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NOMENCLATURE

Transtibial amputation - lower limb removed between the ankle joint and the knee joint, leading
to the loss of foot, ankle, and portion of shank.

Transfemoral amputation - lower limb removed between the knee joint and the hip joint, leading
to the loss of foot, ankle, shank, knee, and portion of thigh

Intent Detection — Using data to predict what motions a patient will perform

Electromyography (EMG) - measurement of electrical signals in muscles caused by action
potential and activity.

Surface Electromyography (SEMG) — obtaining EMG information by placing an electrode on the
skin.

High Density Surface Electromyography (HDSEMG) — surface electromyography sensors
arranged in a close grid on a small area, recording at once.

Crosstalk — interference in EMG signals from nearby muscles operating in similar frequency
spectra

Traditional SEMG — sEMG collection system gathering data from a single electrode channel.
Best Signal — single signal selected from the available HDSEMG signal channels due to lack of
noise content

Composite Signal — signal created by combining HDSEMG channels to form a single signal. This
experiment uses a time series mean

Threshold Signal — Subset of Composite Signal that selects for HDSEMG signals with low noise

content



Xi

ABSTRACT

Surface electromyography (SEMG) presents a pathway for prosthesis control but is prone
to excess noise and signal corruption due to displacement. High Density Surface
Electromyography (HDSEMG), which covers the same area as Traditional SEMG with multiple
electrode channels as opposed to one channel, presents a way to overcome these challenges.
Seven healthy participants were recruited and performed several activities of daily living with
both Traditional SEMG and HDSEMG sensors on their Rectus Femoris, Biceps Femoris, Vastus
Lateralis, and Semitendinosus muscles. These sensors were placed in both optimal locations over
the muscle belly and in a location 1 cm distally from that optimal placement to simulate sensor
displacement with use. From the data collected, four signals were created: a Traditional SEMG
signal, the single HDSEMG signal with the highest signal-to-noise ratio (SNR) (Best Signal), a
time mean of all HDSEMG signals (Composite Signal), and a time mean of all HDSEMG signals
with SNR values greater than 2 dB (Threshold Signal). All signals’ values for SNR, root-mean-
squared means (RMS), DP ratio, and € ratio were compared in both optimal and displaced
conditions. Phase lag and power domain similarity were used to assess response to displacement.
Threshold mean and straight mean signals were identical in most values. The best signal
displayed highest SNR, with the composite signal displaying second highest, and SEMG
displaying lowest. These differences were more pronounced in extensor muscles in activities that
involved large amounts of knee movements. SEMG signals displayed higher relative RMS
values, as well as higher DP values. SEMG displayed statistically higher, but numerically similar
Q values. SEMG displayed a greater agreement between optimal and displaced signals in the
frequency domain. Similarity was more dependent on activity type than signal type. Phase lag
was determined to not be relevant. HDSEMG was proved to have potential for improved
prosthesis control.
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INTRODUCTION

Amputation and its Effects

Amputation presents a serious medical problem. At least 100,000 extremity amputation
procedures are performed in the United States each year. Amputation is a permanent procedure;
the number of people missing at least one limb is increasing over time. Reasons for amputation

include trauma?, cancer?, and vascular problems?, of which diabetes is the main cause.

Prostheses as a Response to Amputation

A method to help amputees regain mobility is to replace the missing limb with a
prosthesis. Prostheses are replicas of body parts meant to replace a lost body part for cosmetic or
functional purposes. The first known functional prosthesis was a replica big toe found in ancient
Egypt®, which was able to return natural walking to the wearer. Prosthesis technology started
with crude wood and metal replacements®, with lower limb replacements being little more than
an attached crutch which sometimes had a hinge. More naturally controlled prosthetics were
created by the French doctor Pare in the 16th century’, who developed a mechanical hand
controlled with springs and a leg that could kneel with an artificial joint. Further prosthesis
development occurred in the Victorian era®, due to factory accidents increasing demand. In this
situation, legs such as the Clapper Leg and the Cork Leg were created (Figure 1, left), which
involved using artificial catgut tendons to link the motion of the knee and ankle joints. Over
time, developing technology was added to prostheses, culminating in a concerted technological
advancement during World War 2°. This led to the creation of suction attachments and

lightweight aluminum devices. The main change would be the involvement of government-



Figure 1: The Anglesey, or Clapper, Leg, designed in the 1800s. Artificial tendons made the
ankle joint move when the knee joint moved’.(left) and the modern C-Leg (Right) containing
controlled knee and ankle joints™®.

sponsored research in prostheses, opening the way for more advanced devices to be developed
and forming the research model that is used to this day.

Modern-day prostheses present a wide range of available options (Figures 2-4). The
simplest ones are passive prostheses, which have no powered or controlled components. These
kinds change knee and ankle angles based on gravity and internal components, and those that
have bands of elastic to return energy and assist the user are known as passive-elastic prostheses.

Others feature microprocessor-controlled joints. The most common of these is the

(a)

(b) (©)
Upper Leg -

Knee Joint

Series Spring

kl
Lower Leg

. Extension Spring
Flexion Motor

Linear Carriage

Flexion Spring

Figure 2: A two motor leg* (left) and the Open Source Leg (OSL, right)*®, demonstrating two
models of joint mechanics. Due to the absence of actual muscles, alternate methods of motion
are necessary.
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microprocessor-controlled knee!! (MPK), which uses a microprocessor to control the knee angle
of the device. MPKs have been shown to increase amputee mobility and perceived safety with
use. Ankle devices can include microprocessor control, and the control state of one joint does not
determine the control state of the other. An ankle could be passive while the knee is
microprocessor controlled, or both could be microprocessor controlled. The most advanced
prosthesis technology is powered prostheses. These devices have an onboard battery
continuously feeding power to the joints, leading to smoother, more accurate control. This power
also allows for more opportunities, such as altering prosthesis stiffness while turning*? or

returning energy while walking to simulate the elasticity of the Achilles tendon®3.

Prosthesis Control

A prosthesis needs to be able to respond to the patient’s movements in a manner that
returns mobility and decreases fall risk. To accomplish this, a control system is needed to ensure
that the user’s intended motions are replicated adequately and at the correct time. However,
activities of daily living are highly complex and variable, such as walking, sitting, running, and
turning. These activities occur at various speeds and on various surfaces. A prosthesis control
system needs to account for these variables. At the most basic, a control system will take inputs
and turn them into useful outputs®®. For prosthesis control, these outputs are the joint angles and
segment location of the device. The process to achieve this involves taking signals collected
from the body and device and determining the actions of the patient, known as intent detection.
The ability to recognize the desired movements compared to others is known as classification
accuracy’” 8, and the higher the accuracy the better the control scheme. Once the control system

decides, the device responds as informed. The time taken to process the data and produce an
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output is important, as well as the accuracy of that output. The number of parameters that the
device can alter is known as its degrees of freedom. A higher number of degrees of freedom
requires a more complex control scheme!®. Prosthesis control is an important, yet complex topic,

and improving control schemes can improve patient mobility.

