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Abstract
Power consumption is critical in battery-operated devices using GNSS receivers. Modern
day receivers track satellite signals from multiple constellations to achieve a better
position performance making power conservation critical. Receivers in battery-operated
devices employ intermittent signal tracking (or cyclic tracking) to conserve power. This
research investigates various aspects of intermittent tracking and analyze the positioning
and tracking performance with different duty cycles and solution update intervals in
stationary and kinematic cases.
Although power conservation is important it is preferable to achieve position accuracy
equivalent to that of a continuously tracking receiver when operating in intermittent
tracking mode, known as “feasibility” in this research. However, pseudorange accuracy
and in turn position accuracy depend on the ability of signal tracking loops to converge
during the receiver active period. Predicting code phase and Doppler values over the
receiver sleep period can help to achieve this.
The first part of this research identifies code phase and Doppler parameters as the factors
influencing intermittent tracking operation, proposes a vector-based approach to improve
their estimates at the end of sleep periods and provides a theoretical framework to
determine the feasibility of intermittent tracking. The signal parameter errors at the end of
sleep periods, length of the receiver active periods and the tracking loop transient
response determine the feasibility. The amount of power saving can be as high as 60%
to 70% in typical open sky kinematic cases with a longer solution update interval of 5 s.
The second part of the research investigates intermittent tracking in weak signal
environments. Doppler uncertainty during the receiver sleep period is identified as the
ii

limiting factor when longer coherent integration is used and a method is proposed to
overcome this challenge. The last part of the research explores the use of inertial sensor
aiding for improving intermittent tracking performance. A MEMS IMU (representative of
very low power modern day IMUs) is used to assist tracking and improve power
performance through GPS/INS integration. The inertial aiding does not improve the code
phase estimation accuracy during the sleep period significantly; however improved
Doppler estimation makes shorter duty cycles feasible.
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Introduction
Global Navigation Satellite System (GNSS) receivers have become the technology of
prime use for location and navigation with mobile phones and other portable devices with
ever increasing applications such as Location Based Services (LBS), personal navigation,
asset tracking and safety and rescue services. However, degraded performance in signalchallenged environments and power consumption are major challenges for receiver
designers of such applications. Particularly, signal acquisition and tracking sensitivity,
position accuracy and power are the major performance factors driving the design and
development of receivers for Portable Navigation Devices (PND). Although there has
been tremendous progress in making GNSS chipsets, processors and the silicon process
more power efficient, not much research has been carried out in optimizing receiver
algorithms for better power efficiency in PND/handheld/battery operated devices. This
dissertation investigates power optimization through improvised signal tracking
algorithms without degradation in positioning accuracy.
1.1 Background
There are several location-based applications requiring battery operated receivers to be
powered all the time (“Always ON”) to provide uninterrupted positioning. While some
“always ON” applications have access to essentially unlimited power there are many
applications where a battery operated receiver must provide continuous positioning while
still minimizing power consumption (Torroja et al 2013). Geofencing applications, animal
tracking and monitoring (both pet and humans), and activity trackers are a few examples.
Furthermore, some of these battery operated applications require higher positioning
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performance occasionally during their operation (e.g., whenever the receiver nears a
specific geographical area in geo-tagging/geo-fencing applications).
There are different kinds of positioning technologies used in cellphones and handheld
devices like Wi-Fi positioning and cell tower based positioning. However, the position
accuracy provided by these technologies (few metres using Wi-Fi and hundreds of metres
with cell towers) is not sufficient for many applications. GNSS receivers improve the
position accuracy performance in these devices and are integrated with other sensors to
provide the highest possible position accuracy. Given the increased demand for
navigation solution accuracy in PNDs, a GNSS receiver’s goal is to achieve the best
possible positioning performance with minimum power consumption. Battery energy
density has not improved significantly compared to silicon density (Paradiso & Starner
2005) during the last twenty years. This slower improvement in battery energy density
constitutes a further motivation to study the optimization of power consumption in
handheld and portable devices.
The goal of this section is to present background information on power conservation in
GNSS receivers and its importance in different applications. First, some common
techniques employed in GNSS receivers to conserve power are discussed. This section
also describes how external data links and/or sensors can be used to improve power
performance.
Following are some of the simpler but most effective ways to reduce power consumption
(Pesyna et al 2013). The implications of these methods on receiver performance are also
discussed in this section.

2

(i)

Reduce the sampling rate in the receiver front-end: This technique is most
effective in reducing power consumption but affects performance in multiple
ways. First, a reduction in the sampling rate automatically implies a reduced
signal bandwidth. The achievable code phase accuracy is compromised with a
reduced signal bandwidth (Van Dierendonck et al 1992, Spilker 1996, Ward et
al 2006). Therefore, the position accuracy performance decreases. Second,
multipath errors (dominant source of ranging errors) are higher with reduced
front-end bandwidth resulting in additional position errors (Van Dierendonck et
al 1992).
Despite its limitations this method is the preferred approach in many handheld
applications where accuracy of a few metres is acceptable. It saves significant
power due to a reduced number of signal processing operations. In addition to
this the receiver saves power due to a lower clock speed on the receiver
hardware. Reduction in clock speed saves significant power as power
consumption in switching circuits (or digital circuits) is directly proportional to
the frequency of operation (Yeap 1998). Power consumption per switching
element in a digital circuit is given by (Pillai & Isha 2013)

Pswitch  cswitch VDD  fswitch
2

(1-1)

where cswitch is the load capacitance, VDD is the logic supply voltage and fswitch is
the switching frequency of the circuit. There would be a huge number of these
switching elements in a receiver. By reducing the sampling rate and thus the
digital circuits’ switching frequency the power consumption is reduced
drastically.
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(ii)

Track a fewer number of satellites: Each tracking channel in a receiver
consumes power. By reducing the number of tracking channels and tracking a
minimum number of satellites required to estimate position the receiver can
proportionally save power. A lower number of satellites normally results in poor
geometry and consequently increased errors in the estimated position solution.
Furthermore, the receiver will not normally be able to detect faults in
measurements if the number of tracked satellites is less than five and cannot
isolate outliers if the number is less than six in case of single constellation
receivers, and provided the satellite geometry is sufficiently good.

(iii)

Reduce the number of quantization levels in the ADC: One can use a lower
number of digitized IF (Intermediate Frequency) bits and save significant
receiver power. First, a lower number of switching elements in ADC reduces
the power consumption in the front-end hardware. Second, a reduced number
of IF bits means a lower number of computations in the signal processing
hardware (e.g., ASIC or FPGA) resulting in power savings.
However, using a lower number of bits increases the quantization loss and
results in a Signal-to-Noise-Ratio (SNR) loss that reduces the receiver
sensitivity. For example, quantization loss is -0.55 dB when using 2 bits and
increases to -1.96 dB if only 1 bit is used (Sturza 1996, Spilker 1996).

(iv)

Use of assistance data for signal acquisition: The receiver can save significant
power during the acquisition of satellite signals if it can reduce the search space
by using assistance data (i.e., approximate user position, time and satellite
positions) (Borio 2008, van Diggelen 2009) from external sources (e.g.,
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Assisted GPS on cellular phones provided by the service providers). However,
this method requires an external link and assistance service. Moreover, the
receiver can save significant power during acquisition but during tracking the
receiver does not have any power conservation benefits.
In addition to these, there are several power conservation techniques related to hardware
design and implementation of GNSS receivers. The receivers can be designed to operate
at a lower supply voltage to reduce the power consumption significantly. The power
consumption of digital integrated circuits (ICs, particularly switching circuits) is
proportional to the square of the supply voltage as given by Equation (1-1). Also, the
receiver power consumption can be reduced by reducing the load capacitance of the
switching ICs (Pillai & Isha 2013).
The silicon technology of the ICs used in a receiver is an important factor that determines
power consumption (due to a host of factors like load capacitance, current consumption,
etc.). Migrating to smaller silicon geometries (e.g., 28 nm versus 65 nm silicon process)
delivers not only the expected Moore’s law (Moore 1975) benefits of increased density
but also helps to significantly reduce power. Moore’s law is an observation that the
number of transistors in a dense integrated circuit doubles approximately every two
years. The smaller silicon geometries reduce the load capacitance in turn reducing the
power consumption.
Some receivers conserve power by reducing the number of external memory accesses
(Garmin 2015a). External memory accesses (predominantly data write operations to log
position estimates) consume power (Pillai & Isha 2013) and the receiver can save power
by avoiding data logging altogether or logging the data at a lower rate.
5

Assuming that most or all the techniques mentioned above are employed in a GNSS
receiver, what further changes can be made to improve the power performance? One can
save power consumption through optimized signal processing techniques which is the
main topic of this research. Most modern GNSS receivers in mobile devices operate in
two modes, continuous mode for higher positioning performance and Power Save Mode
(PSM) to optimize power consumption (e.g., u-blox 2013, CSR 2012). In high
performance mode the receiver continuously tracks all the available satellites to achieve
the best possible position accuracy with nominal power consumption. In PSM, the
receiver employs cyclic tracking or intermittent tracking to conserve power (ibid). The
receiver saves a significant amount of power by periodically turning off the Radio
Frequency (RF) front-end and most of the hardware in this mode.
There are other kinds of power sensitive applications (e.g., capture and process in
cameras for geo-tagging) that take advantage of post-processing to conserve battery
power. In these applications the digitized GNSS IF data is captured on a non-volatile
memory and processed later for improved positioning performance. The position
accuracy performance in such applications can be improved due to their offline
processing since there is no constraint on the computation resources.
Global Positioning System (GPS) watches and fitness monitors are modern applications
using GNSS and are now widely popular; power conservation is utmost important in these
applications due to the size and weight of the devices. For a given application the battery
capacity is eventually determined by its size. However, wearable applications require
longer battery life with “always ON” location and trajectory recording capability, in addition
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to small size and weight. For example, the Garmin Tactix GPS watch claim battery life as
long as 50 hours in low power mode with a 500 mAh Lithium-ion battery (Garmin 2015b).
In some other power critical applications the location is estimated either offline on host
computers, or via cloud offloading whenever the internet connectivity is available (Liu
et al 2012). There are companies that offer cloud based positioning for power sensitive
applications where the location is estimated on a server instead of the mobile device
(Rx Networks 2013). Such applications store the GNSS IF data for a very short duration
and estimate user position using coarse-time navigation algorithms (van Diggelen 2009).
In coarse-time navigation the receiver requires only a few seconds (typically 2 or 3) of IF
data, approximate user position, time and ephemeris, and the receiver can estimate user
position. However, real-time navigation or offline navigation using cloud-based
positioning methods need to consider the power consumption in transmitting the data to
the server, e.g. by wirelessly transmitting the digitized IF data over a cellular or Wi-Fi
connection (Pesyna et al 2014). Furthermore, the RF front-end used for tapping the IF
data in these applications can save significant power by intermittent operation.
Inertial sensors provide an alternative means for navigation in degraded GNSS signal
environments. The complementary characteristics of GNSS and Inertial Navigation
System (INS) mean their integration results in improved position solutions. Unlike GNSS,
INS is self-contained and performance is not dependent on external signals. The area of
GNSS/INS integration to improve the navigation accuracy and bridge short GNSS
outages during signal blockage periods has been extensively researched (e.g.
Petovello 2003, Abdel-Hamid 2005, Shin 2005, Hide & Moore 2005, Yang et al 2006,
Guojiang 2007, Angrisano 2010). The availability of small size, low cost and low power
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Micro-Electro Mechanical Systems (MEMS) based devices has revolutionized the use of
INS. However, the inferior bias and drift characteristics of these sensors make them
unsuitable for stand-alone INS based positioning. Nevertheless, the short-term accuracy
of these sensors can be exploited for improving the power consumption and positioning
accuracy in PNDs.
GPS/INS position accuracies at the sub-metre level are reported in the literature with
MEMS Inertial Measurement Units (IMUs) (e.g. Godha 2006). Furthermore, position and
velocity errors with signal outages of up to a few hundreds of milliseconds with low cost
MEMS sensors are not significant (about 2 to 3 m in position and few cm/s in velocity)
and can be used for signal tracking loop feed forward corrections (Tawk et al 2014). The
results from previous research with the use of MEMS inertial sensors and the emergence
of low power MEMS sensors constitute a good motivation for their use in order to improve
tracking performance in intermittently tracking GNSS receivers without a significant
increase in power.
1.2 Limitations of Previous Work
Intermittent tracking or cyclic tracking is a method to conserve processing power. The
method has been proposed earlier (Leclercq et al 2013, Jia et al 2010, Chung et al 1997)
and is used in many handheld GNSS receiver modules (u-blox 2013, Linx Technologies
2013, CSR 2012). The receiver operation alternates between an active cycle and a sleep
cycle during its period of operation. An active cycle or ON period (of duration TON)
represents normal receiver operations and involves tracking and possibly signal (re-)
acquisition. During the sleep cycle or OFF period (of duration TOFF), most of the receiver
components are powered off including the RF front-end and signal processor, thus
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satellite signal tracking is also temporarily halted. Note that the position update interval
(“update interval”; TPVT) of the receiver is the sum of the receiver OFF and ON durations,
i.e., TPVT = TOFF+TON. The ratio of active cycle duration to the total duration within a
position update interval expressed as a percentage is known as duty cycle (D).
D

TON
TON

TPVT TOFF  TON

(1-2)

It is desirable to minimize the duty cycle to optimize power consumption. There have been
attempts in the past to exploit receiver context-awareness to optimize its duty cycle,
thereby minimizing power consumption. Jia et al (2010) propose duty cycle selection
based on receiver velocity. Leclercq et al (2013) not only based sleep period selection on
the receiver’s velocity and acceleration, but also extended the concept to determine
whether to continue tracking signals parameter estimates, namely code phase and
Doppler frequency, or reacquire the satellites based on clock drift. To the best of the
author’s knowledge, there are no methods reported in the literature to generate
pseudorange and pseudorange rate measurements with accuracy similar to that of a
continuous receiver in cyclic tracking mode. Furthermore, some of these methods use reacquisition during the receiver ON period thus not saving power proportional to the duty
cycle (Namgoong et al 2000, Turetzky et al 1997).
Although much work has been done on GNSS receiver power optimization using
intermittent signal tracking, a thorough analysis of possible duty cycles under various
operational scenarios is unavailable. Linty et al (2014) perform an analysis of duty cycled
tracking techniques with an open loop tracking method, however, the amount of power
consumption due to block processing is not clearly stated. Although the paper discusses
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the challenges in cyclic tracking such as signal parameters’ (code phase and Doppler) reinitialization with OFF periods, the effect of these errors on position accuracy performance
is not provided. Chang (2011) investigates the effect of intermittent tracking on code
tracking performance; however, code phase and Doppler accuracy at the start of the ON
period due to user motion uncertainty are not considered.
It is also interesting to analyze the dependency of power optimization algorithms
employing intermittent tracking on the quality of the GNSS signal and user dynamics.
Given the sensors now available in PNDs (MEMS-based accelerometers, gyroscopes,
digital compasses, pressure sensors), it is worth exploring the limits of intermittent
tracking under different conditions of receiver operation with the assistance from these
sensors. This approach to intermittent tracking using MEMS sensors is based on the fact
that these sensors require much less power in their continuous operation compared to
GNSS receiver chips in many applications (InvenSense 2013, u-blox 2013).
The duty cycles employed in GNSS receiver design for portable applications are generally
heuristic to satisfy a given set of requirements for power conservation and navigation
accuracy. However, a thorough analysis of duty cycle as a function of user position
accuracy for various user dynamics and satellite signal power-levels is unavailable. The
SirfstarIV GNSS receiver chipset’s power conservation mode, named TricklePower TM,
recommends a duty cycle of 30% for 1 Hz position update rate and 20% duty cycle for
0.5 Hz position update rate (Orcam 2013). Furthermore, the duty cycles recommended
are independent of the user dynamics. This can lead to relatively increased power
consumption in receivers since they have to use multiple correlators in the code and
frequency domain to perform faster acquisition upon wake-up to speed up solution
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estimation rather than seamless tracking (Knight et al 1998). However, the duty cycles
for power conservation should be based on the user dynamics as seamless tracking may
not be possible in cases where the user dynamics is too high and/or the signals are weak.
Although in the case of u-blox commercial receivers the duty cycle is programmable
through a configuration message, it is recommended that the user modifies such
configurations only when the position output is unavailable (u-blox 2013). Similarly, in the
case of the receiver module from Linx technologies, based on MediaTek’s
AlwaysLocateTM technology, the receiver power-on duration and standby duration are
configurable through commands. However, in all these receivers there are no guidelines
as how to choose duty cycles for given user dynamics, signal power and achievable user
accuracy.
The use of MEMS-based inertial sensors for intermittent GNSS signal tracking has been
investigated earlier (Xu et al 2013, CSR 2012). However, the literature limits itself to
simulated IMU data and no analysis has been done with different satellite signal power
levels, solution update intervals and user dynamics. The effect of MEMS IMU aided
intermittent tracking on code tracking performance is also unavailable in the literature.
The feasibility of using MEMS-based sensors for intermittent signal tracking needs to be
further explored in this context.
1.3 Objectives and Contributions
The primary objective of this research is to improve power performance in portable GNSS
receivers without affecting position accuracy performance. With regard to the primary
objective mentioned here and the shortcomings of previous work listed earlier, the
following are the objectives of this dissertation.
11

1. Assess the feasibility of intermittent signal tracking operation: The position
accuracy of a receiver is the most important performance metric. As mentioned in
Section 1.1, receivers in power critical applications save power by reducing
sampling frequency, number of quantization bits and tracking fewer channels
which would have degraded the position accuracy performance. Therefore one
desires to achieve (or maintain) position accuracy performance of a continuously
tracking receiver when it is operated in intermittent tracking mode to further save
power. In this research, intermittent signal tracking at a given duty cycle is said to
be feasible if the duty cycled receiver can yield the same or nearly the same
position accuracy as that of a continuously tracking receiver. One of the objectives
of this research is to determine the feasibility of intermittent tracking operation at a
given duty cycle for a given solution update interval. It also investigates the effects
of solution update intervals on intermittent tracking.
2. Investigate the factors affecting intermittent tracking in weak signal environments:
GNSS receivers in many applications operate in degraded signal environments.
Therefore it is necessary to study the factors influencing intermittent tracking in
such environments and come up with methods to mitigate related challenges.
3. How the use of inertial sensor aiding can improve receiver power performance
through intermittent tracking? The research investigates the use of inertial sensors
to further reduce the duty cycle thus saving more power. Also, benefits of using
inertial sensors in different cases for Doppler aiding of tracking loops are explored.
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Intermittent signal tracking to optimize power consumption is investigated in detail in order
to achieve the objectives listed above. The major contributions can be summarized as
follows:
1. An intermittent signal tracking method based on vector-initialized tracking is
proposed and a feasibility analysis is performed. Vector-based tracking effectively
enables intermittent tracking of GNSS signals at lower duty cycles through user
position and velocity estimates that are related to signal parameters of the
satellites tracked.
2. A method is proposed to sustain intermittent signal tracking under weak signal
conditions. Sustaining carrier lock is identified as a potential challenge in weak
signal intermittent tracking, the effects of the signal parameter prediction errors on
code and carrier tracking loops are analyzed. The research proposes a method
based on Maximum Likelihood Estimation (MLE) technique to sustain tracking in
weak signal environments and/or high dynamic user motion.
3. Impact of sensor quality in inertial aided intermittent tracking. The research
investigates the effects of inertial sensors’ quality on assisting the intermittent
tracking receiver.
4. Software development to implement vector-initialized intermittent signal tracking
that can accept duty cycle and solution update rates as input.
1.4 Thesis Outline
The thesis consists of six chapters. The first two chapters provide the necessary
background and fundamental concepts required to follow the latter three. An overview of
satellite based navigation, GNSS receiver architecture, signal tracking fundamentals and
13

typical receiver power consumption values are given in Chapter 2; this chapter also gives
an introduction to INS and its integration with GNSS receivers along with power
consumption in low power MEMS inertial sensors. The remainder of the thesis is
organized as follows:
Chapter 3 introduces intermittent signal tracking, theory of operation and important
elements in signal tracking loops related to intermittent tracking. A feasibility analysis of
intermittent signal tracking is performed and critical aspects are outlined in this chapter.
Experimental results and analysis are provided using the theory developed in the chapter.
Chapter 4 extends the concepts of Chapter 3 to weak signal environments. It analyzes
the performance of carrier and code tracking loops under weak signal conditions and
proposes a method to sustain signal tracking throughout the receiver operation in
degraded signal environments. Tests are performed in weak signal environments and the
results are compared with a commercial receiver operating in intermittent tracking mode.
A receiver with intermittent tracking operation is aided by inertial sensors to further
improve power performance in Chapter 5. The use of inertial sensors to improve the
signal tracking performance of intermittent tracking is described in this chapter. Inertial
sensors are tested in assisting intermittent tracking, and results and analyses are
provided.
Finally, Chapter 6 summarizes the contributions of this research and provides the
conclusions and major findings. It also provides recommendations for future work.
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Overview of GNSS and INS
This chapter reviews general concepts and principles of operation of the two systems
used in this research, namely GNSS and INS. Emphasis will be given to those
components that are relevant to this research. Although the research is applicable to any
GNSS system, a GPS receiver is used as an example whenever specific details are
explained. The GPS L1 C/A signal is used in processing and validating the algorithms
throughout this research.
2.1 GNSS Overview
2.1.1 GNSS signal structure
GNSS signals use a spread spectrum approach (i) to adhere to the power requirements
in the radio frequency band of their operation, (ii) to achieve multiple access (as all
satellites transmit on the same frequency in all GNSS systems with the exception of
GLONASS) and (iii) to make accurate range measurements to the satellites. The GPS
was the first satellite-based navigation system that used the ranging principle for
navigation and is the most widely used GNSS. GPS signals employ Code Division
Multiple Access (CDMA) technology where a Pseudo-Random Noise (PRN) code is
modulated on a carrier signal in the L-band of the electromagnetic spectrum. The CDMA
signal also hosts data bits via Binary Phase Shift Keying (BPSK) Modulation. Later GNSS
systems, however, have more complex signal structures aimed towards improving the
signal tracking performance, spectral separation, accuracy of the pseudorange
measurements and subsequently the positioning accuracy. Also, longer and faster PRN
codes are used on modern GNSS signals (e.g., Galileo and BeiDou) to improve the cross-
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correlation margin between satellites signals and ranging precision (Mattos 2006, Lu et
al 2012).
GLONASS (GLObalnaya NAvigatsionnaya Sputnikovaya Sistema), the Russian
counterpart of GPS, uses Frequency Division Multiple Access (FDMA) technology for
multiple access purposes which also improves the cross-correlation margin. However, all
the satellites’ carrier signals are modulated with a common PRN sequence for ranging
and navigation data. The more recent European GNSS, Galileo, uses the sophisticated
Binary-Offset-Carrier (BOC) modulation to leverage spectral separation, ranging
precision and multipath immunity benefits.
In general, the received GNSS signal of a particular satellite at the input of the Analog-toDigital-Converter (ADC) in the RF front-end of a GNSS receiver can be written as
Si (t )  2Pi  di (t   i )  ci (t   i )  sci (t   i )  cos(2 (fIF  fd )t   )  (t )

(2-1)

where Pi is the power of the ith satellite, d i is the data bit modulated onto the satellite,

i

is the transit delay from the satellite to the user receiver, c i is the CDMA code (can be a
multiplexed code on modern GNSS),

sci is the sub-carrier, fIF is the intermediate

frequency, fd is the carrier Doppler frequency which is predominantly due to the relative
motion between the satellite and the user as well as the local clock drift, ϕ is the phase of
the signal and

 models

the sum of receiver thermal noise, atmospheric noise and

interference (both external to the receiver and internal). The composite signal at the input
of ADC at any time is a sum of signals from all the visible GNSS satellites in the RF frontend frequency band.
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The objective of a GNSS receiver is to detect the presence of satellite signals and
estimate the code phase, carrier Doppler frequency and carrier phase (not strictly
necessary in code phase based positioning) parameters. The pseudorange and
pseudorange rate measurements are derived from code phase and Doppler estimates
(Van Dierendonck 1996, Ward et al 2006) which are subsequently used for user position
and velocity estimation.
2.1.2 GNSS receiver architecture
The generic architecture of a receiver is shown in Figure 2-1. The hardware design is a
classic mixed signal design that has an analog component for receiving and conditioning
the satellite signal before it is digitized and processed in the digital signal processing
section. The signals are received by an antenna, converted to an electrical signal and
input to a RF front-end for signal down-conversion, filtering and amplification. The number
of down-conversion stages and signal filtering varies depending on the application; in any
case the down-converted IF analog signal is boosted sufficiently to enable appropriate
conversion to the digital form. The oscillator used in the down-conversion of the GNSS
signals is a critical element of the front-end and affects the signals’ Doppler and the code
phase.
The digitized IF samples are then processed by a signal processing unit (commonly
known as baseband processor) for acquisition and tracking of the GNSS signal. The
detection of signal presence from a particular satellite and joint coarse estimation of code
phase and Doppler frequency is known as acquisition. Acquisition of GNSS signals is a
critical aspect of the receiver operation, however it is not the subject of interest for this
research. Interested readers can refer to van Diggelen (2009), Borio (2008), Ward et al
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(2006) and Spliker (1996) for a detailed treatment of GNSS signal acquisition. Having
acquired the signal, the coarse estimates of the parameters are then passed on to a
tracking loop. This research assumes that once the signals are acquired, the receiver in
steady state operation only performs tracking operations and the focus of this research is
to reduce power consumption in receiver’s tracking loop.

Figure 2-1: GNSS Receiver architecture

The purpose of signal tracking is to generate accurate code and Doppler estimates of the
received signals during the operation of the receiver and to decode the navigation data
bits. This is achieved by generating a replica of the carrier and PRN code corresponding
to the satellite being tracked to precisely synchronize with the incoming satellite signal.
Phase transitions in the incoming signal are detected as change in data bits. The collected
data bits are first matched with a known pattern to determine the data bit polarity and the
bits are then decoded to obtain the ephemeris data. The pseudorange and pseudorange
rate measurements are constructed based on the estimated code phase and Doppler
frequencies at a given point in time (Ward et al 2006, Van Dierendonck 1996). The
measurements (also known as observations) are further processed in a navigation
processor to estimate the user’s Position, Velocity and Time (PVT). Traditional design of
GNSS receivers requires that in order to provide sustained position solution the receiver
needs to keep continuous track of satellite signals throughout its operation although the
measurements are only required once in a while.
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2.1.3 RF Front-end
This section explains receiver operations before the digital signal processing section. The
RF front-end is the first functional block in the receiver chain immediately following the
antenna. Its purpose is to perform signal conditioning (filtering and amplification) and
digitization of the analog signal. The GNSS satellite signal reaching the user antenna on
or near Earth would be very weak (nominally -130 dBm) and the receiver needs to boost
the signal sufficiently for it to be quantized by the ADC.
A block diagram of a typical receiver front-end is shown in Figure 2-2 and the
corresponding description is provided in the following sub-sections. The dotted lines show
the RF front-end. The antenna can either be active or passive (if passive, it is normally
very close to the on-board LNA and realized as a micro strip or patch antenna on
handheld devices). The elements of the front-end that consume most power are marked
by bold outlines.

