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Body sensonetworks have the potential to become an asset for personalizing healthcare
delivery to patients in need. ey limitation for asuccessfuimplementation of body
sensor networksomes from the lack of a continuous, religidever source fothe body
mountd sensotsTheaim ofthis thesisis to model and optimize a micrenergy
harvesting generator thatolongs the operational lifetime of body sensordmake
them more appealingspecially fopersonalized healthcare purpodéesxplores a
model thais suitable foharvesing mechanical power generated from human body
motions.Adaptiveoptimization algorithreare used tonaximize the amount of power
harvested from this modd®Practicality considerations discuss the feasibility of

optimization and ovetkeffectiveness of implementing the energy harvester model with

respect to body sensor power requirementstargperational lifetime
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Chapter 1: A SystemsLevel Background on Body SensorlNetworks

Before delving into details about body sensors and energy harvesting architectures
that could assist tine to make their usage practical, this chapter takes a step back to
introduce the body sensor networks on a sydeasml scale. Benefits of body sensor
networks are discussed, as well as their potentig&ct to the future of healthcare

systems and currehinitations for reaching this potential.

1.1: A Shift in Healthcare Delivery

The future of healthcare is movingaards a shift in the patietiealthcare provider
relationship, with an emphasis towards safer, more efficient, higher quality personalized
patient care [2,4]This is essential to meet the needs of deteriorating cardiac health and
soaring healthcare costs [However,due to recent technological advanqeersonalized
healthcare deliverfiasonly recentlybeen seen as a viabiealization.Specifically, these
technological advances can be attributed to impreviesless technology, miniaturized
sensors, angreatermprocessing powegs].

In [4], 6 areador improving current healthcare practices are outlined with the
following properties

* Patent-centeredness: providingpmpassion, empathy, and responsiveness to
needs, values, and expressed preferevicée individual patient.

» Effective: poviding services based on scientific knowledge to all who could
benefit, and refraining from providirggervices to those not likely tendit.

* Safe:avoiding injuries to patients from care th&intended to help them.

4!



Timely: reducingwaiting-time for the patient to see the healthcare provatet
minimizing potentiallyharmful delays for both thoseho receive and provide
healthcare.

Efficient: avoiding wastéulness including waste of equipment, supgliedeas,
cost, and energy.

Equitable:providing care that does not vary in quality because of personal
characteristics such as gender, ethnicity, ggadgcdocation, and soseconomic

status.

The same report [4] citébe needor a systems approatt improve the complex

healthcare delivergystem. The repodutlines10 rules forthefuture redesign of

(personalized) healthcare systems with the aimpyove healthcare delivery

implementations with respect to the 6 areas outlined aftnel0 rules for the redesign

of healthcare delivery are as follows [4]:

Care is based on continuous healing relationsRiasents should retve care

whenever theyeed it, and not limited ttaceto-face visits. This implies that the
health care system must be responsive at all times, and access to care should be
provided over the Internet, by telephone, and by other means in additien to in
person Visk.

Care is cummized according to patient needs and vallibs: system should be

designed to meet the most common types of needs, but should have the capability

to respond to individual pant choices and preferences

The patient is the source of contrBhatients sbuld be given the necessary

information and opportunity to exercise the degree of control they choose over



health care decisions that affect them. The system should be able to accommodate
differences in patient preferences and enagershared decisianaking.

Knowledge is shared and information flows freéhatients should have

unfettered access to their medical information and to clinical knowledge.
Clinicians and patients should communicate@iiely and share information

Decisionmaking is evidencbasedPatients should receive care based on the best

available scientific knowledge. Care should not vary illogically from clinician to
clinician or from place to place

Safety is a system properfyatients should be safe from injury caused by the care

system. Reducing risk and ensuring safety require greater attention to systems that
helpprevent and mitigate errors

Transparency is necessafyie system should make available to patients and their

families information that enables them to make infafrdecisions when selecting

a health plan, hospital, or clinical practice, or when choosing among alternative
treatments. This should include information describing the systemOs performance
on safety, evidenebased pracate, and patient satisfaction

Need are anticipatedihe system should anticipate patient needs, rétler

simply react to events

Waste is continuously decreas@étie system should not wasesources or

patient time

Cooperation among clinicians is a prioriGinicians and institubns should

actively collaborate and communicate to ensure an appropriate exchange of

informaton and coordination of care



1.2: Personalized Healthcare and Body Sensor Networks
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Figure 1.1: lllustr ation of a typical Body Sensor Network deployed for mobile healtH9]

Up-andcoming technologies are exploredaok for solutionsthat can help
implement the redesign die improvechealthcare delivery systefBody Sensor
Networks (BSN) is atechnologythat can be integratedith mobile healthcare delivery
(see Figure 1.1), in order to ensure quick, accurate, safe, transparent, and personalized
healthcare for the patient

In the context of using body sensor networks for improving healthcare delivery, it
is insightful to define the structure of a body sensor network that is integrated with a
mobile healthcare delivery system. This way, a clearer picture is given prior to discussing
the benefits of utilizing this technology for improved mobile healthcare delivery. The
following are the three structural subsystems that may make up the architecture and
devices needed for this application of body sensor networks:

* Sensor Nodes: These are the nodes applied on or inside the human body in order
to collect the physiological data needednake a medical decision about the

I 5



patient. They should be able to communicate to the Hub, and also communicate
between other body sensor nodes. Each sensor node is capable of incorporating a
stack of sensors that can read information or take in datatfre patient.

* Hub: This device collects all the data coming from the sensor nodes, and relays
them to the server. It also acts as an interface to the patient to provide them with
information regarding their health status, the system status, or comnanscat
with healthcare providers (such as physicians or nurses).

* Server: This subsystem stores and analyzes all data coming from different patients
(each with their own hub device). The server database can be accessed with the
patient hub, a healthcare prder/physician device, or potentially through the
internet with a secure interface.

In addition to the structural makg of a BSN, the bounds in which the
technology interacts with can further elaborate on the context of using BSNOs for
healthcare momaring. The system boundary that encompasses these 3 subsystems can be
defined in 3 different scopes: a solution space, a design space, and a problem space [7].
The solution space, or the components that are directly designed by stakeholders, is the
body sa&sor network integrated with mobile healthcare delivery. That is the Sensor
Nodes, Hub, and Server. The solution space is embedded within the design space. The
design space includes the patient body, healthcare provider (physicians, nurses, etc)
medical deisions, and maintenance staff in addition to the solution space. The problem
space is even broader, and also includes all the components in the design space. The

problem space may also include legal processes and institutions, system hackers and



intruders andalsothe environmental conditions that affect communications and
hardware structure.
With the given structural and system boundary contexty Isensor networks
have the potential to improveealthcare delivery systerascording to the
aforementiond 10 rules forhealthcaregedesignwhich are in turraiming to achieve the
6 areas of improvements identified for healthcare systekdiscussion is presented
below for laying out thaix benefits andutcomes ofmplementingoody sensor
networksfor healthcare delivery. The relationships of these six outcomes with improving
healthcare deliveryby referring to the aforementioned 10 rules for healthcare delivery
redesignare also discussed.
1. Educate patients about their diseasth a personal profilg5].
a) Relation toredesigning an improvedukalthcaralelivery system
Knowledge is shared and information flows freely. By educating patients
about their disease and allowing them access to their personal health
profiles, the patientgainaccess to knowled@gand information about their
health.
2. Ensure communication of patientOs health status between patient and physician
especially feedback and communications for medical deemsaking on behalf
of the healthcare provider to the patift6].
a. Relation b redesigning an improved healthcare delivery systemre is
based on continuous healing relationships,; Care is customized according
to patient needs and values; Decision-making is evidence-based; Waste

(and time) is continuously decreased. This systerevel goal insures that



the patient is in constant, continuous communication with the physician or
medical healthcare provider through the B$iNegrated with the
healthcare delivery systerSince the healthcare provider has access to
continuous records dfe patientOs health, they can assess a more
customized remedy for the patient rather than analyzing their health based
off a OsnapshotO of time during afackace visit. Not only does this
larger array of information allow the healthcare provider t&areamore
customizeable conclusion for the patientOs health, but their diagnosis and
remedy will be more evidendeased. Fortunately, this larger array of
information does not cut out from the patientOs time. They should be able
to do their daily activigsas the BSNobtains and retainaformation from
them. This is in contrast to cheaks and fac¢o-face visits where the
patient and healthcare provider havesdbedulea certain amount of time
a day to meet each other.

3. Provide patients with tools/@éments to manage their disease [5].

a. Relation to redesigning an improved healthcare delivery system

patient is the source of control; Needs are anticipated. By giving the
patient access to tools that can help manage their disease, it becomes
possibleto give them a source of control, or rather the perception of a
source of controlThe patient will be able to receive retiine updates
about their health, and then be able to react accordingly. It heightens their
sense of responsibility on their own aipiated health needs.

4. Ensureaccessibleommunication of patientOs health status to patient device [5].



a. Relation to redesigning an improved healthcare delivery system
patient is the source of control; Transparency is necessary. Body Sensor
Networks eablethe patientvith access to a device that will allow them to
see their health data records and diagnoses. Having convenient access to
such data gives the patient a sense of control over their own health status,
and provides transparency to their phisgecal information.

5. Efficient, comprehensivegnd transparent information management for BSN, data
including electronic medical recor{}, 6].

a. Relation to redesigning an improved healthcare delivery system
Knowledge is shared and information flows freely; Transparency is
necessary. The goal ig0 have efficient and transparetata management
of the BSNfor healthcare delivery purposé#/ith the patient records
accessible to the patient at all times, their physiological data and electronic
health recordss shared with them and also provides more transparency to
diagnoses done by physicians and healthcare providers.

6. Empower patient privacy witimformed consent, legal protection, gmoper
regulations [6].

a. Relation to redesigning an improved healtha®kvery systemSafety is
a system property. Privacy is a major concefor using BSN as is
security. For a BSN to be widely available and widely used by patients, it
must first build a trust with them in order to ensure that all their health
records andlata are secure and private. Without this sense of comfort, the

BSNwill either come across as unsafe to use, ptongentity-theft By



ensuring legal rights and protection of BSN users (both patients and
physicians), it will become both more suitabielanuch safer for

widespread use.

1.3: Stakeholders, Actors, and Use Cases for Healthcare Delivery with BSN

An insight on the benefits of using BSN for healthcare delivery is gained with
exploring the details in the BSN system boundary. This includestgractions between
the BSN, and the stakeholders and actors within its system boun@aeestakeholders
identified for an implementation of body sensor networks for healthcare deliwiéry
drive the body sensor network development process. Thepessiblythree categories
of stakeholders: Users, System Architects, and System Designers.

Users include patients and healthcare providers (physicians, nurses, and such).
These are the primary customers who will use the body sensor network &ystieen
purpose of healthcare provisiom®equirements are derived from these users for the
System Designers to develop the system. System Designers include systems scientists
and engineers who design a platform for the body sensor network, depending on what
requrements they see the Users need. System Architects include engineering and
InformationTechnologyfirms. These stakeholders implemedm systems thaire
designed by System Designeffieyconstructthe structure and architecture of the body
sensor netwd for the Userslt should be noted th#tere is no single ideal design for all
BSNimplemented in a healthcare delivery systand as a resudt platformutilized by
the System Architectsan help perform tradeff on parameters to give a customized,

balanced solutioto a specific medical conditidig].



Furthermore, sipossibleactors have been identifieduisingthe body sensor
network. These include the following:
* Maintenance
* Legal System
* Patient
* Healthcare Provider
* BSN Provider (Manufacturer)

e Intruder

The maintenance actors include teehnologyspecialists who are in charge of
making sure all the communications are seclinese include technicians necessary to
setup the system and fixny component failure in case any part of body sensoonietw
becomes faultyAlso, thelegal system comes into play to make sure that patients are
given their security and privacyhe tealthcare providers include physicians or nurses
who are assigned to patients in order to make sure their health statusyarehelaalso
providefeedback that the patient may need or reqi3N providersgnclude any
manufacturers adistributors of Servers, Hubs, and Sensor Nodes. The intruder plays a
role in trying to breach theecurity of the body sensor networkhese aorsand their
relationship to possible body sensor network use @asedepicted ifrigure 1.2

Six major use cases are identifibdough boking at relevant literature [1;48 6]
and the six outcomes of implementing body sensor networksreesans of healthcare
delivery (described in section 1.d)hey involveputting togethethe system, maintaining

component usability, providing patients with health monitoring and data protection,



allowing storage of health recor@s)dallowing communicton between the patient and
physician.These use cases are as follows:

1. System Setup

2. Maintain Components

3. Provide UseiData Protection

4. Monitor Health

5. Store Accessible Health Records

6. Allow PatientHealthcare Provider Communication

uc [Model] Data [ BSN System \y]

Body Sensor Network System
Q
BSN System Providers ™ —————.
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Figurel.2: Use Cas®iagramfor Healthcare Delivery with BSN

Theuse case diagraim Figure 1.2 illustratethe associations of each of the systemOs use
cases with its primary actors. Secondary actors are also signified in the use case

descriptiongAppendix A).



The choice of these use cases comes from the intended betendor
functionalities of the BSNintegratechealthcare delivery systerAfter the system is
setup (Use Case 1), the patientOs hisattbnitored (Use Case 4), where their health
records are stored in an accessible manner (Use Case 5). Simultaneously, components in
the BSN are being maintained (Use Case 2) and security is enabled for data protection
(Use Case 3). If needed, the physician and patient can also come into communication
with each other (Use Case The use case descriptions can be found in Appendix A.

It should be noted that thmeirpose of the use casis tolook for requirements and
see if there are any limitations or challenges to meet system goealtsg®ensure
seantess provision ohealthcarao the patiet). For body sensor networks, thieludes
looking for requirements and challenges neededake thena driving force forthe
personalization ofiealthcare. Use cases are broken down into use case descrifg#ons, u
case goals, behavioral diagrams, and traceability measures in order to ensure that the use
case effectively finds requirements, limitations, or challenges that need to be refined in
the system.

Use case descriptions are made for each use case sc&hayi@llow stepping
through and exploring each scenario, looking for gbalen behaviors among the
system actors. The use case descriptions include theq@uditions and preonditions,
goals of the use case, primary actors, derived requirengepisnary flow of events,
and alternative flow of event®reconditions entail the conditions that must hold for
the use case to begiRostconditions take into account the conditions that hold once the
flow of events has been completdd)|

The goals of ezh use case lagut theobjectives that the BSN, integrated with



the healthcare delivery systeis, expected to meet for the primary system actors in
each use casdhe derived requirements are higtherel functionality requirements.
They are derived frorbehaviors or requirements that are meant to accomplish goals for
a use case.

Activity diagrams, sequence diagrams, and state machine diagramsed to
assist the development of the primary flows,tlassediagram types daid in the
generation of behdoral and structural requirements and structure interface
requirements, respectiveh(q]. A major benefit gained from using g® diagrams
stems from making it easi& catch logical flaws in the primaryofvOs statements, and

thus helping taefurnishthe primary flow.

1.4: Conclusion of Systems Analysis of Body Sensor Networks & Necessity of

Prolonging Their Operational Lifetime

The focus of thishesisisnOt to give a detailed systande outlook on body
sensor networks, but to focus on a particakpect of body sensor networks that may
enable these systems to become an asset to personafidimgprovinghealthcare. For
this reason, traceability measures are omitted and use case descriptions are laid out in
Appendix A. Insteadthefocusis on te resulting challenges and limitations of body
sensor networks that were realized at the conclusion of the use case descriptions and
systemto-component requirements traceability.

One of theoutcomeghatresult fromexploringuse case descriptionstiscoming
aware of the dire nesdand limitation®f the BSN In this regarduse case descriptions

show that it is importaritb maintainareliable, continuous stream of energy in order to



seamlesly power the body sensor netwarksorder to make the bodyensor network
operable, low consumption power and longtdrg time is key for use [11].he rest of
thethesisshowsa novel way to prolong the operational lifetime of a batyunted
sensor node by utilizing a nn@energy harvestingowergenerator. Phgical geometric
and design parameters of this migg@nerator device are presented, along with the
relationship of the deviceOs architecture with the ambient enviroofhtleatdevice.
Conclusions are then made about the energy harvesting devices aeffebgireness

for prolonging the operational lifetime of a sensor node.



