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An alternative GPS signal tracking method that uses an dgteiKalman-Bucy fil-
ter in place of traditional independent, parallel trackiagps is presented in this thesis.
Furthermore, this method is extended into a combined tngciind navigation filter cou-
pled with inertial sensors. This approach significantlyuess filter design complexity
and allows for optimal navigation performance in a varidtganditions. Specifically, the
proposed method is demonstrated under high dynamic ptatiootion while experienc-
ing significant levels of jamming. A simulation in a singleisiconfiguration was used to
compare the proposed method to an existing, aided fixedrgaihod in order to ascertain
the expected level of anti-jam performance as well as imtgdaidynamic stress. Results
from this simulation indicate a nominal, expected positigrperformance improvement of
5 meters with improvements of up to 25 meters in some caseditidwhlly, increased jam-

ming immunity of 17 dB J/S was seen in the simulations. A satiah comparing IMU’s of



differing grades was also run to ascertain the proposedadistdependence upon inertial

sensor quality.
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CHAPTER1

INTRODUCTION

The United States Department of Defense, with particulppstt from the U.S. Air
Force, relies heavily on the availability and precisionta NAVSTAR System, or Global
Positioning System (GPS) as it is commonly known, for mongi guidance. Addition-
ally, GPS is now a part of daily civilian life in everythingoim cell phones to automobiles.
However, GPS suffers from a fundamental weakness - lowvedesignal power. This
low signal power makes GPS receivers extremely suscepadR- interference, both in-
tentional and unintentional. This weakness is further elaated by platform dynamics
which can cause a GPS receiver’s signal tracking subsystéumtock.” Through simula-
tion, the performance of deeply-integrated GPS/INS is emadas an improved technique

for use under high platform dynamics in environments witihHevels of RF interference.

1.1 Background and Motivation

The United States Department of Defense constructed thbaGRositioning Sys-
tem during the 1980’s to provide a globally accessible atidbie means of navigation
and guidance for the U.S. military. Two kinds of GPS signas available, a signal for
general civilian-access and a signal for government-aizid users. Only the civilian
signal is discussed in this thesis, and aspects of theatestrsignal are only mentioned
for informative purposes. The GPS consists of twenty-nirmtiog satellites along with

four ground-based monitoring stations. All twenty-ninéital vehicles contain a precise
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clock which is synchronized to a single common time. Thesekd are driven by highly-
accurate atomic oscillators to maintain their stabilitgomany years. Each satellite also
maintains a record of its orbital parameters from which x¥scg position at any moment
in time may be computed. These parameters, known as eplsemerng with the current
time are broadcast toward Earth by each GPS satellite. Aay@PS receiver unit receives
these signals and notes the time of reception. Using thedfmexeption, the time of trans-
mission, and the computed positions of the satellites iw,\viee position of the receiver
can be calculated. Additionally, the velocity of the reegican also be calculated from
the received signal information. The primary advantagab®fGlobal Positioning System
are the global availability of the system and the globalnexiee frame of the computed
positioning solution. The primary disadvantage to GPSeslto the relatively low power
of the received signal which makes the signal susceptibiletéoference, both intentional
and unintentional.

Prior to the advent of GPS, inertial navigation systems {Ip®vided the most reli-
able positioning system. In an inertial navigation systdmge orthogonally-mounted ac-
celerometers measure the acceleration of the vehicle tchwhe inertial measurement unit
(IMU) is mounted. These accelerations are measured reladithe body-fixed reference
frame of the vehicle and as such must be translated into algteference frame in order
to be useful for navigation. To enable this transformatibinee gyroscopes are added to
the IMU such that they measure the rate of rotation aroundxbe of body-fixed reference
frame. The set of Euler angles, which define the vehiclefgidt in space, are obtained by
integrating the rate of rotation from the inertial senstising these Euler angles, the mea-
sured accelerations in the body framed may be translatedigtobal reference frame and

double integrated to obtain position. In comparison to @R&4ded navigation solutions,



inertial navigation systems demonstrate an immunity toxpeeted interference. However,
the integration of the inertial measurements to obtain &a#on solution presents the pri-
mary disadvantage to this approach due to the dependente amttalization of the INS

and the accumulation of sensor errors present in the seressurements.

1.2 Review of the Current and Prior Literature

The idea of combining GPS and INS together as a single systeimproved perfor-
mance originated while the Global Positioning System watsimfancy [Nielson, 1986].
Combining these two approaches to navigation mitigatesifagldantages inherent to each
system. Most approaches to coupling GPS and INS integratibpe Kalman filters to
combine the two systems. Detailed descriptions of the uaramupling schemes available
at the time of this writing can be found in [Phillips and ScdimL996]. The first approach
proposed, referred to dsosely coupledallows each system to operate more or less inde-
pendently. A Kalman filter computes a navigation solutiosdzhon the inertial measure-
ments, utilizing GPS position and velocity solutions toccddte the filter innovation and
remove the INS error estimates from the overall navigatfews§ and Geier, 1996]. This
approach, depicted in Figure 1.1, is deficient in removind®?®S@eceiver’s vulnerability to
RF interference since the receiver is still independentsérivation of a navigation so-
lution [Rounds, 2004]Tight couplingis an approach that seeks to remedy this deficiency
by adding feedback to the GPS receiver in order to improveasigacking capabilities and
to improve its resistance to interference. Additionalight coupling combines the INS
error-correction and navigation filter with the navigatidter of the GPS receiver to form
a single navigation processor utilizing a nonlinear stater@ation technique, typically an

extended Kalman estimator. A block diagram of this techaigushown in Figure 1.2.
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In high-dynamic and/or high-noise environments, the ugebt-coupling as a navigation
method is common [Foss and Geier, 1996].

Several alternative anti-lam methods have been proposeadditions to or re-
placements for tight-coupling. Adaptive beamforming, dlweaown signal processing
technique that utilizes steerable antenna gain patterrisulh out” interference, has
been applied to GPS, providing 5 to 30 dB improvement in fetence rejection
[Brown and Gerein, 2001]. A technique known as data wipe-ativigles additional
signal-to-noise power ratio increases by increasing tteggnation time of the GPS tracking
loops past the limits imposed by signal structure. Perfoiceayains using data wipeoff are
proportional to the amount of increase in integration tirReunds, 2004, Ward, 1996c].
An effective alternative to tight coupling is Doppler-aidi which provides an estimate
of the Doppler shift to the receiver’s tracking loops basedimertial sensor measure-
ments without performing the full navigation computationThis method has been
investigated by several groups with varying results andiiops regarding nomenclature
[Alban et al., 2003, Kreye et al., 2001, Gebre-Egziabhet.e2@03].

Several integrated, vector methods of tracking and nawigaxist which are exten-

sions of vector delay-locked loops [Spilker, Jr., 1996d}e3e integrated methods usually

\/

Y GPS Nav.
Solution
GPS Receiver — ) Combined
Kalman Nav. Solution
Inertial Nav. )

Filter

Solution
INS —)

Figure 1.1: Loosely Coupled GPS/INS Architecture



go by the names afltra-tight couplingor deeply integrate@PS/INS. These methods com-
bine the low-level tracking measurements with inertial sugaments into a large Kalman
filter for tracking and possibly navigation as depicted igufe 1.3. Three patented meth-
ods, or derivations thereof, are currently being pursuedrgnmany commercial GPS/INS
vendors [Abbott and Lillo, 2003, Gustafson et al., 2001, dHard and Hooker, 1999].
Several publications detailing the performance gainsreffeby deeply integrated
GPS/INS have been presented by the inventor of this methddaecounts for the pri-
mary source of performance knowledge [Gustafson et alQR0Gustafson et al., 2000a,
Gustafson and Dowdle, 2003]. While these kinds of methodsamently popular in the
field of GPS research, independent research has not beenmped to validate the specific
performance of these methods in comparison to each othenf®o@004]. Furthermore,
scholarly publications which mathematically detail thgaalthms used in the reported

research are sparse as of this writing [Kreye et al., 200kyviav et al., 2004].

\/ GPS Receiver Pseudo-range
& Rate -~
>

Tracking Loops

Y

Kalman Nav. Solution

A
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Figure 1.2: Tightly Coupled GPS/INS Architecture
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1.3 Contributions and Outline of this Thesis

While several methods exist that implement inertially-digdeector tracking, no sin-
gle implementation provides enough generality by whichvalwate the performance of
vector tracking alone. As such, this thesis develops a gefemulation of an inertially-
aided vector tracking and navigation algorithm for GPSitk@nmore, the theoretical per-
formance of this algorithm in several specific implemewtadiis determined through ana-
lytical methods and presented here. Finally, the developettiod is simulated dynamically
in a single-axis along the satellite line-of-sight. Theckiag and positioning performance
of the developed algorithm is tested under a variety of jamgnand dynamic conditions
and compared to an inertially-aided fixed-gain tracking aadgation framework. As an
additional effort, the developed algorithm is comparedimilar scenarios as previously
simulated using differing grades of inertial sensor. Rasptbvided in this thesis give
tracking and positioning performance as a function of platf motion, level of interfer-
ence, and IMU quality.

