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Introduction

IVHM system can avoid unnecessary cost increases due to the realization of additional
functions. First, the FMECA of the USV is carried out from the equipment layer to the system
layer according to the system structure of the USV. This aims to identify key equipment
significantly affecting navigation safety or mission success of the USV. Then, the key
equipment of the USV and overall functional requirements of the USV on the IVHM system
are analyzed based on use and maintenance requirements (HU J & CAI' W T., 2021).

Unmanned aerial vehicles and autonomous aircraft have emerged as integral
components of modern aviation systems, offering a wide range of applications in various
domains such as surveillance, reconnaissance, cargo transportation, and remote sensing.
Ensuring the reliable and efficient operation of these vehicles is of utmost importance to
guarantee the safety of operations and optimize their performance. IVHM systems have
emerged as a critical approach to monitor and manage the health and performance of UAVs

and autonomous aircraft in real-time.

The analysis of sensor data plays a crucial role in IVHM systems, providing valuable
insights into the health status and behavior of the vehicles. Among the various sensors
employed in UAVs and autonomous aircraft, the accelerometer and gyroscope sensors are

particularly important for capturing and measuring the vehicles' motion and orientation.

This research endeavors to delve into the logs obtained from the accelerometer and
gyroscope sensors which form part of flight log obtained from university. Our primary objective
is aimed at exploring IVHM systems used within these sensors by examining the data provided
via flight log. Through detailed scrutiny of accelerometer readings we can extract critical
information regarding linear acceleration exhibited by UAVs while being able to identify any
motion patterns that may be anomalous or deviate from expected behavior patterns. Similarly
analyzing gyroscope outputs enables us to investigate rotational movements being made by
UAVs while also uncovering irregularities or disturbances that might hinder their performance

negatively.

To fulfill our objectives we employ advanced techniques including statistical analysis,
signal processing algorithms along with effective visualization methods which aid us in
exploring various key attributes within accelerometer & gyroscope sensor readings. These



insights provide a comprehensive understanding of UAVS' & autonomous aircrafts'

performance levels dependability quotient as well as overall health status.

This analysis intends to expand our understanding of IVHM systems concerning UAVs
and automated planes. By detecting possible issues or abnormalities within accelerometer and
gyroscope sensor data, this research seeks to support proactive maintenance tactics as well as
facilitate timely interventions for assured safe operation and improved effectiveness of such

aeronautical units.

Ultimately, this scrutiny into IVHM linked to accelerometer and gyroscope-based
monitoring can aid advancements within UAVS' realm by offering valuable insights that enable

optimal vehicle health checkup strategies.



1. Literature Review

The literature review chapter provides a comprehensive analysis of the existing research
and knowledge in the field of UAVs, IVHM systems, and sensor technologies. This chapter
aims to synthesize and summarize relevant literature, exploring the diverse applications and
characteristics of UAVSs, sensor technologies, and their integration within the aerospace
domain. By reviewing and analyzing key studies, this chapter establishes a foundation of
knowledge to inform the subsequent research and development efforts in the field.

1.1 Unmanned Aerial Vehicles

Different types of Unmanned Aerial Vehicles (UAVs) with distinctive characteristics,
such as supported altitude, speed, and energy autonomy, are suitable for different applications.
Generally, UAVs are classified according to their supported altitudes into Low-Altitude
Platforms (LAP) and High-Altitude Platforms (Al-Hourani et al., 2014). Furthermore, UAVS
can be classified into rotary-wing and fixed-wing. The former are appropriate for cases that
require UAVSs that can remain at steady positions, whereas the latter are suitable for applications
that demand UAVs travelling at high speeds and covering large distances (Zeng et al., 2016).
In an IoT environment, due to the limited energy capacity of the participating devices, suitable
LAP UAVs of the rotary-wing type can be efficiently and dynamically positioned to allow
Internet of Things (10T) devices to transmit with minimum power. A related framework towards
this direction is introduced in Reference (Mozaffari et al., 2017), while authors in Reference
(Soorki et al., 2016) introduce a resource-allocation scheme for improving energy consumption
at cluster heads that use aerial base stations. (Lagkas et al., 2018). UAVs have found many
applications, such as condition monitoring, geographical mapping, and performing certain
dangerous tasks, wherein the sensor technologies are indispensable for achieving these
functions (van Blyenburgh, 1999)—(Zhu & Pong, 2019). These sensors include accelerometers,
tilt sensors, engine intake flow sensors, magnetic sensors (electronic compasses), and current
sensors (Winkler, 2016). Among these sensors, current sensors play an important role for a
healthy operation of UAVSs such as to prevent overcharging and safeguard against overcurrent,
(Daponte et al., 2017).

The UAVs undergo various power profiles in different parts of the UAV mission, such
as takeoff, hovering, and landing. The accuracy of current sensing is critical, as they undertake
the following tasks (see Fig. 1). The overcharging condition should be totally avoided because



it can generate the heat and gases in batteries, resulting in the irreversible damage (Miguel
Rasgado Baido et al., 2017). Second, the current sensors can measure the energy consumption
of batteries for determining the remaining flight time (Jin et al., 2003). In UAVs, the flight time
is critically dependent on the battery life. A “dead stick” condition in which the battery becomes
completely drained during flight can be disastrous (Unmanned Systems Technology, 2017).
Finally, the real-time current measured by current sensors can be used by the protection system

to alert when there is a system fault (Saha et al., 2011).

~— Power line (+)
— Power line (-)
- Protection circuit I

Over-current | I ~ Control circuit
Protection

— 1

Fig. 1. Circuitry of a UAV, including the battery management system (BMS), current sensor,
battery, power hub, electronic speed controller (ESC), propeller, and so on (van Blyenburgh,
1999).

1.2 Health Management Systems

Integrated System Health Management (ISHM) systems are primarily responsible for
diagnostic and prognostic functions across a wide array of aerospace, defence and transport
systems to enhance decision-making and provide opportune assessments regarding a System’s
state-of-health and availability to operations and maintenance crew (Jennions, 2013). The
National Aeronautics and Space Administration (NASA) introduced Vehicle Health
Monitoring (VHM) which expanded this concept to include appropriate sensors and software

to monitor multiple aspects of aerospace vehicles (Woodard, S. E.,2003).



However, there is not only one definition of Integrated Vehicle Health Management
(IVHM). For instance, according to NASA; safety and reliability improvement, cost reduction,

mission enhancement, and the enabling of new capabilities and missions (NASA, 1992).

By providing integrated health monitoring and supporting Condition-based
Maintenance (CBM), IVHM aims to minimize Maintenance Repair and Overhaul (MRO) costs
and enhance aircraft availability in the aviation sector (Ezhilarasu et al., 2019). In terms of the
history, the growth of aircraft design and operations eventually contributed to the continually

updated maintenance programs.

Syvim

1980 1990 2000 2010 2020

Fig. 2. Trend of Al technologies in Aerospace IVHM versus general Al technologies
(Ezhilarasu et al., 2019).

