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Abstract

In the last years, the spread in the market of miniaturized magneto-inertial sensors, that are
so small, low cost and power efficient to be attachable to any system (human body included),
has expanded their potential in a myriad of applications. Since their introduction on the
market, bioegnineers have exploited their potential for the motion analysis in healthy subjects,
but also in patients for the assessment of pathologies characterized by motor disfunctions,
such as neurological diseases.

One of the main challenges related to the use of those sensors in biomedical applications,
is to develop a user friendly, low power, low cost and high throughput M-IMU systems
which allows to monitor patients with motor impairments and acquire reliable data to support
clinical decisions. In fact, despite the large number of commercial devices based on magneto-
inertial sensors available on the market, their use for clinical assessment in unstructured
environments (e.g. at-home) is still limited. On one side most of the portable systems coming
from the consumer electronics market (smartbands or smartwatches) allow for pervasive,
low-power communication with smart devices (thus usable at home), but do not permit a high
throughput streaming and/or provide limited information coming from one single node. On
the other side, most of the M-IMU systems used in biomedical or clinical research provide
high throughput and multi-node information, but are quite expensive, usable only by trained
staff, and often have limited battery life capabilities (since are not based on low energy
wireless communication) or use non-standard and widespread communication technology,
making them suitable only for use in structured or semi-structured environments (i.e. research
laboratories, research hospitals).

To overcome these limitations, the overall aim of this PhD project is to design, test and
validate a M-IMU based wireless sensor network, for motor assessment of neurological
patients in unstructured environments.

To do this, our first goal is to select and test a suitable wireless technology, with reduced
power consumption and wide compatibility with consumer electronics for out-of-the-lab
and at-home applications. We found Bluetooth Low Energy (BLE) to be an excellent
candidate for our requirements and we performed for the first time an extensive and systematic
analysis of BLE, in order to demonstrate whether it is a suitable candidate for wireless
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communication in high throughput and low energy sensor network applications. Defining
a standard methodology to test wireless sensor networks, we tested BLE performance in
a sensor network with a star topology, showing the possibility to use this communication
technology in high datarate applications (~170 kbps), thus enabling the streaming of 5 nodes
with 9-axes M-IMU data (16 bits of resolution per axis) at more than 200 Hz.

The second goal of our work is to assess the reliability of M-IMU sensors for motion
analysis. In fact, despite their pervasive use in biomedical applications, the assessment of
their accuracy and reliability for motion tracking has been only partially addressed. Our
main contribution in this field is focused on the design of a standard methodology to tune
and optimize filter parameters in M-IMU sensor fusion algorithms, able to measure the error
with respect of a ground truth (represented by the optical motion tracking system), in order
to evaluate the goodness of these filters. The results show how filters’ performance may be
different, depending on the application, and we propose a standard protocol to identify the
filter’s algorithm and the specific gain values which guarantee the best performance for the
specific task, obtaining an orientation error of about 2° and lower than 5°, respectively in
static and dynamic conditions.

Finally, our third goal is to use a reliable technology in terms of both wireless com-
munication and sensor technology, to objectively assess motor conditions of patients with
neurological deficits. Among several possible pathologies with relevant movement disor-
ders, we focus on Parkinson’s disease. In fact, PD may highly benefit from the use of
magneto-inertial sensors for the diagnosis and assessment of its motor symptoms. As a
matter of fact, motor symptoms in PD are not only highly relevant, but they are also very
representative of the evolution of the pathology. For this reason they are strictly related to
diagnosis, assessment and monitoring; indeed, a very important part of the widely used PD
assessment clinical scale (i.e. the UPDRS scale), administered by the physician, is focused on
the evaluation of motor disorders. The clinical analysis, which is occasionally administered
by the doctor, presents some limits: PD has fluctuations during different days, but also in
the same day, which do not guarantee the efficacy of the medical assessment in the hospital.
Hence, we decide to continuously monitor PD patients using M-IMUs: in detail, we use
these typology of sensors to evaluate PD’s cardinal motor symptoms in different tasks of its
clinical scale.

As result, our main contribution in this topic is to exploit a M-IMU sensor network to
discriminate fluctuations in subjects with Parkinson’s disease (i.e. ON and OFF status), and to
detect statistically significant differences between PD and healthy subjects with a few number
of sensor and performing easy tasks. After a deep analysis of some of the UPDRS tasks
administered by the physician to the patients, we evidenced statistically significant results to
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assess PD. The first analysis regards patients during the execution of arm prono-supination
task and evaluating the total power as kinematic feature on only one sensor positioned on the
index, thumb or wrist. These sensor locations and kinematic index can detect statistically
significant differences between ON and OFF state (index: p = 0.003; thumb: p = 0.001; wrist:
p = 0.005), and also between PD and healthy subjects (index, thumb, wrist: p < 0.0001).
Moreover, we also found that using one M-IMU only on the trunk while performing a sit to
stand task and evaluating trunk acceleration during trunk flexion it is possible to differentiate
OFF and ON with respect to healthy subject (p < 0.05).

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



List of Publications

[J.I] Jacopo Tosi, Fabrizio Taffoni, Marco Santacatterina, Roberto Sannino, and Domenico
Formica. Performance evaluation of Bluetooth Low Energy: A systematic review.
Sensors (Switzerland), 17(12):2898, 12 2017.

[J.II] Lazzaro di Biase, Susanna Summa, Jacopo Tosi, Fabrizio Taffoni, Massimo Marano,A
ngelo Cascio Rizzo, Fabrizio Vecchio, Domenico Formica, Vincenzo Di Lazzaro,
Giovanni Di Pino, and Mario Tombini. Quantitative analysis of bradykinesia and
rigidity in Parkinson’s disease. Frontiers in Neurology, 9(MAR):121, 3 2018.

[J.III] Jacopo Tosi, Fabrizio Taffoni, Marco Santacatterina, Roberto Sannino, and Domenico
Formica. Throughput Analysis of BLE Sensor Network for Motion Tracking of Human
Movements. IEEE Sensors Journal, 19(1):370–377, 2019.

[C.I] Susanna Summa, Jacopo Tosi, Fabrizio Taffoni, Lazzaro Di Biase, Massimo Marano,
Angelo Cascio Rizzo, Mario Tombini, Giovanni Di Pino, and Domenico Formica.
Assessing bradykinesia in Parkinson’s disease using gyroscope signals. In 2017
International Conference on Rehabilitation Robotics (ICORR), pages 1556–1561,
London, 7 2017. IEEE.

[C.II] Jacopo Tosi, Susanna Summa, Fabrizio Taffoni, Lazzaro di Biase, Massimo Marano,
Angelo Cascio Rizzo, Mario Tombini, Emiliano Schena, Domenico Formica and
Giovanni Di Pino. Feature Extraction in Sit-to-Stand Task Using M-IMU Sensors and
Evaluation in Parkinson’s Disease. In 2018 IEEE International Symposium on Medical
Measurements and Applications (MeMeA),pages 1–6. IEEE, 6 2018.

[C.III] Micaela Del Fabbro Arcopinto, Jacopo Tosi, Domenico Formica, and Fabrizio Taf-
foni. Monitoring Sucking Abilities in Newborns: Design and Validation on Adult
Of a Wearable System for Non-Invasive Deglutition Detection. In 2018 40th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society
(EMBC), pages 4257–4260. IEEE, 7 2018.

[C.IV] Jacopo Tosi, Fabrizio Taffoni, Asif Hussain, Domenico Campolo and Domenico
Formica. Methodology for the Evaluation of Magneto-Inertial Orientation Filters in
SO(3). In 2019 IEEE International Workshop on Metrology for Industry 4.0 and IoT,
in press. IEEE, 6 2019.

[C.V] Assia Chericoni, Jacopo Tosi, Anna Maria Visco, Riccardo Lubrano, Fabrizio Taffoni.
Assessment of feeding teats: an experimental study. In 2019 41th Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), in
press. IEEE, 7 2019.

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



Table of contents

List of Publications vii

List of figures xi

List of tables xiii

Nomenclature xv

1 Introduction 1
1.1 Research challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Research goals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.4 Outline of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Motion sensor network with low energy wireless communication 7
2.1 Bluetooth Low Energy: definitions, main features and characteristics . . . . 9

2.1.1 BLE Communication . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.1.2 BLE Packet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.1.3 BLE Network Topology . . . . . . . . . . . . . . . . . . . . . . . 13

2.2 BLE performance analysis in a sensor network for M-IMU applications . . 14
2.2.1 Assessment of throughput and number of nodes . . . . . . . . . . . 16
2.2.2 Evaluation of power consumption . . . . . . . . . . . . . . . . . . 30

3 Performance evaluation of magneto-inertial motion units and sensor fusion al-
gorithms 35
3.1 Background on Magneto-Inertial Measurement Units: basic features and

functioning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.1.1 Gyroscope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.1.2 Accelerometer . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



x Table of contents

3.1.3 Magnetometer . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.1.4 Accelerometer and magnetometer calibration . . . . . . . . . . . . 41

3.2 Validation of sensor fusion algorithms for attitude estimation with M-IMUs 43
3.2.1 Sensor fusion filters: state of the art . . . . . . . . . . . . . . . . . 44
3.2.2 Two-frame sensor calibration . . . . . . . . . . . . . . . . . . . . . 55
3.2.3 Generation of synthetic M-IMU data . . . . . . . . . . . . . . . . . 59
3.2.4 Filter tuning and performance evaluation of M-IMUs’ sensor fusion

algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4 Use of M-IMUs for the assessment in neurological diseases 81
4.1 Parkinson’s Disease: basic concepts . . . . . . . . . . . . . . . . . . . . . 82
4.2 Assessment of Parkinson’s disease by means of a wearable M-IMU network 84

4.2.1 Upper limb monitoring for quantitative analysis of bradykinesia and
rigidity in Parkinson’s disease . . . . . . . . . . . . . . . . . . . . 85

4.2.2 Feature extraction in Sit-to-Stand task using M-IMUs for the assess-
ment of Parkinson’s disease . . . . . . . . . . . . . . . . . . . . . 105

5 Discussion and conclusions 117
5.1 Future works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

Appendix A Representation of orientation 121
A.1 Rotation Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
A.2 Euler Angles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
A.3 Axis and angles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
A.4 Quaternions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
A.5 Metric on SO(3) space . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

Appendix B Coordinate frames 127

References 131

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



List of figures

2.1 BLEStack . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.2 SmartReady . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.3 connectionParam . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.4 BLEPacket . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.5 ConnPacket . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.6 BLETopology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.7 Throughput Devices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.8 MIMUPacket . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.9 Percentage 1 Node . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.10 Throughput 1 Node . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.11 Percentage 5 Nodes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.12 Throughput 5 Nodes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.13 Maximum bitrate . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.14 Current consumption . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.1 Hard Iron calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.2 Complementary Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.3 Complementary Filter in M-IMU . . . . . . . . . . . . . . . . . . . . . . . 48
3.4 Mahony Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
3.5 Mahony Direct Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.6 Mahony Direct Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.7 Campolo SO(3) Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.8 Madgwick Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.9 Tian Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.10 Two-frame sensor calibration . . . . . . . . . . . . . . . . . . . . . . . . . 56
3.11 Example of two-frame sensor calibration . . . . . . . . . . . . . . . . . . . 57
3.12 Reference frame for M-IMU data generation . . . . . . . . . . . . . . . . . 60
3.13 SensorTile . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



xii List of figures

3.14 Motion tracker VZ4000v . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
3.15 Motion tracker VZ4000v . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.16 Assembly of SensorTile and LED targets . . . . . . . . . . . . . . . . . . . 66
3.17 Assembly of SensorTile and LED targets, Top View . . . . . . . . . . . . . 67
3.18 Trajectory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
3.19 Tuning Synthetic Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.20 Synthetic data angle error . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
3.21 Trajectory of Two-frame Sensor Problem Calibration . . . . . . . . . . . . 73
3.22 Tuning Real Data for Two-Frame Calibration . . . . . . . . . . . . . . . . 74
3.23 Trajectory of Performance Evaluation . . . . . . . . . . . . . . . . . . . . 75
3.24 Tuning Real Data for performance evaluation . . . . . . . . . . . . . . . . 76
3.25 Real data angle error during two-frame calibration . . . . . . . . . . . . . . 78
3.26 Real data angle error during performance evaluation . . . . . . . . . . . . . 79

4.1 Clinical symptoms associated with Parkinson’s disease progression . . . . . 83
4.2 Position of M-IMUs on upper limb . . . . . . . . . . . . . . . . . . . . . . 89
4.3 Movement speed profile and SPARC values . . . . . . . . . . . . . . . . . 91
4.4 Results relative to total time index . . . . . . . . . . . . . . . . . . . . . . 95
4.5 Peak-to-peak velocity of all cycles . . . . . . . . . . . . . . . . . . . . . . 97
4.6 Fatigability index in finger-tapping task . . . . . . . . . . . . . . . . . . . 97
4.7 Fatigability index in the arm prono-supination task . . . . . . . . . . . . . 98
4.8 Power Spectral Density of gyroscopes . . . . . . . . . . . . . . . . . . . . 98
4.9 Total power index in the finger-tapping task . . . . . . . . . . . . . . . . . 99
4.10 Total power index in the arm prono-supination task . . . . . . . . . . . . . 99
4.11 Smoothness parameter evaluated in the index finger . . . . . . . . . . . . . 101
4.12 Smoothness index assessed for the sensor on the wrist . . . . . . . . . . . . 102
4.13 Sensor used in the SiSt task . . . . . . . . . . . . . . . . . . . . . . . . . . 106
4.14 Value of sin(θ ) of the trunk during SiSt task . . . . . . . . . . . . . . . . . 108
4.15 Features referred to the value of θ of the trunk during SiSt task . . . . . . . 110
4.16 Features referred to the value of ωy of the trunk during SiSt task . . . . . . 111
4.17 Features referred to the value of av of the trunk during SiSt task . . . . . . . 112
4.18 Results relative to SiSt task . . . . . . . . . . . . . . . . . . . . . . . . . . 114

B.1 Coordinate frames involved in the inertial navigation framework . . . . . . 128
B.2 Coordinate frames involved in the system navigation framework . . . . . . 129

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



List of tables

2.1 Maximum reachable bitrate . . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.2 Connection parameter for maximum reachable bitrate . . . . . . . . . . . . 26
2.3 SensorTile consumption . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.1 VZ4000v Technical Specifications . . . . . . . . . . . . . . . . . . . . . . 65
3.2 Filter gains for synthetic data . . . . . . . . . . . . . . . . . . . . . . . . . 71
3.3 Filter gains for real data in two-frame calibration problem . . . . . . . . . . 77
3.4 Filter gains for real data in performance evaluation . . . . . . . . . . . . . 77
3.5 Filter computational time . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.1 Parkinson’s disease patients characteristics . . . . . . . . . . . . . . . . . . 88
4.2 Bradykinesia tasks clinical rating . . . . . . . . . . . . . . . . . . . . . . . 93
4.3 Rigidity task clinical rating . . . . . . . . . . . . . . . . . . . . . . . . . . 94
4.4 Finger-tapping task kinematic results . . . . . . . . . . . . . . . . . . . . . 95
4.5 Prono-supination task kinematic results . . . . . . . . . . . . . . . . . . . 96

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



Nomenclature

Acronyms / Abbreviations

AA Access Address

ACK Acknowledgment

AHRS Attitude and Heading Reference Systems

AMR Anisotropic MagnetoResistance

BAN Body Area Network

BLE Bluetooth Low Energy

CF Complementary Filter

connEvent Connection Event

connInterval Connection Interval

connSlaveLatency Connection Slave Latency

connSupervisionTimeout Connection Supervision Timeout

CRC Cycle Redundancy Check

DAC Digital to Analog Converter

DOF Degree Of Freedom

DWT Discrate Wavelet Transform

EKF Extended Kalman Filter

ENU Est North Up

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



xvi Nomenclature

EOF End Of Frame

FW Firmware

GAP Generic Access Profile

GDA Gradient Descendent Algorithm

GNA Gauss-Newton Algorithm

HCI Host Controller Interface

HS Healthy Subject

HW Hardware

ICA Independent Component Analysis

IC Integrated Circuit

IMU Inertial Measurement Units

ISM Industrial, Scientific and Medical (ISM)

KF Kalman Filter

LED Light Emitting Diode

LSB Least Significant Bit

M-IMU Magneto-Inertial Measurement Unit

MARG Magnetic, Angular Rate and Gravity

MCU MicroController Units

MDS-UPDRS Movement Disorder Society - Unified Parkinson’s Disease Rating Scale

MEMS Mico-Electro-Mechanical Systems

MIC Message Integrity Check

nATT Number of Attempts

PCA Principal Component Analysis

PD Parkinson’s Disease

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



Nomenclature xvii

PDU Protocol Data Unit

PL Packet Loss

PRE Preamble

PSD Power Spectral Density

PTI Phoenix Technologies Inc.

QUEST QUaternion ESTimator

RF Radio Frequency

RPY Roll Pitch Yaw

SAL Spectral Arch Length

SE Standard Error

SIG Bluetooth Special Interest Group

SiSt Sit-to-Stand

SPARC Spectral Arch Length

STM STMicroelectronics

SW Software

TD Transition Duration

tPT Time of Postural Transition

TS Time Stamp

UPDRS Unified Parkinson’s Disease Rating Scale

WSN Wireless Sensor Network

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



Chapter 1

Introduction

This chapter provides an introduction to the thesis by briefly explaining the context in which
the present work has been carried out, exposing the current challenges and stating the goals
of this research. Finally, the main innovative contributions of this work, with respect to the
state of the art, are introduced and the organization of the following chapters is outlined.

1.1 Research challenges

In the last years, the spread in the market of miniaturized magneto-inertial sensors, that are
so small, low cost and power efficient to be attachable to any system (human body included),
has expanded their potential in a myriad of applications. Since their introduction on the
market, bioegnineers have exploited their potential for the motion analysis in healthy subjects,
but also in patients for the assessment of pathologies characterized by motor disfunctions,
such as neurological diseases.

In the last decades, several studies showed that wearable sensors, used for assessing motor
symptoms of neurological diseases (e.g. Parkinson’s disease), could provide a quantitative
and reliable tool for patient’s motor performance monitoring.

Most of the studies presented in literature exploit commercial M-IMU systems that are
usually quite expensive compared to the effective cost of the hardware included in these
sensors, and they also use closed library, which does not allow to fully test the reliability of
the proprietary sensor fusion algorithms.

One of the main challenges related to the use of those sensors in biomedical applications,
is to develop a user friendly, low power, low cost and high throughput M-IMU systems
which allows to monitor patients with motor impairments and acquire reliable data to support
clinical decisions.
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2 Introduction

In fact, despite the large number of commercial devices based on magneto-inertial sensors
available on the market, their use for clinical assessment in unstructured environments
(e.g. at-home) is still limited. On one side most of the portable systems coming from the
consumer electronics market (smartbands or smartwatches) allow for pervasive, low-power
communication with smart devices (thus usable at home), but do not permit a high throughput
streaming and/or provide limited information coming from one single node. On the other side,
most of the M-IMU systems used in biomedical or clinical research provide high throughput
and multi-node information, but are quite expensive and often have limited battery life
capabilities (since are not based on low energy wireless communication) or use non-standard
and widespread communication technology, making them suitable only for use in structured
or semi-structured environments (i.e. research laboratories, research hospitals).

To overcome these limitations, the overall aim of this PhD project is to design, test and
validate a M-IMU based wireless sensor network, for motor assessment of neurological
patients in unstructured environments. To reach this purpose it has been necessary to develop
the application from the very first steps: i.e. the study and implementation of the right
wireless communication technology, able to connect the sensors in our system, and the
validation of M-IMU sensor fusion algorithms for kinematic reconstruction. Finally we also
assessed both wireless communication and sensor technology for the validation of motor
condition of patients with neurological disorders.

1.2 Research goals

The main goal of this work is to design and test a low-cost, low energy and easy-to-use
network of magneto-inertial sensors for biomedical applications, in particular for motor
assessment of neurological patients, such as Parkinson’s disease (PD) patients.

To do this, our first goal is to select and test a suitable wireless technology, with reduced
power consumption and wide compatibility with consumer electronics for out-of-the-lab and
at-home applications. We found Bluetooth Low Energy (BLE) to be an excellent candidate
for our requirements and we performed; nevertheless, it has only be tested in low throughput
networks [1] or high throughput applications with only one node, e.g. microphones [2]. For
all these reasons we need to evaluate BLE performance in order to assess its possible use in
high throughput applications with several nodes. In fact, we look for a low power, low cost
and secure multinode solution, as already stated in the previous Section, and BLE seems to
represent the right solution to our problem, but it has never been assessed in high throughput
applications based on networks with several nodes.
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1.2 Research goals 3

The second goal of our work is to assess the reliability of M-IMU sensors for motion
analysis. In fact, despite their pervasive use in biomedical applications, the assessment of
their accuracy and reliability for motion tracking has been only partially addressed [3]. With
the use of sensor fusion algorithms in combination with magneto-inertial sensor networks,
it is possible to obtain orientation data to perform a kinematic reconstruction for motion
tracking or feature extraction [4]. Those kind of data can be used for the assessment and
the monitoring of patients with motor impairments [5] and the error in the output provided
by these filter algorithms may represent a important issue to take into account. Our aim is
to design a standard methodology to tune and optimize filter parameters in M-IMU sensor
fusion algorithms, able to measure the error with respect of a ground truth (represented by
the optical motion tracking system), in order to evaluate the goodness of these filters.

Finally, as already said before, the third goal is to use a reliable technology, in terms of
both wireless communication and sensor technology, to objectively assess motor conditions
of patients with neurological disorders. Among several possible pathologies with relevant
movement deficits, we focus on Parkinson’s disease. In fact, PD may highly benefit from
the use of magneto-inertial sensors for the diagnosis and assessment of its motor symptoms:
the exploit of these sensors could be fundamental to make a step forward in the capability
of quantitatively describing patient’s motor symptoms without the necessity of the presence
of the physician. As a matter of fact, motor symptoms in PD are not only highly relevant,
but they are also very representative of the evolution of the pathology; for this reason they
are strictly related to diagnosis, assessment and monitoring [6]; indeed a very important part
of the most widely used PD assessment clinical scale (i.e. the UPDRS scale) is focused
on motor symptoms. This kind of evaluation is periodically done by the physician, who
modifies the therapy in relation to the status of the disease. The clinical analysis, which is
occasionally administered by the doctor, presents some limits: PD has fluctuations during
different days, but also in the same day, which do not guarantee the efficacy of the medical
assessment in the hospital. Another key point related to PD is the continuous necessity of the
patient to take drugs (e.g. l-dopa) in order to reduce the symptoms given by the effect of the
disease itself; that is evidenced by a switching from the OFF phase, when the symptoms are
strongly present, to the ON phase. Our final goal is to use M-IMUs continuously monitor
and assess PD to detect the fluctuations between these two phases in patients, so that it
is possible to administer drugs in a targeted modality, specific to each patient, in order to
improve effectiveness and reduce side effects [5].
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4 Introduction

1.3 Contributions

The main contributions of this thesis are related to the research goals above mentioned and
are briefly stated in order of appearance:

• I performed for the first time an extensive and systematic analysis of Bluetooth Low
Energy, in order to demonstrate whether BLE is a suitable candidate for wireless
communication in high throughput and low energy sensor network applications. In
particular, my main contributions are:

– An extensive review of the state of the art about Bluetooth Low Energy (BLE),
analyzing its performance and limits in order to have a clear state of this com-
munication technology and the parameters which substantially influence its
characteristics.

– An investigation of BLE performance in a sensor network with a star topology.
The aim is to understand how to push its characteristics over the limit already
tested and reached in the state of the art, in order to obtain satisfactory results that
can be used in the assessment of patients with motor impairments. In particular,
we analyze the throughput in relation to the different number of nodes, in order to
understand how to configure and use this communication technology in specific
applications, such as motion analysis with magneto-inertial sensors. In addition
to this, we also investigate the power consumption of BLE nodes in relation to set
up parameters. Defining a standard methodology to test wireless sensor networks,
we tested BLE performance in a sensor network with a star topology, showing the
possibility to use this communication technology in high datarate applications
(~170 kbps), thus enabling the streaming of 5 nodes with 9-axes M-IMU data (16
bits of resolution per axis) at more than 200 Hz. frequency.

• We propose a methodology for the evaluation and optimization of sensor fusion
algorithms for the orientation estimation by means of M-IMUs. More specifically, we
introduce:

– A method to generate synthetic M-IMU data in SO(3) from a known trajectory
and a defined error model of each sensor. These data may be used to understand
the behaviour of M-IMUs in a structured environment, avoiding random errors
existing in real acquisitions.

– A methodology used to tune the gain parameters of each filter in order minimize
the filter error for the specific dynamic characteristics of the analyzed motor task.
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– The design of a protocol used to assess the orientation error obtained from M-
IMU sensor fusion filters. The results show how filters’ performance may be
different depending on the application and we propose a standard way to identify
the filter’s algorithm and the specific gains which guarantee the best performance
for the specific task.

• We assess Parkinson’s Disease by means of M-IMUs. In particular, we use these
typology of sensors to evaluate PD’s cardinal motor symptoms in different tasks of its
clinical scale, i.e. the UPDRS:

– Assessment of bradykinesia and rigidity with a M-IMU network positioned on the
upper limb most affected by PD, while performing finger tapping and arm prono-
supination tasks. The main contributions of this protocol regard the identification
of the most sensible places where to locate sensors to monitor bradykinesia and
rigidity, and also the extraction of indexes able to discriminate PD patients during
the different phases, but also patients to healthy subjects.

– The evaluation of PD’s status using one M-IMU sensor on the trunk, while
performing a sit-to-stand task. The main contribution of this study is to propose a
broad method for the detection of the most relevant features for the analysis of
this particular task, that is strongly related to activities of daily living. We select
a small pool of features which best represent pathology fluctuations in PD and
differences between patients and healthy subjects.

1.4 Outline of the thesis

This dissertation includes three main topics organized in as many chapters.
Chapter 2 introduces the importance of the wireless communication technology implied

in the sensor network used, and in particular it describes Bluetooth Low Energy (BLE), a low
power standard technology widespread in a huge number of applications. The first Section of
this chapter regards this protocol, its known characteristics and the tested performance in
accordance with the state of the art. In the following part (Section 2.2) we investigate some
characteristics of this communication technology, e.g. throughput and power consumption,
trying to push it over the limits already known in the literature.

