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Abstract

Several past research efforts have developed methods to take advantage of Giobal
Positioning System (GPS) positioning and apply it to a precision landing system (PLS).
There have been proposals to phase out the current Instrument Landing System (ILS) in
favor of a more cost-efficient and effective system. Accomplishments have been made in
detailing a system implementing an INS aided with differential GPS, a GPS pseudolite,
and a radar altimeter to handle the critical PLS requirements. This research applies the
newly developed Modified Multiple Model Adaptive Estimation (M>AE) architecture in
an attempt to enhance the performance of a PLS in an environment involving GPS
interference. The M®AE uses Multiple Model Adaptive Estimation (MMAE) and
Kalman filtering techniques to estimate the levels of interference and the navigation
performance of the aircraft simultaneously. In addition, in the original development of
M>AE, the truth and filter model used were of the same order. This research serves as a
demonstration of M®AE applied to system where the truth model is of a higher order than

the filter model.
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Integrated GPS/INS Precision Approach Landing

with MAE Interference Avoidance

1. Introduction

The focus of this research is to examine an application of a newly developed method
of simultaneous state and parameter estimation to the precision approach and landing
problem [11, 22, 45]. The study involves a simulated aircraft navigation system using an
inertial navigation system (INS) augmented with data from altimeters and Global
Position System (GPS) receivers. It extends the efforts of previous analyses from the Air
Force Institute of Technology (AFIT) entailing integrated aircraft navigation systems [7,

13, 34, 38, 56].

1.1. Background

Tﬁere has been extensive research in aircraft automatic precision approach and
landing systems [5, 7, 10, 11, 13, 13, 22,45, 56]. These systems prove invaluable during
periods of low visibility, or when a pilot is unfamiliar with the landing site. Landing
safely involves many factors, including flying at the proper speed and attitude, knowing
where the aircraft and the landing point are accurately, and having a clear view or

indication of the landing point.




1.1.1. Instrument Landing System

The current system in use by the Department of Defense and civil aviation is the
Instrument Landing System (ILS) [10]. This system is a highly directional guidance
system that gives the pilot critical information pertaining to the aircraft’s azimuth relative
to the centerline of the runway, called the localizer, and the aircraft’s approach elevation
relative to the surface of the runway, called the glideslope. The modulated signals
provide aircraft course and direction information to the pilot [47]. The system transmits
two principal carrier signals, 108.10 MHz to 111.95 MHz for the localizer and 329.15
MHz to 335.00 MHz for the glideslope. The localizer beam can be received 35° from
both sides of the runway centerline up to 10 nautical miles (nmi) away and 10° up to 18
nmi. The glideslope beam is 1.4° wide centered at an ideal glideslope of approximately
3°. This translates to approximately a 1,000 ft. drop in altitude for every 3 nmi traveled,
a guideline many pilots use for a quick check [58]. In addition, this signal is normally
usable up to 10 nmi away. Both carrier signals are modulated with a different frequency
signal, depending on which side of the beam centerline the aircfaft is. The two
modulating frequencies are 90 Hz and 150 Hz. (Figures 1 and 2 illustrate hbw this is
appliéd).

This system is in use extensively and satisfies the Federal Aviation Administration
(FAA) Category Il requirements for aircraft precision approaches [12]. However, due to
the cost of maintaining the aging ILS structure, there is an active search for replacement
systems. One alternative being actively pursued involves applying Global Positioning

System (GPS) based systems as a low-cost, flexible substitute [5, 18, 45].




18 nmi

Figure 1. Localizer Service Range

L

Figure 2.

Glideslope Service Range




GPS is a well-established, reliable system for navigation and surveying, and is currently

being used as a supplemental navigation aid for non-precision aircraft approaches.

1.1.2.  Global Positioning System

The FAA is working closely with state aviation and industry officials to develop
GPS-type procedures for all U.S. airports [5, 18, 45]. Several procedures, unique to GPS,
have already been developed. One method uses differential GPS (DGPS) to provide erfor
correction data to incoming aiycraft that use GPS as a navigational aid [5, 18, 45].
Another advantage of GPS is its ability to provide the pilot more flexible landing
approach options, unlike the ILS, which obliges landing aircraft to follow one prescribed
approach pattern closely, limiting the pilot’s choices.

Any alternative navigation system must still conform to the FAA precision landing
requirements and must satisfy Category III performance before it can be considered as a

replacement to ILS. Table 1 gives the constraint parameters for the different categories

[7, 13].

Table 1. FAA ILS Precision Approach Requirements (10)

Category Horizontal Accuracy Vertical Accuracy
1 +28.1ft +6.8 ft
II + 8.6 ft +2.8ft
11 +6.8 ft +1.0ft




Relying solely on a GPS-based system is inadequate. The GPS transmissions, which
are universally available, are those of the standard positioning service (SPS). As a
security measure, SPS can be degraded by introducing a random drift known as selective
availability (SA) to reduce the precision available to users outside of the U. S. Armed
Forces [37]. Currently SA is active, and, as shown in Table 2, the level of accuracy for
GPS is unacceptable for even a Category I approach. However, even without SA, the
precision available fails to meet any of the FAA criteria for vertical accuracy (see Table
2). This lack of precision, along with fhe unavailability of the precise positioning service
(PPS) signal to the public has encouraged the development of other methods to decrease
the error levels in SPS. One method that had gained popularity is the use of differential
GPS (DGPS).

DGPS yields greater position accuracy by eliminating errors common to GPS
receivers. The reference DGPS receiver is located at a surveyed spot, known with a high
degree of accuracy, e.g., at an airport. When the GPS signals it receives are.compared to
those from another receiver, e.g., on board an aircraft, error corrections can be calculated
and sent to the other receiver, improving the accuracy of its positioning; see Figure 3.
The fwo Teceivers should be within 27 nmi (50 Km) to be effective [24]. While highly
accurate, positioning using DGPS falls'short of the required precision for FAA
approaches, Table 2.

Centimeter-level precision can be achieved using another method known as carrier-
phase GPS, which calculates the phase shift of the SPS carrier signal, L1, at 1,575.42 .
MHz. The wavelength of L1 is approximately 19 cm; the positioning accuracy isa

fraction of this wavelength. However, determining the number of whole (integer) cycles



between the satellite and receiver becomes a problem. A momentary loss of the signal
can disrupt the count of the whole cycles, resulting in integer ambiguities [4].- Currently,

most carrier-phase uses have concentrated on surveying applications, since determining

integer ambiguities is more difficult in a dynamic environment [41,42].

Table 2. Precision Values Available with GPS
GPS Method Horizontal Accuracy Vertical Accuracy
SPS with SA +134.8 ft +168.6 ft
SPS without SA +33.5ft +42.0ft
SPS using DGPS +7.2ft +9.2ft
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1.1.3. Inertial Navigation System

Most aircraft use an inertial navigational system (INS) for their standard navigation
aid. An INS is a self-contained “box” (it requires no outside information) that uses a
system of gyros and accelerometers to sense specific forces as the aircraft’s position,
velocity, and attitude changes. With a knowledge of the gravitational field, the INS
integrates the specific forces over time to calculate its velocity and position with respect
to a known reference frame. A significant drawback of an INS is that the readings in the
vertical direction (relative to the earth) are unstable. This is usually corrected by the
addition of a barometric altimeter to the INS. For better accuracy at lower altitudes, a
radar altimeter can further improve the vertical position accuracy. Another problem is
that INS-derived positions have errors that grow over time, resulting in a drift [27]. This
can be corrected using ground-based navigation aids such as VHF Omnidirectional
Range (VOR) and Tactical Air Navigation (TACAN).

GPS can serve as a replacement for these ground-based aids and adds flexibility in the
flight path, as the aircraft does not have to follow a trajectory to stay in range of a VOR
or TACAN system. As seen above, GPS also has a weakness in vertical positioning.
This is due to the fact that the local horizon of a receiver limits the visibility of the GPS
constellation. Only satellites above the horizon, or more commonly, above a user-
selectable elevation mask angle (set to minimize ground clutter and atmospheric
conditions) can be used to determine a navigation solution. One method to improve
vertical GPS precision uses ground-based GPS transmitters, called pseudolites, to provide

a GPS-like signal from below an aircraft’s horizon. Pseudolites require extremely low




power transmissions to mimic the ~163 dBw GPS signal power level while not saturating
the L1 frequency with its own signal and blocking actual GPS satellite transmissions.
The low power level of GPS transmissions brings to light the problems of
interference and noise. GPS spread spectrum provides some protection; still some
interference has been experienced from users when receiving spurious emissions near the
L1 band, such as second and third harmonics of UHF television stations, and even higher
order harmonics from VOR and TACAN [40]. Also, there is the risk of someone
deliberately broadcasting interference to deny any GPS signals to a receiver (“jamming”)
or mimicking transmissions from a satellite to give erroneous information (“spoofing”).
Recall that an INS is a self-contained system that does not rely on outside
navigational signals or beacon transmissions. Despite its inherent long-term drift
characteristics, an INS provides velocity and position estimates with high degree of
precision and low error standard deviation in the short-term. A great deal of work has
been done integrating systems such as GPS receivers and one or more INSs (for failure
redundancy), combining the benefits of GPS accuracy with the protection INS systems
have against external noise [2, 4,13, 14, 17, 19, 21, 23, 39, 44, 45, 50, 51, 56].
Integfation of navigation aids can further improve the performance of the system. Due to
the dependence on GPS, it would be useful to have a system that could determine the
level of accuracy and reliability of GPS transmissions before computing a navigation

‘solution.




1.1.4.  Sensor Integration

An extended Kalman filter can combine the position, velocity, and attitude states
output by the INS with measurements from a GPS receiver, barometric and radar
altimeters, and a pseudolite to determine the best estimate of those states. The Kalman
filter in this research uses tight integration to process the measurements. Tight
integration incorporates raw measurements from all sensors, e.g., pseudoranges for GPS,
into a central Kalman filter as shown in Figure 4. In contrast, loose integration provides
each sensor (or a selected subset of sensors) with its own filter to process its
measurements before incorporating the measurements into the central filter as shown by
Figure 4. Although loose integration offers less complexity for each filter, tight
integration is prefeﬁed in this case, as it requires the design and tuning of only a single
filter and has better performance potential [20].

Furthermore, in cases where fewer than four GPS signals are available (the minimum
to compute positions and velocities using GPS), the filter can still function properly [27].
If a separate filter is devoted to processing GPS measurements, és in loose integration, it
cannot give an unambiguous estimate when there are fewer than four measurements
availéble. The entire benefit of GPS is lost during those periods. When tight integration
is implemented, all measurements are delivered to a single state estimation filter. When
there are fewer than four GPS measurements available, the filter continues to function,

deriving some advantage of having at least partial information from GPS.
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1.2.  Problem Definition

The core of this work is to examine the application of the newly developed Modified
Multiple Model Adaptive Estimation (M>AE) algorithm [33] to an existing navigational
system model using a GPS-aided INS in the presence of external interference. This

algorithm is then applied to the precision landing problem to determine its suitability.

1.3.  Previous Research

A great deal of research has been conducted to develop an adequate precision landing
system (PLS) using GPS [5, 7, 11, 13, 18, 22, 45, 56]. One significant effort is the
FAA’s Local Area Augmentation System (LAAS), which is based upon a ground-based
system broadcasting DGPS error corrections and utilizing airport pseudolites [35, 18].
Within AFIT, there have been two realms of research applicable to PLS. The first relates
to the practical aspects of PLS, which include Johnson [23] and Negast [38] who focused
on GPS/INS navigation systems. The work of Gray [13] applied the system to a PLS and
showed that ILS Category II could be satisfied using a GPS-aided INS with radar
altimeter and pseudolite measurements incorporated. Britton [7] follows this by using
differéntial GPS (DGPS) measurements to show Category III could be met. Whife [56]
investigated the performance a PLS in the presence of GPS interference and spoofing.
White implemented Multiple Model Adaptive Estimation (MMAE) [31] techniques to
adjust the navigational system’s model to give dependable results. Advanced
developments in more theoretical topics involving the M3AE architecture expanded the

capabilities of MMAE to handle the task of simultaneous estimation of interference levels

and navigation performance [33, 55].
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1.4.  Scope of the Problem

The basis of this work is the expansion of the effort at AFIT towards investigating
PLSs [56]. It will primarily be the application of the algorithm developed by Miller
known as Modified MMAE (M3AE) [33] and to extend the work of White to simulate
varying GPS interference levels for a GPS/INS PLS [33]. This research uses a computer-
based simulation, Multiple Model Simulation for Optimal Filter Evaluation (MMSOFE)
[39], to test the performance of a model of the PLS. The model of the PLS implemented
at AFIT assumes the INS is the primary navigation aid.

Two configurations are investigated uéing various INS models with two different drift
rates, combined with various combinations of other navigation aids to determine the
effects on the overall performance of the system. The principal criteria by which to judge
the performance are the FAA precision approach categories. All aircraft navigational
computers can only use finite-order models of the system. To reflect this, an elaborate 96-
state truth model is used to simulate “real-world” aircraft position, velocity, and attitude
errors, and a reduced-order 13-state filter model serves as the aircraft’s on-board
navigation filter model of sensor error characteristics. The difference between the states
of thé tnith model and state estimates of the filter model will provide the error data to be
'weighed against the FAA categories. Monte Carlo analysis is conducted to tune each
filter model for optimal performance and to determine whether the configuration is
sufficient for a PLS. Monte Carlo analysis is conducted using MMSOFE, along with
MPLOT. MPLOT is a software tool used in conjunction with MMSOFE that extracts the

raw data from the files created by MMSOFE to provide usable data for plotting [36].
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In addition, this work serves as an initial application of M?AE techniques to a
practical situation. The M>AE concept has been verified using truth and filter models of
the same order [33]. The capability of M?AE using a more realistic and complete truth

model and a reduced-order filter model in the simulation is accomplished.

1.5. Assumptions

As in all research, a number of assumptions must be made to define the limits of the
corresponding results and conclusions. The most crucial elements are the models used to
depict the behavior of navigation equipment in the real world. The 96-state truth model
is assumed to represent how the system would perform in the real world, while the filter
model serves as an example of how an operational navigation system would be
implemented. The simulated flight profile and GPS satellite ephemeris data used are
generated by a program called PROFGEN [35] designed specifically to create the proper
files for use with MMSOFE [39].

The INS is assumed to have a barometric altimeter integrated with it, as this is
commonly done to stabilize the INS’s vertical readings. A feed-forward configuration is
used with the INS, which means the INS receives no data to update its current position.
Although a feedback configuration in which the INS could accept position updates from
the navigation filter could yield better accuracy, if the measurements of a sensor were
corrupted, the INS would be extrapolating its states based on an erroneous input which
can further distort its results.

The presence of GPS interference is modeled as zero-mean white Gaussian noise

(WGN) in the measurement models. This is the only interference to be taken into
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account; the INS is considered to be unaffected by outside disturbances, and jamming of
the radar altimeter is not examined. Pseudolites can be affected in the same manner as

GPS satellite signals.

1.6. Summary

This work follows the progress of other studies concerning integrated GPS/INS
navigation. The intent is to incorporate the recently developed theory behind
simultaneous parameter and state estimation with M>AE into this path of study, PLS
improvement. Chapter 2 presents‘the theory behind a critical tool of modern navigation
systems, Kalman filtering. It then follows with a description of parameter and state
estimation using MMAE, and provides an overview of the development behind MAE.
Chapter 3 presents the system models implemented in the simulations. The structure of
the models for each navigation system component is described as well as the states and
measurements modeled. Chapter 4 shows the results obtained through simulations and
the corresponding analysis of the performance observed. Lastly, Chapter 5 gives a
summary of conclusions based on this work and any recommendation for other paths of

study.
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2. Theory

2.1. Overview

The overall structure of the navigation system simulated in this work is based on a
modified MMAE (M3AE). Miller developed this method as a solution to the dilemma in
simultaneously estimating both the states and the parameters of a system model
accurately [33]. The stfucture of M°AE is composed of two major parts: the MMAE,
designed specifically for parameter estimation, and a single extended Kalman filter
(EKF) tuned precisely for state estimation, once provided the parameter estimate from the
MMAE.

The MMAE is composed of a bank of Kalman filters, each one based upon a different
value of parameters. Both the MMAE and state estimator receive measurements from the
external sensors. The MMAE uses these data to come up with a blended parameter
estimate, which is passed on to the state estimator. The state estimator then has the best
model available to render its estimate of the states, based on the incoming measurements.
In this way, accurate state estimates can be obtained in an environment where some of the
parameters of the model can change. The Kalman filter serves as the fundamental
building block of an M?AE; thus, an explanation of the M°AE begins from the most
elementary component proceeding towards the overall structure.

