sin(By) 3)

where (£r, Nyr) are the coordinates of W,. Also, let d} be the
distance of FCP ), from W, along the direction ;. Then, the aircraft
would start to turn when the guard condition d;; < d7 is satisfied, or

[cos(ﬁl) 0 sin(8)) 0 O 0]x—91§0 9)

where 91 = dT - ‘i:ref COS(:BI) — Tref Sin(IBl)'
In practice, the trajectory of a conforming aircraft could deviate

from the nominal one due to navigation uncertainties, as illustrated
in Fig. 3. To account for the uncertainties, the parameter d; (or 6,) in
the guard condition is considered to be a random Gaussian variable.
The mean of 6, is chosen, based on the nominal flight path, and its
covariance is chosen to describe the expected deviations of typical
aircraft trajectories, based on RNP or the aircraft navigation capab-
ilities. This stochastic flight mode transition model differentiates the
normal deviations for aircraft trajectories due to navigation uncer-
tainties from those due to nonconforming actions, and hence helps to
reduce the FARs and the mean detection delays.

Similarly, the distance d,, is defined as the distance of the aircraft
from W, projected along the direction of the second leg f8,, and d is
defined as the distance of FCP,, from W, along the direction §,.
When the aircraft is approaching FCP,,, it is modeled that the flight
mode switches from CT — CV when d,, > d, or

[—cos(ﬁz) 0 —sin(8;) 0 O 0]x+92§0

where 0, = dj — &.; cos(B,) — Nt sin(B,). Again, 6, is considered
as a random variable to account for navigation uncertainties.

15 T T T T
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Fig. 3 A typical aircraft deviation from a standard flight route due to
navigation uncertainties.

Thus, in general, the covariance ¥, in Eq. (4) describes the
random deviations of typical flight profiles from the nominal, due
to variations in aircraft turn radius, navigation uncertainties, etc.
It could be determined, based on the RNP for current operations or
based on the aircraft navigation performance for performance-based
operations under the NEXTGEN. It has been shown in our earlier
work that other aircraft flight trajectories, such as landing or takeoff
profiles, can also be modeled using the mode transition model in
Egs. (3-6) [12].

III. Conformance Monitoring

As discussed in Sec. I, the conformance monitoring algorithm
consists of a residual generation scheme and a decision making
scheme. The residual generation scheme design is based on a hybrid
estimation algorithm, known as the state-dependent transition hybrid
estimation (SDTHE) algorithm, proposed in our earlier work [13].
The SDTHE algorithm is based on the well-known interacting
multiple model (IMM) algorithm [14,15]. However, the IMM algo-
rithm, which assumes constant mode transition probabilities, is not
applicable to the SLHS in Egs. (1-6), which has continuous-state-
dependent mode transitions. The SDTHE algorithm is used to
estimate the hybrid state (position, velocity, and flight mode) of
the aircraft, based on the measurements, and then generate a residual.
It will be shown that the generated residual has a zero mean and a
known covariance if the aircraft is conforming to the flight plan. After
obtaining the characteristics of this residual, a statistical decision
making algorithm, called the Segen’s algorithm, is implemented to
test for conformance or nonconformance.

A. Residual Generation Filter

The residual generation filter is designed, based on the SDTHE
algorithm. The SDTHE algorithm is a hybrid estimation algorithm,
which estimates both the continuous state and the discrete state (or
mode) for the SLHS in Egs. (1-6).

The structure of the residual generation filter, based on the SDTHE
algorithm, is shown in Fig. 4. The residual generation filter consists
of a bank of n,; mode-matched Kalman filters, each matched to a
mode of the hybrid system in Egs. (1) and (2). Let Z* denote the
sequence of measurements [z(1), z(2), ..., z(k)]and p[-|-] denote a
conditional PDF. Each Kalman filter j computes a continuous state
estimate X;(k) and its covariance P;(k), conditioned on the measure-
ments Z* and the event g(k) = j. The probability of flight mode
Pr{q(k)|Z]is also computed. Details of the algorithm are as follows.