Inputs for Control

The inputs chosen for prosthesis control are important since incorrect inputs lead to
incorrect outputs. Inputs that are well-chosen and represent the correct motions for intent
detection lead to an accurately controlled prosthesis. The input signal is analyzed for specific
cues and items which relate to specific motions or needed responses, known as feature
extraction®®. Extra noise in a signal can cover up necessary features or add in false features,
while incorrectly chosen inputs can present seemingly relevant features at the wrong time or
present features that do not matter. The more inputs that can be placed into the control system,
the more accurate a picture it can form of the patient’s movement and make more accurate
predictions, yet the larger the computation load and the longer the time needed to reach a
decision.

Different types of inputs have been considered for prosthesis control. The earliest, most
basic passive prostheses used motion and gravity as a control input, with the leg weighted such
that the shank would always point downwards, with artificial tendons altering the ankle angle to
match the resulting knee angle.® A more advanced input uses real-time data collection devices
Inertial Motion Units (IMUs)?°. These devices contain an accelerometer and a gyroscope,
containing information about the direction, orientation, and speed of the device. From this, it can

extrapolate which actions need to be performed next. Simple versions of this control place IMUs



5

on the prosthesis itself, while more advanced versions place IMUs on the patient's sound leg and
torso, resulting in a full body control system capable of achieving 100% accuracy in treadmill
walking (Figure 3). Electroencephalography, or EEG, which measures the electrical activity in
the brain, has been used as well?L. This has been successful, with a simple knee lock/unlock
mechanism having between 50 and 100 percent accuracy during walking between parallel bars??,
EEG does not work as well to control more passive activities that do not require direct thought.
Another form of control includes distance sensors such as infrared imaging or radar to give the
prosthesis a view of the area around it to avoid hitting objects and predict activities such as stair
walking??.

Thermal imaging has been tested for monitoring muscle movements directly?3, but the
technology is too bulky for practical use. These sensors are an integral part of a prosthesis

control system, and their functionality directly affects the system’s performance.

Electromyography

One input method that has potential for prosthesis control is electromyography (EMG).

Intention
Strategy Detection

WeAC

Figure 3: Model of full body awareness control, featuring IMUs placed on legs and torso,
pressure sensitive insoles, and the control device in a backpack?.
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EMG works by measuring the electrical signals that occur in muscles due to contractions and
action potentials®*. The activity levels of relevant muscles can be measured as they occur. Three
main kinds of electromyography exist: needle EMG (nEMG), implantable myoelectric sensors
(IMES EMG), and surface EMG (sEMG) (Figure 4). nEMG works by inserting an electrode on a
needle directly into the muscle of interest?. Direct insertion produces a clearer signal, as the
electrode is in direct contact with the area to be measured. Needle placement can occur with high
degrees of accuracy. However, nEMG is an invasive technique, requiring the needles to be
inserted every time or leaving the sensors inside the patient, making it impractical for prosthesis
control. IMES EMG solves this issue by designing the EMG electrodes to be permanently
implanted at the muscle site?®-28, This preserves the signal quality without the need for continual
insertion. Several examples of arm and hand prostheses use IMES EMG as control inputs?>=03L,
However, the immune system can form scar tissue around the sensor over time, leading to a loss
in signal quality.

SEMG works by placing an electrode on the surface of the skin. Due to the sensitivity of

the electrode, muscular impulses can be read through the skin. This layer of skin between the

£, e o
Figure 4: nEMG electrode (left®2, Traditional SEMG electrode (center, picture by
researcher), and IMES electrode (right)?® Each type has advantages and disadvantages
that must be considered before use
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muscle and the sensor increases the amount of impedance, leading to noise in the signal. This
noise can be reduced through cleaning of the skin before sensor placement but cannot be
completely eliminated3. Due to the non-invasive nature of SEMG, it is more useful for situations
where sensor placement is temporary or where surgery is to be avoided. SEMG has been used to
control exoskeletons®® (Figure 5) and prostheses®* of both the upper and lower limb. Upper limb
SEMG control devices are more common than SEMG lower limb devices. Control using EMG
techniques uses signals from relevant muscles for intent detection purposes, either through
passive monitoring of nearby muscles during activities or by having the patient flex their
phantom limb in predetermined ways®®. Saving the affected muscles, instead of removal during
initial surgery helps this process, as the patient can flex the relevant muscle for control. Due to
inherent variability in an individual's muscular function and activity and the patient’s need to
learn a new control scheme, there is usually a training period with these devices®®. Traditional
SEMG techniques do have inherent challenges to overcome. SEMG data is very sensitive to the
location and size of the electrode®, meaning that an electrode that is misplaced during initial
donning of a device can affect its reliability. Electrodes can drift due to device movement during

daily activities, known as pistoning®’. Displacement increases the chance for the electrical

: EMG Electrodes
Emergency —~
Button i

. Hall Sensor

~ Reference Electrode

Force Sensor

™ Linear Actuator
PWM Amplificr

Figure 5: Exoskeleton controlled by EMG electrodes on model leg?® demonstrating that SEMG
control can benefit non-amputee populations
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activity of other, nearby muscles to be picked up by the sensor. This interference is known as
crosstalk. The potential for crosstalk is increased by most commercial SEMG sensors using
single channel electrode arrays. If this one channel starts putting out data corrupted by noise or

crosstalk, then the control system will not be as accurate.

High Density Surface Electromyography

One recent advance in traditional SEMG technology is the development of High Density
Surface Electromyography (HDSEMG) (figure 6, bottom right). In HDSEMG sensors with
multiple electrodes are placed over a muscle or area of interest. Each electrode channel records
independent EMG signals. Early use of HDSEMG successfully identified individual motor
units®® and innervation zones®’. HDSEMG has detected individual motions in small muscles,
such as finger extensors*’, and was able to estimate finger movements. It has been proven to

reduce crosstalk*! and characterize muscles that are hard to measure with traditional SEMG

Traditional SEMG HDsSEMG

Figure 6: HDSEMG grid attached to face** (left, top) and forearm muscles® (right, top). These
were the two main methods used before the creation of commercial HDSEMG sensors (right,
bottom), which feature 16 sensors compared to the single channel seen in the single channel on a
traditional SEMG sensor (left, bottom)
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techniques, such as laryngeal muscles* and facial muscles*®. It has demonstrated usefulness in
machine learning applications, as a speech recognition experiment** showed that an array placed

on the cheeks and the throat could distinguish between two languages spoken by a participant.