This study uses Kalman filters to combine various sensor data (INS, GPS, etc.) to
obtain an optimal estimate of the aircraft’s position and velocity. Kalman filtering has

been used considerably in navigation applications [19, 27].
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It is well suited for this due its ability to take into account levels of uncertainty of states
and measurements within a system. Kalman filtering deals with systems that can be
described by a set of linear, time-varying, stochastic differential equations [24, 30]. Ina
sampled-data environment, such as a compﬁter, discrete difference equations can be used
with some adaptation. The stochastic processes involved are represented by white
Gaussian noise (WGN), usually zero-mean unless a bias is needed. “White” indicates
that the value of the process at an instant of time is independent‘of all other values at any
other time, i.e., “perfect” randomness. Gaussian functions are used since uﬁcorrelated
jointly Gaussian functions are also independent. The strength values can be adjusted to

fit the level of uncertainty needed for the models.

2.2. Extended Kalman Filter
Originally, Kalman filters were designed to handle systems adequately described by
linear models [30]. All models are approximations, and in many cases, linear models

have deficiencies that are not negligible. This is often the case when the noise strengths,
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i.e., levels of uncertainty, of the model are small values. Over time, the states of the filter
can rely too heavily on the system model and become affected less by external
measurements. This can result in model behavior that strays away from the actual real-
world situation [31]. Several methods have been developed to counteract this. Some
restrict the variance of the states from going below a certain value or have a built-in
minimum threshold of uncertainty. Others limit the “memory” of the filter, such as in
Fagin age-weighiing where the effects of more recent measurements are magnified by
increasing the assumed noise variance of earlier measurements exponentially backwards
in time [31]. In cases where the linear model cannot sufficiently characterize the system,
the filter equations can be adapted to handle non-linear equations. A linearized Kalman
filter assumes that a nominal state trajectory (value of the state vector over time) exists
and estimates the perturbation about the nominal value. The perturbation is defined as
the first-order term of the Taylor series of the difference between the state vector and its
nominal trajectory. This filter performs well unless the actual and nominal state
trajectories differ significantly [31]. To compensate for this, extended Kalman filtering
(EKF) relinearizes about the most recent state update. Thus, the filter computes a new
nomiﬁal state trajectory after each update phase.

In the equations that follo.w, a certain type of notation is used, following a convention
adopted by Maybeck [30, 31, 32]. Vector and matrix variables are distinguished from
scalar variables through a boldface type. Boldface, lower-case letters are reserved for
vectors and capital letters for matrices. Thus, a, b, ¢ would be scalars, a, b, ¢ would be

vectors, and A, B, C would be matrices. Variables are further distinguished by typeface.
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Roman type indicates a deterministic variable, e.g., a, b, ¢, while a sans-serif (Helvetica)

type indicates a stochastic variable, e.g. @, b, C.

2.2.1. System Dynamics Model Equation
Consider the linear system dynamics model equation used for Kalman filtering
X(t) =F@x(@)+B(u()+ G(Hw(r) ¢))
where X(7) is the state vector, F(¢) is the system dynamics matrix, u(z) is a vector of |
deterministic control inputs wi_th B(?) as a control input matrix, and W(?) is a vector of
zero-mean WGN with G(?) as a noise input matrix. Note, w(?) is the hypothetical time

derivative of a Brownian motion process f(¢)

B®)
dt @

w(t)=
which does not exist in the real world since W(f) has an equal power density over all
possible frequencies (hence, the term “white”). However, if it is assumed that a finite
band of frequencies (of concern to the problem) is used, then W(f) “appears” as a white
noise process within that band. Also, since w(?) is a Gaussian process, two statistics,
mean and (auto)covariance kernel, are sufficient to completely describe how it behaves:

E{w(®}=0 3)

E{(w()W’ (1 + 1)} = Q(1)5(7) @

Q(?) is a square matrix that can be interpreted as the strength of the WGN, while &7) is
the Dirac delta function, also known as the impulse function. With the addition of wW(z),

X(#) becomes a stochastic variable itself with these statistics:

E(x(D)}=%() ®)
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E{[x(t) - X(@OIIX(1) - X(N)]"} =P(#) (6)
() is interpreted as the best estimate of the state vector at time ¢, and P(¢) is its

corresponding covariance or range of uncertainty.
When the system dynamics cannot be expressed as a set of linear eqﬁations, a non-
linear function must be set up for the model:
X(1) = f[x (), u(®), 1]+ GOW() (M
where f[X(?), u(f), 1] is the non-linear vector function in terms of the state and control
vectors and time. Also, in this research, no deterministic control inputs are considered,

thus B(7) and u(f) are zero and do not appear from this point on.

2.2.2. Measurement Model Equation
The linear discrete measurement model equation used for Kalman filtering is

z(1,) = H(t)x(#,) + V() ®)
where z(t;) is the measurement vector, H(#) is the measurement matrix, and v(#;) is a
vector of zéro-mean, discrete-time WGN representing the uncertainty of the
measurements, or the measurement noise. It is important to note this equation is a
| discrete-'time process (#; instead of ) since measurements are taken at specific instants of
time. Here, the measurements are considered to be taken at regular time intervals. The
measurement noise V(¢;) has the following statistics:

E{v(z)} =0 ©)

R(t) i=j

10
0 i#]j (10)

E{V@)V' (t)} = {
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In this description, R(#) is a square, positive definite matrix interpreted as the covariance
of the noise V(z;). R(t;) being positive definite implies that all measurements, ie.,
elements of V(t;), are corrupted by noise, and no linear combination of these
measurements would be free from noise. In addition, it is assumed that the state and
noise vectors, X(f), W(z), and V(t;), are uncorrelated with each other, and being jointly
Gaussian this means they are also independent of each other[30].

As above, when the measurement dynamics cannot be expressed as a set of linear
equations, a non-linear function must be used:

z(t,) =h[x(,),t,1+ V() an

where h[X(?), f] is the non-linear vector function in terms of the state vector and time.

2.2.3.  System Model Linearization
Equations (7) and (11) describe the non-linear model of the system of which a
Kalman filter determines the best estimate of the states X(¢) and the estimation error
covariance P(7). A linear approximation must be made to create a linearized Kalman
filter to apply to the model. A nominal state trajectory x,() V ¢ € T (T is the entire
period the filter operates) is computed with initial conditions of x,(,) = x,, , where the
noise-free system dynamics equation is defined by
x, (1) =f[x,().1] 12)

where f[*,°] is the same as in Equation (7). Nominal, noise-free measurements are also
considered with the corresponding measurement equation

z,(1,) = h[x,().1,] (13)

where h[e,] is the same as in Equation (11).
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As mentioned in the beginning of this section, a linearized Kalman filter estimates a
perturbation to the nominal trajectory. The state perturbation is found by subtracting the
nominal states from the original states. This yields a system dynamics equation of

[X(1)— %, (O] = {E[x(©),11- £[x,,(1),1]} + G(O)W(7) (14) .
Now, a Taylor series expansion is performed on f[X(2), 7] aboutx,(H) Ve T

oo k
foxoy 1= $ LIKO0 f[x(t) fl

k=0

[x(®)-x, (O] (15)

x(1)=x, (1)

A first-order approximation may be made by neglecting all the terms with powers greater

than one (k > 2)
fix(o). 1) = fix, 0,7+ TEOA i _x @) 16)
ox X(1)=%, (1)
Let
Fir;x (1)) = TXO:1 an
aX x(t)=x,(1)

The linearized (first-order approximation) perturbation OX(f) = [x(r) — xx(?)] is found by
substituting Equations (16) and (17) into Equation (14)
X (t) =F[t;x,(2)10x(1) + G(£)W(?) (18)
The same procedure is appIied to the measurement equation, with a Taylor series
expansion of h[X(#;), #] about z,(%;) V t; € T yielding
dz(t,) = Hz;x,,(2,)10%(1) + v(2) | (19)
At this point, the Kalman filter equations can be applied, resulting in the linearized
Kalman filter. It should be noted that, unlike the basic Kalman filter, the best estimates

of the perturbation states d%(¢) are first-order approximations and not truly optimal. In
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order to get the estimates of the states themselves, the nominal state trajectory must be

added

k(1) =x, (1) + 6K (1) " (20)

2.24. Extended Kalman Filter Equations

In many cases, the effect of neglecting the higher order terms of the Taylor series can
cause the accuracy of the filter’s predictions to stray over time. This is caused when the
nominal state trajectory deviates si gniﬁcantly from the actual trajectory. Extended
Kalman filtering solves this by relinearizing about the most recent state estimate X(z)
instead of the initial nominal state trajectory x,(f). Thus, a new nominal trajectory is
created for each cycle of the filter. Each cycle of a Kalman filter has two phases:
propagation and update. Each filter update occurs at regular intervals ; (i =0, 1,2, ...)
and of instantaneous duration. The propagation phase takes place during the intervals
between ¢; and #;,.;. In the EKF equations below, the following notation convention is
observed [30, 31, 32]:

t|t,. indicates the value of a given variable at time ¢, conditioned on measurements

taken through time ; (this also represents the relinearization taking place).

t7 indicates the value after the propagation phase, prior to the update phase

¢* indicates the value after the update phase, prior to the next propagation phase

1

2.2.4.1. Propagation Phase
The values of the state estimate f((t]t,.) and state covariance P(tlti) are propagated

from ¢ to #;,, through the following differential equations:
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x(tt,) = £[x(]t,), 1] 1)
P(r,) = FItR())IPC) + Pl F [ X )]+ GHQMWG () (22)
where
F5(@])]= -a%%ﬂ s (23)
with these initial conditions:
k() =%() (24)
P ) =P() (25)

2.24.2. Update Phase

After each propagation, the discrete-time measurements z; = 2(t;) are applied. The

updated values of the state estimate X(7,) and state covariance P(z,) are computed through

the following equations:

K(t,) = PC))H [t %G )N Bz %P YHT[1,;R(0)1+ R, ' (26)
&(r') = %)+ K(t){z, - bR )11} @7
P(i') = P(5;) — K(t)HIL: R()IPE,) (28)
where |
H[t; X(t]t)] = oh[x(@). ) 29)

OX  Ixy=iar)
and translating the values after the propagation phase as:
&) = k(1) (30)

P ) =P )., (31)
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The values X(¢) and P(#;") are then used to start the next propagation phase and to
recalculate the nominal state trajectory.

The term {z,. —-h[x(#)).¢, ]} in Equation (27) is known as the measurement residual,
and is represented by r(t;). The value of r(t;) represents the difference between the actual
measurements taken z; = 2(#;) and the filter’s prediction of the measurements
2(t.) = h[X(#]),1,] based on the best estimate of the state vector prior to receiving z;. The
characteristics of r(#;) show how well the filter model simulates the behavior in the real
world. In a linear Kalman filter, for an accurate model, r(t;) will appear white and
Gaussian with a mean of zero and a covariance of

A(,) = Hiz; %G)PEOH 1%+ R() (32)
Note this term is embedded in the expression for K(#;) in (26). For an extended Kalman

filter, this description is good only to the first order.

2.3.  Multiple Model Adaptive Estimation (MMAE)

As a Kalman filter runs, the algorithm generates its prediction of the states of the
system model, X(¢), along with an estimation error covariance P(¢). All of this depends
on how well the model itself depicts the system’s behavior in the real world. The
structure of the model is based on the parameters describing the interrelations of the
states. For this work, these are the system dynamics function f[x(?), 7], system noise
input matrix G(#), measurement function h[X(?), 1], and the strength of the system
dynamics noise Q(#) and covariance of the measurement noise R(z;). The filter can
encounter difficulties when any of these quantities change from values assumed by the

filter. Thus, it would be beneficial to have a filter that could adapt to such changes. A
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technique known as multiple model adaptive estimation (MMAE) handles changes in
system characteristics through a parallel bank of K individual Kalman filters (where K is
the number of possible parameter values a, taken into account), each calculating its own
best estimate of the state vector X, (¢,) with P,(¢,) (k=1, 2, ..., K). When the
measurements z; are given to the filters, they generate a set of residuals ri(t;). These
residuals are processed by a hypothesis conditional probability computation algorithm to
quantify how well each filter matches the real world circumstances. This is expressed és
a conditional probability, pi(%:), by the recursive equation
Fryazan @0 Zi) D ()

p(t) =%
2 fz(ti)la.Z(ti_l)(zilaj Z,_)p; (t)
=1

(33)

where a; is the value of parameters associated with the K™ filter, Z:. is the realization of
the variable of Z(¢;.1), which is in turn a vector of cumulative measurements from the
initial time % to #.1:

()

Z(t,) (34)

Z(t,_,)=
z(t))

and f,, )la,z(r.--o(zila .»Z, ;) is a Gaussian density function with a mean of ri(t;) and a

covariance of Ax(#):

1
Jzapzay (z|a,,Z, )= B. exP{_E Lt )} (35)
where
1
R Th a1 (36)
er)¥A, @)
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and

L) =r (¢)A (1) : (37)

The quantity ri(#;) is an m-dimension vector, i.e., m scalar measurements are taken at
each measurement update interval. These conditional probabilities are then multiplied by
their corresponding state estimates, which are summed to produce a blended estimate of
the state vector X(¢,). Figure 7 shows a block diagram of the MMAE [31].

The conditional probability is best interpreted as py(t;) = Prob[a = a; | Z(t;)) = Zi], ie.,
the probability that the parameter value ay is the correct one for the model, based on the

measurements collected up to this point Z(t;) = Z.
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Figure 7. MMAE Structure for Parameter Estimation
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The blended estimate is then the weighted mean of X, (1), k=1, 2, ..., K:
%() = E{x@)|Z(t) = Z,} = Y, % (0)p (1) (38)
k=1 -
The corresponding covariance P(#;) of the blended solution is
K ~ A ~
P(t)= 2 {Pk () +IX, (@) - X)X, ()~ (AN }pk ) (39
k=1

The underlying concept of the MMAE is that values of the residuals determine which
filter best represents the real-world system at the current time, i.e., the best filter has the
smallest scaled residuals. These residuals are scaled by the inverse of the filter-computed
residual covariance, as seen in Equation (37). The corresponding probability of that filter
should increase over time and the other filters’ probabilities should decrease, assuming
the system environment remains constant. Prior to using the MMAE, each filter should
be tuned (values of the dynamics pseudonoise strength matrix Q adjusted) for its best
performance by running the algorithms under the conditions of each of K parameter
values being the best or “true” values in the real world. Thus, the k™ filter would be
tuned for best performance when the “true” parameters are ay.

An inherent trade-off problem exists in an MMAE between state estimation (X ) and
parameter estimation (a). The problem is that the only way an MMAE can ascertain
what the system parameters should be is through the measurements it receives. When an
MMARE is designed to yield good state estimates (i.e., accurately predicting the system’s
actual states X(#;) given all previous actual measurements Z;.; over a period of time) each

filter is tuned individually to provide accurate state estimates for its own parameter value
a,. If the filters are tuned conservatively, the residuals, r, (¢,) =1z —h[X, (¢ ).1;], can

appear similar to each other. If all the residuals tend to have nearly the same magnitude,
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then the MMAE favors (assigns the highest probability to) the filter with the least value

of |A k|, as shown by Equations (33) and (35) — (37). Although Ay is used to represent the
covariance of the residuals (assumed Gaussian), the value of IA k| is independent of the

residuals themselves and how well the k™ filter fits the parameter environment. The
conditional probability of each filter pi(;) is dependent upon its residuals through Li(t;)
from Equation (37). If the scaled values of the residuals, ri(t;), are similar, then L(#;) =
Ly(t;) = ... = Lx(t;). This means that p,(#;) is iow highly dependent on Bi(t)) (2-32) which

has as its only variable, |A, (#,)|. A strong dependence on |A, ()| can distort the

blending process since there will be one filterj € {1,2, ..., K}, such that [A .(¢)] <
j\%i

|A ez )I V k#j. If the parameter environment does not change for a period, pj(#;) will

approach unity while all other px(t;) will approach zero. As this happens, one filter out of
the bank becomes favored by having most of the probability weighting. This may be the
“best” filter out of the choices available, though it may not have the best parameters out
of the entire parameter space.

However, the performance of the algorithm relies upon significant differences
between the fesidual characteristics of each elemental filter. Because of this, it is
important to avoid adding too high levels of dynamics pseudonoise Q during filter tuning.
Although a conservative tuning philosophy is used to keep filter estimates from diverging
considerably from the truth, conservative tuning tends to mask the differences between
good and bad models [28, 33].

Another concern occurs when one of the elemental filters achieves a conditional

probability of zero. Whenever this occurs, that filter’s probability remains zero
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indefinitely d\je to the recursive nature of Equation (33). Thus, the filter is eliminated
from the possible choices considered by the MMAE in the future. Even if the parameter
conditions change such that the elemental filter that had zero-probability now represents
the best model of the real-world system, that filter cannot have any probability weight
assigned to it. One solution to prevent this from happening is to establish an artificial
minimum threshold value that p; can attain, i.e., min(py) [1, 31]. Consequently, this
means no elemental filter can have p; = 1 even if it is the exact rﬁatch, though this should
not produce any significant problems in determining a solution [31].