First, the mode transition probabilities A;(k): Prlq(k) = jlq(k —
1) = i, Z*¥!] are computed. It can be shown that the mode transition
probability is given by [13]:
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Fig. 4 Structure of the residual generation filter, based on the SDTHE
algorithm (KF denotes Kalman filter).

k=1 = [ pli = 1) =xlg(k = 1) = 1.2 ] dx

= q)I[LG,ijé + Lx‘ij)?i(k - 1) + bij’ L9.ij29L£ij
+L,;;Pi(k— 1)LT 10)

x,ij

Note that the computational cost of evaluating A,;(k — 1) in Eq. (7)
mainly depends on the dimension of the guards /, and it is indepen-
dent of the dimensions 7 or m.

It is known that an exact Bayesian approach to update the con-
tinuous state estimates *;(k) and the corresponding covariances
P;(k) for a hybrid system requires an exponentially growing com-
plexity, due to the exponentially growing number of mode histories
[16]. A method proposed in the IMM algorithm is used to overcome
this problem [14]. This method computes a mixed initial condition
to each Kalman filter j as

£j0(k — 1) = E[x(k — 1)|q(k) = j, ZF"]

:Z)Qi(k— I)Vji(k_ 1) (11)
i=1

Pio(k—1) = E{lx(k — 1) = Xjo(k = D]lx(k — 1)
— Xk — DI |q(k) = j. 2]
= 4Pk — 1) + [k — 1) — Rk — D] (k= 1)
i=1
- Ajo(k - 1)]T})’ji(k -1 (12)
where
Viitk = 1): Prig(k — 1) = ilq(k) = j. Z*']
= L (k= DPrlg(k— 1) = i17+) (13)
J
and c; is a normalizing constant.

Each Kalman filter j then updates the continuous state estimates
and computes the innovation v;(k) using the well-known equations:

vi(k) = 2(k) — C;A R o (k — 1) (14)
R0k = ARk — 1) + K;(k)v; (k) (15)
P(k) = [I — K;(k)C,]P;(k|k — 1) (16)

Pi(klk—1) = A;Pjo(k — DAT + Q; (17)
S;(k) = C;P;(klk — 1)CT + R; (18)
K;(k) = P;(klk — 1)CTS7" (k) (19)

The probabilities of the flight modes are updated as follows:
a;(k): Prig(k) = jlZ*]
= 3plz(0)q(k) = j. 2" Priq(k) = j|Z] (20)

where § is a normalizing constant, p[z(k)|q(k) = j, Z¥"'] is the
likelihood function given by

plz(®g(k) = j. Z-' =N [v;(k); 0, S;(k)] @2
and Pr[q(k) = j|Z*~"] is the prior mode probability given by
a;(klk —1): Prig(k) = j|Z*]

= zd:kij(k — DPriqlk—1) = i|Z¥1] (22)

i=1

The residual is defined as the difference between the measurement
z(k) and the expected measurement Z(k), where

ng

2(k): Ez(0)| 2" =" E[Coyx(K) + vy (k)| 2!

=1
q(k) = jIPrlg(k) = j|Z*']

=Y a;(klk = 1)CjA%j0(k — 1) (23)
j=1

Thus, the output of the residual generation filter is the residual vector
r(k) given by

r(k): z(k) — 2(k) = z(k) — z[:aj(ldk —1)C;A;%;(k)

ng

=Y a;(klk — D[z(k) — C;A;&0(k — 1]
j=1

= ia_/(k|k — v, (k) (24)
j=1

B. Characteristics of Residuals

To facilitate decision making for conformance monitoring, the
statistical characteristics of the residual vector r(k) need to be
investigated. Let r* = [r(1), r(2), ..., r(s)] be a sequence of resi-
duals up to time s. We consider only absolutely continuous
probability distributions here. The complete probabilistic description
of the sequence r* can be given by a family of conditional PDFs
plr(k)|r*" for k=1, 2, ..., s, where r* denotes the initial con-
ditions for the residual generation filter at time £ = 0. The con-
ditional mean 7(k): E[r(k)|r*~'] and covariance

