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Electronic Textiles for Motion Analysis

Joshua N. Edmison

(ABSTRACT)

The union of electronics and textilesto form electronic textiles (e-textiles) providesa promis-
ing substate upon which motion analysisapplications can be develogd and implementeal. Fa-
miliarity with clothing allows sensorsand computational elementsto be naturally integrated
into garmentssuchthat wearability and usability is preservel. The dynamicsof the human
body and the wide variety of sensorand processingchoicesrenderthe typical prototype-kasel
designmethadolagy prohibitively di cult and expensive. Simulation of e-textile systemsnot
only reduces these problemsbut allows for thorough explomtion of the designspace, faster
design cycles, and more robust applications. Gait analysis, the measurement of various
body motion parameters during walking for medical purposes, and context awareness,the
recognition of user motions, are two immediate applications that e-textiles can impact and
emphasizeahe feasibility of e-textilesas a medium for sensordeploymenton the human body.
This thesis presentsthe designof a simulation environment for wearable e-textile systems

and demonstatesthe use of the simulation via a prototype pair of e-textile pants.
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Chapter 1

Intro duction

1.1 Motiv ation

As the computing paradigm is shifting from desktop madines to pervasive devices,the
natural desireto bring computational devicescloserto the user has beena primary goal.
Achieving this goal enablesa host of applications sud as remote medical monitoring, inter-

active sports medicine,and cortext-aware pervasive computing that require a steady stream
of information about the user'sbody. Familiarity and the dependenceupon textiles, partic-

ularly in the form of garmens, make textiles a promising deploymert medium for electronic
componerts. The advancedstate of textile materials and manufacturing techniquesplaces
the computational aspects of e-textiles at the forefrornt of the problem domain. Early pro-

totypes sud as the Wearable Motherboard [1], shape sensingjacket [2], and piezcelectric
glove [3] provided a glimpse of e-textile capabilities in wearableapplications. Designrules
derived and learned from the construction of a large scaleacoustic beamforming array [4]
showved that building e-textile systemsis both feasible and bene cial. The corvertional

designmethodology for these systemsincluded many prototype iterations due to the large
number of designvariables and uncertainty about application-level algorithms. This type

of designmethodology is not suitable for more advancedsystems. As the complexity and



sophistication of systemscontinuesto increase,prototype-baseddesign methodologieswill
becomeprohibitiv ely expensiwe, time-consuming,and insu cien t for examining the system
asa whole. The primary goal of this thesisis to presem and evaluate a designmethodology

for wearablee-textiles that utilizes simulation and a prototype that shovcaseshis process.

1.2 Contributions

This thesispreserts the designand implemertation of a simulation ervironmert for wearable
e-textile systemstargeted particularly towards motion analysis. The simulation environment
allowsthe simulation of virtual sensorglacedat any point onthe body and caninterfacewith
application level hardware or software models. Modular designof the simulation encourages
enhancemenor improvemen of modelsand applications, providing extensibility. The thesis
will alsoshaw that simulation canbe usednot only for hardware design,but canalsobe used
to designand test application software prior to construction of a prototype. To demonstrate
this principle and verify the assertion, a prototype e-textile for gait analysisand activity
cortext awarenesswas designedusing the simulation. The prototype is capableof collecting

data necessaryfor gait analysisand/or providing information about the user'sactivity.

1.3 Thesis organization

The thesisis organizedasfollows. Chapter 2 discussedadkground information necessaryor
understandingthe work performedin this researt. Chapter 3 discusseshe details of the
target applications and the designof the prototype e-textile. Chapter 4 explainsthe design
of the simulation ervironment. Chapter 5 discusseghe results of designspaceexploration
using simulation and validation of the simulation via the e-textile prototype. Chapter 6

presens conclusionsand summarizesthe cortributions of this thesis.



Chapter 2

Background

This chapter presens previouswork in areasrelatedto this researb. The combined cortribu-
tions discussedwere utilized in the completion of the simulation environment and prototype

presered in this thesis.

2.1 Electronic Textiles

Electronic textiles encompass wide range of de nitions from fabrics that incorporate con-
ductive b ersto fabrics that corntain sensorsand computational devices. One of the rst

e orts in e-textiles, performedat MIT [5], consistedof conductive metallic organzaintegrated
into fabric to createinteractive fabrics. The rst interactive fabric was a row and column-
based musical keyboard. The resulting device was exible enoughto be folded and was
capableof emitting the appropriate keyboard notesvia external spealers. Another interest-
ing creation was a tablecloth that identi ed individuals sitting at a table via RFID coasters,
provided an interface via woven yesand no buttons, and included a display. Lesspractical
applications of e-broidery were displayed via musical balls which altered their tune basedon

the level of physical handling, and a dressthat changedcolor with the user'smovemer.



While [5] provided someinteresting applications, it did not addressthe incorporation of
other sensingand computing elemens. The WearableMotherboard project [1] marked one
of the rst attempts at integrating commnunication, processing.and sensinginto a garmern.
Its intended application was ambulatory monitoring of soldiersin conbat situations. In
addition to monitoring normal vital signsthe garmert could detectbullet holesusing optical
b er. While sensingand communication componerns were integrated into the textile, a
computational device was worn on the hip to processdata. Additional projects involving
medical monitoring include the designof a garmert for monitoring the major vital signs
in [6], using garmeris incorporating metallic yarns, piezcelectric pressuresensorsand piezo-
resistive threads. Respirationdata was collectedby usingsomeof the sensorsasstrain gauges
while heart data was collected using portions of stainlesssteel fabric. Data was collected
from these sensorsvia an IPAQ and shipped to other devicessud as a desktop PC for
post-processingand analysis. The recon gurable fabric project at UCLA [7] focusedon fault
toleranceand drug dispensingin an ambulatory sensinggarmen. The garmert consistedof
a token grid with interconnectsthat could switch the data path around a fault. The drug
dispensingwas performed using a non-invasive technique that administered drugs through

the skin.

While the above applications shoved promise, many of the e-textile designissueswere
not addressed. Additionally, processingelemetts were separatedfrom the textile instead
of being distributed and integrated throughout the fabric. The work performed by the
following groupsand individuals focusedon many of the primary designissuesand took steps
towards integrating processingelemets into the fabric. Modeling and simulation of power
distribution/managemert and fabric fault/tears were investigatedin [8]. This simulation
allowed the investigation of power managemeh and its e ects on fault tolerance. It was
showvn that including power sourcesat ner granularities increasedfault tolerance. The
resulting simulation could alsobe usedin future e-textile simulations to induce faults in the
fabric. The STRETCH project [4] [9] utilized large-scalg(30 foot) fabricsto deploy acoustic

sensorgor beamformingapplications sud as vehicle detection. The processingnodeswere



Figure 2.1: Field test of a 30 foot acousticbeamformingtextile

DSP-classprocessorsand digital commnunication was performed on the fabric over wires
woven into the textile. In addition to locating the direction of a vehicle, the fabric could
conbine data from multiple microphonearrays to calculate location. This project was also
oneof the rst to beginintegrating computational devicesinto the fabric. A eld test of the
fabric is shavn in Figure 2.1. Also presetted in [4] is a set of generaldesignpreceptsor rules
for e-textile systems. Wearable acoustic e-textiles applications, sud as source separation
and speed processingwere exploredin [10]. Speci cally, the arrangemem of microphones,
samplingrates, and motion e ects from wearing the devicewere investigated. Theseresults
showv the importance of simulation in the designof acoustice-textile applications and that

e-textiles provide a feasibleplatform for acousticapplications.

The use of piezcelectric Ims as shape sensorsin e-textiles was presetted in [3]. The
piezcelectric Ims detectedthe movemen and tapping of the ngers in a virtual keyboard
application. This work demonstratedthe promiseof piezcelectric Ims assensingcomponerts
in wearable systemsdue to their versatility and form factor. A photo of the prototype is

shown in Figure 2.2.



Figure 2.2: Piezcelectric Im-based keyboard glove

Commercialapplications of e-textiles have beenprimarily limited to userinterface meth-
odsand medicalmonitoring. The Burton MP3 snonvboardingjacket [11]incorporatesSoftSwitch
[12] embroidered keypad technology In neon Tednologies[13] produceselastic e-textile
straps that weave into jackets for use with audio devicesand suits which produce power
using body heat. First-iteration commercialsafely/medical/ambulatory monitoring devices
include the LifeShirt [14] and safely sensorsin furniture [15]. The Lifeshirt incorporates
sensorswoven into the shirt to monitor respiration, heart functions, and body orientation.
Safely sensorsin furniture ensurethat electric recliners can only be operated by adults,
will halt operation whenimpededby objects, and can resize/adjust to the individual in the
chair [15].

2.2 Context Aw areness in Wearable Computing

The ability to place sensorsnear the body using e-textiles lends nicely to the requiremerns

of context-aware systems. Context awarenessas discussedin this thesis is the ability to



recognizeuser activity. Examplesof user activity include but are not limited to walking,
sitting down, standing up, running, jumping, and idle. Classi cation of useractivity is useful
for pervasive computing and health monitoring applications. Se\eral prototype systems
sud asthosein [16] [17][18], attempt to fuse sensordata to form high level abstractions
of the user's activity. Methods for adhieving activity awarenessinclude the use of neural
networks, decisiontrees, Markov chains, probabilistic models,and state madines. The work
performedby Golding et. al. [17] focusedon the useof se\eral sensortypes (accelerometer,
magenetometerJight, and temperature) to determinethe activity and room location of the
user. In doing so they discovered the importance of pre-processingsensorsdata prior to
classi cation. Application of learning algorithms, speci cally Markov chains, to data that

was not pre-processedypically led to greater error.

