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Abstract

Pedestrian navigation in body-worn devices is usually based on global navigation

satellite systems (gnss), which is a sufficient solution in most outdoor applica-

tions. Pedestrian navigation indoors is much more challenging. Further, gnss
does not provide any specific information about the gait style or how the device

is carried. This thesis presents three contributions for how to learn human gait

parameters for improved dead-reckoning indoors, and to classify the gait style

and how the device is carried, all supported with extensive test data.

The first contribution of this thesis is a novel approach to support pedestrian

navigation in situations when gnss is not available. A novel filtering approach,

based on a multi-rate Kalman filter bank, is employed to learn the human gait

parameters when gnss is available using data from an inertial measurement unit

(imu). In a typical indoor-outdoor navigation application, the gait parameters

are learned outdoors and then used to improve the pedestrian navigation indoors

using dead-reckoning methods. The performance of the proposed method is eval-

uated with both simulated and experimental data.

Secondly, an approach for estimating a unique gait signature from the inertial

measurements provided by imu-equipped handheld devices is proposed. The

gait signatures, defined as one full cycle of the human gait, are obtained for mul-

tiple human motion modes and device carrying poses. Then, a parametric model

of each signature, using Fourier series expansion, is computed. This provides a

low-dimensional feature vector that can be used in medical diagnosis of certain

physical or neurological diseases, or for a generic classification service outlined

below.

The third contribution concerns joint motion mode and device pose classifi-

cation using the set of features described above. The features are extracted from

the received imu gait measurement and the computed gait signature. A classifi-

cation framework is presented which includes standard classifiers, e.g. Gaussian

process and neural network, with an additional smoothing stage based on hidden

Markov model.

There seems to be a lack of publicly available data sets in these kind of ap-

plications. The extensive datasets developed in this work, primarily for per-

formance evaluation, have been documented and published separately. In the

largest dataset, several users with four body-worn devices and 17 body-mounted

imus performed a large number of repetitive experiments, with special attention

to get well annotated data with ground truth position, motion mode and device

pose.
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Populärvetenskaplig sammanfattning

Våra smarta mobiler och klockor har idag sensorer som håller koll på var vi är

och hur vi rör oss. Satellit-baserade positioneringssystem ger positionen där vi

är, och förflyttningshastighet ger tillsammans med mätningar från acceleromet-

rar information om hur vi rör oss (går, springer, cyklar, åker motorfordon). Detta

finns idag inbyggt i mjukvaran. En svaghet i dagens lösningar är att positione-

ringen slutar fungera inomhus och överallt dit de svaga satellitsignalerna inte

når oss. En möjlighet är att använda mer sofistikerade algoritmer för att analyse-

ra vår gångstil för både medicinska tillämpningar och som en service till andra

applikationer.

I ett första bidrag presenteras en metod för hur man kan lära sig steglängd

och hur tungt man sätter ner fötterna under perioder man går utomhus och har

tillgång till satellitnavigering. Dessa parametrar kan sedan användas inomhus

för att räkna antal steg med hjälp av accelerometrar. Tillsammans med gyroskop

och magnetometrar, som också finns i de flesta smarta telefoner, kan man med

s.k. dödräkning bestämma hur man gått inomhus med en betydligt mindre drift

över tiden jämfört med konventionell dödräkning där man inte tar hänsyn till

individuella gångstils-parametrar.

I ett andra bidrag studeras hur gångstilen kan karaktäriseras på detaljnivå.

Detta görs genom att studera steg för steg hur accelerometer-signalen varierar i

stegcykeln. Med Fourieranalysteknik kan man beskriva en individuell gångstill

med några tiotal parametrar och från dessa dra slutsatser om hur personen rör

sig (går, joggar eller springer), var telefonen är placerad (i handen, i fickan, i

en väska eller ryggsäck). Det tredje bidraget använder dessa parametrar för att

jämföra ett antal moderna maskininlärningsmetoder för att klassificera gångstil

och var telefonen är belägen på kroppen. I framtida bidrag kan dessa parametrar

korreleras mot olika skador eller neurologiska sjukdomar som ger upphov till

hälta eller andra asymmetrier i gångstilen för medicinsk diagnostik.

vii





Acknowledgments

The five-year PhD journey, with all its ups and downs is coming to an end. It has

been an enjoyable experience with endless learning opportunities yet challenging

surprises along the way. Luckily, I haven’t been alone during the whole journey

and have had the chance to meet many people who helped me along the way. The

least I can do is to take this opportunity to thank them for all their supports.

Typically, in dissertation theses, the main supervisors are acknowledged first.

I would also like to do that but not to follow the crowd but since I genuinely

believe that Fredrik Gustafsson is the one with the highest impact factor in this

chapter of my life. It might be expected that a supervisor has inspiring ideas. Of

course, that holds for Fredrik too, but what I most appreciate is his endless sup-

port and reassuring words during this time particularly when the things weren’t

going the way they should have gone! Thanks Fredrik!

Through my doctoral studies, I became privileged to have Gustaf Hendeby

as my co-supervisor. Besides being a diligent supervisor, able to motivate me

to success, he has also been a great friend. Thanks Gustaf for the many hours

that you devoted to the questions, concerns, stressful situations and basically

everything that I brought to you.

I also would like to thank Martin Enqvist, Svante Gunnarsson and Ninna

Stensgård for providing us an extraordinary work place. Automatic Control has

an impeccable environment and this would not be possible without great col-

leagues. Thank you all for making such a friendly and amazing atmosphere at

work. I also would like to gratefully acknowledge the European Union FP7 Marie

Curie training program on Tracking in Complex Sensor Systems (TRAX) and the

Swedish Research Council project Scalable Kalman Filter for the financial sup-

port.

Special thanks also go to the proofreading gang, Kamiar Radnosrati, Erik Hed-

berg, Du Ho, Shervin Parvini Ahmadi, it goes without saying how grateful I am

for your comments and time.

A big thanks to my amazing friends, I cannot express how much grateful I am

for having you in my life to share both the good moments and bad. Thanks for

all of the support you have given me!

Mom, Dad, I always appreciate your endless love and your support through-

out my life. Thank you for believing in me and keeping me focused on my goals

even when we live miles apart. You know how much I love you! Pedi, you are the

best brother ever, thanks for bringing so much fun into our life!

Here I am again, the toughest one for last. Thank you Kamiar, life cannot

get any better when you are around. Definitely, I could not have come this far

without you and all your support! I am so looking forward to beginning a new

chapter of our life together! Love you!

Linköping, August 2019
Parinaz Kasebzadeh

ix





Contents

Notation xv

1 Introduction 1
1.1 Motivation and Background . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Pedestrian Dead Reckoning Positioning . . . . . . . . . . . . . . . . 3

1.3 Motion and Device Mode Classification . . . . . . . . . . . . . . . . 5

1.3.1 Asynchronous Averaging of Gait Cycles . . . . . . . . . . . 8

1.3.2 Joint Pedestrian Motion State and Device Pose Classification 9

1.4 Contributions and Publications . . . . . . . . . . . . . . . . . . . . 10

1.5 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

I Background

2 Pedestrian Dead Reckoning Positioning 17
2.1 Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.1.1 Inertial Measurements . . . . . . . . . . . . . . . . . . . . . 18

2.1.2 Supporting Measurements . . . . . . . . . . . . . . . . . . . 20

2.1.3 Sensor Fusion . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2 Model Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.3 State-Space Estimation . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.3.1 Stochastic State Space Models . . . . . . . . . . . . . . . . . 23

2.3.2 State Estimation . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.3.3 Kalman Filter . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.3.4 Extended Kalman Filter . . . . . . . . . . . . . . . . . . . . 28

2.3.5 Rauch-Tung-Striebel Smoother . . . . . . . . . . . . . . . . 30

2.3.6 Extended Rauch-Tung-Striebel Smoother . . . . . . . . . . . 30

2.4 Hidden Markov Model . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3 Statistical Machine Learning 33
3.1 Basic Concepts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.2 Classification Methods . . . . . . . . . . . . . . . . . . . . . . . . . 34

xi



xii Contents

3.2.1 Weighted K-Nearest Neighbor . . . . . . . . . . . . . . . . . 35

3.2.2 Gaussian Process . . . . . . . . . . . . . . . . . . . . . . . . 36

3.2.3 Feed Forward Neural Network . . . . . . . . . . . . . . . . 38

3.3 Temporally Correlated Classes . . . . . . . . . . . . . . . . . . . . . 41

3.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

II Applications

4 Gait Parameter Estimation 45
4.1 Pedestrian Odometry . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.1.1 Extended Pedestrian Odometric Model . . . . . . . . . . . . 46

4.1.2 Horizontal Model . . . . . . . . . . . . . . . . . . . . . . . . 47

4.2 Step Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.2.1 Step Detection Algorithm . . . . . . . . . . . . . . . . . . . 52

4.2.2 Step Length Estimation . . . . . . . . . . . . . . . . . . . . . 54

4.3 Filter Bank . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.3.1 Offline Kalman Filter Bank . . . . . . . . . . . . . . . . . . . 57

4.3.2 Online Kalman Filter Bank . . . . . . . . . . . . . . . . . . . 59

4.4 Dead Reckoning in Different Environments . . . . . . . . . . . . . 59

4.4.1 Simulated Environment . . . . . . . . . . . . . . . . . . . . 62

4.4.2 Real Environment . . . . . . . . . . . . . . . . . . . . . . . . 63

4.4.3 Data Collection . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.4.4 Standing Still Detection . . . . . . . . . . . . . . . . . . . . 72

4.4.5 Motion Mode Classification Using HMM . . . . . . . . . . . 74

4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5 IMU Dataset For Motion and Device Mode 77
5.1 Experiment Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.1.1 Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.1.2 Scenarios . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.1.3 Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.2 Available Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.2.1 Collected Data . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.2.2 Ground Truth . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.2.3 Acquire Data . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.3 Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.3.1 Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . 86

5.3.2 Classification . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

6 Asynchronous Averaging of Gait Cycles 95
6.1 Problem Formulation and Notation . . . . . . . . . . . . . . . . . . 96

6.2 Optimal Segmentation of Gait Cycles . . . . . . . . . . . . . . . . . 97

6.2.1 Solution for Optimization Problem . . . . . . . . . . . . . . 98

6.2.2 Classical Gait Segmentation . . . . . . . . . . . . . . . . . . 99

6.3 Data Reduction with Fourier Series . . . . . . . . . . . . . . . . . . 100



Contents xiii

6.4 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . 103

6.4.1 Data Description . . . . . . . . . . . . . . . . . . . . . . . . 103

6.4.2 Performance Evaluation . . . . . . . . . . . . . . . . . . . . 104

6.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

7 Joint Pedestrian Motion State and Device Pose Classification 113
7.1 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . 113

7.1.1 Gait Segmentation . . . . . . . . . . . . . . . . . . . . . . . 114

7.1.2 Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . 116

7.1.3 Generating the Dataset . . . . . . . . . . . . . . . . . . . . . 118

7.2 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . 118

7.2.1 Coarse Classification . . . . . . . . . . . . . . . . . . . . . . 119

7.2.2 Fine Classification . . . . . . . . . . . . . . . . . . . . . . . . 121

7.3 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

III Conclusion and Future Work

8 Summary and Future Work 129
8.1 Summary of Contribution . . . . . . . . . . . . . . . . . . . . . . . 129

8.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

Bibliography 133





Notation

Abbreviation

Abbreviation Meaning

ct Coordinated turn

cv Constant velocity

ekf Extended Kalman filter

ertss Extended Rauch-Tung-Striebel smoother

gnss Global Navigation Satellite System

gp Gaussian process

hmm Hidden Markov model

ips Indoor positioning system

imu Inertial measurement unit

ins Inertial navigation system

imm Interacting multiple model

kf Kalman filter

knn K-nearest neighbor

lse Least squares estimator

lte Long-term evolution

los Line of sight

mle Maximum likelihood estimator

mems Micro-machined electromechanical systems

pdr Pedestrian dead reckoning

pns Pedestrian Navigation System

rss Received signal strength

rtss Rauch-Tung-Striebel smoother

ssm State-space model

xv





Notation xvii

Mathematical Style

Notation Meaning

z Scalar parameter or variable

z Parameter or variable vector

Z Parameter or variable matrix

Symbols and operations

Notation Meaning

xk State vector at time k
x1:k Set of states from time 1 to k
uk Known input vector at time k
yk Measurements at time k
y1:k Set of measurements from time 1 to k
fk( · ) State update equation at time k
hk( · ) Measurement equation at time k
x̂k|k State estimate at time k given measurements up to and

including time k
Pk|k State covariance at time k given measurements up to

and including time k
θ̂ Parameter estimate

N (μ,Σ) Gaussian distribution with mean μ and covariance Σ
argmax Maximizing argument

argmin Minimizing argument

| · | Euclidean norm of a vector

|| · || L2 norm
p(a | b) Conditional pdf of stochastic variable
Cov( · ) Covariance

E( · ) Expected value

R Set of real numbers

sn Sample times of IMU

M Number of gait cycles

tm Step time for m:th gait cycle

τ Normalized time τ ∈ [0, 1)
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Ĝ[l] Fourier series expansion of ḡ(τ)
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1
Introduction

Locating a mobile user with a pedestrian navigation system (pns), specifically
when direct measurement of the position is not always available, relies on infer-

ring orientation and position from other sources of information. For example,

short range radio network positioning systems which typically rely on the rang-

ing measurements and signal strength have been utilized in many studies. These

systems are infrastructure-based, require an accurate radio map of the environ-

ment and rely on a large number of beacon nodes.

Emerging cheap and light-weight sensors have increased the importance of

applications enabled by pns. Consequently, alternative solutions that could ad-

dress the existing problems are proposed in the literature. Such applications

include, but are not limited to, pure navigation and guidance tools, healthcare

assistance systems to infotainment applications, and more generally in location

based services.

The pedestrian dead reckoning (pdr) principle is an alternative pns solution,
which relies on a small number of sensors being carried by the mobile user. pdr
attains position and orientation information from sensory data by detecting when

the human makes steps and how the direction changes between footsteps. The

performance of pdr algorithms is highly dependent on the accuracy of such hu-

man gait information.

Various systems and algorithms for pnss have been introduced in the litera-

ture. Comparing them shows that pdr using inertial measurement units (imus)
has attracted the most interest as it imposes no extra cost and does not rely on

additional infrastructure. Besides the large class of imu-based systems, there are

also other approaches that use other sensors such as e.g. electronic pedometers.

pnss can be generally classified based on the location of the installed sen-

sors. Since body-fixed systems require extra devices to be produced andmounted,

hand-held devices gain more interest thanks to the rapid development of smart-

1



2 1 Introduction

phones.

In this thesis, we investigate the modeling and estimation problem for pedes-

trian positioning applications using smartphones. The information obtained

from the mobile user can be interpreted as inputs to a gait model which is a

function of the user’s motion pattern as well as the physical attributes. The gait

model parameter estimation problem is investigated in this thesis. Given the

gait parameters, a filtering solution is employed to process the gait model and

provide an estimate of the user’s location.

Improvements in the accuracy of gait modeling can be obtained by incorpo-

rating the user’s behavior into the model. Considering the user’s motion behavior

together with the device mode enables us to find a unique gait signature, which

represents one full cycle of the human gait. The gait signature, on one hand, al-

lows for adopting the gait model parameters properly. On the other hand, they

are also suitable for classification of the gait modes that is an interesting appli-

cation in itself. In this thesis, the joint classification problem based on inertial

sensor measurements using multiple machine learning algorithms and a feed-

forward neural network is studied.

Part I of this thesis provides the basis for the work in Part II, in which four

applications are presented and further studied. The motivation and background

of this thesis is introduced in Section 1.1. The considered applications are briefly

introduced in Section 1.2 and 1.3. Section 1.4 presents the author’s contributions

followed by the outline of the thesis given in Section 1.5.

1.1 Motivation and Background

Micro-electromechanical system (mems) technology is typically used in imu sen-

sors such as accelerometers and gyroscopes. mems technology allows for very

light, cheap, and small components with low power consumption making it pos-

sible to integrate imus in many portable devices trivially. Hence, imus are em-

bedded in most smart devices, such as smartphones, smartwatches, and virtual

reality headsets.

Pedestrian navigation, motion capture, and bio-mechanical analysis are ex-

amples of application areas in which imus are used to estimate the movement or

track the human motions by using the orientation and position information [20,

24, 80, 92]. Pedestrians motion prediction is also crucial in autonomous vehicles

to make them aware of other agents’ intentions. The author in [15], uses iner-

tial measurements together with other sources of information for modeling and

predicting pedestrians behavior in real-world scenarios.

In navigation applications, global positioning system (gps) has been the con-

ventional solution. However, the reliability of gps is limited in multiple condi-

tions such as indoors, outdoors with bad weather conditions or urban areas in

which the gps signal is not accessible or has very poor quality. Consequently,

pedestrian navigation using imus in pns has become a popular and reliable solu-

tion in which no extra infrastructure is required.

In general, pnss using imus are categorized based on the sensor placement.
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Figure 1.1: Dead reckoning illustration. Attain position and orientation in-

formation by integrating the accelerometer and gyroscope measurements.

Hand-held [61, 92, 94, 102], foot-mounted [13, 63], and waist-mounted [5, 58] are

the most popular categories that have been considered in the literature. While

assuming sensors rigidly attached to different parts of the body relaxes some

existing challenges by making the signal pattern more predictable, real-world

applications of such systems are extremely limited. Hence, imus embedded in

smartphones have gained the most interests in pedestrian positioning applica-

tions [24, 52, 91].

Improving the accuracy of parameter estimation requires careful modeling.

Moreover, the orientation and position of the smartphone, the so called device

mode, should be considered. Device and gait mode recognition using imus signal
would provide very useful device mode information for estimating gait parame-

ters accurately.

In this thesis, we use measurements collected by sensors and receivers avail-

able in most recent smartphones. These measurements are used in different ap-
plications. The motivation and background theory for the first and second appli-

cation are previously published by the author in [48] and in [49]. The third and

fourth application are submitted to [50] and [51].

1.2 Pedestrian Dead Reckoning Positioning

imus consist of several sensors of which a three-axis accelerometer and a three-

axis gyroscope are typically used in pedestrian positioning algorithms. The gyro-

scope measures angular velocity, and the integration of angular velocity provides

orientation information. The earth’s gravity and acceleration of the sensor are

the quantities measured by accelerometers. Twice integrating acceleration gives

the sensor position if the earth’s gravity is first properly removed. For remov-

ing the earth’s gravity, the orientation of the device needs to be known a priori.

Hence, the first step in position estimation via inertial system is orientation esti-

mation. Figure 1.1 provides a schematic illustration of the inertial navigation pro-

cess to attain orientation and position information from inertial sensors, called

dead reckoning (dr).
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Figure 1.2: Indoor positioning using smartphone. By courtesy of Senion [2].

pdr uses the dr principle in pedestrian navigation system to locate the mo-

bile user in outdoor and/or indoor environments. The pdr algorithms are used

to identify when the user takes steps and how the direction changes among the

taken steps. Considerable research is conducted on the subject of using imu sig-

nals for pdr [11, 25, 41, 43, 105]. The step detection problem is typically solved

by thresholding techniques, where e.g. the norm of the accelerometer is filtered

first and then thresholded [18, 48, 67]. These algorithms use accelerometers to

estimate gait parameters such as the step length and the number of steps, and the

gyroscopes to define the heading. The authors in [104] investigate the pdr using
pocket-worn smart phones. Figure 1.2 is an illustration of a smartphone using

imus, and more sensors, for positioning purposes.

Although imus provide accurate motion estimates for short time duration

since they have very high sampling rate, they are not self-contained navigation

systems and the positioning error drifts over time. Therefore, an imu algorithm

requires supporting measurement to provide accurate estimate of position. In

this thesis, whenever the gps signal is available, the additional information is

fused with imu measurements to improve the estimated pose. More details are

presented in Chapter 4.

In order to estimate the gait parameters, it is essential to detect step occur-

rences and the length of each step. These gait characteristics depend on the walk-

ing behavior and the individual’s physical attributes. Moreover, even the same

person does not have a unique gait under all conditions. Hence, step length is a

time-varying property which depends on the speed and frequency of steps. Step
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detection in pdr typically relies on zero velocity update (ZUPT) for the lower-

bodymounted imus, e.g. foot-mounted applications [67, 86, 101]. ZUPT assumes

that when the foot is at rest, at least for a short while in each stance, the bias in

the gyroscope and the accelerometer can be directly observed, hence compen-

sated for. The elimination of the bias allows the use of dead-reckoning principles

to integrate acceleration and angular rate into a precise trajectory.

However, extra care must be taken when dealing with upper-body sensors.

The upper-body mounted or hand-held imus might report continuous or unex-

pected motion while the sensors in the lower body capture the foot at rest behav-

ior. Hence, instead of finding zero velocity periods as with ZUPT, step detection

in pdr normally relies on thresholding based peak detection [46, 78]. Using a

fixed threshold typically leads to systematic errors for people heavier or lighter

than the test subjects the threshold was designed for. In addition to this system-

atic error, there are also false positive and negative step detections on the test

subjects themselves. To take this relation into consideration, a few parameters

such as height and weight should be calibrated before beginning measurement

and performing gait parameter estimation. Previous studies on this problem, use

constant pre-learned parameters in their models. For instance, in [85], the step

frequency and variation of the acceleration is considered with a pre-learned con-

stant parameter. For online step length estimation, a linear relation between the

measured frequency of steps and a pre-learned constant parameter is introduced

in [57]. In a recent study, the authors in [30] use machine learning approaches

such as Gaussian process and neural networks to estimate the user’s velocity from

imu measurements collected from devices placed in the pocket. More details

about these systems will be presented in Section 4.2.

In Chapter 4, a filtering approach is proposed that can learn gait parameters

of the pdr algorithm including the step detection threshold and step length. The

proposed approach utilizes a multi-rate Kalman filter bank that estimates the gait

parameters when position measurements from gps are available. This method

improves the pdr in time intervals when gps position estimates are unavailable.

An example of this use case is moving from outdoors, with good gps coverage, to
indoors where gps is unavailable.

Step length is one important gait parameter, which requires occasional abso-

lute position measurements such as GPS to be accurately estimated. In the next

subsection, it is discussed how some other gait parameters can be extracted, even

completely without any position information.

1.3 Motion and Device Mode Classification

The main purpose of a pns is to obtain a reliable and accurate position estimate,

however there are certain metadata which can provide extra information in itself.

In this application, the problem of classifying the gait mode (walking, standing

still, running) and the device mode (hand-held in view, hand-held in swinging

hand, in front/back pocket, and in a backpack) is studied.

Gait analysis and activity monitoring are among the most informative fea-
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tures to be considered in location analysis such as collapse detection, monitoring

athletes’ activity, balance control evaluation, animal activity tracking, pedestrian

navigation, etc. Typically, all these applications rely on imu sensors to log the

activity information [3, 21, 22, 100]. Lack of accuracy in gait detection will lead

to inaccurate step count and inaccurate estimated step length which in turn will

provide a pedestrian position estimate with large bias. One source of information

that is beneficial for accurate position estimation or activity analysis is the knowl-

edge of gait mode and device mode that is typically acquired from accelerometer

and gyroscope sensor reading [11, 43, 58, 65].

The gait mode is an essential feature in healthcare and sport applications. In

addition, the gait mode can choose a set of appropriate internal parameters in

the pns, such as step detection thresholds and step length [48]. In outdoor ap-

plications, for example an energy demanding gps fix can be attained. Here, the

objective is to know whether the user is walking, standing still or running. The

same compromises about using extra information sources from infrastructure can

be applied to indoor pns. For certain personnel such as rangers and guards, run-

ning might show danger and a sudden and unexpected stand still can indicate an

accident. In both cases, officers can be automatically alerted.

Gait mode classification using body mounted or wearable imus is an attrac-

tive area for many researchers [23, 77, 80]. A hidden Markov model (hmm)
based method using chest-mounted imus for gait analysis and activity classifica-

tion is proposed in [68]. Portable devices already equipped with imus such as

smartphones, tablets, or smartwatch, however, attract more interests for activ-

ity recognition [21, 26, 27, 29]. For a thorough survey of the existing results on

recognition of various gait modes see [27].

The device mode is important for the performance gait parameters estimation

and design of a pns [55, 96]. For instance, one assumption is that the device is

rigidity attached to a foot [13, 31, 63]. Other assumptions are that the imu is

fixed on the waist instead of the foot [5, 58], located in the front pocket [89],

carried horizontally in hand [35], or carried in hand not necessarily horizon-

tally [61, 92, 94, 102]. The measured accelerometer and gyroscope magnitudes

are considered for classifying four different smartphone modes in [55] and the

86% classification accuracy is reported. Machine learning approaches have been

considered to identify the activity mode and device placement simultaneously

in [102] in which various frequency and time domain features are extracted to

create the model that fits the data best. The classification rate is evaluated based

on the device pose irrespective of the motion activities.

Classification of multiple motion modes can be one step forward into more

realistic situations in which the smartphone is permitted to switch arbitrarily be-

tween different device modes, as normal users operate their smartphones. Few

studies in the literature are performed in relation to the classification of both

motion and device modes. The classifier presented in [70] is based on magnetic

field and acceleration data which is recorded with a hand-held device. The au-

thors in [90] investigate walking pattern and standing still motion modes. The

study is extended by including the running mode in [102]. The motion mode

classification is further investigated in [26, 27, 76, 91].
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Figure 1.3: Photo from measurement campaign. Activity recognition, the

subject is running while carrying four smartphones in swinging hand, in her

front and back pocket, and also in her backpack.