cov [r(k)|F*']: E{[r(k) — F(k)lr(k) — F(R)I" [}

are first derived as follows.
The following fact is used in our derivations. From Eq. (24),

ng

rk) =z(k) = Y a;(klk — 1)C;A &0 (k — 1) (25)
j=1

From Eq. (25), given any initial conditions for the case k = 0, there is
a 1-1 correspondence between the sequence of residuals r* and the
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sequence of measurements Z*. Hence, E[r(k)|r*"'] = E[r(k)|Z*],
etc.
First, consider the innovation from each Kalman filter j at time k.
Substituting Egs. (1) and (2) into Eq. (14), we have
v;(k) = CyyA px(k—1) = C;A;x;0(k — 1)
+ Coiy Wyt (k) + vy (K) (26)
At time k, the measurement sequence Z¥~! is known (or given).
Therefore, the variable %;(k —1) is known. The unknown (or
random) variables in Eq. (26) are the true state x(k — 1), the true
mode g(k), and the white zero-mean noise vectors w, (k) and

v, (k). By taking the expectation conditioned on g(k) = o and the
known measurement sequence Z*~! on Eq. (26), we have

E[v;(k)|q(k) = 0, ZF"] = CoA Elx(k — 1)|q(k)
=0, 75" = CjA 10 (k — 1) = CpA gy (k — 1)
— CA(k— 1) @7

Furthermore, by the theorem of total probability,

(012 = Bl (0lg() = 0. 7 o (klk— 1) 28)
o=1

Hence, from Eqgs. (24), (27), and (28), the mean of the conditional
residual r(k) is

ng

E[r(k)| 2" =" a;(klk — 1) E[v; (k)| Z*"]
Jj=1

ng ng

=y Za (klk — Dyat, (k|k — D[C,A &0 (k — 1)

Jj=1 o=

— CA (k= 1)] =0 29)

Next, the covariance terms are computed. We consider the covari-
ance of the Kalman filter innovations conditioned on ¢(k) = g.
Let 7;(klo) = E[v;(k)|q(k) = o, Z*"']. Using Eqs. (18), (26), and
(27), the cross covariance of the innovations v;(k) and v;(k) are
derived as

Cov[v;(k), v;(k)|q(k) = 0, Z*']: E[[v;(k) —
x [v;(k) — 1;(klo)]" lg(k) = 0, Z*']
= C, A cov[(x(k— 1)|q(k) = o, ZFAICT + C,0,CL + R,
= C,A, Pk — DAICT + C,0,CT + R, =S,(k)  (30)

vi(klo)]

Hence,

Cov[v(k), v;(R)|Z"] = iCOV[v,-(k), v;(k)[q (k)

= 0,ZF"Prlq(k) = 0|2 =) " ay(klk— 1S, (k) (31)

o=1
From Egs. (24) and (31), the covariance of residual r(k) is
% (k): Cov[r(k)|Z*']

ng ng

=Y ai(klk — Da;(klk — 1)Covlv; (k). v;(k)|Z*"]
i=1 j=1
ny

= a,(klk— 1)S,(k) (32)
o=1

In the residual generation filter, it is assumed that the conditional
PDF plv;(k)|Z*"'] is Gaussian. This is a common assumption in
multiple model algorithms, including the IMM algorithm [9]. From
Eq. (24), under the Gaussian approximation, the conditional PDF

p[r(k)|r*"]is also Gaussian. Thus, from the previous results, under
the hypothesis that the aircraft is conforming to the trajectory
modeled by the SLHS,

plr(®)* 1= N [r(k); 0, Z(k)] (33)

C. Decision Making

A nonconformance is defined as a deviation of the aircraft
behavior from the nominal one modeled by the SLHS. Using the
result in Sec. IILB, if a nonconformance occurs at time kg, then
(assuming Eq. (33) to be exact)

plr(b)r 1] =

almost surely for

N ,[r(k); 0, (k)]
k=01, ... k—1
and
Priplr(k)|r*~'] # N, [r(k); 0, Z(0)]} > 0
for
k> ko

At each time k., where k. = 1, 2, ..., we wish to determine if a
nonconformance has occurred. The nonconformance detection
problem can be formulated as a test of the hypotheses:

Hy: ko > k.
Hy: ky < k.

