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Abstract

Indoor navigation is now used in many applications. For enhanced positioning accuracy
indoors, this thesis develops the strategies and algorithms for multiple navigational
integration modes coupled with multi-sensors fusion in smartphones. The sensors
consist of an INS-magnetometer triad and a pressure sensor, in addition to WiFi signals.
The main focus is to make full use of the complementary features of different sensors
and different navigation modes to improve accuracy. One of the sensors, namely
pressure sensor, complements the limitations of PDR and WiFi by extending the
position dimension from 2D to 3D.

A centralized Kalman filter is designed and implemented for the proposed integration
strategies including PDR and INS, WiFi and INS, as well as combination of PDR, WiFi
and INS. Extensive indoor tests conducted in various buildings are used to evaluate the
above strategies. Related navigation performance metrics are evaluated and intercompared and their error statistics are summarized.
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CHAPTER 1 : INTRODUCTION

Navigation plays an important role in daily life and has been widely used in many areas
ranging from military to commercial. Advances in Global Navigation Satellite Systems
(GNSS) including Global Positioning System (GPS), Galileo and Beidou have greatly
enhanced system performance with higher positioning accuracy, more availability and
better reliability. However, GNSS is not usable in a satisfactory manner for indoor
scenarios because signals are attenuated or blocked by walls and other obstructions.
Given this limitation and the increasing demand on applications that require accurate
and reliable indoor positioning information, indoor navigation has attracted tremendous
interests and become a timely research topic in navigation over the past few years.

1.1 Background
Typical applications areas of indoor navigation include, but are not limited to: medical
care, guidance of police and firefighters, underground constructions, and finding a
specific shop in a shopping mall (Mautz 2012). To overcome the limitations of GNSS,
several alternative techniques for indoor positioning have been investigated and
proposed for better accuracy and reliability. Magnetic location, inertial navigation,
WLAN/WiFi, Ultra-Wideband (UWB) and Radio Frequency Identification (RFID), to
name a few, are among the recently proposed technologies used for indoor navigation
so far (Mautz 2012). Any specific technology has its pros and cons. This thesis
develops and investigates effective integration strategies and algorithms by making full
use of the complementary features of multiple navigation modes (WiFi, INS and PDR)
1

and multi-sensors fusion (accelerometers, gyroscopes, magnetometers and pressure
sensors).

1.1.1 Sensors-based Navigation Strategies
As Micro-Electromechanical System (MEMS) sensors are usually low cost and widely
available in handheld devices, such as smartphones and tablets, sensor-based
navigation solutions can be easily implemented, and become cost effective methods.
Two typical sensors-based navigation modes are commonly available for indoor
positioning and navigation. One is Pedestrian Dead-Reckoning (PDR) where the
position is propagated through step detection along with the user’s walking direction.
The steps are usually detected by accelerometers while the direction is usually
determined by gyroscopes or a leveled magnetic compass (Mezentsev 2005).
Gyroscopes and magnetometers both have their advantages and weaknesses.
Gyroscopes are not sensitive to external magnetic interference, but errors due to bias
and scale factor accumulate over time. In contrast, magnetometers are able to calculate
absolute heading value based on the Earth’s magnetic field, and consequently the
heading does not drift over time. The main limitation of magnetometers is that they are
susceptible to magnetic interference or magnetic anomaly (Afzal 2011). In this way, in
indoor environments with strong magnetic disturbance, magnetometers are usually
combined with gyroscopes to make use of complementary features to obtain more
accurate heading for PDR performance enhancement.
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Strapdown Inertial Navigation System (INS) is another sensors-based dead-reckoning
navigation mode. Based upon the measurements from a triad of accelerometers and a
triad of gyroscopes, it mathematically transforms the outputs of inertial sensors from
body frame to navigation frame by applying the rotation rate measured by gyroscopes
(Noureldin 2013). With the initial position and orientation information, a strapdown INS
system computes three dimensional position, velocity and attitude (pitch, roll and
azimuth) from single integration of angular velocity and double integration of
acceleration, respectively.

With smaller size, light weight and lower power consumption, strapdown INS are flexible
and can be applied to a variety of use cases, including but are not limited to pedestrian
and automobile navigation. However, strapdown INS can only provide a reliable
navigation solution for short time duration and diverge rapidly in a quadratic order due to
the biases, scale factors and noise of their inertial sensors.

1.1.2 WiFi Positioning System
WiFi Positioning System (WPS) provides positioning information from the propagation of
radio frequency (RF) signals emitted from known locations. Since most public facilities
have already installed large quantities of WiFi Access Points (APs), WiFi Positioning
System (WPS) becomes a practical method to acquire indoor positioning information. It
is also an effective supplementary and complementary approach for other indoor
navigation solutions, such as strapdown INS, to counteract the drawbacks of inertial
sensors.
3

Trilateration and fingerprinting are two typical WPS algorithms. Trilateration method
estimates the ranges between the user and the APs from the Received Signal Strength
(RSS) values. The user’s location is determined from the calculated ranges by using
some estimation techniques such as the non-linear iterative Least Squares (LSQ)
method (Zhuang 2015). Compared to trilateration algorithm, the fingerprinting approach
has two phases: offline phase and online phase. The purpose of the offline phase is to
generate or update the database. The user’s position is estimated online phase by
comparing the RSS values with the values stored in the database, in order to find a
match. Fingerprinting-based WPS costs time and labor to build the database. However,
it provides positioning information without the necessity to know the coordinates of the
APs, and is not sensitive to multipath in indoor environments. WPS considers the signal
strength attenuation induced by the obstructions because it only matches the RSS
vectors with those stored in the database, rather than converting them to distance (Wei
et al 2011). WiFi fingerprinting is adopted in this research for the estimation of the user’s
location and will be discussed in Chapter Two.

1.2 Literature Review
A variety of strategies for indoor navigation have been proposed over the past few years
and they are summarized in Mautz (2012) in terms of accuracy, coverage, measuring
principles as well as typical applications. RF signals based indoor positioning
technologies are usually classified into UWB (Zampella et al 2012), Bluetooth
(Bekkelien 2012) and RADAR (Baul et al 2000). Another kind of solutions makes use of
inertial sensors to calculate the user’s location, for instance, PDR (Mezentsev 2005)
4

and INS mechanization (El-Sheimy 2006). Map matching is also a method to acquire
positioning information in indoor environments. It is the process of comparing personal
tracking data with the digital map to match the pedestrian’s navigation data to the road
on which the pedestrian is walking (Aggarwal et al 2011). Some map matching
algorithms have been proposed in White et al (2000). As the indoor digital maps are still
not very popular and not widely used, this method is of limited for indoor location.

PDR and INS are two commonly used dead-reckoning methods for navigation in both
outdoors and indoors to bridge the gaps during GNSS outages. They calculate position
relative to the initial location. PDR computes the position from the step length and
azimuth. In this way, errors are proportional to the travelled distance, and not to time.
Mezentsev et al (2005) provides a detailed analysis of PDR performance. It
demonstrates that the major errors of PDR are the step length error and heading error.
The heading error is the primary error source in PDR, and navigation performance will
degrade as the azimuth error grows. Since PDR is a relative positioning method, the
accuracies of initial position and initial heading are also the two important factors
impacting performance. The initialization can be given by GNSS with a high accuracy
outdoors. Several stochastic step length models are also proposed in Mezentsev
(2005). The step is usually detected through accelerometer measurements. Harle et al
(2013) summarizes the current step detection methods including zero crossings, peak
detection and spectral analysis. Gait cycle analysis is another way for steps detection
used by Godha et al (2006) with sensors mounted on foot.
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As previously stated, gyros and magnetometers are two typical sensors to compute
azimuth information independently. With natural complementary features, these two
sensors can be integrated to compensate for their individual limitations. A fusion
strategy was developed by Ladetto et al (2002). The magnetometer-derived heading
values were used to estimate the gyro bias, and the gyro measurements were able to
detect the magnetic disturbance. In order to effectively mitigate the magnetic
interference, Afzal (2011) proposed the strategy for the detection of the magnetic Quasi
Stationary Field (QSF). It facilitates reliable estimation of the heading error and gyro
biases with a Kalman filter (Afzal et al 2011, Bancroft & Lachapelle 2012).

Strapdown INS is another potential indoor navigation method. It is advantageous in
terms of the flexibility and rich positioning information in 3D. However, the sensor errors
are integrated over time, and will introduce a drifting position error over time. Due to
such a limitation, strapdown INS cannot be deployed independently (Le 2009).

In addition to sensors-based navigation approaches, wireless signals have also been
used to determine the user’s absolute positions. Nowadays APs have been deployed in
most buildings, and the WiFi receivers are available in many portable handheld devices.
Therefore, WPS is selected as the one of the preferred methods for indoor navigation
(Schatzberg et al 2014). The key WPS can be classified into two categories: trilateration
(Cook et al 2005, Shchekotov 2014) and fingerprinting (Li et al 2005, Taheri et al 2004,
Luo et al 2013). Zhuang (2015) and Wei et al (2011) make comparisons between two
techniques of trilateration and fingerprinting. Trilateration is susceptible to signal
6

strength attenuation, while fingerprinting is less sensitive to multipath in indoor
environments. However, fingerprinting consumes more time and labor to generate the
database with more reference points because accuracy depends on the density of the
reference points in the database (Wei et al 2011). Although WPS is a practical way for
indoor navigation, its accuracy is impacted by the signal strength fluctuation (Jeon et al
2014). In order to achieve better navigation performance, WPS and sensors-based
navigation are usually integrated to compensate for their individual drawbacks. Chai et
al (2012) and Evennou et al (2006) have developed two ways to integrate the WPS and
INS. Khan et al (2013) proposed another approach to integrate WPS, INS, and the map
information of the building through a particle filter. However, as a known limitation, WPS
does not provide altitude information and the navigation solution is only given in a 2D
horizontal plane. In upstairs or downstairs, the WPS positioning accuracy will be greatly
degraded as the altitude information is closely coupled with the horizontal positioning
information in this case.

Similarly to WPS, Bluetooth beacons are another indoor navigation technology. For the
purpose of power efficiency, Bluetooth Low Energy (BLE) is widely used nowadays. It
allows electronic devices to communicate wirelessly within a range of 10 to 20 metres
(Bekkelien 2012). A BLE beacon periodically broadcasts a BLE advertising packet
including a universally unique identifier. With the help of a BLE beacon, the paired
device with BLE beacon, such as smartphone, can approximately determine its relative
position with respect to the beacon by means of fingerprinting. This can be done either
in 1-D if only one beacon is available or in 2D if at least two beacons are available. The
7

two common beacon protocols are Apple’s iBeacon and Google’s Eddystone (Herrera
2016). Beacons are usually considered as a supplementary method for other navigation
approaches due to their small size, low cost, as well as the unnecessity of external
power supply (Kriz et al 2016).

Table 1.1 summarizes some indoor navigation strategies and corresponding previous
contributions.
Table 1.1 Indoor navigation strategies and previous contributions
Main
Technology
Deadreckoning

Navigation strategy

Previous works
Detailed analysis of PDR performance
Mezentsev 2005

PDR

INS mechanization
El-Sheimy 2006
Trilateration
Cook et al 2005
Shchekotov 2014
Fingerprinting
Li et al 2005
Taheri et al 2004
Luo et al 2013
UWB based positioning
Zampella et al 2012

INS

WPS

Wireless
positioning

UWB

Bluetooth based location
Apple’s iBeacon
Google’s Eddystone

Bluetooth

Use radar for position and location
Baul et al 2000

RADAR
Dead-reckoning/Map
matching
Integrated
system

INS integrated with digital map
White et al (2000)
WiFi Integrated with INS
Chai et al (2012)
Evennou et al (2006)
INS integrated with WiFi and digital map
Khan et al (2013)

WPS/INS
WPS/INS/Map
8

1.3 Objectives and Contributions
Given the limitations of different navigation modes and various sensors, the main
objective of this research is to develop methodologies for accurate indoor localization by
multi-sensor fusion and multiple navigation mode integration. Several integrated
navigation strategies are developed to enhance navigation performance indoors.

The objective of multi-sensors fusion of accelerometers, gyros, magnetometers and
pressure sensors will result in the following:
a) The integration of accelerometers and gyros are useful to mechanize the PDR
and strapdown INS navigation modes;

b) By the use of the complementary features of magnetometers and gyros, accurate
heading can be maintained. Consequently, positioning performance can be
improved;

c) Pressure sensors can provide external altitude information and enhance indoor
WiFi and PDR navigation from 2D to 3D. With the vertical constraint and aiding
from the pressure sensor, the vertical positioning and velocity errors of
strapdown INS can be reduced for better positioning accuracy.

The multi navigation modes integration strategies developed in this research consist of
the following
a) PDR/INS
9

b) WiFi/INS
c) PDR/WiFi/INS

The basic concept of integrating PDR with strapdown INS is to make use of the
positioning outputs of PDR as external measurements for the update of the strapdown
INS Kalman filter. The latter estimates the error states of the position, velocity, and
sensor errors. The benefits gained by this integration mode are expected to be two fold.
First, the strapdown INS positioning error drift can be limited after the error corrections.
Also, the 3D position, velocity and attitude information derived from the strapdown INS
compensate for the limitation of PDR navigation in the 2D horizontal plane.

With abundant WiFi and related short range signals, WPS is able to provide accurate
and reliable positioning information with steady RSS values. The integration of WPS
and strapdown INS makes use of WPS as an external aid to update the Kalman filter for
the error states estimation. This integration mode, to some extent, is equivalent to
GNSS/INS integration for outdoor navigation.

The PDR/WiFi/Strapdown INS integration mode is actually a sequential combination of
the aforementioned two integration modes of PDR/INS and WiFi/INS. The benefit of this
integration mode is redundancy for better performance.

1.4 Thesis Outline
This thesis consists of five chapters and the subsequent ones are organized as follows:
10

Chapter Two provides background information related to indoor navigation. It covers the
sensors used in this research, the description of the error sources and calibration of
these sensors as well as the sensor Allan variance characterization. In addition,
selected basic estimation fundamentals such as Kalman filtering and random processes
are described.

Chapter Three discusses the integration strategy, algorithm and the Kalman filter design
of the multi-sensor fusion and multi navigation integration modes. The sensors used for
sensors fusion are accelerometers, gyros, magnetometers and pressure sensors.
Various navigation modes (WiFi, PDR and INS) and their integration strategies
(PDR/INS, WiFi/INS and PDR/WiFi/INS) are discussed. The design of a centralized
Kalman filter is also illustrated.

The setup and field tests conducted to evaluate the above approaches and the results
of different navigation strategies are presented and analyzed in Chapter Four. The
datasets were collected in different buildings on the campus of the University of
Calgary. The error statistics are summarized for the performance evaluation and
comparisons among different integrated navigation approaches in different scenarios
are documented.

Chapter Five concludes this thesis. The major contributions are summarized and
recommendations of future works are provided.

11

CHAPTER 2 : FUNDAMENTALS OF INDOOR NAVIGATION

Indoor navigation makes use of sensors to derive the position, velocity and orientation.
The Kalman filter is used to estimate the errors inherent in sensors and navigation
outputs (position, velocity and orientation) by external aids such as GNSS and/or WiFi.
This chapter introduces some relevant knowledge related to indoor navigation including
sensors, estimation theory, and the navigation algorithm. The sensors described are
accelerometers,

gyroscopes,

magnetometers

and

pressure

sensors.

The

characterization, error sources, calibration, and the Allan variance of inertial sensors are
analyzed. The Kalman filter and the error modelling of inertial sensors on the basis of
random process are also discussed. The coordinate frame used for the indoor
navigation in this research is defined. Three navigational modes and their algorithms
are described including: strapdown INS, PDR and WiFi positioning system (WPS).

