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Applications of Sensor Fusion in Classification,
Localization and Mapping

Mahi Abdelbar

(ABSTRACT)

Sensor Fusion is an essential framework in many Engineering fields. It is a relatively new paradigm
for integrating data from multiple sources to synthesize new information that in general would not
have been feasible from the individual parts. Within the wireless communications fields, many
emerging technologies such as Wireless Sensor Networks (WSN), the Internet of Things (IoT), and
spectrum sharing schemes, depend on large numbers of distributed nodes working collaboratively
and sharing information. In addition, there is a huge proliferation of smartphones in the world with
a growing set of cheap powerful embedded sensors. Smartphone sensors can collectively monitor
a diverse range of human activities and the surrounding environment far beyond the scale of what
was possible before. Wireless communications open up great opportunities for the application of
sensor fusion techniques at multiple levels.

In this dissertation, we identify two key problems in wireless communications that can greatly
benefit from sensor fusion algorithms: Automatic Modulation Classification (AMC) and indoor
localization and mapping based on smartphone sensors. Automatic Modulation Classification is
a key technology in Cognitive Radio (CR) networks, spectrum sharing, and wireless military ap-
plications. Although extensively researched, performance of signal classification at a single node
is largely bounded by channel conditions which can easily be unreliable. Applying sensor fusion
techniques to the signal classification problem within a network of distributed nodes is presented
as a means to overcome the detrimental channel effects faced by single nodes and provide more
reliable classification performance.

Indoor localization and mapping has gained increasing interest in recent years. Currently-deployed
positioning techniques, such as the widely successful Global Positioning System (GPS), are op-
timized for outdoor operation. Providing indoor location estimates with high accuracy up to the
room or suite level is an ongoing challenge. Recently, smartphone sensors, specially accelerom-
eters and gyroscopes, provided attractive solutions to the indoor localization problem through
Pedestrian Dead-Reckoning (PDR) frameworks, although still suffering from several challenges.
Sensor fusion algorithms can be applied to provide new and efficient solutions to the indoor lo-
calization problem at two different levels: fusion of measurements from different sensors in a
smartphone, and fusion of measurements from several smartphones within a collaborative frame-
work.
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(General Audience Abstract)

Sensor Fusion is an essential paradigm in many Engineering fields. Information from different
nodes, sensing various phenomena, is integrated to produce a general synthesis of the individual
data. Sensor fusion provides a better understanding of the sensed phenomenon, improves the ap-
plication or system performance, and helps overcome noise in individual measurements. In this
dissertation we study some sensor fusion applications in wireless communications: (i) cooperative
modulation classification and (i1) indoor localization and mapping at different levels. In coopera-
tive modulation classification, data from different wireless distributed nodes is combined to gener-
ate a decision about the modulation scheme of an unknown wireless signal. For indoor localization
and mapping, measurement data from smartphone sensors are combined through Pedestrian Dead
Reckoning (PDR) to re-create movement trajectories of indoor mobile users, thus providing high-
accuracy estimates of user’s locations. In addition, measurements from collaborating users inside
buildings are combined to enhance the trajectories’ estimates and overcome limitations in single
users’ system performance. The results presented in both parts of this dissertation in different
frameworks show that combining data from different collaborative sources greatly enhances sys-
tems’ performances, and open the door for new and smart applications of sensor fusion in various
wireless communications areas.
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Chapter 1

Introduction

1.1 Motivation

Sensor Fusion is an essential framework in contemporary and future sensor networks and communications
systems. It’s a relatively new paradigm for integrating data from multiple sources to synthesize new infor-
mation that in general would not have been feasible from the individual parts [2]. The deployment of large
numbers of smart sensor nodes, equipped with multiple on-board sensors and processors, provides immense
opportunities for applications in a wide variety of areas [3]]. Applications of sensor fusion algorithms in
different engineering fields include: automation systems [4], multi-sensor image fusion for remote sensing

applications [5]], target tracking [6]], mechatronics [7]], and robotics [8]], to name a few.

Advances in wireless communications opened limitless possibilities for sensor fusion-dependent applica-
tions. Wireless Sensor Networks (WSN), consisting of large numbers of spatially distributed wireless-
capable sensors, are widely deployed to collect and process information about different biological, medical
and environmental phenomena [9]. The current and predicted emergence of the Internet of Things (IoT)
implies billions of inter-connected devices forming heterogeneous systems, generating, collecting, and shar-
ing data [10]. Dynamic Spectrum Access (DSA) and Cognitive Radio Networks (CRN) use collaborative
spectrum sensing between cognitive mobile devices as one of its key underlying technologies [11]. Develop-
ment of smart and effective sensor fusion algorithms in these different applications is an active and exciting

ongoing research area.

Recently, the huge proliferation of smartphones in world markets provided the opportunity for utilizing
smartphones as distributed sensors within crowdsourcing frameworks [[12f]. Smartphones are equipped with

reasonably powerful processors, and a set of sensors such as accelerometers, digital compasses, proximity
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sensors, gyroscopes, GPS, microphones, and cameras. These sensors can detect and monitor a large variety
of biological activities and environmental phenomena [[13[]. Smartphones provide two different levels of
sensor fusion: (1) fusion of data gathered by sensors in a single device (personal sensing) to detect a local
activity or phenomenon and (2) fusion of data gathered by multiple smartphones, either through user input
or through background data collection (group sensing). Personal sensor fusion applications usually include
health and exercise monitoring. On the other hand, vehicular and pedestrian navigation, and traffic monitor-
ing are usually group sensing applications. Localization applications can be considered as both a personal

and a group sensing application depending on the level of sharing the user opts for [[14].

In this work, we identify two key problems in wireless communications that can greatly benefit from sen-
sor fusion algorithms: Automatic Modulation Classification (AMC) and Indoor Localization and Mapping
based on smartphone sensors. Sensor Fusion is a multi-level process which includes detection, association,
estimation and combination of data from single or multiple sources [[15]]. Sensor fusion algorithms proposed
in this work refer to fusion at two different levels: combining measurement data from different sensors
within the same node, either at the same time or different times, and combining measurement data from

distributed nodes.

1.1.1 Automatic Modulation Classification (AMC)

Several emerging wireless communications standards include spectrum sharing [[11]] and Cognitive Radio
(CR) [16] as two of their underlying technologies. Developing standards such as IEEE 802.11af WiFi using
TV White spaces (White-Fi), IEEE 802.15.4 Low-Rate Wireless Personal Area Networks (LR-WPANS),
and Public Safety (3GPP LTE FirstNet), all involve sharing the spectrum among a vast number of smart
heterogeneous devices. Radio nodes in these networks need to perform much more than mere sensing of
the signals in their vicinity. Nodes may want to find compatible devices they can communicate with, locate
un-occupied frequencies, or avoid bands occupied by certain types of devices [|17]. One of the key enabling
components of unknown signal identification systems is the classification of the underlying modulation
scheme. In addition, modulation classification plays a big role in military applications. Detection and
classification of unknown wireless signals in warfare scenarios has several goals, including: to classify
friendly and hostile transmissions, and to help design effective counter measures (i.e. jamming techniques
[18]). Joint detection and signal classification techniques have long been part of the military Software
Defined Radio (SDR) research [|19]].

Single-node modulation classification has been heavily researched over the last three decades [20]. How-
ever, as more technologies are moving towards large numbers of distributed wireless nodes, and the need
increases for the nodes to identify wireless signals within their vicinity, applying sensor fusion algorithms is

a natural evolution to the AMC problem. Data fusion from a set of geographically dispersed sensors, assum-
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ing independent channel parameters, provides a better statistical description than any individual node [21]],
leading to more effective classification performance specially under degrading channel effects. In addition,
combining data from multiple scattered nodes allows for using individual nodes with less strict computa-

tional requirements.

The idea of applying fusion algorithms to modulation classification and forming a collaborative or coop-
erative classification problem has been presented within the AMC literature, mainly in the works by W.
Su et al. in [21-25]], G. B. Markovic et al. in [26-30]], and B. Dulek in [31-33]]. B. Dulek and some
of W. Su et al.’s work are based on the likelihood-based modulation classification approaches, which are
mostly mathematically tractable but present their own high computational challenges that are believed to
be not appropriate for small sensor nodes with low computational capabilities. Other works by W. Su et
al. and G. B. Markovic et al., on the other hand, are based on variations of statistical feature-based mod-
ulation classification approaches which require less computations and are more suitable for distributed low
power nodes. However, performance of feature-based cooperative algorithms has been presented mostly

heuristically through simulations without tractable analysis.

Hence, the motivation of the first part of the dissertation is to present a theoretical framework for the co-
operative modulation classification problem based on the fusion of feature data from distributed wireless
sensor nodes. The tractability of the framework allows for better understanding of both the benefits and the
challenges of the cooperation between nodes, and provides a reference for the efficiency of cooperation in

signal classification scenarios. The approach to develop this framework follows these steps:

e Develop a framework for the performance of a single node AMC, and study the performance in

different scenarios

e Develop a fusion algorithm for collaborative classification at the feature-level from multiple wireless

sensor nodes

e Analyze the performance of the collaborative classification system under variable conditions

1.1.2 Indoor Localization and Mapping

With the introduction of many location-based services and location-guidance applications for smartphone
users in modern wireless communications networks, indoor localization has gained increasing interest in
recent years. Locating people with high accuracy within buildings is a key enabling technology for many
intelligent and context-aware service provisioning scenarios. Indoor navigation applications which depend
on indoor localization techniques include: guidance for patrons of museums and fitness centers, confer-
ence attendees, medical personnel and patients in health care facilities [34-36]]. In addition, the Federal

Communications Committee (FCC) is adapting new regulations for wireless Enhanced 911 (E911) caller
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location accuracy. The report released by the FCC in February 2015 proposed that Commercial Mobile
Radio Services (CMRS) providers should be able to provide to the Public Safety Answering Points (PSAPs)
a dispatchable location or an x/y location within 50 meters for 70% of all 911 wireless calls within five
years [[37]]. The FCC seeks to use technologies that would provide public safety personnel with caller loca-

tion information up to a specific floor and room/suite number accuracy.

However, although currently-deployed positioning techniques (such as Cell ID, Base Station Time Differ-
ence of Arrival (BS-TDOA) and Global Positioning Systems (GPS)) work well for outdoor scenarios, they
typically cannot provide the accuracy necessary for indoor localization up to the room/suite level due to the
line-of-sight (LOS) problem [38]. The majority of indoor localization techniques adopt fingerprinting as
the underlying scheme of location determination, such as the systems presented in [39,40]. Fingerprint-
ing is based on two stages: an off-line stage where site surveyors record Received Signal Strengths (RSS)
from indoor Base Stations (BS), e.g. WiFi Access Points (AP), at specific locations inside a building creat-
ing a fingerprint map. In the operating stage, users query the fingerprint database to find the location best
matching their current RSS. These fingerprinting techniques present their own set of challenges. The most
pressing one is the non-stationarity of the radio map due to the dynamic nature of the environment. In ad-
dition, fingerprinting depends on the pre-existing infrastructure, knowledge of building floorplans, and the
site surveying stage which is non-trivial [35,/41]]. Novel methods for indoor localization of mobile users are

required.

A new direction for indoor localization is the tracking of the smartphone user’s movement trajectories inside
buildings and exploiting these trajectories for more accurate localization, instead of applying localization
algorithms that depend only on the most recent position. This idea has been presented in very few indoor
localization algorithms within RF fingerprinting techniques such as the ones presented in [42-44f]. Thus,
the motivation for the second part of the dissertation is to investigate the use of movement trajectories for
indoor localization within new frameworks that are independent of RF maps. The three main questions that

motivated the research are:

e How can smartphones be utilized to track movement trajectories within buildings?

e How can smartphones within the same environment cooperate to provide better trajectory estimates

for their users?

e How can movement trajectories be used for localization?

Sensor fusion presents itself as a major component in the solutions to these questions at different levels.
First, measurements from smartphone sensors, such as accelerometers, gyroscopes and magnetometers, can
be combined to provide estimates for the relative positions of the smartphone user and hence tracking the

user movement trajectory through Pedestrian Dead-Reckoning (PDR) techniques [45]. Second, data fusion
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between multiple smartphones located within the same area improves the accuracy of trajectory tracking,

localization, and resulting maps.

Movement Trajectory Tracking

The problem of tracking mobile users’ movement trajectories within buildings can be defined as a mapping
problem as well, in two different contexts: (1) tracking a user’s movement trajectory inside a building
provides a map of the user’s own movement. This map can be used for detecting the user’s current position,
for studying the user’s motion pattern, among other applications. (2) Users’ movement trajectories create
topological maps of building floor plans, without a priori information about the building. These maps can be

used to further enhance localization as well as in other applications such as building planning and navigation.

In parallel, Simultaneous Localization and Mapping (SLAM) is a heavily researched problem in the
Robotics community [46]. SLAM is defined as the construction of a consistent map of a robot’s previously
unknown surrounding environment while simultaneously estimating its position within the map. Solving
the SLAM problem can be categorized into two main approaches: filtering and smoothing [46-48]]. Fil-
tering approaches estimate a user’s position recursively as new measurements become available, with the
most popular algorithms based on Extended Kalman Filters (EKF) and Particle Filters (PF). Smoothing
approaches, also referred to as GraphSLAM, estimate a sequence of user movements instead of just the
current position in a batch-processing approach [48]. Adapting the SLAM problem to the pedestrian indoor

localization problem provides a novel approach for tracking user movement trajectories.

In order to answer our first research question, we present an improved algorithm for indoor movement
trajectory tracking using smartphone PDR within a GraphSLAM framework. This work is at the intersection

of sensor fusion algorithms, indoor localization systems and pedestrian SLAM algorithms.

Collaborative Indoor Localization and Mapping

GraphSLAM is a probabilistic framework for the SLAM problem whose objective is to find the most prob-
able sequence of user positions within an environment through minimizing the measurements errors from
different sensors, thus forming an optimization problem [48]. The keywords for GraphSLAM are loop clo-
sure and landmark. Loop closure is the ability of the user to identify previously visited places, while land-
marks are fixed-positions within the environment [49]]. Loop closures and landmarks provide constraints to
the GraphSLAM optimization problem. More loop closures/landmarks in the environment result in more
constraints to the measurement error minimization problem which leads to improved trajectory tracking

performance.
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However, detecting loop closures and landmarks using smartphone sensors is not trivial. While for robots,
images and range measurements processing techniques are used for data association and loop closure/landmark
detection, this is not the case for smartphone users. Autonomous landmarks for smartphone users are mainly
based on fixed wireless transmission points, for example WiFi AP [50]], Bluetooth beacons [51]] and RFID
detectors [52], assuming pre-existing installations in the building. Other techniques for smartphone land-
mark detection suggest the detection and classification of user activities as landmarks, such as movement

through stairs and elevators, which requires additional complex intelligent algorithms [53]].

Hence, the second question in this part of the dissertation, is how to use cooperation between smartphone
users to create virtual constraints to the GraphSLAM problem, without either the dependency on existing
infrastructure, which cannot be guaranteed in unknown environments, nor the additional processing of de-

tecting other activities or phenomena.

Indoor Localization through Movement Trajectories

Tracking mobile users’ movement trajectories with high accuracy indoors opens the possibilities for novel
indoor localization techniques. Using GraphSLAM for indoor pedestrian trajectory tracking, or other trajec-
tory tracking algorithms, results in creating a group of high probability movement patterns within a building,
or what we can refer to as a topological map of the building. With new users tracking their own movements
for specific time duration, these new and possibly low accuracy trajectories can be used to locate, with
high accuracy, where the users are inside the building through smart trajectory matching techniques. The
idea is motivated through the successful implementation of snapping techniques in traffic and navigation

applications where vehicles’ movements are snapped to the closest match.

Thus, in the final part of the dissertation, we propose novel non-traditional techniques for indoor pedestrian

localization through the application of pattern recognition and machine learning algorithms.

1.2 Contributions

The dissertation identifies two main applications for sensor and/or data fusion in wireless communications:
Automatic Modulation Classification and Indoor Localization and Mapping, through the following contri-

butions:

e Chapter 2} Analysis of the performance of a single-node cumulants-based modulation classifier.

e Chapter 3} Development of a collaborative cumulants-based modulation classification frame- work

in distributed networks.
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e Chapter [} Development of an improved smartphones-based sensor fusion algorithm within the
Pedestrian Dead-Reckoning (PDR) GraphSLAM framework for indoor mobile users’ movement tra-

jectory tracking.

e Chapter 5} Development of a new collaborative PDR GraphSLAM algorithm based on Bluetooth

Low Energy (BLE) detection for indoor mobile users’ movement trajectory tracking.

e Chapter [0} Development of non-traditional indoor localization techniques based on movement trajec-

tory tracking.

Each of the problems investigated in the dissertation spans consecutive chapters: the automatic modulation
classification problem is addressed in Chapters 2 and 3, and the indoor localization and mapping problem is
addressed in Chapters 4, 5 and 6.

1.2.1 Single Node Cumulants-based Modulation Classification

In order to study the performance of cooperative feature-based modulation classification, the performance
of a single-node classifier is studied first. Cumulants as classification features are a very popular choice
for modulation classification. However, a complete analysis of the classifier performance is not available
in the literature. In this chapter, we present a detailed analysis of the performance of a single node AMC,
in terms of the average probability of correct classification, based on high-order cumulants and Maximum
Likelihood (ML) Classification. The performance is studied under various conditions: (1) AWGN and flat
Rayleigh fading channels and (2) classification of sets of two modulation schemes and sets of more than two

modulation schemes. The contributions of the work presented in this chapter are:

e A comprehensive analysis of the performance of a fourth-order cumulants-based modulation classifier
in terms of the probability of correct classification is presented under both AWGN and flat Rayleigh
Fading Channels.

e A new hierarchical framework for classification of multiple modulation schemes is presented, also
under both AWGN and Rayleigh Fading Channels.

1.2.2 Collaborative Cumulants-based Modulation Classification

In this chapter, we study the effect of collaboration on the performance of a group of distributed classifier
nodes. We propose a centralized feature-level combining algorithm: each node calculates a set of features
and shares this set with a Fusion Center (FC) where an overall decision is made. The FC applies a ML

combining approach. The performance of the FC versus a single node is studied in terms of the average
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probability of correct classification under various conditions: (1) AWGN and flat Rayleigh fading channels,
(2) combining of features calculated at nodes receiving equal or non-equal average Signal-to-Noise Ratios
(SN R), (3) classification of sets of two modulation schemes and sets of more than two modulation schemes,
and (4) combining of features calculated from independent versus correlated signals. The main contributions

of this chapter are:

e Development and analysis of a cumulants-based ML cooperative classification framework for digital

modulation schemes under both AWGN and flat Rayleigh fading.

e Development of a new hierarchical framework for classification of multiple modulation schemes in

cooperation scenarios.

e Performance analysis of the cooperative classification framework for the case of correlated received

signals at the cooperating nodes.

1.2.3 Smartphones-based PDR for Indoor GraphSLAM

In this chapter, we develop an improved smartphones-based dead-reckoning algorithm for tracking the
movement of indoor pedestrians. Measurements from smartphone sensors (accelerometer, magnetometer
and gyroscope) are synthesized to generate an estimate of the user’s movement trajectory within a build-
ing. The estimated trajectory is optimized within a GraphSLAM algorithm that estimates the most probable
user positions through minimization of the measurement errors. Experiments were conducted inside an aca-
demic building at Virginia Tech with several pedestrians walking through trajectories of different lengths
and duration while measurements are collected using an iPhone 7. The main contributions of this chapter

are:

o Development of a heading calibration algorithm to overcome the drift errors in the smart- phone’s

heading angle measurements.

e Modeling of the displacement measurement errors resulting from the fusion of accelerometer and

gyroscope measurements.

e Development of a heading detection pre-processing stage for GraphSLAM to adopt the algorithm to

the pedestrian movement pattern, with minimal dependency on the building infrastructure.

1.2.4 Collaborative Pedestrian GraphSLAM based on BLE

GraphSLAM performance enhancement depends on detecting loop closures and/or landmarks in the envi-

ronment which provide constraints to the measurement error minimization problem. In this chapter, we
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propose a new collaborative GraphSLAM algorithm based on Bluetooth Low Energy (BLE) technology as
a means to provide constraints to the optimization problem without the dependency on infrastructure land-
marks. As part of measurements collection for PDR, smartphones scan and detect other BLE devices within
their vicinity. By sharing the positions at which the phones were in close proximity with each other, these
positions can provide virtual constraints to the joint optimization problem. Experiments were conducted
within the academic building, with two users walking through different overlapping trajectories while hold-
ing two iPhone 7 devices collecting both odometry and BLE measurements. The main contributions in this

chapter are:

e Modeling of the BLE Received Signal Strength (RSS) between smartphones (iPhone 7) in order to

investigate its viability as a proximity detector.

e Development of a joint GraphSLAM problem where BLE RSS measurements between participating

users provide non-equality constraints for the optimization problem.

1.2.5 Indoor Localization through Trajectory Tracking

In this chapter, we propose new non-traditional techniques for indoor localization through trajectory track-
ing. The idea of collecting movement trajectories within a building to further use as movement patterns
suggests the application of pattern recognition techniques to the localization problem. Matching trajectories
tracked through smartphone sensors or any other low-accuracy localization technique to a set of probable
patterns within a building results in identifying the most recent position of the user with much higher accu-
racy up to the room level. In order to do that, we proposed using two different pattern recognition techniques:

Neural Networks (NN) and trajectory similarity measures. The main contributions of this chapter are:

e Application of trajectory similarity measures as a new approach to the indoor localization problem at

the room/suite level.

e Application of NN as a multi-class classifier to the indoor localization problem at the room level.