(conformance)
(non-conformance)

The following test, based on the work of Segen and Sanderson
[17], is constructed. Let

B0 = [ ol Tog(pllr* 1D dr — log(rl1r 1)
¢(k) = Z B(i)
where 0?; is the variance of the sequence of S(i).

Under the null hypothesis H,,
Bk) = 3lr" ()=~ (k)r(k) — p]

|
t(k) = J—z_p;[ (="' (i)r(i) - p]

where p is the dimension of the measurement vector. The test statistic
is defined as

(k) = max { (i)

f
The null hypothesis is rejected if
(k) > 1, (34)

where 7, is a constant that determines the significance level (or pro-
bability of rejecting Hy when H| is true) of the test. The significance
level of the test can be approximated using the limiting distribution of

(k) [17]:
. 2 [
lim Prit(k) < 7,] = \/:/ e /2 dt
k—00 g 0

A large 7, yields a small significance level, and hence a small
probability of false alarms, at the expense of higher detection delays.
However, an exact relation between the significance level and the
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probability of false alarms has yet to be established, and this could be
a topic in future research.

IV. Simulation Examples
A. Aircraft Dynamics and Measurement Models

In this section, the conformance monitoring algorithm is
illustrated with two examples: 1) a waypoint transition in a horizontal
plane; and 2) an altitude transition in a vertical plane. The SLHS is
used to model the dynamics of the conforming aircraft in the
respective scenarios. In the horizontal plane, the SLHS consists of
two modes: a CV mode and a CT mode. In the CV mode, the aircraft
flies at a CV, and in the CT mode, the aircraft turns at a constant
turning rate. In the vertical plane, the SLHS consists of a constant
height (CH) mode and a constant descent (CD) mode. In the CH
mode, the aircraft flies at a constant altitude (CA), and in the CD
mode, the aircraft descends with a CA rate. The dynamic models of
the various flight modes used in this paper are given in the Appendix.
The proposed algorithm does not impose any restriction on the
complexity of the dynamic models of the flight modes. Hence, more
complex models may be used to describe more complex trajectories,
such as a turn with changing turning rates, in future research.

We consider two cases with different measurement models. In
the first case, which corresponds to a typical current ATC scenario,
it is assumed that aircraft horizontal positions are measured by a
surveillance radar with an update interval of T, = 6 s, and the aircraft
altitudes are reported by a mode C transponder. Typically, radar mea-
surements are reported in polar coordinates, and accuracy depends
on the range. It is assumed that the measurements are transformed
into Cartesian coordinates (as latitudes/longitudes). Furthermore,
because the simulations are of short durations, it is assumed that
the position errors have a constant standard deviation of 300 ft in
each axis of the Cartesian coordinates [9]. The mode C altitude
information is coded and has a discrete error of g, = 100 ft. In our

Residual aircraft turning

detection

|
— threshold
|
straight flight

i >
time

Fig. 5 Typical plot of a residual generated without modeling trajectory

deviations, due to uncertainties during turns [1].

measurement model, the altitude measurement noise is approxi-
mated as a Gaussian noise, with variance ﬁoﬁ. In the second case,
an ATC scenario in the NEXTGEN, in which aircraft positions
(latitudes, longitudes, and altitudes) are reported by the onboard
ADS-B system, is considered. The standard deviations of the latitude
and longitude position errors are both 65 ft, and the standard
deviation of the altitude error is 30 ft. The data update interval is
T,=1s[18].