In Chapter 3 it has been introduced the magneto-inertial measurement unit (M-IMU)
which is the main sensing element that has been used in the presented research and the
principal source of information applied in the implemented algorithms. The aim of the
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first section of this chapter is to provide a comprehensive overview of these devices, taking
into account their main aspects, such as functioning, configuration, calibration and sensor
modeling. Section 3.2 describes how to use sensor fusion algorithms which exploit M-IMUs
to obtain orientation of a body in the space. In the last section of this chapter, we propose a
standard methodology to tune sensor fusion filters and evaluate their performance in order to
choose the solution which provides the lowest error for the specific application of interest.

Chapter 4 discusses the final main topic of this dissertation, i.e. the use of the M-IMU
network in the assessment of motor impairments due to neurological diseases, focusing in
particular on Parkinson’s disease (PD). PD patients often need to go to an hospital to be
monitored by a physician which uses a specific clinical scale, i.e. the UPDRS, to assess
the level of the pathology. We try to evaluate the status of the disease by means of M-
IMUs during the execution of particular tasks, with the idea to have more objective data,
independent of the presence of the doctor and his analysis. In conclusion, with our data we
want to confirm the reliability in using low cost, low energy system able to monitor and
evaluate PD.

Finally, Chapter 5 concludes the dissertation and gives an overview of future works which
may start from here.
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Chapter 2

Motion sensor network with low energy
wireless communication

Citations:

[J.I] Jacopo Tosi, Fabrizio Taffoni, Marco Santacatterina, Roberto Sannino, and Domenico
Formica. Performance evaluation of Bluetooth Low Energy: A systematic review.
Sensors (Switzerland), 17(12):2898, 12 2017.

[J.III] Jacopo Tosi, Fabrizio Taffoni, Marco Santacatterina, Roberto Sannino, and Domenico
Formica. Throughput Analysis of BLE Sensor Network for Motion Tracking of Human
Movements. IEEE Sensors Journal, 19(1):370–377, 2019.

The first part of this PhD project is focused on the design and development of a sensor
network based on low energy wireless communication. The aim is to build a general
purpose network, in order to make it easily exploitable in several typologies of application
in the biomedical field. In bioengineering and healthcare in general, most of the existing
Wireless Sensor Networks (WSNs) are Body Area Networks (BAN), i.e. networks made
of wearable sensor to monitor the subject, also applied in telemedicine contexts. From the
BAN subsystem, to the end-user healthcare monitoring application, it is crucial to take into
account some design considerations [7].

• modularity and scalability: the structure of the network has to freely vary in order to
change the number and typology of sensors connected in it. It is very important also to
strengthen its architecture so that it can be flexible and evolve over time, independently
on the hardware used.
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8 Motion sensor network with low energy wireless communication

• power consumption: in biomedical field, there are several applications in telemedicine,
which implies a constant monitoring of the patient’s vital signs. It is important to
build a system which lives for long times in order to acquire as much data as possible
without changing the batteries, which represents a burdensome task in BAN. Exactly
for this reason, on of the main issues about these typologies of networks is to use
energy efficient protocols and sensors [8].

• mobility and unobtrusiveness: the patients have to wear the BAN devices all the time
and mobility reduction is not acceptable. The sensor devices must be designed with
the aim of providing the highest degree of mobility for the patients, that also implies a
wireless communication protocol and a power supply provided by batteries [9].

• accessibility: in order to be achievable and accessible by the highest number of users,
our systems should be low cost, user-friendly and compatible with other systems
already present in the market.

Taking into account all the characteristics enumerated here above, the next step regards
the decision-making process which drives through the design and development of the sensor
network used.

The two main elements involved in the architecture of our network are the communication
protocol and the typologies of sensors to be used.

For what it concerns the choice of the communication protocol to be implemented in
the BAN, in the last five years Bluetooth Low Energy (BLE) represented an emerging and
innovative technology which aimed to become the main character for BANs between the
huge number of standard wireless technologies, already existing and widespread on the
market (i.e. IEEE 802.11b (Wi-Fi), ZigBee, Ant+ and Bluetooth Classic) [10].

In addition to this, the synergy between good performance and ubiquitous diffusion (today
BLE is available in all PCs, tablets and smartphones) makes BLE a optimum candidate for a
great variety of applications; in the medical field for e-health [11] [12] [13] [14], e.g. in body
area network [1] (using ECG [15] [16], heart rate sensor [17] [18], blood flowmeter [19],
EMG for prosthetic hand control [20], an IMU sensor used for early diagnosis of Parkinson’s
disease [21]; it is also used to monitor respiration, activities and falls [18]), in automotive
applications [22] [23], in voice communications [2], for kinematic tracking [24] [25], in
domotics for healthcare environments and smart house [26] [27] [28] [29], for transmission
of M-IMU data in game controlling [30], in security systems [31] [32], to understand crowd
dynamic [33], and so on.

BLE may represent the perfect solution as communication technology in our BAN for
movement analysis. In fact, all the M-IMU systems which may be used in biomedical field

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



2.1 Bluetooth Low Energy: definitions, main features and characteristics 9

nowadays have several issues which may limit our application’s performance. For example,
it is difficult to use a reliable BAN at home with a good bitrate for several nodes with M-IMU
sensors. As a matter of fact, in research laboratories magneto-inertial sensors gave good
results for the assessment in biomedical applications, but the usually do not use a widespread
communication technology, that can be translated in a not portable system with an access
point, e.g. Opal by APDM. In addition to this, these technology are not low power, that
means a short duration of the power supply (e.g. Xsens) or a bigger dimension of the batteries
which make the device cumbersome.

As shown, until now BLE has usually been used for low throughput applications, and
only in the last few years it has been started to be used for high throughput applications, but
a multinode and high bitrate network has never been developed and tested.

Hence, we want to find a general purpose hardware (HW) as sensor module, with several
magneto-inertial measurement units and a BLE integrated circuit (IC) to connect with. At
the beginning of this work, STMicroelectonics (STM) put on the market the SensorTile1, a
module which matches with the characteristics we were looking for.

The remaining part of this chapter is developed as follow: in Section 2.1 BLE and
its characteristics are described in detail, in Section 3.1 and the HW used is presented, in
Section 2.2 it is showed how our BAN has been evaluated.

2.1 Bluetooth Low Energy: definitions, main features and
characteristics

After a deep study of the state of the art, we found that Bluetooth Low Energy lacks a complete
and systematic analysis of its real performance under different experimental conditions, which
could help designers to develop optimized devices for specific applications. Thanks to these
considerations, we decided to write a review paper on BLE, which presents an exhaustive
description of its protocol, together with its limits and characteristics characteristics, and an
overview of the literature [34]. In this Section we are going to show an overview of Bluetooth
Low Energy and its characteristics, in order to let the reader understand how it work and its
role in the applications.

Bluetooth Low Energy (BLE), also known as Bluetooth Smart or Bluetooth 4, is a wireless
communication technology developed by the Bluetooth Special Interest Group (SIG). It is
designed to operate in the Industrial, Scientific and Medical (ISM) band included in 2.4.2.5
GHz, that means that is available to be used in biomedical applications.

1STMicroelectronics, “STEVAL-STLKT01V1: SensorTile development kit,” DB2956, 2017.
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10 Motion sensor network with low energy wireless communication

Bluetooth Low Energy protocol is structured in a stack composed of three main blocks
[35] [36] [37] [38]: the Application, the Host and the Controller, as shown in Figure 2.1.
Each layer in the protocol incorporates its lower layer. The raw data, acquired from the
antenna, are consequently encapsulated in a standard BLE packet, shown by the arrow on the
left. On the other side, a BLE packet that shall be sent by a transmitter is fragmented in raw
data and then managed by the Controller, as shown by the arrow on the right.

Fig. 2.1 BLE protocol stack. The three main blocks are the Controller (grey), the Host
(blue) and the App (green). The Host Controller Interface (HCI) (red) is the interface
which manages the communication between the two layers adjacent to it. The rectangular
frames represent the different parts of the layers, described in detail in [34]. The two arrows
represents the direction encapsulation and fragmentation of BLE packets.

The BLE architecture has maintained some common parts of previous Bluetooth versions
(i.e. Classic Bluetooth), in order to have new devices compatible with both standards (Smart
Ready). The protocol architectures of Classic Bluetooth, BKE and Smart Ready devices are
shown in Figure 2.2, pointing out differences and equalities between the protocols.

2.1.1 BLE Communication

Investigating the structure and the functioning of a BLE network is important to understand
how it communicates and the roles a device can play. BLE devices can communicate using
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2.1 Bluetooth Low Energy: definitions, main features and characteristics 11

Fig. 2.2 Different standard versions of Bluetooth protocols. In the left there is the structure
of Classic Bluetooth, on the right there is the BLE, while in the middle there is the protocol
stack compatible with both Bluetooth versions, i.e. Smart Ready.

two main modalities: broadcasting and connections [39] [40]. In the following part of this
section we are only going to describe connection modality, since we have only used it in all
the experiments.

A connection is a permanent, periodical data exchange of packets between two devices
[40]. The connection is private, and it may also be protected with security provisions. In
connections, there are two different roles involved, defined in the Generic Access Profile
(GAP) [40]:

• The Central (master) scans for connectable advertising packets and initiates the con-
nection. When the connetion is active, the central manages all the setting and starts a
periodical packet exchange.

• The Peripheral (slave) periodically sends connectable advertising packets and accepts
connections initiated by the master. When the connection is established, it follows the
settings exposed by the central and exchanges data with it.

A connection between a master and a slave, shown in Figure 2.3, follows predefined times:
the time in which the master exchanges data packets with the slave is called Connection
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12 Motion sensor network with low energy wireless communication

Event (connEvent), while the rest of the time, when the communication is off is the Radio
Idle. The start of a connEvent is called the anchor point; at the anchor point, the master
shall start to transmit packets to the slave. The sum of connEvent and Radio Idle is called
Connection Interval (connInterval). The connInterval shall be a multiple of 1.25 ms in the
range of 7.5 ms and 4.0 s.

As can be seen in Figure 2.3, a data packet exchange is usually followed by another
packet called Acknowledgment (ACK), i.e. a packet without data which provides error
recovery capabilities. If the communication is notifiable, the ACKs are not sent.

There are two main communication modalities the master may use to exchange data with
the slave:

• In one-way communication, the slave sends a simple notification in response to a poll
from the master. This is typical of the notifiable communications.

• In round-trip communication, the master firstly asks for data to the slave, then this one
transmits a response. The difference is that both messages, the request and the response,
generate an ACK. The interval of time between the beginning of two consecutive data
packet, including the ACK, is called Tround−trip.

Fig. 2.3 Example of a round-trip data communication in a connection with the transmission
of data packets and ACKs. In this Figure are described all the parameters referred to the
connection communication.

Other parameters, used to set up BLE connections are the Connection Supervision
Timeout (connSupervisionTimeout) and the Connection Slave Latency (connSlaveLatency).
The connSupervisionTimeout is the maximum time that can flow without receiving two valid
packets, before the connection is lost. It should be a multiple of 10 in the range between 10
ms and 32000 ms. The connSlaveLatency is the amount of connEvents that can be skipped
without the risk of disconnection. Its value should not cause a connSupervisionTimeout, and
it shall be an integer in the range of zero to ((connSupervisionTimeout/(connInterval × 2))
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−1). Moreover, connSlaveLatency shall not be less than 500, and when it is set to zero the
slave device shall listen to at every anchor point, without loosing the connection.

2.1.2 BLE Packet

As described in Section 2.1.1, BLE allows two types of communication (i.e. broadcasting
and connection), which implies two different packet typologies, which share a common
structure, as shown in Figure 2.4. This structure is divided into four mandatory subsections,
defined in the BLE Specifications [39] [41], and described as follos:

• The Preamble (PRE) is a very simple sequence of bits used by the receiver to set its
automatic gain control and determine the frequency corresponding to the radio data
rate itself.

• The Access Address (AA) is used to exclude packets directed to different receivers.

• The Protocol Data Unit (PDU) range is from 2 to 257 bytes, and its length is strictly
dependent on the communication used.

• The Cyclic Redundancy Check (CRC)checks the presence of errors, analyzing the PDU
only, which could have been generated during packet transmission.

Fig. 2.4 BLE packet structure. The packet has one or two bytes of PRE, depending on the
radio data rate, four bytes of AA, from 2 to 257 bytes of PDU and three bytes of CRC.

The PDU part of a connection packet (Figure 2.5) is composed of a two-byte header,
which contains several parameters, described in detail in [41]. For what it concerns the
maximum payload for data packets is 20 bytes, set by BLE specifications [42]. Moreover,
there is an optional Message Integrity Check (MIC) value of four bytes, which is used to
authenticate the data PDU in an encrypted connection.

2.1.3 BLE Network Topology

A BLE basic network, composed by a master and a slave, is called piconet. With the updating
to Version 4.1 of the Bluetooth Specification, each device has the capability to perform

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



14 Motion sensor network with low energy wireless communication

Fig. 2.5 PDU structure of a BLE connection packet.

simultaneously both roles, master and slaves, in different piconets. This type of network
is called scatternet. In the Bluetooth Specifications [41], some types of BLE topology are
shown in detail, as summarized in Figure 2.6.

Group (a) in Figure 2.6 is a simple broadcasting topology, where A is an advertiser,
while B and C are scanners, which are using a BLE advertising physical channel.

Group (b) is a basic piconet, with only one physical channel, where D acts as master and
E as slave.

In group (c), the master is F, and it is using two piconet physical channels with slaves G
and H. Device F is also the initiator of the connection with device I, which is advertising
with connectable advertising packets on the advertising physical channel; device F can start
the connection and add slave I to its piconet. A network topology like this one, with only
one master and several slaves, is called a star network.

In scatternet (d), device J is using one LE physical channel with K and one with L. J is
the master in the piconet with L and the slave in the one with K.

In scatternet (e), device M is the slave of two physical channels, whose masters are N and
O. Device P is advertising using a connectable advertising event on the advertising physical
channel, and the device M is the initiator; when the connection is formed, M will result in
being the master of this link.

2.2 BLE performance analysis in a sensor network for M-
IMU applications

Although BLE has already been successfully used in a great variety of applications, it lacks
of a systematic experimental validation of its main characteristics, as already exposed in [44].

To fill this lack in the literature related to throughput, and or the impossibility to model all
the possible parameters of BLE, we decided to identify a method to systematically measure

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



2.2 BLE performance analysis in a sensor network for M-IMU applications 15

Fig. 2.6 Example of BLE topology [43]. In the Figure, solid arrows point from master to
slave; dashed arrows, indicating a connection initiation and point from initiator to responder.
Each device is represented with a capital letter; devices that are connected are represented
with a circle, while devices that are advertising are indicated using stars.

the actual performance of the communication. In addition to this, we also evaluated the
power consumption of the sensor unit used, in order to estimate the battery life.
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16 Motion sensor network with low energy wireless communication

As a matter of fact, our objective is to obtain a reliable, low energy, user friendly and easy-
to-use sensor network for motion tracking, and we need to investigate if BLE performance
are acceptable for these typology of applications.

2.2.1 Assessment of throughput and number of nodes

System Architecture

In order to evaluate BLE throughput we designed a star network architecture with a central
node and several peripheral nodes. Different typologies of devices are used in our experi-
ments, in order to understand the variability introduced by the software (SW), firmware (FW)
or hardware (HW).

Central nodes used in this experiment are a LG Nexus 5 (M1), Figure 2.7a, with An-
droid 6.0.1 and Broadcom BCM4339 WiFi Bluetooth IC; a Samsung Galaxy Tab S2 (M2),
Figure 2.7b, with Android 7.0, mounting a Broadcom BCM4330 integrated circuit for
WiFi and Bluetooth communication; and a stack of two STMicroelectronics boards (M3),
Figure 2.7c, the microcontroller unit (MCU) NUCLEO-F4012 and BlueNRG expansion
X-NUCLEO-IDB05A13.

Peripheral nodes are of two typologies: SensorTile4 (S1), Figure 2.7d, i.e. a module
embedding a MCU, a BLE IC (BlueNRG), and several MEMS; a stack of three ST boards (S2),
Figure 2.7e, the MCU (NUCLEO-F4015), a board with BLE radio and chip (X-NUCLEO-
IDB05A16), and the sensor expansion board (X-NUCLEO-IKS01A17) with MEMS sensors.

Our specific scope is to design a BAN for kinematic reconstruction, and exactly for this
reason, both the peripheral sensor boards include M-IMUs.

2STMicroelectronics, “STM32F401xD STM32F401xE: ARM cortex-m4 32B MCU+FPU, 105 DMIPS,
512kB flash/96kB RAM, 11 TIMs, 1 ADC, 11 comm. interfaces,” DS10086, 2017.

3STMicroelectronics, “X-NUCLEO-IDB05A1: Bluetooth low energy expansion board based on the
SPBTLERF module for STM32 nucleo,” DB2592, 2015.

4STMicroelectronics, “STEVAL-STLKT01V1: SensorTile development kit,” DB2956, 2017.
5STMicroelectronics, “STM32F401xD STM32F401xE: ARM cortex-m4 32B MCU+FPU, 105 DMIPS,

512kB flash/96kB RAM, 11 TIMs, 1 ADC, 11 comm. interfaces,” DS10086, 2017.
6STMicroelectronics, “X-NUCLEO-IDB05A1: Bluetooth low energy expansion board based on the

SPBTLERF module for STM32 nucleo,” DB2592, 2015.
7STMicroelectronics, “X-NUCLEO-IKS01A1: Motion MEMS and environmental sensor expansion board

for STM32 nucleo,” DS10619, 2015.
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(a) (b) (c)

(d) (e)

Fig. 2.7 All the different typologies of devices that have been used in the system architecture
of this work, described in detail in Section 2.2.1. The first row (Fig 2.7a, 2.7b, 2.7c) contains
master nodes, while the second (Fig 2.7d, 2.7e) the slaves. (a) M1. (b) M2. (c) M3. (d) S1.
(e) S2.

The FW embedded in MCUs has been programmed in C code, using the development
environment System Workbench for STM328, and it has been adapted from official source
codes available on ST website9,10.

For what concerns master nodes based on Android operative system, we developed an
App programmed in Java which uses official Android APIs and drivers, so that it is portable
and supported on different mobile devices. In order to obtain the best performance, it is
important to set M1 and M2 in flight mode, and in particular to turn off WiFi, because it
usually shares the same integrated circuit (IC) of Bluetooth, so it may compromise the results.
In addition to this, we also killed all the open Apps in the device, so that the workload of the
other tasks of the operating system do not significantly influence our experiment.

8STMicroelectronics, System Workbench for STM32: free IDE on Windows, Linux and OS X.
9STMicroelectronics, X-CUBE-BLE1: Bluetooth Low Energy software expansion for STM32Cube,

DB2461, 2017.
10STMicroelectronics, FP-SNS-ALLMEMS1: STM32 ODE function pack for IoT node with BLE connec-

tivity, digital microphone, environmental and motion sensors, DB2915, 2018.
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18 Motion sensor network with low energy wireless communication

Protocol

The protocol designed for the experiment consists in sending M-IMU data packets from
slaves to master using a BLE notifiable characteristics. The use of this type of characteristic
has been chosen because it sends less protocol packets, as already described in Section 2.1.1,
so it can reach a higher effective throughput.

All the possible combinations of master and slave have been set (M1-S1, M1-S2, M2-S1,
M2-S2, M3-S1, M3-S2).

The number of slaves of the star network changes from 1 to 5, within a range of 20 cm,
with the power level of the radio set to 4.7 dBm.

In each acquisition the value of connInterval and the number of packets sent per con-
nInterval vary. For each couple of parameters (i.e. connInterval and number of packets per
connInterval) we send data until the master receives 1000 packet from each slave. In our
protocol, the possible values of connInterval expresed in ms are: 7.5, 11.25, 13.75, 16.25,
18.75, 21.25, 46.25, 71.25, 96.25. This choice has been done since 7.5 ms is the minimum
value that can be set in accordance with BLE protocol (Section 2.1.1), and we decided to
make it firstly vary with little steps, then higher, in order to investigate a quite wide interval.
The value of 7.5 ms can be used only with M3, in fact we noticed with the BLE sniffer
(Frontline ComProbe BPA 60011) that Android imposes a minimum connInterval of 11.25
ms; of note that we tested only two Android versions (i.e. Android 6.0.1 and 7.0). On
the other hand, regarding M3, there are some limits imposed by BLE protocol and vendor
firmware that do not allow to acquire at specific low values, when the network has more than
2 nodes (11.25 ms with 3 nodes; 16.25 ms with 4 nodes; 18.75 with 5 nodes). All these cases,
in which it has not been possible to acquire data with particular BLE connections parameters,
are represented in Figures with white bars.

For what concerns the number of packets sent per each connInterval, we decided to make
it vary from 1 to 6. In addition to this, a further limit on M-IMU data transmission depends
on the maximum sampling rate of the sensor boards; for our setup, the minimum sampling
period to have access to all 9-axes data of M-IMU sensor is 1.8 ms, thus the upper bound of
bitrate for each slave node is around 89 kbps.

Other BLE connection parameters that have been set and maintained constant for the
whole protocol duration are connSupervisionTimeout, equal to 32000 ms, and connSlaveLa-
tency, equal to zero (Section 2.1.1).

11I. Frontline Test Equipment, “ComProbe BPA 600 dual mode bluetooth protocol analyzer,” frontline Test
Equipment, Inc: Charlottesville, Virginia, United States.
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2.2 BLE performance analysis in a sensor network for M-IMU applications 19

Throughput Evaluation

As already said, BLE 4.1 protocol puts the limit of packet payload to 20 bytes. We use the
whole payload to send M-IMU data packet, in fact, as shown in Figure 2.8, each sensor
embeds tri-axial accelerometer, gyroscope and magnetometer and uses 2 bytes per axis, that
means 18 bytes in total. In addition to this, we used 2 bytes to save timestamp (TS), i.e. the
time saved when slave acquires data from the sensor12.

Fig. 2.8 Structure of a protocol data packet. The first 18 bytes are reserved to M-IMU data, 6
for each sensor (i.e. accelerometer, gyroscope, magnetometer), in detail 2 bytes for each axis.
In the last 2 bytes the timestamp (TS) is saved.

Since we know the connInterval measured in ms, the number of packets sent in each
connInterval (nPackets and the data packet payload, we can easily compute the theoretical
data throughput sent by each slave, measured in kbps:

T hroughputth =
nPackets

connInterval
·20byte · 8bit

1byte
(2.1)

To test packet loss during transmission, we designed the protocol to successfully transmit
1000 packets of M-IMU data in order to estimate the correct value of throughput.

Hence, collecting the TS of the first and the last (i.e. the 1000th) packet received by the
master expressed in ms, it is possible to evaluate the effective throughput of the transmission13.
Thus:

T hroughpute f f =
1000 packets

T Slast −T S f irst
·20byte · 8bit

1byte
(2.2)

Knowing the theoretical and the effective throughput, it is easy to compute the percentage
of the packet loss (PL).

PL =
T hroughputth −T hroughpute f f

T hroughputth
·100 (2.3)

12It is the time that has passed since the beginning of the acquisition, expressed in ms.
13Note that master will wait to successfully receive 1000 packets before computing the effective throughput;

i.e. 1000 is not the number of packets sent by the slave, but it is referred to the number of packets actually
received by the master.
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20 Motion sensor network with low energy wireless communication

In data analysis we considered unacceptable all the configurations with a PL higher than
1%, since this error is too high for applications of M-IMUs to human motion tracking. Hence,
we decided to consider a transmission as unsuccessful whenthe percentage of packet loss is
higher than 1%. In addition to this, we computed the maximum value of throughput and the
related configuration parameters (connInterval and number of packets per connInterval), in
order to understand how to configure the sensor network to reach the best performance.

Results

Between S1 and S2 exists a very subtle difference for what concerns their throughput
performance; on average, results of S1 are slightly better than those obtained with S2 (0.35
± 0.10 kbps, mean value and standard error). In addition to this, in some specific BLE
connection there are also peaks of 20 kbps of difference, always in favor of S1. For this
reason, and also because S1 is more suitable for BAN applications given its low weight
and small dimension, we exposed extensively the results related to S1 for different network
configuration, while we reported only aggregate data for S2.

Figure 2.9, 2.10, 2.11 and 2.12 show main results about M-IMU data acquisition using a
star network based on the three different masters (M1, M2 and M3), with SensorTile (S1) as
slave node. In particular Figure 2.9 and 2.10 show respectively packet lost and throughput
for different sets of configuration parameters (connInterval and number of packets per
connInterval) when the star network has only one peripheral node, i.e. a point-to-point
connection; Figure 2.11 and 2.12 show the same results for the star network with five nodes.
These two cases represent the limit cases of our study. The value of the throughput is referred
to the average throughput of the peripheral node.

Examining Figure 2.10 and 2.12, it is clear that, between the two smart devices, M2 has
generally better performance than M1. In fact, the average difference between the value
of throughput of the two masters (i.e. M1 and M2) is 4.52 ± 0.37 kbps (mean value and
standard error), with peaks of differences higher than 40 kbps.

As can be seen in Figure 2.9, the percentage of packet loss for the two smart devices M1
and M2 when 5 or 6 packets per connInterval are sent is relevant even when a single slave
is connected; that means that for practical applications the maximum number of packets
per connInterval with these two devices should not exceed 4. On the contrary, when the
network is based on M3 as master there is no packet loss when 1 single slave is sending
data (Figure 2.9c), even when 5 and 6 packets per connInterval are sent. This limitation
is probably due to Android libraries, even though it cannot be found in official manuals or
documentation.
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Fig. 2.9 This Figure shows the percentage of packet lost, computed using Equation 2.3. In
all three cases, it has been used the S1 peripheral node. The network has 1 slave node. In
Fig 2.9a the master is M1, in Fig 2.9b is M2, in Fig 2.9c is M3. On the x axis are represented
the values of connInterval, measured in ms, while on the y axis is represented the number
of packets sent per each connInterval. White bars indicate cases for what it has not been
possible to execute the acquisition, due to protocol limits or its implementation in the specific
device.
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Fig. 2.10 This Figure shows the effective throughput, computed using Equation 2.2. In all
three cases, it has been used the S1 peripheral node. The network has 1 slave node. In
Fig 2.10a the master is M1, in Fig 2.10b is M2, in Fig 2.10c is M3. On the x axis are
represented the values of connInterval, measured in ms, while on the y axis is represented
the number of packets sent per each connInterval. White bars indicate cases for what it has
not been possible to execute the acquisition, due to protocol limits or its implementation in
the specific device.
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Fig. 2.11 This Figure shows the percentage of packet lost, computed using Equation 2.3.
In all three cases, it has been used the S1 peripheral node. The star network has 5 slave
nodes. The value of the percentage of packet loss is referred to the average throughput of
the peripheral node. In Fig 2.11a the master is M1, in Fig 2.11b is M2, in Fig 2.11c is M3.
On the x axis are represented the values of connInterval, measured in ms, while on the y
axis is represented the number of packets sent per each connInterval. White bars indicate
cases for what it has not been possible to execute the acquisition, due to protocol limits or its
implementation in the specific device.
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Fig. 2.12 This Figure shows the effective throughput, computed using Equation 2.2. In all
three cases, the star network has 5 slave nodes of S1 typology. The value of the throughput
is referred to the average throughput of the peripheral node. In Fig 2.12a the master is
M1, in Fig 2.12b is M2, in Fig 2.12c is M3. On the x axis are represented the values of
connInterval, measured in ms, while on the y axis is represented the number of packets sent
per each connInterval. White bars indicate cases for what it has not been possible to execute
the acquisition, due to protocol limits or its implementation in the specific device.
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2.2 BLE performance analysis in a sensor network for M-IMU applications 25

Of note, in the configuration with a single node (Figure 2.10), M3 reaches a higher peak
of throughput in comparison with other masters (i.e. up to 88.9 kbps). This was possible both
for the lower packet loss that exists in comparison with M1 and M2, and for the possibility to
use a connInterval of 7.5 ms, which cannot be set in Android devices (Android version 6.0.1
and 7.0). In other cases, when the network has more than 1 peripheral node, M3 generally
reaches a lower bitrate in comparison with other types of masters. In particular, as can be
seen in Figure 2.11 and 2.12, M2 reaches higher values of throughput with a lower value of
packet loss.