1.3 Relevant Publications

The work presented in this dissertation is primarily based on the following publications:
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Cooperative Modulation Classification

o M. Abdelbar, B. Tranter, and T. Bose, "Cooperative Cumulants-Based Modulation Clas- sification in

Distributed Networks”, IEEE Trans. Cogn. Commun. Netw., accepted for publication. 54|

e M. Abdelbar, B. Tranter, and T. Bose, "Cooperative Cumulants-based Modulation Clas- sification
under Flat Rayleigh Fading Channels,” in Proc. IEEE ICC, Jun. 2015, pp. 7622- 7627. [|55]

e M. Abdelbar, B. Tranter, and T. Bose, ”Cooperative Combining of Cumulants-based Mod- ulation
Classification in CR Networks,” in Proc. IEEE MILCOM, Oct. 2014, pp. 434-439. [56]

e M. Abdelbar, B. Tranter, and T. Bose, ”Cooperative Modulation Classification of Multiple Signals in
Cognitive Radio Networks,” in Proc. IEEE ICC, Jun. 2014, pp. 1483-1488. [57]

Indoor Localization and Mapping

e M. Abdelbar and R. M. Buehrer, ” An Improved Technique for Indoor Pedestrian Graph- SLAM using
Smartphones”, IEEE Sensors J., submitted for publication. [58]]

e M. Abdelbar and R. M. Buehrer, ”Collaborative Pedestrian GraphSLAM based on Bluetooth Low
Energy”, IEEE Trans. Mobile Comput., submitted for publication. [59]

e M. Abdelbar and R. M. Buehrer,”Pedestrian GraphSLAM using Smartphones-based PDR in Indoor
Environments”, IEEE ICC - Workshop on Advances in Network Localization and Navigation (ANLN),
accepted for publication, May 2018. [|60]]

e M. Abdelbar and R. M. Buehrer, "Indoor Localization through Trajectory Tracking using Neural
Networks,” in Proc. IEEE MILCOM, Oct. 2017, pp. 519-524. [61]

e M. Abdelbar and R. M. Buehrer, ”"Improving cellular Positioning Indoors through Trajectory Match-
ing,” in IEEE/ION Position, Location and Navigation Symp. (PLANS), Apr. 2016, pp. 219-224. [62]



Chapter 2

Single-node Cumulants-based Modulation

Classification Performance

Automatic Modulation Classification (AMC) of unknown wireless signals has been studied as a key tech-
nology in several Cognitive Radio (CR) and military applications. However, performance of AMC degrades
severely under low Signal-to-Noise Ratios and fading channel scenarios. Cooperative classification is pre-
sented as a means to enhance the classification performance as well as to relax the computational constraints
on individual nodes as presented in Chapter [3] In order to study the performance enhancement due to co-
operative classification, the performance of single-node AMC is presented first under various conditions.
The main contributions of this chapter are: (1) a comprehensive analysis of the performance of a fourth
order cumulants-based modulation classifier in terms of the probability of correct classification is presented
under both AWGN and Rayleigh Fading Channels, and (2) a new hierarchical framework for classification

of larger sets of unknown modulation schemes is presented for the single-node classifier case.

2.1 Introduction

Signal classification has been a heavily researched area for the past three decades. Automatic Modula-
tion Classification (AMC) was first introduced as a means to identify the underlying mod- ulation schemes
of unknown signals. AMC has gained increasing interest with the introduction of Cognitive Radio (CR)
networks [16]] and Dynamic Spectrum Access (DSA) techniques [[11]]. In addition, unknown signal classi-
fication is an essential technology in electronic warfare scenarios. Recently, unknown signal classification
has extended beyond AMC to include classification of advanced transmission technologies, such as OFDM
and MIMO.

11
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Signal classification algorithms are generally categorized into Likelihood-Based (LB) algorithms and Feature-
based(FB) algorithms [20]]. LB approaches formulate the modulation classification problem as a multiple
composite hypothesis testing problem whose solution depends on the modeling of the unknown quantities,
providing optimum classification performance with high computational requirements [63},/64]. On the other
hand, FB algorithms provide sub-optimal performance with reasonable computational complexities. FB
algorithms usually consist of two-stages: feature extraction and classification. Most FB classifiers rely on
statistical signal features, which can generally be categorized into: (1) higher order cumulants and moments,
used to classify digital modulation schemes [[65H69]], OFDM signals [70], and MIMO schemes [71H74]], (2)
cyclostationarity characteristics including cyclic cumulants, used also for digital modulation schemes clas-
sification [[75H79]], WiMAX, OFDM and BT-SCLD [80-82], and MIMO schemes [83-85]], and recently (3)

cross-correlation characteristics for MIMO classification [86H89]].

In this work, we present a Maximum Likelihood (ML) feature-based AMC based on higher order cumulants.
High-order cumulants are chosen as features for modulation classification because of their independence
and noise immunity properties. The combination of ML and cumulants features allow for mathematical
tractability of the algorithm performance. This chapter is organized as follows: an introduction to high-
order cumulants is first presented in Section 2.2] Section [2.3] presents a theoretical framework for ML
cumulants-based AMC in a single node under both AWGN channels and flat Rayleigh Fading channels.
Section [2.4] presents a new hierarchical approach for modulation classification of more than two modulation

schemes. Concluding Remarks are presented in Section[2.3]

2.2 High-Order Cumulants for Modulation Classification

Cumulants are high-order statistical features of random variables defined in terms of high-order moments.
In this section, we first present an overview of the basic cumulants’ definitions. Then large sample esti-
mates of cumulants are presented with their respective asymptotic distributions as a basic tool for modeling

cumulants’ estimates.

2.2.1 Basic Cumulant Definitions

For random processes y1(n), y2(n), ..., yx(n), where n = 1,..., N and N is the length of the observation

interval, the k"-order joint moment and cumulant are defined as in [90]:

k
M (yr,me) = E [[Tui(m) | @.1)
j=1
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Table 2.1: Theoretical Values of Second- and Fourth-order Cumulants for Different Modulation
Schemes

Real-Valued Complex-Valued

BPSK 4ASK QPSK 16QAM

Coo 0 0

C: 1 b oo 1
Cyo 0 -0.68

Co 2 136 o0 -0.68

Cy o) =Y O (=) T (B [ T]w)]| | (2.2)

p VEp JjEV

where p is the list of all possible partitions of {1,2,...,k}, |p| is the number of parts (blocks) in each
partition, v is the list of all blocks within partition p. When y; = y,j = 1, ..., k, this gives the kth-order

moment M, of the random process y(n):
M, = E [y(n)k} . (2.3)

For complex-valued random processes, mixed moments are defined according to the conjugation place-

ments. The mixed moment of order k£ with m conjugations My, is defined as in [65]:
M = E [y(m)* =" (y(n))"] . 24

The k'"-order cumulants Cj, and the k**-order mixed cumulants with m conjugations C},, can be defined
accordingly as in (2.2)). [Appendix[A]lists the equations relating high-order moments and cumulants up to the
8t"-order. The two basic properties of cumulants that make them attractive for AMC are: (a) the cumulants
of Gaussian processes of order higher than two are equal to zero and (b) the cumulant of the sum of two
statistically independent random processes equals the sum of the cumulants of the independent random

processes [90,91]].

Unknown digital modulation schemes are modeled as random processes of length [V, while high-order cu-
mulants are selected as classification features. The cumulants of most interest are the 2"?- and 4*"-order:
{C4, C4, Ca9, Ca1, Cap, Ca2}. Their theoretical noise-free values are presented in and are calcu-
lated for some selected schemes in Table[2.1] For symmetric complex-valued modulations, Cag = Mo = 0.
Throughout this work, modulation schemes are normalized to have unit energy, such that ideally Co =
C51 = 1. The values are obtained by computing the ensemble averages over the noise-free constellations,

under the constraint of unit energy [[63]].
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2.2.2 Sample Estimates of Cumulants

For a random process y(n), the values of high-order moments and cumulants can be estimated through

sample averages [[65[]. For real-valued processes:
N N 1 N R N . 1 N 1 N 2
Cy=My=— > 4*(n), Ci=M—3Mj=—3 y'(n)-3 < 2. y2(n)> , (2.5)
N n=1 Nn:l N

while for complex-valued processes:

. . 1 X, A ~ 1 X 2
020 = Myy = — Z y (TL), 021 = Mo = — Z ’y(n)| ’
Nn:l Nn:l
) ) o ) LN | N 2 | N 2 (2.6)
O = Ny — V| — 2083 = + 3 y)l* — | - & 02(m)| —2( 5 L luml?)

where M, ks C’k, M, km and C’km are the sample estimates of moments and cumulants for real- and complex-
valued processes respectively. From [92], invoking the central limit theorem, M, is an unbiased estimator

and asymptotically Gaussian, with:
E [Mk:m} = Mm, Var [Mk:m} = (M(Qk)k - |Mkzm|2) /N, 2.7

where E[z] is the expected value and Var|x] is the variance of the random variable z respectively. From
(2.7), high-order cumulants’ estimates presented in and are also unbiased estimators and asymp-
totically Gaussian. In a detailed derivation of the expected value and the variance for each
cumulant of interest is presented as functions of (1) theoretical noise-free values of Cs or C'y; which corre-
spond to the average signal energy, (2) theoretical noise-free other high-order cumulants’ values, and (3) the
observation length V. Corresponding equations are presented in for 2"¢-order, and in , ,

(B.15) and (B.19) for 4*"-order cumulants.

2.3 Single-node Performance of Cumulants-Based AMC

Swami and Sadler introduced in their seminal paper [65]] high-order cumulants as robust classification fea-
tures for AMC with low computational complexity. Since then, many feature-based modulation classifi-
cation algorithms have proposed using high-order cumulants, for example: [66,/67,(93[]. ML classification
was initially introduced in [65]], assuming equal variances for cumulants’ estimates of different modulation
schemes. The equal variance assumption results in threshold detection or nearest neighbor classifiers which

were applied in most cumulants-based AMC. However, through investigation of the variance values of cu-



Mahi Abdelbar Chapter 2. Single Node AMC 15

mulants’ estimates for different modulation schemes, the equal variance assumption is not generally valid
(the assumption is mostly valid only for modulation schemes within the same set, e.g. QAM set). In this
work, ML classification is proposed in which different variance values for cumulants’ estimates are taken
into consideration. We propose a new theoretical analysis for the probability of correct classification for a

cumulants- based modulation classifier for a single node.

2.3.1 Signal Models and Cumulants’ Estimates

Throughout Chapters [2|and 3} a received unknown signal sequence y(n) at each node is modeled according
to one of two channel models: AWGN and flat Rayleigh fading channels. Each node calculates an estimate
of a high-order cumulant of the received signal C‘kmy (or C’ky), which is then used as a classification feature.

In this section, we present each signal model and how it affects estimated cumulant values.

AWGN Channel model
The received signal y(n) at each node is modeled as:
y(n)=z(n)+wn), n=12...,N, (2.8)

where z(n) is the transmitted signal sequence and w(n) is the additive noise sequence, w ~ CN (0, 03).
Based on the cumulants’ two basic properties stated in Section [2.2.1] all cumulants of y(n) of order more
than 2 ideally are not affected by AWGN and equal to the corresponding cumulants of x(n), i.e. Cip, =

Chm, except 2"%-order cumulants {Cy1, Oz}, where:
Cory = Co1e + 042 = Co12 (1+1/SNR),  SNR = Coy /02, (2.9)

where SNR is the Signal-to-Noise Ratio at the receiving node (the same applies to C5). Based on (2.9) and
Appendix [B] both the expected value and the variance of high-order cumulants’ estimates of y(n) can be
represented as functions of the SNR. For example, for the 4""-order cumulant Cj5 1, :
N -2 2
B, (580 = (V572) Cie = () Cia (1 1/58R)
Varg,, (SNR) = po + p1Catz (1 + 1/SNR) + p2C3y, (1 +1 /SNR)? + psC4,, (1+1/SNR)*.
(2.10)

Fig. shows the expected value and variance of Cy for a 16QAM modulation scheme at two different

SN R values. Low SN R affects both the expected value and the variance of the estimated cumulant.
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Figure 2.1: Histogram and theoretical pdf for Cys for 16QAM modulation scheme for different
SNR values: 0 dB and 15 dB, N = 100.

Flat Rayleigh Fading Channel Model
The signal y(n) at each node is modeled as:
y(n) = hz(n) +w(n), n=12,..,N, (2.11)

where h is the channel coefficient assumed to be constant over the observation length N, h ~ CN(0, U%)

such that the amplitude of h follows a Rayleigh distribution, i.e. v = |h|~ R (o}, \/? o2 (2— E)) Based on

2 2
the cumulants properties [90], the estimates of high-order cumulants in this case are calculated as C,, =

|h|*Clm,. Thus, to estimate the k"-order cumulant of the transmitted sequence z(n), the node needs to
estimate the value of the channel coefficient amplitude |h|. Several algorithms for blind channel estimation
were presented, for example in [66,94-96]. Dividing C’kmy by |h|* results in a cumulant estimate with
the same asymptotic parameters as in the AWGN channel case (for example in (2.10)), but with the SNR
modeled as an exponential random variable with an instantaneous SNR that is a scaled version of the SNR
under the AWGN channel:

SNR = |h’2021x/0'§, E [SNR] =F [|h|2] Cglm/ag. (2-12)
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2.3.2 Maximum Likelihood Classifier

The node uses a ML classifier to decide the modulation scheme of x(n) from a set of M possible modulation
schemes, M = {Mj, My, ..., M, }. Based on an estimated cumulant value and an estimation for the SNR:
snr, the classifier generates a decision D € M that maximizes the probability that ékmx is drawn from that
modulation scheme M;:

D = argmam{p((ékmx, sar)|D = Mj)}, (2.13)

J

based on Bayes’ rule and assuming a uniform distribution of the candidate modulation schemes. CA’kmE =
Ckmy for the AWGN channel, Cy,,,, = C’kmy /|h| for the fading channel, and p((Ciy, , sir)|D = M;) is
calculated based on the Gaussian pdf of Cf,,, with mean p = E¢, (shr) and variance o= Vare, (snr)
for modulation scheme M;. For brevity, Cy,y,, is referred to as Cl,, in the remaining of this chapter. The

value of snr in the case of Rayleigh fading reflects the effect of the fading coefficient as in (2.12)).

2.3.3 Probability of Correct Classification

The ML classifier performance is mainly measured in terms of the probability of correct classification F..
In this work, we present a new theoretical analysis for P. within the two discussed channel models. For the
set of modulation schemes M, P. is defined as:
1 Ny 1 Ny .
Fe=3 le = o 2 P((Cm € M)|D = My sir). 214
Jj= J

1

In order to analyze P, the special case where the modulation set M only includes two modulation schemes

is studied first, then later extended to include multiple modulation schemes.

Classification of Two Modulation Schemes in AWGN Channel
For M = {M;, My}, P. presented in (2.14) is redefined as:

1 “ R 1 A .
Peywaon = 5P (Ckm € M| M;y; Sn?”) + 5P (Ckm € Ma|Moy; snr) . (2.15)
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For two Gaussian processes, (Cim|Mi; sirr) ~ N (1, 0%) and (Chyn|Ma; siir) ~ N (pz2, 03), the optimal

test statistic is a quadratic function resulting in two thresholds:

1 — ooy apy — p2)?  otln(w)
i\/ e 2.16)

TAWGNLQ - 1—a

where o = 02 /02, and {1, 02} and {2, 02} are the expected values and the variances of Cy,,, for M; and
M, respectively as functions of sir and the observation length N as discussed in Section[2.3.1] In practice,
only one 74w N whose value is within the interval [py, pe] is considered. Thus, the probability of correct
classification is approximated using Q-functions:

P ~ 0.5Q(W) +0.5Q(w). (2.17)

c =~
AWGN o1 o9

Classification of Two Modulation Schemes in Fading Channel

For M = {M;j, M} in a Rayleigh fading channel, the ML classifier uses the decision rule in (2.13).
However, in order to calculate F,, the probability of correct classification for each modulation scheme is

averaged over the exponential distribution of the SNR, as follows:

n -7 1 5 X, TRF — 1 -
Popp =05 [ Q(Ml RF) —eNdy +0.5 [ Q(M) —e(1Md
oo ! 7 0o 7 v (2.18)
=1 _z _ 1 1 2
= v ofz{ exp(—% —2) dzdy+ N fzj; exp(—% — 1) dzdy,

where z; = %, z9 = % and Trp is calculated in the same way as in (2.16). A closed form
expression for the average probability of correct classification in (2.18)) is very tedious. However, numerical

evaluation of the double integrals is feasible.

2.3.4 Simulation Results

To study the performance of the ML classifier and validate the analysis of the probability of correct classi-
fication, an example is presented for classification of the set M = {QPSK, 16QAM } using the 4'"-order
cumulant Cys. (C’42\QPSK ; snr) and (C’42\16QAM ; snr) are the Gaussian approximations of Cyo with
means {1, p2} and variances {07, o3 } calculated for modulation schemes { QPSK , 16QQAM } respectively

as functions of the estimated snr as in (2.10)).

In the simulation scenario, the node receives a signal y(n) of variable length IV, following both the AWGN

and fading models, with average SNR in the range [0 — 12d B]. The node then estimates C’42x based on C'4gy
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Figure 2.2: Theoretical and simulated average probabilities of correct classification for the set
{QPSK, 16QAM } under AWGN and flat Rayleigh fading, N = {500, 1000, 2000}, for a single
node.

as explained in Section calculates the probabilities P(Clo,|QPSK; sivr) and P(Clop|16QAM; siir),
and then compares them according to the decision rule in (2.13). The average probability of correct classi-
fication is calculated according to (2.14). It’s to be noted that the estimate of SNR is assumed to be perfect.
The theoretical probabilities of correct classification are calculated according to and (2.18). Fig.
shows the performance of the classifier for N = {500, 1000,2000} for both channel models. As shown,
the performance of AMC degrades severely under fading channels as compared to AWGN channels. At an
average SNR of 5dB, P, reduces by at least 10%.

2.4 Hierarchical Classification for Multiple Modulation Schemes

Hierarchical approaches for modulation classification have been proposed starting in [65]. However, we
propose a new hierarchical approach within the ML framework for multiple modulation classification in
a new context as follows: (1) starting at the lowest-order cumulants (usually 274 order), a ML classifier
generates a decision D; about which group of modulation schemes the received signal belongs to, (2) based
on D1, the classifier uses the true expected value of the low-order cumulants tested in step (1) to calculate

the estimate of a higher order-cumulant, (3) another ML classifier generates a second decision Do about
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which group of modulation schemes the received signal belongs to within the first group, (4) the steps (1-3)
are repeated as needed. The main idea behind the hierarchical classifier is that high-order cumulants depend
in their calculations on the lower-order cumulants and moments, as presented in Conditioning
the calculations of high-order cumulants on the true expected values of lower-order cumulants results in
smaller variances for the high-order cumulant estimates. The number of groups at each stage depends on the
number of possible values for the cumulant tested at that step. Next, we present an example of a hierarchical

classifier for four modulation schemes.

2.4.1 Classification of Four Modulation Schemes

To study the hierarchical classifier further, an example is presented to classify the set M = {Mj, ..., My},
where the set includes both real and complex-valued modulation schemes. The classification is performed
in two stages, based on 2"?- and 4*"-order cumulants respectively. The ML classification presented in (2.13)
can be modeled as a multiple hypotheses testing problem. At each stage the classifier chooses hypothesis
‘H, that maximizes the probability p(H, |C’ ). This is equivalent to maximizing p(C’ |H,) given equally likely
modulation schemes, where {#1, Ha, ..., H, } is the set of possible hypotheses at this stage. The classifier

node performs the following tasks:

e Stage 1: The classifier node calculates C’Qo, which is equal to C’g, of the received signal y(n) as in
(2.5 [2.6). At this stage, it’s a binary hypothesis problem, with hypotheses:

Ho : Coo =0 {Complex-baseband modulation scheme}

(2.19)
Hi:Cy =1 {Real-baseband modulation scheme }
The classifier chooses a hypothesis such that:
H = argmaz {p (C’gd?ﬂ)} ) (2.20)

H,yr={0,1}

where p(ézo |H,) is calculated based on the asymptotic properties of C’go.

e Stage 2: The classifier calculates the value of 6’42 as in li or C’4 as in |i based on the decision

made in the first stage. The classifier then chooses the final hypothesis as:

A~

H= I?rgggic} {p ((742, ézol%)} = arggjaw {p (ézo\%) p <é42|Hr7 ézo) } : (2.21)

For real baseband modulation schemes, 6’42 should be replaced with C’4 in (2.21)).
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Figure 2.3: Hierarchical modulation classification system for the modulation set M =
{BPSK, 4ASK, QPSK, 16QAM}. Classification is performed in two stages: Cy classifies
real- versus complex-baseband modulation schemes, then C; or Cy5 classifies individual schemes.
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Figure 2.4: Theoretical and simulated average probabilities of correct classification for the
set {BPSK,JASK, QPSK, 16QAM} under AWGN and flat Rayleigh fading, N =
{500, 1000, 2000}, for a single node.
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2.4.2 Simulation Results

To study the performance of the hierarchical ML classifier, an example is presented for classification of
the set M = {BPSK,/ASK,QPSK, 16QAM} under both AWGN and flat Rayleigh fading channels
for different observation lengths N = {500, 1000, 2000}. The classifier architecture is shown in Fig.
Simulations are carried out following the steps presented in the previous section. The probability of correct
classification is averaged over the four modulations schemes. The theoretical probabilities of correct clas-
sification are calculated depending on and (2.18), as the classifier is considered to differentiate two
modulation schemes at each stage. As shown in Fig. [2.4] the average probability of correct classification

overall decreased as the number of modulation schemes increased with the same observation lengths.

2.5 Conclusions

In this chapter, we presented a comprehensive theoretical analysis of the performance of a fourth order
cumulants-based modulation classifier in terms of the probability of correct classification. The classifier
implemented a Maximum Likelihood (ML) approach where the non-equal variances of the estimated cu-
mulants features were taken into consideration. The performance was studied under both AWGN and flat
Rayleigh Fading Channels. In addition, a new hierarchical framework for classification of larger sets of
unknown modulation schemes was presented for the single-node classifier case. Different simulation sce-
narios verified the proposed framework. Results showed that flat Rayleigh fading channels greatly degrades
the classifier performance. The theoretical framework provides a reliable and tractable solution to the AMC

problem, which can be extended to the cooperative classification in the following chapter.



Chapter 3

Cooperative Modulation Classification in
Distributed Networks

Cooperative classification is presented as a means to enhance the classification performance of the single-
node AMC as well as to relax the computational constraints on individual nodes. In this chapter we propose
a centralized feature-level cooperative classification framework using Maximum Likelihood (ML) combin-
ing algorithm. Each node estimates a set of features, based on high-order cumulants, that are combined at a
Fusion Center (FC) using ML to produce a final decision. We present new theoretical models for ML com-
bining performance, as well as computer simulations, under both Additive White Gaussian Noise (AWGN)
and flat Rayleigh fading channels. In addition, a hierarchical framework for cooperative modulation classi-
fication of larger sets of modulation schemes is also presented. Finally, the performance of the cooperative
framework with correlated signals is studied. Analysis and simulations validate the theoretical models and

prove the efficiency of the proposed cooperative framework under different scenarios.

3.1 Introduction

Cooperative classification is defined as sharing data and/or classification decisions between mutiple nodes
to classify an unknown signal and reach an overall decision. Cooperative classification algorithms can be
categorized according to different criteria, for example the categorization system suggested in [97]. In
this work, we follow the data fusion algorithms categorization presented in [98]] based on the cooperation

architecture and the data abstraction level.