2.1 Sensors Overview
Strapdown INS consists of three-axis accelerometers and three-axis gyroscopes. These
two orthogonal triads are usually assembled in a unit called the Inertial Measurement
Unit (IMU). IMU and other sensors such as magnetometers and pressure sensors are
now commonly embedded in portable devices. The increase in the type and variety of
sensors enhances flexibility, redundancy and complementarity in sensor fusion. In this
way, better performance in many application areas can be gained. The typical
application areas include but are not limited to navigation and activity monitor, to name
a few.
12

2.1.1 Accelerometers
Accelerometers measure specific force based on Newton’s second law of motion. In
terms of different working principles, accelerometers can be classified into various
types, namely mechanical, solid states and MEMS. A conventional accelerometer
consists of a proof mass suspended in a case by a pair of springs. When the
acceleration is zero, the proof mass is confined to a zero position or equilibrium
position. When linear acceleration acts to the device, the proof mass is displaced from
its equilibrium position. The displacement with respect to the null position is measured
by a pick-off and the displacement amount is proportional to the acceleration applied to
the mass along the sensitive axis (El-Sheimy 2006).

For MEMS accelerometers, the current technologies are based on capacitors, piezoelectric crystals and piezo-resistive materials.

The specific force sensed by an accelerometer is a combination of the linear
acceleration applied to the device and the gravity. Linear acceleration can be decoupled
from the output of an accelerometer with a consideration of gravitational force. The
linear acceleration can be single and double integrated to derive velocity and position
information.

2.1.2 Gyroscopes
The gyroscope provides angular rate or angular velocity measurements with respect to
an inertial frame. The change in angle is derived from single integration of the
13

gyroscope output. Similar to accelerometers, gyroscopes can also be classified into
different categories based on their operational principles such as mechanical
gyroscopes, optical gyroscopes and MEMS gyroscopes. A mechanical gyroscope is
composed of a spinning wheel and two gimbals and it measures actual orientation
instead of angular rates. The working principle of a mechanical gyroscope is that the
angle between the adjacent gimbals will change in order to keep the wheel unchanged
when the gyroscope is rotated. Compared with mechanical gyroscopes, optical
gyroscopes measure angular rate based on the Sagnac effect. A typical optical
gyroscope is the fiber optical gyroscope (FOG) which consists of a coil of fiber optic
cable. The advantageous property of FOG over mechanical gyroscopes is that it
contains no moving parts and does not rely on inertial resistance to movement. Another
type of gyroscopes is the MEMS gyroscope which is a non-rotating device and makes
use of the Coriolis effect to provide angular velocity (Titterton & Weston 2004). Currently,
the main MEMS gyroscope types are based on the vibratory principle and include tuning
fork and resonant ring gyroscopes. As MEMS gyroscopes have advantages of small
size, lower power consumption and light weight, they are now widely used in navigation.

In terms of accuracy and performance, gyroscopes can be divided into different
performance grades. Navigational grade gyroscopes including FOG, ring laser
gyroscopes (RLG) have higher performance than consumer or automotive grade MEMS
gyroscopes. Table 2.1 compares the performance characteristics of navigation grade
and consumer grade gyroscopes (KVH Guide to Comparing Gyro and IMU
Technologies).
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Table 2.1 Performance characteristics of navigation and consumer grade gyros
Gyro

Navigation grade/FOG

Consumer grade/MEMS

Bias Offset (Degree/h)

±2

±250

Bias Instability
(Degree/h)

≤0.05

≤1

Angle Random Walk
(Degree/h/√𝐇𝐳)

≤0.7

≤9

2.1.3 Magnetometers and Their Calibration
A magnetometer measures the intensity of the magnetic field in order to determine the
device’s direction with respect to the magnetic North. There are two basic types of
magnetometers based on their measurements: vector magnetometers and total field
magnetometers. A vector magnetometer measures the vector components of magnetic
field, while a total field magnetometer senses the magnitude of the vector magnetic field.
Magnetometers are widely used both in military and civilian devices. A more typical
application area of magnetometers is indoor navigation where GNSS signals are not
available. Magnetometer measurements can provide positioning information using
magnetic fingerprinting approach (Li 2016, Xie et al 2014). By measuring the Earth’s
magnetic field, magnetometers can determine an absolute azimuth for pedestrian
navigation. To this end, the measurement vector of magnetometer is transformed to the
horizontal plane by using the pitch and roll angles computed from accelerometers (Li
2016). Using the projected magnetic vector on the orthogonal horizontal plane, the
heading/azimuth angle can be computed as (Afzal 2011)
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𝐵𝑦

𝜑 = 𝑡𝑎𝑛−1 (𝐵 ) ± 𝐷
𝑥

(2.1)

where
𝜑 is the heading angle with respect to the true North
𝐵𝑥 and 𝐵𝑦 are the orthogonal horizontal magnetic field components
𝐷 is the declination angle which is the angle between magnetic and true
North.

The heading angle computed from the magnetometer is with respect to magnetic North
instead of the true North. To align with the true North, the declination angle needs to be
added or subtracted from the magnetic heading angle depending on the location. The
declination angle changes every year and varies from place to place in a predictable
manner. It is currently 14.3 degree in Calgary, Canada.

The major advantage is that the magnetic heading error does not accumulate over time.
Therefore, it keeps the heading error bounded and consequently the bounded
positioning error for a relatively long time. However, magnetometers are susceptible to
magnetic interference and magnetic anomaly. Calibration is required before use to
remove hard iron and soft iron effects. Several calibration approaches have been
developed (e.g. Liu et al 2014, Renaudin et al 2010, Gebre-Egziabher et al 2006,
Vasconcelos et al 2008). Fang et al (2011) proposed one novel calibration method
based on the ellipsoid fitting. The method consists of three steps, (1) it applies a
constraint condition to insure the 3D shape is an ellipsoid, (2) least-square is used to
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estimate error coefficients, and (3) the estimated error coefficients are used to correct
the magnetometers output. The calibrated magnetometer is expected to be in a shape
of zero-centered sphere. Compared with other calibration methods, it does not need any
calibration device and orientation reference information during calibration and it is easy
to implement without heavy computation.

2.1.4 Pressure Sensors and Their Calibration
Pressure sensors measure the ambient atmospheric pressure. They can be divided into
a variety of types, namely water-based, mercury, aneroid as well as MEMS pressure
sensors. Water-based and mercury pressure sensors have similar working principles.
Both of them measure air pressure by keeping balance between the weight of water or
mercury in the sealed glasses and the ambient atmospheric pressure. In contrast,
aneroid and MEMS sensors do not use liquid. Aneroid sensors were invented by the
French scientist Lucien Vidi in 1844 and consist of a small flexible metal box without air
inside. Therefore, it is sensitive to small changes in external air pressure and will
expand and contract easily. The movements of the metal box drive mechanical levers
and move a needle to display ambient air pressure changes. MEMS pressure sensors
are much smaller in size compared with other types and are manufactured by
photolithography or photochemical matching.

Applications of pressure sensors range from meteorology to navigation. In meteorology,
they are used to predict weather. As the ambient pressure is correlated with altitude, the
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pressure sensor is able to provide an effective external aiding on height information in
navigation. The pressure is converted to altitude by (BMP085 datasheet)
1

ℎ = 44330 ∗ (1 −

𝑃 5.255
(𝑃 )
)
0

(2.2)

where
ℎ is the altitude converted from pressure
𝑃 is the pressure value measured by the sensor
𝑃0 is the pressure value at sea level (1013.25 hPa)

Similar to the magnetometers discussed in the previous section, pressure sensor
measurements contain the error sources such as bias and scale factor. Furthermore,
external environments such as temperature, humidity and weather fronts also impact
the pressure measurements. Therefore, pressure sensors need to be calibrated by
using external aiding from fixed pressure sensors and/or GNSS.

Figure 2.1 summarizes the calibration method for pressure sensors. The measured
pressure is converted to altitude information using Equation (2.2). It is compared with
the altitude information from external aiding to derive the altitude offset. This altitude
difference is converted back to the pressure biases used for the compensation of the
raw pressure sensor measurements to obtain the calibrated pressure sensors.

Pressure sensor noise is small and over time intervals of minutes to tens of minutes,
accuracy in terms of height variation is sub-metre. Effects of actual atmospheric
18

pressure variation is however less predictable inside buildings due to elevators, air
vents, doors, etc. Even if only 2D positioning is required, pressure sensors bound the
height and aid horizontal position estimation in the process.

Raw pressure

Convert to altitude

measurement

Convert to pressure
bias
Calibrated pressure
measurement
Altitude offset

Accurate altitude
Convert to altitude

used for calibration

Altitude output after calibration

Figure 2.1 Block diagram of pressure sensor calibration

2.2 Inertial Sensor Error Sources
This section presents a brief discussion on error sources of accelerometers and gyros
described in Sections of 2.1.1 and 2.1.2. The error sources include bias, scale factor
and noise.
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2.2.1 Bias
A bias is defined as the average over a specified time of accelerometer or gyroscope
output measured at specified operating conditions that have no correlation with input
acceleration or rotation (Hou 2004). An accelerometer or gyro bias consists of two parts:
bias offset and bias drift. The bias offset is a deterministic part and is defined as the
sensor output for zero input. Since it is deterministic in nature, it can be removed by
calibration. The bias drift is a random part which refers to the rate at which the errors in
inertial sensors accumulate with time (El-Sheimy 2006). Zero drift is defined as the
change of output when the input is zero. Because the bias drift varies with time, this
stochastic part should be modelled as a random process when doing data processing to
reduce its impact on inertial sensor performance.

2.2.2 Scale Factor
The scale factor, which is also called sensitivity, is the ratio of change in the output and
the input that is to be measured. The scale factor error is commonly expressed in parts
per million (ppm). The accelerometer output error induced by the scale factor error is
proportional to the true specific force along the sensitive axis. Similarly, the gyro output
error caused by scale factor error is proportional to the true angular velocity with respect
to the sensitive axis. In a same way as bias offset, the scale factor error is also
deterministic and can be removed after calibration.
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2.2.3 Noise
Noise is an additional signal induced by the sensor itself or the surrounding electronic
equipment that interferes with the output signals to be measured. Noise is nonsystematic and therefore cannot be removed by using deterministic models. It should be
modelled by a random process which will be discussed in the next section (Hou 2004).
In general, inertial sensor noise is often considered as white noise or modelled by using
a stochastic model. The induced error in accelerometer measurements is termed as the
velocity random walk, and is defined as the angular random walk in gyroscope
measurements. The common units for accelerometer noise and gyroscope noise are
𝑚/𝑠 2 /√𝐻𝑧 and 𝑑𝑒𝑔/ℎ𝑟/√𝐻𝑧, respectively.

Recently, most personal devices and inertial navigation applications are using low cost
MEMS sensors. Their noise level is dramatically higher than that in high grade inertial
sensors. Appropriate noise analysis and modelling become increasingly important for
better navigation performance. Two classical kinds of approaches are available for
inertial sensor noise modelling. One is the frequency-domain method which makes use
of the power spectral density (PSD) to estimate the transfer function. Another is
analyzed in time-domain such as Allan Variance which provides information on types
and magnitude of various noise terms (El-Sheimy et al 2008).

2.3 Stochastic Processes Modelling for Inertial Sensor Errors
As discussed in the previous sections, some inertial sensor errors are stochastic in
nature, and cannot be removed by using deterministic models. The stochastic modelling
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and analysis of stochastic errors in inertial sensors are prerequisite and important for
INS. This section introduces several random processes that are commonly used for
inertial sensor error modelling.

2.3.1 White Noise
A white noise process usually has a zero mean and a constant PSD. Assume the white
noise spectral amplitude is 𝐴; its spectral density function can be expressed as (Brown
& Hwang 2012)
𝑆𝑤𝑛 (𝑗𝜔) = 𝐴

(2.3)

Its corresponding autocorrelation function is given by
𝑅𝑤𝑛 (𝜏) = 𝐴𝛿(𝜏)

(2.4)

These two functions are shown in Figure 2.2.

𝑆

𝑅

𝐴

𝐴

𝜏

𝜔

0

0

(a)

(b)

Figure 2.2 Autocorrelation function (a) and spectral density function (b) of white
noise
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2.3.2 Random Constant
A random constant is a non-dynamic quantity with a constant value. Its continuous time
system model is expressed by (Gelb 1974)
𝑥̇ (𝑡) = 0

(2.5)

The discrete system model of a random constant is given by
𝑥𝑘+1 = 𝑥𝑘

(2.6)

2.3.3 Random Walk
Random walk is a common stochastic process used for sensor errors modelling. It is
generated by integrating uncorrelated random sequences. Random walk is not
stationary since its variance is changing linearly with the number of samples and
therefore the characteristics of the autocorrelation function cannot be used to
completely define the process. In navigation applications, the velocity is usually
modelled as a random walk. The continuous time system of random walk is expressed
by
𝑥̇ (𝑡) = 𝑤(𝑡)

(2.7)

where 𝑤 is white Gaussian noise with a constant PSD and follows the normal
distribution.

2.3.4 First Order Gauss-Markov Process
Another common random process is the Gauss-Markov process, a stationary process
with exponential autocorrelation functions. Most of the current inertial systems model
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the sensor residual errors as a first Gauss-Markov process. The continuous time of a
first order Gauss-Markov process is given by
𝑥̇ (𝑡) = −𝛽𝑥(𝑡) + √2𝜎 2 𝛽𝑤(𝑡)

(2.8)

where
𝜎 2 is the standard variance of the process.
𝛽 is the reciprocal of the time constant of the process.

As indicated in Brown & Hwang (2012), Gauss-Markov process is advantageous over
other random processes because it can fit a large number of physical processes with
reasonable accuracy. Another reason is that as all stationary Gaussian processes, the
Gauss-Markov process has a relatively simple mathematical description and the
specification of its autocorrelation function completely defines it.

2.4 Allan Variance and Noise Level Analysis
This section defines the Allan variance, a technique used to determine the noise in a
system as a function of averaging time. The specific noise terms analyzed from the
Allan standard deviation are also discussed.

2.4.1 Allan Variance Definition
The Allan variance was proposed by David Allan in 1966 and it is a time-domain method
which was originally designed to assess the frequency stability of oscillators (Allan
1966). After its initial use, its application has been expanded from oscillator stability
analysis to random-drift characterization of various devices.
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The Allan variance can identify the source of a given noise term in the data and can be
used as a stand-alone method of data analysis or as a complementary approach to
frequency domain methods. In current research, Allan variance is widely used to
determine the intrinsic noise in a system as a function of averaging time. Due to its
simplicity in computation and interpretation, it is commonly used for identification and
quantification of the different noise terms that exist in inertial sensor data (IEEE Std.
952-1997).

The Allan variance is derived from a group of consecutive data points with a same
sampling rate. Assume there are 𝑀 consecutive data points in the entire dataset with
the same time interval ∆𝑡 and every 𝑚 (𝑚 < 𝑀/2) consecutive data points form a group.
Each group is called a cluster with time 𝑇, and 𝑇 = 𝑚 ∗ ∆𝑡. To obtain the Allan variance,
the first step is to compute the average of the output rate of a cluster by assuming the
instantaneous output rate of inertial sensor is Ω(𝑡), as shown below (Zhang et al 2008):
̅̅̅̅
𝛺𝑘 (𝑇) =

𝑡𝑘 +𝑇

1

∫
𝑇 𝑡

𝑘

𝛺(𝑡)𝑑𝑡

(2.9)

The average output rate of the subsequent cluster is then computed by
̅̅̅̅̅̅
𝛺𝑘+1 (𝑇) =

1

𝑡𝑘+1 +𝑇

∫
𝑇 𝑡

𝑘+1

𝛺(𝑡)𝑑𝑡

(2.10)

The last step is to estimate the Allan variance by averaging ̅̅̅̅
Ω𝑘 (𝑡) and ̅̅̅̅̅̅̅
Ω𝑘+𝑚 (𝑡) as
1
2
̅̅̅̅̅̅
̅̅̅̅
𝜎 2 (𝑇) = 2 〈(𝛺
𝑘+1 (𝑇) − 𝛺𝑘 (𝑇)) 〉

where <> is the ensemble average.
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(2.11)

Therefore, the above equation can be rewritten as follows by expanding the ensemble
average:
1
2
̅̅̅̅̅̅
̅̅̅̅
𝜎 2 (𝑇) = 2(𝑀−2𝑚) ∑𝑀−2𝑚
𝑘=1 [(𝛺𝑘+1 (𝑇) − 𝛺𝑘 (𝑇))]

(2.12)

Assuming 𝜃(𝑡) is the output angle of gyroscopes or the output velocity of
accelerometers, the Allan variance can also be expressed as:
1

2
𝜎 2 (𝑇) = 2𝑇 2 (𝑀−2𝑚) ∑𝑀−2𝑚
𝑘=1 (𝜃𝑘+2𝑚 − 2𝜃𝑘+𝑚 +𝜃𝑘 )

(2.13)

2.4.2 Noise Terms in Allan Variance
Tehrani (1983) provides a detailed derivation of the noise terms related to Allan
variance from their corresponding rate noise power spectral density for ring laser
gyroscopes noise analysis. There are five basic types of random process in an Allan
standard deviation plot: quantization noise, angle/velocity random walk, bias instability,
rate random walk and drift rate ramp. All of the noise terms have different curve slopes
in different regions of cluster times, which allow them to be identified and quantified
easily.