Moreover, since for practical use in human motion tracking applications with M-IMU we
consider unacceptable those configurations with a packet loss above 1%, we excluded from
further throughput analysis those results which do not fulfill this condition.

Hence, we represented in Figure 2.13 and in Table 2.1 the maximum reachable values of
bitrate with our setup, with a packet loss below 1%, with respect to different configurations
of master and slave, and also different number of peripheral nodes which compose the star
network. In Table 2.1 each row represents the number of peripheral nodes which compose the
star network, while the columns are all the possible combination of masters and slaves; the
values are measured in kbps. In this way, we can define which are the best BLE connection
parameters to set up in order to push BLE performance to its limits and obtain the highest
values of throughput. The values of bitarate, shown in Figure 2.13 and detailed reported
in Table 2.1, are those seen by master side. As a matter of facts, they represent the total
throughput of the communication. All the parameters related to the values of bitrate obtained
are shown in Table 2.2; each row represents the number of peripheral nodes which compose
the star network, while the columns are all the possible combinations of masters and slaves.
In each cell there are two parameters, the first one is the connInterval, measured in ms, while
the second is the number of packets sent per each connInterval.

Discussion and conclusions

In this part of the work we proposed a method to analyze and characterize throughput
performance in general sensor network applications, based on BLE standard. In fact, low
power consumption of BLE is well known in the literature [34], but the knowledge about its
throughput has never been systematically assessed.

In particular, we analyzed the use of BLE technology for sensor application that requires
high throughput, such as motion tracking of human movements. To this aim, we designed and
tested BLE-based sensor network with the minimum requirements of connecting 5 M-IMUs
(9-axes), acquiring data at 100 Hz (i.e. with an effective throughput of 80 kbps at master
node).
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26 Motion sensor network with low energy wireless communication

Table 2.1 Values of maximum reachable bitrate, for each network configuration, measured in
kbps, seen by the master side, respecting the condition of packet loss lower than 1%.

M3 M3 M1 M1 M2 M2

S1 S2 S1 S2 S1 S2

1 88.9 88.9 56.9 43.2 57.1 57.1
2 58.6 58.6 104.9 86.4 114.2 114.2
3 68.7 51.2 90.1 88.8 171.3 141.3
4 44.7 82.5 120.1 120.3 159.7 159.7
5 49.4 67.2 71.2 71.1 173.9 173.9

Table 2.2 Connection parameters related to Table 2.1. In each cell, the first number represents
the connInterval (ms), while the second value represents the number of packets sent during
each connInterval, corresponding to the maximum achievable throughput for that specific
combination of master and slave. All these values respect the condition of percentage of
packet loss lower than 1%.

M3 M3 M1 M1 M2 M2

S1 S2 S1 S2 S1 S2

1 7.5
4

7.5
4

11.25
4

11.25
3

11.25
4

11.25
4

2 16.25
3

16.25
3

11.25
4

11.25
3

11.25
4

11.25
4

3 21.25
3

18.75
2

21.25
4

16.25
3

11.25
4

13.75
4

4 71.25
5

46.25
6

21.25
4

21.25
4

16.25
4

16.25
4

5 96.25
6

71.25
6

11.25
1

11.25
1

18.75
4

18.75
4
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Fig. 2.13 This Figure shows the maximum reachable bitrate, measured in kbps, seen by
the master side. On the x axis are represented the number of slaves which compose the
designed star network architecture, while on the y axis there are the possible combinations of
masters and slaves typologies which form the network. The precise corresponding numbers
are reported in Table 2.1. All these values of bitrate respect the condition that the percentage
of packet loss has to be lower than 1%. To each bar correspond a value of connInterval and a
number of packets per connInterval, reported in Table 2.2.

The most important result obtained is that, with our setup, the BLE-based network can
reach peaks of bitrate higher than 170 kbps with 5 peripheral nodes, having a packet loss
lower than 1% (see Figure 2.13 and Table 2.1). This result guarantees to use BLE in a lot of
sensor applications, including motion tracking, that is the focus of our work. As a matter of
facts, a sensor network employing 5 M-IMUs with 9 axes (2 bytes for each axis), acquiring
data at 100 Hz, needs an effective throughput of 80 kbps, which is well below the limits
verified in our experiments. With the results showed in this work, we can affirm that in
principle is possible to use 5 SensorTile (S1), a very small, compact and versatile sensors, in
applications which use 5 M-IMUs at a sampling rate higher than 200 Hz, with a packet loss
lower than 1%.
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28 Motion sensor network with low energy wireless communication

Best results in terms of maximum throughput for the network have been obtained with
Android devices, in particular M2 allows to reach the highest value of throughput. Nev-
ertheless, performance of M2 are very different from M1. This result indicates that using
smart devices introduces a high variability in terms of results, depending on the hardware
embedded, on the version of the operating system and also on the firmware implemented
on the BLE IC; nevertheless, using a more efficient smart device permits to obtain higher
performance. These differences in performance between M1 and M2 can be due to a newer
hardware, a different BLE integrated circuit, a more performing firmware or a more recent
version of the operating system, which uses new BLE libraries. Anyway, even with an
obsolete hardware and Android version (M1) we were able to reach peaks of about 120 kbps
for the configuration with 4 nodes, allowing to guarantee the minimum requirements for
our target application, and about 70 kbps with 5 nodes, a bitrate that supports a sampling
frequency of 87.5 Hz, instead of 100 Hz.

As regards the main limitations of the tested sensor networks, it can be seen in Figure 2.9
that Android introduces a limit in the number of M-IMU packets that can be sent per each
connection interval. In fact, using M1 and M2 as masters, we obtain a significant packet loss
(i.e. higher than 1%) when we try to send a number of packets per connInterval higher than
4, regardless of the connInterval value itself, also when only a single slave is connected to
the network. We can assume from our results that Android imposes a connEvent that makes
the connection unreliable (i.e. with a packet loss higher than 1%) with more than 4 packets
per connInterval; hence, as already said, this limitation is probably due to Android libraries,
even though references in official manuals or documentation cannot be found. On the other
hand, using M3 as master permits to freely set the connEvent parameter, meaning that the
maximum number of packets which can be sent per connInterval is variable depending on
connEvent value. Thus, M3 may overcome the limitations imposed by Android devices (i.e.
using a connInterval lower than 11.25 ms and a maximum number of packets higher than 4),
in this way it is possible to push the limit of throughput values to ≃90 kbps, in a single node
network.

If on one side Android, and in particular M2, allows to reach the highest value of
throughput, on the other side M3 grants the maximum optimization in term of performance
and power consumption.

As a matter of fact, since M3 can manage the connEvent, we have decided to equally
divide the connInterval between all the devices; in this way, each peripheral node can
send the same number of packets to the central node and, if some packets are lost, all the
slaves approximately lose the same number of packets. On the other hand, since Android
automatically assigns the connEvent to each connection, the packet loss is not equally divided
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between peripheral nodes, and usually the last connected devices lose a higher number of
packets.

An important consequence of freely impose connEvent, thus the anchor point, is the
possibility to maximize the efficiency of communication; this allows to optimize BLE
performance, especially the power consumption of the BLE IC. In fact, since M3 has not
an upper bound relative to the number of packets that can be sent in each connInterval, it
allows to use higher time values per connInterval respect to M1 and M2; i.e. it can maintain
a constant throughput using a higher connInterval. This characteristic may reduce the current
consumption of BLE IC; e.g. it can be seen in Figure 2.12 that a throughput of ≃10 kbps can
be obtained both sending 3 packets with a connInterval of 46.25 ms and sending 6 packets
with a connInterval of 96.25 ms. We have estimated the current consumption using a tool
provided by STMicroelectronics14 and we observed that in the first case average absorbed
current is 351.9 µA, while in the second case it is 313.3 µA, providing a power saving of
≃11%.

Moreover, M3 master typology allows to design a hub, which may also embed more
M3 central nodes together, in order to obtain the best performance possible in terms of
throughput. In addition to this, even if M3 does not reach the best performance, it is not
dependent on vendors specification, as described here above for M1 and M2, hence, it
guarantees more stable results.

With this work we support that Bluetooth Low Energy is strongly competitive with the
other technologies existing in the market; as a matter of fact, thanks to its pervasive diffusion
between smart devices and its good performance, in particular in term of power consumption
and bitrate, it can be used in a wide range of sensor applications that require high throughput.

Moreover, in this work we also present a new methodology of analysis and validation
of wireless technology for sensor networks. This is an easy way to understand if a wireless
communication technology has satisfying performance, in particular throughput, in order
to be applied in a specific sensor network application. As future investigations, it would
be interesting to apply the same methodology to others BLE ICs and radios from different
producers, in order to point out what are the advantages and disadvantages of each one of
them. In addition to this it will be also interesting to evaluate the effect on BLE performance
of different parameters and features, such as the rearrangement of the BLE GATT server
characteristics.

14STMicroelectronics, “STSW-BNRG001: BlueNRG current consumption estimation tool,” DB2288, 2017.
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2.2.2 Evaluation of power consumption

System Architecture

Immediately after the evaluation of throughput, our need is to find the exact consumption
given by BLE, in order to understand how much low power it is. In fact, it is well known that
the main innovative characteristic of BLE, in comparison with Bluetooth Classic and other
wireless technologies, is the low power consumption. Indeed, as described in Section 2.1.1,
in both broadcasting and connection mode the Radio Frequency (RF) module turns on to
send or receive data and then turns off in order to save energy consumption.

To evaluate the power consumption of a BLE IC it is necessary to measure the average
current absorbed during the active phase in each modality of communication. In fact, on the
other side, when the radio is in sleep phase, the current consumption is approximately 1 µA
(with 3 V of reference voltage level)[45].

During the connection mode, it is difficult to examine the power consumption because
it is strongly variable, depending on several parameters, such as the packet payload, the
connInterval, the number of slaves per master, the type of communication (i.e. one-way or
round-trip), and so on.

Although some evaluations of power consumption have already been done in other studies
[34], or also some companies like STM provide simulators15 to evaluate and measure the
power consumption during all possible states of the BLE IC RF module, we decided to make
our own validation on BLE power consumption.

To do this we just designed an experiment with a point-to-point network, i.e. a network
with only two nodes, a master and a slave. Usually the master node has a battery with
a bigger capacity, while the slave needs to better manage its power consumption, since
its capacity is limited by its physical dimensions. Starting from this observation we just
measured the current consumption of the peripheral nodes.

In the first experiment we just focused on BLE IC, in particular we used a node composed
of a stack of two ST boards, Figure 2.7e, the MCU (NUCLEO-F40116) and a board with BLE
radio and chip (X-NUCLEO-IDB05A117), and the sensor expansion board (X-NUCLEO-
IKS01A118) with MEMS sensors.

15STMicroelectronics, "BlueNRG Current Consumption Estimation Tool", STSW-BNRG001, 2016.
16STMicroelectronics, “STM32F401xD STM32F401xE: ARM cortex-m4 32B MCU+FPU, 105 DMIPS,

512kB flash/96kB RAM, 11 TIMs, 1 ADC, 11 comm. interfaces,” DS10086, 2017.
17STMicroelectronics, “X-NUCLEO-IDB05A1: Bluetooth low energy expansion board based on the

SPBTLERF module for STM32 nucleo,” DB2592, 2015.
18STMicroelectronics, “X-NUCLEO-IKS01A1: Motion MEMS and environmental sensor expansion board

for STM32 nucleo,” DS10619, 2015.
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In the second experiment we used the SensorTile as slave node (Figure 2.7d), in order
to investigate the total power consumption during a concrete application, i.e. the stream of
M-IMU data.

In both the experiments we used the multimeter Agilent 34401A19 to measure the current
consumed by the HW implied in the experiment.

Protocol

The protocol designed for the experiment is similar to that one used for throughput measure-
ments in Section 2.2.1. It consists in sending M-IMU data packets from slaves to master
using a BLE notifiable characteristics.

The power level of the radio is set to 4.7 dBm.
In each acquisition the value of connInterval and the number of packets sent per con-

nInterval vary. In our protocol, the possible values of connInterval expresed in ms are: 7.5,
11.25, 13.75, 16.25, 18.75, 21.25, 46.25, 71.25, 96.25. This choice has been done since 7.5
ms is the minimum value that can be set in accordance with BLE protocol (Section 2.1.1),
and we decided to make it firstly vary with little steps, then higher, in order to investigate a
quite wide interval.

For what concerns the number of packets sent per each connInterval, we decided to make
it vary from 1 to 6. In addition to this, a further limit on M-IMU data transmission depends
on the maximum sampling rate of the sensor boards; for our setup, the minimum sampling
period to have access to all 9-axes data of M-IMU sensor is 1.8 ms, thus the upper bound of
bitrate for each slave node is around 89 kbps.

For what concerns the second experiment we just set up a communication with the
SensorTile and a master node. With a view to a practical application, such as the kinematic
reconstruction of human movements, we keep the connection parameters fixed and we send
M-IMU or quaternion data from the slave node. The idea behind this choice is to evaluate
both the possibility to implement orientation filters in the MCU or sending raw M-IMU data
and implement the filter on the master device. The internal filter is a closed library developed
by STM20. The sampling frequency of M-IMU sensors is set to 100 Hz.

Consumption Evaluation

Both X-NUCLEO-IDB05A1 and SensorTile cradle expansion board have a jumper on the
source voltage line, that means it is possible to remove the jumper and connect the multimeter

19Agilent, 34401A Digital Multimeter, 2016.
20STMicroelectronics, Getting started with MotionFX sensor fusion library in X-CUBE-MEMS1 expansion

for STM32Cube, UM2220, 2018.
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32 Motion sensor network with low energy wireless communication

to measure the current they consume. In this configuration both devices are powered with a
supply of 5 V.

Results and discussion

In Figure 2.14 the results of the experiment are shown. Similarly to the results shown in
Section 2.2.1 it is possible to see on the x and y axes the packets per connInterval and the
connInterval itself, while on the z axis it is shown the current consumption measured using
the multimeter. It is easy to note how the trend of the values goes proportionally to the
throughput value.

Fig. 2.14 This Figure shows the current consumption of slave node, measured in mA. On the
x axis are represented the number of packets per connInterval, while on the y axis there are
all the possible values of connInterval.

For what it concerns the second acquisition, we measured the current consumption of
SensorTile at 5 V, then we estimated the life of its battery.

For what it concerns this evaluation, the current measured in this experiment is 13.5 mA
when the internal filter for sensor fusion is used, and 12.0 mA when we only acquire and
stream raw data. Using a very small battery with a capacity of 100 mAh, the life time could
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be around 7.4 h when the internal filters to get quaternion is used, otherwise the battery life
may be higher than 8.3 h (Table 2.3).

Table 2.3 Current consumption of SensorTile and battery life. The first column represents the
consumption when the internal STM filter is used to obtain quaternions, the second column
is referred to the acquisition of raw M-IMU data only.

Internal Filter Raw M-IMU data

Current consumption 13.5 mA 12.0 mA

Battery life (100 mAh) 7.4 h 8.3 h

Of note that the FW used by the SensorTile may be optimized most, we just wrote a code
appropriate and effective for the application.

Reading these results it is clear that BLE gives the possibility to let an high throughput
application last for a long time. This is very important thinking to a use case of telemedicine
or continuous monitoring of a subject.

In particular, the possibility of carefully modify its connection parameters gives the
opportunity to set it up in an optimal way, depending on the specific application.

This two studies we proposed, the one related to throughput and the other to power
consumption, pave the way for the designing of standard protocols which may help to
set up networks parameters in order to obtain the lower power consumption with given
specifications, such as the minimum throughput needed.
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Chapter 3

Performance evaluation of
magneto-inertial motion units and sensor
fusion algorithms

Citations:

[C.IV] Jacopo Tosi, Fabrizio Taffoni, Asif Hussain, Domenico Campolo and Domenico
Formica. Methodology for the Evaluation of Magneto-Inertial Orientation Filters in
SO(3). In 2019 IEEE International Workshop on Metrology for Industry 4.0 and IoT,
in press. IEEE, 6 2019.

This section of the PhD project aims to describe and assess the sensing part of our system.
In fact, as the first chapter analyzes the wireless communication technology, i.e. Bluetooth
Low Energy, this chapter is focused on magneto-inertial measurement units (M-IMUs) which
represent main sensing elements that has been used in the presented research and the principal
source of information applied in the implemented algorithms.

The purpose of this chapter is first of all to provide a comprehensive overview of these
devices, taking into account their main aspects, such as functioning, configuration, calibration
and sensor modeling. Secondly, it describes how to use sensor fusion algorithms which
exploit M-IMUs to obtain orientation of a body in the space. Finally, in the last section of
this chapter, we propose a standard methodology to tune sensor fusion filters and evaluate
their performance, in order to choose the solution which provides the lowest error, for the
specific application of interest.
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36 Performance evaluation of magneto-inertial motion units and sensor fusion algorithms

3.1 Background on Magneto-Inertial Measurement Units:
basic features and functioning

In the last years, a new generation of inertial measurement units (IMUs) based on micro-
electro-mechanical systems (MEMS) technology has given a new surge to motion tracking
research. These devices are cost-effective and can be successfully used for accurate, non-
invasive and portable motion tracking. The big interest in these devices is mainly motivated
by the fact that they overcome many issues raised by optical systems and mechanical trackers.
IMUs indeed do not suffer from occlusions and have theoretically unlimited workspace
compared to optical motion tracking systems; moreover, despite the lower accuracy of IMUs
with respect to mechanical trackers, they are much more affordable and far less intrusive.

In recent years, IMUs are often used to track human motion, thus becoming a new
enabling technology for several applications which include localization, human-robot inter-
action, rehabilitation and ergonomics [46], becoming an important alternative to stereopho-
togrammetry based systems (ranked as the gold standard). This spread is also witnessed by
the high number of companies that are developing IMUs sensors and putting them in the
market: e.g. Xsens (Xsens Technologies B.V., Enschede, The Netherlands), Opal (APDM
Inc., Portland, USA), Trigno (Delsys Inc., Salford, Greater Manchester, UK), Consensys
IMU (Shimmer, Dublin, Ireland) and 3-Space (Yost Labs, Portsmouth, Ohio).

Surprisingly, less attention has been dedicated to rigorously assessing the accuracy in
estimating orientation attainable with a wearable M-IMU during typical motion conditions [3].
Technical specification of commercial systems reported by vendors are presented with caveats
and are poorly documented, e.g. the dynamic accuracy is reported without detailing the
testing setup, the amplitude and the bandwidth of testing movements. The main contribution
of this part of the work is in providing a systematic characterization of the accuracy in
orientation measuring under controlled and repeatable conditions and using state of the art
sensor fusion algorithms.

IMUs are typically composed of accelerometers and gyroscopes. Since the use of IMUs to
reconstruct the orientation is based on integration of sensors’ signals over time, but also both
gyroscopes and accelerometers suffer from time varying biases and noises, the measurements
often contain drift. To reduce this drift in the estimation of the pose, especially to correct
the drift relative to rotations around gravity direction (heading), they are often equipped
with magnetometers: in this case the sensor units are called Magneto-Inertial Measurement
Units (M-IMUs), or MARG (i.e. Magnetic, Angular Rate and Gravity), or also AHRS
(Attitude and Heading Reference Systems). When a sensor unit has tri-axial gyroscopes and
accelerometers, since they have 6 degree of freedom (DOF), they are also called 6-axis IMUs.
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3.1 Background on Magneto-Inertial Measurement Units: basic features and functioning37

When the unit embeds also a tri-axial magnetometer, it is typically called 9-axes sensor unit
(i.e. a unit with 9 DOF), and it can be used to estimate the 3D orientation of a body in the
space (see in Appendix A).

In the next sections we are going to briefly describe the functioning of these three
typologies of sensors. In addition to this, in the next sections we are also going to present
some procedures to calibrate M-IMU sensors. In fact, the availability of low cost MEMS
M-IMU and the contrast with expensive traditional calibration methodologies requiring
access to sophisticated tests and calibration equipment, have pushed the research towards
more convenient procedures [47].

The mathematical framework used for dealing with inertial tracking systems are described
in Appendix B.

3.1.1 Gyroscope

The gyroscopes measure angular velocity with respect to the sensor moving reference frame
SSS, by taking advantage of physical laws that produce predictable effects under rotation. A
rotating frame is not an inertial frame, and thus many physical systems will appear to behave
in an apparently non-Newtonian manner. By measuring these deviations from what would be
expected in a Newtonian frame the underlying self-rotation can be extracted.

Almost all MEMS gyroscopes are based on vibrating mechanical elements to sense
rotation. Vibratory gyroscopes rely on the transfer of energy between vibratory modes based
on Coriolis acceleration aaa of an object moving in a straight line with linear velocity vvv, in a
frame rotating at rate ΩΩΩ , described by the equation

aaa = 2vvv×ΩΩΩ (3.1)

Early MEMS gyroscopes utilize vibrating quartz crystals to generate the necessary linear
motion. More recent designs have replaced the vibrating quartz crystal with silicon-based
vibrators [48]. Vibrating mass gyroscopes are small in dimension, but have a higher noise
level and consume more than the other sensors of an M-IMU.

A measured gyroscope signal sωωωm
t represented in the sensor frame SSS at time t can be

expressed as

s
ωωω

m
t = s

ωωω t +bbbω,t + eeeω,t (3.2)

where sωωω t is the true angular velocity after compensation, bbbω,t is the bias caused by
low-frequency offset fluctuations and the remaining error eeeω,t is assumed to be the zero-mean
white noise [49] [50] [51].
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38 Performance evaluation of magneto-inertial motion units and sensor fusion algorithms

The bias bbbω,t determines the drift when integrating the gyroscope signal and can be
calibrated and compensated with a zero attitude update. It results from the contribution of
different terms:

bbbω,t = bbbFB +bbbBS +bbbBR (3.3)

The fixed bias term (bbbFB) represents the displacement from zero of the output when the
input is null and it is often modelled as a function of temperature. The bias repeatability
parameter (bbbBR) is a random constant that varies for each powerup of the IMU. This is due
to a number of effects, including a change in the physical properties of the IMU and initial
conditions of the signal processing. Further, the bias of a MEMS gyroscopes has a stability
component, termed bias stability (bbbBS), which will vary during in-run usage due to flicker
noise in the electronics, temperature, time and/or mechanical stress on the system. This
behaviour is usually modeled as random walk noise. Gyroscope datasheets usully reports
how stable the bias is over a certain specified period of time. This value is typically expressed
in units of deg/s or deg/hr.

To perform the gyroscope calibration the sensor must be stationary in order to acquire
the gyro bias as the mean of the signal and it should be removed from the sensor’s signal
[52] [53].

Ambient temperature affects gyro signal with a significant bias drift. It comes especially
when gyros are powered up, as a result of device self-heating; after few minutes of warm-op
they reach a thermal stabilization, hence it is usually preferred to start calibrating and using
the gyroscope when the stabilization has been reached.

3.1.2 Accelerometer

Accelerometers can be used to measure external inertial forces acting on the body, which are
directly related to the acceleration of the body itself. There are several typologies of these
sensors: mechanical accelerometers are essentially a spring-mass-damper, which estimate
the force by measuring the displacement. Knowing the values of the mass, damping and
spring coefficients; another example is given by piezoelectric accelerometers where a small
mass is positioned so that it is only supported by the crystal; and as an inertial force acts
on the mass, this induces a movement of the crustal which can be measured by a change of
voltage. As a result, the mass moves relatively to the sensor housing in the opposite direction
with respect to the direction of the movement. To estimate the orientation of the body, as
will be explained in Section 3.2.1, the accelerometers are used to measure the gravity in the
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3.1 Background on Magneto-Inertial Measurement Units: basic features and functioning39

sensor frame SSS [48]. Accelerometer calibration is not necessary for sensor fusion except for
applications demanding very high orientation precision.

A measured accelerometer signal saaam
t can be presented, similarly to gyroscopes, as

saaam
t = saaat +bbba,t + eeea,t (3.4)

saaat =
saaab,t +

sgggt (3.5)

where saaat is the linear acceleration after error compensation. saaab,t is the measured
acceleration of the body after gravity compensation, that in M-IMU systems for attitude
estimation is usually supposed to be negligible compared to the gravity acceleration; that is
true only if linear movements are quasi-static [54]. bbba,t is the bias caused by low-frequency
offset. Actually, the bias represents the displacement form zero on the accelerometer output
when the sensed specific force is null; the magnitude of the bias term is independent of
any motion to which the accelerometer may be subjected and it is commonly expressed as
a fraction of the full scale of the accelerometer itself. Actually, it may be determined by
the drift obtained from the double integrating the accelerometer signal and also from a non
proper gravity compensation. The remaining error eeea,t is assumed to be the zero-mean white
noise. Knowing that, it also is important to perform an accelerometer calibration to remove
this bias.

In the inertial frame III, gravity is a constant vector represented in the vertical direction,
while if expressed in sensor frame SSS, it depends on the orientation of the M-IMU with respect
to gravity direction. That means the inclination can be estimated when the free acceleration
is known (or when the sensor unit is still), or alternatively, the free acceleration can be
calculated from the accelerometer signal, when the orientation is known (and the gravity
removed) [49] [50] [51].

When the accelerometers are used to estimate the attitude of the body, the linear accelera-
tions due to the movements of the body are considered as a disturbance in the accelerometer
signals. Most of the methods for attitude estimation assume the body acceleration being neg-
ligible, thus modeling the accelerometer signal as a noisy measurement of acceleration due to
gravity; other methods compute body acceleration and then remove it from the accelerometer
signal.