B. Waypoint Transition in the Horizontal Plane

We consider the conformance monitoring of an aircraft moving
along a flight route with a waypoint transition, as illustrated in Fig. 2.
Conformance monitoring for a similar flight scenario has been
considered by Reynolds and Hansman [1]. In their paper, the authors
use a CR, which is generated by a difference between the observed
and expected state values (e.g., position and/or heading) for con-
formance monitoring. The expected state values are computed, based
on an aircraft dynamic model, which assumes that the aircraft
trajectory follows the planned flight route exactly. However, as
illustrated in Fig. 3, a typical aircraft trajectory could deviate
significantly from the assumed trajectory, due to factors such as
navigation uncertainties, winds, and unknown pilot intents (e.g.,
commanded turn radius). The result of this is that the CR generated
will have a significant error during the turn (or waypoint transition)
[1]. A typical plot of such residuals for an aircraft conforming to the
flight plan is shown in Fig. 5. Thus, a detection threshold of approxi-
mately 10 times higher is required during turns than during straight
flights. This higher detection threshold during turns significantly
increases the mean detection delay for a given FAR.

In our proposed conformance monitoring scheme, the SDTHE
algorithm generates the residual, based on the SLHS, which (as
described in Sec. II) models the expected deviations of aircraft
trajectories near a waypoint. Thus, the residual generated has
approximately a zero mean during both straight flights and turns.
A plot of a typical residual from the SDTHE algorithm is shown
in Fig. 6.

The performance of the conformance monitoring algorithm is
evaluated, based on FARs and mean detection delays. Clearly, a
small mean detection delay for a given FAR is desired. To compute
the FARs, a set of random aircraft trajectories are first generated
around the planned flight path (see Fig. 7). These trajectories are
assumed to be conforming to the flight plan, but they deviate
randomly, with a standard deviation of 1 nm in each axis from the
planned flight path, due to navigation uncertainties. Note that Fig. 7

Residual from SDTHE algorithm
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Fig. 6 Typical plot of a residual generated by the SDTHE algorithm, which accounts for trajectory deviations. The residual for a conforming aircraft

does not significantly deviate from a zero mean during a turn.



506 SEAH, ALIGAWESA, AND HWANG

5 T T T T T T T T
(1] S [ P [ [ R R, Y SR -
R S e S e e o LS -
7)) S— A R R A I AR S/ SR S -
T [ [ Fomeeees [ AR LR A S -
E_ A e .‘ """" pTTTTTTmTTI I T I
£ 1 1 H 1 1
o Al e e A RREERRRFES AELFEELELEE T EER 1
= ' ' ! ' '
30 b------- [ i - - - conforming aircraft i : ; F— -
planned 1 trajectories .
-35 | trajectory ----i-A4/-- [T | R J —
1) beocees boeees [ bemeeee O LI fomnens -
—_—
{ e — T : : : :
A5 oo T~ non-conforming  "TTrTTTTTUC . [ T T ]
i aircraft trajectory : : : : :
50 | | | 1 | |
-40 -35 -30 -25 -20 -15 -10 5 0 5

East (nm)
Fig. 7 Plots of some simulated trajectories in the horizontal plane.

shows just some of the simulated aircraft trajectories. The confor-
mance monitoring algorithm is then used to detect any nonconfor-
mance, based on measurements from radar and ADS-B, respectively.
The FAR is computed as

FAR =&

con

where N, is the number of nonconformance detected by the confor-
mance monitoring algorithm and N, is the number of simulated
conforming trajectories. We use N, = 2000 in this example.

Next, the mean detection delay of the conformance monitoring
algorithm is computed. A set of nonconforming trajectories, similar
to the one shown in Fig. 7, is generated. Because we are interested in
the mean detection delays during the mode transition or turning
phase (which has much higher delays than during straight flights), the
simulated nonconforming trajectories all start to deviate from the
planned flight path during or at the end of the turn. Let ti;) be the time
when a nonconformance is detected and 7 be the time when the
aircraft is supposed to start the CT along the planned trajectory for an
ith simulation run. The mean detection delay is computed as

-
T d=
= D

where N, is the number of nonconforming trajectories simulated.