Chapter 2: Energy Harvesting Mechanismsfrom the Human Body

The main goal of the remainder of tiiesisis to focus on finding a way to
prolong the operational lifetime of adysensor. As a consequence, this would
potentiallyenable the successful commata@application of such devices.would
minimize the cost and convenience penalty associated with sensor replacements,
recharging batteries, or even system failures dualjong power sourceOnceasuitable
method that would be able to prolong the openai lifetime of a body senss found,
the maximum harvested power from this method is investigated thomighizing the
device architectureThe end goal is tose errgy-harvesting methodslso known as
energyscavengingto meet a substantial portion thfe powerconsumptiorievels needed

by body sensor applications

2.1: Harvesting Energy from Ambient Environment of Sensors

Without attempting to alter the batyesize on the wearable sensdhg aim is to
prolong the operational lifetime of sensor networks by harvesting energy from the
ambient environment of body sensofihis entails the process of capturing and storing
energy from the environment surroundithg human bodylhe sources of energy
available to power the sensor nodes includefiédd electromagnetic radiation, near
field coupling, light (solar cells), radivequency (RF), thermal gradients, and human
kinetic motion. There aradvantageanddisadvantagewith respect to each of these

energy harvestingnethods



Farfield electromagnetic radi@n [12] and neaffield coupling [13 can be
effective power sources, however the major problem with these sources is that they
requirebuilding new infastructures athey are methods that deliver power to the device.
The infrastructure issuend its associated costs #éne key reason why it is advantageous
to look at the other four sources of energy.

Using a light source with solar cells is a more owrcially established energy
harvesting solution [3], and due to this may be more desifablese as an energy
source The major problem with relying on light as an energy source is that reliance on a
light source to be available to a beshpunted sensas very unreliable as the availability
of a light source to the solar cells would be unpredictable. As for utilizing RF radiation as
a source of energy to be kastedor the body sensor, studies [Have shown that there
is a lack of availability of ezrgy to be harvested with current extraction methods.
Harvesting energy from human body thermal gradients, on the other hand, have been
proven to besuccessful with some watches [lsut are not a feasible option for
harvesting energy on a miniatesealel sizethat reflect the size of thaicrogenerators
[17].

Harvesting energy from the human body, on the other hand, seems to be one of
the most convenient and attractive solutions for wearable wireless sensors in healthcare
applicatiors [18]. However,erergy harvesting from the human lyostill has its own
challenges due to thendomnature of human kinetic motio@ontemplatinginetically
energy harvestingiicrogeneratorasa feasible solution to prolorgpdy sensor node

operational lifetimeequiresthe following considerationshe typical power consumption



of the device, usage pattern, and device siieseconsiderations malymit the power
density that a micrgenerator is capable of harvesting.

Power consumption levels of a bethounted sensatepend on the
functionalities present on the sensor ngdsensor node will typically use powkr the
following 3 functions [1$ the sensor itself, signal processing circuitry, and the wireless
data link. The signal data rates for a sensor node vibmuicgsed for collecting heart rates,
blood pressure, temperature, and othadily characteristicdVionitoring healthdoes not
require a high clock rate. mate between 1 and 10 samples per minute may be enough to
collect necessary information to understé#meihuman bodyOs stat@ensidering that
each sample needs no more than 16 bits to store its value, data rates between 16 and 80
bits per minute sound like a feasible option for relaying the human body signals. Without
going intothedetails in [19, it is possible thathese very low data rates will not burden
the sensor, signal processing circuitry, and wireless data links to require total power
levels of more thani\V.

Usage patterns depend on the human body motions that affect thersetesor
The human body produces motions that are variable and unpredictabés afficient
body-mounted kineticmicro-generator needm architecture thatdhersto the nature of
this type of motion.

Thesize of the energy harvesiafluencesthe kinetic energy harvesterOs
transducer mechanism. Depending on the transducer mechanism, the efficiency of
converting mechanical work to power changes with the microgeneratoBsize the
sensor node is itself miniaized, the architecture of the energyr\ester must be on the

millimeter-scale.Theliterature[17, 1921] showsthattransducer mechanisms for such



smallscaled kinetic energy harvesting architecturee#ireent for implementation and

thus feasible to construct

2.2: Architecture of Kinetic Energy Harvesters Effective for Harvesting Energy from

Human Body Motions

Different architectures for kinetic energy harvesters exist, and the goal of this
section is to narrow down to architectures that would be most efficient to use on wearable
or bodymounted sensor nodelheoverall generic structure of an energy harvester,
depicted in the figure belov2®], provides a more organized view to study the enrergy
harvester characteristics and design parameters ideal for human kinetic mdhiens
gereric electromechanical block diagram of an endrggvesting micregenerator
consists of a masspringdamper (MSD) system, a transducer, and an interfacing power

processing circuit.
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The type of transducer model affects the type of (electrical) damping force that is
incorporated into the MSD systeAlthough there will be mentions of interfacing the
mechanical generated power from the MSD model to the paweegsing circuitry, the
remainder of this section intends to focus on the M&idel and its transducer
dependat damping forceBoth viscous and nonlinear parasitic damgmgescould also
be incorporated intthe MSD and transducer design. An exampleloerethese
nonlinear affectarise from is the collisions that the proof mass has as it springs from one
end of the MSD structure to the other. For simplicity, considering these effects
neglected in this theses they have minimal effect on the mledynamics of the MSD
& transducer system#n fact,assuming that no mechanical power yields from collisions
between the mass and MSD architectural frame inléauds to an underestimated
amount of generated pow&7].

The design of a kinetic micgeneratoarchitecture suitable for extracting power
from human body motiodepends on itMSD model, the spring, the damping factend
the transducer mechanism (affecting the operation of the dargpo®y As for the MSD
model,two main mechanical medsfor kinetic micregenerators are known as direct
force and inertial.

The MSD model for the diredbrce method can beeen inFigure 2.2 from [17).

It makes use of a direct application of force on the MSD model to drive the proof mass,
m, with a forcef;,(1) strong enough to displace the mass with a distacel hough
displaced, the proof mass stays in between the upper and lower bounds of its

displacement area, denoted with Z. The spring constarttaffects the mobility of the



proof mass agast the opposing force of thimnsducerOs damper, and thus produces the

mechanical powedirom this MSD model.

Figure 2.2 Generic model of adirect-force micro-generator [17]

The MSD model for the inertial method can be sedfigare 2.3, from [1]. The
inertial forces from the acceleration and deceleration of human kinetic motion causes the
proof massn to bounce up and dowwith respecto the spring constait from one
endstop +# Z; to anotherThese endtops,+/- Z;, representhe upper ad lower bounds
of thepathof the proof maswithin the MSD architectural framewarkhe displacement
of theproof masgrom its rest position relative to the frame is denoted(hy The
absolute motion of the frame)ig) and that of the proof massig) = y(z) + z(t). Energy
is converted when work is done against the transducerOs dampirfgforepposinghe

motion based on the direction of proof mass veloeity), [23)].
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Figure 2.3 Generic model of an inertial micro-generator [17]

Unlike micro-generators that utilize a direct application of force, their inertial
counterparts require only one point of attachment to the moving proof mass structure.
This allows for a greater mounting flexibility and also a greater degree of miniaturization
that is more ideal fowearable, bodynounted sensof47]. The directforce MSD
model, though, does have its own unique applications with human body motions. For
example, they are ideal for being placed at the heel of a shoe as they can make use of the

medianical contact between the foot and ground to apply force on its damper.

2.3: Effective Transduction Mechanisms for Harvesting Energy from Human Body

Motion
In addition to the kinetic microgeneratorOs MSD moddtaitsduction methois

importantfor determining the amount of generated mechanical power from the model.
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The transduction method determiribee characteristiand operating principlesf the

damping force intheMSD model. Typical transduction methods for energy harvesting

micro-generatorsriclude: electromagnetic, electrostaticd guezoelectric transductions

[17]. The damping force characteristic of these 3 main transduction methods are as

follows [24]:

. Electromagnetic transduction: the damping force can be altered by the resistance
of a £nsor load connected to the electromagnetic coll.

. Electrostatic transduction: the damping force can be set by the electric field
between two capacitor electrodes.

. Piezoelectric transduction: the damping force can be altered lyning

impedance betwedhe terminals of thpiezoelectric material.

The transductiomechanisndepends othe source of motion from which energy
is being harvesteds well aghe size of the energyarvesting generato®ince the micro
generators that would be useful for wddeaapplications are miniaturized,
electromagnetic transduction methods become inefficient at harvesting &oengyilli -
or micro-scaled energy harvester sif&g]. On the other hand, piezoelectric materials are
more suitable for MSD models that malsewof a direct application of force on the
device rather than inedliforces (use of piezoelectti@nsduction with direct force of
heel strikes is explored i2%]).

Electrostatidransduction does not have these aforementioned issues, and instead
it has advantages witlkespect taptimizing its damping force. Optimizing the damping
force for electrostatic devicégsmore straightforward than the other transduction

methods. But furthermore, the electrostatic damping force can be dynamically optimized



which is important for operating under highly variable sosiocdenotions such as a
human body24).

Specifically, electrostatic transductiomakes use ahechanicallyvariable
capacitorsThe capacitivplatesareformed betweerach side of the proofiass and the
corresponding endtop that it moves into or away from. The plates are separated by
source of motion (human bodyotion), and opposite charges across the capacitor plates
attract each otheto form the moving variableapacitof{17]. Work isdone and energy is
generated whetie capacitor platgproof mass relative to tiexed endstops)pull apart
with respect to each other. The mechanical work done to separate the plates converts into
electric power when interfaced with powgnocessing iccuitry.

Switchedelectronic circuitryconnections between the transducer and circuitry
involve a reconfiguration of th@icrogeneratothrough operation of switches, at
different parts of theowergeneration cyclegenerally known apre-charge, genete,
anddis-chargestages of the cycle [26]With switched electrostatic transducers, the
variablecapacitordetween the proof mass and the-stmpsmaybe realizd with two
different motionssliding motion or a perpendicular motion between the capecit
plates.Three possible electronic transduction architectures [20, 22] that utilize sliding
and perpendicular motions between capacitive plates is depicted in Figure 2.4.

. In-plane overlap type: the proof mass moves vertiaillly respect to the erd
stgps where the capacitive plates are formed between the fingers of tstopsd
and fingers of the proof mass. These capacitive platespeliddiel with respect to

each other.



In-plane gap closing: the proof mass moves horizonétly respect to the eh
stops, wher¢he capacitive plates are formed between the fingers of thstepsl
and fingers of the proof mass. These capacitive plates pgpendicularly with
respect to teach other

Outof-plane gap closing: A proof mass with a capacitive side sitwvand from

(perpendicularly) a fixed enrstop.

le—— 5-10mm —

illl”””“fmom

In-plane overlap type:
Capacitance changes by clanging overlap
area of fingers. (Not to scale)

_

In-plane gap closing type:
Capacitance changes by cliangng zap between
fingers. (Not 10 scale)

Qut-of-plane gap closing type:
Capacitance changes by changing gop
between two large plates. (Not to scale)

Figure 2.4: Three architectures for implementing electrostatic micregenerators P2
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With the perpendicular motion, there is steaslerlap between the two capacitive
plates.Thecapacitive plates hawconstant charge, but are not connected to any voltage
source. Because the same amount of charges are held as separation increases (during
perpendicular motion), the energy density and electric field strength decrease while the
volume of the electric fiel and the (potential) energy in the electric field increases. As
separation further increases, additional potential energy is stored in the increased volume
of the electric field (voltage increases faster than capacitance decreases and thus potential
energy increases)42]. Once the energy is generated, the capacitor is discharged and the
charge on the capacitors is restored to restart the cycl&-Vhgraph(based on the
relationshipCharge=Capacitance*Voltage) in Figure 2.5showsthe charge and voltage
relationshipgor a perpendicular motion (i.e. constant charge) variable capacitite,
goes through the following 3 stages to generate paXegr [

. First, thedevice is precharged to a low voltage in the first part of the cycle by
making a connectioto a voltage source.

. Then, the plates are disconnected from the source and separated under constant
charge during the generation part of the cycle.

. Finally, the capacitor is discharged and the capacitance is increzaeyl for the

cycle to restart.
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Figure 2.5: Q-V graph for a switched, constant charge electrostatic micrgenerator [26]

With the sliding motion on the electrostatic deviceOs capacitive plates, there is
stea@ perpendicular gap between the two capacitive platgscally, thecapacitive
plates have constant voltage on them as they are dedrteca fixed voltage sourcehd
voltage and plate separation is constant, theréfierelectric field is constanivhich in
turn means the energy density is constant. Since the volume of theeiteéhses, the
current is forced to flow into the source. Since the capacitance decreases (fewer charges)
and voltage is constant, the potential energy is being transferredvaltdge source
circuitry as the charges are flowing there. Switches disecirthe capacitor from the
voltage before the capacitance is increased at constant charge, ready for the cycle to
restart P2]. The QV graphin Figure 2.6shows the charge and voltage relationships for a
sliding motion (i.e. constant voltage) variable agifance, as it goes through the

following 3 stages to generate pow26|f



¥ First, thecapacitor is preharged to a set voltage whilst at high capacitance

¥ Then, whilst connected to a voltage source, the capacitance is reduced, forcing charge
back into tke voltage source (generation)

¥ Switches then disconnect the capacitor from the voltage source before the capacitance

is increased at constant charge, readygtart the cycle.

Q
A

C increases 3
- » V

Figure 2.6: Q-V graph for a switched, constarntvoltage electrostatic micregenerator [26]

It should be noted that the areas of the triangles formed in-th@i@phsin Figures 2.5
and 2.6represent the energy that is generated with each switched cycle.
It should be noted that the capacitive plates in either case (slidirgpanglicular
motion)can assume doubkded or singlesided operation. Singleided operation is
when energy is only being extraction in one direction of the proof mass motion (and thus

is not being extracted on the proof massOs return stndiezpas doble-sided operation
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extracts energy from both directions of moti@g][ In the remainder of this papéhe
models and simulation assume doufilded operation.

Analysesshow that the maximum effectiveness of these harvgS8tgrare
dependent on wheth the capacitive plates are operating by perpendicularly moving to
and from each other @y sliding past each other. It is apparent that capacitive plates that
are moving past each other with a sliding motion (i.e. operatithga fixed, constant
voltage) operate with an acceptable effectiveness over a much wider envelope than
perpendicularly moving plates (i.e. operating with constant charge). This makes the
choice of sliding motion/constant voltage a preferred implementitiawitched
electrostatidransducer.

Although switched electrostatic transducer designs have so far seemed to be the
most suitable for applications involving energy harvesting from human body motions, it
should be na&d that they do have their limitatioridieseelectrostatic snsducersequire
a precharge in order to start thenergy generation cycles. This means that an active
pre-charge circuitry system or electret device must supplement thehedielectrostatic
transducer. Thisomes with extraontrol circuitry compleity [17].

Yet, theminiaturized, millimeteiscaled device size required of the human body
mounted micregeneratoteadsto the conclusion that a switched, electrostatic transducer
is the mossuitable to harvest energy. Furthermore, the usage patfeansoergy
harvester mounted to a wearable device kgiads tahe conclusion that an inertiglSD
framework is most efficient to extract energy.

However, the unpredictable usagupterns of a wearable device or badgunted

sensor alstiasimplications on the spring constahbf the MSD model. An energy



harvestemaking use of a spring has an internal resonant frequenayeaedate power

by characterizing the vibrations that are inflicted on the device. Vibration energy
harvesters are employed irsomant systems as they generate maximum power when the
deviceOs chanaristic, resonant frequenciage tuned to match the ambient vibration
frequency 21].

Thereforeenergy harvesters are not efficient when used to genenaty fom
nonresonant acderation/deceleration forc@slicted on the devicgi.e. human kinetic
motion Thisnonresonant, unpredictable human kinetic motizekes tuning the
resonant frequency of the spring or sptitkg@ structure to the frequency of thaman
body motionvery difficult. As a result, an effective micigenerator that harvestnergy
from human body motion shouévoid making use of a spring springlike structure
and adhere to effectively extracting energy from-resonant sourcesith other

architecturabtructureg27).

2.4: A Non-resonant, Electrostatic, Kinetic, Inertial Micro-Energy Harvester

A nortlinear, noArresonant, snapction energy harvesting micgenerator
architecturas introduced in [28]This model, known as the CoulorRlorce Parametric
Generator (CFPG), makes use of a MSD model whesgpring exists. With no spring,
the model no longer has an intrinsgsonant frequencynstead, tis architecture makes
the proof mass snagway from an engtop towards the opposite side of the framly d
the (externallyinduced) acceleration of the frame is greater than the electrostatic,
Coulombic damping (or holding) force that holds on the proof mass to ast@mdrhe

Coulombicdamping force must be less than the product of the mass andaéxtern



acceleration for the proof mass to break away from the frame. This implies that the
maximum energy can be obtained if the proof mass only moves during the peak of
external acceleration exerted on the CFPG de2i@e3[).