2.4.2.1 Quantization Noise
Quantization noise is introduced due to amplitude changes when converting signals
from analog to digital forms (Hou 2004). The relationship between quantization noise
coefficient 𝑄 and Allan standard deviation 𝜎 can be derived from the angle power
spectral density and expressed by the following equation:
𝜎 2 (𝑇) =
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3𝑄 2
𝑇2

(2.14)

Taking the square-root of Equation (2.14), one obtains
𝜎(𝑇) =

√3𝑄
𝑇

(2.15)

The equation above indicates that the quantization noise coefficient can be read off
when cluster time is equal to √3 and 𝑄 = 𝜎(√3). In addition, in a log-log plot of the Allan
standard deviation versus cluster times, quantization noise is represented by a line with
a slope of -1. The units of quantization noise coefficient are 𝑑𝑒𝑔 and 𝑚/𝑠 for gyroscopes
and accelerometers, respectively.

2.4.2.2 Angle/Velocity Random Walk
Angular random walk is a noise type of gyroscopes while velocity random walk is that of
accelerometers. The units of angle/velocity random walk are 𝑑𝑒𝑔/√ℎ and 𝑚/𝑠/√ℎ .
Angle/Velocity random walk is a noise type introduced by high frequency noise terms
that have correlation time much shorter than the sample time (Hou 2004). The outputs
of gyroscopes and accelerometers are characterized by a white noise spectrum. The
angle/velocity random walk can be expressed in terms of Allan variance as
𝜎 2 (𝑇) =

𝑄2
𝑇

(2.16)

where 𝑄 is the angle/velocity random walk coefficient. By taking square-root, the
following equation can be derived:
𝜎(𝑇) =

𝑄
√𝑇

(2.17)

When the cluster time 𝑇 = 1 , the value of 𝑄 can be obtained and 𝑄 = 𝜎(1) . The
equation also indicates that the curve of the angle/velocity random walk shown in loglog plot of Allan standard deviation versus cluster times has a slope of -1/2.
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2.4.2.3 Bias Instability
Bias instability is caused by the electronics or other components that are sensitive to
random flicking (IEEE Std. 952-1997). It is also termed as flicker floor and shows bias
fluctuations in the data. The bias instability units are 𝑑𝑒𝑔/ℎ and 𝑚/𝑠 2 for gyros and
accelerometers, respectively.

The relationship between bias instability coefficient 𝐵 and Allan standard deviation is
expressed by the following equation (IEEE Std. 952-1997):
𝜎 2 (𝑇) =

2𝐵2
𝜋

[𝑙𝑛2 −

𝑠𝑖𝑛3 𝑥
2𝑥 2

(𝑠𝑖𝑛 𝑥 + 4𝑥𝑐𝑜𝑠 𝑥) + 𝐶𝑖(2𝑥) − 𝐶𝑖(4𝑥)]

(2.18)

where
𝑥 is equal to 𝜋𝑓0 𝑇.
𝑓0 is the cut-off frequency.
𝐶𝑖 is the cosine-integral function.

To simplify the equation above, assume the Allan standard deviation is uncorrelated
with cluster time which means the curve in the log-log plot has a slope of zero. Then,
the bias instability coefficient 𝐵 can be redefined as
𝜎 2 (𝑇) =

2𝑙𝑛2
𝜋

𝐵2

(2.19)

and
2𝑙𝑛2

𝜎(𝑇) = √

𝜋

𝐵 = 0.664𝐵
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(2.20)

2.4.2.4 Rate Random Walk
In contrast to the noise types presented before, the origin of rate random walk is not
specified (El-Sheimy et al 2008). But it also has a certain curve slope and error
coefficient as other noise terms. The corresponding error coefficient 𝐾 can also be
expressed in terms of Allan standard deviation with the units of 𝑑𝑒𝑔/ℎ3/2 for gyroscopes
and 𝑚/𝑠/ℎ3/2 for accelerometers.
𝜎 2 (𝑇) =

𝐾2
3

𝑇

(2.21)

By taking square-root, one obtains
𝑇

𝜎(𝑇) = √3 𝐾

(2.22)

The rate random walk coefficient is obtained when 𝑇 = 3. The slope of its corresponding
curve in the log-log plot is +1/2.

2.4.2.5 Rate Ramp
Rate ramp is usually considered as a deterministic error instead of a random error
(IEEE Std. 952-1997). Rate ramp error coefficient 𝑅 is expressed as follows in terms of
the Allan standard deviation:
𝜎 2 (𝑇) =

𝑅2 𝑇 2
2

(2.23)

By taking square-root, Equation (2.23) can be rewritten as
𝜎(𝑇) =

𝑅𝑇
√2
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(2.24)

The rate ramp error coefficient can be read off when the cluster time 𝑇 is equal to √2. In
the log-log plot of Allan standard deviation versus cluster time, it is represented by a line
with a slope of +1.

2.4.2.6 Summary of Allan Variance Noise Terms
Table 2.2 summarizes the noise terms in Allan variance in terms of their units, curve
slopes as well as error coefficients.

Table 2.2 Summary of Allan variance noise terms
Error Type

Curve Scope

Error Coefficient

Unit

Quantization Noise

-1

𝑄𝑞 = 𝜎(√3)

𝑑𝑒𝑔, 𝑚/𝑠

Angle/Velocity
Random Walk

-1/2

𝑄𝑅 = 𝜎(1)

𝑑𝑒𝑔/√ℎ, 𝑚/𝑠/√ℎ

Bias Instability

0

Rate Random Walk

+1/2

𝐾 = 𝜎(3)

𝑑𝑒𝑔/ℎ3/2 , 𝑚/𝑠/ℎ3/2 ,

Rate Ramp

+1

𝑅 = 𝜎(√2)

𝑑𝑒𝑔/ℎ2 , 𝑚/𝑠/ℎ2

𝐵=

𝜎(𝑓0 )
0.664

𝑑𝑒𝑔/ℎ, 𝑚/𝑠 2

2.4.3 Test Results
The Allan variance test is based on the MEMS inertial sensors of LG G3 smartphone.
Data was collected in static mode for three hours at room temperature. The test was
conducted in the NavLab at Positioning, Location and Navigation (PLAN) Group, the
University of Calgary. Sensors sampling rate was set at 20 Hz.
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Figure 2.3 shows the log-log plot of Allan variance versus cluster time for three-axis
gyros. The plots are approximately fitted with the lines at the slopes of -0.5 and 0.
Therefore, the dominant noises of gyros in this test are angle random walk and bias
instability. The coefficient values of three-axis gyros are given in Table 2.3.

Figure 2.3 Gyro Allan variance result

Table 2.3 Gyro angular random walk and bias instability
Gyro

Angular random walk [𝒅𝒆𝒈/√𝒉]

Bias instability [deg/h]

Gyro X

47.3 × 10−2

12.9

Gyro Y

45.6 × 10−2

10.4

Gyro Z

51.9 × 10−2

15.8
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The Allan variance plots in Figure 2.3 show only negative slopes during the static test.
This is due to the fact that MEMS gyros have a long autocorrelation time. Time duration
of the static test is three hours. Temperature variations of the smartphone during data
collection have some impacts on the Allan variance result. Even if the Allan variance
data was collected at constant room temperature in the lab, the sensor chipsets are built
inside the phone, and the temperature variation envelope of the sensors differs from the
room temperature most of the time.

As indicated in Table 2.2, the error coefficients of the angle random walk can be
extracted corresponding to the cluster time at 1 second with respect to the -0.5 slope.
The bias instability coefficients correspond to the value of the slope of 0 around 10
seconds in Figure 2.3.

The log-log plots of Allan variance versus cluster time for three-axis accelerometers are
shown in Figure 2.4. The plots can be fitted with the lines at the slope of -1/2, 0, and
+1/2. For the part of the plot with an approximate slope of -1/2, velocity random walk is
the dominant noise and the error coefficient can derived with respect to the averaging
cluster time at 1 second. The plot with a slope of +1/2 indicates that rate random walk is
the main noise. The coefficient values of three-axis accelerometers are given in Table
2.4.
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Figure 2.4 Allan variance result of accelerometers

Table 2.4 Accelerometer velocity random walk and bias instability
Accelerometer

Velocity random walk
[𝐦/𝐬/√𝐡]

Bias instability
[m/s^2]

Accelerometer X

10.0 × 10−2

1.0 × 10−3

Accelerometer Y

10.5 × 10−2

2.0 × 10−3

Accelerometer Z

16.0 × 10−2

0.9 × 10−3
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2.5 Kalman Filtering
Kalman filtering is a recursive solution to a discrete data linear filtering problem invented
in 1960 by R.E. Kalman. It is an optimal filter extensively used in various applications.
Compared to other estimation algorithms such as Least-Squares, Kalman filtering
considers how the states evolve with time and it is based on minimizing the estimated
variance of system dynamics and measurements. Kalman filtering consists of two
models: system model for state vector prediction, and measurement model for state
vector update.

In digital applications, measurements are usually expressed in discrete time rather than
the continuous one. Therefore, discrete Kalman filtering will be described as it is the
mode used in this thesis. There are several fundamental assumptions behind discrete
Kalman filtering algorithm (Brown & Hwang 2012).

In the system model, the state vector to be estimated at epoch 𝑘 + 1 can be described
by a transition matrix and process noise, as shown in the following equation:
𝒙𝑘+1 = 𝝓𝑘,𝑘+1 𝒙𝑘 + 𝒘𝑘

(2.25)

where
𝝓𝑘,𝑘+1 is called the transition matrix which predicts the state vector from epoch 𝑘
to epoch 𝑘 + 1.
𝒘𝑘 is known as process noise
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In terms of process noise, it is assumed to be white and time uncorrelated, and is
expressed mathematically as follows:
𝐸{𝒘𝑘 } = 0

(2.26)

𝟎, 𝑖 ≠ 𝑘
𝐸{𝒘𝑘 𝒘𝑇𝑖 } = {
𝑸𝑘 , 𝑖 = 𝑘

(2.27)

where
𝑸𝑘 is the covariance matrix of process noise

In the measurement model, the measurements at epoch 𝑘 can be expressed by the
state vector with a design matrix 𝑯𝑘 and the corresponding measurement noise:
𝒛𝑘 = 𝑯𝑘 𝒙𝑘 +𝒗𝑘

(2.28)

Similar to the properties of process noise, measurement noise also follows Gaussian
distribution with zero mean:
𝐸{𝒗𝑘 } = 0
𝐸{𝒗𝒌 𝒗𝑇𝒊 } = {

(2.29)
𝟎,
𝑹𝒌 ,

𝑖≠𝑘
𝑖=𝑘

(2.30)

where
𝑹𝑘 is the covariance matrix of measurement noise

In a discrete Kalman filter, it is also assumed the system noise and measurement noise
have zero correlations with each other and are uncorrelated with the state vector. This
relationship can be statistically expressed as follows for all 𝑘 and 𝑖:
𝐸{𝒘𝑘 𝒗𝑇𝑖 } = 0
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(2.31)

Assuming the system state vector has a known initial unbiased estimation 𝒙(𝑡0 ) and its
corresponding covariance matrix 𝑷0 , they can be expressed mathematically as
(Petovello 2013):
̂0 } = 𝒙(𝑡0 )
𝐸{𝒙

(2.32)

̂0 𝒙
̂0 𝑇 } = 𝑷0
𝐸{𝒙

(2.33)

With these assumptions, the Kalman filter algorithm works in two steps: prediction and
update. Prediction is also called time update and it is responsible for predicting forward
the current Kalman filter state and error covariance matrix at epoch 𝑘 to obtain the initial
information for next time epoch 𝑘 + 1 (Welch & Bishop 2001). Three basic matrices are
involved in the prediction stage: the transition matrix 𝝓𝑘,𝑘+1, the covariance matrix of the
state vector 𝑷𝑘 and the process noise 𝑸𝑘 . A priori information of the dynamic matrix 𝑭,
shaping matrix 𝑮, the spectral density matrix 𝑸0 is needed to compute the three basic
above matrices. These matrices 𝑭 and 𝑮 originally constitute the system dynamic
equation in continuous time as shown in the following equation:
𝒙̇ = 𝑭𝒙 + 𝑮𝒘

(2.34)

The transition matrix is derived from the approximate first-order digital solution of the
dynamic equation as
𝝓𝑘,𝑘+1 = 𝑰 + 𝑭 ∗ Δ𝑡
where
Δ𝑡 is the time interval between epoch 𝑘 and epoch 𝑘 + 1
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(2.35)

𝑰 is the identity matrix with the same dimension as 𝑭

The covariance matrix of process noise 𝑸𝑘 is computed from 𝑮 and 𝑸0 using the
following equation:
1

𝑸𝑘 = 2 (𝝓𝑘,𝑘+1 𝑮𝑸0 𝑮𝑇 𝝓𝑇 + 𝑸0 ) ∗ Δ𝑡

(2.36)

In the prediction step, the new state vector and its corresponding covariance matrix are
computed by the following two equations:
̂−
̂+
𝒙
𝑘+1 = 𝝓𝑘,𝑘+1 𝒙
𝑘
+ 𝑇
𝑷−
𝑘+1 = 𝝓𝑘,𝑘+1 𝑷𝑘 𝝓𝑘,𝑘+1 + 𝑸𝑘

(2.37)
(2.38)

where the superscript minus denotes the predicted value in system model, and the
superscript plus denotes the updated value in measurement model.

In the update step, Kalman filter updates the predicted state vector and its
corresponding covariance matrix using external observations 𝒛𝑘 through Kalman filter
gain. Kalman filter gain 𝑲𝑘 is a factor to weigh the information from measurements
against that of current state vector effectively (Petovello 2013). The update stage
equations in the update stage are as follows:
𝑇
− 𝑇
−1
𝑲𝑘 = 𝑷−
𝑘 𝑯𝑘 (𝑯𝑘 𝑷𝑘 𝑯𝑘 + 𝑹𝑘 )

(2.39)

̂+
̂−
̂−
𝒙
𝑘 =𝒙
𝑘 + 𝑲𝑘 (𝒛𝑘 − 𝑯𝑘 𝒙
𝑘)

(2.40)

−
𝑷+
𝑘 = (𝑰 − 𝑲𝑘 𝑯𝑘 )𝑷𝑘

(2.41)
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Equations (2.37) through (2.41) are the main Kalman filtering equations. The system
model and measurement model are integrated in a coordinated loop. The system model
predicts ahead based on the transition matrix and the state vector. The predicted state
vector is compared with the external observations and the difference provides feedback
to the estimated value based on the Kalman filter gain. The predicted state vector is
updated and corrected in the measurement model with the Kalman filter gain. The
corrected state vector is predicted again in the next time epoch. The implementation of
the Kalman filter equations is summarized in Figure 2.5.

Update Loop

Prediction Loop

1. Kalman Filter Gain Computation:

1. State Vector Prediction:
̂−
̂+
𝒙
𝑘+1 = 𝝓𝑘,𝑘+1 𝒙
𝑘

𝑇
− 𝑇
−1
𝑲𝑘 = 𝑷−
𝑘 𝑯𝑘 ((𝑯𝑘 𝑷𝑘 𝑯𝑘 + 𝑹𝑘 ))

2. State Vector Update:
̂+
̂−
̂−
𝒙
𝑘 =𝒙
𝑘 + 𝑲𝑘 (𝒛𝑘 − 𝑯𝑘 𝒙
𝑘)

2. Covariance Matrix Prediction:
+ 𝑇
𝑷−
𝑘+1 = 𝝓𝑘,𝑘+1 𝑷𝑘 𝝓𝑘,𝑘+1 + 𝑸𝑘

3. Covariance Matrix Update:
−
𝑷+
𝑘 = (𝑰 − 𝑲𝑘 𝑯𝑘 )𝑷𝑘

Figure 2.5 Summary of Kalman filter equations
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2.5.1 Extended Kalman Filter
Conventional Kalman filtering assumes that measurements have a linear relationship
with the state vector. However, in some situations, the measurements cannot be
expressed in terms of the state vector using a linear function. Therefore, the extended
Kalman filter (EKF) should be considered to handle nonlinear Kalman filter models. EKF
has been successfully used in the integration of GNSS and INS to estimate INS errors
and constraint the position and velocity error drift using external GNSS aiding.