Antenna

LNA

BPF

RF

ADC

Gain control

Mixer
IF

AAF

BPF
VG IF Amp.

LO
Frequency
synthesizer

Digitized
IF

Sampling
clockFrequency

Reference
synthesizer
Oscillator Clock to
baseband processor

Figure 2-2: Block diagram of a typical GNSS receiver front-end

2.1.3.1 Antenna and system performance
A Right Hand Circularly Polarised (RHCP) antenna with nearly hemispherical reception
pattern gives a higher performance (receiver sensitivity and measurement accuracy) as
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the GNSS satellites transmit RHCP signals. RHCP antennas provide 3 dB higher gain
compared to linear antennas and largely reject single path reflections. However, GNSS
receivers used for low cost and low power applications use linearly polarized
omnidirectional antennas due to their simplicity but at the cost of reduced performance.
The nearly omnidirectional reception pattern is useful indoors where all signals (direct or
reflected) are useful in sustaining signal tracking operation.
There are many GNSS applications (e.g., smartphones, location pods) where the
receivers are used in highly attenuated environments (e.g., inside pockets, bags). The
human body proximity and fading lead to frequent track loss (Bancroft et al 2011) and reacquisition results in higher power consumption. Furthermore, the antennas used in these
devices lead to multipath reception causing severe problems in pseudorange
measurements. However, this research considers use of RHCP antennas in both outdoor
and indoor environments. In open sky environments, the two antennas perform similarly
and do not have significant differences in code phase based positioning.
The Noise Figure (NF) of the first element in the chain and its gain primarily determines
NF of the receiver system according to Friis formula (Kraus 1966, Sayre 2001). The
receiver sensitivity is determined by the NF. When using active antennas, noise
temperature, NF of the antenna’s LNA and gain primarily determine the receiver NF.
2.1.3.2 Functional blocks of the RF front-end
The antenna converts the received GNSS electromagnetic signals into electrical signals.
The signal output from the antenna is amplified, filtered and down-converted to a
convenient IF. Low power receivers typically have only one down-conversion stage. The
IF should be chosen in such a way that the down-converted signal spectrum does not
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coincide with the frequency of the reference oscillator, its harmonics and the Local
Oscillator (LO) frequencies. The Band Pass Filter (BPF) before the mixer serves to reject
image frequency. The Variable Gain (VG) IF amplifiers shown as a cascaded stage of
amplifiers in Figure 2-2 provide most of the gain to the signal. This is done in order to
avoid self-jamming if a higher gain is provided before the down-conversion. The BPF
before IF amplifiers provides out of band rejection for unwanted signals and sum
frequency of the mixer (typically 60 dB or more).
In some receivers, the gain of the IF amplifiers is controlled to maintain a constant gain
of about 100 dB in the chain in order to maintain the thermal noise level at the input of
ADC within its dynamic range. This is particularly helpful in cases where external cable
losses in the chain are not known and when there is an interference. This operation of
controlling IF amplifier gain is known as Automatic Gain Control (AGC). The gain control
mechanism is either implemented in the analog section of the front-end or in the baseband
processor for digital control. The final filter before the ADC called Anti-Aliasing Filter (AAF)
serves to provide very high attenuation outside of the signal spectrum to avoid out of band
noise (and/or interference) being aliased into the signal spectrum during digitization.
The clock source of the front-end (reference oscillator) is a critical element and impacts
many important receiver design aspects. It is therefore worth explaining oscillators and
their impact on receiver performance in order to understand their importance.
2.1.3.3 Reference clock source
The reference oscillator is a critical element in a GNSS receiver. The clock output from
the reference oscillator is used for the following receiver operations: (a) LO frequency
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generation for down-conversion through frequency synthesizers, (b) sampling clock
generation, and (c) clock source for baseband processing.
GNSS receivers typically use crystal-based oscillators due to cost and size constraints.
Low cost and mass-market receivers use either a crystal oscillator (XO) or a temperature
compensated crystal oscillator (TCXO). The crystal is sensitive to temperature,
acceleration and has temporal variability. The frequency stability of a clock source due to
environmental stress, initial frequency offset and long term stability is quantified in terms
of parts per million (ppm) or parts per pillion (ppb).
Any frequency offset in the reference clock affects the receiver performance. Since the
LO frequencies have a very high multiplication factor to down-convert GNSS signal
frequencies (e.g., 157.542 for GPS L1 frequency with a 10 MHz oscillator), a small
frequency offset results in a large Doppler common to all satellite signals. Aumayer &
Petovello (2015) discuss the effects of frequency offsets in the reference oscillator for
clock sources with large instability in the context of MEMS-based oscillators (several
thousand ppm). Crystal-based oscillators have much better stability (few ppm), however,
can have significant effect on signal tracking. Therefore, the frequency stability of the
oscillator over time, temperature and other environmental stress becomes important.
Consider for example 1 ppm initial offset (or temperature sensitivity) in a 10 MHz oscillator
which means a 10 Hz deviation. In the GPS L1 down-conversion, this amounts to an
additional Doppler of 1575.42 Hz to that of the user to satellite relative velocity. Crystal
oscillators’ temperature stabilities are worse than ±10 ppm over the industrial temperature
range. TCXOs compensate the frequency output for temperature variations and can have
temperature stabilities as good as ±0.5 ppm but cost more than XOs. Other high stability
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oscillators, such as oven controlled crystal oscillator (OCXO) and atomic clocks are bulky,
costly and consume more power. Therefore, low cost and low power applications do not
consider these clock sources.
The acceleration sensitivity (also known as g-sensitivity) of the XO is a vector and is
normally of the order of 2 to 10 ppb/g (Bhaskar et al 2012). For example, consider a
10 MHz XO with 5 ppb/g acceleration sensitivity. For 1 g acceleration (~10 m/s 2) along
the sensitive axis of the crystal, the frequency offset will be 0.05 Hz. When translated to
LO frequency and with GPS L1 down-conversion, this would result in approximately a
8 Hz Doppler offset. Larger disturbances to XO can result in momentary higher
acceleration and deceleration resulting in very large Doppler changes exceeding the pullin range of the FLL.
Allan variance plots characterize the short-term temporal variability. Short-term stability
of the oscillator becomes important when long coherent integration is performed in
acquiring or tracking weak signals (van Diggelen 2009).
2.1.3.4 Effects of intermittent power ON/OFF on the RF front-end
In an intermittent tracking receiver, the RF front-end is switched OFF and ON periodically
every few hundreds of milliseconds. Therefore, one needs to examine the effects of
switching ON and OFF at this rate on different elements of the front-end. In particular, the
settling time of the frequency synthesizers that generate LO frequency and the effects of
any temperature change on crystal are important. Note that the reference clock source is
not turned OFF in intermittent tracking.
Normally, the bandwidth of the frequency synthesizers that generate LO is a few tens of
kHz (Sayre 2001), which meets the phase noise requirements of the LO for down23

conversion. LO phase noise when higher can cause several replicas of the incoming
signal spectrum masking the desired signal spectrum resulting in a loss in SNR. It implies
that the settling times of these control loop circuits are on the order of few hundreds of
microseconds (one or two milliseconds at the most). Therefore, periodically switching
these circuits ON and OFF at intervals of few hundreds of milliseconds is not a concern.
It is expected that there are temperature variations on the XO (or TCXO) due to the
periodic OFF and ON of the nearby circuits. The temperature stability of XOs used in
GNSS receivers can be high (like ±10 ppm) and the effect of oscillator frequency change
can induce a higher Doppler error. However, when using TCXOs, the temperature
variation (of 2 to 3 degree Celsius) due to intermittent operation is not a concern due to
their improved stability.
2.1.4 GNSS signal tracking
The primary objective of tracking loops is to generate a replica signal which matches the
incoming signal as closely as possible. A measure of similarity between incoming and
local signals is obtained by the process of correlation. The incoming signal is correlated
with its local replica and the obtained correlation values are used to accurately estimate
the code Doppler, code phase, carrier Doppler and, in some receivers, the carrier phase.
Carrier phase synchronization is required in high precision receivers that make use of
carrier phase observations but is not necessarily required in receivers that output code
phase based PVT solution.
2.1.4.1 Scalar tracking
Traditionally, GNSS receivers use a tracking method known as scalar tracking to estimate
the code frequency and phase, carrier frequency and phase of the incoming signal. In this
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architecture each satellite is tracked independently of the other. A block diagram of a
scalar tracking architecture is shown in Figure 2-3.
The baseband processor of the receiver consists of multiple channels with a tracking
module for each channel. Multiple channels are required to simultaneously track all the
visible satellite signals and make use of all the observations (for an improved geometry)
in estimating user PVT solution. Each channel performs Doppler Removal and Correlation
(DRC) and accumulates the correlation values through an integrate & dump process. The
output from integrate & dump block is used to estimate the difference between the
incoming and locally generated signal parameters. The difference in signal parameters is
filtered (in a local channel filter) and the local code and carrier generation is corrected
accordingly.

Figure 2-3: Block diagram of traditional GPS signal tracking module (scalar tracking) in
baseband processor or signal processor

The GNSS observations, namely pseudorange, pseudorange rate and carrier phase are
derived from code phase, carrier Doppler and carrier phase estimations which are the
outputs from the signal tracking loops. The estimates from the signal tracking loops along
25

with the timing derived from the decoded data bits are used to generate GNSS
observations.
Each channel has two cross-coupled signal tracking loops, one each for code and carrier
tracking as shown in Figure 2-4. A conventional tracking loop consists of three key
functional units: a discriminator, a loop filter and a Numerically Controlled Oscillator
(NCO). Correlator outputs from the DRC unit are passed to the pre-detection filter
(integrate & dump). The accumulated correlation values from the pre-detection filter are
input to code and carrier discriminators. The discriminator generates the error signal that
is filtered by the loop filter before controlling the NCO. The NCO output is used in the
DRC block to generate new correlation values. Note that some scalar tracking
architectures implement an estimation based tracking using Kalman filter techniques
(Petovello et al 2008a). However, a traditional scalar tracking architecture is used herein.

Figure 2-4: Typical scalar tracking structure of a single channel (for one signal) in a
GNSS receiver

The GNSS receiver tracks the incoming satellite signal by beating the digitized signal with
a local replica of code and carrier. It has to simultaneously adjust the carrier frequency
and code phase to keep track of the incoming signal. The order of the code and carrier
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tracking loops (i.e., first order, second order, etc.) used to track the signals depend on the
signal dynamics (Van Dierendonck 1996, Ward et al 2006). In order to derive the code
phase synchronization errors, the discriminators in code lock loop use three or more
correlators spaced at different chip delays and use a balancing discriminator. The carrier
phase error is normally estimated by using an arc tangent discriminator that uses in-phase
and quadrature-phase components of the incoming signal to determine the phase error.
The derivative of phase errors is used to estimate the frequency error in Frequency Lock
Loop (FLL) discriminators. A number of code and carrier discriminators and their
characteristics are given in (Ward et al 2006).
A typical scalar tracking loop in civilian applications uses a 2nd order carrier tracking loop
and a 1st order carrier-aided code lock loop (Ward et al 2006). The code lock loop is
commonly known as Delay Lock Loop (DLL). The carrier tracking loop can either be a
Phase Lock Loop (PLL) or an FLL. Carrier phase observations are not used in this
research and hence a PLL is not considered. Carrier tracking from now on refers to FLL
only.
In a continuously operating receiver, the transient response of carrier and code tracking
loops is typically less critical since the receiver spends most of its time in steady state
mode and generates code phase (pseudorange) and Doppler (pseudorange rate)
measurements in this mode. In contrast, when the satellite signal is tracked intermittently,
the transient behavior of the tracking loops becomes more critical. The remainder of this
section focuses mainly on the transient response of FLL and DLL systems to step input
errors, which are required to investigate intermittent signal tracking operation.
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Transient response of FLL and DLL
FLLs and DLLs are essentially control loop systems and their time response consists of
two parts: the transient response and the steady-state response (Ogata 2010). The
transient response arises when the system response goes from an initial state to the final
or steady-state. The loop filter plays an important role in determining the transient
response. The order of the filter determines the kind of input that can be handled by the
control loop without introducing systematic errors and also the transient response curve.
The reader is referred to Ogata (2010), Ward et al (2006) and Stephens (2002) for more
details.
The transient response of a control loop depends on the loop design parameters and
initial conditions. The transient responses of 1st and 2nd order control loops to unit step
inputs are shown in Figure 2-5. The control loop output y(t) catches up with the unit step
input over a period of time.

Figure 2-5: Transient response of a 1st and 2nd order control loop to unit step input
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Generally, when considering a loop’s transient response, the system is assumed to be at
rest, i.e., all the integrators in the loop filter are reset at time t=0. This assumption is
perfectly valid in the intermittent tracking receiver considered here as the control loop
states are reset at the start of the TON period with an initial estimate of the parameter to
be tracked. The transient response of a 2nd order control loop often exhibits damped
oscillations as shown in Figure 2-5. However, the transient response can have underdamped oscillations depending on the loop design parameter called the damping factor
( ) . The other loop filter parameter that controls the transient response is the loop noise

bandwidth ( Bn ) , which is a function of the natural frequency of the damped oscillations

(n ) . Selection of the damping factor and the loop noise bandwidth has implications on
the control loop stability and the steady state noise in the parameter being tracked. A
value of 0.707 is used for  in the intermittent tracking receiver used here for stability
reasons (Ogata 2010, Stephen 2002).
Two important factors related to the transient response of a control loop that will be critical
to intermittent signal tracking are the allowable tolerance and settling time. The allowable
tolerance is the target error limit in the control loop output for a given change in input,
expressed as a percentage. The time taken by the control loop system to reach the
allowable tolerance limit starting from the state of rest is known as the settling time or pullin time. The allowable tolerance, in general, is either 2% or 5% (Ogata 2010). However,
it can take on any value depending on the system design requirements.
The settling times and the expressions for analytical transient response of 1 st order DLL
and 2nd order FLL given below will be used in the feasibility analysis of intermittent tracking
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in chapters 3 through 5. The final error at a given time t for a unit step error at time 0 in
the 1st order DLL is given by (Ward et al 2006, Jwo 2001)

e(t )  e

ωnDLLt

e

4BnDLLt

where BnDLL is the loop noise bandwidth of the control loop. For a step input of

 0 , the

transient response of a 1st order DLL can be written as
decay (t )   0  e

4BnDLLt

(2-2)

Similarly, for a step error f0 in the frequency and given set of tracking loop parameters
the envelop of errors of a 2nd order FLL transient response is given by (Ogata 2010)
decay (t )  f0 

1
1 

2

e  ( BnFLL /0.53)t

(2-3)

Another important concept related to the tracking loops in intermittent tracking is the pullin range. It is the maximum error in the signal parameter (code phase or Doppler) at the
beginning of the tracking operation that the tracking loop can track without introducing a
bias. The pull-in range of a tracking loop is basically determined by the discriminator used
by the tracking loop. The discriminator will be able to produce an error signal (input to the
loop filter) proportional to the difference between local and incoming signal only if their
difference lies within this range (also known as linear region of the discriminator). Pull-in
ranges of various discriminators used in GNSS receivers are given in (Ward et al 2006).
For a standard FLL, the pull-in range is given by (van Graas et al 2009, Ward et al 2006)

1
1 
fpull in   
,

 4Tcoh 4Tcoh 
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(2-4)

where Tcoh is the coherent integration time or pre-detect integration time. In a conventional
GNSS receiver, the pull-in range usually limits the operation of the loop whenever very
high Doppler errors are observed either due to very high dynamics of the user (for e.g.,
military applications with jerk and higher order dynamics) or there is a sudden frequency
offset in oscillator output. To illustrate, the frequency tracked by an FLL can be written as
f  fIF  fclock  fd

(2-5)

where f is the frequency of the signal at the input to the ADC, fIF is the IF, fclock is the local
clock drift and fd is the carrier Doppler due to the relative motion between user and
satellite. fIF is the IF known by design of the RF front-end, the other two factors are
unknown by the receiver to begin with. Once a satellite signal is acquired, a coarse
estimate of f is available to the receiver and the error is less than fpull in . The combined
error in the tracked values of

fclock and fd should not exceed fpull in during the steady state

tracking for the receiver to sustain signal tracking.
The pull-in range of a DLL is related to the chip spacing and the number of correlator
arms used in the DLL operation. Normally, the pull-in range of the DLL is wider (few tens
of metres or more) than the possible errors in code phase synchronization (few metres)
and is not critical in signal tracking.
Tracking errors in steady state operation
In the steady state signal tracking operation, after the transient dies out, the tracking loops
will have an error (known as tracking jitter) due to the noise component in the signal input
to the tracking loops as seen in Equation (2-1). The tracking jitter of the control loop
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depends on the SNR of the incoming signal (normally represented by Carrier-to-noise
density ratio in receivers), coherent integration time and the loop noise bandwidth. The
expressions for the tracking jitter in a control loop can be derived given the transfer
function of the tracking loop, the Probability Density Function (PDF) of the noise in the
input and its Power Spectral Density (PSD). Readers are referred to Curran et al (2012),
Van Dierendonck et al (1992) and Natali (1984) for the derivations. The tracking jitter is
one of the performance metrics of a tracking loop and is used throughout this research
during the feasibility analysis.
The tracking jitter in a 2nd order FLL is given by (Ward et al 2006)
2

 tFLL

 1  4FBnFLL 

1
 

 1

 2Tcoh  C / N0  Tcoh  C / N0 

(2-6)

where Tcoh is the coherent integration time in seconds, BnFLL is the one sided loop bandwidth
of the FLL in Hz and C / N0 is the carrier-to-noise density ratio. F takes a value of 1 for
higher C/N0, 0 otherwise.
The tracking jitter in the DLL for a non-coherent Early-Late power discriminator (used in
this research) is given by (Ward et al 2006)

 tDLL 



BnDLL
2
  1

2C / N0  TcohC / N0 (2   ) 

where BnDLL is the one sided loop bandwidth of the DLL in Hz and
chip spacing in chips.
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(2-7)

 is the Early-to-Late

Pre-detect integration and sideband tracking
The integrate and dump process of correlation values before passing on to the
discriminators in signal tracking is known as pre-detect integration (integration for duration
of Tpdi). It is equal to the coherent integration time when only coherent integrations are
performed before the discriminator. The length of Tpdi determines the tracking noise
performance and also the pull-in range of the discriminators. It is important in the context
of this research to mention a phenomenon called sideband tracking (Rambo 1989) which
can occur when transitioning from acquisition to tracking, and in some cases during
steady state tracking (e.g., when there are high Doppler errors due to very high dynamic
stress like in military applications).
Any carrier tracking loop that is insensitive to data bit transitions is called a Costas loop
(Ward et al 2005). Costas loops limit the phase difference between incoming and local
signals to ±π/2 radians. In FLL, the phase difference across two pre-detect integration is
limited to ±π/2 radians. When the phase difference becomes more than ±π/2 radians the
discriminator wraps it into this range by subtracting or adding π radians. The Costas loop
assumes that a phase difference of magnitude higher than ±π/2 radians occur only
because of data bit transitions (causing a change of π radians) or small frequency
differences.
However, when the local carrier NCO frequency has an offset more than 1/(4Tpdi) Hz, it
leads to sideband tracking. This phenomenon can be explained heuristically by an
example. If Tpdi = 10 ms and the local carrier NCO frequency error  f is 25 Hz, the phase
error at the end of Tpdi would be
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  2   f  Tpdi    2  25 

1


100 2

The discriminator wraps this phase error around to -π/2. With this, the loop would start to
increase the NCO frequency (as there is phase lag) driving away from the incoming signal
Doppler since the phase difference would be more than π/2 continuously. The NCO
frequency keeps on increasing until the phase difference becomes 0. This happens at  f
= 50 Hz as shown below (recalling that a Costas loop discriminator wraps π radians phase
error to 0)

  2   f  Tpdi    2  50 

1

100

Subsequently, the carrier tracking loop latches on to this sideband. Therefore, Costas
tracking loops should not have a Doppler error higher than 1/(4T pdi) during their operation.
When the receiver uses 1st order carrier frequency assisted DLL, the code lock loop would
ultimately lose lock on to the signal with a large error (rate of change of delay) in assisted
frequency. However, it takes a finite duration of time for the DLL to lose lock. Any
pseudorange measurements made after sideband tracking would be erroneous.
Therefore, it is important to detect sideband tracking and isolate measurements or force
a track fail on such channels.
The following methods are used to detect sideband tracking: (i) check for continuous
parity failures in decoding the ephemeris data; (ii) maintain history of tracking Doppler
and detect sudden jumps when the user dynamics is not expected to produce large
Doppler changes; and (iii) detect rapid changes in code-minus-carrier phase
measurements. However, in intermittent signal tracking decoding data bits is not possible
34

and thus the first method does not work. In intermittent tracking, even when sideband
tracking is detected the number of measurements are reduced and it results in higher
power consumption due to re-acquisition.
Multipath
GNSS antennas should ideally receive only the direct Line-of-Sight (LOS) signals from
the satellites to the user. However, multiple reflections of the signals are received by the
antenna causing errors in pseudorange measurements. Reception of reflected or
diffracted replicas of the desired signal (or LOS) by the receiver is known as multipath.
The different time delayed versions of the LOS signal distorts the correlation triangle in
code domain resulting in inaccurate code tracking and degraded measurement accuracy.
There are several multipath mitigation techniques in the literature from the antenna design
to navigation domain techniques. The RHCP antennas reject single path reflections (due
to change in their polarization), and good antenna design rejects multipath from lower
elevation angles (e.g., choke-ring antenna). One of the main signal processing techniques
is Narrow correlatorTM (Van Dierendonck et al 1992).
Carrier phase measurements are less affected by multipath and the maximum error with
stronger LOS case does not exceed 5 cm for GPS L1 signal (Misra & Enge 2011). The
code phase minus carrier measurements can be used to detect change in multipath when
the multipath error is higher than the code phase measurement noise (Blanco-Delgado &
de Haag 2011).
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2.1.4.2 Vector tracking
Vector tracking loops are an advanced type of receiver architecture that track the signals
from all the satellites collectively by sharing information across all satellites (Spilker 1996).
A vector tracking architecture block diagram is shown in Figure 2-6. The major difference
between vector and scalar tracking architectures is that, in the former, the NCOs are
controlled from the estimated position and velocity instead of from local channel filters.
The NCOs for generating code and carrier signals for each satellite are directly controlled
by the navigation filter. The subscripts k and k+1 for the position and velocity vectors P
and V in Figure 2-6 refer to the current and future epochs of the NCO updates, usually
spaced at the coherent integration time used in the design. In order for the vector tracking
loop to be initialized one should know the absolute value of code phase and Doppler
frequency. The receivers usually start with scalar tracking to obtain these values and later
switch to the vector tracking mode in the steady state operation.
The implementation of vector tracking in a GNSS receiver is usually based on Kalman
filter (that estimates code phase error and Doppler error in local replica) and the reader
can refer to Pany et al (2005), Petovello & Lachapelle (2006), Won et al (2010) and Zhao
& Akos (2011) for more details. The collective information from all the channels results in
a better tracking sensitivity and improved immunization to user dynamics (Petovello et al
2008a, Lashley et al 2010, Zhao & Akos 2011). These advantages of vector tracking
architectures, compared to scalar tracking loops, are especially desirable in weak signal
environments and short duration signal outages (Petovello & Lachapelle 2006, Lashley &
Bevly 2008).
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Figure 2-6: Vector tracking architecture

This research attempts to exploit the fact that using a vector-based tracking approach,
satellite signals can theoretically be tracked with momentary outages. Specifically, the
tracking loop design is modified to track the satellite signals intermittently and the limits
of signal outage durations that can be successfully handled by this method are explored
in the context of portable applications.
In general, the transition to vector tracking mode is done in a receiver when the scalar
tracking loops reach their steady state and vector loops are run continuously from there
on. However, in intermittent signal tracking the receiver by design stops tracking all the
satellites for a brief duration and vector DLL or FLL are not run during the receiver OFF
periods.
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2.1.5 Receiver Power consumption
The RF front-end and signal processing units account for the largest share of power
consumption in receivers (Tang et al 2012), whereas the navigation processor accounts
for a very small portion of it. The navigation processor becomes active only during PVT
estimation. The RF front-end and signal processing units normally operate continuously.
Since this research focuses on power optimization inside the receiver, the design of the
RF front-end to optimize power is not attempted herein as it is completely hardware
oriented. Instead, the focus is to develop and analyze the power optimization algorithms
at the signal or baseband processing-level. Existing work shows that signal processing
accounts for over 50 percent power consumption in modern GNSS receivers and is
proportional to the number of correlation operations (Tang et al 2012).
The research presented herein investigates power optimization at the signal processing
level in the steady state operation of a receiver. Specifically, signal tracking operation is
optimized. Furthermore, optimized signal tracking algorithms would not only help
conserve power but would also be beneficial for software receivers due to the reduced
number of computations. In turn, this may allow for their use in a wider range of
applications, possibly without having to rely on server-based processing.
The following development gives an idea of power saved by intermittent tracking
operation in a receiver. Denoting the power consumption in a continuously operating
receiver as Pcont , the power consumption can be broken down as follows:

Pcont  PRF  Pbb  Pq
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(2-8)

where PRF is the power consumed by the RF front-end (includes signal conditioning, downconversion and analog-to-digital conversion), Pbb is the power consumption in baseband
processing (includes DRC, NCOs, discriminators and loop filters of all channels) and Pq
(referred as quiescent power) is the power consumed by the remaining operations, like
maintaining clock and timing epochs (which happens all the time throughout the receiver
operation even in intermittent tracking), computation of navigation solution, and other
housekeeping operations. Now, with intermittent tracking operation at a given duty cycle
D , the power consumed

Pcyclic can be written as
Pcyclic  D  (PRF  Pbb )  Pq

(2-9)

Maintaining clock and timing epochs (that has power consumption of Pq ) is important in
intermittent tracking as the receiver needs to know the timing in order to start the
“integrate & dump” operation at the start of the ON period. However, Pq