The CFPG MSor MD) model uilizes the inertial operatingrincipleand the
electrestatic Coulombic damping force. The transducer (damping foeaepe
implemented as the force between parallel capacitor plates moving perpendicularly to
each other with a constant chargdetweerparallel sliding plates fixed with a constant
voltage BO]. This implies that the CFPG dampers make use of switched, electrostatic
transduction. In23], a study compares power generated by a CWRIG2 other
resonant, linear architectures, Veloeitgmpedesonant generato(VDRG) and
Coulombdamped resonant genera(CDRG). Subject to a harmonic source motion
with frequencyw and external source motion amplitudg the figure below23]
illustrates that the CFPG is superior to the other 2 architsoivhen the source
frequency is relatively lowWas in the infrequent human body motions) #dreksource
amplitude igrelatively high This makes CFPG devices more ideal for small devices

operating in larger rang®f motions.



Figure 2.7: Generator architecture power harvested comparison with respect to input acceleration frequenc
and ratio between distance of proof mass full flighand input acceleration motion amplitude [23]

As a resultjt can be concluded thtte CFPG model@se of a inertial,non
resonant, notinear, springless MSD model in conjunction withsavitched, electrostatic
transducer (or dampemakest suitable for generating power from the human béaby.
the remainder of this thesis, t6&PG architectural framework usedo develop a
Matlab/Simulink model that can stuttyetemporal behavior of the generataéchanical
power, have a more accurate estimation of the amount of power generated from various
human movements, and optimize the design parameters of the energy hjamestn
generator.

Details about th€oulomb-Force ParametriGenerator architectuand its
energy harvesting capabilities compared to other types obganrerators can be found

in [21-13, 2§. Fabrication and testing of these devstructures are digssed in [19, 20
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22, 30]. Interfacing the micrayeneratorOs MSD model and transducer models with the
power processl circuitryis discussed in [1L22, 24, 31].

Studies tasimulate anaptimize the architectural parameters of energy harvesting
micro-generator@and prolong the operational lifetime of sensor nodes using these
optimized architectureare discussed irlp-20, 27, 3234).

In [27], the authors point out that the CFPG device only has one parameter to
optimize, the electrostatic Coulombicndging force (or holding force). They point out
that the maximum power achieved for the CFPG can be found by sweeping this
parameter across a range of values. The Coulomb force is essentially decreased to a point
where the damping force just allowsplacenent of the proof mass from tMSD
frame.

In [33], the authors describe methods for estimating harvested energy from
acceleration traces. Although they use a resonating inertial harvester model, they attempt
to optimize their harvester parameters. Ratevothe discussion of harvesting energy
from kinetic human body motions, they use their model to examine a dataset of
acceleration traces from various common motions and actiasesell adong-term
human mobility.

In [32, 54, the authors providstatistical analysis of measurements taken from 40
test subjects over a period of 8 hours during the day, and use this information, along with
the operational architecture of a CFPG device, to determine the distribution of
harvestable energy. The aim bfs study was to observe whether kinetic energy
generated by typical human forearm motion could be a source of energy to prolong the

lifetime of wearable medical sensors.



Thestudy in [L8] aims to utiize the acceleration traces froB¢] to build a
simuation-based CFPG model to further study this device. An enhanced Simulink model
of the CFPG device was shown to examine the temporal behavior of the generated power.
Such a dynamic modefrovidesa more accurate estimate of the amount of power
geneated fom various human motionl.also allowdor further optimization othe
micro-generatorQiesign parameters attte characterization dfe input acceleration.

The contribution in this thesis expands on the methodsemudts introduced in [18

Chapte 3 discusses thaetailsregardingthe mathematical odeling and
Simulink implementation of the CFPG device. Chapter 4 descabexptimization
problem that relates the input acceleration, the elgtetiio Coulombic damping foe,
and output generatedywer.Power gains between the optimized and-optimized
models are compareHBinally, chapter £oncludes the thesis and remarks on future work
thatremainsfor understanding the effectiveness of energy harvesting to beeelise of

wearablemedical eévices and bodynounted sensor nodes.



Chapter 3: CFPG Modeling and Simulation

3.1: A Mathematical Model for the CEPG Device

A mathematical model is necessanatzurately simulatthe temporal behavior
of the CFPG deviceOs MSD moaaelell aghe anount of mechanical power the model
is capable of generatinds mentioned in the previous chaptearasitic damping and
proof mass collisioeffects of the MSD model dynamics are not taken into account,
despite reason to believe that they caekllt inmore powegenerated by the energy
harvesterThefollowing nonlinear differential equation has beeesified as a model to
capture the dynamics of the MSD system in a CFPG rgenzratof28]:

iy () = —mz ' (5)— Frzignlz-(tn (1)
In this equabn, m represents the proof masg,) represents the motion of the generator
frame with respect to the inertial frame’f) is the second derivate gft) and indicates
the input accelerationy, ’(z) is the proof mass acceleratighrepresents the elgostatic
Coulombic damping (or holding) force, angn(z’(¢)) represents the sign, or equivalently
the direction, of the proof mass velocity (£&%)). The sign functionn this equation
makes sure that the Coulombic damping force takes on the opgagit of the proof
mass velocityThis indicateshatwork is donewhenthe transducer@®ulombic
damping force opposes the motion basethemlirection of proof mass velocity,(?), as
the damping force attempts to hold the proof mass to aistepdt should be noted that
the proof mass position(), is limited between the MSD frameOs-stups, atlistances

+7Z and—Z;.



Valuesfrom previous studies on the CFPG struct@2 85| determinethe length
and thicknessf the MSD modelThe length iset atLl0 mm, witha crosssectionalarea
of 100 mnf. The thickness acheMSD module depends on afpka coefficient. This
coefficient issetto have a value di.1,andthe thickness itself isqual tathe product,
alpha*length. The proof mass takes rohty half the volume of the MSD module, with
the other half allowindor themovemenof the proof mass between the moduleOs end
stops[17]. As a result, givethechosen length, the distance between the twestnyk in
theMSD frame is 5 mm. This meansatithe two enetop limits are # = 2.5 mm and
Z,=-2.5 mm.Using the same studies for consistency [17, 32, 35ntmes densitis set
at19.3*1C kg/m®, giving the mode total proof mass of 0.965 g.

From the disussion in the previous chapterisiknown that no power is
generateavhile the proof mass is stuts an enestop, and that power is only generated
when the proof mass makes ailijht from one enestop to the other. When this
occursthedynamic model represented by Equation 1 geéasngaowerEquation 2 can
compute mechanical poweas follows:

Pty = P2t (2)
P(t) represents the instantaneous generated mechanical power from the MSD module,
represents the same electrostatic Coulombic dampingl@ing) force as in Equation 1,

andz’(z) represents the velocity of the proof mass.

3.2: Simulink Representation of CFPG Mathematical Model

Simulatingthe dynamics oEquations 1 and 2 into Simulink requires handang

few more consideratiorabout thephysical CFPG dynamicélthough Eqation 1



mathematically capturédbe phenomena occurring in the CFPGOs MSD system, a few
constraints on the physics behind the proof massonandresultingpower generation
complicates the direatnplementation of ths equation.
Directimplementation oEquation 1does not guarantee that power is only
generated when the proof mass makes a complete flight between thtopndf the
MSD frame.If the proof mass makes incomplete flightthat isthe proof mass goes
back to the endtop that it had last been released fromstge of the Coulombic
electrostatic damping force component in Equation 1 should not change. Otherwise, a
sign change would mean that real power is still being generated for the incomplete fligh
Instead, at the point where the proof mass is changing directions to head back te the end
stop that it had become released frtime,simulations require to generate negative,
reactive power48]. This requirement cancels out the positive, real powerhidc been
generated when the proof mass had departed itstepdip until thgoint it started
turning back. The end reswit an incomplete flights a net power of zerd hesign(z’(t))
component in Equation 1 should only change when the proof ma$®sean endtop.
It should not be abl® switch signs in the case of an incomplete proof mass flight.
Replacing th&ign(z’(z)) function in Equation 1 with the relay function in
Equation 3makes sure the model represents the proper sign chasggks Coulombic
electrostatic damping foragposes the proof mass motidimis function isatypical

Preisach model of hysteresis based on the position of the proof mass.

1, if () = —Z,
relay(zit)) = +—1. it 2t} =Z;, 3)
ko if =& =zt) < Z,



In Equation3, k=1 if the proof mass positianit) waslastoutsidethe range
-2, < z{r) = £, wherz(t) = —Z,. Likewise,k=-1 if the proof mass position?) was
lastoutsidethe range—Z; < z{t] < Z, wherz(t} = Z;. Figure 3.1shows a graphical

representation of Equation 3.

Relay(z(t))

L )

O

= o

v

Figure 3.1 Relay Function

Note that, unlike the sign function in Equation 1, the relay function depends on the
position of the proof mass rather than depending on the proof mass velocity. However, the
output sign of this relay functiostill depends on the proof masslacity direction. In
Equation 3, it is the position of the proof m#sat indicateshe proof massOs direction of
its velocity. Once the proof mass reaches an-stag, it may only depart to one direction,
towards the other erstop. Thus the proof madsection of velocity is clearn when it is

about to depart from its erglop position.



To understanéxactlyhow Equation 3 meets the requirement for the sign of the
Coulombic dampindorce to only change when the proof mass meetsstqs, consider
orientations chosen for theegative and positive directions for the proof mass velocity.
Moving downwards away from the upper estdp+Z, is considered theegativedirection
and moving upwards away from the lower etdp-Z; is considered the positive daon.
Whenever the@roof mass position(?) reaches the upper estbp,+Z, the relay function
will output a-1. Replacing the sign function in Equati@rwith the relay in Equation 3
causes the sign of tli@ulombic dampindorce in Equation 1 to be +This is because
the mass will only depart this upper estdp to go downwards, a negatixadocity
direction andthe Coulombic dampindorceworksagainst the direction of proof mass
motion. The sign of th€oulombic dampindorce will remain the same tihthe mass
reaches the lower erglop,-Z;. Once thgroof masspositionz(z) reachesZz, the relay
function will output a +1Replacing the sign function in Equation 1 witie relay in
Equation auses the sign of ti@@ulombic dampindorce in Equébn 1 to be-1. Thisis
because the proof mass will depart this lowergg onlyto go upwards apositive
direction of velocity. This results in tf@&ulombicdampingforceto work against the
direction of proof mass motion. This cycle continues aptbef mass moves between the
two endstops Detailsof the implemented Simulin®RelayO block functisdepicted in

Figure 3.2



Relay

Output the specified 'on’ or 'off' value by comparing the input to the
specified thresholds. The on/off state of the relay is not affected by
input between the upper and lower limits.

Main | Signal Attributes
Switch on point:
Zl

Switch off point:
-ZI

Output when on:
-1

Output when off:
1

Figure 3.2: Relay Function Simulation Specifications

Equation 1is modified with the relay function in Equation. 3The resulting

Equation 4s usedor simulatingthe CFPGOs MSD system.

() = —mz"(t) — F ¢ pelavizlen (4)
The Simulink implementationfd&quation 4 is depicted iRigure3.3. The input of this
diagram is the external acceleratioryz) exerted on the CFPG device.dBanput runs
through this model for a range of Coulombic damping force values. For each damping
force value, a temporal instangous power output is generasedwell as plots fathe
proof mass position, velocity, and acceleratibshould be noted #t the integratorOs
limits specify the endgtop boundary limits allowed by the device geomeddyservations
of the average power generated for each damping force catulee made, as well as

observing thelamping force value that yiedthe highest powesutput for a given
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external acceleration input. The Matlab code that tk@Simulink diagramnin Figure 3.3

is providedin Appendix B.

— 1 [x
simin - Pu—
& dx —) X
External acceleration
Integrator, Displacement
Gainf Second-Order
Limited
, Velocity
Forcesim 4—«»—<}1 _[]_
Force force Relay —»
Xt» P
4
P=F'v Power

Figure 3.3: Simulink block-diagram implementation of CFPG model

Several test scenarios are usedeofy the modiied differential equation anithe

Simulink model Section 3.3liscuisseghese verification test scenariosgreater detail

3.3: Functional Operation of CFPG Model

The CFPG model should only generate power when the proof mass makes a
complete flightoetween the MSD frameOs @taps. To test the model for thibet
temporal behavior of generated mechanical pewaed proof mass positis@are

considered fothe following cases



* Proof mass makes complete flight between twesngds
*  Prod mass makesicomplete flight, and iteturns back to enstop it had just
been released from
These two cases are investigated by using artifiegalyerated sinusoidal
acceleration inputs. Usiran artificiall-generated sinusoidal acceleration ingildws
controlover theamplitude and frequency dfe sinusoidal mpus. Thisin turnallows
tweakingthe signalOs magnituged frequencyand having control over when the input
signal allowshe proof mas to snap away from an estbp.An example artificially
generagd sinusoidal acceleration inpstdepicted irfFigure 3.4 Inputtingsinusoidal
acceleratiorsignals into the CFPG model in Figure 3.3 gives insigib the power

generateavith respect to different inpatcceleration magnitudes and frequencies.

Figure 1 - o “
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Figure 3.4: Input Sinusoidal Acceleration
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The sinusoidal acceleration input and the Coulombic electrostatic damping force
aretweakedsothat the proof mass completes a full flight from one-stagh to the other.
This requires the susoidal acceleration input to be just strong enough to break away
from the Coulombic damping force and snap away in the direction of the opposite end
stop.Positive, real instantaneous power is generated gsdbémass is travelling
betveen one endtq to he other By the time the proof mass reaches the opposite end
stop,average positive energy is generatedr the time interval that the proof mass was
travelling betweenhte two enestops. Thigghenomenois portrayed irFigure 3.5 where
the genered mechanical power and proof mass position traces are showrithghen
sinusoidal acceleration input has an amplitude mid, frequency of 6 Hz, and the
Coulombic electrostatic damping force is set constant at F=0.9 mN-waiNions) This
matcheghe expectatiorfor thecorrect functional operation of the MSD in a CFPG

device.



Position and Power

It is possible to eithaweak the sinusoidal acceleration inputhe Coulombic
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Figure 3.5: Proof mass full flight between device endtops and resulting generated instantaneous power

damping (or holding) force dbat the proof mass does not compkefell endto-end

flight across the MSD frameOs atops Compared to the previous case where the proof
mass makes a complete flight between the twestopls, the Coulombidamping force

is increasedo oppose the sinusoidal acceleration input and prohibit the proof mass to
make a complete flight across the MSD frae a result of this incomplete flight,is
expeced thathe instantaneous output power will have equaltp@ and negative
componentstfie negative components beirggactve power)through the duration of this
incomplete flight Consequentlyno average powes generatedcross the time interval
where the proof mass makes the incomplete flighis phenonenonis depicted in

Figure 3.6 where the generated mechanical power and proof mass position traces are

Sk



shown wherthe sinusoidal acceleration input has an amplitude i€, frequency of 6

Hz, and the Coulombic electrostatic damping force iseastamat F=2.7 mNmilli -

Newtons).This confirmsthat a zermetaverage power will be generated fiocomplete

proof mass flights
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Figure 3.6: Proof mass incomplete flight between device ersdops and resulting generated instantaneous power

3.4: Relationship Between Sinusoidal Acceleration Input and CFPG Electrostatic

Damping Force

In addition to making sure power is only generated when the proof mass makes a

complete flight between the two estbps and that no power generatedtherwise a
few more apectf thesimulationsaretestedo verify the validity othe CFPGmodel.

With sinusoidal acceleration inputs, it is expected ithaeasing th€FPGO€oulombic
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damping forcencreaseshe amount ofenerated powerhile still maintaining a constant
number of flights that the proof mass makes between the tweteps[28]. However,
increasing th&€oulombic damping forcto far causesie damping forcéo becomeoo
strong for the sinusoidal acceleration input to overcoksea result, because thandping
force is too strong to allow any proof mass movemeott) the average generated power
and the number of flights between the two-stwps dropto zero.

To verify the CFPG modelOs behaviosgries of simulatiorare performed to
keep track of theelationships between the extersadusoidalcceleration, the
Coulombic damping forceand thegenerated mechanical poweising thesamelength
time intervalof sinusoidal acceleration dathijs input is characterizaglith an amplitude
and frequencyn order to input intéhe simulations modelThis way the following

relationships are explored

Relationship between average power generated and sinusoidal acceleration inputs

of varying amplitudesThesinusoidal acceleration dataOs frequercekept

constant, as well as the CFPG moddHbspingforce.