The EKF algorithm is similar to the discrete Kalman filter discussed in the previous
section. It also has two models: a system model for prediction, and a measurement
model for update.

In the EKF, the non-linear dynamic model is linearized using a Taylor series expansion
using the first-order, as follows (Petovello 2013):
𝒙̇ (𝑡) = 𝒇(𝒙, 𝑡) + 𝑮(𝑡)𝒘(𝑡)
𝜕𝒇

= 𝒇(𝒙0 , 𝑡) + 𝜕𝒙 |𝑥=𝑥0 (𝒙 − 𝒙0 ) + 𝑮(𝑡)𝒘(𝑡)
𝛿𝒙̇ (𝒕) = 𝑭𝛿𝒙(𝒕) + 𝑮(𝑡)𝒘(𝑡)

(2.42)

The discrete EKF time system model can be expressed as
𝛿𝒙𝑘+1 = 𝝓𝑘,𝑘+1 𝛿𝒙𝑘 + 𝒘
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(2.43)

The non-linear measurement model is also linearized using a Taylor series expansion
and it is given as
𝒛 = ℎ(𝒙) + 𝒗
𝜕ℎ

̂) + |𝒙=𝒙̂ (𝒙 − 𝒙
̂) + 𝒗
= ℎ(𝒙
𝜕𝒙
𝛿𝒛 = 𝑯𝛿𝒙 + 𝒗

(2.44)

̂=𝒙−𝒙
̂ is updated over time to provide feedback to the original
The state vector δ𝒙
states. After update, state vector should be reset to a zero vector. The state vector can
be updated by using the following equations:
̂+
̂−
̂+
𝒙
𝑘 = 𝒙
𝑘 + 𝛿𝒙
𝑘

(2.45)

̂+
̂−
𝒙
𝑘 = 𝒙
𝑘 + 𝑲𝑘 𝛿𝒛𝑘

(2.46)

2.6 Navigation Coordinate Frames
The coordinate frames related to sensor-based navigation system include the inertial
frame, Earth-Centered Earth-Fixed frame, the Local Level frame and the body frame.

The inertial frame (i-frame) is defined as an ideal reference frame for inertial navigation.
It is in stationary or moving at a constant velocity based on Newton’s first and second
laws of motion. A practical inertial frame adopted in inertial navigation is Earth-Centered
inertial (ECI) frame with its origin at the centre of the Earth. The z-axis of ECI frame is
along the rotation axis of the Earth and the x-axis points towards the vernal equinox in
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the equatorial plane. The y-axis is orthogonal to the x-axis and z-axis with the direction
following the right-hand rule (Noureldin 2013).

The Earth-Centered Earth-Fixed (ECEF) frame is another reference frame. The origin of
ECEF frame is at the centre of the Earth. The z-axis is along with the Earth’s polar axis
and x-axis points towards the zero meridian in the equatorial plane. The y-axis of the
ECEF frame is orthogonal to the z-axis and x-axis and its pointing direction follows the
right-hand rule. Different from the inertial frame, the ECEF frame rotates along with the
Earth at a rate of 15 𝑑𝑒𝑔/ℎ about the Earth’s rotation axis (Bancroft 2011).

The Local-Level frame (LLF) is also called the navigation frame (n-frame) or the local
geodetic frame. The East-North-Up (ENU) frame is used as the local level frame in this
thesis. It has its origin coinciding with the center of the sensor frame. The x-axis and yaxis point toward the geodetic East and North, respectively (Noureldin 2013).

The b-frame has the same origin at the center of the sensor frame. The alignment of the
three axes depends on how the IMU is mounted. The x-axis and y-axis point towards
the forward and transverse directions. The z-axis is along with the vertical direction with
the direction following the right-hand rule. The body frame used in this research follows
X forward, Y right and Z down convention, as shown in Figure 2.6.
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Y
X

Z

Figure 2.6 Body frame and phone orientation during tests

2.7 Navigation Modes
Three navigation modes are discussed in this section, namely inertial navigation
system, PDR and WPS. Their algorithms are also provided in the subsequent sections.

2.7.1 Inertial Navigation System
2.7.1.1 INS Mechanization Equations
An Inertial Navigation System (INS) uses inertial sensors to provide a six degree-offreedom navigation solution (Godha et al 2006). It consists of a triad of accelerometers
and a triad of gyroscopes to measure specific force 𝒇𝑏 and angular rate 𝝎𝑏𝑖𝑏 . The
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measurements of the inertial sensors are transformed from the body frame to the local
level frame using the rotation matrix 𝑹𝑙𝑏 which is derived from gyro measurements. The
transformed inertial sensor measurements are processed in navigation or local level
frame to compute the velocity 𝑽𝑙 = [𝑉𝑒

𝑉𝑢 ]𝑇 and position 𝒓𝑙 = [𝜑

𝑉𝑛

𝜆

ℎ]𝑇 through

INS mechanization equations which are given by the following equation, with the block
diagram in the local level frame shown in Figure 2.7 (El-Sheimy 2006):
𝑫−1 𝑽𝑙
𝒓̇ 𝑙
𝑙
𝑙 𝑏
𝑙
𝑙
𝑙
[ 𝑽̇𝑙 ] = [𝑹𝑏 𝒇 − (2𝛀𝑖𝑒 + 𝛀𝑒𝑙 )𝑽 + 𝒈 ]
𝑹̇𝑙𝑏
𝑹𝑙 (𝛀𝑏 − 𝛀𝑏 )
𝑏

𝑖𝑏

(2.47)

𝑖𝑙

Where
1

0
𝑫−1 = [

𝑀+ℎ

1
(𝑁+ℎ)𝑐𝑜𝑠𝜑

0

0

0

0]

0

1

(2.48)

𝛀𝑙𝑖𝑒 and 𝛀𝑙𝑒𝑙 in Equation (2.47) are the skew-symmetric matrices of 𝝎𝑙𝑖𝑒 and 𝝎𝑙𝑒𝑙 ,
respectively. 𝝎𝑙𝑖𝑒 is the rotation rate of ECEF with respect to the inertial frame due to
the earth ration projected in the local level frame. 𝝎𝑙𝑒𝑙 refers to the rotation rate of the
local level frame with respect to the ECEF measured in the local level frame. These two
vectors are given by
0
𝝎𝑙𝑖𝑒 = [𝜔𝑒 𝑐𝑜𝑠𝜑]
𝜔𝑒 𝑠𝑖𝑛𝜑
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(2.49)

−𝑉𝑛

𝝎𝑙𝑒𝑙

𝑀+ℎ
−𝑉𝑒

=
[

𝑁+ℎ
𝑉𝑒 𝑡𝑎𝑛𝜑
𝑁+ℎ

(2.50)
]

where
𝜔𝑒 is the earth rotation (15 deg/h).
𝑀 is the radius of the meridian.
𝑁 is the he radius of the curvature normal along lines of constant latitude.

Normal Gravity

Accel

𝒇𝑏

𝑹𝑙𝑏

𝒇𝑙 +

+

𝑽𝑙

∫

-

∫

2𝜴𝑙𝑖𝑒 + 𝜴𝑙𝑒𝑙
Gyro

𝜴𝑏𝑖𝑏

𝑹𝑙𝑏

+

𝑹̇𝑙𝑏

∫

-

𝑹𝑙𝑏
𝝎𝑏𝑖𝑙

𝑹𝑏𝑙

+
𝝎𝑙𝑖𝑙

𝝎𝑙𝑖𝑒

+

𝝎𝑙𝑒𝑙

Figure 2.7 INS mechanization block diagram
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𝒓𝑙

2.7.1.2 Attitude Representations
Attitude is usually done with different representations such as the direct cosine matrix
(DCM), Euler angle and quaternion. The direct cosine matrix is also known as rotation
matrix which transforms a vector from one coordinate frame to a reference frame. Euler
angles represent a transformation between two coordinate frames defined by three
successive rotations about different axes taken in turn, while quaternions transform a
vector from one frame to another using a vector defined in the reference frame (Titterton
& Weston 2004). This research mainly uses quaternions for vector rotation due to its
simplicity in terms of computation.

A quaternion contains four elements divided into two parts: a scalar component 𝑎 and
three independent imaginary components 𝑏, 𝑐, 𝑑. Expression of a quaternion can be
written as
𝑎
𝒒 = [𝑏𝑐 ]
𝑑

(2.51)

𝒒 = 𝑎 + 𝑏𝒊 + 𝑐𝒋 + 𝑑𝒌

(2.52)

The four elements can be computed from Euler angles as
𝑟

𝑝

ℎ

𝑟

𝑝

ℎ

𝑟

𝑝

ℎ

𝑟

𝑝

ℎ

𝑟

𝑝

ℎ

𝑟

𝑝

ℎ

𝑟

𝑝

ℎ

𝑟

𝑝

ℎ

𝑎 = 𝑐𝑜𝑠 (2) 𝑐𝑜𝑠 (2) 𝑐𝑜𝑠 (2) + 𝑠𝑖𝑛 (2) 𝑠𝑖𝑛 (2) 𝑠𝑖𝑛 (2)
𝑏 = 𝑠𝑖𝑛 (2) 𝑐𝑜𝑠 (2) 𝑐𝑜𝑠 (2) − 𝑐𝑜𝑠 (2) 𝑠𝑖𝑛 (2) 𝑠𝑖𝑛 (2)
𝑐 = 𝑐𝑜𝑠 (2) 𝑠𝑖𝑛 ( 2) 𝑐𝑜𝑠 (2) + 𝑠𝑖𝑛 (2) 𝑐𝑜𝑠 (2) 𝑠𝑖𝑛 (2)
{𝑑 = 𝑐𝑜𝑠 (2) 𝑐𝑜𝑠 (2) 𝑠𝑖𝑛 (2) − 𝑠𝑖𝑛 (2) 𝑠𝑖𝑛 (2) 𝑐𝑜𝑠 (2)
where
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(2.53)

𝑟, 𝑝 and ℎ stand for roll, pitch and heading angles, respectively.

The rotation matrix between two coordinate frames 𝑹𝑎𝑏 in terms of quaternion is
expressed as
𝑎2 + 𝑏 2 − 𝑐 2 − 𝑑 2
𝑹𝑎𝑏 = [ 2(𝑏𝑐 + 𝑎𝑑)
2(𝑏𝑑 − 𝑎𝑐)

2(𝑏𝑐 − 𝑎𝑑)
𝑎 − 𝑏2 + 𝑐 2 − 𝑑2
2(𝑐𝑑 + 𝑎𝑏)
2

2(𝑏𝑑 + 𝑎𝑐)
2(𝑐𝑑 − 𝑎𝑏) ]
2
𝑎 − 𝑏2 − 𝑐 2 + 𝑑2

(2.54)

2.7.2 Pedestrian Dead-Reckoning
Pedestrian Dead-Reckoning is usually called PDR, a relative positioning method using
inertial sensors. Figure 2.8 shows the PDR scheme. It propagates position based on
user step detection. Accelerometers are usually used to detect steps and the heading
angle is often derived from a vertical gyro. The position is propagated along the heading
direction when a step is detected. The Kalman filter estimates the error states with
external aiding or updates from wireless signals such as GNSS or WiFi signals. The
output of the PDR navigation equation is latitude, longitude or derived components
thereof. In an indoor scenario without GNSS or WiFi signals, the step length is fixed at a
constant value. The accuracy of the heading angle is the driving force of the PDR
position accuracy. The long term heading accuracy is expected to be greatly degraded
due to the vertical gyro bias and noise.

46

Accelerometers

Vertical gyro

Step detection

Heading angle

PDR navigation equation

Wireless signal
GNSS/WiFi

Kalman filter

Corrections
Error states estimation

PDR position

Figure 2.8 PDR block diagram

2.7.2.1 User Step Detection
Step detection is the first step in a PDR solution. Accelerometers are often used to
detect steps. The accelerometer measurements follow a sinusoidal-pattern when the
user is walking. A step is usually detected when a 3D root mean square (RMS) vertical
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accelerometer value crosses the gravity value 𝑔 (9.81 𝑚/𝑠 2) and the previous step is
detected 𝛿 time ago (Mezentsev 2005):
𝑎𝑘 > 𝑔, 𝑎𝑘−1 < 𝑔, 𝑡𝑘 − 𝑡𝑘−1 > 𝛿

(2.55)

where
𝑎𝑘 : The 3D RMS of accelerometer at the current time
𝑎𝑘−1: The 3D RMS of accelerometer at the last time
𝑔: The gravity value
𝛿: The time interval between the detected steps

2.7.2.2 Heading Computation
The heading angle determines the walking direction of the pedestrian. Accurate heading
is a key feature that drives PDR positioning accuracy. Gyroscopes and magnetometers
are two typical sensors that can derive heading information independently. The
complementary features of gyroscopes and magnetometers lie in the fact that the
estimated heading variations from gyro drifts over time, but it is immune to magnetic
interference. In contrast, a magnetometer is able to calculate the absolute heading
angle without error accumulation over time, but it is susceptible to magnetic anomalies.
The approach to estimate heading using magnetometers is described in Section 2.1.3.

In terms of gyro, the heading is computed from its vertical measurements using
𝜑𝑘 = 𝜑𝑘−1 + 𝜔𝑧 ∗ ∆𝑡
where
𝜑𝑘 , 𝜑𝑘−1: The heading angle at the current and last time epoch
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(2.56)

𝜔𝑧

: The angular rate of vertical gyro

∆𝑡

: The time interval between the current and last time epoch

2.7.2.3 PDR Mechanization
With the knowledge of heading angle, the PDR position is propagated with the step
length in the heading angle direction if a step is detected. PDR mechanization is given
as
{

𝑃𝐸𝑘 = 𝑃𝐸𝑘−1 + 𝐼𝑠 ∗ 𝑆 ∗ 𝑠𝑖𝑛(𝜑𝑘 )
𝑃𝑁𝑘 = 𝑃𝑁𝑘−1 + 𝐼𝑠 ∗ 𝑆 ∗ 𝑐𝑜𝑠(𝜑𝑘 )

(2.57)

where
𝑃𝐸𝑘 , 𝑃𝐸𝑘−1: East positions at the current and previous epoch
𝑃𝑁𝑘 , 𝑃𝑁𝑘−1: North positions at the current and previous epoch
𝜑𝑘

: The heading angle at current time

𝑆

: The step length

𝐼𝑠

: Step indicator random variable, 𝐼𝑠 = 1 if a step is detected; and 𝐼𝑠 = 0
is not identified

The transformation of East and North position to latitude and longitude is given by
𝜙𝑃𝐷𝑅 = 𝑃𝑁𝑘 /(𝑀 + ℎ)
{
𝜆𝑃𝐷𝑅 = 𝑃𝐸𝑘 /[(𝑁𝑐𝑢𝑟𝑣 + ℎ) cos(𝜙)]

(2.58)

where
𝑀

: The radius of the meridian

𝑁𝑐𝑢𝑟𝑣

: The radius of the curvature normal along lines of constant latitude

𝜙𝑃𝐷𝑅 , 𝜆𝑃𝐷𝑅 : The latitude and longitude of PDR
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𝜙, ℎ

: The latitude and height values from external aiding

2.7.3 WiFi Fingerprinting Approach
The WiFi positioning system (WPS) used in this research provides WiFi positioning
solutions by using the fingerprinting approach. There are two phases in this approach:
the offline and online phase. The offline phase is also known as pre-survey phase or
training phase. It generates a WiFi database that contains the coordinates of the
reference points (obtained independently through step counting in the present case as
discussed below) and their corresponding received signal strength (RSS) values from
the available access points. In the online or positioning phase, the user location is
determined by comparing the measured RSS values with those values stored in the
WiFi database to find the closest match.