Previous HDSEMG devices were made in the labs using them for the specific task at
hand. These were made from individual electrodes placed in a tight planned cluster (Figure 6, top
left), or a flat sheet electrode array that is wrapped on the area of interest (Figure 6, top right).
While this allowed data to be collected, there was no specific way to compare a standardized
array to an existing SEMG sensor. However, Delsys recently released the first commercial
HDSEMG sensor, the Delsys Maize. This device is the same size as their standard SEMG sensors
(Delsys Avanti), with an extra grounding segment, and fits 16 electrodes in the same area that
their traditional SEMG system fits one (Figure 6, bottom). Most work with HDSEMG has been
comparing the activation levels in individual electrodes. Little work has been done to use a
combination of signals from HDSEMG sensors to characterize the activation of an individual

muscle with greater accuracy.

Purpose and Hypotheses

With these advantages, HDSEMG presents an advance that could make SEMG technology
more useful for prosthesis control. Due to the multiple electrode channels analyzing the same
area, more muscle activation data can be measured from the same surface area as traditional
SEMG, allowing for higher definition control inputs for those with less surface area left after
amputation. This study seeks to compare signal quality and responses to displacement and

crosstalk in HDSEMG sensors to Traditional SEMG sensors to determine which would be more
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useful for lower limb prosthesis control. We also seek to determine ways to characterize the
performance of the HDSEMG sensor, both on a channel-by-channel basis and as a whole unit, for
future use in evaluating the quality of collected HDSEMG data. Therefore, this project has three

main aims:

Aim 1
Quantify signal quality differences between HDSEMG and Traditional SEMG
HDsSEMG provides a greater density of data for an individual muscle and has shown
promise of producing high quality information about the state of muscle activation. We
hypothesized that HDSEMG signals will result in higher signal quality than Traditional SEMG

for prosthesis control.

Aim 2

Quantify signal variations during non-optimal placement for HDSEMG and traditional SEMG

Both surface-level sensor displacement and subcutaneous muscle displacement have been

shown to affect EMG data. SEMG sensors used within a prosthesis socket are subject to cyclical
motion and daily donning and doffing that can move the sensors away from their optimal
placement. However, HDSEMG has a broader coverage over the muscle and may have the ability
to compensate for small dislocations. We hypothesized that HDSEMG signals will accommodate
displacement (retain higher signal quality) than Traditional SEMG sensors when displaced from

optimal positions.

Aim 3

Identify effective processing methods when using HDSEMG signals for prosthesis control.
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The HDSEMG sensors have multiple electrodes in an array creating a multitude of
opportunities to select optimal signals individually or as combinations of several sensors in the
group. We hypothesized that signals combining multiple sensors in the array to reject noise and
improve quality will allow HDSEMG to produce higher quality signals as compared to traditional

SEMG.
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METHODS

Recruitment and Screening

To evaluate the hypotheses an experimental study was performed to generate a data pool
of Traditional SEMG and HDSEMG data on a collection of activities of daily living while
calculating basic quality comparison metrics to determine if further work is warranted.
Recruitment occurred through advertisements in the local student newsletters, paper
advertisements placed on billboards in public places, and awareness speeches made in relevant
classes. Possible participants were encouraged to email Dr. Pew. Procedures were explained to
the participants and ability to perform the activities was determined. Participants were asked if
they had any musculoskeletal injuries or surgery in the last year or if they were displaying
symptoms of COVID-19. No compensation was offered for participation. Seven healthy
participants with no musculoskeletal injuries or surgery in the last year were recruited (4 male,
19-41 years old). Once a participant expressed interest and was deemed eligible, an appointment
was made to meet in the lab On the day of the appointment, participants had the experiment
explained to them while filling out a consent form and completed a leg dominance test (Waterloo
Footedness Test)* and a physical activity level questionnaire (IPAQ short)*’. The Waterloo Test
determined which leg the sensors were placed on, while the IPAQ short was saved to investigate
the role of fitness in a potential later study. After completing the paperwork, participants changed

into provided shorts modified to attach motion capture markers to the skin.
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Equipment and Setup

The locations for the EMG sensors of four muscles of knee movement on the dominant
limb, Rectus Femoris (RF), Vastus Lateralis (VL), Semitendinosus (ST), and Biceps Femoris
(BF), were determined using palpation techniques* (Figure 7, left). The VL and RF were chosen
to represent knee extensors, and ST and BF were chosen to represent knee flexors. These
muscles were chosen due to prominence and closeness to the surface. Once optimal placement
sites were found, an SEMG sensor was placed on the location, and a partial outline was made
using a surgical marker. A tape measure was used to measure 1 cm distally perpendicular to the
bottom of the sensor, and the sensor was moved. A second partial outline was drawn based on
the new location (Figure 7, right). This created the displaced data used for the analysis of aim 2.
Medial/lateral displacement was not considered to limit variables. Displaced sensors were
attached as normal. While this does not directly represent any loss of contact or sensor loosening

due to displacement, it was more consistent in application and procedure. Previous work on torso

Figure 7: Anatomical locations of muscles (left) and exterior markings after palpation (right). VL
- Vastus Lateralis, RF - Rectus Femoris, ST - Semitendinosus, BF - Biceps Femoris. Extensor
muscles are on the left (anterior), while flexors are on the right (posterior). Upper marking (a) is
optimal location. Lower marking (b) is displaced location. Right leg Vastus Lateralis used as an
example.
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muscles has found that displacement in the medial-lateral plane has less effect on the signal than
displacement in other planes, leading to the distal displacement used here*®. The outline was used
to ensure sensors were placed in the same location during condition changes. 59 motion capture
tracking markers were attached to the participant in a full-body modified Plug-in Gait pattern.
Modifications included the addition of markers to the anterior thighs and calves, first and fifth
metatarsal heads, medial aspects of ankle and knee joints, fibular trochanters, and
iliac crests of both sides®® (see Appendix I). Thickness measurements were taken of the ankles,
knees, hands, wrists, elbows, and shoulders, as well as leg length, for future modeling from
motion capture data. The participant then stood on a force plate array (AMTI, Watertown MA)
and completed a lab standard calibration process with the motion capture software (Motion
Analysis Corp). This process involved holding a static pose, walking around the capture area,
and completing a range of motion test involving waving arms, swinging hips, and squatting®?.
EMG sensors were attached after motion capture markers and calibration to preserve battery life.
All four muscles had a sensor attached, with one flexor and one extensor having an HDSEMG
sensor and one flexor and one extensor having a standard SEMG sensor. This was due to limited
amounts of HDSEMG sensors. After completing all activities of daily living, sensor type was
swapped for each muscle (Figure 8). Sensors were placed in either the optimal placement or the
1 cm distal displaced placement. All sensors in a condition were in the same placement.