Van Laerhovenet. al. [16]usedse\eral di erent sensortypesincluding accelerometeraind
light sensorghat were attachedto a circuit board that was small enoughto wear. Kohenen
Self-Organizingmaps were utilized asthe learning/classi cation algorithm. A push button
interfacewasprovided that allowedthe userto train the systemto recognizea varioustask or
activity. Recognitionaccuracyrangedfrom 42%-96%.Randell et. al. [18] also investigated
the use of clustering neural network algorithms for determining user cortext. Their work
examined the validity of using a single accelerometerand minimizing power by using a
very low sampling rate. Quoted accuracyfor seweral motions averageroughly 75%. Later
work by Van Laerhoven [19] incorporated a relatively large number of sensors,more than
thirt y, the majority of which were accelerometersto determine user activity. The resulting
devicewas a harness-like systemthat wasworn on-top of existing clothing. Accelerometers
and computational deviceswere attached to the harnessat various points of interest. The
systemdemonstrateddistributed processingof the Kohenenlearning algorithms introduced
in earlier works [16]. Work was also performed using sensorssud as microphonesand
cameras.Clarksonet. al. [20] attempted to extract context features,particularly movemen
through a building, from sound and video data. The classi cation medanism usedhidden

Markov models that were trained o ine. The hidden Markov models were trained over a



variety of obsenation windows and number of classi cation statesto nd an optimal model.
Farringdon et. al. [2] deweloped a badgeand jacket that could determinethe user'scortext.
Additionally, the ideaof sensingthe shape of the body wasintroduced. This wasadieved by
using metallic woven strips whoseresistanceincreasedasthey stretchedwith usermovemernt.
The algorithm usedto extract context consistedof basic decision-treestyle criteria sud as

thresholdsand boundary crossings.

2.3 Biomec hanics and Gait Analysis

Becauseof their close coupling to the human body, another interesting application area
for e-textiles is biomedanics. Biomedanics is loosely de ned as the study and analy-
sis of medanical behavior of living organisms,typically humans [21]. Common areas of
applied biomedanics are ergonomics,gait/lo comotion, motor cortrol/m uscle, orthopedics,
and sports medicine/performance[22]. Biomedanicsin ergonomicsfocuseson the design
of systemsand spacesthat operate well with the human body (i.e. are comfortable and do
not causeharm). Commercialcompaniessud as Insight [23] and academicgroups sud as
Kinetics Laboratory of Ottawa [24] and the Virginia Ted Locomotion Researb Lab [25]
utilize biomedanicsto reduceinjury and fatigue in the workplace or causedby products.
An example application, the design of car cortrols to reducedriver hazard, is under in-
vestigation at the Virgina Ted Locomotion Researb Lab [25]. Motor cortrol and muscle
strength are alsotwo well examinedfunctions of biomedanics, particularly in rehabilitation
e orts. Combining the computer and exerciseequipmen to form devicessimilar to Cybex
madines[26]allows doctors and medicaltechniciansto obsene status and progressn graph-
ical represemations of force curves, momerns, and other appropriate readings. Comparison
to known idealsfor various agegroupsand long-term historical tracking are also helpful in

enhancingtreatment.

Biomedanical analysisis alsousedfor improving sports performance. The useof motion



capture systemsto capture golf swings,running motions, throwing motions, and other sports
related movemeris may pinpoint incorrect movemerns or variations that more subjective
analysiscannot[22]. In addition to sports performancethe sametechniquesmay be applied

to injury prevertion or ewvaluation of sports devices,sut as shcesand racquets.

Current studiesin gait analysisinvestigatethe slipsand fallsin elderly andtheir assaiated
causes.Work performedin [27] examineshow elderly individuals react to slippery surfaces
and how agea ects thesereactions. Additional studiesinclude the investigation of muscle
strength e ects on slips and falls [28], aging e ects on slips and falls, dewelopmen of a
hip airbag, and how carrying loads e ects slips and falls. Gait analysisis also a strong
indicator of various medical conditions sud as Parkinson's Diseaseand undetectedstrokes
[29]. Current systemsfor performing theseanalysesconsistof camera-basednotion capture
systems[25]. These systemsprovide three-dimensionalposition data that can be usedto
calculatenecessaryparameters. Typically calculatedparametersare: step length, heelstrike

velocity, slip distance,slip velocity, required coe cien t of friction, and certer of mass.

2.4 Simulation Using Ptolem y

The Ptolemy |l simulation environmert allows concurrert simulation and interaction of dif-
ferert models of computation [30]. In doing so, Ptolemy Il requiresthe userto divide the
designinto models of computation and implemen these models within Ptolemy |l actors.
Actors provide processencapsulationand hierarchy sud that they canbe easilymanipulated
and connectedin the Ptolemy Il data ow processingmethod. The actions of the actorsare
cortrolled not only by the designimplemenation but alsoby the computational domain in
which they exist. Actors are connectedtogether to completethe simulation. The primary
models of computation supported are: Discrete Evert, Finite State Machine, Syndironous
Data o w, ProcessNetwork, and Continuous Time. E-textile systemsrequire the cortinuous

time domain, discreteewert, and nite state macinesdomains. Sensorghat interface with
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Figure 2.3: A generalview of the Ptolemy Il simulation ervironmernt

the analog, real-world are modeledin the cortinuoustime domain and must interface with
the Discrete Evert domain. The Discrete Evert and Finite State Machine domains model
microcortrollers and other processingelemeins. Comnunication between sensorsand pro-
cessingelemerts is implicitly performed using the data ow processingmodel enforcedby
the Ptolemy Il framework. A screenshobf a typical Ptolemy Il dewelopmert and simulation

ervironmert is shavn in Figure 2.3.



Chapter 3

Applications

To createmeaningfuland successfusimulations, the target applicationsand how they relate
to the implemertation platform must be fully understood. The closecoupling of textiles,
and consequetly, e-textilesto the human body, lendsnaturally to motion analysis. Motion
analysisapplicationscanbe looselysubdivided into to two primary categoriestelemetric and
inferertial. Telemetric applications typically consist of basic sensordata collection while
inferertial applications attempt to glean highly abstracted information from sensordata.
Two applications, onefrom ead category were chosenastargets: motion cortext awareness
and gait analysis. This chapter discussesthe applications and assaiated design issues.
Chapter 4 will discussthe use of simulation to resole designvariablesand Chapter 5 will

discussthe details of the implemertation and assaiated results.

3.1 Context Aw areness

Context awarenesss the ability of a deviceto derive the user'sactivity, the user'slocation,
the user'scompary, or what resourceshe useris near. This type of information allows the

deviceto better interact with the userand the user'servironmen. For example,a conext-

11



12

aware cell phone that knew its location would not ring while you were sitting in a movie
theater or while you werein a meeting. Context awarenesssystemscan be physically based
like the cell phone, or can be non-physical sud as a cortext-aware help meru in a word
processor. For the purposeof this thesis, context awarenesswill refer to the recognition of
human motions, for example,walking and running. Practical applications of corntext aware-
nessin this form include fall detection/prevertion in elderly patients, health monitoring, and

ubiquitous computing.

3.1.1 Problem Statement

Recognizingusermotions is not a new concept[20], but hasbeenhamperedby the di cult y
of placing sensorsnear the body discretely and comfortably. Also di cult, is the mapping
from low-level sensordata to higher level abstractions [16]. Machine learning algorithms
for fusing low-level sensordata sud as neural networks or statistics-basedalgorithms tend
to require relatively large amourts of storage, processingpower, and may be trained prior
to use[31]. Due to the complexity of these algorithms, changing design variables often
produces unpredictable or non-intuitiv e results, further complicating the design process.
Implemertation of context-aware systemsinvolvesthe considerationof many variables. To

successfullydesigncortext-aware systemsthesevariables must be understood.

3.1.2 Design Variables

All context-aware systemsin the physical domain involve the use of sensors. Sensors by
de nition, provide the interface between the physical world and computational resources.
The rst designvariable is the type of sensors. Selectedsensortypes must be capable
of capturing information which is fundamertal and di erential to the typesof motions or
activities that are to be recognized. The underlying physics of the motions and activities

usually determineswhat type of information is fundameral, but the task of di erentiation is
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typically left to the algorithms. Popular sensorchoicesin past examplesof cortext awareness
[2] [16][18] have beenaccelerometersgyroscopes,compassedjght sensorsand other devices

capableof sensingspatial or environmertal conditions.

The number of sensorausedis alsoa variable in the design. Using too few sensorgresults
in incomplete or insu cien t information, while too many sensorgesultsin data saturation
and over constrairt of the recognition algorithms. This problem is compoundedby the fact
that raw sensordata may be pre-processednto multiple represetations sut asaveragesor
standard deviations causingdata saturation with fewer sensors. Increasingthe number of

sensorgnay also provide rudimentary fault tolerance,reducingthe e ects of sensorloss.

Sensorquantity is tightly correlatedwith the placemen of sensors.Sensorplacemen, at
the very least, provides a lower bound on the minimum quartity of sensors. Also, sensor
placemen dictates the level and quality of accesdo the fundamenal physical information.
Proper selectionof sensortypes can be negatedby poor sensorplacemen choices. When
consideringsensorplacemen for cortext-aware systemsthat intend to discern motion and
activity information, one must compensatefor the large variations in degreesof freedomof
di erent body parts. Primary sensollocationsmay require placemen of additional secondary
sensorsn the vicinity to correct for and resole degreesof freedom. For cortext awareness
applications, algorithms may be capableof recognizingcortext even with partially incorrect

data.

The core of most context-aware systemsare the algorithms that generatethe cortext in-
formation. Proper selectionof parametersfor thesealgorithmsis paramourt to the succes®f
conext-aware systems. Selectionof theseparametersis discussedn Section4.6.1. Machine
learning algorithms sud as neural networks, statistics, and decisiontrees provide methods
for fusing low-level sensordata and making highly abstractedinferences.Within the neural
network sub-classof learning algorithms are many speci ¢ typesof neural networks sud as
badpropagation, recurrert, probabilistic, and clustering[32]. When the algorithm for di er-

ertiating inputs is not known or is extremely di cult to derive, neural networks, if properly
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con gured and trained, can provide a hands-o, black-box solution. Neural networks also
have the ability to recognizehighly dimensionaldata, lending well to the requiremerts of

cortext awarenessapplications.