The advantage MMAE provides to Kalman filtering is that it handles situations where
a single system model cannot sufficiently simulate the behavior of an actual system
confronted with varying parameters. In addition to the states, the MMAE algorithm can

be used to determine the best estimate of the parameters themselves a(z,) based on all the

measurements collected Z(¢;) = Z;. The blended estimate of the parameter set is

calculated in the same manner as with the state vector:
K

a,) = E{a(t)|2(1)=2,} = Y. 4,()p (1) (40)
k=1

The conditional covariance of a(t;) of the blended parameter estimate is

P, (1)) = E{[a(+,)-4(t)[a,) -4 |Z2(t) = Z}
K A 41)
=Y'[a, (t)-4()a, ) -4 p (1)
k=1

When the filters are tuned for parameter estimation, it is done such that the residuals
tend to have values sufficiently distant from each other. This helps to create a situation
such that if the actual parameters do not exactly or closely match those of one of the

filters, a blending of several filters will provide an accurate estimate of the parameters.
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However, the method to make the residuals more distinct from each other entails
applying smaller values of the Kalman filter gains K(#;) to reduce the influence of the

measurements z;, When the measurements have less influence, the filter tends to tely too
heavily on the propagated state estimates X(#;) . This means the actual state X(#;) can be

misrepresented over time. Therefore, new techniques have been developed to give

accurate estimates of both the states and the parameters simultaneously [33].

2.4. Modified MMAE (M’AE)

The M3AE architecture combines MMAE and Kalman filter techniques for
simultaneous state and parameter estimation. Under this architecture, an MMAE serves
as the parameter estimator and is désigned and tuned for estimating the system’s
uncertain parameters accurately. It is optimized for distinguishing among several
possible hypothesized operating conditions dictating the parameters of the system. The
separate single state estimator within the M’AE algorithrh is designed and tuned to
provide accurate state estimation, conditioned on the measurements and knowledge of the
parameters provided by the parameter estimator.

Several assumptions regarding the system must be accepted before an M?AE can be
applied to the model. Most importantly, the parameters to be estimated lie within a finite
predefined parameter space. The elemental filters of the MMAE are then based on a
subset of discrete parameter values chosen from the parameter space [31]. In addition,
the variable parameters change more slowly than the system’s states, thus estimates of
these parameters can make use of any prior information available as to how they vary

over time. As for designing an M°AE architecture, Miller describes a straightforward
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method to analyze, tune, and predict the system’s performance before conducting a full-
scale Monte Carlo analysis. Figure 8 shows a flowchart of the performance analysis tool.
First, a discretized parameter set is established using an algorithm desi gned by
Sheldon to determine the parameters of each elemental filter of the MMAE [48, 33]. If
appropriate, inter-residual distance feedback (IRDF) techniques developed by Lund [28]
are applied to make each elemental filter appear more distinct from one another. Next,
the state estimation Kalman filter is designed using techniques described by Maybeck
[30, 31]. It is important to note that the MMAE will provide the values of the variable
parameters to the state estimator based on the incoming measurements. Then, the

MMAGE and state estimator are coded in a software simulation. A single Monte Carlo run

( Start )

Build Models &
Code Software
M Tune/Modify
State/Parameter
Estimator
Perform Single
Monte Carlo
Run on MMAE:
(a, Pa’ pk)
Perform M3AE Performance Validate through
Covariance Meets Specs? YES MB3AE Monte
Analysis Carlo Analysis
A
( Stop )
Figure 8. MMAE Structure
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is performed on the MMAE to generate the values of the parameter estimate, a(r,), its

covariance determined by the elemental filters, P.(t;), and the probabilities associated
with each elemental filter pi(t;). Finally, an approximate covariance analysis is conducted
to verify if the design’s performance meets the desired specifications. If so, a thorough
Monte Carlo analysis is conducted on the M3AE. If not, the MMAE and the state

estimator are modified iteratively to solve the discrepancies.

2.4.1. Parameter Space Discretization

The M?AE’s MMAE is designed for accurate parameter estimation. When designing
the MMAE for parameter estimation, a parameter space must be defined. The paraméter
space is the range of values the uncertain parameter to be estimated can assume. Once
this is determined, the next issue is the placement of the elemental filters to span the
space. In the past, several ad hoc methods were used to determine the placement or
discretization of the parameter space, e.g., equal spacing, exponential spacing, etc. [15,
16, 31, 46, 49]. Sheldon[48, 49] thought a more systematic design approach was required,
thus he developed a method to assign the placement of the filters optimally. His method
involves minimizing a cost function, C, which is the average of the mean-squared

estimation error taken over the parameter space:
[ E{ta()-a()]" Wia() -a()i}da
X

€= Jda
X

(42)

where

faa= | .. | [da, da, ... da, 43)
R Ry

X, X,

32




a= : (44)

and W is a weighting matrix chosen by the designer to emphasize specific states, N is the
number of scalar parameters (dimension of a), and X is the bounded region of the
parameter space within which the parameters can take on values.

The parameter space discretization and placement of the elemental filters is
accomplished before implementing the MMAE. This entails deciding which parameters
can change, what the appropriate parameter spaces are, and where the elemental filters
should be placed within the parameter space. Sheldon developed a five-step algorithm to
minimize a cost function over a parameter space numerically. The first three steps
consist of constructing the truth and filter models to represent the system, deciding the
number of filters to be used, and determining the cost function (parameter, state, or
control, but in the M’AE, the MMAE is only used for pﬁrameter estimation) of the
parameter set to be employed. The fourth step is the core of the process. The basic
purpose is to apply a numerical integration technique to evaluate the value of the cost
function, C, over the parameter space X. Assuming the parameter set remains constant
Afor a given problem, only the numerator of Equation (42) needs to be evaluated, and with

W often chosen as a diagonal matrix, it can be expressed as:

| Efta@ -a@1" Wia() - a@)l}da = [ u(WE{la()-ama@ - &1 Tda @5)

X
where tr(*) is the trace of a square matrix (sum of its diagonal elements). For numerical
integration, X is divided into a number of discrete intervals. At one point of each

integration interval, a value for a(z,) is calculated in the following manner:
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Sheldon defines a transformation matrix T that converts true states (indicated by the
subscript T) x1(#;) to filter states (no subscript T) X(z;) in this way:
X(2;) =TX; ) - (46)

where X(#;) is defined by the discrete-time system equation:

X(t11) = @ (ty,1)X(1) + Gy (1)W, (1) @7
®(t,,,1,) = "W (48)

and
Golt)W, (1) = " ©(1,,1)6(7)dB(D) (49)

and Wy(t;) is zero-mean WGN with strength (covariance) of Qau(t):
Q1) = [ @1, DG(DQUNCT (DD (111, 7T (50)

The following equation is then solved iteratively, where the subscript, &, denotes the

K™ filter corresponding to ax (k=1,2, ..., K) (T, as a subscript, still denotes the truth

model):
T,(n+D) =YL, (m)Y" +G,Q,Gg (51)
where
- ={<I)k(I—Kka) (@kT—Td)T)—QkKk(HkT—HT)] 52)
0 D, |
_ —TGdT q)kKk
GO - [ GdT 0 (53)
QO
Q, —[ 0 RT] (54)
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The iteration ends when I'y(n) approaches a steady-state value, i.e., limI", (), (or

practically when Ty(n+1) = I'i(n)), and is represented as I'7 . The proximity of the K"

filter is defined as [49]:
0, = lnIAk|+tr{A;1[[Hk H,T-H,'7[H, HT-H,] +RT]} (55)

If the MMAE has sufficient conditions to converge in the Baram-sense [3], it will
converge toward the j™ filter governed by:

¢, =min{¢,Jk=1, 2, ..., K} (56)

Then the parameter is given by

K
a@)= 2 a,p (1)
k=1 (57)

={[1- Kpy,Ja, ()} + Y 8, )P
k=1
where pmin is the pre-defined minimum conditional probability a filter can attain, and a; is
the value of a(¢;) according to the jth filter.

The fifth step is to use the values of 4(f;) computed above in a vector minimization
of C(a). This yields the optimal values of a; for each filter.

This procedure applies to steady-state, constant-gain (i.e., K(#;) does not vary over
time) Kalman filter. This is adequate for time-invariant systems with stationary noise. In
cases involving astable or unstable system model, the Kalman filters of the MMAE do
not achieve a steady-state condition. This motivates the use of a finite horizon, the
selecting of a period where the system parameters can be considered time-invariant [33].
This research uses an INS with time-varying parameters in its system dynamics matrix

and an inherent instability in estimating vertical positions (a common trait of INSs).
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Thus, a finite horizon is implemented in the software in the iterative solution of the

Equation (51).

2.4.2. Inter-Residual Distance Feedback (IRDF)

Another concern in parameter estimation is to keep the values of Li(#;) sufficiently
distinct to avoid overdependence on |A X (ti)| . To accomplish this, Lund [28, 29, 33]
defines a quadratic term Ji;(t;) as the squared distance measure of the difference between
residual ri(t;) and residual r;(t;):

Ty (1)) = 1 (1) Fyry (1) (38)
where ry(t;) = ri(t;) — ri(t;), j # Kk, is the inter-residual distance between the k™ filter and
the jth filter, and Wy, is a positive definite scaling matrix. The plan is to maintain Jy;(#;)
above a specific limit value Jy(#;) > 0 by adjusting the filter gains. A common method to
accomplish this involves adjusting the filter gains by varying the dynamics noise
strengths Qi downward. In the continuous-time method developed by Lund, Qx is
replaced by

Q) =n")Q, (1), N(?) € [Mpin>1] (39

Assuming Qy represents the dynamics noise for the K™ filter tuned for best estimation

when its assumed parameter value is true, the modulating parameter 7() has an upper
limit of 1, since N(f) > 1 would decrease the distinguishability of the residuals [28, 29,
33]. A lower limit My, = O is set to maintain the stability of the filter. In addition, Lund
'defines the continuous-time derivative of 1(¢) as:

d . [8J,®- (@), Cond. 1
dt = {0’ Cond. 2 (60)
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where
Cond. 1: n(t) €[N 4in-1]
Cond. 2: 1(f) =Ny, AND E[J,. (1) - Jo(1)]<0 OR ~ (61
n)= 1 AND {[J,;())-J,()]>0

The constant £ provides proper attenuation of the noise modified by 7(?). Ad hoc
methods are used to determine the values of &, Nmin, and Jo. Lund suggests choosing &
such that 1/& is greater than the largest time constant of the elemental filters, and Nmin = 0
if the system maintains its stability [28, 29]. For Jo, one ad hoc method involves
performing a sample run before applying the IRDF techniques [29, 33]. An initial value
for J, is chosen based on the actual values of J3; observed, e.g., the mean value of Jy;.
These values are then “tuned” in further simulations to verify the system performs within
its requirements. However, there is a shortcoming in this method in that the modulated
system noise strength Q;(2), being a function of time, is computed in real-time and
cannot be determined in advance.

As a way around this, Lund recommends modulating the qLiantity Ki(t)ri(?) instead of
Qu(r) to simplify this for linear models:

K, 0r, (1) =n(OK, (0)r, (1), () € [N55,1] (62)

The primary benefit of this is that the Kalman filter gains Ki(f) can be precomputed
and only 7(¢) is computed in real-time [29, 33]. In addition, modulating Ky(?) yields
quicker adaptation responses than with Qu(f), which relies on the filter state covariance
P«(f) equations transient effects to subside before the filter gains can be changed [29, 33].
Conversely, Lund states this approach has less benefit for extended Kalman filter and

other higher order filters where their filter gains are computed in the process. In this
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research effort, the MMAE filters implemented have reasonably distant values when the
parameter space is discretized by means of Sheldon’s algorithm. Also, many of the terms
of the system dynamics noise matrix Q for the truth model and tuned filter model are very
small or zero. For these reasons, IRDF was not pursued in this work, although it may be

of significant interest to other potential research areas [29, 33].

2.5. Summary

The theory and approaches described in this chapter are intended to provide insight
into the methods used to implement system models for test simulations. Due to the extent
Kalman filtering is applied to navigation problems, a good understanding of its workings
can be invaluable in designing such systems. One of the motivations for this work is to
apply the newly developed M>AE techniques [33] to an actual problem, thus improving
the capabilities of parameter estimation (prediction of the system’s working
environment), and state estimation (prediction of the values of concern, such as altitude).
Tn this work, state estimation in the face of changing parameters for the precision landing

problem is the core matter.
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3. Methodology

3.1. Overview

The fundamental elements of this type of research effort are the application and
implementation of accurate system models and simulations for the problem at hand. This
chapter presents a comprehensive description of the truth and filter models, integration
methods, and simulation techniques employed. An overall description of the system is
provided at the start. Next, the truth and filter models are developed for each navigation
subsystem, including a complete description of their roles. Finally, the approaches to
perform simulations of the problem are outlined. The next chdpter then gives a

breakdown of the results of the simulations.

3.2. System Description

The navigation system to be examined consists of several elements. The basis for the
system is the M3AE. Its role here is to provide the best estimates of the error states of
the INS rather than the true states. True states are the actual values of position, velocity,
attitude, etc. This should not be confused with the truth model, which is a system model
that is assumed to depict the actual behavior of the states, true or error. Error states are
distinguished from true states in that they are the correction values of position, velocity,
etc. that should be subtracted from the states output from the INS to provide the best
navigation estimates. This is necessary, since the INS, in the configuration being
considered, does not have its states reinitialized to reflect an update on the actual position

of the aircraft according to the measurement devices. Before the entire system is first
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activated, the initial states of the INS are carefully calibrated to reflect the craft’s current
position, and the M?AE error states are assumed to be zero. After activation, the state
estimator predicts how far INS readings deviate from the actual (true) position, attitude,
and velocity of the craft, hence the term error states.

To compute its best estimate of these error states, the M?AE receives information from
several sources. These consist of the INS with altitude estimation (vertical channel)
aiding from a barometric altimeter, pseudoranges from four GPS satellites and one
pseudolite, and relative altitude from a radar altimeter. The GPS signals and altimeter
readings are considered as measurement values for the M3AE. The truth model uses 62
error states to describe how these systems function in the real world [7, 13, 38, 56].
Then, the reduced-order filter model’s performance is compared to the truth model’s
performance. The filter model tracks 13 error states, representing the navi gation system
on board the aircraft. Figure 9 shows a layout of the relationships between subsystems.
For the purposes of simulation, a flight profile trajectofy was generated in advance by the
program PROFGEN. The GPS satellite data used are from a file recorded 4 May 1991
[13].

The simulations compare the performance of the 13-state reduced-order filter to the
62-state truth model. The (error) stateé of the filter model are a proper subset of those of
the truth model, and were chosen to be those having the greatesf influence over the‘
desired navigation data output of the complete system [38]. The truth model makes use
of 39 states representing the INS and 23 states for the GPS data. From this group of
states, 11 INS states and 2 GPS states were selected to be implemented into the filter

model.
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Figure 9. Navigation System Block Diagram

3.3. Inertial Navigation System Models

The INS model used in this work is based on the Litton LN-93 strapdown, wander-
azimuth INS using accelerometers and ring-laser gyroscopes (RLG) to detect the changes
in the motion and orientation of the aircraft. Readings from these instruments are
translated into the various states of the model including position, velocity, and attitude.
Litton developed a sophisticated error state model using 93 states to describe the
characteristics of the LN-93 INS [26]. This error state model provides an accurate
depiction of the actual performance characteristics of the INS and has been used in
several research projects at the Air Force Institute of Technology (AFIT) [7, 13, 38, 56,
57]. The error state model has been implemented into the MMSOFE program [39, 36] to

conduct the Monte Carlo simulations.
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The error states of the LN-93 X can be expressed as a 93-state vector that can be

separated into six categories or “subvectors”.

x=[ox] &, &x] &, & ;| (63)

0X; has 13 elements representing the commonly used nine Pinson error
states: position, velocity, and attitude in three dimensions; and four
errors in the vertical channel of the INS [43].

OX, has 16 elements representing the exponentially time-correlated errors of
the gyros, accelerometers, and barometric altimeter, and “trend” states,
all of which are treated as first-order Gauss-Markov processes.

Ox3 has 18 elements representing gyroscopic bias errors, which are treated as
random constants.

OX; has 22 elements representing accelerometer bias errors, which are
treated as random constants.

OXs has six elements representing accelerometer and initial thermal
transients, all of which are treated as first-order Gauss-Markov
processes.

O0Xs has 18 elements representing gyroscopic compliance errors, t;eated as

biases.
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The differential system equation for the INS truth model is

ox =Féx + Gw
-65(1 ] F, F, F, F, F; Fi ] —5x1 | (W, |
ox, 0 F, 0 0 0 0|, w,
| [0 0 0 0 0 0} |0 (64)
S, |0 0 0 0 0 0| 0
sx,| [0 0 0 0 F, 0 |dx, 0
5% | L0 0 0 0 0 0 |&x,] [0]

A complete description of the submatrices within F is given in Appendix B.