Sensors are just transducers and provide an output voltage v that, in the best case scenario,
is proportional to variation of the measurand m. In practical terms: v = km+ vo, where
k and vo respectively represent the linear gain and the offset value. Parameters vo and k
are easily determined when measurand assumes at least two known values. In the case of
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40 Performance evaluation of magneto-inertial motion units and sensor fusion algorithms

accelerometers, the measurand can easily assume values such as 0, +g and -g by simply
aligning the sensor’s axes respectively orthogonally, parallel and anti-parallel with the vertical
direction [55].

Another procedure that can be used to calibrate accelerometers is the same proposed for
magnetometers, and it is detailed in the Section 3.1.4.

3.1.3 Magnetometer

Magnetometers measure the geomagnetic flux (BBB), and in typical M-IMU applications are
used to detect the geomagnetic field (bbb) when no other magnetic source is present. Micro-
machined magnetometers included in a M-IMU are based on the physical principle of
anisotropic magnetoresistance (AMR) and make use of a common material, the permalloy,
to act as magnetometer. The electrical resistance of this specific alloy depends on the angle
between the metallization and the direction of current flow which, in turn, depends on the
external magnetic field’s magnitude and direction. In MEMS magnetometers, multiple arrays
of sensing elements are organized in a Wheatstone bridge configuration.

A measured magnetometer signal smmmm
t is modeled ad

smmmm
t = smmmt +dddm,t +bbbm,t + eeem,t (3.6)

where smmmt is the earth’s magnetic field expressed in sensor frame, dddm,t is due to another
magnetic source (usually treated as disturbance), bbbm,t is the magnetic bias and eeem,t is the
zero-mean noise.

In the inertial frame III (Appendix B) and in a specific point of the globe, the magnetic
field is constant and composed of two main components: an horizontal one b∥ which points
toward the magnetic North and a vertical component b⊥ which depends on the latitude [49]
[56].

Nevertheless, magnetometers also measure a distortion of the magnetic field from the
environment which can influence the acquisition. These disturbances are often divided in
two types and called hard iron and soft iron effects.

Hard iron distortions (i.e. bbbm,t) arise from permanent magnets and magnetized substances
in a fixed location relative to the magnetic sensors. Those disturbances can be compensated
by calibration methods associated with specified rotation of the magnetometers in order to
estimate the magnetic surrounding space [57] [58] [59]. The methodology able to compensate
this type of distortions is described in Section 3.1.4.
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Soft iron distortions arise from the interaction of the earth’s magnetic field with any
magnetically soft material not permanent in the environment, which deviates its magnetic
field lines: in this case compensation is more difficult.

3.1.4 Accelerometer and magnetometer calibration

For what concerns accelerometer and magnetometer calibration, it is possible to compensate
the constant distortions existing in the measured fields. For what it concerns accelerometers,
it is possible to compensate the gravity field, while for the magnetometer it is possible to
avoid hard iron distortions.

Campolo et al. [56], but also Merayo et al. [60], proposed a novel procedure for
calibration, which can be used for both accelerometers and magnetometers. We already
explained in Section 3.1.2 that accelerometer calibration is only necessary for high orientation
precision, hence we are going to calibrate only for magnetic signals with this algorithm.

The following definitions are referred to magnetometer calibrations, but it is possible to
transpose to accelerometers without any change.

In terms of sensor output voltages (vx, vy, vz), considering different offset voltages (vox,
voy, voz) and different linear gains (kx, ky, kz) for each axis, the shape of several acquisitions
of magnetic field bbb described in the Earth frame EEE as a sphere centered in the origin and of
radius

b =
√

b2
∥+b2

⊥ (3.7)

becomes in the sensor frame SSS an off-centered ellipsoid

(
vx − vox

kx

)2

+

(
vy − voy

ky

)2

+

(
vz − voz

kz

)2

= 1 (3.8)

Such an ellipsoid is uniquely identified by the six parameters (vox, voy, voz, bkx, bky,
bkz), the first three identify the center of the ellipsoid, while the remaining three identify the
semi-axis length.

At least six independent equations are needed in order to determine the unknown parame-
ters. Because of the errors (i.e. measurement noise) affecting the sensor read outputs, fitting
methods with a larger number of measurements can be deployed to obtain an estimate of the
six unknown parameters which is less sensitive to measurement noise. As discussed by [61],
the fitting problem can be robustly solved either via linear [56], [62] or non-linear optimiza-
tion [63], [64]. Maximum Likelihood (ML) formulation are also found in the literature [58],
[65].
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To acquire this large number of measurements, the calibration routine of magnetometers
consists in rotating the sensor in order to point it through all possible directions so that we
can operate on a set of data which spans as large as possible the 3D space. While performing
this movement, it is important to keep the device clear of other magnetic objects (e.g. cell
phones, computers and other steel objects). In addition to this, keeping into account all the
possible variations of the magnetic field due to possible artifact, is strongly recommended to
perform the calibration in the whole measurement volume of the targeted application.

An example of accelerometer acquisition and calibration is showed in Figure 3.1, where
the shape on the left is the ellipsoid made by raw data, while the sphere on the right is the
one obtained by data computed after calibration.

Fig. 3.1 The Figure reports the typical outcome of a sensor calibration procedure (specifically
the least-squares method described in [56]): uncalibrated accelerometer measurement (left)
are mapped on an ellipsoid manifold. Through the estimation of the parameters describing
this ellipsoid, measurements can be corrected and calibrated. After the calibration process,
measurements are mapped on a sphere (right).

To calibrate accelerometers it is important to slowly rotate the sensor in order to avoid
additional accelerations due to the movement itself, while for what it may concern magne-
tometers, there are not specifically constraints in the execution.
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3.2 Validation of sensor fusion algorithms for attitude esti-
mation with M-IMUs

Signals gathered from accelerometers, gyroscopes, magnetometers and other sensors need
suitable sensor fusion techniques to derive useful information about the orientation of the
body.

Combining together this three different kind of sensors described above, it is possible to
get the orientation of the rigid body attached to the M-IMU. In fact, integrating gyroscopes it
can be obtained the relative rotation, while accelerometers and magnetometers give infor-
mation of how the sensor is oriented with respect to a fixed frame, that is composed of the
geomagnetic field and gravity vector, described in Appendix B.

In this thesis work we analyzed some filters for sensor fusion which return as output the
orientation of the rigid body whom the sensor is attached to. In this Section we are going to
describe all these filters that we used in order to understand pros and cons of each one. In fact,
our scope is to determine which of those give the best result depending on the application
they are used.

All these filters fuse data from several sensors and compensate for limitations of single
sensors. For instance, gyroscope data can drift and this impacts the orientation estimation;
this issue can be fixed by using the magnetometer and accelerometers to provide absolute
orientation information. Similarly, the magnetometer does not have a very high bandwidth
and suffers from magnetic disturbance, while accelerometers record also linear acceleration
during dynamic phases, but these weaknesses can be compensated with a gyroscope.

IMU 6-axes sensor fusion uses the accelerometer and gyroscope data only. It has lower
computational requirements, but does not provide information about the device absolute
orientation around the yaw axes, in fact they are typically used in applications with planar
movement on the vertical plane, such as gait analysis. This type of sensor fusion is suitable
for fast movements (e.g. for gaming) and when absolute orientation is not necessary.

9-axes sensor fusion uses data from the accelerometer, gyroscope and magnetometer and
provides absolute orientation in 3D space include heading (i.e. the magnetic North direction).

All these filters give back as output the orientation of the rigid body in the space; some of
the possible ways to represent it are describe in Appendix A and will be used in the following
part of this section to describe the sensor fusion algorithms that are used to obtain orientation
data from M-IMU.
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3.2.1 Sensor fusion filters: state of the art

In this section we are going to describe several possible sensor fusion filters used to recon-
struct the orientation from M-IMUs.

The goal of the orientation estimation filter is to provide an estimate of the rotation
between the moving body coordinate frame of the sensor frame SSS and a global fixed frame
(often the inertial reference frame III), described in Appendix B.

The easiest way to obtain the orientation of the object is given by gyroscopes integration,
but it suffers from a bias integration which typically yields to an error increasing indefinitely
over time; to overcome this issue, two main classes of filters are adopted for sensor fusion
algorithms: Kalman filters (KF) and complementary filters (CF).

Gyroscope Integration

Gyroscope integration provides an estimate of the relative rotation from an initial known
reference frame. As the angular velocity measured by the gyroscopes is directly integrated,
this method provides smooth estimates even during rapid movement.

Gyroscope integration can be implemented very efficiently using the difference Equa-
tion 3.9 [66],

q̂t = q̂t−1 +
1
2
[q̂t−1 ⊗ [(0, ω̂)−β ]] ·∆t (3.9)

where q̂ is the estimated orientation, in quaternion form; ∆t is the sample period; ω̂

is the angular velocity vector in radians per second; and the operator ⊗, is the quaternion
multiplication operator (see Equation A.13 in Appendix A.4.1). After each update, the
estimated quaternion should be re-normalized to minimize the effects of rounding errors in
limited precision implementations.

The only one parameter which can be tune in this filter is β that is the gyroscope bias and
it is used to compensate the drift given by integration. This parameter is subtracted to the
acquired value of gyroscopes.

The integration process has two significant disadvantages: firstly, any bias in ω̂ will result
in an increasing cumulative error in the estimated orientation; secondly, the initial orientation
of the device must be known. In addition to this, it gives an imprecise orientation when
movements are in a low frequency bandwidth.

To solve this issue, vector observation is inserted; it provides an estimate of the orientation,
relative to a fixed world frame. By measuring the position of two, or more, vectors (e.g.
gravity and magnetic field) in the body frame BBB of a device and comparing these with the
known position of the vectors in the fixed frame LLL, the rotation between the two frames can be
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calculated. This operation also comes to the aid of getting the orientation in the low frequency
bandwidth. Example of filters which overcomes these limits are the Complementary and
Kalman filters.

Kalman Filter

One of the most widespread sensor fusion technique is the Kalman Filter [67]; it uses
a stochastic approach to account for noise statistics. Kalman filter needs two different
inputs which represents the same kind of information: the first should represent a possible
prediction of the desired output, obtained only using linear calculations; the second value
should represent a more reliable value which may be used to correct the first one.

KFs work in the time domain focusing on the noise corrupting the signal and leads to
optimally when the noise is Gaussian. Young [68] made a comparison between several
typologies of filters and explains how Kalman filter uses the knowledge of the expected
dynamics of a system to predicate future system states given the current state and a set of
control input. KF is formally described by

x⃗k+1 = A⃗xk + B⃗uk + w⃗k (3.10)

where x⃗ is the state vector, A is a state transition matrix relating the previous state to the
next state, u⃗ is a control input vector, B is a matrix relating control inputs to system states
and w⃗ is a process noise vector with covariance matrix Qk representing uncertainty in the
system dynamics.

Then a set of indirect measurements of the state are taken into account

y⃗k = C⃗xk + v⃗k (3.11)

where C is an observation matrix relating system state to observed measurements and v⃗
is a measurement noise vector with covariance matrix Rk.

The KF can be defined as [67]

ˆ⃗xk+1 = (A ˆ⃗xk + B⃗uk)+Kk(⃗yk+1 −C ˆ⃗xk) (3.12)

where Kk is the Kalman gain defined as

Kk = APkCT (CPkCT +Rk)
−1 (3.13)

P⃗k+1 = APkAT +Qk +APkCT R−1
k CPkAT (3.14)
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46 Performance evaluation of magneto-inertial motion units and sensor fusion algorithms

where K is the Kalman gain and P is the estimation error covariance matrix. The KF can
be thought as a predictor-correct filter with the first term in Equation 3.12 is the prediction,
according to the process model, and the second term the correction, based on indirect
measurements of the system state.

An intuitive understanding of the filter operation can be gathered by examining the
Kalman gain equation, i.e. Equation 3.13.

lim
Rk→0

Kk = AC−1 lim
Pk→0

Kk = 0 (3.15)

Using Equation 3.15 into the Equation 3.12 can be seen that as the measurement error
Rk decreases, a greater weight is given to the correction; while as the estimation error Pk

decreases, a greater weight is given to the prediction.
Kalman filters were originally developed for linear systems [50] and then extended to

cope with non-linearities via linearization techniques: the Extended Kalman Filter (EKF) is
the most immediate solution that has been adopted to use the KF approach with nonlinearities
[69].

However, the Kalman filter implementation would impose an unacceptable computational
burden due to so many recursive formulas which need to be calculated to make the mean
square error least [70]. Furthermore, different kinds of Kalman filter are needed for different
state vectors, dynamic models and measurement models, and with the increase of accuracy
of the result, the larger dimension state vectors are needed, which will lead to higher
computation cost [49]. In addition to this, the linear regression iterations, fundamental to
the Kalman process, demand sampling rates which can far exceed the subject bandwidth
(512 Hz - 30 kHz), in case we use the KF to acquire human movements [71]. Nevertheless,
there are some examples of sensor fusion algorithm which use KF with optimal results, e.g.
STMicroelectronics digital filter1 and Xsens Kalman Filter [72].

In our work we use a closed library freely provided by STMicroelectronics2 which uses
a digital filter bawed on the Kalman theory to fuse M-IMU data to get quaternions. In this
filter gyroscope calibration is handled automatically by the library itself by continuously
compensating the zero-rate offset effect.

Although Kalman filters can be extended to nonlinear cases, they fail in capturing the
nonlinear structure of the configuration space of problems involving rotation of a rigid body;

1STMicroelectronics, "Getting sterted with MotionFX sensor fusion library in X-CUBE-MEMS1 expansion
for STM32Cube", UM2220, 2018.

2STMicroelectronics, "Getting sterted with MotionFX sensor fusion library in X-CUBE-MEMS1 expansion
for STM32Cube", UM2220, 2018.
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and most importantly, they can run into instabilities, which can be better analyzed using
complementary filters.

Complementary Filter

Complementary filters exploit the different frequency spectra of gyroscope, accelerometer
and magnetometer signals. Basically, many of the methods that exploit the CF approach
apply the following steps: the accelerometer signal is used to estimate the acceleration due
to gravity in sensor frame SSS; this first estimate, combined with the magnetometer signal,
are then used to obtain a low frequency estimate of the sensor’s attitude and heading; at the
same time an estimate of the dynamic component of the orientation is computed from the
integration of the gyroscope measurements at high frequency. These two estimates are then
fused together by the complementary filter.

In other words, the CF handle both low-pass and high-pass filter simultaneously [73]. The
high-pass filter takes into account the gyroscopes in order to keep the dynamic characteristic
of this sensors, avoiding at the same time the drift obtained after the integration. The low
pass filter relies on data from magnetometer and accelerometers signal which for quasi-static
movements are strongly related to the gravitational and magnetic static fields. The idea of
complementary filter is shown in Figure 3.2a where signals x and y are respectively noisy
measurements in high frequency and low frequency of signal z; z̃ is the estimated output of z
operated by complementary filter. Then, the filter H(s) performs a high pass filter to filter
out the low frequency noise in a x signal. Similarly, the filter [1−H(s)] is a low pass filter to
filter out the high frequency noise in a y signal.

An alternate version of complementary filter is shown in Figure 3.2b, where the input
signal given to the filter H(s) is the difference of the two measured signals, where η1 and η2

is the signal noise,

x− y = (z+η1)− (z+η2) = η1 −η2 (3.16)

hence, the filter H(s) filters out only the noise of the two signals (η1 −η2).
A typical application of complementary filter is to estimate the rotation of a rigid body by

combining measurement of angle θam from accelerometer and magnetometer, and the same
angle θg obtained from the integration of angular velocity ωg, measured from gyroscopes
(Figure 3.3).

Let θ̃ be the estimate of angle θ . The angular velocity measurement ωg is integrated (1
s )

to produce the angle signal θg. The integration attenuates the high frequency in the angle
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Fig. 3.2 a) The standard complementary filter: H(s) is a high pass (or low pass) filter, 1−H(s)
is a low pass (or high pass) filter. b) Alternate version of complementary filter which filter
only the noise.

g

am

g

Fig. 3.3 A typical complementary filter used to get the orientation from an M-IMU. The
low passed signal comes from gyroscopes (ωg), while the high passed signal derives from
accelerometers and magnetometers (θam).

measurement, hence, the θg is filtered by the high pass filter, whereas the noise in the θam is
filtered by the low pass filter.

The transfer function is

θ̃ =
1

1+ τs
θam +

τs
1+ τs

1
s

ωg =
θam + τωg

1+ τs
(3.17)

where the inverse of τ represents the cutoff angular frequency of the filter.
Mahony et al. [51] presents an idea to correct the input of the complementary filter,

described in the special orthogonal group SO(3) (Appendix A.5), by a correction provided
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by proportional controller. To implement the CF it is necessary to map the angular velocity
Ω, measured in the body moving reference frame SSS, into the inertial fixed reference frame III.
To do that, a rotation matrix R between the two reference frames needs to be estimated.

In general a CF described in SO(3) is schematically represented in Figure 3.4, where
the R̂T operation is an inverse operation on SO(3) and is equivalent to a "-1" operation for
a linear complementary filter. The "R̂T R" operation is equivalent to generating the error
existing between the measured rotation matrix and the estimated one. The two operations
Pa(R̃) and (RΩ)× are maps from error space and velocity space into the tangent space of
SO(3). The kinematic model ( ˙̂R = AR̂) (Appendix A.5) is the Lie-group equivalent of a first
order integrator.

Fig. 3.4 Block diagram of the generic Mahony complementary filter in SO(3) [51].

In the following equations is assumed that a reconstructed rotation Ry and a biased
measure of angular velocity Ωy are available

Ry ≈ R, valid for low frequencies (3.18)

Ωy ≈ Ω, for constant bias b (3.19)

In detail, the authors considered two different possibilities:

• Direct Complementary Filter: the estimated attitude Ry is used to map the velocity into
the inertial frame III
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˙̂R = (RyΩy + kpR̂ω)×R̂ (3.20)

A block diagram of this filter design is shown in Figure 3.5. The approach has the
advantage that it does not introduce an additional feedback loop in the filter dynamics;
however, high frequency noise in the reconstructed attitude Ry will enter into the
feed-forward term of the filter.

• Passive Complementary Filter: the filtered attitude R̂ is used in the predictive velocity
term

˙̂R = (R̂Ωy + kpR̂ω)×R̂ (3.21)

A block diagram of this architecture is shown in Figure 3.6. The advantage lies
in avoiding corrupting the predictive angular velocity term with the noise in the
reconstructed pose. However, the approach introduce a secondary feedback loop in the
filter and stability needs to be proved.

Fig. 3.5 Block diagram of the direct Mahony complementary filter in SO(3) [51].

There is no particular theoretical advantage to use either the direct or the passive filter ar-
chitecture in the case where exact measurements are assumed. However, it is straightforward
to see that the passive filter described in Equation 3.21 can be written as

˙̂R = R̂(Ω×+ kpPa(R̃)) (3.22)
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Fig. 3.6 Block diagram of the passive Mahony complementary filter in SO(3) [51].

This formulation suppresses the requirement to represent Ω and ω = kpP(R̃) in the
inertial frame III, making the architecture way easier.

Differently from other cases, SO(3) (Appendix A.5) is a nonlinear space, and that is
where the advantages of a geometric approach can be fully appreciated. Besides nonlinear
dynamics, the definition of estimation error requires caution.

Defining R∗ and θ ∗ as the estimates of R and θ , in the linear case e = θ −θ ∗ is a typical
choice while quantities such as R−R∗ with R,R∗ ∈ SO(3) are no longer guaranteed to belong
to SO(3). In this case the error is defined as E = RT R∗.

Campolo et al. [74] developed a geometric approach for the estimation of R in SO(3); in
Figure 3.7 is shown the relative functional block diagram.

In the filter they designed gyroscopes are not necessary for stability, at least when tracking
a certain subset of trajectories of interest, for which the measurements of 2 vector fields
such as the gravitational and the geomagnetic ones are sufficient [75], but knowledge of the
angular velocity is beneficial for performance, especially in dynamic attitude estimation, i.e.
when higher disturbance is present. Hence, these filters can be still used for stable tracking
when the information from gyroscopes is completely or partially missing, of course with a
worsening of the performance.

From Figure 3.7 can be noticed that the block diagram of the filter, and in particular the
integration block 1

s , is a continuous time filter. Any digital implementation of the filter would
transform the filter in a discrete time one, with time sequence tn and necessarily introduce
numerical errors. The main risk is that, as numerical errors accumulate, quantities such as
R∗

n = R∗(tn) are likely to drift away from SO(3), i.e. the detR∗
n very different from 1 and/or

R∗T
n R∗

n different from the identity matrix I.
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Fig. 3.7 Complementary Filter in SO(3) for dynamic attitude estimation, developed by
Campolo et al. [75].

This can be avoided by considering that data from analog sensors are typically acquired
via DACs (Digital to Analog Converters) with a fixed sampling time, let this sampling time
be ∆T . In the time interval included from a sample and the following one, data from sensors
are assumed constant, hence, is it possible to compute R∗

n+1 via the Rodriguez’s formula [76],
which is guaranteed not to drift away from SO(3) space.

The parameters used to tune this filter are kg and kb that are the gains used to weight the
error between the reconstructed (R∗) and the real (R) attitude, depending on the vectors −→g
and −→m , using the data reliability acquired from the sensors.

Madgwick et al. [71] [66] introduce an orientation estimation algorithm which employs
a quaternion representation to describe the coupled nature of orientations in three dimen-
sions and is not subjected to the problematic singularities associated with an Euler angle
representation.

Similarly to the other filters presented above, they fuse together the orientation obtained
both from the angular rate (i.e. gyroscopes) and vector observation (i.e. accelerometer and
magnetometer). This filter is schematized in Figure 3.8, where can be noticed how the
authors also added two groups of blocs, one to compensate magnetic distortion (Group 1)
and the other to compensate the bias given by the gyroscope drift (Group 2). To estimate
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the orientation from accelerometers and magnetometers this filter exploits a gradient descent
algorithm.

Fig. 3.8 Block diagram representation of the complete orientation filter for a M-IMU imple-
mentation including magnetic distortion (Group 1) and gyroscope drift (Group 2) compensa-
tion, developed by Madgwick et al. [71].

In the end, this algorithm computes an error based on an analytically derived Jacobian
which results in a significant reduction in the computation load relative to a Gauss-Newton
method [77]. In addition to this, it can also be used with a lower sampling rate (50-100 Hz)
with respect to Kalman filters.

In this filter the two gains used to adjust its performance are β (Equation 3.23) and ζ

(Equation 3.24), which represent the gyroscope biases. The first one represents all mean
zero gyroscope measurement errors, expressed as the magnitude of a quaternion derivative.
The other filter gain is ζ which represents the rate of convergence to remove gyroscope
measurement errors which are not mean zero. It is convenient to define β and ζ using the
angular quantities ω̃β and ω̇ζ respectively, where ω̃β represents the estimated mean zero
gyroscope measurement error of each axis and ω̇ζ represents the estimated rate of gyroscope
bias drift in each axis.
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β =

∥∥∥∥1
2

q̂qq⊗
[

0 ω̃β ω̃β ω̃β

]∥∥∥∥=
√

3
4

ω̃β (3.23)

ζ =

√
3
4
˜̇ωζ (3.24)

The last Complementary Filter we studied and used in this work is the one designed and
developed by Tian et al. [49]. They proposed an adaptive-gain orientation filter based on the
basic theory of deterministic approach and frequency-based approach (i.e. complementary
filter).

The deterministic approaches are a variation of the least square minimization problems.
One of the solutions to this problem is the QUEST (QUaternion ESTimator) algorithm, a
widespread filter used in multi-dimension vector optimization, such as the gradient descendent
algorithm (GDA) and the Gauss-Newton algorithm (GNA).

The main framework of the proposed filter includes four major parts: the gyro integration;
the vector observation, based on the GNA; the CF which merges together the two orientation
data; and the compensation schemes. All the groups of blocks which compose the filter are
shown in Figure 3.9, and are shown as dotted blocks.

Fig. 3.9 Main framework for orientation estimation of the method proposed by Tian et al.
[49].

The main contribution of this filter is given by the analytic approach of combining the
GNA with the complementary filter for faster quaternion updates. In addition to this, they

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



3.2 Validation of sensor fusion algorithms for attitude estimation with M-IMUs 55

propose a gyroscope bias drift compensation scheme for one input of the complementary
filter, and an adaptive-gain complementary filter based on the convergence rate from the
GNA and the divergence rate from the gyroscopes.

Analyzing the complete filter schema it is clear that two filter gains, β amd ζ , should be
determined. Since the theorization of this filter comes from the Madgwick filter, described
here above, the two gains can be computed in the same way expressed in Equation 3.23 and
Equation 3.24.

3.2.2 Two-frame sensor calibration

As already said, one purpose of our work is to identify the sensor fusion filter algorithm with
best performance. To do this, a motion tracking system has been used as ground truth, in
order to compare the orientation angle acquired from the sensor and the optical system itself.
In fact, the two systems are connected together through a rigid body, and ideally they should
give back as output the same orientation of the rigid body which they are connected to with
respect to a fixed global reference frame.

To this purpose, it is important to solve the two-frame sensor calibration problem: i.e.
finding rigid-body homogeneous transformation matrices (X , Y ) which best describe the
transformations between the M-IMU (SSS) and motion capture frames (MMM) [78].

To do this, we take into account the idea proposed by Ha et al. [79], which uses a
stochastic global optimization method over existing local quaternion-based methods.

Figure 3.10 shows the general context in which the two-frame sensor calibration problem
arises. On the body there are two moving frames, one referred to the M-IMU and the other to
the stereophotogrammetric system. The transformations between one of these frames and the
respective frame at time zero (i.e. the fixed frames relative to M-IMU and optical tracking
system) are respectively A and B. The two transformations between the two moving frames
and the two fixed frames are respectively X and Y .

The way they define the two-frame sensor calibration problem is: given pairs of homo-
geneous rigid-body transformation matrices (Ai,Bi), i = 1, . . . ,N, where each Ai and Bi is
a 3×3 homogeneous rigid-body transformation matrix belonging to the special Euclidean
group SO(3) of rigid-body rotations, find X ,Y ∈ SO(3) that is a best fit to the N matrix
equalities

AiX = Y Bi ∈ SO(3) i = 1, . . . ,N (3.25)

In its most common form, this problem is framed as a least-squared optimization problem
over X ,Y ∈ SO(3), in which the objective function is given by
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min
X ,Y∈SO(3)

∑
i
∥AiX −Y Bi∥2 (3.26)

where∥·∥ denotes the Frobenius matrix norm, i.e. ∥A∥=
√

tr(AAt) for a matrix A.
Here X and Y are unknown; to determine them, various sensors are used to measure

the displacements Ai,Bi ∈ SO(3) of the frames at various configurations of the two rigid
bodies. In the absence of measurement noise, the loop closure equation AiX = Y Bi must be
satisfied for all measurements i = 1, . . . ,N. If the two rigid bodies (and the locations of the
attached reference frames) are identical, then X =Y , and the loop closure equation simplifies
to AiX = XBi; this is the one-frame sensor calibration problem.