A detailed presentation of the GPS signals and the inertiehsurements used
throughout this thesis is presented in Chapter 2. Specificié transmission of GPS
signals from the satellites, their message format, and teeeived signal properties are
detailed in addition to the formulation of an inertial naatign system and the associated
inertial sensor errors that must be mitigated in such a syst&he steps necessary to
receive GPS signals and compute an estimate of positionelndity as well as a discus-
sion of appropriate Kalman filtering techniques for use inSGie examined in Chapter
3. The Kalman filter technique used in this research is alssgnted in this chapter as

well. The primary contribution of this thesis, which is thevédlopment of an integrated



vector-based tracking and navigation algorithm for GP$yrésented in Chapter 4. This
algorithm is developed from the traditional approach to GRf@al tracking presented in
Chapter 3. Specific details affecting the implementatiorhisf algorithm are presented as
well as an extension of the developed algorithm from a siagie solution to a full six
degrees-of-freedom solution. An analysis of the resutisnfa simulation of the single
axis method are presented in Chapter 5. The simulation usthisichapter examines the
performance of the developed algorithm in high dynamic aigth moise environments.
Finally, a summary of the conclusions that may be drawn froenrhaterial presented in

this thesis along with recommendations for future work i&giin Chapter 6.



CHAPTER 2

NAVIGATION SIGNALS

The design goal of the Global Positioning System was an ategtobal space-based
navigation system capable of all-weather performance.syseem was to provide a level
of accuracy unavailable by any other means at the time ohitsption and was to be
available for civilian use at a degraded accuracy. The sigfnacture selected met these
goals and provided some additional enhancements to nebngatcuracy that have only

recently been exploited (e.qg., differential correctiaes|-time kinematic positioning).

2.1 GPS Signal Structure

The three main components of a GPS signal are the carriealsitpe code signal,
and the navigation data. The carrier signal forms the bdgtseearansmitted signal and is
modulated by the code signal and navigation data usingry phase-shift keyinBPSK).
While it is not an identifiable component of the transmitteghsi, the Global Positioning
System depends completely on the availability of relialole accurate timing. To this end,
each GPS satellite contains two rubidium oscillators arelaasium oscillator, each oper-
ating at 10.23 MHz [Aparicio et al., 1996]. These oscillatprovide the required stability
of 1 part perl0'3 over several days [Parkinson, 1996] and drive the three oosmts of

the GPS signal.



2.1.1 Carrier Signal

GPS satellite signals operate in the L band of the microwpeetsum. At the time
of this writing, GPS satellites transmit on two center freqcies, L1 (575.42 MHz or
154 x 10.23 MHz) and L2 (1227.60 MHz or 120 x 10.23 MHz). GPS satellites transmit
two types of signals, a civilian access signal referred tina<C/A (for coarse/acquisition)
signal and a precision signal, which is only available tdhatized users, known as the P
signal. Both signals are transmitted orthogonally (i.ethwai 90 degree phase shift) on L1
while only the P signal is transmitted on the L2 frequencychaiodernization efforts will
eventually provide a third civilian frequency, L5, Bt76.45 MHz and enable C/A signal
access on L2 [GPS JPO, 2005]. These signals share the commoperty that they are
unaffected by localized weather phenomena in the lower sppimere. This property was a

deciding factor in the selection of the L band as the home &GP

2.1.2 Code Signal

In order to allow multiple satellites to broadcast on the sdrequency band simul-
taneously without interference, a multiple-access (MA)esne had to be chosen. The
scheme that was chosen for the NAVSTAR system was codediviniultiple-access
(CDMA), the same scheme used by many modern U.S. cell-phostersg. Under a
CDMA system, each satellite signal is encoded with a uniqeeugo-random bit se-
guence. The bit sequences used in GPS are from a family ohmahiength codes known
as Gold codes. Each Gold code sequence has a very low cnostation with any other
sequence in the family and a low auto-correlation with ftselThe codes are formed

using two 10-bit shift registers with taps at selected bitalions. These taps create the
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unique 1023 bit sequence, which is often called the psuaddem noise (PRN) code
[Ward, 1996b].

The PRN code modulates the carrier wave at rate of 1023 kitogar second which
results in a sequence that repeats every millisecond. T pf repetition is referred to
as thecode epocland is used to provide the timing for the navigation messatpgh is
discussed in Section 2.1.3. The code modulation rate int®sl a second design feature
of most CDMA systems, spread-spectrum transmission. Tleetadf modulating a carrier
wave by a square-pulse signal wave is to spread the signarpainthe carrier wave out
over a frequency band proportional to the frequency of tihkasetpulse wave. For example,
a random 1.023 MHz binary sequence is applied to a 1.5754 @idsad which was pre-
viously modulated by a 50 Hz binary data message. The resydtaver spectral density,
shown in Figure 2.1, illustrates the effects of the three @B8ponents. The binary se-
guence has spread the signal power across a bandwidth keqaitgatwo times the data rate
of the binary signal. Together, the application of a knowgusace at a high data rate, rela-
tive to actual message data rate is knowdieect-sequence spread-spectrum transmission

A more detailed discussion of this technique may be foundMarfl, 1996b, Sklar, 2001].

2.1.3 Navigation Data

The primary information that each GPS satellite broaddasits orbital parameters
or ephemerisand the current GPS time. These orbital parameters allomgbeto com-
pute the perturbed Keplerian orbit of that satellite [Kapdd al., 1996]. From this cal-
culation of orbit along with a knowledge of the exact time eteption and transmis-
sion, the user can compute the position of the transmittatglige in orbit and subse-

guently its position in the Earth-Centered, Earth-Fixed (E€&0ordinate system defined

11



-16

-170- .

-180- b

-190- b

-200- b

|
N
iy
?

Power Spectral Density (db/Hz)
N
N
@

|
N
w
?

-240-

_2 L 1 1 | Sl | L |
f 73 15735 1574 15745 1575 15755 1576 15765 1.577 1.5775
Frequency (GHz)

--------- - Carrier Wave

Carrier + Data

------ Carrier + Data + Code

““““ Noise Floor

Figure 2.1: Direct Sequence Spread Spectrum Effects in G@alS

in [US Dept. of Defense, 2000a]. In addition to its own orbfiarameters, each satellite
transmits a subset of orbital parameters known as the abrfan@very other satellite in

the GPS constellation. These subsets of parameters ehalderhputation of a coarse esti-
mate of each satellite’s orbit. The broadcast ephemerigewlry accurate, requires daily
updating in order to maintain the overall expected accudddiie system. The updates to
these parameters are computed by several ground monitstatigns maintained by the

U. S. Air Force and are uplinked to the individual GPS sagslat least once per day.
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The navigation message (1 frame) of each satellite is 15@80ldng, transmitted at
a rate of 50 bits per second for frame transmission time ofed@sds. The code epoch
drives this data rate of 50 bits per second, which is an imtegdtiple of the code epoch.
Each frame is subdivided into 5 equal-length subframes @atth subframe further divided
into ten 30-bitwords To guard against error in reception, each word includesb# 6-
Hamming code within its 30 bits for error detection and cction. The first two words of
each subframe form a header, which includes an 8-bit preafobkynchronization and a
portion of the GPS time of week (TOW) count. The message coofem frame changes
according to a known 25-frame pattern with each frame wiplaittern referred to aspage
Of the five subframes in each page, subframes 1, 2, and 3 riepeath subsequent frame
while subframes 4 and 5 change according to the page numpikdf Jr., 1996b]. Table
2.1 provides a description of the contents of each frameeh#tvigation data. Figure 2.2
provides a hierarchical display of the relation betweenvidi@gous components of a GPS

signal.

Table 2.1: Frame Format

Subframe Number Subframe Contents
1 Timing, Clock Corrections, Satellite Health
2,3 Ephemeris Parameters
4 Almanac and Health for SV’s 25 - 32, lonospheric
Corrections, UTC Corrections
5 Almanac and Health for SV's 1 - 24

2.1.4 Signal Properties at Reception

GPS satellites transmit with a constant signal strengtlRadBW with a conical dis-
persion pattern focused toward Earth. However, the sky wktlie satellite constellation

available to the receiver will most likely have several Bas near the horizon. Since
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Super-frane (25 frane) (12 m nutes)

Frane ( 5 subfranmes) (30 seconds)

Subframe (10 words) (6 seconds)

Word (30 bits) (600 mlliseconds)

Bit (20 code periods) (20 milliseconds)

Code Period (1023 chips) (1 millisecond)

Chip (1540 Carrier Period) (approx. 978 nanoseconds)

Figure 2.2: GPS Signal Component Breakdown

the signals from these satellites are traveling furthesugh the Earth’s atmosphere, they
experience greater attenuation in signal power than sdnam satellites directly over-
head. To account for this signal loss, GPS satellites use@apower dispersion pattern
which allows satellites on the horizon to have a receivedaigtrength equal to that of
satellites directly overhead [Aparicio et al., 1996]. Agsified in the military standard for
the NAVSTAR system [US Dept. of Defense, 2000b], the reakw@rrier power must be
at least -160 dBW. After modulation by the data message anchithe sequence, the mini-
mum received signal power is -220.1 dBW. The typical noiserfil®e205 dBW. Therefore,
GPS signals are undetectable without demodulation. Ttigaes for acquiring and suc-

cessfully tracking GPS signals are discussed in Chapter 3.
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Often a receiver’s ability to maintain tracking in the pnese of high-noise is quoted
in terms of a ratio of jammer power to GPS signal power (J/8g Tomputation of this
value requires two measures of power. The first measure lsbadine, unjammed carrier-
to-noise ratioC'/N,, which can be computed using the minimum received power & -1
dBW [US Dept. of Defense, 2000b] and the known receiver gamasl@asses along the RF
and IF signal path. The second measure is the carrier-sen@icking threshold('/N,|.,.
of the receiver typically based upon the tracking perforoeanf the carrier tracking loop.
This value must be determined via Monte Carlo analysis dubdgmobnlinearities in the
tracking loop [Ward, 1996a]. Tracking loops will be discedsn detail in Chapter|3. The

equation for combining these two measures and reportind/8heatio in decibels is

1 1
J/S = 10l0g |QR, (10[0 N~ ToE)| (2.1)

where R, is the signal chipping rate and is a dimension less adjustment factor that ac-
counts for the kind of jamming being experienced [Ward, ¥)9a he values for this ad-

justment factor are given in Table 2.2.