The cooperation architecture can be centralized or distributed. Centralized architectures assume the presence

23
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of a Fusion Center (FC), to which each node transmits its data/decision and then the FC combines the shared
data to reach a final decision. Most of the cooperative classification algorithms proposed in literature fol-
low the centralized architecture, including both (1) LB approaches: Likelihood-Ratio Tests (LRT) [21},99],
Hybrid Maximum Likelihood (HML) [100,/101], using iterative optimization to search for the optimum
decision rules [102f], Markov Chain Monte Carlo (MCMC) sampling [103]] and information theoretic mea-
sures [|104] and (2) FB approaches: cyclostationarity [105]], high order cumulants and moments [23,25530],
and (3) comparisons of both [22]. Centralized approaches have also been chosen for unknown signals’
parameter estimation [24f]. Alternatively, in distributed architectures, the cooperating nodes reach the final
decision independently through the iterative exchange of their data/decisions, thus imposing high processing
power requirements on the individual nodes and increasing network overhead. Few cooperative algorithms
implemented fully distributed architectures: in the HML approach presented in [31]], which is later improved

using online Expectation Maximization (EM) in [32,33]], and using cumulants in [[106}/107].

The abstraction level of data during the fusion process can be signal, feature, or decision level. At the signal
level, each sensor transmits the observed raw signal to the FC. In most signal-level combining approaches,
the multiple raw signals are combined to form a single signal, and a regular single-variable AMC algorithm
is applied to classify the unknown signal, as in the LB approaches in [22/100,/108]]. In [25], a different FB
signal-level combining approach was presented where the signals are sent to the FC and then used within
a multi-variable AMC to calculate joint high order statistical features for classification. Signal-level com-
bining preserves the information in the signals and maintains minimal required processing at the individual
nodes. However, exchanging the raw signals presents a huge overhead over the network, especially with an
increasing number of cooperative nodes. On the highest level of abstraction, local decisions of individual
nodes are transmitted and combined at the FC to obtain a global decision. This approach was implemented
in both LB approaches presented in [21,/101,{102}/104] and FB approaches presented in [23}26-30,/1035].
Decision-level combining maintains the minimal overhead over the network, with the cost of losing all soft
information in the raw data. In the intermediate level of abstraction, local features are calculated at the indi-
vidual nodes and then transmitted to the FC for combining. Feature-level combining balances the trade-off
between a reasonably low overhead over the network and preserving soft information from the raw sig-
nals. Few feature-level combining algorithms have been proposed in the literature, including centralized FB
approaches in [26H30], distributed LB approaches in [|31}[32] and distributed FB approaches in [[106L[107].

In this chapter we present a cooperative cumulants-based AMC framework for distributed networks. It is
a feature-level centralized algorithm; multiple nodes share high-order statistical features calculated for a
received unknown signal with a FC. The FC then uses a Maximum Likelihood (ML) combining algorithm
to combine the features calculated at each individual node and generate an overall decision about the modu-
lation scheme of the unknown signal. This algorithm balances the trade-off between network overhead and

preserving soft information about the unknown signal. High-order cumulants are chosen as classification
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Figure 3.1: Cooperative classification system model

features due to their attractive noise immunity characteristics as discussed in Section [2.2]

The main contributions of this chapter are: (1) a theoretical analysis of the performance of cumulants-
based ML cooperative classification framework for digital modulation schemes under both AWGN and
flat Rayleigh fading, (2) a hierarchical framework for classification of larger sets of unknown modulation
schemes in both single-node and cooperation scenarios; and (3) performance analysis of the cooperative
classification framework for correlated signals. The aim of this chapter is to provide a theoretical reference

for the efficiency of cooperation in signal classification scenarios.

3.2 ML Classification Combining

Cooperative classification recently has been proposed to improve the modulation classification performance,
especially under fading conditions, without the need to increase the observation length . In this section, we
first present the system model adopted for cooperative cumulants-based classification based on ML. Next,

the theoretical model for the average probability of correct classification is presented.

The system model adopted in this work consists of a set of N nodes, each receives a signal from an unknown
transmitter as shown in Fig. The received signal at each node, y;(n), is modeled as in or
depending on the channel model. The links between the nodes and the FC are considered error free with
sufficiently powerful error correcting codes. The unknown modulation formats are drawn from a set of Ny,
possible modulations, M = {M;, My, ..., My,, }. Each node i is able to estimate the snr; of the received
signal and the cumulants features vector ¢; required for classification, and then transmits the set of values of

(€, snr;) to the FC, where the ML classification combining is performed to obtain the final decision.

The FC generates a decision D for the modulation scheme of the unknown transmitter, where D € M, based
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on the vectors of estimated features (¢, sir) = {(€1, snry), (€2, snra), ..., (Ens, SNTNs) }, as follows:

D = argmax {p ((€,sar) |D = M;)}. (3.1)

J
Assuming independence of the Ns; nodes, the decision rule for ML classification combining is presented
as a compound Bayesian decision problem, or what is called a Naive Bayes’ Rule [[109]. Equation (3.1)) is

extended to:

Ns
D = argmax { 11 p((€,snir)|D = MJ)} ) (3.2)
j i=1

where p((€;, snir;)|D = Mj) is calculated based on the Gaussian pdf of each C; with mean pji = Eg (srir;)
2

and variance 05 = Vamca (snr;) for modulation scheme M. ; at node 1.
1

3.2.1 Probability of Correct Classification

As in the case of a single node, the cooperative ML classifier performance is measured in terms of the

average probability of correct classification P.. For a set of modulation schemes M, P, is defined as:

Ny Npy
1 1
P:—E P,:7E ¢ € M;)|D = M;;snr). 3.3
c N]\/I = CMj NM = p((c J)‘ J Snr) ( )

In order to study the performance of the ML cooperative classifier, several cases are presented, starting with

cooperative classification of two nodes for two modulation schemes.

3.3 Performance of Cooperative Cumulants-based AMC

3.3.1 Two Nodes, Two Modulation Schemes under AWGN, Equal SNR

For a candidate modulation set M = {M;j, M>}, each node i receives an independent signal y;(n) following
the model presented in (2.8)), the decision rule in (3.2)) is rewritten as:

. N My . A
p <(01, 8ﬁT1> ’Ml) p ((Cz, 8ﬁr2> |M1> 2p ((Cl, Sﬁfl) |M2> P <(C2, Sﬁrz) |M2) : (3.4)
Mo
where each side presents the joint probability distribution of the cumulant features {C’l, 02} calculated at

nodes 1 and 2, modeled as a bi-variate independent Gaussian random variable. I'yz, ~ N (g, , X, ), and

Ty, ~ N (ppr, Xm,) are the joint probability distributions for each modulation scheme respectively, with
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the mean vectors png, = [p1, p1] and pg, = [p2, 2], For the case where both nodes are receiving the

same SNR, the covariance matrices 3y, and Xy, are defined as:

2

o5 0

, XM, = , 3.5)
Mz [0 a%]

o2 0

2
0 o

le_[

where 11 and ajz are defined as in Section for the corresponding modulation scheme. For 07 < o3, the

probability of correct for each modulation scheme j can be approximated as:

[ - HMJ-]TEJ\_;J- [ — png]

PC M ' 2

exp d, (3.6)

1
= {f 27T|2Mj|1/2

where Q = [w; wg]T, dQ = dwidws. The integrals are calculated numerically over a circular region A

with center at {71, 72} and radius R. The limits of integration are:

w1 = [Tl—R,Tl-i-R], w9y = [T‘Q— \/RQ—(wl—T1)2,T2+\/R2—(W1—T1)2} s (3.7)

where

=l 2a 2 2
= — _ — — 2
)2 (/‘Ll M2> 01 (1 — Oé)’

o i—a a=o0?/03. (3.8)

L =72

An example of the pdf of M = {QPSK, 16QAM} using the 4""-order cumulant C12 and the decision
boundary is presented in Fig. with snry = snro = 5dB.

3.3.2 Two Nodes, Two Modulation Schemes under AWGN, Non-equal SNR

For more practical scenarios, the assumption of equal SNR is not valid. The classifier uses the same decision

rule presented in (3.4). The distributions I';s, and I'j/, are defined based on the following mean vectors and

2
o 0 21
, = M o |+ MMy, =
O 0'12 H22

where 1j; and O'JZZ- are the mean and the variance of the cumulant estimate for modulation scheme M; at node

the covariance matrices :

H11
12

o2 0
: 2M2=[21 2], (3.9)

Han = [ 0 o3

1 calculated as a function of snr;. The probabilities of correct classification for each modulation scheme are
defined as in (3.6). However, the integrals are calculated numerically over an elliptical region A with center

at {r1, o} and radii { R1, Ry}, where R; is the radius in the direction of node i. The limits of integration for
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pdf of I ops and I eaam and the decision boundary at SNR = 5dB

Figure 3.2: An example of the pdf of I'gpax and I';6gan and the circular decision boundary at
snr of 5dB.

area A are:
Ra(r1 — w1 Ra(r1 — w1
wlz[rl—Rl,T1+R1], Wy = TQ—\/R%—[()]Q,TQ-F R%—[ ( )]2 s
R1 Rl
(3.10)
where ) ) ) )
_ O1p11 — 0121 _ 012 — OygH22
= 2 o T2 = 2 o
031 — 01 029 — 0719
05,0 0550
R%: 21911 0, R%: 22012 o 311
51— 0% 05y — 0y @11
_ 9 01107 (H11 — p21)?® (12 — pa2)?
p=—an 5 2 |t 72 a2yt T2 a2
021022 (03 — 071) (055 — 075)

An example of the pdf of M = {QPSK, 16QAM} using the 4""-order cumulant C12 and the decision
boundary is presented in Fig. with snr; = 3dB and snry = 5dB.

3.3.3 Two Nodes, Two Modulation Schemes under Flat Rayleigh Fading

For the set of two modulations schemes M = {Mj, M, } in a Rayleigh fading channel, the ML cooperative
classifier uses the same decision rule presented in (3.4)). The distributions I'ys, and I'jz, have mean vectors
and covariance matrices as defined in (3.9). The average probability of correct classification for each modu-

lation scheme is calculated through a numerical iterated integral: the joint Gaussian probability distribution
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Figure 3.3: An example of the pdf of I'gpax and I';6gans and the elliptical decision boundary at
snr; = 3dB and snry = 5dB.

functions I'y7, and I'y, are integrated over the exponential distributions of each node’s SNR, then over the

two-dimensional regions specified by the elliptical decision boundary in (3.1043.11), as shown:

o0 %0 1 Q- MM]-]TZJT/II- [ - HMJ-]
PCMj -1 ,{f of of 27T’2M7"1/2 P 2 ’ T (1) 2 (72)dQ2dry1 drye,

(3.12)
where f.,(7;) is the exponential pdf of SNR at node 1.

3.3.4 More than Two nodes

For cooperative classification from several scattered nodes, the classifier applies the general decision rule
at the FC following (3.2) for N, nodes. The joint probability distribution of the cumulants vector € is
modeled as a multi-variate Gaussian of Ng dimensions for each modulation scheme. The mean vector and

the covariance matrix for modulation scheme j are defined as:

Hj1 ‘732'1 0
2
2 0 0%y -
= | Sa= T e (3.13)
| 15N, I 0 0o ... UJQ'NS_

The probability of correct classification is calculated by extending the numerical integrals of the joint Gaus-

sian probability distribution functions to include N dimensions. Each added node to the network will add
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one more nested integral for the case of AWGN and two more nested integrals for flat Rayleigh fading
channels. The decision region A is a general hyperplane of order (Ns; — 1) [109]. The general form for the

probability of correct classification for modulation scheme j:

o0 [e.e] 1
Pray = [ [ [+ [ 0
A0 0 @2m) [

(Z — pag, 7201 Z — pag,)

_ 5 = S () faw, (0,)

dZdy; - - - dyy..

s

(3.14)
As specifying the decision region in higher-than-two dimensions Gaussian distributions is difficult, only
simulated results are presented in this scenario for an increasing number of cooperative nodes under different

observation lengths N.

3.3.5 Simulation Results

In order to study the performance of the ML cooperative classifier, we implemented the same example that
was presented in Section classification of the set M = {QPSK, 16QAM?} using the 4*"-order cu-
mulant Cgo. In the simulation scenarios, each node i receives a signal y;(n) of the same length IV following
both the AWGN and fading models. Each node then estimates C’l and snr;, and transmits their values to
the FC where the ML decision rule is applied. The average probability of correct classification is calculated
according to (3.3). It’s to be noted that the estimate of SNR is assumed to be perfect. The theoretical

probabilities of correct classification are calculated according to the specific simulation scenario.

Fig. shows the ML cooperative classifier performance for two independent nodes, each receiving a signal
of length N = 500, versus a single node under both AWGN and flat Rayleigh fading. The figure shows both
the theoretical probabilities of correct classification using numerical integration and simulation results. The
performance of the FC with each node operating with an observation length of N = 500 is equivalent to

(AWGN) or better than (fading) the performance of a single node receiving a signal of length N = 1000, as
shown in Fig. [2.2]and[2.4]

Fig. [3.5 presents an example simulation for the non-equal SNR scenario. Simulations were carried out by
fixing the SNR at a constant for one node (2dB), and varying the SNR for the second node over the whole
range of 0 — 12dB. Results show that ML combining always results in a better overall P, for both nodes,
although the percentage of improvement varies according to each node’s SNR. While the node with the
higher SNR does not obtain much improvement, the node with the lower SNR always benefits from the ML

combining.

Fig. [3.6 presents the classifier performance with increasing number of nodes versus the average SNR at

each node for an example of N = 500 under flat Rayleigh channels. With careful inspection of the simula-
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Figure 3.4: Average probability of correct classification for the set {QPSK, 16QQAM } under
AWGN and flat Rayleigh fading, for a single node versus two cooperating nodes, each with
N = 500 and equal average SNR.
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tion results, ML cooperative classification from 5 nodes under flat Rayleigh fading outperforms the AWGN
performance of a single node up to an average SNR of 15dB. To further illustrate the improvement pro-
vided by the proposed cooperative ML classifier, Fig. 3.7 presents a comparison of the proposed classifier’s
performance for 3 and 5 cooperating nodes versus a Majority Vote centralized classifier based on the inde-
pendent decisions at each node [27]. Although hard-decision fusion presents the least network overhead,
ML classification at the feature level preserves the features’ soft information and improves the classification

performance greatly, especially at low average SN R values.

3.3.6 Hierarchical Classification for Multiple Modulation Schemes

To enable classification of multiple modulation schemes, the FC performs the classification in a hierarchy
of stages following the same approach presented in Section [2.4] with Naive Bayes’ Rule combining of the
feature sets from different nodes. Extending the same scenario presented in Section[2.4]into two cooperating

nodes, the algorithm includes:

e Each node {.J1, J2} calculates the values of C'Qoi, 641- and é42i ,t = 1,2, and transmits them to the
FC.

e Stage 1: The FC uses the values of égoi to decide whether the modulation scheme is real- or complex-
baseband. Based on the assumption that the two classifier nodes are independent, the combined

decision for the first stage is:

H= argmazx {p (0201, 0202\7'[0} = argmazx {p (0201 ’Hr) p <é202\7‘lr>} . (3.15)

[ [

o Stage 2: The FC uses the values of CA'421. or 041- based on the decision taken in stage 1 to decide on

the final modulation scheme. For the case of complex-valued modulation schemes:

H= arghrrnax {p (042176422= 6201’ 6202|/HT)}

= argl?}ax {p (6'42170201,@202 ]Hr) P (0422, 6'201, 0202|/Hr)}

= argl_?lnaa: {p <é421 ‘Hr, 6201, 0202) p <é422 ’HT, 6201 y 0202> (p (62017 6'202 "Hr>>2} .
(3.16)

Fig. 3.8 presents the performance of the hierarchical FC classifier for an observation length N = 500 under
AWGN and flat Rayleigh fading channels versus a single node. The figure shows only simulation results as
numerical integration is highly complex for this case. The performance of the FC is equivalent to (AWGN)

or better than (fading) the performance of a single node receiving a signal of length N = 1000.
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Figure 3.8: Average probability of correct classification for the set {BPSK,

4ASK,QPSK,16QAM} under AWGN only and AWGN plus flat Rayleigh fading, for a
single node versus two cooperating nodes each with N = 500 and equal average SNR.

3.3.7 Remarks

In the proposed ML classification combining algorithm, the channels between the nodes and the FC are
considered error free with sufficiently powerful error correcting codes which is a best-case scenario. In
practical scenarios, the channels might suffer from high noise or severe fading such that the error correcting
codes might not be sufficient. In this case, the FC will discard the erroneous feature values, thus degrading

the performance by having one-less cooperating node.

In addition, Naive Bayes’ Rule was proposed for classification combining with the assumption that the co-
operating nodes are independent. This implies that the instantaneous received signal at each node y;(n) is
different although originating from the same transmitter; sufficient spacing among nodes’ locations implies
independent noise and fading coefficients, as well as different N length frames of the transmitted data z;(n).
Performance analysis proved that ML combining of cumulant features from independent nodes greatly im-
proves overall classification performance. However, there is a probability that each of the cooperating nodes
receives interleaving parts of /V length frames of transmitted data. In this case, the independence assump-
tion is not valid. In the following section, the effect of correlated received data on the performance of the

cooperative classification framework is studied.
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3.4 Performance of Correlated Signals in Cooperative AMC

For two nodes receiving signals from the same transmitter, a general model for the received signals under

AWGN is:
y1(n) =z(n)+wi(n), n=12,..,N,

3.17)
ya(n) =xz(n — 1) +wa(n), n=12,...,N,

where y;(n) and y2(n) are the received signals at nodes 1 and 2 respectively, and Y is the time difference be-
tween arrivals of the same transmitted signal z:(n) at the two nodes. The cross-correlation function between

the two received signals p,, , is defined as:

Pyrys (T) = Elyr(n)ya(n — )] /0. (3.18)

AtY = N, the two received signals y1 (n) and y»(n) are completely independent; p,, ,, (7) =~ 0. In this case,
the assumption of independent nodes is valid. On the other hand, at Y = 0, py,,(7) ~ 1 at 7 = 0. This
case is referred to as perfect correlation. For any other value T = k where 0 < k < N, 0 < py,4,(7) < 1
at 7 = k. This case is referred to as partial correlation. For both latter cases, the independence assumption
of the two nodes’ received signals, as well as the application of Naive Bayes’ Rule need to be investigated.
This analysis is presented based on the two-nodes scenario, with a candidate set M = {QPSK, 16QAM }
at the same SNR.

3.4.1 Effect of Correlation on Joint Cumulants Probability Distributions

Taking the cross-correlation between the two received signals into consideration, the ML classification com-
bining decision in (3.1) is valid. However, the joint probability of the estimated cumulants is a correlated

bi-variate Gaussian random variable with correlation coefficient p. The FC decision rule is defined as:

P ((Cl, Cg,sﬁrl,sﬁrg) |QPSK> QPzSKp ((Cl, Cg,sﬁrl,sﬁm) ]16QAM> , (3.19)

16QAM
where each side presents a correlated bi-variate Gaussian random variable. Let'gpsx ~ N (pg, 3q), and
T'i60am ~ N(p16Q, X16q) be the joint Gaussian probability distribution functions of Cyo for QPSK and
16QQAM modulation schemes respectively. The mean vectors of I'gpsx and I' ;504 are the theoretical
values of Uy for QPSK and 16QQAM modulation schemes respectively; pg = [C42Q , C42Q] and p16Q =

[C4216Q, C’4216Q]. With correlated received signals, the covariance matrices are modeled as:

o 2

2 2
So=|79
pUéO 7Q

2 2
, Sieg = [ Tise P U;GQ()] , (3.20)
PI16Qo  916Q
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Figure 3.9: Contours of the theoretical joint pdf of Cys for QPSK and 16QAM versus the simu-
lated histogram at p = 1.

where aé and O'%GQ are the variances of Cys for Q PSK and 16QAM modulation schemes under the given
SNR, p is the cross-correlation coefficient between the two signals defined in , and 06290 and O'%GQO are
the variances of Cyo for Q PSK and 16Q)AM modulation schemes respectively without AWGN, presented
in QMi Note that for constant modulus modulation schemes the variance of 6’42 without AWGN, ag R

equals zero, as shown in[Appendix[B]
Fig. presents a comparison of the contours of the theoretical joint pdf of Cys for both QPSK and

16QAM modulation schemes using the covariance model presented in (3.20), at two different values of
SN R versus the histogram of Cyo values resulting from simulations. The two received signals are perfectly
correlated; p = 1. For constant modulus modulation schemes; i.e. QP SK, the joint pdf is not affected by
correlation. For 16QQAM, the joint pdf ellipsoid’s eccentricity increases with increasing SNR. As shown
in the figure, simulations match the suggested model for correlated bi-variate Gaussian distribution for the
cumulant estimates. Fig. [3.10] shows the eccentricity of the joint pdf ellipsoid versus increasing SNR for
16QQA M modulation at different correlation values. With increasing correlation, the ellipsoid’s eccentricity
increases. The eccentricity equals zero; i.e a circle, when the signals are independent (p = 0). Eccentricity
is calculated as F = /1 — (b/a)?, where (b/a) is the semiminor-to-semimajor axis ratio of the ellipse

calculated as the ratio of the Eigen Values of the covariance matrix [[110].
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Figure 3.10: Eccentricity of the joint pdf ellipsoid of Cys of 16QAM versus SNR at different

correlation values.

Chapter 3. Cooperative AMC

o
oS

> o
2 e

£ 0.6 . 7
© o

3

w -

© AN —*¥—Theoretical, p=1

2 0.4 -9 -Theoretical, p = 0.75 |
E —B—Theoretical, p = 0.5

- ¥ -Theoretical, p = 0.25
~@- Simulation, p = 1
~A- Simulation, p = 0.75
Simulation, p = 0.5
Simulation, p = 0.25

4 6 8 10 12
SNRin dB

o

©

a
\

154
©
:

0.85

Probability of correct classification

-¥-Theoretical Pc of RX1
-B-Theoretical Pc of FC (p = 0)
-9~ Theoretical Pc of FC (p = 1)
Theoretical Pc of FC (p = 0.5)
=¥ Pc of RX1
-3 Pc of FC (p = 0)
O Pcof FC (p=1)
Pc of FC (p = 0.5)

4 6 8 10 12
SNR in dB

37

Figure 3.11: Average probabilities of correct classification of two nodes versus a single node for
the set {QPSK, 16QAM}, N = 500, with variable correlation coefficient p = [0, 0.5, 1].

3.4.2 Effect of Correlation on Average Probability of Correct Classification

The average probability of correct classification with correlated signals is theoretically calculated through

numerical integration of the joint correlated bi-variate Gaussian distributions I'gpsi and I' ;594n7. Since
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Figure 3.12: Improvement in probability of classification error for two nodes versus a single node
in an AWGN channel for correlation coefficient p = [0,0.25,0.5,0.75, 1]. Cooperative Classifica-
tion always results in performance improvement.

the cooperating nodes only share the feature vectors, the FC will not be able to estimate the correlation
coefficient in advance to adjust the decision boundary accordingly. Fig. shows the average probability
of correct classification for ML combining of 2 nodes with different correlation coefficients, assuming the
independent decision boundary for both theory and simulations. Although the probability of correct classi-
fication is degraded when the two received signals are correlated while the FC assumes independence, still
there is significant improvement in the overall classification performance, even at the worst-case scenario

when the two nodes are receiving perfectly correlated signals.