* Relationship between average power generated and sinusoidal acceleration inputs
of varying frequenciesThe sinusoidal acceleration dataOs amplitadekept
constant, as well as the CFPG modelOs danfipice.

« Relationship between average pogenerated and the CFPGOs Coulombic
dampingforces.

* Exploring the relationshipthat exist betwee@oulombic dampindorce values

thatattempt to maximizeutputgenerated powessith respect t@ range of

sinusoidal acceleratiomput amplitudes and frequencies.



A summary of the resultsbtainedrom exploring these relationshipsdscussedelow.

First, an investigation is done to expldtes impact of thainusoidal acceleration
inputDsaamplitude on theutputgenerated power whehe sinusoidal input@equency
and the CFPG model@=mpingforce are kept constarfor weak (i.e. low) sinusoidal
amplitudes that are not greater than the damping force, the proof mass sticks to an end
stop and does not mov&s a result, no mechanical power is generdivever, the
model generates power once a sinusoidal acceleration inputOs amplitude is strong enough
to allowthe proof mass tmake a full flight from one enstop to the other

The average power generagtdys the same even as ieutOsmplitude
increases. This is because the motion of the proof mass is bounded by-st@psndhe
bounds limit the acceleration inputs from displacing the proof mass beyond teopad
instead adhering all the accelBon points to travel the same distance in the CFPG
device.For example, increasy the amplitude of the inpaicceleratiorsignal resukin
havingthe proof masgavel a fixed distancéétween the endtopg with a higher
velocity but for a shorter the interval Higher proof masselocity means more
instantaneoupower has been generaigdwer is a product of velocity and damping
force), butfor a shortetime interval Comparing power generated between a high input
amplitude and a lower one, eqaakrage poweis harvested@cross the sardengthtime
intervalthat encompasses the full flight of the proof mass between thet@psl
Furthermore, a constasinusoidalacceleration inpurequencymaintainsthe same
number of flightghatthe proof mas makes between the two esibps Poweris

generated every time a proof mass makeghtfbhetween the two erstops,and a



constant number of flights corresponds to the sanmeber of timeshat whichpoweris
generated within Eength of time

Figure3.7 demonstrates thjshenomenomwhensinusoidal acceleration inputOs
frequency idheld constant & Hz andhe Coulombic damping force is constant at
F=2mN. Thereexists a threshold for the input amplitude, above which the amount of the
averge generated power is constant, while below that threshold there is no output power.
Similar behavior is observed for other combinations of constansoidal input

frequenciesnddampingforcevalues.

Average Power [W]
(43

0 1 2 3 4 5 6 7 8
Acceleration Amplitude [mfsz]

Figure 3.7: Average harvested power versus amplittle of sinusoidal accelerationnput

Thesinusoidal acceleration input@sjtiencyimpactsthe averaggenerateghower
Keepingthe sinusoidal input@mplitude andSD module&Soulombic dampindorce

constant, thaverage generated power monotonicallyréases with increasitige inputOs
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frequency However, the harvested power drops to zero once the frequency reigthes
threshold. Higher frequencies translate to fasseillation of the proof mass. This results
in higher generated power. Howeversaine point, the frequency would be too high for
the proof mass to make complete ¢oend flightsandconsequentlyhe generated power
drops to zero.

As the frequency of the sinusoidal input within a specified time interval increases,
so do the numbeof flights between th€FPG frameGsdstops. With more flights
between the endtops, the CFPG device generates more power. At some point, the
frequency becomes too high and the proof mass is unable to make complete flights from
one enestop to the otheThe poweroutput drops to zero, and remains zero for éigh
sinusoidal acceleration input frequencies as well.

Figure 3.8demonstrates this phenomenon when the sinusoidal acceleration
input®s amplitude is held constant at 4 amdthe Coulombic dampinfprce is constant
at#=2mN. There exists a threshaldhere increasinthesinusoidal inputOs frequency
does not further monotonically increabe amount of generated powkutinsteadthe
MSD model does not yield any more generated powaeril&ibehavior is observed for
other combinations of constant sinusoidal input amplitude€antbmbic damping

force values.
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Figure 3.8: Average harvested power versus frequency of sinusoidal acceleratioput

Next, theeffect of the electrostatic Qmmbic dampingdrce on the average
generateghoweris examinedor whensinusoidal acceleratianput parameters
(amplitude and frequency) are kept constéhe averaggenerateghower sharply drops
to zero after increasing tlampingforce beyond a c¢tin threshold. In addition, the peak
average power (which irigure 3.9around 8(i:}1") occursat a damping force valyast
below this threshold.
:$8-8&1(AA8,!.$&-1&+%&1(.#-1.$(.I(1-.*/+ DI#A#L */-YpRH&+DI* 1IN O!
S*HGH+HLSHIS* N2 (--1)*/?1?2/G&+D, P#-CA.&+D!&+!P#*/1/C.>C.!I>/Qat'S urther
increasing thelamping force valuesmakesno difference, a# is already too strong of an
opposing force to allow the proof mass any movement. Also, it should be noted that with

no damjing force, the proof mass able to move between the frameOsstops,
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however itdoes not generaf@wer since there is no force doing work to oppose to the
proof mass movement8$#*#)/*#,!78TC%&1&/C-A8!1$//-&+D!.$#'G(ACH!/)IU,I/+#11(+!
()#LL.S#! (GH(DH DH+1*(H%! > QHYoH> H+%&+DV/+! S (L1H#AH* (. &/+!&+>C.

Figure 3.9demonstrates this phenomenon when the sinusoidal acceleration input
maintainsa frequencyf 3 Hzand aramplitudeof 4 m/<. This input issimulatedfor a
range of various damping forgalues. There exists a threshold where increasing the MSD
modelOs damping force val#E2.7mN) thadoes not further monotonically increase the
amount of generated power, and instead the MSD model does not yield any more
generated power. Similar behavisobserved fosimulating a range of damping force
values acrossther combinations of constanput sinusoidaklcceleratiorfrequencies and

amplitudes.
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Figure 3.9: Average harvested power versus damping (or holding) force tuned to sinusoidal accat®n input

The relationship between the average generated power and the damping force
while the external sinusoidal acceleration input remains the, gainés to the existence
of an optimal value for the electrostatic fol:¢hat which naximizes the generated
mechanical poweAs discussed previouslthe Coulombic damping force must be less
than the product of the mass and external acceleration for the proof mass to break away
from the frame. That is, tuning the Coulombic damping ftwdee just less than this
product means the proof mass snaps away from astepdnd does maximum work
against the damping force to make a full flight to the oppositestapd This yields the
maximum amant of mechanical powerossible with the given inp. Simulations are set

upto further explore theelationship between the optimal damping forces, their



corresponding maximum generated power values, and sinusoidal acceleration excitations
inputs

An evaluation is done to find tlmaximum power outputral optimal damping
forcesfor distinct sinusoidal acceleration inputs, each characterized by a different
combination of signal amplitude and frequen&yseries of simulations ran every
possble sinusoidal input frequency aadhplitude combination for fregncies between
0.2 and 10 Hz (frequencies simulated in incremeri.2Hz) and amplitudes between 0.2
and 6.4 m/S(amplitudes simulated in increments = 0.23n/Bach series of simulations
raneach acceleration input, characterized Ipadicular comiation of the sinusoidal
frequency anamplitude for a range of values of the damping fobe#ween the values 0
and 50 mNF simulated in increments = 6z ). 6$#!/>.&?(A!%(?>&+DF1#IG(AGH
$(.|D&GESH?(V&?C2ID#+#*(#%!>IQ#*1/C.>C 1) *H(1$!-&+C-1&% (Al (L 1#AH*(.&/+!

&+>0&1%#>& 1. #&HU&DC*#-1H<43!(+%! <44
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Figure 3.10: Optimal value of the electrostatic force for sinusoidal acceleration inputs with varying amplitudes
and frequencies
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Figure 3.11: Maximized average harvested powenf sinusoidal acceleration inputs with varying amplitudes and
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Figures 3.10 and 3.11 indicate that stronger sinusoidal acceleration input
amplitudes correspond to higheptimal damping forceand to increasegsulting
maximized generated powealues However, the generated power atlgpends on the
acceleration input@equency. If the signalOs frequency is too high (i.e. over 7Hz), then
the maximizegower output iselatively small.Likewise, ifthe frequency is too low (i.e.
less than 2Hg the maximized power outputs are still low. The signals with the highest
optimizedgenerateghoweroutputshaveamplitudes that are as highs possible but with a
frequencythat isnOt too high or too I@#5 Hz). Examination of Figures 3.10 and 3.11
showsthat up to 0.25 mW (and more g¥enhigher amplitude valuesere included in
this study of mechanical power care harvested by the CFPG devices, winnay be
suitable for many lowpower body sensor node applicatiohS]|

These plots verify the bakiors of the CFPG device when experiencing external
sinusoidal acceleration excitations as described in [28]. Furthermore, these plots indicate
that thedampingforce can be a design parameter in the MSD component of a CFPG
device andhat,if carefully leced, the efficiency of the energy harvesting
microgeneratodevicecan begreatly improvedThis brings taquestionif whether it is
possible to tune the damping force values depending on the amount of human motion

inflicted onthe CFPG device



Chapter 4: Maximizing CFPG Harvested Power

In this chaptera novel approacks described which aim® adaptively optimize
the Coulombic damping force with tim€hisis the first time such adaptive optimization
approach is being applied to maximizing thevpo output from a CFPG micrenergy
harvester. Nonetheless, previosisidies haveshown methodologies used in order to

optimize the power generated fr@nergy harvesting microgenerators

In [33], the authorsoptimize an inertial microgenerator@ssignparameters to
maximize the power harvested fratime device. Their optimization effortsequire the
resonant frequencies of their devi¢egy. the springjo matchthe dominantfrequency of
the ambient environment that tHevices are situated ifthis is rot ideal for harvesting
energy from the human body sinkeman body limkbmotions do noundergo vibratory
motions that can be characterized by a consistent frequen{30], the authorgick a
micro-energy harvester that utilizes Coulombacce to harvet powerand optimize it
with respect to the geometrical features of thergy harvesterOs architecture. The main
conclusion from this study was that the power converted from the energy harvester is
unavoidably linked to the mass of the devite. [27], the authors aim to show
optimization results for CFPG micenergy harvesting generators when applied to
human walking motion. Their optimization methoolves sweeping the value of the
Coulombforce parameter across a range of values to find the Couddorbe value that
yields the most power for the devicAmong thecompared micragenerator architectures
and the given constraintoon the miniaturized size of the architecturesgheir results

suggest thahe CFPG architecture achieves the highest poesmsity[27].



4.1: Optimization Problem Formulation

The purpose of this chapter is to adaptively optintime transducing parameter
(the Coulombic, electrostatic damping or holding foroEa CFPG energy harvesting
microgeneratomwith respect toaccelerabn input from real human body motion
important objective is to characteritee amount of harvested mechanical power with the
Coulombic electrostatic damping forc&he end goal is to showhat by judiciously
choosing the value dhe Coulombic electistatic damping force, with respect to time,
one can maximize the average generatedhanicapower.

The following optimization problemin Equation 5has been formulatethy

utilizing Equations 2 and ds constraints

:’l.‘r‘gma.r}:[ﬁ} P ':';:!’ £t} (5)
such that
#r) = F+ 2]
and
v () = —mz" () — & o pelaviz(e)

The objectiveaims to maximize the average harvested power during the time interval

by choosing the optimal value of tdesign parameteglectrostatic forcé”. The choice

of A4 translatego how quickly the value of the electrostatic force should be adapted to the

input in order to maximize the output powdtis interval of timecan be treated as
another parameter atkis study considers interval sizes4df, 5, 2, 1, 0.5, 0.2, and .125
secondsfor adaptively tuning the damping forCehis optimization formulation utilizes
acceleration traces collected from real human body nm®ifi#) 32] and runs this data

through programs that implemdaguation 5, with chosen optimization algorithms
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4.2: Source of Input Acceleration Traces

The human body motion acceleration datsedin this thesis malkeuse of
acceleration traces from a previous stud?],[where forearm and leg acceleration data
were measured with an XbUSB tri-axial acceleromete[37]. The accelerometer was
either placed on the calf or forearm of an individual. The acceleration traces were time
stamped and stored droard, and the accelerometer had a sampling rate of 3athian
amplitude range of +/12 g fortheacceleratiormeasurementsn [32], the accelerometer
collectsup to 8 hourof acceleration traceduring the dayrom 40 different individuals,
obtaininga total of 320 hours of data. The test subjects were between 20 and 55 years of
age,with the same number of maleand femaleand various body typesFigure 4.1
depicts the acceleromet@mounted on the forearm of one of the test subjects.

Although the accelerometer measured all 3 axes of data from the human limb
motions, only the zaxis from the acceleration tracesere taken into accounfThe
reluctance to use the magnitude of all 3 axes meanghbastimatesfor harvested
energy are conservative. Future studies will aim to see the differences between using one

axis of the acceleration trace inputs and usingrtagnitude of all 3 axes.
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To implementthe optimization algorithm,seven different sets of data were
accessedby random fromthe databased2]. From each of thessevensets of data, 40
second saples were randomly selected in order to use as acceleration input tratbes for
optimization scheme. Seven of thesesé@ond samples came from data obtained by
harnessing the accelerometer on an individualOs arm, and 2 of them came from harnessing
the acelerometer on an individualOs leg.

A few difficulties and challengesomefrom the acceleration traces being used as
inputs intothe implementation of the optimization formulation, Equation 5. Fitsis
important to note that thaccelerationinput into the Simulink modeis in the form of
discrete dataThe (time) steps taken by the Simulink solver are different from the ones
specified in theaccelerometer@sput time vector. As a resultynning the accelerometer
data through the Simulink model maytputinaccurateresults if the inputiccelerometer

data isnot aligned withstes taken by theSimulink solver @2]. The input accelerometer
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datapoints that are not aligned with the steps taken by the Simulink solver are skipped
and not taken into accoum the simulation outpuflo avoid this, the solution is to not
provide the time vectoof the accelerometer dat@hen inputtingthese datapoints as
discrete data into the simulatiohhis way, the sampled data will take on the tisheps

from thefixed-stepSimulink solver. However, this was followed up by another problem
arising from the mechanism in which the accelerometer would record data.

Although the accelerometer operated at 32 Hz, it did not record data at 32 Hz
unless it detected the presenceacteleration on the device. As a result, -eaeond
samples from the acceleration database did ec¢ssarily have 32 dapmints. Inputting
thedata into the simulations without a timmeamp would lose the sense of time in which
the accelerometer actbalrecorded dataThe solution to thisis to interpolatethe
accelerometedatapoints with a piecewise cubic Hermite interpolating polynom@l [
and upsampléhedata to 32 HzSetting the timesteps from the Simulink solver at 32 Hz,
it became possibléo input the interpolated acceleration data of the same frequency
without the time vector, and know that the output data stream has linearly spaced points

with a frequency of 32 Hz.

4.3: Implementation of Optimization Formulation

The goal is to implemerthe optimization formulation described in Section 4.1
(Equation 5lusing computer simulationEach of theseverd0-second acceleration traces
described in Section 4.2 runs through the implementation of the optimization formulation
in Equation 5 The progam takes each of the 4@cond acceleration traces and runs it

through the optimization algorithm for each of the damping ftwoenginterval sizes of



40, 5, 2, 1, 0.5, 0.2, and .125 secoidse damping force is tuned for successive window
frames of inpit acceleration, where the window frame lengths are specifiethdy
interval of time.

A Pattern Search optimization algorithr6] is implemented using MatlabOs
Global Optimization ToolboX38] and the Simulink Design Optimization Toolb{B39].
With the Smulink Design Optimization Toolboxt is possible tause a Simulink diagram
as a custom objective functioim this case aonlinear differential equation implemented
in Simulink (see diagram in Figure 3.3The toolboxenables the user to specify desig
variables, design requirements, and constraint functions. Once the optimization problem
has been formulated, the user is allowed to pick an optimization algorithm from MatlabOs
Optimization and Global Optimization toolbox€¥.the optimization algorithsavailable
to implement from the Simulink Design Optimization Toolbox, the Pattern Search
algorithm was chosehecausdt does not require a gteent to find an optimum point.
This is important aghe objective function (the Simulink block diagram) is entdinear
differential equationand the available gradiebised solvers are ineffective for such
problems Furthermore, a pattern search algorithm allows for running the optimization in a
parallel setting and distributing the computational load acrosgpfeu\latlab workers, as
it is shown that parallel computing for pattesgarch algorithms may accelerate
optimization up to 2.81 times [55The Matlab and Simulink implementation of this
optimization algorithm can be found Appendix B.

