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Chapter lintroduction

Our research aimed create a system that imprevbke physical
rehabilitation of posstroke patients byreouraging themotplay a videgame that
provides reatime feedback about their progress. This garmascontrolled by
monitoring electromyographic (EMG) signals that reflect the patients' muscle
activations in their weak limb. While the use of EMG in gait rehabilitdiembeen
common in clinical seittgs, an interface with a vidgame that is adaptable for
homeuse has not been previously implemented. The main components of the system
include the EMG sensor hardware, the signal conditioning and aasisih softwarg

and the videgame feedback.

Background

A stroke occurs when blood clots in the brain, resulting in damaged brain
tissue and impaired brain function. About 795,000 individuals in the U.S. suffer a
stroke every year. 87 percent of these cases are igcbgokes caused by lack of
glucose and oxygen suppbnd 13 percent are hemorrhagic strokesised from
blood escaping the circulatory systémerican Heart Association, 2009). Of these
people, only 37 percent of hemorrhagic casesamgdercent ofischemic cases die
within 30 days.50 percent of those who survigaiffer from some form of
hemiparesis, relative weakness or neurodegeneration of one side of the body
comparison tahe other.In order for the survivors to overcome these obstaclés an

regain effective use of their muscles, they require physical rehabilitation. In our



study, we focusdon hemiparetic patientgnd our systerwasintended for the
rehabilitation of loweidimb functionality.

Over a lifetime, stroke recovery costs anrage of $104,048 per person, with
the majority of costs coming from a combination of inpatient, rehabilitation, and
secondary care cogtdmerican Heart Association, 2009)he cost of stroke
rehabilitation for hemiparetic patients is about 2.5 timesdrigiman it is for
nonparetic patientZprowitz, Chen, & Tong, 2008)However, these outpatient
rehabilitation costs are only ten percehthose for inpatient treatmegiauritz,

2004).

Perhaps the biggest challenge for pgisbke patients to overconse
community ambulation, the ability and willingness of stroke patients to walk with
normal gait outside of a medical setting. In a recent study, community ambulation
was vieved as extremely important in 91 percehthe stroke populatiofLord,
McPheren, McNaughton, Rochester, & Weatherall, 2004)hile achievement of
community ambulation could be clearly defined in clinical studies as based on gait
velocity (Lord & Rochester, 2005}t is difficult for stroke patients, especially those
with hemipareis, to achieve community ambulatighlayo et al., 2005; Michael,
Allen, & Macko, 2005; Wade, Wood, Heller, Maggs, & Langton Hewer, 1987;
Goldie, Matyas, & Evans, 1996)

Since the focus of physical rehabilitation is on retraining neural networks and
strenghening muscles rather than simply moving body paris rehabilitation
system useeélectromyography to monitor specific muscle activations. Every time a

muscle extends or contracts, it generates an electric potential that can be measured



with surfaceses or s on t he subjectdés skin. These
about which muscles are activating, when they are activating, and to what extent they

are being activated. This informatiamsused by a classification algorithm to

determine how correlgtthe subject performed a particular exercise.

Displaying these signals to the patient is a form of biofeedback. By using
electromyographic information as biofeedback, the patemiklsee which muscles
theywereactivating and relative activation lel¢ between muscles. Biofeedback has
been proven as an effective technique in rehabilitation for improving muscle
recruitment and even reforming neural connections to compensate for those lost due
to stroke(Glanzet al, 1995.

Our system aimetb takethis biofeedback method one step further by instead
of just displaying the signals, incorporatithggm into an interactive vidgame.

Based on the accuracy of the userdéds perfor
with a corresponding performamby he character in the vidgame. The usavas

also able to see sliding bars in réate that indicatdt he user 6s | evel of
contract on f or the exerciseobds t wodesnadevel r el evan
of contracton. The user immediategawhow much higher s/hiead tomake the bars

move, which indicatghow close s/he is to a healthy performance.

The following charin Figurel shows the sequence of events thak place
i n our syst e mbhepatent perdobms ankexetcisepgnd the resulting
vol tages from the patientds muscles are re
are immediately amplified and filtered by the sensor boards before passing through

cables to the data acquisition cardinghg st e mé6s computer . On t he



signals are processed in several stages including further filtering, detrending, feature
extraction, and possible classificatioh.c o mput er program deter mi ne
score for that exercisand controls ta videogame feedback appropriately. Once the

patient sees the result in the game, she knows how well see did and how to improve.

With this knowledge she repeats the exercise, and the feedback loop continues.

example of the videogame screen is shawigure2. The realtime feedback bars

showing target muscle activation levels is to the left, while the videogame driving

range with Tiger Woods avatar is to the uppght. In this version there are various

other boxes and odrols for adjusting the difficulty, as well as for debugging

purposes.
Patient ,| Electrodes ,| Biosignal Amplifier
exercises read voltage amplify and filter signal

I Real-Time Feedback
! patient sees EMG size

I Feature Extractor
I jisolates key signal traits

Yideo Game Feedback I Classifier

patient sees result | . .
. determines action, score
ingame | | e o o o e e e e L

F 3
—-— o -

Figure 1: An overview of the overall EM@teractive videgamesygem from patient input
to videgame operation and feedback.
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Current Methods and Trends

EMG signal acquisition and classification is a rather developed field, with
investigations about the signals beginning inléte eghteenth centur{Basmajian,
1979). Needle electrodes, electrodes placed internally via surgery, and surface
electrodes are all used today. EMG signals have been used to control many devices
such as prostheses and robot arms, and also have other apdicatmedicine
because of their ability to measure muscle activation (Artemiadis & Kyriakopoulos,
2008; Fukuda, Tsuji, Kaneko, & Otsuka, 2003; Shenoy, Miller, Crawford, & Rao,
2008; Song, Tong, Hu, & Li, 2008; Veneman et al., 20@nsequentlymany
physical therapy centers possess EMG sensors, even though the sensors are often

bulky and expensivéHughes, 200y



EMG-based rehabilitation is commonly used as a method to improve gait in
poststroke patientsCurrently, there are several methods taeat community
ambulationi namelygait symmetry, prosthetic or assistive devices, and robotics.
Gait symmetry methods have traditionally revolved around utilizing EMG as a
diagnostic tool to measure muscle strengthese methods, which have focused on
eliminating irregularcontractionsdid not prove to make hemiparetic stroke patients
any more ambulatory after clinical treatment (Mauritz, 20@RQbotic therapy has
also emerged as a promising stroke rehabilitation tddlile robotic prosthetics,
which compensate for the lack of neural activity in affected regions during gait, have
been proven relatively effective for rehabilitation, they do not present enough of a
clinical and occupational advantage to be used outside of a controlled setting
(Johnson2006: Hornby et al., 2008 urthermore, traditional assistive devices, such
as walkers, caneand anklefoot orthoses (AFOs) havemainedasthe primary
means of rehabilitatigreven with the advent of EMG sensing capabilifsauritz,
2004). For anEMG-based rehabilitation to be successful, it must revolve around
retraining ande-strengtheningarget muscles and their associated neurons, rather
than focus on gait symmetry.

The feasildity and effectiveness of vidgames have recently become more
prominent in the physical therapy field, likely inspired by the popularity of the
Nintendo Wiigaming consol¢Johnson, Ramachandran, Paranjape, & Kosasih,
2006) EMG-controlled videgames have been attempt&upjetro et al., 2005), but

the area remainsiigely unexplored, especially for lowinb rehabilitation. For this



reason, wdelieve our projectontributessignificantly to this developing field. Our
projectwasguided by one overarching research question:
How can a cu®m EMG controlled videgame be designed and built to

improve the efficacy of gait rehabilitation for hemiparetic stroke patients?

Research Objectives

Although EMG biofeedback has been used successfully to retrain specific
isolated muscles to fire appropriately (Aiello et al., 20@%ining of isolated
movements often demonstrates little transfer into improvements in the activities of
daily living (Moreland, Thomson, & Fuoco, 1998)nportantfactors that have been
noted in reports of successful EMG biofeedback in the literatahede: reattime
feedback which occurs as the task is conducted, training which performs functional
taskrelated actions rather than isolatedvements, and biofeedback that motivates
patients and engages their attention in the rehabilitation task (H&&oly & He,
2006). We airadto create a system thabuld allow patiens to play an interactive
videogame, controlling an eacreen avatar by performing rehabilitation exercises.
To accomplish this task, we devetafa portable EMG sensor system totgatdata
from patients undergoing rehabilitation. The dagesinterpreted to aid the
development of our signal processing and classification algorithms by providing a
standard for comparison against patients' EMG signals while performing particular
tasks The sensarinitially used to gather dataerelater integrated with this
classification software and a vidgame to create a complete biofeedback
rehabilitation system. Finally, we investigatee performance of the system in

conducting physical thapyof stroke victims.



The essentiadesiredcharacteristics necessary for our classification
subsystemverefast runtime, and robust and accurate signal classification. Accuracy
in signal classification is the ability to consistently map a particdlmgary motion
to a particular signal. Robustness means that the classification system will produce

equally valid resultacrossa diverse user population.



Chapter 2Literature Review

Electromyography and Signal Acquisition

The discovery that the ntraction of muscles could be initiated electrically
and that an electric voltage could be measured across contracting muscles first came
in the late eighteenth century after a series of experiments by Italian biologist and
physician Luigi Galvani (Basmajn, 1979). However, it was not until the twentieth
century that improved methods for the detection of small electrical signals permitted
investigation into the electrical properties of muscle contractions (Basmajian, 1979).
Sincethen therehavebeen anncreasing number of papers written regarding the
topic of electromyography, the study of the relationship between muscles and
electricity. An understanding of this literature contributes to the design of an EMG
signal classifier because it provides \&ile insight into EMG signal acquisition,

EMG signal waveform characteristics, current methods of correlating EMG signals to
muscle tension states, and existing hardware implementations of EMG signal
classification and their applications.