To further investigate the performance of the ML classifier versus variable correlation scenarios, Fig. [3.12]
shows the improvement in performance as a function of the probability of error for a single node divided by
the probability of error for ML combining of two nodes versus SNR for different correlation values. The fig-
ure shows that up to a correlation of 0.75, there is a linear improvement in performance when implementing
the ML combining framework. For the rare possibility of highly correlated signals, p ~ 1, the improvement
is at best in intermediate SNR values (SNR = 4 — 12dB), where the ratio of the probability of error for a
single node to two nodes is between 3.4 and 4.8. For very high SNR, the performance of the FC combining

correlated signals from two nodes converges to the performance of a single node.

In flat Rayleigh fading scenarios, the effect of correlation is further reduced. Modeling the received signals
at two nodes as in (2.11]) with a time difference of arrival as in (3.17)), the cross-correlation between the two
signals, calculated as in (3.18]), follows a Double Rayleigh Distribution [[111]]. According to the Cumulative



Mahi Abdelbar Chapter 3. Cooperative AMC 39

Distribution Function (CDF) of the Double Rayleigh distribution, with the same simulation parameters,
the correlation between the two signals experiencing fading is less than the corresponding correlation due
to overlapping signal frames for 72% of the time [112]. Having random independent fading coefficients
mostly reduces the correlation between signals, pushing more towards signals independence and improving

the ML classification performance.

3.5 Conclusions

In this chapter, we presented a cooperative framework for automatic modulation classification in distributed
networks as a means to enhance the AMC performance, especially with weak detected signals and Rayleigh
fading channels. The proposed framework is a cumulants-based centralized feature-level combining algo-
rithm, in which cooperating nodes share locally calculated high-order cumulants features with a FC. The
FC uses ML combining to generate a joint decision of the unknown modulation scheme. Feature-level com-
bining balances the trade-off between reasonably low network overhead and preserving signal information.
Both theoretical models and corresponding simulations were developed to study the performance of the
proposed ML combining classifier in both AWGN and Rayleigh fading channels, for different numbers of
cooperating nodes, and for multiple sets of unknown modulation schemes through a hierarchical approach.
The framework provides a reliable solution to the AMC problem through sensor fusion techniques. ML
classification combining results in better classification accuracy, even for extreme cases when some of the
nodes are receiving signals with much lower SNR. In addition, although the benefits of ML classifica-
tion combining degrades with correlated sensors, the joint classification decision accuracy still outperforms

single-node performance for most practical correlation scenarios.



Chapter 4

Smartphones’ Sensor Fusion for Pedestrian
Indoor GraphSLAM

Simultaneous Localization and Mapping (SLAM) for pedestrians is a relatively new approach to the indoor
localization problem. With the advancements in smartphone technology, pedestrian SLAM has transitioned
towards fusion of smartphones’ integrated sensors through Pedestrian Dead-Reckoning (PDR) techniques.
In this chapter, we present a novel approach for indoor user localization, trajectory tracking and mapping
through GraphSLAM: modeling the spatial structure of a user’s positions as a graph optimization problem.
The main contributions of this chapter are: (1) a new algorithm for calibrating the heading measurements
acquired through the smartphone sensors for PDR, (2) a heading-detection stage as a pre-processing stage
for GraphSLAM, and (3) the integration of these techniques into an overall GraphSLAM framework. Exper-
iments were conducted using an iPhone 7 within an academic building with different users. The proposed
algorithms were able to overcome the drift errors in heading measurements and provide accurate estimates

for users’ locations and movement trajectories.

4.1 Introduction

Simultaneous Localization and Mapping (SLAM) is the construction of a consistent map of a user’s previ-
ously unknown surrounding environment while simultaneously estimating the user’s current position within
the map. It has been a heavily researched field in the robotics community for more than 3 decades [46].
The problem involves the operation of a robot with multiple sensors (specially cameras and laser scanners)
within an unknown environment, where the robot performs multiple functions: position estimation, identi-

fying environment landmarks, data association, map creation, and position and map updates. The popularity

40
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of robotics SLAM is due to its various applications in exploring environments where it would not be possible
or safe for humans to be, for example: planetary rovers, robots developed for mapping/detecting landmines

and for military purposes. For more information about robotics SLAM, readers are referred to [46,47.(113]].

Adaption of SLAM techniques to pedestrian localization has gained interest over the last decade, primarily
as a solution for the indoor localization problem where the Global Positioning System (GPS) and other
cellular-based localization techniques fail to provide adequate accuracy. Generating building maps through
Pedestrian SLAM is of importance in many applications, such as improved indoor position estimation,
navigation assistance and path planning within public access buildings [[114]. Another important application
of pedestrian SLAM is localization and map creation for emergency responders when working through

environments without a priori information [52,/115]].

In general, the SLAM problem is defined in terms of estimating the most probable sequence of user poses
(position and heading) and a building map in a predefined format. Solving the SLAM problem within a
probabilistic framework can be categorized into two main approaches: filtering and smoothing [46-48|.
Filtering approaches update the pose and map estimates recursively as a new measurement becomes avail-
able, with the most popular algorithms based on Extended Kalman Filters (EKF) and Particle Filters (PF).
Smoothing approaches, also referred to as GraphSLAM, estimate a sequence of poses instead of just the

current pose in a batch-processing approach [48].

With the increasing need for accurate indoor positioning algorithms up to the room or suite level using smart-
phones, tracking of pedestrian motion trajectories inside buildings has been presented in recent studies as a
novel approach to improve indoor localization accuracy. In our recent work, we proposed using users’ mo-
tion trajectories to detect the user’s current position within a building (in terms of a room) through trajectory
similarity measures [|62]], and Neural Networks [61]]. In this work, we propose using pedestrian GraphSLAM

based on smartphone sensors as a new approach for tracking mobile users’ movement trajectories.

Although robotics GraphSLAM is a well-established research area, pedestrian GraphSLAM using only

smartphone sensors faces its own distinct set of challenges:

1. The available sensors for pedestrian movement tracking using a smartphone are limited as compared
to robots. Smartphones mainly use accelerometers, gyroscopes and magnetometers for Pedestrian
Dead Reckoning (PDR) [116]]. While accelerometers can provide relatively accurate estimates for
step detection and estimation, heading estimation suffers from drift errors which result in trajectory

rotation.

2. In order to detect the most probable movement trajectory, GraphSLAM usually exploits known as-
sumptions of sensor measurement error distributions (mostly Gaussian distributed around the true
values) [[117]], which does not hold for pedestrian heading measurements due to drift errors. Foot-

mounted sensors provide higher sensitivity for detecting stationarity within pedestrians step cycles,
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and hence overcome drift errors by applying Zero Velocity Updates (ZUPTs) as discussed in more
detail in Section @ However, for the less accurate and farther from the foot smartphone sensors,

techniques still need to be developed to estimate heading direction measurement error distribution.

3. The infinite possibilities of smartphones’ position and orientation, versus mounted sensors with struc-

tured positions, introduces even more ambiguities in heading estimation.

4. The variety of sensors in robotics-based SLAM allows for the automatic integration of loop closures
and landmarks into the SLAM problem, usually through image processing and/or range measure-
ments. However, using smartphones, novel methods for detecting loop closures and/or landmarks

need to be developed, especially if detection without user interaction is required.

Few algorithms have considered the problem of pedestrian GraphSLAM using smartphones. In [[118] and
[[119]], pedestrian GraphSLAM algorithms were proposed utilizing Radio-Frequency Identification (RFID)
nodes as landmarks in the former and combining WiFi Received Signal Strength (RSS) measurements with
PDR in the latter. However, both algorithms used wearable devices that provide high accuracy measure-
ments, avoiding the challenges associated with smartphones. On the other hand, other smartphones-based
pedestrian SLAM algorithms have been presented, such as in [1204123|], based on filtering approaches
which usually require high computational capabilities to process the low-quality smartphone sensor mea-

surements.

Smartphones-based GraphSLAM has been presented in [50L124H126]], where each proposed algorithm tried
to overcome challenges (1)-(4) in different ways. In [[124]], a GraphSALM algorithm was proposed com-
bining measurements from smartphone inertial sensors, WiFi, Bluetooth, LTE and Magnetic signals. The
algorithm used QR codes and Near Field Communication (NFC) tags, in addition to GPS position fixes if
available, as landmarks, and implemented PDR trajectory calibration based on landmarks to address the
smartphone sensor challenges while maintaining the smartphone fixed inside a user’s pocket. In [125]], a 3D
GraphSLAM algorithm was proposed for multi-floor localization in which measurements from the smart-
phone barometer were combined with accelerometer and gyroscope to classify a user’s activity (walking,
going up- or downstairs, going up or down through elevators) with different phone poses. The locations of
detected stairs and elevators were used as landmarks. In [126[], Gao and Harle proposed using sequences
of Magnetic measurements as landmarks within a GraphSLAM algorithm based on smartphone PDR for
indoor signal surveying. They also implemented a line filter to identify likely straight-line segments within
the users’ estimated PDR trajectories. A more efficient implementation of this algorithm was presented
in [[127]]. Another smartphones-based GraphSLAM algorithm for signal surveying was proposed in [S0] in
which WiFi signal strengths received at certain locations are considered as virtual landmarks while holding

the phone in a front position.

In this chapter we present a novel approach to overcome the drift in movement heading measurement error
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and maintain a Gaussian error model for use in the GraphSLAM algorithm using smartphones [challenges
(1) and (2)] with minimal dependency on loop closures and landmarks [challenge (4)]. The proposed algo-
rithm is mainly different than the aforementioned ones in that: (1) it presents very good results with only
one loop closure at the start and end points, which makes it practical for buildings without pre-existing
infrastructure (NFC tags, WiFi APs, etc...). The single loop closure can be labeled by the user. (2) The
algorithm calibrates heading measurements independently of landmarks. Other algorithms, except the one
presented in [[126], depend on landmarks and loop closures to overcome the drift in heading measurements,
i.e. their performance is dependent on the abundance of landmarks. (3) The algorithm maintains the least
squares error minimization as the underlying optimization technique for GraphSLAM, which can be solved

very efficiently with minimal processing time.

The proposed approach is based on the following assumptions: (1) most building structures are rectangular,
hallways and rooms are parallel and/or perpendicular, hence pedestrians’ overall heading transitions inside
buildings can be approximated as multiples of 7/2, and (2) given the range of pedestrian position change
per one step versus the regular sizes of rooms within buildings, the heading change per step can be quantized
into 1 of 4 main directions, or 1 of 8 if more detail is preferred. The loss of smaller changes in angles (less

than 7/4) can be tolerated as they will have minimal effect on the user’s location at the room level.

For challenge (3), studies investigating the effects of common smartphone placements on sensor measure-
ments and movement tracking were presented in [[128H130]]. This challenge is out of the scope of this work.
Throughout experiments, we assume that the pedestrian is holding the phone in front of him/her in a tilted
position towards the direction of his/her movement. Other phone positions can also be tolerated as long as
the phone remains in the same position during the user’s movement. As for challenge (4), at least a single
loop closure is considered throughout this work: the pedestrian will return to the same starting point. Some
experiments included landmark positions, assumed to be known either through user input or through phys-
ical proximity to a fixed wireless-enabled device, such as a Bluetooth enabled printer in an office building.

Consideration of additional loop closures and landmarks will be presented in future work.

In Section 4.2} we introduce PDR measurement models for smartphones, and propose a new algorithm for
heading estimation calibration to overcome drift error. In Section we propose a new heading-detection
pre-processing stage for GraphSLAM. In Section|4.4] details about data collection and implementation of the
proposed GraphSLLAM are presented along with measured performance. Finally, conclusions and suggested

future works are discussed in Section [4.3]
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Figure 4.1: Z-axis acceleration signal for a 15 s straight walk and a sampling rate F; = 100 Hz,
after rotation and removing earth’s gravity component, acquired from an iPhone 7.

4.2 Smartphones-based PDR

Dead-Reckoning (DR) is a relative position estimation technique. Instead of estimating a user’s absolute
location, DR estimates the displacement from a known starting point through Inertial Navigation Systems
(INS). In 2D Pedestrian Dead-Reckoning (PDR), the displacement estimates usually include the changes in
the x- and y-coordinates, or the pedestrian’s step (or stride) length and the change in heading direction which
is a special category of Inertial Measurement Units (IMUs) referred to as Step-and-Heading Systems (SHS)
[116,/131,/132]]. General IMUs use tri-axial accelerometers and gyroscopes for position and orientation
estimation through a triple integration: double integration of the accelerometer measurements estimates
the position change and integration of the gyroscope’s angular velocity measurements estimates orientation
[116]]. This causes drift errors in position estimates that grow cubically in time. To regulate the drift errors, a
common approach is to introduce absolute measurements into the system to close the integration loop. This
has been done through the incorporation of measurements from other sensors, such as Magnetometers, or

through applying Zero Velocity Updates (ZUPTs) and Zero Angular Rate Updates (ZARU) in foot-mounted

sensors [133]].

SHS provide an alternative to estimating the 2D displacement avoiding the triple integration. SHS provide

algorithms for step detection and estimation directly from accelerometer measurements, thus avoiding the
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[L]].

double integrals required for displacement estimation, and resulting in linearly growing drift errors instead.
SHS systems involve two main functions: (1) step detection and step length estimation, and (2) heading
direction estimation. These functions can be performed efficiently on most of the recent off-the-shelf smart-

phones that contain accelerometers, gyroscopes and magnetometers.

4.2.1 Step Detection and Estimation

For step detection and step length estimation, the repetitive nature of human walking (or running) generates
periodic patterns in the accelerometer measurements, most strongly in the vertical axis direction. Peaks in
the vertical acceleration correspond to individual steps [134]. The signals acquired from the smartphone
accelerometer are processed as presented in [45]: (1) acceleration signals in the x-, y- and z-direction are
rotated through a rotation matrix based on the acquired {yaw, pitch, roll} angles to obtain the acceleration
component in the true vertical axis (referred to as z-axis hereafter), (2) the earth’s gravity acceleration
component is removed from the z-axis acceleration, and (3) the signal is passed through a Low Pass Filter
(LPF) to reduce random noise. Fig. .1 shows an example of the z-axis acceleration after processing using
an iPhone 7. A moving average filter is used with window size w of 15 samples. Each peak corresponds to

a step event.
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Next, the step length [, is estimated from the z-axis acceleration data at each time instant {5 where a step
event was detected, £ = {0,1,2,..., K}. If a step event is not detected for a specific time duration, the
user will be considered at a stop. Step length varies up to +£40% between different pedestrians, mainly
because of height differences at a given walking speed [[135]]. In addition, a pedestrian’s own step-length can
vary up to +50% according to walking speed, thus the need for accurate step-length estimation techniques.
Several SHS systems suggested different algorithms, based on: the 4" root of peak-to-peak acceleration
[451/135]], the 37 root of average acceleration [1], average-to-peak acceleration [[136], step frequency [[130],

and average speed [137].

In this work, experiments were conducted with different users applying each of the step length estimation
algorithms mentioned above. The objective was to determine the algorithm that minimized the error in step
length estimation, and at the same time maintained a Gaussian error distribution. The algorithms presented in
Kim [1]] and Scarlet [136] provided the best results. Fig. 4.2]shows an example of the step length estimation
error using Kim [/1]] for a true step length of 0.68 m. This error can be modeled as Gaussian, ¢, ~ N{0, 012},
and o; ~ 0.012 m. To further test for normality, the kurtosis and skewness tests were performed [[138]].
Both values (kurtosis = 0.17 and skewness = -0.23) are accepted to represent a normal distribution with 95%

confidence.

4.2.2 Heading Direction Estimation

After step detection and step length estimation, the heading direction is estimated. Smartphones can usually
provide heading measurements through both magnetometers and gyroscopes [[116,/139]. Magnetometers
provide absolute headings (angle relative to earth’s magnetic north), while gyroscopes provide a set of
{yaw, pitch, roll} angles relative to the phone’s axes. Some heading estimation algorithms, such as in [45],

propose combining measurements from both.

However, magnetometer measurements inside buildings are greatly impacted by the presence of magnetic
materials, such as electronic devices, mechanical and electronic infrastructures and different building ma-
terials [[140]. There is usually a magnetic offset that is a function of a given location [141]]. Measurements
in [[141] showed a magnetic field offset of up to +15° in 90% of the locations inside the test building, some-
times going as high as 30°. Through our measurements using an iPhone 7 inside our office building, there
was a magnetic offset of up to £30°. Thus, for heading direction estimation we followed the approach pre-
sented in [45] where the magnetometer measurements were only used when they presented high correlation
with the gyroscope measurements, and only the relative changes in angle measurements were used, not the
absolute heading values. Heading values 6 are calculated between consecutive steps and relative to the

starting forward movement direction, i.e. the average heading measurements for the first recorded second is
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Figure 4.3: Heading direction estimation for a 5 min walk inside an office building from smart-
phone sensors before (blue) and after calibration every 30 s (magenta).

considered 0° heading ﬂ At each detected step time instant k, there is a step length /;, and a corresponding

heading direction 6.

An example of the resulting heading measurements, as a combination of measurements from both the mag-
netometer and gyroscope for a 5-minute walk is shown in Fig. [#.3] [blue dots]. The figure shows how the
linear drift causes an increasing (or decreasing) average of heading measurements even for constant true
heading direction. Fig. {.4] (left side) shows the effect of the drift error on the heading direction estimation
for the same walk by clustering the estimated heading measurements. The true heading values which are
multiples of {0, 7/2, —m /2, 7} are rotated as shown in the detected cluster centers. This results in rotated
PDR trajectories as shown in the example in Fig. f.6b. In addition, modeling the heading measurement

error as Gaussian with the true value as the mean is not possible with the drift error.

To overcome the linear drift in heading measurements, we propose a calibration approach for heading mea-
surements inside rectangular architecture buildings. Through inspection of heading direction transitions,
as in Fig. [4.3] and the fact that a high percentage of building architectures adhere to the same rectangular
shapes (a part of an academic building floor plan is presented in Fig. f.6] and [4.7), heading measurements
with minimal changes over n successive steps, representing forward movement, can be modeled as multi-

ples of /2. Accordingly, a calibration approach is proposed where the heading measurements are calibrated

I'The heading angle in this work is measured clockwise starting from the direction of movement, i.e. going straight
means a heading angle of 0°, while turning to the right means a heading angle of 90°.
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Figure 4.4: Clusters of Heading Direction estimation before and after calibration every 30 s for a
5 min walk.

every W seconds by snapping to the closest multiple of 7w/2. The algorithm is presented as Algorithm
For a window size of W = 30 s, and a number of successive steps n = 5, calibrated heading measure-
ments are shown in Fig. [4.3] for the same 5 min walk [magenta crosses]. Fig. [4.4] (right side) shows the
effect of calibration on the heading direction estimated angles, where the measurements are now centered
around the values of {0, 7/2,—m/2,7}. The calibration results in an error distribution around values of
{0,7/2,—7/2, 7} that can be reasonably modeled as Gaussian as will be discussed in more detail in the
following section. The values of kurtosis (0.63) and skewness (-0.32) pass the normality test, although they
indicate more mean-concentrated values and left skewness which is expected as the drift error is reduced but

not eliminated.

4.3 Pedestrian GraphSLAM using Smartphones-based PDR

GraphSLAM algorithms are based on modeling the spatial structure of the user’s position measurements and
the building landmarks (if any existed) in a graph format, followed by an optimization technique to detect
the most probable sequence of positions under some constraints [48]]. In this work, at each time instant ¢, a

user’s position vector p;, is defined as:

Tk Th_1 lgsin(f)
= = + “4.1)
P [ Yk ] [ Yk—1 ] [ Ikcos(0y) ]
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Algorithm 1 Basic Heading Calibration Algorithm
Input
0.k vector of heading measurements
po = {0,7/2, —m /2, w} calibrated heading directions
Output 6;.x calibrated heading measurements

1: noFrames = [£]

2: for ¢ = 2 to noFrames do

3: Fi 1 = 0i—ywir:-yw > Previous Frame
4: > Check direction of movement of last n steps

5: if abs(diff(F;_;(end — (n — 1) : end))) < 0.2 then
6: p =mean(F;_i(end — (n — 1) : end))

7: > find closest heading calibration

8: fy = argmin(p — fug)

9: > Update next frames based on calibration value
10: Oi—1)Wtiend = Oli—1)W1iend — My
11: end if
12: end for

where [, is the estimated step length, and 6}, is the estimated heading angle. Each user position p; and
map landmark position 1; of a set of landmarks £ is modeled as a node in the graph, while measurements
between the user’s positions and landmarks are presented as edges, as shown in Fig. B.5] An edge between
any two nodes models the spatial constraint relating the two nodes based on the probability distribution of

their relative transformation.

For each edge in the graph connecting two nodes, corresponding to two positions p; and p;, d;; repre-
sents the measured displacement between the two nodes using the smartphone PDR, while d;; is the true

displacement. For two successive nodes p,,_; and p,,, the displacement vector between the two nodes is

defined as:
dy lp.sin(0
di_1x = = sin(6) 4.2)
dy lkcos(0y)

The displacement error representing the spatial constraint between each two nodes is defined as:

eij(p;,p;) = dij — dij = (p; — p;) — dij, 4.3)
where p, is the true position at time instant ¢;.

The objective of GraphSLAM is to find the most probable sequence of positions p* = {p],...,pj } that
fits the PDR measurements while minimizing the displacement error over all edges. In a probabilistic
formulation, GraphSLAM is considered a Maximum Likelihood (ML) estimation problem: the objective

is to estimate the sequence of positions p* that maximize the posterior probability p(p|d), where p is
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Figure 4.5: Pose-graph presentation of SLAM problem. Blue nodes correspond to user’s positions,
pink nodes correspond to landmark positions, and edges model the spatial constraints between
nodes.

the position vector [p1, P2, ..., Pk, and d is the measurement vector which is the concatenation of all
corresponding measurement values d;;. Following a log-likelihood approach, with the assumption that
the measured displacement d;; is independent and Gaussian distributed with mean equal to the true value
Eli ; and co-variance matrix X;j, the GraphSLAM ML problem is formulated as a linear Least Squares (LS)

error minimization problem [[142]:

. . 1
p* = argmin F(p) = argmin}_, ; e;fg-Eij €ij, (4.4)
P P
L . . . . . . T
where e;; is defined as in |i and is normally distributed with zero mean and co-variance X;;, and [.]
refers to matrix transpose. The solution to the LS optimization problem in (4.4) can be reduced to solving a

set of linear equations [[143]]. The cost function in (FE[[) is represented in matrix form as:
F(p) = [Hp —d]">~ '[Hp — d] 4.5)

where H is the incidence matrix with all entries being 1, -1 or O based on the nodes’ connections. The

optimum value of p* that minimizes the function F'(p) is given by [143,/144]:
p*=H'Z'H)"'HT=d. (4.6)

Computationally efficient algorithms for calculating p* are widely available, especially with the exploitation
of the sparsity of matrix H [143]. However, the proposed LS optimization formulation is based on the
Gaussian assumption of the displacement measurements around the true values, which, as presented in

(#.2), is dependent on both step length and heading measurements models.
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In Subsection [d.2.1] the step length measurement was modeled as Gaussian, that is:
I, =1+¢, where ¢~ NA{0,07}, 4.7)

where [ is the true step length. However, in Subsection it was shown that the heading direction
measurement error was modeled as Gaussian only after calibration relative to the set {0, 7/2, —7/2,7}. In
order to define a model for the measurement displacement, we propose a heading detection pre-processing
stage for the GraphSLAM algorithm.