Fig. 3.10 Sensor calibration problems involving (a) one frame and (b) two frame [79].
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For example, relative rotations between cameras ad M-IMUs on a sensor unit along with
their corresponding reference world frames, must satisfy the Equation 3.25 as illustrated in
Figure 3.11, where SO(3) denotes the rotation group.

S0

M0

S0RM0O

I

S

M

S0RS

M0RM

SRM

Fig. 3.11 Example of two-frame sensor calibration [79] referred to our specific application.
The fixed frames used are MMM0 and SSS0 respectively for the motion capture and the M-IMU
reference frame. The matrices A,B acquired for the two-frame sensor problem solution are
respectively MRM0 and SRS0 . The output matrices X ,Y are SRM and S0RM0 .
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This method can also be used to evaluate the goodness of the filters used to obtain the
representation of the orientation. In fact, after computing the matrices X ,Y with the two-
frame sensor calibration described by the Equation 3.26, we can make a further acquisition
to evaluate the error in the orientation data obtained by the M-IMU.

In that second acquisition, we get new matrices which represent the homogeneous rigid-
body transformation of motion capture and M-IMU frames at a certain time t with respect to
initial time t0. These N pairs of transformation matrices (Ci,Di) ∈ SO(3), i = 1, . . . ,N, can
substitute the pairs (Ai,Bi) in Equation 3.25. And with some mathematical operation we
obtain

Z = D−1
i Y−1CiX ∈ SO(3) i = 1, . . . ,N (3.27)

Since (Ai,Bi) are acquired with the same system setup of (Ci,Di), the matrix Z should
theoretically be equal to the identity matrix I; but, due to several errors (e.g. sensor noise
and filtering error), the M-IMU filter’s output may be different between the two acquisition,
so that the Z matrix represent the M-IMU filter error in estimating the orientation. Using
the logarithm operator defined in the special orthogonal group SO(3) (Appendix A.5), it is
possible to compute the angle which represents the rotation error in the filter’s output.

To solve this problem it is very important to notice which is the direction of each
transformation. As a matter of fact, the two-frame sensor calibration taken into account in
this Section is based on the transformations showed in Figure 3.10, but the filters we used
may have different ones. For what it concerns the filters described in Section 3.2.1, only the
filter developed by Campolo et al. [74] gives the transformation matrix which refers to the
rotation from the sensor frame to the fixed frame, all the other filters give the transformation
matrix of the fixed frame with respect to the sensor frame.

From all the M-IMU filters it is possible to get the rotation matrix which represents the
transformation between the sensor frame and the inertial frame IRS. This matrix at starting
time I0RS0 represents the rotation between these two frames at the initial time. Of note, the
inertial frame does not change during time, that means

B = (IRS)
T ·I RS0 =

SRI ·I RS0 =
SRS0 (3.28)

which represents the rotation the sensor frame at a generic time with respect tot the sensor
frame at time zero.

For what concerns the motion tracker, it returns the position of the optical markers in
the space (MMM), with respect to a fixed optical global frame (OOO) defined by the optical tracker
system. From three markers, as explained in Section 3.2.4, it is possible to define a frame
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referred to a moving body and we can represent the rotation of this frame with respect the
global frame ORM. Similarly to the M-IMU orientation, we can obtain the orientation from
the motion tracker as follow

A = (ORM)T ·O0 RM0 =
MRO ·O RM0 =

MRM0 (3.29)

These are the matrices A,B used to solve the two-frame sensor problem, where the matrix
obteined are

X = SRM Y = S0RM0 (3.30)

and utilized to compute the error given by the result of log(Z) in SO(3) (Appendix A.5),
where

Z = D−1
i Y−1CiX = (SRS0)

−1(S0RM0)
−1(MRM0)(

SRM) (3.31)

3.2.3 Generation of synthetic M-IMU data

Before tuning and evaluating the filters with real data, some simulated M-IMU data have
been generated and used to test the proposed algorithms. In this Section we are going to
describe how to generate virtual magneto-inertial data from a given pose of a rigid body, i.e.
a trajectory in the space and a orientation in SO(3).

Given a body frame BBB, identified by three orthogonal directions on a rigid body, monoaxial
sensors are, by construction, assembled on a rigid body in such a way that their sensitive
axes coincides with one of axes defined by BBB.

As shown in Figure 3.12, at a generic time t the M-IMU sensor, colored in green, has a
frame centered in O′′. It is attached to a rigid body, colored in blue, which refers to a moving
frame centered in O′; their movements are jointed and the distance between the two frames
is given at the initial time t0 by the vector −→a =

−−−→
O′O′′ of fixed modulus. The rigid rotation of

the moving and sensor frames, with respect to the fixed frame, are represented by the matrix
R ∈ SO(3). The displacement of the moving frame, with respect to the fixed frame centered
in O, is given by the vector

−−→
OO′; while the displacement of the sensor frame with respect to

the fixed frame is represented by the vector
−−→
OO′′ =

−−→
OO′+R ·−→a .

By construction, a set of three monoaxial gyroscopes provides the components of the
angular velocity, expressed in rad

s , with respect to the body frame BBB, and can be computed
applying the vee operator (Appendix A.5) to

ˆgyr = ω̂ = RT Ṙ (3.32)
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R O’’O’

O

a

Fig. 3.12 Transformation of a sensor fixed on a rigid body. The fixed frame is the one centered
in O, the moving frames are the body one, centered in O′, and the sensor centered in O′′.

For what it concerns the value of accelerometer, the vector
−−→
OO′′ need to be derived two

times in order to obtain the acceleration of the M-IMU sensor from the displacement. In
addition to this, the accelerometers will also measure the gravity vector, that has a constant
modulus equal to −→g and fixed direction with respect to the fixed frame. Hence,

accgravity = RT ·

 0
0
−g

 (3.33)

As already said, the other element which composes the accelerometer signal is accelera-
tion of the body, given by the double derivative of

−−→
OO′′

−−→
OO′′ =

−−→
OO′+R ·−→a (3.34)

˙−−→
OO′′ =

˙−−→
OO′+ Ṙ ·−→a +R · −̇→a =

˙−−→
OO′+R ·ω ·−→a (3.35)
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accbody =
¨−−→

OO′′=
¨−−→

OO′+Ṙ ·ω ·−→a +R ·ω̇ ·−→a +R ·ω ·−̇→a =
¨−−→

OO′+R ·ω2 ·−→a +R ·ω̇ ·−→a (3.36)

where −̇→a = 0 because a is constant during time; and, since we know from Equation 3.32
that ω̂ = RT Ṙ, hence we can write Ṙ = R · ω̂ .

Hence the final value of the simulated accelerometer sensors is

acc =
¨−−→

OO′+R ·ω2 ·−→a +R · ω̇ ·−→a +RT ·

 0
0
−g

 (3.37)

Finally, for what concerns magnetometers, they theoretically measure only the three
components of the Earth’s magnetic field vector −→m . It is not perpendicular with the −→g
vector; it has an inclination, i.e. the angle γ between the vector and the horizontal plane
is variable at any location (e.g. ≂14° at Singapore3). The module M of this vector ranges
between approximately 25 and 65 µT [80]. Hence, the vector which represents the Earth’s
magnetic field can be described with two components, and the simulated value measured by
magnetometers is

mag = RT ·

 M · cos(γ)
0

−M · sin(γ)

 (3.38)

In addition to this, it is also important to emulate the noise of each sensor [81], to do that
a quick estimation of it can be easily taken from sensor’s datasheets.

3.2.4 Filter tuning and performance evaluation of M-IMUs’ sensor fu-
sion algorithms

Most of the commercial IMUs do not explain the detail of the orientation estimation algo-
rithm implemented and it is quite difficult to compare the performance among them. The
embedded sensors specifications on the attitude evaluation are often not clearly stated and
the performance among them are hardly comparable.

The objective of this part of the work is to find a standard and reliable method in SO(3)
to tune and compare filters used to get orientation from M-IMU sensors. As we have already
described in Section 3.2.1, each filter exploits some gain parameters to tune the output of the
filter. Knowing that, it is important to understand how to tune these parameters, but also find

3It is possible to find these values in some government websites, e.g. Natural Resources Canada (http:
//geomag.nrcan.gc.ca/calc/mfcal-en.php).
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a way to compare all the filters, in order to understand which of them is the best solution to
apply.

System Architecture

The hardware used in this experiment is composed of a device embedding a M-IMU, i.e. the
SensorTile by STMicroelectronics, and an optical motion capture system used as ground
truth, i.e. the VZ4000v by Phenix Thechnologies Inc. (PTI).

SensorTile4 is a highly integrated development platform with a broad range of functions
aimed at improving system design cycles and accelerating the delivery of results. This device
perfectly fits with our purpose, in fact it is cheap and immediate to use, with respect to other
industrial M-IMU systems already existing on the market.

The tiny SensorTile core system board (13.5 mm x 13.5 mm) embeds high-accuracy
and very low-power inertial sensors, a barometric pressure sensor and a digital MEMS
top-port microphone. The onboard 80-MHz MCU features ultra low-power support. The
wireless network processor provides BLE connectivity and the integrated balun maximizes
RF performance for minimum size and design effort.

It can be mounted on a compact cradle host, which features a battery charger and SD
card interface for on-field testing and data acquisition. The complete mounted module is
shown in Figure 3.13. In its kit it is also provided by a plastic case to put in and a 100 mAh
LiPO battery.

Fig. 3.13 SensorTile module, soldered on the Cradle board, powered with the battery and
inserted in its case.

4STMicroelectronics, “STEVAL-STLKT01V1: SensorTile development kit,” DB2956, 2017.

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



3.2 Validation of sensor fusion algorithms for attitude estimation with M-IMUs 63

In particular it embeds the following M-IMU sensors:

• LSM6DSM5 is a system-in-package featuring a 3D digital accelerometer and a 3D
digital gyroscope. It can use both SPI and I2C as data transmission protocol. The
LSM6DSM has a full-scale acceleration range of ±2/±4/±8/±16 g and an angular
rate range of ±125/±250/±500/±1000/±2000 d ps.

We decided to use the accelerometer with a full-scale acceleration of ±2 g with
a sensitivity of 0.061 mg/LSB; that means the accelerometer’s noise density is ∼
75 µg/

√
Hz. The gyroscope full-scale has been set to 2000 d ps with a sensitivity of

70 md ps/LSB; its noise density is ∼ 3.8 md ps/
√

Hz. Both sensors have a resolution
of 16 bits per axis.

• LSM303AGR6 is a ultra low-power high-performance system-in-package featuring a
3D digital linear acceleration sensor and a 3D digital magnetic sensor. It has linear
acceleration full scale of ±2/±4/±8/±16 g and a magnetic field dynamic range of
±50 gauss. The LSM303AGR includes an I2C serial bus that supports standard, fast
mode, fast mode plus, and high-speed (100 kHz, 400 kHz, 1 MHz, and 3.4 MHz) and
an SPI serial standard interface. It has a digital resolution of two bytes per axis, i.e. its
magnetic resolution is around 2 mgauss.

The accelerometer of this sensor has not been used, since we decided to use the one
included in the LSM6DSM. For what concerns the magnetometer we used the full
scale ±50 gauss with a sensitivity of ∼ 1.5 mgauss/LSB;it has a RMS noise equal to
∼ 3 mgauss.

All these sensors are sampled at 100 Hz that is also the sampling frequency of the internal
Kalman filter provided by STM.

The SensorTile is programmed to acquire data and transfer them through BLE to a
master board which communicates with the PC using a USB cable. This master board
is composed of two STM boards, the MCU NUCLEO-F4017 and BlueNRG expansion
X-NUCLEO-IDB05A18.

5STMicroelectronics, "iNEMO inertial module: always-on 3D accelerometer and 3D gyroscope", DS11179,
2017.

6STMicroelectronics, "Ultra-compact high-performance eCompass module: ultra-low-power 3D accelerom-
eter and 3D magnetometer", DS10999, 2017.

7STMicroelectronics, “STM32F401xD STM32F401xE: ARM cortex-m4 32B MCU+FPU, 105 DMIPS,
512kB flash/96kB RAM, 11 TIMs, 1 ADC, 11 comm. interfaces,” DS10086, 2017.

8STMicroelectronics, “X-NUCLEO-IDB05A1: Bluetooth low energy expansion board based on the
SPBTLERF module for STM32 nucleo,” DB2592, 2015.
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VZ4000v9, shown in Figure 3.14 is part of a family of 3D motion measurement and
tracking systems called Visualeyez, developed by Phenix Thechnologies Inc. (PTI). It
consists of only a tracking unit with tripod, target control modules, light emitting diode
(LED) targets, and a graphical user interface represented by the software VZSoft10. The
tracking unit detects the lights from a LED target, calculates its 3D position, then transmits
the computed position coordinates to the host computer immediately. This is carried out for
each LED target in sequence, one at a time, at very high speed.

Fig. 3.14 Visualeyez II VZ4000v motion tracker by Phoenix Technologies Inc.

The LED target positions are captured one by one in the user-specified order and sam-
pling interval. After all targets in the user-specified ’target sampling sequence’ have been
captured once (i.e. when capture cycle is complete), the system will command all LED to

9Visualeyez II VZ4000v motion tracker by Phoenix Technologies Inc. (http://www.ptiphoenix.com/
products/trackers/VZ4000v).

10VZSoft Graphical User Interface (http://www.ptiphoenix.com/products/software/VZSoft).
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re-synchronize in case noise caused one or more of them to go out of synchronization with
the others; then, another capture sequence will be repeated.

The three sensing cameras of VZ4000v tracker capture lights from a LED target for
subsequent computation of its coordinates. Each eye has an operating angle of ±45° (for a
total of ±90°)in both pitch and yaw directions. In order to compute the three-dimensional
coordinates of a target, all three eyes must see the target simultaneously when the target is
illuminated.

The motion tracker also provides an End-Of-Frame (EOF) signal pulse that can be brought
out to trigger other equipment to sample additional signals synchronized with this system.

The VZ4000v’s technical specifications are summarized in Table 3.1, and a schema of
the work space is shown in Figure 3.15.

Table 3.1 Technical specification of Visualeyez II VZ4000v motion tracker.

Sensing Volume ∼190 m3 of useful space, over 7.0 m radius

Minimum Sensing Distance 0.5 m

Position Resolution 0.015 mm at 1.2 m distance

Number of Markers 512 Max

Accuracy 0.5∼0.7 mm RMS

Operation Angle 90° (±45°) in both pitch and yaw (107° diagonally)

Sensing Rate ∼4500 rel-time 3D data points per second

Data Latency <0.0005 s at maximum sample rate

Computer Communication Serial RS232/RS422 (922.6 kbps) real-time protocol

Fig. 3.15 VZ4000v sensing volume.
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Two-frames sensor setup

In order to evaluate the goodness of the orientation obtained from M-IMU we need to connect
the SensorTile to the LED target markers of the motion capture system through a rigid body.

To do this, we designed and printed, using the N2 3D printer by Raise 3D11, a housing
which can holds both SensorTile and LEDs. As can be seen in Figure 3.16, there are four
slots for the LEDs, but in the end we need only three of them to draw a frame (MMM) which
motion capture system may refer to.

Fig. 3.16 Assembly of SensorTile and LED targets. (AGGIUNGERE LED AL CAD TODO)

The M-IMU motion capture reference frame (SSS) is the one defined from the embedded ac-
celerometer sensor (Figure 3.17), while the other sensors, i.e. gyroscopes and magnetometers,
are modified so that their frames coincide with the one of accelerometer.

For what it may concern the motion capture frame MMM, as already said we put three LEDs
in the case and we tried to obtain a frame MMM as much like as possible to the one defined by
the SensorTile SSS, even if it is not strictly necessary. Hence, after defining the LEDs L1, L2

11N2 3D printer by Raise 3D (https://www.raise3d.eu/products/raise3d-n2-fff-3d-printer).
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and L3, and the vectors v̂1 and v̂2, as shown in Figure 3.17, we fix the x-axis as −v̂1, the
z-axis as the cross product v̂1 × v̂2 and the y-axis as the cross product v̂1 × ẑ.

X Z

V1

Y

V2

L1

L2
L3X Z

Y

Fig. 3.17 Assembly of SensorTile and LED targets, top view. The three LEDs we put in
the case are represented as L1, L2 and L3. The vectors used to compute the three axes of
the motion tracking frame MMM are −→v 1 and −→v 1. The three-dimensional frame represented
in blue is the one referred to the M-IMU frame SSS. The green reference frame represents
three-dimensional frame referred to the optical motion tracking system MMM.

The rotation matrix which represents the orientation of the motion tracking sensors with
respect to the global frame defined by the VZ4000v OOO is given by

ORM = [x̂ ŷ ẑ] (3.39)

Usually a preprocessing stage is needed in order to synchronize together each sensor and
the ground truth utilized. To do that, we synchronize together SensorTile and the motion
capture system, sending a trigger from the VZ4000v to the M-IMU master board to start the
acquisition of the SensorTile. After some trials, we measure that the latency between the
beginning of the acquisition of the motion tracker and the sensor tile is 15.3 ± 0.9 ms of
mean and standard error.

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



68 Performance evaluation of magneto-inertial motion units and sensor fusion algorithms

Protocol

As we have already said, the objective of this experiment is to understand how to tune the
different filters and evaluate the performance of each of them in SO(3).

The first step is to evaluate filters with emulated M-IMU data, generated as explained in
Section 3.2.3. We add a white gaussian noise to those data with a density equal to 75 µg/

√
Hz

for accelerometer, 3.8 md ps/
√

Hz for gyroscopes, 3 µT RMS for magnetometer and we
generate sensor data from a specific trajectory. This trajectory is composed of ten monoaxial
movements, with an amplitude of the rotation equal to π/5 and the axis of rotation is different
per each movement; the frequency used to virtually sample these sensors is 100 Hz. Each
rotation follows a minimum jerk trajectory in a time of 0.5 s, then it stops for 2 s; resulting
simulated trajectories are represented in Figure 3.18.
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Fig. 3.18 Trajectory used to compute M-IMU data from a known rotation. The vertical black
bars represents the points used as input data to resolve the two-frame problem algorithm.

So we firstly use this trajectory to tune each filter, i.e. find the value of the gains which
minimizes the error. To do that, we defined for each sensor a set of parameter to test. After
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several trials, we found the range of gain variation, where filter’s error has usually the
minimum value, is between 0 and 0,3. Kalman filter, Section 3.2.1, has not been analyzed
since we used a closed library developed by STM, so it is not possible to tune it; in particular,
this filter automatically handles the gyroscope calibration by continuously compensating the
zero-rate offset effect.

We analyzed all these data using MATLAB and, in particular, since we have a very high
computational burden we use the parallel computing toolbox, which exploits all the cores of
the PC.

Given all the data we acquired, we firstly fit the data in order to get a function of one
or two degrees of freedom, depending on the number of parameters, secondly we do an
unconstrained optimization with the particle swarm solver [82] to obtain the global minimum
of the function.

After finding the best parameter for each of this sensors we started the performance
evaluation of each filter. In the case of synthetic data, we do not need to solve the two-frame
sensor problem, because the ground truth is a trajectory defined by us. So we can directly
measure how much is the error per each sensor, as already explained in Section 3.2.4.

After doing this evaluation with synthetic data, we do the same analysis using data
acquired with the SensorTile and the optical motion tracker system. For the assessment with
real data, we first perform a calibration of gyroscopes and magnetometers, as explained in
Sections 3.1.1 and 3.1.3. As already said, we executed two acquisitions in order to generate
two separate dataset: the first one is needed to calibrate the different system reference frames
(i.e. to solve the two-frame problem); the second one to evaluate the accuracy of the different
filters.

For the calibration dataset, we only use static poses in order to let the filters converge and
reduce the error as much as possible. To do that, we keep the M-IMU fixed for a short period
of time (around 20 s) after each movement, and acquire data exclusively in that static poses.
On the other side, for evaluation dataset, we made different movements and acquire data
during the whole procedure. In this experiment, with real data, we can also add the results
relative to proprietary Kalman filter embedded in the MCU of the SensorTile.

Results

First of all, in Figure 3.19 are shown the error angles variations with respect to the filters’ gain
variation for each filter. Some of them have only one parameter to tune, such as Madgwick
Figure 3.19d and the gyroscope integration Figure 3.19a, while the others have two gains to
tune. The values measured in each graph is the error angle expressed in rad, computed as
explained in Section 3.2.2, relatively to synthetic data.
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Fig. 3.19 Tuning of orientation filters using synthetic M-IMU data. The value measured
is the error angle (Equation A.19), expressed in rad, represents the displacement between
the M-IMU sensor fusion filter algorithm and the ground truth. Figure 3.19a represents the
parameters of gyroscope integration filter, Figure 3.19b is Mahony filter [51], Figure 3.19c is
Campolo filter [74], Figure 3.19d is Madgwick filter [66] and Figure 3.19e is Tian [49].
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Tuning the filters we obtain the optimal gains which give back the lowest error angle
possible. The gains obtained and used to compute the error angle are shown in Table 3.2.

Table 3.2 Error angle represented by mean ± standard deviation and maximum peak value,
computed with optimal gain parameters.

Filter Gain value error angle Max peak

Gyro integration [66] β = 0 0.0039 ± 0.0076 rad 0.0243 rad

Madgwick [66] β = 0 0.0040 ± 0.0075 rad 0.0243 rad

Mahony [51] Kp = 0
Ki = 0 0.0040 ± 0.0075 rad 0.0243 rad

Campolo [74] Kg = 0
Kb = 0 0.0118 ± 0.0227 rad 0.0727 rad

Tian [49] β = 0.0082
ψ = 0 0.0080 ± 0.0066 rad 0.0308 rad

In Figure 3.20 are shown the values of the error angles obtained using the gain parameters
computed previously. In particular, its mean value with the standard deviation, and the
maximum peak value are represented in Table 3.2.

Then, we analyzed data which come from a real acquisition with the SensorTile and the
motion tracker.

The trajectory acquired from the calibration dataset, the one used to solve the two-frame
sensor problem, is shown in Figure 3.21. First of all, we tune the filters on this trajectory
(i.e. the calibration dataset), in Figure 3.22 it is possible to see the error angle relative to
each filter, in relation to the variation of the gain parameters; secondly, we compute the X ,Y
matrices using the evaluation dataset (Section 3.2.2).

During the acquisition with the evaluation dataset, the one used to evaluate filter perfor-
mance, the trajectory is mainly composed of monoaxial movements, shown in Figure 3.23.
On this data we firstly tune the filters used (Figure 3.24), then we evaluated the error of the
filter, as explained in Section 3.2.2. The optimal gains are reported in Table 3.4 together
with the error angle, represented in mean and standard deviation, and the maximum peak
reached by the error itself. In addition to this, the error path per each filter is also shown in
Figure 3.26.

Another important parameter to be analyzed is the computational time spent by each filter
to get orientation from M-IMU data. These results are shown in Table 3.5. Of note, it is not
possible to compare the computational time needed by the Kalman filter in the MCU with
the filters algorithms used on MATLAB.
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Fig. 3.20 Error angle computed per each filter on synthetic data, using the optimal gain
parameters.

Discussion and conclusions

The aim of this work is to propose a standard method for analyzing, tuning and evaluating
performance of several sensor fusion filters. Since other works in the literature have already
analyzed the performance of different sensor fusion filters with M-IMUs [54], we decided to
propose a new methodology in SO(3) based also on a preprocessing of data which aims to
tune filter parameters in order to obtain the best performance for each specific application.
Since it is not possible to do a detailed and complete analysis, taking into account all the
possible filters present in the literature with their relative parameters, we decided to do this
methodological work in order to measure the quality of the filter.

For what concerns the experiment based on the synthetic data, it can be easily noticed
how all the gains are close to zero. That is related to the low noise value; in fact, the gains can
be used either to compensate the gyroscope drift or as multiplicative factors of accelerations
and magnetic field errors; in that case, since the gyroscope value is affordable due to the
low value of the noise, it is not needed to compensate and all the filters mainly use zero

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



3.2 Validation of sensor fusion algorithms for attitude estimation with M-IMUs 73

0 20 40 60 80 100

time [s]

-3

-2

-1

0

1

2

3

an
g

le
 [

ra
d

]

Trajectory

Roll
Pitch
Yaw

Fig. 3.21 Trajectory acquired from the acquisition used to solve the two-frame sensor
problem.

value for compensation gains. For example, in Campolo filter we found how, augmenting the
gyroscope noise, also the gains increase in order to weight more the signals coming from
accelerometer and magnetometer.

The output error is very low, around 0.005 rad by mean, that is an important result which
confirms how the tuning of gain parameters can drive through better performance.

In addition to this, can also be noticed how Tian filter has a drift, due to gyroscopes,
differently from other filters. This effect suggests that there is a scope of improvement in the
tuning of the filters’ parameters.

In the end, in this trial, where we used synthetic data, the filters which give the best
results are the gyroscope integration, the Madgwick and the Mahony filters. That is due to
the low value of gyroscope noise, that is clearly shown by the low error in the gyroscope
integration filter, which does not use an accelerometer and magnetometer compensation at
all.
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Fig. 3.22 Tuning of orientation filters using real M-IMU data. The value measured is the error
angle (Equation A.19), expressed in rad, represents the displacement between the M-IMU
sensor fusion filter algorithm and the ground truth. Figure 3.22a represents the gyroscope
integration filter, Figure 3.22b is Mahony filter [51], Figure 3.22c is Campolo filter [74],
Figure 3.22d is Madgwick filter [66] and Figure 3.22e is Tian [49].
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Fig. 3.23 Trajectory acquired from the acquisition used to evaluate filter performance.

For what it may concern the experiment which analyzes real data, we firstly tuned the
data acquired to solve the two-frame sensor problem; secondly we performed the calibration
in order to get X ,Y matrices; finally we acquired another set of data, tuned the filters, and
computed the errors.

The tuning of the parameters from real data (Figure 3.22 and Figure 3.24) yields due to
gain values different from synthetic data, due to the variability of a real data with respect to
the synthetic one. Filters with real data need more to compensate the drift due to gyroscope
integration, using accelerometer and magnetometer data.

For what concerns the calibration error, shown in Figure 3.25, it is shown how all the
complementary filters have a drift which witnesses for possible improvement in the tuning
process.