A clear understading of the EMG signal and its different characteristics is
essential for signal acquisition and classification. It is first important to understand
how the biological process of a muscle contraction invokes an electrical potential and
how specific musé@ actions can be identified as the cause. EMG signals represent
the electrical potential across a motor unit as specific muscles contract. The motor
unit consists of: the nerve cell body; the long axon running down the motor nerve; its

terminal branchesgnd muscle fibers (Basmajian, 1978)uscle fibers are



responsible for contraction, wheremallbundlesof muscle fibergontract
simultaneouslycorresponding to thactivation of gparticular muscle. A chemically
induced localized depolarization thfe nerve cell membrane, or action potential,
propagates along a nerve fiber and eventually activates a muscle fiber by an amplified

cascade of net ion movements that results in an amplified voltage in the muscle.

The Motor Unit

Branches of Myofibrils
motor neurons

\/XM

uscle fiber

Figure 3: Diagram of the motor unit.

A surface electrodeanmeasure a signal, which is the combination of all the
muscle fiber action potentials occurring underneath the skin where it is placed. This
combination of electrical potentials from a particular motor igrknown as the
motor unit action potential (MUAP). The duration of the electrical potential
generated by just one twitch is between 5 and 12 milliseconds and usually varies
between 0 and 10 millivolts (mV) prior to amplification (Basmajian, 1979). drarg
motor units generally correspond to higegmal amplitudes and therefore to larger

recorded potentials. It has been proven that the amount of force that a muscle is

10



capable oproducing is directly proportional to its cressctional area, though not
directly related to its length (Lamb, 1992). This information will be important when
considering which muscle groups to focus on and which groups will emit the
strongest and most easily resolvable signals. Stronger muscle contractions also
correspond wth higher rates of motor unit firing, with the upper limit of activation
lying around 50 Hz (Basmajian, 1979). In addition to these physiological
considerations, we must also consider the documented effects of age, fatigue,
handedness, and gender on thegrals. The recorded MUAP is a function of
muscle fiber characteristics, orientation of muscles with regard to electrodes, and the
specific electronic measurement equipment used (Lamb, 1992).

Of equal importance to the signal acquisition process csretie preparation
and placement, which can cause significant variations in the recorded EMG signal
(Basmajian, 1979). One general assumption in terms of muscle selection is that
smaller muscles usually require smaller electrodes to measure the sigimal, wi
electrode diameter ranging anywhere between 1 and 5 millimeters (Soderberg, 1992).
There have been several studies to determine the optimal arrangement for electrodes
in order to obtain the best recorded signals. In general, electrode contactdishould
parallel to muscle fibers, and should have a ceiteenter distance ranging between
2 and 10 mm (Soderberg, 1992). Electrodes are also most commonly arranged in a
bipolar configuration, which includes two electrodes dedicated to detection and a
third electrode thaserves as a ground at a different electrically neutral logagiarh

asa bony prominence that is unlikely to detect any EMG sidi@aderberg, 1992).
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One area still in question within electromyography literature concerns the test
retest reliability of electrode recording. Although one should expect slight variance
within different tests, surface electrodes demonstrate higheetest reliability than
fine wire electrodes (Soderberg, 1992). This variabiiag therefore@ssentiato
consider in regards to the algorithm and signal recognition, because a less consistent
signal requirea more flexible signal classifier to discern intended motions.

Regarding skin and electrode preparation, conduction gel is generally applied to the
skin after thorough cleansing with alcohol, and electrodes are then attached by means
of a doublesided adhesive washer (Soderberg, 1992). A further investigation of the
effects and methods for electrode placement will be conducted in order to achieve the
highest possible signal quality. For example, to simplify the process of searching for
the strongest signal associated with certain hand motions, Konishi et al. (2007)
developed an elastic band to be worn around the forearm, embedded with multiple

channet of electrodes.

Current State of the Art in EMG Sensing Systems

EMG systems are usually bulky affairs consisting of multiple sensors being
placed on the skin with wires connecting the sensors to a central hub, usually worn in
a backpack or other storagevite placed on the body. These systems are usually
ratherawkwardand often very expensive, with estindt®ss at around 2000 dollars
per channel (Hughe007. Typical electromyographic sensor systems consist of
some form of electrode and sigahgdifier. An analogto-digital (A/D) converter is
needed to feed the signal into a computer if signal processing is necessary. The

computer does all of the signal processing and feature extraction. To reduce the need

12



for bulky desktop or laptop interfagesome more advanced systems implement
signal processing algorithms on microprocesstn2006, agroup from Japan
introduced a prototype for a fAWearabl e EMG
forearm muscles to detect a grasping mover(iéishida, Kavakami, & Mizoguchi,
20069. This system recals the signal with an electrode ahén passes it through a 5
Hz high pass filteranamplifier, andfinally a 3Hz high pass filter, to cut out low
frequency noiseThe signal then passes through a full weedtifier before entering
the microprocessor, which does the A/D conversion.
Although medical wireless sensor systems have not yet made it into practical
use, EMG sensing systems, especially for rehabilitation applications, are quickly
moving in this direton. In 2005, a group from the University of Alabama developed
a prototype wireless sensor system, coined
used with computeassisted rehabilitatiofdovanov, Milenkovic, Otto, & de Groen,
2005) The wireless sensocemmunicate with a computer that perfonmaaktime
data processing and provides feedback to the Uger.computecan further upload
this data to medical servers to store it i
This system was designeddombat two of the major problems with senbased
rehabilitation today. The firgtroblemis the issue of bulky wiresvhich inhibit the
patientds movement paoblemische meéddar éxtensiveT he secon
physical therapist supervision thasisnply not available. These wireless sensor
rehabilitation systemsvhich utilize offthe-shelf sensorspay be able to reduce the

amount of direct supervision laphysical therapist

13



Another wireless surface EMG system has recdrgbndeveloped usig the
ZigBee wirelesstandard flughes, 200) Each node has a gain of 300, a low pass
filter with a 500 Hz cubff, and a microcontroller with an internal-b@t ADC. The
authors claim that their system could reduce the costs of each channeddrgs0
or more. They also state that the system can accommodate up to 256 channels,
although only two have been tested so far.

Recentl vy, Noraxon Corporationds Zer oWir
arrived on the market. The system enables more remote opeadibanng data
collection from up to 80 meters away from the subject. The system shows a sampling
rangeof EMG signalsdrom 10 to 1000 Hz for each of its 32 channels, and has a
battery life of up to eight houf®loraxon, 201Q) The ZeroWireE systen
additional gait analysigeatures for rehabilitatiospecific applications (Noraxon,

2010). However, as a complete EMG systenwds well beyond our budget range,
and was released after we had built our own wired EMG system.

Another innovative design teduce the need for inconvenient wires involves
implementing EMG sensors into conductive fabrics. A group in Japan has created the
AText i | e-fkeenetworksysbem esing two layers of conductive fabric with a
shielding layer in between. The protogyhey created can tremit data at 9.6 kbps
and supply 3 watts of power to each device. Another group has also begun working
on surface electrodes capable of reading EMG signals through a thin insulator,
specifically cloth. They were able to obtain adyonized signadf comparable
quality to those obtained via individual electrodabeit with a lower signéab-noise

ratio (Uenocet al., 2007.
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Current State of the Art in EMG Classification Algorithms

There are several different methods currentlysa for decomposition and
classification of surface EMG (SEMG) signals. One of the simplest techniques for
evaluating the activity of multiple muscles during a complicated activity is to use a
simple Aon/ offo cl assi fi chaiquéethabthasbeenineach mu
use for over a decad®ellandandMcKinley (2004) accomplished this by
subtracting the mean from each collected signal and then performingiaab|
rectification. Omroff activity was determined by comparing-6& windows of
rectified data to a baseline noise threshold, computed using data collected in a
motionless initial trial. The noise threshold was computed individually for each
subject usinggne-second bins acrosss-second trial.PellandandMcKinley found
that thisprovided a relatively stable baseline for their noise threshold, and moreover
was | argely consistent across patients. T
of all muscles involved in a given actioanbe implemented in a vector to see which
musdes worktogether for a given activity.

EMG signal acquisition yields an electrical signal represented as an amplitude
or voltage in the time domain, which must then be processed to yield an output
corresponding to a movement or muscle contraction. Bpgoeessing is a vast field,
with applications at every level of science and engineering. The scope of this
literature review precludes mention of many signal processing technigues which
might potentially have application in the study of EMG. Howevemyrof the signal
processing techniques that have been used effectively for the purpose of EMG

classification are mentioned here.
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In general, signal processing of EMG can be split into several phases:
conditioning, clustering or criteria selection, featextractionand classification.

The raw signal is an aggregate of the electrical potential changes caused by the
contraction of the targeted muscle cefisd ofthe noise components from various
electrical devices and other, untargeted muscle grolipstefore, it is necessary to
condition the signal to minimize the effect of the noise components before the signal
can be classified, and to better isolate the data of interest. Then, depending on the
characteristics of the phenomena studied, a varfagcaniques may be used to

identify distinct groups of signals that map to an action,taradassify individual

signals as belonging to a specific group.