4.3.1 Heading detection

As discussed in Subsection the majority of heading directions inside buildings can be modeled as
multiples of 7w /2. Thus, we propose a heading detection pre-processing stage to detect the most probable true
value for every estimated heading direction after calibration 60}, ,. The heading detection stage is modeled
as a maximum likelihood detector. For the set of possible headings © = {¢1,...,¢4} = {0,7/2, —7/2, 7}
the detector chooses the heading ¢,, at each time instant k that has the highest probability of being the true

value after calibration:
Qopt = argmax{p(@kcal = d)n)} (48)
n

Assuming that the probability of moving in any of the 4 directions is equal at every step, equation (4.8))
results in a simple closest-distance detector. After detecting the optimum heading values, 0, the heading

measurement is modeled as:
0, = éopt + €9, where ey~ N{0,03}, 4.9)

where 0,1 = {0,7/2, —7/2, 7} and o ~ 0.14 according to our experiments. In other words, the algorithm
assumes that the true heading direction at any time instant k£ can only be one of the four directions in the set

O.

It’s to be noted that implementing this stage will result in losing some details about movement transitions;
i.e. any true heading value that is not in © will be rounded to the nearest value. However, experiments
showed that the effect will be minimal on the overall movement trajectory and the location of the users
at the room level. If more details about heading direction transitions need to be preserved, we suggest
including multiples of 7 /4 directions as well in the set ©. The distribution of measurements around the true
values of multiples of 7/4 was not calculated in this work. The value of oy that was calculated for heading
directions of multiples of 7m/2 was assumed to be also the standard deviation value for all other true heading

directions. The experiments proved the validity of this assumption, as explained in Section IV. Experiments
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Table 4.1: Assumed Displacement Distributions in terms of Step-length and Heading Angle Dis-
tribution Functions

Heading pdf ‘ Approximations around 0op¢ ‘ Approximation pdf ‘ Displacement pdf
Bopt = 0 \ sin(0y) ~ 0y \ fo, (0) ~ N{0,02 \ Dy ~ N0, %02
) fgy (0%) is a scaled and shifted central x? RV, Using Taylor Approx.
0x ~ N{0,02} cos(@k)zl—%k 62 ~ x*{02, 20} up, =( _%3),'
oh, = (1— %202 4 Ugi
fo,, (0%) is a scaled and shifted non-central x2 RV, Using Taylor Approx.
Gopt = % sin(@) = 1— @SB | T =10, - 5)2~x2{03 + (5)2.208 +403(5)2) | pp, = 1(1— BE),

0_2 _ (1_ H)202+ iggf
D, — 2 l 1

O ~ N{%,03} | cos(Ok) ~ —Ok + % \ fo, (k) ~ N{0,03} \ Dy ~ N{0,1%03}
) o fo., (01) is a scaled and shifted non-central X2 RV, Using Taylor Approx.
Oopt = =% Sm(%)’“*@*@) T:(0k+g)2NX2{gg+(g)2’2a§+4a§(g)2} UD, :—l(l—‘%f),_ ,
7h, = (1= 5o} + 1%
O ~N{%,03} | cos(Ok) ~ —Ok + % \ fo, (0k) ~ N{0,03} \ Dy ~ N{0,1?03}
Oopt =7 | sin(0x) ~ —O + 7 \ fo. (0k) ~ N{0,02} \ Dy ~ N{0,1%02}
, fo, (0% ) is a scaled and shifted non-central x2 RV, Using Taylor Approx.
O ~ N{m, 05} | cos(6) ~ —(1 — M) T = (0 — )2 ~ x*{02 + 72,204 + 40372} pp, =11 = £F), A
UQDy == HTT)QJ? + ZUTT

also suggested that including more possibilities for heading direction will not gain further benefit.

4.3.2 Displacement Measurement Models

Assuming independence of the step length and heading angle measurements, the probabilities of measuring
displacements d, and d,,, defined in (4.2) can be modeled as functions of two random variables /;, and
0. Assuming that the error values in the heading angle measurement are sufficiently small (6 — éopt),

appropriate approximations could be used for sin(6y) and cos(6y).

Table {4.1| presents the displacement distributions fp, (dx) and fp,(dy) after the heading detection stage.
Both are considered as the product of functions of two random variables: fp, (dz) = fr(lx)f,(0;) and
fp,(dy) = fr(lx)fo,(0k). From and , Iy ~ N{l,07}, while 0}, ~ N{opt, 3} respectively.
Functions of 6}, depend on the detected value 6,,; in the heading detection stage. Accordingly, modeling the

displacements fp, (dx) and fp,(dy) is conditioned on the value of Oopt-

The second column in Table [4.1] shows the corresponding approximations for small error values for the set
©. For cases when sin(0},) or cos(0}) can be linearly approximated around 6,p¢, fo, (0x) or fg, (0) can be
directly modeled as Gaussian, and the resulting displacement d, or d, can also be modeled as Gaussian as

presented in [[145]. On the other hand, when the approximation for sin(6y) or cos(6y) are 2"?-order , fy_ (6})
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or fg,(0y) are scaled and shifted central (or non-central) x? distributions. The resulting displacement d,,
or d, are the product of a Gaussian and a x2- random variable which cannot be approximated in closed
form expressions [[146]. In this case, Taylor series approximations were used to estimate the moments of the
resulting distributions as in [[147]]. The last column in Table [4.1] presents the approximated distributions for
the displacements d,. or d,, based on the heading values after detection ,,;, which are used in implementing
the GraphSLAM algorithm as discussed in and (4.6).

4.4 Experiments and Results

Several experiments were conducted within an academic building on our campus for different users using
an iPhone 7. Different users participated in the experiments, males and females, with heights in the range
1.6 — 1.9 m. Users walked using different trajectories within the building ranging from 12 s for a 15 m
walk, to 5 minutes for a 400 m walk. Users held their phones in a tilted front position. An iPhone app [148]]
was used to collect measurements from the accelerometer, gyroscope and magnetometer as the user was

walking, save the data and upload to an online server. The algorithms were implemented offline on Matlab.

Two examples of a 150 s and a 300 s walk are presented in Fig. and 4.7 respectively. In order to present
the benefit of the proposed GraphSLAM algorithm, trajectories resulting from implementing different algo-
rithms are shown. In Fig. {.6{(a) and[4.7](a), the true movement trajectories are shown. Trajectories resulting
from implementing PDR only without and with heading calibration are presented in Fig. 4.6(b) and 4.7(b)
as the red and green lines respectively. PDR without heading calibration suffers greatly from heading rota-
tion as shown in the figures. Although heading calibration reduces the heading direction rotation, still the

trajectory is far from the true one.

Fig. {.6(c) and 4.7(c) show the resulting trajectory after applying heading calibration, heading detection
pre-processing stage (including multiples of 7/2 and 7/4 heading directions) and finally the GraphSLAM
optimization. The start and end positions were included as virtual nodes to constrain the optimization
problem. As shown, the proposed algorithm greatly enhances the resulting trajectory, closely following the
true one. Further improvement due to landmarks placed at different parts of the building are shown in Fig.
[.6(d) and 4.7(d), also included as virtual nodes in the optimization problem. The positions of landmarks
were selected at the building entrances to simulate a more practical scenario where the details of the floor-

plan are not known in advance.
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Figure 4.6: Movement trajectories for a user inside a part of an academic building. Duration: 2.5
mins. Total length ~ 200 meters. (a) True trajectory, (b) PDR-based trajectories without (red)
and with (green) heading calibration, (c) GraphSLAM trajectory with both heading calibration and
pre-processing heading detection, and end point as a loop closure, and (d) GraphSLAM with loop
closure and one additional landmark.
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Figure 4.7: Movement trajectories for a user inside a part of an academic building. Duration: 5
mins. Total length =~ 390 meters. (a) True trajectory, (b) PDR-based trajectories without (red)
and with (green) heading calibration, (c) GraphSLAM trajectory with both heading calibration and
pre-processing heading detection, and end point as a loop closure, and (d) GraphSLAM with loop
closure and additional landmarks.
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4.4.1 GraphSLAM Performance Evaluation

In order to provide a quantitative performance evaluation, ground truths for experiment trajectories were
generated manually based on previous knowledge of the floor plan, as presented in Fig. 4.6(a) and .7|(a),
with an estimated average error of < 0.5 m between the true trajectory and the generated one. Two common
trajectory similarity measures were implemented to evaluate the performance of the different algorithms
[62]:

e Dynamic Time Warping (DTW): DTW calculates the cumulative sum of a distance measure between
corresponding positions in two trajectories over a warping window [[149]]. The distance measure was

chosen as the Euclidean distance.

e Longest Common Sub-Sequence (LCSS): LCSS measures the similarity between two trajectories by
matching the common sequences in both the trajectories. The algorithm considers points in different
trajectories a match if the distance between the two points is less than a threshold 7 within a window
[150].

Table [4.2] presents both DTW and LCSS measures for 4 different trajectories within the same building, re-
sulting from implementing the four different algorithms: PDR, PDR with heading measurement calibration,
GraphSLAM with heading direction calibration and heading detection, and GraphSLAM with the addition
of landmarks. The cumulative sum resulting from DTW is averaged over the number of estimated posi-
tion points in each trajectory, resulting in an average error per position in meters. LCSS is calculated for
7 = {1,2}m, and presented as the percentage of estimated positions that lie within 7 meters of the corre-

sponding true positions.

From Table it’s shown that: (1) performance is variable depending on the trajectory length and the
positions of the landmarks. However, implementing GraphSLAM with heading calibration and detection
always improves the estimated trajectories compared to both cases of PDR. The average error per position
improves by 66% — 85%, while the percentage of estimated positions within 2 meters of the true positions
increases by 23.4% in shorter trajectories to 63.2% in longer ones. (2) The addition of landmarks into the
optimization problem usually results in improved performance, but it’s situation dependent. For Traj. 2,
adding a landmark results in overall smaller average error per position, although it results in fewer estimated
positions within 1 m of the true values; i.e. the landmark provided better constraints for farther points
but simultaneously shifted away some of the closer estimated positions. This confirms that implementing
GraphSLAM with only known starting and ending positions is capable of greatly enhancing the accuracy of

estimated trajectories within unknown buildings.
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Table 4.2: Trajectory Similarity Measures for Performance Evaluation of GraphSLAM Proposed
Algorithm

H H PDR ‘ PDR GraphSLAM ‘ GraphSLAM
with heading calibration with landmarks
| Traj. 1 [ DTW (Average error/position) [| 3.22m | 141 m |  042m | 029m |
\ 117m || LCSS (Estimated Positions% within2m) || 44% | 58.1% | 929% | 929% |
| 107s || LCSS (Estimated Positions% within 1 m) || 30.4% | 43.5% |  91.3% |  91.8% |
| Traj. 2 [ DTW (Average error/position) || 1.92m | 1.8m | 0.6 m | 0.55m |
| 180m || LCSS (Estimated Positions% within 2m) || 53.6% | 66.6% | 90% | 90% \
| 169s || LCSS (Estimated Positions% within 1 m) || 36.4% | 22.3% |  88.6% | 82.8% \
‘ Traj. 3 (Fig. 4.6) H DTW (Average error/position) H 447 m ‘ 4.64 m ‘ 0.71 m ‘ 0.59 m ‘
| 200m || LCSS (Estimated Positions% within 2 m) || 36.8% | 35.7% |  98.9% | 100% |
| 151s || LCSS (Estimated Positions% within 1 m) || 19.9% | 25.3% |  852% | 97.5% \
| Traj. 4 (Fig. 47) || DTW (Average error/position) || 11.6m | 8.99 m |  176m | 0.55 m \
| 392m || LCSS (Estimated Positions% within 2m) || 24.6% | 24.4% | 717% | 99.3% \
\ 301s || LCSS (Estimated Positions% within 1 m) || 15% | 17.4% | 241% | 972% |

4.4.2 Using Trajectories for Improving Localization

Movement trajectories resulting from applying the proposed GraphSLAM approach create topological maps
of unknown building floor plans. Topological maps use graphs to present possibilities of navigation through
the environment [151f]. The created maps can be used to improve indoor localization for the user, and
any other future users moving inside the building, through trajectory matching approaches. Smartphones
detecting and storing their movement trajectories for specific time durations can use trajectory matching
techniques to estimate their most recent positions with much higher accuracy. Trajectory matching can be
performed through iterative snapping approaches presented in [[152H154]] or through trajectory similarity
measures which have been discussed in our previous work [|62]]. Fig. shows two examples of trajectory
matching for different users for trajectories of duration ~ 30 s through the implementation of DTW sim-
ilarity measure as discussed in [62]]. Red lines are 30 sec trajectories detected through PDR with heading
calibration. Black lines are the matched segments. By successfully matching trajectories to the topological

map, the average localization error will depend on the performance of the GraphSLAM algorithm.

4.5 Conclusions

In this work, we presented a new algorithm for pedestrian GraphSLAM using smartphones-based PDR

measurements and evaluated the algorithm using experimental data captured on an iPhone 7. Smartphones-
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Figure 4.8: Two examples of matching movement trajectories to building topological maps.

based PDR measurements suffer greatly from the linear error drift in heading direction estimation. To
overcome this type of error, we proposed a new approach, exploiting the fact that most buildings have
rectangular architectures. We proposed a heading calibration algorithm to reset the drift error, in addition
to a pre-processing stage for GraphSLAM that includes maximum likelihood detection for the heading
direction. Implementing the new approach resulted in movement trajectories that overcame the trajectory
rotation problem, and closely matched the true ones (typically within 1m of accuracy). The trajectories
resulting from the proposed GraphSLAM algorithm create topological building maps that can be used for

indoor localization through trajectory matching or snapping techniques.



Chapter 5

Multiple-User Collaboration for Pedestrian
Indoor GraphSLAM using BLE

Pedestrian GraphSLAM is a new approach to the indoor localization and mapping problem. With the ad-
vancements in smartphone technology, pedestrian SLAM has transitioned towards utilizing smartphones’
integrated sensors through Pedestrian Dead-Reckoning (PDR) techniques. However, the performance of
SLAM systems greatly depends on the ability to detect loop closures and/or landmarks in the environment
that are used to constrain the trajectory estimation problem. While in robotic SLAM systems, efficient
loop closures and landmark detection techniques have been established through data association techniques
(especially with the use of visual sensors and range scanners), the problem in pedestrian SLAM is very
challenging. In this chapter, we present a novel approach for a collaborative pedestrian GraphSLAM sys-
tem using Bluetooth Low Energy (BLE) detection between smartphones as a means to add constraints to
the SLAM problem without the need for loop closures or landmark detection. The main contributions of
this chapter are (1) analysis of the BLE Received Signal Strength (RSS) between smartphones with vari-
able distances to determine its viability as a proximity detector, and (2) development of a new collaborative
GraphSLAM framework as a jointly constrained optimization problem based on the BLE RSS between
smartphones. Experiments were conducted using iPhone 7 devices within an academic building. The pro-
posed collaborative technique was able to provide alternative constraints to the GraphSLAM optimization

problem and provide accurate estimates for indoor users’ locations and movement trajectories.

59
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5.1 Introduction

The Simultaneous Localization and Mapping (SLAM) problem is defined as the construction of a consistent
map of a user’s previously unknown surrounding environment while simultaneously estimating the user’s
current position within the map. It has been a heavily researched field in the robotics community for more
than 3 decades [46]. The problem involves the operation of a robot with multiple sensors (specially cameras
and laser scanners) within an unknown environment, where the robot performs multiple functions: position
estimation, identifying environment landmarks, data association, map creation, and position and map up-
dates. The popularity of robotics SLAM is due to its various applications in exploring environments where
it would not be possible or safe for humans to be, for example: planetary rovers, robots developed for map-
ping/detecting landmines and for military purposes. For more information about robotics SLAM, readers
are referred to [46,47,(113]].

The keywords for GraphSLAM are loop closure and landmark. Loop closure is the ability of the user
to identify previously visited places, while landmarks are fixed-positions within the environment [49].
Loop closures and landmarks provide constraints to the GraphSLAM optimization problem. More loop
closures/landmarks in the environment result in more constraints to the measurement error minimization

problem which leads to improved trajectory tracking performance.

However, detecting loop closures and landmarks using smartphone sensors is not trivial. While for robots,
images and range measurements processing techniques are used for data association and loop closure/landmark
detection, this is not the case for smartphone users. Autonomous landmarks for smartphone users are mainly
based on fixed wireless transmission points, for example WiFi APs [50]], Bluetooth beacons [51]] and RFID
detectors [52], assuming pre-existing installations in the building. Other techniques for smartphone land-
mark detection suggest the detection and classification of user activities as landmarks, such as movement

through stairs and elevators, which requires additional complex intelligent algorithms [53]].

In this chapter we present a novel technique for indoor pedestrian GraphSLLAM based on Bluetooth Low
Energy (BLE) technology as an alternative to the need for loop closures and landmark detection. BLE
Received Signal Strength (RSS) measurements are used within a novel approach to provide distance con-
straints between collaborating smartphones within close proximity. A BLE advertise and scan application
for iPhone devices was developed to collect BLE RSS measurements from participating smartphones. Map-
ping the maximum received RSS to an upper-bound on the distance between two smartphones allows the
formulation of the GraphSLAM problem as a constrained optimization problem whose solution provides

high accuracy estimates for users’ movement trajectories without loop closures and landmark detection.
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5.2 Bluetooth Low Energy (BLE)

Bluetooth is a wireless standard for short range, low power and low-cost communication systems [155].
Since releasing its first version in 1999, Bluetooth 1.0, Bluetooth has become an essential embedded com-
ponent in billions of devices around the world, starting with mobile phones, and extending to thousands
of other Bluetooth enabled devices and appliances. In 2014, the Bluetooth Special Interest Group (SIG)
announced that Bluetooth achieves 90% penetration in all mobile phones [156]. Most smartphones in the

market today are enabled with Bluetooth 4 (more recently Bluetooth 4.2).

Bluetooth Low Energy (BLE) is a new mode of operation introduced into the Bluetooth standard in version
4, in addition to the Bluetooth Basic Rate/Enhanced Data Rate (BR/EDR) mode [157]. It is designed as
a complementary technology to classic Bluetooth, optimized for short burst data transmission with very
low power operation. The short burst-low power transmission mode introduced a new application for BLE-
enabled devices, which is broadcast. BLE-enabled devices can advertise their presence: devices can period-
ically transmit their identity and a small amount of information. In addition, they can scan for other devices
that are broadcasting within their vicinity. Utilizing the advertise and scan modes, BLE-enabled smart-
phones can detect the presence of other BLE-enabled devices within their vicinity, which is often referred

to as proximity detection.

BLE operates in the 2.4 GHz band, using 40 channels with 2 MHz spacing, spanning the same bands used
by WiFi. Out of the 40 channels, 3 are used for advertising, carefully positioned to minimize interference
with common WiFi deployments [51]]. The channels are labeled 37, 38 and 39, and operate at frequencies
2402 MHz, 2426 MHz and 2480 MHz, respectively.

5.2.1 Bluetooth for Indoor Localization

With Bluetooth modules embedded in almost every mobile phone in the market, there have been several
proposed Bluetooth-based indoor positioning systems, such as [51,/158H163]]. The underlying approaches
for these proposals included: (1) range estimation and triangulation techniques, and (2) fingerprinting tech-
niques. Range estimation techniques estimate the distance between the Bluetooth-enabled mobile device
and multiple Base-Stations (BSs) within the environment and then combine the range measurements us-
ing triangulation [[158},[162]]. Most of the range estimation techniques depend on the relation between the

Received Signal Strength (RSS)E]and the associated distance for distance estimation, although Bluetooth pa-

'RSSI was an indicator that denotes whether the received power level is within a certain range in earlier Bluetooth
releases and required an active connection to acquire. Starting in Bluetooth 2.1, RSSI was redefined such that it was
not related to a certain power level anymore and that the RSS could be reported in dBm without the need for an
established connection [|164].
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rameters other than RSS have been suggested also for range estimation, such as presented in [[161]]). On the
other hand, fingerprinting techniques collect RSS measurements from multiple BSs in predefined positions
within the environment in an off-line surveying stage, and then use the resulting RF map to find the closest
match to the current position during the operating stage [159]]. In order to estimate the distances between
Bluetooth-enabled devices and BSs, several systems developed appropriate models for indoor Bluetooth

signal propagation through measurements [[158L/160L/162.|163].

Some challenges that the earlier proposed systems for Bluetooth-based indoor localization faced were re-
solved as newer versions of Bluetooth were released, for example: the requirement for an active Bluetooth
connection in order to acquire the parameters required for range measurements was not necessary anymore
starting in Bluetooth 2.1. However, the two main challenges for indoor positioning based on Bluetooth,
which are still widely investigated, are: (1) the wide fluctuations of signal propagation in indoor areas
mainly due to multipath interference which makes developing appropriate signal propagation models very

complex, and at the same time leads to (2) high variations in RSS values measured at a given distance.

In addition, for new BLE deployments, BLE advertisements are broadcast on the three advertisement chan-
nels within a very fast cycle. The BLE-enabled receiver device scans for advertisements within a cycle of
the three channels. For most of the receiver devices, received broadcast messages do not include information
about which channel the transmitter used for broadcasting. This leads to even more variations in the RSS
values received at a given distance from the same device, as the RSS values detected at each channel would
be different due to their different frequency responses. The work by Faragher and Harle in [51]] presented a
comprehensive study of received BLE RSS using an iPhone 7 for both static and moving devices. For static
devices, they confirmed variations in the RSS received from a BLE beacon of up £5dBm on a single adver-
tisement channel at a constant distance of 3m, while the RSS mean values on the 3 channels had +=2dBm
difference. While for dynamic scenarios, multipath fading was evident where 30dB drops in power were

recorded for movements just across 10cm.