This resulted in four sensor conditions (Table 1). Sensor order was randomized for each
subject to minimize fatigue effects on data collected. Transition occurred between each set of
activities of daily living, and care was taken to ensure that sensors were placed in the same

locations each time. Ground sensors for the HDSEMG sensors were placed in the IT band if
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possible and placed on an area with fewer muscles below the glutes if not possible for flexor

muscles.
Location Muscles with HD sensors Muscles with Trad sensors
Optimal Rectus Femoris, Biceps Femoris Vastus Lateralis, Semitendinosus
Optimal Vastus Lateralis, Semitendinosus | Rectus Femoris, Biceps Femoris
Displaced Rectus Femoris, Biceps Femoris Vastus Lateralis, Semitendinosus
Displaced Vastus Lateralis, Semitendinosus | Rectus Femoris, Biceps Femoris

Table 1: Sensor conditions used. Traditional SEMG (Trad), HDSEMG (HD) sensors, optimal is
on muscle belly, and displaced is 1 cm distal from muscle belly

Activity

Recording Method

Extra Equipment

Trial Criteria

Walking

Individual

Timing gates

Foot contact on force
plate, speed within 10%
of precalculated
average

Internal Turning Continuous Stool placed as visual Foot contact on force
aid for turning plate, turning on
dominant foot
External Turning Continuous Stool placed as visual Foot contact on force
aid for turning plate, turning on
dominant foot
Ramp Walking Individual 10 degree ramp with Foot contact on force
landing at top plate
Stair Climbing Individual Staircase Foot contact on force
plate
Squats Continuous N/A N/A
Sit-to-stand Continuous Plastic chair N/A

Table 2: Activities of daily living. Individual recording method refers to recording each trial as a
singular run, while continuous refers to chaining all trials together without breaks
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Figure 8: Flowchart of experimental protocol. Conditions were chosen from Table 1 in a
randomized order, and activities of daily living were chosen from Table 2 in a randomized order
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Activities of Daily Living

For each sensor condition, participants completed several different activities of daily
living. These activities were selected to simulate basic activities that a person would complete
throughout a normal day and included straight walking®, stair walking®3, ramp walking®,
internal turns, external turns®®, body weight squats, and sitting and standing®®. The activities were
performed until three trials meeting the criteria in the detailed list and Table 2 were collected.
Motion capture and EMG started recording simultaneously using a trigger module. Data
recording started when the participant was given a verbal cue to begin. Movements were
described and demonstrated during the participant’s first sensor condition, and a short overview
was given for each subsequent sensor condition. Observers ensured that correct trial criteria were
met. The participant was not informed about the criteria to maintain normal biomechanics.

Criteria included the dominant foot fully touching a force plate without interference from the

Figure 9: Activities of daily living, in order left to right, top to bottom: Straight Walking, Stair
Walking, Ramp Walking, Internal Turn, External Turn, Squats, Sit to Stand
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other foot, correctly performing the action, and in the case of the walking trial, maintaining
walking speed within 10% of a previously calculated mean speed. Participants completed the
following activities (Table 2).

Straight Walking: participant walked forward over the force plate array from a marked
starting line. Timing was maintained using a split gate timing system (FITLIGHT Trainer,
FITLIGHT Corp, Miami, FL), and three representative walking trials were completed before
calibration to obtain a mean walking time. Individual walking trials were cued. The trial was
considered completed once the participant had left the force plate array. The trial was analyzed
from toe off of dominant leg before contact with force plate to toe off from force plate. See
Figure 9.

Stair Walking: participant walked forward over the force plate array and up a set of stairs
placed at the end of the array. At the top, they turned around and walked back across the force
plate array to the starting point. The trial was considered completed after leaving the force plate
array after finishing the stair task. Individual stair walking trials were cued. The trial was
analyzed from toe off before stair contact to heel strike after last stair contact. See Figure 9.

Ramp Walking: participant walked forward over the force plate array and up a 10-degree
ramp®®>’ placed at the end of the array. At a landing placed level with the top of the ramp, the
participant turned around and walked back down and across the force plate array to the starting
point. The trial was considered completed after leaving the force plate array after finishing the
ramp task. Individual ramp trials were cued. Effort was made to make stair and ramp walking as
similar as possible, leaving the surface walked on as the only variable. The trial was analyzed

from toe off before ramp contact to heel strike after last ramp contact. See Figure 9.
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Internal Turn: participant walked forward over the force plate array and made a turn with
their dominant leg being the pivot point and closest to the direction turned in. For most
participants, this was a right turn. The turning point was visually cued by a stool placed before
the turning location for the participant to turn around. Difference between internal and external
turns was demonstrated to the participant. Performing an external turn with their non-dominant
foot was considered reason to reject a trial. All internal turning trials were executed in sequence
with no breaks. The trial was considered complete after completing the turn and moving
forwards past the stool. The trial was analyzed from toe off before initial turn start to heel strike
after moving past stool. See Figure 9.

External Turn: participant walked forward over the force plate array and made a turn with
their dominant leg being the pivot point and furthest from the direction turned in. For most
participants, this was a left turn. The turning point was visually cued by a stool placed before the
turning location for the participant to turn around. Difference between internal and external turns
was demonstrated to the participant. Performing an internal turn with their non-dominant foot
was considered reason to reject a trial. All external turning trials were executed in sequence with
no breaks. The trial was considered complete after completing the turn and moving forwards past
the stool. Care was taken to make internal and external turning trials as similar as possible so that
the direction turned was the main variable. The trial was analyzed from toe off before initial turn
start to heel strike after moving past stool. See Figure 9.

Squatting: participant stood with one foot each on a force plate and completed three
body-weight squats in sequence. Participants were instructed to squat to a comfortable depth that

they could repeat and to pause for 1-2 seconds when they reached the bottom of the squat and
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when they returned to standing. The trial was considered complete when the participant returned
to the standing pose. The trial was analyzed from initial bending of knees to begin squat to
straightening of legs after completion of the squat. See Figure 9.

Sit to stand: participant started from a comfortable sitting position with each foot on a
force plate and the chair on the force plate array. They then stood up at a comfortable pace and
then sat back down three times in succession. They were instructed to pause for 1-2 seconds after
fully standing up, and when they returned to the sitting position. The trial was considered
complete when the participant returned to sitting position. The trial was analyzed from initial

torso movement to begin standing to end of torso movement after sitting. See Figure 9.

Signal Processing and Generation

All 16 HDSEMG signals and Traditional SEMG signals were processed together. Signals
were rectified and normalized to the subject’s highest EMG value for sensor and muscle across
all activities and displacement types (Appendix 3). Signals were mean corrected and 4th order
Butterworth filtered between 20 and 350 Hz**%, Initial signal-to-noise ratio (SNR) and root-
mean-squared level (RMS) and power spectrum calculations were performed on the filtered
signals. Traditional SEMG signal was complete after this point.