Ideally, an acquired signal contains only information relevant to identifying it
to a particular @dss. However, in practice, it is necessary to use filters to remove
unwanted noise from the data, such as electrical interference, motion grifacts
crosstalk between muscle groups. At the most basic level, a filter acts by attenuating
certain frequecies within the signal (Kuruganti, 1995). Often, this filtering is either
implemented within the signal acquisition hardware or through the use of the Fourier
transform, which converts the time domain of a signal to the frequency dofria
signal sothat the signal is rexpressed as the sum of sinusoidal waves. Particular
frequencies can then be easily filtered out by zeroing the ranges corresponding to
noise.

In developing an algorithm for classifying the signal, it may be advantageous
to removeinformation from the signal that is not noise, but that does not help to

distinguish between the different target classes. Reducing the space of the dataset in
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this way can make datatensive algorithms more efficient or help to identify
patterns in thelata. One algorithm that accomplishes this task is principal
components analysis (PCA). In PCA, the eigenvalues of a covariance matrix are used
in order to determine the most distinguishing features of the signal. The less
distinguishing characteristicsin then be discarded in order to reduce the
dimensionality of the data with minimal lossresolution. Giler and Koger (1995)
used PCA to determine the most distinguishing components of the EMG frequency
domain.

After the data has been conditionedjsil classification can begin. One of
the easiest and most widelged methods of classifying EMG signals is based on
amplitude thresholding. A threshold value is either manually set after looking at the
data or automatically set from previously collectata. Abbink et al. (1998) took
the latter approach and used characteristics of the amplitude distribution of the entire
signal to detect repetitive muscle contractions associatedheitthewing of food.
Because the EMG signal is bipolar, threshajduh the raw signal reseltlin very
short bursts of activity as peaks in higimplitude sections of the signal credthe
threshold. In most cases, thype of datavould result in incorrect behavioA
better approactvould classify the muscle as &ng over the entire higamplitude
section. Inman et al. (1952) applied signal rectification angdass filtering to
better estimate the sections of the EMG signal characterized bamglitude peaks.
Because the resultant signal appears to outti@eaw signal, this techniquetermed

linear envelope generation.

17



Simple amplitude thresholding is a fast, efficient way to classify the
contractile state of a muscle, but has two major drawbacks. Therévgbacks that
thresholding allows only bary classification of the muscle groups as relaxed or
tensed at a specific force. Clearly, tensed muscles can produce varying levels of force
and do not act in an adir-nothing fashion.The second drawback is tresimple
threshold may be susceptiliterapid switching between relaxed and tensed muscle
classifications when the signal amplitude is close to the threshold level, or during the
transition from relaxed to tensed muscle states. This switching is caused by the high
frequency components of tisgnal.

In addition to noise filtering applications, the Fourier transform may also be
used to extract features from the signal that are important for classification. For
example, signals generated from muscle contractions may have a specific frequency
signature that can be detected using the transform. For EMG signals, even if the
waveform of a particular muscle contraction does not have the exact same-voltage
versustime graph as another, the frequency components of waveforms originating
from the samenuscle groups performing the same motion should be similar. Fourier
analysis can thus facilitate the comparison of two signals that are fundamentally
similar in terms of their frequency components and underlying physiology. This is
true even if the sigals occur at different times or vary in amplitude, due to otherwise
confounding factors.

However, the Fourier transform does have limitations. Conversion of the time
domain to the frequency domain results in loss of time resolution, so that particular

points in the transformed data no longer correspond to exact times, but rather to spans
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of time. A simple method of partially compensating for this limitation is to use a
windowed Fourier transform, in which a Fourier transform is performed not on the
entire signal, but rather on discrete sections. The size of each of these sections, or
windows, is determined by both the sampling rate at which the data was collected and
by the duration ofhefeatures targeted for detection. Fourier limitations are

especilly evident in the study of signals that were not originally sinusoidal in nature.
Signals with timevarying frequency componentuch as EMG signalsften result

in less than optimal Fourier decompositions (De Michele et al., 2003).

Wavelet analysisvas introduced specifically to address this problem, and
permits better resolution of time and frequency components of signals (De Michele et
al., 2003). By expressing the signal as a sum ofsmamsoidal component signals, a
more precise decompositiorasnbe achieved. Specifically, if the correct basis of
component signals is chosesuich that they more closely correlate to the MUAP
signals within EMG signals than would simple sinusoids, then the original EMG
signal can be expressed more compactly @astim of a smaller number of these
basis waveforms. Thaspecis useful because features in the signal that are shaped
similarly to those of the chosen wavelet basis can be more readily resolved from
background noise.

Another method used to classifyetBignals is an artificial neural network
(ANN). A neural network is comprised of a set of simple, interconnected signal
processing nodes, the model for which is approximately based on a physiological
understanding of biological neurons (Hassoun et @841 Such a network can be

employed with relatively simple general learning algorithms to the problem of pattern
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recognition, in our case, EMG signal classification. They are particularlyswiédd

to applications where little is known about the inpighal, and aralsohighly

effective in recognizing noisy variations of previously learned patterns (Hassoun et
al., 1994). One drawback of such systems is that they can be computationally
expensive; however, it is possible to implement simplgral néwvorks very

efficiently. The outputs of the neural network may generate very useful signal
processing models that can be coded or realized explicigychip to increase
efficiency. Many current EM@nalysis algorithms make use of ANNs in order to
interpret and categorize the EMG sign@iassoun et al., 1994)

A different approacho the classification of EMG signals is thealysisof
statistical propertiesuch aghe Euclidean distance between MUAP waveforans|
the mean and standard deviationntér-pulse intervals of individual MUAP trains
(Raez Hussain, & Mohéyasin 2006). In essence, these algorithms attempt to detect
signal events corresponding with MUAPased orthe presence of features that differ
from a control or base signal in at&#cally significant manner.

Each of these signal processing techniques has been useful in the
classification of EMG waveforms for a particular applicatipelland and McKinley,
2004; Kuruganti, 1995; Guler and Koger, 1995; Abbink et al., 1998; Inireln e
1952; De Michele et al., 2003; Hassound et al. 1994; Raez, Hussain, & Yéshd
2006) In our study, waoughtto determinea signal processing algorithm for a
classification algorithm thatasaccurate, efficienandrobust. In addition, in oler

to produce a marketable product, setectedsignal processing algoritheimedto
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limit complexity in order to reduce the costs of implementation and to increase

efficiency, while minimizing any resultant decrease in classification accuracy.

Current State of the Art for Hemiparetic Treatment

Methods to improve community ambulation have historically included the use
of orthoses, assistive walking devices, and restoration of walking symmetry (Mauritz,
2004). In particular, metal ankfeot orthoses (ABs) placed on the paretic leg have
been shown to improve the gait within the paretic leg (Mauritz, 2004). Unfortunately,
they onlyachieve thidy holding the paretic foot in gait positidn,prevent spastic
foot movement. Assistive walking devices, Is@as walkers and canes used opposite
of the paretic leg, can also improve community ambulation, or at least mask a lack of
community ambulation (Mauritz, 2004). These devices require the atiehave
relatively normal upper body control and coordiaat{Mauritz, 2004). Restoration
of gait symmetry has traditionally included practicing walking patterns and weight
shifting on the paretic le@nd using electromyography to track neuromuscular
recruitment in the clinic. Sadly, when patients left theicliresearcherfound that
concentrated walking did not necessarily translate to community ambulation
(Mauritz, 2004).

Thus, methods of neural restoration and improvemargait endurance have
proved more promising with the advent of treadmill reltation and gait machines.
For this reasonyréadmill rehabilitatiorshowed high potentiah animal studies.
However, patients werggnificantlymore comfortable walking oastationary floor
rather than on a treadmill (Mauritz, 2004). Similadlgsgned gait machines may

provide further improved gait analysis. Still, there have not been anydeatge
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studies to prove their effectiveness or improvenneebmfortover treadmill
treatment (Tong, Ng, Li, & So, 2006).

Robotassisted locomotion is atm@r promising method of treatmeint,which
a robot orthosis corrects or compensates for the lack of proper neural activity in the
paretic leg during gait. These rokassisted locomotors may also use virtual reality
(VR) or gamebased systems to provittas correction (M. J. Johnson, 2006).

Hornby et al. (2008) showed that such a device would provide the needed
adjustments However, this improvement was too small relative to traditional
therapistassisted locomotion twurrentlybe more widelyuseal (Hornby et al., 2008).
Even with itshigh potential the costs associated with such a complex virtual learning
or similarlearning environment may be too caséffective due to the high cost of
processing such element$here are few such devices on tharket outside of the
Lokomat® Gait Trainer systemBi(ncks, Nielsen & Kocklensen, 2009 These

limited choicessuggesthat alternave stroke rehabilitation treatmerasenecessary

to provide successful rehabilitation to patients who may neitherdwess to robot
assisted locomotion nor want to use a treadbaiied device.

Brain-computer interfaces (BCIs) using novasiveelectroencephalography
(EEG) havealsobeen investigated with the potential to improve motor control in
individuals with sevie neurological disorders or impairment brought on by
amyotrophic lateral scleros{8LS) or stroke. For positroke patients, BCI
technology could be used as a form of neurofeedback to indicate brain activity and to
help them isolate and decrease abnbantvity. The safest method of neural signal

acquisition is through the use of surface electrodes.-iN@sive signal acquisition
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has a limited frequency range and resolution but is safer and easier to implement than
invasive methods (Daly and Wolfpa2008).

The signal processing occurs in two steps. The first is feature extraction
where signal features such as amplitudes, sensorimotor rhythms, or firing rates are
used to characterize the signal. The second step is to translate the decodeatsignal i
an output command. These commands could be anything from moving a cursor on a
screen to controlling the movement of a prosthetic device. One aim of BCls is to
restore normal function in the central nervous system (CNS) through plasticity.
Neuroplagtity is the changing of neuron functions or rearrangement of networks to
perform new functions based on experience. Therefore, for stroke patients,-activity
based CNS plasticity can create a framework for mottegaming. However,
rehabilitation effots involving BCls are still in a developmental phase and future
implementations will depend on further research into the type of signals and signal
features necessary to effectively retrain motor functionality (Daly and Wolfpaw,

2008).