The implementabn of Equation 5 starts witkelectinganacceleration tractr the
input, an initial value for the proof magmsition and velocity an initial value for the

Coulombic damping forcd-, and atime interval size for how ofter¥’ is adaptively



optimized.Once these are specifiedjindows of the acceleration data with a window
length defined by the choseimterval size are selected to run through the optimization
algorithm one windowframe of the accelerationdataat a time For each successive
window of aceleration input, th&Simulink Optimization Toolbox is used to specify the
Simulink block diagram of Equation 5 #se optimizationOsonstraintfunction, set the
design variable to be the paramefteutilize a customized objective function tleessigns
the optimization algorithmto find the maimized average harvested power from the
current acceleration window framandfinally runs the pattern search algorithm to find
the optimal damping force.

Limits on the design variable are also specifrethe algeithm. From B0, 35, it
is knownthat the maximun€oulombic damping forcealuethat allowsthe proof mass to
shap away from an ergtop and generate mechanical powexgaal to the product of the
proof mass and the peak acceleration magnit@deservingthe collected acceleration
database,there exists a peak acceleration around 107 fiofs the armmounted
accelerometer traces and a peak acceleration is around 2@omike legmounted
accelerometer traceSince the proof mass is set at 0.965 g, th&imum values for the
Coulombic electrostatic damping force are set at 10 mN and 20 ntNefarm and leg
inputacceleration traces, respectively.

Next, the optimization algorithm verifies the validity of theoptimization
formulation in Equation 5With validity of the model, the Simulink Design Optimization
toolbox optimizes the design with respect toshkectedPattern Search algorithm. Once a
design parametedamping forceF has been found to maximize the average power

generated by the current intekwaindow of acceleration, the optimization algorithm



updates the initial proof mass positiand velocityvalues. This update initiales the next
successive acceleration window frame (with a window frame length specified by the
chosen interval of time fdhat optimization runj)hatwhich runs through the optimization
algorithm

The pattern sarch algorithm finds a sequence of points that approach an optimal
point without needing to calculate the gradient of the objective function or its constraints
[41]. The pattern search algorithm iteratively searches a set of points, called a mesh, to
find a design parametgroint, a damping force value, that improves the objective value
(harvested power)The algorithm finds the points in the current mesh by pollirgigte
parameter points that surround the current most optimal design parameter point with a
specified mesh size. The objective values of these polled points are then computed. If a
point yields an objective value greater than the current most optimal desigmeter
value, this new point is selected as the new most optimal design parameter value. In the
next iteration of the algorithm, the mesh size expands to poll points within a wider range
of the newoptimal design parameter value. However, if no polbeihts yield any
objective values greater than the current most optimal design parameter value, the current
most optimal design parameter value does not change in the next iteration but the mesh
size contracts and searches a range of design parameter claker to the current most
optimal point.

The criteria for stopping the pattern search could be a time limit, a maximum
number of iterations, a tolerance on how small the mesh size contracts to, or a tolerance on
the change in objective function in 2nsecutive successful iteratiofwhere the mesh

size is also less than this tolerandeor the purposes ahaximizing power yielded by



each interval window of acceleration inptibe algorithm terminates its search for an
optimal design value for the eteastatic damping force when the mesh size polling
around an optimal damping force value is less than a specified mesh tolerance.

One of the challenges of this optimization was finding the optimization settings
that accurately find window frameQasptimal electrostatic damping force. Many tweaks
were necessary to find such settings, as it is very possible for the pattern search algorithm
to skip or miss the optimal damping value that yields maximized power for a particular
interval window of accelerationnputted into the system. Choosing maximum and
minimum design parameter values h#iwes farbeen describedut the other optimization

settings and their definitions are laid ouffiable 4.1
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Name of Optimization Setting Description
F-maximum Maximum value of F allowed in
optimization
F-minimum Minimum value of F allowed in
optimization
Mesh Tolerance Tolerance on the mesh size. If the mesh |
is less than this value, the solver will sto
Initial Mesh Sze Initial mesh size for pattern algorithm
Mesh Contraction Mesh contraction factor, used when
iteration is unsuccessful
Mesh Expansion Mesh expansion factor, expands mesh w
iteration is successful
Maximum Iterations Maximum number of iterations hmie

termination for expanding/contracting th
mesh size on current window of
optimization

Cache Tolerance When cache is set to OonO, patternsez
keeps a history of the mesh points it pol
and does not poll points close to them ag
at subsequent itetians
The Cache Tolerance specifies how clo:
the current mesh point must be to a poin|
the cachesize history for patternsearch
avoid polling it

Cache Size Size of cache history




The mestsizetolerancehas been set so that the closest polledtpdo the
optimal electrostatic damping force are within acceptable accuracy. The optimal
electrostatic damping force values are on the scale of a few milliNewtons, and the mesh
size tolerance has been set at $0 that the optimal electrostatic dampfarre that the
algorithm finds is within a few microNewtons of the actopdimalelectrostatic damping
force. The initial mesh size for the pattern algorithm is set to be equal to the maximum
value of the electrostatic damping force allowed by the opé#tion algorithm. The
reasoning for this is so that the mesh size covers the entire range of acceptable
electrostatic damping force valudie mesh contraction factor is set at 0.99 and the
mesh expansion factor is set at 1.03. With a high contractitor faed low expansion
factor, the algorithnpolls many design parameter values without having to needlessly
recalculate similar values if being run with a high expansion factor. For the maximum
iterations, an unrealistically high value of 5000 was chosédhat the algorithm doesnOt
terminate due to excessive terminations rather than terminate due to surpassing the mesh
size tolerance. The cache tolerance and cache size specify how close the current mesh
point must be to a point in the cache history ireoffdr the pattern search optimization
algorithm to avoid polling itA cache tolerance of Tthelps speed up th@ptimization
algorithm by avoiding to poll mesh points that are close to previous points that have been
polled.

Previous difficulties showethat with certain settings, the electrostatic damping
force would stop updating from window to window or the proof mass would be stuck to

an endstop for a prolonged amount of time. There were also instances where the



optimization algorithm would not coeyge due to the mesh size tolerance, but instead
terminate after reaching the maximum iterations allowed. The settings mentioned above
helped overcome all these challenges and difficulties. Lak#ynain sanity check to see

if whether the optimizationestings mentioned above are valid involved using sinusoidal
acceleration traces as inputs itthe optimization algorithm. Comparing the maximized
outputpower ofthe optimization algorithm with the maximized power for the sinusoidal
acceleration input stly in the previous chapter confirmed that both methods yield the
same amout of maximized power. This indicatdsatthe optimization algorithnthat
implements Equation i valid and can be used on human body motion acceleration trace

inputs.

4.4: Optimization Results

As mentioned, the goal is to ruach of theseverd0-second acceleration traces
described in Section 4.2 runs through the implementation of the optimization formulation
in Equation 5 for all casesherethe Coulombic damping ford€is adatively optimized
at various interval sizes of 40, 5, 2, 1, 0.5, 0.2, and .125 seddmeaim of this section
is to lay out andcompare the optimized harvested power from these simulations against a
nonoptimized scenario. In other words, this sectioralibes theptimization gains
yieldedagainst whemaving held thelectrostatic damping for@éto aconstanwvalue

It is natural to believe th#ihe maximized harvested power (after optimization)
will increase with smaller interval sizes that which talue of the electrostatic force is
adaptively tuned. Howeveoptimizing the damping force with smadhough window

sizes should not yield any more gains. This is becapseally the input, being huan



body motions, changes very litthetweersuccesse smallintervals of acceleration data
frames One thing to note is that, in order ttve simulations to reflegbrototypeCFPG
architecturs, one final physical constraint is implemented on the simulation niodel
thatthe value of the electrostaticrdping force onlychangesvhen the proof mass is
held steady at an ersdop.

Two of theseverd(0-second acceleration tracesme from natural leg motion and
the rest come from naturatmmotions.The acceleration traces used as input to the

Matlab/Simulirk simulation model @ laid out in the plots below.
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These acceleration traces were usetth@sptimization modelOs inputs and their
maximized power outputs were obtaingtle maximized harvésd powersand gains
with respect to different interval sizes that which F is adaptively optimized with respect
to theinputacceleration tracarelaid out in theTablesbelow. The gains were obtained
by looking at the ratio of the optimizewlaximized paver value to the power yielded
when setting the CFPG device to have a constant electrostatic damping force value of
F=0.81mN.A valueof F = 0.81 mNis choseras the constant Coulombic electrostatic
damping force since this particular value has also bsed in literatureg7] to simulate
and optimize CFPG architecturdgatlab Code that implemesithis optimization can be

found inAppendix B.

%LTGBY:*(&CBDNZ(KLD]BWHBS(ODIJ(SEOOBDBCH(ECURH(LFFBGBDLHEIC(SLHLWBHW(*EHK((DBWUBFH(HI(S
SLJUECN(OIDFRCECN(ECHBILGW

Optimization 40s |5s 1ls s Yas 1/8 s Constant

Interval A (Sec) F=0.81
mN

Leg 1Optimal | 3.1143 | 4.8636 |5.1711 |5.6167 |6.0348 |5.1110 |2.1284
Average
Harvested
Power (W)

Leg 20ptimal | 33623 31277 41302 39938 35420 33013 14148
Average
Harvested

Power (W)

Hand1 Optimal | 184073 | 18.%5 18849 22790 | 26.148 23427 11865

Average
Harvested

Power (W)

Hand 20ptimal | 3.4331 | 5.3671 | 5.6622 |5.1126 3.8192 | 2.9474 | 2.1417
Average
Harvested

Power (W)




0.65180 | 1.9410 | 1.4581 | 0.84301 | 0.62011 | 0.32440 | 0.30238
45444 | 5.0670 |4.5905 |4.4505 |3.7032 |2.3178 |1.4222
0.3873 0.4113 0.7115 | 0.1229 0.1576 0.1029 0.1090

%LTGBY>*$"BD(NLECWY (DLHEI(IO(BEBDX{HBS(ODIJ(SEOOBDBCH(ECURH(LFFBGBDLHESEUEBDBBHW/(

SLJUECN(OIDFRCECN(ECHBD]LGW(HI(BCBDNZ(KLD]BWHBS(*ESKL{ECN(BIDREEKD )6 (

1.46 2.29 2.43 2.64 2.84 2.40
2.38 2.21 2.92 2.82 2.50 2.33
1.55 1.56 1.59 1.92 2.20 1.97
1.60 2.51 2.64 2.39 1.78 1.38
2.16 6.41 4.82 2.78 2.05 1.07
3.19 3.56 3.23 3.13 2.60 1.63
3.55 3.77 6.51 1.13 1.44 No gain
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The results show that gains of between 2 tim&scan be achieved when using
the optimization algorithm to find maximized power harvested from CFPG by adaptively
tuningthe value oftie electrostatic damping force instead of maintaining a constant
value for the damping forc&here are two instances where tuning the damping force at
5-second intervals of time yields the maximized power, 3 instances \sgbdnd
intervak of time, and 2 instances with quaiseicond intervals of timét is obvious that
when the interval is too big, it encompasses too much activity to harvest as much power
as possible from the ambient environment. On the other hand, when the interigwl size
too small, the optimization algorithm does not yield more power betla@seput, being
human body motions, changes very littletweersuccessivemallintervals of
acceleration data frames.

One possible hypothesis is that the amount or type ofitytdta the acceleration
traces affects the interval sizes of tuning the Coulombic electrostatic damping force that
yields the maximized average power harvested from the trace. One possible property of
the acceleration traces to look at is the dominaguiacy of motion and corresponding
amplitude of the dominant frequency. This is determined by looking at the maximum
spectral component of the Fourier transform of the accelernatioe[33]. This property
points to the acceleration amplitude that mofatively generates power from the
energy harvesteBp]. Specifically, after taking the Fourier transform of the input
acceleration data, the product of the acceleration amplitude and the corresponding
frequencies is taken to look for the dominant fremyefor which the product of the

acceleration amplitude and corresponding frequency is maximihedable below



shows the dominant frequency and amplitude of that dominant frequency for each

acceleration trace.

%LTGBY?#FFBGBDLHEIC(ECURH(FKLDLFRIFBDEWHE

Acceleration Trace Dominant Frequency of Acceleration amplitude of
Motion (Hz) Dominant Frequency (nfls

Leg1l 15.1 0.1752

Leg 2 3.82 1.71

Arm 1 2.67 3.14

Arm 2 2.01 0.33

Arm 3 10.95 0.06

Arm 4 3.33 0.24

Arm 5 3.61 0.07

Generally,a higheracceleation amplitude of the dominant frequency corresponds
to more power yielded from the optimized energy harvester, with also smaller intervals of

time where the damping force parameter is adaptively tuned. However, these measures

are not conclusiveAn expansive study needs to be done to explweelationship

between the acceleration input and the interval sizes of tuning the damping force that

which yields the maximized harvested average power output. This expansive study

should also utilize othestatistical properties and parantsiesuch as average absolute

deviation of the acceleration, to characterize the amount or type of activity in the

acceleration input that affects the interval sizes.
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Theseresults point to the potential impact of usihg bptimal value of the
electrostatic forc in the harvested power. As observed, a significant gaileést up to

2 times higher) is achieved for the sample data compared to theptianized scenario.

4.5: Maximizing Harvested Power by Tuning Damping Force Parameter with Delay

It is not realistic to implememealttime optimizatioras in the previous section as
there is only a fraction of a second availabléune the electrostatic damping force
parameteto obtain maximum harvested aage power outpuihe previous section
showedthat it is possible to optimize the architecture of the rag@oerator in order to
maximize harvested powero realistically implement this in hardwaieis instead
possibleto tunethe value of the electstaticdamping force of a futuneput acceleration
window frame specified by an interval of timé is natural to believe that the human
body motion does not substantially change over short intervals gfamdeso optimal
damping force of one frame atceleration will be similar to the optimal damping force
of the subsequent intervalOs frame of acceleration. Therefore, this section axplores
hypothetical model that tunéise damping force at a future, subsequent window frame of
input acceleration wit the current windowOs optimal damping fofte gains inthe
harvested poweaarealsocompared to holding the damping force at a constant value.

Tuningthe damping force at a future, subsequent window frame of input
acceleration with the current windosvéptimal damping force possitiyntails
characterizinghe curreninput acceleration window framA statistical characterization
of the current aaderation window frame may provide insightthe frameOs optimal

electrostatic damping force value. Inateof performing optimization in reéime, a



database gbreviouslycomputedoptimal damping force valuedrresponding to

different acceleration inpwtatisticalcharacterizationsiaybeused. The databaseuld
allow doing a simple seardb find an ogimal electrostatic force value for the next
window frame based on the characterization of the current acceleration windowlframe.
other wordsamodel is built to adaptively turtae CFPGOs electrostatic damping force
valuefor the nexisubsequenwindow frame specified bythe samenterval of timeof the
current window framggiven acharacterization of the current acceleration frafxge.

such, the optimal electrostatic force is implemented with a delay of a window frame
(specified by an interval of tig). This model, named the delayddmping force model,

is depictedn Figure 4.5

Input I . Energy Harvesting Output

Power

Predicted
Delayed-F*

Delaved-Damping Force

.' Model

<ENRDB=(7BGLZBSLJUECN(OIDFB(JISBG(TGIFM(SELNDLJ

Theeffectivenes®f the modelOs power generation determines the practicality of
using such a modeThe power hargsted from this modé$ compared to the energy
harvested when using the optimization formulation in the previous section and also
compared to the case when the CFPG device uses a constant value for the electrostatic

damping (for which a value @=0.81 mNhas been choserfjromthe previous sectionOs



seven 46second acceleration traces that have been used to adaptively optimize the value
of the damping force over various time interval sizes, it is possible to see if whether the
delayeddamping force modealdan be effective. The CFPG modeagainsimulated with

the samesevenacceleration traces but with optimal damping force values that are being
implemented on the acceleration window frames (of a specified interval length) that
succeed the window framesrfwhich the optimal damping forcedbeen obtained. e

Matlab code that implementsis test for thelelayedF model can be found iAppendix

B.

The power yielded frorthe optimization implementation in the previous section
and the implementation withe delayedr model are compared ifable 4.5 as well as
thepower yielded when theFPGmodelis being simulated with a constant electrostatic
force of F=0.81 mN. The gains of these two implementations against the CFPG model

simulations with the constaatectrostatic force are also laid out.