PRF  Pbb and is

only a fraction of the total power consumption. Therefore, the receiver saves significant
power as the duty cycle is reduced. The power consumption in intermittent tracking can
therefore be approximated as

Pcyclic  D  Pcont

(2-10)

Table 2-1 lists the average power consumption claimed by some GNSS receiver chip
manufacturers (CSR 2010, u-blox 2013, MediaTek 2013, Sony corp 2013) for power
sensitive applications used in smartphones. Lower values of power consumption in
continuous mode in the Sony receiver relative to other receivers is potentially due to the
use of advanced silicon technology as mentioned in Section 1.1 and an improved RF
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circuit design as claimed by the manufacturer. The receiver chip manufacturers, however,
do not specify clearly the tracking sensitivity, number of channels used in positioning, and
positioning accuracy performance in cyclic tracking mode.
Table 2-1: Average power consumption in GNSS receiver chips on smartphones

GNSS Chip Manufacturer
Receiver chip Model

GNSS available on chip

Power
consumption
(mW)

Continuous
tracking
Cyclic
tracking

CSR
(2010)
SirfSTAR
IVTM
GSD4t

u-blox
(2014)

MediaTek
(2013)

Sony
(2013)

Max-7
u-blox 7

MT3333

CXD5600GF

GPS

GPS,
GLONASS

40

50

<10

13.5

GPS,
GLONASS,
QZSS,
SBAS,
Galileo,
BeiDou
19
Not
available

GPS,
GLONASS,
QZSS, SBAS
10
Not available

2.2 INS Overview
INS is a self-contained navigation system that provides user position, velocity and attitude
information based on the measurements from an IMU (Jekeli 2000). An IMU and a
navigation processor constitute a complete INS. The principle of operation of INS is based
on Newton’s laws of motion. An IMU consists of a triad of accelerometers and gyroscopes
(commonly known as gyros), which measure specific forces and angular rates
respectively. The angular rates measured from the gyros is integrated once to get the
change in the orientation; the specific forces from accelerometers when integrated twice
in the navigation frame obtained from the new orientation information provide the
displacement in position. The three dimensional user position and velocity, relative to their
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initial values, can be estimated by combining information from accelerometer and gyro
sensor triads through mechanization. However, the estimation of user position is not
straightforward and involves various challenges. The errors associated with
accelerometer and gyroscope sensor measurements accumulate over time and render
the obtained position solution unusable, within a short span of time, if unaccounted for.
Accelerometer and gyro measurements are affected by various error sources such as
bias, scale-factor, bias drift, axis non-orthogonalities, etc. (Noureldin et al 2012). Although
the mechanization using sensor measurements is straightforward, the inherent errors in
the sensor measurements make navigation using INS more complicated. These sensor
errors are responsible for rapid growth in user position errors with time in INS.
The process of estimating navigation states (position, velocity and attitude) using a set of
differential equations describing the user motion with the raw inertial measurements from
accelerometer and gyro triads is called mechanization. The differential equations used in
estimating the navigation states are given in the next section. Section 2.3 reviews different
integration techniques and describes the integration scheme used in this research for the
assistance of intermittent signal tracking.
2.2.1 INS Mechanization
The input to the mechanization equations are obtained from the IMU which include three
angular rate components provided by the gyros denoted by a 3×1 vector and three
acceleration components denoted by another 3×1 vector. These measurements however
are made in the body frame of the IMU, and the mechanization equations use different
reference frames and involve transformation between various reference frames.
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Therefore, it is worth defining the commonly used reference frames in INS before
progressing.
The inertial frame (i-frame): It is defined as a non-rotating and non-accelerating frame
relative to distant stars (to avoid accelerations caused by proper motion) with its origin at
the Earth’s centre of mass and the following axes definitions:


Z-axis: Parallel to the spin axis of the Earth



X-axis: Pointing towards the mean vernal equinox



Y-axis: Orthogonal to the X and Z axes to complete a right-handed frame

The earth centered earth fixed frame (e-frame): It is a reference frame fixed to the Earth
(that rotates with it) with its origin at the Earth’s centre of mass and the following axes
definitions:


Z-axis: Parallel to the spin axis of the Earth



X-axis: Pointing towards the zero meridian



Y-axis: Orthogonal to the X and Z axes to complete a right-handed frame

The local level frame (LLF or l-frame): It is a local reference frame with the origin at the
centre of user’s navigation system (origin of the accelerometer and gyro triad in INS) and
following axes definitions:


X-axis: Pointing towards the geodetic East



Y-axis: Pointing towards geodetic North



Z-axis: Orthogonal to the reference ellipsoid pointing up
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The body frame (b-frame): It is a local reference frame defined relative to the IMU platform
with the origin of accelerometer and gyro triad as the reference frame origin and following
axes definitions:


Y-axis: Pointing towards the front of the IMU platform



X-axis: Pointing towards the right of the platform



Z-axis: Orthogonal to the X and Y axes to complete a right-handed frame

Mechanization is usually performed in the l-frame and the classical strap-down
mechanization equations in the l-frame are given below (Savage 2000):

 rl  
D-1v l
 l  l
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l
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(2-11)

The overhead dot in the above equations denotes the time derivative of the parameter; l
, i , b in superscripts or subscripts denote the corresponding reference frames; M is the
meridian radius of the Earth’s curvature; N is the prime vertical radius of the Earth’s
l

T
curvature; r is the position vector in the l-frame, r l    h ;

in the l-frame, v l  v E

vN

vl is the velocity vector

vU  ; R b is the rotation matrix from body frame to the l-frame;
l

T

f b is the specific force vector in the b-frame from the accelerometer triad;

gl is the Earth’s

local gravity vector gl  0 0 g  ; bc is a skew-symmetric matrix, which represents
T

a
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the rotation rate of frame ‘c’ relative to frame ‘b’ in frame ‘a’; The skew-symmetric matrix
for angular rate measurements from gyro, ω = x
z

 0

   z
 y


0

x

T

y z  is
y 

x 
0 

iel is the Earth rotation rate in the l-frame, 0 e cos  e sin  T ; ell is the transport
rate, which refers to the change of the l-frame’s orientation relative to the Earth, given by
(Savage 2000)
 v

N
lel  
M  h

vE
N h

v E tan 
N  h 

(2-12)

ibb is the angular velocity vector measured by the gyro triad; ilb is the sum of leb and

ieb .
One can see from Equation (2-11) that the INS estimates the navigation states by
integrating measurements from the IMU. The basic assumption in this form of navigation
called dead reckoning is that the initial navigation states are known. User position and
velocity are relatively easy to obtain from other sensors like GNSS receivers. However,
attitude information is difficult to get and has to be obtained from an initial process known
as alignment or from external sources known as transfer alignment.
Alignment involves two steps, levelling (estimation of pitch and roll) and gyro-compassing
(estimation of azimuth). Levelling makes use of the Earth’s gravity vector and the
acceleration measurements to estimate pitch and roll. Gyro-compassing uses the
estimated values of pitch and roll, Earth’s rotation rate and the gyro measurements along
with the knowledge of initial position coordinates to estimate the azimuth. The equations
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for the initial alignment process and more details can be found in (Noureldin et al 2012).
In low-cost MEMS sensors, the angular rate measurement errors exceed the Earth’s
rotation rate and cannot be used for gyro-compassing. The azimuth in such cases needs
to be obtained from other sensors such as compasses (magnetometers) or GNSS
velocities.
Another assumption made in estimating the navigation states through mechanization
equations is that the measurements from the IMU are error free. However, the
acceleration and angular rate measurements from IMU inherently contain deterministic
and random errors which need to be estimated/modeled accordingly. The process of
estimating the deterministic errors of the accelerometers and gyros either before or during
navigation is known as calibration. The deterministic errors can be calibrated in the
laboratory for a given IMU by making measurements with known accelerations and
angular rates. The simplest and most common method used in estimating two of the main
deterministic errors (bias and scale factor) is a six position static test (Aggarwal et al
2010).
Bias and scale factors are the two major deterministic errors in inertial sensors. The bias
in low-cost MEMS sensors changes from run-to-run and is known as turn-on bias. Large
bias errors in the accelerometer measurements if uncompensated and/or not estimated
2

result in a position error proportional to t where t is the time of the operation of INS in
free navigation mode. The scale factor error is a function of the acceleration experienced.
Similarly for gyros, any uncompensated bias and scale factor error results in a position
error proportional to t

3

(Noureldin et al 2012). Therefore, gyro errors are more critical
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than accelerometer errors in inertial navigation and needs to be estimated and modeled
properly.
The IMU errors also have a stochastic part that needs to be modeled properly for optimal
navigation performance in INS. Most navigation systems using INS get regular updates
from external sensors to mitigate the position error drift issue and using a GNSS receiver
for updates when available is the most widely used solution. The integration Kalman filter
usually estimates the deterministic errors and models the stochastic part. Defining the
sensor error models and tuning the process noise is the most critical factor that affects
the navigation performance in GNSS/INS systems.
2.3 GNSS and INS integration
GNSS position errors are noisy but bounded whereas INS position errors are relatively
accurate over short time intervals but grow rapidly. The complementary characteristics of
GNSS and INS can be used to improve the positioning accuracy for kinematic users by
integrating the two systems (e.g. Abdel-Hamid 2005, Petovello 2003, Grewal et al 2001).
Advances in MEMS technology, leading to smaller and low cost MEMS sensors, has
resulted in significant amount of work done in this area over the past decade (AbdelHamid 2005, Godha 2006, Collin 2006). The complementary properties of GNSS and INS
drive the integration of the two systems. However, MEMS sensors are known to have
very poor error characteristics, making them unviable for longer GNSS data outages and
they need to be continuously updated with valid GNSS position and velocity coordinates.
Integration of two or more sensors is typically accomplished using Kalman filter (KF) (e.g.,
Petovello 2003, Grewal et al 2001). It is generally employed for GNSS and INS data fusion
due to its simplicity as a linear estimator. The integration is generally accomplished in
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three modes, namely loose, tight and ultra-tight coupling, in the order of increased
complexity and navigation performance (Noureldin et al 2012). The three integration
strategies differ in the amount of information shared between GNSS and INS, and the
level of inter-dependency to provide navigation solutions.
2.3.1 Loosely coupled integration
GNSS and INS use separate navigation filters in loose coupling and their raw
measurements are processed separately. The integration of the two systems happens at
the navigation solution level in this method. The difference between GNSS and INS
position and velocity outputs are used as measurement updates in the KF. The position,
velocity and the attitude increments from the INS mechanization are used in the prediction
stage of the Kalman filter to obtain the best available estimates at that time. The state
vector of the Kalman filter in loose coupling usually includes errors in position, velocity,
attitude, accelerometer biases and gyro drifts (Noureldin et al 2012).
Loose coupling is the most commonly used integration scheme due to its simplicity as the
integration does not require access to the internal working of either system. The drawback
of this method is that when GNSS receiver does not output a solution (e.g., less than four
satellites in a GPS receiver), the measurement updates are not available, resulting in a
drift in the INS only navigation solution. To overcome this problem, a Kalman filter can be
used as a navigation filter in GNSS receiver to output solution with partial visibility thus
providing regular updates.
2.3.2 Tightly coupled integration
In tightly coupled integration the raw measurements from GNSS receiver (pseudoranges
and pseudorange rates) are used for integration with INS as shown in Figure 2-7.
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Figure 2-7: Tightly coupled GNSS/INS integration

The difference between the INS computed pseudoranges and measured GNSS
pseudoranges, and the differences of INS pseudorange rates and GNSS pseudorange
rates are used as measurement updates to the Kalman filter. This integration requires
access to the receiver ephemeris. The state vector of Kalman filter has two additional
states compared to loose coupling, namely the clock bias and clock drift of the receiver’s
oscillator. The optional corrections shown as dotted lines in Figure 2-7 are provided to
limit the error in position, velocity, attitude and the sensor errors. However, with low quality
sensors the navigation state errors grow rapidly and these corrections must be applied to
satisfy the small error assumptions due to linearization of the system model.
Tightly coupled integration has several benefits over the loosely coupled integration. First,
the filter gets measurement updates even with partial visibility in cases where a least
squares estimation is used for GNSS processing which is not possible with loosely
coupled integration. Second, fault detection and isolation is improved in tightly coupled
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integration as individual GNSS measurements can be isolated. However, these
improvements come at the cost of increased design and computational complexity.
2.3.3 Ultra-tight integration
Ultra-tight integration of GNSS and INS is in essence a tightly coupled system with vectorbased tracking (Petovello & Lachapelle 2006). The navigation solution from the
integration Kalman filter drives the NCO and controls the tracking loops instead of the
predicted position and velocity solution being projected on to the line of sight vector.
The system performance is greatly improved in this integration in terms of navigation
states’ accuracy in degraded signal environments, weak signal tracking, signal tracking
in the presence of interference, and fault detection and isolation in GNSS measurements.
However, these benefits are achieved only when the IMU’s noise characteristics are
properly modeled, otherwise signal tracking performance may become noisier.
Improvement in positioning performance is not the only benefit offered by GNSS/INS
integration. The position and velocity updates from INS during GNSS signal outages in
tight-integration can aid in seamless tracking of GNSS signals, which can also be
exploited for intermittent tracking to conserve power. Recent advances in MEMS
technology has enabled the integration of inertial sensors with handheld electronic
devices, smartphones and other portable devices without significantly increasing size,
cost and power. Therefore, MEMS-based IMUs can be integrated with GNSS to leverage
the positioning and power performance benefits owing to their lower power consumption.
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2.3.4 Power consumption of MEMS Sensors
Based on the development of power consumption equations in Section 2.1.5, with the use
of inertial sensors for aiding intermittent tracking, the power consumed in the receiver
given by Equation (2-10) can be modified as

Pcyclic   DRx  Pcont  Pins

(2-13)

where Pins is the additional power consumed by adding inertial sensor aiding, DRx is the
duty cycle of the GNSS receiver as given by Equation (1-2) denoted with a subscript “Rx”
to identify it as that due to receiver power consumption and Pcyclic  is the power
consumption in the receiver with inertial sensor aiding. Pins can be further written as

Pins  Pacc  Pgyro  Pmech  PKF

(2-14)

where Pacc is the power consumption of accelerometer triad, Pgyro that of gyro triad, Pmech
power consumed due to mechanization and PKF due to the implementation of the Kalman
filter to integrate GPS and IMU measurements.
Assume that the minimum feasible duty cycle for a given receiver and user dynamics is
D . Using low power inertial sensors it is possible to reduce the duty cycle DRx to a value

lower than D such that Pcyclic  < Pcyclic .Table 2-2 lists some of the MEMS sensors useful for
navigation that are available on current smartphones and their power consumption.
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Table 2-2: Average power consumption by MEMS sensors on smartphones

Sensors

Power
consumption

3-axis
3-axis
accelerometer
gyroscope
STMicroelectronics InvenSense
(2013)
(2013)
< 100 uW

< 11 mW

Electronic
compass
AKM
(2013)

Pressure
sensor
Bosch
(2015)

< 1 mW

< 100 uW

One can observe from Table 2-2 that gyroscope is the sensor responsible for relatively
higher power consumption in an IMU. In fact, gyroscope power consumption is higher
than that of the least power consuming GPS receiver chip. However, depending on the
application and required position accuracy performance, power consumption in GNSS
receivers varies from a few milliwatts to tens of milliwatts. The MEMS gyroscopes of such
quality can be used in moderate performance applications where the receiver consumes
power of tens of milliwatts. This research uses IMUs with similar error characteristics as
the ones listed in Table 2-2 to investigate position and power performance improvements
in intermittent signal tracking.
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Intermittent Signal Tracking
This chapter provides a detailed treatment of intermittent signal tracking in GNSS
receivers. It begins with the description of intermittent tracking, and the terminology and
approach used in this thesis. The theory of operation of an intermittently tracking receiver
using a standard receiver architecture is explained in the next section. The feasibility
analysis of intermittent signal tracking at a given duty cycle (i.e., to yield similar position
accuracy performance as that of continuous tracking) is performed in Section 3.2.
Although it is desirable to save power by reducing duty cycles in GNSS receivers, it is
important not to compromise on the position accuracy performance in many applications.
The role of signal parameters’ prediction errors in intermittent signal tracking and their
characteristics are then described. Finally, the chapter ends with measurement and
positioning error results of an intermittent signal tracking receiver and verification of the
feasibility analysis developed.
3.1 Operation
GNSS receivers using intermittent tracking periodically switch off their RF front-ends and
signal processing over a finite duration between solution updates. These active and sleep
cycles are depicted in Figure 3-1. The solution update interval (TPVT) is the time interval
between position and velocity updates. The duty cycles defined in this thesis are a
percentage of the solution update interval.
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Figure 3-1: Graphic depiction of intermittent tracking

During the active cycle, the receiver needs (or tries) to catch-up with the incoming signals’
code phase and Doppler in order to maintain signal tracking and produce accurate
estimates of pseudorange and its rate. However, the required pull-in time will be longer if
the tracking loop starts with the estimated signal parameter values at the end of the
previous active cycle. Longer pull-in times increase the required active cycle duration,
which in turn increases the duty cycle and results in limited power conservation.
To mitigate this effect, the receiver can use vector-tracking based principles to predict
and then initialize the signal parameters with the knowledge of the previous user position,
clock bias, user velocity and clock drift (Spilker 1996). Intermittent tracking with vectorbased initialization is depicted in Figure 3-1. However, note that vector tracking is not
used during the receiver ON period in this research. The receiver tracking loops need to
reduce the prediction errors to the steady state tracking noise (commonly known as
tracking jitter) of the signal parameters to achieve position accuracy equivalent to a
continuously tracking receiver. An example of Doppler error convergence in a real
receiver is illustrated in Figure 3-2. The FLL jitter of a continuously tracking receiver is
shown in cyan color to understand the concept. The step error in this figure is the
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prediction error that the receiver is trying to reduce to the FLL jitter of the continuously
tracking receiver. This method of vector-initialized tracking enables the designer to reduce
the duty cycles compared to tracking with previous epoch’s signal parameter estimates,
thus reducing the power consumption.

Figure 3-2: Doppler prediction error convergence to steady state error in intermittent
tracking for 20% duty cycle for one satellite in a GPS receiver

The navigation performance and the feasibility of duty-cycled operation in a standard
receiver employing PLL/FLL and DLL for carrier and code tracking depends on the
accuracy of the pseudorange (code phase) and pseudorange rate (carrier Doppler)
observations. The accuracy of these observations in turn depend on the accuracy of
predictions at the start of the ON period. The user position and velocity accuracies that
can be achieved, and thus the minimum possible duty cycles in intermittent tracking, are
a function of the prediction accuracies. The next section discusses the theory of operation
of intermittent signal tracking and prediction errors, and develops equations for the
required parameters important in intermittent tracking.
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A note about data bit decoding in intermittent signal tracking is first in order. The fact that
the receiver will not be tracking the signals for brief durations in intermittent tracking
means data bit decoding will be adversely impacted. If the OFF durations are less than a
data bit period (e.g., less than 20 ms for GPS L1 C/A), data bit decoding may still be
possible but likely with a higher bit error rate (due to shorter coherent integration and
larger tracking errors). If the OFF durations are longer than a data bit period (as is the
case herein) there is no way to decode the “missed” data bits because they have not even
been sampled by the front-end. As such, in this research the navigation data is assumed
to be available, either from having decoded it when the receiver operated in continuous
mode prior to intermittent tracking, or from external sources (e.g., cellular networks).
3.2 Theory
Unlike the case of a continuously tracking receiver, intermittent tracking temporarily stops
the tracking process during OFF periods and then resumes it during ON periods. At the
start of an ON period, the NCO values have to be predicted based on information from
the end of the previous ON period. In general, the predicted value will be sufficiently
erroneous (i.e., the difference relative to the received signal will be sufficiently large) that
it will induce a transient response in the tracking loop. This section examines the effect of
this transient on the estimated signal parameters.
To minimize the tracking loop transient time, errors in the predicted NCO value should be
as small as possible. This is accomplished in this work by using vector-based approaches
to predict the change in the NCO value from the end of the last ON period (Spilker 1996,
Zhao and Akos 2011). For code tracking, this is based on predicting the change in user
position and receiver clock bias (ultimately change in pseudorange), whereas Doppler
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tracking is dependent on predicting the change in user velocity and clock drift (change in
pseudorange rate).
Figure 3-3 shows a timeline of events in intermittent tracking (specific terms are defined
below). The time epochs k-1, k and k+1 are instants where the receiver switches between
ON and OFF states; these are not evenly spaced in general, but this does not detract
from the following development.

Figure 3-3: Graphic depiction of intermittent tracking; notations shown for signal
parameter and error along with the timeline

For a particular signal parameter, x { , f } where  is code phase and f is Doppler
shift, the predicted NCO value can be written as
pred
pred
xkpred  xkNCO
1  xnav  xclk

(3-1)

pred
NCO
where xk is the predicted NCO value at the start of the current ON period, xk 1 is the
pred
NCO value at the end of the previous ON period, xnav is the change in the signal

parameter over the OFF period predicted from the receiver’s estimated position and/or
pred
velocity using vector-based approaches, and xclk is the change in the signal parameter

over the OFF period predicted from the receiver’s estimated clock error (i.e., clock bias
NCO
or clock drift). It is important to note that xk 1 is obtained from signal tracking and in a

continuously operating receiver would contain tracking jitter.
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For code phase tracking, the predicted change in code phase due to position and velocity
is
pred
xnav

x 

pred
  nav
 P pred  e

(3-2)

where P pred is the predicted change in the receiver’s position (herein computed using
a constant velocity model but higher order predictions are possible) and e is the unit
vector pointing from the receiver to the satellite. Analogously, for Doppler tracking
pred
xnav

x f

pred
 fnav
 V pred  e

(3-3)

where V pred is the predicted change in the receiver’s velocity (again, assumed here to
be constant). For details on computing P pred and V pred , and prediction of changes in
clock bias and drift, refer to Zhao and Akos (2011).
Assuming that true values for each term in Equation (3-1) are available, the error in the
predicted NCO value is given by
pred
pred
 xkpred   xkNCO
1  xnav  xclk

(3-4)

NCO
pred
where  xk 1 is the tracking error at the end of the previous ON period, xnav is the error

in the predicted signal parameter over the OFF period due to errors in the receiver’s
pred
estimated position and/or velocity and the dynamic model, and xclk is the error in the

predicted signal parameter over the OFF period due to prediction errors in the receiver’s
clock parameter.
3.2.1 Feasibility analysis
In order to avoid introducing additional errors relative to the continuous-tracking case, the
FLL and DLL in an intermittent tracking receiver should have sufficient time to settle to
their steady state errors (i.e., tracking jitter) before the end of the receiver ON period. This
section develops equations to determine when this is feasible, that is when an intermittent
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tracking receiver can provide solutions that are statistically equivalent to that of a
continuously operating receiver.
Before deriving the equations, some key concepts that will be elucidated below are
summarized. Figure 3-4 shows the prediction errors of different satellites and their
convergence during the receiver ON period. Prediction errors at each epoch are generally
non-zero mean due to clock effects. It can be seen that the prediction errors do not
necessarily converge to the true value (i.e. to zero) before the end of the ON period. From
a navigation perspective, a non-zero mean at the end of the ON period will not affect the
position and/or velocity accuracy; in least squares estimation the common errors are
absorbed as clock bias or clock drift and in Kalman filtering the clock states could be
modeled to accommodate this additional error. In this light, it is the standard deviation of
the errors at the end of the ON period that will determine the position/velocity errors
relative to the continuous tracking case (where the standard deviation is defined by the
tracking jitter). With this in mind, equations for the standard deviation (variance) of the
errors at the start and end of the ON period are derived below but the effect of the clock
is excluded because it affects all satellites equally and thus contributes the clock error
only.
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Figure 3-4: Illustration of error convergence for different satellites; the spread in the
converged error unchanged for different mean errors for a given standard deviation in
prediction errors

The derivations begin by computing the statistics of the prediction errors given by
Equation (3-4), starting with the mean. The first term on the right hand side of
Equation (3-4) is the tracking jitter which is known to follow a zero mean Gaussian
distribution (Ward et al 2006, Spilker 1996). The second term is zero mean because, with
reference to Equations (3-2) and (3-3), the position and velocity errors are nominally zero
mean and the approximately even distribution of satellites in the sky implies the unit
vectors are uniformly distributed. This implies that the projection of the position/velocity
errors onto the unit vectors should also be zero mean. The third term is common to all
satellites tracked and thus manifests itself as a bias in prediction error. Therefore, the
mean of the prediction error is given by



E  xk

pred



pred
x

  xclk
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pred

(3-5)

The variance of the prediction errors is given by the sum of the tracking jitter variance,

 N2 , and the variance of the error in the predicted parameter due to errors in
position/velocity prediction,  2nav , as



VAR  xk

pred



2

N

   nav   xpred
2

2

(3-6)

As discussed at the start of this sub-section, the variance of the clock does not enter into
this equation because the clock only contributes a mean error, which is absorbed by the
estimated clock states. Expressions for tracking jitter in 2nd order FLL and 1st order DLL
are given by Equation (2-6) and Equation (2-7).
The instantaneous prediction error at the start of each ON period is considered to be a
step error to the control loops in determining the convergence. Although higher order
effects are present (e.g., rate of change of a parameter), changes in these values over
the relatively short OFF periods considered in this work are minimal. As such, the step
input can be reasonably assumed to represent the dominant effect of the transient
response. With this in mind, the transient response of a loop to a unit step input decays
to zero with increasing time and can thus be generically expressed as

 xk t   xkpred  decay (t )

(3-7)

where decay (t ) is the transient response of the tracking loop after a given time t .
In the current context, the key point is that for a given tracking loop configuration and ON
duration, TON , the term decay (TON ) is a deterministic constant. Thus, the statistics of the
prediction errors given by Equations (3-5) and (3-6) can be used to derive the statistics
of the tracking errors as follows:
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E  xk 1  E  xk

pred

  decay (T

ON



(3-8)

)