Table 2.2: Spread Spectrum Processing Gain Fagtor,
Jammer/Noise Type @ Vaule
Narrowband Jamming 1
Wideband Spread-Spectrum Jamming 1.5
Wideband Gaussian Noise Jamming 2

The dynamic motion of the receiver relative to the transngtsatellite also has an
effect on received GPS signals. The effect is a Doppler ghiftin the carrier frequency

that is proportional to the relative velocity between thiekige and the receiver’s antenna.
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This relationship is quantified as

wherev is the transmitting satellite’s velocity vector, is the receiver’s velocity vector,
andf. is the carrier frequency as transmitted by the satellite.

While the satellite’s velocity is much greater in magnituldiart the receiver’s velocity,
the induced Doppler shift changes very slowly due to thellgate angle of incidence
with the Earth. Conversely, the receiver’s velocity relatte the transmitting satellite is
small but prone to rapid changes due to accelerations oetever platform. With regard
to another aspect of the relationship shown in Equation),(2d&2mulations for absolute
phase as a function of position can be formed in addition tmédations of the change in
frequency due to acceleration. These formulations are esedsively in the development

of vector tracking loops presented in Chapter 4.

2.2 Inertial Sensor Measurements

Prior to the widespread use of GPS as a primary navigatidesysnertial navigation
systems were the preeminent navigation system. Typicathglern inertial navigation sys-
tems are made up of three rate gyroscopes and three acceteresmmounted orthogonally
in order measure to angular velocify, and translational acceleration, in each axis, as
shown in Figure 2.3 and defined according to Equations (218)(2.4). Collectively, the

axes se{ X, Yg, Zp} comprise the body-fixed reference franig,.
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D Rolling Rate
Q=1 4 | = | Pitching Rate (2.3)
r Yawing Rate
U Longitudinal Acceleration
a= |y | = Lateral Acceleration (2.4)
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>
if
(Y
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Figure 2.3: Inertial Motion in Six Degrees of Freedom

2.2.1 Inertial Navigation

To obtain position, velocity, and attitude of the platformathich the inertial measure-
ment unit (IMU) is mounted, inertial navigation systems gamsate for sensor errors in

the measurement, rotate the accelerometers into the prefleeence frame, and integrate
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the result to obtain the position and velocity. Two main agghes exist for aligning the ac-
celerometers with tangent plane of the Earth. The oldercgmprrelied on a gimbaled plat-
form in which angular gyroscopes (as opposed to rate gypesjgrovided control com-
mands to a set of servo motors which prevented the platfoom fiotating relative to the
plane of the Earth. A more recent approach makes use of theaise in miniaturized com-
puting power. Instead of platform IMU, the alternative method attaches the IMU to the
vehicle frame and uses numerical computations to rotatadbelerations into the correct
reference frame. This method is referred to arap-dowrapproach [Grewal et al., 2001].
An implementation of this strap-down approach that usew-dree measurements is given
in Equations (2.5 - 2.15) which very similar to basic aerdital navigation equations as
presented in [Rauw, 2001]. The first step in navigation is themnination of platform
attitude (i.e., roll, pitch, and yaw) relative to the neapane which is tangent to the Earth.

These three angles are computed via

© Roll Angle ¢ + 2 p+ (gsing + rcos p) tan 6 dr
6 | = | PitchAngle | = O, + fttf qcos @ — rsing dr (2.5)
U] | Yaw Angle || Py, 4 f[7 LRELTCS8 g _

The acceleration vector as measured from the accelercsmatest be rotated from the
body-fixed reference framdi, into a coordinate frame that is tangent to the Earth. To
perform this rotation, the previously determined platfattitude is used. The axes of the
localized, Earth-tangential coordinate frafig are such thak’;, points North,Y;. points

East, andZ;, points Down. To perform this transformation, a series oé¢hrotations,
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whose inverse matrices are

1 0 0

® = 0 cosp singp (2.6)

0 —singp cose

cosf) 0 —sind

0 = 0 1 0 (2.7)

sinf 0 cos@

cosy siny 0
v = —siny cosy 0 (2.8)
0 0 1

must be performed around each axis. After the transformatio

T = (®O®) " (2.9)

the platform’s acceleration vector is defined in an NortlstHaown right-handed coordi-
nate frame,f;. However, in the field of navigation, particularly in GPS sE&lorth-Up

(ENU) is a more standard coordinate system. Therefore taldeiadditional transforma-

tion ) )
01 0
Ty-r=11 0 0 (2.10)
00 —1
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is applied to yield the platform’s acceleration vector ia ENU geodetic coordinate system
Fr

VL = (Ty—r) (Tp-1) { TR r (2.11)

To transform the above motion into a global reference framadalitional coordinate
transformations must be performed. To perform this trams&bion, the origin of the
ENU reference framé’;, must be known relative to a globally-defined reference frame
For this application, a relevant and useful reference frasnthe WGS84 ellipsoidal
coordinate system which is a “spherical’, geodetic coatiinsystem with positions
identified by coordinate sets of longitude; latitude, ¢; and height of the ellipsoidj
[US Dept. of Defense, 2000a]. These values must be accyrei¢iblized at the start
of the navigation algorithm from an external source or elgeicant positioning error
will rapidly accumulate. The acceleration vector in lozatl coordinates is translated

into the global Earth-Centered, Earth-Fixed (ECEF) cootdiflameF by applying the

transformation, i i
—sin A —singcos A cos A cos o
Tr¢=1| cosA —singsin\ sin\coso (2.12)
0 cos ¢ sin ¢
which yields
ve =11 -¢VL (2.13)
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With a formulation of acceleratiofig in a globally-defined reference frame, the posi-

tion pg and velocityvg of the IMU platform can be calculated by performing the imgeg

tions

to
Ve = Vagy +/ \./G dr (214)
t

1

to
Pe = pay, + /t ve dr (2.15)

1

2.2.2 Inertial Sensor Errors

Thus far, inertial sensors and their use as navigation ds\have been presented de-
void of error mechanisms. In practical applications, savBarms of error contribute to
an inertial sensor measurement. Each type of error hasexetiff effect on the usability
of the sensor measurements. Provided these errors ardfieterind modeled, the ef-
fects of these errors may be reduced or eliminated througlusle of filtering techniques
[Grewal et al., 2001]. The five error components presenteel &l common to both gyro-
scopes and accelerometers and are presented in order ofysevaix degree-of-freedom
model of an IMU which incorporates the various error ternm@esented as well. Through-
out this model, sensor output, true acceleration, and tngelar rate of rotation are repre-
sented as, a, and(2, respectively. The first error component is known as theosanadalk
w,- which in simplistic terms is sensor noise. This noise isdgfly modeled as zero-mean
white noise

w,, ~ N (0,02)

a

(2.16)
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and specified by its standard deviatienn units of degrees per square root hour for gy-
roscopes and meters per second per square root hour foeamuelters. The IMU input-
output model that incorporates this error term is

u, =a+w,,
(2.17)

ug = 2+ w,,

The second most severe error component is bias which tyypiappears as both a
constantb., and drifting biasb. The drifting bias is typically specified as a white noise
process, quanitfied by its standard deviation in degreebqarfor gyroscopes and ijis
for accelerometers. This specification, however, assun@uasian process as the model
for the error source. The drifting bias component changeeslmwly over time than a
Gaussian process and thus lacks the high-frequency cootentGaussian process. An
alternative method which captures this behavior is to maleldrifting error term as a

first-order Markov process

ba = ;7lba + Wy,
ba (2.18)

bQ = ibQ + Whq,

Tbe

driven by zero-mean white noise

wyp, ~ N (O ,a,?a) (2.19)

Wp ™ N (O ,O'EQ)
To implement this alternative model using the existing gption drift specificationg,,

the variance on the process driving noise is modified so that
2072

o2 = 2o (2.20)

Th
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which is discussed in [Flenniken, IV, 2005]. This resulte@mupdated IMU model

u, =a+b, +b,+w,,
(2.21)

ug = Q+ bcQ + bq + Wi,
The third error type is scale factor which is defined as thie tstween the measured
output and the desired quantity [IEEE AES, 2001]. This giyaig typically modeled as a
constant parameter with the exact value often provided eynthnufacturer and incorpo-

rated into the IMU model as

SF 0 0
S=] 0 SF 0 (2.22)
0 0 SF

u, =S,a+ b, +w,,
(2.23)

ug = SQQ + bQ +WTQ

The final two error sources discussed here differ from theipus three in that they
are not independent in each axis. Rather these two errorgyrkas IMU misalignment
and IMU nonorthogonality, have a coupling affect on the IMutputs as a whole. The
first of these errors is IMU misalignment. Misalignment reféo angular errors between
the axes of the platform and the axes of the sensors therssdllies error term appears in
two forms but both forms have the same effect and are typitaithped into a single term.
The first form is a misalignment of the sensors inside the IMidl@sure and is usually
small particularly in high-grade units. The second form isligalignment between the

IMU enclosure and the platform axes, which may be relatileige in comparison to the
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previous misalignment. An illustration of axis misalignmen terms of Euler angles is
given in Figure 2.4 along with the intermediate rotationadsa The translational effect of

IMU misalignment is given by the matrix

M = (ABT) " (2.24)
where
1 0 0
A=|0 cosa sina (2.25)

0 —sina cos«

cos 0 —sing
B = 0o 1 0 (2.26)
sinf 0 cospf

cosy siny 0
I'=1] —siny cosy 0 (2.27)

0 0 1

Physically, the matrix\/ is the matrix inverse of the Euler angle Direction Cosine iratr
for the model described in Figure 2.4. An IMU model which urdiés this rotational effect
is
u, = [S,][M]a+ b, +w,,
(2.28)
uq = [So|[M]€2 + b + W,

Nonorthogonality refers to error in the mounting configimatof the sensors in the

IMU enclosure such that the angles between the sensing exe®tequal to 90 degrees.
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These angular errors, are defined pictorially in Figure 2.5. The effects of thesers are

transmitted into the sensor output,as

u, = [S,][M][N]a+ b, + w,,

(2.29)
ug = [Sa[MINI + by + w,,
via the scaling matrix
COS Ol COS g SIN Oty sin oy,
N = SIN vy, COS gy COS (ty sin cvy, (2.30)
Sin o, SIN COS (U5 COS (Uzy

To correct the errors described in Equations (2/17 - 2.2@)p&nform the computation
of a navigation solution using the method described in Eqoat(2.5 - 2.15), nonlinear
Kalman filtering techniques are typically used in order téaoba solution which com-
pensates for the severity of the various sensor errors. #alfitering is discussed in a

generalized form in Section 3.2.