The benefits of the mode classification for pns can be explained as follows.

The key design parameters contain the step length and the step detection thresh-

old estimation when the magnitude of the measured acceleration is considered

to be caused by a step. Both of these depend on the motion mode. Typically, the

smaller the step length the smaller the threshold needs to be. In fact, the device

mode can simplify the model further. For example, if the device is hand held flat,

the heading relating to the projection (rotation) to the horizontal plane (heading)

can be computed by just integrating the angular rate around the gravity vector. In

addition, accurate step detection, requires joint gait mode and device mode classi-

fication in order to get a proper threshold for the peak detection [41, 69, 102, 103].

An adaptive gait detection and step length estimation, based on walking speed

classification, is proposed in [41]. A weighted context-based step length estima-

tion algorithm using waist-mounted imus embedded in smartphone is proposed

in [65] which strives to classify six different pedestrian activities.

Chapter 5 presents an extensive data set in which several users contributed.

Different smartphones were carried in several ways, as well as imus mounted
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in a body suit. Figure 1.3 shows a subject while collecting data wearing a suit,

provided by Xsens, containing the imu sensors and carrying several smartphones.

More details about the extracted features and preliminary classification result are

presented in this chapter.

Learning these mode parameters is a completely separate problem from the

step length estimation problem in Section 1.2, still using the same imu data (but

no gps).

1.3.1 Asynchronous Averaging of Gait Cycles

Existing approaches for step detection and gait cycle segmentation, typically, rely

on measurements collected from hand-held devices such as smartphones that

are already equipped with imus [46, 59]. However, due to the large number of

affecting factors on the sensor readings, such as the user’s motion mode and the

device mode, these methods suffer from robustness issues and might collapse

if the underlying assumption is not satisfied. One solution to the problem is to

classify the mode of the system and use the additional information obtained from

this knowledge to robustify the algorithm.

imu signals also contain what will be referred to as the gait signature that is

caused by the steps we make when moving. Examples include bio-mechanical

analysis of limping patterns for diagnosis of certain diseases such as Parkinson’s

[20]. An approach for computing a unique gait signature using measurements

collected from imu is proposed in Chapter 6.

The gait signature as observed by the imu depends on both gait and device

modes and as such reveals a rich information source suitable for a variety of

applications. Our key contribution is a proposed algorithm for off-line analysis

of imu data during motion, with the following outline:

1. Gait segmentation using optimization to maximize similarity of the gait

cycles. This step might need initialization, and here classical step detection

algorithms can be used.

2. Estimation of the gait signature by averaging over the segments. This is

done on a normalized time scale, so small variations in step cycle times are

handled by resampling techniques.

3. Extraction of a low dimensional feature vector for the gait cycle using

Fourier series analysis on the estimated gait signature. This feature vector

includes physically explainable patterns.

Although the algorithm used for gait signature estimation is tailored for off-line
applications, on-line extensions are also plausible. Thus, the gait signature esti-

mation method can be used for either on-line classification, or off-line gait anal-

ysis. Figure 1.4 summarizes the gait segmentation approach introduced in Chap-

ter 6.
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Figure 1.4: The flow diagram of the gait signature extraction using norm of

pre-processed imu signals.

1.3.2 Joint Pedestrian Motion State and Device Pose
Classification

The joint classification problem, to the best of our knowledge, is rather an unex-

plored area with the exception of [102] in which machine learning approaches

such as multilayer perceptron (MLP) and support vector machine (SVM) have

been considered to identify the activity mode and device placement simultane-

ously. Various frequency and time domain features are extracted to create the

model that fits the data. The classification rate is evaluated based on the joint

device pose and the motion activities.

The main contribution of Chapter 7 is to shed a light on joint device mode and

activity mode classification using standard machine learning methods and more

advanced neural networks. The proposed method consists of four main building

blocks as presented in Figure 1.5. The extracted IMU measurements are first

pre-processed and then fed into the next block in which unique signatures for

each gait mode and device mode are extracted using a linear search optimization

algorithm [50].

The extracted signatures are then used to train classifiers for multi-class classi-

fication which completes the training phase of the proposed method. The perfor-

mance at this stage is evaluated using the trained classifier applied to the devel-

opment and test data. Finally, an additional hmm stage is applied on the coarse

estimated classes. In this application, the hidden states in the hmm block are

the activity modes and the device poses, i.e., the classes. The performance of the

proposed classification techniques will be compared to the algorithm suggested

in [102]. The classified gait cycles reveal which signature the current gait cycle

belongs to. This additional information can further be used for gait cycle tun-

ing. Consequently, step lengths can be estimated accurately, resulting in high

precision gait cycles. The final result, for example, can be a more accurate pdr
algorithm for pedestrian navigation purposes or activity analysis.
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Figure 1.5: Overview of the classification process for joint activity and smart-

phone mode recognition.

1.4 Contributions and Publications

The main contributions of this thesis are listed below.

1. Development of an extension of a pedestrian dead reckoning model. Some

parts of the contribution is published in the paper:

P. Kasebzadeh, C. Fritsche, G. Hendeby, F. Gunnarsson, F. Gustafsson.

Improved Pedestrian Dead Reckoning Positioning With Gait Param-

eter Learning. In Proceedings of the 19th International Conference on
Information Fusion, pages 379–385, Heidelberg, Germany, July 2016.

©2016 IEEE.

The main idea of this work originated from Fredrik Gustafsson and further

refined and extended by discussions among all authors. Theoretical deriva-

tions, experimental results and writing the majority of the manuscript are

by the author of this thesis. The co-authors aided in discussions and pro-

vided feedback to shape up the manuscript.

The content is reused in this thesis by courtesy of IEEE. This contribution

corresponds to the material presented in Chapters 1, 2 and 4. The models

that are used for state estimation in this application are presented in Sec-

tion 2.3. The material presented in this thesis is an extended version of the

paper.

2. Classification of human motion activity modes and device modes. The

contribution is published in the paper:

P. Kasebzadeh, G. Hendeby, C. Fritsche, F. Gunnarsson, F. Gustafsson.

imu Dataset For Motion and Device Mode Classification. In Proceed-
ings of the 8th International Conference on Indoor positioning and indoor
navigation, Sapporo, Japan, September 2017. ©2017 IEEE.

The idea of this paper originated from Gustaf Hendeby and Fredrik

Gustafsson. All the measurement experiments, dataset arrangements,
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theoretical derivations, experimental results and writing the majority of

the manuscript are done by author of this thesis. The co-authors aided in

discussions and feedback to shape up the manuscript in a good way.

The content is reused in this thesis by courtesy of IEEE. This contribution

corresponds to the material presented in Chapter 1 and Chapter 5.

3. Optimizing the gait segmentation to maximize the similarity of the gait

cycles. The contribution is submitted as the manuscript:

P. Kasebzadeh, G. Hendeby, and F. Gustafsson. Asynchronous averag-

ing of gait cycles for classification of gait and device modes. Submitted

to IEEE Sensors Journal, 2019a.

The main idea of this work originated from Fredrik Gustafsson and further

refined and extended by discussions among the authors. Theoretical deriva-

tions, implementations of algorithms and experimental results are by the

author of this thesis. The manuscript is written by the author of this thesis.

This contribution corresponds to the material presented in Chapters 1, 2

and 6.

4. Joint gait mode and device mode classification using novel features. The

contribution is submitted as the manuscript:

P. Kasebzadeh, K. Radnosrati, G. Hendeby, and F. Gustafsson. Joint

pedestrian motion state and device pose classification. Submitted to

IEEE Transactions on Instrumentation & Measurement, 2019b.

The main idea of this work originated from the author of this thesis and fur-

ther refined and extended by discussions among all authors. Experimental

results and implementation of algorithms are by the author of this thesis.

The manuscript is written by collaboration between the author of this the-

sis and Kamiar Radnosrati. This contribution corresponds to the material

presented in Chapters 1, 3 and 7.

5. The first and second contribution have already been published in the au-

thor’s licentiate’s thesis:

P. Kasebzadeh. Parameter Estimation for Mobile Positioning Applica-

tions. Linköping Studies in Science and Technology. Licentiate Thesis.

No. 1786, 2017.

Consequently, the contents of the two theses partially overlap.

An excluded contribution is the development and analysis of models for

jointly antenna and propagation model parameters estimation. The contribution

is published in the paper:
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P. Kasebzadeh, C. Fritsche, E. Özkan, F. Gunnarsson, F. Gustafsson. Joint

Antenna and Propagation Model Parameter Estimation using RSS measure-

ments. In Proceedings of the 18th International Conference on Information
Fusion, pages 98–103, Washington D. C., USA, July 2015. ©2015 IEEE.

This contribution is excluded in this work, however, it is presented in details

in the author’s licentiate thesis. [47].

1.5 Thesis Outline

This thesis is divided into two parts and founded upon theories formulated in es-

timation theory and machine learning. The first part is devoted to the theoretical

background relevant to the applications which are introduced in the second part.

These applications are based on the published papers and submittedmanuscripts

listed in Section 1.4.

In Chapter 2, we describe the relevant background information for pdr. A

general odometry model for pdr is presented. Additionally, the supporting mea-

surements used to increase accuracy and reliability of the system are introduced.

Furthermore, the measurement model that relates the observed quantities to the

desired state are provided. Moreover, all the sensors and receivers that are used

as themeasurement tools are described in this chapter. The state estimationmeth-

ods, in which the main goal is to infer unknown states of a system from available

measurements, are also presented in this chapter.

Chapter 3 describes relevant background information for the classification

and deep learning algorithms. Representations of the considered machine learn-

ing algorithms are provided in this chapter. Finally, based on the definition of

hmm provided in Chapter 2, an additional stage to the classifiers is introduced

to capture the temporal correlation. It will be shown in later chapters that this

will improve the classifier’s performance in terms of classification accuracy.

Chapter 4 presents the first contribution introduced in Section 1.4. pnss in
devices equipped with inertial sensors and gps are considered and an improved

pdr algorithm that learns gait parameters in time intervals when gps is available
is proposed. A novel filtering approach is given that learns internal gait parame-

ters in the pdr algorithm, such as the step length and the step detection threshold.

The approach is based on a multi-rate Kalman filter bank that estimates the gait

parameters when position measurements are available, which improves pdr in

time intervals when the position is not available.

Chapter 5 is dedicated to the second contribution mentioned in Section 1.4.

The main contribution is to publish one of the most extensive datasets build up

upon several rounds of measurements. In this chapter, a preliminary study of

the classification of human motion modes and device modes is also presented.

The classifiers are trained by standard features, typically used in the literature,

extracted from imu sensory data.

Chapter 6 presents the third contribution introduced in Section 1.4. An opti-

mization approach is presented for the gait segmentation problem in which the

objective is to maximize the gait cycle similarity. Moreover, estimation of the gait
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signature by averaging over all the segments is performed. Finally, extraction of

a low dimensional feature vector for the gait cycle using Fourier series analysis

on the estimated gait signature is studied.

Chapter 7 is dedicated to the fourth contribution mentioned in Section 1.4.

The problem of joint gait and devicemodes classification is presented in this chap-

ter. Novel features have been extracted based on the results of the proposed gait

segmentation method introduced in Chapter 6. The classifiers are trained and

evaluated using different machine learning algorithms as well as a deep learning

approach.

The work is summarized and a discussion of future work is presented in Chap-

ter 8.





Part I

Background





2
Pedestrian Dead Reckoning

Positioning

Position and orientation information can be obtained by integrating inertial sen-

sor (accelerometer and gyroscope) measurements. The integration process is

called Dead Reckoning (dr) in which the subject’s known previous position, is

processed to estimate the unknown current position. For example, the process-

ing phase can be advancing the previously determined position over elapsed time

based on known or estimated speed. The main advantage of dr is that it is inde-
pendent of extra infrastructures and radio signals. This allows dr to be applied

in many navigation applications such as pedestrian navigation and localization,

marine navigation, automotive and autonomous navigation.

The price of being independent of extra infrastructures is the well-known dis-

advantage of all pure dead reckoning techniques; the errors that accumulate as

time passes. This makes pure dr methods infeasible for most purposes while ra-

dio signal-based navigational systems provide highly accurate position informa-

tion. For example, gps-based navigation systems can provide position estimates

with few meters accuracy. These methods, however, rely on the received signals

and are prone to erroneous estimates in poor signal to noise ration (snr) condi-
tions or even failure in environments where the signal is blocked [4].

Nowadays, ubiquitous smartphones are embedded with inertial sensors such

as accelerometer, gyroscope, and magnetometer. The sensors can be used for

pedestrian navigation by means of dead reckoning. For navigational purposes,

the accelerometer can be used as a pedometer to detect the steps and traveled

distance and the built-in magnetometer as a compass heading provider. The gy-

roscope also provides information about how the phone is carried. pdr can be

considered as an add-on to the other navigation methods or be used to extend

the navigation techniques into areas where other systems are unavailable.

Fusing all pieces of information received from imu sensors, it is possible to

have a simple pdr implementation given that the subject holds an imu unit in

17
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the hand in front of the body and walks with constant speed. The magnetome-

ter measurements can be transformed into directional information and each step

causes the position to move forward a fixed distance in the estimated direction.

However, there are many challenges that must be considered in order to have

more accurate estimates. The accuracy of the algorithm is limited by the sensor

precision and magnetic disturbances. In addition to hardware and environmen-

tal factors, the algorithm design parameters need to be carefully tuned. For in-

stance, how the algorithm detects a step from sensor measurements depends on

a threshold that is set on the signal magnitude. How this threshold is defined

together with other design considerations such as unknown gait parameters, like

the length of each step, unknown phone position, the way that the phone is be-

ing carried, and user’s motion mode identification are all among the challenges

of pdr that are studied in detail in this thesis.

In Section 2.1, we describe all sensors which are used in this thesis for posi-

tioning and navigational purposes. Then, Section 2.2 presents general odometric

models for pdr and introduces supporting measurements used to increase accu-

racy and reliability of the system. Finally, the hidden Markov model used for

computing filtering and smoothing estimates of discrete states are presented in

Section 2.4.

2.1 Sensors

Depending on the application, different types of sensors can provide information

for positioning. The sensed and reported quantity relates to the parameter or

state of interest that is to be estimated. For example, in autonomous cars, sen-

sors can be placed such that they provide information about the position and

orientation of the car. Similarly, sensors can be used to obtain information about

position and orientation of people that can further be applied to pdr algorithms.

Two kinds of sensors are commonly used in localization problems. One set of

sensors measure those quantities that are indirectly related to the subject. The

magnetometer is an example of this type measuring the surrounding magnetic

field. The directional information can be inferred from the measurements. Other

examples are cameras filming the surrounding, etc. The second set of sensors,

measure values that are directly related to the subject. For example, the move-

ment of the subject, orientation, etc. Inertial sensors for instance measure angu-

lar rate and acceleration that can be used for pose estimation.

2.1.1 Inertial Measurements

Significant developments of imus in recent years have enhanced their accuracy,

made them smaller, and lowered their prices. This allows easy access to these

units as either embedded in almost all recent smartphones or as dedicated de-

vices. Figure 2.1 is an example of a sensor produced by Xsens which contains

imu sensors. We first describe the three main imu sensors that are mainly used

for positioning purposes. In this thesis, we use the accelerometer and gyroscope
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Figure 2.1: An Xsens motion sensor containing an imu. Courtesy of Xsens

Technologies.

sensors for estimating the pdr parameters and position estimation. In some appli-

cations, it might be necessary to use a magnetometer as a complementary sensor

in addition to accelerometer and gyroscope [56].

Accelerometer

Accelerometers measure accelerations which can be used to estimate the change

in position of the sensor. In accelerometers, the quantity that is measured is

the specific force acting on the sensor. Both the earth’s gravity and the sensor’s

acceleration contribute to the forcemeasured by the sensor. However, the sensor’s

acceleration is generally much smaller in magnitude than the earth’s gravity, g =

9.81 m/s2.

Gravity will, therefore, have a large contribution in the value provided by the

accelerometer, while the motion of the sensor has a relatively small contribution.

Subtracting the earth’s gravity, the reported value is the non-gravitational force.

The accelerometer measurement model is given as [93]

yba,k = Qbn
k (ant − gn) + ba,k + ea,k , (2.1)

where gn = [0, 0, g]T is the gravitation vector, ant is the sensor’s acceleration in the

navigation frame. ba,k denotes accelerometer bias, and ea,k is the accelerometer

measurement noise. Qbn
k is the rotation matrix in order to rotate the vector from

navigation frame, n, which is a local geographic frame to body frame, b. The

coordinate frame of the moving imu with center in the accelerometer triad is

called body frame. All the inertial measurements are resolved in this frame. More

details about orientation representations and coordinate frames are presented

in [56].
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Gyroscope

Gyroscopes provide angular rates which can be used to define an estimate of the

orientation of the sensor. The measured value is the angular velocity, i.e. rate of

turn. Integrating the signal allows for adding up the changes in orientation over

time. The gyroscope measurement model in body frame is given by [93]

ybg,k = ω
b
z,k + bg,k + eg,k , (2.2)

where ωbz,k is the yaw rate which is the gyroscope measurement in the horizon-

tal plane in body frame, b, with respect to the navigation frame. bg,k denotes

gyroscope bias, and eg,k .

The accuracy of measurements is a trade off between size and price of the

sensor. For example, optical gyroscopes provide precise measurements but are

hard to reduce much in size. mems, as introduced in the previous chapter, is an

alternative technology aimed to create smaller devices.

2.1.2 Supporting Measurements

Supporting measurements could be obtained by additional sensors and/or re-

ceiver antennas that the mobile device is equipped with such as gps. They are

supposed to improve both the accuracy and reliability of the positioning algo-

rithms. These supportive measurements, however, might not necessarily be syn-

chronized with the imu. Further, they might not always be available during the

entire localization process. Therefore, they will be included in the measurement

model whenever they are available.

The global positioning system is the most well-known global navigation satel-

lite system (gnss). The gps receivers found in smartphones can provide direct

measurements of the position, typically estimated from satellite pseudoranges,

with few meters accuracy [34]. gps receivers use multiple satellites and trilatera-

tion to determine the position and time of a user.

gps satellites continuously transmit signals down to the earth over dedicated

radio frequencies. The gps receiver, among other data, receives a time stamp

from the satellites momentary visible, along with satellite ephemeris data which

contains the satellites’ positions in the sky. The gps receiver can then accurately

calculate its position and time if it hears at least four satellites [64].

The gps uses the World Geodetic System (wgs84) as its reference coordinate

system [32]. By converting the Geodetic, wgs84, to Cartesian East-North-Up

(enu) coordinates, the estimated position can be either fused to the measurement

model directly or be used to calculate the speed.

Accurate position (and time) estimation using gpsmeasurements, however, is

not guaranteed when the received satellite signals are weak. This is a shortcom-

ing of gnss systems and can lead to poor position estimates or even a failure.
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Figure 2.2: Illustration of a sensor fusion framework [19].

2.1.3 Sensor Fusion

Estimating the quantities of interest, xk , using some or all of the measurements

yk introduced above, is a sensor fusion problem. The process model, defining

how xk evolves over time, and measurement model, defining how yk relates to xk ,
are used to infer the properties xk from the measurements yk . Often, xk is called
state and represents the sought system property. States to be estimated can corre-

spond to a wide variety of quantities from unknown constant properties such as

weight to time varying position or orientation of a unit or even the surrounding

environment. Orientation of the unit together with its position and velocity are

the typical components of the states in this thesis.

One way to estimate each entity of the state vector xk is to use information

given by the sensors individually. Another alternative, used in the sensor fusion

framework, is to fuse all the information obtained from inertial sensors, magne-

tometers, and gps measurements and filter them to get the joint estimate of all

entities of the states xk . The output of the filter is both the estimated states x̂k
and a measure of how uncertain the estimates are.

Applying sensor fusion algorithms to obtain the joint estimate x̂k leads to

performance improvements compared to the estimates obtained by each sensor

individually. Evaluation of the performance is based on multiple criteria such as

accuracy and robustness and number of sensors needed.

Fig 2.2 illustrates a generic overview of the fusion algorithm. For the frame-

work to provide x̂k , three components are needed; measurements yk that relate

to the system states xk through measurement models, a model of the system dy-

namics, and a state estimation system that provides x̂k . In this framework, rather

than treating each sensor measurement individually, all measurements from all

sensors, either of the same type or measurements of different types, are used as

the input to the state estimation box.
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2.2 Model Framework

The generic state vector used in pdr problems consists of three components

xk =

⎛⎜⎜⎜⎜⎜⎜⎝
xk
yk
ψk

⎞⎟⎟⎟⎟⎟⎟⎠ , (2.3)

where xk and yk are the Cartesian positions and ψk is the heading, see [37]. The

input signals are given as

uk =
(
vk
ψ̇k

)
, (2.4)

where vk is the velocity and ψ̇k is the yaw rate. The dynamic model is described

by

xk+1 = xk + T vk cos(ψk), (2.5a)

yk+1 = yk + T vk sin(ψk), (2.5b)

ψk+1 = ψk + T ψ̇k, (2.5c)

where T is the sampling interval. These inertial signals are given by sensors either

mounted on or being carried by the subject. Depending on the application, other

components might be added to the state vector (2.3) such as sensor bias.

The measurements collected by both a tri-axial accelerometer and a tri-axial

gyroscope sensors are used for position and pdr parameter estimation. As this fig-

ure suggests, the position of the sensor is estimated by double integration of the

acceleration signal without the contribution of the earth’s gravity. This requires

subtracting the earth’s gravity from the accelerometer measurements. Thus, to do

the subtraction, the orientation of the device needs to be known a priori. Hence,

when inertial sensors are used to estimate the position, the estimation of the ori-

entation is the first step.

Subsequently, different supporting measurements such as gps outdoor, angle
dependent rss outdoor, rss fingerprint maps indoor, and proximity sensors are

added to the measurement model to provide more accurate estimation. The state

vector is also application dependent and the generic state (2.3) is extended by

other components accordingly. For example, one might add the travelled dis-

tance, length of a taken step, threshold for step detection, etc. In the subsequent

chapters, various problem formulations leading to an extended state vector will

be described in more details.

2.3 State-Space Estimation

This section begins with a brief introduction to stochastic state-space models

(ssms). Prediction, filtering, and smoothing of the states are treated separately

and explained in Section 2.3.2. The exact and optimal solution to state estima-

tion problems under linearity and known Gaussian noise statistics assumptions
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Figure 2.3: Block diagram of the state estimation problem [9].

is given by the Kalman filter (kf) as explained in Section 2.3.3. Section 2.3.4

relaxes the linearity assumption and provides algorithms for nonlinear ssm.

2.3.1 Stochastic State Space Models

State-space models relate the observed measurements to the latent state variable.

The latent variables are not observed, but are reconstructible from the measured

data. In the ssm framework, the measurement equation and system dynamics are

modeled separately, where the latter predicts how the states of the system evolve

over time.

The system dynamics are often continuous in time while observations are

taken at discrete time instants. In this work, the system dynamics are restricted

to discrete time descriptions. These are obtained by discretization of the con-

tinuous time dynamics where differential equations are replaced with difference
equations.

To better model the characteristics of real systems, a method for predicting

behaviors with some kind of randomness is required. Thus, a stochastic ssm is

used to model a signal by introducing stochastic variables into the ssm [8]. The

randomness can be modeled in both continuous and discrete times. However,

stochastic variables in discrete time are studied in this work. An introduction to

stochastic ssm is given in [8, 62].

General Descriptions

A generic form of stochastic ssm equations for the k-th time index can be given

as

xk+1 = fk(xk ,wk), (2.6a)

yk = hk(xk , ek), (2.6b)

where xk ∈ Rn is the current state vector, and wk ∈ Rnw is the unmeasured distur-

bance input to the system. xk+1 is the upcoming state, and ek ∈ R
ne is the mea-

surement noise and yk ∈ R
m contains measurements. The state difference (2.6a)

uses a function fk( · ), to account for the relation between the current state and the
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process noise with the upcoming state. The measurement equation (2.6b) utilizes

a function hk( · ) to connect the current state and the measurement noise ek to yk .
The initial state x0, the noise signals wk and ek are the stochastic variables of

the ssm. The probabilistic state-space model and the stochastic variableswk , and

ek are defined as

xk ∼ p(xk | xk−1), (2.7a)

yk ∼ p(yk | xk), (2.7b)

wk ∼ p(wk), (2.7c)

ek ∼ p(ek), (2.7d)

x0 ∼ p(x0). (2.7e)

Generally, marginal probability densities are used as in (2.6) with complementary

information about correlation between x0, wk , and ek . The notation in (2.7e)

means that x0, for instance, has a distribution with density p(x0).
Some assumptions are made for the problems considered in this work. First,

time index starts at k = 0 and the first measurement is taken at the next time,

k = 1. At each time instance k, both functions fk( · ) and hk( · ) are known. The

noise,wk and ek , characteristics as well as the distribution of x0 are also assumed

to be known. For simplicity, the noises are assumed to be zero mean Gaussian

independent random variables. Moreover, the initial state x0 is assumed to be

independent to the measurement and process noises.