2
VAR  xk 1   max  xpred
 decay (TON ) , N2
2



(3-9)

where the “max” operator is needed in Equation (3-9) because the decay in
Equation (3-7) is a deterministic behaviour that would ultimately converge to zero, but in
reality the tracking loop will always have a minimum variance (in steady state) equal to
its tracking jitter due to noise in the inputs and a non-zero loop bandwidth. In other words,
intermittent tracking is deemed to be feasible if, for a given TON, VAR  xk 1   N2 .
Before moving on, it is important to note that Equation (3-7) and the subsequent
development only applies if the magnitude of  xk

pred

is less than the pull-in range of the

corresponding discriminator—the maximum error that can be accommodated while still
driving the NCO to the correct signal parameter. If the prediction error is larger than the
pull-in range, the tracking loop will either converge to a wrong value or fail to track
altogether. The pull-in range for Doppler is inversely proportional to the coherent
integration period ( Tcoh ) whereas the code phase pull-in range is related to the receiver’s
correlator spacing (Ward et al 2006).
3.2.1.1 Computation of prediction errors
In order to evaluate Equation (3-9) and thus assess the feasibility of intermittent tracking
for a given TON, it follows that one needs to know the standard deviation of prediction
errors. Ideally, this would be known or estimated in real-time. In this work however, the
prediction errors are computed by comparing predicted NCO values against those of a
continuously tracking receiver as follows:
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 xˆkpred  xkpred  xˆk
 ~ N(0, N2 )

xˆk  xk  
where  xˆ k

pred

(3-10)

is the computed prediction error, xˆ k is the estimated signal parameter value

at the start of the TON period in a continuously tracking receiver, xk is the true value of
the signal parameter and



is the tracking error. The errors in parameters on the right

hand side of Equation (3-10) can be reasonably assumed to be independent and thus
one can write
2
2
ˆ xpred
  xpred
  N2

where ˆ xpred is the computed standard deviation of the prediction errors (i.e., the
standard deviation of the values computed from Equation (3-10). The true prediction error
variance of the signal parameter is thus computed as

2
2
 xpred
 ˆ xpred
  N2

(3-11)

2
ˆ xpred
is computed in two steps. First, the mean prediction error at each epoch is

computed and removed from the prediction errors at that epoch. This is needed because
the observed prediction errors will contain some clock errors, but as discussed above,
these are not relevant when computing the variance. Second, compute the variance of
the mean-removed prediction errors across all epochs.
Finally, open sky signal environments are considered in the following tests in this chapter
where all the satellites tracked have nearly the same C/N0, and thus nearly the same
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tracking jitter. As such, prediction error variances were computed from Equation (3-11)
for all satellites simultaneously by using a single value of  N .
2

3.3 Test Description
Tests are performed for three different user motion scenarios in open sky environments
to verify the intermittent signal tracking feasibility theory developed in this chapter. The
first scenario is a stationary user and the other two scenarios consider kinematic user
cases, namely pedestrian and vehicular motion. The following sections describe the test
set-up, methodology and the position error results in intermittent signal tracking and
continuous tracking cases. The reference position and velocity solutions are obtained
using the Novatel SPAN receiver integrated with a tactical grade IMU in tightly coupled
mode in kinematic use cases.
The tests are performed in only two kinematic use cases in this research. However, there
are many applications where the power consumption is critical (e.g., bikers with location
pods, unmanned aerial vehicles, robots, etc.) and the intermittent tracking analysis
presented here is generic and applicable to all.
3.3.1 Test set-up
The GPS IF data is collected continuously using the SiGe GN3S sampler (SiGe 2013), a
low cost RF front-end representative of mass-market applications. The IF data is
processed later in continuous and intermittent mode with different duty cycles and TPVT.
Tracking and position performance of intermittent tracking compared with continuous
tracking can thus be performed with the same IF data. It is assumed that start and stop
epochs of ON and OFF durations are maintained by an internal timer and known to the
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receiver. For example, the intermittent tracking of the IF data is synchronized with 1 s
epochs from the GPS receiver in this research. However, one can use arbitrary timing
epochs to maintain the start of ON and OFF durations and switch the receiver ON and
OFF accordingly. Table 3-1 gives the list of test equipment and the data collection details.
Table 3-1: Test equipment and data Collection Details

Item

Details

Antenna

Novatel 702 GG, GPS GLONASS dual frequency antenna

RF front-end

SiGe GN3S sampler v3

IF

1.364 MHz

Front-end bandwidth,
Sampling rate

2.7 MHz, 5.456 Msps real sampling

Quantization bits

2

In the stationary user test, the user antenna is located at a surveyed (WGS84) location
on the rooftop of a building. The data is collected for about 20 minutes. The surveyed
antenna location is taken as the true user position in computing position errors. The
pedestrian IF data is collected in an open sky environment (soccer field) for about 10
minutes. The user antenna is mounted on a backpack carried by a tester as shown in
Figure 3-5a. The user trajectory during the pedestrian test is shown in Figure 3-5b. The
antenna and the tactical grade IMU are mounted on a wooden board on top of a car during
vehicular data collection. The vehicular IF data is collected in an open sky area for about
20 minutes.
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(b)

(a)

Figure 3-5: Pedestrian test set-up, (a) User carrying an antenna, RF front-end, a laptop to
store IF data and reference navigation system on a backpack in an open sky
environment, and (b) the ground trajectory

The heading and speed in the pedestrian and vehicular scenarios given in Figure 3-6 and
Figure 3-7 give an idea of the user motion during the tests. The dynamics are typical of
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Figure 3-6: Heading and speed in pedestrian test
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Figure 3-7: Heading and speed in vehicular test

When processing the digitized IF data, various duty cycles are considered for the analysis
from 80% to 10%. The receiver RF front-end is not physically turned OFF and ON for duty
cycled tracking in this work but instead the digitized IF data is processed intermittently.
The continuous tracking case is included for comparison and serves as a reference for
comparing the duty cycled receiver performance. The IF data is also processed with
different solution update rates to analyse the effect of the solution update intervals on the
convergence and assess the feasibility.
The position and velocity solutions in all the tests are computed using least squares
estimation so as to avoid any effects associated with Kalman filter. The code discriminator
uses a chip spacing (  ) of 0.8 in the receiver for all scenarios for the test IF data. PVT
output from this system (obtained with differential corrections applied to pseudorange
measrements) is used for comparing the user position and velocity of the receiver in cyclic
tracking mode with various duty cycles and also the receiver in continuous tracking mode.
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The reference system’s 3D RMS position accuracy of a few centimetres is sufficient for
comparing the code phase based position performance of the receiver.
3.3.2 Test methodology
Intermittent tracking operation of the receiver is implemented in GSNRxTM (Petovello et
al 2008b), a software-based GNSS receiver developed in the PLAN (Position, Location
And Navigation) Group. The software was modified to implement intermittent signal
tracking with user defined duty cycle using standard signal tracking architecture based on
a 1st order assisted DLL and 2nd order FLL for tracking code and carrier, respectively.
The receiver switches to intermittent tracking mode after bit synchronization and
navigation frame synchronization is achieved on all tracking satellites.
The performance analysis and comparison with theoretical results are carried out using
the above software receiver in post-mission. The performance of the duty-cycled
operation is evaluated for a given data set by comparing the results with a continuously
tracking version of the receiver. Pseudorange and Doppler measurement noise is used
to assess the tracking performance. The position accuracy performance is assessed by
comparing the biases and standard deviations of position errors in the Local Level Frame
(LLF) in the East, North and Up (ENU) directions. The overall position performance is
assessed by computing the 3D Root Mean Square (RMS) position errors of the
intermittently tracking receiver and comparing them with those of the continuously
tracking receiver. Mean, standard deviation and 3D RMS errors will be used to assess
the positioning performance.
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3.3.3 Receiver configurations and data Processing
As mentioned in the previous section, GSNRxTM was modified to process GPS IF data in
this research. The following block diagrams provide the configurations in which the
receiver is used to extract signal parameters for computing prediction errors and also to
compute position errors. Figure 3-8 shows the receiver configuration used to compute the
prediction errors in code phase and Doppler. The signal parameters are predicted when
the receiver runs in continuous mode to avoid any effects due to duty cycling as the
statistics computed are used to determine the feasibility. The predicted signal parameters
for a given TOFF duration (depending on the TPVT and duty cycle input to the receiver) are
extracted from the receiver along with the estimated signal parameters from the DLL-FLL
tracker at the same instant. These values are used at every epoch to compute the
prediction errors and their statistics as given by Equation (3-10) and Equation (3-11). In
order to perform a feasibility analysis, this process is repeated for different TOFF durations
that correspond to various duty cycles and TPVT intervals.

Figure 3-8: Computation of prediction errors using GSNRxTM for feasibility analysis

Figure 3-9 shows the receiver modified to track in intermittent tracking mode, in this case
the GNSS observations from the receiver are recorded for further processing. Note that
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the PVT solution from the receiver outputs in Figure 3-8 and Figure 3-9 are not directly
used to compare the position accuracy performance with various duty cycles.

Figure 3-9: Modified GSNRxTM receiver used in intermittent tracking mode

Instead, differential corrections are applied to the observations recorded from the
continuous and intermittent tracking receivers to correct for atmospheric propagation
errors and satellite clock errors. Otherwise, the effect of duty cycling may act in such a
way as to correct for atmospheric errors (in cases where DLL’s code tracking error
negates the atmospheric delay error for some observations) and mislead the position
accuracy analysis.
PLAN-nav, a C++ software also developed in the PLAN Group, is used to generate the
differential corrections with the base station GNSS observations and coordinates as
inputs in the reference station configuration. The same software (in rover configuration)
is also used to estimate user position and velocity with least squares estimation as shown
in Figure 3-10 for the user application. The user position obtained from PLAN-nav with
observations for various duty cycles are used to assess the position accuracy
performance.
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Figure 3-10: User position estimation with differential corrections, GNSS code phase
observations and ephemeris, using least squares estimator for position accuracy
analysis

The GPS IF data processing parameters are given in Table 3-2. The specific coherent
integration time used to process data for each test is given later.
Table 3-2: Data processing parameters

Receiver Parameter
Tracking loops
Tracking loop bandwidths
Coherent integration time
Early-Late chip spacing
Solution update intervals
Duty cycles

Details
2nd order FLL and 1st order FLL assisted DLL
6 Hz in FLL, and 0.2Hz or 1.1 Hz in DLL
5 ms or 10 ms as appropriate
0.8 chips (front-end bandwidth 2.5 MHz)
1 s, 2 s, 5 s, 10 s
80%, 70%, 60%, 50%, 40%, 30%, 20% and
10%

3.4 Prediction Errors in different use cases
This section examines how the computed prediction errors behave in time domain in
different user applications and their distribution. It is important to know the factors
affecting the prediction errors in different use cases and how they affect the convergence.
For example, common errors in Doppler in all satellites due to oscillator effects in
pedestrian applications can potentially cause the prediction errors to exceed the pull-in
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range of the FLL discriminators used in tracking loops. The acceleration exerted on the
crystal during a pedestrian motion induces frequency offsets in the local oscillator (due to
crystal’s sensitivity to acceleration) leading to Doppler errors in all satellites tracked.
Accelerations in pedestrian motion arise due to the human gait cycle (heel rise and
landing) which couples with Earth’s acceleration due to gravity; the crystal acceleration
sensitivity is also commonly known as g-sensitivity. Later, prediction error analysis in the
stationary use case gives an insight into the different factors affecting the prediction and
how they can influence convergence.
Figure 3-11 shows the histogram of Doppler and code phase prediction errors for some

Count

receiver OFF periods in stationary and vehicular user cases.

(a)

Code phase error (m)

Doppler error (Hz)

Code phase error (m)

(b)

Count

Doppler error (Hz)

Doppler error (Hz) (c)

Code phase error (m)

Doppler error (Hz)

(d)

Code phase error (m)

Figure 3-11: Histogram of prediction errors for different user scenarios: (a) stationary
and TOFF = 0.2 s, (b) stationary and TOFF = 0.9 s, (c) Vehicular motion and TOFF = 0.2 s, and
(d) Vehicular motion and TOFF = 0.9 s
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3.4.1 Clock effects on prediction errors
A time-series of code phase and carrier Doppler prediction errors for a stationary user
scenario is shown in Figure 3-12.

Figure 3-12: Time series of computed carrier Doppler and code phase prediction errors in
stationary user scenario for TOFF = 0.2 s

A time-series of code phase and carrier Doppler prediction errors for a pedestrian user
case is shown in Figure 3-13; the plots show that the prediction errors are large compared
to the stationary case. However, a closer look at Figure 3-13 reveals that the prediction
errors in code phase and carrier Doppler of all satellite signals are biased at each epoch.
Furthermore, the errors do not accumulate in a single direction and always remain around
the true value as illustrated in Figure 3-4 (since the crystal experiences both acceleration
and deceleration during a human gait cycle). The predicted error deviation at each epoch
is due to the g-sensitivity effect on the clock used in the GPS receiver front-end (Bhaskar
et al 2012) and it aligns with the period of human gait cycle of the user.
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Figure 3-13: Time series of computed carrier Doppler and code phase prediction errors in
pedestrian user case for TOFF = 2.5 s

As mentioned in Section 3.2, common errors in code phase and Doppler do not have any
effect on user position and velocity solution and end-up in the user clock bias and drift in
least squares estimation. The same argument applies for Kalman filtering, but care would
have to be taken to properly model the increased variation in the filter’s stochastic model.
Therefore, the prediction errors are computed by removing the mean in the code phase
and carrier Doppler prediction errors at each epoch. This way the common clock effects
on code phase and carrier Doppler prediction errors due to the g-sensitivity of the TCXO
are eliminated. Time-series of code phase and carrier Doppler prediction errors after
removal of clock effects are shown in Figure 3-14a. Figure 3-14b shows the histogram of
the prediction errors. The prediction error standard deviations are computed on the
samples shown in Figure 3-14a.
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Figure 3-14: Carrier Doppler and code phase prediction errors in pedestrian user
scenario after removal of common bias for TOFF = 2.5 s (a) time-series and (b) Histogram

3.4.2 Prediction errors in Stationary user case
The prediction errors in code phase consist of errors due to tracking jitter, signal prediction
errors (resulting from navigation prediction errors) and clock errors as given by
Equation (3-4). However, when prediction errors are computed for convergence analysis,
the reference code phase used is from a continuously running receiver as given by
Equation (3-10). Note that the continuously tracking receiver would also have tracked
multipath during the receiver OFF period. The change in multipath in stationary user
cases is slow and does not have noise like characteristics. However, in kinematic
scenarios, multipath changes rapidly and exhibits some noise like characteristics (e.g.
Olynik et al 2002).
The code-minus-carrier combination is generated using observations from the
continuously tracking receiver and is used to compute statistics for the change in
multipath (Blanco-Delgado & de Haag 2011) during the receiver OFF period in the
stationary user test. The statistics generated here help the analysis of errors due to
change in multipath for different use cases and are neither used nor required in the regular
operation of intermittent receiver. The code-minus-carrier observations contain the code
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and carrier multipath errors, code and carrier phase noise, twice Ionosphere delay and a
constant integer ambiguity. Assuming that the carrier phase noise and carrier multipath
are insignificant for code measurements and Ionosphere delay does not change over OFF
duration, one can get the code phase multipath error as

  M  N
   k  k 1   M   N

N (0,  M 2  2 N 2 )

where  is the code-minus-carrier observation in metres,
phase multipath,

 N the code phase tracking jitter, 

multipath over the receiver OFF period and

N2

2
M

M

the error due to code

the variance of the change in

the thermal noise variance. The variance

of the change in multipath is obtained by subtracting twice the variance due to thermal
noise from the variance of samples obtained by  .
The variance of the final prediction error obtained in Equation (3-11) contain the errors
due to change in multipath over the receiver OFF period. One can subtract the variance
of error due to change in multipath enabling segregation of the computed 1σ prediction
errors in Equation (3-10) into components due to (i) change in multipath and (ii) other
errors as given by Equation (3-4). The errors so segregated are shown in Figure 3-15.
One can see that the 1σ prediction errors due to change in multipath in the stationary
scenario exceeds the 1σ error due to user motion uncertainty when compared to the other
two kinematic cases. These observations help explain some of the results in
Section 3.5.1.
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Figure 3-15: 1σ prediction errors due to change in multipath and user motion uncertainty
in three user cases for TPVT = 1s

3.5 Results and Analysis
Measurement and position error results for the three user motion cases described in the
previous section are presented in this section. It is necessary to first explain how the
theoretical values of DLL and FLL jitter of the continuously tracking receiver are obtained
in the tests performed. Since C/N0 is approximately constant across satellites in the open
sky test environment one can consider the average DLL and FLL jitter over the duration
of the test. Furthermore, as the feasibility analysis is performed to give position and
velocity performance equivalent to that of a continuously tracking receiver, one needs to
consider the average of the jitter values across all the satellites used in estimating user
position and velocity solution. The tracking jitter in FLL and DLL at every epoch is
computed using Equations (2-6) and (2-7) in each scenario for all tracking satellites using
the instantaneous C/N0 as input. The tracking jitter values are averaged over all the
epochs across the satellites to compute a single jitter value and are listed in Table 3-3.
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The receiver in intermittent tracking mode with different duty cycles attempts to converge
from the prediction errors to these steady state DLL and FLL jitter values.
Table 3-3: Tracking jitter computed for the three user cases

Scenario

DLL tracking jitter (  DLL )
m

FLL tracking jitter (  DLL )
Hz

Stationary

0.70

0.68

Pedestrian

0.49

0.53

Vehicular

0.92

1.23

3.5.1 Stationary user
This section describes the feasibility of different duty cycles and positioning error results
for the stationary user test. The coherent integration time used in processing the data is
10 ms.
3.5.1.1 Prediction errors and convergence
Figure 3-16 shows the standard deviations of code phase prediction errors for the
stationary user case for four different receiver OFF periods. Prediction errors are a
function of both the navigation prediction error over the OFF period and the code phase
estimation accuracy, due to the manner in which the code phase is predicted as given by
Equation (3-1), Equation (3-2) and Equation (3-3).
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Figure 3-16: 1σ code phase prediction errors for different receiver OFF periods in
stationary user case

The prediction errors in code phase increase with receiver OFF period. For a stationary
user case this is potentially due to the velocity errors (ideally the velocity should be zero)
and the change in multipath over the receiver OFF period. Change in multipath over the
receiver OFF period has a higher contribution to the prediction errors as described in
Section 3.4.2.
Convergence of the code phase prediction errors during the receiver ON period is shown
in Figure 3-17. Different receiver OFF periods correspond to different duty cycles for TPVT
of 1 s as shown. Convergence of these prediction errors during the receiver ON period is
shown with different colors and the legends are shown in the figure. The error
convergence plots are obtained analytically from the transient response of 1 st order DLL
used in the code tracking loop given by Equation (2-2). The steady state code phase error
(DLL thermal noise) of a continuously tracking receiver for the given loop parameters is
indicated as a black trace for reference.
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The prediction error for a 0.2 s receiver OFF period (i.e., 0.8 s receiver ON period or 80%
duty cycle) converged to the DLL thermal noise during the receiver ON period and
therefore the receiver can give pseudorange accuracy equivalent to a continuously
operating receiver for this duty cycle. For the other duty cycles one can observe that the
error at the end of receiver ON period does not reach the DLL thermal noise. Therefore,
duty cycles less than 80% are deemed to not give pseudorange accuracy equivalent to a
continuous receiver and thus not feasible. The minimum feasible duty cycle lies between
80% and 70% from this analysis. However, if one can compromise with position accuracy
other duty cycles can also be used.
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Figure 3-17: Code phase prediction errors and their convergence for stationary scenario

Standard deviation of the Doppler prediction errors for the duty cycles considered in the
stationary user case are almost same or less than the FLL thermal noise. This result is
expected since the dynamic model is perfect for the stationary use case which considers
the user velocity to be constant, as described in Section 3.2. It also suggests that once
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the local clock drift is known, the receiver ON period is not required for FLL and the
incoming signal Doppler can be tracked using the predicted Doppler with satellite
ephemeris information from the navigation data.
However, the change in the user clock drift in the TCXO over time (much smaller in
magnitude relative to the Doppler thermal noise) cannot be predicted by the receiver. The
predicted Doppler error is almost same as the FLL thermal noise for all the duty cycles
analyzed and the change in Doppler due to clock drift was not seen because of its much
smaller magnitude (e.g., a change in drift of 0.1 Hz/s would not be seen when the Doppler
prediction errors for all TOFF periods within 1 s are around 0.7 Hz). Over a long duration
(a few minutes), the change in the clock drift can introduce enough Doppler error (when
it increases to a value greater than the pull-in range of FLL) resulting in loss of lock on all
satellite signals. The receiver’s carrier tracking loops need to be ON for a brief duration
within the solution update interval to track the small change in the user’s clock drift. Note
that the change in clock drift of the oscillator depends on the type of oscillator (and
temperature variation) and this problem may not occur (or may take a long time for the
receiver to lose lock) when using a more stable oscillator like an OCXO compared to a
TCXO
One can investigate the measurement errors in duty cycled receivers to understand the
impact on position accuracy performance. Table 3-4 lists the error statistics of the
pseudoranges and pseudorange rates for the stationary user case in duty cycled receiver
operation. The mean pseudorange errors increase for duty cycles of 50% and lower. The
results suggest that pseudorange errors are higher than those of the continuously tracking
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receiver for duty cycles less than or equal to 50%. The pseudorange rate errors are similar
to the FLL jitter of the continuously tracking receiver.
Table 3-4: Statistics of differences between continuous and intermittent tracking
measurements in the stationary test

Duty
cycle

Tracking Pseudorange Errors

Tracking Pseudorange Rate
Errors

mean (m)

Std (m)

mean (m/s)

Std (m/s)

80%

0.06

0.29

< 0.01

< 0.01

50%

0.13

0.71

< 0.01

< 0.01

20%

0.44

2.00

< 0.01

< 0.01

10%

1.00

2.97

< 0.01

< 0.01

3.5.1.2 Position errors in stationary use case
The position errors are evaluated in LLF for all the tests conducted throughout this
research. The number of satellites used in position computation remained constant
throughout the duration of the tests (and consequently same satellite geometry resulting
in same PDOP). Furthermore, the number of satellites remained constant in all the duty
cycles analysed and thus provides a fair comparison of position error statistics across all
the duty cycles for all tests. The mean errors in East, North and Vertical directions are
computed along each axis. In order to have a single performance metric for mean, the
bias in three dimensions is computed as the root sum square of the East, North and Up
mean errors as
total 3D bias =

Emean 2  Nmean 2  Umean 2

The total 3D biases are used as a metric to evaluate performance across different duty
cycles. Ideally, the total 3D bias error should be zero. In a real use case the intermittent
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tracking receiver’s total 3D bias should be similar to the continuous version for a given
duty cycle to be considered feasible.
Mean errors by themselves cannot quantify position performance completely as large
positive and negative errors of equal magnitude result in zero mean error along a given
axis. Position accuracy performance should also consider the deviation of estimated
position errors. Therefore, 3D RMS errors are computed for each duty cycle in all the
tests.
Furthermore, positioning results analysis in this research considers intermittent tracking
to be feasible if both the total 3D bias and 3D RMS errors are within 5% of those of the
continuous receiver. The cyclic tracking receiver’s feasibility is indicated by ‘Y’ (Yes) or
‘N’ (No) for the corresponding case in the bar plots below.
The position errors in the stationary scenario are generated by comparing the position
outputs of the intermittent tracking receiver with true position values obtained from the
reference solution (i.e., known surveyed coordinates).
The 3D RMS position error plot in Figure 3-18b shows that the position accuracy is getting
better with lower duty cycles. However, the total 3D bias in ENU in Figure 3-18a reveals
that the position output becomes biased as the duty cycle is reduced. The bias is critical
as it results in an inaccurate position. Therefore, the position accuracy performance with
lower duty cycles is inferior. Standard deviation of position errors and consequently the
3D RMS errors are decreasing with lower duty cycles. This is partly due to the fact that in
the stationary scenario the prediction errors due to user motion are relatively lower
compared to those due to change in multipath as shown in Figure 3-15. It is likely that the
code phase multipath is being smoothed out by the duty cycled operation compared to a
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continuous tracking receiver. The intermittent tracking receiver would fall short of catching
up with the multipath and thus give a smoothed measurement and subsequently a
smoothed position error compared to a continuously tracking receiver.
One can observe from Figure 3-18 that intermittent tracking receiver’s position accuracy
is inferior to continuous receiver’s for duty cycles lower than 80% as predicted in our
feasibility analysis from Figure 3-17. Thus, the position error results concur and reinforce
the feasibility analysis of Section 3.2.1.
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Figure 3-18: Position errors in LLF across different duty cycles for stationary scenario,
(a) total 3D Bias and (b) 3D RMS

Figure 3-19 shows percent increase in total 3D bias relative to continuous receiver
(considered as reference with 0% bias) for different duty cycles and further illustrates the
effects of lower duty cycles on position accuracy. A threshold of 5% higher error relative
to continuous receiver is also shown. It is clear from this figure as to what duty cycles are
feasible and how high the errors would be for other duty cycles.
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Figure 3-19: Percent increase in bias error for different duty cycles in stationary use case

The position error scatter in North and East directions and time series of height errors are
plotted in Figure 3-20. The bias in the 10% duty cycle case is clear in the scatter plot as
the centre of the scatter shown in red does not lie close to zero. However, the centre of
the scatter lies closer to zero for a continuously tracking receiver and 80% duty cycle.
Similarly, the height error plot in Figure 3-20b shows an increasing bias with lower duty
cycles. Figure 3-20 thus illustrates the statistical analysis of position errors with different
duty cycles.