%L TGBY=(&CBDNZ(KLD]BWHBS(ODIJ(SBSILEBECN(OIDFB(JISBGY/(LCS(FIJULDEWIC(HHEBB(ESLUHE]B(
IUHEJEVLHEIC(LCS(FICWBLAVECN(OIDFB(EJUGBJBCH(HEIC

7LHLWBH(LCS( "(V&?&P#%/Q#*! "(V&?&P#%!>/Q#*! | :/Q#*I8&#A%-1Q&.$!
IUHEJLG(ULDLJBHB 8&#A%-!)/*! 8&#AY%-)/*1%H#A(SHYY 1/+-.(+.!
HRCECN(ECHBDILG W>.&?&P(.&/+! %(?>&+D!)/*1#! #AH1.*/-.(.&1!
E?>A#?#+.(.&/+!])! >*#%&1./*12/%#A! %(?>&+D)/*1#IG(AC
@XC(.&/+!! W)! (rw)! 1 Z3<L4?[IN+/!
(%(>.&G#!.C+&+DO!
(rw)!
Leg 1, optimized by | 6.0348 I<LJ3J! 2.1284

adaptively tuning F at
intervals ofl/4s

Leg 2,optimized by | 41.302 2K<IMJ 14.148
adaptively tuning F at
intervals ofl s

Hand 1, optimized by | 26.148 4J<IIl ! 11.865
adaptively tuning F at
intervals ofl s




Hand 2, optimizedby | 5.6622 5<L3KH 2.1417
adaptively tuning F at
intervals ofl s

Hand 3, optimized by | 1.9410 338LILI ! 0.3024
adaptively tuning F at
intervals of5 s

Hand 4, optimized by | 5.0670 2<5I132 1.4222
adaptively tuning F at
intervals of5 s

Hand 5, optimized by | 0.7115 3<HIMJ3B 0.1090
adaptively tuning F at
intervals ofl s!

%LTGEBYa*(LHEI(I0(4UHEJEVLHEIChRIEEJEVLHEIC(EC(UI"BD(NLEC(ZEBGSW/(OIB(SBGCARSIDFB(
JISBG(LNLECWH(FICWEL@OFECN(OIDFB(EJUGBJBCHIHEIC

7LHLWBH(LCS( Ratio of Optimization/Non Ratio of Optimization/Non

IUHEJLG(ULDLJBHB Optimization in Power Galjf*! Optimization in Power Gal8&#A%:-
HRCECN(ECHBD]LG W>.8&P(.&/+E?>A#?#+.(.&/+! | )*1%#A(8#Y¥0o(?>&+D)/*1#!12/%HA
N@XC(.&/+!

Leg 1, optimized by | 2.84 2<Kl
adaptively tuning F at
intervals ofl/4s

Leg 2,optimized by | 2.92 4<Ml
adaptively tuning F at
intervalsof 1 s

Hand 1, optimized by | 2.20 4<53
adaptively tuning F at
intervals ofl s

Hand 2, optimizedby | 2.64 2<25%
adaptively tuning F at
intervals ofl s

Hand 3, optimized by | 6.41 [/'D(&+!
adaptively tuning F at
intervals of5 s

Hand 4, optimized by | 3.56 4<K22L
adaptively tuning F at
intervals of5 s

Hand 5, optimized by | 6.51 H<H3
adaptively tuning F at
intervals ofl s!

In all but one case, threodel where the optimal damping force value was applied
with one frame of delay showed signifitayains over the case where the CFPGOs

damping value remains constant at 0.81ANo, as expected, the model with the

! KJ



delayeddamping force values showed lémsvested powegain than theeattime
optimization from Section 4.4. Howeveheremay bea possibletradeoff between
computationatime and power gain. Optimizing tlrdamping force in real time produces
themost power gain but requires a highhemputation time to actually be implemented
in reattime. The case where the damping force is hetdaainstant value (F=0.81mN in
the experiments above) yields the least harvested power, but rdifiéresmputation
timein regards to tuning the damping force value. The delagaaping force model
requires more exploration to see how it would be iiigleted on the CFPG, but from the
initial resultsit is intuitive to believehat this model requires less computatidimaé

than realtime optimization, yet giveBigherpower gains ovethe case where the
damping forces heldat aconstanwalue.

Moreresearch into the delayedmping will give a better idea on the feasibility
of implementing such a model for CFPG mienwergy harvesting generatof$ie basic
issues for implementing such a model involve the representativeness of the data,
statistical baracterization of the data, validity of the model, ratadafptationvalidity of
the prediction, and implementation aspects such as numerical robustness, computational
stability, and reatimeliness 47].

It should be noted that in the literature,rthbave been several energy harvesting
adaptive algorithms that assumed that the energy harvesting process is Markov or has
independent identically distributed propertjéd-46]. However, these assumptions do
not necessarily hold for all motion energycga and Markov processes may result in very

different performance trends depending on the inRgjt |



Chapter 5: Conclusion

This paper first presentse pdential for body sensor networksregards to
making personalized healthcare a commerciaityedlhrough exploring use cases of
body sensor networks, a key limitation for a lasgale implementation of body sensor
networksis that they heavily rely on batteritgatneed frequent recharge. This reliance is
adeterrent for using these sensorserBfiore, the aim ahis paper igo find a method or
technology that prolongs the operational lifetime of body sepandsas a resuthakes
them more appealing to use for personalized healthcare purposes.

An energyharvesting technology suitable foody-mounted sensors is the
Coulomb Force Parametric Generator (CFPG) kinetic microgenerator architecture. This
architecture consists of a MaSpringDamper (MSD) system, a transducer and pewer
processing circuitry. This thesis focuses on the MSD anddwaes models. Anodified
model of thenon-linear differential equatiors presented for the MSD componehhis
model can be used to measure the amount of mechanical power generated. The
conversion to electrical power is done through an electrostatictregssmodule.
Optimizing the architectural and design parameters of the harvester device based on the
characteristics of the input acceleration incre#ise amount of the generatswchanical
power. Different adaptive optimization models walgo presewid, and comingp any
conclusive remarks about the power generatssssitates going back and compatimegy
power that could potentially be harvested witepower requirements of the body

Sensors.



The CFPG model simulation and optimization results\sthat the energy

harvested by this device can reach up to 10@&aofWatts in mechanical powefs for

power consumption requirements of badgunted sensors, there is a possibility to

require no more than!lW for a bodymounted sensor node, incladi power required by

the signal processing circuitry, wireless communication, and the sensor itself [19].

However, certain lowpower applications may require as much as!\[48].

Regardless, the energy harvested from the CFPG model simulationsassu#nd
significant enough to make it a worthwhile endeavor for prolonging the operational
lifetime of a bodymounted sensor node. Yet there are stilithtions and challenges that
needto be overcome.

To facilitate the adoption of enerdparvesting miérogenerators, both progress is
being made with newer technologies of bgubyvered applications having lowered their
power requirements [19], as well as newer migeoerator trends showing significant
improvement with the amount of energy they are capaitiarvesting [49]. However, an
absolute limitation on the power requirements is the size of the energy harvesters
themselves [23]. For device sizes of interest in this paper, with a maximum volume of 1
cm?, it is unlikely for a harvester to generate mibr@n 1 mW from body motions [48].

Other limitations include adding an energy storage mechanism to the energy
harvesting device since body motions that power energy harvesting vary substantially
with time, and that these variations are unlikely to cpoad with the varying demands
of the bodymounted sensor node [19]. To elaborate, over 95% of total energy from the

human body is collected only from7% of a day [33]. In addition, models for predicting



future consumption and power availability may @ignanaging the variability of power
harvested from the human body [50].

Effectiveness of coupling the energy harvesting transducers with power
processing interface circuit is another challenge of the energy harvesters. The transducers
generate mechanicpower, but poweprocessing circuitry is required to convert that
into electric power that can be used by the sensor node. However, substantial power may
be lost in this interface for power conversion, affecting the amount of power that can be
deliveredto the sensor node from the energy harvesters described in this paper [31]. In
addition to the practical challenges and limitations with the energy harvester, more
accurate models of the energy harvester will also aid in the optimization and simulation
of these devices [32, 34].

It should be noted that this projectaisCyberPhysical Systemandhighlights how
joint design of the cyber and physical components can improve system efficiency. By
adaptively tuning the electrostatic foréefor various human bgd motions, one can
expect an improved efficiency in harvesting kinetic energy for wearable sensors.
Physically, this can be accomplished by tuning the electric field between the CFPGOs
capacitive electrode2@|. Mathematical formulation of thedaptive opmization problem
can be solved by adding appropriate computational algorithms imitre-generator
architecture [1B

The plan for future works includes an exploration of the limitatans challenges
discussed aboyes well as improving the optimizan algorithms and adaptive tuning
models in Chapter 4 for higher accuracy and lower computational complé&sty

mentioned, lie ultimate goal is to develop an accurate model of the CFPG micro €nergy



harvester device and optimize the amount of generateerpfor various human body
motions This in turn prolong the operational lifetime of body sensof3n a higher
systemdevel view, this research in turns aims to aid body sensor network systems in
becoming a feasible asset for making personalized hagdtluelivery a realization [1.8

As a result, it is believed thamtegration of micro energy harvesting technology with
wearable sensors ia promising approach in prolonging the operational lifetime of

wearable medical sensors.



Appendix A: Use Case Dscriptions of Medical Body Sensor Networks

Use Case 1System Setup
Goals 1
1. Provides theuserwith data protection, maintenance, and monitoring health.

2. Allows patient to adjust the setup themsel&H. [

Primary Actors
Healthcare Provider, Patient, BSN HAdzer,

Secondary Actors
Maintenance, Legal System

Pre-Conditions
Healthcare Provider diagnoses or indicates that Patient needs a body sensor network to
monitor their health.

Primary Flow

1. Patient is educated about their privaights from(Legal System Patient gves

informed consent.
a. If informed consenis not given, then the patient cannot receive the BSN.

2. Healthcare Provider determines exactly what signals and sensors he wants to look
at.

3. Senor nodes and hub received from BSN Provider

4. Qualified Heatlhcare Provider or technicians from Maintenance crewgdhe
sensor nodes and hub on the PatientOs body. BSN Provider configures
communications to Server and access to records for Patient and Healthcare
Provider.

5. Patient is educated about how the ndugsivork (positioning, hub interface,
etc).

Alternate Flow
Not Available

Activity Diagram
An activity diagram was chosen to depict the flow of activities required to perform this
use case.
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Figure A.1: Use Case 1 Activity Diagram

Post-Conditions
Patienthas BSN setup properly. They know how to use it and adjust it.
Use Cases-B.

Derived Requirements
1. Legal framework allows legal privacy protection, informed consent, and protection of

minorities
2. Sensor Nodes and Hub do not interfere with natural maiestures

! LF



3. Patients are capable of adjusting Nodes if necessary without disrupting the Nodes
sensing capabilities or communication
4. Sensor Nodes can be added or removed with ease

Use Case Maintain Components
Goals 2

1. Maintain Hub components
1.1. Alert paient, healthcare provider, anthintenancerewin case of defecte
Hub (autonomic sensing) [IL9
2. Maintain Server components
2.1. Alert patient, healthcare provider, améintenancerewin case of defective
Server (mairgnance and autonomic sensing)][19
3. Maintain BSN components

3.1. Alert patient, healthcare provider, amadintenancerewin case of defetive
BSN [19.
4. Make sure all system components are reliable

Primary Actors
Maintenance

Secondary Actors
Patient, Environmental factors, Healthcare Provider

Pre-Conditions
Use Case 1

Primary Flow
1. Autonomous sensing techniques running through the BSN detect a problem at a
communication link or component node. Faults include a lack of component
function or lack of connectivity.
2. Problem is diagnosed using belietwerk techniques that run through the
system. A lack of component function can be caused by a destroyed component,
inconsistent sensing, a depleted power source, or a lack of communication.
a. Note: to look at Sensor Node failures, the msémsor complemeary
data fusion needs to be taken into consideration.
3. Selforganization and sensor routing algorithms are used to engage in managing
its performance in the presence of sensor failures.
4. Notification is given to relevant maintenance staff (eeghnologyspecialists
contacted for connectivity problems) for the diagnosed problem.
5. Relevant maintenance specialists fix the problem.
6. Selforganization and routing accommodates new fixes.

Alternate Flow



No faults are found; continue with Use Case 4

State Machine Diagram

A statemachine diagram was chosen for this use case to indicate the different states that
the body sensor network system goes through when maintaining its nodes and links and
detecting faults.

stm [State Machine] Maintain Components [ Maintain Components |

(@)
'|BSN removed
Detect Problem

‘ | autonomic
sensing

diagnosing Notify Maintenance

Reconfigur¢ Sensors

self-organizing &

System OK _ Reconfigure Sensors fixing
5 and routing

Figure A.2: Use Case 2 State Machine Diagram

Post-Conditions
System components and communication is reliable/normal.

Derived Requirements
1. Faultdetection includes all nodes (Hub, Sensor Nodes, and Server) and all the

communication links between the nod&8,[53.

2. Fault diagnosiss sophisticated and ao@ate [19.

3. Multi-sensor data fusion process brings together mutually correlated information
(such as from ECG and haemodynamgmais for cardiac monitoring) [1®h
order to enhance reliability in the event of sensor failure.

4. Sensors nodes and hub assistant to different environmental conditions.

5. Selforganization and routing algorithms find the most efficient way to deal with
energy consuption and communication paths [19].

6. All BSN components are given sufficient power.

7. Maintenance staff are specidd in solving different faults and failures.

8. User interface of patientOs hub device or healthcare providerOs device (or any
device with access to internet) is practical for receiving information regarding
fault detection



Use Case Provide UseiData Preection
Goals 3

4< Ensure secure Server
1.1. Alert maintenance in case of Serverwgéy breach (some algorithm) [IL9
which is basically anyone (hackers, other patients) getting access to other
patients
2< Ensure secure Hub
2.1. Alert maintenance in case of Hub gaty breach (some algorithm) [1L9
H< Ensure secure BSN
3.1. Alert maintenance in case of BSN saty breach (some algorithm) [IL9
5< Keep intact legal protection and patient privacy [6]

Primary Actors
Intruder, Maintenance

Secondary Actors
Patient, Healthcare Prowd

Pre-Conditions
Use Case 1

Primary Flow
1. Scenario 1: An intruder is sending malicious packets to the server,
a. The server blocks it with very secure cryptographic network protocol
b. Server signals to Maintenanceewabout malicious attack. Also, signals
to patient and healthcare provider.
c. Maintenance specialists intervene to fix any issues.
d. Server notifies patient and healthcare provider about fix
2. Scenario 2: An intruder is sending malicious packets to the sensor nodes/hub by
being within a few meters sensor nodes
a. The node/hub blocksacketswith secured network protocol
b. Hub signals to maintenance, patient, and healthcare provider through the
server about malicious attack
c. Maintenance specialists intervene to fix any issues
d. Server notifies patient arftbalthcare providés) about fix
3. Scenario 3: An intruder is sending malicious packets to the sensor nodes/hub, and
gets past the network protocols
a. If data is extracted, intruder is unable to identify hardinderstand sensor
data
b. Node with malicious ackets signals other nodes that it has been hacked
into.
c. Other sensor nodes and hub isolate the node with malicious packets
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d. Hub signals to maintenance, patient, and healthcare provider through the
server about malicious attack

e. Maintenance specialists @rvene to fix any issues

f. Server notifies patient and healthcare provider about fix

Alternate Flow
User data is protected, so continue with Use Case 4.

Activity Diagram
An activity diagram was used to go through the logical flow of actions in thisasse ¢

(‘act [Activity] Provide User-Data Protection [ Provide User-Data Protection L‘
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7/ A
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/ Fixissues, - = = = = = - - - etc know
/ T~ Notify patient,
4 > healthcare
0.7 / - provider
/ P _ - through server
, Target SN or X< Block with
Hub within 2 virusfhack virus/hack gackets secured
7 meters of - [ network
/7 > Patient protocol
/ g X
) / o1 Y
, - - Notify Server .
./ - -~ o Let
~ — o — — — —}— — { Maintenance,
Fix issues |3 - = == i etc know
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~ . —
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- — 3 Let
__ 1 Maintenance,
_ e B etc know
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F — o Notify patient,
~ 2 healthcare
provider
5 - through server
J

Figure A.3: Use Case 3 Activity Diagram

Post-Conditions
Security threats have been avoided and any security/privacy breaches have been

thwarted.