While this may soundideal, neural networks have seeral drawbadks and a large number
of designvariables. The user of a neural network must choosethe type of neural network,
the number of layers, the type of output, the number of inputs, the layer functions, and the
pre/p ost processingalgorithms. Finding the sweet spot in this designspaceis a daunting
challenge. When choosing these variables, the available computation resourcesand data
storage capabilities must be considered. Prior use of neural networks for activity recogni-
tion [17]shaved that raw sensorinput is not suitable and should be pre-processedreceding
presemation to the neural network. The choicesfor pre-processingalgorithms rangesfrom
averagesto complex statistical functions. Post-processingof neural network output using
state madiines or Markov chains can eliminate unlikely or impossibleactivity state transi-
tions, increasingaccuracybeyond that of raw neural network output [16]. For example, it
would be impossibleto stand up if you are already standing. For the purposeof this thesis,
neural networks will be the exclusive machine learning algorithm used. It is important to
note that this selection,basedupon previouswork discussedn Chapter 2, was necessaryto

limit scope.

Implemerting cortext awarenessusing a wearablee-textile garmert posesadditional de-
sign considerations. Similar to all wearable systems, e-textiles are subject to the same
dynamic environment. As discussedpreviously sensorplacemen is critical to application
success.The range of sizesand shapes acrossthe human population is quite large. As a
result, an e-textile with onesizemay experiencevariations in sensorplacemem, with respect
to locations on the body, over a large population. Clearly, multiple garmen sizeswill be
required. To stay within the con nes of standard textile manufacturing processesthe mini-
mum number of garmern sizesrequiredto reducesensomlacemem variations must be found.
In addition to placemen variations, the dynamic range of the sensorsacrossthe population

must also be considered. An exampleof variations in dynamic range s larger acceleration



15

valuesfor thoseindividuals who have longer legs. Further sensorvariation may result from
sensordeing enbeddedwithin the textile, making them susceptibleto error causedby cloth
motion. Dynamic ernvironmerts increasethe chance of sensorfailure, raising the needfor
fault tolerancein the systemand or algorithms usedto determine cortext. The e ects of

sensorplacemems on the cortext awarenessapplication discussedn Section5.2.

3.1.3 Design Goals

The designgoalsfor a wearable,cortext-aware, e-textile are:

- Accuracy: The e-textile must be capableof providing an application speci ed accu-

racy.

- Generalization: The e-textile should be able to generalizeacrossa broad range of

populations and situations.

- Fault Tolerance: The e-textile shouldbe ableto provide the necessaryevel of accu-

racy given the lossof somesubsetof sensors.

Clearly, when consideringall of the primary and secondarydesignissuesof cortext-aware
systemsthe result is a conmbinatorial explosionof options. This makesfully exploring the
designspacevery di cult, if not impossible. Later, it will be shovn that simulation is a

usefultool for thoroughly exploring the context awarenessdesignspace.

3.2 Gait Analysis

The secondpromising application for wearablee-textilesis the monitoring and measuremen
of the human walking motion, known as gait analysis. Of particular interest are various

characteristicsof the walking motionsthat may provide causedor certain medicalconditions.



16

Figure 3.1: Subject out tted with retrore ectors in the Virginia Ted LocomotionLaboratory

(usedwith permissionfrom Thurman Lockhart, Virginia Ted Locomotion Laboratory)

Examplesof this include investigating how and why elderly peoplefall, and e ects of aging

on the walking motion [25].

3.2.1 Problem Statement

Current gait analysistechniquesinvolve costly equipmer consistingof camerasand retrore-
ectiv e markersthat are capableof providing three-dimensionalposition information of the
limbs and torso. The test subject is out tted with the retrore ectors, showvn in Figure
3.1 [25], sudh that they are placed at points of interest and are recordedperforming some
action using six cameras. Captured video is post-processedusing proprietary software to
extract the three-dimensionalmotion data. The nal resultis XYZ coordinate information
correspnding to the positions of the retrore ectors. In addition to the three-dimensional
motion data, force plates enbeddedinto the walking platform record forceson the feet dur-
ing motion. This conmbination of data is usedto calculate a set of dependert parameters

required to perform the analysis.
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E-Textiles provide a probablealternative to this method. While e-textiles cannot provide
three dimensional position information, they can be usedto directly obsene the required
dependert parameters. Additionally, an e-textile implemertation of a gait analysissystem
would berelatively lessexpensiwe and portable, allowing the investigator to collectdata from
the subject in a more natural setting sud asa homeor o ce or allow data collection over
a longer period of time. Similar to the context awarenessapplication, a variety of design

variablesexist for the successfutlesigna wearable,e-textile, gait analysissystem.

3.2.2 Design Variables

Gait analysisis subject to all of the sensorrelated designvariablesdiscussedn Section3.1.
The placemenm of the sensorsnhumber of sensorsand type of sensorswill ultimately deter-
mine how well the desiredinformation is extracted from the physical situation. There are
howewer seeral distinct di erences betweenthe designconsiderationsfor the two applica-

tions.

Gait analysisrequiresa di erent type of accuracythan the cortext awarenessapplication.
Context awarenessrequiresthat the mapping to higher level abstractions is accurate and
suggeststhat the cortext algorithms should be tolerant of sensordata variations. Gait
analysis, however, is directly dependert upon the sensordata. The lower bound of the
accuracydependsheavily upon the type of gait analysisdesired. Accuracy is a ected by a
number of di erent items sud asthe sensortechnology available, interfacecircuitry, garment
construction, sensorplacemen, and degreesof freedom. How thesevariables cortribute to

the overall deviation varies given a particular type of analysis.

The dynamic range of sensorss alsoimportant in a gait analysisapplication becauseof
the reliance upon the raw sensordata. Improper con guration of the sensingrange may
result in clipping or reduce the sensordata belon the noise thresholds. These types of
errors could causesigni cant error in the calculation of dependert measures.The variation

in sensoroutput acrossthe body is quite large. For example,an accelerometemplaced on
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the heel producesaccelerationsorders of magnitudeslarger than those of an accelerometer

placedon the hip.

Again, dueto the necessi of accuratesensordata, sensordegreeof freedomis a crucial
designvariable. A high degreeof freedommay forcea sensorto changeorientation and cause
errant sensorreadings. Other sensorsmay be required to provide information for detection
and correction of changesin sensororientation. Body parts whosepossiblemotions have a
high degreeof freedomsud as the ankles, heels,elbows, and wrists are the most di cult
to sense.Sometypes of sensorsare generallynot a ected by additional degreesof freedom

sud asthe piezeelectric Ims and microphones.

3.2.3 Dependent Measures

To fully perform the samegait analysisapplications enabledby video motion capture tech-
nology, the e-textile must be capableof measuringthe appropriate setof dependert measures.

Thesemeasuresare listed with descriptionsbelow [28]:

Step Length: The distancetraveledby the foot betweenalternate foot heelstrikes.

Sliding Heel Velocity: The horizortal velocity of a heel during the slip initiation

phase.

Slip Distance: The horizortal distancetraveledby the foot that initiates the slip.

Heel Velocity: The heelvelocity during the heelstrike.

Required Coecien t of Friction: The ratio betweenhorizontal and vertical forces

on the foot.

While there is someoverlap in the designvariablesfor the context awarenessand gait
analysisapplications, eat exhibits uniquerequiremers. It is expectedthat mostconceiable

applications of wearableelectronictextiles will have general,sensor-relateddesignvariables
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coupled with a subset of unique requiremens. With the design variables in mind, the
prototype e-textile platform will be discussedn Section3.3. Details involving the utilization
of the prototype platform to implemen the corntext awarenessand gait analysisapplications

will be discussedn Chapters4 and 5.

3.3 Protot ype Construction

The e-textile platform chosento implemert the desiredapplicationsis a pair of pants. Pants
allow sensordo be placedon the legs,feet, and near the certer of mass. Thesequalities t

nicely with the gait analysisand cortext awarenessapplications. The e-textile also incor-
poratesthe preceptspresened in [4] sud as generalizedfabric swatchesto maintain large
scalemanufacturing capability, digital communication acrossthe textile network, small-scale

sensornodes,and medanical attachmert.

3.3.1 Design Assumptions

For both applications, two fundamertal piecesof information must be sensed speci cally,
physicsof motion and shape of the body. All of the physical measuremets sud as velocity
and position can be derived from acceleration,thus accelerometersvere selectedasa sensor
type. Prior work performedin [3] demonstratedthe feasibility of using piezaelectric Ims
to detect shape. Consequetly, piezcelectric Ims were chosenfor sensingthe shape of the
body. While other sensorschoicesmay be justi able, piezcelectric Ims and accelerometers

will comprisethe full set of sensorgnvestigatedin this thesis.

Two important aspectsof an e-textile for wearableapplications are that it must be com-
fortable to wear, and sensoranust be integrated with minimal obtrusiveness.The cloth for
the pants was createdusing a manual weaving processwith a thread pitch of approximately

twenty-four threads per squareinch. The use of a generalizedfabric swatch incorporating
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Figure 3.2: Physical implemertation of the generalizedfabric swatch

the insulated bus wires for communication shown in Figure 3.2 enabledthe manufacturing
of large cords of fabric. The cords of fabric were cut and sewninto the nal pair of parts.
Connectionsbetweenthe fabric and sensornodeswere made using insulation displacemen
connectorscreatedusing o -the-shelf componerts shown in Figure 3.3 [33]. The connectors
were designedwith a minimal pro le in mind. While theseconnectorsare not the optimal

solution, they were satisfactory for a rst iteration prototype.