84
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Figure 3-20: (a) Position error scatter in North and East directions and (b) Height errors
across different duty cycles for stationary scenario

Time series of position errors in LLF for one of the stationary user test is plotted in Figure
3-21 to further illustrate how the lower duty cycles start to have bias when the receiver
switches from continuous mode to cyclic tracking mode. One can see that all the position
traces overlap when the receiver operates in continuous mode (before 20 s). However,
once cyclic tracking starts different duty cycles have different errors and bias.
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Figure 3-21: Time series of position errors in stationary use case showing biases for
different duty cycles when receiver switches from continuous to cyclic tracking at
t = 20 s

3.5.2 Pedestrian case
This section gives the prediction error convergence results, tracking and position
accuracy performance of intermittent tracking receiver for the pedestrian case. The
coherent integration time used in processing the pedestrian data set is 5 ms instead of
10 ms (stationary case). The reasons for reducing the coherent integration time to 5 ms
will be explained in Section 3.5.2.5.
3.5.2.1 Prediction errors and convergence
Figure 3-22 shows the standard deviations of code phase prediction errors for the
pedestrian case for different OFF periods.
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Figure 3-22: 1σ code phase prediction errors for different receiver OFF periods in
pedestrian case

The prediction error in code phase indeed increases with receiver OFF period as
expected, where the TOFF periods correspond to different duty cycles for one of the five
TPVT intervals tested. However, the prediction errors do not increase linearly and plateau
with longer TOFF periods. It is necessary to understand the impact of these prediction
errors on the achievable pseudorange accuracy in intermittent signal tracking.
Convergence of the 1σ code phase prediction errors by the DLL during the receiver ON
period is shown in Figure 3-23 and the curves are obtained as explained for the stationary
use case. The x-axis is the time axis. One can visualize it as showing different T OFF, TON
periods for various duty cycles and T PVT intervals (marked in magenta color), all on the
same axis (examples follow).
If the final error at the end of a TON period is below the DLL thermal noise, it indicates that
the receiver can give pseudorange accuracy similar to that of a continuously tracking
receiver. Note that the DLL will have a constant tracking jitter in steady state operation as
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discussed in Section 2.1.4.1, although the analytical curves show errors less than the
steady-state error in some cases.
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Figure 3-23: Code phase prediction errors and their convergence for pedestrian scenario
with five solution update intervals across duty cycles

To understand the code phase convergence shown in Figure 3-23, consider the case of
10% duty cycle and TPVT of 10 s. The 1σ code phase prediction error is shown by a red
bubble at 9 s TOFF (last point on the red curve). The error convergence is shown by the
dark red trace over the TON period of 1 s from there on. The final 1σ error does not reach
the DLL tracking jitter in this case and the duty cycle for the given T PVT is not considered
to yield position accuracy similar to that of the continuous tracking case. Now, consider a
30% duty cycle case, again with TPVT of 10 s. The 1σ code phase prediction error at T OFF
of 7 s (~1.7 m) converges to below the tracking jitter within the 3 s ON period as shown
by the corresponding convergence curve (orange). The feasibility of operation at a given
duty cycle for different TPVT intervals can thus be inferred from the 1σ code phase error
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convergence plot. The position accuracy performance results given in the later part of this
section corroborate this analysis.
One can observe from Figure 3-23 that the convergence of code phase prediction errors
during the ON period of the receiver does not reduce to the tracking jitter of the
continuously tracking receiver in several cases. However, convergence becomes
possible for lower duty cycles with longer solution update intervals compared to shorter
update intervals. The DLL’s inability to converge prediction errors even for higher duty
cycles with shorter solution update intervals results in a bias in the pseudorange
measurements and correspondingly in position. These consequences will be verified later
in this section while analyzing the user position errors.
Similar to Figure 3-23, Figure 3-24 shows the 1σ Doppler prediction errors and their
convergence. Notice that the analytical convergence curves of the Doppler start at a value
slightly higher than the corresponding 1σ prediction errors. This is because the analytical
convergence curves for the 2nd order control loop transient response given in
Equation (2-3) are for the error envelope and not the actual errors themselves. The
exponentially decaying error envelope encompasses the maximum error due to step
response (which is a function of the initial phase error that is not considered when only
tracking the frequency). More details about the error envelope in 2nd order control loops
can be found in (Ogata 2010).

89

2.5

Prediction error at the end of T
Convergence during T

1 Doppler error (Hz)

2

Final error at T

80%
70%
60%
50%
40%
30%
20%
10%

Duty cycles (%)

OFF

ON

PVT

FLL thermal noise
1.5

1

0.5

0
0

1

2

3

4

5
6
time (s)

7

8

9

10

11

Figure 3-24: Doppler prediction errors and their convergence in pedestrian scenario with
five solution update intervals across duty cycles

One can observe from Figure 3-24 that the Doppler prediction errors do not vary
significantly with different OFF periods in the pedestrian case. This is due to the fact that
the pedestrian motion would be at a constant speed for a given user and often does not
have a large degree of uncertainty like vehicular motion (shown in Figure 3-7).
Furthermore, the analytical transient response curves of FLL easily converge to the
steady state error for all the duty cycles and TPVT intervals. Hence, it can be concluded
that Doppler prediction errors are not a major concern in the pedestrian user case.
However, large instantaneous errors due to the g-sensitivity of the crystal based
oscillators (Bhaskar et al 2012) used in the down-conversion of RF signals may cause
potential problems and will be discussed later Section 3.5.2.5.
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3.5.2.2 Pseudorange errors in intermittent tracking
In this section, the effects of intermittent tracking on pseudorange errors are analyzed.
The pseudorange error investigation in intermittent signal tracking reaffirm the feasibility
analysis. Consider non-convergence of code phase prediction errors for a given duty
cycle in intermittent tracking. It leads to errors in pseudoranges of the satellites that can
result in estimated user position errors. Errors in position estimation, in turn, result in
higher predicted position errors and consequently in higher code phase prediction errors.
The code phase prediction errors are pulled-in reasonably close to true code phase due
to the exponential 1st order DLL response, however with a bias in pseudorange relative
to continuous receiver’s pseudorange. Over time the bias accumulates, resulting in
divergence of the estimated user position with respect to the truth and thus the given duty
cycle would not be feasible.
The histograms of pseudorange errors of all satellites tracked at the solution update
epoch relative to the pseudoranges in continuously tracking receiver for 80% and 10%
duty cycles with 1 s TPVT are given in Figure 3-25a and Figure 3-25b. One can observe
that pseudorange errors of all satellites are almost zero mean for the 80% duty cycle
case. The convergence curves in Figure 3-23 indeed have shown that 1σ code phase
prediction errors almost reduce to thermal noise and the intermittent tracking is feasible,
yielding the same position accuracy performance as that of a continuous receiver. For the
10% duty cycle, however, the pseudorange errors have become non-zero mean with
different biases. Ultimately, these biases cause the position error to increase.
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(a)

(b)

Figure 3-25: Histogram of pseudorange errors of all satellites tracked in intermittent
signal tracking for pedestrian case and TPVT = 1 s (a) 80% duty cycle showing negligible
biases and normal distribution and (b) 10% duty cycle showing significant biases

In this research, to come up with a single metric for all the satellites together the total
pseudorange bias error is computed as

PR 

s1  s2 

sN

( 3-1 )

N

where si is the average pseudorange error of the ith satellite in duty cycled operation
relative to that of a continuously tracking receiver, and N is the number of satellites
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tracked. The bar plot in Figure 3-26 show the increase in total pseudorange bias error
with lower duty cycles for different solution update intervals.
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Figure 3-26: Total pseudorange bias error for all satellites relative to continuous tracking
receiver’s pseudoranges for different duty cycles and the five solution update intervals
(80% to 10% from left to right for each TPVT) in pedestrian case

3.5.2.3 Position errors and analysis
This section provides the position accuracy performance results for different duty cycles
and five solution update intervals, and compares them with the convergence (feasibility)
analysis performed in Section 3.5.2.1.
The total 3D biases across different duty cycles and five solution update intervals are
plotted in Figure 3-27.
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Figure 3-27: Total 3D bias errors in position for pedestrian case

3D RMS errors for each duty cycle across five different solution update intervals are
plotted in Figure 3-28.
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Figure 3-28: 3D RMS errors in position for pedestrian user case
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As described earlier, in this research intermittent tracking is said to be feasible if the total
3D bias and 3D RMS errors are within 5% of those of the continuous receiver. The cyclic
tracking receiver’s performance when “equivalent” to that of the continuous receiver at a
given duty cycle is indicated by ‘Y’ (Yes) or ‘N’ (No) at the top of each bar in these figures.
The cases for which the position error results disagree with the feasibility analysis
(convergence curves in Figure 3-23 and Figure 3-24) are indicated by an ‘X’ over the
corresponding bar in Figure 3-27.
The position error results for 0.5 seconds TPVT from Figure 3-27 and Figure 3-28 indicate
that continuous positioning accuracy cannot be achieved for any of the duty cycles listed
above in intermittent tracking. Figure 3-23 shows that code phase prediction errors do not
converge to the continuous receiver’s steady state tracking errors for any of the duty
cycles with 0.5 seconds TPVT. The position error results thus concur with the prediction
error analysis performed in this work.
Similar conclusions can be drawn for T PVT of 1 s although the position accuracy
performance deteriorates marginally for 80% duty cycle as supported by corresponding
convergence curves. As shown there are only two such cases (TPVT = 1 s, D = 80% and
TPVT = 5 s, D = 20%) and the results deviate marginally from the feasibility analysis.
Otherwise, the convergence curves from the analysis predict the feasibility correctly in
most cases.
Figure 3-23 shows that code phase prediction errors converge to steady state errors of
continuously tracking receivers with TPVT of 2 s for three duty cycles, namely 80%, 70%
and 60%. The bias and 3D RMS position error results in Figure 3-27 and Figure 3-28
agree with this. Similar inference can be drawn for TPVT of 5 s and 10 s by comparing
95

Figure 3-23, Figure 3-27 and Figure 3-28. Note that code phase prediction errors do not
converge to the tracking jitter for 10% duty cycle for any of the TPVT analyzed above. The
position error results corroborate this fact.
Depending on the application and external assistance availability some applications can
tolerate certain error when operating in intermittent tracking mode. These applications
may not necessarily need a feasible duty cycle. For a typical pedestrian use case as
considered here, Figure 3-29 shows percent increase in total 3D bias errors.
Duty cycles (%)

Figure 3-29: Percent increase in total 3D bias for pedestrian use case in intermittent
tracking

3.5.2.4 Effect of loop bandwidth on intermittent tracking
Positioning performance in an intermittent tracking receiver equivalent to a continuously
tracking receiver can be achieved at lower duty cycles if one can reduce the settling time
to a period shorter than their ON periods. One can reduce the settling time in tracking
loops by increasing the loop noise bandwidth (Ogata 2010).Therefore, increasing the loop
noise bandwidth can make the duty cycled operation feasible at lower duty cycles to save
more power, but at the cost of higher tracking jitter (Ward et al 2006). Code phase
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prediction error convergence is the main problem to be tackled in the pedestrian case as
observed in Figure 3-23. Therefore, one would be interested in assessing the feasibility
of intermittent signal tracking at lower duty cycles by increasing BnDLL . The IF data was
therefore re-processed after increasing BnDLL from 0.2 Hz to 1.1 Hz. The standard
deviation of code phase prediction errors and their convergence are plotted in Figure 3-30
for BnDLL of 1.1 Hz. It can be seen that convergence to thermal noise is possible for many
lower duty cycles while it was not possible with BnDLL of 0.2 Hz.
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(b)

(a)

Figure 3-31: 3D position errors for three solution update intervals and different duty
cycles in pedestrian case for a code noise bandwidth of 1.1 Hz

The corresponding position errors are plotted in Figure 3-31 for three of the TPVT intervals.
As expected, the magnitude of the 3D RMS position error is higher for the 1.1 Hz DLL
bandwidth. The total 3D bias and 3D RMS errors concur with the code phase
convergence results. The discrepancies observed for 2 s and 5 s TPVT, indicated by an ‘X’
above the bars deviate marginally. Position error results for other solution update intervals
agree with the convergence curves shown in Figure 3-30.
3.5.2.5 Clock error effects on intermittent tracking
It is interesting to observe the clock effects on code phase and Doppler predictions and,
in turn, on the tracking performance in the pedestrian case. The adverse effects of the
user clock uncertainty on prediction errors can be observed when processing the data
with a coherent integration of 10 ms. The reason for choosing 5 ms as mentioned at the
beginning of this section will be made clear in the paragraphs below. The receiver is run
with various duty cycles to evaluate the performance and results of four of the duty cycles
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for TPVT = 1 s are presented in Table 3-5, which gives the prediction errors in code phase
and Doppler. The prediction error statistics do not show large clock uncertainty errors as
these are assumed to be common across satellites and removed.
Table 3-5: Prediction errors for pedestrian case with Tcoh = 10 ms

Doppler Prediction error
Duty cycle

Code phase Prediction
error

f (Hz)

 f (Hz)

 (m)

  (m)

80%

0.01

4.82

0

0.43

50%

-0.04

4.82

0

0.92

20%

0.01

5.51

0

1.24

10%

0.25

5.22

0

1.40

However, the measurement errors in pseudorange and pseudorange rate for 20% duty
cycle are large. Table 3-6 lists the measurement errors for the pedestrian scenario for
different duty cycles with the measurements from the continuously tracking receiver as
reference.
Table 3-6: Measurement differences between continuous and intermittent tracking in the
pedestrian test

Duty
cycle

Tracking Pseudorange Errors

Tracking Pseudorange Rate Errors

Bias (m)

Std (m)

Bias (m/s)

Std (m/s)

80%

0.13

<0.01

0

0/0.04

50%

0.29

0.22

0

0/0.03

20%

39.28

3.48

9.57

0.89

10%

2.25

2.40

0.02

0.16/0.19

Large biases in pseudorange and pseudorange rate errors for the 20% duty cycle are
seen. These are due to sideband tracking of the satellites tracked. Since an FLL
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assistance is used to track the code Doppler, the latter becomes erroneous with sideband
tracking in FLL. This in turn can produce large errors in pseudoranges. Sideband tracking
in GPS receivers occur when the carrier tracking loop latches on to the aliased side lobe
of the signal after correlation and dump operations. This side lobe will be positioned at a
frequency offset of (1/2Tcoh) and any Doppler prediction errors larger than (1/4Tcoh) would
drive the tracking loop towards the sideband due to gradient ascent-descent discriminator
used.
One needs to look at the prediction errors in Doppler to examine if there are large errors
that are driving the carrier tracking loop towards sideband. Figure 3-32 shows the
prediction error plot in the carrier Doppler for all satellites at the start of the receiver ON
period for the 50% and 20% duty cycles. A relatively large Doppler prediction error can
be seen around the 140th second for 20% duty cycle. The large prediction error in Doppler
at this epoch is potentially due to a disturbance in the test set-up when the receiver frontend suffered a momentary shock. The Local Oscillator (LO) frequency which is a
synthesized output of the onboard TCXO frequency potentially jumped by about 35 Hz
from its nominal value due to the g-sensitivity of the crystal. This g-sensitivity
phenomenon affecting crystal based user clocks is well known and documented in the
literature (e.g. Bhaskar et al 2012).
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Figure 3-32: Doppler prediction errors for intermittent tracking with 50% and 20% duty
cycles in the pedestrian scenario

It can be observed that the carrier Doppler prediction error is more than 25 Hz (1/4Tcoh)
for 20% duty cycle at the 140 s epoch and the carrier Doppler estimation has converged
towards the sideband lobe, i.e. 50 Hz away from the true Doppler for 10 ms coherent
integration. Note that although this phenomenon happened here for TOFF = 0.8 s, it is
possible that it may occur at any other time taking all the tracking satellites to sideband
for any other duty cycle in that case.
The corresponding measurement errors in pseudorange rate are shown in Figure 3-33.
Figure 3-33a shows an error of about 10 m/s for all satellites. The error corresponds to
approximately a 50 Hz Doppler error which is an offset corresponding to the side lobe for
10 ms coherent integration. However, when coherent integration is reduced to 5 ms in
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processing this IF data, the Doppler prediction error does not lead to sideband tracking.
The corresponding pseudorange rate errors with 5 ms coherent integration are shown in
Figure 3-33b. In this case the side lobe or sideband is located at 100 Hz and the tracking
loop does not pull-in towards it even with a prediction error of 35 Hz as observed in earlier
results.

(a)

(b)

Figure 3-33: Pseudorange rate errors with 20% duty cycle for (a) 10 ms and (b) 5 ms
coherent integration time in the pedestrian scenario

Figure 3-34 shows the position error biases and standard deviations in ENU directions.
The position errors are larger than the reference errors of the continuously tracking
receiver for duty cycles of up to 50%. The feasibility analysis indicates that duty cycles
lower than 50% are not possible. However, the position error biases in ENU and the 3D
RMS position errors for the 50% duty cycle are only marginally higher than those of the
80% duty cycle. This shows that the required duty cycle is not much higher than 50%.
Furthermore, one can see large errors for 20% duty cycle due to sideband tracking.
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3.5.3 Vehicular motion
Feasibility analysis and position accuracy results of the vehicular data set are given in
this section. A coherent integration time of 10 ms is used. The IF data is processed for
four different solution update intervals and various duty cycles.
3.5.3.1 Prediction errors and convergence
The standard deviations of code phase prediction errors are plotted for the vehicular use
case for different receiver OFF periods in Figure 3-35. The convergence curves of the
errors during the ON period of the receiver are also plotted. The prediction errors increase
with longer receiver OFF periods shown in red as observed for the pedestrian case. The
prediction errors do not increase linearly and code phase error convergence at longer
solution update intervals thus becomes possible. The error magnitudes and their increase
with TOFF period are larger compared to those of the pedestrian case due to higher
velocities in vehicular use case. Higher velocity uncertainty leads to higher position
prediction errors and in turn in higher predicted code phase errors. As a result,
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convergence to DLL thermal noise is not possible in several duty cycles even for longer
solution update intervals unlike the pedestrian case.
For example, consider the case of 30% duty cycle with TPVT of 5 s; the 1σ code phase
prediction error shown at the end of T OFF of 3.5 s does not converge to thermal noise
during the 1.5 s ON period, as shown in Figure 3-35. However, the prediction error
converges to thermal noise for the same configuration in the pedestrian case (shown in
Figure 3-23).
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Figure 3-35: Code phase prediction errors and their convergence in vehicular scenario
with five solution update rates across duty cycles

The standard deviations of Doppler prediction errors and their convergence curves are
plotted in Figure 3-36. One should note that Doppler prediction errors in the vehicular
case increase linearly with receiver OFF periods, unlike the pedestrian user case. The
linear increase in Doppler prediction errors is due to frequent changes in vehicle speeds
and/or higher accelerations.
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Figure 3-36: Doppler errors and their convergence in vehicular scenario with five solution
update rates across duty cycles

Instantaneous Doppler errors can become large for longer OFF periods in vehicular use
case. Larger prediction errors in Doppler are caused mainly by the user velocity
uncertainty and not due to g-sensitivity of the clock as in the pedestrian case. These large
errors can lead to sideband tracking or loss of lock for longer coherent integration periods
when the absolute error magnitude is greater than the FLL pull-in range as discussed
earlier.
Therefore, larger instantaneous Doppler prediction errors are more critical in vehicular
applications for longer solution update intervals, particularly when using longer Tcoh
periods. Doppler prediction errors exceeded 25 Hz at several instants for OFF periods
greater than 5 seconds. This is the reason for not analysing the prediction errors and
position errors for 10 s TPVT interval as many satellites latched to the sideband.
Standard deviations of Doppler prediction errors converge to the steady state tracking
jitter in all cases in Figure 3-36. Although the 1σ Doppler error increases linearly with TOFF
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duration, it is not a significant factor in determining the feasibility of intermittent signal
tracking for any of the duty cycles and update intervals considered here, a result similar
to that observed in the pedestrian scenario.
3.5.3.2 Position errors in vehicular use case
Figure 3-37 shows the total position error biases for the vehicular scenario and Figure
3-38 shows the 3D RMS errors. It can be seen from these figures that bias and 3D RMS
errors in position are higher than those of the reference errors of the continuously tracking
receiver for all duty cycles for TPVT = 0.5 s. The code phase error convergence plots in
Figure 3-35 support this result. Convergence plots for TPVT = 1 s indicate that the
prediction errors do not reduce to the steady state error for any of the duty cycles below
70%, and the position error results again support the feasibility analysis.
Intermittent tracking is not feasible for duty cycles lower than 50% for TPVT = 2 s as shown
in Figure 3-35 and Figure 3-36. The total 3D bias and 3D RMS errors for 2 s update
interval as can be seen from the figures below agree with the analysis performed. A
similar result is observed for TPVT = 5 s and corroborate the feasibility analysis performed
in this chapter.
Higher signal processing power conservation through lower duty cycle operation is
possible in vehicular user motion for longer solution update intervals, a result similar to
the pedestrian case. However, the instantaneous Doppler errors increase to larger values
due to user motion alone and lead to loss of lock and sideband tracking for Tcoh = 10 ms
for the10 s solution update interval, and therefore the results are not shown here. These
large Doppler errors are not common across tracking satellites unlike the pedestrian case
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where the larger errors were due to the g-sensitivity of the crystal oscillator common to
all signals.
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3.5.4 Characterization of prediction errors
In general, statistics of prediction errors that are required to assess feasibility in
intermittent tracking operation are not available in real-time. Therefore, it is useful to
investigate the behavior of prediction errors in different user motion cases. The prediction
errors also depend on the tracking loop jitter as given by Equation (3-4) and need to be
generalized. This section provides a generic expression for the standard deviation of
prediction errors in code phase and Doppler for two of the kinematic user cases discussed
above, namely pedestrian and vehicular motion in typical use.
The prediction errors basically depend on the length of the receiver OFF time, thermal
noise of the signal parameter and uncertainty in the position and/or velocity prediction
due to user motion. The thermal noise or tracking jitter is known for a given tracking loop
configuration. One needs to consider only the user motion uncertainty for typical cases in
order to come up with a value for the prediction error for different receiver OFF periods.
As such prediction error variance is the sum of the thermal noise variance and signal
parameter variance due to the navigation prediction error as given by Equation (3-4).
Although one can make use of the variances of signal parameters due to user motion
uncertainty in coming up with the standard deviation of prediction errors, it is very difficult
to generalize these because of predictable nature of user motion over short intervals. The
prediction errors depend on the velocity uncertainty and line of sight vectors as given by
Equation (3-2). An attempt is made to generalize the prediction error standard deviations
for typical user motion cases as described below.
In the pedestrian case, one can make the following assumptions: A typical user walks at
a relatively constant speed of about 1 m/s and usually does not change the direction very
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often as shown in Figure 3-6. The code phase prediction errors inherently contain DLL
thermal noise and in addition increase with receiver OFF duration up to a certain time.
There are three components to the code phase prediction error due to antenna motion,
namely swaying of the antenna, user motion uncertainty and estimated velocity (used in
prediction) error. Over shorter OFF periods (up to 1 s) although the user motion is
predictable, swaying of the antenna in pedestrian motion introduces code phase errors.
A sway of 1 m/s can be considered for OFF periods up to less than 1 s. For more than
1 s OFF periods the user motion uncertainty also introduces errors. Considering a
maximum velocity uncertainty of 2 m/s for the pedestrian case (when the user completely
turns around and moves either towards or away from the satellite), the 1σ velocity
uncertainty is 0.33 m/s. The third component, user velocity error, projects on to the line
of sight. The prediction error in code phase can then be approximated as,
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Code phase prediction error variances for OFF periods less than 1 s are approximated
as linear in the above equation to fit the observed prediction errors.
For longer receiver OFF periods (more than 5 s) the code phase prediction errors
increase significantly with receiver OFF periods. However, in reality since the user motion
is predictable to some extent and not completely random the variance of code phase
prediction errors due to user motion uncertainty do not increase exponentially with time.
The standard deviation curves for a code phase jitter of 0.43 m (DLL bandwidth of 0.2 Hz
for which the data was processed in Section 3.5.2.1) obtained using the above generic
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expression are plotted in Figure 3-39. The error standard deviations are also compared
with those obtained using the actual prediction error data and match closely. Therefore,
one can use this generic expression to determine the feasibility of operation at a given
duty cycle and solution update interval.

Figure 3-39: Code phase prediction errors in a typical pedestrian case obtained from the
generic expression for code phase jitter of 0.43 m

Since a constant velocity model is used for predicting Doppler and in the pedestrian case
the user velocity is relatively constant, Doppler prediction errors are mostly due to velocity
estimation error projected on to the line of sight. Note that common errors due to clock
are removed while computing the Doppler prediction errors as mentioned in Section 3.2.1
and Section 3.4.1. Therefore, standard deviation of the Doppler prediction errors remains
relatively constant for different receiver OFF periods as shown in Figure 3-24.
In a typical vehicular case, the prediction errors start to increase more rapidly due to
higher velocity uncertainties. Over short receiver OFF periods (up to 2 s) the vehicular
motion is reasonably predictable and the error variances do not increase exponentially,
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and are approximated linear to fit the observed errors from the available data. The code
phase prediction errors do not have swaying of antenna. However, the user motion
uncertainty is higher relative to pedestrian use case. The standard deviation of code
phase prediction errors in typical vehicular use can be approximated as
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Figure 3-40 shows the code phase prediction variance and standard deviation obtained
from the above expression for the test described in Section 3.5.3. The error standard
deviations are compared with those obtained using the prediction error data and match
closely for determining the feasibility.