In this work, we present a novel approach to include BLE RSS measurements within a collaborative Graph-
SLAM framework. Instead of using RSS values to estimate an absolute distance, the new collaborative algo-
rithm proposes using received RSS parameter values between two BLE-enabled smartphones as a constraint
for the GraphSLAM optimization problem. The following subsection presents BLE RSS measurements be-
tween two iPhone 7 devices, collected by a BLE scanning application developed specifically for this study.

In the next section, we present the joint GraphSLLAM optimization problem.
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Figure 5.1: Histogram of RSS measurements received at two static BLE-enabled iPhone 7 devices
at distances of 1-3m.

5.2.2 BLE RSS measurements

In order to model the RSS parameter values received at BLE-enabled smartphones, an application for BLE
advertising and scanning was developed for iOS systems using SWIFT 4 in the Xcode Apple development
environment. The application sets the iOS device to operate in both modes simultaneously: advertise and
scan. The device broadcasts an advertisement message with a known ID so that another iOS device using the
same application can detect its presence. One method for setting a unique ID for the device can be through
setting a unique 128-bit universally unique identifier for the device called UUID. At the same time, the ap-
plication scans for advertisement messages from BLE-enabled devices within its vicinity. When a message
is detected, the application extracts from the advertisement message the unique UUID and namekey, along
with RSS value and saves this data with the corresponding timestamp. More details about iOS development

for BLE can be found on the Apple developers website [|165]].

The BLE advertising and scanning application was used to run a number of experiments to model the RSS
measurements between two iPhone 7 devices. First, the RSS measurements between two static devices
at pre-defined distances were collected. At every LOS distance of 1-3 m, RSS values were recorded for
a 2-minute duration at different times of day inside a building corridor. Histograms of the recorded RSS
values, combined from both phones, are shown in Fig. [5.I] RSS varies greatly at the same distance due to

multipath fading and different frequency responses for the 3 advertisement channels. In addition, another set
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Figure 5.2: RSS in dBm received at a BLE-enabled iPhone 7 from a similar device walking towards
each other and crossing paths twice within a ~ 4 minutes walk.

of experiments was conducted where the RSS measurements received at the 2 smartphones were collected
and recorded as the two users holding the phones were moving towards each other in opposing directions.
Fig. [5.2) shows an example of RSS received at one smartphone as a result of detecting the advertisement
signal from the other phone while the two users are walking inside the building and crossing paths two
times. RSS is maximum when the devices are at their closest proximity. Both Fig. [5.1]and [5.2]demonstrate

how RSS varies greatly for a given distance.

Based on the measurements from the series of experiments, we propose a new approach for extracting
distance information between BLE-enabled devices: instead of estimating an absolute value for the distance
between the two devices, we use the measurements to extract constraint information at specific time instants.
We propose a new approach for extracting distance constraints based on the following assumptions: (1) a
RSS value from a device greater than a certain threshold 7rgs can be used to assume that the distance
between the two devices is less than a certain value d,,,, and (2) detecting a peak in a sequence of RSS
values at a time instant ¢;, where the peak is greater than 7rgg, implies that the distance between the two
devices is minimal at that time instant. Based on our measurements, we adopted the following algorithm:
detecting a peak in the sequence of RSS values where the maximum RSS value is greater than -55dB at
i implies that the distance between the two devices is less than 1m at £;. The assumption was validated
through several experiments. Utilizing the distance constraints in the GraphSLAM problem provides an

alternative to the constraints obtained through loop closures and landmarks within the environment.
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5.3 Collaborative GraphSLAM using BLE

GraphSLAM is a probabilistic framework for the SLAM problem in which the problem is formulated in a
pose-graph representation. Details about formulating the GraphSLAM problem for a single smartphone user
were presented in Section4.3] In this chapter, we extend the GraphSLAM problem into a joint optimization

problem with distance constraints obtained from the BLE measurements between the cooperating users.

5.3.1 System Model

The proposed collaborative GraphSLLAM algorithm assumes the presence of more than one user within the
same building, as well as a Fusion Center (FC) where the measurements from the cooperating smartphones
are combined. The FC is a general term referring to a centralized entity that collects measurements from
the smartphones and performs the joint optimization problem. For example, the FC could be a local server
within the building, or a remote server collecting data through a smartphone application. Each smartphone
runs two simultaneous sensing processes for collecting measurements from: (1) PDR sensors (accelerom-
eter, gyroscope, and magnetometer) for position estimation and (2) BLE sensor (advertising and scanning)
for relative distance estimation to other users through RSS measurements. In the following analysis, we

present the case for two users. The proposed system can be directly extended to more than two users.

Each smartphone collects a sequence of measurements from its sensors over a time duration where the user

holding the phone is walking inside the building. Each smartphone performs the following operations:

e Based on the accelerometer measurements, the smartphone performs step detection and step length

estimation as explained in detail in Subsection[4.2.1]

e Based on the measurements from the gyroscope and magnetometer, the smartphone performs heading

angle estimation and calibration as discussed in detail in Subsection |4.2.2

e Based on the estimates of the step length and the heading angle, each smartphone can generate a
user’s position vector using the PDR principle: p; = {p;1,P12,---,P1 x} for user 1 and p, =
{P2,1,P2,2; s Po v} for user 2 as in (4.1). Position vectors are not of the same length by default,
K # N.

e Simultaneously, each smartphone uses the BLE advertising and scanning application to advertise its
own information as well as scan for other collaborating smartphones within its vicinity based on
their unique IDs. The BLE application generates a vector of RSS measurements with corresponding

timestamps.
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Figure 5.3: Pose-Graph representation of the collaborative GraphSLAM problem using BLE mea-
surements.

e Each smartphone shares its position vector and its BLE RSS vector with the FC. The FC performs
a joint GraphSLAM optimization based on measurements from the individual smartphones, as ex-

plained in the following subsection.

5.3.2 Joint GraphSLAM Optimization

Combining both estimated position and BLE RSS measurements from both smartphones results in a joint
GraphSLAM constrained optimization problem. The FC formulates the joint optimization problem based

on the position vectors p; and p, and the BLE RSS vector.

For each position vector p; and p,, displacement measurement vectors d; and dy are generated as in[4.2] as
well as a concatenated measurement vector d = [d7 d3]7. Measurement errors representing the difference
between the true and the measured displacements for each user u, defined in (.3)) which is repeated here,

are determined as:

-~

€u,ij (pu,ia pu,j) = du,l] - du,z] = (f’uﬂ - f’u,]) - du,ij, (5.1)

where p,, ; is the true position of user  at time instant ¢;. Displacement measurement errors represent the
spatial constraints between successive positions for each user. They are modeled as presented in Table {.1]

based on the analysis presented in Subsection4.3.2] Equation (5.1) can be represented in matrix form as:
e=Hp —d, 5.2)

where H is the incidence matrix with all entries being 1, -1 or 0 based on the nodes’ connections and p is

the concatenation of the true positions for both users.
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From the BLE RSS vectors, the FC extracts the time-stamps 7S = {T'S1,T'Sa, ..., TSr} where peak RSS
values are greater than 7rgg. These time-stamps are matched with time-stamps in both position vectors p;
and p, to detect the set of time instants t; = {t1 75,,t175,, .., t1,75; } and to = {ta 7s,,t2.78,, ..., t2 1SR }
in both position vectors that correspond to positions at which the smartphones were within d,,, distance
from each other. In the example shown in Fig. 5.2l R = 2, where R is the number of detected RSS
peaks greater than 7rgg. Fig. shows the joint GraphSLAM optimization problem, where p,, ; is the
position of user u at time instant ¢;, arrows present the transitions in each user’s position, dashed arrows
connect positions where the received RSS is greater than 7rgg, and the red dashed arrow connects the two
positions where the peak detected RSS is greater than 7pggs which implies minimum distance between the

two positions.

The objective of the joint GraphSLAM problem is to find the optimum sequence of positions p* that will
minimize the squared displacement error measurements presented in (5.2) under the constraint that posi-
tions corresponding to time instants t; and ty are within d,,,,, distance of corresponding points. The joint

constrained optimization problem can be formulated as:

p* = argmin F(P) = argmin [Hp — d]" X~ '[Hp — d|
P P (5.3)
s.t. ‘pl,tlyi - p27t2,i|§ dmaacv 1= TSl7TS27 ceey TSR,

where ¥ is the co-variance matrix of the displacement measurement error. The optimization constraints can

also be represented in matrix form as:

p* = argmin F(p) = argmin [Hp — d]"S~![Hp — d|
P P (5.4)
s.t. |A pTS|§ dinaz

where A in an incidence matrix, prg is the vector of positions from both users corresponding to the peak
BLE RSS values, and d,,,., is the vector of the corresponding distance constraints. The absolute distance

constraints can be expressed in linear form as:

p* = argmin F(p) = argmin [Hp — d]"S~![Hp — d|
p p
s.t. A prs < dma:r:v

—-A Prs < dmax

(5.5)

The problem in[5.5]is a constrained linear Least Squares (LS) optimization problem which is a well-defined

optimization problem and can be solved efficiently through various techniques [143.[166].

Finally, we propose extending the distance constraints to include a couple of position points around the

position points corresponding to the peak BLE RSS value. This results in an overall improvement of the
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solution to the optimization problem as it better models the distance constraint variations over time. If the
two points pq j and ps ;. are the positions of users 1 and 2 respectively at time instant ¢;, corresponding to the
peak BLE RSS value such that |p; ;, — p2 k|< dmaz. it follows that [py g1 — p2 41| is also constrained but
within a longer distance which would be equivalent to the distances traveled by both users within a single

step.

5.4 Experiments and Results

Several experiments were conducted within an academic building on our campus for different users using
two iPhone 7 devices. Different users participated in the experiments, males and females, with heights in
the range 1.6 — 1.9 m. Users walked using different trajectories within the building such that trajectories
intersected at different points. Users held their phones in a tilted front position. Both iPhone applications
were used, the one in [[148] was used to collect measurements from the accelerometer, gyroscope, and
magnetometer and our own developed BLE application was used to advertise each phone’s information
and simultaneously scan for the other phone. Each application saved the collected data with corresponding

time-stamps and uploaded to an online server. The algorithms were implemented offline using Matlab.

Two examples of ~ 210s and ~ 295s walks from two users simultaneously are presented in Fig. and
[5.5| respectively. In Fig. [5.4(a) and [5.5(a), the overlapping true movement trajectories are shown. Trajec-
tories resulting from implementing PDR only for each phone without heading calibration are presented in
Fig. [5.4(b) and [5.5]b) respectively. In both figures, the red trajectory presents user 1 movement, the blue
trajectory presents user 2 movement, and the highlighted segments present the positions corresponding to
peak BLE RSS values between the two devices. PDR without heading calibration suffers greatly from head-
ing rotation as shown in the figures. Trajectories resulting from implementing PDR for each user phone
with heading calibration are presented in Fig. [5.4c) and[5.5]c) respectively. Although heading calibration

reduces the heading direction rotation, the trajectories are still far from the true ones.

Fig. [5.4(d) and[5.5]d) show the resulting trajectories after applying heading calibration, a heading detection
pre-processing stage and finally the joint GraphSLAM optimization including BLE RSS constraints. Only
the start positions were included in the problem, corresponding to fixed entry points such as doors, eleva-
tors, or stairwells. As shown, the proposed joint GraphSLAM algorithm was able to efficiently estimate
movement trajectories that are very close to the true ones. The estimated distances provided by BLE RSS
detection were able to constrain the optimization problem, overcoming the need for loop closures and/or
landmarks. Accordingly, the proposed algorithm is suitable for trajectory movement tracking and mapping
for unknown buildings without the need to detect landmarks or loop closures through multi-user collabora-

tion.
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Figure 5.4: Collaborative GraphSLAM: Movement trajectories for two users inside a part of an
academic building. Duration ~ 210s. (a) True trajectories, (b) PDR-based trajectories without
heading calibration, (c) PDR-based trajectories with heading calibration, (d) Joint GraphSLAM
optimization with BLE RSS constraints. Red is user 1, blue is user 2, highlighted segments are
positions corresponding to peak BLE RSS values.
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Figure 5.5: Collaborative GraphSLAM: Movement trajectories for a user inside a part of an aca-
demic building. Duration ~ 295s. (a) True trajectories, (b) PDR-based trajectories without heading
calibration, (c) PDR-based trajectories with heading calibration, (d) Joint GraphSLAM optimiza-
tion with BLE RSS constraints. Red is user 1, blue is user 2, highlighted segments are positions
corresponding to peak BLE RSS values.
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Table 5.1: Trajectory Similarity Measures for Performance Evaluation of Joint GraphSLAM Pro-
posed Algorithm with BLE RSS Distance Constraints
H PDR ‘ PDR Joint GraphSLAM

with heading calibration | with BLE RSS constraints

| User. 1 (Fig.5.4) || DTW (Average error/position) || 574m | 1.88 m | 1.17m |
| 221m || LCSS (Estimated Positions% within 2 m) || 28.8% | 66.6.1% | 89% |
| 207s || LCSS (Estimated Positions% within 1 m) || 17.2% | 44.2% | 30% \
| User. 2 (Fig5.4) || DTW (Average error/position) || 9.68m | 1.46 m | 1.14 m |
\ 256 m || LCSS (Estimated Positions% within 2 m) || 29.6% | 75.4% | 90.8% |
| 220s || LCSS (Estimated Positions% within 1 m) || 19.6% | 51.8% \ 50.5% \
‘ User. 1 (Fig. 5.5) H DTW (Average error/position) H 16.7m ‘ 278 m ‘ 0.83 m ‘
| 308m || LCSS (Estimated Positions% within 2 m) || 19.7% | 45% \ 83.8% |
| 301s || LCSS (Estimated Positions% within 1 m) || 11.6% | 19.77% \ 60.6% \
| User. 2 (Fig. 5.5) || DTW (Average error/position) || 477m | 7.96 m | 1.17m |
| 328m || LCSS (Estimated Positions% within 2m) || 39.3% | 24.4% \ 76.6% \
\ 291s || LCSS (Estimated Positions% within 1 m) || 22.4% | 9% \ 61.5% \

5.4.1 Collaborative GraphSLAM Performance Evaluation

In order to provide a quantitative performance evaluation, we propose the use of trajectory similarity mea-
sures as previously presented in Subsection Ground truths for experiment trajectories were generated
manually based on previous knowledge of the floor plan, as presented in Fig. [5.4(a) and [5.5(a), with an
estimated average error of < 0.5 m between the true trajectory and the generated one. Two common tra-
jectory similarity measures were implemented to evaluate the resulting trajectories through collaborative
GraphSLAM: Dynamic Time Warping (DTW) and Longest Common Sub-Sequence (LCSS). DTW calcu-
lates the cumulative sum of a distance measure between corresponding positions in two trajectories over a
warping window [149]]. The distance measure was chosen in this work as the Euclidean distance. On the
other hand, LCSS measures the similarity between two trajectories by matching the common sequences in
both the trajectories. LCSS considers points in different trajectories a match if the distance between the two

points is less than a threshold 7 within a window [[150]].

Table [5.1] presents both DTW and LCSS measures for the same 4 trajectories presented in Fig. [5.4] and
[5.5] resulting from implementing the algorithms: PDR, PDR with heading direction calibration, and joint
GraphSLAM with heading direction calibration, heading detection, and BLE RSS distance constraints. The
cumulative sum resulting from DTW is averaged over the number of estimated position points in each
trajectory, resulting in an average error per position in meters. LCSS is calculated for 7 = {1,2} m,
and presented as the percentage of estimated positions that lie within 7 meters of the corresponding true

positions.
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From Table[5.1} we come to the following conclusions:

e Performance is variable depending on the trajectories’ length, the quality of individual smartphone

measurements and the frequency and position of users’ intersections while moving.

e Implementing the proposed collaborative GraphSLAM always improves the estimated trajectories in
terms of the average error per position compared to both cases of PDR. The average error per position
improves by 75% — 95% compared to PDR measurements, with the maximum improvement achieved
for the case of the PDR trajectory suffering from maximum rotation (User 1, Fig. [5.5]b). The average

error per position improves by 22% — 85% compared to calibrated PDR measurements.

e While calibrated PDR usually results in trajectory estimation improvement compared to PDR with-
out calibration, this is not always the case as shown for User. 2 in Fig. [5.5]c where calibration helps
in reducing trajectory rotation at the expense of increasing the overall position error. This demon-
strates the need for the collaborative GraphSLAM algorithm to provide constraints to the trajectory

estimation problem.

e Implementing the proposed collaborative GraphSLAM always improves the estimated trajectories in
terms of the percentage of estimated positions within 2 m of the true positions. However, investigating
the values in Table (rows 2 and 3 for each case), we can conclude that collaborative GraphSLAM
optimizes the overall trajectory such that sometimes more estimated positions lie within 2m of the

true trajectory at the expense of fewer estimated positions lying within 1m, such as is the case for

User 1 (Fig. [5.4).

5.5 Conclusions

In this chapter, we proposed another application of sensor fusion to the indoor localization and mapping
area. A new algorithm for collaborative GraphSLAM using BLE RSS measurements from smartphones
is presented, where collaboration between smartphones within close proximity provides constraints to the
GraphSLAM problem overcoming the need for loop closures and landmark detection. A new approach was
proposed to extract distance information from BLE RSS measurements between collaborating smartphones,
providing distance constraints instead of absolute distance values. Incorporating the distance constraints
within the GraphSLAM framework formulates a linear constrained least squares optimization problem that

can be solved efficiently to provide estimates for users’ movement trajectories.

The proposed collaborative GraphSLAM algorithm was evaluated using experimental data captured on two

iPhone 7 devices. PDR measurements on both devices were collected to provide initial position estimates,
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while a BLE advertise and scan application was used to collect RSS measurements between the phones.
Implementing the new collaborative GraphSLAM algorithm resulted in movement trajectories that closely
matched the true ones (typically within Im of accuracy). Introducing BLE RSS measurements into the
GraphSLAM problem provided a novel solution to the problem of loop closures and landmark detection for

smartphone users.



Chapter 6

Improving Indoor Localization through

Trajectory Tracking

Tracking mobile users’ movement trajectories with high accuracy indoors opens the possibilities for novel
indoor localization techniques. Using GraphSLAM for indoor pedestrian trajectory tracking, or other trajec-
tory tracking algorithms, results in creating a group of high probability movement patterns within a building,
or what we can refer to as a topological map of the building. With new users tracking their own movements
for some specific time duration, these new and possibly low accuracy trajectories can be used to locate,
with high accuracy, where the users are inside the building through smart trajectory matching techniques.
In this chapter we present two different pattern recognition techniques: Neural Networks (NN) and trajec-
tory similarity measures, as new non-traditional indoor localization frameworks based on users’ movement

trajectories.

6.1 Introduction

Estimating accurate position information in indoor environments is still an ongoing challenging problem.
The currently deployed positioning techniques, such as the Cell ID, Base Station Time Difference of Arrival
(BS-TDOA) and Global Positioning Systems (GPS), are optimized for outdoor operation. These technolo-
gies cannot provide the accuracy necessary for indoor localization scenarios up to the room/suite level where
line-of-sight (LOS) communication is not available between the receivers and the satellites and/or BSs [38]].
As the need for accurate indoor positioning is increasing rapidly, especially with the new E911 requirements,

novel methods for indoor localization of mobile users are required.

74
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A new direction for indoor localization is the tracking of the smartphone users’ movement trajectories inside
buildings and exploiting these trajectories for more accurate localization, instead of applying localization
algorithms that depend only on the most recent position. In the previous chapters, we presented novel
algorithms for tracking indoor mobile user’s movement trajectories using smartphones sensors. In this
chapter, we propose two novel systems for enhancing positioning of indoor mobile users exploiting users’

movement trajectories within two different frameworks:

e Neural Networks (NN): The NN models indoor localization at the room level as a multi-class classi-
fication problem, where the input is a movement trajectory, and the output is which room the user is
currently in. For a suitable training period, users’ movement trajectories inside a building are tracked
and recorded with corresponding room locations, and then used as training patterns for the Neural

Network classifier.

o Trajectory Similarity Measures: Based on the assumption that movement trajectories of different
users within a building can be tracked anonymously with high accuracy, a user’s current position can
be estimated through matching his own movement trajectory, tracked with much less accuracy, with

the set of anonymous trajectories to detect his current location at the room level.

In order to simulate and study the performance of both frameworks, a large number of user movement
trajectories needed to be generated within a simulation layout. Thus, Section [6.2] presents the approach
adopted in both frameworks for simulating thousands of movement trajectories within buildings based on
Human Mobility Modeling. In Section [6.3] and Section [6.4] we present the two frameworks for exploiting

movement trajectories for indoor localization: NN and trajectory similarity measures respectively.

6.2 Human Mobility Modeling

The indoor human mobility model adopted in this work is based on the Steering Forces model presented in
[167]. Human mobility is modeled based on a two-level approach: large-scale and small-scale descriptions.
The large-scale description includes generating the movement path the user follows as a sequence of node

numbers. The small-scale description includes the generation of 2-dimensional successive user positions.

6.2.1 Large-scale Mobility Description

In a building layout, every room center and every door are considered as movement nodes. Within the

large-scale description of a user’s movement trajectory, an initial room (A) and a destination room (B) are



Mahi Abdelbar Chapter 6. Improving Indoor localization through Trajectory Tracking 76

selected randomly from the set of possible rooms K = {1,2, ..., K'}. A sequence of nodes representing the
movement path between rooms A and B is generated. The nodes are selected from the set of possible room
centers and doors based on a shortest-distance measure. In this presented simulation, Dijkstra’s algorithm is

used to determine the movement sequence [[168]].

When the user reaches the final room destination (B), the user stays in the room for a random waiting time
before another room is randomly selected as the next destination. Dijkstra’s algorithm is applied again
to determine the next movement sequence. Waiting times inside each room are generated with different

criteria.

6.2.2 Small-scale Mobility Description

Steering behaviors were introduced as a modelling tool for the movement of autonomous agents (i.e. hu-
mans, animals, etc) in computer animations and interactive computer games [[169]. The model presented
here and used in simulations for generating point-by-point human movement trajectories is a 2D modified

version of the model presented in [[167,/169,/170].

Once the movement sequence is defined, each user moves towards his target destination, passing through
doors and avoiding walls, other users and any other obstacles in the layout. The Steering Forces model
considers each user as a positive pole and the next node target is considered as a negative pole, hence
generating an attraction force steering the user towards his next target. Meanwhile, other users and obstacles,
e.g. walls, are considered positive poles as well, thus generating repulsion forces steering the user away from
them [[170]. Each user is defined with a mass m (average 70kg), maximum velocity v,,4, (average human
walking velocity is assumed 1.4m/s) and maximum acceleration a,,, (average human walking acceleration
is assumed 1m/s?) [171].