The computational architecture of the pants was constructed in a hierarchical fashion.
The bottom-most layer of the hierardhy consistsof lightweigh sensomodesthat utilize eigh-
bit PIC16LF18[34] microcortrollers running at 8MHz to provide analogto digital corversion
and simple pre-processingof data. Pre-processingwas performed at the sensornode to
reducethe amourt of required network tra c. The next layer in the hierarchy consistedof
a singlemaster node consistingof larger Atmel AVR [35] microcortrollers running at 20Mhz
and a RS232port which queried, via interrupts, the smaller sensornodes for their data.
Communication betweenthe two lower layer of sensornodes was performed on a shared
I2C [35] bus created using the generalizedfabric network. The collected sensordata was

forwarded via the RS232interfaceto a 200MHz IPAQ, which relayed the data to a desktop
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Figure 3.3: O -the-shelf componerts usedto construct the connectorand the nished prod-

uct

computer for processingand analysisas shovn in Figure 3.4. Other nodesrequired were an
ON/OFF power node, and an 12C bus terminator. The bus architecture consistedof four
wires: power, ground, clock, and data. The clock and data lines were required for the 12C

bus. Power for the ertire e-textile was provided by a 9 volt battery.

The accelerometeisensornodesutilized the ADXL311 dual-axis accelerometef36]. The
ADXL311 was chosenfor a low operating voltage, analog output, small padkage,and low g
resolution capabilities. To provide minimal noiseand maximum resolutionthe accelerometer
was con gured with a 1Hz bandwidth. The low operating bandwidth was justi ed by the
low frequencyof human motion. Analog output was cornverted to the digital domain using
the 10-bit onboard PIC analogto digital corverter (A/D). The accelerometemwas operated
at 3.3V and the A/D was provided with upper and lower referencevoltages of 2.2V and
1.1V, respectively. Thesevoltageswereselectedto t the dynamic rangeof the sensor.Note
that the radiometric operation of the accelerometeiprovided a zero-gbias voltage of VDTD or
1.65V.

The piezcelectric Im sensornodesutilized the 6" DTK052 laminated, piezaelectric Im
from Measuremen Specialties,Incorporated [37]. This particular Im waschosenfor length,
lamination, and rivetedwires. The 6" length of the Im allowedfor usein sensingoint angles
and wasmostforgiving in placemen. Analog interfacecircuitry consistedof a voltagedivider
that provided a bias voltage. Biasedpiezcelectric output wasrouted through an operational

ampli er to satisfy input impedancerequiremens and then into the A/D. Analog output
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Figure 3.4: Pants architecture block diagram

was corverted to the digital domain using the 10-bit onboard A/D. The piezcelectric sensor
itself doesnot require power, but the correspnding interface circuitry wasoperatedat 3.3V
and the A/D was provided upper and lower referencevoltagesof 3.3V and 0V, respectively.
Similar to the accelerometebutton, the A/D referencevoltageswere selectedto best t the

dynamic range of the sensor.

The operating voltage for all componerts on the textile was 3.3V. The power provided
by the 9V battery was distributed throughout the fabric via the power line on the bus.
The 9V source voltage was reducedto 3.3V at ead sensornode by a power regulator.
This provided the capability to accommalate sensoror computational nodeswith di erent

operating voltages.

The masterimplemertation, asidefrom the previously mertioned hardware features,con-
sisted of a simple routine which queriedthe sensornodesiderti ed by their 1°C addresses
and sen the data acrossthe RS232port. If further processinghad beendesiredthe master

button could have provided the necessarycomputational power, howewer this was not re-
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Figure 3.5: Physical implemenation of an accelerometetbutton

quired. Dewvelopmert of the software for Atmel deviceon the master button was performed

using a C cross-compiler.

The software architecture of the sensornodeswas deweloped in low-level PIC asserbly.
Higher level languagessud as C were not usedfor the smaller PIC devicesdue to a lack
of available compilers. The basic algorithm implemerted performed the following cycle of
operations: sampleA/D, store the value, pre-process(if necessary)senddata if an inter-
rupt is received. For easeof use,the algorithms were written generally sud that the same
routine could be usedon all sensornodes. Somefeaturessud as software selectablechan-
nels, pre-processingwindow size,and sampling rate wereincluded for easymodi cation and
application switching. E cien t computation of pre-processingalgorithms was achieved by
retaining a circular bu er of valuessizedto the requestedpre-processingwindow size and
storing intermediate calculations. This allowed subsequen calculationsto perform a single

subtraction of the oldest value and addition of the newest value instead of summing the
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Figure 3.6: Physical implementation of a piezeelectric Im interface button

ertire seton ewery iteration. Double bu ering of the data was requiredto ensurevalid data
was sert when interrupted during pre-processingroutines. Each node, upon programming
the memory with the routine bitstream, required the assignmenh of unique identi cation

number for useasan I2C address.This value wasloadedinto the rst location in EEPROM.

A photo of the nished pair of e-textile pants is shovn in Figure 3.8 and Figure 3.9.

With a setof applicationsand a platform for evaluating various con gurations and selec-
tion of designvariables,Chapter 4 will explorethe designspacevia simulation of the sensors,

physical environment, and applications.



Figure 3.7: Physical implemenation of the master button

Figure 3.8: Finished e-textile pants prototype (shown inside-out)
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Figure 3.9: Prototype pants worn by Josh Edmison (with matching vest)
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Chapter 4

Simulation Environmen t

Becauseof the large design spaceof wearable sensornetworks in e-textiles, simulation is
the only realistic method for thoroughly exploring the designspace.While a full simulation
of an e-textile systemwould be ideal, sud as that performed in [4], which includes the
physical fabric, fault tolerant networking, and power, it is unnecessaryfor investigating
marny of the designdecisionsand is beyond the scoge of this thesis. A minimal simulation
ervironmert for wearable,e-textile applications must include sensomrmodels, driving sources
for the sensormodels, and methods for implemerting application speci ¢ processing. The
simulation ernvironment presened cortains the necessaryfeaturesfor accurately modeling

the applications and traversal of the designspace.

4.1 Metho dology

The foundation for the simulation implemertation was the Ptolemy Il [30] simulation en-
vironmert. Ptolemy Il was selectedbecauset allows simulation acrossmultiple models of
computation sud as nite state madines,data o w, discreteevent, and cortinuousdomains.

Additionally, Ptolemy 11 is open-sourcefree,and is the basisfor the TailorMade [38] simula-

27



28

tion ervironmert. The deweloped simulation must allow integration with the interrupt-driv en
model of computation dewelopedin [4] sud that future work could encompasshe simulation
of the ertire textile and its applications. Due to the complexity of application level algo-
rithms and a desireto provide exibilit y, the application level algorithms wereimplemened
using MATLAB and will be discussedn later sections. The designof the simulation plat-
form consistedof four major phases: sensormodel dewelopmen, sensormodel validation,

application model dewelopmen, and application model validation.

4.2 Simulation Benets

Simulation o ers marny bene ts over iterative prototype dewlopmen solutions. Among
these bene ts are lower cost, fewer design iterations, repeatability, testing over a larger
population, no needfor human subjects, and speed. Prototypesare almost always expensiw,
di cult to construct, and prone to faults due to the learning curve. Simulation eliminates
the needfor prototypesduring the application designphaseand is subject only to deweloper
inducedfaults. The costof simulation is low, assumingthe existenceof reasonablesimulation

frameworks and adequatetechnical skills required to manipulate the software.

Aside from the obvious cost and time bene ts, simulation o ers someunique properties
that cannot be acieved using corvertional prototype-baseddewelopmert cycles. The rst
of these attributes is repeatability. Having mathematical sensormodels and known data
for driving sensorsallows the designerto exactly repeat experimerts, assumingthat there
are no non-deterministic elemeis of the systemsud as randomly generatedinput. This
is particularly useful when examining anomalousor courter-intuitiv e results. Another at-
tribute of simulation not found in prototypesis the ability to easily and quickly test or
train the device over a large population and/or scenarios. Given appropriate data sets, a
simulation ervironment can produceresults at speedslimited only by the speedof the exe-

cution platform. Training a prototype over the samepopulation or scenarioswould require
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far more manpower to setup the deviceand the di cult y that is ass@iated with managing
human test subjects. Eliminating the needfor human subjects greatly reducesthe logistical
complexities. Becauseof the increasingcomplexity of e-textile systemsand their enormous
designspace,simulation is not just a luxury, it is a necessif. The bene ts of simulation help

achieve quality designsin a reasonableamourt of time and money

4.3 Human Motion Data

To drive the sensorsand perform usefulsimulations, a realistic data sourcefor human motion
must be used. The sourceselectedwas human motion capture data. Human motion capture
data is the three-dimensionalXYZ position data for various points on the body obtained
from the videotaped subjects discussedn Section3.2.1. An examplevisualization of human
motion capture data is shovn in Figure 4.1. The Human Motion Capture Databaseproject
at CMU [39] cortains a large collection of data setsand correspnding that which are freely
available. The le format of the data setswasthe .c3d le format which is usedextensiwely

for motion capture data [40]. The samplingrate of the data was 120Hz.

Initial inspection of the motion data for the purpose of driving sensorsresulted in a
signi cant problem. When accelerationwas calculated from the data using the equation
discussedin Section 4.4, there was a large amourt of high frequency noise as showvn in
Figure 4.2. To correct for the high frequencynoise,it was necessarysmooth the data using
the MATLAB spline toolbox. Previouswork performedin [41] discussedhe smaothing of
motion data using a 4th order Butterworth Iter. Researh into the accuracyof the camera
and retrore ector basedmotion capture systemsrevealedthat the maximum resolution was
approximately 2-4mm. The data was splinedto this level of toleranceand the problem was

corrected. The splined data is shovn in Figure 4.2.

The high frequencynoiseproblem also a ected the calculationsfor the piezcelectric Im

sensormodel, but the spline-basedprocessalso correctedthis problem. Unfortunately, the



Figure 4.1: Motion capture data visualization
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motion capture les ladked the force plate data, discussedin Section 3.2.1, necessaryfor

modeling piezcelectric Im sensorsas force sensors.