In the proposed algorithm, the mode transition is modeled using
the stochastic guards described in the example in Sec. II. The
parameters 6, and 6, are assumed to be random parameters, each with
a standard deviation of 1 nm to account for the random trajectory
deviations. In practice, the standard deviations of the parameters
could vary, depending on the RNP or navigation accuracy of the
aircraft. The tradeoff between FAR and mean detection delays is
determined by the detection threshold z,, in Eq. (34). Plots of the FAR
versus the mean detection delays are given in Fig. 8. The results of the
proposed algorithm are compared with the results in Reynolds and
Hansman’s paper [1] (or the CR algorithm). For the CR algorithm,
only a simulation result with ADS-B data is available. Because of the
lack of sufficient information, our simulation scenario is not exactly
the same as the scenario considered by Reynolds and Hansman.
However, we have done our best to match them. For example, our
measurement model using the ADS-B data is the same as that in
Reynolds and Hansman'’s paper. Thus, we believe that the results in
Fig. 8 illustrate that our proposed algorithm could yield significantly
better performance than the CR algorithm. For example, with
FAR = 0.2, our algorithm yields approximately 6 and 12 s mean
detection delays, using ADS-B data and radar data, respectively,
whereas the CR algorithm yields approximately a 105 s mean
detection delay using ADS-B data. This improved performance is a
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Fig. 8 Plots of FARs versus mean detection delays for horizontal
conformance monitoring.

result of the better aircraft model, as well as the more effective
residual generation and decision making scheme, used in our
proposed algorithm.

An essential idea in our proposed algorithm is in the use of
stochastic guards to model the flight mode transitions, which results
in the continuous-state-dependent mode transition probabilities
given in Eq. (7). To illustrate the implications of this idea, we
consider an alternative flight mode transition model that uses
constant mode transition probabilities. This alternative model is
based on the idea of the variable structure IMM (VSIMM) algorithm
[19]. The VSIMM algorithm is an extension of the IMM algorithm,
in which the mode set is variable (selected out of a finite number of
mode sets). However, the mode transition probabilities within each
mode set are constant. Here, we consider an alternative model for the
flight mode transitions, based on the VSIMM algorithm as follows.
We consider a VSIMM algorithm that consists of two mode sets.
Each mode set consists of a CV mode (mode 1) and a CT mode
(mode 2), as in the SLHS model. Let 7;; denote the probability of a
mode transition from mode i to mode j. When the guard in Eq. (11) is
satisfied, we use the mode set, with mode transition probabilities

given by
H=|:7711 ﬂlz]z[l—PCT Pcr ]
T T2 l=per 1—=per
where pcr is a constant that describes the probability of a CT flight

mode. Otherwise, we use the mode set with mode transition prob-
abilities given by

= |:7711 7712] _ |:pCV 1 —Pcv]

T T pev 1 —pev
where pcy is a constant that describes the probability of a CV
flight mode. Many different designs of the VSIMM algorithm
are possible. Here, three designs of the VSIMM algorithm are
considered for the purpose of comparison: 1) VSIMMI: pcy=
per =0.8; 2) VSIMM2: pcy = per =0.9; and 3) VSIMM3:
pev = per = 0.99.