25



Body/Platform Axis
""""""" Intermediate Rotational Axis
e [nertial Sensor Axis

Figure 2.4: IMU Misalignment: Rotational Diagram
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Figure 2.5: IMU Nonorthogonality: Angular Deviations
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CHAPTER 3

GPS RECEIVERS ANDKALMAN FILTERING

After a GPS signal finishes its transit from satellite to reee several steps must be
performed in order generated a navigation solution fromrélceived signal. In general, the
number of received signals, one per satellite, may vary faminimum of four to at most
ten signals. These signals are hidden beneath the noisafloazeption and thus, requires
a blind signal acquisition scheme. After acquisition, anaigs “tracked” to remove its
navigational message and obtain a precise measure ofntstttene. These measures of
time, one for each satellite signal being tracked, and eaigllise’s position are combined
in a set of equations from which the receiver’s position impated by solving the system of
equations. Kalman filtering is used extensively in GPS tuestilese systems of equations,

and various formulations of Kalman filters are discussedeicti®n 3.2 of this chapter.

3.1 Typical GPS Reception and Navigation

In this section, the generic processing of GPS signals udged. GPS signal track-
ing is given special attention since material presentedlossquent chapters relies on the
fundamental concepts presented here. A high-level diagrfathe interconnecting sub-

components of a generic GPS receiver is shown in Figure 8thédbenefit of the reader.
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Figure 3.1: Generic GPS Receiver Diagram
3.1.1 Receiver RF Front-end

The receiving and processing of GPS signals begins at tlemaat Due to the low
received power of GPS signals, active antennas are commsatyto increase the dynamic
range of the incoming signal prior to discretization. Aftlee antenna, the signal typically
passes through several mix-down stages which manipula¢esignal from 1.5754 GHz
to something close to 5 MHz. At this point, the signal is sadplsing analog-to-digital
(A/D) conversion hardware. Since the actual GPS signalli®stow the noise floor, only a
few digital bits are necessary to capture the underlyingadignd permit signal acquisition
and demodulation. Some receiver’s use as many as four bitidoretization while low-
cost receivers may only use one bit per sample [Dierenddr896, Thor and Akos, 2002].
In order to maintain the maximum effectiveness per sampleawgomatic gain control
technique is used to calculate an average power of the imgpsignal and applies pre-
sampling gain to the signal to keep it within the effectivaga of the analog-to-digital

conversion hardware [Dierendonck, 1996].
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3.1.2 Acquisition

GPS signal tracking begins with the signal acquisition ph#@s discussed in Section
2.1.4, the received signal is below the noise floor due tortentional spectrum spread-
ing. To acquire the incoming signal, each channel condu¢tsee-dimensional search
across PRN code, chip offset, and Doppler frequency. Theclsgaocess begins with
the selection of a probable satellite PRN code, which may leetesl at random or based
on a coarse knowledge of the satellite constellation skwy.viehe selected PRN code is
shifted through the complete code space, typically, in-blip increments. Each offset
code sequence is modulated by a sine wave whose frequendyebasshifted from the
intermediate frequency by a fixed amount. These fixed frequshifts span a range of
probable frequencies for the Doppler shift of the receivigda. The received Doppler
shift is due to both satellite velocity relative to the used @he drift characteristics of the
receiver’s internal clock. Each increment in chip offsed &oppler frequency can be con-
sidered as a “bin”. The actual acquisition algorithm movesugh each bin applying the
corresponding estimated signal to the received signdieltgorithm detects a correlation
between the two signals greater than some predetermineshibid, a match is declared
and the algorithm passes the information from that bin tosigeal tracking loops which

lock on to the signal and begin tracking the signal.

3.1.3 Tracking

The basic architecture of a signal tracking loop is shownigufe 3.2. In general, a
tracking loop consists of three major components: a congaca discriminator, a filter,
and an oscillator. A comparator functions like its namesé#ke received signal and esti-

mated signal are compared and a measure of error betweendhs produced. In some
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Figure 3.2: Basic Tracking Loop Architecture

tracking loops, a simple scalar comparison is not possibleractical. Instead, several
combinations of the estimated signal and the received kagagproduced. A discriminator
operates on these multiple combinations to produce a simghesure of error. The typical
loop filter is a low-pass filter with one or more integratomter The integrator terms in the
loop filter determine the type of dynamics in a received digmat the loop can track. The
third component of a tracking loop is the oscillator whosagtrency is controlled by the
output of the loop filter.

Two of the types of tracking loops common to most GPS receiaee delay-locked
loops (DLL's) and phase-locked loops (PLL’S). In the dgsitoins that follow, the received

signal is assumed to be

r(t,x) = p(t,x)sin (6(t,x)) + n(t) (3.2)

which has two components to be tracked: the code sigiialx) and the carrier signal,
s(t,x) which is equivalent tein (6(¢, x)).

Most GPS receivers use a phase-locked loop (PLL) to trackdimer component of
a received signal. While some formulations of a PLL are capabtracking a BPSK sig-

nal like the one transmitted by GPS satellites, a more tygipproach is to use @ostas
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loop which is a subtype of phase-locked loops. Under a Costas tbepeceived signal is
split into two branches with one branch being combined witlinaphaseestimate of the
received carrier component and the other branch being cadbiith aquadrature-phase
(i.e., 90 degrees out of phase with the in-phase branchhatiof the received carrier
component. The separate signal paths are often referreditepnase () and quadrature-
phase (Q) channels respective to their signal componehgesmEchanism which combines
the received signal with the estimated signal componerullsdthecorrelator. At each
iteration of the loop, the Costas loop discriminator used tred Q measurements to gen-
erate a measure of the phase error between the receivetiaangithe replica signal. While
several common discriminator functions exist, the mostgrémy as well as the most com-

putationally intensive function is the arctangent disaniaor implemented as

Ip = r(t,x)p(t,%x)sin (0(t, %)) (3.2)
Qp = r(t,x)p(t,%)cos (0(t,%)) (3.3)
D (e5) = arctan (CIQIJ;) (3.4)

The discriminator curve, which relates true error to fumctoutput, for Equation (3.4) is
shown in Figure 3.3.

After the discriminator, signal flow through a Costas looptoares as in a basic track-
ing loop with the signal separating back into the | and Q cletsafter the numerically
controlled oscillator (NCO) as shown in Figure 3.4.

Delay-locked loops (DLL), as utilized in GPS receiversckrthe PRN code sequence.
After the initial acquisition phase in which the code getaras initialized to the proper

chip offset, the code generator splits each of the incomiagd Q channels into three
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Figure 3.3: Carrier Loop Discriminator Curve

additional channels for a total of six channels in all. Onéhoée replica code signals are
applied to each | and Q channel to make up the six new channetsrelators The three
replica code sequences are the prompt, early, and latersszpieThe prompt sequence is
the aligned estimate of the received code sequence. Theasarlate sequences are shifted
versions of the prompt sequence where the early sequendaai$-ehip advance and the
late sequence is a half-chip delay. Other chips spacingsaasble (up to a maximum of

one full-chip), but one half-chip is the most common cont@iapacing used. The correlator
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outputs from the code generator are described as

I = r(t,x)p(t + 7, %) sin (6(t, %))
Qr = r(t, x)p(t + ,%) cos (0(t, %))
Ip = r(t, x)p(t, %) sin (0(¢, %))

Qp = r(t,x)p(t,X) cos (6(t, %))

Iy =r(t,x)p(t — 7,%X) sin (6(¢, X))

(3.5)

Qr =r(t,x)p(t — 7,%X) cos (0(t, X))

The most accurate discriminator to combine these outpatssiised in delay-locked loops

Is the dot product discriminator

(Ug —1Ip)Ip +(Qr — Q1) Qp

VI +Qp
whose discriminator curve is shown in Figure|3.5. A blockgdéam of the DLL is given in
Figure 3.6.