The output error is low and guarantees good performance in each filter, as shown in
Figure 3.26, that is lower than or around 0.1 rad. In particular the best result is given by
Kalman filter developed by STMicroelectronics, where the error is 0.08±0.04rad expressed
as mean and standard, with peaks of 0.23 rad. Of note, between the complementary filters
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Fig. 3.24 Tuning of orientation filters using real M-IMU data. The value measured is the error
angle (Equation A.19), expressed in rad, represents the displacement between the M-IMU
sensor fusion filter algorithm and the ground truth. Figure 3.24a represents the gyroscope
integration filter, Figure 3.24b is Mahony filter [51], Figure 3.24c is Campolo filter [74],
Figure 3.24d is Madgwick filter [66] and Figure 3.24e is Tian [49].
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Table 3.3 Error angle represented by mean ± standard deviation and maximum peak value,
computed with optimal gain parameters. Data acquired to solve two-frame calibration
problem.

Filter Gain value error angle Max peak

Kalman Filter12 N.A. 0.0446 ± 0.0336 rad 0.4513 rad

Gyro integration [66] β = 0.0000 0.1296 ± 0.0333 rad 0.4670 rad

Madgwick [66] β = 0.0000 0.13076 ± 0.0341 rad 0.4732 rad

Mahony [51] Kp = 1.5000
Ki = 0.1500 0.1164 ± 0.0295 rad 0.4289 rad

Campolo [74] Kg = 0.3000
Kb = 0.0000 0.1279 ± 0.0517 rad 0.4667 rad

Tian [49] β = 0.0400
ψ = 0.2076 0.1515 ± 0.0375 rad 0.4941 rad

Table 3.4 Error angle represented by mean ± standard deviation and maximum peak value,
computed with optimal gain parameters. Data acquired to evaluate filter’s performance.

Filter Gain value error angle Max peak

Kalman Filter13 N.A. 0.0839 ± 0.04213 rad 0.2337 rad

Gyro integration [66] β = 0.0025 0.1162 ± 0.0732 rad 0.3182 rad

Madgwick [66] β = 0.1891 0.1243 ± 0.0648 rad 0.3219 rad

Mahony [51] Kp = 0.9000
Ki = 0.9000 0.1024 ± 0.0554 rad 0.3130 rad

Campolo [74] Kg = 0.3000
Kb = 0.0000 0.0939 ± 0.0453 rad 0.2470 rad

Tian [49] β = 0.0500
ψ = 0.2790 0.1233 ± 0.0704 rad 0.3131 rad

the one developed by Campolo results to have the best performance, 0.09±0.04rad as error
mean and standard deviation, and maximum peak values of equal to 0.25rad.

Using these algorithms to get orientation filter, is also important to evaluate the computa-
tional time, shown in Table 3.5; this measure has been done in MATLAB, where the filters
have been implemented. In this case the Campolo filter, the one with best performance also
need the highest computational time, which has implications also in power consumption.
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Fig. 3.25 Error angle computed per each filter on real data, using the optimal gain parameters
for two-frame calibration error.

Another interesting improvement that may be done, in order to have a more complete
analysis of the filters, is to modify the trajectory used to reduce the static part of the movement
and understand the performance in relation to the speed and frequency in the motion. In fact,
we tuned the sensor with low speeds and low frequency, that may improve the behaviour of
the filter with a low dynamic behaviour, but decrease its performance in the dynamic. In fact,
as can be seen in Figure 3.20, the error is close to zero in the static part of the motion, while
the peaks are very higher during the movement.

As further improvement, it could be useful to create a database or also define some
standard movement for filter tuning and assessment. In this way will be easier to test the
performance of new filters and compare them with those already analyzed.

As a matter of fact, we suppose that can not probably exist a filter with a better behaviour
regardless of the application. Hence, the idea is to design a standard method of analysis and
a database of defined motions in order to evaluate the filter we want to use, in accordance
with the application in which it will be implied on.
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Fig. 3.26 Error angle computed per each filter on real data, with the optimal gain parameters
used for filters performance evaluation.

Table 3.5 Computational time measured per each filter, expressed in µs

Filter Computational time

Gyro integration [66] 28 µs

Madgwick [66] 66 µs

Mahony [51] 61 µs

Campolo [74] 109 µs

Tian [49] 109 µs
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Chapter 4

Use of M-IMUs for the assessment in
neurological diseases
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The final part of this work aims to use M-IMU to assess neurological diseases with motor
disorders, such as Parkinson’s disease (PD), from an objective point of view. It is crucial to
evaluate and quantitatively describe patient’s motor symptoms without the necessity of the
physician. First, this chapter briefly describe PD, highlighting basic information such as the
causes, the symptoms and the therapies that are used with the patients; second, we try to
assess patient’s motor symptoms, e.g. bradykinesia, with M-IMUs on different task defined
in the UPDRS.
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4.1 Parkinson’s Disease: basic concepts

Parkinson’s disease is a neurodegenerative brain disorder, with a slow but progressive
evolution, caused by the depletion of the dopaminergic signal, due to the death of the 70%
of the nerve cells sited in a specific part of the brain, called Substantia Nigra. It mainly
affects the motor system and produces severe symptoms, including akinesia, rigidity, postural
disorders, tremor, bradykinesia and gait impairment [83], but also loss of equilibrium which
comports the risk of falling [84].

The prevalence of PD in industrialized countries is estimated at 0.3% of the entire
population, with the 1% in people over 60 years old [85]. In Europe its prevalence is
between 0.5− 3.5% [86] for people over 65 years old and it is present in Italy with the
highest incidence rate, that is equivalent to 250-700 cases per year each 100.000 people
older than 65 years. Parkinson’s disease is twice as common in men than in women in most
populations, probably due to a protective effect of female sex hormones, a sex-associated
genetic mechanism or sex-specific differences in exposure to environmental risk factor [87]
[88].

With the disease progression, daily patients motor status starts to fluctuate between ON
and OFF, i.e. to a status when the motor symptoms are adequately controlled by therapy, to a
status when motor impairments are more evident. In order to control these motor symptoms
changes, with a personalized and fine-tuned therapy, a precise clinical rating is needed, thus
requiring periodic clinical visit.

The most common pharmacological therapy for PD consists in the administration of
levodopa, which can reduce symptoms and restore motor abilities in patients [89].

The cardinal motor symptoms of PD patients are bradykinesia, resting tremor [90] [91]
and rigidity [5] [92] [93] and are used as core feature for the diagnosis of parkinsonism.
In particular, is fundamental the presence of bradykinesia as a slowness of movement and
decrements in amplitude or speed (or progressive hesitations or halts) as movements are
continued; in addition to this this first criteria needs to exist in combination with at least
one of rigidity and/or rest tremor [6]. Bradykinesia is considered the most important and
representative between the motor symptoms, and it is defined as slowness in the initiation of
voluntary movement with progressive reduction in speed and amplitude of repetitive actions
[93]. Following the definition of bradykinesia, the fatigability of speed and amplitude, is
a core feature; however, this is not a simple feature to catch with clinical evaluation, but it
can be detected through an instrumented quantitative evaluation. The most studied cardinal
symptom, by means of sensors, is the tremor, and in the last years there are several studies that
have explored the characteristics of PD tremor [94] [4] in order to allow differential diagnosis
with other tremor syndromes [90], or simply to monitor fluctuations of this symptoms. Finally,
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rigidity is the most challenging motor symptom, to measure in an objective way, and only
few studies have explored the accuracy of instrumental evaluation of rigidity with different
devices [4]. In addition to the cardinal motor features, a majority of patients with PD also
have non-motor symptoms; those symptoms and their progression are shown in Figure 4.1.

Fig. 4.1 Clinical symptoms associated with Parkinson’s disease progression. Diagnosis of
Parkinson disease occurs with the onset of motor symptoms (early-stage Parkinson disease)
typically in the late fifties, but can be preceded by a prodromal phase of years or even
decades, which is characterized by specific non-motor symptoms, such as REM, i.e. rapid eye
movement (prodromal PD). Non-motor symptoms become increasingly prevalent and obvious
over the course of the illness, but can be present to a variable degree throughout all stages of
PD. Progressive disability from Parkinson’s disease is driven by the combination of these
non-motor problems with increasing severity of cardinal motor features, the development of
L-dopa-induced motor complications (mid-stage PD) and the evolution of poorly L-dopa-
responsive motor disabilities, such as postural instability, gait problems (including freezing),
dysphagia (late-stage Parkinson disease) [6].

PD diagnosis, staging, and clinical grading, to date, rely on clinical observation by
an expert neurologist. Moreover, clinical diaries can help to evaluate the global motor
performance; however, they are affected by poor objectiveness [95], and low compliance.
The most objective and standardized clinical evaluation available, is based on semiquantitative
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scoring systems, by means of clinical rating scale like the Unified Parkinson’s Disease Rating
Scale (UPDRS) or also the more recent MDS-UPDRS sponsored by the Movement Disorder
Society [96]. The MDS-UPDRS retains the UPDRS structure of four parts with a total
summed score, but the parts have been modified to provide a section that integrates non-
motor elements of PD: I, non-motor Experiences of Daily Living; II, Motor Experiences of
Daily Living; III, Motor Examination; and IV, Motor Complications. All items have five
response options with uniform anchors of 0 = normal, 1 = slight, 2 = mild, 3 = moderate, and
4 = severe [96]. There is also another clinical scale used to classify PD gravity and describes
the different stages of disease, the Hoenn and Yahr scale [97].

4.2 Assessment of Parkinson’s disease by means of a wear-
able M-IMU network

To date, using current diagnostic criteria [93], even for a neurologist expert of movement
disorders, the error rate in the diagnostic accuracy can be estimated around 20% [98]. The
most relevant problems related to PD clinical evaluation are that: it is a time-consuming
activity; it is not objective; to make it reliable, an expert of movement disorders is needed; it
is not remotely administrable. All these issues lead to high direct and indirect cost for the
health system and for the patients.

Medical applications, for example, paid a growing attention to human motion caption
systems to obtain more efficient rehabilitation therapies [99] [100], and to build monitoring
networks for patients and elderly people in the hospitals and in their own homes [101].

In the last decades, several studies showed that wearable sensors, used for assessing
Parkinson’s Disease motor symptoms and recording their fluctuations, could provide a
quantitative and reliable tool for patient’s motor performance monitoring. In particular, the
spread of low cost and non-invasive technologies for motion analysis, such as magneto-inertial
wearable devices, brings to new methods for the assessment of pathologies characterized by
motor dysfunction. Modern technologies like wearable sensors can provide a non-invasive,
accurate, rapid, remote, low cost, operator independent, objective, and scalable system. The
idea to monitor pathological motion deficits using wearable sensors dates back to 1950s
[102], and its application for PD patients started in 1990s [103]. Although their clinical use
is not so common yet, wearable M-IMUs are largely used with the purpose of measuring
movement and physiological signals [104] [105] [106]. However, further work is needed to
validate these systems and bring them to the everyday clinical practice.
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To ensure proper monitoring of PD motor symptoms, a wearable system must be able to
discriminate healthy subjects (HS) from PD patients, as well as to differentiate the ON from
the OFF motor status in PD patients.

In this part of the work we try to do a step forward in the assessment of PD’s motor
symptoms using M-IMUs, in particular we investigate rigidity and bradykinesia in two
different configurations:

• the first configuration aims to measure bradykinesia and rigidity by mean of M-IMUs
applied on the most affected upper arm. We evaluate three tasks of the MDS-UPDRS
part III, i.e. rigidity (task 22), finger tapping (task 23) and prono-supination movements
of the hands (task 25).

• the second analysis mainly consists in a feature extraction specifically from the sit-
to-stand task of MDS-UPDRS part III (task 27). In this configuration, M-IMUs are
distributed on the whole body, acquiring data from all the four limbs, the trunk and the
waist.

4.2.1 Upper limb monitoring for quantitative analysis of bradykinesia
and rigidity in Parkinson’s disease

M-IMUs have already been used for the assessment of PD through the measurement of
motor data from the upper limb [107] [108]. These authors suggest that accelerometers and
gyroscopes are suitable for monitoring motor symptoms in PD.

An example of a portable device is an instrumented glove used to quantify motor symp-
toms, during deep-brain stimulation surgery [105]; they used only a 6-axes IMU placed on the
middle finger for tremors and bradykinesia assessment. The authors chose five UPDRS motor
tasks, but that involve only the upper arm (i.e. rest tremor, postural tremor, finger-to-nose,
repeated hand movements and rigidity). Experimental results showed that their system is
reliable for tremor amplitude determination and movement angles measurement only. Such a
similar device has also been proposed by [91].

A network of uniaxial accelerometers, four located on the upper limbs and four on the
lower limbs has been proposed by [107]. Data were acquired during the execution of motor
tasks that belong to the MDS-UPDRS scale, including finger-to-nose, finger tapping, repeated
hand movements, heel tapping, sitting and alternating hand movements. The results indicated
that it is possible to reliably estimate clinical scores on the basis of four feature that are:
the root mean square value of accelerometers, the data range value of accelerometers, the
dominant frequency and the ratio of energy of the dominant frequency component to the total
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86 Use of M-IMUs for the assessment in neurological diseases

energy. Although differences were observed, several motor tasks performed equally well.
That suggests the proposed accelerometer features capture aspects of the movement patterns
that are not specific for a given motor task; it further suggests that the proposed analyses
could be extended to activities of daily living.

Similarly, Heldman et al. [106] used two 6-axes motion sensors positioned on the index
finger and thumb, but they analyzed only the gyroscope signals. They tested PD patients
in OFF and ON states, while performing only bradykinesia tasks, i.e. finger tapping, hand
grasping and prono-supination of arms. Looking at the comparison with kinematic measures,
they found that the log of root mean square of the angular velocity better correlates with
the MDS-UPDRS scores concerning speed; the root mean square of the excursion angle
correlates closely with scores concerning amplitude; the coefficient of variation correlates
closely with rhythm scores. Their results suggest that motion sensors can objectively measure
speed, amplitude, and rhythm and they are highly correlated with clinician scores.

The good correlation with the clinical score reported these studies encourages the use
of a wide number of parameters. Interactive motor tasks, recorded using M-IMUs, worn
by subjects, allowed to deeply analyze the kinematic and dynamic characteristics of goal-
directed movements of upper limb, in addition to the extraction of quantitative and useful
indices for the motor symptoms evaluation.

Therefore, one objective of this work is to go one step forward in the capability of
quantitatively describe PD motor symptoms. In particular, our primary aim is to find few
simple parameters to monitor bradykinesia and rigidity, as it has already and largely been done
for tremor. We also aim at pointing out the advantages and limitations of such technologies
with respect to the validated clinical scales.

Moreover, in literature, among studies focused on the use of wearable sensors in PD,
there is a lot of variability about the body distribution of sensors and about the specific
indexes used to sense cardinal motor symptoms.

In conclusion, the aims of the present study are: identify the most sensible place where
to locate sensors to monitor PD bradykinesia and rigidity; identify objective indexes able
to discriminate PD patients from HS, and able to differentiate PD patients in ON from OFF
motor status.

Subjects

Fourteen PD patients (Table 4.1) (8 males, age: 67 ± 6 years) were enrolled in the study to
evaluate bradykinesia and rigidity. Inclusion criteria for PD patient group were: a possible-
probable diagnosis of PD according to UK PD Brain Bank criteria [93] and an Hoen and
Yahr stage [97] between 1 and 2.5. Exclusion criteria for PD patient was Hoen and Yahr
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stage higher than 2.5; for both PD and HS group, another exclusion criteria was limitation of
the physiological joints range of motion caused by other pathologies.

Thirteen age-matched healthy subjects composed the control group (seven males, age: 69
± 19 years).

The research has been carried out in accordance with the Declaration of Helsinki. all
patients and control subjects gave informed consent and the study was approved by local
research ethics committee.

For PD group patients, kinematic analysis has been performed for the most affected arm.
For the HS group, the kinematic analysis has been done on dominant arm, identified with the
Oldfield test [109].

Parkinson’s disease subjects were analyzed twice: after 12 h withdrawal of any medica-
tions (OFF motor condition) and after 1 h from administration of 150% of patient’s l-dopa
morning dose (ON motor condition).

Motor tasks

Subjects were sitting in a chair and were asked to perform three motor tasks from the UPDRS
part III.

Rigidity (UPDRS task 22) has been tested, without an activation maneuver, on slow
passive movement of elbow joints, with the patient in a relaxed position. During this task,
the examiner, holding the arm against gravity, moves the forearm 10 times for each side.

Bradykinesia has been evaluated performing two tasks: finger tapping (UPDRS task 23)
and prono-supination movement of the hands (UPDRS task 25). During the finger-tapping
task, subjects were asked to tap the index finger on the thumb 15 times as quickly and as big
as possible; each side has been evaluated separately. During the prono-supination task, it has
been asked to subjects to extend the arm out in front of them with the palms down; then to
turn the palm up and down alternately 15 times as fast and as fully as possible.

A movement disorders expert rated the three tasks according to the UPDRS part II scoring
scale.

Data acquisition

In order to identify the most informative parameters to describe PD motor symptoms, motor
tasks have been recorded using five commercial magneto-inertial measurement units called
Opal, by APDM Inc. (Portland, OR, USA). This sensor provides the value of acceleration (±
16g), angular velocity (± 2000 deg/s), the intensity of the magnetic field (± 8 Gauss) and the
quaternions, computed via the manufacturer’s Kalman filter. Its sampling frequency is 128
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Table 4.1 Parkinson’s disease patients characteristics. The columns represent an ID unique
per each patient; the time since the disease has been started, measured in years; the gender,
where M stands for male and F for female; the dominant hand, defined with the Oldfield
test [109]; the side most affected by PD; the LEDD, i.e. the levodopa equivalent daily dose,
measured in mg; and the UPDRS part III score, measured in OFF condition. NA stands for
not applicable.

ID Duration Gender Dominant hand PD side LEDD UPDRS (OFF)

S1 10 M Right Right 750 45

S2 5 M Right Left 750 29

S3 9 F Right Left 950 29

S4 7 F Right Right 660 36

S5 21 F Right Left 660 29

S6 10 M Right Right 925 65

S7 4 F Right Left 550 23

S8 NA M Left Left NA 49

S9 7 M Right Right 700 20

S10 2 F Right Right 300 25

S11 7 F Right Left 1.150 29

S12 6 M Right Left 600 25

S13 10 M Right Left 700 27

S14 7 M Right Right 670 43

Hz and the A/D has a 16-bit resolution. These specific sensors have already been validated in
detail by Ricci et al. in [3].

All the acquisitions were recorder with a camera, the GoPro Hero4 Silver (GoPro, San
Mateo, CA, USA). The GoPro camera uses a 800x480 video format with a frame rate of 120
fps.

The data were acquired with MotionStudio software by APDM Inc. (Portland, OR) which
sends a trigger to the camera in order to synchronize it with the Opal sensors.

The experiments have been performed positioning sensors on the following anatomical
landmark: second phalanx of the index finger (with the sensor X-axis in line with the
same bone), distal phalanx of thumb (with the sensor X-axis in line with the same bone),
metacarpus (fixed at medium point of third metacarpal bone, on the dorsal metacarpus, with
the sensor X-axis in line with the third metacarpal bone), wrist (fixed at the medium point
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between radius and ulna bones, on the most distal dorsal part of radius and ulna bones, with
the sensor X-axis in line with the radius bone), and arm (fixed at medium point between the
grater tubercle of the homerus and its lateral epicondyle, with the sensor X-axis in line with
the homerus). The setup described here above is showed in Figure 4.2.

Fig. 4.2 The figure shows position of each M-IMU on the upper limb and their orientation.
Adapted from [92].

Data analysis

According to literature [105] [107], raw data are first high-pass filtered with a cut-off
frequency of 1 Hz, to remove the effect of gross changes in the orientation of body segments.
Moreover, the frequency component of interest for estimating each symptom can be isolated;
specifically for tremor, a bandpass filter with bandwidth 4-8 Hz has been used, while for
bradykinesia data are band passed between 1-4 Hz.

In the task used to assess bradykinesia severity, we defined a movement cycle as the set of
submovements needed to complete the task for one repetition. For instance, a finger-tapping
cycle consists of starting with the hand opened, closing, and then opening the fingers again to
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the initial position for one time. We estimated the movement time as the interval between the
beginning and end of cycles, identified from the speed profile with a threshold of 10% of the
peak value of each cycle. In addition to this, we calculate the total time needed to complete
the full task as

tTOT = tb − ta (4.1)

In summary, total time (tTOT ) is the difference between the end time (tb) of the last cycle
and the beginning of the first cycle (ta).

From gyroscope signals in the time domain, we estimated the peak-to-peak values of
angular velocity for all three axes. In order to capture the progressive reduction in speed
amplitude, we perform a first-order regression between these peak-to-peak values and the
progressive number of cycles. We defined the fatigability index as the slope of the fitted
linear equation computed from the peak-to-peak values of angular velocities extracted from
the gyroscope signals.

Of note, for what it concerns the fatigability index, we consider for each task only the
gyroscope axis most relevant for that specific task.

As regards the frequency domain, we extract the total power (the integral of the power
spectrum) from the power spectrum density (PSD) of angular velocity as suggested by Kim
et al. [108]. In fact, one of the results of Fourier analysis is the Parseval’s theorem, which
states that the area under the energy spectral density curve is equal to the area under the
square of the magnitude of the signal, i.e. the total energy. A similar result holds for power;
the total power is expected to represent the overall intensity of movement.

We also introduce a smoothness parameter as a bradykinsesia descriptor. According to
previous studies [110] [111], we measure smoothness using the spectral arch length (SAL) of
movement speed profile as an appropriate index of movement fluidity, as shown in Figure 4.3.
We decide to look at this type of smoothness measure because Balasubramanian et al. [110]
showed that the SAL can account for the change in the number of submovements and the
inter-submovement interval, which are movement features influenced by bradykinesia. As
explained by the authors [110] [111], to compute smoothness it has not been necessary
to filter data because of the inherent low-pass filtering action performed. Specifically, we
compute the SAL within the frequency range 0-4 Hz of the speed profile in each movement
cycle and in each single movement.

Spectral arch length estimates smoothness by calculating the arch length of the magnitude
of the Fourier Spectrum of a given speed profile v(t), with a frequency range (0−ω − c),
showed in Equation 4.2.
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Fig. 4.3 Movement speed profile during prono-supination task of a typical subject (S2) in
ON (A) and OFF (B) phases and their respective Fourier magnitude spectrum. The segments
used for computing spectral arch length are highlighted in green. The complexity of the
Fourier magnitude spectrum changes with the submovement characteristics variations (i.e.
inter-submovement interval) of the movement speed profile, as already shown by [110].
Adapted from [92].

SAL ≜
∫

ωc

0

( 1
ωc

)2

+

(
dV̂ (ω)

dω

)2
 1

2

dω; V̂ (ω) =
V (ω)

V (0)
(4.2)

where V (ω) is the magnitude of the Fourier spectrum of v(t); V̂ (ω) is the spectrum
magnitude normalized with respect to the magnitude at zero frequency V (0), and ωc is
adaptively selected, based on the following equation.

ωc ≜ min{ω
max
c ,min{ω,V̂ (r)< V̄ ∀ r > ω}} (4.3)

Equation 4.3 defines ωc as the minimum value between: (i) an upper bound limit for this
parameter ωmax

c , which has been set in our analysis to 4 Hz; (ii) the value of frequency above
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which the normalized spectrum magnitude is always lower than a given threshold V̄ , set in
our analysis to 10%.

The definition of the SAL modified with the adaptive parameter ω is referred in the
literature as the SPARC index [111].

Finally, we investigate the relationship between this index and the elbow joint rigidity
and we test the smoothness index as rigidity descriptor. In PD, the classic cogwheel rigidity
causes a fragmentation and decomposition of the passive movement, leading to less smooth
than normal passive movements. We estimate the beginning and the end of movement
looking at the speed profile with a threshold of 10%. Then, we compute the averaged SAL of
movement speed profile for each movement and look at differences between OFF and ON
motor statues. Specifically, we computed the SAL within the frequency range 0-20 Hz of the
speed profile in each movement cycle.

Statistical analysis

First, we look for normality of distributions with the Shaporo-Wilk test, because of the
number of participants in each group [112].

As mentioned previously, we are investigating those indexes able to differentiate the OFF
motor status from the ON one in PD patients; moreover, we want to identify the most sensible
place where to locate sensors. Therefore, for each indicator we conduct two-way repeated
measures ANOVA with state (ON vs OFF) and sensors locations - 5 levels in bradykinesia
tasks (arm, index, metacarpus, thumb, and wrist) - as within-subjects factor, that is the
multiple comparisons of the interactive effect state × sensor location.

For OFF vs HS discrimination, data are analyzed using a mixed-design ANOVA with a
within-subjects factor sensor location and a between-subject factor the group (OFF or HS).
For ON vs HS discrimination, we run a mixed-design ANOVA with a within-subjects factor
sensor location and a between-subject factor the group (ON or HS). We additionally assessed
the most sensible place where to locate sensors while discriminating the group factor, that is
th multiple comparisons of the interactive effect group × sensor location.

In order to identify the most sensible place where to locate sensors, to monitor PD
bradykinesia and rigidity, while excluding false-positive results under multiple testing,we
apply Bonferroni correction, and p-values are compared against α divided the number of
comparisons, instead of α = 0.05.

For total time index, we use a paired-sample t-test to test its capability to differentiate the
ON vs OFF motor status. Similarly, we used an independent sample t-test to see if total time
index is capable to discriminate HS from the OFF or from the ON status.
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We also look at the correlation of each indicator in the OFF and ON conditions, with the
UPDRS part III scale. Correlation has been reported as R-squared values.

For data analysis Matlab (Mathworks, Natick MA, USA) has been used.

Results

The results of clinical rating with UPDRS part III scale, for each task are shown in Table 4.2
and Table 4.3, respectively for bradykinesia and rigidity task.

Table 4.2 Bradykinesia tasks clinical rating. In this table it is shown the UPDRS score of
task 23 and 25 of UPDRS part III, i.e. finger tapping and arm prono-supination.

Subjects
UPDRS part III score

Task 23: finger tapping Task 25: arm prono-supination
OFF ON OFF ON

S1 3 3 2 2

S2 2 1 1 1

S3 1 0 1 0

S4 2 1 2 1

S5 1 1 1 1

S6 3 2 4 4

S7 1 0 1 0

S8 3 2 2 2

S9 2 1 1 1

S10 1 1 1 1

S11 2 1 1 0

S12 2 1 2 1

S13 1 1 1 1

S14 3 2 1 1

Parkinson’s disease patients S13 and S14 were excluded from the kinematic analysis due
to artifacts into accelerometrics signal.