Derived Requirements
1. Since the server has higher computational resources than the sensor nodes or hub,

it should be capable of handling stronger cryptographic network protocol keys.
1.1. Interface between the hub and the seism@®difficult to use.
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2. Signals sent to maintenance about malicious attacks should have different levels
of malicious attack severity

3. Network protocol keys for sensor nodes and hub should be computationally
resourceful

4. User interface of patientOs hub device or healthcare providerOs device (or any
device with access to internet) or maintenance devices is practical for receiving
information regarding malicious activity and fixes

5. Use of anonymity and transmitting raw sensor data will thwart off intruders
because it will take significant amount of effort and time to undedgten
context of the raw data [1.9

6. Signal from infected node shiduet the others know that it has been intruded

Use Case 4vionitor Health
Goals 4
1. Provide patient with feedback
1.1. Provide patient antdealthcare provider with health statd§][
1.2. Provide sandard of care for the general health condition or disease of th
patient
2. Analyze patient hdth at all times.
2.1.Provide reliable analys[$3].
2.2.Have enough power for analysis [9].

Primary Actors
Healthcare Provider, Patient

Secondary Actors
Not Available

Pre-Conditions
Use Case 1

Primary Flow
1. Raw physiological datalata impotant for contextual awareness [18nd any

data requiredor multi-sensor data fusion [],9s captured by body sensor nodes

2. Sensor nodes send their collected data to the hub.

Hub sends the collected data to the medical records server

4. The maelical records server collects all the data, and uses detection and decision
making algorithm to process it.

5. The server stores the data for each patient

6. Based off of results of processed data, the server sends notification to patient hub
and healthcare pvader device.

7. Healthcare provider and patient view the patientOs health status, and may consider
communicating with each other (Use Case 6)

w
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Alternate Flow

» If, at step 7 of the primary flow, the patient or healthcare provider considers
communicating eacbther for feedback, information, cheab requests, etc, then
performthe primary flow actions from UseaSe 6.

* For specifics of storing accessible data (step 5 of this primamy,flook at flow
of actions in Use @se 5.

» If security breached, perform @ons in Use @se 3.

* If component fauldetected, perform actions in Usa<e 2.

Activity Diagram
An activity diagram was chosen as it helps represent the flow of activities that the actors
perform on the data objects.

N
U

(‘act [Activity] Monitor Health [ Monitor Health

BSN System Health-Care Provider % Patient B
Sensor Nodes Hub Server

«centralBuffers
| | complimintary data

«centralBuffers
——4— contextual data

__ «centralBuffers

— — — ~] rawdata

data packets _;_;__J—»;::-_—f I

=
. Collect data
Jdata
inpuf streat optput data stream
Senddsts  \guasveam] o | COleeoia
J sensors /
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Sensd data to data stream (contextual
ey I awareness, multi-
— sensor data fusion,
output data decision-making
algorithms)
v
v
Store data
!
Send status
notification to
hub, healthcare
status notification provider
S I | Status Receives
G'}i"’g:_‘;alézer status notification N7 health status

4 L (cell
dlsplsaés‘l:l:alth e phone/emailietc
)

]
> Views health

- a status
Reviews health .

status

v
Considers

v communication

Considers with healthcare
communication provider (use
with patient case 6)
(use case 6) -
~ /

Figure A.4: Use Case 4 Activity Dagram

Post-Conditions
Health of patient is being monitored by patient and healthcare provider.

Derived Requirements
1. The hub has storage capability to receive the raw physiological data.
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2. Communication channel between the sensor nodes and hub is capable of
transferring raw data (bandwidtiise and interfacing).

3. Appropriate sensors can be selected to allow for reatisor data fusion.

Appropriate contextual awareness sensors can be selected for each node.

Communication channel between the hub and servapiable of transferring

data (bandwidtiwise and interfacing).

Communication channel is secure between sensor nodes and hub.

Communication channel is reliable between sensor nodes and hub.

The server has storage capability to receive, store, and analgneimng data.

Detection and decisiemaking algorithms are in place at the server to make

conclusions about incoming data.

10. Capability of server to send notifications to patient hub and healthcare provider
device (email/text message to cell phone/etc) basembnclusions from analysis,
and store the timing and contents of the notification into that patientOs database.

11.User interface of patientOs hub device or healthcare providerOs device (or any
device with access to internet) is practical for use to vieificadions.

12.User interface of patientOs hub device or healthcare providerOs device (or any
device with access to internet) is practical for viewing their data and diagnosis.

o s

© N

Use Case 5Store Accessible Health Records
Goals 5

1. Store data in integrativdatabase.
2. Allow access to stored data via internet.

Primary Actors
Patient, Healthcare Provider

Secondary Actors
Not Available

Pre-Conditions
From Use Case 4, the data is from sensors and subsequently the hub is being sent to the
server.

Primary Flow
1. Healthcare provider or patient requests to access stored data (through hub device

or internet).
2. If the request is accepted (through something such as a username/password), then
access to the health records is granted.



3. Healthcare provider or patients are dalpaf viewing the patient data stored in

the server.

Alternate Flow

For the 2% step of the primary flowif the request to the stored data in the server is not
authorized, then access to the health records is denied.

Activity Diagram

The following activty diagram depicts the flow ofdéCase 5.

(‘act [Activity] Store Accessible Health Records [ Store Accessible Health Records L|

/\
BSN System Patient / 3 Health-Care Provider S
Server '
\
/ N\
i \
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access stored Requests to
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Authorize - — = = 4 = — —hubguior | data
Request?~¢ < = internet, etc)
/ Ny,
No {\e =
¢ Y
Decline request Accept request
T ~
N
Py N -
X ~]
N
N
N
Accessiblg data =
«centralBuffers 1 View data > A
Stored PatientData = mm—m——— — Accessiblejdata View data
N -
~ e
~ /
~ /7
N s
20z

Post-Conditions

Figure A.5: Use Case 5 Activity Diagram

Health records are stored and easily accessed by the patient and healthcare provider.

Derived Requirements

1.
database.

to internet.

used communication platform (such as the internet).

Use Case RAllow PatientHealthcare Provider Communication

M

Server allows to securely statata comingrom a patient into that specific patientOs

User interface of patient or healthcare provider allows to securely access the patientOs
database server (username/pw encryption) from the hub or any device that has access

Access to servatatabase for each particular patient is possible through a commonly




Goals 6
1. Maintain @mmunication between healthcare provider and patieatief can
ask aquestiors andthe physician can give feedback, track progress)
2. Provide nechanism to acknowledge states of temporary lack of communication
3. Providereliablecommunication$53]

Primary Actors
Patient, Healthcare Provider

Secondary Actors
Not Available

Pre-Conditions

BSN\ communication iset up and confirmed to be in operation

From use case 4: the server sends a health status notification to the patientOs hub (which
has a graphic user interface) and the healthcare providerOs device.

Primary Flow
1. Scenario 1: Healthcare provider provides feedback.

a. Healthcare provider submits their feedback to the server via internet.

b. Once submitted, the feedback is sent to the patientOs hub graphical user

interface.

c. Patient reads the feedback off of theb.

2. Scenario 2: Patient asks for feedback.

a. Patient request feedback in hub.

b. Hub transfers this request to the server.

c. The server sends notification about this request to the healthcare

providerOs device.

d. Healthcare provider submits response through hieéo the server.

e. Server sends this response back to the patientOs hub.

f. Patient reads the response off of the hub.

3. Scenario 3: Healthcare provider requests a checkup.

a. Healthcare provider sends a request for a checkup with the patient, along
with all time & date options for this checkup, to the server through their
device.

Server sends this request to the patientOs hub.

Patient sees the response off of the hub, and confirms a checkup time/date.
Hub sends this confirmation to the server.

Server relays a edirmation notification to the healthcare providerOs

device.

4. Scenario 4: Patient requests a checkup.

®ooco

I M~



a. Patient sends a request for a checkup with the healthcare provider from
their hub.

b. The hub relays this request to the server.

c. The server sends this requesthe healthcare providerOs device.

d. The healthcare provider provides a response through their device to the
server.

e. Server sends this response to the patientOs hub.

f. Patient reads the response off of the hub.

Alternate Flow

Each of these scenarios isiopal, can be looped, and any scenario can lead to
another one. For example, once a patient asks for feedback and received it from the
healthcare provider, they may want to request a checkup.

In scenarios 4, the hub can be replaced by any device wiiriret access,
which would give the patig access to the server itself.

Sequence Diagram
The communication involved in this use case was bgstidel by the sequence diagram
below.
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Figure A.6 Use Case 6 Sequence Diagram

Post-Conditions

Patient andhealthcare provider are able to communicate back and forth between each
other.

Derived Requirements B B

1. User interface of patientOs hub device or healthcare providerOs device (or any device
with access to internet) is practical for use for communication leetpatient and
healthcare



2. Communication channel is secure between hub and server
3. Communication channel is reliable between hub and server



Appendix B: Matlab Sources Code for CFPG Models

In this appendix, 6 source codes model, simulate, and anayZ3-G device
and their power generating capabilities. Appendix B.1 gives the code that implements the
(reaktime) optimization formulation in Equation 5 of this thesis. Appendix B.2 lays out a
function utilized by the redgime optimization formulation. fiis function evaluates the
objective function and design parameters of the optimization algorithm. Appendix B.3
lays out the code that implements the delagachping force adaptive tuning model
described in this paper. Appendix B.4 is a piece of codevasiwvritten to aid in
processing the accelerometer acceleration traces, and Appendix B.5 plots the
optimization results. All three Matlab codes that simulate the CFPG model utilize the
Simulink model in the diagram below. All code has been published vattamM2014a:

Student Version.
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%%This code implements the REAL - TIME DAMPING FORCE OPTIMIZATION algorithm

%Inputs: Prior to running, check variables:

%csv_filenames, fdata, startt, endtt, windowsize, filename, filename2

close all ;clear all ;clc  %clear data

m=19300*(.1*(10e - 3)"3)/2; %9.65*10" - 4 grams is the proof - mass

Z|=10e - 3/4; %upper limit is a quarter the length of the
%cube; assuming proof mass takes half the
%space and the other half lies between the

%Dbounds of ZI and -ZI
%maximum), prof mass position, and proof mas s velocity
lastrelayoutput=1; % initialized relay output
FF.Value=.005; %damping force for optimization
F=.005; %damping force
xt=Zl;  %proof mass position

Q=F;

dxt=0;  %proof mass velocity

%%Selecting the acceleration input

maxtime=0; %used to keep together timestamps

Time =]; %will come from acceleration data excel sheets

aZ=1; %will come from acceleration data excel sheets

csv_filenames = Is( ‘hand/7/data*.csv' );  %all the filenames of type .csv within

%a certain directory
for k=1:size(csv_filenames,1) %size(csv_filenames,1) gives the number of
%files in the directory we checked above
fdata = csvread(strcat( "hand/7/" ,csv_filenames(k,:))); %read data

%(from the kth csv file
% Generate [time value] column.
% third column is Z axis; scale to G, then to MKS
Time =[Time; fdata(:,1)+maxtime]; %21st column of kth csv file is time
aZ = [az; 9.81*(fdata(:,4) - 8192)*15/16384];
%fourth column of kth csv file is aZ: acceleration, z - direction
maxtime = maxtime+max(fdata(:,1)); %set maxtime to be the largest
%timestamp of the last kth csv f ile,
%cuz this new maxtime will become
%the starting timestamp of the next
%csv file for - loop iteration
end
clear fdata ;
startt =2060; %Starting point (time, in seconds) from selected accel. file
endt=2165; %Ending point from selected acceleration fle
ind=find(Time>=startt & Time<endt);
Time=Time(ind) - Time(ind(1));
aZ=aZ(ind);

%%Selecting interval size for tuning F, and interpolating+upsamping selected
%acceleration data



windowsize=[1]; %Interval size for adaptive tuning of damping force

maxtime=windowsize; %now maxtime is equal to the windowsize

[pts, maxlength]=maximumlength(Time,aZzZ,1); %(up)samples for interpolation,
% third input is 1 (for windowsize) because we want to interpolate by

% looking for the maximum number of points in 1 - second windows across
% our data...our accelerometer gave us a value of Hz it samples as in we

% should expect a certain max number of po ints in each one second window
pts=pts*4, %Upsampling

maxlength=maxlength*4; %Upsampling

Timediff=Time(end);

Timeint=linspace(0, Timediff, pts); %Linearly - spaced interplation
aZ=interp1(Time,aZ,Timeint, ‘pchip’ |, ‘extrap’ )';  %lnterpolation method: PCHIP

Time=T imeint’;

clear Timeint ;
ind=find(Time<=max(Time));
daytime=Time(ind(end));

Time=Time(ind) - Time(ind(1)); %Interpolated Time, selected from acceleration
%file, shifted to start at Time=0
aZ=aZ(ind); %Interpolated acceleration z - axis

step=Timediff/pts; %male sure step size (time, in seconds) between
%(discrete data points is accurate

%%While loop for optimization. Every iteration in the while loop
%%corresponds to optimizing one window frame (of pre - specified interval
%%size, ‘windowsize") by tuning F and m aximizing output power

%Initialize counters used in optimization while loop
count=0;

i=0;

remF=[];

while  (i<daytime) %As long as the while - loop is still going thru selected
%acceleration data
if  (i+windowsize)>daytime;
i nd = find(Time>=i & Time<=daytime);
% Finds all the indices of the current window of length windowsize
maxtime=daytime - i;
else
ind=find(Time>=i & Time<i+windowsize);
end
i = i+windowsize; %shift i index to start th e next window for the next
%iteration of the while loop

alpha = Time(ind) - Time(ind(1)); %Setting time input for simulation
% (arbitrarily called alpha)

a.time=[]; %Don't put in time series for optimization

aZindic= aZ(ind); %accele ration input into simulation
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a.signals.values=aZindic;
a.signals.dimensions=1;
simin=[aZindic];

starttime=(ind(1)*step) - step - (count*windowsize); %Simulink start
%of current window frame
maxtime=step*length(alpha) -step; %Simulink end - time of current

%window frame

count=count+1; %frame or while - loop counter

if length(remF)==0; %remF is an indicator for whether proof mass was
%midflight in previous acceleration windowframe. if length(remF)=0
%then it was not midflight and F is allowed to be optimized.
%otherwise F remains constant

%upload initial points from previous acceleration window frame (or
%initial settings)

filename=strcat( ‘junelO/current’ ,num2s tr(count+num),

‘hand 7 one s.mat' );  %Change directory and name
save(filename, a' 'zl FF L dxtt , 'm' |, Clastrelayoutput!
hws=get_param( 'CFPG_Simulink_Model' , 'modelworkspace’  );

hws.clear;

hws.DataSour ce='MAT- File' ;
hws.FileName=filename;
hws.reload;

delete(filename);

clear filename ;

%Call CFPG Simulink Model, specify bounds for optimization

%design variable F

sys= 'CFPG_Simulink_Model’ ;

open_system(sys);

FF=sdo.getParameterFromModel( 'CFPG_Simulink_Model’ , 'FF.Value'
FF.Minimum=1e - 5;

FF.Maximum=.01;

%Log following power signal models from CFPG Simulink Model
Powers=Simulink.SimulationDa ta.SignalLogginglInfo;
Powers.BlockPath= 'CFPG_Simulink_Model/Mean’ ;
Powers.OutputPortindex=1;

simulator=sdo.SimulationTest( 'CFPG_Simulink_Model’ );
simulator.LoggingInfo.Signals=[Powers];

%Specify bounds on objec tive (power output)
MaxPowers=sdo.requirements.SignalBound;
set(MaxPowers,

‘BoundTimes' , [0 20],
‘BoundMagnitudes’ , [1000 1000],
Type' , '<=');

M?