When technology moved toward digital systems in the 1980s (Fig. 2), built-in test (BIT)
circuits were tested electronically to detect faulty Line Replaceable Units (LRU). This replaced
the earlier method of troubleshooting, which involved testing the circuit for continuity in
mechanical and analog aircraft systems (Johnson et al., 2011). For B747 aircraft, Centralized
Maintenance Computers (CMC) were created in the early 1990s to assess the condition of
numerous LRUs (Ezhilarasu et al., 2019).

Modular systems, data-driven approaches to diagnosis, and loadable databases were all
features of early 2000s maintenance systems like Honeywell Prime Epic Aircraft Diagnostic
Maintenance Systems (ADMS) (Johnson et al., 2011).
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The IVHM sector is utilizing big data analysis and cloud-based computing in the current
decade to improve real-time health monitoring. Additionally, the aerospace sector, that includes
Rolls Royce, is exploring the use of robotics to examine systems and determine whether

maintenance is necessary (CNBC, 2018).

In recent years, with evolution of the new paradigm of IVHM encompassing all or
several of the aircraft systems, Structure health Management (SHM) is becoming a part of the
IVHM strategy and issues alerts. These alerts serve as early warnings or notifications to take
suitable actions “in-advance”, thereby ensuring mission readiness and safety rapidly and

economically (Mangalgiri & Harinarayana, 2017).

Regarding the subsystems of IVHM, two subsystems set up the IVHM: the diagnostic
subsystem and the prognostic subsystem Williams (2006). To better understand IVHM
subsystem Prajapati et al. (2018) defined the term ‘diagnostic subsystem’; it is responsible for
fault detection, regardless of whether fault has actually occurred, and in the event of a fault, it
identifies the cause of the fault, thus establishing the association between fault diagnosis,
detection, isolation, and cause determination, while the prognostic subsystem is employed to
estimate the remaining useful life (RUL) of the intricate critical system, encompassing its
subsystems and components. In terms of the second subsystem, namely the prognostic
subsystem, its purpose is to facilitate real-time assessment, continuous monitoring of
operational health, and estimation of the remaining useful life for both complex systems and
their individual components (Prajapati et al., 2018).

Health data are collected from vehicle components, structures, and elements and used
to make diagnoses and prognoses of the present and future health of the vehicle. This
information is further processed to formulate appropriate operation and support actions and
presented to the people who should decide and execute the actions. Here, the first critical issue
is that information regarding vehicle condition must be acted upon to generate reactive plans
rather than merely processing health data and presenting them for later manipulation and use
(Benedettini et al., 2009).

IVHM is the unified capability of systems to assess the current or future state of the
system health and integrate that picture of system health within a framework of available
resources and operational demand. Prognostic and Health Management (PHM) can be defined
as the ability of assessing the health state, predicting impending failures and forecasting the

expected RUL of a component or system based on a set of measurements collected from the

11



aircraft systems (Vachtsevanos et al., 2006). It comprises a set of techniques, which use analysis
of measurements to assess the health condition and predict impending failures of monitored

equipment or system (Paixdo de Medeiros et al., 2014).

Developments in Prognostics and Health Monitoring (PHM) technology within the
aeronautical sector have been of value for aircraft operators, MRO (Maintenance, Repair and
Overhaul) service providers, aircraft manufacturers and OEMSs (Original Equipment
Manufacturers) to achieve important competitive advantages such as reduction in operational
cost and increase in fleet reliability (Rodrigues & Yoneyama, 2012; Paixao de Medeiros et al.,
2014).

Moving on now to consider the benefits of IVHM. In his work, Williams (2006)
discusses the benefits of employing an IVHM system in fleet management, particularly in terms
of allocating alternative tasks based on variations in component capabilities and conditions
within the vehicle. Furthermore, the author highlights the role of IVHM in facilitating an
efficient vehicle turnaround process. From a maintenance perspective, an IVHM system plays
a significant role by diminishing the need for frequent inspections, minimizing uncertainties
surrounding faults, reducing repair time, and mitigating the unnecessary removal of potentially
viable components (Prajapati et al., 2018). From another perspective, according to Hess and
Fila (2002) an IVHM expands inspection coverage and offers early notice of maintenance needs
and the implementation of an IVHM system enables more proactive management and enhances
responsiveness by providing timely access to malfunction alerts. This allows for effective
actions to be taken promptly in response to requirements and support operations (Hess et al.,
2004). Similarly, in order to enhance the reliability of the supply chain, it is imperative to
consistently update data regarding part utilization and resource allocation within the logistics
sector (Hess & Fila, 2002).

1.3 Sensor Review

This chapter focuses on evaluating sensors and their significance within IVHM systems.
It examines the role of sensors in enhancing connectivity, low latency, and reliable
communication for drones as smart devices within the Internet of Things (1oT) framework. The
chapter also highlights the importance of micro electro-mechanical systems (MEMS) in
detecting and measuring physical parameters, contributing to the functionality of drones and

aircraft.
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1.3.1. Internet of Things

Generally speaking, 10T refers to the networked interconnection of everyday objects,
which are often equipped with ubiquitous intelligence. 10T will increase the ubiquity of the
Internet by integrating every object for interaction via embedded systems, which leads to a
highly distributed network of devices communicating with human beings as well as other

devices.

The fundamental concept of the proposed framework to protect drones lies in the fact
that mobile semiautonomous devices are expected to enter the 10T architecture as another type
of smart devices and, due to their significant impact on several everyday activities
(sensitive/critical or not), they require well-established and high-quality security support. On
this ground, the proposed framework envisions to provide the necessary security components
that would facilitate the process of interconnecting drones and UAVs under the umbrella of the
0T, while exhibiting advanced intelligence and self-management characteristics(Lagkas et al.,
2018).

5G and loT Sensor Technologies for UAVs The 5G technology is expected to enhance
mobile broadband, enable applications that require ultrareliable very low latency and very high
availability networks, improve traffic safety and control, support industrial applications, remote
manufacturing, training, surgery, logistics, tracking, and fleet management. It will be utilized
for smart agriculture, precision farming, smart buildings, smart meters, support of 4K/8K UHD
broadcasting, virtual and augmented reality without range limitations, including homes,
enterprises, and large venues offering massive and critical Machine-To-Machine-Type
Communications (MTMC) (Wang et al., 2012). This type of device communications can be
integrated with typical Human-Type Communications (HTC) through suitable gateways in the
context of a 5G architecture, as presented in Reference(Sarigiannidis et al., 2017) and illustrated

in Fig.3.

13



G M T M ey

G — Q= b '{) ” . ‘-:‘.v 1 'r,")
R @ » -
e P s
/m
" Gt 5GBS
- [4) [6)
A a
o & ,
Human Communications
IoT Network Network

Fig.3. Unmanned aerial vehicle (UAV)-enhanced 5G-enabled Internet of Things (loT)
services (Lagkas et al., 2018).

1.3.2 Wireless Integrated Networked Sensors

In traditional airplane monitoring system (AMS), data sensed from strain, vibration,
ultrasound of structures or temperature, and humidity in cabin environment are transmitted to
central data repository via wires. However, drawbacks still exist in wired AMS such as
expensive installation and maintenance, and complicated wired connections. In recent years,
accumulating interest has been drawn to performing AMS via airborne wireless sensor network
(AWSN) system with the advantages of flexibility, low cost, and easy deployment(Gao et al.,
2018).
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Fig. 4: The airborne wireless network schematic diagram(Gao et al., 2018).