For this experiment, three signals were created from data taken from HDSEMG
electrodes (collectively known as HDSEMG signals). The first is the Best Signal, created to
represent a control system that works from one out of the 16 channels exclusively. This was
determined by choosing the one channel out of the 16 that had the highest SNR values. The
second signal was the Composite Signal, meant to represent a simple and quick method of

combining all 16 channels. This was initially decided to be a time series mean of all 16 channels,
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with more intensive combination methods saved for further research. The third and last HD-
derived signal was the Threshold Composite Signal, or the Threshold Signal. This was created by
a time series mean of all HDSEMG channels that had a calculated SNR of greater than 2 dB. This
value was chosen as the level at which a signal is unusable due to excess noise®. All 16 SNR
values were calculated, and the channel displaying the highest was saved as the Best Signal. This
process was carried out for each individual trial, without accounting for previously determined
Best Signals in similar trials, though the physical location of each channel was saved for later
analysis. The Composite Signal was created through a time mean of all 16 HDSEMG channels
throughout the entire area of interest. The last signal to be created was the Threshold Signal
using all channels with SNR greater than 2 dB. Both Composite and Threshold Signals were
formed from unfiltered data, which was processed after signal creation. There are more advanced
ways of combining signals, especially post-collection, prosthesis control occurs in real-time and
requires a faster processing time and lower computing needs to make sure outputs are synced

with the necessary patient motions.

Signal Quality and Symmetry Measures

Aim 1

Quality measurements were calculated from the four created signals to fulfill Aim 1 and
create a comparison for Aim 2. For Normal, Best, Composite, and Threshold signals, a single
value for each measure for Traditional SEMG, and HDSEMG values for each of the 16 channels
were calculated. Channel number and physical location for the maximum and minimum values

were recorded, along with the overall mean for all 16 channels. The quality measures were:
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Signal-to-Noise Ratio®-%2: a measure of the level of the desired signal in the data to the
level of noise in the data. A higher value denotes a signal greater than the noise present, and thus
large values indicate a better signal. As the value gets larger, the signal is less distorted by noise.
Values above 10 dB can be considered free from most noise distortion for SEMG signals. Signal
was defined as the filtered version, and noise was isolated by subtracting the filtered signal from
the raw signal.

Root-Mean-Squared®?: an altered method of finding the average value of signal
amplitude. Higher values denote a signal with a higher amplitude, and thus a stronger signal. Due
to an amplification factor present for several SEMG sensors, these values had to be computed
based on data normalized to the highest value seen in a given sensor and muscle (Appendix I11).
These values were calculated on the processed data.

DP Ratio®: this method determines whether the peak of the power density, where the
signal should be, is sufficiently larger than the areas of low power density, where noise is. This is
obtained by dividing the highest mean power density by the lowest mean power density. A
sufficiently large value indicates the presence of a strong signal, and a lower value indicates a
weak signal or no signal. This differs from determining signal strength through RMS methods, as
RMS is based in the time domain and DP is based in the power domain. Therefore, having both
gives a full characterization of signal strength. A value above 30 dB denotes a good signal.

Q Ratio®: the Q ratio is used to find changes in symmetry around the central frequency
and extra sources of noise that might not be found in the SM ratio. It is found by manipulating
the spectral moments using the equation

0= (Mz/Mo)l/Z/(M1/M0)
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where M represents spectral moments calculated during initial signal processing. These values
were calculated on the processed data. Values for diaphragm EMG, which was used for the
initial source of this measurement, are recommended to be below 1.4. Little work has been done

for Q for lower limb sEMG.

Aim 2

Because traditional SEMG systems only gather data from a singular channel, they are
susceptible to effects of crosstalk and excess noise when displaced. HDSEMG sensors have extra
electrodes, so if some are displaced from optimal placement, the others have the potential to still
be collecting data. The decline in quality will be measured by comparing the previously
mentioned quality measurements taken in an optimally placed sensor to quality measurements
taken from the same sensors in an intentionally displaced location. Crosstalk was analyzed by
determining the similarity between the optimal and displaced signals. Similarity in the time
domain was measured using cross correlation and cross covariance, which measure offset and lag
between two signals. The lower the cross correlation or covariance values, the less lag is present.
The two methods will act as checks against each other. Similarity in the frequency domain was
analyzed using mean squared correlation, which returns a value between 0 and 1 for each part of
the frequency band, with values closer to 1 meaning that the power in the frequency is closer for
the two signals. If high signal quality was found, but low similarity, this means that that sensor is
susceptible to cross talk, while high similarity and quality mean that the signal is good despite
being displaced. The signal similarity measures were:

Cross Correlation®®: measures how similar two time domain series are when one is

shifted to detect any time offset or phase lag. This could be useful for detecting lag due to
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displacement or crosstalk from offset muscles. A lower value, denoting a lower amount of lag
separating the two signals, denotes a more similar signal. The desired output is 0. Optimal
placement was used as the base signal, with the displaced signal being compared. These values
were calculated on the processed data.

Cross Covariance®: measures how similar two time domain series are when one is
shifted to detect any time offset. Due to using a different mathematical method, this works as a
check for the cross correlation measure, with agreement between the two meaning both measures
are reliable, and disagreement denoting the necessity for further signal analysis. Like cross
coherence, a lower value denotes lower phase lag, meaning the signals are more similar. A signal
with low cross coherence and cross covariance is very similar in the time domain. Therefore, the
desired value would be 0. These values were calculated on the processed data.

Magnitude Squared Coherence®: measures how similar the magnitude of each frequency
component is across the frequency spectrum, with a higher value denoting greater similarity. Due

to MATLAB requiring vectors of the same size to carry out this function, signals with fewer
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Figure 10: Full magnitude squared coherence graph across all relevant frequencies. Coherence
mean is the mean of all values and Coherence Deviation is the standard deviation for all values.
A higher mean and lower deviation denotes greater signal similarity.
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values were up-sampled to meet the same length as the signal with the greater amount of values.
Since this characterizes similarity in the frequency domain, it works well with the time domain
analysis mentioned earlier, with signals displaying close similarity in both domains being
considered very similar and less affected by crosstalk. Since magnitude squared coherence
returns a value for each frequency (Figure 10), consistently high values denote greater
similarities. This does make it harder to analyze in bulk, so further measures are needed for
simplification.

Mean Coherence: the mean of all values across the frequency spectrum from magnitude
squared coherence. A higher mean coherence value denotes higher magnitude squared coherence
values across the entire spectrum, making a higher mean coherence denote a more similar signal.
However, this measure is sensitive to individual outlier values, which can skew the mean
coherence positive or negative. These values were calculated on the processed data.