The performance of our proposed algorithm is compared against
those of conformance monitoring, based on the previous VSIMM
models. In the proposed algorithm, the mode transition probabilities
are given by Eq. (7), whereas in the VSIMM-based algorithm, the
mode transition probabilities are given as described previously. Plots
of the mode transition probabilities 7;; of the various algorithms are
given in Fig. 9. In the limit pcy = per — 1, the VSIMM algorithm
would have the same mode transition model as that of a hybrid
system with deterministic guards. A stochastic hybrid system model,
based on deterministic guards, has been proposed by Hu et al. [20].
From Fig. 10, the proposed algorithm performs significantly better
than the various VSIMM designs, especially for small FARs. Also,
the performances of the VSIMM-based methods are sensitive to the
choice of the mode transition probabilities. The case pcy = per =
0.9 yields the best performance among the three VSIMM designs.
Although it may be possible to achieve better performance with other
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Fig. 10 Comparison of proposed algorithm versus conformance

monitoring, based on the VSIMM algorithm. The results are for hori-

zontal conformance monitoring with radar data.

designs of the VSIMM-based method, this would be a time con-
suming task. On the other hand, we can achieve good performance
with the SDTHE algorithm, in which the SLHS model can be easily
determined, based on the nominal aircraft trajectory and the expected
navigation uncertainties.

C. Altitude Transition in the Vertical Plane

The performance of the conformance monitoring algorithm during
altitude transitions in the vertical plane is illustrated in this section.
Conformance monitoring in the vertical plane is a challenging task,
due to both the presence of navigation uncertainties and the large
number of vertical automation modes [1]. We use a vertical transi-
tion scenario, which is similar to the one used in Reynolds and
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Fig. 11 Some simulated aircraft trajectories in the vertical plane.

Hansman, to demonstrate some of the challenges. The simulated
aircraft trajectories are shown in Fig. 11. In this figure, there are
three possible types of conforming aircraft trajectories: 1) altitude
transitions from 30,000 ft to 25,000 ft under vertical speed (V/S)
autopilot mode with a CD rate of 1500 ft/ min; 2) similar altitude
transitions under flight-level change (FLCH) autopilot mode, with
the descent profile calculated by the flight management system; and
3) similar altitude transitions under the FLCH autopilot mode with
speedbrakes deployed. Note that each of these types of trajectories
represents a realistic descent profile of a conforming aircraft. The
typical trajectory of a nonconforming aircraft that is simulated in
order to investigate the detection delays of the proposed algorithm is
plotted in Fig. 11.

Because a conforming aircraft may follow one of the three types of
trajectories described previously, it is difficult to carry out confor-
mance monitoring with a single SLHS model. To overcome this
problem, a conformance monitoring scheme, illustrated in Fig. 12, is
used. It consists of three SLHS models, each of which describes one
type of conforming descent trajectory. Conformance monitoring is
then carried out by parallel hypothesis tests, based on the respective
SLHS models. For example, the SLHS1 model describes the tra-
jectories of the V/S autopilot descent. We use the proposed decision
making algorithm to test if an aircraft is descending with the V/S
autopilot mode; that is, we test the hypotheses:

H,: V/S autopilot modeH,: not V/S autopilot mode

Next, based on the result of the statistical test, we define a decision
variable D, as

D = 0 if Hyis true
el 1 if H,is true
Similarly, hypothesis tests based on the SLHS2 and

SLHS3 models are carried out to obtain the decision variables D,
and D_;. The conformance decision variable D, is defined as

SLHS3
/S Salngsillot) (FLCI?;Iljtizilot) (FLCH with Model
P P speedbrakes)
Residual ! | | Residual ! Residual !
k) —| k) —] —
z(k) ‘ Generation : z(k) ‘ Generation : z2(k) ‘ Generation :
\ | i | | | Algorithm
| |
I Decision : I Decision : : Decision !
: Making | : Making | | Making :
R R | e P |
D cl Dr3

Fig. 12 Structure of the proposed vertical conforming monitoring scheme.
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Fig. 13 Plots of FARSs versus mean detection delays from the proposed
algorithm for vertical conformance monitoring.

Dc =D171 XDL'2 X Dc3

A nonconformance is declared if D. = 1. It is obvious that this is the
case if, and only if, D, = D, = D = 1; that is, the respective
alternative hypotheses H, is true in all three tests.