4.4 Accelerometer Sensor Mo del

The accelerometersimulation model was basedupon the operational characteristics of the
Analog DevicesAD XL311 dual-axis accelerometer.The model calculatesaccelerationalong
the appropriate axis giventhree, three-dimensionalposition points (X1,¥1,21,),(X2,Y2,22,),(X3,Y3,Z3,)
and a known and constart sampling rate Fs. The approximation for ead acceleration
point where t = F—ls is % A sliding window of size three is used on a dis-
crete data stream and ead accelerationvalue is calculated. The resulting valuesare con-
verted to m=s? and then to g's, which will be referredto as acc using the Earth's grav-
itational constart of 9.81 m=s?>. The resolution attribute of the ADXL311 species an
output voltage of Vout = ((Vpp=5:0) 315mV acq + VDTD Substituting the operating
voltage of the accelerometersensornode on the prototype, the equation for Vout becomes
Vout = (206mV acqg + 1:65. Using this result, the accelerationvaluesin g's are corverted
to the output voltage. The option also exists to further corvert the voltage valuesto A/D
readingsif the sensoris to be usedin an interrupt driven computational model sud asthat

in [4].

To ensurea correct model and proceedto the next phasesof the accelerometersensor
design,the model neededto be validated. The platform chosento validate the mathematical
accelerometemodel was a simple pendulum, shavn in Figure 4.4. When the secondorder
di erential equation describingthe angle as a function of time is solwed, the resulting
analytical solution for the pendulum angleis (t) = wmax sin(qz g t) [42]. From this
equationthe x andy position functionscanbederived,x = L sin( )andy=L (1 cog )),
where = (t) ewaluated at time t. Taking the secondderivative of the x and y position

equations and the rst derivative of (t) yields the x and y time-dependernt acceleration
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Figure 4.3: Veri cation of mathematical accelerometemodel using a pendulum

equationsx®®= L ()@ sin() andy®= L (1)® cog ). Validation consistedof
placing the accelerometeron the head of a simple pendulum sud that the accelerometer
would measurethe accelerationalong the x-axis. To minimize the changein orientation of
the sensor,the maximum initial angle was no greaterthan 15 . Data was collected from
the accelerometerduring a pendulum swing and the results were comparedto the derived

analytical equationsas shavn in Figure 4.3.

The results con rmed that the accelerometemodel was accurate. The slight deviations
are likely a result of the orientation change causedby the pendulum swing. While it was
not necessaryo correctfor orientation changefor the validation of the mathematical model,
it was necessaryto accurately model the accelerometein certain placemen situations that
causethe accelerometeraxis to changeorientation in three-space.An exampleof this situ-
ation is the placemen of an accelerometeron the heel, oriented sud that accelerationsin

the horizontal and vertical directions are measured.

During the lower leg swing-ba& phaseof the steppingmotion, the heeland foot structure

changesorientation sud that the foot is no longer parallel with the ground. This causes
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Figure 4.4: Drawing of pendulum setup usedfor veri cation

the x axis of the accelerometerto partially senseaccelerationin the z direction and vice
versa. In the basic accelerometermodel discussedpreviously this is not considered. The
accelerometercan be extendedto accommalate a heel-type scenarioby requiring three more
XYZ triples that can be manipulated to resole the amourt of orientation change. This
information canthen be usedin conjunction with a rotation matrix to producethe correct
output. The rotation matrix is governedby the equationsXnew = x coq )+y sin()
andYnew=y cog )+ x sin( ), where isthe amourt of rotation in degreedrom the

original orientation.

To provide maximum simulation exibilit y a method must be available to enableplace-
mert of the sensorson any point of the body. Becausethe human motion data used to
drive the simulations consistsof three-dimensionalcoordinates, enoughinformation existsto
generatethe position coordinates for any point on the body. This is limited to the specic
points on the body that were recordedduring the motion capture session.The translation
algorithm requirestwo XYZ coordinate sets,a sourceand destination, (X1,Y1,21,),(X2,Y2,Z2,)
and a translation distance d. The algorithm producesnew XYZ coordinates for a vir-

tual point d units from the destination coordinates. To perform the translation the Eu-
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Figure 4.5: Ptolemy Il model for a single accelerometeraxis

clidean distance betweenthe sourceand destination must be calculated using the equation

q
dist = 2(Xx1 X2)2+ (y1 Y22+ (z2 2z»)%2 The vector created by the sourceand desti-
nation coordinatesis V.= (X, Xy)v+ (Y2 Y)W+ (zo z)f. The unit vector Vi is

obtained by Vi = ‘{;g; and is in the samedirection asthe line createdby the two XYZ

triples. The distance from the sourcepoint to the new virtual point dist,e, is found by
disthew = dist  d. The new destination point is found by multiplying the unit vector by
distpew, Vhew = Vinit  distew. Finally, to andor the vector to its original spot, the original
sourcepoint is addedto V,e,. The result of this operation is an XYZ triple correspnd-
ing to the position of the virtual point. This operation can be performedbetweenany two
points. The use of this method in designexploration will be demonstratedin Section5.2.

The nalized Ptolemy Il accelerometeisensormodel is shavn in Figure 4.7.

4.5 Piezoelectric Film Sensor Mo del

The model of the piezcelectric Im was basedupon the operational characteristics of the

Measuremeh Specialties DTK052 piezcelectric Im sensor[37]. Piezeelectric Im sensors
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Figure 4.6: Equivalert circuit for piezcelectric Im

were included in the selectedsensorset for sensingthe shape of the body and force mea-
suremers. To correctly model the operation of the Im, its underlying operation must be
understood. Piezcelectric Ims do not require power to operate and when stimulated physi-
cally producevoltage. The equivalert circuit of the Im consistsof anideal, strain-dependen
AC voltage sourcein serieswith a capacitor [37] similar to that shavn in Figure 4.6. While
it is not possibleto accesghe node denotedby letter A in Figure 4.6, it is possibleto access
node B. When a resistanceis addedat node B, sud asthe input resistanceto another level
of circuitry, a RC high-pass Iter is created. For stimuli with frequenciesbelow the cuto
frequencythe Im outputs a voltage proportional to the derivative of the input stimuli ef-
fectively di erentiating the input signal. The 3dB frequencyfor the characteristic curve is
governedby the equation Fzqg = ﬁ, whereR and C are valuesof the resistor and ca-
pacitor, respectively. Typical capacitancevaluesfor piezcelectric Ims arein the 10sto 100s
of nano-farads(nF). Even for a very largeresistance the cuto frequencyis above 16Hz[37].
For lessenvaluesof resistance the cuto frequencyisin the hundredsand thousandsof hertz.
As discussecdkarlier in Section3.2.2almost all human motions are very low frequency As a
resultsthe Im canbe usedto sensethe rate of changein angle of variousjoints sud asthe

knee, elbow, and shoulder.

Becausewe are able to assumeoperation in frequencyrangesmuch lessthan or much
greaterthan the cuto frequency the Im canbe descriked by a simple mathematical model
and the complex frequency basedmodel can be avoided. A frequency-basednodel would

require transformation of input data to the frequencydomain via a Fast Fourier Transform
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Figure 4.7: Ptolemy || model for a single piezcelectric Im in the shape-sensingcapacity

(FFT), the application of the characteristic Iter equation, and the corversionof the signal
bad into the time domain using an inverse FFT. These operations are computationally
expensi\e and can be avoided as a result of the operating assumptions.The output voltage,
Vout Of the sensoris dependent upon the piezcelectric coe cient correspnding to the type
of stimulus, the amourt of stressapplied, and the thicknessof the Im. The equation for
the Im output voltage is Vour = ganXnt Where gz, is the piezcelectric coe cient, X, is
the applied stress,and t is the thicknessof the Im. This equation for the output voltage,
howewer, is not useful for modeling the piezcelectric as an angular velocity sensorbecause
calculation of the applied stressX, is not feasiblegiven just XYZ position data. Another

method for modeling the sensormust be used.

With an understandingof the underlying sensoroperation, the simulation model can be
constructed. Due to the lack of force data, the simulation model is only capableof modeling
the sensoras an angular velocity sensor,particularly targeted towards joints. The model of
the Im requiresthree XYZ triples (X1,Y1,21,),(X2,¥2,22,),(X3,Y3,Z3,) that form atriangle AB C
similar to that shown in Figure 4.4. A three-value sliding window technique similar to that

found in the accelerometemodel producesthe next valuefor . The di erence betweeneadt
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successi® value of is calculated generatingthe derivative ° This producesthe angular
velocity which is precisely what the sensorshould detect. The dicult y lies in mapping
the angular velocity valuesto their assaiated voltage output as the force characteristics
are unknown. In addition to beingdicult to map, it is just asdicult to generalizesince
the interface circuitry can have an e ect on the scaling of the voltage. This problem was
overcomeby deweloping a scalingfactor using voltagescaptured from an actual piezaelectric
sensoroutput to determinewhat voltage valuescorrespnding to various angular velocities.

The scalingfactor usedfor the models was approximately OZW

To ensurean accurate model was created, the pendulum platform used to verify the
operation of the accelerometemwas used. The piezcelectric Im sensorwas usedto measure
the angularvelocity of asdepictedin Figure 4.4. As derived earlier, the analytical equation
for asa function of time is (t) = uax sin(ng:—L t). The equation of interest is

%= max O=L cos(qz a t). Output voltagesfrom the Im were recordedusing a
data acquisition card and comparedto the analytical solution. The results, shovn in Figure
4.8, con rmed that the model captured the generaloperation of a piezcelectric Im sensor.
While there wassomedeviation betweenthe ideal and captured waveformsfor the pendulum
angle,it wasclearthat the sensorwaveform was proportional to the angular rate of change
and would likely be su cient. Resultsdiscussedn Section4.6.2further solidify the validity

of the model.