Coherence Deviation: the standard deviation of magnitude squared coherence values
across the frequency spectrum. This measures how closely grouped the coherence values are,
with more similar values across the frequency spectrum resulting in a lower deviation value.
Combined with a higher mean coherence, this provides the case for the two signals being overall
similar throughout the entire frequency spectrum. However, it does not contain much
information about individual outliers in the frequency spectrum. These values were calculated on
the processed data.

If two signals are uncontaminated by crosstalk, they will display lower cross correlation
and cross covariance values, a high mean coherence, and low coherence range and coherence

deviation values. Similarity measures were calculated for each of the 16 HDSEMG channels, and
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the highest, lowest, mean, and sensor channels for highest and lowest determined to characterize
the HDSEMG sensor. A signal type that displays both high quality measures and high similarity
measures can be considered both free of noise and unaffected by crosstalk when displaced,
making it useful for prosthesis control. Due to comparison between two different trials, some
level of variation is expected, and not a perfect coherence value of 1 with a negligible standard

deviation.

Statistical Analysis

Statistical analysis and modeling were accomplished with the help of Mark Greenwood, a
member of the Montana State University campus statistics faculty. Because the Composite and
Threshold signals had the potential to generate the same values Pearson correlation between the
two signals with regards to several quality measures was calculated. Pearson correlation
measures the similarity between the series of numbers, with values closer to a one-to-one line
representing more similar outputs.

The signal quality output variables were analyzed by a multilevel random effects model
in R, which considered multiple layers of variability including signal type, muscle, activity,
specific trial, and individual subject as well as accounting for repeated measures®®®’. Model
layers were removed if they were found to be irrelevant, simplifying the model. Individual
subjects and individual trials were found to be irrelevant, meaning no group of outliers was
linked to a specific subject. All collected data values were used in the model, with no in-subject
averaging. Due to the spread of certain data values, a log10 transformation was used to reduce
variance to levels needed for accurate statistical analysis. Significance was determined to be at

p<0.05.
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RESULTS

Similarity between Composite and Threshold Signals

Pearson analysis showed a 1-1 correlation between the Composite and Threshold signals.
Due to this similarity, the results would be the same for both signals. Thus, only the Composite

Signal was considered for statistical analysis.

Signal to Noise Ratio

Signal to Noise Ratio (SNR) is measured in decibels (dB). Statistical modeling showed
that there were significant differences tied to muscle, signal, and activity (p<0.01), as well as
two-way interactions occurring between muscles and signals, location and signals, and muscles
and activities (p<0.01), and three-way interactions occurring between muscles, locations, and
signals (p<0.01) and muscles, signals, and activities (p=0.033). All signals showed similar trends
of having the highest SNR values for Best signals, with Composite signals having lower, but
similar levels, and SEMG signals displaying smaller SNR values (Figures 11-18). This held true
for all activities, muscles, and sensor locations. Displaced sensors generally displayed similar or
slightly lower SNR values than optimal values, but there were a few instances where displaced
sensors showed larger SNR values. A few specific activities and muscles displayed an increase
in SNR when displaced for Traditional SEMG signals only. The differences in SNR between the
two HD-derived signals and the Traditional SEMG signal differed between activities and
muscles. The highest difference in mean between signal types was seen in the Vastus Lateralis

and Rectus Femoris. Specific trials impacted were stair walking, sit-to-stand, and squat trials.
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Effects analysis determined that 57% of variability was due to fixed effects and 95% of

variability was due to a combination of fixed and random effects.
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Activity Muscle Best - Opt Best - Disp Comp - Opt Comp - Disp SEMG - Opt SEM - Disp
Internal Turn Vastus Lateralis 11.99 +/- 0.96 11.59 +/- 0.96 9.7 +/- 0.96 8.51 +/- 0.96 4.32 +/-0.96 3.61 +/- 0.96
Rectus Femoris 10.3 +/- 0.96 9.41 +/- 0.96 8.74 +/- 0.96 7.77 +/- 0.96 2.43 +/-0.96 2.27 +/-0.96
Biceps Femoris 12.74 +/- 0.96 11.79 +/- 0.96 10.55 +/- 0.96 9.12 +/- 0.96 6.96 +/- 0.96 5.67 +/- 0.96
Semitendinosus 10.62 +/- 0.96 9.87 +/- 0.96 8.28 +/- 0.96 6.60 +/- 0.96 6.40 +/- 0.96 6.60 +/- 0.96
External Turn Vastus Lateralis 12.79 +/- 0.99 11.55 +/- 0.96 10.54 +/- 0.96 8.49 +/- 0.99 4.07 +/- 0.96 3.96 +/- 0.99
Rectus Femoris 10.56 +/- 0.96 8.79 +/- 0.99 8.73 +/- 0.96 7.53 +/- 0.99 2.71 +/- 0.99 2.46 +/- 0.96
Biceps Femoris 12.23 +/- 0.96 10.81 +/- 0.99 10.43 +/- 0.96 8.7 +/-0.99 6.61 +/- 0.99 6.28 +/- 0.96
Semitendinosus 10.38 +/- 0.99 10.38 +/- 0.96 7.67 +/- 0.96 7.4 +/-0.96 4.9 +/- 0.96 4.97 +/- 0.99
Walking Vastus Lateralis 12.36 +/- 1.00 10.59 +/- 1.01 9.37 +/- 1.00 8.31 +/-1.01 4.19 +/- 0.96 4.76 +/- 0.96
Rectus Femoris 9.32 +/- 0.96 8.98 +/- 0.96 7.68 +/- 0.96 7.88 +/- 0.96 1.19 +/- 1.00 1.97 +/-1.01
Biceps Femoris 10.25 +/- 0.96 10.39 +/- 0.96 7.7 +/-0.96 8.29 +/- 0.96 5.65 +/- 1.00 6.85 +/- 1.01
Semitendinosus 9.3 +/-1.00 8.66 +/- 1.01 7.36 +/- 1.00 6.07 +/- 1.01 5.05 +/- 0.96 4.99 +/- 0.96
Stair Walking Vastus Lateralis 15.62 +/- 0.98 15.8 +/- 0.96 12.32 +/- 0.98 14.02 +/- 0.96 7.58 +/- 0.97 7.56 +/- 0.96
Rectus Femoris 12.82 +/- 0.97 13.59 +/- 0.96 10.99 +/- 0.97 11.79 +/- 0.96 4.08 +/- 0.98 4.54 +/- 0.96
Biceps Femoris 12.4 +/- 0.97 12.52 +/- 0.96 10.42 +/- 0.97 10.86 +/- 0.96 5.53 +/- 0.98 7.1+/-0.96
Semitendinosus 12.2 +/- 0.98 11.45 +/- 0.96 9.93 +/- 0.98 9.12 +/- 0.96 7.24 +/-0.97 7.32 +/- 0.96
Ramp Walking Vastus Lateralis 13.6 +/- 0.97 12.15 +/- 1.01 11.29 +/- 0.97 9.57 +/-1.01 6.08 +/- 0.97 4.77 +/- 1.01
Rectus Femoris 11.63 +/- 0.96 10.48 +/- 0.96 9.36 +/- 0.96 8.98 +/- 0.96 2.29 +/- 0.97 2.85+/-1.01
Biceps Femoris 11.29 +/- 0.96 9.6 +/-0.97 9.51 +/- 0.97 7.66 +/- 0.97 5.12 +/- 0.97 6.33 +/-1.01
Semitendinosus 11.55 +/- 0.97 11.1 +/-1.01 9.07 +/- 0.97 8.19 +/- 1.01 5.67 +/- 0.96 5.42 +/- 0.96
Sit to Stand Vastus Lateralis 18.74 +/- 1.04 17.95 +/- 0.96 17.75 +/- 1.04 15.61 +/- 0.96 7.24 +/- 0.96 8.26 +/- 0.96
Rectus Femoris 15.13 +/- 0.96 16.01 +/- 0.96 13.21 +/- 0.96 13.51 +/- 0.96 2.34 +/-1.04 4.16 +/- 0.96
Biceps Femoris 12.1 +/- 0.96 10.22 +/- 0.96 8.87 +/- 0.96 7.47 +/- 0.96 2.36 +/-1.04 3.87 +/-0.96
Semitendinosus 12.29 +/- 1.04 9.93 +/- 0.96 9.51 +/- 1.04 6.95 +/- 0.96 3.89 +/- 0.96 3.87 +/- 0.96
Squats Vastus Lateralis 18.77 +/- 0.96 19.82 +/- 1.11 15.91 +/- 0.96 16.67 +/- 1.11 9.6 +/- 0.96 9.9 +/-1.11
Rectus Femoris 17.91 +/- 0.96 17.18 +/- 0.99 15.28 +/- 0.96 15.06 +/- 0.99 7.51 +/- 0.96 7.84 +/-1.11
Biceps Femoris 11.16 +/- 0.96 8.95 +/- 0.99 7.96 +/- 0.96 6.59 +/- 0.99 4.94 +/- 0.96 4.42 +/-1.11
Semitendinosus 13.21 +/- 0.96 10.8 +/- 1.11 9.98 +/- 0.96 7.35+/-1.11 4.39 +/- 0.96 4.55 +/- 0.99