Current State of the Art in Videogame Rehabilitation

There are several forms of vidggme control systems that can be used in
rehabilitation, including somghat useEMG or EEG techniques. Whileery few
gaming studies focus aehabilitation applicationgheseexistinggamescanstill
serve this purposeThe current state of the art in gaming proves that EMG signals are
a viable aproach to entertainment systems. Therefore, incorporating gaming into
rehabilitationshould encourage our patients to want to use our systeéraid in their

rehabilitative processes througttreased exercising
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Onestudypresentedn analysis of the strengths, weaknesses, opportunities,
and threats (SWOT) of virtual reality in rehabilitatidtizzo, 2006) The authors
concludel that the fietl is still in its developmental staglescauses e v e r a | Aproof
concepté have shown daweveréew systams haveermadelit inte ;
mainstream or clinical uséOne weakness they ndtevas thebulky interfaces that
requirel many wires and diéfrent types of hardward@hesephysical issuesnposel
limitations on patient movement, comfort, and etfeggameandsystem functions.
However, the authors suggedthatthe incorporation of wireless technologwesuld
reduce these limitationsTheyinsisedthat strong multidisciplinary collaboration and
usercentered inpuandevaluation methodwsereessential in developing successful
applications.They also suggestlthat the frontend of the systems nesko be more
userfriendly andaimedtowards the physical therapjsto that computer science
techical supportwould notbenecessary. This suggestion veae of the big
problemsthey foundwith university systemsFor clinical utility, programs must also
deliver basic summary scores, comparistatistics with accumulated normative data,
and graphical representations of the data for the physicaptbesréo evaluate the
results. They suggestdthese aspects the main baeknd limitation

Another group of authon®viewedstudieson virtud reality-basedstroke
rehabilitation from 1980 to 200&nd chose 11 studies for their evaluaiiGnosbie et
al., 2007) Five studiesaddressed upper limb rehabilitation, thetedies addressed
gait and balance, twstudies addressaabgnitive interveribns, and onstudy
addressedoth upper and lower limb rehabilitatioifhey assessed thesteidiesas a

review of the state of virtual reality in rehabilitatiohables 1, 2, and Below
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describe the parameters of each system/stlilgy found thaeight of the 11 studies

presented positive resulighile the remaining thregtudieshad statistically

significant results.Two of the studies examined are the Rutgers glove and ankle,

which ae cited in greater detail below

Table 1. Crosbie et alsources: Empirical Research (Levels | and Il)

Study | Level Design| Reported | Age VR Display | Interface Control
& type (years) | Intervention | Device
Quality
1 /W RCT Vascular 2585 Active & Desktop | Mouse Nor+
brain passive PC impaired
injury desktopVE to group
(n=24) and explore virtual (n=48)
stroke bungalow for
(n=24) memory and
layout training
2 /W RCT Hemiplegia| 41-79 Immersive Head Video camera | Real
single VR system in | mounted training
incident conjunction display (n=10)
(n=20) with treadmill
training
3 I'w RCT Hemiplegia| Not VR LCD Speed/positior] Treadmill
(n=14) reported| augmented monitor | sensors training
treadmill (n=7)
training,
interactive
balance
training
* All results statistically significant with intervention.
Table 2: Crosbie et alsources: Empirical Research (Levels Ill and V)
Study | Level Design| Reported | Age VR Display | Interface Control
& type & (years) | Intervention | Device
Quality time since
stroke
4 Hn/w ABA Right Late Non See Haptics Healthy
internal 50s immersive through males as
capsule arm training | glasses reference
12 weeks group
5 IV/IW Before | Infarct, 26-72 Augmented Desktop | Electromagnetiq None
& after | embolus, VR system PC sensors
case other with virtual
series | 6-46 teacher for
months arm motor
tasks
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6 IVIW Before | Internal 54-83 Desktop Desktop | Electromagnetiq None
& after | capsule system for PC sensors
case infarct, hand function
series | parietal
hemorrhage
3-6 years
7 H/w Before | Right 55-75 PC based Desktop | Keyboard Unequal
& after | hemisphere system to PC number
case stroke train people of age
series |O 6 we w/ spatial matched
with neglect to controls
control cross a street (n=6)
safely
* All results were positive effects with intervention.
Table 3: Crosbie efl. sources: Noempirical Studies (Level V)
Study | Reported type | Age VR Display Interface
& time since (years) | Intervention Device
stroke
8 Right CVA (n=1), | 73 & 70 | Haptic feedback | Desktop PC Haptics
right middle with glove &
cerebral artery ankle VR
ischemia (n=1) devices
18 months & 2
years
9 Left & right 76 Virtual teacher &| Desktop PC Electromagnetic Sensor
internal carotid VE training for
occlusion (n=2) upper extremity
1.5 & 3.5 years tasks
10 Right hemisphere| 72 Gesture Xteme | Video Large screen
stroke (n=1) project system | projection
6 months for range of
sitting &
standing balance
tasks

One form ofrehabilitative gaming includes the use of computer games as a

training aid. Specifically, there was @asestudy on the use of games to resolve

sersorimotor deficits in a 3%earold male recovering from subarachnoid

hemorrhage Researcherfound that with increased training via the game, the patient

improved control significantlyTaylor & Berry, 1998) The patient used the

keyboard to exerciseontrol over his fingers in a shooting range game, and over time,
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gradually improved his response time and accuracy. Even thougiuthysdidnot
use EMG, this article proves that gaming can be used ia esthabilitation.
Anothernoteworthysystem s the Rutgers Ankle, a platfortype haptic
interface that supplies resistive forces in six degrees of freedom in response to virtual
reality-based exercis@eutsch, 2001) Patients exercise their ankle in different
positions in order toixtually pilot an airplane in game. This system can be
adjusted to eacimdividual patienf andcan be adjustethroughout longerm use by
changing the force applied by the interface, the difficulty of the simulation, and the
degrees of freedom involved in the ganddis variability makes the system
applicable to patients with a broader rangdisébilities and allows for targeted
adjustments as the patient progressdss product focuses only, however, on ankle
movement as the patient sits in a chdihe systs does not monitor all muscle
activation associated with walkingor does itallow the patient to practice the
complete motions involvedin a ninemonth case study after six sessions of training,
results showed improvement in force generation, endurandecoordination of the
affected ankl¢Deutsch, 2001) Improvements in the simulation tasks correlated with
improvements in walking and stair climbinghe findings of this study helped guide
us towardour end goal oén effective rehabilitation sy=twith high variability
A second system under development at Rutgersersitytargets upper
extremity poststroke rehabilitatin, specifically for the handlt uses a CyberGlove
and a Rutgers MasterND haptic glove to reduce impairmentspatiens finger
range of motion, sy, fractionation independen@nd strength Feedback is

displayed through virtual reality through a PC in the forms of playing a piano, scaring
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away a butterfly, and displacing pistons.ohrestudy, four subjectsaged beveen 58
to 72 years oldysed the system over a threeek periodBoian, 2002) The system
was implemented over the interngd that the physical therapist could remotely
follow patient progressThe CyberGlovevasused in exercises for the first tibre
parameters (range of motion, speed, independgnbédg the haptic glovevasused
for the lastparamete(strength). Along with taskoriented feedback, the program
displayed a numerical evaluation of each exercidee patients requested this feature
as a better indication of their progre$®esults from the study showed improvements
in fractionation for all four subjects, in thumb range and finger speed for three
patients, and only modest improvement in strengtiich they attributd to a
hardware ralfunction. Both the subjects artietherapist gave positive evaluations
of the system. Our systenalso incorporatedeattime quantitative feedbadsecause
this studyproved it to be a desirable feature for the patiantstherapists

Perhaps most sihar to our project is a system designed for arm rehabilitation
for stroke swivors (Dipietroetal.,2005)T hey wused the patientds E
manipulate a robot that assists him or her to perform {poipbint movements in a
horizontal plane.Thetasks are presented as a simplistic game, where the uges mo
in one of eight directionsClinical testing has not yet been completed, so no firm
conclusions can be made about its efficacy.

Another EMG videogame system was developed at Catholic Urtivessng
an Xbox and Xbox360 (sthews, Judge, & Ortega, 2007he system involves four

electrodes that are used to control four buttons on a video game contriodier
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system also includeftwaretoasss a user 6s ability to contr
without also activating unwanted muscles.

A U.S. Defense Advanced Research Projects Agency (DARA)ed study
utilized surface EMG as anterface to the commercial videogaaitar Hero
(Armiger & Vogelstein, 2008). The researchers created a novdiliedigon device
for upperextremity amputees. The system trains the amputees using a virtual
integration environment (VIE). A VIE is a virtual reality training tool in which an
onscreen ani mated arm mi mi cs-timehbmsedws er 6 s 1 n
inputs from multiple electrodes attached t
the game by flexing his or her index, middle, or ring finger muscles of his or her
residual hand. The muscle fl exdbygsixos resul
or more EMG electrodes placed on the forearm. -Rea data processing via
pattern recognition algorithms deter mines
control of the game. Abuit n scoring system evaluated t he
Three healthy control subjects found the Edd@htrolled gaming system to be
Aeffective, fun, and engagingo (Armiger &

One example of an EMG gaming systtrat has yet to be applied to
rehabilitation is a new EMG entertainment indée for the Othello videogame on the
Sony PlayStation 2 gaming cons¢&hima, Bu, Okamoto, & Tsuji, 2005)
Researcherund that by using a probabilistic neural network (PBS3ed on
measured EMG signgls hey coul d esti mat ewithalghuser 6s i
degree of precisioto determine game control commandaurthermore, the system

couldbe easily changed so that the final produmildrun on a multitude of various
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gaming or other entertainment systems. The researchers grouped varioo$ types
games based on tveets of criteria: fast or slow response, and low or high number of
commands needed to be executed in the game. The games that were slow in response
with a low number of commands were clearly easier to control via this EMG system.
This result indicates that ideally, we should select one of the suggested games in this
category.