As stated earlier, (2.6) corresponds to a very generic ssm, spanning a broad

range of features. For example, there is no restriction on functions fk( · ) and
hk( · ) in terms of time-varying or time-invariant characteristics. Furthermore,

nonlinearity in both functions can be of any kind. Stochastic variables can also

follow any arbitrary distribution. However, a common special case of (2.6) is the

stochastic ssmwith nonlinear states in the dynamic model with a white Gaussian

noise entering the model additively. It is called the additive white Gaussian noise

state-space model

xk+1 = fk(xk) +wk , (2.8a)

yk = hk(xk) + ek , (2.8b)

where transition function, fk( · ), and measurement function, hk( · ), are both ar-

bitrary nonlinear functions. The dynamic and the measurement models of the

system are represented by their corresponding pdfs as p(xk+1|xk) and p(yk |xk),
respectively. The initial state is defined as

x0 ∼ N (x̄0,P0), (2.9)

and the white Gaussian noise wk and ek are independent and with the following

distributions

wk ∼ N (0,Qk), (2.10a)

ek ∼ N (0,Rk). (2.10b)

The presented approximate filtering techniques in Section 2.3.4 employ (2.8).
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Figure 2.4: Illustration of different estimation problems. The state of interest

is indicated with a black bar at time k. The available measurements up to

time � are illustrated by gray color [81].

2.3.2 State Estimation

Given a set of measurements Y1:� = [y1, . . . , y�], the estimation problem casts

in to the one that infers the state estimates X̂1:� = [x̂1, . . . , x̂�] of the true states

X1:� = [x1, . . . , x�]. The state-space model (2.12) is used for state estimation.

In the Bayesian framework, states are interpreted as random variables with

a certain distribution. Given the prior knowledge of the stochastic processes wk ,

and ek , the objective of the Bayesian state estimation problem is to find the con-

ditional posterior density p(xk | Y1:�). The posterior estimation, given all mea-

surements up to �, gradually becomes computationally intractable when � gets

large. To tackle this problem, Bayesian state estimation is solved under an addi-

tional assumptions to deal with this issue. That is, the state xk , follows a Markov

process

p(xk | x0, . . . , xk−1) = p(xk | xk−1). (2.11)

Nevertheless, the discussion of practical algorithms is postponed to the next

section and here, we continue to describe the concepts behind the Bayesian state

estimation problem.

Generally, the marginal distributions can be considered as a solution to state

estimation problems instead of full join distributions which require complex com-

putations. Filtering, prediction and smoothing are examples of these marginal

distributions. These different distribution are distinguished by the temporal rela-

tion between the time, k, at which states are estimated and the available measure-

ments time interval, �, as illustrated in Figure 2.4 and more thoroughly discussed

in [9, 81].
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• Prediction

The prediction phase of the Bayesian filter computes the prediction distri-

butions. The first row in Figure 2.4 illustrates a prediction scheme, in which

� < k. More details are given in [9, 81].

• Filtering

In the filtering problem, k is equal to � and the posterior density distribu-

tion which is going to be estimated now takes the form p(xk |Y1:k). This can

be defined as an online sequential problem where the filtering density can

be computed quickly by applying Bayes’ rule to the prediction density.

The second row in Figure 2.4 illustrates the Bayesian filtering problem

where � = k. The gray part represents the available measurement sets

which reaches up to and includes time k.

• Smoothing

A Bayesian smoother computes smoothing distributions. The third row in

Figure 2.4 illustrates Bayesian smoothing problem in which � > k. The

smoothing distributions are the marginal distributions of state xk given cer-

tain measurement interval, Y1:�.

As mentioned in the beginning of this section, the final goal is to find a point

estimate of the states represented by X̂1:� together with some measure of uncer-

tainty assigned to each estimate. One approach is to estimate the full posterior

density, p(xk | Y1:k), as introduced in the filtering above, and then define a point

estimate and the uncertainty indicator from the statistics of the approximated

distribution.

The Kalman filtering algorithm applies to linear Gaussian systems and com-

putes the full posterior N (xk ; x̂k|k ,Pk|k). This allows for extracting an estimate of

the state x̂k|k and covariance Pk|k . The reason is that a linear transformation of a

Gaussian distribution is also a Gaussian whose sufficient statistics are the value

of interest. However, as mentioned before, nonlinear and/or non-Gaussian mod-

els require approximations and cannot be handled by the Kalman filters. In case

of nonlinear models, the extended Kalman filters can be applied.

Linear model

Imposing the linearity assumption on the dynamic and measurement models

simplifies the computations considerably. The well-known linear Gaussian state-

space model is obtained by assuming the functions fk(x) and hk(x) to be linear as

xk+1 = Fkxk +Gkwk , (2.12a)

yk = Hkxk + ek , (2.12b)

where Fk is a transition matrix and Hk is a measurement matrix. These two ma-

trices are assumed to be independent of the state xk .
The inference in the linear model is significantly simplified. The reason is

that a linear transformation of the Gaussian distributed initial state, does not
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change the posterior distribution. That is, all subsequent predictions and states

will also be Gaussian distributed. In the special case of linear model (2.12) with

additive Gaussian noise contributions, the well-known Kalman Filter, presented

in Section 2.3.3, provides the optimal state estimates.

In cases of nonlinear state-space models, approximate filtering algorithms

treat nonlinearities in different ways. Markov chain Monte Carlo approaches di-

rectly estimate the distribution of the states which undergo a nonlinear transfor-

mation. Another method is to first derive the approximate linearized equations

and then treat them as a linear state-space model. The extended Kalman filter

(ekf) uses this approach and is introduced in Section 2.3.4.

2.3.3 Kalman Filter

The Kalman filter is a very popular algorithm for estimating the state of linear

systems. This filter is named after Rudolph E. Kalman, one of the primary de-

velopers of its theory who introduced the method in [45]. Kalman provided re-

cursive formulas suited for time-varying linear filtering problems. More details

about the kf history can be found in [44].

The kf is an optimal estimator in the sense that it minimizes the estimated

error covariance given that some presumed conditions are met. Furthermore, as

mentioned in [6], for linear systems with arbitrary noise, the kf is the best linear
unbiased estimator (BLUE). In fact, kf is a linear filter which updates the mean

and the covariance of the estimate to minimize the error of the estimated param-

eters or states. Both the measurements and the state of the linear system are

perturbed by white Gaussian noise. In situations where the noise is not Gaussian,

the kf is still the best linear unbiased estimator while nonlinear estimators may

have better performance.

Being the optimal estimator together with good implementation characteris-

tics makes the kf a celebrated solution. Furthermore, the kf is convenient for

online real-time processing which further broadens its applicability. Unlike avail-

able snapshot solutions where each measurement is processed separately, the kf
fuses multiple information to provide a better estimate. Using the system dy-

namics modeled by physical laws of motion, for example, known control inputs,

and the possibility of fusing measurements from different types, make the kf a
powerful tool in estimation applications.

The states of linear state-space systems described by (2.12) can be estimated

by the kf. There are many alternative ways to represent the kf equations as

described and derived in [6] and [44]. In this thesis, the kf is presented with

alternating time update phase and the measurement update phase, where the dy-

namics of the system is handled and the measurements are fused in the estimate,

respectively.

The kf prediction step based on the dynamic model given by (2.12) can be

expressed as

x̂k|k−1 = Fk x̂k−1|k−1, (2.13a)

Pk|k−1 = FkPk−1|k−1F
�
k +GkQkG

�
k , (2.13b)
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where x̂k|k−1 is the mean and Pk|k−1 is the covariance matrix of the Gaussian prior.

Note that the subscript k | k − 1 indicates the current value of a quantity at

time k given its value at time k − 1. This prediction gives the new prior distri-

bution N (x̂k|k−1,Pk|k−1) and is computed from the previous Gaussian posterior

N (x̂k−1|k−1,Pk−1|k−1).
In the measurement update phase the prior is updated whenever a measure-

ment is available. This process can be shown to be

ŷk = Hk x̂k|k−1, (2.14a)

εk = yk − ŷk , (2.14b)

Sk = HkPk|k−1H
�
k + Rk , (2.14c)

Kk = Pk|k−1H
�
k S
−1
k , (2.14d)

x̂k|k = x̂k|k−1 +Kkεk , (2.14e)

Pk|k = (I −KkHk)Pk|k−1, (2.14f)

where εk and Sk are called innovation/residual and innovation/residual covari-

ance matrix, respectively. εk denotes the difference between the predicted and

the observed output, while Sk represents the uncertainty of the predicted output.

The Kk is the Kalman gain and is a factor of the correction. x̂k|k and Pk|k are the

mean and the covariance matrix of the Gaussian posterior, respectively. I is an
identity matrix. There are many ways to formulate the covariance update (2.14f),

for instance, Pk|k can be represented as a sum of two positive definite symmetric

matrices which is called Joseph’s form

Pk|k = (I −KkHk)Pk|k−1(I −KkHk)
� +KkRkK

�
k . (2.15)

However, it requires more matrix manipulations compared to (2.14f). The kf
algorithm starts with a time update and is initialized with

x̂0|0 = x0, (2.16a)

P0|0 = P0. (2.16b)

2.3.4 Extended Kalman Filter

Although the Kalman filter could provide an optimal solution to some state esti-

mation problems, some limiting assumptions are applied in its derivation; the

state space model is linear and the predicted state and the measurement are

jointly Gaussian distributed.

The underlying assumptions used in the derivation of the kf recursions make

it inapplicable to many real life problems, where either the dynamics or the mea-

surement models, or both, are nonlinear. The reason is that the joint prediction

density, p(xk , yk | Y1:k−1), is not Gaussian for nonlinear systems even if the noise

sources are Gaussian. In these situations, the problem could be treated with ap-

proximate filtering algorithms. ekf applied to nonlinear models is demonstrated

and evaluated in early studies in [42, 82, 87].
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ekf is an extension to the kf with the possibility of handling nonlinear mod-

els. It handles the nonlinearities in the models by approximating the nonlinear

models with corresponding linear models. That is, the nonlinear equations are

first linearized and then the approximate filtering densities are computed.

Linearization is performed using the first order Taylor series expansion at the

current estimate in the ekf. Then, the standard kf can be used. However, this

approach might yield poor performance if the nominal trajectory deviates from

the true X1:k . To overcome this issue, the ekf uses the available information

found and estimated by the filter as the linearization points, consecutively. In

this method, the latest estimate is regarded as the best available information on

the state and is used for linearization in the next iteration.

Using the first order Taylor expansion on the nonlinear ssm (2.8) and sim-

plifying the expressions by assuming that the process noise is additive, (2.8a)

and (2.8b) can be used in the time and the measurement update phases, respec-

tively. The prediction phase for the ekf algorithm is given as follows

x̂k|k−1 = f(x̂k−1|k−1), (2.17a)

Pk|k−1 = f′(x̂k−1|k−1)Pk−1|k−1f
′(x̂k−1|k−1)

� + Qk, (2.17b)

where f′( · ) is the gradient of f( · ) with respect to x which is

f′(x̂k−1|k−1) =
∂
∂x

f(x)|x=x̂k−1|k−1 . (2.18)

The new prior distribution, N (x̂k−1|k ,Pk−1|k), is computed based on the previous

Gaussian posterior N (x̂k−1|k−1, Pk−1|k−1). The next step is the measurement up-

date which updates the prior with the new information whenever new measure-

ments are available

ŷk = h(x̂k|k−1), (2.19a)

εk = yk − ŷk , (2.19b)

Sk = h′(x̂k|k−1)Pk|k−1h
′(x̂k|k−1)

� + Rk , (2.19c)

Kk = Pk|k−1h
′(x̂k|k−1)

�S−1k , (2.19d)

x̂k|k = x̂k|k−1 +Kkεk , (2.19e)

Pk|k = (I −Kkh
′(x̂k|k−1))Pk|k−1, (2.19f)

where h′( · ) is the Jacobian of the h( · ) function

h′(x̂k|k−1) =
∂
∂x

h(x)|x=x̂k|k−1 .

The ekf algorithm starts with performing the time update phase and assigning

the initial value for the states and the covariance matrix similar to the kf. That is,
x̂0|0 = x0 and P0|0 = P0. As discussed earlier, the linearization in themeasurement

update at time k is based on the predicted state x̂k|k−1.
The second order ekf, also known as ekf with bias compensation, is one ex-

ample where the Hessian of the nonlinear equation is computed at each iteration
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to achieve a better approximation. One shortcoming of such algorithms is the

necessity of higher order differentiations that can cause vastly increased compu-

tational complexity.

2.3.5 Rauch-Tung-Striebel Smoother

At each time step k, Bayesian smoothers can estimate the posterior distribution

of the state conditioned on all obtained measurements, p(xk | Y1:�). In other

words, given all the measurements in {1 : �}, Bayesian smoothing, at time step k,
computes the marginal posterior distribution of the state xk|� where � > k.

For computing the marginal posterior distribution, as the first step, filtering

posterior distributions of the states should be obtained by a normal Bayesian

filter, followed by a backwards recursion [54].

The Rauch-Tung-Striebel smoother (rtss) provides the closed form smooth-

ing solution to the linear filtering model (2.12) [17, 75, 81]

p(xk | Y1:�) = N (xk | x̂k−1|k ,Pk−1|k). (2.20)

The rtss performs a forward and backward recursion. The forward recursion is

the same as the kf algorithm and the backward recursion for rtss is

Dk−1|k = Pk−1|k−1F
�
k P
−1
k|k−1, (2.21a)

x̂k−1|k = x̂k−1|k−1 +Dk−1|k(x̂k|K − x̂k|k−1), (2.21b)

Pk−1|k = Pk−1|k−1 +Dk−1|k(Pk|K − Pk|k−1)D�k , (2.21c)

where Pk|k−1 and Pk−1|k−1 are the covariances obtained by kf prediction step

(2.13b) and measurement update phase (2.14f), receptively. x̂k|k−1 and x̂k−1|k−1
are the mean computed by kf prediction step (2.13a) and kf measurement up-

date (2.14e). The last time step � is the starting point for the smoother recur-

sion [81].

2.3.6 Extended Rauch-Tung-Striebel Smoother

Similar to the kf, rtss can only be applied to linear models. Hence, for problems

that have nonliner dynamic or/and measurement models rtss is not applicable.
Applying first order approximations to rtss prediction equations is a solution for

such problems which is called Extended Rauch-Tung-Striebel Smoother (ertss).
The ertss algorithm is defined as

Dk−1|k = Pk−1|k−1f
′(x̂k−1|k−1)

�P−1k|k−1, (2.22a)

x̂k−1|k = x̂k−1|k−1 +Dk−1|k(x̂k|K − x̂k|k−1), (2.22b)

Pk−1|k = Pk−1|k−1 +Dk−1|k(Pk|K − Pk|k−1)D�k , (2.22c)

where Pk|k−1 and Pk−1|k−1 are the covariances obtained by the ekf prediction step

(2.17b) andmeasurement update phase (2.19f), receptively. x̂k|k−1 and x̂k−1|k−1 are
the mean computed in the ekf prediction step (2.17a) and the ekfmeasurement

update (2.19e). The matrix f′( · ) is the Jacobian matrix of f ( · ).
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Figure 2.5: A Bayesian network representing the factorization of joint prob-

ability in the hidden Markov model. The sequential observations yk are con-
ditioned on the corresponding state xk [14].

2.4 Hidden Markov Model

In this section, we deal with a discrete finite scalar state and present a well-known

algorithm to find the filtering and smoothing distributions. The dynamic systems

introduced in the previous section, in the contrary, solved the state-space prob-

lem with real-valued state vector. Hidden Markov model is one important cate-

gory of state space models with applications in different areas such as artificial

intelligence, pattern recognition, and computer vision [33]. hmm assumes that

the observation at time k, yk , is generated by a process whose state, xk , is hidden
from the observer and is discrete.

The graphical structure of the hmm is presented in Figure 2.5 in which, using

the Bayesian networks properties, the conditional independence requirement of

the discrete state is satisfied

xk+1 ⊥⊥ xk−1 | xk .

The joint distribution is then given by

p(x1, . . . , xK , y1, . . . , yK ) = p(x1:K )p(y1:K | x1:K )

= p(x1)
[ K∏
k=2

p(xk | xk−1)
] K∏
k=1

p(yk | xk), (2.23)

where the notation x1:K denotes x1, . . . , xK . Let nx denote the dimension of the

discrete state vector. The marginal distribution over the initial state, p(x1) is
represented by a vector π.

Given the initial state distribution, in order to form the joint distribu-

tion (2.23), we need to define the transition model p(xk | xk−1) and the

observation model p(yk | xk). In hmm, it is usually assumed that the transition

and observation models are time-invariant [33]. Hence, the transition model can

be defined by a nx × nx state transition matrix π the elements of which are the

transition probabilities. In this thesis, the observations used in hmm are discrete
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vectors of size ny . Therefore, the observation model can be defined using a

nx × ny emission matrix.

An efficient way of computing the posterior distribution of the states given the

observations is by employing the forward-backward (FB) algorithm [72] or the

Baum-Welch algorithm [12]. Among different variations of the same algorithm,

the one known as alpha-beta algorithm [14, 73] is used in this thesis.

Using the FB algorithm, the filtering, p(xk | y1:k), and smoothing, p(xk | y1:K ),
distributions can be computed separately by defining two independent values

α(xk) = p(y1, . . . , yk , xk).

and

β(xk) = p(yk+1, . . . yK | xk).
For the considered discrete-time, first-order hmm, in which the hidden state

xk depends only on its one step predecessor, the selected distributions can be

computed by

• Filtering:

p(xk | y1:k) =
α(xk)∑
xk
α(xk)

, (2.25a)

where it can be shown that the forward recursions for computing α(xk) are
given by

α(xk) = p(yk | xk)
∑
xk−1

α(xk−1)p(xk | xk−1), (2.25b)

initialized at α(x1) = p(y1, x1) = p(x1)p(y1 | x1).
• Smoothing:

p(xk | y1:K ) =
α(xk)β(xk)∑
xk
α(xk)β(xk)

, (2.26a)

where it can be shown that the backward recursions for computing β(xk)
are given by

β(xk) =
∑
xk+1

β(xk+1)p(yk+1 | xk+1)p(xk+1 | xk), (2.26b)

initialized at β(xK ) = 1.

2.5 Summary

This chapter has introduced models for sensor observations and general state

space models, including a simple pdr model, and the most important tools

(Kalman and hmm filters and smoothers) for making state inference applicable

to both the pdr model, presented in Chapter 4, and other state space models,

presented in Chapter 3.
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Statistical Machine Learning

Machine learning, in general terms, is the science of making machines learn,

from past experiences, how to act in future without being explicitly programmed.

Given a dataset containing different examples, the machine learning problem is

to develop algorithms that learn from the examples to predict future, unseen,

events.

Figure 3.1 presents a graphical perspective of the whole process in which the

training data is given as the input. The machine then analyzes the data to find

a meaningful pattern between different features of the given input and produces

a statistical model of the data. The model is further used for different purposes,
e.g. prediction, classification, etc.

In this chapter, basic concepts of machine learning problems are first pre-

sented in Section 3.1. Considering the main focus of this thesis, some classi-

fication methods are selected and summarized in Section 3.2. A feed forward

neural network classifier, a deep learning approach, is presented in detail in Sec-

tion 3.2.3. Section 3.3 employs the hmm framework introduced in Chapter 2 to

capture the correlation in the considered classification problem.

3.1 Basic Concepts

The majority of practical machine learning falls into two main categories; super-
vised learning and unsupervised learning. Let T denote the training set con-

taining nr training inputs, T = {xr }nrr . In unsupervised learning, the goal is to

learn more about the data by modeling its underlying distribution or structure.

In supervised learning problems, on the other hand, we have a labeled train-

ing set, denoted by T = {(xr , yr )}nrr , where x and y are the input-output pairs,

respectively. The training input xr , also known as feature, attribute or covariate,

is normally a D-dimensional vector of simple or complex structured objects, such

33
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Figure 3.1: A schematic illustration of machine learning concept.

as number, image, graph, etc.

Supervised learning strives to learn a mapping from inputs to outputs that

can be formulated as a function approximation problem. For any input x, output
y and an unknown function q( · ), assume y = q(x). The goal of learning is to

approximate the true function q given a labeled training set. This allows us to

predict the output quantity for any, unseen, input after the training phase.

The most trivial solution for finding the output, upon receiving a new input,

is to look through the training set and try to match the new input with the closest

training example. The known output of the best match in the training example

can then be set as the output of the unknown new input. To deal with most of

practical problems, however, more complex algorithms are required.

The existing supervised learning algorithms are either parametric or non-

parametric. In the former group, the data is assumed to follow a certain set

of properties hence can be modeled using a fixed number of parameters. Non-

parametric algorithms, on the other hand, make fewer assumptions about the

data and use a flexible-number of parameters for modeling which typically grows

throughout the learning process.

Parametric algorithms can be more computationally efficient than the non-

parametric ones. However, if the data does not satisfy the underlying assump-

tions, performance degradation can be non-negligible. Therefore, there are com-

putational cost and accuracy trade-offs between the two type of algorithms.

The output, response variable, can be a real-valued scalar as in regression

problems or a finite set of nominal or categorical variables yr as in some classifi-

cation applications. Problems with only two class labels, eg. yr ∈ 0, 1, are known

as binary classification whereas multi-label classification, that is the scope of this

thesis, refers to those problems in which nc > 2.

3.2 Classification Methods

In this work, we divide the data into training set of size nr , and development

set and test set, both of equal sizes nd = ne =
M−nr

2 . It must be noted that the

development and test set partitioning can be done in different ways. Here, given

the size of the used dataset, we consider them to be of equal sizes.

It is worth noting that the development set is used to cross-validate all the

trained algorithms using classifiers introduced in Section 3.2 in order to avoid

overfitting, underfitting or any other penalties that might increase classification
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error of the test set. The hyperparameters of the algorithms are all selected such

that the development set error is minimized. Then, as the final step the trained

classifiers are applied to test set (the part of the dataset which has not been seen

during the training procedure) and the performance of the proposed algorithms

is evaluated and reported in Chapter 7.

3.2.1 Weighted K-Nearest Neighbor

The K-nearest neighbor (knn) is a simple, non-parametric classifier which com-

putes the distance, e.g. Euclidean distance, between the test (unseen) input and

the training data points. Selecting the K training points with the closest distance

to the input, the algorithm counts how many members of each class are in this

set.

Let Xr be the r:th training example in the whole training set T . For a new

point in the development set, Xd , the knn classifier estimates the membership

probability as the empirical fraction given by

Ĉd =p(Xd ∈ c|T , K)

=
1

K

∑
r∈NK (Xd ,T )

I(Xr ∈ c), (3.1)

where NK (Xd , T ) are the indices of the K nearest points to Xd in the training set

T . I( · ) is the indicator function defined as

I(v) =

{
1 if v is true

0 otherwise
(3.2)

The weighted-knn is an extension of the knn which gives higher weights to

the classes in the training set which are particularly close to the new input Xd
compared to the rest of the neighbors further away from Xd . Let wd,r denote the
weight assigned to each training example r, the membership probability can be

computed as

Ĉd =

∑
r∈NK (Xd ,T ) wd,r × I(Xr ∈ c)∑

r∈NK (Xd ,T ) wd,r
. (3.3)

The weighting scheme used in this thesis is the squared inverse Euclidean

distance which gives each neighbor a weight of wd,r = 1/Dr
2, where Dr is the

Euclidean distance to the r:th neighbor.
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3.2.2 Gaussian Process

A random process q( · ) is Gaussian if

∀n ∈ N, ∀δ1, . . . , δn ∈ Rn:⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

q(δ1)
q(δ2)
...

q(δn)

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
∼N

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

μ(δ1)
μ(δ2)
...

μ(δn)

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
,

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

κ(δ1, δ1) . . . κ(δ1, δn)
κ(δ2, δ1) . . . κ(δ2, δn)

...
. . .

...
κ(δn, δ1) . . . κ(δn, δn)

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
, (3.4)

where for two random variables δ and δ′ , μ(δ) = E[q(δ)] is the mean function, and

κ(δ, δ′) = E [(q(δ) − μ(δ)) (q(δ′) − μ(δ′))] is the positive definite covariance func-

tion. Let δ = [δ1, . . . , δn] ∈ Rn, we get

q(δ) ∼ GP (μ(δ), κ(δ, δ′)), (3.5)

where the notation GP ( · , · ) denotes a Gaussian process (gp). Given the training

set T containing input vectors and their corresponding class labels, {Xr , cr }nrr=1,
the Gaussian process classifier predicts the class membership probability for a

new, unseen development point Xd . If the function values q(r) =
Δ q(Xr ) were

known, it would be possible to use a gp for regression to find q(Xd ) and then

map it into the interval [0, 1] by means of the softmax function. However, the

training data only includes the class labels cr .
To solve this problem, as discussed in [74], we introduce the latent function

values at all nr training examples, for all classes

q(r) =Δ q = (q
(1)
1 , . . . , q

(nr )
1 , q

(1)
2 , . . . , q

(nr )
2 , . . . , q

(1)
nc , . . . , q

(nr )
nc )�, r = 1, . . . , nr . (3.6)

Define C as a vector of the same length as q. For each training example, the value

of C for the true class label is 1 and for the rest of the classes is 0. The distribution

of the latent variable qd , corresponding to the development point Xd , can then

be computed by

p(qd | Xd , T , C) =
∫
p(qd , q|Xd , T , q) =

∫
p(qd |Xd , T , q)p(q|T , C) dq, (3.7)

which is further used to compute the class membership distribution

Ĉd =

∫
σ(qd )p(qd | Xd , T , C) dqd, (3.8)

where σ(qd ) is the softmax function, which for any vector ϕ ∈ Rnϕ,1 is given by

σ(ϕ)j =
exp(ϕj )∑nϕ
i=1 exp(ϕi )

. (3.9)

The non-Gaussian likelihood in (3.7) makes the integral analytically in-

tractable. One approach is to use Laplace approximation [74, 97] to form
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Figure 3.2: Squared exponential kernel for σq = 1 and different values of Γ.
Larger Γ results in highly correlated values for close points.

p(q̂|T , C) ≈ N (q̂,A−1) with the statistics estimated as

q̂ = argmax
q

p(q|T , C), (3.10a)

A = −∇∇ log p(q|T , C) |q=q̂ . (3.10b)

In this thesis, the mean function μ( · ) is assumed to be constant, correspond-

ing to a stationary gp, and set to zero. The covariance function is the squared

exponential (SE) kernel, KSE , which for two arbitrary points, δ and δ′ , is given by

KSE(δ, δ
′) = σ2

q exp{−
D2
δ

2Γ2
}, (3.11)

where Dδ = ‖δ − δ′‖ is a function of input training points and Γ and σq are the hy-
per parameters. While σq controls the amount of deviation around the posterior

mean at each point, Γ specifies the smoothness of the estimated function. For ex-

ample, as illustrated in Figure 3.2, a higher value of Γ results in highly correlated

function values for close points.
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Figure 3.3: The L-layer feed forward neural network structure with n[�]

number of hidden units in each hidden layer �, � ∈ 1, . . . , L − 1. The activa-

tion functions u[�](z[�]) in all of the hidden layers are ReLU and the activation

function in the output layer u[L](z[L]) is softmax.