Another aspect of sensorghat must be modeledis noise. Even in the presenceof good
design practices, noise is an inevitable part of real world applications. Noise can come
from many sourcessud as non-decoupledanalog/digital circuitry, electrical connections,
and inherert sensornoise. In an e ort to producerealistic sensormodels and maintain the
capability to analyzethe e ects of noiseat the application level, Gaussiannoisewasincluded

in both the accelerometerand piezcelectric sensormodels.
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Figure 4.8: Veri cation of mathematical piezcelectric model using a pendulum

4.6 Mo deling Applications

Having deweloped correct sensormodels with a realistic sourceof driver data, applications

can be exploredand modeled.

46.1 Context Aw areness

Dewelopmen of the context awarenessapplications portion of the simulation environmert
consisted primarily of constructing methods for parameterizing the neural network, pre-
processingalgorithms, and post-processingalgorithms. To avoid the overheadof implemen-
ing the di erent typesof neural networks that could be used,the MATLAB Neural Network
Toolbox (NNT) functions were utilized. GeneralizedMATLAB scripts were written that
allowed the type of neural network, number of layers, layer functions, output type, and

classi cations to be easily varied.

To enableexploration of other designvariables,feed-forvard badkpropagationwasselected
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as the primary type of neural network usedin the simulations. Badkpropagation networks
typically, if trained correctly, excelat classifyinginputs that they have not seen[43]. This
property of badkpropagation networks was consideredimportant for dealingwith variations
in sensorinput acrosspopulations. To get an idea for the sizeand complexity of the neural
network required to identify various motions, a rst-pass sensorset was selectedto provide
a test scenario. The test set of sensorsconsistedof accelerometersn the left and right hip
coupledwith piezcelectric Ims on the knees. For the rst iteration, a test set of motions
consisting of walking and running were selectedas the recognition targets. Initial settings

for the neural network were derived from examplesin [32].

The rst iteration network consistedof oneinput layer, four hidden layers, and an output
layer. The sizeof the input layer is not necessarilyequal to the number of sensorinputs.
The pre-processingalgorithm may produce multiple represetations of ead sensor. The
pre-processingalgorithm usedmust capture or extract underlying physical information that
will give the neural network enoughinformation to di erentiate motions. Given the set of
initial recognitiontarget motions, walking and running, which are quite similar in form, the
primary physical di erence is the amourt of energyin motion. Thus, the pre-processing
method must capture this di erence in energy The initial pre-processingalgorithm chosen
was the averageof the absolute value over a sliding window. The window size used must
capture enoughinformation about the motion. A sliding window that is too smallwill provide
too much granularity, a sliding window too large will spreadacrossmultiple instancesof a
motion. The window must be able to capture the slovest motion. The slowvest motion in
the initial motion setis walking. A single step takesapproximately 0.5 seconds.Given the
120Hzsamplingrate of the human motion sourcedata, a sliding window of size60 was used.
The layer functions were chosento be the Tan Sigmoid transfer function tansig governed
by the equationtansig(n) = (2=(1+ exp 2 n)) 1. Tan Sigmoid transfer functions were
selectedbecausehey are di erentiable which is requiredfor badkpropgation networks. Other
di erentiable transfer functions exist sud asthe Log Sigmoid, howewer Tan Sigmoidis most

commonly used[31]. Note that the function is boundedby +1 and -1. The input valuesto



40

the neural network must be normalizedto t within this rangeafter beingpreprocessed.The
neural network wastrained usingthe resiliert badkpropagationalgorithm tr ainr p includedin
the MATLAB NNT. This algorithm waschosenfor its speedand ability to handle problems
assaiatedwith the tansig function andthe steepestdecen training method [43]. Speci cally,
the resilienceof the algorithm is its ability to ignore changesto the neuron biasesthat are

too small. This type of behavior is an artifact of the training functions.

The training processconsistedof the following steps:

Retriev e sensor data for all data sets

Pre-pro cessusing sliding windo w

Normalize between +1, -1

Create target vectors

- Train

The rst attempt at training the neural network encounered a minor problem assaiated
with the method of presemation of the training vectorsto the neural network. Sensordata
from ead training set was appendedand processedn order. For example,given data sets
walky, walky, rung, run,, the neural network would be preserted with all walking data before
ever encourering running data. This causedthe neural network to becomeover trained to a
particular input. To resole this, cortiguous samplesof equal sizeswere extracted from eah
data set, pre-processedand randomly preserted to the neural network. Using this method
producedfar better training results. A similar issuewas encourtered whenthere were many
moreinput data les of a certain motion type. As a result, the number of les for eah type

of training motion were kept as even as possiblegiven data set availability.

A neural network with su cient recognition capabilities was deweloped using an iterativ e

train-evaluate process. This allowed the neural network variablesto be xed sud that the
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exploration of other designvariables could occur. The nalized neural network cortained
one input layer of eight neurons, v e hidden layers of ninety-six,forty-eight, twenty-four,
twelve, and six neurons,and one output layer of three neurons. Classi cation vectors were
provided asintegers,but werecorverted to binary represetations to accommalate the limits
of the tansig layer function. Basic summationacrossthe sliding window wasaddedasa pre-
processingfunction to resole between similar motions sud as sitting and standing that

di er only in direction.

4.6.2 Gait Analysis

As discussedin Section 3.2, gait analysis requires the measuremen of seweral dependen
variables. The majority of the variablesresidein the velocity and displacemeth domains. The
accelerometerprovide the rst and secondderivativesof thesetwo domains,respectively. To
calculate velocity and displacemeh accelerationmust be integrated. Typically, integration
of accelerometerdata is cautioned against due to the accurnulating error e ect causedby
sensornoise [44] and the unknown initial velocity/p osition constart. For any relatively
lengthy integration interval ,this rule is generallytrue. Howe\er, for shorter time intervals
it is possibleto successfullyintegrate accelerometerdata. The boundariesfor lengthy and
short integration intervals dependsheavily onthe amourt of sensomoiseand for this reason

isnot rm. This conceptcan be extendedto other sensorssud asthe piezcelectric Ims.

Becauseagait analysisrequiresaccuratecalculation of necessaryariablesfrom raw sensor
data, previously discussedssuessud as sensororierntation changemust be fully considered.
The application, unlike the sensormodels, does not have accesso all of the raw position
data. Instead, the application is privy only to the transformation of the position performed
by the sensormodels. Becausethe sensorsmodels have accesso all of the position data
it was possibleto correct the ideal sensoroutput for situations sud as orientation change
asdiscussedn Section4.4. The application, howewer, must perform the reverseoperation

of mapping the corrected sensoroutput to the ideal sensoroutput without the luxury of
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Figure 4.9: Ideal and orientation-corrected ankle accelerationcurves

additional information.

Giventhat the modelede-textile wasa pair of pants, the particular scenariothat required
this type of correction was the accelerometerplaced on the ankle. During normal (non-
shu ed) steps,the ankle accelerometerchangesorientation on the badk swing phaseof the
step sud that the horizortal axis of the accelerometeiis in uenced by vertical motion and
vice versa. This e ect producedsigni cant deviation when comparedto the ideal as shovn
in Figure 4.9. Fortunately, the interval of deviation is small and cortinuous. Calculation of
the velocity and step length using the simulated accelerometeproducedsigni cant error as
shown in Figure 4.6.2. To calculate accurategait metrics, it is necessaryto compensatefor

the deviart acceleration.

The basicbiomedanicsof a step dictate that the initial velocity and termination velocity
of a step must be approximately zero. The velocity curve calculated using the simulated
accelerometershovn in 4.11 has a termination velocity that is non-zero. This discrepancy
is exploited to produce a three-point piecewiselinear t acrossthe a ected interval of the

ankle accelerationthat substartially correctsthe curve. A two-point linear t wasconsidered,
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Figure 4.10: Triangle measuremenusedin the tting algorithm
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Figure 4.11: Velocity curves generatedvia integration of ideal and orientation-corrected

accelerationsin Figure 4.9
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howewer the three point piecewisdinear t generallyproducedlesserror. The beginningand
end of the a ected interval is identi ed (usually as peaks)and a line is t betweenthe two
points, x1 and x2. The portion of the curve beforex1, the newly tted line, and the portion
of the curve after x2 are retained to form a composite accelerationcurve. This curve is then
integrated to obtain velocity. The di erence in the nal velocity with respect to the ideal

caseof zero, v, is shavn in Figure 4.11.
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Figure 4.12: Fitted and ideal ankle accelerationcurves

The midpoint, x3, of x1 and x2 is calculated. A triangle is createdfrom the points x1,
x2, and x3 with a variable heigh, h de ned asthe di erence from the line previously formed
by x1 and x2 depicted in Figure 4.10. The area of this triangle is set equalto y and
h is calculated. Two new lines are created using the pairs (x1;y1), (x3;y3) and (x2;y2),
(x3;y3) and a secondcomposite accelerationcurve is created using pre-interval and post-
interval segmets and the newly createdlines showvn in Figure 4.12. This new curve, when

integratedto nd velocity and stepdi erence, is far more accurateand shavn in Figure 4.13.