D(e,) =

(3.6)
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While GPS signal tracking may be accomplished in an analogagtgnrmost modern
receivers use digital electronics past the RF front-end. Astimned in Section 3.1.1, these
received GPS signals are sampled at a rate of approximatdiyis Direct signal track-
ing at this rate impractical and cost ineffective using ently available digital hardware
[Ward, 1996c¢]. Since the GPS signal is buried in the therroaenprior to acquisition and
tracking, only a few bits are needed to capture the signatdorelation. However, the
numerical equivalents of these samples are insufficienpreiorming signal tracking. By
using anintegrate-and-dumifilter, the correlators effectively down-sample and accumu
late the combined received and estimated signals, gengratmeaningful error measure
[Ward, 1996c¢]. The subsequent output rate from the comedahay range from 1 kHz to
50 Hz, bounded by the period of the PRN sequence and the pdrtbd oavigation bits.
Thus, the integrate-and-dump filter solves both the upa@ageand the numerical computa-

tion issue.
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3.1.4 Navigation

In addition to signal tracking, each code and carrier logypla part in the computa-
tion of the navigation solution. The carrier loop in a GPSereer demodulates the satellite
data message off the received carrier signal. The indiVideimodulated bits are passed to
a central processor which computes each satellite’s eptiearal subsequently its position
information. Transmitted error correction terms are atsmputed by the central processor.
The range to a satellite must first be determined in orderngpee the receiver’s position.
The range to a satellite is the signal transit time betweers#tellite and receiver, scaled
by the speed of light. The code loop plays the primary rollamputing the signal transit
time. An accumulator for each channel is incremented by kbekcsignal from the code
loop’s oscillator, thus maintaining a count of the numbecluips that have occurred since
the last fundamental time frame. This count, along with atfomal chip count from the
discriminator provides an estimate of the transit tid® of the signal from the satellite.

Pseudorangg is computed by multiplying the transit time of a signal by #peed of light
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c. This computation is called psuedorange because each regast of transit time also
includes a clock bias that is common across all channelsh ®itector of ranges to each

satellite being tracked whose position is

Sy Satellite Position in X (ECEF
s= 1|5, | = | Satellite Positionin Y (ECEF (3.7)
S, Satellite Position in Z (ECEF

determining the user’s position and clock bias

P, User Position in X (ECEF)

P, User Position in Y (ECEF)
X = = (3.8)
P, User Position in Z (ECEF),
bork Clock Bias

becomes an issue of solving an overdetermined system aheanlequations

Yi = pPi—= \/(Sx — Px)Q + (Sy — Py)2 + (Sz — Pz)2 + CbCLK (39)

y = h(x,s) (3.10)

The simplest approach to solve for the state vestds to use a linear least-square

approach

Y = Hpxy (3.11)

-1
xp = (H{H)  H{y (3.12)
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by forming a linear approximation to the measurement eqoati

- [ .

3.2 GPS and Kalman Filtering

A Kalman filter is a recursive state estimation technique, thader the proper as-
sumptions, provides the optimal estimate of system statte ni@gard to both process and
measurement noise. Furthermore, if the assumed valuesdioggs and measurement noise
are incorrect but near the correct values, the performahtteedalman filter is near op-
timal. The role of Kalman filtering in GPS is tied to the use edidt squares as a method
for computing position, velocity, clock errors, etc of teeeiver. A navigation solution ob-
tained using least squares estimation treats all measuts@ehaving equal weight and all
states as experiencing equal disturbances. Often, thigrent is unrealistic. The expected
deviation in position is much different from the expectedidgon in velocity. The same is
true for many other states that might be incorporated inexaiver’s state estimate. While
a weighted least squares technique can remedy this probleecond weakness to least
squares, and by extension weighted least squares, ren@ohgions obtained using least
squares techniques do not retain any information aboutrthequs state of the system. As
such, state estimates may vary widely and unrealisticalizalman filter adds a smoothing
effect to changes in the system state since estimates oy$hens state are constrained by
the dynamic equations that define the system. Additiona#lfimates of the system state
are updated based on weighting of the disturbances to thensyslative to the noise on the

system measurements. The use of Kalman filtering as an alikezrio least-squares and
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other similar solutions is pervasive throughout the GPSrmanity and detailed examples
of this usage may be found in [Brown and Hwang, 1996].
A flow diagram of a basic, discrete-time linear Kalman filieishown in Figure 3.7.

The governing equations, which are executed in sequendtepeion, are

-1

Ki = POHT(HPUH +Ry) (3.14)
%7 = %7+ Ky -9 =% + K <Yk - Hf((f)) (3.15)
P = (I-KH PO I-KH"+ KRKF (3.16)
M = PP 4+ ou, (3.17)
P = FPIIFT4+Q (3.18)

ko k+1 (3.19)

where the variables are as shown in Table 3.1. Time is intiplidiscrete in all equations
denoted by the subscripted indéx,

While commonly used techniques exist for the approximatibnamlinear systems
with linear models, some systems exhibit dynamics that dpeonit such approximations
from being practically used. GPS navigation is one suclesysthose dynamic behavior
does not lend itself to a linearized Kalman filter approache @onlinear estimation tech-

nigue is the extended Kalman filter whose algorithm is sintethat given in Equations

(3.14 - 3.19) with Equations (3.15) and (3.17) replaced by

%7 = 17+ Ke(ye —90) =%+ Ki (v — 0 (%)) (3.20)
that
0 = &4 [ ft, % w)dr (3.21)

tr
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Figure 3.7: Discrete-time, Linear Kalman Filter

respectively, wheré(t, X) is the nonlinear measurement function gité x, u) is the non-
linear state equation [Gelb, 1974]. An additional requieatfor this algorithm is that the
Jacobians of the measurement functiarisand the state functiong, must be updated at
each iteration.

While this approach is appealing and useful in many appbaati the extended
Kalman filter suffers from a numerically undesirable neitgsdVhile the propagation of
the states is computed using standard ordinary diffedeatjaation integration routines,
a discrete-time, linear matrix is still required for the pagation of the estimate error
covariance estimatel’,. To compute this matrix requires the computation of a matrix
exponential which is expensive to calculate numericallytipularly if it is done at every

time step. A simple alternative is the extended Kalman-Butgr fiStengel, 1994] which
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replaces Equation (3.18) with

t
P]g;i _ Pk(+) + /t k+1 [FPIEJr) —|—P]§+)FT _i_LQCLT} dr (322)
k
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Table 3.1: Kalman Filter Variable Definitions

State Vector

X

Estimated State Vector X
Input Vector u
Disturbance Vector w
Measurement Noise Vector v

Governing Differential Equations
of the Actual State Vector

Measurement Vector y =h(x,v)
Estimated Measurement Vector ¥y =h(x,u)
State Matrix, Linearized F=2%
Input Matrix, Linearized G = &
Disturbance Input Matrix, Linearized L=24
Measurement Matrix, Linearized H =20

Propagated Estimated Covariance Matr
of the State Estimate Error

Updated Estimated Covariance Matrix

of the State Estimate Error P*
Disturbance or Process Noise
Covariance Matrix, Continuous Qe
Measurement Noise R
Covariance Matrix, Continuous ¢
Kalman Estimator Gains K
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CHAPTER4

INTEGRATED VECTOR TRACKING LOOPS

The concept of coupling GPS measurements with inertiabdsgmas introduced while
GPS was still in its infancy and not yet fully operational. the time of this writing,
three main categories of coupling approaches exist — loospling, tight coupling, and
ultra-tight coupling [Phillips and Schmidt, 1996]. Loosaupling and tight coupling were
discussed briefly in Chapter 1. The technical focus of thisishis on coupling tech-
nigques that combine correlator measurements or discriorimatputs with inertial mea-
surements in some form of Kalman filter to directly or indthgdorm a navigation so-
lution. This family of techniques has several names by witieh referenced, many of
which are names of specific algorithms in the family. The twasthcommon names are
ultra-tightly coupled GPS/INS [Abbott and Lillo, 2003] amteply integrated GPS/INS
[Gustafson et al., 2000Db].

The method depicted in Figure 4.1 and commonly known as théhag method
is the simplest and most direct of the three patented metbeitg discussed here. This
method provides code and carrier discriminator outputesidual inputs to a Kalman filter
that are subsequently combined with inertial measurenteritgsm an estimate of position
and velocity. Additionally, the estimate of position is doimed with the knowledge of
the transmitting satellites position to provide a linesafht aiding signal to the local os-
cillator [Horslund and Hooker, 1999]. The second methodwshin Figure 4.2, extends

the vector tracking concept by creating a code discrimmaith a much wider tracking
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range. This enhancement is incorporated in the bank of labore shown in the relevant
figure. This bank of correlators, which services a singlended includes more than the
usual number of 2 or 3 correlators with a wider chip spacingr alie bank of correlators
[Gustafson et al., 2001]. The third method, which is showirigure| 4.3, simplifies the
computational complexity of handling large state vectara Kalman filter. The approach
in the Abbot method is to break the total tracking and nawgaprocessing into smaller,
cascaded ofederatedKalman filters [Abbott and Lillo, 2003]. With regard to thisédsis,

the method derived in Section 4.1 is most similar to the Raythmethod presented in

[Horslund and Hooker, 1999].
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Figure 4.1: The Raytheon Method (from [Horslund and Hook@891)
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4.1 Derivation

As discussed in Chapter 3, the most fundamental type of me@sunt in a GPS re-
ceiver is the correlator output with each receiver havirlgast four correlators per channel.
Each correlator is a nonlinear combination of the receivgies and the receiver’s estimate
of the signal. Typically, these measurements are combioedrding to a discriminator
function to produce a linear or nearly linear estimate ofdtrer between the received sig-
nal and the estimated signal. The navigation algorithm uimdestigation here takes as its
primary measurement these correlator outputs rather thiag an intermediary computa-
tion such as pseudorange and combines these measuremténtsertial measurements to

generate a unified navigation solution.