Another product calleche TheraDrive system consists of antbi-shelf
steering wheel that provides force feedback and a software platform that records
wheel movementallowing patients to complete tasks displayed on a scréen.
incorporates a combination of custom and commegaaies, suchddi nt end o 6
MarioKartandE A G a hezdfod Speed Subjects mowethe wheel to track
objects or simply steedto follow a courseising onlytheir impaired arm.Johnson
et al.presentedwo major studiesone to determine the usability thle TheraDrive
system for stroke therapy, and another to measure the ability of the system to
motivate subjects and keep thengaged during therap2006) For the first study,
the researchers found a correlation between performance in the game and motor
impairment levels, but no correlation between improved performance and improved
clinical measurements of functionalitfzor the second study, results sheshvthatthe
subject enjoyed and was motivated by the ga8tee felt driven to play by the desire
to obtain better scorefAside from accurate and effective results, this type of attitude
is theultimategoal of videgame systas in rehabilitation Therefore, this outcome
alsosuggests that a gaming systeamch as the one vwaevelopedcan bean efective

tool for motivating patients irehabilitation.
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Weiss and colleagues gasegood general overview of virtual reality in
rehabilitation of cognitive and motor impairmerf204) In particular, video capture
virtual realityinvolves a system of camebased motion sensors that recdite
user6s movement and transl|l atesOnet to a scr
specificexamplewast he wuse of SonynusedfaryhdlaySatiom ppl | cat i
2. The digital camera deviadlowsthe user to interact with virtual objects by
capturing and displaying retime images of the user on a TV monitdihere are
other similar sysgms, such as the VividGroup GX system that was used to allow a
stroke patient to play the role of a soccer goalie in a simulated environAtehe
ti me of Wei ss O r ehedpe and mdreheasilymplerieotgd, white s
the GXwasmore advancedetalso more expensive and difficult to usehe
advantage o¥ideo capturd/R over other gaming rehabilitation systems is the first
person experiencghere the user can see hamherself instead cdnavatar.
Additionally, video capture VR does in@quire the patient to wear or be wired to
extraneous deviceddowever, video capture VBoesnot provideany information
about the actl muscle contractionand therefore isf limited use for our project.

There are several EEG gaming systems in pdactated for launch in the
near future. These include the Neural Impulse Actuator, the MinGbaatle Emotiv
Sy st e ms andNetr@ky products The Neural Impulse Actuator costs
roughly $150, and simply reads EEG signals to map them to keybodtesstno a
PC(OCZ Technology, 2009). The Mindball Gamneolvesa $20,000 table that
contains a physical ball in which two players competaovethe ball with their

minds (Interactive Productline IP AB, 2008). The ball is controlled via an EEG
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interfacethat both players attach themselves to. The EPOC is a $300 EEG system
releasd in 2009 that uses twaxis gyros to measure head rotation in addition to EEG
signals (Emotiv Systems, 2008). Finally, NeuroSky products use a single electrode as
opposed totte other systenthat require more electrodashich makes their

producs cheap and easy 8@t up(NeuroSky, 2009). These EEG systems prove that
biological signals can be used to control gamesaaedapable of gainingcceptance

in the general gamingavid.
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Chapter 3Methodology

Our approach to designing and building an&Miofeedback videogame
consistedf three stages of development:
Stage ZerpoTo design and build the prototype EMG sensor hardware, create an initial
signal processing g@brithm,and gather preliminargata from team members
Stage OneTo refine and test the sensor system, determine rehabilitation exercises
and muscles of interest, develapexperimental procedure for patigasting and
finalize the signal process algorithms
Stage TwoTo develop a classification algorithm, interface the system with the
chosen videogame, and test the completed system on hemiparetic subjects in a

laboratory setting

Stage Zero

A full data acquisition system was desigtieatincludes multple hardware
components that connect together with some degree of modularity. Pairs of gel
electrodes capable of detecting EMG sigmaéplaced on the skin over selected
muscle groups. Each of these pairs of electraiasached to a sensor circuddrd
containing a simple differential amplifier with filtering.

Although commercial EMG electrodes with btiittsignal conditioning are
available, such as from B&L Engineering, each sensor carries a price tag of at least
$200 Whyte Griffith Associates2008. We did nothave a budget that would allow
for this kind of purchase, but we did lucktyave the time to design our own sensor

boards. This had the added advantage that we were familiar with the underlying
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functionality of the boards, which allog¢he team to debug problems daior the

signal conditioning to specific preferencedx of these boards are powered
concurrently by a central battery board held in a fanny pack around the waist, which
also contains a connection to reference groumdsactonnector for sending the

outputs from each board to a computer with data acquisition software. The design of

each of these components will be discussed in further detail below.

Sensor System Design

The sensor boards were designed as amplifyingitiedrfg circuits, which
have been shown to be effective for electromyographic recording in previous research
using operationaamplifiers (opamps) (Pierce, 2004). The same design has also
been used to read input for an EMG classification algorithm {E@eer &
McMichael, 2005), a goal similar to that of our research. -bovge surfacenount
components were chosen to obtain a clean, clear signal. Also, the differential inputs
to the boards were obtained througad wireconnections adapted from EKG
recording methods. Thiead wireshave button snaps to connect onto the gel
electrodes, and the other ends were cut, stripped, and soldered directly onto the input
pads of the boards. Several other improvements intended to address safety and ease
of implementation were considered in the design stage, not all of which were
incorporated into the final circuit.

First, a fourop-amp circuit implementation was simulated using PSpice
ORCAD, giving the frequency response, phase response, and transient output for
various input frequencies. This initial circuit was reviewed and broken down into

separate stages using hand calculations, to fustiegrstand the purpose of each op
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amp, resistor, and capacitor within the circuit. In the initial parts ordering, a very
low-noise quad oampOP470chip was chosen to allow for the clearest potential
signal outputs, a decision that turned
success. Each component of the circuit was then chosen to take the speifig op
chalcteristics into account. For example, plass bandange of the filtering

component needed to include the range of the majority of EMG frequencies. Initially,
the resistoicapacitor pairs in the circuit that constiitee lowpass filters seemed to
include frequencies that were too high for what we wanted, so the values of the
capacitors were halved by adding another capagittre same valum series. The
resulting frequency response range proved to be adequate. The final schéthatic
printed circuit boards shown inFigure4. A detailedexplanation of the functionality

of each part of the circuit follows.

High Pass Filter

L [ -
Reforcio = Vee (46 V) Sris Output Amplifier
Ground —l— s 8 | .
R1 R3 R4 R6 R&  RY R13 R14
"W VWA VWA — VWA AMA— AN L AA— I N ‘/\Nl
BN [A l = | [Ri1 Ri2 >
R2 J RS \ . —— W uipu
VWA + — 3 \\ T _L L U4
Input 1 Input 2 r u3
u1 u2 R7 Jes s
YW ! 5
Low Pass Filter
_— R1o§
Input |amplifiers
=5
cz% — Vee (-6V)
Il

Figure 4: Final schematic representing the behavior of the working amplificatibn an
filtering circuits.

Ul and U2 are the two egmps that make up the first stage of the circuit, a

differential amplifierr R1 and R6 are both 100 kY,
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R2 and R5 are simply 1 kYampnsdd hfauvnec tnioo nb.e ar
According to hand calculations, the voltage level before capacitor C3 is equal to

11V27i 11V1, where V1 and V2 are electeahputs 1 and 2, respectively. The third

op-amp, U3,and the capacitors and resistors connected to it create the second stage, a
secondorderhigh-pass filter, with a transféunction:

1

R (sC R +D(=C R, +1) 1
(Fs + 5y +R9)R¢RMC3C432

Hs) =

whereR7=15&€ Y, R1& Ys RIABY,= R& Y5, 5R06/ = B3 =
C4 = 0. &istheeomplexrequencyof the voltage before it reaches C3. The
gain of this stage is dependent on both the specifications of thenp@nd the values
of resistors R15, R8, and R9, but is about 1.6 V/V. Theaxirequeng is about 10
Hz.

The two resistecapacitor segments in the thirctangle are the third stage,
secondorder lowpass filter The resistors and capacitors
0.005uF, respectively, which cause the frequency response using fiagseular op
amps to cut off significantly around 2 kHz. The finataopp and accompanying
resistors is the fourth and final stage of the sensor board circuit, and is simply a post
filtering amplifier, to bring the signal up to a voltage level thatvedldor eay feature
extraction. R13 is 10 kY and R14 in the f
its resistance tuned to a value anywhere betwédiY1 a rvdY . 5 The exact val
of the potentiometero6s resistacounterastari es f
the imprecise nature of all of the tiny components and their connections to each other,

which result in differing gains at the end of the third stage. The potentiometer adjusts
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for this and greatly ampl idgaais?2500hvé/atsi gn al

a frequency of 106iz.