The WiFi database is an important part of the WiFi fingerprinting approach. Several
methods have been proposed for WiFi database generation such as using RFID
(Gunawan et al 2012) and spatial correlation (Li et al 2005). The walk survey method is
adopted in this system for WiFi database generation. It is based on a floor plan which
provides the orientation information of the corridors in the building of interest as well as
the positons of its corners and intersections of each floor. Compared to other
approaches, walk survey method reduces time and labor cost and it is easy to
implement. There are two assumptions existing in this method. The step length is
assumed to be constant in the survey and the walking direction of the user is assumed
to be straight in each link between two landmarks (Li 2016). In this way, the coordinates
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of the reference points are generated through step counting detected by accelerometers
and the distance between landmarks. The along-corridor reference point accuracy
through step counting can easily be verified by comparing derived corridor section
lengths with corresponding lengths measured with a tape. Their difference is less than
50 cm. At each reference point, the corresponding RSS values from available access
points are received by the WiFi receiver. The positions of the reference points combined
with their corresponding RSS values are stored to generate the new WiFi database. As
an example, Figure 2.9 shows the RSS value distributions of three selected access
points at different locations. These show that the RSS values vary as a function of
location and that WiFi fingerprinting is a feasible approach for indoor navigation.

Figure 2.9 Distributions of RSS values for three APs
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The positioning phase calculates the user location through a comparison between the
measured RSS values and those stored in the database. The reference point with the
minimum signal strength difference is selected as the predicted position of the user.
However, this approach does not consider mismatch issues. In order to improve
accuracy, the K Nearest Neighbor (KNN) algorithm is used in the online stage. It
estimates position based on k closest matches with known locations from the database
generated in the offline phase (Chan & Bacicu 2012). The candidate reference points
are chosen based on Euclidean distance. The Euclidean distance 𝐷 between the
measured RSS vector 𝒓 and the database RSS vector 𝒔𝒊 can be expressed by
2
𝐷(𝒓, 𝒔𝑖 ) = √∑𝑁
𝑖=1(|𝒓 − 𝒔𝑖 |)

(2.59)

Four nearest neighbors with known coordinates are selected in this system. After
selecting the candidate reference points, the position is estimated by weighted average
of the positions of these four candidate reference points using the following equation (Li
2016):
1

𝑷 = 𝐾 ∑𝐾
𝑖=1 𝒓𝑖

(2.60)

where
𝑷 : User position to be estimated
𝒓𝑖 : Coordinate of the 𝑖 𝑡ℎ candidate reference point

The final step in the positioning phase is to compare the estimated position with the
position at the previous time epochs and it will be finally selected as the current position
if it is not far from the historical results within a pre-selected threshold.
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One challenge for WPS is the user body blocking effect on RSS measurements. The
RSS loss due to user body blockage is related to the blocking angle between the user
and APs. In order to improve WPS positioning accuracy, body effects on WiFi signal
strength should be quantified and mitigated. In this research, WPS provides positioning
information based on the WiFi fingerprinting approach and it is less sensitive to user
body effect compared to the trilateration approach which converts RSS values to ranges
between the user and APs.

In summary, WPS provides user absolute positions based on the RSS values from
available access points without error accumulation over time. Therefore, WPS is usually
considered as a potential external aiding to other navigation solutions, especially for
sensors-based approaches. This research integrates WPS with strapdown INS. The
integration strategy and algorithm are discussed in Chapter Three.
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CHAPTER 3 : DEVELOPMENT OF INTEGRATION STRATEGIES AND
ALGORITHMS

PDR and strapdown INS are dead reckoning navigation systems that are affected by
position drift over travelled distance or over time, a severe limitation for indoor
navigation. To overcome this disadvantage, a multi-sensor (accelerometers, gyros,
magnetometers, and pressure sensor) integration strategy and algorithm are developed.
Multi-navigation modes (PDR, INS and fingerprinting based WPS) integration coupled
with the above multi-sensor fusion is the main focus of this chapter to enhance the
performance of indoor navigation positioning.

3.1 Multi-sensor Fusion
Sensor fusion makes use of the complementary features of accelerometers, gyros,
magnetometers and pressure sensor to enhance the performance and functionality of
navigation systems. Sensor characteristics and their error sources are summarized in
Table 3.1.
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Table 3.1 Sensor characteristics and error sources
Sensors

Accelerometer

Gyro

Magnetometer

Pressure
Sensor

Navigation Features





Error Sources
 Bias
 Scale factor
 Noise
 Misalignment
 Temperature variation

Linear Acceleration
Gravity
Step Counts
Velocity/Position

 Angular rate
 Attitude







Bias
Scale factor
Noise
Misalignment
Temperature variation

 Sense the geomagnetic intensity
 Heading






Soft iron
Hard iron
Noise
Magnetic anomaly






Bias
Scale factor
Noise
Nonlinear sensitivity to
temperature and
environmental change

 Measure the atmospheric pressure
 Indirectly provide the altitude
information

Table 3.2 summarizes the navigation functionality of different sensors and their relative
complementary features. The benefits of sensor fusion due to their complementary
features of are given in Table 3.3.
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Table 3.2 Sensor-related navigation functionality
Sensors

Navigation Functionality

Accelerometer

 Velocity error drift of first order over time during
integration
 Position error drift at quadratic order over time
during integration

Gyro

 Attitude error drift over time
 Complementary to magnetometer, gyro is not
sensitive to external magnetic interference

Magnetometer

 Susceptible to external magnetic interference
 Complementary to gyro, absolute heading error
does not drift over time
 Useful to provide the initial heading information for
the dead reckoning system

Pressure Sensor

 Provide the altitude information
 Enhance the PDR from 2D to 3D
 Provide the vertical constraint to INS

Table 3.3 Benefits of sensors fusion
Sensors

Sensor Fusion
(Accelerometer + Gyro +
Magnetometer + Pressure Sensor)

Navigation Functionality
 Use accelerometer to detect step counts
 Gyro can mitigate magnetic interference
 Magnetometer can constraint the heading
error drift over time
 Pressure sensor can enhance the PDR
navigation from 2D to 3D, and provide the
vertical constraint of INS
 Use accelerometer and vertical gyro to
constitute PDR navigation
 Use accelerometer and 3D gyro to
constitute INS
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With consideration of complementary features of gyros and magnetometers, a
methodology of sensor fusion is proposed. The integration of accelerometers,
gyroscopes and magnetometers is beneficial for better attitude performance. The
integration of gyros gives attitude. By using this attitude, the calibrated magnetometer
measurements are transformed from the body frame to the local level frame and
compared with the known local magnetic reference. Similarly, the accelerometer
measurements are also transformed from the body frame into the local level frame and
compared with the local gravity vector. The geomagnetic and the gravity vectors provide
the updates to the Kalman filter for error state estimation. The estimated error states
provide corrections to the gyro measurements and attitude output to enhance the
attitude performance.

The pressure sensor provides constraints in the vertical direction for INS. In this way,
accurate 3D navigation solution can also be achieved by integrating PDR, strapdown
INS and pressure sensor.

3.2 Comparison of Navigational Modes
Each navigation mode, PDR, INS or WPS, has its advantages and limitations as shown
in Table 3.4.
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Table 3.4 Analysis of navigation modes
Navigation mode

Pros

Cons

PDR

 Position error is not
accumulated over time
 ZUPT can be implemented
when zero step is detected

INS

 3D Position
 Orientation information is rich
and flexible
 Provides velocity information

WPS

 Wireless-signal based
navigation
 Widely deployed indoors
 Position error does not drift
over time
 Simple structure
 Low complexity
 Good accuracy under good
geometry

 Position error is proportional
to the travelled distance
 2D position
 Position error drifts over
time
 Sensitive to signal
attenuation
 Sensitive to RSS fluctuation
 2D position
 Site specific
 Time varying
 Time consuming to
construct the database

PDR and INS are two common dead-reckoning positioning approaches for indoor
navigation using inertial sensors. Both have pros and cons and are complementary in
nature. PDR uses step length and heading angle for position propagation and can be
easily implemented. Besides its simplicity, PDR positioning errors do not accumulate
over time. However, the gyro bias impacts heading accuracy, thereby degrading
positioning performance. Another limitation is that PDR only provides a 2D navigation
solution in the horizontal plane. In contrast, INS contains a triad of gyros and
accelerometers hence it provides 3D positions. It also has flexible and rich orientation
information. INS provides velocity information as well as accurate heading value to
enhance the PDR performance. But the positioning error of INS drifts over time in a
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quadratic manner and accurate positioning performance can only last for very short time
intervals.

Contrary to the inertial-sensor based navigational mode, WPS is based on wireless
signals. It has been widely deployed at indoor, and its position error does not drift over
time. Therefore, WPS is complementary to PDR and INS in nature. However, WPS is
sensitive to signal attenuation, and its performance is degraded with RSS fluctuation.

From this point of view, three different navigational modes can be integrated to improve
indoor positioning accuracy by making use of their complementary features. The
integration methodology is discussed next.

3.3 Integration strategies
Effective integration of different navigation modes discussed in Section 2.7 can improve
navigation performance and enhance the positioning accuracy indoors. This section
investigates the following three integration strategies:


The integration of PDR with strapdown INS (PDR/INS);



The integration of WiFi with strapdown INS (WiFi/INS);



The integration of PDR and WiFi with strapdown INS (PDR/WiFi/INS)

3.3.1 Integration of Strapdown INS and PDR
The feasibility of integration of PDR with INS is based on their complementary features.
The integration scheme is described in Figure 3.1. The integration strategy not only
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couples PDR and strapdown INS, but also covers the multi-sensors fusion of
accelerometers, gyros, magnetometers and pressure sensor.

As shown in Figure 3.1, strapdown INS derives position, velocity and attitude in 3D from
accelerometers and gyros. Accelerometers are used to detect steps using the algorithm
described in Section 2.7.2.1. In normal PDR without integrating with strapdown INS, the
heading angle is usually computed from vertical gyro. The step length is propagated
along the heading direction when a step is detected. In contrast to the normal PDR, the
heading of PDR in PDR/INS integrated system is given by the attitude of the strapdown
INS with the error corrections from a centralized Kalman filter.

The centralized Kalman filter in Figure 3.1 accepts external updates including PDR
position, magnetic field vector, gravity vector and pressure sensor for the estimation of
error states. The error states include position error, velocity error, quaternion error (or
misalignment angle), gyro and accelerometer biases, and the step length error. The
estimated error states make corrections to the following outputs:


The gyro and accelerometer measurements corrected by the estimated
accelerometer and gyro biases



The strapdown INS outputs including position, velocity and attitude corrected by
the position error, velocity error and quaternion error, respectively



The step length corrected by the step length error
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The PDR position output is compared with the INS position information on the horizontal
plane to update the Kalman filter for position and step length error state estimation.
Additionally, when no step is detected, a Zero Velocity Update (ZUPT) is implemented
in the centralized filter. The PDR position update and ZUPT make it possible to
constrain and limit the INS position and velocity error drifts.

For better attitude performance, both gravity and geomagnetic vectors provide external
updates to the Kalman filter. The integration of INS with PDR makes it possible to
extract the gravity vector more accurately from the accelerometer measurements by
removing the Coriolis effect by the aiding from the INS velocity. Although the impact of
the Coriolis effect is not significant due to the low dynamics in pedestrian walking, it is
helpful and possible to improve slightly attitude accuracy. In this way, better attitude
error estimation from the geomagnetic and gravity vectors updates on Kalman filter can
be achieved, and position accuracy can be enhanced.

In addition to the horizontal position update from PDR, the pressure sensor is integrated
in the integration strategy. The altitude information derived from it is compared to the
INS vertical position information and used to perform additional update on the Kalman
filter. In this way, the vertical position and velocity error from the strapdown INS can be
constrained directly, and leads indirectly to an overall performance improvement.

The benefits gained by integrating PDR and strapdown INS are multifold. First,
strapdown INS provides attitude, position and velocity all in 3D which compensates the
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2D limitation of normal PDR. No velocity information is available in PDR. With the
velocity from INS, it is helpful for the rough estimation of step length. Moreover, INS
velocity is generally beneficial for the removal of Coriolis acceleration from
accelerometer measurements when performing a gravity vector update on the Kalman
filter for better attitude performance. In another way, PDR provides INS with the position
and ZUPT updates to avoid error drifts in INS position and velocity.

The effective sensor fusion improves positioning performance in the following ways:
1) The gravity vector update by means of accelerometer with the removal of Coriolis
acceleration is beneficial to the attitude accuracy, particularly in pitch and roll,
although the effect is more or less negligible at pedestrian velocity;
2) The magnetic vector update on the Kalman filter makes use of the
complementary nature of gyros and the magnetometers to achieve better
accuracy on heading;
3) The pressure sensor provides an external aiding in the vertical direction for more
accurate error estimation of position and velocity.
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Figure 3.1 Strapdown INS and PDR integration schematics
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3.3.2 Integration of INS and WPS
WPS provides absolute positioning information without error accumulated over time, but
the fluctuations of RSSs may introduce some errors in positioning estimation (Chan &
Bacicu 2012). In addition, WPS only provides 2D navigation solutions. In contrast,
strapdown INS provides positioning information in 3D without external reference. It
usually operates at a higher rate (20 Hz) than WPS (0.5 Hz) and is continuous.

Figure 3.2 shows the integration schematics of strapdown INS and WPS. Similar to the
strapdown INS and PDR integration scheme, the geomagnetic vector and local gravity
vector provide updates to the centralized Kalman filter for better attitude performance.
The pressure sensor also provides external altitude observations for the error states
estimation in the Kalman filter. The functionality of WPS in this integration strategy
behaves in a similar way as the GNSS in a GNSS/INS integrated system. The WPS
positioning measurements based on the fingerprinting approach (as discussed in
Section 2.7.3) are compared with INS position outputs in the 2D horizontal plane for the
error states estimation in a centralized Kalman filter. The estimated error states make
corrections to the relevant navigation states (position, velocity and attitude) as well as
the raw sensor measurements (accelerometer and gyro) for better indoor navigation
performance.
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Figure 3.2 Strapdown INS and WPS integration schematics
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3.3.3 Integration of PDR, WPS and INS
PDR/WPS/INS is a combination of PDR/INS and WPS/INS integration strategies. It
makes use of the position outputs from PDR and WPS in a sequential way to update the
centralized Kalman filter for error state estimation. This integration strategy is shown in
Figure 3.3.

The sequential combination of PDR and WPS increases system redundancy. The PDR
positioning accuracy is lower than WPS in the normal case and the benefit gained from
the PDR is somewhat limited compared to WPS most of the time. However, PDR can
perform ZUPT when no step is detected on the basis of WPS. In another way, PDR can
more or less counteract the degraded performance caused by the fluctuation of RSSs in
WPS.
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Figure 3.3 PDR, WPS and INS integration schematics
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3.4 Algorithm and Kalman Filter Design
The integration or update on the equation of motion of strapdown INS from
accelerometers and gyros into attitude, velocity and position uses the algorithm
developed by Savage (Savage 1998a, 1998b). It is also detailed by Shin (2005). The
description of these algorithms can be found in the above references. It is noted that
quaternion is implemented in this research for the computation of attitude.

The methodology of PDR is described in Section 2.7.2. In indoor environments where
GNSS signals are not available, and if no WiFi or other wireless signals are deployed,
no external aiding is provided to the PDR. In this way, the PDR positioning accuracy is
closely related to the accuracy of heading and step length. The errors in the vertical
gyro are unbounded and accumulate over time; as a result, positioning performance will
significantly degrade as a function of time.