Table 3: Signal to Noise Ratio means (dB) with standard error. Best — best selected signal,

Comp — composite signal, SEMG — traditional SEMG, Opt — optimally placed over muscle belly,
Disp - displaced 1 cm distal from muscle belly
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Figure 11: Effects plot of signal to noise ratio. Solid blue is optimal placement, dashed pink is
displaced. Best is Best Signal, Comp is Composite Signal, SEMG is Traditional SEMG. Note the
higher means for Best and Comp for all trials, in particular for Rectus Femoris and Vastus
Lateralis. Displaced displayed lower mean values for several activity types while following
general signal type based trends.
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Straight Walking Response
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Stair Walking Response

vashus Laleraks Rechss Famons
.
- - - &
20 3 o - - . -
2y e JER i |
- - = L ] - L]
H b % el
151 T . | ¢ |
h 5 J L] 1]
/A v | . I + A
- - , T "
T - 1 - -
0 * - e - ¥ . L]
? Y . rs <
- - .‘ l [
I ; - oy - &
1 ’ - -1
c - A : S5
J 1 E
o [
’ Loc
r
- Biceps Femeris Semitendingsus ——
- disp
-
-
20 :
L]
- & -
. .- . . " - r
» : - L M 'ﬁ- L] L]
-..F : T = : . [] =
s A [ - . - ; i
. - » i I- . -.
. A — = 1 F. .
0 . .I-. ¢ H :'"_ — T D ; Ju
- - y - i . : ™ % If
- ‘ [ . ’ - - .
(L] L] '] —_— d
. . ‘ - | s .
t = A ¢ * 3 .,
. J € . N W
- | | *
-
o
Besl Comg SEMG Bes! Comp SENG

Sensor

Figure 15: Violin plot of SNR (Signal to Noise Ratio) for Internal Turn. Opt denotes optimal
placement while disp denotes displacement. Best is Best Signal, Comp is Composite Signal,
SEMG is Traditional SEMG. Note the larger difference between means for Rectus Femoris (top
right) and Vastus Lateralis (top left).
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Figure 17: Violin plot of SNR (Signal to Noise Ratio) for Internal Turn. Opt denotes optimal
placement while disp denotes displacement. Best is Best Signal, Comp is Composite Signal,
SEMG is Traditional SEMG. Note the larger difference between means for Rectus Femoris (top
right) and Vastus Lateralis (top left).
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Root Mean Squared

Root mean squared values were calculated from normalized data. Due to the internal
comparative nature of this measurement, the values have no units. Due to differences in variance,
RMS values were modeled and analyzed using a log10 scale instead of raw values (see Appendix
2). Single-level interactions were seen for muscles, signals, and activities (p<0.01), as well as
two-level interactions between muscle and location, muscle and signal, location and signal, and
muscle and activity (p<0.01). A three-way interaction was seen between muscle, location, and
signal (p<0.01), and a four-way interaction between muscle, location, signal, and activity
(p=0.019). Traditional SEMG sensors displayed greater relative RMS values than Best Signals or
Composite Signals (Figures 19-26). Effects analysis determined that 19% of variability was due

to fixed effects and 79% of variability was due to a combination of fixed and random effects.
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Activity