The magnitude and phase response vs. frequency for this circuit is seen in

Figure5. The transient output response for several select input frequencies is shown

in Figure6.
Phase Response
-200d. [ 7 | | | | b
-400d PCUCU2D:0UT))
4k !
Gain
20k

0 -0
1.0H2 1. 0H 102 30H2
U(UZD:0UT)/ . 0001V

10082 100N 1.0KH2 3.0KH2 10KH

requency

Figure 5: Phase and magnitude response for the final circuitry. The frequency axis is on a
logarithmic scale, and the magnitude response axis is in terms of total gain, which is the ratio
between the output vaige and the input differential voltage.
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Time

Figure 6: Transient output responses at different frequencies. Green: 10 Hz; Red: 500 Hz;
Blue: 1 kHz; Yellow: 2 kHz; Pink: 3 kHz. Note that the relative amplitudes agree with the
gainsshown inFigure5.

Additionally, in preparation for further development of the EMG system,
conductor pads for a 4fin chip wereplacedon the bacgideof the printed circuit
board, including connections to whatintended to be a positive voltage rail, negative
voltage rail, and ground. However, the intended use for these pads was soon deemed
to beunnecessary, so no actual component is attached to them. There is no
perceptible difference in the output or vgés at any point in the circuit due to the
presence of these pads. Another component that appears in the board layout but was
not used in the final sensor circuit is a singfeamp chip that was intended as a
simple voltage follower between referencewgrd and the sensor circuit. It was
meant as an added precaution for limiting the current that a patient wearing the sensor

boards could be subject to. It was taken out early on because it prevented the board
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from working as intended and is unnecessasgytdithe high impedance of the

electrodes and other parts of the circuit. Instead, a solder bridge was used to make a

direct connection between the USB ground
The layout for these sensor boards was done using P&, Arfree printed

circuit board layout program available at 4pcb.com, from Advanced Circuits. The

entire board was designed from scratch, witaralldimensionof 6 cm x 3.12 cm.

The conductor paths were largely inspired by the paths done in DawdrPc e 6 s E MG

sensors (2004), since his circuit also included a general instrumentation amplifier

with a quad ogamp chip. The printed circuit board design, front and back, as seen in

PCB Artist, is shown ifrigure7. The USB connector for each of the boards is

explained next
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Figure 7: The top copper, solderank and silkscreen is shown ia and the bottom copper,

solder nask and silkscreen is shownih. Note the unevenlgpaced holesasigned for the

USB receptacle at left, the solder pads for the quaahap chip U1, the single egamp

follower U2, and the 4@in chip U3. POTL1 is a placeholder for the finalopnp 6 s f eedbac k
resistance, which eventually was implemented usiniyl&y5 erdgiameter.

These sensor boards reqdippwer, a reference ground connection, and a
method of sending its output to the data acquisition system. To this end, every sensor
board was designed with a USB connector, and a central board was created with two
battery holders, a 50in connector for a data acquisition card cable, and six USB
connectors. Each sensor boa@sconnected via a USB cable to one of the

connectors on the central board. Every USB connection had 4 pins that allowed
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positive voltage nidVCC, negative voltage rail VEE, reference ground, and the
sensor board output to be shared between the sensor board and the central board as
needed.
ayTwo9v ol t batteries, which were placed i
holders, were wired up to eyeldSB connector to provide the positive
and negative 9olt rails, which were essential for the functionality of
the opamps on the sensor boards.
b) The reference ground for every board is connected to a common pin on the
central board, which has a fetgot longlead wireconnected to it.
Thislead wirewas designed to be long enough to reach away from the
central board to snap onto a reference gel electrode, which was usually
pl aced on the back of a testing subj
c) The output from each sendmwrard was wired to its corresponding pin on a
50-pin connector which was attached to the central board. A cable
from a data acquisition card hooked onto thigpsOconnector,
allowing the outputs to be recorded on a computer using a
preprogrammed dataquisition program in MATLAB.
This powering board can be held in a waist pack worn by the patient and allows for

minimal wire connections from the body of the patient to the feedback system.
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Figure 8: EMG sensor hardwareleft: power board with connectors for six USB cabéad two 9V
batteries. Middle: sensor board. Rigtgnsor board in place time lower leg (tibialis anterior).

SignalAcquisition System Validation

After completion of the sensor boards, the first round of testing was conducted
on members of the team itselfhere were twanain objectives for this roundirst,
to evaluate the functionigy of the teardbuilt hardware ath acquire preliminary EMG
signals for the sign&lassifier subgroup to work wittand second to determine which
muscles to monitor to best classify tledabilitationexercises.Team members were
fitted with electrodes on a single muscle, such as ttigarad performed basic

movements teest whethethe system operated correctly.

Stage One

Once the signal acquisition system was functioning, we needefirie and
furthertest the sensor systedetermine muscles of interedgterminehe
rehabilitaton exercisegjevelopanexperimental procedure for patigasting and
finalize the signal processj algorithms.To gainaccess to positroke patients, we

securé a partnership with Dr. JiWhitall and Dr. Sandra McCombe Waller
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professors in the Deptment of Physical Therapy and Rehabilitation Sci€RG&RS)
in the School of Medicine at the University of MarylaBaltimore (UMB). Dr.

McCombe Wallers also a physical therapist.

Rehabilitation Exercises
Drs. McCombe Walleand Whitall encouragefdcusing the design dhe
EMG videogamesystemaround four gait training exercises they developed. For each
exercise, specific muscles to monitor with EMG were chosen from groups of muscles
activated by thagxercise. The first exercise entails hip afigtun and knee
extension; the seconkip and knee flexion; the thiré&nee flexion and ankle
dorsiflexion, and the fourtkknee extension and ankle plantarflexion. The exercises
are described in more detail below.
Exerciset#l
In a standing positiorthe patient shiftgheir weight totheir paretic
leg, and then @aempts to straighten their knee. This exercise activates the
gluteus medius anthe quadrices
Exercise #2
In a standing positiorihe patient shiftgheir weight totheir nonparetic
leg and wings theirparetic leg forward, bringintheirknee up andheir heel
towardsthe gluteus. It flexesthehip and knee This exercise activates the
tensor fasciae latg@FL) andthe hamstrings.
Exercise #3
In a standing positiorthe patient shiftsheir weight totheir nonparetic

leg and focuses on kickirtgeir paretic leg out by straightening the knee and
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pulling the toes upward (i.e. like kicking a ballyhis exercise activates the
anterior tibialis and the quadriceps
Exercise #4
In a standing pason, the patient shifttheir weight totheir nonparetic
leg, thensteps forward withheir paretic leg and plantieirfoot on the
ground,heel firsti cont r ol | i ng 0 contraziona Theytaret of knee
putting weight ortheir paretic leg without kee buckling.This exercise

activates th@uadriceps anthegastrooemius

Muscle SelectioRriteria

We receivednstructions from Drs. McCombe Walland Whitall on which
physiological functions each exercise involves, but that left us with seveealtipbt
muscles to choose from for some exercises. Exercise 1 usasduigtors and knee
extensors, Eercise 2 uses hip flexoand knee flexors, ¥ercise 3 uses knee
extensos and ankle dorsiflexion, ancké&rcise 4 uses hip flexors and knee extensors.
The gluteus medius is the major hip abductor, and the tibialis anterior is the sole
muscle responsible for ankle dorsiflexion, so these muscles were automatically
chosen for their respective functiorsStill left to be determined were which muscles
to useto measure knee extension @eases 1, 3 and 4), hip flexion xErcies 2 and
4), and knee flexion @Eercise 2).The criteria for selection for these muscles were
thestrength and consistency thie signal duing their designatedxercisesand the
relaive lack of activity during other exercisesogether these two features
determind the usefulness of a particular muscle in discriminatiergain exercises

from others.
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The quadriceps muscles are responsible for knee extessitime muscles in
this goup were our candidates for measuring knee exten3ibaese muscles are: the
vastus medialis, vastus lateralis, and rectus femdhe. rectus femoris was
eliminated from contention because it is also a hip fleXtws, selecting the rectus
femoris tomeasure knee flexiowould not help us discriminate Exercises 1, 3 and 4
from Exercise 2, because we would still expect to see significant adtieitythe
rectus femoris duringXercise 2 as a hip flexolChoosing a knee extensor muscle
that is not inwlved in hipcontracion allowedus to better distinguishXércise 4 from
the others.This methodusedacross all muscles, hopefully provebenough

information to consistently distinguish each ex@drom every other.

Final Muscle Selection and Eleotte Placement

The gluteus medius was selected to measure hip abduction. The quadriceps
control knee extension, and of thetde vastus medialis was selected for our EMG
monitoring. As explained previouslyhe rectus femoris was passed over because of
its dual role in hip flexion. Of the vastus medialis and vastus lateralis, the medialis
was chosen due to obsenagperior signal quality relative to the lateralis in testing
on a (20yearold male) team member. The hamstring muscle group controls knee
contracion, and of thesehe biceps femoris was selected by virtue of greatest signal
strength and quality during testing on the team member. Specifically, superior signal
guality was observed relative to the semitendinosus. For ankle dorsiflexion, the
major muscle involved is the tibialis anterior. For ankle plantarflexion, the
gastrocnemius (lateral and medial head) and soleus muscles are at play.

Gastrocnemius was initially chosen over the soleus for ease of electrode
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placement/location. &weenthemedial and lateral heathe medial head was
chosen becaugbelateral head showed spiim activity whenever the (group
member) test subject shifted weight fréas monitored leg tdnis other leg. For hip

flexor, tensor fascia latg@FL) was chosewver rectus femoris due to significantly

stronger signal qualitgbserved duringroup member testing.

Figure 9: The methods for determining the electrode placement for each of the six targeted
muscles; from left to right, toptbottom: tibialis anterior, gastrocnemius medialis, vastus
medialis, biceps femoris, tensor fasciae latae, and gluteus medius (Hermens et al., 2006).