3.3.1. INS Dynamics Truth Model

Although this 93-state model provides the most accurate depiction of the behavior of
the LN-93 INS, there is a considerable computational burden involved by implementing
this model directly. The work of Negast provides a reduced-order version of this and
demonstrates it retains sufficient fidelity to the original for the types of simulations

conducted here [38]. The reduced-order model, which is incorporated into this work, is:

5*1 F, F, F, F, X, w,
X, 0 F, 0 0 |ox,| |w,

= + 65
ox, 0 0 0 0 (dx, 0 (63)
&, L0 o o0 o]&x, | |0

The states of this model are a validated subset of 93-state vector, though they are not
the first 39 states of that vector. Thus, the submatrices within this equation are different
from those in the previous equation since the error state subvectors do not correspond

exactly to those above. The relationship between the states of the two models is provided

in Appendix B.
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3.3.2. INS Dynamics Filter Model

The model representing a typical implementation in a navigation computer installed
on an aircraft would tend to be less complex than the full-scale truth model. Processing
full-order models requires extensive computing capacity. Therefore, reduced-order
models economize the limited computation resources normally available on board an
aircraft and provide quick processing of results in real time. This encourages the
development of a further reduced-order filter model. The filter model for the INS used in
this research consists of 11 states: three position alignment errors, three velocity biases,
three attitude alignment errors (related to the nine Pinson error states) [43], and two states
for vertical channel stabilization. Since the ultimate goal is to obtain the most current and
accurate information about the position and velocity of the craft, the states selected are
those having the greatest influence on these quantities. All of these states are elements of
&x;. Thus, the elements of the system dynamics matrix form a subset of the elements of
F11. To compensate for the omission of states, the values of the strength of the dynamics
noise matrix Q(z), where E{w(t)wT(t + 17} = QO &1), T=0, are tuned, i.e., adjusted, so
that the behavior of the filter equation closely resembles that of the truth model.
Appendix B gives a further description of these states and Appendix C lists the tuning

values.

3.3.3. INS Measurement Filter Model
The measurement device directly incorporated into the INS is the barometric
altimeter. The barometric altimeter provides signals to counteract the inherent instability

of the vertical channel, i.e. altitude determination, of the INS. Since the M>AE uses error
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states, the value of the true altitude (unknown) must be eliminated by taking the
difference between the altitude predicted by the INS Ayys and the reading of the
barometric altimeter 4z, The value of INS-predicted altitude fs is considered to be the
sum of the true altitude A7 and the INS error in altitude above the reference ellipsoid of
the earth (WGS-84 [9]), dh. The reference ellips;)id is used since barometric altimeters
are calibrated to measure altitude above mean sea level, and not the actual terrain. The
barometric altimeter reading is viewed as the sum of the true altitude hrt, the time-
correlated error in the altitude reading i, and a random noise in the measurement Vg,
an element of the measurement noise vector V. By taking the difference of the two

altitude readings, the value of the true altitude is eliminated, thus:

6ZBar = h’INS - hBar
=[h; + 6h]—[hy + Ohy — Vg, ] (66)
= 6h' - 6hB + VBar
The random noise Vg, is considered to be zero-mean, discrete-time WGN, thus it can
take on a positive or negative sign. The sign of Vg, was chosen to yield a positive one in
the final form of the equation to emphasize the addition of measurement noise. Two

states from the filter model appear in this equation: the INS error in altitude above the

reference ellipsoid &k and the time-correlated barometric altimeter error Ohp.

3.4. Radar Altimeter Measurement Model

‘Accurate and precise knowledge of altitude is vital to flying and landing an aircraft
safely. Thus, an additional instrument, a radar altimeter, is commonly included on
aircraft to determine altitude further. The radar altimeter readings hgr.qa are modeled as

merely the sum of the true altitude ky and zero-mean WGN in the measurement Vg,q (nOte
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the sign convention). The measurement error is calculated in the same manner as with
the barometric altimeter:

02 et = Muns = Praa
=Thy + Bh] [y —Vig,q] (67)
=6h+V,,

Unlike the INS and barometric altimeter measurements, there are no time-correlated
components associated with the radar altimeter measurements. However, the radar
altimeter is sensitive to the relative altitude of the aircraft. Radar altimeters give better
readings when closer to the surface terrain, “above ground level” (AGL), than at higher
altitudes. Thus, radar altimeters are used regularly only when the relative altitude drops
below 3,000 ft AGL. The precision dependence of the radar altimeter is reflected in the
covariance of the measurement noise Rgrqqz as a function of the true AGL altitude hacy.
This value is the same in both the truth and filter models and is given by [13]:

R, = (0.01°K},, +0.25) ft* (68)

The quantity Rg,q is a diagonal element of the measurement noise matrix R.

3.5.  Global Positioning System Models

GPS is made up of a constellation of satellites sitting in six orbital planes revolving
about the earth in an approximately 12-hour orbit. The constellation consists of a
minimum of 24 satellites with several on-orbit spares. The satellites of GPS are designed
to serve as a radionavigation system to provide three-dimensional positioning information
with respect to the earth. Each GPS satellite or space vehicle (SV) broadcasts
information about its own position in orbit at a specific time. GPS receivers on earth

search for, acquire, and track signals broadcast from four or more SVs and process them
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to determine their position relative to the earth. Since the position is calculated in three
dimensions, at least four signals are needed to produce an unambiguous solution for
position. The signal from each SV contains information identifying which satellite it is,
what its position is according to its own ephemeris, what time this signal was broadcast,
and other data specific to the SV. The key to using GPS signals for positioning is to
determine the difference in time between when the SV sent the signal and when the
receiver picked up the signal. Based on the predetermined velocity of radio frequency
(RF) transmissions, this difference in time can be translated into a distance between the
receiver and the satellite. This quantity is known as the pseudorange. A pseudorange
differs from the true range between the receiver and SV in that it has several errors
embedded into it due to timing inaccuracies and RF propagation delays. These errors are

taken into account when determining a positioning solution for the receiver.

3.5.1. GPS Truth Models

The pséudoranges calculated from the receiver to each GPS satellite are subject to
three primary categories of errors: errors due the receiver’s internal clock, errors due to
atmospheric effects, and errors due to each SV’s equipment. Each error has the effect of
increasing or decreasing the apparent péeudorange between the receiver and the
transmitting satellite. Therefore, these errors have been studied widely and models have

been constructed to describe and simulate their behavior accurately [25].

3.5.1.1. GPS Dynamics Model

The GPS truth model developed has been used with success by several research

efforts at AFIT [7, 13, 38, 56, 57]. The 30 states used by the model are listed in
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Appendix B. The first errors considered are the most significant, which involve the
internal clock of the receiver. Although each SV in the GPS constellation possesses a
high-accuracy atomic clock on-board, most receivers use less expensive clocks that do
not keep time to the same degree. The difference between the time the receiver clock

indicates and the actual time is represented by user’s receiver clock bias Rycx and clock

drift rate 8Dy The system dynamics equation relating these is:

Ry | _ [0 1} SRy ©9)
8D,y | 1O 0] 0Dy

The initial values of the state estimates and corresponding values of covariance were

chosen to be consistent with past studies at AFIT [7, 13, 38, 56]:

{61?”6"‘(’0)} - m (70)
5DUclk (tO) O

9.0x10™ ft* 0
PUClk (to) = 0 9.0 X 1010 _fti_ (71)

These errors are the same with respect to each satellite since they are produced by the
receiver equipment. The next errors considered are associated with a particular satellite,
denoted by the subscriptj € {1, 2, 3, 4}. Another error associated with GPS receivers is
the multi-path error, SRyp;, Which is caused by stray signals reflected by surfaces near the
receiver’s location. |

In addition, GPS signals, being RF, are subject to atmospheric interference delaying
the transmission. There are two atmospheric errors modeled: the tropospheric delay
ORirop; and the ionospheric delay 8Rion;. The three errors cited above are all treated as

first-order Markov processes with zero-mean WGN as shown by:
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R | [-1 0 0 Ry | |Win

OR,,;i 1=1 0 =55 0 JOR, |+ Wiy A (72)
6Rionj 0 - T,SIW 6Rionj Wionj
with initial state covariances given by:
025 0 O
Ppant)=| 0 1.0 0 |ft’ (73)
0 0 3.0
and dynamics noise characteristics given by:
E{w (1)} =0 (74)
05 O 0

E{Wors(OWips (t+T)} = Qpd(@)=| 0 0004 0 |258()  (75)
0 0 0.004

Although each GPS SV has a high-accuracy clock on-board, its time may not be set
exactly. This introduces another error term known as the satellite clock bias ORscij. The
last errors taken into account are the line-of-sight satellite position errors, dxsvj, Oysyy, and

&zsvj. These four errors are modeled thus:

6RSclkj 6RSclkj
.SVJ =0, Y (76)
aySV; SySVj
Ay, gy,
with initial state covariances given by:
Piinos(to) =25 fit* | PO )

The full 30-state system dynamics equation is formed by taking the user’s receiver
clock equations and augmenting them with four versions of Equations (72) and (76), for

each j™ satellite. Appendix B provides a description for the 30 states.
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3.5.1.2. GPS Measurement Model
The principal measurements for a GPS receiver are the pseudoranges Paps;j to each
satellite. This can be expressed as the sum of the true range pr; plus all the errors

described above and measurement noise Vpg;:

Pepsy = Pg; + ORyp; +OR, 0 +OR,,; + Ry + ORyoy +V iy (78)

tropj ionj

The true range is always an unknown quantity, thus a measurement difference is
calculated to eliminate it. This is carried out by computing the position of the craft
(user’s receiver) as indicated by the INS py and the satellite’s position according to its

ephemeris ps. The difference, INS range, is given by:

ECEF ECEF
Xy Xs
Pins = |pu _psl =\ Yu — | Ys k (79)
%y Zg

where ECEF indicates that all elements are expressed in the Earth-Centered, Earth-Fixed

(ECEF) coordinate reference frame. The quantity pjvs also can be expressed as:

Pws = \/(xu - xs)2 +(yy — }’s)z +(zy —Zs)z . (80)
This equation for pyys is a non-linear function of the craft and satellite‘positions. To
create a linear expression from this, a Taylor series expansion is calculated about a

nominal value of both positions with the terms greater than first-order neglected.

This yields the equation:

90 s (Ps>Py)

Pins =pT+( ]59(/ (81)
ap S (Ps+PU dnom

. ]aps{éeﬂs_(_ps,_pu_)

(pS Py Y nom apU
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Substituting Equation (80) into Equation (81) and evaluating the partial derivatives

produces:

(82)
o+ (32 o+ (oo
The measurement difference equation is formed by taking the difference between
Equation (82) and Equation (78) for each satellite:
8y = Pinsy ~ Pos
— Xs—*u Ys—Yu 25~y
= {2}, - (2o () -

Xs—Xy Ys—Yu
+( [Ryns| )dx +( |Runs| )Sys ( |Ruvs| )6ZS
MP] 6erop} 6Rtonj Sclkj 6RU Tk + vPRj

Thus, the values of the receiver position errors, dxy, Syy, and &zy, can be derived from the
first three states, 66;, 66,, and 86,, of the truth or filter model through an orthogonal

transformation [7, 13].

3.5.2. Differential GPS Truth Models

As seen in the previous section, GPS pseudorange data contain errors from many
different sources. A commonly used technique to eliminate some of these .errors is
known as Differential GPS (DGPS). To apply this technique, two GPS receivers are
required. The first receiver, known as the reference receiver, is located at a site whose
position is well surveyed and known to a high degree of accuracy. The reference receiver
is usually equipped with a high-accuracy clock to diminish the receiver clock bias and
drift. By comparing its GPS-computed position with its surveyed position, the reference

receiver can obtain a precise estimate of the errors in the pseudoranges to each visible
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satellite. For example, certain errors, such as the error in the position of the SV and
satellite clock bias, are common between receivers that are relatively close by (within
approximately 100 nmi). These errors then may be calibrated and transmitted to another
remote receiver, e.g., on-board an aircraft, in the vicinity of the reference receiver. The
transmitted error data provide differential corrections for the use by the remote receiver
to remove them from its pseudorange calculation. Using DGPS, the truth model can be
reduced to 26 states by disregarding the satellite clock biases ORs.i for each satellite. In
addition, there is difficulty in consistently characterizing the multi-path error, 6Rupj,
since it is highly dependent upon the location of the receiver. Therefore, for the
simulations performed in this research, dRup; is lumped into the measurement noise, V.

Thus, the final DGPS truth model used consists of 22 states.

3.5.2.1. DGPS Dynamics Model
The system dynamics equation for the receiver clock bias and drift remains
unchanged as in Equations (69), (70), and (71). Grouping the remaining atmospheric and

satellite position errors, the system dynamics equation becomes:

5R,mpj —'"5%6 0 0 0 0] _6Rrropf —Wrropj ]

(SR,.M_,. 0 -T,slTo 0 0O 5Rianj Wion

&g [=| 0 0 0 0 Of &xgy |[+] O (84)
. 0 0 0 0 0fdy, 0

| &, | LO 0 00 0f&zy | [0
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with initial state covariances given by:

(1.0 0 0 0 0
0 10 O 0 0 .
Pops)=l0 0 035 0 0 |ft? (85)
0 O 0 035 O
|0 O 0 0 035
and dynamics noise characteristics given by:
E{w DGPS(t)} =0 (86)
[0.001 0 0 0 O]
0 00004 0 0 O
E{W o5 (OW s (1 + T)} = QppsB(T) =[O 0 0 0 0|£:5(r) (87)
0 0 0 0O
| 0 0 0 0 0]

3.5.2.2. DGPS Measurement Model

The DGPS pseudorange measurement equation is identical in form to Equation (78)
less the range errors due to multi-path and satellite clock bias:

Poers = P +6R, . +OR . +OR,, — 7 (88)

tropf ionj
The DGPS measurement difference equation is formed in the same manner as previously
seen. In this case, the difference between Equation (82) and Equation (88) is taken for

each satellite:
&pr; = Pivs — Poces;
= (), - (260 — (35248,
+ () + (2695 + (555248

~0R,,,; —OR,. = ORy . +V oy,

tropj mn]

(89)
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3.5.3. DGPS Filter Models
The simulations conducted in this work utilize DGPS to take advantage of the higher
accuracy. Of all the errors discussed, the predominant errors are the receiver clock bias

SRy and clock drift SRy The other errors are combined and modeled as zero-mean

WGN resulting in this system dynamics equation:

6I?Uclk — I:O 1i||:6RUclk il + [WUclk} (90)
5DUclk 0 O 6D Uclk WUclk
with an initial covariance given by:

9.0x10* ft* 0
1

PUClk(t0)=|: 0 90X1010 _ft.z_

To get the filter model to emulate the behavior of the truth model, the elements of the
dynamics noise matrix Q(#) are tuned in the filter. These tuning values are listed in
Appendix C.

The measurement equation for the filter is similar to the other filter equations except
several states are omitted: the multi-path effects, atmospheric effects, satellite clock
biases, and satellite position errors from the ephemerides. With only the error in the
craft’s (receiver’s) position and receiver clock bias and drift remaining, the filter

measurement equation works out to be:

‘SZPRJ‘ = Psj — Poersj

- _(ﬁ)&v a (ﬁ)ayu - (ﬁ)&U — Ry +V 62

The strength of the measurement noise is adjusted to compensate for the eliminated
states. The four diagonal elements of the measurement noise matrix R pertaining to the

pseudorange measurements Rpgj, j € {1, 2, 3, 4} are tuned for optimal performance.
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3.54. GPS Pseudolite Models
The pseudorange measurements for the ground-based pseudolite are treated as if they
were received from a fifth GPS satellite (j = 5), with three exceptions pertaining to the
truth model:
1. The atmospheric effects on pseudolite transmissions are caused only by
the troposphere, since the pseudolite is on the ground. Thus, there is no
ionospheric delay error term OR;,,s present, only a tropospheric term
ORtrops-
2. The pseudolite is assumed to be located at a surveyed site, eliminating the
. uncertainty in the satellite position from its ephemeris: Oxsvs, OYsvs, OZsvs,.
3. The pseudolite is equipped with a high-accuracy clock, thus clock bias
ORs.is may be ignored.
Otherwise, for the filter model, there are no differences between a satellite measurement

and a pseudolite measurement that need to be taken into account.

3.6. Integrated System Models

The models implemented into the simulations are a combination of those described
above. The state vector of the entire system is constructed so the first 13 states of the
truth state vector form the filter state vector. The remaining states for the truth model are

augmented afterwards, in the following format:

OX s Fitter 11 INS Filter States
. = OX psps Fitier 2 DGPS Filter States ©3)
Tt 1 8% s oher Other 28 INS States

OX popsomer | Other 21 DGPS States
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The elements of the system dynamics matrix F and the dynamics noise strength matrix Q
are arranged to maintain the state relationship so the system dynamics equation for the

truth model in terms of the filter model is:
X riter | _ | Friter Fouera,2 |:6xFilter] + [wFilter} (94)
X per Foneray Fonerc | Xomer | | Worher

and the noise strength is:

Q Filter

a0

E{wTruth (t)w;ruth (t + T)} = QTruth (t)5(‘L’) = [

All of the dynamics noise for each state is considered to be independent of (uncorrelated
with) each other. Therefore, all of the matrices representing the strength of the dynamics
noise, Qrrum, Qriter, and Qomer, are diagonal.