At each time step n in the simulation duration, the forces affecting user j movement are calculated as

follows, and then the acceleration, velocity, and position of the user are updated:

Attraction Force F;: This is the force between the user and the next target node 7;, in the movement
sequence. The attraction force depends on the distance d,, (in m) between the latest position of the user

P,,—1 and the target node 7,,:
A d
dn:Tn_Pnfla dn:|d7n’a (61)
n

where cfn is the normalization of d,, and |d,,| is the norm of d,,. The desired velocity v;, (in m/s) at time step

n is updated as:

|dn’ 7
—)d 6.2
5t )dn, (6.2)

s

vy = min(Vmaz,
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where 6t is the simulation step in seconds and the desired velocity is cut-off at v;,,4,. The difference between

the desired velocity v;, and the current velocity of the user v,,_; is defined as:

Wn

_ .8
Wn = UV — Un—1, Wn,

=—, (6.3)
|wn]
where W, is the normalization of w,, and gives the direction of the steering force. Finally, the Attraction

Force F (in N) is calculated as:

Fs =m—"w, 6.4)

Wall Avoidance Repulsion Force F,: This is the force between the user and every wall W}, within the
vicinity of the current position of the user. In this model, only repulsion forces from walls within 2 meters
are considered. For each wall Wy, the repulsion force is inversely proportional to the distance between the
user and the wall dyy, and in a direction orthogonal to the wall. The force is calculated as:

alvp—1| 1 A

n 6.5
ot |de|2W ©5)

Fylw,=m

where « is a parameter set through simulations to control the users movement in the direction of the walls,

and W, is a normalized vector orthogonal to the wall. « is set to 0.16.

User Avoidance Repulsion Force F,: This is the force between the user and any other user within
the vicinity of his current position. In this model, only users within a circle of radius 1.2 meters are con-
sidered. Similar to the Wall Avoidance Repulsion Force, the User Avoidance Repulsion Force is inversely
proportional to the distance between the two users dy, and in a direction orthogonal to the other user. The
force is calculated as:

Blonaa| 1 -

U, 6.6
ot |du,|? ©6)

Fulu,=m

where [ is a parameter set through simulations to control the users movement in direction of each other, and

U, is a normalized vector in the opposite direction of the distance vector. [ is set to 0.5.

Total Steering Force: This is the sum of the attraction and repulsion forces, defined as:

w U
F=Fi+ ) Fulw,+ Y Fulu, (6.7)
k=1 k=1

where W and U are the number of walls and users within the vicinity of user j respectively.
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Figure 6.1: Example of four motion trajectories generated through the Human Mobility Model in
a general office building layout.

Updating acceleration, velocity, and position: For each user j, the current acceleration, velocity

and position are updated based on the total steering force. The updates are as follows:

F
ap = —,
m
Vp, = Up—1 + an(;t, (6.8)

Pn = DPn-1+ vn(st-

The acceleration and velocity will both be truncated at their maximum values as in (6.2). An example of four
user movement trajectories generated using this model are shown in Fig. [6.1] where users 1-4 correspond to
red, green, blue, and magenta lines. The trajectories are generated in a general office building layout with

12 equal-sized rooms (3.4m x 3m), 4 variable-sized rooms and a hallway.

6.3 Indoor Localization using Neural Networks

NNs have been proposed for indoor localization in different contexts, for example [[172H175]. In [172]
173]], NNs are used to map the measured Received Signal Strengths (RSSs) of a mobile user to the stored
RSS fingerprints in a radio map and infer the user location accordingly, within a fingerprinting localization
architecture. In [[174], multiple NNs were used to incorporate the mobile user movement orientation into
the RSS mapping in Bluetooth networks. In [[175], features of users’ past trajectories are used to predict the
next locations using a Radial Basis Function (RBF) NN. Identifying users’ locations up to the room level
using NN’s is a new approach for utilizing NNs in indoor localization. In this work, we propose using NN,

within a new framework, as a multi-class classifier for room identification in indoor scenarios.
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6.3.1 System Model

The proposed framework for indoor localization at the room level consists of two components: (1) a point-
based Positioning System (PS) that tracks and stores users’ consecutive positions for a specified time dura-
tion generating multi-dimensional movement trajectories, and (2) a NN classifier that estimates the current

room which a user is located in based on his movement trajectory.

There are several point-based PSs that could be implemented as the first component based on the users’
handsets capabilities and the building infrastructure. The choice of a specific PS is beyond the scope of
this work. Conventional outdoor PSs such as GPS or cellular positioning techniques could be utilized, usu-
ally providing low-accuracy position estimates. Depending on the building instrumentation, more accurate
indoor PSs could also be implemented and combined with conventional GPS, such as RSS at WiFi APs,
magnetic fields, mechanical energy, and atmospheric pressure [[176]. More about indoor PSs could be found
in [34H36].

The PS tracks consecutive mobile users’ positions for a specific time duration inside a building gener-
ating movement trajectories as finite sequences of 2-D locations with time-stamps, i.e. two-dimensional
time-series. The framework in this model is presented in a two-dimensional setting; identifying the room
number on a single floor. Extending the system to include the vertical dimension is straightforward, al-
though obtaining z-dimension position estimates is more challenging. At any given time ¢, each user j has

a corresponding trajectory S; defined as:

Si = [(s14:t15), (52,5, t2,5)s -, (SNj» tNj)]
= [(x1,5,y1,5,t1,5)s (X245, Y25, t2,5), s (TN UNjr ENj)] (6.9)
where ti,j < ti+17j,’L' =12,..,.N

where t; ; presents the temporal dimension and s; ; = (z;;,: ;) presents the spatial dimensions. Each

user’s trajectory could be stored in the user’s mobile device, or anonymously at a central server, or both.

The NN classifier is the second component in the framework. The NN considers indoor localization at
the room level as a multi-class classification problem, where each user is assigned to one of &£ mutually
exclusive classes. The input to the NN is the estimated movement trajectory of a queried user through the
PS. The output of the NN is the room the user is currently in, where each room inside the building of interest
is considered as one of the k output classes. For the NN training, crowdsourcing is suggested throughout
a training period where participating users inside the building, periodically and anonymously, report their
current location (room) to the system. Crowdsourcing has been presented as a viable distributed framework
for problem solving in several commercial applications and academic research [177]. The set of movement

trajectories and target rooms will comprise the training set for the NN. The NN could be further trained with



Mahi Abdelbar Chapter 6. Improving Indoor localization through Trajectory Tracking 80

h() B—

Inputs Hidden Layer 1 Hidden Layer 2 Output Layer

Figure 6.2: Multi-layer feedforward NN structure, with 2D inputs, K output nodes, L hidden
layers each having M; nodes

more trajectory data to improve performance.

The request for a user location inside a building could be initiated from the user’s mobile device or from
the CMRS provider. For example, when an E911 PSAP requests the location of a wireless caller from
the CMRS provider. The framework is suggested to be implemented as a mobile application, where users
can use the application to identify where they are inside a building (for example museum visitors). The
framework could also be implemented as a background tracking application to be recalled when needed (for

example a 911 call or for patients within medical facilities or potentially in military operations).

6.3.2 Neural Network Structure

In this work, feed-forward multi-layer perceptron NNs are proposed as multi-class classifiers. The NN has

2D inputs, K output nodes, and M; nodes in each hidden layer [, where [ = 1,2, ..., L. wj(lz)
coefficient connecting node ¢ in layer [ — 1 to node j in layer [, while wj(-f()) is the bias parameter of node 7 in

is the weight

layer [. Layer [ = O presents the inputs. The NN structure is shown in Fig.
The input to the NN, s = [21,91,...,2p,yp|” is the vector of successive x- and y- coordinates of a user
for a specific time duration. For example, for a trajectory of duration 1 minute, where the user’s position
is estimated every 0.5 seconds, the vector length 2D will be equal to 1 % 60 % 2/(0.5) = 240 inputs. The
number of output nodes in the final layer is equal to the number of rooms K. The number of hidden layers
L and the number of nodes in each layer M; were chosen based on a series of simulations and are dependent
on the specific building layout as will be presented in section IV. In general, using three hidden layers was

found to be a good trade-off between complexity and performance.
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For each node j in layer [, the output of the node is defined as:

0 b = 1 3 w0 = (wa0) 10

where j € (1, M;), h(.) is the activation function, wj(l) is the weight vector at node j of layer [ where each

(l?, and z(I") is the output vector of layer [ — 1. The activation functions in the hidden layers

Jsi

are generally chosen as the non-linear ’sigmoid” or ”tanh” functions [178]]. For a multi-class classifier NN,

element is w

the activation function selected for the output layer is the softmax function defined as:

(L)
gk = copla ) 6.11)

Zszl exp(ag-L))

where gy, is the output of node k in the final layer. The softmax activation function satisfies 0 < g, < 1 and

Training for the NN is carried out using the Gradient Descent Optimization and Error Backpropagation
algorithm. The target outputs for NN training take the binary form ¢, € {0, 1}, where ¢, = 1 if the final
position in the input vector is located in room k: {zp,yp} € Room k. The NN outputs could be interpreted

as gr = p(tx = 1|s) [178]. The corresponding error function is the cross-entropy error function defined as:

Ny K
B(w) ==Y tuln(gi(sn, w)) (6.12)

n=1k=1

where w is the weight matrix and s,, is the n*" training input vector, where n € (1, N;) and N; is the number

of training patterns.

6.3.3 Simulation Scenarios

An office building layout was used to perform different simulation scenarios. The layout presents a floor in
a general office building with 12 rooms equal in size (3.4m x 3m), 4 other rooms of variable sizes (kitchen,
bathroom, copy-room, and stairs) and a hallway. The layout is presented in Fig. [6.1] The purpose of these

simulations is to present a proof of concept for the NN-based indoor localization framework.

As presented in Subsection the proposed framework for indoor localization consists of two compo-
nents: the PS and the NN. The output of the PS is a set of estimated users’ movement trajectories. The
performance of the PS, regardless of the specific positioning algorithm implemented, is simulated through

first generating random trajectories using the Human Mobility Model presented in the previous subsection.
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Table 6.1: Waiting Time 7 Distribution and Prior Probabilities p, for Each Room in the Office
Building Layout in Different Simulation Scenarios

Scenarios I Scenarios 11 Scenario 111
Room Tmax Do Tmaz Po Tmean Tstd Po

Number(s) in sec in sec in min | in min | (average)

1,3,5,10,12,14 45 0.059 45 0.047 30 3.33 0.103

2,4,6,9,11,13 45 0.059 45 0.047 5 0.5 0.001

7,15 20 | 0.059 20 ] 0.022 2 0.33 0.0054

8 60 | 0.059 60 | 0.062 10 1 0.016

16 60 | 0.059 60 | 0.062 60 5 0.267

17 (hallway) 10 | 0.059 10 0.26 1 0.33 0.029

Next, a positioning error is generated as a normal random variable, with zero mean and variable standard

deviation o, € [0, 35]m, and added to the true trajectories.

Three different simulation scenarios were studied, based on how the training trajectories were generated,
user activity and the prior probabilities of each room in the NN training set. In each simulation scenario, the

PS update rate is set to 0.5 sec, and the time duration of trajectories is set to 2 minutes.

For the NN component of the system, the multi-layer feed-forward NN with back propagation learning
algorithm, described in Subsection [6.3.2] is used to identify the room location of each user based on the
movement trajectory tracked by the PS. For trajectories of duration 2 minutes, and an update rate of 0.5 sec,
there are 480 nodes in the input layer. The number of nodes in the output layer is 17, one node representing
each room. After careful investigation of several simulation scenarios, three hidden layers were chosen for
the NN architecture, having 240, 120, and 60 nodes respectively. Training for each NN was performed with
a set of 40,000 random trajectories.

Scenario I

Trajectories of 2 minutes duration were generated with high user activity, i.e. short waiting times in each
room destination. The waiting time in each room 7 is uniformly distributed, 7 ~ U(0, Tynaz ), Where Tpaz
for each room is shown in Table [6.1] The trajectories for the NN training set are generated such that prior
probabilities of NN outputs are equal; i.e. p,(k) = p(Room ID = k) = 1/K = 1/17. For this purpose,

trajectories for the training set were selected with target destinations.
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Scenario 11

In this Scenario, the trajectories are generated for a 2-minute duration with the same waiting time distri-
bution as in Scenario I. However, the prior probabilities for NN outputs are not equal. Trajectories were
generated with random destinations and cut off times. As seen in Table [6.1} rooms with longer waiting
times have higher probabilities for being the user’s current location. Although room 17 (the hallway) has the
lowest maximum waiting time, because of random termination of the 2-minute trajectories there is higher
probability, compared to other rooms, that it’s the user’s current location since all trajectories pass through

the hallway.

Scenario II1

In this scenario, slower user activity is studied. Trajectories of 8-hour duration were generated first, with
slower and more realistic waiting times. Then, two minutes duration trajectories were extracted and used
for the NN training and testing. Waiting time 7 in each room is normally distributed, 7 ~ N (Tinean, T34)s
where Tyneqn and 744 for each room are shown in Table [6.1] The waiting time distribution in each room
was assumed based on the room type (office, copy-room, hallway, etc.). The prior probabilities for each NN
output are also not equal in this scenario. The prior probabilities shown in the first three rows in Table [6.1]

are the average probabilities for the respective room groups.

6.3.4 Simulation Results and Performance Analysis

The performance of the system is measured by two metrics: the average probability of correct room iden-
tification by the NN and the confusion matrix of the NN output. The average probability of correct room

identification is calculated as:

Povg = Zszl po(k)P(Room ID = k|{xp,yp} € Room k),

(6.13)
Room ID = argmaz{gy},
k

where gy, is defined as in (6.11]). For comparison purposes, the NN performance in each scenario is compared
to the performance of two other systems: (1) a basic single-point coordinate localization system where a user
is localized in room £ if the user’s current position coordinates are within the room space, and (2) a single-
point multi-layer feedforward NN where the input is only the user’s current position (2 inputs). For this NN,
there is only 1 hidden layer with 5 nodes. The error function, the output softmax activation function and the

training algorithm are the same as the NN structure described in Subsection
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Figure 6.3: NN Scenario I: Average probability of correct room identification versus PS error for
the proposed NN vs two single-point systems, with high user mobility and equal priors for NN
training.

Scenario I

The average probability of correct room identification for the proposed NN localization system in this sim-
ulation scenario, versus the other two single-point systems, is shown in Fig. for different values of PS
error. As seen in the figure, for moderate positioning errors 0. € [0, 20]m, with such high user mobility,
the trajectory-based NN provides considerable improvement over both single-point systems. There is an
improvement of 45% at 0. = bm and of 32% at 0. = 10m. With equal prior probabilities, both single-point
systems perform closely. In all scenarios, the average probability of correct classification of the single-point
coordinate localization system can be estimated in a direct manner through calculating the 2-dimensional

integrals of the PS error distribution over each room’s area.

Scenario 11

The system performance for this scenario is shown in Fig. Again, the proposed trajectory-based NN
provides considerable improvement over both single-points systems for errors up to 15m. However, with
non-equal room priors, both NN-based systems converge to a probability equal to max{py(k)} at high PS

errors, i.e. NNs are biased towards predicting the more common classes [[179].
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Figure 6.4: NN Scenario II: Performance comparison of the three systems with high user mobility
and non-equal priors for NN training.
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Figure 6.5: NN Scenario III: Performance comparison of the three systems with low user mobility
and non-equal priors for NN training.
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Figure 6.6: NN Scenario I: Probability of correct user localization in the target room, and user
localization in the neighboring rooms of the target.

Scenario II1

The system performance for this scenario is shown in Fig. [6.5] With slower user mobility, the proposed
trajectory-based NN provides huge improvement over both single-points systems for errors up to 35m. At
an error with o. = 35m, the trajectory-based NN provides a 49% performance improvement as compared

to the single-point NN.

NN Confusion Matrices - Identifying Neighboring Rooms

Fig. [6.6] shows the performance of the trajectory-based NN for Scenario I simulation in terms of the prob-
ability of correctly identifying the room the user is currently in, versus incorrectly selecting one of its
neighboring rooms as the current position derived from the NN confusion matrix. Neighboring rooms are
the immediate rooms in the vicinity of the target room. For example, for room 2, neighboring rooms are 1,
3 and 17. As presented in the figure, when the system miss-classifies the target room, it identifies one of the

neighboring rooms instead with a probability ranging from 30% at 0. = 35m to 100% at 0. = 1m.
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6.4 Indoor Localization through Trajectory Similarity Measures

In this section, we propose a new system for enhancing indoor positioning of mobile users exploiting ad-
vancements in movement trajectory tracking. Several systems and algorithms, including the GraphSLAM-
based approaches we presented in Chaptersd]and 5] proposed novel ways for tracking movement trajectories
within buildings. Matching a low accuracy user’s movement trajectory estimated through a conventional
point-based PS to a set of high-accuracy trajectories tracked through a state-of-the-art tracking system pro-

vides a much accurate estimate for the user’s current location within a building up to the room level.

6.4.1 System Model

The improved indoor localization system we propose here is based on the assumption that the user is inside
a building where the movement trajectories for all users can be tracked efficiently but anonymously through
a FC. The FC refers to a general centralized entity within the building that can implement smart and collabo-
rative approaches to track movement of all users inside the building while maintaining their privacy. On the
other hand, each user in the building can track his own movement trajectory, while not necessarily with the
same level of accuracy. In fact, a practical assumption would be that the user’s tracked trajectories through
a conventional point-based PS are at a much lower level of accuracy as compared to the trajectories tracked

through the smart FC.

The system model in this work, such as the case with the NN classifier, is presented in a 2-dimensional
setting; identifying the room number in a single floor. The building FC implements smart and efficient
tracking algorithms that track and store the motion trajectories of all in-building personnel as a set of finite
sequences of 2-D locations with timestamps, i.e. a set of two-dimensional time-series. At any given time
tn, the building FC will have a set S = {51, S2, ..., Sar} of possible motion trajectories of M persons for
the duration of ¢y time stamps. Each trajectory S; is defined as in , represented here:

Sj = [(s15,t15), (525, t25)s -, (SNj, tNG)] = [(Z15, Y1, t1j), (T2, Y25, t25), oy (XN UNGs ENG)]

, (6.14)
where ti; <tlit14,1 = 1,2,..,N

where ¢;; presents the temporal dimension and s;; = (x;;, y;;) presents the spatial dimensions. At time ¢,

a mobile user will have a detected and stored motion trajectory through a point-based PS defined as:

R ={[(r1,t1), (r2,t2), ..o, (rNus tNu)] = [(z1, y1,t1), (22, y2, t2) 5 ooy (TNw, YNu, ENw)]

, (6.15)
where t; <tiy1,i=1,2,..,Nu

where N,, does not necessarily equal N. In fact, taking the limited resources of the point-based PS system
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into consideration, Nu could be much smaller than V. There is no cooperation between the building FC and
the point-based PS which implies that the set of trajectories S and the user trajectory R are not synchronized

in time. Moreover, the location update rate for both will be different, i.e.:
[(tiJrLj — ti’j)\V/Sj € S,’i = 1, 2, ey N} 7& [(tl’+1 — ti),i = 1, 2, . NU] (616)

When it’s required to locate a user inside a building, for example, when a E911 PSAP requests the location
of a wireless caller from the CMRS provider, the user’s PS will be able to provide a distorted version of the
user’s motion trajectory R for a specific time duration. In parallel, through contacting the building FC, the
improved localization system will have access to the set of anonymous users’ motion trajectories S. The
system then will match the queried user’s motion trajectory to the set of motion trajectories tracked by the
building’s smart network. Thus the system will be able to augment the user’s trajectory with a more accurate

version and thus providing more accurate location information up to the room level.

In order to match the queried user’s trajectory to the closest trajectory tracked by the building FC, different
trajectory similarity measures are implemented. A trajectory similarity measure tries to determine if two
trajectories are similar based on a specific distance function [180,/181]]. Trajectory similarity measures have
been applied in a wide spectrum of computing and data management applications such as: urban and transit
planning [[177,/180]], outdoor surveillance systems [181]], tracking animal migration patterns, and analysis
of top players’ movement patterns in different sports [182f]. In the following subsection, a discussion of

different trajectory similarity measures and how they are applied in the proposed system is presented.

6.4.2 Trajectory Similarity Measures

The improved indoor localization system applies trajectory similarity measures to match the point-based
PS tracked trajectory to one of the building FC tracked trajectories. Three different trajectory similarity
measures have been investigated as will be briefly presented. These measures are all based on time-shifted
matching, i.e. they do not need the two trajectories to have the same time positions [177]. In the following
sections, two trajectories S = [(s1,t1), ..., (sn,tn)] and R = [(11,t1), ..., (Tar, tar)] of lengths N and M

elements respectively are considered as input to each trajectory similarity measure.

Table[6.2] summarizes the different distance functions associated with each trajectory similarity measure and
whether it’s a metric or non-metric function. A metric distance function is defined as one that is strictly pos-
itive, symmetrical, and satisfies the triangle inequality [[183|]. For large trajectory databases, it is important
to minimize the computation of the distance between trajectories in the database. The triangle inequality
is an efficient way to apply pruning strategies [[184]]. Different metric and non-metric trajectory similarity

measures have been tested in our proposed system. In the following sections we are only presenting the
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Table 6.2: Summary of Distance Functions for Trajectory Similarity Measures

] Distance Function | Metric/Non-Metric
0 n=m=20
DTW (n,m) = {OO , n=0orm=0 Non-Metric
distprw (n,m) + min{ DTW(n —1,m — 1), otherwise
DTW(n—1,m),DTW(n,m —1)}
0 n=0orm=20
LCSS(n,m) =< LOSS(n—1,m—1)+1 distr,css(n,m) < e Non-Metric
max{LCSS(n —1,m), LCSS(n,m — 1)} otherwise
n m =20
m n=2>0
EDR(S,R) ={ EDR(n—1,m —1) distgpr(n,m) < e Non-Metric
min{ EDR(n —1,m — 1) + 1, otherwise
EDR(n—1,m)+ 1, EDR(n,m — 1) + 1}

similarity measures that provided the best performance.

Dynamic Time Warping Measure (DTW)

The technique of Dynamic Time Warping (DTW) uses a recursive approach to align two trajectories so that
some distance measure is minimized [[149]. It allows finding a common pattern between the two trajectories
when they are of different lengths. The distance is usually measured based on point-to-point L2-norms. For

n=1,...,Nandm =1, ..., M, the distance measure DT'W (n,m) is calculated as:

DTW (n,m) = distprw (n, m) + min{DTW (n — 1,m),

(6.17)
DTW (n,m —1),DTW(n—1,m —1)}
where the point-to-point distance is calculated as:
distprw (n,m) = (Spz — rm,z)2 + (Sny — T’m7y)2 (6.18)

The DTW distance is the sum of the distance between current elements and the minimum of the cumulative
distances of the neighboring points. The final distance measure between the two trajectories will be equal
to DTW (N, M).