4.1.1 Tracking Loops as Kalman filters

Phase-locked loops and delay-locked loops are forms ofimean output estimators
but do not lend themselves to the use of an extended Kalmap-fter to handle the
corresponding nonlinearities. The primary nonlinear congnts in a PLL or DLL are
the discriminator and the numerically-controlled ostdla NCO). The extended Kalman-
Bucy filter as presented in Section 3.2 relies on a linear coatiom of the error between
the received signal and estimated signal. While PLL's and'®hke typically modeled
as linear systems based on a small phase-angle approximgtese tracking loops may
be modeled as linear systems over a much wider range witbsatdf accuracy under
two conditions: (1) the loop discriminator uses a functidmoge output is linear, and (2)

the input-output relationship from the NCO input to discratior output is linear. In the
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Figure 4.4: Linear Model of a Basic Tracking Loop

case of the carrier tracking loop, the arctangent functisedun a Costas-loop arrange-
ment provides linear output as shown previously in FiguB 3Vhile the output is only
linear betweent7 radians, this range is both typical and more than adequat€dstas
PLL tracking. Similarly in the case of the code tracking lp@pnormalized dot product
function provides the linear output shown in Figure 3.5 wfitl linear range Oﬁ:% chips.
With regard to the linearity of the NCO, the input to the NCO mustinear in output as
perceived at the output of the discriminator. The resuliaetir model of the tracking loop
diagram shown previously in Figure 3.2 is now shown in Figiee For the purpose of
an example continued throughout this paper, a second-tmderis shown in the diagram
and the Laplace transform of its closed-loop transfer fionctrom received signaly’(s)
to estimated signal; (s), is defined as

Y(S)_ KPS—K]
Y(s) 824 Kps— K;

4.1)

A linear model in transfer function form implies that a staggiable representation

can be formed as well. The fractional relation of the tran&faction is cross-multiplied
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such that

s X (s) + KpsXi(s) — K;X1(s) = KpsU(s) — K;U(s) (4.2)

where X (s) is substituted for’(s) and U(s) is substituted foi¥’(s). This equation is

manipulated into an expression describing the highest teden of the transfer function

X1 (s) = —KpsXi(s) + KpsU(s) + K; X1 (s) — K;U(s) (4.3)

A state-variable representation consists entirely of-brsier equations and as such the

previous expression is divided throughout by the Laplac@bée s

Kr 4 K;

sXi(s) = —KpXy(s) + KpU(s) + - Xuls) = —~U(s) (4.4)
A new variable X, (s), is created and defined as
Rofs) = 1Ko (s) — LU(s) (@5)
which leads to
sX1(s) = —KpXi(s) + KpU(s) + Xa(s) (4.6)

X, (s) is scaled by to obtain the first-order equation

SX2(5) = KIXI(S) — K;U(s) (4.7)
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These two first-order expressions are combined into a mapresentation

—Kp 1| . Kp
sX(s) = X(s) + U(s) (4.8)
K; 0 —-K;

and inverse Laplace transforgf—! is applied to this matrix representation

) CKp 1. K
2 X(s)} = 2 ke | T | us) (4.9)
Ky 0 —K;
to obtain
, “Kp 1 Kp
&(t) = R(t) + u(t) (4.10)
K; 0 —K;

The estimator dynamics for a classical, fixed-gain estimzda be described as

%(t) = (A— KC)%(t) + Ky(t) (4.11)

provided the system is fully observable [Brogan, 1990]. Tdlationship between signal
tracking loops and state estimation filters becomes apphystomparing Equation (4.10)
to Equation|(4.11). The extension from a classical estim@t@ Kalman estimator is a
matter of recursively computing the estimation gairbased on the known characteristics
of the system’s disturbances and sensor noise. Implengethtis analogue requires a for-
mulation of state equations which relate correlator mesaments to code or carrier phase.

A generic set of state equations that describe the phase@makehcy of a code or carrier
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signal are

0 Phase

x = — (4.12)
w Frequency
w

% = (4.13)
w

y = |0+ (4.14)

In traditional GPS tracking loops, a nonlinear discrimardtinction must be used to
form an error estimate from the correlator measurements. &rhor estimate becomes the
innovation term of a classical estimator so that the esbm@dtnamics for the general case

become

%(t) = A%(t) + KD ((t)) (4.15)

Thus far, the formulation of the tracking loops as classstale estimators have been
given as continuous time state equations. As mentionedétid®e3.1.3, the correlators,
and subsequently, the discriminator and tracking loopsatgeét discrete intervals based
on the pre-detection integration time. Thus, the statenastirs, which are replacing the
tracking loops, must also be updated at the same discreteaht

From the state formulation given above, a Kalman estimatoy be formed in which
the estimator gain& are computed as function of the system model and the estarmate
covariance matrix°. The propagation of the estimate error covariance matret timme
relies on the process noise covariance matgix= E[ww’], and the measurement noise

covariance matrixkR = E[vv’]. Subsequently, the computation of the estimator gains
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depend on these two matrices as well. The measurement rme@gance is composed pri-
marily of the noise due to the environment (e.g., therma@drF interference, intentional
jamming). This environmental noise covariance can be aqmated by% whereT is
the pre-detection integration interval. Using the curfentnulation of the vector tracking
state model, analytically derived values for the processanmodel that physically relate to
the system may not be available. Instead, an estimate ofdlce$s noise covariance should
be formed based on some expectation of the receiver’s dysaifine process noise should
be modeled as entering the system at the highest modeledndynin the second-order
example being used in this section, this dynamic is freqyewbich is the first deriva-
tive of phase, and as such the process noise is injectedhatabdel at the frequency
state. As mentioned previously, the two primary design tamgs for tracking loops are
environmental noise and dynamic stress. Since enviroraheoise is modeled by the mea-
surement noise covariance matrix, the remaining constiaglynamic stress which in the
second-order case would be acceleration. The processeoyagance matrix can be used

to account for this effect using the approximation

2
1 X sap\? 1 a
2 k k
L o <) _ < 3 ) (4.16)

N\ A N= A
whereaqy, is the line-of-sight acceleration at a sample intervélis some arbitrarily large
number of samples, andis the wavelength of the signal being tracked. In other words
an average over time of the expected acceleration, whiclhéas scaled according to the
wavelength of the signal being tracked, is used as a valugaéoprocess noise covariance

matrix. Recall that the bandwidth of a Kalman estimator fromasurement to estimate

depends on the ratio between the measurement and processnmadels and the system
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model. Therefore, modeling the process noise by this mathsidhilar to designing fixed-
gain tracking loops throught the use of the design condtrahcarrier-to-noise ratios and

desired dynamic stress performance.

4.1.2 Inertial Augmentation

As discussed in Chapter 1, traditional GPS signal trackiilg teader high-dynamics
experienced at the receiver antenna. The same is also trtleefgectorized tracking loop
modeled in Equations (4.12 - 4/14) as it also lacks a measneai the experienced dy-
namic behavior of the receiver. The Kalman filter as shows tauonly has prior knowl-
edge of the expected noise characteristics in the envirohaf@peration and an approxi-
mation of the expected platform dynamics. To provide tragkind navigation under high
dynamics, the governing state equations can be alterechtmtrtial sensors directly aid
the signal tracking aspect. Using the sensor models deselimpSection 2.2, accelerome-
ter measurements are applied as inpufs$o the state model given in Equation 4.13. These
measurements are assumed to be in the axis of modeled miatiosdtellite line-of-sight).
A full six degree-of-freedom formulation which rotates ectar of these measurements
from a reference frame that is not in the satellite lineighsis discussed in Section 4.3.

As discussed in Section 2.2, the relevant error sourcessorge axis accelerometer
are scale facto6 F', biasb(t), and random walkv. Using the accelerometer error model

given previously in Equation (2.23), an inertially aideadking filter that compensates for
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errors in the inertial sensor is given by

0 Phase
w Frequency
X = = (4.17)
b Accelerometer Bias
SF Accelerometer Scale Factar
w
g(u="b)
x = | M (4.18)
—b
?b + Wy
| o Twse |
y = [ 0+ v (4.19)

In this model, both bias and scale factor are modeled asolidgr Markov processes
and are incorporated into the state vector to be estimatéutdyalman filter. The observed
scale factor is constant as described in Equation (2.23)ever, modeling the scale factor
term as a Markov process with a very large time constant (iagying very slowly) pre-
vents the Kalman estimate of that term from approachinglgtstate prior to reaching an
accurate estimate of the scale factor. The covariance afritieg noise for these process

models along with the random walk form the process noiser@vee matrix

Qe=|0 o2 0 (4.20)
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which replaces the dynamic approximation given in Equafb6) as the process noise

model in the Kalman filter of the vector tracking loop implantetion.

4.1.3 Extending the Tracking Filter to Navigation

As GPS signals are similar to a kind of radar signal, the measand/or estimated
components of a received signal are analogous to the nanghstates of the receiver.
Delta phase\d is analogous to positioR,; delta frequencyAw is analogous to velocity
V., and change in delta frequencyw is analogous to acceleratiof,. In each case, the
link between these quantities is a linear scaling by theadiyavelength\ in units of meters

per signal period. Thus,

P, = Ay —0) = AAG (4.21)
Ve = Mwo—w)=Nw (4.22)
Ar = Mo — &) = AAG (4.23)

The vector tracking filter described thus far may be exteridgaovide navigation so-

lutions as well by using this linear relation. The resultstgte and measurement equations

become
P, Position
Ve Velocity
X = = (4.24)
b Accelerometer Bias
Sk Accelerometer Scale Factar

55



Vi
g(g—b) + w,
X = r (4.25)
—b
Tb + Wy
| oy T s |
y = [G—HJ :{)\Px—l—v] (4.26)

Additionally, the measurement noise covariance mal#iand the process noise co-

variance matrix) must also account for this scaling in their respective méai@hulation.