The measurement vector, 02 = [ 0zgar Ozprr *** OZPre OZrad OZPRS 1%, remains the
same for both the truth model and the filter since there is no reduction in the number of
measurement sources from the truth model to the filter. Conversely, the measurement
noise covariance matrix, R, does have different values between the truth model and the
filter to reflect the reduction of states from the truth model to the filter. In addition, the
measurement matrix, H, is structured to fit the state vector convention. Thus, the

measurement equation for the truth model in terms of the filter is:

Xy,
62 = [HFiIter HOther ]|: 6x dejl +V : (96)

Other
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and a measurement noise strength of:

R, 0 O 0 0]
0 Ry O 0 0
o 0 . . i
. T It =R(z. 5..= . . . 6 97
Eva VT @ =RE)S, =) . . . k., 0 o | 97
0 o0 0 R, O
0 0 0 0 Rps|

where §; is the Kronecker delta function.

3.7. Interference Models

The environment in which an aircraft travels is filled with many sources of RF
signals, especially near the ground. Although GPS is a highly accurate system for
determining positions with respect to the earth, it processes RF signals with a very low
carrier-to-noise ratio, -163 dBw [25]. These signals may be subjected to interference
from various sources ranging from unintentional spurious emissions to malicious
disruption on or near the GPS frequency band. In these simulations, this is reflected by
an increase in the elements of the measurement noise matrix R(z;) related to the
pseudorange measurements. This variation in R(#;) represents a change in the parameter
structure of the system a(#;). Accounting for this change while generating the appropriate
state estimates is the role of the M3AE, The variable elements Rpg;(t;) of R(#;) will have a
finite range, i.e., paralheter space, since beyond a certain level of interference, GPS signal
are effectively unusable. The MMAE is designed to have filters spanning this finite
parameter space, and to be optimized for estimating the actual value of R(#;) based on the
measurements available up to the time in question, Z(;) = [zT(ti) zT(t,; D zT(to)]T. No

changes in the measurement noise for the altimeters, Rpa,(#;) and Rgaa(t;), are taken in
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account. The barometric altimeter is affected only by the atmospheric pressure and the
radar altimeter has a narrow field of reception directed downward. In addition, the INS is
a self-contained piece of equipment influenced only by the linear and angular
accelerations of the craft. With a feed-forward configuration in place, the only

measurement the INS receives is from the barometric altimeter incorporated within itself.

3.8. Simulation Software

The FORTRAN-based software, Multimode Simulation for Optimal Filter Evaluation
(MSOFE), is a program constructed for conducting simulations of systems that employ
Kalman filtering [36]. The structure of MSOFE allows it to be directly applied to a
variety of problems requiring optimal state estimation with a minimal amount of software
refitting. The program has two principal simulation modes for assisting in evaluating the
performance of the system:

1. Monte Carlo simulation generates multiple—sémple time histories of a
system’s truth states, filter states, and filter estimatioﬁ errors, including
non-linear effects, using linear or extended Kalman filtering.

2. Covariance simulation generates time histories of the second-order
statistics, i.e., values of covariance, of a system’s truth states, filter
states, and filter estimation errors using only linear or linearized
models.

The two modes are complementary. Covariance simulation can generate the
performance statistics of a filter in a single pass. Monte Carlo simulation requires

multiple sample runs before meaningful statistics can be computed for a scenario.

58




Conversely, Monte Carlo simulation can handle non-linear processes, which the
covariance mode cannot.

An extension of MSOFE, Multiple Model Simulation for Optimal Filter Evaluation
(MMSOFE), developed by Nielsen [39], supports the analysis of systems using multiple
model adaptive estimation. MMSOFE is a modified version of MSOFE using similar
core code with modifications reflecting the use of multiple Kalman filters. It is designed
to conduct the propagation and update of several filters simultaneously. While
performing the filter operations, it performs the calculations for hypothesis conditional
probability and appropriate blending for MMAE and other multiple model algorithms. In

this work, MMSOFE is used in the Monte Carlo mode for all simulations.

3.9. Parameter Estimation

The navigation system models are implemented using the M?AE architecture with an
MMAE consisting of five elemental filters, delivering parameter updates to a state
estimator. Five was chosen to give a finer discretization of the parameter space than in
the previous research by White [56], but to keep the simulation time needed to a
manﬁgeable level. The estimated parameter is the GPS pseudorange measurement noise
strength, Rpg;, j € {1, 2, 3,4, 5}. This noise is assumed to affect all pseudorange
measurements uniformly, thus Rpg; = Rpg; V i #j. Although the values of Rpg (j subscript
dropped for simplicity) are meant to-portray an increase in the strength of the RF
interference noise on the GPS L1 frequency, it is not an accurate representation of an
increase in the noise power. Still, varying Rpr serves to demonstrate a meaningful

change in a parameter.
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The greatest admissible value of pseudorange measurement noise variance is set as
2,000 times the nominal value of Rpr without RF interference (Rpgo) [56]. Any value
greater than this is assumed to render GPS signals useless. Thus, the finite parameter
space, X, can be defined to encompass the real numbefs from 1 to 2,000 and the
estimated parameter vector, @, is actually a scalar quantity, @8 € X. The value of & can be
treated then as a multiplier to Rpgg, Which in past research at AFIT was takeﬁ tobe 9 (ft?)
[38]. With X and a defined, the placement of the elemental MMAE filters can be
determined. Using the algorithm developed by Sheldon [48] described in Section 2.4.1.,
the values of a (instead of &, since this quantity is not stochastic) for each of the five |

filters was calculated as follows:

a =10

a, =214.4
a, =610.7
a, =1,064.3
as; =1,629.4

In addition, a constrained optimization was implemented into the enhanced Sheldon
algorithm to fix one of the filters to the nominal parameter level, a;.

During each Monte Carlo run, three programs are used. First, the program MMSOFE
runs the MMARE filters to calculate its best estimate of the pseudorange measurement
noise strength factor, 4(t;) = E{a(t;) | Z(t;) = Z;}, at each time interval over the entire
flight trajectory in question. This value of d is then appended to the flight trajectory data
using the program APPEND and passed on to the state estimator to be incorporated into
its measurement noise matrix, R, by letting Rpg; = @Rpro. Next, the state estimator
calculates its best estimate of the states, X , from which the best estimate of the error in

the aircraft’s position is calculated at each time interval. Like the MMAE, the state
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estimator is implemented into MMSOFE (a variation called SMSOFE) with certain
variations, e.g., the number of filters is set to one. SMSOFE has the same basic structure
as MMSOFE, except it has only one filter that accepts a parameter update generated by
the MMAE (implemented in MMSOFE). After SMSOFE is run, the error in the aircraft’s
position (east, north, and vertical directions) over the trajectory is recorded. Ten Monte
Carlo runs are performed to obtain sufficient data for a meaningful analysis. Finally,
these data are processed using programs written in Matlab® [52] to create plots of the

errors over the time of the trajectory.

3.10. Summary

The models described in this chapter are employed for simulating an integrated
GPS/INS aircraft navigation system augmented with a radar altimeter and a signal
available from a GPS pseudolite. A reduced-order filter model is constructed using a
subset of the states from the system truth model. This is done to model the difference
between thie predictions an on-board navigation computer (filter model) would make of
the position of the aircraft against actual behavior of the craft (truth model). In Chapter
4, thé performance of the system is analyzed through various levels of interference to

determine its suitability for a PLS.
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4. Analysis of Results

This chapter covers the simulations conducted and provides interpretations of the
results. Eight test cases are presented, depicting two navigation system configurations
and four GPS interference scenarios. The M°AE algorithm is implemented for each case,
where the MMAE is set up to determine the variable parameter in the presence of
interference and the state estimator provides the best estimate of the position of the

aircraft.

4.1. Flight Profile

The simulations were performed using the MMSOFE program working with a flight
trajectory created by PROFGEN [35]. The flight profile created represents a KC-135
(Boeing 707) aircraft flying for 3,912.5 seconds from take-off to landing touch-down at
runway 23R (heading 232°) at Patterson Field, Wright-Patterson AFB. The portion of the
flight profile examined is the period just before landing, from 3,810 to 3,910 seconds,
when the aircraft is on its 3° descent glideslope with a steady velocity of 132 knots [13].
The local terrain is assumed to be “flat”, at an altitude of 825 ft from mean sea level

(MSL). The coordinates of the flight path are shown in Figure 10.
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Actual Aircraft Trajectory
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Figure 10.  Actual Trajectory of the Simulated Landing Aircraft

4.2, GPS Data

To determine the pseudorange measurements, actual GPS almanac data were
incorporated into the simulations. The almanac data were obtained from the Coast Guard
Bulletin Board Services (CGBBS). A program called SEM3.6 [13] processed this
information to select the four best GPS satellites of those visible, based on the best
geometry, i.e., geometric dilution-of-position (GDOP). An arbitrary take-off time and
date, 04:00 UTC (08:00 EDT), 21 May 1994, and a mask angle of 5° above the horizon,

were used to determine which GPS satellites would be visible for the flight trajectory.
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4.3. Navigation System Configurations

The navigation systems modeled in this study follows the work of previous [7, 13, 38,
56] and current [53, 57] research at AFIT. The core of the system is an INS with a
barometric altimeter built-in for vertical channel aiding. To compare the effects of the
quality of the INS used, two models were used, an INS with a drift rate of 0.4 nmi/hr
(CEP) vs. a lower quality INS with a drift rate of 4.0 nmi/hr (CEP). The positioning
ability of the INS is enhanced with pseudorange measurements provided by a GPS
receiver. The receiver accepts signals from the four best GPS satellites visible and from a
ground-based GPS pseudolite. The pseudolite is included to improve the vertical
positioning of GPS. This is reflected in a lower (better) value of GDOP; 2.63 without the
pseudolite vs. 2.50 using the pseudolite [25]. Finally, a radar altimeter is incorporated to
improve altitude readings further; this is a navigation aid found in most military and

commercial aircraft for use in landing.

4.4. GPS RF Interference Scenarios

The navigation systems modeled in this study follows the work of previous research
by Gfay, Britton, and White. Gray examined different combinations of navigation aids,
first introducing different qualities of INS: 0.4 nmi/hr, 2.0 nmi/hr, and 4.0 nmi/hr drift

rates. Britton followed this by incorporéting DGPS in place of ordinary GPS

‘pseudorange measurements. White applied RF interference and GPS spoofing to some of

the past test cases to assess the performance of an MMAE to provide accurate state

estimates.
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The simulations performed for this effort use four different schemes of RF
interference to examine the performance of the M>AE design described in previous
chapters. The first has no interference to establish a nominal reference. The second uses
the same scheme applied by White in his research, which consists of varying the
parameter, 4, at different levels spaced as shown in the top plot of Figure 11. The third
scheme attempts to portray a situation where the interference increases as the aircraft
approaches the touch-down point. Here, the source is assumed to be in the flight path of
the aircraft. The value of & is increased in inverse proportion to the square of the distance
to the interference source. In the fourth scheme, the value of ais decreased in the same
manner to depict flying away from an RF interference source. The four RF interference
scenarios are combined with the two navigation configurations to form ei ght test cases.
Table 3 summarizes the test cases and Figure 11 shows the RF interference schemes

where the parameter & varies.

Table 3. Simulation Test Cases

Case Drift Rating of RF Interference
INS Used Scheme
I 0.4 nmi/hr Nominal
Il 4.0 nmi/hr ' Nominal
11T 0.4 nmi/hr White’s (“Exponential”)
1A% 4.0 nmi/hr White’s (“Exponential”)
\Y 0.4 nmi/hr Increasing
VI 4.0 nmi/hr Increasing
VIL 0.4 nmi/hr Decreasing
VIII 4.0 nmi/hr Decreasing

65



Exponential Noise Levels Scenario: Cases Il & IV
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Figure 11.  GPS Interference Scenarios

4.5. PLS Comparison Criteria
When the aircraft is on final approach, the FAA ILS criteria [12] are applied at
specific decision heights (DH). When the aircraft reaches a particular DH, the

uncertainty in the horizontal and vertical must be no greater than the values specified by
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that category. These values and the time in the trajectory when the aircraft in these

simulations reaches the DH points are summarized in Table 4.

Table 4. FAA ILS Precision Approach Requirements (x10)

Category | Decision Height Occurrence in Horizontal | Vertical
(AGL) Flight Trajectory Accuracy | Accuracy

I 200 ft 3,894 sec +28.1ft +6.8 ft

II 100 ft 3,902 sec + 8.6 ft +2.8ft

I 50 ft 3,907 sec +6.8 ft +1.0ft

Two types of data plots are displayed in the next sections covering each test case.
The first type includes six graphs. The top graph is a plot of the MMAE’s estimate of the
parameter, 4 over the simulation period. The solid line indicates the mean value of d@ over
ten Monte Carlo runs, while a dashed line above and below show the span of one
standard deviation in 4 (x0,) over the ten Monte Carlo runs. The heavier solid flat lines
represent the true values of @ The horizontal dotted lines show the values of a where
each elemental filter is placed, i.e., ax, k € {1, 2, 3,4, 5}. The five graphs below the
estimated parameter plot illustrate how the probability assigned to each elemental filter,
Dx, varies over time. Again, a solid line represents the mean value of the quantity in
question, py, and the dashed lines represent the span of one standard deviation of p, (0})
over ten Monte Carlo runs. Figure 12 shows a legend for these plots.

The second type of figure shows three graphs. Each one displays the error in the
position of the aircraft as it varies during the landing period. The top graphs shows the
variation in error in the east horizontal (longitude) direction, the middle graph shows the

same for the north horizontal (latitude) direction, and the bottom graphs shows this for
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the vertical (altitude) direction. The solid line in the center of each plot represents the
mean position error over ten Monte Carlo runs. The dotted lines above and below it
represent the span of one standard deviation of the position error (£Ore) OVeEr the ten
Monte Carlo runs. This is the actual level of estimation performance encountered in the
simulations. The dashed lines above and below these represent the span of one standard
deviation computed by the filter (X Orir.r). According to the filter model, this is the level
of uncertainty expected under the conditions of the simulation. In additionb, the filter-
computed standard deviation, OFir, is shown added to and subtracted from a value of
zero, since the filter assumed the errors to be a zero-mean process. Figure 13 shows a

legend for these plots.

Filter-Computed Parameter/Probability

Parameter Value of an Elemental MMAE Filter

Figure 12.  Parameter / Estimated Probability Plot Legend

Position Error over 10 Monte Cario runs

Filter-Computed Standard Deviation

Figure 13.  Position Error Plot Legend
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4.6. Nominal Interference Scenario

The two cases that follow are set up to examine the performance of the M>AE model
in the absence of RF interference. The parameter & is set to 1 to represent a condition
where the pseudorange measurement noise variance is equal to the nominal value, i.e.,
Rprj=Rpro, j € {1,2, 3,4, 5} (see Section 3.9). Although a=1, the MMAE estimated
parameter delivered to the state estimator, 4, is a higher value. This is due to the
minimum probabilities assigned to each elemental filter, pmin. The MMAE implemented
in these simulations have ppin = 0.001. Thus, assuming the a; elemental filter receives all
of the probability weight less the minimum assigned to the other filters, the estimated

parameter used by the state estimator is computed by:

5 5
a=Y a,p, =0996a, +0.001),a, = 4514797 (98)
k=1

k=2
Although this value is over four times greater than the nominal, it is the best the MMAE
can do given the pi» specified. Given the nature of this problem, it recommended that

the blending could be limited to remove the effects caused by pmin (see Section 5.3).

4.6.1. Casel

This case covers the best scenario of the ones examined, using the INS with the lower
drift rate, 0.4 nmi/hr, and having no added measurement noise. Figure 14 shows how the
estimated parameter, 4, and the elementary filter probability weights, px, vary over time.
Without RF interference present, the MMAE parameter estimator decides very quickly
that the a; elemental filter is the best model for the system. Since & never changes
throughout the scenario, 4 remains unchanged once the MMAE determines the a;

elemental filter has the best representation of the situation. The initial spike in the plot of
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Figure 14.  Case I: Estimated Parameter and Elemental Filter Probabilities
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4 is due to the fact that each elemental filter has the same initial probability assigned to it,
as shown in Figure 14. At 3,811 seconds, the a; elemental filter tries to grab all of the
probability weight, but it is not the best representation of the current environment. The
MMAE adapts quickly once the a; elemental filter residuals look the best, reflecting the
current operating environment.