3.2.3 Feed Forward Neural Network

The last classifier considered in this thesis is based on feed forward neural net-

work, trained using the nr training examples. A rather shallow, fully connected

neural network is developed which outputs probabilities of class memberships

given the input vectors computed using the softmax function.

Let � ∈ [1, . . . , L] denote the number of layers, including hidden layers and

the output layer, and n[�] denote the number of hidden units, or neurons, in the

�:th layer of the neural network. The fully connected neural network structure is

given in Figure 3.3 in which the output layer, corresponding to the classes defined

in Table 7.2, is a vector of size nc = 8.

For consistency in the derivations that follows, assume that � = 0 corresponds

to the input layer, i.e. X = a[0]. Then, the output of each hidden layer, denoted

by a[�], can be computed by a linear transformation of the previous layer’s out-

put a[�−1] followed by a nonlinear transformation using an activation function

denoted by u[�]( · )

z[�] = w[�]a[�−1] + b[�], (3.12a)

a[�] = u[�](z[�]), (3.12b)

where w[�] ∈ R
n[�]×n[�−1] is the weight matrix and b[�] ∈ R

n[�]×1 is the bias vector

of the �:th layer. To better explain the procedure, Figure 3.4 illustrates the linear

and non-linear transformations of a single unit of the �:th layer in which w
[�]

n[�]

denotes the weight vector and b
[�]

n[�]
denotes the bias scalar corresponding to the

n[�]:th hidden unit. In this thesis, we use the rectified linear unit (ReLU) as the

activation functions for all the hidden layers. For any value φ ∈ R, the ReLU

activation function is given by

urelu(φ) = max(0, φ). (3.13)

Upon taking the path through all hidden layers � ∈ [1, . . . L − 1], the output

of the NN classifier is computed by first passing a[L−1] through the same linear
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Figure 3.4: Input-output relationship in the n[�]:th hidden unit of layer �.

function (3.12a) to find z[L]. A softmax regression layer is then used to estimate

the class membership probabilities a[L] = Ĉ = σ(z[L]). The unknown weight and

bias parameters are learned using back propagation.

After one full forward propagation, in the backward path, an optimization

algorithm is employed to find the optimal value of the unknown parameters w[�]

and b[�], � ∈ [1, . . . , L] for a given loss function. A softmax classifier is typically

trained using the cross-entropy loss function. Given the true classes vector Cr ∈
R
8, one-hot encoded vector, with 1 at the true class and zeros elsewhere, and the

estimated class vector Ĉr , the loss function, for each training example is given by

L(Ĉr , Cr ) = −
8∑
c=1

Cc log(Ĉc) +
λ
2m

L∑
l=1

‖w[l]‖2F, (3.14a)

where ‖ · ‖F operator denotes the Frobenius norm of the matrix. The second term

on the right hand side of (3.14a) is the regularization term added to deal with the

overfitting problem. Let L(Ĉr, Cr ) denote the loss function for all the unknown

parameters θ = {w[�]
n�
, b

[�]

n[�]
}L�=1. The cost function, given all of the m training

examples, can then be obtained by

J(θ) =
1

m

m∑
τ=1

L(Ĉr , Cr ). (3.14b)

In this work, we use the adaptive learning rate optimization (Adam) first in-

troduced in [53] to optimize the cost (3.14b). The Adam optimization algorithm

combines the benefits of two optimization methods; gradient descent with mo-

mentum [71] and root mean squared prop, RMSprop that is an unpublished adap-

tive learning rate method proposed by Geoff Hinton in his online course 1. The

1http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf



40 3 Statistical Machine Learning

Adam method, in addition to storing an exponentially decaying average of past

squared gradients as in RMSprop, also keeps an exponentially decaying average

of past gradients, similar to momentum.

Let da[�] = ∂J
∂a[�]

denote the derivative of the cost function with respect to the

activation function at the �:th layer. Hence, the derivative of the cost function

with respect to the activation function of the last layer initiates the back propaga-

tion. For softmax classification, we can easily derive

da[L] = a[L] − Ctr. (3.15)

Computing da[L] and using the chain rule of derivatives, for each layer �, one
can define

dz[�] = da[�]
∂a[�]

∂z[�]
, (3.16a)

dw[�] = dz[�]
∂z[�]

∂w[�]
, (3.16b)

db[�] = dz[�]
∂z[�]

∂b[�]
. (3.16c)

In order to use the Adam algorithm for finding the optimal values of the un-

known parameters, in the backward propagation, the momentum terms V dw[�]

and V db[�] should be introduced. Furthermore, two additional variables Sdw[�]

and Sdb[�] corresponding to the RMSprop algorithm are also considered.

At each iteration, using the current mini-batch, the derivative of unknown

parameters dw[�] and db[�] are first computed. Then, the momentum and RM-

Sprop variables are updated using exponentially weighted average procedure as

described in [53]. Finally, the unknown parameters are updated using the up-

dated values of the momentum and RMSprop variables

w[�] = w[�] − α V dw[�]

√
Sdw[�] + ε

, (3.17)

b[�] = b[�] − α V db[�]√
Sdb[�] + ε

, (3.18)

where α is the learning rate of the gradient descent algorithm and ε is another

hyperparameter of the algorithm mainly for numerical stability. Although the

learning rate α needs to be tuned while training the network, the other hyperpa-

rameters can be chosen according to the values suggested by the authors in [53],

as discussed in Section 7.2.

In addition to the regularization procedure, the proposed method also em-

ploys dropout [88] to avoid overfitting the data. For this purpose, during the

training phase, 5% of the hidden units are ignored. The hidden units to be omit-

ted are randomly selected at each epoch.
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Figure 3.5: The output of the trained neural network, Ĉm, is smoothed using

an additional hmm block providing a final estimate of the classes, Ĉm|M .

3.3 Temporally Correlated Classes

For the classification problem at hand, we note that there is a high probability

that the activity profile and the device mode will remain constant between two

consecutive gait cycles. This implies that there is a high temporal correlation

between the classes. This additional information can improve the classification

rate noticeably and can be modeled using a discrete time, discrete state hidden

Markov model as introduced in Section 2.4.

Let Ĉe, e ∈ {0, . . . , ne}, contain the estimated class membership of the test data

samples estimated by any of the classifiers introduced in Sec. 3.2 and ne =
M−nr

2 .

It is worth noting that hmm is only applied to the test set. For the sake of sim-

plicity in the notation, we remove the subscript e; hence, in what follows, by the

m:th gait cycle, we mean the m:th gait cycle in the test set data.

In order to capture the temporal correlation between the classes, as shown

in Fig. 3.5, the estimated class membership vectors Ĉm for gait cycle m are fed

into an hmm block whose output is the final class membership estimates Ĉm|m
for filtering and Ĉm|M for smoothing approaches.

We let the classification vector Ĉm|M denote the hidden states of the hmm and

define the observation vector at each time instance based on the classifier output

Ĉm. The joint distribution of the observation and hidden states can be computed

from (2.23).

The emission model is given by the confusion matrix presented in Table 7.3.

Additionally, we assume that the states are highly likely to remain in the same

regime between the consecutive gait cycles m − 1 and m. This can be captured in

the transition matrix Π as

Πij =

{
0.99 if i = j
0.01
nc−1 otherwise

(3.19)

where nc is the number of states, here classes, of the hmm model. The classifiers

introduced in this section are evaluated using the experimental data in Chapter 7

in which nr training examples together with the development set are used to train

multiple classifiers.
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3.4 Summary

Basic concepts of machine learning problems, particularly the classification prob-

lem, have been introduced in this chapter. Three different classifiers, from a

simple K-nearest neighbor approach to a more complex neural network solu-

tion, were presented and it was shown how the temporal correlation between

the classes can be captured. In chapter 7, the results obtained from applying the

trained classifiers introduced in Section 3.2, using a set of novel features, are pre-

sented and compared with both filtering and smoothing estimates introduced in

Section 3.3.
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4
Gait Parameter Estimation

An earlier version of this application is presented in:

P. Kasebzadeh, C. Fritsche, G. Hendeby, F. Gunnarsson, F. Gustafsson.

Improved Pedestrian Dead Reckoning Positioning With Gait Parame-

ter Learning. In Proceedings of the 19th International Conference on

Information Fusion, pages 379–385, Heidelberg, Germany, July 2016.

This chapter extends the general pdr algorithm introduced in Chapter 2 to

solve a personal navigation problem. The results obtained from the approaches

proposed by the author in [48] are presented. Additionally, an extended version

of these approaches is investigated in this chapter.

We propose an improved pdr algorithm that learns gait parameters in time

intervals when external positioning information is available, for instance from

gps or an indoor positioning system (ips). Then, the learned gait parameters are

used for dead reckoning when no position measurement is available.

Internal gait parameters in the pdr algorithm, such as the step length and

the step detection threshold are estimated by a novel filtering approach. The

proposed approach is based on a multi-rate Kalman filter bank that estimates

the gait parameters when position measurements are available to enhance the

performance of the pdr in time intervals when such measurements do not exist.

One motivating example is the scenario in which navigation is requested when

the user’s path contains both outdoor and indoor intervals and the gps measure-

ments are not always available. The effectiveness of the new approach is investi-

gated on several simulated data as well as data from real world experiments.

We start by introducing pdrmodels which are extended versions of the model

presented in [48] in Section 4.1. In the proposed methods, the step length is con-

sidered as a state therefore we need to detect the steps in advance. Section 4.2

introduces the step detection algorithm and step length estimation methods. The

45
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filtering solution of the considered application is explained in Section 4.3. Sec-

tion 4.4 discusses the dead reckoning improvements by learning the gait param-

eters on a number of real-world experiments.

4.1 Pedestrian Odometry

In pedestrian navigation systems, the double-integrating strap-downmethod suf-

fers from an error in the position estimate. This error propagates and increases

quadratically with time [98]. Integrating gait parameters could be a solution to

this issue. The gait parameters can be utilized in pdr algorithms to improve the

performance.

Traditionally, pdr algorithms detect gait parameters, such as the number of

detected steps and the step length, in order to determine the travelled distance.

This approach is applied in navigation applications in many studies, e.g. [78, 79].

The basic longitudinal model is given by

ds+1 = ds + L + ns, (4.1)

where ds is the total traveled distance, s is the step index, L is the step length and

ns is noise. This is a simplified version of the standard model that was introduced

in (2.3), considering only one state d with L as an input to the model.

Estimating a pedestrian’s step length and determining a suitable threshold for

step detection from imu accelerometer measurements need to be treated appro-

priately as is discussed in Section 4.2. However, we first introduce the extended

versions of the pedestrian odometric model in the following subsections.

4.1.1 Extended Pedestrian Odometric Model

States of the extended pedestrian odometric model contain extra components de-

fined by the dimension of the system. One-dimensional models, known as longi-

tudinal models, add only the travelled distance d to the conventional pedestrian

odometric model, while in two dimensional horizontal models the step length,

angular rate, and bias are also considered.

Longitudinal Model

A longitudinal multi-rate model is proposed that is updated each time a step is

detected or a gps position estimate becomes available. The underlying motion

model is the standard constant velocity (cv) model extended with step length.

This model has a state vector x = [d, v, L]T with travelled distance d, velocity v
and step length L. This model was introduced in [48].

The dynamic model from one event tk to the next event at tk+1 is given by

either an observed gps position or a detected step

xtk+1 = F(tk+1 − tk)xtk +G(tk+1 − tk)wtk+1 , (4.2)
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where wtk+1 denotes the process noise

wtk+1 ∼ N (0,Q), Q =

[
σ2
a 0

0 σ2
L

]
. (4.3)

The matrices F and G are given by

F(T ) =

⎡⎢⎢⎢⎢⎢⎢⎣
1 T 0

0 1 0

0 0 1

⎤⎥⎥⎥⎥⎥⎥⎦ , G(T ) =

⎡⎢⎢⎢⎢⎢⎢⎢⎣
T 2

2 0

T 0

0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎦ , (4.4)

where T is the sampling time. In this model, the measurement data is asyn-

chronous, i.e. the time elapsed between two filter updates will depend on which

measurement is currently being processed; either a step is detected or a gps posi-
tion is available. The general form of the measurement model is given by

yk = Hkxk + ek, (4.5)

where Hk is a mapping matrix and ek denotes measurement noise. In case a gps
position estimate is available, it is converted to the corresponding velocity as

vtl =
‖p̂tl − p̂tl−1‖
tl − tl−1

, (4.6)

where ‖ · ‖ denotes the L2 norm and p̂tl and p̂tl−1 denote the gps position estimates

available from the current time instance tl and the previous time instance tl−1. It
is then possible to express the model for the gpsmeasurement as follows

yGPS
tl = Htlxtl + e

GPS
tl , (4.7)

where eGPS
tl

is the noise assumed to be zero-mean Gaussian distributed with vari-

ance σ2
v,GPS, and Htl = [0, 1, 0].

Since there are no direct observations available for step detection, we define

an artificial measurement that is used whenever a step is detected (the step detec-

tion algorithm is given in Section 4.2). The step detection measurement model is

given by

y
step
ts

= Htsxts + e
step
ts

, (4.8)

where Hts = [0, Δts,−1] with Δts = ts − ts−1 as the time difference between two

consecutive step detections regardless of how many gps measurements are de-

tected in between, and e
step
ts

is the noise assumed to be zero-mean Gaussian dis-

tributed with variance σ2
step.

This longitudinal model is linear in the state, and the solution for this prob-

lem fits the linear Kalman filter.

4.1.2 Horizontal Model

In this section, the two-dimensional multi-rate horizontal models are proposed.

The dynamic model is based on a coordinated turn (CT) model with polar veloc-

ity extended with step length. A preliminary version of these models has been

introduced in [48].
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Model 1

The nonlinear CT allows for a varying turn rate and also a varying target speed.

The proposed model has a state vector x with seven components: position x, posi-
tion y, polar velocity v, heading ψ, heading rate ω, bias b, and step length L. The
resulting differential equation for the state is given by

ẋ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ẋ
ẏ
v̇
ψ̇
ω̇
ḃ
L̇

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

v cos(ψ)
v sin(ψ)

a
ω
α
0

0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (4.9)

where a is linear acceleration and α is turn rate. The differential equations require
discretization in order to apply discrete-time filtering techniques. The result has

the form

xtk+1 = f(xtk , tk+1 − tk) + g(xtk , tk+1 − tk)wtk+1 , (4.10)

where wtk+1 is assumed to be uncorrelated zero-mean Gaussian noise with covari-

ance matrix Q = diag([σ2
a , σ

2
α, σ

2
L ]). Discretization of (4.9) yields

f(x, T ) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x + 2v
ω sin(ωT2 ) cos(ψ + ωT

2 )

y + 2v
ω sin(ωT2 ) sin(ψ + ωT

2 )

v
ψ + ωT
ω
b
L

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (4.11)

where we have assumed a and α to be zero. The zero-order-hold discretiza-

tion [36] is applied in order to find g(x, T ) as

g(x, T ) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

T 2

2 cos(ψ) 0 0 0
T 2

2 sin(ψ) 0 0 0

T 0 0 0

0 T 2

2 0 0

0 T 0 0

0 0 1 0

0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (4.12)

For the horizontal model it is assumed that the 2D gps positions, step detection

as well as turn rates from gyroscopes are available as measurements. The model

for the gps position estimates is given by

yGPS
tl =

[
1 0 0 0 0 0 0

0 1 0 0 0 0 0

]
xtl + eGPS

tl , (4.13)
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where eGPS
tl

is noise on the gps position estimates, which is assumed to be zero-

mean Gaussian distributed with covariance matrix RGPS = diag([σ2
x,GPS, σ

2
y,GPS]).

The measurement model for the step detection is analogous to the longitudinal

model presented in [48] and is given by

y
step
ts

=
[
0 0 Δts 0 0 0 −1

]
xts + e

step
ts

. (4.14)

The gyroscope measurement model is given in (2.2). For convenience, we restate

it in a suitable form for the following discussion as

y
gyro
tg

= ωz,tg + b
gyro
tg

+ e
gyro
tg

, (4.15)

where ωz,tg is the yaw rate which is the gyroscope measurement in the horizontal

plane, bgyro denotes the gyroscope bias, and tg denotes the time instance when

gyroscope measurements are available, and e
gyro
tg

denotes noise assumed to be

zero-mean Gaussian with variance σ2
gyro. It is worth noting that we considered

the sensor in body frame, with respect to the navigation frame. The gyroscope

measurement model with bias is given by

y
gyro
tg

=
[
0 0 0 0 1 1 0

]
xtg + e

gyro
tg

. (4.16)

Model 2

The proposed model has a state vector xwith eight components: current position

x1, current position y1, previous position when step was detected x2, previous
position when step was detected y2, polar velocity v, heading ψ, heading rate ω,
and step length L. The resulting differential equation for the state is given by

ẋ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ẋ1

ẏ1

ẋ2

ẏ2

v̇
ψ̇
ω̇
L̇

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

v cos(ψ)
v sin(ψ)

0

0

a
ω
α
0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (4.17)

where a is linear acceleration and α is turn rate. The differential equations require
discretization in order to apply discrete-time filtering techniques. The result gets

the form

xtk+1 = f(xtk , tk+1 − tk) + g(xtk , tk+1 − tk)wtk+1 , (4.18)
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where wtk+1 is assumed to be uncorrelated zero-mean Gaussian noise with covari-

ance matrix Q = diag([σ2
a , σ

2
α, σ

2
L ]). The discretization of (4.17) yields

f(x, T ) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1 + 2v
ω sin(ωT2 ) cos(ψ + ωT

2 )

y1 + 2v
ω sin(ωT2 ) sin(ψ + ωT

2 )

x2

y2

v
ψ + ωT
ω
L

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (4.19)

where we have assumed a and α to be zero. The zero-order-hold discretiza-

tion [36] is applied in order to find g(x, T ) which is given by

g(x, T ) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

T 2

2 cos(ψ) 0 0
T 2

2 sin(ψ) 0 0

0 0 0

0 0 0

T 0 0

0 T 2

2 0

0 T 0

0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (4.20)

For the horizontal model it is also assumed that 2D gps position estimates, step

detection as well as turn rates from gyroscopes are available as measurements.

The model for the gps position estimates is given by

yGPS
tl =

[
1 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0

]
xtl + eGPS

tl , (4.21)

where eGPS
tl

is noise on the gps position estimates, which is assumed to be zero-

mean Gaussian distributed with covariance matrix RGPS = diag([σ2
x,GPS, σ

2
y,GPS]).

The gyroscope measurement model is given as

y
gyro
tg

= ωz,tg + e
gyro
tg

, (4.22)

where the only difference with (4.15) is that the bias is neglected in this case

because it is compensated via calibration. Hence

y
gyro
tg

=
[
0 0 0 0 0 0 1 0

]
xtg + e

gyro
tg

. (4.23)

Since there are no direct observations for step detections available, we define an

artificial measurement. The measurement model for the step length is given by

y
step
ts

= Hxts + e
step
ts

, (4.24)
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where H denotes the gradient of H = h′(x) and h(x) = ||p2 − p1|| − L. Here, H is

given by

H =

[
∂h(x)
∂x1

∂h(x)
∂y1

∂h(x)
∂x2

∂h(x)
∂y2

0 0 0
∂h(x)
∂L

]
. (4.25)

In contrast to the longitudinal model, the horizontal model is nonlinear in the

states due to the nonlinear process model. Hence, nonlinear filters have to be

used for state estimation, and we will make use of the Extended Kalman filter,

presented in Section 2.3.4, in our proposed pdr solution.

4.2 Step Detection

Step detection is one of the challenges of using pdr algorithm for navigating

pedestrians. Here, we overview the recent research work that have been done

concerning this problem and then propose an algorithm for estimating the gait

parameter.

The most used signals for step detection purposes are those corresponding

to acceleration and angular rate. Depending on the application at hand, two

detection algorithms are used. In scenarios with body-mounted devices, static

detection is performed while in case of hand-held devices zero-cross detection

and peak detection are applied. One source of error in these methods is due to

multiple peak values per step. To address this false detection problem [61, 78,

83, 84, 92], look at the norm of the total acceleration rather than looking only at

the vertical acceleration component.

Another possible source of error in step detection algorithms is the orientation

of the sensor that is used for measuring signals. To avoid disturbances caused by

this arbitrary orientation on the vertical signal component, [46] projects accelera-

tion in local coordinate system to a global one. In this way, it is possible to resolve

issues due to the placement of the device.

Accurate estimation of the number of steps from the peaks of the accelerom-

eter signal could be improved by filtering the signal. That is, one can modify

the output waveform of the tri-axial accelerometer and then count the number

of peaks. In this regard, [61] considers a band-pass filtering approach. Signal

segmentation, by means of windowing techniques, is also studied in the litera-

ture. [102] applies a filter with a low and high cut-off value. Then, by comparing

steps and the threshold value, the number of steps is estimated.

Pre-processing the raw accelerometer signal is investigated in [46]. After the

pre-processing phase, a high-pass filter is applied to the acceleration in the z-
axis in global coordinates to remove the effects of the Earth’s gravity. Then, a

low-pass filtering procedure is used to remove the high frequency random noise

components.

In case of hand-held devices, extra attention is needed as the device might

be swinging in the user’s hand. The swinging pattern generates incorrect peaks

that need to be addressed. [61] introduces two thresholds τ and σ for time and

peaks to remove the errors involved in step counting. Depending on the sampling



52 4 Gait Parameter Estimation

frequency, data analyses, and test results, they adjust values of these thresholds.

Taking advantages of the motion pattern is another solution proposed in [84].

The authors apply different peak thresholds in different step detection algorithms

based on the motion pattern. In [78], it is shown that it is possible to use motion

recognition first and then use accelerometer and gyroscope signal in order to

detect the steps.

4.2.1 Step Detection Algorithm

A large number of studies consider the three-axis accelerometer signal as a suf-

ficient source of information required to detect the occurrence of a step. The

vertical axis, relative to the ground, contains all information corresponding to

the step-specific peak. However, the orientation of the sensor may cause some

disturbances on the vertical signal component. One typical example is when the

imu is embedded in hand-held devices such as smartphones. In order to avoid

disturbances, the norm of the total acceleration is used instead of looking only at

the vertical acceleration component.

Algorithm 1 Step Detection [48].

• Input: Three-axis Accelerometer Signal

1. Compute the norm of the accelerometer signal:

a =
√
a2x + a

2
y + a

2
z .

2. Band-pass filter the resulting signal.

3. If the filtered signal exceeds a defined threshold h, a step is detected.

4. Among all sets of accelerations that are larger than the threshold, be-

fore the signal drops below the threshold again, the one with the high-

est value is selected as the step.

• Output: Step detections

Algorithm 1 illustrates the step detection algorithm. In this algorithm, the

variables ax, ay , and az denote the accelerometer components. In order to im-

prove the quality of the signal, a Butterworth band-pass filter with a proper cut-

off frequency is applied to attenuate all frequencies outside the desired range.

Defining a suitable threshold h is a non-trivial and important task. The thresh-

old needs to be adjusted for different people with different characteristics. In

order to make our point clear, we have designed an experiment in which three

people with different attributes (height and weight) and walking behaviors have

participated. All of them walked along the same rectangular trajectory. In or-

der to have a better classification per person, they were asked to walk in a slow
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Figure 4.1: Number of steps detected versus the step detection threshold h
for users with different height (H) and weight (W). The crosses indicate true

number of steps [48, ©2016 IEEE].

pace and count their steps, so that these can be used as the ground truth. As Fig-

ure 4.1 shows the threshold for each user is unique. Furthermore, choosing a too

large threshold will underestimate the number of detected steps. For instance,

the number of detected steps for user 2 drops rapidly for larger thresholds.

Different walking speeds might also affect the optimal threshold value. Fig-

ure 4.2 illustrates the step detection performance for different paces of a single

user. We observe that different speeds yield different step detection curves, hence

choosing the right threshold becomes important.