As shown in Fig 4, The AWSN communication system includes four components: smart
sensors, inter-AWSN, beyond AWSN, and remote servers. Within AWSN, various smart
sensors deployed on airplane connect to airborne wireless sensor nodes. It is clear that the

AWSN is formed among all sensor nodes depending on wireless transceivers.

Wireless Radio

Wireless radio to transmit
and receive data with
other wireless sensors and
data serves

Tt 3

Sensing Interface Computing Core Actuation Interface
Include analog-to-digital ' Two misin components of l Includes digital-to-analog

converter (ADC) to wireless sensor cores are converter (DAC) to
convert analog snsor microcontrollers and Command active sensors and
signals to digital formats memory for sensor data actuators with analog signals

Fig. 5 The schematic diagram of airborne wireless sensor board (Gao et al., 2018)

The WINS network must interact with the external world. Fig. 6 shows a notional WINS
system architecture wherein WINS nodes communicate with the external world via an
enterprise level network, such as a factory control network and/or the internet. Two-way

communication is provided throughout the system as an essential attribute (Zhu et al., 2020).
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Fig. 6. A schematic description of a WINS system architecture(Marcy et al., 1999).

The Deployment of AWSN in AMS. General aircraft body is consisted of left and right
wing, cockpit or cabin, engine, vertical tail, left and right horizontal stabilizer, landing gear,
front, middle, and rear sections which are installed in subsystems of aircraft. Due to the
dispersing deployment characteristic of the subsystems, cluster-star network topology is more
suitable for AWSN in AMS (Sanjiv Rao & Vallikumari, 2012). Fig. 6 illustrates how the WSN
is deployed inside cabin, fuel tank, on the wings and other sections of the airplane with
clusterstar topology. To meet the requirements of AMS, one or more clusters are constructed in
each subsystem or respective region of aircraft body, and cluster head and sensor nodes in each
cluster formed cluster topology. The deployment of sensor nodes at certain optimum locations

inside airplane enumerates as follows:

(1) Fuel Tank. The sensor nodes are deployed inside fuel tanks which are located in the wings
and tail of the airplane to measure the level of fuel.

(2) Exhaust. Sensors placed inside the exhaust would monitor whether any obstructions exist in
it.
(3) Wheels. The routine examination for health and condition of the wheels should be

implemented before takeoff and after landing of aircraft. Moreover, the wheels might be also

damaged while the aircraft is on the runway or in the air.

(4) Engine. The engine is the “heart” of an airplane, which should be monitored in real-time.
Overheating or physical damage of the engine is harmful for airplanes. Most severe catastrophic

16



failures even airplane crashes are associated with the safety of engine. Tus, sensor nodes
installed in and around the engine would monitor temperature and state of the engine surrounds

and all components.

(5) Wings. Wings in the aircraft are always exposed to corrosion, impact, and crack damage due
to external various complicated climatic environments. Sensor nodes installed in the wings
would monitor vibration or strain arising from them to diagnose or forecast the localization,

severity of them.

(6) Fire and Safety. Certain areas inside the airplane such as the aircraft cabin and the passenger
area carry items like luggage, cockpit, the kitchen, passenger section, and the cargo, where
smoke sensor nodes might detect free indication and send alerts through the AMS.(Gao et al.,
2018)

The wireless airborne devices inevitably face interference due to elements of the harsh
environment such as heavy dust, vibration, heat, freeze, uncertain temperature and humidity,
bad weather in upper air, and other RF signals (Turkrnani & de Toledo, 1993), which
contravene wireless communication principles.(Gao et al., 2018)

Use Cases for Wireless Networking with UAVs The use of UAVs as key entities of
next-generation wireless networks constitutes one of the most promising applications of the
corresponding technologies. A number of promising use cases are thoroughly detailed in

Reference (Mozaffari et al., 2019) and presented below.

« UAV-carried flying base stations that complete heterogeneous 5G systems to enhance the

coverage and capacity of existing wireless access technologies.

« UAV-based aerial networks that allow reliable, flexible, and fast wireless connections in

public-safety scenarios.

* UAVs that support terrestrial networks for disseminating information and enhancing

connectivity.

* UAVs as flying antennas that can be deployed on demand to enable mmWave

communications, massive MIMO, and 3D network MIMO.
» UAVs that are used to provide energy-efficient and reliable 10T uplink connections.

» UAVs that form the backhaul of terrestrial networks to allow agile, reliable, cost-effective,

and high-speed connectivity.
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* UAVs able to cache popular content and efficiently serve mobile users by following their

mobility patterns.

» UAVs that act as users of the wireless infrastructure for surveillance, remote-sensing, and

virtual-reality cases, and package-delivery applications.

* UAVs that collect vast amounts of city data and/or enhance cellular network coverage in a

smart-city scenario(Lagkas et al., 2018)

1.3.3 Magnetoresistive Sensors

Lord Kelvin discovered magnetoresistance in 1857 when he noticed the slight change
in the electrical resistance of a piece of iron when he placed it in a magnetic field. But it took
more than 100 years before a first magnetoresistive (MR) sensor concept was reported by Hunt
in 1971. And it lasted additional 20 years for IBM to introduce the first MR head, which used
a strip of magnetoresistive material to detect bits, into a hard disk drive in 1991. Earlier, MR
sensors were used in less demanding applications of price tag and badge readers (read-only)
and magnetic tape (1985) (TE Connectivity, n.d). MR sensors tend to consume less power, and

they are smaller in size than the Hall-effect sensors(Zhu et al., 2020).

1.3.4 Micro Electro-Mechanical Systems

MEMS, or microelectromechanical systems, are commonly characterized as minuscule
devices that are deliberately designed, manufactured, and employed to engage with and effect
modifications within a specific vicinity (Walraven, J., 2003). These devices have the capacity
to respond mechanically, electrically, or chemically to external stimuli, thereby generating a
corresponding mechanical, electrical, or chemical reaction within their immediate surroundings
(Mishra et al., 2016). These compact and highly advanced devices possess enhanced cognitive,
operational, sensory, and communicative capabilities, rendering them increasingly prevalent in
a wide array of traditional applications, where they are gradually supplanting their larger-scale

counterparts (Walraven, J., 2003).

MEMS components are classified into six distinct applications, encompassing the following

categories:

e Sensors
e Actuators
e RF MEMS

18



e Optical MEMS
e Microfluidic MEMS
e Bio MEMS

MEMS, in the context of Integrated Vehicle Health Management, play a pivotal role in the
functioning of accelerometer and gyroscope sensors. These sensors are key components of
MEMS, which are designed to detect and interact with their surrounding environments.

Accelerometer

For a comprehensive understanding of integrated vehicle health management systems
concerning UAVs and autonomous aircraft models considerations must be given to analyzing
accelerometers' measurements carefully. The reason being that such an evaluation provides us
with valuable insights into their reliability quotient as well as any potential maintenance
requirements they may need over time.The outcome supports formulating more robust vehicle
health monitoring strategies intended at promoting efficient functioning throughout
operations.In this particular segment of our study report,the outcomes from comparing &
discussing spectrograms obtained from raw and processed data, are presented.