Figure 15 shows the output of the state estimator. The standard deviation of the
errors in all three cardinal directions remains under 5 ft for nearly the entire period in
question. The filter-computed standard deviation, OFirer, plots (dashed lines) start at a
conservatively high value. It converges to a mean steady-state value of 1.02 ft in the
* east(/west) direction and 1.30 ft in the north(/south) direction 20 seconds into the
trajectory. The value of Ofirer in the vertical direction quickly converges to a value of
4.02 ft within 5 seconds and decreases steadily, as the aircraft approaches ground level.
This to due to the improved measurement estimates in the vertical direction (i.e., altitude)
due to the radar altimeter. Equation (68) shows that the variance of the noise in the radar
altimeter measurement, Rgqq, is a function of the altitude AGL, haGL.

Ry, = (0.01°h};, +0.25) ft? (68)
Thus, the closer the aircraft is to the ground, the better the radar altimeter readings
become. This improvement was demonstrated by the research of Gray [13] and Britton
[7], where the value of OFirer converged to a steady-state value and remained unchanged
when radar altimeter measurements were not incorporated. Their research showed the
same type of decrease in OFiirer in the vertical direction seen in Figure 15 when radar

altimeter measurements were included.
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Figure 15.  CaseI: State Estimator Position Errors
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The standard deviation of position errors over ten Monte Carlo runs, Oty (dotted
lines) is consistently less than OFiyer. The indicates that the state estimator overestimates
the error in position, a conservative tuning philosophy. The mean of the position errors,
even over ten Monte Carlo runs (solid line), does not remain exactly at zero; ideally, it
should be (this was seen even over 20 Monte Carlos runs; ten runs were chosen for each
case due to the length of computer simulation time required). Still, over time, the
position errors do stay close to zero. In addition, as long as the mean position errors
Orrue Temain close to the Ofi.r bounds, the state estimator filter provides good estimates,

as shown by Figure 15.

The critical tests come at the DHs of the FAA ILS categories. Tables 5 — 7 show the
values of Griyer and Oy at each DH for the three position errors. To assess horizontal
accuracy, the values of OFir.r in the east and north directions are compared to the FAA
requirements. In Case I, the values of both OFriyer and Ory. satisfy the Category III
requirement, + 6.8 ft. In the vertical direction, OFiyer and Oy also satisfy the Category
III requirement, being + 1.0 ft. The performance of Case I simulates the best situation of
all the test cases considered. Thus, it serves as a reference to determine how a lower

quality INS or RF interference degrades the performance of the navigation system.

Table 5. Case I: East Position Error Standard Deviations

ILS Category | DH (ft) | Oiger (ft) | Orrue (f)
I 200 1.034 0.263
I 100 1.034 0.142
I 50 1.034 0.302
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Table 6. Case I: North Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 1.345 0.342
II 100 1.361 0.233
I 50 1.369 0.530

Table 7. Case I: Vertical Position Error Standard Deviations

ILS Category | DH (ft) | Orirer (1) | Orrue (fO)
1 200 1.814 1.214
I 100 1.145 0.711
111 50 0.709 0.798

4.6.2. Casell

This case is identical to Case I, except an INS with a drift rate of 4.0 nmi/hr is
implemented in the navigation system model. Figure 16 shows essentially identical
results to Figure 14, for d and p;. This follows, since an INS is not affected by any

external measurements and, the drift rate of the INS is not a function of the measurement
noise (since it is not being updated by the filter).

Conversely, this does not apply to the output of the state estimator, as shown in
Figure 17. While the position errors in all three directions remain under 5 ft, the plots of
OFiner Show that its steady-state values are greater in the horizontal directions: 1.83 ft,
east, and 1.99 ft, north. The values of Oy, are still significantly smaller than OFiser;

however, as the position errors wander about zero, they fit closely within the Ofiter

bounds.

Tables 8 — 10 show how Oixer and 07y, compare with the ILS categories. In both the

horizontal and vertical directions, the values of OFiier and Oryue satisfy the Category III
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Figure 17.  Case II: State Estimator Position Errors
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Table8. Case II: East Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 1.834 0.593
II 100 1.829 0.348
I 50 1.826 0.457

Table 9. Case II: North Position Error Standard Deviations

ILS Category | DH (ft) | OFiner (ft) | Orrue (f1)
I 200 1.999 0.723
I 100 1.999 0.354
III 50 1.997 0.808

Table 10. Case II: Vertical Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 1.914 1.836
II 100 1.246 0.900
11T 50 0.792 0.824

requirements. This shows that an INS with a greater drift rate may be used to met the
requirements with nominal GPS pseudorange measurement noise present. In addition,
this case serves as a reference for Cases IV, VI, and VIII to determine how increased
level of pseudorange measurement noise (i.e., increase in &, hence Rpg;) affects the

performance of this navigation system (with the 4.0 nmi/hr INS).

4.7. White’s (“Exponential”) Noise Levels Scenarios

The next two cases examine the system performance against a scenario used in
White’s research [56]. In this scenario, the value of the parameter & varies at levels of 1,
100, 200, 400, 800, 1600, and 2000 during the 100-second interval under investigation; as

shown in the top plot of Figure 11. White used an MMAE with three elemental filters
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with parameters spaced at: a1 =1, a2 = 200, and a3 = 2,000. The position errors (states)
calculated by each filter were multiplied by its corresponding probability weight, pr, ke
{1, 2,3}, and then summed together to form a blended output.

In the cases performed in this research, blending is done to calculate d to pass on to
the state estimator, which determines the position errors. The difference between the
position errors of a blended output of the MMAE and those of the state estimator are
examined in this case to provide an initial baseline. However, it is important to note that

the MMAE is tuned for parameter estimation in the M?AE architecture.

4.7.1. Caselll

This case involves the navigation‘system using the 0.4 nmi/hr drift rate INS with the
parameter & (thus, Rpg)) at levels researched by White [56]. Figure 18 shows how d and
pi vary over the scenario. In the top plot, the actual value of the parameter & is shown by
the heavy solid lines. The MMAE estimate, 4, adapts its value whenever & changes.
During the first 10 seconds, the MMAE estimates d = 4.51 as in the nominal scenario
when a = 1. When a becomes 100 in the next 10 seconds (3,820 - 3,836 sec), d settles
on a mean value of 216.9 within 2 seconds. This is very close to the value of a; = 214.4,
indicating the MMAE weighted the a, elemental filter with nearly all of the probability
weight (p; = 0.996) and judged it to beAthe most accurate model for the current operating
" environment. Thus, minimal blending occurred during this period. Also, the standard
deviation of 4, o, remains below 0.1, showing that the MMAE was very consistent in

assigning 4 = 216.9. This can be seen by the five probability plots; p; receives almost all
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Figure 18.  Case III: Estimated Parameter and Elemental Filter Probabilities
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of the probability (only 0.996, though, due to pmir of the other filters) very quickly while
the elemental filters have probabilities near zero.

For the period when a = 200 (3,830 — 3,840 sec), the mean of 4 stays at 216.9, which
is appropriate since that value is close to a. When a changes level to 400 and 800 (3,340
— 3,850 sec and 3,850 — 3,860 sec, respectively), the MMAE starts tq show some
blending. The value of 4 does not quite reach &, though it does increase. The probability
plots show the probability weighting being distributed primarily between p; and ps. The
increase in the standard deviations of @ and py indicate the MMAE may favor one
elemental filter over the others in a single Monte Carlo run. Still, taking the mean over
the ten Monte Carlo runs, as shown in the plots of Figure 18, it averages out to show that
probability blending taking place.

As a reaches the levels of 1,600 and 2,000 (3,860 — 3,870 sec énd 3,870 — 3,880 sec,
respectively), the MMAE takes all of the period when a = 1,600 to push 4 near that value,
and 4 hits a ceiling at 1,612.5 when a = 2,000. This ceiling is due to the highest value of
a; for an elemental filter, which is as = 1,629.4. The parameter estimate, d, can never be
greater than as, and its upper limit is slightly less due to the pmi, that must be assigned to
the ofher filters. Even though the MMAE cannot estimate & = 2,000 exactly in the
configuration used in this research, the M>AE’s state estimate performance is still
effective as shown later.

For the rémainder of the scenario, when a decreases from 800 to 1, the mean of d
follows, but with a lag of approximate 5 seconds. This is a typical aspect of fixed-bank
MMAEs. The delay occurs since the majority of the probability weight resides with the

filter that has the higher a; value and consequently smaller L, (#,) = r; (t,)A; T, (¢,) value.
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This gives the MMARE the false impression that it has the best parameter estimation
performance [33]. However, the MMAE quickly responds once the residuals indicate
this performance is incorrect. Subsequently the estimation performance improves when
the elemental filter with the best estimate of ais given the majority of the probability
weight.

Figure 19 shows the blended output of the position errors from the MMAE (tuned for
parameter estimation). Although the MMAE used in these cases is not tuned for state |
estimation, the output is examined to give a link to the past research of White [56], which
involved an MMAE used for state estimation. These plots follow the results of White’s
[56] research, using his navigational set-up and scenario (cf. Nav Case 1 in [56]). The
minor differences between the plots here and in [56] can be attributed to using a different
set-up of the elemental filters in the MMAE. Blending does provide considerably better
estimates of the position errors than a single non-adaptive Kalman filter could. Figure 20
shows the position error plots from the output of the a; elemental filter (note the
difference in scale). This filter measurement noise parameter is tuned for performance
under nominal conditions. When the measurement noise changes, as in this case, its
performance drastically suffers. Improving performance under changing parameters is
the thrust for developing adaptive filtering techniques such the M3AE.

Figure 21 shows the positions errors calculated by the state estimator within the
M3AE. The horizontal (east and north) position error estimates improve when using a
filter provided with an estimate of the uncertain parameter (the state estimator) over using

ordinary MMAE blending techniques. As mentioned before, the MMAE used in these
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Figure 19.  Case III: Blended (MMAE) Position Errors
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simulations is not optimized for state estimation. Still, the state estimator’s OFfizer and
Orre values are less than their corresponding blended values. Both horizontal values of
OFier cONverge to 2.1 ft in the beginning of the scenario. Then they gradually inérease as
a increases over time. There is a slight decrease in Oy, at the end, reflecting the
decrease in interference levels. The values of 07 are much smaller than GFier, erring on
the side of caution. The vertical position error estimates show only minor improvement.
This can be attributed to the radar altimeter. It provides better measurements as the
aircraft approaches the ground (Viz. Rraq), making both the MMAE’s blended output and
the state estimator’s output comparable and both very good.

Tables 11 — 13 show the values of Oriyer and Ore at each DH for the three position
errors. The values shown are greater than those in Case I, but in both the horizontal and

vertical directions, the values of OFiyer and Orre still satisfy the Category III requirements.

Table 11. Case III: East Position Error Standard Deviations

ILS Category | DH (ft) | Origrer (ft) | Orrue (ft)-
I 200 3.567 0.431
I 100 3.868 0.393
-III 50 3.841 0.489

Table 12. Case III: North Position Error Standard Deviations

ILS Category | DH (ft) | OFirer (ft) | Orrue (ft)
1 200 3.672 1.741
11 100 3.976 1.519
III 50 3.966 1.503
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Table 13. Case III: Vertical Position Error Standard Deviations

ILS Category | DH (ft) | Oirer (ft) | Orrue (f1)
1 200 1.902 1.390
11 100 1.166 0.774
I 50 0.714 0.787

The level of interference (measurement noise) was significant in the time just before the
DH were reach, though it dropped to a nominal level in the last 10 seconds of the
scenario. The value of a did drop dramatically in the last 5 seconds, so this may have
allowed the ILS categories to be met. Case V shows the same navigation configuration
under a continually increasing level of noise to observe its performance when the

interference level is high at touch-down.

4.7.2. CaselV

This case is identical to Case III, except a 4.0 nmi/hr drift rate INS is used rather than
the 0.4 nmi/hr INS. The results of 4 and py from the MMAE essentially duplicate those
of Case IIT shown in Figure 18, as expected, thus they are not shown. Fi gure 22 shows
the blended output of the position errors from the MMAE. Like the results of Case III
shown in Figure 19, these plots follow the results of White’s research [56] (cf. Nav Case
4 in [56]; N.B., White does not use GPS pseudolite or radar altimeter measurements in
this case.). Figure 23 shows the position error plots from the output of the a, elemental

filter to display the poor estimates generated by a single Kalman filter tuned for nominal

performance.
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Figure 23.  Case IV: Elemental Filter (a1 = 1.0) Position Errors
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The output of the M2AE’s state estimator is shown in Figure 24. As in Case III, there
is great deal of improvement of these position errors estimates over those from the
MMAE, especially in the horizontal directions. The values of Gfirer and Oy, for the
horizontal position errors are significantly greater than those of Case III; this shows the
effects of using an INS with a larger drift rate. (Note the difference in scale of the east
and north position error axes between Figures 21 and 24.)

There is a noticeable growth in these values after 3,850 seconds into the scenario.

The is expected since & jumps to the levels of 800, 1600, and 2000. Also, for the most
part, the values of the estimated east and north errors * Oy still fit within the bounds of
Orirer. The vertical position error estimates do not show significant difference between
the state estimator output of Case II1, though, as mentioned previously, the radar altimeter
measurements have a significant impact on the altitude measurements.

Tables 14 — 16 show the values of Ofier and Orre at each DH for the three position

errors. In comparing the values of OFirer against the FAA criteria, this case still satisfies
Category III for the vertical positioning error; however, it can only meet Category I for
horizontgl positioning. The values of o7y, show better results with vertical positioning
meeting Category III and horizontal positioning meeting Category II. Unlike Case III,
the horizontal position errors did not improve quickly enough to met Category Il in all
areas. It can be seen that the system modeled with the 4.0 nmi/hr INS results in degraded
performance in horizontal position. Thus, this suggests that an INS with a lower drift rate

is important to satisfy the landing requirements in this scenario.
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Figure 24.  Case IV: State Estimator Position Errors
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Table 14. Case IV: East Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 10.67 5.614
II 100 11.72 5.579
1II 50 10.43 3.394

Table 15. Case IV: North Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 11.42 8.222
I 100 12.58 5.980
III 50 11.25 4.033

Table 16. Case IV: Vertical Position Error Standard Deviations

ILS Category | DH (ft) | OFirer (ft) | Orrue (ft)
I 200 2.016 1.954
i 100 1.273 0.920
11 50 0.798 0.818

4.8. Increasing Noise Levels Scenarios

Cases V and VI examine the system performance against a scenario where the level
of GPS pseudorange measurement noise increases as the aircraft approaches the touch-
down point. The level of & increases in inverse proportion to the square of the distance to
the RF interference source (viz. Friis transmission formula [8]). The source is assumed to
be in-line with the flight path of the aircraft. This is meant to depict a point source of RF
interference increasing the level of measurement noise for Rpg;. Although this is not the

most accurate representation, it is meant to show the effects on the position errors as the

landing aircraft moves toward an interference source.
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To implement the increasing level of & over time (hence over distance, as the aircraft
maintains a steady glide velocity), different constant values of a had to be shown in
separate intervals. This is due the limitation of the software configuration used, which
could only accept constant parameter values at a maximum of 19 intervals. Table 17

shows the how a varies over this scenario.

Table 17. Increasing Noise Levels Scenario

Interval Actual

Start Time | Parameter
(sec) (@
3,810 1.0
3,820 8.0
3,825 30.0
3,830 70.0
3,835 125.0
3,840 195.0
3,845 280.0
3,850 380.0
3,855 500.0
3,860 630.0
3,865 780.0
3,870 945.0
3,875 1,125.0
3,880 1,320.0
3,885 1,530.0
3,890 1,760.0
3,895 2,000.0

48.1. CaseV

This case involves the navigation system using the 0.4 nmi/hr drift rate INS. Figure
25 shows how & and py vary over the scenario. As in Figure 18, the top plot of Figure 25

includes the actual value of the parameter @ with heavy solid lines. The value of a
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Estimate of GPS Noise Strength Parameter (a)
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Figure 25.  Case V: Estimated Parameter and Elemental Filter Probabilities
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follows a throughout the scenario. Up to 3,820 seconds, the a; elemental filter is chosen
to be the best model. When a = 8, between 3,820 seconds and 3,825, the MMAE
calculates a blended estimate of @ = 93. After that point, when & becomes 30 at 3,825
seconds, the MMARE gives nearly all of the probability weighting to the a; elemental
filter. This remains the case until 3,850 seconds, when & becomes 380. From this point
on, blending occurs within the MMAE to determine the value 4. At 3,875 seconds, the
estimated parameter, d, starts to lag the actual parameter, &, which takes on the value of
1,125 at that time. Throughout the remainder of the scenario, the value of d slowly
increases towards its upper limit, just under as. Again, this highli ghts the impact of not
having an elemental filter at a = 2,000 (see recommendation in Section 5.3).

Figure 26 shows the position errors according to the M3AE’s state estimator. The
results appear similar to those of Case III shown in Figure 21 without the decrease in
Orirr at the very end. The absence of the decrease is due to @ remaining at 2,000, rather
taking on lower levels as in Case II. Also, the values of Orn, are much less than OF;p.r as
in Case III, though they are greater than Orye of Case III overall.