4.2 Integrated Vector PLL's and DLL's

In order to apply practically the state vector apporach éstial sensor integation, in
the tracking of code and carrier signals several issues bauatidressed. As with unaided
vector DLL's, integrated vector DLL's must be initializedthin the tracking threshold of
the filter [Spilker, Jr., 1996a]. This initialization is tigally accomplished using standard
GPS reception techniques as detailed in Chapter 3. For agraéel vector DLL, the
tracking threshold is one-half chip. Of the four states i fitrmulation given in Equation
(4.24), the dynamic effects of accelerometer bias and $aater may be ignored due to
the slow rate of change relative to the update rate of th&itrgdilter which is limited to
20 milliseconds by the GPS navigation data bits. Since dréyrémaining two states need

be considered, the limitation on state initialization baes

P, + ATV,

< 0.5 chips (4.27)
)\Code
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Figure 4.5: Initialization Error Constraints on Vector Tkagy Loops

whereAT is the update rate of the tracking filter. The same principle @&lso be applied
to carrier tracking as well using a PLL tracking thresholdd6fdegrees which yields the

bound
P, + ATV,

< 45 degrees (4.28)
ACarrier

A graphical representation of the limitations presente@&guations (4.27) and (4.28) is
given in Figure 4.5 with shaded regions indicating accedptatitial error combinations of
position and velocity. While the margin of error indicatedrigure 4.5 (a) is quite wide
and typically achievable with standard GPS receivers,eigub (b) indicates that the level
of accuracy required during initialization for a vector Pld_quite high. At the time of
this writing, this level of positioning accuracy is typiabnly available through the use of

carrier-phase differential GPS at a cost significantly brghan that of traditional receivers

[Trimble, 2005, Leica Geosystems, 2005, Topcon, 2005].
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Table 4.1: Description of 6DOF State Vector Elements

. Numeric
Description of States Designation of States
ECEF Position{ Px, Py, P;} {z1, 29,23}
ECEF VeIOCity,{Vx, Vy, Vz} {{E4, Ts, 1’6}
Attitude, {p, 0,1} {x7, 8,29}
Accelerometer Bias|b,, by, by } {10, 211, T12}
Gyroscope Bias{b,, b,, b } {213, 214, T15}
Accelerometer Scale Factdi$' F,, SF;, SF,} {216, 217, 18}
Gyroscope Scale Factdio F,,, SF,, SF, } {219, T20, T21}
IMU Axes Misalignment{«, 5,v} {92, Tag, T4}
IMU Axes Nonorthogonality,
{Qlay: Qs Oy, Oy, Qe 2y} {wzs - 2s0}
Receiver Clock Bias & Drifthcy i, borie {231, 250}

4.3 6-DOF Vector Tracking Loop

While a single axis formulation is informative, the praclitas of navigation require
the state model to be extended a full, six degrees-of-freg@®OF). This extension swells
the state vector from 4 states to 32 states. The states ettindhe expanded state vector
are declared and enumerated in Table 4.1.

The full six degree-of-freedom algorithm for vector tragtiand navigation is essen-
tially a Kalman filter-based inertial navigation systemiwat residual vector comprised of
outputs from the GPS discriminators. The state equationthfostate vector defined in
Table/ 4.1 are the same as those which were presented in 158ctio The measurement

equation for each satellite tracking channel

Sy —x1)2+ (S, —x2)2 + (S, — x3)% + casl
o VB mmP £ (S P B e 4.29)

where the satellite’s position coordinates &%, S,, S.} and the tracked signal, code or

carrier, wavelength ig. This expression is similar to the equation for pseudoragigen
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previoulsy in Equation (3!9). The process noise covarianagix for the 6DOF approach
is composed of models of the noise processes of the inegtialoss being used. The mea-
surement noise covariance contains models for the enveatahnoise including jamming
on the received signal. Typically, the covariance for thesueement noise will be equal
across all channels since the received noise level at tlen@atwill affect all channels
equally. Scenarios in which this is not the case involve aidapeamforming to “null” out

incoming jamming signals [Brown and Gerein, 2001].

4.4 Theoretical Performance

The theoretical performance of the integrated vector tracloops is of primary im-
portance in determining the level of improvement that miggtobtained over alternative
methods of coupling. While navigation is performed usingdbgpout of the code loop, the
carrier tracking loop is a necessary component and theagigabint of weakness in most
GPS signal tracking methods [Ward, 1996a]. The alternatigthods shown here for com-
parison are an unaided third-order carrier tracking loap wifixed bandwidth of 18 Hz and
an aided third-order carrier tracking loop with a fixed barttvof 3 Hz with performance
values being obtained from [Ward, 1996a] and [Foss and GE3®6, Alban et al., 2003]
respectively.

A common metric is needed in order to compare the integragetbvtracking method
developed in this thesis to fixed-gain tracking loops. Tgfyc the metric used for compar-
ison is a receiver’s jammer-to-signal tracking perfornrea@’S) discussed in Section 2.1.4.

While J/S performance may be computed for a given steadg-sttiimate error covariance
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matrix P,, via the continuous-time algebraic Riccatti equation [SentP94]

P(t) = F(O)P(t) + P()F"()+ L()Q()L"(t) (4.30)

—P()H" (t)Rc' H(t)P(t)
the tracking threshold may only be specified in terms of pias@he remaining estimated
states that do not directly relate to the phase tracking iaeply-coupled framework be-
come free variables rendering the problem under-detedniiiéis deficiency means the
problem cannot be solved analytically without further doaigts. An iterative solution is
still possible by substituting varying values of J/S f@rand values for) which corre-
spond to the appropriate quality of IMU and solving f8y,. By defining an appropriate

relationship between the estimated state vektand phasé such that
0 = f(x) (4.31)
a theoretical upper bound on the algorithms tracking perémce may be determined

F(y/Px) < b7 (4.32)

A comparison of tracking performance under relative leeéld/S is given in Table 4/2. In
the compared vector cases, platform dynamics were nedlsictee in an ideal case, inertial
aiding mitigates any effects from dynamics. This assunmaigo relies on the Kalman fil-
ter algorithm succssfully removing any inertial errorsgaet in the inertial measurements.

A linearized form of Equation (4.18) was used as the stateixnfair these comparisons
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with reasonable values for accelerometer scale factor axlbdeing used where neces-
sary. These values were chosen relative to the IMU beingde3tracking loop bandwidth,
which was previously discussed in Section 3.1.3, is pramoat to dynamic stress toler-
ance and inversely proportional to J/S performance. Tiwesaided tracking loop in Table
4.2 receives its interference rejection improvement fregdecrease in bandwidth while

the inertial aiding decreases the stress on the trackirgfloon platform dynamics.

Table 4.2: J/S Tracking Performance in a Single-Axis

| Tracking Method | JIS Tracking Performance
Traditional Methods
Unaided,3"-order loop w/ 18 Hz bandwidth 34.7dB
Aided, 3*“-order loop w/ 3 Hz bandwidth 48.7 dB
Vector Tracking Loops
Integrated Code Tracking with a Consumer-grade IMU 58.1 dB
Integrated Code Tracking with a Tactical-grade IMU 69.2 dB
Integrated Carrier Tracking with a Consumer-grade IMU 45.45 dB
Integrated Carrier Tracking with a Tactical-grade IMU 54.95 dB

While the use of the estimate error covariance matrix is coieve and useful for mea-
suring theoretical performance, this matrix cannot be usédbly as a system integrity
monitor. This limitation is due to the fact that any unmodete incorrectly modeled ef-

fects shift the actual performance outside the performangelope defined by the tracking

thresholds given in Equations (4.27) and (4.28). HoweVer,navigation filter continues
to operate without indication of fault. This behavior istarlarly noticeable in the effects
of incorrectly modeled RF interference. At the time of thigting, the lack of reliable

receiver integrity monitoring during vector tracking oagton is a major drawback to the

usefulness of this method [Baeder, 2005].
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CHAPTERS

ANALYSIS OF SIMULATION RESULTS

In Chapter 4, a vector-based method for tracking GPS signats developed and
extended to provide a navigation solution as well. Addibyn a framework for reducing
the effects of inertial sensors errors on the inertial gjdvh this tracking and navigation
method was also presented. As stated in Chapter 1, the gd@katsearch is to develop
a GPS signal tracking method that provides optimal andbigigerformance while the
receiver is experiencing high dynamic maneuvers in a noiggramed environment. In
this chapter, results from a simulation that tests the #lgordeveloped in Section 4.1.3 in

a noisy environment under dynamic conditions are preseariddinalyzed.

5.1 Simulation Setup

The performed simulation emulated dynamic motion in a srayis in which the
receiver begins from rest, moves directly toward the segelind eventually comes to rest
again. The generalized acceleration profile of the recsivaotion is shown in Figure
5.1. The maximum jerk experienced in each run wag”; where~y was the coefficient
of acceleration of the profile. The jamming profile exertedttom receiver mimicked the
platform moving directly toward a wide-band Gaussian emittThe profile began at a
nominal J/S of 35 dB and increased linearly with positionite maximum J/S value as
reported in each run. Thus, at the final position the recaw@&xperiencing maximum

jamming power.
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The simulation only tested code phase performance and i@li¢he assumption that
carrier tracking is maintained throughout the simulation.rThe inertial sensor measure-
ments used were a single accelerometer aligned with axisotbm As such, no coor-
dinate transformations were necessary. The inertial sensdity used in the simulations
discussed in Sections 5.2 and 5.3 was equivalent to an aogeeer found in a tactical
grade IMU [Hanse, 2004]. The sampling rate of the simulatedtial sensors was 200 Hz
while the pre-detection interval for the simulated GPS algmas 20 milliseconds (i.e., 50
Hz update rate). The received code phase neis@as computed from the inverse of the

equivalent carrier-to-noise ratio such that

1
02 = T C/N, -+ 10% (51)
10710

v

Since oscillator stability and phase noise play a large irolkeacking loop performance,
additional white noise was added to the received signal ppeqimate the effects of a
temperature controlled oscillator (TCXO) [Gebre-Egziat#tel., 2003] with an average
phase noise power of -70 dB.