The state vector to be estimated in the centralized Kalman filter contains sixteen error
states including positioning errors, velocity errors, quaternion errors, accelerometer
biases, gyro biases as well as step length error, as follows:
𝛿𝒙 = [𝛿𝑃𝐸 𝛿𝑃𝑁 𝛿𝑃𝑈𝑝 𝛿𝑉𝐸 𝛿𝑉𝑁 𝛿𝑉𝑈𝑝 𝛿𝒒𝑒 𝒃𝐴𝑐𝑐𝑒𝑙 𝒃𝐺𝑦𝑟𝑜 𝛿𝑆]𝑇
where
𝛿𝑃𝐸 : The position error in East direction.
𝛿𝑃𝑁 : The position error in North direction.
𝛿𝑃𝑈𝑝 : The positon error in Up direction.
𝛿𝑉𝐸 : The velocity error in East direction.
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(3.1)

𝛿𝑉𝑁 : The velocity error in North direction.
𝛿𝑉𝑈𝑝 : The velocity error in Up direction.
𝛿𝒒𝑒 : The errors in quaternion (3×1 vector).
𝒃𝐴𝑐𝑐𝑒𝑙 : The biases in accelerometers (3×1 vector).
𝒃𝐺𝑦𝑟𝑜 : The biases in gyros (3×1 vector).
𝛿𝑆

: The error of step length.

The dynamic model in the Kalman filter is given by
𝛿𝑷̇
𝛿𝑽
𝛿𝑽̇
−2 ∗ 𝒇𝐿 × 𝛿𝒒𝑒 + 𝑹𝑙𝑏 𝒃𝐴𝑐𝑐𝑒𝑙
𝛿𝒒̇ 𝑒
−𝝎𝑙𝑖𝑙 × 𝛿𝒒𝑒 + 0.5 ∗ 𝑹𝑙𝑏 𝒃𝐺𝑦𝑟𝑜
=
𝒃̇𝐴𝑐𝑐𝑒𝑙
𝟎
𝒃̇𝐺𝑦𝑟𝑜
𝟎
[
]
𝟎
[ 𝛿𝑺̇ ]
where the dot over a letter represents the time derivative of the parameter

In another way, the dynamic matrix in Kalman filter is expressed by
𝟎3×3
𝟎3×3
𝟎
𝑭 = 3×3
𝟎3×3
𝟎3×3
[𝟎1×3

𝑰3×3
𝟎3×3
𝟎3×3
𝟎3×3
𝟎3×3
𝟎1×3

𝟎3×3
−2.0 ∗ (𝒇𝐿 ×)
−𝝎𝒍𝒊𝒍 ×
𝟎3×3
𝟎3×3
𝟎1×3

𝟎3×3
𝑹𝑙𝑏
𝟎3×3
𝟎3×3
𝟎3×3
𝟎1×3

𝟎3×3
𝟎3×3
0.5 ∗ 𝑹𝑙𝑏
𝟎3×3
𝟎3×3
𝟎1×3

𝟎3×1
𝟎3×1
𝟎3×1
𝟎3×1
𝟎3×1
𝟎1×1 ]

where
𝟎𝑚×𝑛 : The zero matrix with the dimension of m × n
𝑰3×3

: The identity matrix with dimension of 3 × 3

𝑹𝑙𝑏

: The rotation matrix from body frame to the local level frame
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(3.2)

𝒇𝐿

: The accelerometer measurements 𝒇𝑏 transformed from body frame
to local level frame

𝒇𝐿 ×
𝝎𝒍𝒊𝒍

: The skew-symmetric matrix of 𝑓 𝐿
: The rotation rate of local level frame with respect to inertial frame,
expressed in local level frame

𝝎𝒍𝒊𝒍 ×

: The skew-symmetric matrix of 𝜔𝑖𝑙𝑙

The discrete transition matrix is computed from the dynamic matrix as
𝚽 = 𝑰 + 𝑭 ∗ Δ𝑡

(3.3)

where
𝚽 : The discrete transition matrix.
Δ𝑡 : The time interval between current and previous epochs.

The accelerometer and gyro biases, as well as the step length error, are modeled as
random constants. The shaping matrix considering the process noise of accelerometers
and gyros is given by
𝟎3×3
𝑹𝑙𝑏
𝟎
𝑮 = 3×3
𝟎3×3
𝟎3×3
[𝟎1×3

𝟎3×3
𝟎3×3
𝑙
𝑹𝑏 ∗ 0.5
𝟎3×3
𝟎3×3
𝟎1×3 ]

(3.4)

The noise level in accelerometers and gyros can be obtained from the standard
deviation values of a static dataset and is given by
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(𝑸𝑨𝒄𝒄𝒆𝒍 )𝟑×𝟑
𝑸0 = [
𝟎𝟑×𝟑

𝟎𝟑×𝟑
(𝑸𝑮𝒚𝒓𝒐 )

]

(3.5)

𝟑×𝟑

where
(𝑸𝑨𝒄𝒄𝒆𝒍 )𝟑×𝟑 : The noise matrix of a triad of accelerometers with dimensions of
3×3
(𝑸𝑮𝒚𝒓𝒐 )

𝟑×𝟑

: The noise matrix of a triad gyros with dimensions of 3 × 3

The numerical noise levels used in the Kalman filter are given by
𝑰3×3 ∗ (0.2)2
𝑸0 = [
𝟎3×3

𝟎3×3
]
𝜋
𝑰3×3 ∗ (2 ∗ 180)2

(3.6)

The covariance matrix of process noise 𝑄 is computed by
𝑸=

∆𝒕
𝟐

∗ (𝚽𝑮𝑸0 𝑮𝑇 𝚽 𝑇 + 𝑸0 )

(3.7)

The initial covariance matrix of the state vector 𝑷0 is given by
𝑷0 =
𝑰3×3 ∗ (4.0)2
𝟎3×3
𝟎3×3
𝟎3×3
𝟎3×3
[
𝟎1×3

𝟎3×3
𝑰3×3 ∗ (0.1)2
𝟎3×3
𝟎3×3
𝟎3×3
𝟎1×3

𝟎3×3
𝟎3×3
𝑰3×3 ∗ (0.01)2
𝟎3×3
𝟎3×3
𝟎1×3

𝟎3×3
𝟎3×3
𝟎3×3
𝑰3×3 ∗ (0.1)2
𝟎3×3
𝟎1×3

𝟎3×3
𝟎3×3
𝟎3×3
𝟎3×3
𝑰3×3 ∗ (0.001)2
𝟎1×3

𝟎3×1
𝟎3×1
𝟎3×1
𝟎3×1 (3.8)
𝟎3×1
(0.02)2 ]

The prediction of the covariance matrix of state vector 𝑷−
𝑘 is computed using the
following equation on the basis of the covariance matrix 𝑷𝑘−1 at the last epoch:
𝑻
𝑷−
𝑘 = 𝚽𝑷𝑘−1 𝚽 + 𝑸
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(3.9)

The updates on the centralized Kalman filter are provided by multiple sensor
measurements and the position outputs from two navigational modes in a sequential
way:


Geomagnetic vector and local gravity vector;



PDR position and altitude values from pressure sensors;



WiFi position

The updates from the geomagnetic vector and gravity vector take advantage of the
accelerometer measurements and the calibrated magnetometers to enhance attitude
performance. Assuming the accelerometer measurement vector is expressed by 𝒇𝑏 , the
calibrated magnetometer vector is expressed by 𝒎𝑏 , the local normal gravity in the local
level frame is expressed by 𝒈𝐿 , the ideal geomagnetic vector in the local level frame is
expressed by 𝑴𝐿 . The transformation of accelerometer measurements from the body
frame to the local level fame and the transformation of the calibrated magnetometer
measurements from the body frame to the local level frame using quaternions are
calculated by the following equations:
∗
0
] ⊛ 𝒒𝒍𝒃
𝒇𝑏

(3.10)

∗
0
] ⊛ 𝒒𝒍𝒃
𝒎𝑏

(3.11)

𝒇𝐿 = 𝒒𝒍𝒃 ⊛ [
𝒎𝐿 = 𝒒𝒍𝒃 ⊛ [
where

𝒒𝒍𝒃 is the quaternion between body frame and local level frame integrated
from the INS mechanization equation
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∗

⊛ stands for quaternion multiplication and 𝒒𝒍𝒃 stands for the quaternion
conjugate.

The design matrix of Kalman filter is given by (Gebre-Egziabher et al 1998):
𝑯𝑀𝐺 = [

𝟎3×6 −2𝒇𝐿 × 𝟎3×7
]
𝟎3×6 −2𝒎𝐿 × 𝟎3×7

(3.12)

The misclosure of gravity and magnetic fields is expressed by the following equation
and it enables the removal of Coriolis acceleration from the accelerometer
measurements for more accurate update on the Kalman filter (Gebre-Egziabher et al
1998):
𝒁𝑀𝐺 = [

𝒈𝐿 − 𝑹𝑙𝑏 (𝒇𝑏 − 𝝎 × 𝑽𝐼𝑁𝑆 )
]
𝑴𝐿 − 𝒎𝐿

(3.13)

The external updates from PDR positions and the altitude information (derived from
pressure sensor measurements) are implemented in a sequential way after the updates
from gravity and magnetic vectors. The design matrix with respect to the PDR position
and pressure sensor update is given by

𝑯𝑃𝑂𝑆

1
= [0
0

0 0 𝟎1×5
1 0 𝟎1×5
0 1 𝟎1×5

−2 ∗ 𝑆 ∗ cos(𝜑) 𝟎1×6
2 ∗ 𝑆 ∗ 𝑠𝑖𝑛(𝜑) 𝟎1×6
𝟎1×6
0

where
𝑆 stands for the step length
𝜑 is the heading angle from strapdown INS.
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−𝑠𝑖𝑛(𝜑)
−cos(𝜑)]
0

(3.14)

The corresponding misclosure is given by

𝒁𝑃𝑂𝑆

(𝑃𝐸 )𝑃𝐷𝑅 − (𝑃𝐸 )𝐼𝑁𝑆
= [ (𝑃𝑁 )𝑃𝐷𝑅 − (𝑃𝑁 )𝐼𝑁𝑆 ]
(𝑃𝑈𝑝 )𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒 − (𝑃𝑈𝑝 )𝐼𝑁𝑆

(3.15)

where
(𝑃𝐸 )𝑃𝐷𝑅

: PDR position in East direction

(𝑃𝑁 )𝑃𝐷𝑅

: PDR position in North direction

(𝑃𝐸 )𝐼𝑁𝑆

: INS position in East direction

(𝑃𝑁 )𝐼𝑁𝑆

: INS position in North direction

(𝑃𝑈𝑝 )𝐼𝑁𝑆

: INS position in vertical direction

(𝑃𝑈𝑝 )𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒 : Altitude from pressure sensor.

In terms of WPS integrated system with the augmentation of pressure sensor, the
design matrix is expresses by
𝑯𝑊𝑃𝑆

1
= [0
0

0 0
1 0
0 1

𝟎1×13
𝟎1×13 ]
𝟎1×13

(3.16)

The misclosure is computed by

𝒁𝑊𝑃𝑆

(𝑃𝐸 )𝑊𝑃𝑆 − (𝑃𝐸 )𝐼𝑁𝑆
= [ (𝑃𝑁 )𝑊𝑃𝑆 − (𝑃𝑁 )𝐼𝑁𝑆 ]
(𝑃𝑈𝑝 )𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒 − (𝑃𝑈𝑝 )𝐼𝑁𝑆

where
(𝑃𝐸 )𝑊𝑃𝑆

: WPS position in East direction

(𝑃𝑁 )𝑊𝑃𝑆 : WPS position in North direction
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(3.17)

From the algorithm description on position updates, it can be seen clearly that the
augmentation of pressure sensor with PDR and WPS extends these two navigation
modes from the 2D horizontal plane to a 3D position domain.

With the error states being estimated during each measurement update step, the
corrections are consequently applied to the current position, velocity, attitude quaternion,
step length, and accelerometer/gyro measurements for error compensation as follows:

(𝑃𝐸 )𝐼𝑁𝑆 = (𝑃̂𝐸 )𝐼𝑁𝑆 + 𝛿𝑃𝐸
(𝑃𝑁 )𝐼𝑁𝑆 = (𝑃̂𝑁 )𝐼𝑁𝑆 + 𝛿𝑃𝑁
(𝑃𝑈𝑝 )𝐼𝑁𝑆 = (𝑃̂𝑈𝑝 )𝐼𝑁𝑆 + 𝛿𝑃𝑈𝑝
(𝑉𝐸 )𝐼𝑁𝑆 = (𝑉̂𝐸 )𝐼𝑁𝑆 + 𝛿𝑉𝐸
(𝑉𝑁 )𝐼𝑁𝑆 = (𝑉̂𝑁 )𝐼𝑁𝑆 + 𝛿𝑉𝑁
(𝑉𝑈𝑝 )𝐼𝑁𝑆 = (𝑉̂𝑈𝑝 )𝐼𝑁𝑆 + 𝛿𝑉𝑈𝑝

{

(3.18)

̂𝑙𝑏
𝒒𝑙𝑏 = 𝛿𝒒𝑒 ⊛ 𝒒
̂𝑏 − 𝒃𝐴𝑐𝑐𝑒𝑙
𝒇𝑏 = 𝒇
̂ − 𝒃𝐺𝑦𝑟𝑜
𝝎=𝝎
𝑆 = 𝑆̂ + 𝛿𝑆

The error compensation provided by the estimated error states in the centralized
Kalman filter makes the integration strategy become a closed loop to effectively
constrain the INS error drift for a better indoor positioning accuracy.

75

CHAPTER 4 : TEST SETUP AND PERFORMANCE ANALYSIS

Following a description of test setup and data collections indoors, this chapter analyzes
the results of the different integration strategies. Positioning accuracy is evaluated,
compared and summarized.

4.1 Test Setup
For the performance evaluation of different integrated navigation strategies developed
in Chapter Three, an Android phone LG G3 is used for sensors and WiFi data
collection. The smartphone is built with a WiFi receiver, pressure sensor as well as
three sensor triads of accelerometers, gyros and magnetometers. Table 4.1 through
Table 4.3 summarize the inertial sensors (accelerometer and gyro), magnetometer and
pressure sensor specifications in the LG G3 smartphone.

The sampling rate of sensors is set at 20 Hz. The sensors coordinate frame follows the
convention of X forward, Y right and Z down, as shown in Figure 2.6.

The update rate of WiFi is 0.5 Hz. This update rate depends on the WiFi manager of the
Android platform used by the smartphone. The tested phone in this research is an LG
G3. Its WiFi update rate is 0.3 Hz to 0.5 Hz.
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Table 4.1 Specifications of accelerometer and gyro (MPU6050 datasheet)
Company

InvenSense (MPU 6050)

Accelerometer








Full scale range: ±8g
Sensitivity: 2048 LSB/g
Bias initial calibration tolerance: ±50 mg
Power spectral density: 400 𝜇𝑔/√𝐻𝑧
Cross-axis sensitivity: ±3%
Operating temperature: -40℃ ~ +85℃

Gyro










Full scale range: ±2000 deg/s
Sensitivity: 16.4 LSB/degree/s
Rate noise spectral density: 0.005 𝑑𝑒𝑔𝑟𝑒𝑒/𝑠/√𝐻𝑧
Total RMS noise: 0.05 degree/second
Cross-axis sensitivity: ±2%
Sensitivity scale factor tolerance: ±3%
Initial zero rate output: ± 20 degree/s
Operating temperature: -40℃ ~ +85℃

Table 4.2 Specifications of magnetometer (AK8963 datasheet)
Company

Magnetometers

AKM (AK8963)





Dynamic measurement range: ±4900 𝜇𝑇
Sensitivity: 0.6 𝜇𝑇/LSB typ. (14-bit)
0.15 𝜇𝑇/LSB typ. (16-bit)
Operating temperature: -30℃ ~ +85℃
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Table 4.3 Specifications of pressure sensor (BMP180 datasheet)
Company

Bosch (BMP180)



Pressure sensor






Pressure range: 300 – 1100 hPa
Noise: 0.06 hPa (0.5 m) in ultra low mode
0.02 hPa (0.17 m) in ultra high resolution mode
Resolution: 0.01 hPa
Relative Accuracy: ±1 m
Absolute Accuracy: ±1 hPa (±8.3 m)
Operating temperature: -40℃ ~ +85℃

During the test, the smartphone was held in a hand in a flat position with a fixed body
frame as shown in Figure 2.6. The initial heading direction can be given by the corridor
map or by magnetic heading. The smartphone was pointing forward in parallel or
aligned with the walking directions as best as possible. In this way, the misalignment
angle between the phone and the walking direction could be reduced to a minimum
level. However, some misalignment offsets are still present during body moving and the
hand swing of pedestrian walking. The ideal way is to estimate the misalignment angles
between phone and the true walking direction in real-time. However, this is a
challenging research topic, and it was not implemented herein. Without losing
generality, the fixed body frame with the phone constantly pointing to the forward
direction was assumed instead.