The step lengths for four subjects (two stepsper subject) were calculated via simulation

using the ideal motion capture position data, simulated accelerometerand the three-point
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Figure 4.13: Velocity curves generatedvia integration of ideal and tted accelerationsin
Figure 4.12

piecewiselinear t method descrited above. Becausecalculation of velocity is required to
calculate displacemenh step length was selecteda a primary metric for success.The ability
to accurately calculate step length implies that velocity must alsobe accuratewhich enables
a variety of other measuremets. The resulting calculations using the tted curve had an
averageerror of 7%from the ideal value calculatedfrom position data asshavn in Table4.6.2.
Uncorrectedaccelerationdata averaged71% error. The consistencyof the nal error with
the t had a standard deviation of 1.1%. This indicates that the error is fairly consistem
acrossdi erent measuremets. Looking at Figure 4.13 it is clear that while the tting
method greatly improvesthe calculation the tted velocity curve slightly deviatesfrom the
ideal. This slight deviation is a likely sourcefor the error. Becausethe models attempt to
simulate the actual physical sensorsthey too are limited by the physical characteristics of
the selecteddevices.If greateraccuracywasrequired, the selectedsensorscould be replaced
with superior devices(assumingexistence),the tting method could be re ned, or additional

sensorould be addedto assistin resolvingthe orientation of the foot during the step cycle.
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Actual Sim Fit Sim Err | Fit Err

(subject) | (mm) | (mm) | (mm) % %

Stepl1l (1) | 1097.4 | 341.2 | 1175.2| -68.9 7.1
Step2 (1) | 1084.4 | 413.6 | 1159.7| -61.9 6.9
Step1l(2) | 1180.6 | 271.3 | 1251.2 =77 6

Step2(2) | 1172.4 | 318.7 | 1267.8| -72.8 8.1
Step1(3) | 1220.8 | 312.5|1323.0) -74.4 8.4
Step2 (3) | 1234.1 | 303.6 | 1343.2| -75.4 8.8
Stepl (4) | 1410.3 | 299.6 | 1524.9, -78.8 8.1
Step2 (4) | 1411.3 | 512.2 | 1489.4| -63.7 5.5

Table4.1: Steplength and error calculationsusing simulated sensorswith and without tting
method

The validation of the sensormodels using the pendulum apparatus provided a consistem
platform for veri cation of the sensormodels. With veri ed sensomodels,the developmert
of methods for virtual sensortranslation and orientation correctionwerecon dently created.
The ability to placesensorghroughout the surfaceof the body, limited only by the inclusion
of points in the human motion data, produced a very exible ervironmernt for simulation
and application dewelopmen. Additionally, orientation correction not only allowed correct
calculation of step length but was achieved without the addition of sensors. The results
for both the accelerometerpiezcelectric Ims, and assaiated calculationsindicate that the

modelsareaccurateenoughto provide reasonableaneasuremets for the desiredapplications.



Chapter 5

Validation & Results

For simulations to be useful they must be groundedin reality. This chapter veri es and
validates the realism of the simulation and discussegesults stemming from its application.
The rst portion of the chapter comparesdata from simulation and data taken from the
prototype e-textile. The secondportion focuseson the use of simulation to explore se\eral
designvariables. The remainderof the chapter discusseshe simulation and prototype results

of the cortext awarenessand gait analysisapplications.

5.1 Verication

The prototype e-textile pants discussedn Section 3.3 were utilized asthe primary method
for validating the simulation. Data was collected from the prototype e-textile during a
videotaped motion capture sessionallowing for the comparisonbetweenthe data collected
from the prototype e-textile pants and the output of simulation whendriven by the motion
capture data. Speci cally, prototype data was collected from accelerometerson the ankle
and piezcelectric Ims locatedat the kneejoints. The points of interest on the body captured

using the motion capture systemwere the heels,ankles,knees,and hips.

47
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Figure 5.1: The gure on the left (a) depicts simulated accelerometeroutput when placed
on the ankle. The gure onthe right (b) depictsankle accelerometedata collectedfrom the

prototype e-textile

The ankle was selectedasthe site for the validation test dueto its high degreeof freedom.
Obtaining correctresultson a portion of the lower body with fewer degreesf freedomsud as
the kneewould have beensigni cantly easierand would not have incorporatedthe orientation
change medanism. Real and simulated accelerometercurves are shavn in Figure 5.1 (a)
and (b). The curvesshownn in Figure 5.1 are not from the samestep and are intended to
emphasizesimilar curve shape. While the data taken from the motion capture sessiorwas
reasonableenoughto perform calculations, it was not clean enoughfor a precisegraphical
comparisonof accelerometeoutput shovn in Figure 5.1. Note that the shape and features

of the curvesare quite similar.

The matching accelerometercurvesveri ed that the model su cien tly captured reality.
The simulated and real accelerometercurves were not directly compared(i.e. calculating
error betweenthe two curves)dueto uncertairties in syndironization of the two data sources
and becauserequired accuracyis application dependen. It was clear from graphical com-
parisonthat the model wassu cien tly accuratefor the gait analysisand cortext awareness

applications.

Realand simulated piezcelectric curvesare shovn in Figure 5.2 (a) and (b). Thesegraphs

di er only in the occasionalnegative spike. This spike wasan artifact of the vibration result-
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Figure5.2: The gure onthe left (a) depictssimulated output from a piezcelectric Im placed
on the knee. The gure on the right (b) depicts real data collectedfrom a knee-psitioned

piezcelectric Im on the prototype e-textile

ing from the heelstrike and was not a major deviation. The simulated and real piezcelectric
Im curves indicate a correct model that is reasonablefor the gait analysis application.
Again, direct comparisonwas not performeddue to syndronization uncertainty and appli-
cation dependen accuracyrequiremens. Graphical comparisonindicated that the models

were su cient for the gait analysisand context awarenessapplications.

5.2 Design Exploration Using Simulation

As mertioned in Chapter 4, simulation providesthe ability to explorethe designspaceprior
to the construction of prototypes. The rst designissueinvestigatedwith simulation wasthe
variation of dynamic sensorrange acrossdi erent points of the body. Sincethe prototype
dealt primarily with the lower body, only the waist and lower limbs were considered. Ac-
celerometerswere simulated on the hip, kneeand heel points. The horizorntal accelerations
for ead point are shovn in Figure 5.3. The range of accelerationat the ankle is nearly an
order of magnitude greater than that of the hip. This is an important considerationwhen
designinginterface circuitry. The circuitry can be specializedfor ead caseto obtain max-

imum resolution, or can be generalizedsud that one designcan be usedacrossall of the
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Figure 5.3: Comparisonof dynamic sensorgangesassaiated with di erent portions of the
body

The seconddesignvariable explored with simulation was the e ect of sensorplacemen
variation. Deviation of sensormplacemen from the ideal or desiredplacemen canimpact ap-
plications and dictate the number of required garmert sizes.Examplesof this phenomenon
include an accelerometese\eral inchesout of ideal position dueto a short pant legor a piezo-
electric sensomot certered on the knee. Figure 5.4 shows the responsesof an accelerometer
at varying points on the lower leg betweenthe ankle and knee. As the accelerometeris
displacedfurther from the ankle joint the responsecurvesapproadesthat of the kneejoint.
At the certer-point betweenthe ankle and kneethe curve is the averageof the ideal ankle
and knee responses. Signi cant deviation from the ideal ankle response occurs when the
deviation exceeds20%-15%0f the total distance. Similar behavior was obsened when the
e ects of sensordeviation on cortext awarenessapplication was exploredin Section5.3. The
number of garmerns required can be gleanedfrom this information and speci ¢ application

requiremerns.
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Figure 5.4: E ects of sensortranslation on sensoroutput responsebetweenthe ankle and

knee

Another important aspect of designingwearableelectronic textiles is variation of sensor
output acrossbody sizes. For example, the range of accelerationat the knee for a short
femalemay di er greatly from an extremely tall male. Simulation was usedto determineif
this type of variation wasa signi cant concern. Figure 5.5depictsthe maximum and average
accelerationsfor twenty subjects with increasingleg sizes. This experimert indicates that
body size and accelerationrange is not highly correlated. In fact, there happensto be a
slightly negative trend. Consequetly, variation of sensoroutput acrossbody sizewasnot a

signi cant designconsideration.

5.3 Context Aw areness

In addition to generaldesignvariablesassaiated with wearableelectronic textiles, specic
applicationsmay be exploredand/or designedusing simulation asdiscussedn Section4.6.1.

Of primary importancewhendesigningthe cortext awarenessapplication wasgeneralization
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Figure 5.5: E ects of body sizeon sensoroutput

acrossan ertire population. Many previous cortext awarenessapplications sud as[16][18]
were trained on a small number of people. Simulation o ers the ability to train on a large
number and wide variety of people. To minimize designe ort the a ects of the training
population on generalizationneededto be understood. An experimert was performedwhich
tested v e possibletraining population scenarios. Becauseactivities sud as walking and
running were of interest, the heelaccelerationwas usedas the variable for segmeting the
population. The v e training scenarioswere as follows: one subject with averageaccelera-
tion, oncesubject with the lowestacceleration,onesubject with the highestacceleration two
subjects with averageacceleration,two subjects ead with outlying (high and low) accelera-
tion. The results of the simulation are shavn in Figure 5.6. The training setthat displayed
the greatestlevel of generalizationwas two subjects with averageacceleration. Training on

two outliers also performedreasonablywell.

Additional variablesthat have an e ect on the accuracy of the context awarenessap-
plication were explored sut as pre-processingwindow size variation and sensorplacemen
variation. Variation in the pre-processingwindow may be causedby variations in sampling
rate. Figure 5.7 shavsthe accuracyof the corntext awarenessapplication asthe pre-processing

window sizewas varied from oneto three-hundred. The neural network usedfor the ewal-
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Figure 5.6: E ects of training population on the accuracyof the cortext awarenessapplica-

tion

uation was trained using pre-processingwindows of size sixty-four. Note that as expected,
maximum accuracyis obtained with the window sizeusedto train the neural network. Sen-
sor placemen variation, similar to that discussedn Section5.2, also a ected the accuracy
of the neural network asshown in Figure 5.8. Given the knee-ankledistanceof 500mm, note
that the neural network accuracybeginsto degradeat around 125-150mmof displacemen
or appraximately 30%error. This type of information can be quite usefulwhen determining

the number of required garmens and/or evaluating application variations.