DTW is relatively more sensitive to data outliers [[180]. Also, for huge data sets, using the DTW measure
could be very time consuming. Therefore, usually the recursive formula is limited to a window of size w.
For a set of trajectories S; and a queried trajectory Rz, a system deploying the DWT trajectory similarity

measure will calculate DT'W (N, M) between each trajectory S; and R. The trajectory corresponding to
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the minimum DTW (N, M) will be the closest to trajectory R.

Longest Common Sub-Sequence Measure (LCSS)

The Longest Common Sub-Sequence (LCSS) technique measures the similarity between two trajectories by
matching the common sequences in both the trajectories. Any two points {s,, 7, } are considered a match
if the distance between the two points is less than e within a window size of §, where € and ¢ are application
specific parameters that allow flexible matching in both the space domain and the time domain [177]]. LCSS
quantizes the distance between two points to be 1 or 0 (point match or not) which would remove the larger
distance effects [184]]. The distance measure LC'SS(n, m) is calculated as [[150]:

LCSS(n—1,m—1)+1,

if distposs(n,m) < e and

|n —m|<
LCSS(n,m) = (6.19)
max{LCSS(n—1,m),

LCSS(n,m —1)},

otherwise
where the point-to-point matching is calculated as:

distpcss(n,m) < e => [sng — rma|< €and (6.20)

[Sny = Tmy|< €

LCSS is a non-metric measure. Although the binary distance makes the performance of the LCSS measure
relatively better in the case of data outliers, it does not take into consideration the gap sizes between similar
sub-sequences. For a system deploying the LCSS trajectory similarity measure, the trajectories with the
maximum LCSS(N, M) will be the most similar.

Edit Distance on Real Sequence Measure (EDR)

In computer science applications, Edit Distance (ED) is a way of quantifying how dissimilar two strings
are by counting the minimum number of operations (insert, delete, and substitute) required to transform one
string into the other [[185]]. Applying a similar approach in trajectory similarity, ED-based measures quantify
the dissimilarity between two trajectories by measuring the mismatches among the trajectories. Contrary to
LCSS, ED based measures assign penalties to the gaps between two matched sub-trajectories according to

the lengths of gaps, which overcomes a main drawback in LCSS [[182].
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There are several trajectory similarity measures based on the ED concept. In this work, we will only present
the Edit Distance on Real Sequence Measure (EDR). Similar to the LCSS measure, the EDR measure uses a
threshold € to detect point-by-point matching. In addition, it quantizes the cost assigned to a point mismatch
to be 1 [[182]. There is no penalty in the case of a point match. The distance measure EDR(n,m) is
calculated as:
EDR(n—1,m—1),

if distgpr(n,m) < e

min{ EDR(n — 1,m) + 1,
EDR(n,m) = (6.21)
EDR(n,m —1)+1,

EDR(n —1,m — 1) + 1},

otherwise

where the point-to-point matching distgpr(n, m) < e is calculated as in (6.19). For a system deploying
the EDR trajectory similarity measure, the trajectories with the minimum EDR(N, M) will be declared to

be the similar ones.

6.4.3 Simulations and Results

In this section, we present different simulation scenarios and results and discuss the performance of the
proposed indoor localization system. The purpose of the simulation is to study and analyze the performance
of the proposed approach for indoor localization enhancement. Different scenarios were simulated in which
a varying number of mobile users are moving inside a building, and it’s required to locate one of those
users inside the building at the room level. The main performance metrics applied are the probability of
identifying the correct trajectory, and the probability of detecting the correct room in which the queried user
is.

Two different building layouts were used in simulation scenarios. Layout 1 presents a floor in a general
office building with most of the rooms equal in size (3m x 3m). Layout 2 presents a floor in a research lab
facility, where room sizes vary from small (2m x 2m) rooms up to meeting and lecture rooms of (10m x 10m)
as well as different hallways and lobbies. The layouts are shown in Fig. and respectively. In order
to study and simulate the proposed system, large numbers of random movement trajectories were generated
using the human mobility model presented in Section These generated trajectories are considered as the
true movement trajectories of users inside the building. They are used as a reference for localizing the true

position of each user in terms of the final room ID.

For every user inside the building, the building FC is tracking a set of trajectories S;. Each trajectory is
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Figure 6.7: Two motion trajectories (user 1 in green and user 2 in blue) in an office building with
mostly equal-sized rooms (3m x 3m).
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Figure 6.8: Two motion trajectories (user 1 in green and user 2 in blue) in a research lab facility.
Room sizes vary from (2m x2m) up to (10m x 10m).

generated as a sequence of Gaussian random variables with the mean values equal to the true trajectory

values in the space domain and the variances equal to the building localization error. Different error values

were used in the range [0.5-2m] in different simulation scenarios. The time stamps for these trajectories are

spaced at 0.5 second in time.
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For the queried user, the point-based PS user location tracking system will have a much more distorted
version of the true trajectory R, and usually with a lower update rate. These trajectories are generated in the
same manner, but with higher values of localization errors. In each simulation scenario, the error for the PS

location system was varied from [0-10m], while the time stamps were at 2 seconds apart.

Several simulations were conducted for the two different layouts, with varying number of users inside each
building. The trajectories were compared over different time frames. The improved localization system
compares the queried user trajectory R with the set of trajectories .Sy through the trajectory similarity mea-
sures, and generates a decision of which trajectory in the set S; is the closest to I2. Next, the system will use

the selected trajectory S; to localize the user inside the building in terms of a room ID.

The performance of the improved system could be measured by two metrics: the probability of correct
trajectory identification and the probability of correct room identification. Each poses limitation on the
overall performance as will be presented in the following. In addition, several different parameters affect
both the performance metrics. Here, we are only presenting two parameters: the trajectory length, and the

smart building localization error.

Trajectory Similarity Measures Performance

Trajectory similarity measures performance is measured in terms of correct trajectory identification with
variable cellular system localization error. One of the simulation scenarios for the trajectory similarity
performance is presented in Fig. for the office building layout with 20 users inside the building, a
trajectory comparison time frame of 2 minutes and a smart building localization error of 1m. In this scenario
all three measures were able to identify the correct trajectories with a probability of at least 70%. As
shown in Fig. [6.9] the performance of the trajectory similarity measures is independent of the cellular
system localization error, i.e. how much the queried trajectory is distorted, up to an error of 10m. This
can be explained as follows: on average, the 20 users’ motion trajectories are random such that even with
a very highly distorted queried trajectory, the trajectory similarity measures are able to match the distorted
trajectory to the correct one. In addition, the probability of correct trajectory identification never goes to
100%. This is due to the fact that with a small time frame such as 2 minutes, more than one user could
be inside the same room for most of the 2-minute frame in which case the system would not be able to

differentiate the two corresponding trajectories even with very low cellular system localization error.

Overall System Performance

The overall system performance is measured in terms of the current location of the user, i.e. the final room

ID. As presented in Fig. [6.10]with the same simulation setup, the system performance will always exceed the
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Figure 6.9: Probability of correct trajectory identification vs the point-based PS error up to 10m.
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Figure 6.10: Probability of correct room number vs the point-based PS error up to 10m.

cellular system performance except for the unlikely case when the cellular localization error is smaller than

the smart building localization error. Based on the performance analysis, identifying the correct trajectory
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Figure 6.11: Trajectory Similarity Measures Performance in terms of probability of wrong identi-
fication with different trajectory duration times [1, 5, and 10 minutes].
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Figure 6.12: Overall system performance using DTW trajectory similarity measure for different
values of the localization error of the smart building system.

does not mean necessarily identifying the correct room ID, due to the smart building localization error.

With smaller room sizes, even with correct trajectory identification, the system could identify any of the
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neighboring rooms as the current location instead. In addition, selecting a wrong trajectory does not mean
necessarily identifying a wrong room ID, as the similarity measures could select a very similar trajectory

that ends in the same room.

Trajectory Time Duration

The effect of the trajectory comparison time frame on the performance of the trajectory similarity measures
has been investigated for trajectory time frames of 1, 5, and 10 minutes. The same simulation setup was
used with a constant cellular localization error of 6m. Fig. [6.11] presents the average probability of error
in trajectory identification using DTW, LCSS, and EDR measures respectively for the different trajectory
lengths. The probability of detecting the correct trajectory is directly related to the capability of tracking

and storing longer trajectories.

Smart Building Localization Error

The effect of the smart building localization error on the overall performance of the system has been in-
vestigated as well. The overall probability of correct room detection was calculated for different values of
smart building localization error: 0.5, 1, and 2 meters using only the DTW similarity measure. As shown in
Fig. [6.12] the error of the smart building localization is a limiting factor in determining the overall system
performance. The effect of the building localization error will also be variable for different building layouts

and room sizes.

6.5 Conclusions

In this chapter, we presented novel approaches for improving indoor localization accuracy based on two
different approaches: NN and trajectory similarity measures. The objective of the two approaches is to
correctly identify the indoor positions of mobile users at the room level. Both systems assume the mobile
user equipment is able to track a low-accuracy version of its movement trajectory through a point-based PS.
Then each system utilizes the low-accuracy movement trajectory to generate a much better estimate of the

user’s current location through pattern recognition techniques.

The NN system then applies a multi-layer feed-forward NN to the movement trajectory to identify the cur-
rent room the user is located in. The proposed trajectory-based NN provides significant improvement in
performance compared to single-point PSs. The correct room identification probability, using the proposed

system, has an improvement of up to 49% with variable positioning system error variance in different sim-
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ulation scenarios. The NN performance was studied with different user mobility levels and different prior
room probabilities. In addition, when the NN miss-classifies the target room, it identifies one of the neigh-

boring rooms instead with at least 30% probability.

The improved localization system based on trajectory similarity matches the low-accuracy version of the
queried user movement trajectory to the set of anonymous trajectories tracked by the smart building FC
and find the closest one. Identifying the corresponding high-accuracy trajectory, the improved system will
be able to provide accurate user location information up to the room level. For this system, three different
trajectory similarity measures were investigated in two different layouts. Through matching trajectories, the
combined system is able to provide indoor location information at the room level with accuracy up to 75%

for the PS system localization errors up to 10m for trajectory time frames of 2 minutes.



Chapter 7
Conclusions

This dissertation investigated the application of sensor fusion techniques to two main problems in wire-
less communications: Automatic Modulation Classification (AMC) and indoor localization and mapping.
For both problems, we proposed novel algorithms for combining measurements from individual sensors,
whether the sensors were at different locations, or within a single node. We conclude the dissertation by

summarizing our findings.

Sensor Fusion for Automatic Modulation Classification

We proposed a collaborative Maximum Likelihood (ML) cumulants-based modulation classification frame-
work as a means to improve the performance of a single node. In order to provide a comprehensive and
a tractable analysis of the performance of the collaborative algorithm, we first re-visited the performance
of a single-node ML cumulants-based modulation classifier and provided a comprehensive analysis of its
performance in terms of the probability of correct classification in different scenarios. The analysis was
next extended to the collaborative classification framework. We presented theoretical analysis and extensive
simulations that demonstrated how the collaborative framework improves the overall performance, even for
extreme cases when any of the cooperating nodes is receiving signals with much lower SN R. We also

demonstrated the validity of the proposed collaborative algorithm for the case of correlated sensor signals.

Indoor Localization and Mapping

In the second part of the dissertation we sought to address three questions. Here are our findings for those

questions:

98
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How can smartphone sensor information be fused to track movement trajectories within

buildings?

We proposed an improved algorithm for pedestrian GraphSLAM using smartphones-based PDR measure-
ments. We proposed two techniques to overcome the drift errors in the heading direction measurements
acquired through the smartphone gyroscope and magnetometer: (1) heading direction calibration algorithm,
and (2) a pre-processing heading detection stage for the GraphSLAM algorithm. We presented a model for
displacement measurement errors based on combining error models of the step-length estimation and the
heading direction estimation. We used the proposed techniques in real-world experiments through iPhone
7 devices to collect measurements from smartphone sensors and estimate movement trajectories within an
academic building. Experiments illustrated that the improved pedestrian GraphSLAM is able to provide
high accuracy movement trajectory estimates that overcome the trajectory rotation problem, and closely

match the true ones (typically within 1m of accuracy).

How can smartphones’ sensor information within the same environment be fused to provide

better trajectory estimates for their users?

We proposed a novel multiple-user GraphSLAM algorithm using BLE RSS measurements between smart-
phones within close proximity as an alternative to loop closures and landmark detection. In order to exploit
BLE RSS measurements within the pedestrian GraphSLAM algorithm, we investigated the BLE RSS mea-
surements between iPhone 7 devices collected though an iPhone app that we developed specifically for the
purpose of this research. Hence, we proposed a new technique for extracting relative distance information
between two smartphone devices based on BLE RSS, rather than absolute distance values. The relative
distances between smartphones in close proximity are used as constraints to the GraphSLAM optimization
problem. Experiments conducted within an academic building between two users walking through inter-
secting trajectories illustrated that the proposed collaborative algorithm provided high accurate estimates of

movement trajectories without loop closures or landmark detection.

How can movement trajectories be used for localization?

In the final part of this dissertation we proposed novel indoor localization algorithms based on movement
trajectories to provide high accuracy position estimates for indoor users up to the room level. Two frame-
works were proposed: Neural Networks as multi-class classifiers and trajectory similarity measures. We
presented analysis and simulations for both frameworks in different scenarios, where the efficiency of both

was validated.
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General Insights and Future directions

Through the work of this dissertation, we moved between two very interesting problems in wireless com-
munications, and from a mainly theoretical framework of the modulation classification problem to a very
practical treatment of the indoor localization problem. Each problem presented its own unique set of chal-

lenges that required different approaches to provide efficient solutions.

While modulation classification is a well-established field, application of sensor fusion algorithms is very
promising in providing reliable and consistent classification performance. Implementing sensor fusion with
advanced artificial intelligence and machine learning techniques will provide much powerful solutions to
the problem. Machine learning approaches can also be an attractive approach to the indoor localization
problem. Smart and novel ways to leverage the diversity of sensors embedded in smartphones are needed
to provide more efficient and accurate solutions to the indoor localization problem. Extensions to the work
presented in this dissertation in the field of tracking movement trajectories also include what we may refer
to as map fusion. Topological maps resulting from tracking users’ movement trajectories can be combined
to build unified maps of building layout. Smart map fusion techniques are needed for matching, especially

for overlapping maps.

Finally, the study of computational requirements for the proposed trajectory tracking algorithms to be im-
plemented on smartphones in real-time is a promising area of future research. Development of real-time ap-
plications to run on smartphones for simultaneous localization and mapping is the next step in smartphones-
based SLAM approaches.
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Appendix A

Equations for High-order moments and cumulants

Based on (2.1)) and (2.2) presented in [|65,90], equations for calculating even-order moments and cumulants

up to the 8"-order are presented in the following. For symmetrically distributed random processes, as the
digital modulation schemes of interest, odd-order moments and cumulants are equal to zero. For real-valued
modulations:

Cy = Mo, Cg = Mg — 15M Mo + 30M§’, AD

Cy = My —3M3, Cg = Mg — 28MgMy — 35M3 + 420M4 M3 — 630M3, '
and the corresponding high-order moments:

My = Co, Mg = Cg + 15C,Cy + 15C3,

2 2 6 6 1 204 + 2 (A2)

My = Cy+3C2%, Mg = Cs+ 28C2Cq + 210C,C2 + 3502 4 105C5.

For complex-valued modulation schemes, i.e. QAM and PSK, Cy = Myy = 0. High-order cumulants are

presented as:

Coo = Mo = 0, Cyo = My,

Co1 = Moy, Caz = Myo — 2M3,,

Ceo = Mo, Cso = Mgy — 35M3,, (A.3)
Ce1 = Mg1 — 5Mo1 My, Cgo = Mgg — 12Mg Moy — 15MaoMyo + 60Mag M,

Ce2 = Mgz — 8 My Moy, Csa = Mgs — 16Mg3 Moy — | Myg|*—18M,

Ce3 = Mgz — IM oMoy + 1203, +144 My M3, — 144 M3,
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and the corresponding high-order moments:

Mg = Cop =0,
My = Coy,
Mgy = Ceo,

Mg = Ce1 4 5C21 Cyp,
Meo = Ce2 + 8C'41Coy,
Mgz = Cg3 + 9C42Co1 + 6C3y

Mo = Cy,

Myo = Cyo +2C3,

Mg = Cso + 35C%,,

Mgy = Csa + 12C61C1 + 15C49Ca2 + 30C419C3,,

Mgy = Cgy + 16Cg3Ca1 + |Cuo|?+18C3,
+72C42C3, + 24C4, .

(A4)



Appendix B

Parameters of Large Sample Estimates of Cumulants

The following calculations follow the approach presented in Swami et al. [|65].

B.1 Second-order Cumulants

Based on (2.7) and the relations presented in the expected values and the variances of the
2nd_order cumulants, both real- and complex-valued, can be calculated as:
B[] = Var[Go] = (Ci+203) /N,
E [(520} — Cyo, Var |:CA'20} = (Cua +2C3) /N, (B.1)
E [ Agl} = 021, V(ZT [ 21} == (042 + 0220 + 0221) /N

A~

B.2 Fourth-order Cumulants

B.2.1 Real-Valued Modulation Schemes

From li the expected value of the 4/"-order cumulant Cy of real-valued modulation schemes can be
calculated as:

E[C4]) = E[My] — 3E[M3], (B.2)

104



105

where,

E[M4] = My,

B = Bl(= 546 (= 3 y(i)?

V3] = Ellyy 3 000) )(N];y(ﬁ )
I T I L AP
— ﬁE[; y (i) +Z§1]§1y(1) y(4)”] (B.3)

i

_ %[NE[ML] + N(N — 1)(E[Ms))?]
= M+ (N = )M,

Through substituting from (B.3) in (B-2) and substituting the values of M and M from (A2):

A N -3 6
E =|— — —C3 B4
c1- (M) e g, B4
which is the asymptotic mean of Cy. The variance of Cy is:

Var[Cy] = Var[My) + 9 Var[M3] — 6 Co Var[M4M3) (B.5)

where

Var[My] = %[Mg — M3, (B.6)

R 1N
EMy] = E[(ﬁ ;y(l)z)ﬂ
1 ‘N . NN ) N N , .
= a By +330 5 y(@) ()" +4 30 3 y(@)y())
=1 1=175=1 1=1j5=1
J#i J#
N N N 9 9 4 N N N N 9 9 9 9
+6 >0 > > @) yG) yk) + 32 >0 > >0 y()*y(i)y(k)*y(m)?]
S48 S
ji ki j#i k#i mEi
e ki (B.7)
1 3(N—-1)_ , 4(N-1) 6(N —1)(N—-2)
(N-=1)(N—-2)(N-3). ,
1 N3 M27
E[M3] = N[M4 + (N —1)M3] from (B3),
- 1 2N —3 AN — 4 4AN? — 16N + 12
VLW‘[M%] = ﬁMg + TMQQ + TMmMﬁ N3 M4M22

—4N? +10N -6 ,
+ N3 M,
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and
CoVar[MyM3] = E[MyM3] — E[M,]E[M3]
NN 1N 1 XN
EOLNG] =Bl Ly 3 v0))
i=1 j=1
N g NN o
= 3By + 30 3 y(0) ()
i=1 i=1j=1
J#i
N 6,2 L & & 4, (N2 (N2
+2 50 > y@)P ()7 + X0 >0 > v(@) () ()7
i=1j=1 i=17=1k=1 (B.8)
j#i j#i k#i
| N_1) ., N1 (N — 1)(N —2)
_ WMS TME + TMGMQ + e M4M22,
E[M4] - M47
N 1
E[M3] = y[Ma+ (N —1)M3]  from (B3),
N 1 ~1 2N —1) —2N +2
CO VGT[M4M22] = WMB + WME =+ TM(}MQ =+ TM4M22
From (B.6}{B-8) into (B.3), the variance of the sample estimate of Cy can be expressed as:
Var[Cy] = AMg + BM} + C Mg + DMyM3 + EMjyMsg, (B.9)
where )
N2 _
A - 6N +9,
N3
_ —N?+24N —27
B = N3 ,
—36N% + 90N — 54
c = = , (B.10)
_ 48N? — 156N + 108
D = N3 ,
—12N?% 4+ 48N — 36
E = e .

Substituting for the values of M, My, Mg and Mg from (A.2) into (B.9), the variance of the sample estimate

of C4 can be expressed as a function of C'y which corresponds to the average signal energy:

Var[é4] =mg+mi1Cy + m2022 + m4C§, (B.11)
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where
mo = ACs + [354 + B|C%,
m1 = [284 + E]Cs,
mg = [210A+ 6B + D + 15E]Cy,
my =105A+9B+ C + 3D + 15F

(B.12)
For constant modulus modulation schemes, i.e. BPSK, where y(n) = =a, all the moments in are
equal: Mg = M? = M3 = M,;M2 = MsMg = a®, without noise added to the signal. In this case:

Var[Cy] = Mg[A+ B+ C + D + E] = 0; (B.13)

B.2.2 Complex-Valued Modulation Schemes
From 1| the expected value of C42 can be calculated as:
E[Cu] = E[Mao) — 2B([M], (B.14)

Following the same procedure as the parameters of the 4‘"-order cumulant Cy of real-valued modulation

schemes, the asymptotic mean of C’42 is expressed as:

. N -2 2
E[Cyp] = (N > Caz — NCQQI, (B.15)
The variance of 6'42 is:
Var[é’42] = Var[M42] +4 Var[M%l] —4Co Var[M42M221] (B.16)

Following the same approach in (B.6)-(B.8)), the variance of the sample estimate of Cj» is expressed as:
Var[Cua) = F Mgy + GM3, + HMy, + IMyo M3, + J Moy My (B.17)

where
N2 —4AN + 4
N3 ’
—N2 4+ 12N —12
N3 ’

_ 2 —
_ 16N* + 40N — 24 (B.18)

N3 ’
24N2 — 72N + 48
N3 ’
—8N?2 4+ 24N — 16
N3 '

o QM
Il

~
Il
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Substituting for the values of Mg4, Maa, Mo and Me3 from (A.4) into (B.I7), the variance of the sample

estimate of Cyo can be expressed as a function of C2; which corresponds to the average signal energy:
Var(Cuo] = po + p1Ca1 + paCiy + paCiy (B.19)

where
po = FCsy + F|Cyo|*+[18F + G]C3,,

P11 = [16F+J]C@3,
p2 = [12F + 4G + I + 9J]Cyo,
pys =24F +4G + H + 21 4+ 6.J.

(B.20)

For constant modulus modulation schemes, i.e. QPSK, where y(n) = +a + ja, all the moments terms in
are equal: Mgy = M2, = M3, = MyosM3 = Moy Mgz = (2a)®, without noise added to the signal.
In this case:

Var[Cya] = Mgy[F + G + H + I + J] = 0; (B.21)
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