- time
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requirements = struct( ... Y%specify req 'ments for the logged signals
‘MaxPowers' , MaxPowers);

%Calls function that evluates CFPG model design
evalDesign2=@(p) CFPG_Simulink_Model_Design(p,
simulator,requirements);
initDesign=evalDesign2(FF );  %After evaluation, this calls
%o0bjective function to simulate model and evaluate design req's
initDesign.Cleq;
initDesign.F;

opts=sdo.OptimizeOptions; %Set optimization
opts.Method= 'patternsearch’ ; %Select o ptimization method:

%Pattern Search Algorithm
opts.MethodOptions.TolFun=1e - 7; %Termination Tol on Objective Fun
opts.MethodOptions.TolX=1e -10; %Termination Tol on constraint(n/a)
opts.MethodOpt ions.TolMesh=1e - 5; %Termination Tol on Obj Fun + Mesh
opts.MethodOptions.CompletePoll= 1
opts.MethodOptions.CompleteSearch=
opts.MethodOptions.MeshContraction = .99; %Mesh Contraction

on' ; %Complete Point Polling

on' ; %Complete Point Searching

opts.MethodOptions.InitialMeshSize=.01; %Initial mesh size
opts.MethodOptions.MeshExpansion=1.03; %Mesh expansion
opts.MethodOptions.MaxIter=5000; %Termination by maximum iterations
opts.MethodOptions.MaxFunEv al=20*5000; %Termination by max Fun. Evals.
opts.MethodOptions.Cache=
%damping force value to see if they are close to previously

on' ; %Use cache to compare current

%computed F value...if within tolerance, computation skipped
opts.MethodOptions.CacheTol=1e -5; %Cache Tolerance
opts.MethodOptions.CacheSize=1000; %Cache Size

%Starts optimization
[POpt,optinfo]=sdo.optimize(evalDesign2,FF,opts);

if  optinfo.F==0 %If no power was produced, t hen the code
pOpt.Value=Q; %keeps F value of previous window frame
end

sdo.setValuelnModel( 'CFPG_Simulink_Model' ,pOpt);  %Updates model
Y%variable values

numofiterraw=optInfo.iterations; %used if we want to see # of
%iterations it took pattern
%search to find an optimal value
%for curre  nt window frame F
reasonfortermination=optinfo.exitflag; %used if we want to check
%exit flag for reason of termination
avgpower=optinfo.F; %Maximized average power (after optimzation
% of current window frame)
F=pOpt.Value; %Optimal value of F (after optimization)

else  %proof mass was midflight in previous window frame, i.e.
%F remains the same as in the previous window frame

433



end

F=remF; %remF is an indicator for whether proof mass was
%midflight in previous acceleration windowframe.
avgpower=777;  %Arbitrary number indicating optimization was skipped
%for current window frame
numofiterraw=777;
reasonfortermination=777;
end

sim( 'CFPG_Simulink_Model’ );  %Simulate our model to see output
%with optimal value of F
%Saving values of current window

fsim=Forcesim.signals.values; %Save damping force value
v=V.signals.values; %Save prof mass velocity
x=X.signals.values; %Save proof mass positions
ptime=P.time; %Save time series of simulaitons
pp=P.signals.values; %Save instantaneous power values
simaccel=theaccel.sig nals.values; %Save input acceleration values
lastrelayoutput=LWO.signals.values(end); %Save relay output
filename2=strcat( 'junel0/ ,num2str(count+num), '‘hand 7 one s' );
save(filename2, ‘fsim' ...
V', ‘alpha’ , 'aZindic' ,'X" ,'si maccel' ,‘'ptime’ , 'step'
'pp' , ‘avgpower' , 'starttime’ , 'numofiterraw’ ) e
'lastrelayoutput’ , 'reasonfortermination’ );

%Discrete data means that we have to make sure initial position and

%velocity of next window frame has changed with next step size
xt=x(end)+(v(end)*step);
if  v(end)==0
dxt=v(end);
remF=[];
else
dxt=v(end)+(( - simaccel(end) - (fsim(end)/m))*step);
remF=abs(fsim(end));
end
F=abs(fsim(end)); %Initialize F value of next window frame with current

%window frame
FF.Value=abs(fsim(end));
Q=abs(fsim(end));
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%function that evluates CFP G model design
function design = CFPG_Simulink_Model_Design(p,simulator,requirements)

%Simulate model using the simulator input argument to simulate the model
%and log model signals. Ensure model is simulated with chosen parameters
simulator.Parameters=p;

simulator=sim(simulator); %simulates

%Simulation signal log defined by SignalLoggingName porperty

logName=get_param( 'CFPG_Simulink_Model' , 'SignalLoggingName' );
simLog=get(simulator.LoggedData,logName);

%Evaluate design requirements and add design objectiv e to minimize negative

%of power (so maximize positive)

Powers=find(simLog, 'Powers' );
cPowers=evalRequirement(requirements.MaxPowers,Powers.Values);
design.Cleg=[cPowers(:)];

temp=permute(Powers.Values.Data,[3 2 1]);

design.F= - temp(end);

end
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%%This code implements the DELAYED DAMPING FORCE ADAPTIVE TUNING algorithm
%Inputs: Prior to running, check variables:

%F, windowsize, count, A, c, startt, endtt, csv_filenames, fdata

close all ;c lear all ;clc %clear data

m=19300*(.1*(10e - 3)"3)/2; %9.65*10" - 4 grams is the proof - mass

ZI=10e - 3/4; %upper limit is a quarter the length of the
%cube; assuming proof mass takes half the
%space and the other half lies between the
%Dbounds of ZI and -ZI

%maximum), prof mass position, and proof mass velocity

lastrelayoutput=1; %initialized relay output

F=[0.005]; %Choose .005 if looking at hand/arm data or .01 if leg data
xt=Zl;  %proof mass position

dxt=0;  %proof mass velocity

%%Interval length of window frames, should be consistent with interval of
%window frames of

windowsize=[1];

num=1/windowsize;

%%Opens optimized M - files from real - time optimization, s tores optimal F #'s
%Choose files and make sure names for variables 'A’' and 'c' match
for count=200:1:239 %Number of windows with interval length windowsize

%that wants to be looked at

A=exist(strcat( 'junel0/ ,num2str(count+1), ‘hand 33 one s.mat’ ));
if A~=0;
c=open(strcat( 'junel0/ ,num2str(count+1), ‘hand 33 one s.mat' ));
F=[F; c.fsim(1)];
else
end
end;
allF=F(1:length(F) - F); %lteratively store values of optimal F with a delay
%So second value of allF would be the optimal value of F for the first
%window frame
allF=abs(allF);

%%Selecting the acceleration input

maxtime=0; %used to keep together timestamps
Time =]; %will come from acceleration data excel sheets
aZ=1]; %will come from acceleration da ta excel sheets
csv_filenames = Is( ‘hand/7/data*.csv' );  %all the filenames of type .csv within
%a certain directory
for k=1:size(csv_filenames,1) %size(csv_filenames,1) gives the number of
%files in the directory we checked above
fdata = csvread(strcat( ‘hand/7/*  ,csv_filenames(k,:))); %read data
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%from the kth csv file
% Generate [time value] column.
% third column is Z axis; scale to G, then to MKS

Time =[Time; fdata(:,1)+maxtime]; %21st column of kth csv file is time

aZ = [aZ; 9.81*(fdata(:,4) - 8192)*15/16384];

%fourth column of kth csv file is aZ: acceleration, z - direction
maxtime = maxtime+max(fdata(:,1)); %set maxtime to be th e largest

%timestamp of the last kth csv file,
%cuz this new maxtime will become
%the starting timestamp of the next
%csv file for - loop iteration

end

clear fdata ;

startt=2060; %Starting point (time, in seconds) from selected accel. file

endt=2165; %Ending point from selected acceleration fle

ind=find(Time>=startt & Time<endt);

Time=Time(ind) - Time(ind(1));

aZ=aZ(ind);

%%Having selected interval size for tuning F, Over here the code
%interpolates and upsamples the chosen acceleration data

[pts, maxlength]=maximumlength(Time,aZz,1);

pts=pts*4, %Upsampling

maxlength=maxlength*4; %Upsanpling

Timediff=Time(end);

Timeint=linspace(0, Timediff, pts); %Linearly - spaced interplation
aZ=interp1(Time,aZ,Timeint, ‘pchip’ |, ‘extrap’ );  %lnterpolation method: PCHIP

Time=Timeint';

clear Timeint ;
ind=find(Time<=max(Time));
daytime=endt - startt;

Time=Time( ind) - Time(ind(1)); %Interpolated Time, selected from acceleration
%file, shifted to start at Time=0

aZ=aZ(ind); %Interpolated acceleration z - axis

step=Timediff/pts; %make sure step size (time, in seconds) between
%(discrete data points is accurate

%%While loop for delayed adaptive tuning. Every iteration in the while loop

%%corresponds to optimizing one window frame (of pre - specified interval
%%size, ‘windowsize') by using the optimal value of F from the previous

%%frame

%Initialize counters used in optim ization while loop

count=0;

i=0;

avgp=[|;

while  (i<daytime) %As long as the while - loop is still going thru selected

%acceleration data

% Finds all the indices of the current window of length windowsize
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end

ind=find(Time>=i & Time<i+windowsize);

i = i+windowsize; %shift i index to start the next window for the next
%iteration of the while loop
alpha = Time(ind) - Time(ind(1)); %Setting time input for simulation

% (arbitrarily called alpha)

a.time=[]; %Don't put in time series for optimization
aZindic= aZ(ind); %acceleration input into simulation
a.signals.values=aZindic;

a.signals.dimensions=1;

simin=[aZindic];

starttime=(ind(1)*step) - step - (co unt*windowsize); %Simulink start
%of current window frame

maxtime=step*length(alpha) -step;  %Simulink end - time of current

%window frame

count=count+1;

F=allF(count); %choose F - value

sim( CFPG_Simulink_ Model );

pp=P.signals.values; %instantaneous power from simulation
lastrelayoutput=LWO.signals.values(end); %last relay output

avgp=[avgp;mean(pp)]; %store avg harvested power for each interval

mean(avgp) %Average harvested power for selected acceleration data
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%%This code implements the Constant F on CFPG Using Specified Acceleration

%%trace
%Inputs: Prior to running, check variables:
%F, csv_filenames, fdata, startt, endtt , windowsize
close all ;clear all ;clc %clear data
m=19300*(.1*(10e - 3)"3)/2; %9.65*10" - 4 grams is the proof - mass
ZI=10e - 3/4; %upper limit is a quarter the length of the
%cube; assuming proof mass takes half t he

%space and the other half lies between the
%bounds of ZI and -ZI

%maximum), prof mass position, and proof mass velocity

lastrelayoutput=1;

F=.00081; %.81mN used for walking leg motion CFPG in pr ior literature
xt=ZI;

dxt=0;

%%Selecting the acceleration input

maxtime=0; %used to keep together timestamps
Time =]; %will come from acceleration data excel sheets
aZ=1]; %will come from acceleration data excel sheets
csv_filenames = Is( ‘hand/7/da ta*.csv' ); %all the filenames of type .csv within
%a certain directory
for k=1:size(csv_filenames,1) %size(csv_filenames,1) gives the number of
%files in the directory we checked above
fdata = csvread(strcat( ‘hand/7/*  ,csv_filenames(k,:))); %read data

%from the kth csv file
% Generate [time value] column.
% third column is Z axis; scale to G, then to MKS
Time =[Time; fdata(:,1)+maxtime]; %21st colum n of kth csv file is time
aZ = [aZ; 9.81*(fdata(:,4) - 8192)*15/16384];
%fourth column of kth csv file is aZ: acceleration, z - direction
maxtime = maxtime+max(fdata(:,1)); %set maxtime to be the largest
%timestamp of the last kth csv file,
%cuz this new maxtime will become
%the starting timestamp of the next
%csv file for -loop itera  tion
end
clear fdata ;
startt=2060; %Starting point (time, in seconds) from selected accel. file
endt=2165; %Ending point from selected acceleration fle
ind=find(Time>=startt & Time<endt);
Time=Time(ind) - Time(ind(1));
aZ=aZ(ind);

%%Selecting interval siz e for tuning F, and interpolating+upsamping selected
%acceleration data
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windowsize=[1]; %Interval size for adaptive tuning of damping force

maxtime=windowsize; %now maxtime is equal to the windowsize

[pts, maxlength]=maximumlength(Time,aZzZ,1); %(up)samples  for interpolation,
% third input is 1 (for windowsize) because we want to interpolate by

% looking for the maximum number of points in 1 - second windows across

% our data...our accelerometer gave us a value of Hz it samples as in we

% should expect a certa in max number of points in each one second window
pts=pts*4, %Upsampling

maxlength=maxlength*4; %Upsampling

Timediff=Time(end);

Timeint=linspace(0, Timediff, pts); %Linearly - spaced interplation
aZ=interp1(Time,aZ,Timeint, ‘pchip’ |, ‘extrap’ )';  %lnterpolation me thod: PCHIP
Time=Time(ind) - Time(ind(1)); %Interpolated Time, selected from acceleration
%file, shifted to start at Time=0

aZ=aZ(ind); %Interpolated acceleration z - axis

step=Timediff/pts; %make sure step size (time, in seconds) between

%(discrete data poin ts is accurate

alpha = Time(ind) - Time(ind(1)); %Setting time input for simulation

%(arbitrarily called alpha)

a.time=[]; %Don't put in time series for optimization
aZindic= aZ(ind); %acceleration input into simulation
a.signals.values=aZindic;

a.signals. dimensions=1;

simin=[aZindic];

starttime=(ind(1)*step) - step - (count*windowsize); %Simulink start - time
%of current window frame

maxtime=step*length(alpha) -step;  %Simulink end - time of current

%window frame

sim( 'CFPG_Simulink_Model' );
pp=P.signals.values; %nstantaneous Power signals from model simulation
mean(pp) %Average harvested power from simulation
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%%Function that upsamples for interpolation,

% third input is 1 (for windowsize) becau se we want to interpolate by

% looking for the maximum number of points in 1 - second windows across
% our data... The accelerometer gave us a value of Hz it samples as in we

% should expect a certain max number of points in each one second window

function [p ts maxlength]=maximumlength(Time,aZ,windowsize)

maxlength=0;
i=0;
indic=find(Time<=max(Time));
daytime=Time(indic(end));
count=0;
while (i<daytime) %Looks for 1 - secondwindow with highest # of sampled points
if  (i+windowsize)>daytime;
ind = fin d(Time>=i & Time<daytime); % Find all the indices of the
%current window of length windowsize
else
ind=find(Time>=i & Time<i+windowsize);
end
i = i+windowsize; %shift i index to start the next wind ow for
%the next iteration of the while loop

windleng=length(aZ(ind));
if  windleng>maxlength
maxlength=windleng;

else

end

count=count+1;
end
numofwinds=count; = %Number of 1 - second windows in selected acceleration trace
pts=numofwinds*maxlength; %Maximum number of points in each window
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%%Read and plot saved optimization M
I length

- files. Each M
%frame of certain interva
%Inputs: Prior to running, look at variables:
%num, count, A, and ¢

clear all ;close all ;clc

firstiter=[];
seconditer=[];
thirditer=[];
reas=[J;
num=1/40;
for count=200

%change denominator to windowsize

%change this so that it r eflects number of M - files

A=exist(strcat( 'junel0/ ,num2str(count+1), ‘hand 33 forty s.mat'
if  A~=0;
c=open(strcat( 'junel0/ ,num2str(count+1), ‘hand 33 forty s.mat'

reas=[reas; c.reasonfortermination c .lastrelayoutput];

c.ptime=c.ptime+(count/num)+c.starttime - (8*25*(1/num))+25;

if  length(L)==0;

elseif abs(c.fsim(1))==abs(L(end,3));

thirditer=[thirditer; count+1, mean(c.pp)];

else

end

L=[L;c.ptime, c.pp, c.fsim, c.x, mean(c.pp)*ones(size(c.pp)), c.v];
c.alpha=c.alpha+(count/num) - (8*25*(1/num))+25; %

M=[M;c.ptime, c.simaccel];
end

else
end
end;

%Plots below, labels describe type of plot
a=L(;,2); %or L(:,5) for avg power instead of instantaneous power
for i=1:1:length(a);
b(i)=sum(a(1:i));
end
figure;
subplot(3,2,1);
plot(M(:,1),M(:,2));
ylabel( ‘acceleration’ );
xlabel(  ‘'time (s)' )
subplot(3,2,2);
plot(L(:,1),L(:,2));
title(  ‘instantaneous power' );
xlabel( ‘time (s)' )
subplot(3,2,3);
plot(L(:,1),abs(L(:,3)));
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xlabel(  ‘time (s)' )
title(  'F');
subplot(3,2,4);
plot(L(:,1),L(:,4));
xlabel(  ‘'time (s)' )
title(  'position’ );
subplot(3,2,5);
plot(L(:,1),L(:,5));
xlabel( 'seconds' )
title(  ‘avg power' );
subplot(3,2,6);
plot(L(:,1),b);

xlabel( 'seconds' );
titte(  ‘energy’ );

figure;
plot(L(:,1),L(:,4));
xlabel( ‘'time (s)' )

title(  'position’ );

figure;

plot(L(:,1),L(:,5));

xlabel( ‘'seconds' ) %change name
title(  ‘avg power' );

figure;

plot(L(:,1),L(:,2));

title(  ‘instantaneous pow er );
xlabel(  ‘'time (s)' )

figure;
plot(L(:,1),abs(L(:,3)));
xlabel(  ‘'time (s)' )
title(  'F' );

figure;
plot(L(:,1),(L(:,6)));
xlabel(  ‘'time (s)' )
title(  ‘speed' );

M(:,1)=M(:,1) - 25;

figure;
plot(M(:,1),M(:,2));
ylabel( 'Acceleration (m/s"2)' );

xlabel(  'Time (s)' )
title(  'Arm5' );

mean(L(:,2))  %Average Harvested Power
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