Figure 3-40: Code phase prediction errors in a typical vehicular case obtained from the
generic expression for code phase jitter of 0.8 m

The user velocity is more uncertain in vehicular use cases and the Doppler prediction
variance increase exponentially with time. Therefore, the standard deviations increase
111

linearly with time depending on the uncertainty in vehicular speed and heading as shown
in Figure 3-36. Furthermore, computation of predicted Doppler is slightly different from
code phase. The absolute value of predicted Doppler is used instead of change in Doppler
and for shorter durations is more accurate than the FLL thermal noise.
3.5.5 Power conservation in intermittent tracking
Power conservation in intermittent tracking is proportional to the duty cycle of the receiver
as discussed in Section 2.1.5. A theoretical framework as to how one can decide on a
duty cycle that can give similar position accuracy as that of a continuously operating
receiver was provided in Section 3.2.1. The position accuracy results in Section 3.5.1
through Section 3.5.4 support the feasibility analysis. The impact of user dynamics,
tracking loop parameters and solution update intervals on the maximum power that can
be saved in intermittent tracking are discussed in this section.
One can observe from the convergence curves in Section 3.5.2.1 and Section 3.5.3 that
code phase prediction errors are critical in determining the feasibility of operation. The
duration of the receiver ON period is important in determining feasibility. Longer solution
update intervals in general allow higher power conservation in intermittent tracking (due
to the longer receiver ON periods). For example, in the pedestrian case, a duty cycle as
low as 20% is feasible with a TPVT of 10 s (receiver ON period of 2 s) compared to a duty
cycle of 80% for TPVT of 1 s (receiver ON period of 0.8 s) as observed in Section 3.5.2.3.
It means that power saving of nearly 80% is possible at TPVT of 10 s as compared to only
20% at TPVT of 1 s, as computed from Equation (2-10).
Similarly, in the vehicular case, power conservation of up to 40% (i.e., feasibility of
operation with 60% duty cycle) is possible with TPVT = 5 s compared to 50% power saving
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with TPVT = 2 s. However, note that the prediction errors in Doppler may exceed the pullin range of the FLL for very long solution update intervals (e.g., 10 s). Furthermore, the
standard deviation of code phase prediction errors become uncertain and cannot be
characterized generically as done in Section 3.5.4. Therefore, the recommended
maximum TPVT for pedestrian and vehicular use case is 10 s.
Alternatively, in order to improve the power conservation it is necessary to make a tradeoff with the achievable position accuracy as observed in Section 3.5.2.4. For example,
with DLL bandwidth of 0.2 Hz and TPVT = 1 s the minimum duty cycle that the receiver can
operate at is around 80%. This results in a power conservation of only 20% as can be
seen from Equation (2-10). Power conservation of up to 70% is possible (minimum duty
cycle of 30%) when the DLL bandwidth is increased from 0.2 to 1.1 Hz. However, the
3D RMS error increased from 2 m to 5.5 m. Further power saving can be achieved by
lowering the solution update rate.
In conclusion, in intermittent tracking one can achieve positioning performance equivalent
to that of a continuously tracking receiver at lower duty cycles when using a longer
solution update interval (normally as low as 40% duty cycle) or making a trade-off with
the achievable position accuracy.
Figure 3-41 gives a summary of feasibility analysis in typical pedestrian and vehicular
cases for typical DLL and FLL bandwidths in GPS receivers. It suggests that although
lower solution update intervals are feasible for some TON durations the duty cycles will be
higher saving little power. With longer solution update intervals the TON durations can be
shorter meaning lower duty cycles and thus more power conservation.
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3.6 Summary
This chapter introduced the general intermittent tracking method used in GNSS receivers
to save power. A method was proposed to implement intermittent tracking that uses
vector-based principles in reinitializing signal parameters. The theory of operation was
described along with the parameters used. A theoretical framework was provided to
determine the feasibility of operation of the receiver at a given duty cycle in order to
achieve position accuracy equivalent to that of a continuously running receiver.
The importance of prediction errors in code phase and Doppler in intermittent tracking
was discussed. Factors affecting the prediction errors in different use cases were also
discussed and test results illustrated these.
Tests were performed under three different user motion cases to investigate the feasibility
of intermittent tracking with different duty cycles and solution update intervals. The
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position accuracy results in these tests concur with the feasibility analysis and support
the developed theory.
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Intermittent Tracking in Weak Signal Environments
A large number of devices using GNSS receivers to provide location services are used in
challenging environments. This chapter augments the work in the previous chapter by
assessing the overall performance of intermittent signal tracking under weak signal
scenarios. It discusses challenges for intermittent signal tracking in such environments.
It also lists potential problems and provides possible solutions to overcome those. A
feasibility analysis similar to that in the previous chapter is performed for different duty
cycles and the position accuracy performance is quantified. Position accuracy
performance of the proposed method is compared with a commercial receiver operating
in cyclic tracking mode.
GNSS signal power is significantly attenuated in degraded signal environments like
indoors, urban canyons, foliage, etc. Although the noise power remains constant in the
receiver, SNR is reduced and adversely affects signal acquisition and tracking
(Lachapelle 2004, van Diggelen 2009). Successful signal acquisition and tracking
requires the SNR to be sufficiently high. Weak signal acquisition can be improved by
reducing the number of cells to be searched (e.g., reducing search space through
Assisted GNSS or AGNSS services provided by cellular networks) (van Diggelen 2009)
and/or increasing the coherent/non-coherent integration time (Lachapelle 2004, Borio
2008, van Diggelen 2009). Acquisition of signals is assumed to happen in continuous
operation mode of the receiver in this research and hence will follow techniques already
available in the literature.
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4.1 Fundamentals of Weak Signal Tracking
A GNSS signal is tracked using two cross coupled tracking loops to keep track of the two
components of the signal, namely PRN code and carrier. The GNSS signal tracking
structure is described in Section 2.1.4. Tracking performance depends on the type of
element in the tracking loops and loop parameters (e.g., loop noise bandwidth). The ability
of a tracking loop to track the change in signal dynamics (e.g., maximum user speed,
acceleration etc.), track weaker signals (tracking sensitivity) and the thermal noise or
tracking jitter collectively determine performance.
The main elements deciding the performance of each tracking loop are the pre-detection
filter (or coherent integration time), discriminator and the loop filter. The NCO is an
integrator and the tracking performance does not really depend on it unless there are
implementation differences like number of bits used in digital NCOs (Nicholas & Samueli
1987). Lower number of bits used in implementing a NCO to generate a given frequency
results in larger jitter in the output frequency. The pre-detection filter suppresses the noise
in the incoming samples (improves SNR), and the loop filter reduces the noise in the
estimated signal parameter and also determines the allowable signal dynamics. The
discriminator provides a raw (and noisy) estimate of the difference in signal parameter of
the incoming signal and locally generated signal, and has a finite linear region (or pull-in
range) as mentioned in Section 2.1.4.1.
Standard deviation of the tracking jitter depends on the C/N0 of the incoming signal, predetect integration time (coherent and non-coherent integration time) and the loop noise
bandwidth. As a rule of thumb, total 3σ jitter of the tracking loop must not exceed the pullin range of the tracking loop (Ward et al 2005).
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Assuming a civilian application with a moderate platform dynamics and a TCXO for downconversion, tracking loop thermal noise is the dominant source of error in weak signal
conditions. At lower C/N0 (usually due to lower input SNR) the effect of thermal noise can
increase to such high levels that the tracking loop can go beyond the pull-in range of the
discriminator. The discriminator in this case would no longer be able to produce an error
value proportional to the difference of the incoming and local signal and the tracking loop
would diverge. Therefore, it is necessary to either increase the linear range of the
discriminator or the SNR.
The SNR can be improved by increasing coherent and/or non-coherent integration time
in the pre-detect filter and is the most commonly used method in many GNSS receivers.
However, the coherent integration time cannot be extended indefinitely due to several
constraints. First, the Doppler and its change over the integration time should be known
and a stable clock should be available to retain the phase information over the integration
interval. Second, increasing coherent integration time would require prior knowledge of
data bit transitions (navigation data bits modulated on the signal) by the receiver. It is
possible to get the data bits information through networks and other external sources,
however it would be an additional constraint. Third, the fundamental assumption in
tracking loops designed from bilinear transformation of analog control loops is that
Bn Tcoh

1

where

Bn

is the loop noise bandwidth and Tcoh is the coherent integration time.

When this product exceeds 0.3, the actual (vs. designed) loop bandwidth and loop
stability are compromised (Curran et al 2012).
Furthermore, the transient response of the loop becomes slower for post coherent SNR
below 10 dB and the tracking loop requires a change in tracking loop design parameters
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such as the damping factor, discriminator, etc. based on the prevailing SNR conditions
(Curran et al 2012) indicated by the C/N0 estimate.
Alternatively, there are tracking techniques that can increase the pull-in range of the
tracking loop (e.g., open loop tracking). However, the pseudorange noise increases
significantly in open loop tracking due to the absence of any filtering and limited front-end
bandwidth (consequently wider correlator chip spacing in low power receivers), and is
therefore not considered in this research.
4.2 Challenges in Weak Signal Intermittent Tracking
This section discusses the weak signal challenges specific to intermittent signal tracking.
In general, the major challenge in intermittent tracking is the error the tracking loop can
accommodate at the start of the receiver ON period. Pull-in range of the tracking loop
becomes a major factor in determining the feasibility of operation under weak signal
conditions as described below.
The pull-in range of the FLL becomes shorter with increased coherent integration or noncoherent integration time (Kazemi & O’Driscoll 2008, Ward et al 2006). To accommodate
this, the allowable peak Doppler prediction error must decrease, thus requiring the
Doppler predictions to be very accurate. However, Doppler prediction errors will be higher
in weak signal conditions due to higher FLL thermal noise and errors in the estimated
user velocity. Larger estimation errors in signal parameter coupled with the prediction
error over the OFF period makes the Doppler errors higher as can be seen from
Equation (3-4). Doppler prediction errors might exceed the frequency pull-in range
leading to loss of signal lock, forcing the receiver to re-acquire thus limiting the amount of
power that can be saved, and also compromising the position accuracy.
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Traditional tracking loops use shorter pre-detect integration when transitioning from
acquisition to tracking to avoid this problem. Shorter coherent integration means a larger
main lobe in the frequency domain, and the FLL can drive the local frequency generated
towards the incoming Doppler. Weak signal tracking cannot use shorter integration time
due to poor SNR. Instead, receivers often use a fine Doppler-code phase grid to pull-in
the signal to the true Doppler, such as in open loop tracking (van Graas et al 2009).
However, this pull-in process is power hungry and should not be done at the start of every
ON period in intermittent tracking. Furthermore, carrier tracking is a weak link in signal
challenging environments (e.g., highly attenuated GNSS signals, GNSS signals
experiencing large acceleration due to user motion, etc.), and therefore the intermittent
tracking receiver needs additional signal processing to sustain carrier tracking.
4.3 Proposed Method
As shown in Chapter 3, in strong signal conditions, the standard deviation of Doppler
prediction errors is not a major concern in intermittent tracking receivers and the
convergence is possible in almost all user scenarios. However, due to the shorter pull-in
range of FLL, occasional high magnitude of predicted errors in frequency can lead to
divergence or in some cases sideband tracking. The likelihood of this is higher with longer
coherent integration (normally used in weak signal tracking) due to a smaller FLL pull-in
range as mentioned earlier.
Therefore, the receiver has to either reduce the Doppler errors to within the pull-in range
of the FLL or increase the pull-in range. Conventional tracking techniques that increase
the pull-in range require multiple correlators in the code and frequency domain to operate
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throughout the receiver ON duration, increasing the receiver power consumption
significantly in the process.
This leads to the proposed modification to the standard cyclic tracking approach: cyclic
tracking with Doppler convergence. In this method, the receiver uses additional
correlators in only the frequency domain around the predicted Doppler for a brief duration
at the start of the ON period to estimate coarse Doppler to an accuracy better than the
carrier loop pull-in range. The coarse Doppler would then be an input to the tracking loops
to converge to the true Doppler by the end of receiver ON period. In this way the tracking
loop would re-start the carrier frequency tracking within the pull-in range of the FLL at the
start of the ON period and avoid loss of lock or sideband tracking.
The proposed tracking modifications are shown in Figure 4-1. This method uses a number
of additional correlators in the frequency domain spaced at half the pull-in range. The
coarse Doppler estimation in the proposed method is based on the Maximum Likelihood
Estimation (MLE) of signal parameters from discrete time observables proposed by Rife
and Boorstyn (1974):

fˆMLE  arg max
fd

where

fˆMLE

 N 1


  r [n] exp  j(fIF  fd )nTs 
k 0  n 0

K 1

is the coarse Doppler estimated by MLE,

2

(4-1)

fIF is the down-converted intermediate

frequency, fd is the Doppler of the GNSS signal, r [n] is the de-spread signal, N is the
number of samples in coherent integration interval, K is the number of non-coherent
integrations and

Ts is the sampling interval.
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Carrier Doppler convergence

Figure 4-1: Proposed cyclic tracking method; cyclic tracking with Doppler convergence

The coarse Doppler estimate obtained from MLE after K non-coherent summations at
the start of the ON period is used to initialize the FLL. This time interval is shown as carrier
Doppler convergence in Figure 4-1. The coarse Doppler estimate is not the final estimate
of the signal Doppler and the time domain correlation values during the receiver ON
period are processed by FLL to estimate the Doppler at the solution epoch.
The number of correlators used for coarse Doppler estimation depends on the maximum
Doppler prediction error expected for a given receiver OFF period and user motion. The
correlation values are accumulated for the first two coherent integration intervals after the
start of the ON period. The coherent integration outputs would then be non-coherently
combined and the peak of the correlators would be used to determine a coarse estimate
of the incoming signal’s Doppler.
Placement of additional correlators in the frequency domain that would be operational for
a brief duration at the start of every ON period is shown in Figure 4-2. The search range
in the frequency domain depend on the 3σ Doppler prediction error and the spacing
between the bins is half the pull-in range of FLL to avoid sideband tracking. Whenever
the Doppler prediction error is more than the linear range of the FLL, these correlators
would help continue with the tracking operation without signal loss of lock. The shift in the
Doppler obtained from this correlator space is applied as correction.
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Figure 4-2: Correlator domain search space showing the placement of additional
correlators in the frequency domain

The coarse estimate of the Doppler from the proposed method would serve as an input
to the FLL when the peak falls outside the linear range. The FLL would start converging
to an accurate Doppler estimate from there on during the remaining ON period for fine
estimation of the Doppler. The coherent and non-coherent processing at the start of the
ON period is required to improve the probability of detection of the true peak in the
Doppler domain and hence estimate it. More details about coherent and non-coherent
summations versus probability of detection can be found in Borio (2008).
4.3.1 Effective duty cycle with the proposed method
Although additional cost is involved in terms of power consumption through the use of
extra correlators, it is necessary to ensure that the estimated user position solution is not
erroneous as a consequence of the use of a lower number of satellites (due to tracking
loss or some satellites tracking the side lobe). Computation of the additional processing
power and the effective duty cycle with the proposed method is now given.
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In continuous operation (or during the ON duration of intermittent tracking operation) the
receiver uses three correlators (Early, Prompt and Late arms). Denoting one millisecond
signal processing operation of each correlator as one correlator unit, signal processing
operations required within a TPVT interval in a continuously operating receiver is

SPcont  3000  TPVT

(4-2)

Then, the signal processing required in intermittent tracking at a given duty cycle D and
solution update interval TPVT can be approximately written as

SPD  3000  D  TPVT
The baseband processing power

Pbb

(4-3)

defined in Section 2.1.5 is directly proportional to the

signal processing operations.
In the proposed method additional correlators are used in the frequency domain spaced
at half the pull-in range of the FLL covering a span of frequencies that corresponds to 3σ
Doppler prediction error as shown in Figure 4-2. For example, with Tcoh = 40 ms and a 3σ
Doppler error of ±15 Hz, eight additional correlators are required.
The number of additional correlators used in the proposed method is 2 x 2 [( fmax fpullin )  1]
pred

, where

pred
is the 3σ Doppler prediction error. However, the ratio of 3σ prediction error
 fmax

to the pull-in range is not an integer in most cases and two extra correlators are used in
such cases. The additional signal processing operations in the proposed method for a
given TPVT and Tcoh and can therefore be given by
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SPadd

pred
  fmax
 1000  2Tcoh  4 
 f
 pullin





(4-4)

The total number of signal processing operations with the proposed method, SPprop , is
given by

SPprop  SPD  SPadd

(4-5)

Assuming that most power consumption in the receiver is due to signal processing, one
can represent the additional power in terms of additional duty cycle for a given T PVT as
Dadd 

SPadd
SPcont

  f pred
Dadd  8Tcoh   max
 f
 pullin


 3TPVT


The effective duty cycle with the proposed method, Dprop can then be written as

Dprop  D  Dadd

(4-6)

4.4 Experimental Set-up and Processing
Cyclic tracking tests done in kinematic user cases under weak signal conditions are now
described. GPS IF data is collected in three different test scenarios for analyzing the cyclic
tracking performance, namely a GPS simulator test, a vehicular test and an indoor test.
Tests are initially done with a GPS signal simulator to understand the effect of weak
signals on intermittent tracking in benign conditions (i.e., no multipath). GPS IF data were
then collected in two real user environments with weak GPS signals. First, GPS IF data
was collected with open sky signals on a vehicular user platform attenuated significantly
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(by around 15 dB) to emulate dense foliage environments. Then, IF data was collected
inside a typical North American wooden-frame house. The data collection environment
and test set-up are described in the next section. Two identical commercial receivers from
the same manufacturer are also used to compare receivers’ performance, one in
continuously tracking mode and the other in cyclic tracking mode.
4.4.1 Data collection
The test setup with the GPS simulator includes a hardware signal simulator connected to
a low noise amplifier, followed by the SiGe RF front-end (SiGe 2013). A simple vehicular
scenario that represents benign conditions with vehicular speeds ranging from 50 km/h
to 80 km/h was simulated. The signal power output on all satellites is set at two
attenuation levels, namely 10 dB and 20 dB relative to nominal signal power (i.e., -140
dBm and -150 dBm). Cyclic tracking tests under these weak signal levels are done
separately to assess its performance.
The vehicular test set-up is shown in Figure 4-3. It consists of a user antenna connected
to a 2-way splitter, with one output connected to the reference receiver and the other
output to an attenuator. The output of the attenuator is again connected to a 3-way splitter
with the first output connected to the SiGe front-end, second to a commercial consumer
grade receiver running continuously, and third to another identical consumer grade
receiver that runs the cyclic tracking version. The test setup also has a tactical grade IMU
for integrating with the reference receiver’s GPS data to obtain a reference trajectory.
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Figure 4-3: Vehicular test set-up for weak signal testing using an attenuator; the test setup installed on a vehicle and the data collected in open sky environment

Finally, IF data is collected inside a typical North American wooden frame house with the
user antenna, the commercial receivers, the SiGe RF front-end, the SPAN reference
receiver and the IMU, all mounted firmly on a backpack with normal pedestrian motion.
The indoor test environment is shown in Figure 4-4. The list of equipment used in all
above tests and related data collection parameters are given in Table 3-1. Two identical
commercial receivers are also used in the data collection during vehicular test as shown
in Figure 4-3. Speed and heading profiles for the simulator test and the two real user
tests, namely vehicular user motion and indoor pedestrian use case are shown in Figure
4-5.
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(a)

(c)

(b)

Figure 4-4: Indoor test environment: (a) Reference position trace (green) and top view; (b)
Picture of the house facing North; (c) picture facing West

Figure 4-5: Speed and heading profiles in the three user tests
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The vehicular test was carried out in an open sky environment for around 25 minutes with
an attenuation of around 12 to 15 dB applied to the signals after the antenna to simulate
a dense foliage environment. The user motion represents a typical vehicular scenario with
speeds ranging from 0 to 90 km/h. The pedestrian user walked at a relatively constant
speed, less than 1 m/s, inside a wooden-frame house but with irregular turns; this test is
carried out for 20 minutes.
4.4.2 Data processing
GPS IF data collected in weak signal conditions was processed with the weak signal
version of GSNRxTM (Petovello et al 2008b). The software receiver can accept data bit
aiding in a binary file format to extend the coherent integration time. The software receiver
was modified to process the IF data intermittently as in Chapter 3, after the receiver
performs bit synchronization and navigation frame synchronization on all satellites.
Furthermore, the software was modified to include additional correlators for MLE
estimation of Doppler at the start of the receiver ON period. It is assumed that ephemeris
data for all satellites is available from other sources and the receiver does not perform
data decoding. It is further assumed that the raw data bits of all visible satellites are
available from external sources (e.g., cellular network provider) whenever coherent
integration longer than a data bit is used. Normally, engineered navigation data (e.g.,
sometimes from precise orbital parameters) would be sufficient for the intermittent
tracking receiver to compute satellite positions and apply satellite clock corrections. The
data processing parameters used are given in Table 4-1.
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Table 4-1: Data processing parameters

Receiver Parameter
Tracking loops
Tracking loop bandwidths
Coherent integration time
Early-Late chip spacing
Solution update intervals
Duty cycles

Details
2nd order FLL and 1st order FLL assisted DLL
3 Hz in FLL and 0.1Hz in DLL
10 ms or 40 ms as appropriate
0.8 chips (front-end bandwidth 2.5 MHz)
1 s, 2 s, 5 s
80%, 70%, 60%, 50%, 40%, 30%, 20% and 10%

The user position solution was computed using least squares estimation as done in
Chapter 3 in order to directly assess performance (i.e., without filtering). The reference
position solution was obtained using the Novatel SPAN system as described in
Section 3.3.1. The estimated 3D RMS position error is about 1 m for 60 s GNSS outage.
4.5 Experimental Results and Analysis
4.5.1 Simulator test
The receiver was able to track the GPS signals at -140 dBm for all satellites (with
Tcoh = 10 ms) with the standard cyclic tracking architecture. Figure 4-6 shows the 1σ code
phase prediction errors as a function of receiver OFF periods and their convergence. The
average tracking jitter of all the tracking satellites is also shown which is computed
theoretically for the 1st order DLL for the given DLL bandwidth, coherent integration time
and Early-to-Late chip spacing.
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Figure 4-6: Standard deviation of code phase prediction errors and convergence during
receiver ON period for signal power at -140 dBm

The position errors are computed in the LLF in the ENU directions as done previously.
Total 3D bias of the continuously tracking receiver and that of the cyclic tracking receivers
with different duty cycles are shown in Figure 4-7.

Figure 4-7: Total 3D bias errors with different duty cycles and PVT update intervals of 1 s,
2 s and 5 s for all satellites’ signal power at -140 dBm
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The first bar for each TPVT in Figure 4-7 shows the total 3D bias error when the receiver
operates in continuous mode and the same is also indicated as a threshold line for easy
comparison with different duty cycles. Position accuracy at a given duty cycle is
considered to be equivalent to continuous tracking if the total 3D bias and 3D RMS errors
are within 5% of the continuously operating receiver’s errors. The feasible duty cycles
based on this criteria are indicated by a ‘Y’ and those not feasible by a ‘N’. The position
error results that do not agree with the feasibility prediction analysis (shown in Figure 4-6)
are indicated by an ‘x’ mark.
The position accuracy results in Figure 4-7 agree reasonably well with the feasibility
prediction shown in Figure 4-6. The discrepancies between the code phase prediction
error convergence and the position error results are marginal and are possibly due to lack
of sufficient samples or inaccurate C/N0 estimates at lower SNR. The variance of the
estimated C/N0 is high at low SNR, resulting in a less accurate estimate of DLL thermal
noise, which is used to determine the convergence and consequently feasibility; therefore
one might see discrepancies for some duty cycles between the feasibility analysis and
position error results. 3D RMS errors in position for different duty cycles and PVT update
intervals show a similar trend as that of position bias error results.
A coherent integration time of at least 40 ms is required to track GPS signals at -150 dBm
or lower for the given user motion. However, the pull-in range of the tracking loop with a
Tcoh of 40 ms would be 6.25 Hz (van Graas et al 2009, Ward et al 2006). Any Doppler
prediction error higher than 6.25 Hz for a given satellite signal at the start of the receiver
ON period would drive the channel into sideband tracking or the receiver may lose signal
lock. The Doppler prediction errors for all satellites during an OFF period of 0.7 s is shown
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in Figure 4-8. The prediction errors are computed as the differences between Doppler
predicted at a given time corresponding to a receiver OFF period and the estimated
Doppler at that instant in a continuously tracking receiver. It can be seen that the
prediction errors exceed the pull-in range for some satellites at a few epochs. As
expected, the Doppler prediction errors exceed the pull-in range many times for higher
receiver OFF periods (not shown here).

Figure 4-8: Doppler prediction errors for TOFF = 0.7 s and Tupdate = Tcoh = 40 ms exceeding
the pull-in range of FLL (6.25 Hz)

When this happens, the tracking loops for these satellite signals can either lose lock or
can be driven into sideband tracking leading to inaccurate pseudoranges (due to FLL
assistance of DLL). Also, this may lead to large errors in estimated user velocity as only
a few pseudorange rates will have an offset and these offsets do not result as common
clock drift, unlike the pedestrian example in Section 3.5.2.5. Estimated user velocity is
used to predict the code phase at the start of the next receiver ON epoch through vectorbased tracking principles as given by Equation (3-2). Any inaccuracy in user velocity can
result in loss of lock on all signals within a short span of time, taking the DLL out of its
linear range.
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During this period some satellites may continue tracking the side lobe instead of true
signal Doppler. Although it is less likely for a satellite to sustain tracking sideband with
weaker signals, it is possible that some satellites may lock on to the sideband and
continue for a brief duration. Sideband tracking for one such satellite, namely PRN 22, is
shown in Figure 4-9. Thus, higher Doppler prediction errors are an issue in cyclic tracking
under weak signal conditions and the receiver in this mode may not sustain tracking like
a continuously tracking receiver. Even if the other satellites that lost lock were to be reacquired and tracked properly, those satellites which entered sideband tracking would
still continue in that mode, resulting in erroneous Doppler and code phase measurements
as observed in Section 3.5.2.

Figure 4-9: Sideband tracking in PRN 22 for TOFF = 0.7 s and Tcoh = 40 ms, sideband
located at 12.5 Hz from the main lobe peak

Figure 4-10 shows the errors in the estimated Doppler in cyclic tracking mode for a brief
duration for TPVT of 2 s and 30% duty cycle. One can observe that during the OFF period
the errors increase as the receiver is not tracking the signal. The errors are pulled back
during the ON period by FLL operation as shown for PRNs 6, 9 and 20. In some cases,
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like the one shown in Figure 4-10 at 319.4 s for PRNs 5, 13 and 22, the Doppler prediction
error exceeds the FLL pull-in range. The traditional receiver will not be able to have this
error converge to FLL thermal noise and in fact, it may either lose lock of the signal or
latch on to sideband. However, the proposed method uses additional correlators in the
frequency domain and estimates coarse Doppler to a reasonable accuracy after the first
two coherent integration intervals.

Figure 4-10: Large Doppler prediction errors for different satellites (PRNs shown in the
legend) at the start of receiver ON period and corrections with the proposed method
(TPVT = 2 s, TOFF = 1.4 s, TON = 0.6 s)

One can observe in Figure 4-10 that a large Doppler correction is applied at 319.5 s to
ensure that the FLL starts converging within the pull-in range. Note that it is important to
sustain lock on all the tracking satellites to give an equivalent position performance.
The additional processing cost in terms of the actual duty cycle versus the designed or
intended duty cycle is given for two of the solution update intervals in Table 4-2 for the
vehicular user. The feasible duty cycles from a similar convergence analysis as done
previously are shown in green and those not feasible in red. One can infer from the table
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that the maximum power that can be saved with TPVT of 1 s for this scenario is about 30%
(for a duty cycle of 70%).
Table 4-2: Additional processing cost with the proposed method in vehicular test,
numbers in green indicate feasible duty cycles while those in red are not feasible

TPVT = 1 s
TOFF (s)

0.2

0.3

0.4

0.5

0.6

0.7

0.8

3σ Doppler prediction error
(Hz)
Extra correlators used

±6

±6

±8

±10

±15

±15

±15

0

0

4

4

8

8

8

Duty cycle by design, D (%) 80

70

60

50

40

30

20

Duty cycle with proposed
80
method, Dprop (%)

70

<71

<62

<67

<57

<47

TPVT = 5 s
TOFF (s)

1

1.5

2

2.5

3

3.5

4

3σ Doppler prediction error
(Hz)
Extra correlators used

±15

±18

±25

±30

±32

±40

±45

10

12

16

20

20

26

30

Duty cycle by design, D (%) 80

70

60

50

40

30

20

Duty cycle with proposed
<86
method, Dprop (%)

<77

<69

<61

<51

<44

<36

The position errors with different duty cycles agree with the code phase prediction errors’
convergence analysis after the proposed changes, which will be shown for the real use
case in the next section.
4.5.2 Vehicular test
Figure 4-11 shows the C/N0 of all visible satellites as estimated by the continuously
tracking GSNRxTM during the vehicular test. This test emulates a weak signal scenario by
adding a total attenuation of 15 dB to the open sky signals. Figure 4-12 shows the
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standard deviation of code phase errors and the average thermal noise of all the tracking
satellites. The analytical convergence curves of the 1st order DLL are also shown for
different receiver OFF periods corresponding to various duty cycles for the solution
update rates listed in Table 4-1. The Doppler prediction error standard deviations and
their convergence are not shown as the latter happens for almost all OFF periods.
Feasibility at a given duty cycle is possible only if both the 1σ Doppler error and code
phase error converge to the thermal noise during the receiver ON period.