As mentioned in Chapter 4, the extended Kalman-Bucy filteriges/an optimal non-
linear estimation technique that is practical and efficientreal-time use. As such, the
extended Kalman-Bucy filter is used to implement the vectarizacking approach being
tested by the simulation performed. This Kalman filter tad®de phase error as its mea-
surement residual and accelerometer output as its input.e$timated states are receiver
position, receiver velocity, accelerometer bias, and lacometer scale factor. A plot of
these state estimates over time is given in Figures 5.2 &dih a jamming scenario of

60 dB J/S and an acceleration profile of 15 g's.
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In each simulation scenario, the measurement noise mattpdated at each itera-
tion of the Kalman filter to correspond to the currently exgeced J/S value. While this
approach might seem optimistic, noise floor estimationragles are available without
adding significant complexity to receiver algorithms ordveare [Bastide et al., 2003]. In
addition to the vector tracking and navigation algorithminaar, fixed-gain, inertially-
aided tracking loop was simulated and is compared to thexagiproach in subsequent
figures. This fixed-gain tracking loop mimics the operatiafigightly coupled and/or
Doppler-aided GPS/INS systems. The gains used in the fizedigops are identical to
those of the steady-state Kalman filter gains for each simoulascenario. These gains
include filtering for accelerometer scale factor and biatwsl the bandwidth of these
fixed-gain tracking loops is equivalent to the steady-dvatedwidth of the corresponding
Kalman filter. Also, the identical gain values illustrate therformance improvement ac-
quired from the transient performance of the Kalman filtéatree to the fixed-gain tracking

and the performance of nonlinear Kalman filter over the liniescking filter.
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5.2 Tracking Performance

The tracking performance of both the Kalman filter approauthfaxed-gain tracking
loop approach are shown in Figures|5.4 and 5.5. Both apprea®tiebit similar perfor-
mance trends illustrating their conceptual similaritiés.each case, the fixed-gain loop
exhibits noticeably poorer performance than the Kalmaariitly approach with a worst-
case tracking performance 3-4 dB less than that of the vagimmoach. As jammer power
increases as shown in Figure 5.4, the two approaches cenuengerformance as both
approaches rely more on the inertial aiding than the redesignal power to maintain sig-
nal tracking. Also from Figure 5.4, the tracking threshadd the vector tracking method
being evaluated is shown to be 65 dB J/S which is a 4 dB decfearsethe theoretical
performance calculated in Table 4.2.

In Figure 5.5, the performance trend illustrates that thieces of dynamic stress on
signal tracking have been severely diminished in the Kalfiiemed simulations as judged
by the relatively even response in phase jitter across tbeasing range of simulated
dynamic accelerations. With regard to the error growth efainled, fixed-gain simulations,
the increase in phase jitter can be most probably attribilteetrror in the filtering of the
inertial sensor errors. This effect may also have been &egbby the use of discrete, linear

integration as opposed to nonlinear integration techrsique
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5.3 Positioning Performance

In Figure 5.6, the improvement in positioning performanelative to jammer power
using the vector approach over the aided, fixed-gain apprisagery noticeable. Using a
2-g acceleration profile, the nominal performance imprazenhwas 5 meters RMS with
a best-case improvement of 12 meters RMS. The performancease is even more pro-
nounced in the 25-g simulation results with a nominal impraent of 12 meters RMS
and a best-case improvement of 27 meters RMS. The markedvempent at the 65 dB
point in both cases may possibly be due to the filter havingstt@ned to a reliance on the
inertial inputs while GPS measurements are still of a sefficguality to allow correction
of inertial error terms. While this explanation seems to d&virom the understanding that
Kalman filter gains are computed as the optimal trade-ofWbeh measurement noise and
process noise, the Kalman filter gain calculation only corepgains based on the operat-
ing conditions given. If the operating conditions are suboal (e.g., extremely high RFI),
the gains computed will also be suboptimal relative to offumsible scenarios but optimal
relative to the scenario in which the receiver is currenggmating.

The positioning performance of the various methods beingpaoed relative to the
amount of acceleration experienced are illustrated inrf€i§u7z. The most noticeable effect
Is the strong linear correlation to acceleration exhibitgdboth methods at the chosen
levels of jamming. By comparing the slopes of the two trenus approximate positioning
improvement of the Kalman filter approach relative to thedigain approach is found to

be 1.92 meters per g of acceleration.
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5.4 Comparison of IMU Quality

In any inertially-aided GPS scheme, the quality of inersihsor necessary to obtain
improved performance is a critical design decision. In Féglb.8 - 5.11, a simulation sim-
ilar to the previously described scenario was run in ordeotopare a tactical-grade IMU
to a consumer-grade IMU, which is typically used in geneva@brics and UAV applica-
tions. Table 5.1 provides the errors incorporated into theuted accelerometer along
with the standard deviations of their values [Hanse, 2004s€trow Technology, 2005].
For runs in which the jamming level was varied, the maximueéeration was held at 15
g’s. For runs in which the level of dynamics was varied, theximam relative jamming

power experienced was 60 dB J/S.

Table 5.1: Simulated Accelerometer Error Mechanisms

Error Source | Tactical Gradg Consumer Grade
Scale Factor
(% FS) 0.03 1
Bias Stability
(milli-g’s) 0.1 12
Velocity Random
Walk (m/s/rt-hr) 19.8E-6 0.1

The tracking performance of the vector approach shown inr€i.8 does not show
a significant difference between the use of a consumer-gMUdeversus a tactical-grade
IMU. However, the tracking performance of a vector navigiatiramework coupled with a
consumer-grade IMU is superior to that of an aided, fixedrgg@proach using a tactical-
grade IMU, as shown in Figure 5.9, when compared to the lef@licoeleration being
experienced.

In Figure 5.10, the positioning performance with a consugrade IMU does diverge

significantly from the vector approach with a tactical-grdlllU starting at about 55 dB J/S
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. This divergence continues until approximately 68 dB, whergositioning performance
degrades past that of the aided, fixed-gain algorithm widtadal-grade IMU. The results
shown in Figure 5.11 are very similar to those shown in FiguveNote that again the per-
formance of the vector approach with a consumer-grade IMlUperior to the performance
of the fixed-gain approach with a tactical-grade IMU. Redoitsan aided fixed-gain track-

ing loop using a consumer-grade IMU were excluded from theréig shown since the
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tracking loop was unable to maintain lock under the simdlaeenarios and as such its

performance was deemed insufficient.
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CHAPTER 6

CONCLUSIONS

The vector tracking and navigation approach presentedisntiiesis offers several
advantages over traditional fixed-gain tracking loops alé ageimprovements over aided
fixed-gain tracking loops. Augmentation of the trackingqaess is made considerably eas-
ier through the formulation of the tracking framework as drifan filter. Model fidelity can
be increased or reduced with minimal redesign due to the fus@onlinear state-variable
estimation scheme. Additionally, the complexity of theigasof optimal tracking loops
is also reduced. As discussed in Section 3.1.3, trackingslmoust be designed against a
trade-off between of noise rejection and tolerance of ptatfdynamics. The effects of dy-
namic stress are diminished through the use of inertiahgids demonstrated in Chapter 5.
Also, the use of inertial aiding allows an accurate predictf the tracking and navigation
behavior as tracking performance is no longer a functionyofadhic behavior but of the
modeled stochastic sensor errors. While these improveraeatsignificant, the nonlinear
Kalman estimation scheme used throughout this thesis ds@saundesirable kinematic
effects to be minimized while also minimizing the effectsnainlinear error terms in the
inertial sensors used to aid tracking.

The extension of the tracking framework to further includgigation removes an ad-
ditional solution step while not significantly adding to theerall complexity of the Kalman
filter configuration. Most importantly, as shown in the siatidn results, positioning per-

formance is significantly improved relative to the alteiveafixed-gain approaches given.
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An average, relative improvement of 5 to 15 meters RMS in thetjpm estimate under
harsh conditions is a significant improvement over existaaipnologies. Additionally, the
10 to 20 dB improvement in tracking performance over prestpypublished fixed-gain,
inertially-aided tracking methodologies is noteworthy.

While the results presented in Chapter 5 are illustrative efkimds of gains that
may be obtained using an integrated vector tracking andyatien algorithm, to be truly
indicative of the expected performance a full six degrdesedom simulation must be
performed. Additionally, the theoretical performancelod 6DOF implementation should
be determined in order to fully validate the simulation tssuThese theoretical perfor-
mance values would enable a design engineer to understametiefits of vector tracking
in terms of anti-jam performance and dynamic tracking. Ashalfstage of validation, a
hardware-in-the-loop simulation utilizing a high-fidgliGPS simulator as well as accu-
rately simulated IMU data should be performed.

As discussed in Section 4.4, the lack of an integrity momtpmetric is a significant
drawback to vector tracking loops. The use of GPS in missrdical applications demands
not only accurate and precise navigation solutions buttieols which can be used with
absolute confidence in their veracity. Without this metraxtor tracking and navigation of
GPS signals is not ready for deployment in any civilian oiitany applications. As such, a

technique for measuring tracking performance online megélbped.
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