While exploration of individual designvariablesprovidesinsight into the behavior of the
cortext awarenessapplication, the conmbined e ects of multiple variables must also be ex-
plored. Toillustrate this conceptthe simulation ervironment wasusedto nd anear-optimal
sensorcon guration given a set of constrairts and was usedto explore the robustnessof
various con gurations to sensorplacemen deviation. The experimert was constrainedto
four sensorgtwo piezcelectric Ims and two accelerometerspnd three primary placemens
points (hips, knees,ankles). Theseconstrains mimicked the available prototype hardware
and encompassedmportant points on the body. Given two sensortypesand three place-

mert points, six con gurations are possible. Analysis of sensordata shoved that placing the
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Figure 5.7: E ects of pre-processingwindow sizeon cortext awarenessapplication accuracy

accelerometeron the hips is not useful, sincethe accelerationsat the hip are too small to

fully resole using current accelerometertechnology This narrows the exploration to four

con gurations. Each con guration was evaluated by training the neural network using the
con guration and testing the performanceof the neural network with Omm (0 inch), 75mm
(3 inches),and 150mm(6 inches)displacemets of sensordrom their desiredpositions. Since
piezcelectric Ims are resiliert to displacemets, the displacemen operation was performed
solelyon the accelerometersThe zerodisplacemen caseshaws best caseperformancewhile
the other two casesprovide insight to the robustnessof the cortext awarenessapplication
to sensordeviation. Table 5.1 shows the results of this experimert. The worst con guration

was piezcelectric Ims on the ankle joints and accelerometerson the knees. This con g-

uration achieved a maximum accuracy of 80% and deviated as much as 6.25% when the
accelerometersvere displaced150mm. The best con guration was piezeelectric Ims on the
kneesand accelerometeron the ankles. This con guration achieved a maximum accuracy
of 97.5%and deviated 8.25%when the ankle accelerometersieviated 75mm. Theseresults

show that the kneeankle arrangemen is robust to sensordeviation.

To further explore the designspace. The sameexperimert was performed howewer the

neural network was emphre-trainedfor ead con guration and deviation trial. This experi-
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Placemen t Accuracy (pct)
Piezo electric | Accelerometer 0| 75mm | 150mm
knees ankles| 97.5 88.7 92.5
hips ankles| 82.5 80.0 81.2
hips knees| 80.0 77.5 78.7
ankles knees| 80.0 86.2 73.7

Table 5.1: Context recognition accuracyfor four scenarioswhere neural network is testing

using displacedsensors

Placemen t Accuracy (pct)
Piezo electric | Accelerometer 0| 75mm | 150mm
knees ankles| 97.5 91.2 98.7
hips ankles| 82.5 87.5 78.7
hips knees| 80.0 75.0 80.0
ankles knees| 80.0 83.7 82.5

Table5.2: Context recognitionaccuracyfor four scenariosvhereneural network is re-trained

using displacedsensors

mert ewvaluatedthe quality of sensomplacemers beyond the primary placemen points. Table
5.2 shaws the results of this experimert. Improvemerns in recognition accuracywere made
in almost every scenario. Again, the piezcelectric Ims on the kneesand accelerometer®n
the ankles con guration performedthe best. This con guration was selectedas the near-
optimal con guration. In simulation this con guration achieved a maximum accuracy of
97.5%. Using the sameneural network (trained on simulation) with the prototype e-textile,
recognition accuracybetween75%-85%were obsened. It should be noted that thesestated
accuracyvalueswere gleanedfrom raw neural network output. More robust context aware-
nessapplications might include Markov chains or a state madine to managethe raw neural

network output. Re nement of the application was beyond the scope of this work.
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Figure 5.8: E ects of sensorplacemen variation on cortext awarenessapplication accuracy

5.4 Gait Analysis

Having previously veri ed correct operation of the accelerometerand piezcelectric sensors,
calculating most required gait analysisparametersis fairly simple. Accelerometerdata can
be integrated over relatively short periods of time to obtain velocities and displacemets.
This lends nicely to the calculation of step length, heel strike velocity, slip distance, and
sliding heelvelocity. Table 5.4 shaws step lengths calculated using accelerometerdata from
the prototype e-textile and comparedto the actual value calculated using video data. The

error encourtered was similar to the valuescalculatedvia simulation in Table 4.6.2.

Heelstrike velocity wascalculatedby integrating accelerationduring the heelstrike period,
de ned asthe period of time betweenﬁ of a secondbeforeand after heelcortact. Because
of the dual axis nature of the accelerometethe horizortal and vertical heelstrike velocities
can be calculated independerily and/or combined to provide a velocity vector. Figure 5.9
depictsthe heelstrike velocity during a typical step calculatedusing data from the prototype
e-textile. If desired,the heelstrike interval could be detectedusing piezcelectric Ims on the
heel. In addition to heelstrikeinterval information piezaelectric Ims canprovide information

similar to force plate data when placed on the heel or other parts of the foot. Figure 5.10
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Actual | Fit | Err
(subject) (m) (m) | %
Step1(1) | 1.31 |1.41| 7.57
Step2 (1) | 1.41 |1.31]|-6.89
Step1(1) | 1.33 |1.32|-1.28
Step2 (1) | 1.39 |1.38|-0.72

Table5.3: Steplength calculation usingdata from the prototype e-textile and verifying using

motion capture data

shows the typical output of a piezaelectric Im placedon the bottom of the heelduring the
heelstrike phaseof the step superimposedwith the force plate data for the samestep. Note
that the piezeelectric Im can be usedto accurately calculate the step forces. Piezcelectric
Ims may be usedto replaceforce plates, focus data collection on a certain areaof interest,
or provide further information whenaccelerometersre not su cient. The slight phaseshift
in the piezcelectric Im and force plate curvesis an artifact of the placemen of the Im.

The Im was placed on the badk edgeof the shoe which experiencesthe transfer of force

earlier in the step motion.

The results presemed demonstrate the use of simulation for exploration of the design
spaceand application developmen. Resultsfrom the prototype e-textile verify the correct
operation of the simulation and validates its use in application design and design space

exploration.
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Chapter 6

Conclusions

The relationship between textiles and the human body provides a natural foundation for
wearable e-textiles. As presered, simulation allowed not only for exploration of the enor-
mous design spaceassaiated with human factors but also produced a robust application
design with a single prototype iteration. Additional benets of simulation shovn to be
useful are exact repeatability of experimerts, removal of human test subjects, and greater
testing/training population size. Exploration of the designspaceincluded investigation of
population variation e ects on sensoroutput, sensorplacemen variation, and other param-
etersthat a ect wearabledesign. Exact repeatability of experimerts assistedin debugging
and enhancedalgorithm dewelopmen. Removal of human subjects alleviated the hassleasso-
ciated with human testing. Increasedtesting/training population allowed for generalization
and assuredhat the application would operate correctly acrossmany people. The simulation
environmert presened is also extendableallowing the addition of more sensors,mproved
models of existing sensors,and/or models for newer, more precisesensors. Independence
from the sourcedata encourage®xpansionusing additional motion capture data or anima-
tion data to drive the sensormodels. The results from the pendulum and prototype e-textile
applications indicate that the simulation e ectively mapped to reality and was successfully

usedto dewelop the cortext awarenessand gait analysisapplications.
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Prototypesdesignedusing simulation were capableof performing the desiredapplications
and sened as veri cation of the simulation. The two applications chosenas casestudies,
cortext awarenessand gait analysis, emphasizedthe validity of e-textiles in wearable ap-
plications and demonstratedtwo areasin which e-textiles can have an immediate impact.
Successfuldesign of an application primarily in simulation is shavcasedvia the conext
awarenessapplication. The ability to exactly repeat scenarioseliminated variables from
the dewelopmen process,in this case,the designof the neural network. In addition to the
neural network design,the e ects of various sensorand computation variations on the ap-
plication were e ectively explored. Training of the neural network using a large population

and exploring di erent subsetsof the population improved overall accuracy

Highlighting e-textiles as an accuratemethod of sensordeployment wasthe gait analysis
application. The gait analysisapplication achieved 7% (approximately 1 cm) error in step
length calculations. While 7% error is non-trivial, it is not directly attributable to the
e-textile itself. Other factors sud as sensornoiseand tting algorithm may be to blame.
Pinpointing of the error and re nement of the application are possiblepoints for future work.
In addition to movemen-related data collection, the the e-textile allowed the collectionforce
data using piezolectric ims asforce sensors.Successfusensingof thesetypesof parameters
strengthensthe casefor e-textiles in motion analysis/health applications. The ability to
collect accurate gait/lo comotion information in a natural and portable device may, in the
future, enhancegait analysis,elderly monitoring, biomedanical study, sports medicine,and
a host of other applications. Additionally, the low costof e-textileswhencomparedto currernt

systemsusedin gait-related applications may provide greateraccesgo technology.

The most corvincing indicator of the importance of simulation in the designof wearable
e-textiles and the successof this thesis was the correct operation of the rst prototype.
Without simulation and the bene ts it provides, a working rst-iteration prototype would
have beenunlikely. The simulation ervironment, applications, and assaiated results sene

to show that the motivation and stated cortributions of this thesishave beensatis ed.
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6.1 Future Research

Future researt in the areaof wearablee-textiles falls into two distinct categories:medan-
ical and computational. Medanical issuesinvolved in e-textiles include miniaturization of
electroniccomponerts, improving the integration of electroniccomponerts with the textiles,
and re ning the devicesusedto connectsensingnodesto the fabric. Textile related prob-
lems sudh as garmert construction using electrically-capablefabrics, integration of wires,
and fashion are other medanical-related problems. Computational issuesinclude dewelop-
mert of a method for easily modifying the target application, architectures for processing
data, and re ned algorithms for deriving highly abstracted inferencesfrom low-level sensor
data. Other optional computation featuressud as distributed processingusing enmbedded
systems,recon gurable computing in embeddeddevicesmaybe be required to fully enable
e-textiles for non-specializedapplications. For e-textiles to be widely acceptedeaseof use

must alsobe adcieved.
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