It is worth noting that in all of our experiments the user is walking during

the whole data collection experiment. This means that below a certain threshold,

the step detection curves become (relatively) flat. Hence, one could argue that

a properly chosen (small enough) fixed threshold might be sufficient to obtain

good step detection performance. However, in reality the user is not walking

all the time. The user motion will rather be interrupted by shorter (or longer)

periods of stand still, resulting in step detection curves that are no longer flat

and would result in a significant increase of false detections, if the threshold is

chosen too small. The effect of different motion modes is illustrated in Figure 4.3

where two users were asked to walk with different modes and as in the previous
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Figure 4.2: Number of steps detected versus the step detection threshold h
for one user with different walking modes. The crosses indicate true number

of steps [48, ©2016 IEEE].

case, the ground truth is their counts of taken steps. The step detection curves

are no longer flat and a too small threshold results in too many false detections.

4.2.2 Step Length Estimation

Lately, much research has been conducted on step length estimation [41, 46,

61, 92]. One method for estimating the step length is to consider the relations

between output waveform of the tri-axial accelerometer and step length, also

known as the empirical formula. In this method, the step length is computed

by using the difference between maximum and minimum output waveform of a

tri-axial accelerometer in each step. Then, a calibration factor based on the ratio

of the real and the estimated reference trajectory distances must be applied.

The estimation approach using an empirical formula and back propagation

(bp) neural network is studied in [61, 92]. In [41], the calibration factor of the

empirical formula is selected adaptively. That is, instead of using a constant

factor for all steps, a polynomial function of the average step velocity is used for

derivation of the calibration factor. The degree of the polynomial is then given

by an N -fold cross-validation being applied to the dataset.
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number of steps.

Linear formula is another common method for step length estimation. In case

of walking or running pedestrians, [102] applies the linear formula to estimate

the step length. Pre-initialized parameters required in this method are obtained

by analyzing a large amount of experiment data.

Depending on the motion pattern, [102] uses different formulas to estimate

the step length in an application that contains going up or down the stairs. The

horizontal length of a stair and the threshold determined by the step speed are

used for step length estimation.

A method based on short time Fourier transform (stft) is introduced in [78].

Independent of the step detection process, the authors use stft to extract the fre-

quency content of the device’s signal. Based on the detected frequency and linear

relationship between frequency and step length, the step length is estimated.

In our proposed algorithm, the step length is considered as a state in our

model and will be estimated both online and offline using multi-rate filtering

in a filter bank framework. That is, the step length estimation process does
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not require any pre-initialized parameters and is compatible with the pedestrian

speeds which may vary due to changing the walking pattern.

4.3 Filter Bank

There are applications where the system needs to have multiple operational mod-

els. Given the true model, it is possible to use an appropriate filter at each mode

of the operation. However, since the true mode is unknown, a filter bank enumer-

ates all possible combinations and keeps track of their likelihood.

The generic model (2.6) then needs to be extended to include the mode pa-

rameter as

xk+1 = fk(xk ,wk , δk), (4.26a)

yk = hk(xk , ek , δk), (4.26b)

where δk denotes the mode at time instant k. The filter bank treats different
filters individually. Assuming that each filter is the correct one, the estimator

computes the likelihood of each filter. The state estimates obtained from all the

filters are then blended and weighted by their likelihood. One challenge in con-

structing filter banks is to avoid exponential growth of the number of possible

mode combinations using a mode reduction technique.

The mode reduction methods are based on pruning or merging the tree of

the mode sequences. Keeping track of the likelihood of each mode combination,

pruning reduces the size of a filter bank by discarding unlikely mode combina-

tions. Merging, on the other hand, combines the branches with the same history

over a window of a specific length.

The pruning and/or merging can be performed in different ways [36, 38]. In-

teracting multiple model (imm), Generalized peseudo-Bayesian filter [16], and

the adaptive forgetting through multiple models [7] are among typical available

methods.

The filter bank that is used in this work is tailored to our case and is slightly

different from the standard form of multiple model adaptive estimators. The

number of the parallel filters is fixed and the true threshold is considered as an

unknown parameter and parallel filters run with different hypotheses. Subse-

quently, all mode probabilities need to be evaluated to find the best-fit threshold.

The mode probabilities are estimated by the filter bank in both offline and on-

line fashions. In the offline case, the threshold has been estimated by minimizing

a likelihood cost function where the proposed approach processes batches of real

data for each experiment. The result of this work have been presented in [48].

In the online case, the proposed approach processes the data sequentially and all

mode probabilities are merged to find the best fit threshold at each time. imm
filter is the method that is used for merging the mode probabilities in our study.

The transition probability matrix (tpm), π, in imm filter is assumed to be known.

In the rest of this section, offline and online filter bank estimators are described

in more details.
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Figure 4.4: Block diagram of pdr algorithm with gait parameter learn-

ing [48, ©2016 IEEE].

4.3.1 Offline Kalman Filter Bank

The block diagram of the proposed pdr algorithm that learns gait parameters is

shown in Figure 4.4. The algorithm consists of four blocks. In the step detection

filter block, N different thresholds are applied to a bank of step detectors, whose

inputs are the accelerometer signals. The detected steps, as the output of this

filter, are passed to the Kalman filter bank block consisting of N multi-rate (Ex-

tended) Kalman filters, that process the step detections, gps position estimates

(and gyroscope measurements). The results of this filter bank are then passed to

the state estimation and threshold selection block.

The threshold selection block is responsible for processingN threshold depen-

dent innovation vectors εk(h) and corresponding innovation covariances Sk(h) to
obtain a threshold estimate ĥ for the step detector based on minimizing some

likelihood cost function. In the state estimation block, the N estimated states to-

gether with the error covariances and other filter parameters are passed as inputs

to a mixing stage that produces the final filter output consisting of a state vector

estimate x̂ and the corresponding error covariance P [36].

While the proposed approach should be fully capable of processing the data

sequentially, the majority of blocks could be only tested by processing batches of

real data for each experiment. In particular, all blocks except the state estimation

block, were each processed offline using batches of data. This means that the

step detection filter processed all data at once. The output of this filter, a batch



58 4 Gait Parameter Estimation

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3

Threshold [m/s2]

0.3

0.32

0.34

0.36

0.38

0.4

0.42

0.44

0.46

0.48

0.5

Li
ke

lih
oo

d

Cost function user1

Cost function user2

Cost function user3

(a) Three different users with different
characteristics.

0 1 2 3 4 5

Threshold [m/s2]

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Li
ke

lih
oo

d

 Cost function- Slow pace
Cost function- Fast Pace
 Cost function-Moderate pace

(b) A single user with three different walk-

ing paces.

Figure 4.5: Likelihood cost function against the step detection threshold

h. The crosses indicate the estimated threshold ĥ where the likelihood cost

function is minimized [48, ©2016 IEEE].

of detected steps, was then fed into the Kalman filter bank to output a batch of

innovations and covariances. The threshold estimation block has been adapted

to process batches of data. More specifically, the threshold estimate ĥ for each

experiment is obtained by minimizing the following likelihood cost function

ĥ = argmin
h

∑N
k=1 ε

T
k (h)S

−1
k (h)εk(h) + logSk(h)

N
, (4.27)

where N is the length of the batch. A small h, gives many false detected steps

resulting in large innovations. Conversely, a large h results in missed detection,

yielding large innovations again. While the proposed analysis is not fully sequen-

tial, it gives a very good insight on the potential of the proposed approach for

pdr and gait parameter learning.

Figure 4.5a and 4.5b present results for the threshold selection block. Here,

the (batch) of measurement data corresponding to three different users all walk-

ing slowly but with different physical characteristics and the data corresponding

to the single user with different walking paces have been processed. The data

batches used here are identical to the ones that have been used for generating Fig-

ure 4.1 and Figure 4.2. It can be observed that all cost functions are different and
yield different estimated ĥ values when the likelihood cost function is minimized.

In Table 4.1, the estimated thresholds from minimizing the likelihood cost

function are compared to the “true” thresholds obtained from counting the total

number of steps during the experiments. It can be observed that the estimated

thresholds ĥ are in good agreement with the true ones, and hence the criterion

given in (4.27) seems to be a good indicator to choose the step detection threshold.
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Table 4.1: Estimated step detection threshold ĥ versus true threshold [48].

True Threshold Estimated threshold
[m/s2] [m/s2]

User 1 2.06 2.0

User 2 0.81 0.8

User 3 0.61 0.4

Slow pace 0.51 0.6

Moderate pace 3.46 3.4

Fast pace 1.56 1.4

4.3.2 Online Kalman Filter Bank

This section proposes an online pdr algorithm featuring gait parameters learning

using imm. In order to simplify the procedure first a single step of the imm filter

is presented as an algorithm and then the whole algorithm is presented in a block

diagram and each block is described in detail.

IMM Filter

Let {x̂jk|k ,P
j
k|k , μ

j
k}
N

j=1
denote the previous sufficient statistics. Then, a

single step of the imm algorithm to obtain current sufficient statistics

{x̂ik+1|k+1,P
i
k+1|k+1, μ

i
k+1}Ni=1 is described in the sequel in Algorithm 2 [9, 10].

The block diagram of the proposed online pdr algorithm featuring gait param-

eters learning is shown in Figure 4.6. The block diagram consists of six blocks.

The “mixing probability calculation” block processes N mode probabilities μik
to obtain mixing probability μ

ji
k presented in the “Mixing” step in Algorithm 2.

The “Mixing block” mixes the state estimates and their covariances using the es-

timated probabilities. The computed mixed statistics together with the detected

steps, extracted by the “step detection” block, are then passed to the Kalman filter

bank.

The output calculation step in Algorithm 2 gives the output of the whole pro-

cess. However, it does not affect the sufficient statistics for the next loop as illus-

trated in “output estimation calculation” block in Figure 4.6.

4.4 Dead Reckoning in Different Environments

All the proposed approaches in this chapter are evaluated by both simulated and

real field data.
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Algorithm 2 imm Filter [9, 95]

• Input: previous sufficient statistics

• Mixing: Compute the mixing probability μ
ji
k , mixed estimates x̂0ik|k and co-

variances P0i
k|k :

μ
ji
k|k =

πjiμ
j
k∑N

l=1 πliμ
l
k

,

x̂0ik|k =
N∑
j=1

μ
ji
k|k x̂

j
k|k ,

P0i
k|k =

N∑
j=1

μ
ji
k|k

[
Pjk|k + (x̂jk|k − x̂

0i
k|k)(x̂

j
k|k − x̂

0i
k|k)

T
]
.

• Mode Matched Prediction Update: Compute the x̂ik+1|k and Pik+1|k

x̂ik+1|k = F(i)x̂0ik|k ,

Pik+1|k = F(i)P0i
k|kF

T (i) +G(i)QGT (i).

• Mode Matched Measurement Update: Compute the update estimate

x̂k+1|k+1 , covariance Pk+1|k+1 and update the mode probability μik+1

ŷik+1|k = H(i)x̂ik+1|k ,

Sik+1 = H(i)Pik+1|kH(i)T + R,

Ki
k+1 = Pik+1|kH

T (i)(Sik+1)
−1,

x̂ik+1|k+1 = x̂ik+1|k +Ki
k+1(yk − ŷik+1|k),

Pik+1|k+1 = Pik+1|k+1 −K
i
k+1S

i
k+1K

iT
k+1,

μik+1 =
N (yk+1; ŷik+1|k ,S

i
k+1)

∑N
j=1 πjiμ

j
k∑N

l=1N (yk+1; ŷlk+1|k ,S
l
k+1)

∑N
j=1 πjlμ

j
k

.

• Output Estimate Calculation: Compute the overall x̂k+1|k+1 and Pk+1|k+1

x̂k+1|k+1 =

N∑
i=1

μik+1x̂
i
k+1|k+1,

Pk+1|k+1 =

N∑
i=1

μik+1
[
Pik+1|k+1 + (x̂ik+1|k+1 − x̂k+1|k+1)(x̂

i
k+1|k+1 − x̂k+1|k+1)

T
]
.

• Output: current sufficient statistics.
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Figure 4.6: Block diagram of one step of the online Kalman filter bank using

imm algorithm for N models.
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Figure 4.7: The results are the “Kalman Filter bank” block outputs repre-

sented in Figure 4.6. The data is generated for the longitudinal model and

the online Kalman filter bank approach is used.

4.4.1 Simulated Environment

Generated data is used to verify the models under perfect conditions without

noise. It also allows for using the true value for the parameter as reference and

compare with the estimate.

Longitudinal Model

The results of the simulated data for the longitudinal model are represented

in Figure 4.7 and Figure 4.8. Figure 4.7 shows the mode probabilities and the

estimated step lengths for three different thresholds. The true step length in

this scenario is 0.75m. The process noise covariance matrix for this model is

Q = diag([0.1, 0.001]) and the measurement noise for gps and step length are

0.1m and 0.01m, respectively.

Setting a reasonable threshold results in accurate step length estimates. Mean-

while, applying a very low/high threshold makes the estimated quantities to di-

verge from true value. Figure 4.7a indicates the “reasonable threshold” with solid

red line which has the highest probability and, as shown in Figure 4.7b, the step

length estimation is highly accurate.

By mixing the threshold results, the step lengths and the traveled distances

are estimated accurately as illustrated in Figure 4.8. Fig 4.8a represents the step

length estimation results which is the output of the “output estimation calcula-

tion” block in Figure 4.6. Moreover, Figure 4.8b presents the root mean square

error of the estimated travelled distance.
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is from the “output estimation calculation”

block in Figure 4.6.
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estimated travelled distance.

Figure 4.8: The data is generated for the longitudinal model and the Kalman

filter bank approach is used.

Horizontal Model

Data for the the horizontal model is also generated and used for performance eval-

uations. The true step length in this scenario is also assumed to be 0.75m. The

process noise covariance matrix for this model is Q = diag([0.1, 0.1, 0.001]) and
the measurement noise standard deviation for gps, gyroscope and step length

are 0.1, 0.2, and 0.01, respectively. The thresholds are set with the same value as

in the longitudinal model. In Figure 4.9a the “reasonable threshold” indicated

with solid red line represents the highest probability. The estimated step lengths,

presented in Figure 4.9b, for this threshold are the closest to the true step length.

By mixing the threshold results, the step lengths and position are estimated

accurately as illustrated in Figure 4.10. Figure 4.10a presents the step length es-

timation results which is the output of the “output estimation calculation” block

in Figure 4.6. Moreover, Figure 4.10b presents the estimated position over the

true position. The results indicate that the estimated trajectory follows the true

path.

4.4.2 Real Environment

In this section, the performance of themodels introduced in Section 4.1.1 are eval-

uated using real field experiments. The result obtained from the 2-D models are

also compared and advantages and disadvantages of each model are discussed.



64 4 Gait Parameter Estimation

0 10 20 30 40 50 60 70
Time [s]

10-30

10-25

10-20

10-15

10-10

10-5

100

lo
g-

P
ro

ba
bi

lit
y

low threshold
reasonable threshold
high threshold
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thresholds.
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(b) Estimated step length for three differ-
ent thresholds.

Figure 4.9: The results of the “Kalman Filter bank” block in Figure 4.6, using

the data generated for the horizontal model.
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potheses for the thresholds.
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Figure 4.10: The results of the “output estimation calculation” block in Fig-

ure 4.6, using the data generated for the horizontal model.

4.4.3 Data Collection

Several candidates with different weights and heights participated in the data

collection experiment. For each candidate, different motion modes consisting of

walking (W), running (R), and standing still (SS) are considered. The candidates

followed two trajectories, each with three or four sharp turns, while holding a

smartphone fixed in hand in front of them. The Sensor Fusion Android app [39,

60] was used to log the measurements from gps, gyroscope and accelerometer
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Table 4.2: Measurement Scenarios

Scenario Device mode Motion mode Location
Liu1 Fixed in hand Walking (W) Outdoor

Liu2 Fixed in hand

Walking (W)

Standing Still (SS)

Running (R)
Outdoor

sensors.

In this study, two different scenarios are considered to evaluate the proposed

methods. A summary of the scenarios is given in Table 4.2.

Offline Kalman Filter Bank Results

Table 4.3 presents the results obtained from applying the longitudinal model

described in Section. 4.1.1 to the collected data. The elements of the process

noise covariance matrix for this model were selected as σ2
a = 10 (m/s2)2 and

σ2
L = 0.002m2, and the measurement noise variances for gps and step length

are σ2
v,GPS = 9 (m/s)2 and σ2

step = 0.04m2, respectively.

The results of adaptively determining the step detection threshold are com-

pared to the results when the threshold is fixed such that it suits user 1. In Ta-

ble 4.3, the estimates are compared to the ground truth values for the gait param-

eters and the traveled distances. As Table 4.3 suggests, the estimates obtained

from using the fixed threshold for user 1 are comparable to those obtained with

the adaptive scheme. However, the fixed threshold does not perform well for the

second user. In that case, choosing a too large step detection threshold results in

too few steps being detected. Hence, the threshold that suits user 1 works less

well with user 2.

Next, we evaluate the performance of the horizontal model using the real data.

The elements of the process noise covariance matrix for the horizontal model

were selected as σ2
a = 10,σ2

α = 0.5, and σ2
L = 0.002 and the measurement noise

variance for gps was selected as σ2
p,GPS = 9, for gyroscope as σ2

gyro = 0.64, and for

the step length as σ2
step = 0.04.

Figure 4.11 presents the results obtained from using the horizontal model in

which the pdr estimation is shown with adaptive and fixed gait step detection

thresholds (again chosen to suit user 1 the best) when two users walked slowly.

The threshold for step detection has been estimated for Figure 4.11a and Fig-

ure 4.11c. Conversely, in Figure 4.11e the fixed threshold is used and applied to

the same measurement set as used in Figure 4.11c. The gps signal (green dots) is

only assumed available for a few seconds in the beginning and middle of experi-

ments.

Using the adaptive step detection threshold, as shown in Figure 4.11, provides

reasonably good position estimates even during periods without gps coverage.
At the same time, Figure 4.11e shows how large influence poorly chosen gait



66 4 Gait Parameter Estimation

Table 4.3: Estimated gait parameters and travelled distance versus true

one [48].

Traveled
distance

[m]

Number
Of

Steps

Position
error at the
end point

[m]

Threshold
[m/s2]

Ground Truth
User 1 248 333 0 2.06

User 1 with

adaptive

gait parameters
246.1 329 6.9 2

User 1 with

fixed

gait parameters
245.2 321 8.6 4

Ground Truth
User 2 242 346 0 0.81

User 2 with

adaptive

gait parameters
240.1 352 9.8 0.8

User 2 with

fixed

gait parameters
227.7 141 32.8 2

parameters can have on the end result, when compared to adaptively chosen pa-

rameters. It should be noted that in these limited experiments, simply choosing a

very low step detection threshold would improve the result. However, we antici-

pate this not to be the case in more realistic settings with uneven gait and regular

stops which motivates the choice of parameters here.

The step lengths estimated with adaptive threshold, presented in Figure 4.11d

and Figure 4.11b, are fairly constant. In this figure, green lines indicate availabil-

ity of the gps signal, as in the previous case. Figure 4.11f shows the negative

effect on the step length when the steps are incorrectly detected due to a poor

step detection threshold.
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(a) User 1 with adaptive parameters.
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(b) The estimated step lengths, the

green lines indicate time slots of

available gps signals.
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(c) User 2 with adaptive parameters.
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(d) The estimated step lengths, the

green lines indicate time slots of

available gps signals.
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(e) User 2 with fixed parameters.
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(f) The estimated step lengths, the

green lines indicate time slots of

available gps signals.

Figure 4.11: Illustration of the estimated trajectory with pdr and gps ref-
erence trajectory. The green dots indicate where gps signals were assumed

available. The user starts walking south and in total makes four sharp turns

until the end point is reached. The users walked slowly and with constant

speed during the data collection [48, ©2016 IEEE].
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Online Kalman Filter Bank Results

The online Kalman filter bank results are presented in this section. The results

of the longitudinal model are gathered for different walking modes; in the sim-

plest scenario, the user walks with constant speed during the whole measure-

ment, while complex scenarios mimic a more realistic application in which users

change their motion mode between walking, standing still, and running. In the

following figures, different modes are distinguished by their initial letter; “W”

stands for walking, “SS” for standing still and “R” for running. The process

noise covariance matrix for this model is Q = diag([10, 0.00000001]) and the mea-

surement noises standard deviations, for the gps and step length are selected as

before. The tpmmatrix is a 3 × 3 identity matrix since three hypotheses are used

in this scenario.

The results obtained for the simple walking mode are summarized in Fig-

ure 4.12. Figure 4.12a and Figure 4.12b represent the mode probability with and

without gps signal for three different thresholds. According to these figures, the

mode probability for the second threshold has the highest value that is very well

in-line with our expectations compared to the other two thresholds that stand for

extreme low and high values.

The results of the estimated step lengths for these two situations (with gps
as well as the gps denied conditions), are illustrated in Figure 4.12c and Fig-

ure 4.12d, respectively. The step length estimate remains constant for all mea-

surements in both situations, as expected since the user is always walking with

constant speed throughout the whole experiment. The step lengths are estimated

to be around 0.8m which is very reasonable for a normal person.

The traveled distance estimation error for both environments is computed

and illustrated using a cumulative distribution function (cdf) in Figure 4.12e

and Figure 4.12f. As the figures indicate, the traveled distance is estimated with

rather a low error, even when the gps is not always available. The ground truth

is assumed to be the position measurements provided by the gps.
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(a) Mode probability for three differ-
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ing entire experiment.
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(b) Mode probability for three differ-
ent thresholds in gps denied environ-

ment.
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(c) The estimated step length. gps is
available during entire experiment.
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(d) The estimated step length in gps
denied environment. Green solid line

indicate where gps signals were as-

sumed available.
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(e) The cdf of root mean square error

for estimated travelled distance. gps
is available during entire experiment.
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(f) The cdf of root mean square er-

ror for estimated travelled distance in

gps denied environment.

Figure 4.12: Results for longitudinal model with real data for simple walk-

ing pattern.
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(a) Mode probability for three differ-
ent thresholds. gps is available dur-

ing entire experiment.
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(c) The estimated step length. gps is
available during entire experiment.
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(d) The estimated step length in gps
denied environment. Green solid line

indicate where gps signals were as-

sumed available.
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(f) The cdf of root mean square er-

ror for estimated travelled distance in
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Figure 4.13: Results for longitudinal model with real data for complex walk-

ing pattern.
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The complex walking pattern in the longitudinal model is also evaluated and

the results are reported in Fig 4.13. Similar conclusions as in the simple walking

mode are valid in these scenarios as well. As these figures suggest, the pdr with

gait parameter learning results in good estimation for step length and traveled

distance even during periods without gps coverage.
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(a) Estimated trajectory with pdr. Only

walking is performed by user.
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(b) Estimated step length with pdr. Only

walking is performed by user.

-80 -70 -60 -50 -40 -30 -20 -10 0
X-position [m]

-50

-40

-30

-20

-10

0

10

Y
-p

os
iti

on
 [m

] Smoothed GPS
Estimated position
Available GPS
Start point
End point

(c) Estimated trajectory with pdr. Differ-
ent motion modes (W,R,SS) are performed

by the user.
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(d) Estimated step length with pdr. Dif-

ferent motion modes (W,R,SS) are per-

formed by the user.

Figure 4.14: Illustration of the estimated results obtained by “Model 1” pro-

posed in Section 4.1.2, against the smoothed gps as the reference trajectory.
Green dots indicate time instances at which gps signals are available.
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The results for the horizontal model are presented in both simple and complex

walking patterns. The elements of the process noise covariance matrix for both

horizontal models were selected as σ2
a = 10 (m/s2)2, σ2

α = 10 rad2 and σ2
L = 1e −

5m2.

Model 1

Figure 4.14 presents the results for “Liu1” and “Liu2” scenario using “model

1” proposed in Section 4.1.2. In this figure, the step length gradually decreases

after the gps is switched off. This causes large position estimation errors. For

“Liu2” scenario, in the intervals where gps update is unavailable and no steps are

detected from the accelerometer signal, filters perform the prediction phase only.

This results in the case in which the user is mistakingly assumed to be walking

forward with the same speed and step length. Large position estimation errors

are hence obtained in this scenario using “model 1”.

Model 2

“Model 2” is proposed in Section 4.1.1 to improve the step length estimation per-

formance. In this model, the step length is independent of the speed and is com-

puted based on the previous estimated position. In this model, the states are

extended with previous estimated position (when the step is detected) and will

be used when the new step is detected to estimate the step length. Figure 4.15

presents results of this approach for “liu1” scenario. As the figure suggests, the

estimations are improved and the decreasing trend of the step length has a much

lower slope compared to the previous model. However, the result of position

estimation for “liu2” scenario still contains large error.

4.4.4 Standing Still Detection

To improve the performance of position estimation for the scenarios containing

standing still, an algorithm has been implemented to detect the standing still

modes. For this purpose, two constants are defined to check if either gps is avail-
able or a step is detected.

The gps signals are usually received every second, hence the gps constant is
set to 1.6 second to have large enough margin in case the signal is received with

some delay. For step detection, depending on the motion mode, the value varies

between 0.5 to 0.7 second for walking and running modes, respectively. Here,

the constant is set to 0.8 second. If the difference between the current received

measurement time and the previous gps time and step time exceeds the defined

limit, it is assumed that neither gps signal is received nor step is detected. This

implies that the subject is in standing still mode.

In cases where the standing still mode is detected, the values for the speed

and the step length are set to zero and the prediction phase in the filter will

only update two states, heading and angular velocity. As soon as a new step is

detected or gps signal becomes available, the speed and step length will be set
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(a) Estimated trajectory with pdr.
Only walking is performed by user.
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(b) Estimated step length with pdr.
Only walking is performed by user.
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(c) Estimated trajectory with pdr. Dif-

ferent motion modes (W,R,SS) are per-

formed by the user.
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(d) Estimated step length with pdr.
Different motion modes (W,R,SS) are

performed by the user.