The performance of the conformance monitoring scheme in this
example is shown in Fig. 13. The results suggest that the proposed
conformance monitoring scheme could be effective for complex
ATC operating scenarios, such as the one illustrated in this example.
Although the previously mentioned altitude transition scenario was
first described by Reynolds and Hansman, they have not presented
any corresponding conformance monitoring schemes nor results for
this scenario. Thus, our proposed scheme is the first attempt to solve
the conformance monitoring problem in this kind of complex ATC
scenario. The results in Fig. 13 show good performance from the
proposed algorithm. For example, with FAR = 0.1, the mean detec-
tion delay with ADS-B data is about 5 s (or five sampling intervals)
and, with radar data, it is about 16 s (or less than three sampling
intervals).

This example is used to illustrate the feasibility of using multiple
hypothesis testing for conformance monitoring of vertical flight
profiles involving more than one possible flight mode. In practice,
vertical conformance monitoring is very hard, due to many factors,
such as wind or aircraft mass, which may affect the possible vertical
flight modes and trajectories. In the current example, the starting
point of the altitude transition may also be uncertain, due to unknown
pilot intents. One way to model this uncertainty is to use different
SLHS models, as in Fig. 12, to describe the various possible starting
points of the descent. Thus, more work needs to be done to improve
the modeling of aircraft trajectories that take into consideration the
many variations of the possible flight profiles.

V. Conclusions

An algorithm for conformance monitoring in ATC, based on
SLHS modeling and fault detection techniques, has been proposed.
The algorithm first generates a residual, which is expected to have a
zero and a known covariance if the observed aircraft trajectory
conforms to its flight plan or clearance. A statistical decision making
algorithm is then implemented, based on a statistical test of the
residual. It has been validated that the proposed conformance
monitoring algorithm yields good performance in challenging ATC
scenarios.

The results in our simulation examples illustrate that the proposed
algorithm could handle various kinds of operational scenarios,
including NEXTGEN scenarios (as well as various types of aircraft)
in ATC conformance monitoring. However, due to the many possible
variations in aircraft flight profiles in practice, further work needs
to be done to investigate its effectiveness in actual applications.
In future work, we would like to investigate the performance of
the proposed algorithm with other ATC operational scenarios.

Appendix

Let (&, n, h) denote the position of the aircraft in Cartesian
coordinates, for which % is the aircraft altitude. In the horizontal
plane, the aircraft dynamics consist of a CV flight mode and a CT
flight mode, which are described as follows:

CV mode:

£(k) 1 T, 0 07 [&k—1)

£(k) o1t oo E(k—1)

nk | |o 1T, || nk=1)

i(k) 0 0 0 1JLatk—1)
L)
T, O |:w51(k):|

+ . (35)
0 7 |[w,®
0 T

s

where T, is the sampling period (we assume T, = 6 s for radar
data and 7, = 1 s for ADS-B data), and wy, (k) and w,, (k) are the
white Gaussian noise with zero mean and covariance Qcy .

CT mode:

s [1or 0 EErEk-1
ER | lo 1 0 —yT, || Ek-D)
n(k) 0o o7, [|nk=1)
n(k) 0 yT, 0 1 n(k—1)
Z oo
T, 0 |:w¥z(k)i|
+ , (36)
0 2 {|w,®
0 T

where 1// represents a nominal turning rate, and wg, and w,, are the
white Gaussian noise with zero mean and covariance Qcy. In our
example in Sec. IV, we use a nominal turning rate of w =1.5 deg/s.
The white noise w, and w,, account for deviations of the actual
turning rate from the nominal.

In the vertical plane, the flight modes are the CA mode:

h(k) = h(k — 1) + Tw;, (k)
and the CD mode:
h(k) = h(k — 1) + T hy + T,y (k)

where fzd is the descent rate, and wy,; (k) and w;,(k) are the white
Gaussian noise variables. In the altitude transition scenario in Sec. IV,

—2100 ft/ min  during FLCH autopilot mode

. —1500 ft/ min  during V/S autopilot mode
h d—
—3000 ft/ min during FLCH with speed brakes
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