For all muscles, electrodes were plhoethe midde of the muscles, both
length and widthwise shown inFigure9 andFigure10. For all musclegxceptthe
TFL, electrode placement guidelines were taken from the SENIAM project group
(Hermens et al.,@6), although testing on group members was done to ethsiire

suggested locations did indeed yield good signals.
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Figure 10: A muscular view of the legiuscles to be monitorednd the precise placemer
for each electrode pair for each muscle. The muscles are lab&ligdiia9.

The Improved, More Usdriendly Integrated Sensor System and Hardware

For Stage Onehe sensor system stayed largely the same as in Stage Zero in
terms of functionality. However, there were many improvemienerms of
aesthetics and conveniertbat greatly improved the testing process anddbters
experience.

First of all, the mitial waist pack was replaced with a new one toaid better
hold the central board, andda zipper allowing the USB cables to come out of the
sides of the pack. It aldwda fully-adjustable waist strap thdid not stretch,
preventing the pack fro sagging to a level that would get in the subject's way as they
performed their leg exercises. Most importanthg develope@ safer, more
comfortable method of attaching the sensor boards to the testing subject. Instead of

using tape to hold the semdmards onto the bodwe fabricatedelastic straps with
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plastic buckles that could wrap around the leg and tighten in place. The sensor boards
werethen attached on the outside of these elastic straps using strips of Velcro placed
on the straps and thoack of each of the boards. This arrangemedntthat the
boardswereno longer in direct contact with tlgea t i skin. tABG the strapsere

not sticky unlike the tape used before, and akalfor a secure carection without

being too tight. Theschangegrovideda much more comfortable experience for the
testing subjects. In adain, as long as the Velcro staysecure, this arrangement
wasmuch safer for the sensor boards, whigreno longer tightly wrapped up in

tape that causkstress orthe boards as the subjectmtracedtheir muscles. A

feature of the new waist pack was that a few Velcro elastic straps could be looped
around the waist strap of the pack and hang dewthat the sensor boards connected
to the hareto-reach muscles aie hip and waist could attach to these straps. This
practiceavoidedthe need to wrap an elastic strap all the way around the waist or the
upper thigh, whichwashard to reach andould haveundoubtedlybeen

uncomfortable.

Figure 11: Picture of Velcro elastic strap, which holds the sensor board.
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Late in the sensor system development, a pushbutton was added that
connected directly to the central board. This pushbutessimply a singlepole,
doublethrow (SPDT) switch thatdd an AAA battery connected to one pole, and
reference ground connected to the other pole. The output of the ssich
connected to a pin on the-ph connectarsothe data acquisition softwaceuld
read it the same way it read the sensor board autfvery time this switclvas
pressed, its output switetlbetween 1.2/ (the output of an AAA battery) and
reference ground. This buttevasused to indicate precisely when a testing subject
performedparticular landmark actions in an exercise. Fongda, consecutive
button presses indicatavhen a subject stepped forward and plattied@ foot on the
ground, when they pushdoff, and when they retuedto standing position again.
Using this methogdthe teantouldstudy the EMG data with its correspmbng
pushbutton output to determine the times when a patient performed a certain task
Matching the EMG data to its corresponding physical movemasitsupposed to be
easier. This was essential for the development andudmag of the classification
algorithm. It also helpdto quantify any latency problems thatly have been
present, although realistically human error intiheng of thebuttonpushesnay
haveobscurd the lag time between muscle activation and the data acquisition system

registerirg an EMG spike.

Hemiparetic Test Subjects and Testing Procedure
Drs. Whitall andicCombe Walled e vel oped t he patientsodo t
and supervised the preliminary testing to ensure safe collection of electromyographic

data from multiple subjectsThe testing was completed at a physical therapy
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laboratoryin the Department dPTRS in Baltimoreat UMB. For stepby-step details
of the data collection procedures, see the protocol in Appendix I.

The subject pool was comprised of pegbke patients &t hadsuffered from
hemiparesis or spasticity in leg muscles, in order for the data to be most relevant to
the intended applicationThere were four middiaged patients, two men and two
women, labeled as EMGO01, EMG02, EMG03 and EMGR4rticipants camiom a
preexisting pool of posdtroke therapy patients who had voluntarily consented in
writing to be contacted when research studies associated with the Department of
PTRSwerein need of testing participants. These patients, who have participated in
similar research before, received amail, letter or telephone call inviting them to
participate in the research from Dr. Whitall or BicCombe Waller The contents of
the email and the letter appear as part of the Institutional Review Board applicatio
included in Appendix Il We also recruited four healthy agend gendematched

control subjects, labeled as EMG05, EMG06, EMGO07, and EMGO08.

Figure 12: Test subjects participating the EMG data collection for Stage Orferom left to right, the
patients are performing the exercises: wegltitt, knee lift, knee swing, step suppoithese pictures
represent 3 of the 4 participants. The extra person in the foreground in the two right patedsns
membemwho was coaching the study participants during the trial.

During testing sessions, IMcCombe Wallewas resposible for prepping

and placing the electrodes on each patient before data colleEborach of the four
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patients, we collected EMG data ofianlationexercise for each target muscle, as

well as several repetitions of all four exercisgswwn inFigurel2. The purpose of

the five isolation exercises was to develop baseline readings of the strength of each
target muscle We repeated this data collection three times for the paretic leg and
once for the healthy leg, over theas of several data collection sessiofbke data

taken from the noiparetic leg was intended to be used as a template for what the
EMG signal from the paretic leg should look like, but the data was too dissimilar to
becomparedn this way We also comigted one testing session for eadtihe

control subjects using the same testing procedure. This data was also not useful as a
relevant template for the paretic da@ata collection generally involved one team
memberdemonstrating and guiding the pati¢hrough each exercise, one team
member controlling the data collection software on the systeigioR§e described in
further detailin the next sectign and one or more members for taking video and
recording notesTo provide comparison to the hemipac patient data, we also
collected data from four ageatched healthy control subjects using the sammgest

procedure described above.

Signal Conditioning

Our MATLAB interface for data collection is shownkigure13. Our initial
signal conditioning process converted the raw EMG data into a more convenient form
for our classification program. The data acquisition card was set to record samples at
1000 Hz. The raw signal was detrended, rectited then passed throughiféhf-
order lowpass Butterwortffilter with a 5 Hz cutoff frequency in MATLAB For our

purposes, 5 Hz was found to tmederthelower limit of frequency content for
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conscious muscle contractioiithe higher limit of frequency contents of the signal

were rrelevant since EMG signals have an upper lim2 &z, so the Butterworth

filter was used to remove these componests/ell(Basmajian, 1979). As the testing
went on, newer versions of the program were created to add new features including a
graphicaluser interface (GUI) and the ability to save and load data files. The final

version of the MATLAB progranms included in Appendix Ill.
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Figure 13: EMG data recorded from control subject EMGO06, 4/29/2009. GUI program

screeshots with (a) raw, (b) detrended and (c) filtered versions of data recorded from
Exercise 3.

Figurel4s hows an example of the data compar
paretic and nosparetic tibialis anterior. Note in particuldretscales for each graph,
which show the difference in EMG signal strength, representing the discrepancy in
muscle strength. Pesbnditioned results of these signals are also shown, after
detrending, rectification, and further filtering. The conditiosggphals were then
used to determine the amplitudes and thresholds used by the Stage Two grading

programs.
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Figure 14: EMG data recorded from tibialis anterior durimgtep support exercise by patienteg.
Raw data from paretic leg. Detrended, rectified|lfered data from paretic leg. ¢) Rawtadrom
nonparetic legd) Detrended, rectifiedjlfered data from nonparetic leg. Data in (a) and (c) were
amplified by a factor of 2500 and bandpass filtered from 10 Hz to 2 kHz by the EMG sensor t
Data in (b) and (d) was additionally detrendedified, and filtered usingsorder lowpass
Butterworth filter.
Stage Two

As opposed to Stage One, which focused on EMG data collection from
patients, Stge Two focused on data interpretation in order to provide rehabilitative
feedback. Stage Two therefore integrated bothtiea visual biofeedbacko allow
patients to monitor muscle activatiand game play that rewarded patients for
improving exercie performanceLabVIEW was used as a front end réiahe data

collection and display module. Ussglected options determined which muscle

signals were displayed in ret@ine as the patient was performing an exercksach
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patient 6s p e rted wamrainiduahsert@schnmark,lolatained from

three calibration trials of each exercise, performed before playing the gawees It

necessary to calibrate the system to each individual patient because activation levels

vary for different muscles arzetween different patients. As a result, the system is

customt ai | ored to each pati en Thepatientrexeicisei dual r
data was scored and classified using the classification prograhthe results were

used to generate a swif the onscreen videogame avatar. The quality of the shot

was determined by the patientds performanc

written to interface the videogamagth the classification program.

Videogame Interface

Our desired visual inteacewasto have a windowed version diger Woods
PGA Tour 20@ in the center of the screen with various feedback meters on the
borders of the screen. Becadsger Woods PGA T 2004does not have a buiih
window mode, we had to improvise by runnengecond instance of our operating
system in a window. To accomplish this fe
VirtualBox program and ran the Tiger Woods videogame in this windowed instance
of Windows.

To allowfor communication between the signabpessingorogram and the
videogame, wausedan opersource macro program called AutoHotkey.eTh
processing algorithm eval uanumedcalvdiue user 6s
corresponding to the activation level of the desired muscles for the particular

exergse Thisvaluevaswr i tt en to a .txt f wloteannamed figo
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AutoHotkey script that continually monitedthis .txt file. When a valueiaswritten,

the scriptwould then generate a golf swing corresponding to the value.