The accelerometer serves as an automated instrument utilized for quantifying
acceleration, detecting and measuring vibrations, and gauging the acceleration induced by
physical movements or inclinations of an object. The utilization of accelerometers extends to
the measurement of vibrations in diverse contexts such as automobiles, engines, buildings, and
security installations (Faisal et. al. 2019). Accelerometers have diverse applications beyond
their traditional use in measuring physical motion. In more advanced applications, a wide range
of sensors is available for navigation purposes. One such sensor is the accelerometer, which is
capable of measuring acceleration, a fundamental parameter in motion analysis.
Accelerometers have gained substantial usage in contemporary automotive systems, serving
diverse functionalities such as enabling airbag deployment during collisions. Additionally,
these sensors find application in various consumer electronic devices like game controllers,
personal media players, cell phones, and digital cameras (Mishra et al., 2016). Acceleration
refers to the rate of change of velocity over time and can be positive (resulting in increased
speed) or negative (resulting in decreased speed, known as deceleration). The direction or
orientation of the acceleration is also significant as it represents a change in the vector quantity
of velocity. Acceleration can be influenced by changes in the direction of movement, adding to

the complexity of the analysis (Faisal et. al., 2019).
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To obtain distance data from an accelerometer sensor, a dual integral process is required
to integrate the output of the sensor. Researchers and developers are currently exploring various
applications of accelerometer sensors, such as detecting foot movements for navigation
purposes and utilizing motion for console gaming or other control functions. These
advancements in accelerometer sensor technology open up possibilities for enhanced

navigation systems and interactive user experiences in various domains(Faisal et. al., 2019).

Fig. 7 . Accelerometer (PNGWing, n.d.)

Principle of Accelerometer

In a simplified manner, the MEMS accelerometer can be conceptualized as a system
governed by Newton's second law, where a mass is affixed to a spring within a defined reference
frame (Fig. 8).

This basic configuration encompasses two primary principles of MEMS accelerometers:
one involves the measurement of mass displacement, while the other entails monitoring the
frequency variations of a vibrating element caused by tension alterations. The accelerometer is
capable of quantifying linear acceleration, and by performing double integration of the acquired

signal, positional information can be obtained (Grahn, 2017).
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Fig. 8. Illustration of the basic principle of Newton’s second law in two dimensions where a
mass m is attached to springs within a reference frame (Grahn, 2017)

MOTION MOVABLE MASS

FXED ELECTRODE

Fig. 9. Moving mass and capacitance(Dadafshar, 2014)

Capacitance sensing is a widely adopted methodology for accelerometer sensing,
wherein the measurement of acceleration is closely associated with the alteration in capacitance
of a movable mass (Fig. 9). This sensing technique is renowned for its remarkable precision,
stability, minimal power dissipation, and straightforward construction. Additionally, it exhibits
resistance to noise and temperature-induced fluctuations. The bandwidth of a capacitive
accelerometer is typically limited to a few hundred Hertz due to the inherent physical
characteristics of its geometry, particularly the spring structure, and the presence of enclosed
air within the integrated circuit, which functions as a dampening agent (Dadafshar, 2014).

STXE()XA
D

C = (Farad)

€9 = Permitted free space
A = Area of overlap between electrodes
D = Separation between the electrodes

€, = Relative material permitted between plates
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Gyroscope

A gyroscope is a device mounted on a frame that can sense the angular velocity of the
frame when it rotates (Faisal, et.al., 2019). Gyroscopes(Figure 9) can be classified into various
categories based on their operational principles and technological applications. They can serve
as standalone devices or be integrated into complex systems such as Inertial Measurement Units
(IMUs), gyrocompasses, attitude heading reference systems, and navigation systems (Passaro
etal., 2017).
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Fig. 10 Scale factor stability (i.e., the accuracy of the gyroscope in monitoring the sensed
angular velocity), expressed in parts per million (ppm), as a function of the bias stability
(intrinsically dependent on the gyroscope technology) for Mechanical Gyroscopes, Ring Laser
Gyroscopes (RLG), Interferometric Fiber-Optic gyroscopes (IFOG), Quartz, Dynamically
Tuned Gyroscopes (DTG), Rate and Integrating Gyroscopes and MEMS (Passaro, V., 2017).

Historically, mechanical gyroscopes have been in use since the 19th century. They can
be classified into displacement gyroscopes and rate gyroscopes. These gyroscopes consist of a
rotor in the shape of a toroid that rotates around its axis. On the other hand, optical gyroscopes,
which have been in use since the 20th century, operate by detecting the difference in the time
it takes for counter-propagating laser beams to travel in opposite directions along a closed or
open optical path. In Fig. 10, the left-bottom spectrum represents mechanical gyroscopes, while
the middle spectrum represents optical gyroscopes. The most commonly used types of optical
gyroscopes are IFOG (Interferometric Fiber Optic Gyroscope) and RLG (Ring Laser

Gyroscope), both of which utilize the principles of the Sagnac effect. Among these gyroscopes,
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the ring laser gyroscope is currently more prevalent and holds a larger market share, particularly
for applications that require very high performance (Passaro, V., 2017).

Fig. 11. lllustration of the basic principle of a gyroscope and how the rotations (y,0,$) occur
around respective axes (Passaro et al., 2017).

1.4. Applications

The applications of unmanned aerial vehicles are diverse, including areas related to
civilian, military, commercial, and governmental sectors (Merwaday & Guvenc, 2015; Motlagh
etal., 2017). Examples include environmental monitoring (e.g., pollution, health of plants, and
industrial accidents) in the civilian sector. In military and governmental areas, we mainly have
surveillance and delivery applications aiming to acquire or provide information at locations
after a disaster or attack, and to distribute medicine or other essential items. Commercial
applications are focused on delivering products and goods both in urban and rural areas. UAVS,
since they are dependent on sensors, antennas, and embedded software, are considered as part
of the Internet of Things, providing a two-way communication for applications related to remote

control and monitoring (Luo et al., 2015).

The Internet of Things (10T) constitutes a rapidly emerging cutting-edge environment
in which the focal concept lies in the orchestration of a large variety of smart objects in such a
way that they can be utilized and operated globally, either directly by users or by special
software that captures their behavior and objectives. 10T enables objects to become active
participants of everyday activities, with numerous promising applications through various

communication technologies in the context of the “smart-city” vision (Zanella et al., 2014).

23



The wireless airborne devices employed inside airplane forward structural or environmental
data to data aggregation center. Unfortunately, the electromagnetic waves from devices inside
internal airplane should penetrate complex metallic and composite spaces. For instance,
wireless propagation in airplane wing suffers from high attenuation as it goes through wing
relief holes and spaces between wing structures including skin, spar, stringers, and ribs.
However, path loss models for airplane wing environment link have been seldom investigated.
It is challenging to get complete wireless link budget due to the high metallic feature of airplane
wing. Due to the particularity of airplane wing environment, traditional path loss models for
building or outdoor environments (e.g., alfsh-lkegami (Ruff et al., 2004), Keenan-Motley
(Cummings et al., 2007), and Turkmani (Arslan, 2009)) are unsuitable for empirical path loss

of airplane wing(Gao et al., 2018).