Figure 4.15: Illustration of the estimated results obtained by “Model 2” pro-

posed in Section 4.1.2, against the smoothed gps as the reference trajectory.
Green dots indicate time instances at which gps signals are available.

to the last value before standing still mode and prediction will apply for all state

components.

Figure 4.16 represents the performance of the pdr estimation using standing

still detection algorithm. In these figures, the estimated positions are improved

and follow the trajectory. However, there is a drift in the last part of the tra-

jectory. gps signal is disconnected at point (−18,−50)m where the user was in

the running mode. The speed remains the same for the rest of the measurement

and the step length is estimated around 1.1m which corresponds to the running

mode rather than walking. However, since the user was actually walking in that

interval, until the end point is reached, the position estimation will contain some

errors at the end of the trajectory.

It is worth mentioning that by using standing still detection algorithm both
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(a) Estimated trajectory with pdr.
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(b) Estimated step length with pdr.
“Model 1”
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(c) Estimated trajectory with pdr. “Model

2”
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(d) Estimated step length with pdr.
“Model 2”

Figure 4.16: Illustration of the estimated results obtained by “Model 1” and

“Model 2” using standing still detector against the smoothed gps as the ref-
erence trajectory. Green dots indicate time instances at which gps signals
are available.

proposed horizontal models have almost similar performance, though it can be

seen in step length estimation that “model 2” has slightly better performance.

4.4.5 Motion Mode Classification Using HMM

Using standing still detection improved the estimated position accuracy. How-

ever, the existing drift in the estimates made some room for further improve-

ments. As mentioned earlier, in standing still detection algorithm the last speed

before standing still mode was stored. Irrespective of the user’s motion after the

standing period, the stored value was then used as soon as a step was detected.

As Figure 4.16 suggests, this approach negatively affects the estimates.
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(a) Estimated trajectory with pdr.
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(b) Estimated step length with pdr.

Figure 4.17: Illustration of the estimated results obtained by “Model 1” pro-

posed in Section 4.1.2, against the smoothed gps as the reference trajec-

tory using motion mode classification. Green dots indicate time instances

at which gps signals are available. Different motion modes (W,R,SS) are per-

formed by the user.

In order to improve the algorithm, a motion mode classification has been ap-

plied to the data while the gps is not available. The step length and speed will

be adjusted properly by the motion mode detection. Figure 4.17 represents the

performance of the pdr estimation using motion mode classification. In these fig-

ures, the estimated positions are improved and follow the trajectory and the drift-

ing issue is resolved. However, due to some miss-classification, the step length

estimation is jumping between running mode and walking mode.

4.5 Conclusion

Inertial measurements are another source of information that can be used either

in standalone positioning algorithms or together with other radio measurements.

To mitigate the main disadvantage of the standalone ins systems, being the inte-

gration drift caused by integrating inertial sensors measurements, a framework

for a pedestrian dead reckoning algorithm was developed.

In this application, we proposed two extended pdr models in Section 4.1.1

which were the extended version of basic pdr, given in Section 4.1. The approach

was based on an offline and online multi-rate Kalman filter bank that learned gait

parameters in time intervals when gps position estimates were available. This

improved the pdr in time intervals when the measurement is unavailable. The

proposed methods had been evaluated using simulated data as well as real ex-

perimental imumeasurements, presented in Section 4.4 where it was shown that

promising results could be obtained especially when the step detection threshold

was chosen adaptively.

In the offline approach, the algorithm assumed a subject moving with con-
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stant speed. It is explained that the results deteriorate if a fixed threshold is used

that is not appropriately chosen to suit the current user.

To relax the constant velocity assumption, the online approach set no restric-

tion on the subjects speed and the experiment was done while different walking

models were considered; running, walking and standing still. However, it was

shown in the online Kalman filter bank in Section 4.4.2 that by having more vari-

ations in the user’s walking patterns and with regular stops or running, the step

detection and position estimation accuracy were affected.
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IMU Dataset For Motion and Device

Mode

This work is presented in:

P. Kasebzadeh, G. Hendeby, C. Fritsche, F. Gunnarsson, F. Gustafsson.

IMU Dataset For Motion and Device Mode Classification. In Pro-

ceedings of the 8th International Conference on Indoor positioning

and indoor navigation, Sapporo, Japan, September 2017.

In this chapter, we study human motion and device mode classification. Clas-

sification of motion mode (walking, running, standing still) and device mode

(hand-held, in pocket, in backpack) is an enabler in pns for the purpose of de-

sign parameter settings.

Our main contribution is to make available one of the most extensive datasets

for this problem, including inertial data from eight users, each one performing

three pre-defined trajectories carrying four smartphones and seventeen inertial

measurement units on the body. All kind of metadata is available such as the

ground truth of all modes and position. A second contribution is the first study

on a joint classifier of motion and device mode, respectively, where preliminary

but promising results are presented.

The rest of the chapter is organized as follows: Section 5.1 explains experi-

mental setup in detail, followed by a description of available data in Section 5.2.

In Section 5.3 data analysis and initial classification results are presented.

5.1 Experiment Setup

Our investigation is based on an extensive experimental study where different
users repeated the same trajectories and sequences of modes. We logged data us-

ing low cost sensors including acceleration, angular rate, magnetic field, baromet-

ric pressure and also gps as a position reference. Data were measured by using

77
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four smartphones and 17 imus configured in a body suit. The imus generate data
of somewhat higher accuracy than the smartphones, and the body suit software

makes use of advanced biomechanical models to provide accurate description of

true motion of all body parts, which in turn could be used to simulate data from

any other part of the body. Ground truth of the device and motion mode is avail-

able from the experimental setup. Table 5.1 summarizes different device and

motion modes. In order to simplify referring to each of these scenarios, Table 5.1

also assigns a specific class to each of them. We believe this to be one of the most

extensive datasets publicly available for pns.

Table 5.1: Motion-Device mode Classification [49].
���������������Device mode

Motion
mode Standing Still

(SS)
Walking

(W)
Running

(R)

Fixed hand (1)

Class SS

Class W1 Class R1

Swinging hand (2) Class W2 Class R2

Pocket (3) Class W3 Class R3

Backpack (4) Class W4 Class R4

In this section, we first introduce the hardware used in the experiments, then

all measurement scenarios are described in detail. Finally, characteristics of all

participants are presented to give a better comparison on signal behavior for dif-

ferent subjects with different attributes.

5.1.1 Sensors

The hardware can be grouped into two categories; high and low quality; mvn 1

and Nexus 5, respectively. Subsequently, the signals from the mobile phones

will be compared with the mvn system to have a better classification for mobile

signals.

Xsens MVN Motion Capture

The Xsens mvn system has been used to capture the whole body motion. In

the experiments the “mvn Awinda” system has been used [99]. It contains 17

wireless Motion Trackers (mtw), an Awinda station, and mtw full body velcro

straps.

The mtw is a miniature inertial measurement unit containing a 3-D linear

accelerometer, a 3-D rate gyroscope, a 3-D magnetometer, and a barometer.

The 17 trackers are placed at strategic locations on the body (secured by

straps), to measure motion of each body segment. Figure 5.1 shows the location

of the straps and attachedmtw. Themvn system is controlled by themvn studio

software. A snapshot of the mvn system is shown in Figure 5.2.

1https://www.xsens.com/products/xsens-mvn-analyze/
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Figure 5.1: MVN Awinda Straps by courtesy of Xsens [49, ©2017 IEEE].

Nexus 5

Four Nexus 5 smartphones are carried by the subjects in the experiments. The

Nexus 5 is equipped with multiple sensors; A-gps, the 3-D linear accelerometer,

the 3-D rate gyroscope, and the barometer are the sensors that considered in this

work.

The Sensor Fusion Android app [40, 60], installed on the Nexus 5 phones, is

used to log the sensors measurements from the phones.

All phone locations used in the experiment are presented in Table 5.1. A

summary of the details about both the mvn system and the phone is provided in

Table 5.2; application, sampling frequency, sensor’s positions, and imu sensors.

5.1.2 Scenarios

Measurements were collected in a building at Twente university. During the

experiments the subjects walked three different paths, with a mixture of differ-
ent motion modes, as represented in Table 5.1. We followed certain rules when

gathering the data so that the obtained measurements should mimic reality. For

instance, to avoid any abnormal behavior the subjects were asked to carry one

smartphone in the hand at each time. One run-through of the scenarios includ-

ing a preparation phase lasts around 45–60 min.

Figure 5.3 illustrates three different paths on top of the map of the area where

measurements were obtained. The paths on themaps are for illustrative purposes

and are inexact. For each path in Figure 5.3, the subject holds one mobile phone

in the hand, two more phones in front and back pockets, and one in the backpack.

In this section, we thoroughly present the three measurement scenarios studied
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Figure 5.2: mvn Studio BIOMECH application [49, ©2017 IEEE].

Table 5.2: Measurement device specifications [49].

Device Application
Sampling
Frequency

[Hz]
Position Sensors

Xsens
mvn

Awinda
60

Head

Shoulders

Upper Arms

Fore Arms

Upper Legs

Lower Legs

Hands

Feet

Pelvis

Accelerometer

Gyroscope

Magnetometer

Barometer

Nexus 5
Sensor

Fusion

app
100

Hand

Front Pocket

Back Pocket

Backpack

gps
Accelerometer

Gyroscope

Magnetometer

Barometer

in this work. One scenario contains outdoor-only measurements, while the other

two scenarios combine both outdoor and indoor paths. All three scenarios share

the property that the measurement begins and ends at the same point, in an out-

door environment.
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(a) Outdoor-only scenario with all classes (Case 1).

(b) Outdoor-Indoor scenario containing

the W1 class (Case 2).

(c) Outdoor-Indoor scenario containing

all classes. Forward and backward paths

are indicated with red and purple colors,

respectively (Case 3 and Case 4).

Figure 5.3: Different measurement scenarios. The start and end points are

indicated by green and cyan dots, respectively. All the motion modes and

classes are defined based on Table 5.1 [49, ©2017 IEEE].

Outdoor-only, Standing Still, Walking and Running

The simplest scenario corresponds to Figure 5.3a where the whole measurement

is performed outdoors where the gps signal is available. In this scenario, measure-



82 5 IMU Dataset For Motion and Device Mode

Table 5.3: Measurement scenarios. Device and motion modes are presented

in Table 5.1. Paths corresponding to each case are depicted in Figure 5.3 [49].

Scenario
Device
Mode

Motion
Mode Participants

Duration
(average)

[s]

Case 1 1,2,3,4 W,R,SS
5 Males

2 Females
190

Case 2 1,3,4 W
6 Males

2 Females
200

Case 3
1,3,4;

2,3,4

W

Upstairs

Downstairs

6 Males

2 Female
280

Case 4
1,3,4;

2,3,4

W,R,SS

Upstairs

Downstairs

6 Males

2 Female
270

ments are performed while the subject covers several motion and device modes,

corresponding to Case 1 in Table 5.3.

Outdoor-indoor, Walking

As in the previous scenario, the measurement starts and ends at the same point

outside the building. However, a bit in to the track, the subject gets into the

building and walks across a corridor, as illustrated in Figure 5.3b. In this scenario,

measurements are performed while the subject walks the whole path and holds

the smartphone flat and fixed in the hand, corresponding to Case 2 in Table 5.3.

Outdoor-indoor, Standing Still, Walking and Running

In this scenario, we consider the most complex behavior in terms of motion

modes and also the experiment path. Along the path depicted in Figure 5.3c,

the subject starts outside the building, then gets into the building and passes one

corridor, takes the stairs up and passes a certain distance, followed by taking the

stairs down and getting back to the starting point. The designed path in this

scenario, is measured for two different cases:

• Case 3: The subject walks along the path for both sets of device modes

presented in Table 5.3 (each set is performed separately).

• Case 4: The subject has several motion modes along the path for both sets

of device modes presented in Table 5.3 (each set is performed separately).

5.1.3 Participants

The described experiments were performed by twelve volunteers, 7 males and

5 females, with ages ranging from 25 to 45 years old. Due to some technical
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and practical issues (gps signal loss outdoors, physical difficulties making it im-

possible for subjects to perform all the experiments), only 6 men and 2 women

performed all the explained scenarios.

5.2 Available Data

This section provides a detailed explanation of how the data was collected fol-

lowed by a description of the ground truth. Finally, we clarify the data structure

as well as provide instructions on accessing different parts of the available data

summarized in Table 5.3.

5.2.1 Collected Data

Data is gathered from the scenarios in Section 5.1.2 using the hardware specified

in Section 5.1.1. Before each experiment/data collection, the mvn Awinda is cal-

ibrated. The calibration can be done by mvn studio in a less disturbed magnetic

field area while the subject is standing in a fixed pose for around 5 seconds. Ta-

ble 5.3 summarizes all the different scenarios. It is worth noting that the laptop

connected to the Awinda station must be near the subjects while recording mea-

surements due to short signal range. Figure 5.4 shows a subject while doing an

experiment. She is wearing Xsens suit and carrying several phones.

The available data for both smartphone and Xsens suits together with units

of each measurement are presented in Table 5.4. Both the raw sensory data as

well as the virtual imu measurements from the Biomechanical (BM) model are

extracted from mvn studio and provided in the dataset. Although mtws are

equipped with a barometer, themvn studio cannot extract this feature, therefore,

the mtw data for the barometer is not used.

The phone data is only available in raw version. The gps signal from the

phones is converted to enu coordinates, with the first measured gps position
considered as the reference point.

5.2.2 Ground Truth

The ground truth plays an important role in the classification process. The classi-

fier uses part of the data for which the corresponding class is known as training

data in order to establish the discriminating criteria. The part of the ground

truth which was not used for training purposes will afterwards be used for the as-

sessment of the classification accuracy. The remaining data with unknown class

could then be assigned to a class.

The classification accuracy refers to the correspondence between the class

label assigned to each sample and the “true” class obtain by the ground truth.

Fuzzy class boundaries and incorrectly assigned classes are two main degrading

factors of classification accuracy. Additionally, if the ground truth does not rep-

resent all classes adequately the classification result and the corresponding accu-

racy may be unpredictable.
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(a) The subject is walking constantly with almost

constant speed and carrying a smartphone in flat

and fixed hand.

(b) The subject is running and carrying phone in

swinging hand.

Figure 5.4: Photo from measurement campaign [49, ©2017 IEEE].

As Figure 5.2 shows,mvn studio provides a movie of all the subject activities.

We visually inspect these movies to determine the time of switch between the

modes. However, the provided output of the mvn studio is a downsampled ver-

sion of the signal. Thus, the visually obtained times need to be matched by the

samples of the signal. We use the extracted output of the mvn studio that gives

the exact time of each sample with milisecond(s) accuracy. All the samples are

then labeled to appropriate classes using the derived time stamps used to form
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Table 5.4: Dataset details given from both smartphone and mtws. Signals

from mtws are available in two versions; “Raw” data and filtered by some

Biomechanical algorithms (bm). Smartphone data is only available in “Raw”

version [49].

Variable Names Unit mtw data Phone data
3D AccR (Raw) [m/s2] × ×

3D AngVelR(Raw) [rad/s] × ×
3D OriR (Raw) [◦] × ×
3DMagR (Raw) [Gauss] × ×

gps [m] - ×
Pressure [Pa] - ×

Mtw Position [cm] × -

Velocity [m/s] × -

3-D Acc (bm) [m/s2] × -

3-D AngVel(bm) [rad/s] × -

3-D Ang.Acc (bm) [rad/s2] × -

Ori (bm) [◦] × -

Joint Angle [◦] × -

Ground Truth (gt) - × ×

the ground truth.

The ground truth is separately formed for high and low quality devices using

the labels obtained. Depending on the device mode, signals obtained from appro-

priate mtws should be considered. For example, if the goal is to investigate the

scenario in which the smartphone is being carried in hand, the hand-mounted

sensor is the one that mimics that behaviors best. Another example is the case

where the phone is in pocket where the most appropriate mtw revealing same

properties is the one mounted on the upper leg. Similarly, we further assumed

the mtw on the pelvis to simulate the scenario where the phone is being carried

in backpack.

5.2.3 Acquire Data

The dataset containing the scenarios is defined in Table 5.3 and is available from

[1]. The logged data from the phones and the mvn studio are extracted with

100 and 60 Hz sampling frequencies, respectively. Data from both devices are

merged into a matlab ‘.mat’-file. The naming of experiments is in line with

the structure given in Table 5.3. This file contains the structure of the data and

attributes corresponding to each subject. For example, all measurements related

to Case 4, are stored in Case4 dataset and Case4.Subject(1) provides the

data for all sensors and attributes associated with subject 1.

Table 5.4 represents all available data for both devices in the measurement

scenarios dataset. During the post-analysis phase of the data, some signals were

identified as either corrupted or missing. As a result, the dataset contains some
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empty fields. The dataset contains 4 measurement scenarios with 7–8 measure-

ment sets each, depending on the number of participants. To further simplify

working with the dataset, a toy example with matlab code to extract the data is

provided together with the dataset. The first measurement scenario (Case 1) for

first subject is set as default. More details about setting variables and extracting

desired outputs is provided in a README file attached to the dataset.

5.3 Data Analysis

We apply a classification algorithm to the data to assign them to the defined

classes in Table 5.1. This is done in two steps; feature extraction on the raw

signals, followed by a classification step.

5.3.1 Feature Extraction

Feature extraction is a way to bring out the inherent information in the available

data, and reduce the dimensionality of the raw/pre-processed data in order to be

able to apply classification algorithms on it.

The feature extraction phase is performed by dividing the inertial data in slid-

ing windows of N samples with no overlap. The window size must be selected

such that it satisfies two different objectives. On one hand, it must be long enough

to cover at least one gait cycle. On the other hand, it should be short enough to

identify sudden motion mode transitions. In this work, we set the window size to

0.5 seconds. This translates to 50 and 30 samples for phone and motion trackers,

respectively.

In the rest of this section we define the features we feed to the classifier and

provide more specific examples from the dataset. All given examples correspond

to Case 1 described in Table 5.3 where the subject intentionally switches between

the fixed and swinging device modes.

Signal Norm

For a generic signal S[n], ‖S‖max denotes the maximum norm over the sampling

window as follows

‖S‖max = max
n
‖S[n]‖.

The norm contains useful information used to discriminate between different
modes. More precisely, any change of motion mode results in a large difference
in the values of accelerometer norm, ‖a‖max. This enables the identification of a

change in the motion mode. In addition, a large difference in the values of the

gyroscope norm ‖ω‖max can be translated into a switch in the device mode.

To further illustrate the behavior of ‖a‖max relative to the change in the mo-

tionmode see Figure 5.5, where the norms of signals are depicted while the smart-

phone is in both fixed and swinging modes. These signals correspond to Case 1 in

Figure 5.3. Figure 5.5b further presents how the gyroscope norm, ‖ω‖max, assists

in device mode discrimination.
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(a) Norm of accelerometer signal.
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(b) Norm of gyroscope signal.

Figure 5.5: Signal norm for 4 different motion trackers together with the

signal from the smartphones. The subject performed the Case 1 from Fig-

ure 5.3. Black lines separate the different classes. Related class for each

section is indicated in the figures. The subject carried a smartphone in the

right hand and one in the front right pocket. The device carried by hand is

switching between fixed and swinging mode [49, ©2017 IEEE].

Signal Energy

The energy of the signal, ES , is obtained by taking the squared norm of S[n] and
summing

ES =

N−1∑
n=0

‖S[n]‖2.
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(a) Accelerometer energy signal.
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(b) Gyroscope energy signal.

Figure 5.6: Energy signal for 4 different motion trackers together with the

signal from the smartphones. The sensor locations and measurement sce-

nario are the same as the one described in Figure 5.5 [49, ©2017 IEEE].

The obtained energy is a useful feature allowing us to distinguish fixed or moving

device modes due to rapid response to mode transition. For example, the gyro-

scope will have higher energies in swinging hand device mode than the fixed

hand scenario.

Figure 5.6 shows the energy signal for both accelerometer and gyroscope. As

shown in Figure 5.6a each transition between motion modes results in a notice-

able change in the energy of the accelerometer signal. The effect of the device

mode on the energy signal is illustrated in Figure 5.6b, where it is shown that

switching from fixed to swinging mode increases the angular velocity energy

drastically.
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Signal variance

For any generic signal S[n] the average of the squared differences from the mean,

the variance signal, is defined as follows

σ2
S =

1

N − 1

N−1∑
n=0

⎛⎜⎜⎜⎜⎜⎝‖S[n]‖ − 1

N

N−1∑
n=0

‖S[n]‖
⎞⎟⎟⎟⎟⎟⎠
2

.

The variance signal assists to discriminate between high and low intensity move-

ments. For example, the estimated variance of both accelerometer and gyroscope

is highly informative while the objective is to distinguish between swingingmode

with any other less intense movement scenario.

Figure 5.7 shows the signal variance of both accelerometer and gyroscope.

One advantage of the variance signal is to enhance robustness of the classifica-

tion algorithm in motion mode recognition. Running leads to more intense move-

ments than both walking and standing still. Higher peaks in the signal variance,

as shown in Figure 5.7a, can then be identified once the user switches to this

mode. Additionally, the signal variance analysis can be used to recognize device

mode switches. The variation of the variance signal illustrated in Figure 5.7b

shows how changing between classes with different device modes, W1 and W2

for example, can be distinguished.

Frequency Analysis

This feature allows us to identify any movement such as periodic movement from

aperiodic ones. Different activities have different frequencies, resulting in a vary-

ing power spectrum that assists in activity identification. Thus, the analysis of

the frequency domain of inertial signals recorded with hand-held devices allows

capturing the periodicity of the accelerometer/gyroscope signals due to the sub-

ject’s activity. Presence or absence of peaks in the spectogram of the inertial

signals gives useful insights whether the subject is having a periodic movement

or standing still.

The spectogram of the gyroscope signal is obtained using Short Time Fourier

Transform (stft) and is reported in Figure 5.8. The periodicity of the walking

and running mode is visible in the frequency peaks of the spectogram while it is

possible to identify a static case around time 300.

5.3.2 Classification

As a final step in characterizing the data, a classifier is applied to the features to

try to extract the motion and device modes as defined in Table 5.1.

Different machine learning algorithms can be used for the classification. For

example, [90] applies a decision tree for classification purposes while [102] uses

mlp and a svm to improve the performance in terms of recognition of human

activity.

Two datasets, are formed for phone andmotion tracker signals as described in

Section 5.2.2, separately. Each set contains eight features constructed from four
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(b) Gyroscope signal variance.

Figure 5.7: Signal variance for 4 different motion trackers together with the

signal from the smartphones. The sensor locations and measurement sce-

nario are the same as the one described in Figure 5.5 [49, ©2017 IEEE].

signal attributes introduced in Section 5.3 for both gyroscope and accelerome-

ter. Since the classes are labeled accurately for each dataset, a supervised learn-

ing approach is applied. A multivariate decision tree classifier is trained using

matlab; Machine learning toolbox. The classifier is validated with 10-fold cross-

validation.

The performance of the classifier for both devices are summarized in the con-

fusion matrices given in Tables 5.6a and 5.6b. In the mtw data, having a sensor
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Figure 5.8: Spectogram of the smartphone’s gyroscope signal carried in the

right hand. The subject performed the Case 1 from Figure 5.3 [49, ©2017

IEEE].

to mimic the behavior of the phone data carried by backpack is challenging. As

Table 5.6a reports, the mode detection success rate formtw sensors are over 70%

for all classes. SS and W1 classes are missclassified with W4 class corresponding

to the pelvis sensor. To explain this observation, one needs to note how the pelvis

sensor is rigidly mounted on the body. This leads to miss-classification with other

low intensity modes. With phone data, the classification results are promising as

represented by Table 5.6b. All the classes are detected correctly with over 75%

for walking and standing still modes and over 56% for running mode. Running

mode recognition is challenging as the phone has movement. Missclassification

of R1 with R4 and W1 with W4 can be explained by the fact that the phone is

fixed in either of these situations.
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Table 5.5: Confusion matrix of the modes classification represented in Ta-

ble 5.1 using the binary decision tree classifier using cross-validation with

10 folds. The table shows how different annotated activities are classified in

[%].

Recognised activity

R1 R2 R3 R4 SS W
1

W
2

W
3

W
4

A
n
n
o
ta
te
d
a
ct
iv
it
y

R1 83 8 0 6 0 0 0 0 0

R2 5 72 1 0 0 0 0 1 0

R3 0 2 96 0 0 0 0 0 0

R4 5 0 0 85 1 0 0 0 1

SS 0 2 0 1 79 2 0 0 1

W1 0 0 1 1 5 78 1 0 13

W2 0 8 0 0 0 1 84 6 0

W3 7 8 1 3 2 1 13 92 0

W4 0 0 1 4 13 17 1 0 84

(a) Data from 4 different motion trackers

Recognised activity

R1 R2 R3 R4 SS W
1

W
2

W
3

W
4

A
n
n
o
ta
te
d
a
ct
iv
it
y

R1 58 3 0 0 0 0 0 2 0

R2 1 60 4 4 0 0 1 2 0

R3 0 13 83 0 1 0 0 0 0

R4 20 3 0 56 0 0 0 2 0

SS 1 0 6 0 84 4 3 2 1

W1 3 0 0 7 7 83 3 1 8

W2 1 3 6 7 2 1 77 14 0

W3 14 17 2 22 1 1 16 75 0

W4 0 0 0 4 5 11 1 0 90

(b) Data from phones.
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5.4 Conclusion

This work presents an extensive dataset for classification and investigation of the

motion and device mode for pns, where many device modes, a number of users

and a few motion modes are logged for three different trajectories. All data are

fully annotated with ground truth classes, and other metadata such as position

and accurate full body motion using biomeachnical models. We have discussed

how the motion and device mode relate to pedestrian dead-reckoning algorithms,

the working horse of pns, and how pns can otherwise benefit from improved and

extended mode classification. The larger part of the paper described the field

tests in detail. The last part suggests a few features that can be computed from the

logged data, and applies a straight forward classifier on these features. The result

is quite promising, yet preliminary. The dataset is publicly available [1], and we

hope the research community can benefit from this to improve the classification

results further.