Figure 4-11: Carrier-to-noise-density ratio of satellites tracked during vehicular test
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Figure 4-12: Code phase prediction error standard deviations and their convergence
during receiver ON period for weak signal vehicular test (duty cycles shown in legend)

Although 1σ code phase prediction errors converge for some duty cycles and solution
update rates, the Doppler prediction errors exceeding the FLL pull-in range would cause
signal loss of lock as explained earlier. Doppler errors during cyclic tracking with an OFF
period of 2.5 s are shown in Figure 4-13.

Figure 4-13: Estimated Doppler errors and their convergence with 50% duty cycle and
TPVT of 5 s in vehicular user case
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The proposed cyclic tracking receiver helps sustain tracking throughout the vehicular
drive duration by applying Doppler corrections using the MLE method when the prediction
errors exceed the pull-in range.
The position accuracy performance of the cyclic tracking receiver with the proposed
tracking architecture is shown in Figure 4-14 and Figure 4-15. The positioning
performance of the receiver in cyclic tracking mode agrees well with the feasibility
analysis. For example, consider the case of 80% duty cycle with a T PVT of 2 s; the 1σ
code phase prediction error shown at the end of T OFF of 0.4 s does not converge to
thermal noise during the 1.6 s ON period as shown in Figure 4-12. The total 3D bias error
in Figure 4-14 for TPVT of 2 s and 80% duty cycle shows that the errors are higher than
those of a continuously running receiver, therefore this duty cycle is not feasible and is
marked by a ‘N’ above the corresponding bar. Similar results can be observed for other
solution update rates and duty cycles. The discrepancies between the convergence
analysis (from Figure 4-12) and the total 3D bias error results are marked by an ‘X’ in
Figure 4-14. The discrepancies are observed for only two cases and can be attributed to
either a lower number of samples used or less accurate C/N 0 estimates as explained
earlier.
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Figure 4-14: Total 3D bias errors with different duty cycles and PVT update intervals for
vehicular user with 15 dB attenuation on open sky signals

3D RMS error results also show a similar trend (Figure 4-15). Note that cyclic tracking at
a given duty cycle is feasible only if both the total 3D bias and 3D RMS errors of the
receiver are equivalent to those of a continuously tracking receiver.

Figure 4-15: 3D RMS errors with different duty cycles and solution update rates in
vehicular user case with 15 dB attenuation
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The effect of bias in position solutions in cyclic tracking is illustrated with position output
traces for TPVT of 5 s in Figure 4-16. One can observe a large bias in position trace relative
to the truth for 10% duty cycle. However, the other trace shows the position output almost
overlapping the truth for 60% duty cycle, which is deemed to be feasible for cyclic tracking
from the convergence analysis shown in Figure 4-12. Note that the position outputs with
10% duty cycle have a bias relative to the truth even during straight driving stretches
(shown in Figure 4-17). However, the magnitude of the bias during straight driving
stretches is lower compared to that during vehicular turns.

Reference
Continuous tracking
Duty cycle = 60%
Duty cycle = 10%

Figure 4-16: Position biases with cyclic tracking for a solution update rate of 5 s; 60%
duty cycle is feasible and 10% duty cycle is deemed to be infeasible

Some applications can tolerate a certain bias in user position and can use aggressive
duty cycles as low as 10%. For example, a fleet management system that uses GNSS
receivers to track vehicles may use an aggressive duty cycle when bias errors as large
as tens of metres are not a concern. However, as defined earlier, in this research, a given
duty cycle is said to be feasible if the intermittent tracking receiver can give a position
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accuracy performance equivalent to a continuously tracking receiver operating with the
same tracking loop parameters. For example, the position accuracy performance
becomes important in real time in-vehicle navigation applications.

Reference
Continuous tracking
Duty cycle = 60%
Duty cycle = 10%

Figure 4-17: Position biases with cyclic tracking during a straight stretch of drive for
solution update rate of 5 s; 60% duty cycle is feasible and 10% duty cycle is deemed to
be infeasible

4.5.2.1 Commercial receiver performance in cyclic tracking
A commercial receiver was also used in cyclic tracking mode during the test with a
solution update interval of 1s and programmed for maximum power performance mode.
The duty cycle of the receiver used in power performance mode is not known. The
receiver was programmed not to re-acquire the satellite signals for a brief duration in case
of loss of lock during the vehicular motion to determine if it really lost lock completely. The
receiver could not sustain tracking and lost lock during vehicular turns (due to change in
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speed and/or heading and consequently higher change in Doppler) whereas an identical
receiver from the same manufacturer in continuously tracking mode (TPVT = 2 s) could
track the signal. Furthermore, the position output in cyclic tracking mode is having a bias
relative to the truth after the receiver re-acquired the satellites and started outputting
navigation solution.
The commercial receiver position output trace is plotted in Figure 4-18a and Figure 4-18b.
Loss of lock on several satellites during the vehicular turn resulted in divergence of
position trace as the receiver estimated further positions through Kalman filtering with a
ground vehicle dynamic model.
Reference

(a)

Commercial receiver continuous tracking
Commercial receiver cyclic tracking

(b)

Figure 4-18: Commercial receiver positioning performance in cyclic tracking mode with
maximum power performance; (a) Divergence in position estimated through Kalman
filtering during a turn due to loss of lock on several satellites; (b) bias in position output
during a stretch of straight drive
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Figure 4-18b shows a clear bias in user position due to cyclic tracking when the receiver
was tracking and using six satellites in estimating position. Although the tracking and
position accuracy performance might be attributed to possible aggressive duty cycling in
the commercial receiver, the point to be noted here is that the receiver or the user needs
to choose the duty cycle depending on the expected user motion and prevailing signal
conditions.
The position accuracy results of the commercial receiver are not compared with the
proposed intermittent tracking receiver as the commercial receiver lost lock on several
satellites during vehicular turns and the geometry (or PDOP) degraded significantly. The
commercial receiver used Kalman filter based estimation in such scenarios leading to
large position and velocity errors as shown in Figure 4-19. The mean errors in ENU and
the 3D RMS errors are hundreds of metres with the commercial receiver using intermittent
tracking in maximum power save mode and weak signal conditions.

Figure 4-19: Time series of position errors in LLF with a commercial receiver in maximum
power save cyclic tracking mode and weak signal conditions in vehicular use case
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4.5.3 Indoor test
The carrier-to-noise-density ratios of visible satellites during the indoor pedestrian test as
estimated by a continuously tracking receiver are plotted in Figure 4-20. The pedestrian
user started walking from an open sky area and went into the house, came out after 5
minutes and walked back in again. The extra time outside was required to get open sky
signal for the reference GPS receiver to correct the inertial sensor error growth in tightly
coupled mode to obtain a good reference solution. The duration of the test when the user
was indoors are marked in Figure 4-20. One can see that the signal attenuation for each
visible satellite is different due to different elevation angles. The average attenuation
suffered by each satellite signal is not significant. However, the signal power is affected
by fading and C/N0 variations as high as 12 dB is observed at several epochs. The signal
power attenuation of this magnitude requires the receiver to use longer coherent or noncoherent integration, or a combination of both. In any case the pull-in range of the FLL is
going to be shorter due to a long Tupdate interval, where Tupdate is the FLL update rate.

Figure 4-20: Carrier-to-noise-density ratio of all satellites tracked during indoor
pedestrian test as estimated by a continuously tracking receiver
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4.5.3.1 Prediction errors
The cyclic tracking receiver used a coherent integration time of 40 ms to track weak
signals in this case. Unlike the vehicular use case, the magnitude of change in Doppler
or Doppler prediction errors do not directly depend on the receiver OFF period. Doppler
prediction errors are quite high even for receiver OFF periods as low as 0.2 s and they
do not change significantly for longer receiver OFF periods. Doppler prediction errors for
receiver OFF period of 0.2 s and 2 s are plotted in Figure 4-21 and Figure 4-22. It can be
observed that the Doppler prediction errors are not much different with different receiver
OFF periods. 3σ Doppler prediction error of ±35 Hz was considered for all the duty cycles
and TPVT intervals.

Figure 4-21: Doppler prediction errors with receiver OFF period of 0.2 s during indoor
pedestrian use case
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Figure 4-22: Doppler prediction errors with receiver OFF period of 2 s during indoor
pedestrian use case

One of the potential reasons for large Doppler prediction errors could be excessive
multipath in indoor environment leading to the receiver tracking composite multipath that
is offset from the truth both in code delay and frequency for a given satellite signal. The
Doppler estimated by the receiver for a satellite signal even in the continuous tracking
mode changes by a few tens of Hertz every few tens of milliseconds, which cannot be
due to user motion of less than 1 m/s. The estimated Doppler in a continuous receiver
and an intermittent tracking receiver with 50% duty cycle and T PVT of 1 s is shown in
Figure 4-23. One can see that there are large Doppler variations when the user is indoors
potentially due to multipath.
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Figure 4-23: Comparison of estimated Doppler of PRN 30 in a continuous receiver and
cyclic tracking with 50% duty cycle and TPVT = 1 s in indoor and outdoor use cases

A zoomed version of Figure 4-23 around 620 s epoch is shown in Figure 4-24 to see the
relatively large Doppler variations clearly. A similar plot for outdoor pedestrian case is
also shown in Figure 4-25. In the open sky pedestrian use case one can see that the
Doppler does not change significantly over durations as long as 2 to 3 s. Constant Doppler
estimates in both the figures indicate the receiver OFF periods when Doppler is not
estimated.
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Figure 4-24: Comparison of estimated Doppler of PRN 30 in a continuous receiver and
cyclic tracking with 50% duty cycle and TPVT = 1 s in indoor use showing large variations

Figure 4-25: Comparison of estimated Doppler of PRN 11 in a continuous receiver and
cyclic tracking with 40% duty cycle and TPVT = 1 s in outdoor use showing only thermal
noise and not large variations

The other factor could be abrupt movement of user antenna leading to rapid changes in
signal line-of-sight dynamics. Therefore, sustaining lock throughout the navigation
duration is difficult for cyclic tracking receivers in indoor pedestrian applications. The
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proposed cyclic tracking method with Doppler convergence can help sustain tracking
even with prediction errors exceeding the pull-in range of the FLL. However, the additional
processing required to maintain continuous tracking with this method at lower solution
update intervals would amount to the receiver using more resources than during
continuous operation. The additional processing would increase since the receiver would
need to employ more correlators to accommodate Doppler prediction uncertainties even
for smaller receiver OFF periods. Therefore, the proposed cyclic tracking operation would
result in power savings only when used with longer solution update intervals (e.g., TPVT =
5 s for the pedestrian motion considered).
Standard deviations of code phase errors and their convergence are plotted in Figure
4-26. The theoretical code phase thermal noise (or DLL jitter) is computed using the input
parameters like code loop noise bandwidth of the DLL, Early-to-Late chip spacing,
coherent integration time and the C/N0. The assumption in coming up with the DLL jitter
is that all these values remain constant while the loop filters are in operation. However, it
is difficult to arrive at a thermal noise level of code phase (or pseudorange) measurements
as done earlier since the C/N0 of all satellites change quite rapidly due to indoor fading.
Furthermore, pseudorange measurements with limited front-end bandwidth in indoor
environments suffer significant multipath. The multipath delay with a kinematic user acts
as white noise and increases total pseudorange noise for the continuously operating
receiver (Olynik et al 2002). Therefore, theoretically performing a convergence analysis
with this average DLL jitter may not yield appropriate position accuracy results. However,
due to the lack of any other technique in estimating a common DLL jitter value the method
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described above is used. It is expected that the feasibility analysis may have some outliers
due to incorrect estimation of the code phase prediction errors.
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Figure 4-26: Standard deviations of code phase prediction errors and their convergence
during receiver ON period for indoor pedestrian test

As such, the feasibility analysis is done for all satellites together and the average of DLL
jitter is considered as the thermal noise in this work. The code phase prediction errors are
expected to converge to this averaged thermal noise level for feasibility. C/N0 values of
the satellites tracked have a large variation with the strongest satellite at 47 dB-Hz and
the weakest at 34 dB-Hz. Therefore, the feasibility analysis may not indicate true position
accuracy performance for some duty cycles in such a scenario as mentioned earlier.
4.5.3.2 Position errors
The total position bias and 3D RMS error results for the three solution update intervals
considered in the test are shown in Figure 4-27 and Figure 4-28. The position error results
do not agree with the code phase prediction errors’ convergence analysis. This
discrepancy between the feasibility analysis and position error results is potentially due
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to the following reasons. Code phase and Doppler multipath effects on cyclic tracking are
unpredictable and therefore the behavior of cyclic tracking receiver measurement errors
and in turn position errors cannot be assessed properly. One cannot arrive at a proper
DLL thermal noise threshold of continuous receiver for all satellites together since the
C/N0 variations across satellites and for a given satellite over time is large. In some cases
large errors are due to change in PDOP of the solutions computed since the receiver
could not sustain lock on some satellite signals. However, one can consider a higher 3σ
Doppler prediction error and use longer solution update intervals with lower duty cycles
which keeps the effective duty cycle to a lower value.

Figure 4-27: Position bias results for the three solution update intervals for indoor
pedestrian use case
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Figure 4-28: 3D RMS position error results for the three solution update intervals for
indoor pedestrian use case

4.6 Summary
This chapter identified the challenges with the intermittent tracking method under weak
signal conditions. Particularly, FLL pull-in range was the major constraint for intermittent
tracking with longer coherent integration time normally employed under weak signal
conditions. A new method was proposed to sustain intermittent tracking in weak signal
environments. The method used MLE based techniques by adding extra correlators in
the frequency domain, for a brief duration at the start of the ON period effectively
increasing the FLL pull-in range and at the same time conserving power.
The proposed method requires additional signal processing relative to the method
described in Chapter 2. An expression was derived for the effective duty cycle of the
intermittent tracking receiver when the new method is used. Test results with weak signal
conditions in vehicular and indoor pedestrian scenario were presented. The position
accuracy results in vehicular test corroborate the feasibility analysis. The test results of
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the proposed method were compared with a commercial receiver using intermittent
tracking in the vehicular case. It can be deduced that choosing a right duty cycle in cyclic
tracking is critical in avoiding large position errors.
In indoor use case, the Doppler prediction errors are affected by excessive noise like
multipath and have large errors even for shorter receiver OFF periods (e.g., 0.2 s). The
number of additional correlators required to sustain signal tracking is higher and result in
relatively lesser power saving when compared to outdoor environments. The position
error results do not completely agree with the feasibility analysis. However, the indoor
results analysis suggests one to use longer solution update intervals (T PVT of 5 s) with
Doppler search range of about 40 Hz at the start of the ON period (in order to keep
effective duty cycle to minimum) to save power.
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Intermittent tracking with Inertial Sensor Aiding
Availability of very small and low cost MEMS inertial sensors with lower sensor noise in
recent years has attracted interest among researchers to use them for GNSS/INS
integrated navigation. MEMS accelerometer and gyro triads available on many personal
devices form a complete IMU and can be used for strap-down inertial navigation. This
chapter investigates the use of MEMS-based inertial navigation to bridge the OFF periods
in intermittent tracking in order to lower the duty cycles to save more power relative to the
GNSS-only case. A brief description of sensor errors is provided at the beginning of this
chapter to give an idea of the sensor quality.
5.1 MEMS Inertial Sensor Errors
Despite remarkable advances in MEMS technology in terms of cost, size and power
consumption, these inertial sensors still have large errors compared to higher grade
sensors (i.e., navigation and tactical grade). They have inherent errors similar to those of
conventional inertial sensors (Park 2004) and some additional errors that are larger in
magnitude.
The inertial sensor errors can be divided into two parts, deterministic errors and random
errors (Salychev 1998, Nassar 2003). The following measurement equation of a MEMS
accelerometer triad lists these errors:

b

b

f = f + ba + S1f + S2f

b2

+ Naf + a

where f is the accelerometer measurement vector,

b

(5-1)

b

f is the true specific force vector,

ba is the accelerometer bias vector, S1 is a matrix of linear scale factor, S2 is a matrix of
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non-linear scale factor, Na is the matrix representing non-orthogonality of the sensor triad
and a is a vector representing the sensor noise. Bias, scale factor and non-orthogonality
errors in high grade IMUs are deterministic. They are deterministic in the sense that they
can be estimated through laboratory calibration. However, the sensor bias can drift during
the IMU operation and this (also known as in-run bias) is usually modeled as a slowly
varying noise term. Furthermore, the accelerometer measurement contains a high
frequency noise a modeled as white noise.
For MEMS accelerometers the bias at each power on is different and unknown (referred
as turn-on bias since it is significant compared to those of higher grade sensors), and is
modeled as a stochastic process (random constant). The stochastic part of the linear
scale factor is significant and has to be modeled and estimated to achieve good
performance. The remaining deterministic errors are however reasonably calibrated and
the residual errors, if any, are considered a part of correlated bias term or the white noise.
Similarly, the measurement equation of a MEMS gyro triad given as follows lists the errors
associated with a gyro:

ωib = ωib + bg + Sωib + Nbωib + g
b

b

b

b

(5-2)

where ωbib is the gyro measurement vector, ωbib is the true angular rate vector, bg is the
gyro bias vector, S is a matrix representing gyro scale factor, Nb is the matrix representing
non-orthogonality of the gyro sensor triad and g is a vector representing the gyro sensor
noise. Again, for MEMS gyros the bias contains a constant but unknown term at power
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on (known as turn-on bias) and a bias drift, a slowly varying error (correlated noise) term
modeled stochastically.
Gyro errors are critical in inertial navigation performance. The quality of an IMU is often
judged by that of the gyros contained in the sensor system (Noureldin et al 2012). The
gyros in the Crista IMU used in this dissertation feature a turn-on bias of about 5400 °/h,
while these biases are much smaller in higher grade IMUs. Also, the MEMS gyros exhibit
in-run bias drift of more than 1000°/h, compared to 1°/h for a tactical grade system.
Among the attitude parameters pitch and roll can be initialized through specific force
measurements from accelerometers in coarse alignment procedure. However, the
azimuth (or heading) initialization requires

reasonably accurate angular rate

measurements, but the noise in MEMS gyro measurements overwhelm the Earth rotation
rate and needs to be averaged over a few hundred seconds to obtain a reasonably good
azimuth estimate through a static alignment. Therefore, the MEMS IMUs either require a
gyro initialization time of few hundred seconds (assuming change in bias is minimum over
this time) or the azimuth is to be obtained from external sources (e.g., magnetometer or
GNSS derived heading).
In this research, levelling is performed using MEMS accelerometers. However, gyro
compassing is impossible as the turn on bias of the MEMS gyroscope used is several
thousands of °/h. Therefore, heading estimation and sensor error calibration happen only
after the user starts moving using GPS East and North velocities.
Although laboratory calibration is sufficient for high quality sensors, they do have small
bias drifts during the operation of the IMUs as discussed earlier. The bias drifts of the
sensors lead to increasing position and velocity errors with time. In case of MEMS IMUs
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it is impractical to calibrate the turn-on bias since it is different at each power on. These
IMU errors are in general modeled stochastically, augmented as additional states and
estimated in the GNSS/INS integration Kalman filter (Grewal et al 2001). In order to
integrate MEMS inertial sensors with GNSS and to provide a continuous and reliable
navigation solution, the characteristics of different error sources and the understanding
of the variability of these errors are critical. Extensive research has been done on
modeling different sensor errors and readers are referred to Gelb (1974),
Brown & Hwang (1997), Nassar (2003) and Park (2004). The MEMS IMU used in this
research and the corresponding error models are given in the next section.
5.2 Crista IMU and Error Models
The MEMS IMU used in this research is the Crista IMU (Cloud Cap Technology 2004)
that reasonably represents the modern day low cost and very low power MEMS IMUs in
sensor error characteristics. The process of understanding the sensor error behavior is
called sensor error characterization (Grewal et al 2001). The Crista IMU is used in this
research since the sensor errors are already characterized (Godha 2006, Brown 2005).
One could use low power sensors (typically available on smartphones), however, the
sensor errors would need to be characterized.
The purpose of this research is to investigate the improvement brought about by MEMSbased INS in improving the code phase and Doppler estimates at the end of the receiver
OFF period in order to lower the duty cycle. To this end, use of the Crista MEMS-based
IMU with the given error characters suffice. A comparison of sensor error characteristics
of the Crista IMU (Godha 2006) and STMicroelectronics sensor triads used on some
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smartphones (Niu et al 2012) is given in Table 5-1. Crista IMU has similar error
characteristics as those of STMicroelectronics sensors.
Table 5-1: Comparison of Crista IMU error characteristics with STMicroelectronics IMU
(typical low power IMU used on some smartphones and personal devices)

Gyro error characteristics
Sensor error/character

Crista IMU

STMicroelectronics

Model

ADXRS300

L3G4200D

Measurement range

±900 deg/s

±2000 deg/s

3.8

5.4

σ (°/h)

211

20

 (s)

380

3600

Gyro ARW (°/√h)
Gauss-Markov
parameters

Turn on bias

< 0.25% FS or 7200 °/h
Accelerometer error characteristics
ADXL210

L1S331DLH

Measurement range

±10 g

±2 g

Accelerometer VRW (mg/√Hz)

0.37

0.65

1

2

360

3600

Model

Gauss-Markov
parameters
Turn on bias

σ (mg)

 (s)

< 0.3% FS or 30 mg

A basic INS system has only nine navigation states: three position states, three velocity
states and three attitude states as described in Section 2.2.1. However, due to various
measurement errors mentioned in the previous section, the state vectors need to be
augmented by different sensor errors depending on the quality of the inertial sensors.
The accelerometer and gyro triad measurements are given by Equation (5-1) and (5-2).
Normally, the sensor turn-on biases, scale factor errors and non-orthogonality errors for
high-end IMUs (e.g., tactical grade) are negligible. These IMUs can be considered to have
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only the bias drift and noise. However, MEMS inertial sensors have significant turn-on
bias and scale factor errors and are usually augmented as additional states to the
navigation state vector and the errors are estimated in Kalman filter.
The errors in the MEMS accelerometer and gyro measurements considered in this
research are the bias drifts and the noise. The MEMS inertial measurement equations
then reduce to

f = f + ba + a
b

ωib = ωib + bg + g
b

b

 f  f  f b   ba  a

(5-3)

 ω  ω  ωbib   bg  g

(5-4)

Note that  is added to the bias errors in accelerometers and gyros assuming that some
initial bias are known. The non-linear scale factor errors and non-orthogonality errors are
assumed deterministic. Turn-on bias and remaining scale factor errors when not modeled
and estimated ultimately gets absorbed into bias drift. However, the position and velocity
errors during INS propagation (absence of external updates) become slightly higher
compared to the case when they are estimated.
The bias drift in accelerometer and gyro measurements can be modeled through an
autocorrelation process from laboratory measurements. They are commonly modeled as
first order Gauss-Markov processes along each axis as
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 ba  
 bg  
where

1

a
1

g

 ba  ba

(5-5)

 bg  bg

(5-6)

 i is the correlation time and bi is the Gauss-Markov process driving noise with

spectral density

qbi with i denoting the accelerometer or gyro bias. The spectral density

of the process driving noise is computed based on the Gauss-Markov model parameters
as

qbi 

where

2 i2

i

 i is the Gauss-Markov temporal standard deviation.

Inertial navigation is performed by perturbing the mechanization equations in
Equation (2-11). The navigation states then become the error states. Derivation of
perturbation equations is not given here and can be found in Savage (2000). The
perturbed navigation states are augmented by different error states.
The state vector of the integration Kalman filter with perturbed mechanization equation
consists of 17 states:

x   r l


T

v

l

 ε  ba  b g


b b


(5-7)

where the first three terms denote the position, velocity and attitude update vectors to the
initial values of the state vector, the next two terms denote the update to the initial
estimate of the acceleration measurement bias vector (accelerometer bias) and the
angular rate measurement bias vector (gyro bias), and the last two terms are user clock
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bias and drift of the GPS receiver. The system model and the process noise density matrix
of the integration filter are given in Appendix A.
Table 5-2 lists the noise models and the parameters of the Crista IMU used in processing
the data. These values are taken from Godha (2006) which were computed through an
autocorrelation analysis of the sensor data along each axis.
Table 5-2: Crista IMU noise models and parameters (Godha 2006)

Gyros
Sensor
axis

Noise

Accelerometers

Gauss Markov parameters

°/h/ √Hz

σ (°/h)

x

226.06

211.06

y

177.07

z

165.22



Noise

Gauss Markov
parameters



g/√Hz

σ (m/s2)

381.92

280e-6

0.007

227.46

204.64

375.23

400e-6

0.007

210.78

161.31

297.37

280e-6

0.009

364.82

(s)

(s)

5.3 Power Conservation Methodology
Gyros consume significant power compared to accelerometers (two orders higher as
shown in Table 2-2). Their power consumption is as high as the state-of-the-art duty
cycled receivers used in ultra-low power applications and are not recommended to be
used in such applications. However, depending on the required position accuracy GNSS
receivers may consume tens of milliwatts of power. Low power IMUs (10 to 15 mW power
consumption) can be used to reduce receiver duty cycle in cyclic tracking mode and thus
save power in these applications. Furthermore, some applications require an IMU anyway
(e.g., UAVs, smartphones), and its use in inertial aiding of the GNSS tracking loops can
reduce the receiver power consumption.
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Gyro-free navigation through integration of GPS receivers with MEMS accelerometers
and magnetometers has been used to conserve power in the past (Collin et al 2002).
However, gyro-free navigation fails when the user velocity is below 5 m/s. Furthermore,
magnetometers are affected by local magnetic fields and can lead to large errors in
attitude estimation and in turn in position. Therefore, this research investigates the
benefits of using both the accelerometers and gyros in reducing the duty cycles.
Position and velocity solutions are available at a much higher rate with INS compared to
GPS. However, the solution drifts over short durations. Specifically, when using lower
quality MEMS IMUs a few seconds of INS-only operation may result in position errors of
a few metres. Normally, this solution drift is bounded by an integration Kalman filter when
using GPS/INS integration where regular observation updates are obtained from the GPS
receiver and the sensor errors are corrected. The observation updates from the receiver
keep the navigation errors in INS from growing indefinitely. Position and velocity outputs
within a Kalman filter update duration provide reasonably good accuracy with regular
external updates (within a few seconds).
In this research, position and velocity solutions from GPS/INS at the end of the OFF
period are used to obtain the signal parameters through vector-based approaches. The
method is identical to the one described in Section 3.1 and Section 3.2 except that the
GPS/INS position and velocity are used at the end of receiver OFF periods instead of the
predictions. The signal parameters derived from GPS/INS position are expected to be
more accurate compared to the predictions because the IMU is measuring actual user
motion. However, the inertial sensors, and the computations in mechanization and
Kalman filter result in some additional power consumption as shown in Equation (2-14).
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In order to save power, the total of these and the duty cycled receiver’s power should be
less than a continuously operating receiver’s power consumption. In applications where
the inertial sensors are used any way the receivers can save more power since one needs
to consider power consumption due to mechanization and Kalman filter operations only.
5.4 Test Description
Tests were performed in two kinematic cases as done in Chapter 3 in open sky
environments, namely vehicular and pedestrian. The following sections provide the test
set-up, data processing details and results.
5.4.1 Data collection
The test set-up included the SiGe GPS receiver front-end to collect IF data and the
reference navigation system (a tactical grade IMU integrated with a multi-frequency and
multi-constellation geodetic grade GNSS receiver) as described in Section 3.3.1. In
addition to this, the new test set-up included the Crista IMU and a GPS receiver to give
time synchronization pulse to the IMU. In vehicular test, the Crista IMU was mounted next
to the tactical grade IMU on a wooden board as shown in Figure 5-1 and placed on top
of the vehicle. The IMU accepts power supply voltage from 4.4 V to 8 V and was powered
from a 7.4 V Lithium-Polymer battery. The IMU data collection can be synchronized
(optional) with a GNSS receiver’s Pulse Per Second (PPS) output and the data gets
tagged with the PPS counter (not the GPS time of week). In the test conducted the IMU
data was synchronized with a GPS receiver’s PPS output. Table 5-3 lists the equipment
used in this data collection in addition to those in Table 3-1. The GPS IF data and the
Crista IMU data were collected for about 20 minutes in the vehicular test.
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Table 5-3: Test equipment details of IMU data collection

Item

Details

MEMS IMU

Crista IMU from Cloud Cap Technology Inc.