Utilizing an IVHM system proves to be a commendable strategy when it comes to the
management and production of vehicle platforms and to ensure cost-effective field operations
throughout the life cycles of advanced spacecraft, significant modifications are implemented.
Intelligent technology, employed by an IVHM system, is utilized in both existing and new
vehicles to facilitate cost-effective decision-making regarding usage, support, and design. This
serves as the current rationale supporting the adoption of IVHM.
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Conclusion of Literature Review

In conclusion, the literature review highlights the diverse applications and
characteristics of UAVs and IVHM systems in the aerospace. Sensor technologies play a crucial
role in UAVSs, enabling functions such as condition monitoring, geographical mapping, and
dangerous task execution. Various sensors, including accelerometers, tilt sensors, engine intake
flow sensors, magnetic sensors, and current sensors, contribute to the overall health and safety
of UAV operations. Current sensors, in particular, are essential for preventing overcharging,
monitoring battery energy consumption, and providing real-time measurements for system fault

detection and protection.

Integrated System Health Management (ISHM) systems, encompassing diagnostic and
prognostic functions, are essential in aerospace, defense, and transport systems. IVHM aims to
enhance decision-making, improve maintenance programs, reduce costs, and enhance the
availability of aircraft. Over the years, IVHM has evolved with advancements in digital
systems, built-in test circuits, and data-driven approaches. The current decade witnesses the
integration of big data analysis, cloud-based computing, and robotics to improve real-time

health monitoring and maintenance.

Overall, the reviewed literature emphasizes the importance of sensor technologies, and
IVHM systems in ensuring the efficient operation, safety, and maintenance of aerospace

systems.
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2. Methodology

This section presents the methodology employed to analyze the flight logs of the unmanned
aerial vehicle (UAV) in the context of this research. The flight logs, obtained from the
university and recorded during a specific flight, serve as the primary data source for this
analysis. The methodology comprises the following steps: data conversion, data examination,
and graphical analysis. The methodology employed in this research is based on data-driven
reasoning techniques, which involve assigning mathematical models and weight parameters to

the observed variables of the system.

2.1 Data Conversion

The flight logs, initially provided in a proprietary format, are converted into MATLAB files
using Mission Planner. Mission Planner is a widely used software tool specifically designed for
UAV mission planning and analysis. By converting the logs into MATLAB files, the data
becomes readily accessible for further analysis and processing.

2.2 Data Examination

Instead of using a physical model as in the case of model-based reasoning, data-driven
reasoning techniques calculate and assign mathematical models and weight parameters to the
observed variables of the system using a training dataset previously gathered from the system
(Ranasinghe et al., 2022).

This approach is powerful in predicting near-future behaviours because it focusses on
identifying trends in the data. This is particularly useful near the end of life of a component, as
the trends show distinct characteristics at this stage (An et al., 2015).

Once the flight logs are converted into MATLAB files, the focus shifts to examining the
data contained within. Specifically, this analysis focuses on the accelerometer and gyroscope
data. Each of these sensor types consists of three channels, resulting in a total of six data streams
for analysis. The MATLAB files contain 133,961 data points, capturing a comprehensive

dataset for investigation.

During the data examination phase, the recorded data is processed using MATLAB's built-
in functions and custom scripts. Statistical analysis techniques, signal processing algorithms,
and data visualization methods are applied to explore the characteristics and patterns within the

recorded sensor data.
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2.3 Graphical Analysis

As an integral part of the analysis process, graphical analysis plays a crucial role in
presenting and interpreting the results. MATLAB's extensive range of graphical capabilities
and add-ons are utilized to create visual representations of the analyzed data. By employing
appropriate visualization techniques, such as line plots, scatter plots, histograms, and

spectrograms, the findings are visually represented and effectively communicated.

The graphical analysis is instrumental in identifying trends, anomalies, correlations, and
other relevant insights within the accelerometer and gyroscope data. These visual
representations serve as a basis for further interpretation and formulating conclusions based on

the analysis outcomes.

2.4 Functions and Formulas

In this section, the functions and formulas utilized in the processing and analysis of the
data obtained from the UAV's accelerometer and gyroscope are presented. A crucial role is
played by these functions and formulas in preprocessing the data, applying mathematical
operations, filtering, normalizing, and extracting useful information from the raw sensor
readings. Additionally, the specific functions and their purposes are described, as well as the
notation and terminology used in this thesis. These tools enable insights to be gained into the
characteristics of the sensor data and facilitate subsequent analysis and interpretation. Through
the application of these functions and formulas, the raw data can be transformed into

meaningful representations, paving the way for further investigation and exploration.

Data = The combined readings from the accelerometer and gyroscope sensors on the UAV are
collectively referred to as the "UAV sensor data.” It includes three sets of measurements: AccX,

AccY, and AccZ for the accelerometer, and GyrX, GyrY, and GyrZ for the gyroscope.
Normp,;, = Normalized data

Meanp,:, = Mean of normalized data

Stdp,ta = Standard deviation of the normalized data

Data[R & I] = Denotes the submatrix of Data containing only the rows whose indices are not

in the set I.

R = Collection of all the possible indices that can be used to access the rows of Data.

N = Number of normalized data set
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f = Frequency vector (Hz)
fc = Cutoff frequency

fs = Sampling frequency

fft = Fast Fourier Transform
Datag = FFT of the data

Datag, .. = Magnitude of the FFT

unique = Removing duplicate rows while preserving the order.
fillmissing(‘linear’) = Filling missing values in Data using linear interpolation
fillmissing(‘spline”) = Filling missing values in Data using spline interpolation

Data = unique(Data,’ rows’,’ stable")
Data = Data[R € I]

Data = fillmissing(Data,’ linear")
Data = fillmissing(Data,’ spline’)

[b,a] = butter 2,i

(3

Data = filtfilt(b,a,Data)

N Data
0TMygtqg = ————
ata VX (Data?,2)
N
1
Meanpgia Z Normpata
i=1

N
1
Stdpata = N Z(NormDatai - ]\/Ieandata)2
i=1

N = size(GyrData,orm, 1)

-(3)()
f=\0 2/\N
Datagy, = fft(Dataporm)

|Datafft|
Datafftmag = —N
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study:

Datafftmag = Datafftmag(l : floor(N/2) + 1,:)

The following functions were used in the processing and analysis of the data in this

‘unique”: This function was utilized to remove duplicate rows from the dataset. The
'rows' and 'stable’ options were specified to ensure that the rows were removed in the
same order as they appeared in the original data.

‘isnan’: This function was used to check if any element in the matrix was NaN (Not-a-
Number) and returned a logical array of the same size.

‘any": The 'any' function was utilized to determine if any element of the matrix was
nonzero, returning a logical value.

fillmissing": This function was used to replace NaN values in the matrix with
interpolated values based on the specified method, either ‘linear' or 'spline'.

‘butter': The 'butter' function was used to design a Butterworth filter with the specified
cutoff frequency (fc) and order (2 in this case).

filtfilt": This function was used to apply the designed Butterworth filter to the data using
zero-phase filtering. The filter coefficients and the data were provided as input.