6
Asynchronous Averaging of Gait

Cycles

This work is submitted to:

P. Kasebzadeh, G. Hendeby, and F. Gustafsson. Asynchronous averag-

ing of gait cycles for classification of gait and device modes. Submit-

ted to IEEE Submitted to IEEE Sensors Journal, 2019a, and available

in: eprint arXiv: arXiv:1907.02329v2.

An approach for computing unique gait signature using measurements col-

lected from body-worn IMUs is proposed. The gait signature represents one full

cycle of the human gait, and is suitable for off-line or on-line classification of

the gait mode. The signature can also be used to jointly classify the gait mode

and the device mode. The device mode identifies how the IMU-equipped device

is being carried by the user. The method is based on precise segmentation and

resampling of the measured IMU signal, as an initial step, further tuned by min-

imizing the variability of the obtained signature within each gait cycle. Finally,

a Fourier series expansion of the gait signature is introduced which provides a

low-dimensional feature vector well suited for classification purposes.

The proposed method is evaluated on a large dataset involving several sub-

jects, each one containing two different gait modes and four different device

modes. The gait signatures enable a high classification rate for each step cycle.

The remainder of this chapter is organized as follows: Section 6.1 describes

the considered problem. In Section 6.2, a standard threshold-based method for

step detection is given followed by the solution to the gait cycle optimal segmen-

tation problem. Section 6.3 presents a Fourier series approach to achieve a low-

dimensional feature vector. The performance of the proposed method is evalu-

ated in Section 6.4, which also includes an optional data pre-processing stage

followed by the concluding remarks given in Section 6.5.
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6.1 Problem Formulation and Notation

Consider some physical quantity x(s), possibly multi-dimensional, that depends

on gait, which can be measured with additive noise e(s) as

y(sn) = x(sn) + e(sn), n = 1, 2, . . . , N, (6.1)

where sn denotes the sampling times. We assume that the gait cycle is periodic

over periods of time, and we are interested in the underlying average gait cycle

of the physical quantity g(τ) on a normalized time scale 0 ≤ τ < 1. Figure 6.1a

is an example to represent periodic gait cycles over the normalized time scale.

The presented data in Figure 6.1a corresponds to a real scenario in which the

walking subject was carrying a smartphone in the hand, facing upwards. All

the gait segments in the figure were extracted manually from a bandpass-filtered

accelerometer signal.

The challenge is to estimate the gait cycle ĝ(τ) from the IMU measurements

y(s), and the most critical step is the segmentation in which the signal is split into

the separate gait cycles. We denote the beginning of each gait cycle time by tm
such that

s1 ≤ t0 < t1 < · · · < tM ≤ sN . (6.2)

Figure 6.1b shows a histogram of step time duration, tm − tm−1, for all M gait

cycles in Figure 6.1a. Given these durations, we can obtain a estimate of the gait

cycle, Figure 6.1a, from each segment as

ĝm(τ) = x(tm−1 + (tm − tm−1)τ), τ ∈ [0, 1). (6.3)

Then, we immediately get what is referred to as an asynchronously averaged gait

cycle by

ḡ(τ) =
1

M

M∑
m=1

ĝm(τ). (6.4)

The green line in Figure 6.1a represents ḡ(τ) for all manually extracted gait cy-

cles.

The key problem is thus to determine the step times such that different gait
cycles ĝm(τ) become as similar as possible. The considered metric as a measure

of the similarity is the variance between each gait cycle and the averaged gait

signature. We propose a nonlinear least squares framework where we optimize

the step times in order to minimize the variance of these gait cycles

t̂0:M = argmin
t0:M

V (t0:tM ), (6.5a)

V (t0:tM ) =
1

M

M∑
m=1

‖ḡ(τ) − ĝm(τ)‖2 . (6.5b)

To make the optimization problem mathematically tractable, we will approx-

imate the optimization problem in the following ways:
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(a) Gait cycles, marked with blue lines,

and averaged gait signature, marked with

the green line.

(b) Histogram of step times.

Figure 6.1: Gait cycles, manually segmented using accelerometer signal.

1. The normalized time scale is discretized to L uniformly spaced grid points

τl = (l − 1)/L for l = 1, 2, . . . , L.

2. The L2-norm is used in (6.5b), which gives a nonlinear least squares (NLS)

problem, which often allows for efficient solvers.

Based on these assumptions, the problem can be written as

t̂0:M = argmin
t0:M

1

LM

M∑
m=0

L∑
l=1

(ḡ(τl ) − ĝm(τl ))2 . (6.6)

These two restrictions also enable us to formulate the signal Fourier series

(FS) expansion in order to reduce the model order as introduced in Section 6.3.

A solution for this optimization problem is proposed in Section 6.2.1. More-

over, we will use a rather standard step detection method based on thresholding,

outlined in Section 6.2.2, in order to initialize the optimization problem.

6.2 Optimal Segmentation of Gait Cycles

In this section, we first suggest a solution to the optimization problem (6.6). Then,

a standard threshold-based step detection method is presented in order to initial-

ize the optimization algorithm.

It is worth noting that all solutions are provided based on the assumption that

the measurements are collected in advance (the solution is for the off-line mode).

However, it could be easily extended to the on-line problems. Moreover, during

the optimization process, all the gait cycles should be in the same regime of gait

and device modes introduced in Table 5.1.



98 6 Asynchronous Averaging of Gait Cycles

6.2.1 Solution for Optimization Problem

The sensor data should be band-pass filtered before segmentation to remove slow

trends and high frequency noise. The cut-off limits in the band-pass filter should

be selected to take the slowest and fastest pace into account, see Section 6.2.2

for further details. Moreover, the minimum step time εlo and the maximum step

time εup are required to be defined in advance. These bounds can be obtained

from the most frequent time interval of the gait cycles given by the histogram,

e.g. Figure 6.1b, of the detected gait cycles. The estimated step cycles should be

in this interval.

The minimization problem for the objective function V (t0:tM ) is given by

minimize
t0:tM

V (t0:tM )

subject to εlo < tm − tm−1 < εup
(6.7)

In order to make the optimization procedure feasible, it is reformulated into

M sub-optimal problems where each problem requires the optimal solution from

the previous one. The first sub-problem is defined by

minimize
t1

V (t0:tM ),

subject to εlo < t1 − t0 < εup
(6.8)

where the outcome of the problem would be the optimal value of t1 denoted by

t̂1. Given t̂1, the second sub-problem becomes

minimize
t2

V (t0, t̂1, t2:tM ),

subject to εlo < t2 − t̂1 < εup
(6.9)

The optimized t̂2 is the outcome of the second step.

To generalize, the i:th i ∈ [2, . . . , M] sub-problem is given by

minimize
ti

V (t0, t̂1:t̂i−1, ti :tM ).

subject to εlo < ti − t̂i−1 < εup
(6.10)

These simplified optimization problems could be solved using a general linear

search method algorithm which iteratively minimizes the cost function consid-

ering the given boundaries. Derivative-free quadratic interpolation and golden

section search methods are used in this work [66].

Algorithm 3 outlines the proposed solution to find the optimal gait cycle seg-

ments from a given accelerometer signal. To initialize the algorithm, the prelim-

inary gait cycles, ĝ1:M (τ), are detected using a classical threshold-based step de-

tection algorithm as described in Section 6.2.2. The initial signature, ḡ(τ), is then
estimated by (6.4) considering all detected ĝ1:M (τ). Subsequently, the cost func-

tion, V (t0:tM ), introduced in (6.5b) is computed using ḡ(τ) and ĝ1:M (τ). For each
gait cycle, ĝi (τ), the algorithm strives to find the optimal value t̂i using (6.10).

Additionally, the initial gait signature is updated based on the new set of t.
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Algorithm 3 Proposed gait cycle segmentation algorithm

Input: ĝ(τ), t = {t0:tM }, εlo, εup and γ .
Output: t̂ = {t̂1:t̂M }.
1: Initialization:

- Compute ḡ(τ) using (6.4)

- Compute V1(t0:tM ) using (6.6)

- set i = 2

2: repeat
3: set m = 1.

4: while m <= M do
5: Find t̂m using (6.10) for tm
6: Replace tm = t̂m
7: Update ḡ(τ) using (6.4)

8: m = m + 1

9: end while
10: Compute Vi (t0:tM ) using (6.6)

11: if Vi (t0:tM ) − Vi−1(t0:tM ) < γ then
12: t̂ = {t̂1:t̂M }
13: Terminate the iterations.

14: end if
15: i = i + 1

16: until iterations are terminated.

Once all the detected gait cycles have been optimized, the cost function,

V (t0:tM ), will be re-computed given the estimated gait cycles. Henceforth, the

new optimal gait cycles and updated signature will be used as the initialization

for the next iteration of optimization problems. The termination criterion for

this iterative algorithm is based on the decrement on the cost function. Hence,

the algorithm will be iterated until the absolute decrease of cost function falls

below the given threshold γ .
The performance of the optimization problem is evaluated for all introduced

scenarios in Table 5.1 in Section 6.4.

6.2.2 Classical Gait Segmentation

To initialize the algorithm for offline applications, a threshold based step detec-

tion method is employed. A gait cycle, containing two consecutive toe-off mo-

ments of the same foot, can be crudely detected by defining two thresholds. If

the peak threshold εp and the valley threshold εv are each crossed twice, then a

cycle is taken. The measured signal will be compared against both εp and εv to

find the time interval that it takes for the signal to cross both thresholds twice.

Each gait cycle is then defined as sample values along this interval.

All the steps of the threshold-based step detection algorithm are summarized

in Algorithm. 4. As a first step, in the gait cycle detection algorithm, we need to

define the hyperparameter values for εp and εv . These values depend on human
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activity mode and device mode. Different approaches are introduced to consider

proper thresholds, either pre-defined or adaptive [48, 57, 102]. In this work, pre-

defined thresholds on norm of acceleration value have been used to detect peaks

and valleys.

By considering a proper threshold for each scenario, the gait cycle can be

extracted by comparing the norm of the acceleration signal at each time with the

εp or εv . Peak and valley should be hit sequentially. However, we do not know

which one comes first. Hence, in order to make sure that both peaks and both

valleys have been detected in order, two flags hitp or hitv are defined.
Algorithm 4 is applied to the experimental dataset (containing 8 scenarios), as

introduced in Section 6.4 to get the gait cycle segmentations. The hyperparameter

values are set to εp = 2m/s2 and εv = −2m/s2 for walking mode and εp = 4m/s2

and εv = −5m/s2 for running mode. The extracted segments are illustrated in

Figure 6.2. It is worth noting that all the gait cycle times are normalized such

that τ ∈ [0, 1).
In this work, in order to extract the pattern of the gait cycle with better quality

and to avoid bias drift, a pre-processing step is applied to the raw measured

data. For this purpose, the signal is filtered through a fourth-order Butterworth

filter.The norm of the filtered signal is considered in this work in order to avoid

unpredicted disturbances of the vertical acceleration that the orientation of the

sensor may cause.

The initial gait signatures, ḡ(τ), computed by (6.4) are plotted over the de-

tected gait cycles for all the scenarios and indicated with thick green line in Fig-

ure 6.2. As the figures suggest, although a general pattern is visible for the ex-

tracted gait cycles in all scenarios, further tuning is required. For example, when

the device is in swinging mode, Figure 6.2c and Figure 6.2d, corresponding to

walking and running with swinging hand, the gait cycles are very noisy and there

are some misdetected gait segments. Moreover, in “W4” scenario, presented in

Figure 6.2g, corresponding to walking with backpack device mode, there is some

shifting. In the running activity mode the patterns are quite noisy and the lengths

of the cycle times also vary as shown in the histograms corresponding to running

gait modes.

Unexpected behaviors in the motion and the device modes are unpredictable

and always exist in pedestrians’ daily activities. Hence, these classical algorithms

such as the one given by Algorithm 4 should be complemented bymore advanced

methods.

The introduced optimal segmentation in Section 6.2.1, suggests a solution to

take care of unexpected behaviors and reduce the rate of error. The performance

of the proposed method is evaluated on a large dataset and presented in Sec-

tion 6.4.

6.3 Data Reduction with Fourier Series

In this section, we are looking for a low order approximation, which can be re-

casted as a least squares (LS) estimation problem using a linear regression frame-
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Algorithm 4 Gait cycle detection

Input: Norm of accelerometer signal

||a(k)|| =
√
a2x + a2y + a2z .

- Lower bound εlo and upper bound εup thresholds, if hit step is occurred

Output: Set of gait cycles {Ym}Mm=1
1: Initialization:

- Set counters cup = 0 and clo = 0 representing the number of times upper

and lower bounds are hit

- set hitp = FALSE and hitv = FALSE

- kstart = 1

- k = kstart
- m = 1

2: repeat
3: if ||a(k)|| ≥ εup then
4: cup = cup + 1

5: hitp = TRUE, hitv = FALSE

6: end if
7: if ||a(k)|| ≤ εlo then
8: clo = clo + 1

9: hitp = FALSE, hitv = TRUE

10: end if
11: k = k + 1

12: until hitp = TRUE or hitv = TRUE

13: while cup < 2 and clo < 2 and k ≤ N do
14: if ||a(k)|| ≥ εup and hitp = FALSE and hitv = TRUE then
15: cup = cup + 1

16: hitp = TRUE, hitv = FALSE

17: end if
18: if ||a(k)|| ≤ εlo and hitp = TRUE and hitv = FALSE then
19: clo = clo + 1

20: hitp = FALSE, hitv = TRUE

21: end if
22: k = k + 1

23: end while
24: {Ym} = ||a(kstart : k − 1)||
25: {tm} = tacc(k − 1)
26: kstart = k
27: m = m + 1

28: cup = 0 and clo = 0

29: return {Y}, {t}
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(a) W1 (b) R1

(c) W2 (d) R2

(e) W3 (f) R3

(g) W4 (h) R4

Figure 6.2: Results for all eight introduced scenarios in Table 5.1. In each

sub-figure: On the left, detected gait cycles (blue lines) using Algorithm 4

are presented and estimated reference signal ḡ(τ) is depicted on top of all

detected gait cycles with a solid thick green line. On the right, the histogram

for the gait cycle duration time is presented.
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work.

Given our sequence of step times and the measurement noise we have for each

ĝm(τl ), we strive to find a parametric model, using a linear regression framework,

of the average ḡ(τl ). We show that the parameters of the fitted model provide a

useful set of features for future classification purposes.

In order to extract a low dimensional feature vector for the gait cycle using es-

timated signatures, we apply FS expansions to the gait segment from the sampled

version of the gait cycle Ĝm[l], l = [0, 1, . . . , L − 1]

Ĝ[l] =
K−1∑
k=0

ak cos(2πτlk) + bk sin(2πτlk), (6.11)

where the parameter set {ak, bk}Kk=1 forms the feature space used to identify each

particular gait mode and K is the model order. As in any other regression model,

the trade-off between model complexity and accuracy cannot be neglected. In

order to estimate the FS coefficients, for each model order K , the Fourier series

expansion (6.11) is considered as a linear model given by

ḡ = HKθK , (6.12)

where θ is a vector containing all unknown coefficients, where can be define as

θ2K×1
K = [a0, a1, . . . , aK−1, b0, b1, . . . , bK−1]�, and ḡL×1 = [ḡ(τ0), ḡ(τ1), . . . , ḡ(τL−1)]�.

H�K ∈ R2K×L can then be given by

H�K=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 cos(2πτ1) . . . cos(2πτL−1)
...

... . . .
...

1 cos(2πτ1(K − 1)) . . . cos(2πτL−1(K − 1))
0 sin(2πτ1) . . . sin(2πτL−1)
...

... . . .
...

0 sin(2πτ1(K − 1)) . . . sin(2πτL−1(K − 1))

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
.

The solution to the problem is obtained by finding the following optimization

problem

θ̂ =minimize
θ

V LS (θ), (6.13)

where

V LS (θK ) = (ḡ − HKθK )
�(ḡ − HKθK ). (6.14)

Finally, the closed form solution θ̂ is given by

θ̂K = (H�KHK )
−1H�K ḡ. (6.15)

To find the best order model in FS expansion the gait cycle is modeled for

K ∈ [1, . . . , 25]. Then, the FS coefficients, for each K are estimated and further

evaluated by two well-known model selection criteria: Akaike information cri-

terion (AIC) and Bayesian information criterion (BIC). Both AIC and BIC add a
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Figure 6.3: Model order selection.

penalty term to their objective function. The difference between the two criteria

is that BIC imposes a greater penalty for the number of parameters compared to

AIC [28]. For a sample of size L, for each model order K , AIC and BIC are defined

as

AIC = −2 log p(ḡ | θ̂K ) + 2K, (6.16a)

BIC = −2 log p(ḡ | θ̂K ) + K log L, (6.16b)

where p(ḡ | θ̂K) = N (HKθ̂K,HK(H
�
KHK)

−1
K H�K).

As Figure 6.3 suggests, K = 8 and K = 9 are the suitable model orders for

the gait segments presented in Figure 6.1 according to AIC and BIC, respectively.

While either of the two orders could be selected as the suitable model order for

this scenario, we select the lower order, K = 8. Hence, the corresponding signa-

tures can be generated by only incorporating 2K = 16 estimated coefficients of

the FS, θ̂, into (6.11), as shown in Figure 6.4a. Figure 6.4b presents the gait sig-

nature ḡ(τ), and its 95% confidence bound. As this figure shows, the averaging

error has quite wide variance.

To evaluate the encoded signal by the estimated FS coefficients with 16 compo-

nents, the approximate error between Ĝ[l] and ḡ(τ) are computed and illustrated

in Figure 6.5. As the result indicates, the approximation error is quite small with

narrow confidence bounds. That is, the approximation error introduced by the

low order FS expansion is negligible compared to the averaging error.
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(b) Estimated signature using (6.4).

Figure 6.4: Comparison between the estimated signature and its FS expan-

sion.
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Figure 6.5: The approximation error and the 95% confidence bound.

Subsequently, this low-dimensional feature vector together with the final least

square cost value and the step time variations could provide a useful set of fea-

tures for future classification purposes.
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Table 6.1: Experimental scenarios.
���������������Device mode

Motion mode Walking
(W)

Running
(R)

Fixed hand (1) W1 R1

Swinging hand (2) W2 R2

Pocket (3) W3 R3

Backpack (4) W4 R4

6.4 Experimental Results

In this section, the proposed method introduced in Section 6.2 is evaluated on

several experimental data. Additionally, the data collection setup, together with

devices and all considered scenarios, is described in detail.

6.4.1 Data Description

In order to evaluate the performance of the proposed method, an extensive mea-

surement campaign with different human motion modes and device poses has

been designed. The sensor fusion Android app [39, 60] installed on a Nexus

5 was used to log accelerometer and gyroscope measurements with a sampling

rate of 100 Hz. All the measurements were collected over the same trajectory,

which was 249m in length with four sharp corners in a parking lot at Linköping

University. Several subjects with different attributes (gender, height and weight)

participated in the experiment. The data was collected for multiple human ac-

tivities and device modes. Table 6.1 summarizes all the experimental scenarios.

To simplify referring to each of these scenarios, Table 6.1 also assigns a specific

symbol to each of them [49].

6.4.2 Performance Evaluation

As the first step, the gait cycles for all the scenarios are detected using Algo-

rithm 4 and illustrated in Figure 6.2 together with estimated signatures which

are computed based on (6.4).

Then, in order to fine-tune the gait segments extracted using the classical

threshold-based algorithm, the proposed Algorithm 3 introduced in Section 6.2.1

is employed. The minimum and maximum of the most probable gait cycle times

for each scenario, based on the histograms in Figure 6.2, are used as a reference

to define the upper and lower bounds in the optimization problem. The bounds

are set to εlo = 0.5 s and εup = 1.4 s.
Initial gait cycle times, obtained from Algorithm 4, are used to initialize the

gait segmentation algorithm. Moreover, the initial signatures ḡ(τ) to be used in

Algorithm 3 are estimated by (6.4) using the initial gait cycle times. It is worth

noting that after each iteration, the signature ḡ(τ) will be updated by the tuned

gait cycles. Figure 6.6 presents the evaluated cost function for eight iterations of

the optimization progress considering all scenarios introduced in Table 5.1. As
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Figure 6.6: Evaluation V (t0:tM ) in (6.6) for eight iterations considering all

scenarios in Table 6.1.

the results indicate, in all scenarios after four iterations the cost function con-

verges to the optimal values.

In order to evaluate howmuch the gait cycles are improved, the variance of all

initial gait cycles with initial signature are compared with all optimal gait cycles

with updated signatures. The distribution of the obtained variances is shown in

Figure 6.7. The box levels are 5%, 25%, 50%, 75%, and 95% quantiles and the

asterisks show outlier values. As the figure suggests, for all scenarios the optimal

variances are improved significantly and the mean of the variance of the optimal

gait cycles is decreased notably. By comparing the walking mode in Figure 6.7a

the running mode one in Figure 6.7b, it can be verified that running involves

more unexpected movement for the device, hence there are more disturbances

and it has a higher variance in total.

In order to give a better illustration of the performance of the proposed algo-

rithm, we further examine “W2” and “R2” scenarios. The tuned gait cycles for

these two scenarios are presented in Figure 6.8. Comparing the results with ini-

tial gait cycles, see Figure 6.2c and 6.2d, we realize that all the misdetected gait

cycles are properly detected, as indicated in the histograms Figure 6.8b and 6.8d,

and all the gait cycles are perfectly tuned.

The updated gait signatures for all eight scenarios in Table 6.1, obtained from

the tuned gait cycles, together with their corresponding 95% confidence bounds,

are presented in Figure 6.9. As the figures suggest, the estimated gait signatures

for all considered scenarios have a unique pattern. For walking modes, all signa-

tures have a very narrow confidence bound which is a verification that the tuned



108 6 Asynchronous Averaging of Gait Cycles

V
ar

ia
nc

e

Initial step times
Optimal step times

(a) Walking

V
ar

ia
nc

e

Initial step times
Optimal step times

(b) Running

Figure 6.7: Variance of initial (blue) and tuned (green) gait cycles for all

scenarios in Table 5.1.

gait cycles resemble the final gait signatures. The bound for running mode, how-

ever, is wider especially for the fixed hand device modes. This can also be verified

by Figure 6.7b, in which the variance of all optimal gait cycles for “R1” is higher

than the other scenarios. This uncertainty can be explained by noting that users

might have various unpredictable hand movements (especially while running)

compared to the backpack and pocket scenarios in which the phone is more or

less in a fixed position.

The updated signatures could be used for further investigation such as extract-
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Figure 6.8: Optimized gait cycles with updated signatures for “W2” and

“R2” introduced scenarios in Table 6.1.

ing low-dimensional feature vectors for the gait cycles. Twenty different model

orders are applied to all introduced scenarios to find the best model order for

each of them. The Bayesian information criterion for all 20 model orders are pre-

sented in Figure 6.10. As shown in the figures, considering K = 8 for walking

and K = 10 for running case would be suitable model orders to extract the fea-

ture vectors for the gait cycle in most cases, hence the signatures can be encoded

efficiently. However, pocket mode in walking motion is the worst case from an

FS perspective and requires K = 10.

Finally, the uniqueness of the signatures can be verified by investigating the

scalar product of of a pair of signatures. By doing so, it can be seen that the most

unique signature corresponds to “W3” and that “R3” has the least similarity to

the others. However, this is not always the case and there are cases that are not

well separable from each other. For example, the signatures obtained for “W1”,

“W4” and “R2” have higher correlation to each other.
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Figure 6.9: Gait signatures for all eight scenarios introduced in Table 6.1

[top] walking, [bottom] running.
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Figure 6.10: Model order selection using BIC.

One way to make the algorithm more automated is to classify each of the

scenarios introduced in Table 6.1. For example, it is possible to consider the cor-

relation of the gait signatures, given in Table 6.2, as inputs to the classifier. That

is, as a low hanging fruit, consider a classifier based on the highest correlation

score. Chapter 7 studies this classification problem in detail and presents a clas-

sification framework with promising performance in terms of the classification
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Table 6.2: Correlation matrix for different signatures.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4
C

la
ss

es

W1 1 0.81 0.46 0.84 0.58 0.82 0.26 0.47
W2 0.81 1 0.32 0.82 0.59 0.66 0.01 0.29
W3 0.46 0.32 1 0.43 0.32 0.44 0.39 0.39
W4 0.84 0.82 0.43 1 0.60 0.80 0.09 0.35
R1 0.5 0.59 0.32 0.60 1 0.68 0.19 0.66
R2 0.82 0.66 0.44 0.80 0.68 1 0.37 0.50
R3 0.26 0.01 0.39 0.09 0.19 0.37 1 0.57
R4 0.47 0.29 0.39 0.35 0.66 0.50 0.57 1

accuracy.