To verify the effectiveness and robustness of the integration strategies and algorithms,
the indoor pedestrian walking tests were conducted in three buildings of the University
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of Calgary. Multiple tests were repeated in each building to validate the repeatability of
the integrated system. The three buildings include the Energy Environment Experiential
Learning (EEEL) building, Engineering Block E (ENE) and Engineering Block F (ENF),
Engineering Block A (ENA). Pedestrian walking takes place in corridors along a
rectangle route.

Sixteen datasets were collected in these three scenarios, as summarized in Table 4.4.

Table 4.4 Test scenarios and the numbers of datasets
Test scenarios

Numbers of datasets

EEEL

7

ENA

7

ENE and ENF

2

The WiFi databases are generated before navigation performance evaluation and
comparison as described in Section 2.7.3. The collection points used for WiFi database
are generated with the aid of maps, landmarks and step counting. Accuracy is better
than 50 cm as verified with an independent survey. Each reference point is mapped into
the RSS of WiFi signals. The corresponding RSS values from available WiFi access
points are received by the WiFi component of the smartphone. The positions of the
collection points combined with their corresponding RSS values are stored to generate
the new WiFi database. In the positioning phase, the user location is estimated by
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comparing the measured RSS values with the values stored in the database to find a
match. The positioning errors of the fingerprinting-based WiFi solution are within 10 m.

The reference or truth trajectories in the comparison of different strategies are
independent of the WiFi databases without RSS parameters. It is generated from the
landmarks and the true orientation of corridors. The truth positions are computed by the
distance/length and step counts between two landmarks by assuming the step length is
constant. The difference of the truth trajectories between the walk survey and tape
survey is less than 50 cm.

4.2 Test Results in Building EEEL
The first testing scenario is on the main floor of the EEEL building. The test environment
and

its

indoor

map

are

shown

in

Figure

4.1

and

Figure

4.2

(http://ucmapspro.ucalgary.ca/RoomFinder/), respectively. The test durations are from 3
minutes to 6 minutes.

Positioning performance is compared among five different integration modes: WiFi-only,
PDR-only, PDR/INS integration, WiFi/INS integration, and PDR/WiFi/INS integration.
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Figure 4.1 EEEL Building of the University of Calgary

Figure 4.2 Indoor map of EEEL
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4.2.1 WiFi Database Generation
Before doing the tests, the WiFi database was generated using the approach discussed
in Chapter Two. The reference points obtained in this building are shown in Figure 4.3.
Four trajectories were used to generate the database for this scenario, as shown in
Figure 4.4.

Figure 4.3 Collection points of WiFi database in EEEL building
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Figure 4.4 Trajectories for WiFi database generation in EEEL building
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4.2.2 Performance Analysis in EEEL Building
Seven datasets were collected in this scenario. One representative dataset is selected
in this section for the evaluation of the performance of the proposed integration
strategies. Others are summarized and compared in the subsequent sections.
Navigation performance is analyzed with WiFi-only, PDR-only, PDR/INS, WiFi/INS and
PDR/WiFi/INS in terms of velocity, altitude and positioning accuracy in East, North and
full horizontal directions.

Figure 4.5 shows the INS velocity obtained from PDR/INS, WiFi/INS and PDR/WiFi/INS.
For the 200 s duration of indoor test, INS velocities converged to reasonable levels. The
maximum velocity is in a range of around of 2 m/s in the East and North directions
during normal walking. The vertical velocity is within 0.5 m/s.

The velocity components in the North and East directions are bounded and improved by
the position update from PDR and WiFi. The vertical positioning information from the
pressure sensor provides constraints to the INS vertical velocity. Without external
aiding, INS velocity would be expected to drift linearly over time due to accelerometer
drifts and biases. The improved velocity finally reduces the positioning errors in North,
East and vertical directions for PDR/INS, WiFi/INS and PDR/WiFi/INS.
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Figure 4.5 Integrated INS velocity in EEEL building

The pressure sensor measurements and the derived altitude values with statistics are
given in Figure 4.6. The measured ambient pressure is converted to altitude using
Equation (2.2).

85

Figure 4.6 Pressure sensor measurements and altitude output in EEEL building

The vertical integrated positioning information of PDR/INS, WiFi/INS and PDR/WiFi/INS
with pressure sensor aiding is shown in Figure 4.7. Altitude changes larger than 50 cm
are likely caused by the pressure variations in the corridor. Pressure sensor provides
external altitude information to constrain the INS positioning error drifts in the vertical
direction. In this way, the navigation dimension is extended successfully from 2D to 3D,
which compensates the limitations of PDR and WiFi. Additionally, the accurate vertical
velocity also can indirectly reduce positioning errors on the horizontal plane.
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Figure 4.7 Altitude of integration strategies with pressure sensor aiding in EEEL
building

To evaluate positioning accuracy, the test trajectories in the horizontal plane for each
integration strategy are shown and inter-compared in Figure 4.8. The reference
trajectory (green) in this figure was generated using fixed indoor landmarks.
Conventional PDR solutions derive the heading from the integration of vertical gyro
measurements. Without any updates from external aiding, the heading error drifts over
time due to gyro bias and introduces large position errors in conventional PDR
solutions. The integration of PDR and strapdown INS makes use of the complementary
features of multiple sensors to gain more accurate information of attitude and heading in
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particular. With better heading from the integrated system, the PDR performance can be
significantly improved. Therefore, positioning performance can be improved.

Figure 4.8 also indicates that the navigation strategies with WiFi aiding outperform the
sensors-based solutions. With abundant WiFi signals and steady RSS values, WPS is
able to provide accurate positioning information without error accumulation. As a result,
better positioning accuracy can be achieved after integrating with WPS.

PDR-only stays away from the reference trajectory due to the deteriorated heading
performance. With the enhanced heading performance by the complementary fusion of
gyro and magnetometer, the trajectory of PDR/INS agrees better with the reference
trajectory. With more accurate external position aiding from WiFi, the trajectories of
WiFi/INS and PDR/WiFi/INS stay much closer to the reference trajectory.

Compared to the WiFi-only trajectory, some ripples or oscillations can be observed in
the integration strategies of WiFi/INS and PDR/INS/WiFi. The strapdown INS outputs at
a higher rate of 20 Hz, and the output rate of WiFi is 0.5 Hz. It indicates that WiFi
performs positioning update to the centralized Kalman filter every 2 seconds. During the
2 seconds time periods without WiFi update, the INS position error will increases over
time and keeps the trajectory away from the reference trajectory. When WiFi position
update is available every 2 second, the INS position error is reduced to a reasonable
level. Consequently, the trajectory of WiFi/INS or PDR/WiFi/INS is forced back to the
reference trajectory.
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Figure 4.8 Horizontal trajectory comparison in EEEL building

The East, North and Horizontal position errors with respect to the reference trajectory
are compared in Figure 4.9, Figure 4.10 and Figure 4.11, respectively. As shown in
these three figures, the PDR-only solution has the largest position errors and its
maximum horizontal position error is around 100 m. The maximum position error of
PDR/INS in East and North directions is about 20 m. The East and North position errors
are in a range of 10 m for any WiFi related integration strategy including WiFi-only,
WiFi/INS and PDR/INS/WiFi.
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The results illustrate that among all the integration strategies, the PDR-only solution
shows the worst positioning performance. The PDR-only approach discussed here is
the conventional PDR with the heading derived from a vertical gyro. The large PDR
position error is resulted from the heading error. As the PDR position is modulated on
heading by a sinusoidal operation, the PDR position error is usually bounded and
oscillates on the horizontal plane.

When PDR is integrated with INS, the position accuracy outperforms the conventional
PDR to a large extent. The performance improvement is due to the multiple-sensor
fusion of accelerometers, gyros and magnetometers. By making full use of their
complementary features, the attitude and heading accuracy in particular are enhanced.
With accurate heading from the integrated system as well as the bounded position error,
the enhanced PDR provides the position updates to a centralized Kalman filter for error
state estimates and counteract the INS position and velocity error drifts as a result.

When WiFi is fully available with good quality, it behaves in a similar way as the
integration of GNSS with INS for the WiFi-related integration strategies. In these
integration strategies including WiFi/INS and PDR/INS/WiFi, WiFi is the driving force for
the position accuracy of the integrated system. In a normal case without signal
attenuation or fluctuation, the position accuracy of WiFi is much higher than that of the
enhanced PDR coupled with PDR/INS. In this way, WiFi/INS performs much better than
PDR/INS due to the absence of long-term position drift. Also, the performance of
WiFi/INS is very close to that of WiFi-only and their difference is insignificant.
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Due to the lower accuracy of the enhanced PDR compared to WiFi, the PDR input
weighs less in the Kalman filter for the integration strategy of PDR/WiFi/INS. Therefore,
the contribution of PDR is less significant than that of WiFi. However, the benefits
gained from PDR in this integration strategy can be considered in three ways, namely (i)
it adds redundancy to the entire system, (ii) PDR can perform ZUPT when the user is
stationary when no steps are detected and (iii) PDR can bridge gaps when WiFi is not
available or alleviate the performance degradation of WiFi due to signal attenuation or
fluctuation.

Figure 4.9 East position error comparison in EEEL building
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Figure 4.10 North position error comparison in EEEL building

Figure 4.11 Horizontal position error comparison in EEEL building
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The cumulative distribution functions (CDF) of the horizontal position errors of WiFionly, PDR-only, PDR/INS, WiFi/INS and PDR/WiFi/INS are summarized in Figure 4.12.
Table 4.5 lists the horizontal position error statistics (mean and 90th percentile) as well
as the maximum position errors. As shown in Figure 4.12, without external aiding,
conventional PDR performs the worst due to major heading errors accumulated from
the gyro bias. The mean value of its horizontal position errors is 43.5 m and the 90th
percentile position error is 91.6 m.

The integration of PDR and INS has a better positioning performance than PDR-only.
The mean of horizontal position errors with PDR/INS is 10.7 m and the 90th percentile
error 18.1 m. The attitude accuracy is increased by the complementary fusion of
accelerometers, gyros, magnetometers. The vertical position and velocity errors are
reduced through external aiding from the pressure sensor. The accurate heading from
the integrated system enhances the position accuracy of PDR. The additional position
updates from PDR to the centralized Kalman filter consequently reduces the position
and velocity error drifts of strapdown INS.

For the WiFi/INS integrated system, the mean of horizontal position errors is 8.7 m and
the 90th percentile position error is less than 14 m. With good signal quality, the position
accuracy of WiFi is much higher than that of the enhanced PDR. Therefore, WiFi/INS
outperforms the PDR/INS strategy.

93

For the PDR/WiFi/INS integration strategy, the mean horizontal position error is 7.5 m
and its 90th percentile position error 11.3 m. With the smallest statistical horizontal
position errors, this strategy performs best statistically compared to PDR/INS and
WiFi/INS. The multiple navigational mode integration provides the sequential updates to
a centralized Kalman filter, increases system redundancy and consequently leads to the
improvement on the overall positioning accuracy.

Figure 4.12 CDF of horizontal position errors in EEEL building
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Table 4.5 Statistics of horizontal position errors in EEEL
Horizontal position errors

Mean
[m]

90th percentile
[m]

Maximum
[m]

WiFi-only

8.3

11.7

14.7

PDR-only

43.5

91.6

101.6

PDR+INS

10.7

18.1

20.4

WiFi+INS

8.7

13.4

17.1

PDR+WiFi+INS

7.5

11.3

14.5

4.3 Test Results in ENA Wing of Engineering Complex
The second test scenario is in the above, as shown in Figure 4.13. Figure 4.14 shows
its indoor map (http://ucmapspro.ucalgary.ca/RoomFinder/). Seven datasets were
collected at this site. The minimum time duration of a dataset is about 70 seconds while
the maximum one is 6 minutes. This section selects one dataset to show the test results
and navigation performance in this building.
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Figure 4.13 ENA Wing of Engineering Complex

Figure 4.14 Indoor map of ENA Wing
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4.3.1 WiFi Database Generation
Figure 4.16 shows the three trajectories that were used to generate the WiFi database.
The obtained reference points in this scenario are shown in Figure 4.15.

Figure 4.15 Collection points of WiFi database in ENA Wing
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Figure 4.16 Trajectories for WiFi database generation in ENA Wing

4.3.2 Performance Analysis in ENA Wing
The position performance metrics of different integration strategies including PDR-only,
WiFi-only, PDR/INS, WiFi/INS as well as PDR/WiFi/INS are now evaluated and intercompared.

The time duration of this specific indoor walking test is about 200 s. Figure 4.17 shows
the INS velocity components of PDR/INS, WiFi/INS and PDR/WiFi/INS. With the
horizontal position updates from PDR and WiFi as well as the vertical position update
from the pressure sensor, INS velocities converge successfully during the 200 s walking
test. The velocities in the East and North direction are in a range of 2 m/s and the
vertical velocity is almost within 0.5 m/s during normal walking.
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Figure 4.17 INS velocity components in ENA Wing

The altitude information obtained from the pressure sensor as well as the pressure
measurements with statistics are given in Figure 4.18. Figure 4.19 shows the integrated
vertical positioning information of PDR/INS, WiFi/INS and PDR/WiFi/INS. With aiding
from the pressure sensor, the position dimension of multi-mode integration strategies
can be extended to 3D.
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Figure 4.18 Pressure sensor measurements and altitude output in ENA Wing

Figure 4.19 Altitude from integration strategies with pressure sensor aiding in
ENA Wing
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The horizontal trajectories of different strategies are shown and inter-compared in
Figure 4.20. Similar to the walking test results in the EEEL building, the PDR-only
solution deviates most from the reference trajectory due to deteriorated heading
performance.

With

enhanced

heading

performance

brought

about

by

the

complementary fusion of gyro and magnetometer, the PDR/INS trajectory is closer to
the reference trajectory. With more accurate external position aiding from WiFi, the
trajectories of WiFi/INS and PDR/WiFi/INS are still closer to the reference trajectory.

Consistent with the trajectory in the EEEL building test, some ripples or oscillations can
be observed in the integration strategies of WiFi/INS and PDR/INS/WiFi. This is
expected by design that WiFi performs lower rate position updates than the strapdown
INS output rate. The INS position error increases over time and keeps the trajectory
away from the reference trajectory when no WiFi update is available in time durations of
2 seconds. The trajectories of WiFi/INS or PDR/WiFi/INS are brought back closer to the
reference trajectory when WiFi updates are available.
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Figure 4.20 Horizontal trajectory comparison in ENA Wing

Figure 4.21 through Figure 4.23 compare the East, North and horizontal position errors
of WiFi-only, PDR-only, PDR/INS, WiFi/INS and PDR/WiFi/INS. The results shown in
these three figures are consistent to the results observed in the EEEL building. The
integration of PDR and INS has a better navigation performance than PDR-only. With
WiFi aiding, WiFi/INS and PDR/WiFi/INS have smaller position errors compared to the
sensors only-based integration strategies such as PDR-only and PDR/INS.
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Figure 4.21 East position error comparison in ENA Wing

Figure 4.22 North position error comparison in ENA Wing
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Figure 4.23 Horizontal position error comparison in ENA Wing

Figure 4.24 summarizes the cumulative distributions of horizontal position errors for
WiFi-only, PDR-only, PDR/INS, WiFi/INS as well as PDR/WiFi/INS. The statistics in
terms of mean, 90th percentile and maximum position errors are given in Table 4.6.

PDR/INS makes use of the enhanced PDR positioning outputs as external aiding to
correct the Kalman filter errors states. Its position error mean and 90th percentile are 6.2
m and 11.1 m, respectively.
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For the 200 s duration of the indoor walking test, the 90th percentile position error of
WiFi-only is 5.7 m. In WiFi/INS, as illustrated in Table 4.6, the mean horizontal position
error of this integration strategy is 3.9 m and the 90th percentile 6.6 m. It illustrates that
the performance metrics of WiFi-only and WiFi/INS are comparable. In this case, with
good signal quality, WiFi dominates and results in accuracy enhancement of the
WiFi/INS integrated system.