Tables 18 — 20 show the values of Ofixer and Orpe at each DH. The horizontal and
vertical positioning error according to both OFiyer and Orrue continues to meet Category
TII. This suggests there is no significant impact of a remaining at 2,000 in this scenario.
Thus, the navigation system configuration with the lower drift rate INS can operate
sufficiently well in the presence of a high degree of pseudorange measurement noise.
However, it should noted that GPS aiding was present at the beginning of the scenarid
and reduced over time.v Previous research [7, 13, 38, 56] has shown that, without GPS

aiding, this level of precision could not be met.
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Table 18. Case V: East Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 3.566 0.863
I 100 3.914 0.983
I 50 4.153 1.149

Table 19. Case V: North Position Error Standard Deviations

ILS Category | DH (ft) | Opirer (ft) | Orrue (ft)
1 200 3.649 1.481
11 100 3.997 1.309
111 50 4.236 1.712

Table 20. Case V: Vertical Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
1 200 1.902 1.395
I 100 1.166 0.768
I 50 0.715 0.794

4.8.2. Case VI

This case is identical to Case V, except for the 4.0 nmi/hr drift rate INS. As in Case
IV, the r@sults of & and p are not shown since they essentially duplicate those of the
previous case shown in Figure 25. The output of the state estimator is shown in Figure.
27. The standard deviations of the horizontal position errors are significantly greater than
those of Case V. These are in the same scale as in Case IV, so Figure 27 uses the same
axis scaling as Figure 24. Unlike Case IV, the values of OFixer and 07y for the horizontal
errors continue to increase due to the growth in the level of &, in the same manner as seen

in Case V.
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Tables 21 — 23 show the values of Ofirer and O7yye the DH points. As in Case IV, the
value of G meets Category Il in the vertical direction and only Category I'in the
horizontal directions. The values of o7y, meet Category III specifications in the vertical
direction; however, they can only meet Category II specifications in the horizontal
directions. The filter-computed standard deviation, OFixer, is MoOre conservative than the
standard deviation over the Monte Carlo runs, Orrye, a8 usual. As in Case IV, the quality
of the INS has a prominent effect on the position errors in the presence of measurement
noise. This also emphasizes the importance of having an INS of good quality on board

when GPS measurements are disrupted.

Table 21. Case VI: East Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 14.46 7.724
I 100 15.86 6.208
11 50 16.68 8.983

Table 22. Case VI: North Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
1 200 15.23 10.29
1 100 16.81 7.921
I 50 17.74 12.64

Table 23. Case VI: Vertical Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 2.017 1.942
II 100 1.273 0.923
I 50 0.800 0.829
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4.9. Decreasing Noise Levels Scenarios

In the last two cases, the system performance is examined against a scenario where
the level of GPS pseudorange measurement noise starts at the level where GPS is
ineffective. As the trajectory progresses, the interference decreases to a nominal level as
the aircraft approaches the touch-down point. The level of a decreases in inverse
proportion to the square of the distance to the RF interference source, as in Cases V and
VL Also, the source is assumed to be in-line with the flight path of the aircraft. Table 24

shows the how a varies over this scenario.

Table 24. Decreasing Noise Levels Scenario

Interval Actual

Start Time | Parameter
(sec) (@
3,810 2,000.0
3,820 1,760.0
3,825 1,530.0
3,830 1,320.0
3,835 1,125.0
3,840 945.0
3,845 780.0
3,850 630.0
3,855 500.0
3,860 380.0
3,865 280.0
3,870 195.0
3,875 125.0
3,880 70.0
3,885 30.0
3,890 8.0
3,895 1.0
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49.1. CaseVI

As with the other odd-numbered cases, this case involves the navigation system using
the 0.4 nmi/hr drift rate INS. Figure 28 shows how 4 and py vary over the scenario. As
in Case V, the value of 4 follows a throughout the scenario with a lag. The effect of this
is that 4 tends to be greater than &, except during the beginning of the scenario (4 tended
to be less than a in previous scenario where & was increasing due to as < 2,000). The
value of a reaches the upper bound just under as by the time & drops to 1,530. Up to the
time of 3,880 seconds in the scenario, blending 1s achieved within the MMAE as the
probability plots of the ay, as, as, and as elemental filters show. From 3,880 to 3,895
seconds of the scenario, the MMAE favors the a, elemental filter almost exclusively, as
in Case V, when the values of a was between a; and a;. After that point, when & reaches
the nominal level of 1, the MMAE readjusts 4 within 5 seconds.

Figure 29 shows the positions errors according to the M>AE’s state estimator. The
values of Ofier and Orre decrease, as the state estimator édapts to account for the
decrease in a as the scenario progresses. Note that the scale of the horizontal error plots
is greater than in previous figures, to show the entire range of how the errors and their
standard deviations vary. Overall, the values of Orr. stay within the OFiser bounds,
showing that the state estimator filter performs adequately.

Tables 25 — 27 show the values of OFilrer and Orre at €ach DH. For both the OFirer and
Ore in vertical and horizontal directions, Category 111 is satisfied. Despite a high level of
interference at the beginning of the scenario, the state estimator, provided with updated

values of &, can perform well enough to meet Category III. This indicates that the effects
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Figure 28.  Case VIL: Estimated Parameter and Elemental Filter Probabilities

101



North Error (ft) East Error (ft)

Vertical Error (ft)

State Estimator Output

30 T

Ll 1 1 1 1 J

3810 3820 3830 3840 3850 3860 3870 3880 3890 3900 3910

30

20

10

0

10

S

B]o| S—

3810 3820 3830 3840 3850 3860 3870 3880 3890 3900 3910

Figure 29.

Time (sec)

Case VII: State Estimator Position Errors

102



Table 25. Case VII: East Position Error Standard Deviations

ILS Category | DH (ft) | Opiger (f) | Orrue (f0
I 200 5.507 0.936
II 100 1.858 0.701
il 50 1.509 0.582

Table 26. Case VII: North Position Error Standard Deviations

ILS Category | DH (ft) | oOpirer (ft) | Orrue (It)
I 200 5.982 3.183
II 100 2.068 0.888
1T 50 1.665 0.838

Table 27. Case VII: Vertical Position Error Standard Deviations

ILS Category | DH (ft) | opirer (ft) | Orrue (ft)
1 200 1.886 1.435
I 100 1.146 0.719
I 50 0.710 0.798

of increased pseudorange measurement noise do not linger within the filters’ calculations
long enough to affect the outcomes, if the noise variance returns to a nominal level soon

before touch-down.

49.2. Case VIII

This case is identical to Case VII, except for the 4.0 nmi/hr drift rate INS. As with
the other even-numbered cases, the plots of 4 and py are essentially identical to its

previous case (see Figure 28). Figure 30 shows the positions errors determined by the
M3AE’s state estimator. The only notable feature is that Oriy. for the horizontal position

errors remains at a higher level than in Case VII from 3,870 to 3,890 seconds in the
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scenario. Otherwise, the navigation system demonstrates a performance similar to that in
Case VIL

Tables 28 — 30 show the values of Griier and 07y at the DH points. Although the
values of Oriyer and 07y at the DH points are greater than in Case VII, Category IIl is
satisfied, in both the vertical and horizontal directions. As with Case VII, the effects of
increased measurement noise do not persist if a nominal level is reached in reasonably

short time prior to touch-down.

Table 28. Case VIII:. East Position Error Standard Deviations

ILS Category DH (ft) OFilter (ft) OTrue (ft)
I 200 8.965 2.495
II 100 2.691 0.587
JilI 50 2.210 0.679

Table 29. Case VIII: North Position Error Standard Deviations

ILS Category | DH (ft) | Orirer (ft) | Orrue (ft)
1 200 9.602 2.713
I 100 2.979 1.767
il 50 2.423 1.524

Table 30. Case VIII: Vertical Position Error Standard Deviations

ILS Category | DH (ft) | Ofiyer (ft) | Orrue (f1)
I 200 2.009 1.939
1I 100 1.248 0.891
III 50 0.793 0.825
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4.10. Summary

The test cases presented in this chapter covered four different pseudorange
measurement noise scenarios using the flight profile of a simulated landing for a KC-135
tanker aircraft. Table 31 summarizes the results of all the test cases. The minimum ILS
category each case can satisfy is listed, i.e., the worst performance between the horizontal
and vertical position errors, and between the filter-computed standard deviation, OFirrer,
and the standard deviation over the Monte Carlo runs, Or, is used to make this
assessment. For most instances, Category III could be met. In the cases which could not,
the higher drift rate INS were used and there was a high level of interference near the DH

points.

Table 31. ILS Precision Approach Categories Met for each Test Case

ILS Case | Case | Case | Case | Case | Case | Case | Case
Category 1 11 111 1V A\ VI vl | VIII
1 Yes Yes Yes Yes Yes Yes Yes Yes
I Yes Yes Yes No Yes No Yes Yes
I Yes Yes Yes No Yes No Yes Yes
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5. Conclusions and Recommendations

5.1. Overview

The objective of this research effort has been to apply the M?AE architecture to an
aircraft precision approach landing where the GPS signals were subjected to interference.
The work has focused on calculating accurate data on the aircraft’s position throughout
its glideslope, and comparing the precision of the data against FAA ILS criteria to assess
the performance of the modeled aircraft navigation system. The navigation system
models have included an INS with a built-in barometric altimeter, a GPS receiver
collecting measurements from 4 GPS SVs and a ground-based pseudolite, and a radar
altimeter. This is a direct extension to the research of previous AFIT theses by Gray [13],
Britton [7], White [56], and Miller [33].

The modeled system underwent a series of simulations where the measurement noise
of the GPS signals varied to depict RF interference. An M’AE ‘architecture was applied
to handle the nature of the changing parameter of the noise, yet still produc¢ accurate
state _estimation. This has been done to attempt to maintain the level of precision in the

estimated aircraft’s position.

5.2. Conclusions

This research showed that an M°AE provides improvement in estimating both GPS
interference levels and aircraft position errors over that obtained in previous research.
Several test cases were researched using two INSs of different quality and various

interference profiles. The overall performance of each simulation was judged against the
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FAA ILS criteria for precision approach. Most of the test cases examined in this research
effort satisfied the requirements for a Category III approach. In the cases where the
Category III requirements were not met, there was a high level of GPS interference near
the landing point qnd the navigation system was using the pborer quality INS (4.0 nmi/hr
drift rate). However, in those cases, Category I requirements were met. When Category
III could not be met, it was due to the level of accuracy in the horizontal (east and north)
directions. In the horizontal directions, the INS has aiding from GPS measurements only,
unlike in the vertical direction, where there are measurements from a barometric altimeter
and a radar altimeter as well GPS (recall that INSs inherently have a greater difficulty
estimating vertical positions [6, 27], an extremely important concern to all aircraft, thus
these instruments are added). The results of the simulations show the significance of the
INS drift rate and GPS measurements. Without high-accuracy pseudorange
measurements provided by the GPS receiver, the effect of the INS drift rate becomes
prominent enough to affect the positioning accuracy at the decision height (DH) points.
Based on the results, the following conclusions can be made:
1. The M?AE’s MMAE provided good estimates of the interference levels, except at
' the high interference levels (beyond the boundary of the MMAE’s elemental
filters) where parameter estimation suffered. This would be readily compensated
by allowing an elemental filter to assume the largest interference level of concern.
However, navigation performance was not adversely affected.
2. The MPAE architecture and techniques were validated against a realistic aircraft
navigation truth model. The results in this research provide a practical

demonstration of M?AE using truth and filter models of different orders.
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3.

5.3.

The level of GPS pseudorange measurement noise had a greater impact on the
position errors in the horizontal directions (east and north) than in the vertical
direction. This is attributed to the assistance the navigation system derives from
other altitude measuring devices that are unaffected by interference in the GPS

frequency band, particularly the very accurate radar altimeter.

Recommendations

The scope of this research encompassed examining the performance of a GPS-aided

INS in the presence of GPS interference. As shown, precision approach under the

presence of GPS interference was achieved using an M3AE architecture. However, there

are several areas that require further research:

L.

Develop a more accurate model of interference than the one implemented here.
The effects of a change in the actual power of RF noise should be represented by

a more detailed algorithm.

Implement a moving-bank MMAE architecture, developed by Vasquez [54, 55],

in place of the fixed-bank MMAE parameter estimator to investigate the
differences in performance.

Generate several different flight profiles to examine the effects of maneuvering
during the landing approach phase of flight.

Perform the constrained parameter discretization fixing filters at a; = 1 and agx =

2,000 (where there are K filters in the MMAE).

Incorporate logic where, if py = 1 - (K-1)ppin, thenpy=1andp;j=0V j#k3j€e

{1,2, ..., K} is sent the output of the MMAE.
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Appendix A.  Acronym List

AFIT Air Force Institute of Technology
AGL Above Ground Level

DGPS Differential GPS

DH Decision Height

ECEF Earth-Centered, Earth-Fixed (reference frame)
EKF Extended Kalman Filter

FAA Federal Aviation Administration
GPS Global Positioning System

ILS Instrument Landing System

INS Inertial Navigation System

IRDF Inter-Residual Distance Feedback
LAAS Local Area Augmentation System

MSOFE Multi-mode Simulation of Optimal Filter Equations
MMSOFE  Multiple Model Simulation of Optimal Filter Equations

MMAE Multiple Model Adaptive Estimator
M’AE Modified Multiple Model Adaptive Estimator
PLS Precision Landing System

PPS Precise Positioning Service

PR Pseudorange

RF Radio Frequency

SA Selective Availability

SP Standard Positioning Service

A% - Space Vehicle

TACAN Tactical Air Navigation

UHF " Ultra High Frequency

VHF Very High Frequency

VOR VHF Omnidirectional Range

WGN White Gaussian Noise

WGS-84 World Geodetic Survey 1984
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Appendix B.  Error States of the Truth and Filter Models

This appendix lists the error states implemented by the truth and filter models
considered in this research. Tables 32 — 34 show a complete list of the 93 error states that
comprise the Litton LN-93 INS truth model [26]. Tables 35 and 36 list the 39 error states
of the reduced-order truth model used in the simulations [7, 13, 38, 56, 57]. These
consist of a proper subset of the original LN-93 states, i.e., every state in the reduced-
order truth model is a state in the original truth model. Table 37 lists the 30 error states
characterizing a GPS truth model using 4 SVs and 1 receiver [7, 13, 38, 56, 57]. Table
38 lists the 22 error states associated with a DGPS truth model; these form a proper
Subset of the GPS states [7, 13, 38, 56, 57]. Table 39 lists the 13-state filter model,
consisting of 11 INS error states and the 2 error states related to the GPS receiver [7, 13,

38, 56, 57].
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Table 32. Original 93-State Truth Model for the INS: States 1 - 31

State State State
Number | Symbol Definition

1 56, | X-component of vector angle from true to computer frame
2 86, | Y-component of vector angle from true to computer frame
3 80, | Z-component of vector angle from true to computer frame
4 Oy X-component of vector angle from true to platform frame
5 oy Y-component of vector angle from true to platform frame
6 ¢, Z-component of vector angle from true to platform frame
7 8V, | X-component of error in computed velocity
8 8V, | Y-component of error in computed velocity
9 6V, | Z-component of error in computed velocity
10 Oh Error in vehicle altitude above reference ellipsoid
11 Oh; | Error in lagged inertial altitude
12 &S; | Error in vertical channel aiding state
13 6Ss | Error in vertical channel aiding state
14 b, X-component of gyro correlated drift rate
15 b, Y-component of gyro correlated drift rate
16 b, Z-component of gyro correlated drift rate
17 v, X-component of accelerometer and velocity quantizer correlated noise
18 V. Y-component of accelerometer and velocity quantizer correlated noise
19 V. Z-component of accelerometer and velocity quantizer correlated noise
20 Og, | X-component of gravity vector errors
21 bg, | Y-component of gravity vector errors
22 dg, | Z-component of gravity vector errors
23 Oohp | Total barometric altimeter correlated error
24 b, | X-component of gyro trend
25 b, Y-component of gyro trend
26 b, Z-component of gyro trend
27 v, X-component of accelerometer trend
28 V., | Y-component of accelerometer trend
29 V. Z-component of accelerometer trend
30 by X-component of gyro drift rate repeatability
31 b, Y-component of gyro drift rate repeatability
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Table 33. Original 93-State Truth Model for the INS: States 32 - 63