'sqrt: This function was used to compute the square root of each element in the matrix.
'sum'’: The 'sum’ function was utilized to compute the sum of each row in the matrix.
‘corrcoef': This function was used to compute the correlation matrix for the
accelerometer and gyroscope data.

'kmeans': The 'kmeans' function was used to perform k-means clustering on the
gyroscope data.

'silhouette: This function was utilized to compute the silhouette scores for each data
point in the gyroscope data.

'scatter3": This function was used to create a 3D scatter plot of the gyroscope data.
'max’: The 'max’ function was utilized to return the maximum element in the array.
fprintf': This function was used to print a formatted message to the console.

'fft": The 'fft' function was utilized to compute the discrete Fourier transform (DFT) of
the data.

‘abs": This function was used to compute the absolute value of each element in the

matrix.
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e 'spectrogram': Finally, the 'spectrogram’ function was used to compute the spectrogram
of the data using a sliding window and overlapping segments. This function takes in the

data, window size, overlap, and sampling frequency (fs) as input.

These functions were instrumental in processing and analyzing the data for this study,
enabling various data manipulation, filtering, statistical analysis, clustering, and visualization

tasks.

30



3. Results

This section presents the results of analyzing accelerometer and gyroscope data from
the university's UAV. The analysis includes spectrogram analysis, determination of the optimal

k value, and clustering results.

3.1 Accelerometers and Gyroscope sensors analysis

This analysis aims at understanding how accelerometer and gyroscope readings lend
themselves towards integrated vehicle health management systems designed for use in
autonomous aircrafts or unmanned aerial vehicles. It does so by analyzing different aspects
related to their performance such as behavior which plays an essential role in effective vehicle

monitoring/maintenance practices.

We deployed a spectrogram technique designed for examining time-frequency
characteristics of signals from both raw sensor output as well pre-processed readings given that
interpreting raw data can be challenging leading often times into errors associated with false
assumptions/misleading interpretations. By using processed data together with application of
the spectrogram method allowed us clearly identify variations across different time intervals
and frequency bands, hence providing a roadmap for comprehensive understanding of how the

sensors perform under different operational scenarios.

The primary objective of this juxtaposition is to determine just how much effect
processing techniques have on sensor data interpretation quality. Based on our evaluation of
clarity and precision in the information extracted from signals courtesy of spectogram readings,

we aim to establish the effectiveness level of these processing methods

Through the spectrogram analysis, we will investigate the time-frequency characteristics and
patterns exhibited by the accelerometer and gyroscope data. This examination will enable us to
gain insights into the dynamic behavior and performance of the unmanned aerial vehicles and

autonomous aircraft under study.

By comparing the spectrograms of the raw and processed data, we will assess the extent
to which data processing techniques contribute to the improvement of signal quality and the
identification of relevant features. This analysis will help us determine whether the processed
data provides a more reliable and meaningful representation of the underlying vehicle health

status and performance.
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The results of this comparative analysis will be presented in the form of graphical
representations and accompanied by a detailed discussion of the observed differences and
implications. We will highlight any significant findings or patterns that emerge from the

comparison of spectrograms between the raw and processed data.

Through the analysis of these results, we contributed to the understanding of integrated
vehicle health management systems in UAVs and autonomous aircraft, specifically focusing on

the role of data processing in enhancing the analysis and interpretation of sensor data.
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Accelerometer 1 Spectrograms
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Fig. 13. Accelerometer 1 Spectrograms
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Accelerometer 2 Spectrograms
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Fig. 15. Accelerometer 2 Spectrograms
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Accelerometer 3 Spectrograms
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Gyroscope 1 Spectrograms
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Gyroscope 2 Spectrograms
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Gyroscope 3 Spectrograms
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Fig. 23. Gyroscope 3 Spectrograms

When comparing the raw and processed data, a noticeable distinction arises. Upon
observing the raw data (Fig. 12, 14, 16, 18, 20, 22), it becomes evident that the data itself is
inherently noisy and lacks readability. Nevertheless, after undergoing processing, the
spectrograms (Fig. 13, 15, 17, 19, 21, 23) exhibit discernible patterns and behaviors.
Considering the fact that the observed data corresponds to a well-functioning flight, these

measures can be employed as reference data for future investigations involving specific UAVS.

Upon careful examination of each processed spectrogram, notable occurrences of
unusual movement can be observed at the initial and mid-flight stages. These instances can be
attributed to specific factors: at the beginning, it signifies the commencement phase, while in
the middle, it indicates a transition from autopilot to manual control. These insights provide
valuable contextual understanding of the flight dynamics and aid in comprehending the
behavior of the UAV during different operational phases. These states can also be observed
through alternative platforms. Fig 24 depicts a graph obtained from plot.ardupilot.org, utilizing
our flight log data. This additional representation corroborates the findings derived from the
processed spectrograms, further validating the identified flight states and behaviors. The graph
from plot.ardupilot.org serves as an external reference, reinforcing the consistency and

reliability of our observations regarding the UAV's operational phases and transitions.
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Fig. 24. Graph Accelerometer Graph from plot.ardupilot.org

3.2 Determining the Optimal Number of Clusters using Silhouette

Score

To evaluate the appropriate number of clusters for the data analysis, the silhouette score
method was employed. The resulting analysis revealed that the optimal number of clusters was
determined to be 3, with an average silhouette score of 0.9553 (see Fig 25) . This high average
silhouette score indicates the quality of the clustering results, suggesting well-defined clusters

with relatively homogeneous data points within each cluster.

The silhouette score ranges from -1 to 1, where a score of 1 signifies that each data point

is closely aligned with its own cluster and distantly related to neighboring clusters.

A score of 0 indicates that the data point lies on the boundary between clusters, while a negative

score implies that the data point may be better suited to a different cluster.

Given the proximity of the average silhouette score to 1, it can be inferred that the
clustering algorithm successfully grouped similar data points together, resulting in well-defined
clusters. This finding highlights the effectiveness of the clustering technique in identifying and

grouping data points with shared characteristics.

In the context of the thesis, it can be stated that the silhouette method was employed to
determine the optimal number of clusters, and an average silhouette score of 0.9553 was
obtained when utilizing 3 clusters. This score indicates favorable clustering results and the
presence of relatively homogeneous data points within each cluster. These findings hold
significant implications for the research, suggesting a successful analysis of the data and

potentially paving the way for further investigations in the field.

Further discussions can focus on the implications of these findings for the integrated
vehicle health management systems in unmanned aerial vehicles and autonomous aircraft,

highlighting the potential applications and future directions for research in this area.
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Fig. 25. Silhouette method graph for deciding k value
3.3 Clustering Results

The purpose of clustering analysis in this study was to identify meaningful patterns and
groupings within the accelerometer and gyroscope sensor data obtained from flight logs of
UAVs’. By employing clustering techniques, the data points were organized into clusters
(Figure based on their similarity in order to gain insights into the behavior, performance, and

health status of the vehicles.