With the sequential updates from PDR and WiFi, the mean horizontal position error of
PDR/WiFi/INS is 3.8 m and the 90th percentile horizontal error 6.4 m. It is statistically
slightly better than the WiFi/INS approach and it results from the redundancy and the
ZUPT functionality of PDR. But it is comparable most of the time to the integration
strategy of WiFi/INS. With lower position accuracy than WiFi, PDR is weighed less in
the centralized Kalman filter. Therefore, PDR makes less significant improvement to the
position performance than that of WiFi in the PDR/WiFi/INS integrated system.
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Figure 4.24 CDF of horizontal positioni errors in ENA Wing

Table 4.6 Statistics of horizontal position errors in ENA Wing
Horizontal position errors

Mean
[m]

90th percentile
[m]

Maximum
[m]

WiFi-only

3.6

5.7

10.8

PDR-only

23.9

38.9

52.6

PDR+INS

6.2

11.1

13.3

WiFi+INS

3.9

6.6

13.1

PDR+WiFi+INS

3.8

6.4

13.0
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4.4 Test Results in ENE and ENF Wings of Engineering Complex
Data collections were also conducted in the above. Two datasets were collected in this
scenario and they lasted 2 and 7 minutes, respectively. This section describes the test
results and performance analysis with the dataset with shorter time duration. The indoor
map

of

this

location

is

shown

in

Figure

4.25

(http://ucmapspro.ucalgary.ca/RoomFinder/). Figure 4.26 and Figure 4.27 show two
pictures of the ENE and ENF wings, respectively.

ENE

ENF

Figure 4.25 Indoor map of ENE and ENF Wings
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Figure 4.26 ENE of the University of Calgary

Figure 4.27 ENF of the University of Calgary
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4.4.1 WiFi Database Generation for ENE and ENF Wings
Figure 4.28 gives the reference points obtained in this test. Six trajectories were used
for WiFi database generation, as shown in Figure 4.29.

Figure 4.28 WiFi database collection points in ENE and ENF Wings
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Figure 4.29 Trajectories used for WiFi database generation in ENE and ENF Wings
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4.4.2 Performance Analysis in ENE and ENF
This section evaluates and compares the navigation performance of the five strategies,
namely WiFi, PDR-only, PDR/INS, WiFi/INS and PDR/WiFi/INS.

Similarly to the results in other buildings, Figure 4.30 shows the convergence of the
East, North and vertical INS velocity components of multiple integration strategies.
Figure 4.31 gives the pressure sensor measurements and the derived altitude with
statistics. The vertical position information of the integrated system is given in Figure
4.32 to illustrate the convergence of the vertical position.

Figure 4.30 INS velocity components in ENE and ENF Wings
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Figure 4.31 Pressure sensor measurements and altitude output in ENE and ENF
Wings

Figure 4.32 Altitude of integration strategies with pressure sensor aiding in ENE
and ENF Wings
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Figure 4.33 shows the trajectories of WiFi-only, PDR-only, PDR/INS, WiFi/INS and
PDR/WiFi/INS. As for the EEEL building and ENA wing results, PDR-only deviates most
from the reference trajectory while that of PDR/INS is closer to it. The trajectories of
WiFi/INS and PDR/WiFi/INS stay much closer to the reference trajectory.

Figure 4.33 Horizontal trajectory comparison in ENE and ENF Wings

The position errors of WiFi-only, PDR-only, PDR/INS, WIFi/INS and PDR/WiFi/INS in
the East and North direction with respect to the reference positions are shown in Figure
4.34 and Figure 4.35, respectively.
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Figure 4.34 East position error comparison in ENE and ENF Wings

Figure 4.35 North position error comparison in ENE and ENF Wing
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The horizontal position errors of the different approaches are shown and compared in
Figure 4.36. For the 200 s duration of the indoor walking test, PDR-only has the worst
positioning performance, with the largest position error being above 30 m at around 180
s. The integration of PDR and INS performs better than PDR-only but worse than the
WiFi aided solutions. The horizontal position errors of PDR/WiFi/INS and WiFi/INS are
comparable and are smaller than the sensors only-based approaches.

Figure 4.36 Horizontal position error comparison in ENE and ENF Wings

The CDF plots of the horizontal position errors are provided in Figure 4.37. The
statistics in terms of mean, 90th percentile as well as maximum horizontal position errors
are summarized in Table 4.7. As shown in Figure 4.37, without external aiding, the PDR
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horizontal position errors are largest of the five approaches, as in previous tests. The
maximum horizontal position error is 34.8 m and the 90th percentile error is 24.9 m.
Compared with PDR-only, performance of PDR/INS improves with updates from PDR
position outputs and aiding from sensor fusion. Its maximum horizontal position error is
reduced to 20.5 m and the 90th percentile error to 18.1 m. For the WiFi/INS integration
strategy, the maximum and mean horizontal position errors are 14.7 m and 7.6 m,
respectively. The 90th percentile positioning error is 12.1 m. As shown in Figure 4.36,
Figure 4.37 and Table 4.7, the integration of PDR, WiFi and INS has the statistically
best position accuracy. Its maximum horizontal position error is 12.4 m and 90th
percentile position error is 10.6 m.

Figure 4.37 CDF of horizontal position errors in ENE and ENF Wings
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Table 4.7 Statistics of horizontal position errors in ENE and ENF Wings
Horizontal position errors

Mean
[m]

90th percentile
[m]

Maximum
[m]

WiFi-only

6.8

10.6

12.5

PDR-only

11.1

24.9

34.8

PDR+INS

11.1

18.1

20.5

WiFi+INS

7.6

12.1

14.7

PDR+WiFi+INS

6.7

10.6

12.4

4.5 Results Summary of All Datasets
As mentioned in Section 4.1, sixteen datasets were collected at the EEEL, ENA and
ENE/ENF locations for the purpose of validating the robustness and repeatability of the
integration strategies and algorithms.

This section summarizes the results of all datasets in terms of their horizontal position
errors. The number of datasets in the three test locations is 16 in total, as shown in
Table 4.4. The performance are evaluated and inter-compared for PDR-only, WiFi-only,
PDR/INS, WiFi/INS and PDR/WiFi/INS. The horizontal position error statistics are also
provided by CDF plots.

Figure 4.38 summarizes the horizontal errors of WiFi-only for all tests and color-coded
for the test locations. The maximum horizontal position error is less than 15 m most of
the time for all datasets; these are time durations ranging from 70 seconds to 7 minutes.
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Figure 4.38 also show that WiFi is able to provide reliable navigation solutions without
error accumulation over time in most cases. Occasionally, some position outliers can be
observed with errors higher than 20 m. This degraded performance during very short
time duration is mostly due to WiFi signal strength fluctuations.

The corresponding horizontal position errors of PDR-only are given in Figure 4.39. The
largest horizontal position error of PDR-only is about 150 m and happened in the EEEL
building. This is because the pedestrian walked in the same direction for a relative long
distance during the latter part of the data collection. Therefore, PDR position errors are
proportional to the travelled distance rather than time. Most of the horizontal position
errors are less than 100 m for this PDR-only case.

Figure 4.40 summarizes the PDR/INS horizontal position errors. The maximum position
error is 60 m. With the position updates from enhanced PDR, the position errors can be
bounded for more than five minutes. Due to the inertial sensor errors, the maximum
horizontal position error increases over time. Without external aiding, INS diverges in a
quadratic manner.

The WiFi/INS horizontal position errors are shown in Figure 4.41. Most horizontal
position errors are below 20 m.

Figure 4.42 summarizes the PDR/WiFi/INS horizontal position errors. Most horizontal
position errors are below 17 m. Figure 4.41 and Figure 4.42 show that WiFi is the
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driving force in the WiFi-related integration strategies and keeps the navigation solution
reliable most of the time within the seven minutes of the tests.

Figure 4.38 Horizontal position errors of WiFi-only for all tests
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Figure 4.39 Horizontal position errors of PDR-only for all tests

Figure 4.40 Horizontal position errors of PDR/INS for all tests
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Figure 4.41 Horizontal position errors of WiFi/INS for all tests

Figure 4.42 Horizontal position errors of PDR/WiFi/INS for all tests
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Figure 4.43 summarizes the CDF of the horizontal position errors of all five integration
strategies for the complete datasets. The horizontal position error statistics are listed in
Table 4.8 and consist of the mean, 90th percentile and maximum horizontal positioning
error of all the integration strategies.

Figure 4.43 CDF of horizontal position errors for all tests

122

Table 4.8 Statistics of horizontal position errors for all tests
Horizontal position errors

Mean
[m]

90th percentile
[m]

Maximum
[m]

WiFi-only

6.3

10.9

22.0

PDR-only

29.1

63.3

148.6

PDR+INS

12.1

22.3

60.9

WiFi+INS

6.8

11.8

24.7

PDR+WiFi+INS

6.4

11.0

23.2

The variety of tests conducted in the locations described above confirms the robustness
and repeatability of the integration strategies and algorithms developed herein. The test
results consistently support the following summary:

The PDR-only approach deviates most from the reference trajectory due to the poor
heading performance. With enhanced heading performance using the complementary
gyro and magnetometer fusion, the PDR/INS trajectory is closer to the reference
trajectory. With more accurate external position aiding from WiFi, the WiFi/INS and
PDR/WiFi/INS trajectories stay much closer to the reference trajectory. Compared to the
WiFi-only trajectory, some ripples or oscillations can be observed in the integration
strategies of WiFi/INS and PDR/INS/WiFi. The strapdown INS outputs at a rate of 20 Hz
while that of WiFi was 0.5 Hz. Hence, WiFi performs positioning update to the
centralized Kalman filter every 2 seconds. During the 2 second time periods without
WiFi updates, the INS position errors increase, which result in a poorer trajectory. When
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WiFi position updates are available every 2 seconds, INS position errors are reduced to
a reasonable level. Consequently, the WiFi/INS and PDR/WiFi/INS trajectories are
closer to the reference trajectory.

From a position error point of view, conventional PDR has the poorest performance due
to the major heading error accumulating from the vertical gyro bias. The large PDR
position error is dominated by the heading error. As the PDR position is modulated on
heading by a sinusoidal operation, the PDR position error is usually bounded and
oscillates in the horizontal plane.

When PDR is integrated with INS, the position accuracy outperforms the conventional
PDR as expected. The performance improvement is due to the multiple sensor fusion of
accelerometers, gyros, magnetometers and pressure sensor. By making full use of their
complementary features, attitude and heading accuracy in particular are enhanced.
With the accurate heading from the integrated system as well as the bounded position
error, the enhanced PDR provides position updates to a centralized Kalman filter for
error state estimates and counteracts the INS position and velocity error drifts as a
result.

When WiFi is fully available with good quality, it is the driving force for the position
accuracy of the integrated system. In normal cases with no signal attenuation or
fluctuation, the WiFi position accuracy is much higher than the enhanced PDR coupled
with the PDR/INS system. In this way, WiFi/INS performs much better than PDR/INS.
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Also, the performance of WiFi/INS is very close to that of WiFi-only and their difference
is small.

The PDR/WiFi/INS integration strategy results in the smallest statistical horizontal
positioning errors compared to the PDR/INS and WiFi/INS strategies. The multiple
sensor integration provides the sequential updates to a centralized Kalman filter,
increases system accuracy, and leads to improvement to the overall position accuracy.
Due to the lower accuracy of the enhanced PDR compared to WiFi, the PDR weighs
less in the Kalman filter for the integration strategy of PDR/WiFi/INS. Therefore, the
contribution of PDR is less significant than that of WiFi. However, the benefits gained
from PDR in this integration strategy consist of the following: (i) it adds redundancy to
the entire system, (ii) PDR can perform ZUPT when no steps are detected.
Furthermore, PDR can bridge the gap when WiFi is not available or alleviate the
performance degradation of WiFi due to signal attenuation or fluctuation.
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CHAPTER 5: CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions
In this thesis, the smartphone sensors selected are analyzed from various angles such
as error sources, noise modelling as well as their functionality related to navigation.
Three different navigational modes, PDR, INS and WPS, are inter-compared with
respect to their advantages and disadvantages. With the focus on making full use of the
complementary features of multiple sensors and navigational modes, methodologies
and algorithms for multiple sensors fusion and multiple navigation modes integration
have been developed for accurate indoor location and navigation. The fusion of
accelerometer, gyro, and magnetometer triads as well as pressure sensors is
investigated. Several integrated navigation strategies coupled with sensor fusion are
proposed and discussed.

Several tests were designed and conducted in buildings on the campus of the University
of Calgary to assess the performance of the approaches proposed. The different
integration strategies consist of WiFi-only, PDR-only, PDR/INS, WiFi/INS and
PDR/WiFi/INS and are evaluated and inter-compared in terms of velocity, altitude, and
position errors. Analysis of the test result leads to the following conclusions:

1. The fusion of accelerometer, gyro and magnetometer triads provides more
accurate attitude than gyro only and consequently improves indoor positioning
accuracy.
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2. External aiding in the vertical direction with a pressure sensor adds constraints
on INS vertical position and velocity errors and enables better navigation
performance. It counteracts the limitations of PDR and WPS by extending the
position dimension from 2D to 3D.

3. Among all the integration strategies evaluated, the normal PDR has the lowest
performance as expected, because it is degraded by the large heading error
occurring in the vertical gyro measurements.

4. The integration of PDR and INS yields better navigation performance than
normal PDR. It makes use of the complementary features of the accelerometer,
gyro and magnetometer triad to improve attitude accuracy. With better heading
accuracy from the integrated system, PDR positioning accuracy is therefore
enhanced. This enhanced PDR provides 2D position updates to a centralized
Kalman filter for error states estimation. In this way, the integrated position and
velocity error drifts can be bounded.

5. Wireless-signal-based WPS used in this research is practical for indoor
navigation. The absolute positioning information it provides does not deteriorate
over time. Its position accuracy is dependent on the quality of wireless signals. In
most cases, WPS is reliable and accurate. Therefore, the integration of WPS with
INS outperforms the integration of PDR with INS. When WiFi is appropriately
deployed indoors and WPS is fully available, WPS behaves in a way similar to
127

GNSS. It plays the dominant role and is the driving force for the positioning
accuracy in the integrated system. With the integration with INS and pressure
sensor, the benefit gained is that its navigation domain is extended from 2D to
3D.

6. The integration of PDR, WPS and INS is a sequential combination of PDR/INS
and WPS/INS. It is ideally expected to achieve the best positioning performance
compared with the other two individual integration strategies. With relatively
lower positioning accuracy in enhanced PDR than that in WPS, PDR weighs less
in the Kalman filter and WPS dominates in this integration strategy. In this way,
the positioning accuracy of PDR/WPS/INS is close to the positioning accuracy of
WPS/INS or WPS only most of the time. The main benefit gained from the
integration of less accurate PDR in PDR/WPS/INS strategy is to increase system
redundancy. Additionally, PDR is capable of performing ZUPT for better
positioning accuracy during stationary periods when no steps are detected.
Furthermore, PDR can bridge gaps when WPS is out of order or when WiFi is not
deployed in the building, ensuring continuity in the process.

5.2 Recommendations
Recommendations for future work are as follows:

1. In this research, the phone’s coordinate frame is fixed. It is required that it be
held flat and aligned with the forward moving direction of the user. However, the
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application of hand-held device is always connected with human motion such as
phoning, texting etc. It would be highly desirable to investigate an effective way
of extending the coordinate frame definition from the fixed frame to a flexible and
arbitrary frame.

2. Data collections in this work were all conducted in buildings of the same type.
The test scenarios could be extended to buildings with more complex
environments such as hospitals and shopping malls for a further evaluation of the
strategies proposed in the thesis.

3. Although the results show that the contributions of the smartphone sensors are
minimal when WiFi is available, the redundancy of measurements they provide is
important and statistical reliability measures could be developed based on
combined solutions.

4. In the long term, indoor navigation will encompass more and more advanced
technologies to achieve positioning accuracy at a higher level. These advanced
technologies can be but not limited to the followings:
a) Computer vision by using video and/or camera;
b) Map matching by using the digital map of the building;
c) RFID(Radio-Frequency Identification) by using RFID tag on a known location;
d) UWB (Ultra-Wideband) by measuring range and/or angle from a set of fixed
points with the emission of radio signal.
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