6.5 Conclusion

Reliable pedestrian navigation systems require accurate step length estimation

which in turn requires accurate gait cycle detection. In this work, an algorithm

has been proposed for accurate gait cycle segmentation using IMU signals in mul-

tiple device andmotionmode scenarios. For this purpose, we first used a classical

thresholding algorithm to detect the gait cycles. Then, based on the asynchronous

averaging of the gait cycles, a unique signature for each scenario was estimated.

Furthermore, as a post-processing step, an optimization-based solution was pro-

posed to tuned the segmentation of the IMU signals in a way that minimized

the variance of signature for each gait cycle. We showed that a Fourier series

expansion of gait signatures provides a low-dimensional feature vector which

could possibly be highly beneficial together with the final least square cost value

and the step time variations for classification purposes. The performance of the

proposed method has been evaluated using measurements collected from IMUs

embedded in smartphones for different motion modes while being carried with

different device modes. The results indicate good performance for the gait cycle

segmentation problem for all of the considered scenarios.
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Novel features for joint classification of gait and device modes are proposed

andmultiple machine learning methods are adopted to jointly classify the modes.

The classification accuracy as well as the F1 score of two standard classification

algorithms, knn and gp, are evaluated and compared against a proposed neural

network based classifier, all introduced in Section 3.2. The proposed features

are the correlation scores of a detected gait cycle relative to a set of unique gait

signatures as well as the gait cycle time, all extracted from hand-held imus. In

order to take the temporal correlation between classes into account, the coarse

classifiers’ estimates are fed into an hmm unit, presented in Section 2.4, to obtain

the fine class estimates. The performance of the proposed method is evaluated

on a large dataset including two classes of gait modes (walking and running)

and four classes of device modes (fixed and face-up in the hand, swinging in the

hand, in the pocket and in the backpack). The experimental results validate the

reliability of the considered features and effectiveness of the hmm unit.

The remainder of this chapter is organized as follows: The problem is formu-

lated in Section 7.1. The performance of the proposed methods is evaluated in

Section 7.2, followed by concluding remarks on the work presented in Section 7.3.

7.1 Problem Formulation

The gait cycle classification procedure, from collecting data using imus to detec-

tion and classification of gait cycles, is performed in four steps. An overview of

113
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Table 7.1: Gait cycle classification overview

Input Output

Gait Segmentation

(Section 7.1.1)
y(t1:ti ) ĝm(τ), ḡc(τ), Tm

Feature Extraction

(Section 7.1.2)

< ĝm(τ), ḡc(τ) > XmTm
Classification

(Section 3.2)
Xm Ĉm

Filtering and Smoothing

(Section 2.4)
Ĉm Ĉm|m, Ĉm|M

all steps is summarized in Table 7.1.

Given N measurements, we first find a segmentation of the signal, each seg-

ment to one full gait cycle. It is worth mentioning that a human gait cycle con-

sists of two consecutive steps. Each step is defined as the period it takes for the

right/left foot to toe off, while the other leg is on the ground and stationary, until

the other foot toes off. This periodic behavior implies that the measured imu sig-

nals from human activities should have a periodic component. In the rest of this

work, we only use the norm of the accelerometer signals.

7.1.1 Gait Segmentation

In order to extract the pattern of the gait cycle with better quality, a pre-

processing stage is applied to the raw measured data. In the pre-processing

stage, the signal is filtered through a fourth-order band-pass Butterworth filter

to attenuate all frequencies outside the band-pass and to obtain a clean signal.

Depending on the application, different attributes of the clean signal can be used

for classification purposes.

Figure 7.1: The flow diagram of the gait signature extraction using norm of

pre-processed imu signals.
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Figure 7.2: Reference signals for four different individuals for all scenarios
in Table 7.2. The bold solid line indicates the mean of all four reference

signals which is considered as the signature for each case.
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Table 7.2: Experimental scenarios. For more information, see [49]. (Class

label c=1–8 within parenthesis.)
���������������Device mode

Motion
mode Walking

(W)
Running

(R)

Fixed hand (1) W1 /(1) R1 /(5)

Swinging hand (2) W2 /(2) R2 /(6)

Pocket (3) W3 /(3) R3 /(7)

Backpack (4) W4 /(4) R4 /(8)

The gait segmentation and analysis is summarized and depicted in Figure 7.1.

For more information see Chapter 6.

The gait signatures obtained by applying this method to the experimental

data of four individuals, explained in detail in Chapter 5, are given in Figure 7.2.

As the figure suggests, each class can be represented using a unique signature.

7.1.2 Feature Extraction

In order to train the classifiers in this work, we use two novel characteristics

of the detected gait cycles; the 8-dimensional correlation scores of each detected

gait cycle relative to the gait signatures and the 1-dimensional gait cycle duration

time. All in all, in this work, 9 features, nf = 9, are considered for classification

purposes.

Correlation Score

The correlation scores are defined based on eight unique signatures of the refer-

ence signals corresponding to the scenarios introduced in Table 7.2. Define ĝm(τ),
as them:th detected gait cycle and ḡc(τ), c ∈ {1, . . . , nc}, as the signature of the c:th
class. The correlation score can be computed by

fcorr(ĝm, ḡc) =
ĝ�m ḡc√

(ĝ�m ĝm)(ḡ
�
c ḡc)

. (7.1)

In order to classify the gait cycles, we compute the correlation between each

gait cycle m, and the 8 signatures. The obtained correlation value, corresponding

to the m:th gait cycle and the signature in the c:th class, is then used as a feature

in multiple classification algorithms. Given that, in this work, 8 different classes
are considered, the correlation score results in an 8-dimensional feature vector,

ncorrf = 8. One way to evaluate the uniqueness of the gait signatures is to compute

their cross-correlations with each other. The correlation matrix corresponding

to the correlation scores of the gait signatures are given in Table 7.3. As the

table indicates, the cross-correlation values typically lie in the range [0.6, 0.85]
while there are some classes with more similar signatures. Hence, the correlation
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Table 7.3: Correlation matrix for different signatures.
classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4
cl

as
se

s

W1 1.00 0.72 0.78 0.67 0.80 0.78 0.62 0.95
W2 0.72 1.00 0.57 0.27 0.52 0.48 0.30 0.65
W3 0.78 0.57 1.00 0.55 0.62 0.62 0.71 0.77
W4 0.67 0.37 0.55 1.00 0.92 0.92 0.59 0.81
R1 0.75 0.55 0.59 0.92 1.00 0.91 0.66 0.85
R2 0.77 0.53 0.67 0.92 0.91 1.00 0.70 0.89
R3 0.58 0.26 0.70 0.59 0.66 0.70 1.00 0.66
R4 0.95 0.71 0.81 0.81 0.85 0.89 0.66 1.00

score has a great potential in forming feature vectors to be used in developing

classifiers.

For example, as the simplest solution, one can solve the classification problem

solely based on the highest correlation score. Let X
γ
m = fcorr(ĝm, ḡc) ∈ R

ncorrf de-

note the feature vector containing the correlation scores computed by (7.1) for the

m:th gait cycle and the signature of the c:th class. Using the highest correlation

score approach, the class of the m:th gait cycle is estimated as

Ĉm = argmax
γ∈{1,...,ncorrf }

X
γ
m, (7.2)

where Ĉm ∈ {1, . . . , nc} is the index indicating that the m:th gait cycle belongs to

the c:th class.

Gait cycle time

Different gait modes, walking and running, result in different gait cycle times. In

order to consider the extra information obtained from the user’s velocity, the gait

cycle time is also considered as a feature, XT
m, in the classifiers. Although the gait

cycle time is not of any use for device mode identification, it gives a clear decision

boundary for the two motion modes.

Figure 7.3 shows histograms of all 8 signatures proving that the gait modes

can be trivially identified by considering the gait cycle time. In the case of walk-

ing mode, the gait cycle time is typically between 1 and 1.2 s, while for the run-

ning mode the cycle time interval mostly lies between 0.6 and 0.85 s. Hence, this

feature is very beneficial to minimize the misclassification between gait modes.
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Figure 7.3: Histogram of gait cycle time for running and walking modes.

7.1.3 Generating the Dataset

The introduced 9-dimensional feature vector containing the correlation scores

for all gait cycles, Xγ ∈ R
M×ncorrf , and the gait cycle times, XT ∈ R

M×nTf , are
stacked together to make the input matrix X ∈ R

M×nf . In this work, we divide

the data into training set of size nr , development set nd , and test set ne with

nd = ne =
M−nr

2 . It is worth noting that the development set is used to cross-

validate the trained algorithms using classifiers introduced in Section 3.2 in order

to avoid overfitting, underfitting or any other penalties that might increase the

classification error of the test set.

The hyperparameters of the algorithms are all selected such that the develop-

ment set error is minimized. Then, as the final step, the trained classifiers are

applied to the test set (the part of the dataset which has not been seen during the

training procedure) and the performance of the proposed algorithms is reported.

7.2 Experimental Results

In order to evaluate the performance of the proposed method, an extensive

dataset with different human motion modes and device poses is considered [49].

A total number of 8900 gait cycles were collected, in two different campaigns,
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80% of which were chosen for training. Since all the measurements were col-

lected using the same device, they belong to the same underlying distribution.

This allowed us to use the remaining 20% to extract equally-sized development

and test sets. The first set of measurements was collected in a building at Twente

University. During the experiments the subjects walked three different paths,
with a mixture of different motion modes. The second campaign was performed

over the same trajectory, which was 249m in length with four sharp corners in

a parking lot at Linköping University. Several subjects with different attributes
(gender, height and weight) participated in the experiment.

In the rest of this section, we first evaluate the coarse classification perfor-

mance where the temporal coherence in the consecutive classes are not consid-

ered. Then, the fine classification performances are provided in which the HMM

smoother is adapted to smooth the class probability estimations. Performance

is evaluated in terms of the confusion matrix, classification accuracy and the F1
score.

Let ntp and ntn denote the number of true positives and true negatives, re-

spectively. Assuming that the total number of class memberships in the test set is

given by the cardinality |Ctest|, the accuracy is given by ntp +ntn/ |Ctest|. In order to

compute the F1 score, we first find the per-class scores, Fc1, and then report their

average over the 8 classes.

Define nctp and ncf p as the number of true positives and false positives corre-

sponding to the class c ∈ [1, . . . , 8], respectively. The per-class precision, pc, which

is the ratio of true positives to those predicted positive, and the recall, νc, which

is the ratio of true positives to all positives, are given by

pc =
nctp

nctp + n
c
f p

, (7.3a)

νc =
nctp

nctp + n
c
f n

, (7.3b)

where ncf n is the number of false negatives corresponding to class c. The per-class

F1 score that weights precision and recall equally is given by

Fc1 =
2pcνc

pc + νc
. (7.3c)

7.2.1 Coarse Classification

The knn and gp classifiers were trained using 5-fold cross validation using the

training and development datasets. For each classifier, different hyperparame-

ters were evaluated and their performances were compared. The best results us-

ing the knn classifier was obtained when 10 nearest neighbors were considered.

Table 7.4 presents the confusion matrix computed for the coarse knn classifier

relative to the true class labels Ce. The classification accuracy obtained using the

knnmethod is 82% and the F1 score is 0.79.
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The trained gp classifier is based on the squared exponential kernel whose

hyperparameters are σf = 1 and l = 1. The coarse classification confusion matrix

using gp is provided in Table 7.5. As expected, gp improves the classification

performance and reaches a classification accuracy of 83% and F1 score of 0.80.

Table 7.4: Coarse classification confusion matrix corresponding to the knn
classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la
ss
es

W1 68 9 3 16 1 0 0 0

W2 6 81 1 3 0 0 0 0

W3 6 3 94 2 0 0 0 0

W4 20 6 2 79 0 0 0 0

R1 0 0 0 0 74 10 0 12

R2 0 1 0 0 8 79 1 7

R3 0 0 0 0 0 1 96 1

R4 0 0 0 0 17 10 3 80

In order to tune the neural network, we first ignore the regularization term in

the cost function (3.14b) as well as the dropout technique. The main objective, at

this stage, is to design a neural network with low bias, hence low training error

rate, without considering the overfitting problem, denoted by the variance. The

hyperparameters β1 = 0.9, β2 = 0.999 and ε = 10−8 of the Adam optimization

algorithm were chosen as recommended by [53]. Then, the dropout and regular-

ization methods are activated to reduce the variance between the train and test

error rates.

In order to find the number of hidden layers and hidden units in each layer, a

range of different candidates was evaluated. The best results were achieved using

a 4-layer neural network that can be defined by a 9 − 450 − 250 − 150 − 8 struc-

ture. All the hyperparameters of the developed neural network are summarized

in Table 7.7.

The confusion matrix corresponding to the proposed neural network coarse

classification is reported in Table 7.6. The performance metrics are improved

compared to both knn and gp classifiers with a classification accuracy of 91%

and F1 score of 0.89. Using mini-batches of size 256, the cost values during the

whole training phase are also presented in Figure 7.4. Although the cost function

has a decreasing trend over the whole training phase, as a result of using mini-

batch optimization, during each epoch, the cost values might even increase for

some mini-batches.

As a result of governing the gait cycle time feature, even the simplest knn clas-

sifier is able to find a very good decision boundary between the two gait modes.

However, this situation does not hold for the device modes within each of the

two gait modes and the coarse class estimates of the classifiers have different de-
grees of misclassifications. TheW3 and R3 classes, corresponding to walking and
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Table 7.5: Coarse classification confusion matrix corresponding to the GP

classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4
C
la
ss
es

W1 67 7 3 9 2 0 0 0

W2 6 86 0 3 0 0 0 0

W3 2 3 95 3 0 0 0 0

W4 21 4 1 85 0 1 0 0

R1 0 0 0 0 71 7 0 12

R2 0 1 0 0 18 81 1 9

R3 0 0 0 0 0 0 97 3

R4 0 0 0 0 9 11 2 76

Table 7.6: Coarse classification confusion matrix corresponding to the pro-

posed neural network classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la
ss
es

W1 88 3 0 12 0 0 0 0

W2 3 95 1 12 0 0 0 0

W3 1 0 99 0 0 0 0 0

W4 7 2 0 86 0 0 0 0

R1 0 0 0 0 84 7 0 11

R2 1 0 0 0 3 92 3 3

R3 0 0 0 0 0 0 97 0

R4 0 0 0 0 13 1 0 86

running with the device in pocket, are accurately estimated using all three meth-

ods. The accurate class estimates can be explained by considering the unique

gait signatures of the W3 and R3 classes given in Figure 7.2. R1 and R4, on the

other hand, are the most problematic classes, for which even the complex neural

network classifier results in a misclassification rate of around 13%. In the next

section, we try to mitigate a portion of such misclassifications using the hmm
smoothing stage.

7.2.2 Fine Classification

The outputs Ĉm of all the classifiers are further processed and the filtering

and smoothing estimates are evaluated using the test data. The fine-tuned

estimated classes Ĉm|m, provided by the hmm block, are then compared to the

true class labels and the same performance metrics as in the previous section

are re-calculated. As expected, the knn method has the poorest performance

among the rest with a smoothing classification accuracy of around 86%, which is
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Table 7.7: Hyperparameters of the proposed 4-layer neural network, with 8

units in the output layer.

Hyper
parameter β1 β2 ε λ α

Mini-batch

size

Units per

hidden layer

Values 0.9 0.999 10−8 0.1 2e−3 256

n[1] = 450

n[2] = 250

n[3] = 150

0 100 200 300 400 500
Number of epochs
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Figure 7.4: The training costs of the proposed neural network, obtained dur-

ing training using Adam optimizer and back propagation technique.

less than the coarse estimates obtained from the neural network classifier. The

confusion matrices for the filtered and the smoothed class estimates of the knn
method are not provided due to space limitations.

The gp classifier’s accuracy improves from 83%, obtained from the coarse esti-

mates, to around 85% for filtering and 90% in the case of smoothing estimations.

Hence, around 7% classification accuracy can be gained by considering the tem-

poral correlation in the gp classifier. The confusion matrices, for both filtering

and smoothing, are given in Tables 7.8 and 7.9. Although the gained accuracy

is non-negligible, the fine gp-based classifier still has a high rate of misclassifica-

tion between fixed in hand and backpack device modes for both gait modes.
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Table 7.8: Filtered classification confusion matrix corresponding to the gp
classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4
C
la
ss
es

W1 76 10 2 10 7 0 0 0

W2 3 84 0 0 0 0 0 1

W3 3 5 93 4 0 0 0 0

W4 17 0 2 87 0 2 0 0

R1 0 0 0 0 84 1 0 14

R2 0 1 0 0 7 95 0 10

R3 0 0 3 0 0 1 97 2

R4 0 0 0 0 3 1 3 73

Table 7.9: Smoothened classification confusion matrix corresponding to the

gp classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la
ss
es

W1 86 5 2 3 6 0 0 0

W2 0 91 0 0 0 0 0 0

W3 2 4 97 1 0 0 0 0

W4 11 0 0 96 0 1 0 0

R1 0 0 0 0 94 2 0 16

R2 0 0 0 0 0 97 1 8

R3 0 0 1 0 0 0 99 3

R4 0 0 0 0 0 0 0 73

Table 7.10: Filtered classification confusion matrix corresponding to the

proposed neural network classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la
ss
es

W1 94 1 0 6 0 0 0 0

W2 3 96 0 0 0 0 0 0

W3 0 2 100 0 0 0 0 0

W4 4 0 0 94 0 0 5 0

R1 0 0 0 0 94 2 0 8

R2 0 0 0 0 6 94 1 0

R3 0 0 0 0 0 0 94 0

R4 0 0 0 0 0 4 0 92
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Table 7.11: Smoothened classification confusion matrix corresponding to

the proposed neural network classifier.

Classes

W
1

W
2

W
3

W
4

R1 R2 R3 R4

C
la
ss
es

W1 98 0 0 0 0 0 0 0

W2 2 100 0 1 0 0 0 0

W3 0 0 100 0 0 0 0 0

W4 0 0 0 99 0 0 0 0

R1 0 0 0 0 100 0 0 8

R2 0 0 0 0 0 100 0 0

R3 0 0 0 0 0 0 100 0

R4 0 0 0 0 0 0 0 92

The best classification performance is obtained by smoothing the proposed

neural network coarse classifier using the hmm block. As the confusion matrices

provided in Tables 7.10 and 7.11 suggest, all the different scenarios of the joint

gait mode and device mode classification problem can be distinguished highly ac-

curately. Smoothing class estimates using the neural network classifier results in

100% accuracy for five out of eight classes. Although themost problematic case is

still finding an appropriate classification boundary between R1-R4, the misclas-

sification error is halved from 16% for gp to 8% for neural network. Figure 7.5

compares all the discussed classification methods in terms of the classification

accuracy. As a general trend, using the additional smoothing stage improves the

classification accuracy by an order of around 4% for knn, and 7% for gp and neu-

ral network. Finally, Table 7.12 summarizes the considered performance metrics

achieved for all class estimates using the three classifiers (no hmm, filtered and

smoothened).

Finally, the performance of the introduced approach in this work is also com-

pared with Table III in [102]. In the reported table, walking and running motion

mode together with 4 different device modes (texting, phone, pocket and swing-

ing) are considered. Based on the provided description, the“texting” pose is the

same as the fixed in hand device mode in our study. Since the number of classes

Table 7.12: Summary of the performance metrics, reported in the form of

accuracy (percentage) / F1 score, achieved for the three estimation methods

using the three classifiers.
����������������Classifier

Estimation method
Coarse Filtered Smoothened

KNN 82/0.79 83/0.80 86/0.82
GP 83/0.80 85/0.81 90/0.85
NN 91/0.89 95/0.94 98/0.97
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Figure 7.5: Comparison of the obtained classification accuracies for all dis-

cussed classifiers.

is the same in both studies, it is fair to compare the performance of the proposed

method with the reported results in [102] for six common cases, all except W4

and R4.

The proposed method results in better performance, in terms of classification

accuracy, for all of the considered six scenarios in [102] . More specifically, the

classification accuracy for all running scenarios is considerably higher than what

is achieved in the aforementioned study. Moreover, the highest achievable accu-

racy of the walking scenarios, as reported in [102], belongs to W1 with 94.8%
accuracy. The method proposed in this work, however, results in slightly more

accurate results with 98% classification accuracy for the same scenario W1.

7.3 Conclusions

The joint classification problem of the user’s motion profile and the handheld

device’s carrying mode using imu measurements was studied. Eight different
classes, based on two different motion modes (walking and running) and four

device modes (fixed and face-up in hand, swinging in hand, in the pocket and in

the backpack) were considered. K-nearest neighbor, Gaussian process and feed

forward neural network classifiers were adopted to jointly classify the aforemen-
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tioned classes. A set of novel classification features was derived from the pre-

processed imu measurements. Noting that there is a strong correlation between

the classes over time, the classifiers’ estimated output was further smoothened

using an hmm unit. The highest classification accuracy was achieved by smooth-

ing the neural network classifier’s estimates using the hmm unit. Comparing the

obtained results with a similar study validated the merit of the proposed method.



Part III

Conclusion and Future Work





8
Summary and Future Work

Different aspects of pedestrian navigation, with an emphasis on gnss-denied en-

vironments, are investigated in this thesis. To be more specific, the problem of hu-

man gait parameter learning which results in an improved dead-reckoning algo-

rithm is studied. To do so, different parametric and non-parametric approaches

are employed for gait modeling and classification.

The learning problem, formulated in terms of state-space models, relies on

Bayesian inference to estimate the gait parameters. For the classification prob-

lem, different classifiers from a simple k-nearest neighborhood to a complex feed

forward neural network with back propagation are considered.

The performance of the developed methods are evaluated on simulated data

as well as an extensive dataset. In the rest of this chapter, a summary of the con-

tributions is provided in Section 8.1 and then the thesis is finalized with possible

future research directions in Section 8.2.

8.1 Summary of Contribution

Noting that accurate step detection is crucial in pedestrian dead reckoning ap-

plications, the first contribution of this thesis is to propose a filtering framework

that learns the gait parameters when external position information is available.

The approach proposed in Chapter 4 is based on a multi-rate Kalman filter bank

that estimates the gait parameters, such as step length and step detection thresh-

old. The learning process is performed by fusing different sensors, e.g. accelerom-

eter, gyroscope with gps which improves the pdr in time intervals when the po-

sition measurements are unavailable. It is shown that using a fixed threshold

for step detection in the pdr algorithm might result in erroneous step length

estimates. The obtained result indicates the merit of the proposed method, par-

ticularly when the user has a constant velocity motion.
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The dataset used for performance evaluations contains imu measurements

collected from several body-mounted and hand-held devices, as described in Sec-

tion 5.2, and is used in different parts of this thesis, e.g. Section 5.3, Section 6.2,

and Section 7.2. The whole dataset together with the ground truth trajectory

is made available on-line. Individuals with different physical attributes partici-
pated in the data collection experiments and took three different trajectories. The
second contribution, presented in Chapter 5, describes the detailed information

of the data collection campaign and the hardware specifications. A few standard

features that are used in the literature for activity mode classification applica-

tions based on imu signals are extracted and the preliminary classification results

are reported.

It is discussed that gait parameters are time-varying and individual-

dependent quantities. More specifically, depending on the individual’s physical

attributes, motion mode and the hand-held device’s carrying mode, the optimal

parameters might change. Hence, it is beneficial to define different classes for

each of these modes.

The third contribution, presented in Chapter 6, strives to find a unique gait

signature for some selected motion and device modes. The computed signatures

are further modeled to compute a feature space to identify each of the considered

modes. This method is also applied in a real world application with multiple

motion and device mode combinations. It is shown that for any combination, it

is possible to compute a unique gait signature. An initial classification analysis,

based on the correlation between the computed signatures, is also performed to

investigate the potential of the proposed features. The preliminary study shows

the potential of the extracted signatures to be used as classification features.

The fourth contribution, presented in Chapter 7, takes one step further and

proposes a two-step classification framework based on the computed features. A

standard classifier, e.g. Gaussian process or feed forward neural network, is em-

ployed in the first step of the proposed method to compute initial class estimates.

In the second step, the estimates are further refined by considering the inher-

ent temporal correlation between the classes. The filtering and smoothing class

estimates of different classifiers are then presented and their performances are

compared against each other. It is shown that the proposed two-stage multi-class

classification method can be used to accurately identify the motion and device

mode.

8.2 Future Work

The main objective of this thesis is to propose solutions for human gait learning

from uncertain imu measurements. The learned gait parameters can be used in

pedestrian navigation systems. The considered scenarios are relevant for hybrid

indoor-outdoor positioning applications and can be used by collaborators. The

proposed methods are the author’s solution towards the existing problems. How-

ever, several research directions remain for further studies.

We have here presented algorithms for analyzing the gait as an enabling tech-
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nology. There are numerous applications that can benefit from this work. The

most nearby illustration is the kind of step counters you can find in your smart-

phones and smart watches, which can differ a factor of two compared in the same

situation. Also, the motion mode provided in Android and iOS often fails and

can, for instance, decide cycling when walking. Certainly, there is room for im-

provement in the commercial solutions today.

We have mentioned applications to health monitoring, collapse detection,

monitoring athletics activity, animal activity tracking, etc. The method of

synchronous averaging we have proposed to represent the gait cycle is a very

promising enabler for new studies in these areas. In particular, the low di-

mensional Fourier series expansion vector is quite appropriate for learning

applications. This methodology has applications beyond human gait analysis,

and can be used in many kind of health and construction monitoring applica-

tions where almost periodical sensor signals are used today to detect anomalies.

One recent application we have applied the methodology to is monitoring

mechanical heart pumps for possible mechanical faults or reduced capacity due

to thrombosis.
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