In the context of this analysis, one of the key objectives was to detect anomalies within
the sensor data. Anomalies can be characterized as data points that deviate significantly from
the centroids of their assigned clusters or exhibit high variance compared to the other data points
within their respective clusters. The identification of anomalies can be crucial for identifying

unusual or potentially problematic behavior in the vehicles.

Upon conducting the clustering analysis, it was determined that there were no anomalies
present within the accelerometer and gyroscope data. This suggests that the data points were
well-aligned with their assigned clusters and exhibited consistent characteristics within each
cluster. The absence of anomalies indicates that the sensor data was relatively consistent and

did not display any unusual or abnormal patterns.

In the subsequent sections, graphical representations of the clustering results will be
presented. These graphs provide visual insights into the distribution of the data points within

their respective clusters and serve to illustrate the absence of anomalies. By examining these
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graphs, it is possible to gain a better understanding of the clustering outcomes and verify the
consistency and coherence of the sensor data within each cluster.

The graphical representations generated using MATLAB present a visual summary of
the clustering analysis and provide valuable information regarding the grouping and
organization of the accelerometer and gyroscope sensor data. These graphs support the overall

findings of the study, further confirming the absence of anomalies and the meaningfulness of
the clustering results.

K-means Clustering for Accelerometer 1 with k=3

12.8

AccZ

Fig. 26. Accelerometer 1 clustering result
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Fig. 27. Accelerometer 2 clustering result

K-means Clustering for Accelerometer 3 with k=3
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Fig. 28. Accelerometer 3 clustering result
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K-means Clustering for Gyroscope 1 with k=3
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Fig. 29. Gyroscope 1 clustering result

K-means Clustering for Gyroscope 2 with k=3
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Fig. 30. Gyroscope 2 clustering result
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Fig. 31. Gyroscope 3 clustering result

K-means Clustering for Gyroscope 3 with k=3

Fig. 32. Gyroscope 3 clustering result with centroid dot
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The figures presented in this section (Figures 26, 27, 28, 29, 30, 31) depict the results
of the clustering analysis. The centroids of the clustered datasets are represented by black dots.
Additionally, Figure 32 illustrates the centroids of each clustered dataset using black dots. The
colors in the figures indicate the specific clusters, with the corresponding values indicated in

the accompanying color bar.

To understand why accelerometer and gyroscope clusters have different shapes requires
appreciating their unique measurement abilities. Accelerometers are built specifically for
measuring linear acceleration across different planes such as the X, Y, and Z ones. Therefore,
any data they produce captures changes in acceleration which can appear scattered when
represented across three-dimensional space. This randomness is a result of the varied

acceleration patterns experienced by the vehicle during different phases of flight or operation.

In contrast, gyroscopes are utilized to measure angular velocity or rotational motion
around different axes. Gyroscopes provide data on rotational rates, which, when plotted in a
three-dimensional space, manifest as a spherical shape. This spherical representation arises

from the continuous capture of rotational movements by the gyroscope sensors.

When analyzing clustering results related to integrated vehicle health management
systems, it's essential to keep in mind certain factors that have an impact on how those results
should be interpreted. These include elements such as the unique data context being examined,
sensor characteristics involved in collection processes during testing or use scenarios for
vehicles under consideration at different times or stages throughout their life-cycle development
process - all which affect results interpretation thus making domain-specific knowledge key as

well.

Conclusion of Results

The analysis of accelerometer and gyroscope readings in the context of integrated
vehicle health management systems for autonomous aircraft and unmanned aerial vehicles has
provided valuable insights. By employing spectrogram analysis and data processing techniques,
we were able to identify variations in sensor performance across different operational scenarios.
The processed data exhibited clear patterns and behaviors, improving the interpretability of the
sensor data. Furthermore, clustering analysis revealed well-defined clusters without anomalies,
indicating consistent characteristics within each cluster. These findings contribute to the
understanding of data processing and clustering techniques in enhancing the analysis and

interpretation of sensor data, paving the way for future research in this field.
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Discussion

Additional analysis can be done by using machine learning algorithms to train the flight
data and increase the accuracy of result comparisons. The primary focus of this study pertains
to the examination of sensor-based IVHM systems for UAVs. Future research endeavors may
involve the assessment of various parameters to further expand upon the findings presented

here.

While this study provides valuable insights into the analysis of IVHM systems for
UAVs, it is important to acknowledge that the obtained results were based solely on high-
quality flight data. Therefore, it is highly recommended to complement these findings with an
evaluation utilizing poor flight data in order to ascertain the robustness of the results.
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Conclusion

In conclusion, this master's thesis was dedicated to a comprehensive analysis of
Integrated Vehicle Health Management systems in unmanned aerial vehicles. The analysis
focused specifically on accelerometer and gyroscope readings and their suitability for effective
vehicle monitoring and maintenance practices. To facilitate data interpretation, a spectrogram
technique was applied to examine the time-frequency characteristics of the sensor data,
considering both raw and processed readings. The primary objective was to evaluate the impact

of data processing techniques on the quality and reliability of the sensor data analysis.

The results derived from the spectrogram analysis yielded significant insights into the
dynamic behavior and performance of UAVs. A comparison of the spectrograms between raw
and processed data indicated that data processing techniques improved the readability and
interpretability of the sensor data. The processed spectrograms revealed distinct patterns and
behaviors, thereby facilitating an understanding of the vehicle's performance under various

operational scenarios.

Furthermore, the study successfully identified specific flight states and behaviors, such
as the commencement phase and the transition from autopilot to manual control. These findings
were further validated through an external reference obtained from plot.ardupilot.org.
Additionally, employing the silhouette score method for clustering analysis resulted in the

successful grouping of similar data points into three well-defined clusters.

Within the accelerometer and gyroscope data, no anomalies were detected due to the
nature of the sensor data. Graphical representations of the clustering results visually illustrated
the absence of anomalies and offered insights into the distribution of data points within the
clusters. The diverse shapes of the accelerometer and gyroscope clusters were attributed to their
distinct measurement abilities, capturing changes in linear acceleration and rotational motion,

respectively.

It is crucial to consider the contextual factors surrounding the analyzed data, including
the specific characteristics of the sensors and the testing or operational scenarios of the vehicles.

Domain-specific knowledge played a pivotal role in accurately interpreting the results.