State State State
Number | Symbol Definition

32 b, Z-component of gyro drift rate repeatability
33 Sex | X-component of gyro scale factor error
34 Sey | Y-component of gyro scale factor error
35 Sez Z-component of gyro scale factor error
36 X1 X gyro misalignment about Y-axis
37 10 Y gyro misalignment about X-axis
38 2 Z gyro misalignment about X-axis
39 v X gyro misalignment about Z-axis
40 vy Y gyro misalignment about Z-axis
41 V3 Z gyro misalignment about Y-axis
42 D,.. | X gyro scale factor nonlinearity
43 D,,, | Y gyro scale factor nonlinearity
44 D... |Z gyro scale factor nonlinearity
45 Sy, | X gyro scale factor asymmetry error
46 SQ,,y Y gyro scale factor asymmetry error
47 Sos Z gyro scale factor asymmetry error
48 v, X-component of accelerometer bias repeatability
49 Vs, Y-component of accelerometer bias repeatability
50 2 Z-component of accelerometer bias repeatability
51 Sa: | X-component of accelerometer and velocity quantizer scale factor
52 Say | Y-component of accelerometer and velocity quantizer scale factor
53 Sa. | Z-component of accelerometer and velocity quantizer scale factor
54 Soar | X-component of accelerometer and velocity quantizer scale factor asymmetry
55 Soay, | Y-component of accelerometer and velocity quantizer scale factor asymmetry
56 Soa: | Z-component of accelerometer and velocity quantizer scale factor asymmetry
57 fex Coefficient of error proportional to square of measured acceleration
58 foy Coefficient of error proportional to square of measured acceleration
59 [z Coefficient of error proportional to square of measured acceleration
60 foy Coefficient of error proportional to square of measured acceleration
61 [z Coefficient of error proportional to square of measured acceleration

- 62 fox Coefficient of error proportional to square of measured acceleration
63 frz Coefficient of error proportional to square of measured acceleration
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Table 34. Original 93-State Truth Model for the INS: States 64 - 93

State State State
Number | Symbol Definition
64 fz Coefficient of error proportional to square of measured
acceleration
65 [ Coefficient of error proportional to square of measured
acceleration
66 Ui X accelerometer misalignment about Z-axis
67 I Y accelerometer misalignment about Z-axis
68 Us Z accelerometer misalignment about Y-axis
69 03 Z accelerometer misalignment about Y-axis
70 M X-component of accelerometer bias thermal transient
71 V,, | Y-component of accelerometer bias thermal transient
72 qu Z-component of accelerometer bias thermal transient
73 bxq X-component of initial gyro drift rate bias thermal transient
74 b, Y-component of initial gyro drift rate bias thermal transient
75 b, Z-component of initial gyro drift rate bias thermal transient
76 F,, | X gyro compliance term
77 Fyy | X gyro compliance term
78 Fyx | X gyro compliance term
79 Fyry | X gyro compliance term
80 Fy: | X gyro compliance term
81 Fy, X gyro compliance term
82 F,.. | Y gyro compliance term
83 Fy Y gyro compliance term
84 Foy Y gyro compliance term
85 F,,, | Y gyro compliance term
86 Fy | Y gyro compliance term
87 Fyy | Y gyro compliance term
88 F,v | Z gyro compliance term
89 F,. | Z gyro compliance term
90 " F,, | Z gyro compliance term
91 F,x | Z gyro compliance term
92 F.y | Z gyro compliance term
93 F, | Z gyro compliance term
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Table 35. Reduced-Order 39-State Truth Model for the INS: States 1 - 20

State State State
Number | Symbol Definition

1 80, | X-component of vector angle from true to computer frame
2 56, | Y-component of vector angle from true to computer frame
3 00, Z-component of vector angle from true to computer frame
4 [N X-component of vector angle from true to platform frame

5 o, Y-component of vector angle from true to platform frame

6 0, Z-component of vector angle from true to platform frame

7 8V, | X-component of error in computed velocity

8 8V, | Y-component of error in computed velocity

9 8V, | Z-component of error in computed velocity

10 oh Error in vehicle altitude above reference ellipsoid

11 Shp | Total barometric altimeter correlated error

12 Sh; | Error in lagged inertial altitude

13 8S; | Error in vertical channel aiding state

14 &S, | Error in vertical channel aiding state

15 v, X-component of accelerometer and velocity quantizer correlated noise
16 v, Y-component of accelerometer and velocity quantizer correlated noise
17 ' Z-component of accelerometer and velocity quantizer correlated noise
18 6g, | X-component of gravity vector errors

19 6g, | Y-component of gravity vector errors

20 0g, Z-component of gravity vector errors
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Table 36. Reduced-Order 39-State Truth Model for the INS: States 21 - 39

State State State
Number | Symbol Definition
21 by X-component of gyro drift rate repeatability
22 by Y-component of gyro drift rate repeatability
23 b, Z-component of gyro drift rate repeatability
24 Sex X-component of gyro scale factor error
25 Sey Y-component of gyro scale factor error
26 Sez Z-component of gyro scale factor error
27 Vv, X-component of accelerometer bias repeatability
28 \Y b, Y-component of accelerometer bias repeatability
29 v, Z-component of accelerometer bias repeatability
30 Sax X-component of accelerometer and velocity quantizer scale factor
31 Say Y-component of accelerometer and velocity quantizer scale factor
32 Sz Z-component of accelerometer and velocity quantizer scale factor
33 Soar | X-component of accelerometer and velocity quantizer scale factor asymmetry
34 Soay | Y-component of accelerometer and velocity quantizer scale factor asymmetry
35 Soa. | Z-component of accelerometer and velocity quantizer scale factor asymmetry
36 W X accelerometer misalignment about Z-axis
37 2 Y accelerometer misalignment about Z-axis
38 U3 Z accelerometer misalignment about Y-axis
39 03 Z accelerometer misalignment about X-axis
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Table 37. 30-State Truth Model for GPS

State State State

Number | Symbol Definition
1 SR,k User clock bias
2 8Dy, User clock drift
3 SR, | SV 1 multi-path error
4 OR o1 SV 1 tropospheric error
5 SR, SV 1 ionospheric error
6 OR ;| SV 1 clock error
7 8xg,, |SV 1x-component of position error
8 8Ysn1 SV 1 y-component of position error
9 &2y SV 1 z-component of position error
10 OR,;p, | SV 2 multi-path error
11 OR,,0p2 SV 2 tropospheric error
12 SR, SV 2 ionospheric error
13 ORs, | SV 2 clock error
14 8, SV 2 x-component of position error
15 Neva SV 2 y-component of position error
16 &ys SV 2 z-component of position error
17 OR,;», | SV 3 multi-path error
18 OR,op3 SV 3 tropospheric error
19 SR, SV 3 ionospheric error
20 ORy ;s | SV 3 clock error
21 8xg,, | SV 3 x-component of position error
22 855 | SV 3y-component of position error
23 &gy SV 3 z-component of position error
24 OR,», | SV 4 multi-path error
25 ORops SV 4 tropospheric error
26 6R.,. SV 4 ionospheric error
27 OR, ., | SV 4 clock error
28 gy SV 4 x-component of position error
29 ey SV 4 y-component of position error
30 Yo SV 4 z-component of position error
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Table 38. 22-State Truth Model for Differential GPS

State State State
Number | Symbol Definition

1 SRy, | User clock bias
2 8D, User clock drift
3 OR o1 SV 1 tropospheric error
4 R, SV 1 ionospheric error
5 Sxg,, |SV 1x-component of position error
6 . SV 1 y-component of position error
7 82y, SV 1 z-component of position error
8 OR 1oy SV 2 tropospheric error
9 SR, SV 2 ionospheric error

.10 &g,y SV 2 x-component of position error
11 vy SV 2 y-component of position error
12 &gy SV 2 z-component of position error
13 OR,,0y3 SV 3 tropospheric error
14 oR., SV 3 ionospheric error
15 &g, | SV 3 x-component of position error
16 &y SV 3 y-component of position error
17 &gy SV 3 z-component of position error
18 OR,,p4 SV 4 tropospheric error
19 R, SV 4 ionospheric error
20 &gy SV 4 x-component of position error
21 Neva SV 4 y-component of position error
22 gy 4 SV 4 z-component of position error
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Table 39. 13-State Filter Model (for all navigation components)

State State State

Number | Symbol Definition
1 60, X-component of vector angle from true to computer frame
2 60, Y-component of vector angle from true to computer frame
3 60, Z-component of vector angle from true to computer frame
4 Oy X-component of vector angle from true to platform frame
5 oy Y-component of vector angle from true to platform frame
6 0, Z-component of vector angle from true to platform frame
7 oV, X-component of error in computed velocity
8 g Y-component of error in computed velocity
9 oV, Z-component of error in computed velocity
10 Oh Error in vehicle altitude above reference ellipsoid
11 Ohp Total barometric altimeter correlated error
12 OR,, | User clock bias
13 8D, User clock drift

119




Appendix C.  Truth Model System Dynamics and Process Noise Matrices

The LN-93 [26] error-state system dynamics matrix, F, is a 93 x 93 matrix with
numerous zero elements. This matrix is parsed out into portions (submatrices) that
contain non-zero elements, see Equations (64) and (65). The submatrices of the reduced-
order truth matrix F develop by Negast [38] are shown in Tables 40 —44. A complete
listing of the 93-state system dynamics matrix can be found in the Litton’s reference [26]
as well in theses at AFIT [38, 56]. The system dynamics model for the single-positioning
GPS and DGPS models are contained within Section 3.5.

The Litton LN-93 truth model also includes a 93 x 93 process noise matrix, Q [26].
As shown in Equations (64) and (65), the WGN process noise vector, W, was subdivided
into subvectors, W; and W, corresponding to the error state subvectors, OX; and OX».
These noise subvectors have process noise covariance (strength) matrices described by
Q1; and Qo listed in Tables 45 and 46. The process noise submatrices for the GPS truth

models are contained within Section 3.5.
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Table 40. Elements of the System Dynamics Submatrix, Fy;
Element Term Element Term
(1,3) =P, (1,8) —Cry
(2,3) Py @7 Crx
(3.1 P, (3,2) —P,
4,2) -Q, 4,3) Q
@.5) o, @.6) ~o,,
4,8) —Cry (5,1 Qz
(5,3) —Q, (54 —0;,
(5,6) W, (5.7 Crx
(6,1) —Q, (6,2) Q,
(6,4) 0, (6,5) —0,,
(7,1) -2V.Q -2VQ (7,2) 2V.Q,
(73) 2V0, (7.5) -4,
(7.6) A . —V,Cox
(7,8) 2Q, (7,9) -p,—2Q,
8,1 2VQ, 8,2) 2VQ -2VQ,
(8,3) 2VQ, (8.4) 4,
(8,6) —A 8,7 -2Q,
(8,8) —V.Cry (8,9 P, +29,
9.1 2V.Q, ©,2) 2V.Q,
9,3) -2VQ -2VQ, 9.4) —A,
9,5) A, (CN)) p, +2Q,+V.Cpy
9.8 =P, =20, +V,Cpy | (9,10) 2g,/a
9,14 -k, 9,12) -1
(9,16) k, (10,9) 1
(10,14) -k, (10,16) k -1
(14,10) 1 (14,14) -1
(15,14) k, (15,16) ~k,
(16,10) k, (16,14) -k,
(16,16) k,—1

= Components of angular rate, navigation frame to ECEF frame
= Components of angular rate, ECEF to inertial frame
= Components of angular rate, navigation frame to inertial frame

= Components of vehicle velocity vector in ECEF coordinates

= Components of specific force in sensor frame
= Vertical channel gains _
= Equatorial radius of the earth (20,926,470 ft)

= Components of earth spheroid inverse radii of curvature

= Equatorial gravity (32.08744 ft/sec’)
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Table 41. Elements of the System Dynamics Submatrix, Fi;

Element Term Element Term Element " Term
(7,17) Cu (7,13) Ci (7,19 Ciz
(7,20) 1 (8,17) Cx (8,18) Cxn
(8,19) Cys (8,21) 1 .17 G
9,18) Cx 9,19) Css (9,22) 1
(9,11) k> (10,11) ki (15,11) -k3
(16,11) k4/600
Note: For the above element definitions, z, =0
C = Coordinate transformation matrix from body frame to navigation frame, CZ
Table 42. Elements of the Dynamics Submatrix, Fi3
Element Term Element Term Element Term
(4,23) Cy (4,24) G (4,25) Cys
(4,26) G, 4,27) Cpr0,;, (4,28) Cis0;,
(5,23) Cyy (5,24) Cyp (3,25) Cs
(5,26) G, (5,27) Cr®;, (5,28) Cp®,,
(6,23) Gy (6,24) G, (6,25) Gy
(6926) C31(l)l~"x (6727) C'Z*IZ(Diny (6728) 6133(01‘71Z
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Table 43. Elements of the Dynamics Submatrix, Fy4

Term

Element Term Element Term Element
(7,29) Gy (7,30) Cp (7,31) Gy
(7.32) c,A® | a3 | Ak | 039 Cuh;
(7,35) C,|A? (7,36) CplA? (7,37) C,lAY
(7.38) C.AY | (39 | —c,A% | (740 C,A?
(7.41) CpA? (8,29) Cy (8,30) Cy
831) Cn 832) | A7 | (833 CpA?
(8,34) C23AZB' (8,35) C,|A? (8,36) C,, AyB
837) | Cla¥ 838) | C,A” (8,39) —C,A”
(8,40) C,, Af 1 (8.41) C,A? (9,29) (o
(9,30) Cs, (9,31) Gy, (9,32) C, A?
(9,33) CpA? (9,34) C,AF (9,35) C, |A?
(9,36) Cp|A) 037 | c,la¥ (9,38) C,A?
939 | -c,af | 040 | c,a” | 04D ChA,
Af ye = Components of acceleration in the body frame
AZB ’ = Specific force component (includes gravity)
Table 44. Elements of the Dynamics Submatrix, ¥,
Element Term Element Term Element Term
a7 | Be, | 81®) [ -B [ 1919 | B,
(20,20) ~Bs, (21,21) ~Bs, (22,22) —Bs,
(11,11) —Bs,
ﬁb, e = Gyro inverse correlation time constants (5 min)
ﬂvt' ) = Accelerometer inverse correlation time constants (5 min)

e Ye ke .
ﬂ & = Gravity vector error inverse correlation time constants (V/20NM)
X,¥.2

B = = Barometer inverse correlation time (10 min)
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Table 45. Elements of Process Noise Submatrix Q,

Element | Term | Element Term
2
@y | o | 69
2 2
(6’6) Ny, (7’7) Nae
&9 > 09 | o

Table 46. Elements of Process Noise Submatrix Q.

Element Term Element Term
(17,17) ZﬂV, O'ZVXE (18,18) Zﬁvyco'éy,
(19,19) | 2 ﬂv;ozv,( (20,20) 208 53,0'?%,
(21,21) | 2B 5g,°'§gy (22,22) 2B 5, G?sgz
(11,11) 2[3&50‘%%
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2
PSD value of gyro drift rate white noise (6.25 x 101 %:%‘)

PSD value of accelerometer white noise (1.037 x 107 —:e%)

3 deg’
2

Variances of gyro drift correlated noise (3.086 x 10" o
Variances of accelerometer correlated noise (4.147 x 10° —si%)
Variances of gravity vector error component correlated noise (1.93 x 106 deg?

Variance of barometer correlated noise (10,000 ft?)




Appendix D.  Filter Model Process and Measurement Noise Matrices

This appendix provides the values of the system dynamics driving noise employed in
the M>AE’s Kalman filters used in the software simulations. These values are adjusted
from the levels specified in the truth model. This is done to compensate for the
inadequacies introduce by using a small subset of states to represent the behavior of a
higher-order truth model. Tables 47 — 49 below shows the diagonal (autocovariance)
terms of the process and measurement noise matrices, Q and R, respectively. Off-

diagonal terms (cross-covariance) are assumed to be zero.

Table 47. Process Noise Strength Values (Q) for Filter States (0.4 nmi/hr INS)

State DGPS Units
56, 1.2x107° | (arc-sec)“/sec
56, 1.5x10™® | (arc-sec)“/sec
56, 0.0 (arc-sec)”/sec
o, 20.0 (arc-sec)/sec
o, 28.0 (arc-sec)”/sec

85.0 (arc-sec)“/sec
9.

8V, 0.1 ft*/sec’
8V, 0.1 ft*/sec’
5V, 33,000.0 ft*/sec’

Sh 16.0 ft*/sec

Ohp 2.0 ft*/sec

5RUczk,, 0.1 ft*/sec
8Dy, 5.0 x10™° ft*/sec’
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Table 48. Process Noise Strength Values (Q) for Filter States (4.0 nmi/hr INS)

State DGPS Units
66, 1.2 x10°% (arc-sec)*/sec
56, 1.5x107 | (arc-sec)’/sec
60, 0.0 (arc-sec)’/sec
[} 14,500.0 (arc-sec)z/sec
o, 14,500.0 | (arc-sec)/sec
o, 520.0 (arc-sec)”/sec
A 500.0 ft*/sec’
oV, 500.0 ft*/sec’
8V, 43,000.0 ft*/sec’

Sh 18.0 ft’/sec
Shg 10.0 ft*/sec
SR, 0.1 ft*/sec
8D, 5.0 x107° ft*/sec’

Table 49. Measurement Noise Strengths Values (R) for the Truth and Filter States

Measurement Truth Model Value Filter Model Value Units
Barometric Altimeter 2,500.0 3,500.0 ft*
DGPS 9.0 Rpri234 ft2
GPS Pseudolite 1.0 Rpps ft*
Radar Altimeter 0.09 0.12 ft*/sec”
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