First of all, we look at the total time needed to complete the finger-tapping and the arm
prono-supination tasks. In the OFF condition, PD subject needed more time to complete the
task than during the ON condition. Considering the arm prono-supination task, statistical
analysis showed that the total time is able to discriminate the OFF vs ON motor condition (p
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Table 4.3 Rigidity task clinical rating. In this table it is shown the UPDRS score of task 22 of
UPDRS part III, i.e. the measurement of the rigidity of the arm.

Subjects
UPDRS part III score, task 22

Right arm rigidity Right arm rigidity
OFF ON OFF ON

S1 2 2 2 2

S2 2 1 2 1

S3 2 2 2 2

S4 2 1 1 1

S5 2 1 2 2

S6 2 2 2 2

S7 1 0 1 1

S8 2 2 3 2

S9 0 0 0 0

S10 2 1 2 1

S11 1 1 2 1

S12 1 1 2 2

S13 1 1 2 1

S14 2 2 1 1

= 0.01) and also to differentiate the HS group from PD patients in OFF and ON conditions
(OFF p = 0.001; ON p=0.04), showed in Figure 4.4A. Regarding the finger-tapping task,
the total time is able to discriminate the OFF vs ON motor condition (p=0.001) and also
to differentiate th HS group from PD patients in OFF condition (p=0.02), as shown in
Figure 4.4B. Good correlations have been found in the finger-tapping task, between total
time and UPDRS item 23 score, for both motor conditions (ODD R2 = 0.34; ON R2 =
0.74). No correlation has been found between total time and UPDRS item 25 score in arm
prono-supination task.

To catch the whole kinematic information, related to the task performed, it is important
to consider where to place the sensor and which orientation axis to use for the analysis. For
finger tapping task, the x-axis has been the most informative (Figure 4.5). Therefore, we look
also at the fatigability on these two axes depending on the task (Table 4.4 and Table 4.5).
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4.2 Assessment of Parkinson’s disease by means of a wearable M-IMU network 95

Fig. 4.4 Total time needed, measured in second to complete the finger-tapping (A) and the
arm prono-supination tasks (B). Values are averaged for each group. Bars denote the Standard
Error (SE). The symbol * represents a p < 0.05; ** represents p < 0.01 (t-test).

Table 4.4 Finger-tapping task kinematic results. The symbol * represents p < 0.05; ** is p <
0.01 (ANOVA). Sensor location is referred to the index finger.

Kinematic index
Fatigability Total power Smoothness

State (PD ON vs PD OFF) ** **

Sensor location ** **

State (ON/OFF) × sensor location **

State (PD OFF vs HS) ** **

Sensor location ** **

State (OFF/HS) × sensor location **

State (PD ON vs HS)

Sensor location ** **

State (ON/HS) × sensor location *

The fatigability index assessed in the finger-tapping and arm prono-supination tasks are
shown, respectibely, in Figure 4.6 and Figure 4.7. As mentioned before, the fatigability
represents the progressive reduction in speed of the movement, as shown in Figure 4.5.

Analyzing the finger-tapping task, the ANOVA shows no significant main effect of the
state in none among the three states comparison; i.e. ON/OFF, OFF/HS, and ON/HS on
fatigability index (Figure 4.6).
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96 Use of M-IMUs for the assessment in neurological diseases

Table 4.5 Prono-supination task kinematic results. The symbol * represents p < 0.05; ** is p
< 0.01 (ANOVA). Sensor location is referred to the index finger.

Kinematic index
Fatigability Total power Smoothness

State (PD ON vs PD OFF) ** ** **

Sensor location ** ** **

State (ON/OFF) × sensor location ** **

State (PD OFF vs HS) ** **

Sensor location ** ** **

State (OFF/HS) × sensor location **

State (PD ON vs HS) * ** **

Sensor location ** ** **

State (ON/HS) × sensor location **

Analyzing the arm prono-supination task, there is a significant main effect of ON/OFF
state [F(1) = 9.899; p = 0.009] and of sensor location [F(4) = 8.548; p < 0.001] on fatigability
index. There is also a significant interaction between ON and OFF states and sensor location
on fatigability index [F(4) = 3.957; p = 0.008].

The post hoc test, showed the following sensors significance, thumb p = 0.003; wrist p =
0.006.

There has been no significant effect of OFF/HS states on fatigability index, there has
been a significant main effect of sensor location on this index [F(4; 92) = 3.556; p = 0.01]
and there has been no interaction between OFF/HS status and sensor location on this index.

In addition to this, there has been a significant main effect on ON/HS states [F(1; 23)
= 5.76; p = 0.025] and of sensor location [F(4; 92) = 3.556; p = 0.01] on this index. There
has been no interaction between ON/HS conditions and sensor location on fatigability index.
Post hoc analysis showed no statistically significant differences among sensors.

We found a good correlation between the UPDRS item 23 score and the fatigability
measured in the finger-tapping task but only in the OFF condition for the index finger (R2 =
0.49). no correlation has been found between the fatigability and UPDRS item 25 score in
arm prono-supination task.

Power spectral density in PD subject in ON phase increases in amplitude compared with
the one in OFF phase, as shown in Figure 4.8.
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4.2 Assessment of Parkinson’s disease by means of a wearable M-IMU network 97

Fig. 4.5 Peak-to-peak velocity of all cycles of a typical Parkinson’s disease subject (S6) in
a comparison with the averaged values of a healthy subject (HS) group, relative to finger-
tapping (A) and the arm prono-supination tasks (B) for each gyroscope channel. Values HS
group values are averaged and bars denote the SE.

Fig. 4.6 Fatigability index computed in the finger-tapping task. Each panel shows the
averaged values for each group, i.e. OFF, ON, and HS for index finger (A), thumb (B),
metacarpus (C), wrist (D), and arm (E). Bars denote SE.

For the finger-tapping task (Table 4.4), there is a significant main effect of ON/OFF state
[F(1) = 14.047; p = 0.003] and of sensor location [F(4) = 47.709; p < 0.001] on total power
index, with a significant interaction between ON/OFF status and sensor location on this

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



98 Use of M-IMUs for the assessment in neurological diseases

Fig. 4.7 Fatigability index computed in the arm prono-supination task. Each panel shows
the averaged values for each group, i.e. OFF, ON, and HS for index finger (A), thumb (B),
metacarpus (C), wrist (D), and arm (E). Bars denote SE. Bonferroni correction *p < 0.01.

Fig. 4.8 Power spectral density of gyroscope signal of subjects S6 from the Parkinson’s
disease group and S1 from the HS group, while performing finger-tapping task. Adapted
from [92].

index [F(4) = 16.786; p < 0.001] (Table 4.4). Post hoc analysis showed the following sensors
location significance, index finger p = 0.001 (Figure 4.9).

ANOVA analysis shows a significant main effect of OFF/HS [F(1; 23) = 16.247; p <
0.001] and of sensor location [F(4; 92) = 82.576; p < 0.001] on total power index, with a
significant interaction between OFF/HS and sensor location on this index [F(4) = 15.946; p
< 0.001]. Post hoc analysis showed the following sensors’ location significance, index finger
p < 0.001 (Figure 4.9).

There has been no significant effect of ON/HS on total power index, during the finger-
tapping task.

In this task, the correlation between total power and the UPDRS item 23 score in OFF
motor condition is good for the index finger (R2 = 0.57) and the thumb (R2 = 0.47).
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4.2 Assessment of Parkinson’s disease by means of a wearable M-IMU network 99

Fig. 4.9 Total power index computed in the finger-tapping task, with sensor on index finger.
Values are averaged for each group OFF, ON, and HS. Bars denote the SE. Bonferroni
correction *p < 0.01; **p < 0.001.

If we use the arm prono-supination to assess bradykinesia (Figure 4.10), it is possible to
discriminate OFF vs ON motor status, OFF vs HS, and ON vs HS group (Table 4.5).

Fig. 4.10 Total power index computed in the arm prono-supination task. Each panel shows the
averaged values for each group OFF, ON, and HS for index finger (A), thumb (B), metacarpus
(C), wrist (D), and arm (E). Bars denote the SE. Bonferroni correction *p < 0.01; **p <
0.001.

There has been a significant main effect of ON/OFF state [F(1) = 16.087; p = 0.002]
and of sensor location [F(4) = 33.45; p < 0.001] on total power index, with a significant
interaction between ON/OFF state and sensor location on this index [F(4) = 7.684; p < 0.001].
Post hoc analysis showed the following sensors location significance, index p = 0.003; thumb
p = 0.001; wrist p = 0.005 (Figure 4.10).
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100 Use of M-IMUs for the assessment in neurological diseases

ANOVA analysis showed a significant main effect of OFF/HS [F(1; 23) = 34.776; p <
0.001] and of sensor location [F(4; 92) = 84.44; p < 0.001] on this index, with a significant
interaction between OFF/HS state and sensor location on this index [F(4) = 23.31; p <
0.001]. Post hoc analysis shows the following sensors location significance, index, wrist, and
metacarpus p < 0.0001; thumb p = 0.0003, and arm p = 0.0002 (Figure 4.10).

ANOVA analysis showed a significant main effect of OFF/HS [F(1; 23) = 23.892; p <
0.001] and of sensor location [F(4; 92) = 93.198; p < 0.001] on this index, with a significant
interaction between OFF/HS state and sensor location on this index [F(4) = 13.583; p <
0.001]. Post hoc analysis shows the following sensors location significance, index, wrist, and
metacarpus p < 0.0001; thumb p = 0.001, and arm p = 0.0004 (Figure 4.10).

The total power well correlates with the UPDRS item 25 score assigned. The sensor
located on the index finger and thumb shows correlation in both OFF and ON motor condition
(index OFF R2 = 0.35; ON R2 = 0.34; thumb OFF R2 = 0.35; ON R2 = 0.35), while for the
wrist and metacarpus there is a correlation only in OFF motor status (wrist OFF R2 = 0.36;
metacarpus OFF R2 = 0.38).

Since smooth and well-coordinated movements are typical features of a healthy and
well-developed human motor behavior, we expect that the intake of the medication should be
assessed by smoothness values near to zero.

For the finger-tapping task (Table 4.4), ANOVA analysis showed a significant main effect
of ON/OFF state [F(1) = 16.984; p = 0.002] and of sensor location [F(4) = 157.654; p
< 0.001] on smoothness index, without an interaction between ON/OFF state and sensor
location on this index [F(4) = 2.33; p = 0.071]. Post hoc analysis showed the following
sensors location significance, index finger p = 0.003; thumb p = 0.004; metacarpus p = 0.005;
arm p = 0.0001 (Figure 4.11).

ANOVA analysis shows a significant main effect of OFF/HS [F(1; 23) = 11.427; p =
0.003] and of sensor location [F(4; 92) = 138.011; p < 0.001] on smoothness index, without
an interaction between OFF/HS state and sensor location on this index [F(4) = 1.58; p =
0.186]. Post hoc analysis shows the following sensors location significance, index p = 0.003;
metacarpus p = 0.006; wrist p = 0.008; arm p = 0.002 (Figure 4.11).

There is no significant effect of ON/HS status on smoothness index.
For arm prono-supination task (Table 4.5, ANOVA analysis shows a significant main

effect of ON/OFF state [F(1) = 5.025; p = 0.047] and of sensor location [F(4) = 8.409; p
< 0.001] on smoothness index, without an interaction between ON/OFF state and sensor
location on this index [F(4) = 0.607; p = 0.659]. Post hoc analysis shows no statistically
significant differences among sensors (Figure 4.11).
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4.2 Assessment of Parkinson’s disease by means of a wearable M-IMU network 101

Fig. 4.11 Smoothness index. Each panel shows the averaged values for each group OFF,
ON, and HS for index finger [(A): finger tapping; (F): arm prono-supination], thumb [(B):
finger tapping; (G): arm prono-supination], metacarpus [(C): finger tapping; (H): arm prono-
supination], wrist [(D): finger tapping; (I): arm prono-supination], arm [(E): finger tapping;
(J): arm prono-supination]. Bars denote the SE. Bonferroni correction *p < 0.01; **p <
0.001.

ANOVA analysis shows a significant main effect of OFF/HS state [F(1; 23) = 12.089;
p = 0.0002] and of sensor location [F(4; 92) = 7.315; p < 0.0001] on smoothness index,
without an interaction between ON/HS state and sensor location on this index [F(4) = 0.514;
p = 0.726]. Post hoc analysis shows the following sensors’ location significance, index, and
metacarpus p = 0.005; wrist p = 0.001; thumb p = 0.008; arm p = 0.002 (Figure 4.11).

ANOVA analysis shows a significant main effect of ON/HS state [F(1; 23) = 8.271; p =
0.009] and of sensor location [F(4; 92) = 15.072; p < 0.001] on smoothness index, without
an interaction between ON/HS state and sensor location on this index [F(4) = 1.354; p =
0.256]. Post hoc analysis shows the following sensors’ location significance: arm p = 0.005
(Figure 4.11).

No correlation has been found with the arm prono-supination task, between UPDRS
item 25 score and the smoothness index, but there is a good correlation between UPDRS
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102 Use of M-IMUs for the assessment in neurological diseases

item 23 score in ON motor condition and the smoothness index for sensors placed on wrist
(R2 = 0.36), thumb (R2 = 0.47), metacarpus (R2 = 0.49), and arm (R2 = 0.43) during the
finger-tapping task.

Taking into account the relationship between elbow rigidity and the smoothness index,
results show no discrimination ability between PD OFF condition and ON status, or PD and
HS, as shown in Figure 4.12. In addition to this, no correlation between UPDRS item 22
score and smoothness index has been found for rigidity.

Fig. 4.12 Smoothness index computed for the wrist in the rigidity task. Values are averaged
for each group. Bars denote the SE.

Discussion and conclusions

In the last years, a huge number of studies have been published about the quantitative
analysis of movement in PD [4] [105] [107] [108] [106]. The variety of indicators extracted
by accelerometer, gyroscope, magnetometer and other sensor’s signals in the literature is
high. Nevertheless, several questions are still open, since we have not yet reached the stage
of a consensus about : which kind of sensor is more suitable for evaluating PD patients, and
if it is better to have a single index for each Parkinsonian symptom, or a global index of
impairment; where is the best lace on the body to wear these sensors, the level of invasiveness
acceptable by the patient for at-home long-term recording. A recent review [4], focused
on published research papers on wearable technologies for PD in the last 10 years, showed
that among the 848 analyzed studies only the 6% presents a reliable quantitative assessment
system ready for clinical use in the next future. However, a huge number of studies present
proof of concepts that could become useful for clinical use in the next years.
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4.2 Assessment of Parkinson’s disease by means of a wearable M-IMU network 103

The state of the art of quantitative assessment tools for PD clearly shows that interactive
motor tasks recorded using wearable magneto-inertial measurement units, allowed to deeply
analyze the kinematic and dynamic characteristics of goal-directed movements of upper limb,
and to extract quantitative and useful indices for the motor symptoms evaluation.

With the present study, we have searched answer to open questions, which slow the
progression to clinical application of the available technologies.

The first question we addressed is: where is the best place where to locate sensors. By
using a redundant number of upper arm sensors (index finger, thumb, metacarpus, wrist, and
arm), our results showed that a distal location of sensors on upper arm (i.e. on index finger)
is more sensible to catch the kinematic features of Parkinsonian movements. The following
questions are: which index can better differentiate PD patients OFF from ON motor condition
and patients in these two conditions from HS. Our results introduced new indexes that well
describe the clinical motor symptoms, and are able to differentiate PD ON/OFF condition
and PD vs HS.

For the first time, we provide a complete kinematic description of the classic definition
of bradykinesia [93] through different quantitative kinematic indexes: the "slowness of
voluntary movement" has been well described by the total time needed to complete the task
(the finger-tapping or the arm prono-supination task); while the "progressive reduction in
speed and amplitude of repetitive actions", has been properly described by a new kinematic
index, defined fatigability index. These two kinematic indexes are able to discriminate the ON
from the OFF motor condition in PD patients. Moreover, in order to describe bradykinesia,
the prono-supination task seems to be the most informative, since we can discriminate PD
ON vs OFF motor condition with this simple task (with any sensor location among thumb or
wrist) and, in addition, we can discriminate PD patients in any of these two conditions from
HS group. The intrinsic features of prono-supination task, which involves an highest number
of muscles, leads to a more versatile task, able to describe the variability of Parkinsonian
movement, with sensors placed in different location on upper arm. Conversely, the features
of finger-tapping task, lock its utility to the sensor location on the index finger, in this case
the results showed a good discrimination ability to distinguish the PD ON vs OFF motor
condition.

Overcoming the classic bradykinesia definition, we describe the kinematic of Parkin-
sonian movement with further two indexes. In order to describe the overall "intensity" of
movement, we have extract the total power, i.e. the power spectrum of the frequency of
movement during finger-tapping and prono-supination task. Also for this kinematic index, the
prono-supination task showed to be more informative compared with other condition, since
the total power index can discriminate PD ON vs OFF motor condition and PD patients in
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104 Use of M-IMUs for the assessment in neurological diseases

ant of these conditions from HS with any sensor location among index finger, thumb, or wrist.
Even the most proximal sensor (arm) is useful to discriminate HS from PD in OFF condition
during the prono-supination task. For finger-tapping task, with a sensor placed on the index
finger, the total power can discriminate PD ON vs OFF motor condition, and the later from
HS. Therefore, the results show that using prono-supination task, analyzing power index,
is able to perform a complete PD ON/OFF and PD/HS discrimination with sensors placed
on index finger, thumb, or wrist. The good performance of this index could be explained
from its neurophysiological interpretation. In PD, repetitive movement are supposed to
be arhythmic, other than slow, and characterized by a progressive reduction in speed and
amplitude. Therefore, the total power index is a perfect index to catch the arhythmicity and
the variability of a movement, since an arhythmic movement will be characterized from a
more broad and flat PSD graph compared with a rhythmic movement.

The last index we proposed for the kinematic analysis, i.e. the smoothness index, cold be
interpreted as a bridge parameter, able to describe features that belong to both bradykinesia
and rigidity. This kinematic index describes the fluidity of movements, so that it can catch
the features of both the bradykinesia, related to the variation of movements rhythm, caused
by interruptions or hesitations during task, as well as the cogwheel rigidity, which fragment
and decompose passive movement around the joint. For bradykinesia, the smoothness index
during prono-supination task is able to discriminate PD in OFF motor condition from HS,
with any sensor location among index finger, thumb, metacarpus, wrist and arm; but also
PD in motor condition from HS with sensor placed on arm. During finger-tapping task, the
smoothness index is able to discriminate DP in OFF from ON motor condition, with any
sensor location except the wrist, and PD in OFF from HS group, with any sensor location
except the thumb.

Total power is the only index which showed a good correlation with the related UPDRS
score, for both finger-tapping and arm prono-supination task, in OFF/ON comparison. These
versatile features suggest to explore this index in future studies, as a candidate to monitor PD
motor symptoms. Total time, total power and smoothness show a good correlation with the
UPDRS score for finger-tapping task, therefore the use of these indexes is suggested only for
this task.

The first aim of the present study is to identify the most sensible place where to locate
sensors to monitor PD motor symptoms. Our results suggest that a distal location of wearable
sensors, on index finger or wrist, should be preferred in these kinds of studies, in order to
better describe the kinematic features of Parkinsonian movements.

In order to differentiate PD OFF from ON motor condition, the best solution seems to be
placing a M-IMU on index finger during finger-tapping task, obtaining data useful to extract
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the kinematic indexes proposed (total time, total power, or smoothness). In addition to this,
this sensor location guarantees a good correlation between the clinical score as expressed by
UPDRS scale and the kinematic measure, i.e. total power and total time.

In order to differentiate PD patients from HS, the total power index, computed from data
acquired by a sensor placed in any location among index finger, thumb, metacarpus, wrist
and arm, during prono-supination task, show the best accuracy. However, during the same
task, also total time in any sensor location could be a valid alternative to differentiate PD
patients from HS.

In conclusion, combining all results, our study shows that, taking into account all variables
(i.e. sensor location, motor task performed, kinematic indexes), the most versatile and
complete solution, which can solve both differentiations (OFF vs ON; PD vs HS), with the
highest accuracy, is to place one M-IMU on index finger, thumb, or wrist, performing a
prono-supination task, and use the total power as kinematic index. However, keeping in mind
the small sample size of the present study, the proposed indexes are good candidates to be
explored in further confirmation studies with larger population.

4.2.2 Feature extraction in Sit-to-Stand task using M-IMUs for the as-
sessment of Parkinson’s disease

Similarly to previous study we tried to assess Parkinson’s disease monitoring of kinematic
parameters by mean of M-IMUs. In this case we analyzed the sit-to-stand task (SiSt) of the
UPDRS part II (task 27) on two groups, one of Parkinson’s disease patients (PD) and another
one of healthy control subjects (HS).

This task has an high relevance on a clinical point of view, as already studied in [113],
since it consists in a posture transition which permits to dynamically pass from a static
position to another one. It is also an important section of the most commonly used timed up
and go test [114]. moreover, previous studies have shown that posture transitions, such as
SiSt, evidence the risk of falling in elderly [115] as well as in stroke patients [116].

There are several types of wearable systems for estimating physiological parameters by
body movements, based on M-IMUs, piezoresistive sensing elements and fiber optic sensors
[117] [118] [119] [120]. In this study we used a system based on a 9-axes M-IMU, i.e. a
combination of a 3-axes accelerometer, a 3-axes gyroscope, and a 3-axes magnetometer. This
type of sensors have already been used in other recent studies which involve PD [5] [92]
[121].

The main goal of this study is to propose a broad method for the detection of the most
relevant features for the SiSt task analysis. The features extraction has been provided by
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106 Use of M-IMUs for the assessment in neurological diseases

a meticulous analysis of the literature on this topic, with an implementation of further
characteristics. Then, we underlined the best features which evidence different scores in the
UPDRS, between PD patients in ON/OFF phase or HS subjects.

Measurement system

The measurement system we use is based on a M-IMU sensor, attached with a belt to the
trunk, in front of the sternum, as shown in Figure 4.13.

Fig. 4.13 Trunk sensor orientation has the x-axis roughly put in vertical and pointing to the
ground, the z-axis is in the sagittal plane with the direction parallel to the horizontal axis
and points frontally, and the y-axis is also horizontal and points to the left of the subject,
completing the orthonormal basis.

The M-IMU sensor used is a commercial device called Opal, by APDM Inc. (Portland,
OR, USA). This sensor provides the value of acceleration (± 16 g), angular velocity (± 2000
deg/s), the intensity of the magnetic field (± 8 Gauss) and the quaternions, computed via
the manufacturer’s Kalman filter. Its sampling frequency is 128 Hz and the A/D has a 16-bit
resolution. These specific sensors have already been validated in detail by Ricci et al. in [3].

All the acquisitions have been recorder with a camera, the GoPro Hero4 Silver (GoPro,
San Mateo, CA, USA). The GoPro camera uses a 800x480 video format with a frame rate of
120 fps.

The data have been acquired with MotionStudio software by APDM Inc. (Portland, OR)
which sends a trigger to the camera in order to synchronize it with the Opal sensors.
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Subjects and protocol

This study involve two groups of participants: the first included sixteen PD patients (6
females, ages 66.6 ± 6.5 years) and an age-matched group of thirteen HS (7 females, ages
64.0 ± 11.7 years).

The inclusion criteria are possible-probable diagnosis of PD following UK PD Society
Brain Bank criteria [122] in addition to an Hoehn and Yahr stage between 1 and 2.5 [97].
On the other side the exclusion criteria are the Hoehn and Yahr stage bigger than 2.5 and a
physiological joints movement reduction caused by the presence of other pathologies.

The protocol consists in an execution of the SiSt task, following the guidelines expressed
in the UPDRS, while the physician assigns the appropriate score to the patient. PD patients
execute the task in ON and OFF phase, while the HS subjects do it one time only.

In the SiSt task the physician asks the subject to cross his/her arms across the chest and
then to stand up. If the patient is not able to do it, he/she must repeat this attempt a maximum
up to two more times. If still unsuccessful, the patient can push himself/herself off using
his/her hands on the arms of the chair.

Data analysis

The data analysis includes four steps: 1) detection of SiSt transition, 2) identification of
subjects to exclude, 3) features extraction and 4) statistical analysis.

1) detection of SiSt transition: firstly, there is an evaluation of the trunk tilt, corresponding
to the angle θ , obtained as the rotation around the y-axis, considering positive the angle
obtained from a trunk flexion. After this, sin(θ ) is computed and filtered in order to cancel
the drift and the high-frequency noise, using a discrete wavelet transform (DWT) based on
Mallat’s algorithm [123]. The DWT decomposes the signal in an iterated way, splitting it into
many lower-resolution components. At each decomposition scale, the number of samples in
the time domain is decreased by eliminating every second sample, in other words there is a
down-sampling by a factor of 2. As the wavelet transform can distinguish noise and signal
edge more precisely than other transforms (e.g Fourier), filters designed with this technique
perform noise cancellation without distortion of the original signal [124].

Similar to [116], the signal was filtered in the frequency band 0.031 - 0.5 Hz, correspond-
ing to the signal obtained subtracting the sin(θ ) at scale 7 with the one at scale 11. In Figure
4.14 are shown the original signal and the filtered one; it can be noted that the filtered one
presents two relative minimums, P1, P2 (Figure 4.14). These two peaks are chosen as the
beginning and the end of the task, as already done in similar works [113].
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Fig. 4.14 Original signal of sin(θ ) computed from the quaternion data and the filtered signal
obtained using a DWT. The original signal is decomposed between scales 7-11 with the
wavelet Coiflet of order five [125]. The minimum peaks immediately before and after the
maximum one are P1 and P2. These two points identify the SiSt postural transition.

2) identification of subjects to exclude: at first approximation we hypothesized that large
part of the SiSt movement is with the main axis of rotation aligned with the y-axis of sensor
(roughly horizontal, as shown in Figure 4.13). To check how good this hypothesis is, we use
the method proposed by Ricci et al. [126], in order to estimate the main axis of rotation of a
given movement.

Thus, in the ideal case, the estimated axis of rotation in sensor reference frame

a = [ax,ay,az] (4.4)

should be aligned with the y-axis, i.e.:

[ax,ay,az] = [0,1,0] (4.5)

In this study we assumed that a reliable value, for our approximation, is:

ay ≥ 0.95 (4.6)

Subjects who do not verify this parameter have been excluded from the study.
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3) features extraction: examining the literature, the following SiSt-related parameters
have been identified.

• Transition Duration (TD [s]): it is the duration of the postural transition [116], [127].
Defined as the interval between P1 and P2, i.e. TD = t(P2) - t(P1).

• Time of Postural Transition (tPT [s]): it is time in which the subjects passes from the
flexion to the extension of the thorax [128].