EMG Visual Feedbek

For Stage Two testing,laabVIEW program was used to provideattime
visual indicators of muscle activity during an exercise. Depending on the exercise,
the programautomatically displagdthe realtime EMG data of the muscles of
interest for that paicular action. The sliders displaying the data also change color
when certain benchmarks have been excefdau blue to red)so the patient can
easilyseewhen they have performed well. Furthermore, the program not only
collects data butalsoscoresh e pati ent 6s performance based
to a set of calibration amplitudes. The difficulty and sensitivity of the scoring system
is adjustableand can be modified during a session with the patient easily. The score
is passed to a prograned macro that controls an avataiiger Woods PGA Tour
2004 The avatar hits the ball in the driving range mode with the distance and
accuracy of the hit determined by the performance of the patient, with a higher score
resulting in a longer, straigit shot.

As can be seen irigurel15below, there are three vertical slide indicators on
the left side of the picture that represent the two important muscles for the particular
exercise and a third indicator to monitor a spastic reugaesired. There is also a
difficulty dial located just beneath the vertical slide indicators that shows the chosen
difficulty, which can vary between 1 and 10, with 10 being the most difficult. The
benchmark activation is marked by the solid blaok kcross the slider and varies

based on the difficulty level
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The slide indicators represasuncurrent feedbacthat the patient receives
while performing the exercises. This form of biofeedback was highlighted in our
literature review as crucial fouscessful EMG biofeedback therapy. The Tiger
Woods game itself also servestasninal feedbaclgiving the patient an eastly
understandable final evaluation of their degree of success in performing the previous
exercise. Our primary motivation in inclag this terminal feedback was to engage
the patient in a goadriented and motivating task to maintain patient interest and
compliance with the exercise regimen.

The system does not utseled feedbaclar feedback that is faded out over
time as the patre learns the exercise on his/her own. However, the adjustable
difficulty dial does allow folradjustment of the game so that it adapts to
i mprovements in the patientods ability.
improve and find the game too eabyf with adjustmenthe patient will not find it
too easy to score well in the gamnvenafter a period of improvemenEurthermore,
if the patient masters the exercises to the point where the sliders are redundant or
annoying and only desires to play thiger Woods game, a simple button could be

added to make the sliders invisible.
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Figure 15: Datacollectionandbiofeedbacldisplayed withTiger Woods PGA Tour 2004

Figure16 below shows how the verticalide indicators change color if the
patient has exceeded the benchmark level in accordance with the chosen difficulty

level.
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Figure 16: Slider bar when color change activated

TheLabVIEW program has another feature that remadidden while the
game is in play. It displays a plot of thetivations of théwo targeted muscésover
time for each exercise after the patient has completed the exercise. The patient or
therapist can refer back to this chart to see a graphicabiregasf the muscle
activation over the entire time that the patient performed the exercise as a secondary

reference, similar to the output of the previous MATLAB progfesm Stage One
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1st second of data is not shown
(hordware card necds to settle)

Figure 17: Close up oLabVIEW GUI with signal graph. The videgame is hidden.

Classification

Measuring improvement in muscle recruitment levels offers valuable feedback
that can be used to improve patient rehabilitation. However, it is also important to
look at the sequence of muscle activagisrhen evaluating exercise performance. At
the current time, this is an ongoing effort and both the attempted methods and
ongoing avenues of research will be discussed in this section. In order to study the
muscle activation sequences, we attemptedveldp a signal classification method
thatwould allowus to categorize incoming EMG signals into the four different
exercises. This serves two primary purposes. Thaditstquantify exercise
performancéased on the identifying characteristics offih@ exercises The

classification process was confounded by the difficulty in determining normative data

61



to classify againshowever The exercises performed by the patients were unique
and therefore, no standard template of EMG activation sequeiscavagable.

The secongburposds to use the EMQlassfications to enhance gaplay.
For example, in a golfing game, the four exercises could be linked to the use of
differing types of golf clubslmplementations of the followingassificationmethods

have been done in MATLAB.

Linear Discriminant Analysis

In order to classify and score the EMG signals, our team attempted to use a
technique called Linear Discriminant Analysis (LDA). In order to use LDA, the
signals must first be represented as a vaaftaumbers, each of which quantifies a
given signal characteristic, such as frequency content, amplitude or slope of the signal
over a specific time frameTherefore, he determination of which characteristics to
use in this feature vector is extrematypiortant for classification, and will be
discussed at a later point.

LDA is a mathematical technique which can be used to determine the optimal
n-dimensional plane, whereis the length of the featurectors, whictbest separates
two given sets of traing data corresponding to two different classes of interest. In
otherwords, LDA splits thar-dimensional space into two domains, eattwhich
corresponds to vectors which have a higher probability of indicating the
corresponding class. LDA thus attesjpd determine into which class,or B, any
given vectoix belongs. Mathematically, if R(x) > PB|x), thenx will be

characterized as belonging to cldstherwise it will be classified as belonging to
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classB (Friedman,1989). The solution to thiproblem is not trivial, but is made
easier by th8ayes Theorem, which states:
PAIX) = PKIA)PA)/PK)
Therefore, a vector will be classified as belonging to class A if
PX|A)P(A)/P(KX) > P&|B)P[B)/P(X)
Multiplying by P(x) on both sides:
PXIA)PA) > PK|B)P®B)
Assuming that FX) = PB) for the classification problem, this is reduced further to:
P(|A) > PK|B)
This can be restated using matrix notation as:
uaC™x"1 0.5uaCua" > ugCx"i 0.5usC*ug"
whereu, is the average and C is the coaace matrix.
LDA solves this equation to find the plane that splits the space progenmly.
one side of this planeath coresponds to clags, and the other side mesponds to

classB.

Determination of Features

The original choice of feature selectivas to use average signal amplitude of
each of the six EMG channels over six equally spaced time windows in the data. This
showed good classification performance when other signals from the same subject
were included, but poorly otherwise. In ordereotify this error, genetic algorithms
were used based on average amplitude over differing frames. Genetic algorithms are
stochastic methods of optimizing solutsdsy treating potential solutions to a given

problem as individuals within a population. rédndom population of solutions is then
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generated and evaluated using a probdpexcific fitness function. Based on the
individual's fitness relative to the fitness of other population members', a number of
members Adi eodo pr ob abisitestosed to ksarigihaysizebythbe popu
mating of other individuals in the population. This mating is also problem specific.

In our study, individuals were represented by randomly generated time
windows over which the signals were averaged to creatéesmacttor
representations. The fithess measure was based on the ability of these vectors to be
used as input to an LDA classification and produce accurate classifications.
Specifically, for data fronm patients, LDA was used to classify patiebasedn
training data from the othex1 patients. The fithess score was the-raeainsquare
of the true positive and true negative fractions across all individuals. Mating between
individuals produced offspring with half of their windows from one parentaifd
from the other. Time windows were passed randomly, with time windows which
contributed to higher fithess scores being selected preferentially.

Other methods of representing solutions were attempted, but showed generally
poorer results. These inded counting the number of times muscles toggled

between contracted and relaxed states within specific time windows.

Dynamic Time Warping
Classification of EMG signals to determine sequential correctness is
complicated by the fact that different people mpayform the same action differgnt
Local accelerations and decelerations cause featuresnsakgnedbetween
different people, even though the overall sequence is preserved. For example, during

exercise two, patients could choose to keep thesrliggd for longer periods of time
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relative to the time spent lifting and lowering the leg. Although previous time
window based attempts to classify the data attempted to compensate for this by
averaging broad time windows, time resolution was lost la@ddsults were not able
to account for these timing differencestisfactorily

Dynamic Time Warping (DTW) aims to solve this problem by finding the best
alignment between two signals while permitting local temporal distortions, or time
slowing and speaadg up. The overall sequence of the signal is preserved, but
differences in relative timing can be reduced. DTW is accomplished by finding the
leastcost path through a cestatrix between the two signals which are being aligned
(Ellis, 2003). For a sitalf of lengthm being aligned to a signglof lengthn, the
cost matrix is amxn matrix. In each elemernitjj of the matrix, the cost betwe§)
andg(j) is calculated. Currently, we are experimenting with two different cost
functions. The firstost functions simplythe absolute value of the differendé) i
a() |- Additionally, the cost functiocorresponding to the absolute value of the
difference of gradients'(i) 7 g'(j) | is being investigated. Our project currently uses
the opersource implementation of DTW provided by D. Ellis (2003).

In order to generate appropriate templates, the data for eacisexeas
visualized in sequende order to determine typical data patterksom this
gualitative investigation, it was determéhthat the four typical patterns to see in the

data were signals with one through three peaks, or else no significant peaks.
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Figure 18: Different templates were used to detect features in the @#sed on qualitative
study ofthe data, it was found that most signals corresponded to having one, two, three or no
peaks. Therefore, these templates were chosen.

Determination of which template was best matched to the signal was
accomplished by minimizing the root mean square efifference between the input

signal and the aligned template.

60 Hz Electrical Interference

Electrical power in the United States is delivered through wall outlets at 120V
and 60 Hz AC. This higholtage electricity source can become capacitively cauple
between the sensor boards and either devices connected to the power outlet or the
120V supply wires themselves. This effect can be observed by taking the Fourier
transform of the data, where interference can be seen as a&igpkiude spike a

frequency of60 Hz Figurel9).
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Figure 19: Signaldemonstrating0 Hz Noise

Although higheramplitude spikes were observed at 60 Hz for many of the
collected EMG signals, it was alabsenin manyof thecollected EMG signals.
Furthermore, filtering this peak out completely resulted in minimal changes to the

observed signanvelope Figure20).
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