Overall, this thesis significantly contributes to the understanding of integrated vehicle

health management systems in UAVs and autonomous aircraft. The findings underscore the
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effectiveness of data processing techniques in enhancing the analysis and interpretation of
sensor data, thereby paving the way for further research and applications within this field.
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ANNEXES

Codes used for analysis
1.1. MATLAB Code of Assigning k value

data = IMU;

AccData = data(:, 6:8);

AccData = unique(AccData, 'rows', 'stable');

AccData = AccData(~any(isnan(AccData), 2), :);

AccData = fillmissing(AccData, 'linear');

fc = 5; % Cutoff frequency (Hz)

fs = 100; % Sampling frequency (Hz)

[b,a] = butter(2, fc/(fs/2)); % 2nd-order Butterworth filter
AccData = filtfilt(b, a, AccData); % Zero-phase filtering
AccData_norm = AccData./sqrt(sum(AccData.”2, 2));
k_range = 2:10;

silhouette_scores = zeros(size(k_range));
fori=1:length(k_range)

k = k_range(i);

idx = kmeans(AccData_norm, k);

silhouette_scores(i) = mean(silhouette(AccData_norm, idx));
end

figure;

plot(k_range, silhouette_scores, '-0');

xlabel('Number of clusters (k)');

ylabel('Average silhouette score');

title('Silhouette method');

[best_score, best_k_idx] = max(silhouette_scores);
best_k = k_range(best_k_idx);

fprintf('Best k value: %d (average silhouette score = %.4f)\n', best_k,

best_score);

56



2.2. Spectrogram MATLAB Code

data = IMU;

GyrData = data(:, 3:5); % Extract GyrX, GyrY, GyrZ
AccData = data(:, 6:8); % Extract AccX, AccY, AccZ
GyrData = unique(GyrData, 'rows', 'stable');

AccData = unique(AccData, 'rows', 'stable’);

GyrData = GyrData(~any(isnan(GyrData), 2), :);

AccData = AccData(~any(isnan(AccData), 2), :);

AccData = fillmissing(AccData, 'linear');

GyrData = fillmissing(GyrData, 'spline');

fc = 5; % Cutoff frequency (Hz)

fs = 100; % Sampling frequency (Hz)

[b,a] = butter(2, fc/(fs/2)); % 2nd-order Butterworth filter
AccData = filtfilt(b, a, AccData); % Zero-phase filtering
GyrData = filtfilt(b, a, GyrData); % Zero-phase filtering
AccData_norm = AccData./sqrt(sum(AccData.?2, 2));
GyrData_norm = GyrData./sqrt(sum(GyrData.”2, 2));
mean_acc = mean(AccData_norm);

std_acc = std(AccData_norm);

corr_acc = corrcoef(AccData_norm);
mean_gyr = mean(GyrData_norm);

std_gyr = std(GyrData_norm);

corr_gyr = corrcoef(GyrData_norm);

N = size(GyrData_norm, 1); % Number of data points
f=(0:N/2)*(fs/N); % Frequency vector for FFT
GyrData_fft = fft(GyrData_norm);

GyrData_fft_mag = abs(GyrData_fft)/N; % Magnitude of the FFT
GyrData_fft_mag = GyrData_fft_mag(1:floor(N/2)+1, :); % Keep only the positive frequencies
window_size = 512;

noverlap = 256;

figure;
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subplot(3,1,1)

spectrogram(GyrData_norm(:, 1), window_size, noverlap, [], fs, 'yaxis'); %
Spectrogram for GyrX

subplot(3,1,2)

spectrogram(GyrData_norm(:, 2), window_size, noverlap, [], fs, 'yaxis'); %
Spectrogram for GyrY

subplot(3,1,3)

spectrogram(GyrData_norm(:, 3), window_size, noverlap, [], fs, 'vaxis'); %
Spectrogram for GyrZ

title(sprintf('Gyroscope Spectrogram'));

N = size(AccData_norm, 1); % Number of data points

f=(0:N/2)*(fs/N); % Frequency vector for FFT

AccData_fft = fft(AccData_norm);

AccData_fft_mag = abs(AccData_fft)/N; % Magnitude of the FFT

AccData_fft_mag = AccData_fft_mag(1:floor(N/2)+1, :); % Keep only the positive frequencies

window_size = 512;
noverlap = 256;
figure;

subplot(3,1,1)

spectrogram(AccData_norm(:, 1), window_size, noverlap, [], fs, 'yaxis'); % Spectrogram for AccX

subplot(3,1,2)

spectrogram(AccData_norm(:, 2), window_size, noverlap, [], fs, 'yaxis'); % Spectrogram for AccY

subplot(3,1,3)

spectrogram(AccData_norm(:, 3), window_size, noverlap, [], s, 'yaxis'); % Spectrogram for AccZ

title(sprintf('Accelerometer Spectrogram'))
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1.3. Clustering MATLAB Code
data = IMU;
GyrData = data(:, 3:5); % Extract GyrX, GyrY, GyrZ
AccData = data(:, 6:8); % Extract AccX, AccY, AccZ
GyrData = unique(GyrData, 'rows', 'stable');
AccData = unique(AccData, 'rows', 'stable');
GyrData = GyrData(~any(isnan(GyrData), 2), :);
AccData = AccData(~any(isnan(AccData), 2), :);
AccData = fillmissing(AccData, 'linear');
GyrData = fillmissing(GyrData, 'spline');
fc = 5; % Cutoff frequency (Hz)
fs = 100; % Sampling frequency (Hz)
[b,a] = butter(2, fc/(fs/2)); % 2nd-order Butterworth filter
AccData = filtfilt(b, a, AccData); % Zero-phase filtering
GyrData = filtfilt(b, a, GyrData); % Zero-phase filtering
AccData_norm = AccData./sqrt(sum(AccData.?2, 2));
GyrData_norm = GyrData./sqrt(sum(GyrData.”2, 2));
mean_acc = mean(AccData_norm);
std_acc = std(AccData_norm);
corr_acc = corrcoef(AccData_norm);
mean_gyr = mean(GyrData_norm);
std_gyr = std(GyrData_norm);
corr_gyr = corrcoef(GyrData_norm);
N = size(GyrData_norm, 1); % Number of data points
f = (0:N/2)*(fs/N); % Frequency vector for FFT
GyrData_fft = fft(GyrData_norm);
GyrData_fft_mag = abs(GyrData_fft)/N; % Magnitude of the FFT
GyrData_fft_mag = GyrData_fft_mag(1:floor(N/2)+1, :); % Keep only the positive frequencies
window_size = 512;
noverlap = 256;

figure;
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subplot(3,1,1)

spectrogram(GyrData_norm(:, 1), window_size, noverlap, [], fs, 'yaxis'); % Spectrogram for GyrX
subplot(3,1,2)

spectrogram(GyrData_norm(:, 2), window_size, noverlap, [], fs, 'yaxis'); % Spectrogram for GyrY
subplot(3,1,3)

spectrogram(GyrData_norm(:, 3), window_size, noverlap, [], fs, 'yaxis'); % Spectrogram for GyrZ
title(sprintf('Gyroscope Spectrogram'));

N = size(AccData_norm, 1); % Number of data points

f=(0:N/2)*(fs/N); % Frequency vector for FFT

AccData_fft = fft(AccData_norm);

AccData_fft_mag = abs(AccData_fft)/N; % Magnitude of the FFT

AccData_fft_mag = AccData_fft_mag(1:floor(N/2)+1, :); % Keep only the positive

frequencies

window_size = 512;

noverlap = 256;

figure;

subplot(3,1,1)

spectrogram(AccData_norm(:, 1), window_size, noverlap, [], fs, 'yaxis'); %

Spectrogram for AccX

subplot(3,1,2)

spectrogram(AccData_norm(:, 2), window_size, noverlap, [], fs, 'yaxis'); %

Spectrogram for AccY

subplot(3,1,3)

spectrogram(AccData_norm(:, 3), window_size, noverlap, [], fs, 'yaxis'); %

Spectrogram for AccZ

title(sprintf('Accelerometer Spectrogram'))
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