• Max Trunk Flexion (MAX(θ ) [rad]): it is the amplitude of the positive peak of θ

(Figure 4.15), it coincides to the angle value in tPT (θ (tPT)) [113].
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Fig. 4.15 Feature referred to the values of θ . This signal is filtered with a DWT in the
frequency band 0.031 - 0.5 Hz.

• Range theta (Range(θ ) [rad]): it is the maximum range of flexion-extension tilt of the
trunk [113].

• Peak Angular Velocity (MAX(vel) [rad/s]): it is the peak of the angular velocity, ωy

(Figure 4.16), of trunk in the sagittal plane [129].
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Fig. 4.16 Feature referred to the values of ωy. The value of gyroscopes is filtered using a
DWT filter between scales 6 and 11, i.e. a bandpass between frequencies 0.031 - 1 Hz.

• Average Angular Velocity (Mean(vel) [rad/s]): it is the mean of the angular velocity of
trunk in the sagittal plane [129].

• Minimum of Acceleration (min(acc) [m/s2]): it is the minimum value of the vertical
acceleration (av) [113], shown in Figure 4.17, computed as described in [130] and
[131]. In particular, the acceleration signals, after subtracting the gravity contribution,
have been firstly filtered with a DWT, using a low pass filter with a cut-off frequency
of 1 Hz (scale 6). The derived acceleration is a composition of the vertical projection
of x and z axes of the accelerometers, respectively accx and accz, then the vertical
acceleration av is computed as follows:

av =−accx · cos(θ)−accz · sin(θ) (4.7)

• Maximum of Acceleration (MAX(acc) [m/s2]): it is the maximum value of the vertical
acceleration [113].

• Range of Acceleration (Range(acc) [m/s2]): it is the amount of the acceleration
included between the maximum and the minimum values [113].
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Fig. 4.17 Feature referred to the values of av. The value of accelerometers is filtered using a
DWT filter using the scale value of 6, i.e. a lowpass with a cut-off frequency of 1 Hz.

• Number of Attempts (nATT): this is the number of attempts a subject needs to stand
up. This value has already been examined by [113] and it is very reliable since this
parameter is analysed also by the physician in order to assign the UPDRS score. This
feature has been extracted evaluating the number of positive peaks of the sin(θ ) signal,
before the definitive standing up.

• Rho (ρ): this feature is defined in [126] as an index referred to the reliability of the
computed reference axis. It is bounded in [1

3 , 1] and an high value is referred to a
good reliability of the axis. This means that an high value is referred to a pure rotation
around the y-axis of the trunk M-IMU, while a low value means that the subjects has
been uncoordinated and not clean in the SiSt transition.

• Spectral Arch Length (SPARC): this feature, defined in [110] and [111], can account for
the change in the number of submovements and the inter-submovement interval, which
are movement characteristics influenced by bradykinesia. To compute smoothness it is
not necessary to filter data, because of the inherit low-pass filtering action performed
by the SPARC algorithm. In particular we decided to compute SPARC of speed profile
in the frequency band 0-4 Hz, as already done in [92] and [5].
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4) Statistical analysis: finally, we perform a simple statistical analysis in order to
investigate which parameters better represent changing between the OFF-ON conditions and
the pathological status versus healthy subjects (OFF-HS and ON-HS). In the first case we
use a paired-sample t-test, while in the second case we use an independent sample t-test.

Results

In this section we report results of each indicator, related to OFF, ON and healthy status of
subjects.

Figure 4.18 reports the results of PD subjects in ON and OFF phase in comparison
with HS group. In this Figure blue bars represents results in OFF phase, green bars in ON
phase and orange bars are relative to HS; mean values and standard errors of all features are
represented.

It can be observed how SPARC and ρ parameters, that have never been used in SiSt task
before, does not represents a statistically significant variability in the three different phases.

Other features have a wider fluctuation in the variability of the results obtained, but only
those relative to trunk acceleration reports a statistically significant result. As a matter of
facts, the maximum trunk acceleration of trunk flexion report a p-value lower than 0.05; in
particular it is 0.016 between OFF and HS, and 0.044 between ON and HS. In addition to
this, also the range of acceleration has a statistically significant p-value between OFF and
HS subjects, equal to 0.014.

Discussion and conclusions

In this work we deeply studied the literature about SiSt task’s features extraction, in order to
evidence which parameters are more relevant to better analyze this task in PD pathology. In
addition to this, we also propose a new method for a preliminary analysis, able to identify
reliable movements during SiSt task.

The high number of features extracted permits to properly and widely analyze the SiSt
task, dealing with the problem that the subject can act with a large variety of strategies to
perform this activity [132], [133]. This deeper analysis can overcome the poor reliability of
the SiSt task in comparison to the other parts of the timed up and go test, as studied in [129].

It is also possible to determine differences in the SiSt task execution that the physician
it is not capable to notice; in fact, sensors can provide a higher resolution with respect to
the clinical evaluation, since the UPDRS scale assigns a score between 0 and 4 points only.
This can be noticed in the results obtained from the statistical analysis: they evidence the
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(a) (b) (c) (d)
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Fig. 4.18 Results about SiSt task’s features, described in detail in Section 4.2.2: MT, TPD,
Max Trunk Flexion, Range Theta, Number of Attempts, Peak Speed, Mean Speed, min Trunk
Acceleration, Max Trunk Acceleration, Range Trunk Acceleration, Rho, SPARC. Results are
represented in mean and standard error. In each graph, first column (blue) represents the
OFF phase, second column (green) represents ON status, third column (orange) represents H
subjects.
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possibility to detect differences between ON, OFF and HS subjects; moreover, they show
lighter variations that cannot be easily identified by the UPDRS clinical scale.

As a matter of fact, with this analysis we found differences between PD and healthy
subjects. Of particular interest is the comparison between the HS subjects and the OFF/ON
PD subjects with a 0 UDPRS score. In this case could also be noticed that there are some
lightly differences in the feature evaluation which can evidence that a PD subject, even at the
best of his/her motor functions, are still unable to reach the level of healthy subjects.

This study underlines the possibility to easily analyze the SiSt task with only one M-IMU,
located on the trunk. Developing a simple, non invasive and cheap analysis of this task has a
notable relevance; as a matter of fact, SiSt is performed by everyone a considerably number
of times during the day. In this way it is possible to develop a system to continuously monitor
the patient’s status, in order to identify the ON and OFF phase during the day.

It could also be interesting to have sensors on arms to identify the use of hands during
the execution of the task. In fact, in the UPDRS scale the clinician must control if patient
push himself/herself off the chair using his/her hands on the arms of the chair.

A useful future development of this work may consist in the use of principal component
analysis (PCA) or independent component analysis (ICA), in order to identify a smaller, but
more significant, set of features composed of those described in this article. In this way it
should be possible to simplify the analysis of this task and obtain more significant results
which can give an higher reliability of the SiSt task.

Using other algorithms, able to identify physical activities [113], [130] and [131], it is
possible to detect the SiSt transition to monitor the features extracted and to control the
patient during this task. In this way the physician can control, also with telemedicine devices,
the PD’s state in which the patient is, in addition to underling problems of stability [116] and
risk to fall. Finally, this method could offer a promising tool for long term and home care
monitoring for PD patients.
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Chapter 5

Discussion and conclusions

The progress of magneto-inertial measurement units has brought to an ubiquitous presence
of this technology in an increasing number of devices. Aside from sensor development,
advancements in the algorithms that are often implemented by microcontrollers embedded in
the sensing units, together with low power and low cost technologies, are transforming them
into attractive solutions for motor assessment. As a result, magneto-inertial sensors have a
widespread use in a plethora of different and novel areas of application, including biomedical
field.

In consideration of that, this dissertation has a twofold purpose. On the one side, our
aim is to design and evaluate a M-IMU sensor network particularly devised for the motor
assessment of neurological disorders, taking into account the technical requirements coming
from this specific application field: a low cost system which exploits a low power standard
technology for long term at-home monitoring of patients, in order to use small batteries
reducing dimensions and weight; relevant throughput for applications based on motion
tracking; assess and optimize sensor fusion algorithms for movement analysis. On the
other side, we aim at testing on the field the potentialities of M-IMU sensor network for
the quantitative assessment of motor performance in neurological disorders, focusing in
particular on patients affected by Parkinson’s disease. We aim to confirm and improve
previous studies on the use of M-IMU-based motor features. able to describe the clinical
status of the patients. In this way, it would be possible to have a continuous and objective
monitoring of the subject, which permits to have a better evaluation of the disease jointly
with using fewer resources.

The presented work has accomplished the research goals stated in Section 1.2: a com-
prehensive evaluation of Bluetooth Low Energy and the analysis of its performance in high
throughput multinode applications; the design of a standard protocol to evaluate and tune
sensor fusion algorithms in order to improve the orientation data obtained and reduce the
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reconstruction error to the minimum; the use of a reliable M-IMU network, based on BLE
wireless technology, for the assessment of neurological disorders, such as Parkinson’s disease.

As already stated, after an exhaustive and reliable review of Bluetooth Low Energy, our
main objective is to design a low-power-based sensor network with an adequate throughput
to perform motion analyses. Hence, we developed a BLE multinode network and evaluated
its performance obtaining a star network of 5 nodes with a global bitrate higher than 170
kbps, i.e. streaming packets of 20 bytes (9-axes M-IMU with a resolution of 16 bits per
channel) at rates higher than 200 Hz; at this rate the consumption of a single node is around
12 mA, hence, with a very small battery (e.g. 100 mAh of capacity and dimensions 5mm ×
12mm × 20mm) an uninterrupted streaming for 6.2 h is guaranteed. In addition to that, to
perform this experiment we also designed a novel protocol useful to assess throughput in a
generic network.

Then, we needed to evaluate magneto-inertial measurement units, in particular sensor
fusion algorithms used to get orientation from inertial and magnetic data. In fact, it is
usually difficult to find reliable and objective data related to the output of sensor fusion
filters, and would also be useful to tune the filters depending on the specific application. To
this purpose, we designed a standard protocol in the special orthogonal group SO(3), which
exploits a motion capture system as ground truth, in order to evaluate filter’s performance
after tuning gain parameters; in particular, we tested a Kalman filter and several typologies
of complementary filters (i.e. Mahony [51], Madgwick [66], Campolo [74], and Tian [49]).
Results about orientation showed that it is possible to reach error angles lower than 5° on
average, in dynamic conditions, and around 2° in static cases; the best performance are
guaranteed by the Kalman and the Campolo filters.

Finally, we applied M-IMU sensor networks in the assessment of neurological disorders,
in particular Parkinson’s disease. We found the possibility to detect the two phases of
Parkinson’s disease (i.e. ON and OFF status) and also differentiate them from healthy
patients. After a deep analysis of some of the UPDRS tasks administered by the physician
to the patients, we evidenced statistically significant results to assess PD. The first analysis
regards patients during the execution of arm prono-supination task and evaluating the total
power as kinematic feature on only one sensor positioned on the index, thumb or wrist. These
sensor locations and kinematic index can detect statistically significant differences between
ON and OFF state (index: p = 0.003; thumb: p = 0.001; wrist: p = 0.005), and also between
PD and healthy subjects (index, thumb, wrist: p < 0.0001). Moreover, we also found that
using one M-IMU only on the trunk while performing a sit to stand task and evaluating trunk
acceleration during trunk flexion is it possible to differentiate OFF and ON with respect to
healthy subject (p < 0.05).
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5.1 Future works

This dissertation spanned over various aspects related to the use of wearable magneto-inertial
sensor network for biomedical applications, paving the way for new reliable applications of
those sensors.

For what it may concern the evaluation of BLE network, a future investigation may regard
the use of the protocol we designed to assess other typologies of BLE integrated circuits
from different producers, in order to point out what are the advantages and disadvantages of
each one of them. In addition to this, a further investigation may regard the application of
new low energy standard protocols, such as Bluetooth 5.

With reference to the evaluation of M-IMU sensor fusion algorithms, we need to improve
the methodology proposed. It is of fundamental importance to assess the standard procedure
we designed with different patterns of trajectories, in order to validate filters depending on the
specific applications they are used in. Moreover, it would be useful to create a database with
standard movements which may be used in future to assess new sensor fusion algorithms.

For what it may concern a future development relative to the assessment of PD by mean
of M-IMUs we propose to improve and strengthen the feature extraction developed with the
use of PCA, ICA or machine learning algorithms. In addition to this, it would be fundamental
to assess these systems for long term at-home application in order to evaluate their reliability
and be part of the therapy monitoring of all the patients.

Of note, from a technological point of view, we proposed and tested two standard
methodologies that can be used to respectively evaluate wireless communication technology’s
performance and the error of M-IMU sensor fusion algorithms. In particular, the evaluation
we performed on M-IMU sensor fusion algorithms is limited to the filters we used, and it is
strictly related to the actual state of the art. Exactly for this reason, we propose to create a
database of M-IMU data shared in the scientific community, based on standard movements,
which can be used to assess new filters’ performance in relation to the specific application in
which we want to exploit them.

The main objective of future works is to create a user-friendly, low cost and low power
system, able to assess Parkinson’s disease. In particular main efforts should be devoted to
find the best features for evaluation of this disease in order to have a continuous, reliable and
objective monitoring of the subject and the progression of her/his pathology. That would
improve the assessment, monitoring and treatment of the disease with the employment of
fewer resources.
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Appendix A

Representation of orientation

There are different possible parametrizations to describe orientation. This appendix provides
the description and the conversion formulas of some of the orientation representations used
throughput this dissertations. A more detailed description can be found in [134] and [135].

A rotation is a displacement in which at least one point of the rigid body remains in its
initial position and not all lines in the body remain parallel to their initial orientations. For
example, a body in a circular orbit rotates about an axis through the center of its circular
path, and every point on the axis of rotation is a point in the body that remains in its initial
position.

A.1 Rotation Matrix

The orientation of coordinate frame i relative to coordinate frame j can be denoted by
expressing the basis vectors (x̂xxi ŷyyi ẑzzi) in terms of the basis vectors (x̂xx j ŷyy j ẑzz j). This yields ( jx̂xxi
jŷyyi

j ẑzzi), which when written together as a 3×3 matrix is known as the rotation matrix. The
components of jRi are the dot products of basis vectors of the two coordinate frames.

jRi =

r11 r12 r13

r21 r22 r23

r31 r32 r33

=

x̂xxi · x̂xx j ŷyyi · x̂xx j ẑzzi · x̂xx j

x̂xxi · ŷyy j ŷyyi · ŷyy j ẑzzi · ŷyy j

x̂xxi · ẑzz j ŷyyi · ẑzz j ẑzzi · ẑzz j

 (A.1)

Because the basis vectors are unit vectors and the dot product of any two unit vectors is
the cosine of the angle between them, the components are commonly referred to as direction
cosines.
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A.1.1 Conversion formulas

Equivalent rotation matrices for various representations of orientation, with abbreviations
cθ := cosθ , sθ := sinθ , and vθ := 1− cosθ

Z −Y −X Euler angles (α,β ,γ):

jRi =

cαcβ cαsβ sγ − sαcγ cαsβ cγ − sαsγ

sαcβ sαsβ sγ − cαcγ sαsβ cγ − cαsγ

−sβ cβ sγ cβ cγ

 (A.2)

Angle-axis (θ , ŵww):

jRi =

 w2
xvθ + cθ wxwyvθ −wzsθ wxwyvθ +wysθ

wxwyvθ +wzsθ w2
yvθ + cθ wywzvθ −wxsθ

wxwzvθ −wysθ wywzvθ +wxsθ w2
z vθ + cθ

 (A.3)

Unit quaternions (q0 q1 q2 q3)T :

jRi =

1−2(q2
y +q2

z ) 2(qxqy −q0qz) 2(qyqz +q0qy)

2(qxqy +q0qz) 1−2(q2
x +q2

z ) 2(qyqz −q0qx)

2(qxqz −qxqy) 2(qyqz +q0qx) 1−2(q2
x +q2

y)

 (A.4)

A.2 Euler Angles

For a minimal representation, the orientation of coordinate frame i relative to coordinate
frame j can be denoted as a vector of three angles (α,β ,γ). These angles are known as Euler
angles when each represents a rotation about an axis of a moving coordinate frame. In this
way, the location of the axis of each successive rotation depends upon the preceding rotation,
so the order of the rotations must accompany the three angles to define the orientation.

For example, the symbols (α,β ,γ) are often used to indicate Z −Y −X Euler angles.
Specifically, taking the moving frame i and the fixed frame j to be initially coincident, α is
the rotation about the ẑzz axis of frame i, β is the rotation about the rotated ŷyy axis of frame i,
and finally, γ is the rotation about the twice rotated x̂xx axis of frame i. Regardless of the order
of rotations, an Euler angle representation of orientation always exhibits a singularity when
the first and last rotations both occur about the same axis. This particular set of Euler angles
originates from a representation of orientation in the aeronautical field. These are called
Roll-Pitch-Yaw angles, or also Bank-Attitude-Heading respectively, to denote the typical
changes of attitude of an aircraft.
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A.2.1 Conversion formulas

Equivalent rotation matrices for various representations of orientation are:
Unit quaternions (q0 q1 q2 q3)T :

α = tan−1 2(q0qz −qxqy)

1−2(q2
y +q2

z )

β = sin−1(2(q0qy +qzqx))

γ = tan−1 2(2(q0qy −qyqz))

1−2(12
x +q2

y)

(A.5)

Rotation matrix jRi:

α = tan−1
(

r23

r13

)

β = tan−1


√

r2
13 + r2

23

r33


γ = tan−1

(
r32

−r31

)
(A.6)

A.3 Axis and angles

A single angle θ in combination with a unit vector ŵww can also denote the orientation of
coordinate frame i relative to coordinate frame j. In this case, frame i is rotated through
the angle θ about an axis defined by the vector ŵww = (wx wy wz)

T , relative to frame j. The
vector ŵww is sometimes referred to as the equivalent axis of a finite rotation. The auxiliary
relationship that resolves that is the unit magnitude of vector ŵww. Even with this auxiliary
relationship, the angle-axis representation is not unique because rotation through an angle of
−θ about −ŵww is equivalent to a rotation through θ about ŵww.

A.3.1 Conversion formulas

Equivalent angle axis for various representations of orientation are:
Rotation matrix jRi:

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



124 Representation of orientation

θ = cos−1
(

r11 + r22 + r33 −4
2

)

rrr =
1

2sinθ

r32 − r23

r13 − r31

r21 − r12

 (A.7)

Unit quaternions q̂qq = (q0 q1 q2 q3)
T :

θ = 2 · cos−1(q0) , ŵww =
q̂qq

∥q̂qq∥
(A.8)

An axis and angle representation can be found combined into a rotation vector r = ŵwwθ .
In this case, conversion from and to a quaternion is given:

qqq = exp(−1
2

r) , r =−2log(qqq) (A.9)

where the quaternion logarithm is defined in Equation A.14.

A.4 Quaternions

The drawbacks of the angle and axis representation can be overcome by a different four-
parameters representation, namely the unit quaternion [136]. The quaternion representation of
orientation is first defined in [137] and largely superseded by the simpler vector representation
of [138]; it is extremely useful for problems in robotics that result in representational
singularities in the vector/matrix notation [139]. Quaternion do not suffer from singularities
as Euler angles do.

A quaternion qqq is a generalization of complex number to 4-dimensional space, and is
defined as:

qqq := (q0 q̂qq)T := (q0 qx qy qz)
T := q0 +qxiii+qy jjj+qzkkk (A.10)

where the components q0, qx, qy, qz are scalars, sometimes referred to as Euler parame-
ters, and i, j, and k are operators.

A.4.1 Quaternion operations

The conjugate of a quaternion is defined as:
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A.5 Metric on SO(3) space 125

qqq∗ := (q0 − q̂qq)T (A.11)

Addition and subtraction of quaternions is defined as:

qqqA ±qqqB := (q0A +qxAiii+qyA jjj+qzAkkk)± (q0B +qxBiii+qyB jjj+qzBkkk)

:= (q0A ±q0B)+(qxA ±qxB)iii+(qyA ±qyB) jjj+(qzA ±qzB)kkk
(A.12)

Quaternion multiplication is defined as:

qqqA ⊗qqqB :=(q0A +qxAiii+qyA jjj+qzAkkk)(q0B +qxBiii+qyB jjj+qzBkkk)

=(q0Aq0B −qxAqxB −qyAqyB −qzAqzB)

(q0AqxB +qxAq0B +qyAqzB −qzAqyB)iii+

(q0AqyB −qxAqzB +qyAq0B +qzAqxB) jjj+

(q0AqzB +qxAqzB −qyAqxB +qzAq0B)kkk

(A.13)

The natural logarithm of a quaternion is defined as:

logqqq =

(
log∥qqq∥ qqq

∥qqq∥
cos−1 q0

∥qqq∥

)
(A.14)

A.5 Metric on SO(3) space

The position and orientation of a body can also be expressed in a unified fashion with an
exponential mapping. This approach is introduced first with its application to pure rotation
and expanded to rigid-body motion. More details on the approach can be found in [140]
[141].

The set of all orthogonal matrices with determinant 1, which is the set of all rotation
matrices RRR, is a group under the operation of matrix multiplication denoted as SO(3)⊂R3×3

[142]. This stands for special orthogonal wherein special alludes to the detRRR = 1 instead of
±1.

The group of rigid body rotations is defined as

SO(3) = {RRR ∈ R3×3 : detRRR = 1,RRRT RRR = I3} (A.15)

A rotation matrix RRR can be viewed as a map between a space frame S ⊂ R3×3 and any
body (moving) frame M ⊂ R3×3, i.e. R : M → S.

Tesi di dottorato in Bioingegneria e bioscienze, di Jacopo Tosi, 
discussa presso l’Università Campus Bio-Medico di Roma in data 28/05/2019. 
La disseminazione e la riproduzione di questo documento sono consentite per scopi di didattica e ricerca, 
a condizione che ne venga citata la fonte.



126 Representation of orientation

The set of rotation matrices satisfies the four axioms of a group:

closure : RRR1RRR2 ∈ SO(3) ∀RRR1,RRR2 ∈ SO(3);

identity : I3×3RRR = RRRI3×3 = 333 ∀RRR ∈ SO(3);

inverse : RRRT ∈ SO(3) is the unique inverse of RRR∀RRR ∈ SO(3);

associativity : (RRR1RRR2)RRR3 = RRR1(RRR2RRR3) ∀RRR1,RRR2,RRR3 ∈ SO(3).

Given a trajectory in SO(3). i.e. RRR(t) : R3×3 → SO(3), two importan quantities can be
defined

• Ω̂ := dRRR
dt ·RRR

−1, where Ω ∈ R3×3 is the space angular velocity

• ω̂ := RRR−1 · dRRR
dt , where ω ∈ R3×3 is the body angular velocity

Do note that, for any RRR ∈ SO(3), both dRRR
dt ·RRR

−1 and RRR−1 · dRRR
dt are skew-symmetric matrices,

i.e. elements of

so(3) = {AAA ∈ R3×3 : A+AT = 0} (A.16)

and the hat of skew operator ·̂ : R3×3 → so(3) transforms 3D vectors in skew-symmetric
matrices, particularly

âaa =
∂

∂bbb
(aaa×bbb) =

 0 −a3 a2

a3 0 −a1

−a2 a1 0

 (A.17)

The inverse operator, vee or deskew, simply returns a 3D vector from a skew-symmetric
matrix.

A body spinning at constant angular velocity ω , after a unit time, will undergo a rotation
by an angle∥ω∥, as expressed by the Rodriges’ formula [76], also expressed as exp(ω̂)

eω̂ = RRR = I +
ω̂

∥ω∥ sin∥ω∥+ ω̂2

∥ω∥2 (1− cos∥ω∥) (A.18)

The inverse of the exponential map, i.e. the logarithm map returns as output a vector
which represents the axis of rotation of module equal to θ ,

log(R) = ω̂ =
R−RT

2sin(cos−1(Tr(R)−1
2 ))

(A.19)
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Appendix B

Coordinate frames

The coordinate frames used for mathematical formulation of inertial navigation mechaniza-
tion, shown in Figure B.1, are the following:

• Body Frame (BBB): is the coordinate frame of the moving body. It is referred to
the specific system used to detect the orientation of the body (e.g. magneto-inertial
measurement sensors or optical motion tracking systems).

• Body M-IMU Frame (SSS): is the coordinate frame of the moving M-IMU. Its origin is
located in the center of the accelerometer triad and it is aligned to the casing. All the
inertial measurements are solved in this frame;

• Body Optical Motion Tracker Frame (MMM): this is a moving frame defined by the
position of the LED markers fixed on the body. To define this frame at least three
markers are needed, as shown in Section 3.2.4.

• Local-Level Frame (LLL): this frame is defined by a plane locally tangent to the surface
of the earth at the position of the M-IMU. This implies a constant direction for gravity
(straight down). The coordinate system used in Easting, Northing, Up (ENU), where
Up is the normal vector of the plane, North points toward the spin axis of Earth on the
plane, and East completes the orthogonal system;

• Inertial Frame (III): this is the canonical frame for an object near the surface of
the Earth. It is a non-rotating, non-accelerating frame of reference with a Cartesian
coordinate system, whose x-axis is aligned with the mean vernal equinox and whose
z-axis is coaxial with the spin axis of the Earth. The y-axis completes an orthogonal
basis and the system’s origin is located at the center of mass of the Earth;
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128 Coordinate frames

• Optical Motion Tracker Frame (OOO): this frame is fixed by a particular protocol de-
fined by the software of the specific optical motion tracking system used. In particular,
all the markers position is given with reference to the origin of this frame.

• Earth Frame (EEE): the origin of this reference frame is at the Earth’s center of mass.
Its z-axis coincides with the Inertial frame (III), but it rotates with respect to III at the
Earth rotation rate, which is approximately 15 degrees per hour.

Fig. B.1 The figure illustrates the set of coordinate frames involved in the inertial navigation
framework. On the left, the inertial (III) and the Earth’s (EEE) frames are defined with respect to
the Earth along with the position (latitude λ , longitude φ ) of an hypothetical local frame (LLL).
On the right, the body (BBB) at time t1 and t2 with respect to a local navigation frame is shown.

The mechanization of the inertial navigation can be formulated in any of the last three
coordinate systems, and, once defined, it is common to refer to this frame as the navigation
frame (N). The Local-level frame has been used as Navigation frame for the mechanization
formulation.
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Fig. B.2 The figure illustrates the set of coordinate frames involved in the system orientation
detection. The motion tracker defines its own fixed reference frame (OOO) based on a vendor
protocol, and it also defines with marker trackers its moving body frame (MMM). With M-IMU
is also defined a fixed reference frame, i.e. the Inertial frame (III) and a moving frame (SSS)

.
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