GPS receiver

Novatel ProPak v3 to provide time synch pulse (PPS) to
the Crista IMU

Crista IMU

LCI IMU

Figure 5-1: Crista IMU strapped down to a wooden board during vehicular data collection

In the pedestrian test, the test equipment set-up was mounted on a rigidly built backpack
carried by the user. The user trajectory is similar to the one shown in Figure 3-5b. The
backpack mounted with the test equipment is shown in Figure 5-2. The data was collected
for about 10 minutes in the pedestrian test. Figure 5-3 shows the speed and heading
profile during the vehicular and pedestrian test. The vehicular speed ranged from 0 to
100 km/h with accelerations larger than in the previous tests described in Chapter 3 and
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Chapter 4. The pedestrian walking speed was about 1 m/s with some stop periods during
the test.

Crista IMU

LCI IMU

Figure 5-2: Backpack used in the pedestrian test showing the IMUs

Figure 5-3: Speed and heading profiles of vehicular and pedestrian test
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5.4.2 Data processing
A tightly coupled integration approach is used to combine GPS and INS data. However,
the integration needs to happen inside a GPS receiver like in ultra-tight coupling as the
navigation solution is used to re-initialize signal parameters at the start of the GNSS
receiver ON period through vector-based approaches in the cyclic tracking receiver. The
GPS IF data and IMU data are processed with a modified version of the the ultra-tight
integration version of GSNRxTM. The software receiver implemented in C++ is very
flexible and can implement different integration methods and tracking techniques. In this
work it is modified to implement tightly coupled integration and intermittent signal tracking.
The software receiver requires the sensors’ data from the IMU (converted to velocity and
angular increments) to be time tagged with GPS Time of Week (TOW). This is achieved
by adding the GPS TOW count from the GPS receiver to the IMU time when PPS counter
increments from 0 to 1. The GPS TOW is noted (from the GPS receiver that provides
PPS) at the instant of physically connecting the hardware receiver’s PPS output to the
IMU’s time pulse input.
5.4.3 Receiver configurations
This section provides the configurations of the receiver used in computing signal
parameter prediction errors and assessing the performance of the intermittently tracking
receiver with inertial sensor aiding. Figure 5-4 shows the receiver configuration used in
computing the signal parameter errors at the end of different receiver OFF periods
(previously referred to as prediction errors in Chapter 3 and Chapter 4). These signal
parameter errors are used to assess the feasibility of intermittent tracking receiver at a
given duty cycle and TPVT. The receiver is run in continuously tracking mode in tightly
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coupled integration with MEMS based INS. The receiver runs with different TPVT and duty
cycle each time that corresponds to different T OFF periods.
The software GNSS receiver shown in Figure 5-4 is modified to implement intermittent
tracking in tightly coupled integration mode with INS. Again, the receiver is run with
different TPVT intervals and duty cycles, and the pseudorange and pseudorange rate
observations are recorded for post-mission differential position processing.

Figure 5-4: Computation of signal parameter errors in GPS/INS tight coupled receiver
using GSNRxTM (ut version) for the feasibility analysis

In this research, the main purpose of integrated GPS/INS navigation is to see how well
the INS propagated position and velocity during the receiver OFF period assist in
estimating signal parameters through a vector-based approach. Therefore, this work does
not analyze the GPS/INS filtered position accuracy. Instead, the idea is to investigate
whether there is an improvement in signal parameters’ accuracy at the end of receiver
OFF period, and if so, whether lower duty cycles are feasible. To this end, position outputs
of integration filter are not evaluated in assessing the cyclic tracking position accuracy.
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Instead, position outputs from least squares estimation using GPS measurements are
evaluated in assessing the feasible duty cycles to remove the effects due to filtering.
The pseudorange and pseudorange rate outputs from the inertial aided intermittent
tracking receiver along with the differential corrections (obtained from processing
reference station data by giving true coordinates to PLAN-nav software in reference
mode) and ephemeris are fed to the PLAN-nav differential position processing software
in rover mode. PLAN-nav software is configured to compute position and velocity using
least squares estimation as shown in Figure 3-10. The GPS/INS integrated position (or
Kalman filter estimation) is not used to assess intermittent tracking receiver’s position
accuracy performance so that any effects due to filtering that may mask the duty cycled
receiver performance are removed.
5.5 Results and Analysis
The important aspect of intermittent signal tracking are the errors in signal parameter
during the receiver OFF period. These errors with GPS/INS integration over the OFF
periods and position accuracy results for the vehicular and pedestrian cases are
presented in this section.
5.5.1 Vehicular test
Intermittent tracking feasibility analysis results with inertial sensor aiding are given in this
section. The data is processed for three different solution update intervals first in
continuous mode to obtain the standard deviations of signal parameter errors and then in
intermittent tracking mode to evaluate the position accuracy performance and assess
feasibility. The parameters of the GPS tracking loops remain the same as those given in
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Table 3-2 except for the coherent integration time set to 10 ms in this case. The IMU data
is obtained at an update rate of 20 Hz.
The GPS IF data is also processed separately without inertial aiding to obtain the signal
parameter prediction errors over the receiver OFF period and assess the feasibility. The
standard deviations of the prediction errors are compared with those of inertial aiding.
5.5.1.1 Prediction errors and convergence
Figure 5-5 shows the standard deviations of code phase errors versus receiver OFF
periods for two cases, namely with and without INS aiding. The red trace shows the errors
when using a simple dynamic model to predict position and velocity over the receiver OFF
period and then compute code phase through the vector-based approach. The blue trace
shows the code phase errors where the user position and velocity are not predicted but
instead are obtained from the MEMS based inertial navigation during the OFF period. At
lower receiver OFF periods the majority of code phase errors comes from DLL thermal
noise as can be seen from Equation (3-4) and Equation (3-6). For longer OFF periods the
INS provides better performance because it actually measures/tracks user motion
whereas a standalone receiver extrapolates (or predicts) the position and velocity
information.
One can see that the prediction errors have similar accuracy to those of INS for lower
receiver OFF periods. This is expected since the user position can be predicted with
reasonably good accuracy for shorter OFF periods. However, the errors are lower when
using INS for longer receiver OFF periods and can potentially help achieve feasibility for
lower duty cycles when using longer solution update intervals.
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Figure 5-5: Code phase error standard deviations at the end of receiver OFF period;
comparison of predictions with simple dynamic model and using MEMS based INS

Code phase error convergence for the cases where INS is used and not used are shown
in Figure 5-6 and Figure 5-7. It can be seen that there is not much difference in the
feasibility as the errors converge even for slightly higher error when not using INS even
with longer solution update intervals (e.g. TPVT of 5 s). However, position errors with
inertial aiding will be relatively smaller for the duty cycles that are non-feasible. For e.g.,
the errors at the end of the ON period for 10% and 20% duty cycles with T PVT = 5 s are
smaller compared to those without inertial aiding. Although these duty cycles cannot give
a position accuracy equivalent to that of a continuous receiver their accuracy will be better
than a cyclic tracking receiver not using inertial sensors.
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Figure 5-6: Code phase error standard deviations at the end of the receiver OFF period
and their convergence during the ON period without inertial aiding in vehicular test

Figure 5-7: Code phase error standard deviations at the end of the receiver OFF period
and their convergence during the ON period with inertial aiding of cyclic tracking in
vehicular test

Standard deviations of Doppler errors at the end of receiver OFF period were not critical
in determining the cyclic tracking feasibility as noted in Section 3.5.3.1. However, in the
vehicular test Doppler errors were higher than the pull-in range of the FLL for longer TPVT
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and lead to loss of lock when inertial aiding was not used. Time series of Doppler
prediction errors for receiver OFF period of 1 s with and without inertial aiding are shown
in Figure 5-8. Although the Doppler prediction errors without the use of INS aiding are
slightly higher in magnitude compared to the errors when using INS they do not exceed
the FLL pull-in range in either case.

FLL pull-in range

(a)

(b)

Figure 5-8: Time series of Doppler prediction errors at the start of receiver ON period for
TOFF of 1 s; (a) without using INS and (b) using MEMS based INS

However, with longer receiver OFF periods higher Doppler prediction errors are expected
due to the vehicular speed and heading uncertainty. The INS derived Doppler over the
receiver OFF period are expected to assist the FLL at the start of the ON period. Time
series of Doppler prediction errors for receiver OFF periods of 3 s with and without inertial
aiding is shown are Figure 5-9. One can see that without inertial aiding in intermittent
tracking the receiver has large Doppler errors at the start of ON period. These large
Doppler errors may lead to loss in tracking of some satellites resulting in poor position
accuracy at those instants and also higher power consumption due to reacquisition.
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FLL pull-in range

(a)

(b)

Figure 5-9: Time series of Doppler prediction errors at the start of receiver ON period for
TOFF of 3 s; (a) without using INS and (b) using MEMS based INS

A simple dynamic model was used as given by Equation (3-2) and Equation (3-3) to
predict position and velocity over OFF periods when INS is not used. Prediction of signal
parameters over the receiver OFF periods resulted in higher errors. For example, in the
dynamic model used, the user velocity was assumed to be constant during the receiver
OFF periods (modeled as random walk process), occasionally resulting in higher Doppler
errors.
Figure 5-10 shows the user velocity along the East axis computed from an intermittently
tracking receiver with and without the use of INS for time epochs from 550 s to 800 s. The
staircase plot in red shows the velocity when it is predicted. The step size in velocity error
is related to the magnitude of the Doppler error as

 f  (V  e)(fL1 / c )
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(5-8)

where  f is the Doppler error, V is the user velocity error vector,

fL1 is the GPS L1

frequency. Note that only East component of the velocity error is shown in Figure 5-10
and any errors in other axes change the Doppler error.
One can observe large velocity errors at some epochs (e.g., around 620 s and 750 s)
which in turn result in Doppler errors for some satellites as shown in Figure 5-9a. The
blue trace shows the continuous GPS/INS velocity available even during the receiver OFF
periods. The error growth over the OFF period is very small and the user velocity estimate
is reasonably accurate. One can see that at the GPS observation update epoch (or
solution update epoch) the velocity error is pulled back due to the update action of the
Kalman filter.

Error over 3 s
without INS

Figure 5-10: User velocity along East axis (shown for few epochs) in intermittent tracking
receiver for OFF period of 3 s showing the magnitude of errors with and without the use
of INS
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5.5.1.2 Position errors
Position errors are computed in LLF with the reference (or truth) position from the Novatel
SPAN system as described in Chapter 3. Position error statistics with inertial aiding agree
with the convergence curves in Figure 5-7. The bar plot of the 3D RMS errors shown in
Figure 5-11 confirm the feasibility analysis. Total bias errors also show a similar result.

Figure 5-11: 3D RMS errors for different duty cycles and solution update intervals in
cyclic tracking mode with inertial aiding

As shown in Figure 5-9 and Figure 5-10, Doppler errors were higher without the use of
inertial aiding resulting in loss of lock or sideband tracking on some satellite signals. The
total bias errors with and without inertial aiding for T PVT of 5 s is shown in Figure 5-12.
When not using inertial aiding there was a loss of lock on one satellite signal for 50% duty
cycle leading to slightly higher errors. However, for duty cycles lower than 50%, two to
three satellites lost lock, resulting in a higher total bias and 3D RMS errors. With the
Doppler assistance from INS there was no change in the number of satellites tracked and
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the total bias errors (shown in Figure 5-12) and 3D RMS errors concur with the
convergence curves.

Figure 5-12: Total bias errors for different duty cycles with and without inertial aiding for
TPVT = 5 s

5.5.2 Pedestrian test
Signal parameter errors, their convergence during the receiver ON period and the position
error results during the pedestrian test with and without inertial aiding are given in this
section. The parameters of the GPS tracking loop remain the same as those used for
processing vehicular data and the coherent integration time is set to 10 ms. However,
MEMS IMU data could not be processed due to a data logging issue. The results
presented here correspond to the tactical grade IMU (LCI 2014). The IMU data is obtained
at an update rate of 100 Hz in this case. The Crista IMU data is expected to be much
noisier and the results will be inferior than presented here.
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5.5.2.1 Prediction errors
Standard deviations of code phase errors at the end of different receiver OFF periods
with and without INS aiding in pedestrian case are plotted in Figure 5-13. The code phase
errors are not much different for any of the TOFF periods considered when using tactical
grade inertial aiding in pedestrian case. Therefore, one can expect no improvement in
code phase during the receiver OFF period when MEMS IMUs are used for obtaining the
code phase compared to predictions.

Figure 5-13: Standard deviation of code phase errors at the end of the receiver OFF
period with and without inertial aiding in pedestrian test

As seen in Section 3.5.2.1 standard deviation of Doppler errors are not significant in
pedestrian case even without the inertial aiding and the cyclic tracking receiver can
converge to the FLL thermal noise for receiver OFF periods up to 10 s. Similar result is
observed for the TOFF periods considered in this test, and standard deviations of Doppler
errors with and without inertial aiding are same.
However, it is expected that if the user antenna had abrupt movements the Doppler errors
would be higher and the Doppler parameter obtained from INS velocity would assist the
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receiver in sustaining lock. Time series of Doppler errors with 4 s receiver OFF period is
shown in Figure 5-14 with and without inertial aiding. One can see a slight improvement
in the Doppler estimates obtained from the inertial aiding compared to the predictions.

Figure 5-14: Doppler prediction errors in pedestrian case with TOFF of 4 s; (a) without
inertial aiding and (b) with inertial aiding

5.5.2.2 Position errors
Position error statistics computed in LLF with inertial aiding during the pedestrian test are
presented in this section. Together, the total bias errors and 3D RMS errors agree with
the feasibility analysis. However, the position error results do not show any improvement
relative to the case when inertial aiding is not used. The position error results without
inertial aiding are not plotted here and look similar to those in Figure 5-15 and Figure
5-16.
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Figure 5-15: Total bias errors in pedestrian case for different duty cycles and three
solution update intervals with inertial aiding

Figure 5-16: 3D RMS errors in pedestrian case for different duty cycles and three solution
update intervals with inertial aiding

5.5.3 Doppler prediction accuracy with inertial aiding
Doppler error results in Section 5.5.1.1 and Section 5.5.2.1 suggest that tracking the user
motion during the receiver OFF periods with inertial navigation significantly improves the
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accuracy compared to a standalone receiver. Doppler errors become even more
important when using longer coherent integration time under weak signal conditions as
seen in the analysis in Section 4.2. Therefore, inertial aiding of intermittent tracking can
help sustain tracking in weak signal conditions without the need to add correlators as
proposed in Section 4.3.
Cumulative distribution of Doppler errors (magnitude) at the end of different receiver OFF
periods in vehicular test is shown in Figure 5-17. One can see that the Doppler accuracy
improves with inertial aiding and the errors are less than 10 Hz even for receiver OFF
period as high as 4 s. The errors without inertial aiding exceed 25 Hz for receiver OFF
periods 2 s and higher indicating loss of lock for 10 ms coherent integration. Thus, inertial
aiding helps in sustaining lock on satellite signals by means of tracking true user motion
during the receiver OFF durations which is not possible with motion prediction. The inertial
aiding is particularly useful when the receiver employs longer coherent integration time to
track weak signals.
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TOFF = 2 s

TOFF = 1 s

TOFF = 4 s

TOFF = 3 s

Figure 5-17: Cumulative distribution of Doppler errors at the end of different receiver OFF
periods in the vehicular test

5.6 Summary
This chapter briefly described the inertial sensor errors and discussed the MEMS sensor
errors in particular. The error models used in GPS/INS integration Kalman filter and the
filter states were provided. The power conservation methodology with the use of MEMS
inertial sensors was explained.
Intermittent tracking test results with inertial sensor aiding in vehicular use case were
presented and compared with the conventional cyclic tracking technique. The test results
suggest an improvement in the prediction of signal parameters over the receiver OFF
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period and lower duty cycles are possible thus conserving more power. Specifically,
Doppler prediction at the end of the OFF period improved significantly, thus eliminating
the chances of loss in signal tracking or sideband tracking. Code phase prediction
accuracy does not improve over shorter receiver OFF periods (less than 2 s) and
improves for longer receiver OFF periods in vehicular use case. However, with receiver
OFF periods longer than 5 s, the GPS/INS position accuracy and in turn the code phase
prediction accuracy deteriorates significantly.
In pedestrian case, code phase obtained through vector-based approach using INS
solution do not improve the accuracy significantly in intermittent tracking. The Doppler
prediction errors were lower in the test conducted due to slower motion of the user
antenna. However, in cases where the user antenna moves abruptly (resulting in sudden
Doppler changes) it is expected that use of INS aiding in cyclic tracking improves the
Doppler accuracy and help in sustaining signal lock for longer receiver OFF periods which
is otherwise not possible.
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Conclusions
This chapter summarizes the important findings of this research work and provides
concluding remarks. It then lists possible future work that can improve the research
conducted herein.
6.1 Conclusions
The main goal was to investigate and improve intermittent tracking to reduce signal
processing operations and thus save power in GNSS receivers. It was shown that the
vector-based approach can help initialize the signal parameters at the start of the receiver
ON period and feasibility can be decided based on the convergence of the errors in signal
parameters at the start of the ON period. The following sections provide the detailed
conclusions.
6.1.1 Characterization of signal parameter errors in intermittent tracking


Code phase and Doppler errors at the end of the receiver OFF period in an
intermittent tracking receiver hold the key in determining the feasibility of cyclic
tracking operation. User position and velocity predictions and signal parameters
derived through vector-based approach with those predictions reduce the errors.



The pull-in range of the FLL is more critical in sustaining signal lock in intermittent
signal tracking. The DLL pull-in range is sufficiently wide, the code phase
prediction errors do not lead to loss of code lock for receiver OFF periods used in
cyclic tracking.



Instantaneous Doppler errors at the end of receiver OFF periods are critical in
sustaining signal lock in intermittent tracking. The errors can sometimes lead to
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sideband tracking for some satellites resulting in higher position and velocity errors
in pedestrian and vehicular cases.


Doppler errors in vehicular user cases are mainly caused by the user motion
uncertainty (acceleration and change in heading of the vehicle) whereas in
pedestrian motion it is mainly due to abrupt antenna movement and g-sensitivity
of crystal oscillators used in the RF front-end.

6.1.2 Feasibility analysis of intermittent tracking


A duty cycle at a given solution update interval is said to be feasible if it can give
statistical position accuracy equivalent to that of a continuously operating receiver
with the same tracking loop configuration. Statistics of signal parameter errors can
be used to determine feasibility using the transient response of the tracking loops
(DLL and FLL) used in GNSS receivers.



Feasibility of operation at a given duty cycle is more likely when the receiver
operates at longer solution update intervals than shorter ones. The duration of the
receiver ON period is critical in the convergence of the signal parameter errors at
the start of the receiver ON period. However, the length of the required ON period
also depend on the signal parameter error at the end of the corresponding OFF
period which may be different depending on the solution update intervals.



Duty cycles of 80% and higher are usually feasible in typical pedestrian and
vehicular cases in open sky environments for solution update intervals of 1 s. The
feasible duty cycles drop to as low as 40% for 5 s update intervals for these cases
resulting in significant power saving.
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Position error statistics do not increase drastically for longer solution update
intervals and one can decide to use a duty cycle as low as 10% with 5 s update
interval if errors up to 1 m are tolerable.

6.1.3 Proposed method for intermittent tracking in weak signal environments


FLL is more vulnerable to loss of lock in intermittent tracking with longer coherent
integration time in weak signal environments due to its short pull-in range.
Sustaining signal lock is more important to avoid position accuracy degradation in
weak signal environments.



A method is proposed to use additional correlators for a brief duration at the start
of receiver ON period to sustain signal tracking in weak signal conditions. The
proposed method avoids loss in signal tracking with minimum additional signal
processing resulting in a slightly higher effective duty cycle but maintains similar
position accuracy as continuous tracking



The proposed theoretical framework for the feasibility analysis does not work well
in excessive multipath and other fading environments when C/N 0 values of the
satellites tracked have large variations.

6.1.4 Inertial aiding of intermittent tracking


Code phase parameters obtained through INS during the receiver OFF period do
not improve feasibility significantly in vehicular and pedestrian cases. Specifically,
in the pedestrian case the INS aiding bring almost no improvement in the code
phase accuracy through the vector-based approach.
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Inertial aiding can help sustain signal tracking in cyclic tracking for cases where
the signal Doppler variations are higher during the receiver OFF period (e.g.,
vehicular motion, UAVs, etc.) by using INS propagated velocity.



In pedestrian cases inertial aiding does not help improve the feasibility of cyclic
tracking operation. It was shown that the code phase errors even with a tactical
grade IMU are not much different compared to prediction errors, and therefore one
cannot expect any improvement with MEMS grade IMUs.

6.2 Future Work
Based on the above findings, the following work is recommended for future investigation.


The impact of physically turning the receiver front-end ON and OFF for additional
Doppler errors in intermittent tracking, if any (due to temperature change on crystal
oscillator), needs to be investigated. This aspect of intermittent tracking operation
is not investigated in the research presented herein and it is interesting to examine
if there are any effects due to physically switching the front-end OFF and ON
continuously.



Although this work is directly applicable to other GNSS constellations, the effect of
using a different signal structure (from other constellations) on intermittent tracking
due to code and Doppler signal parameters’ accuracy during the OFF period needs
to be investigated further.



Use of open loop tracking in improving the power performance through intermittent
tracking at very low signal power levels (more than 20 dB attenuation) needs to be
investigated in detail.
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g-sensitivity compensation of crystal oscillators in intermittent tracking in the
pedestrian use case needs to be studied in order to compensate for acceleration
effects on the crystal whenever they occur.



Pedestrian Dead Reckoning (PDR) navigation can be investigated to improve the
code phase prediction accuracy over longer receiver OFF periods (e.g., more than
10 s) and lower the feasible duty cycle if possible with longer solution update
intervals. Cyclic tracking can be possible with very long solution update intervals
in pedestrian case assuming no change in Doppler due to acceleration sensitivity
of crystal oscillator.



Gyro-free navigation techniques need to be investigated in detail for pedestrian
and vehicular applications to lower the feasible duty cycles and save additional
power. Although there are limitations to the gyro free navigation any improvement
in these methods can reduce the power consumption significantly in inertial aided
cyclic tracking.



Inertial sensor aiding in vehicular applications with non-holonomic constraints
needs to be investigated for improving the code phase and Doppler accuracy over
the receiver OFF periods. Non-holonomic constraints (e.g., assumption of no
lateral and vertical acceleration in vehicular cases) can improve the INS position
and velocity accuracy and in turn the signal parameter estimates at the start of the
receiver ON period in cyclic tracking. Furthermore, with non-holonomic constraints
and pseudo-signal measurements one can save power by using a reduced IMU
(e.g., using only one accelerometer and one gyro).
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APPENDIX A: GPS/INS KALMAN FILTER MODEL
The state-space model or system model for the 17-state GPS/INS Kalman filter is of the
form

x = Fx + Gw
where x is the state vector, F is the dynamics matrix, G is the shaping matrix, w is the
spectral density vector of the driving noise and the overhead dot on x represents time
derivative function. With the defined state vector, noise models in Chapter 5 and the
mechanization equations in Chapter 2, the system model for the first 15 states can be
written as
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The discrete form of the system model can be obtained as

 xk  (I+Ft ) xk 1  Gtw k 1
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where t is the time difference between IMU measurements, k and k-1 denote the current
and previous time epochs. The corresponding process noise spectral density matrix is
given by
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where the spectral noise density qba and qbg of the accelerometer and gyro along each
axis is already defined in Section 5.2. The spectral noise density of the position, velocity
and attitude vectors are tuned based on the knowledge of user motion and initial
uncertainty.
The final two states of the 17-state filter, user clock bias and clock drift are converted to
range and range rate by multiplying them with the speed of light.
b  c t
b  c  t

The system model for the two states is given below.
b  b  c  t
b  c 

t

where c is the speed of light in m/s,  t is the user clock bias in s,  t is the user clock drift
in s/s,

t and 

are the driving noise terms in clock bias and drift with spectral densities
t
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qt and q t . A standard clock stability model is used to compute the noise spectral
densities (Brown & Hwang 1997) given by
qt  2h0
q t  8 h2
2

where

h0 and h2 are the clock stability parameters that can be obtained from the Allan

variance plots of the oscillator used. The readers are referred to Noureldin et al (2012)
for the GPS measurement model used in tightly coupled integration.
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