Muscle

Best - Opt

Best - Disp

Comp - Opt

Comp - Disp

SEMG - Opt

SEMG - Disp

Internal Turn

Vastus Lateralis

0.012 +/- 0.009

0.019 +/- 0.009

0.044 +/- 0.009

0.013 +/- 0.009

0.030 +/- 0.009

0.022 +/- 0.009

Rectus Femoris

0.011 +/- 0.009

0.010 +/- 0.009

0.019 +/- 0.009

0.011 +/- 0.009

0.017 +/- 0.009

0.041 +/- 0.009

Biceps Femoris

0.018 +/- 0.009

0.042 +/- 0.009

0.015 +/- 0.009

0.031 +/- 0.009

0.045 +/- 0.009

0.040 +/- 0.009

Semitendinosus

0.026 +/- 0.009

0.033 +/- 0.009

0.030 +/- 0.009

0.044 +/- 0.009

0.040 +/- 0.009

0.044 +/- 0.009

External Turn

Vastus Lateralis

0.015 +/- 0.009

0.012 +/- 0.009

0.016 +/- 0.009

0.019 +/- 0.009

0.030 +/- 0.009

0.022 +/- 0.009

Rectus Femoris

0.011 +/- 0.009

0.013 +/- 0.009

0.016 +/- 0.009

0.011 +/- 0.009

0.053 +/- 0.009

0.032 +/- 0.009

Biceps Femoris

0.013 +/- 0.009

0.057 +/- 0.009

0.010 +/- 0.009

0.045 +/- 0.009

0.032 +/- 0.009

0.038 +/- 0.009

Semitendinosus

0.010 +/- 0.009

0.010 +/- 0.009

0.011 +/- 0.009

0.019 +/- 0.009

0.028 +/- 0.009

0.039 +/- 0.009

Walking

Vastus Lateralis

0.017 +/- 0.010

0.022 +/- 0.010

0.017 +/- 0.010

0.021 +/- 0.010

0.029 +/- 0.009

0.030 +/- 0.009

Rectus Femoris

0.011 +/- 0.009

0.010 +/- 0.009

0.011 +/- 0.009

0.011 +/- 0.009

0.017 +/- 0.010

0.052 +/- 0.010

Biceps Femoris

0.013 +/- 0.009

0.035 +/- 0.009

0.010 +/- 0.009

0.030 +/- 0.009

0.035 +/- 0.010

0.033 +/- 0.010

Semitendinosus

0.012 +/- 0.010

0.057 +/- 0.010

0.013 +/- 0.010

0.082 +/- 0.010

0.030 +/- 0.009

0.038 +/- 0.009

Stair Walking

Vastus Lateralis

0.035 +/- 0.009

0.033 +/- 0.009

0.061 +/- 0.009

0.026 +/- 0.009

0.059 +/- 0.009

0.054 +/- 0.009

Rectus Femoris

0.030 +/- 0.009

0.029 +/- 0.009

0.029 +/- 0.009

0.027 +/- 0.009

0.041 +/- 0.009

0.039 +/- 0.009

Biceps Femoris

0.016 +/- 0.009

0.038 +/- 0.009

0.015 +/- 0.009

0.035 +/- 0.009

0.039 +/- 0.009

0.038 +/- 0.009

Semitendinosus

0.017 +/- 0.009

0.039 +/- 0.009

0.020 +/- 0.009

0.037 +/- 0.009

0.043 +/- 0.009

0.052 +/- 0.009

Ramp Walking

Vastus Lateralis

0.021 +/- 0.009

0.019 +/- 0.010

0.019 +/- 0.009

0.021 +/- 0.010

0.043 +/- 0.009

0.028 +/- 0.009

Rectus Femoris

0.012 +/- 0.009

0.012 +/- 0.009

0.013 +/- 0.009

0.011 +/- 0.009

0.043 +/- 0.009

0.034 +/- 0.010

Biceps Femoris

0.015 +/- 0.009

0.010 +/- 0.009

0.010 +/- 0.009

0.012 +/- 0.009

0.032 +/- 0.009

0.030 +/- 0.010

Semitendinosus

0.010 +/- 0.009

0.023 +/- 0.010

0.011 +/- 0.009

0.018 +/- 0.010

0.030 +/- 0.009

0.034 +/- 0.009

Sit to Stand

Vastus Lateralis

0.040 +/- 0.010

0.023 +/- 0.009

0.038 +/- 0.010

0.019 +/- 0.009

0.047 +/- 0.009

0.059 +/- 0.009

Rectus Femoris

0.029 +/- 0.009

0.024 +/- 0.009

0.026 +/- 0.009

0.022 +/- 0.009

0.032 +/- 0.010

0.037 +/- 0.009

Biceps Femoris

0.011 +/- 0.009

0.013 +/- 0.009

0.012 +/- 0.009

0.012 +/- 0.009

0.023 +/- 0.010

0.017 +/- 0.009

Semitendinosus

0.018 +/- 0.010

0.012 +/- 0.009

0.016 +/- 0.010

0.015 +/- 0.009

0.026 +/- 0.009

0.021 +/- 0.009

Squats

Vastus Lateralis

0.043 +/- 0.009

0.019 +/- 0.011

0.056 +/- 0.009

0.017 +/- 0.011

0.078 +/- 0.009

0.083 +/- 0.009

Rectus Femoris

0.050 +/- 0.009

0.039 +/- 0.009

0.034 +/- 0.009

0.028 +/- 0.009

0.076 +/- 0.009

0.085 +/- 0.011

Biceps Femoris

0.008 +/- 0.009

0.029 +/- 0.009

0.010 +/- 0.009

0.022 +/- 0.009

0.026 +/- 0.009

0.017 +/- 0.011

Semitendinosus

0.015 +/- 0.009

0.019 +/- 0.011

0.014 +/- 0.009

0.017 +/- 0.011

0.034 +/- 0.009

0.025 +/- 0.009

Table 4: RMS (Root Mean Squared) means with standard error. Best — best selected signal,
Comp — composite signal, SEMG — traditional SEMG, Opt — optimally placed over muscle
belly, Disp - displaced 1 cm distal from muscle belly
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4-Way Interaction
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Figure 19: Effects plot for logRMS responses. Solid blue is optimal placement, dashed pink is
displaced. Best is Best Signal, Comp is Composite Signal, SEMG is Traditional SEMG. —Note
the higher values for Traditional SEMG (far right data point).
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Figure 20: Violin graph of logRMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG. —. Note higher means for Traditional SEMG,
particularly for Semitendinosus (bottom right).
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Figure 21: Violin graph of logRMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG.. Note higher means for Traditional SEMG,
particularly for Semitendinosus (bottom right).
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Figure 22: Violin graph of logRMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG.. Note higher means for Traditional SEMG,
particularly for Semitendinosus (bottom right).
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Figure 23: Violin graph of logRMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG.. Note higher means for Traditional SEMG,
particularly for Semitendinosus (bottom right).



45

Ramp Waking
Wi Lo i s | nmaniy

- - — .
M ) e o = ——
el —_— . o
A= " — £ ;l
y n "
f P
" Lo
-
% BowsFemens 0l e - +
. )
" :l L3
s -
—_— & a .'t
e . o s
D
1 —— ——
- | ‘.."
L ik 4
N e

Sresor

Figure 24: Violin graph of logRMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG.. Note higher means for Traditional SEMG,
particularly for Semitendinosus (bottom right).
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Figure 25: Violin graph of logRMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG.. Note higher means for Traditional SEMG,
particularly for Semitendinosus (bottom right).
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Figure 26: Violin graph of logRMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG.. Note higher means for Traditional SEMG,
particularly for Semitendinosus (bottom right).
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DP Ratio

DP is measured in decibels (dB). Due to an increase in variance, a log10 transform of the
DP data occurred to aid with statistical analysis (see Appendix 2). Single-level interactions were
found with regards to muscle, signal, and activity (p<0.01), as well as two-way interactions
between muscle and signal, location and signal, muscle and activity, and sensor and activity
(p<0.01). The single three-way interaction was between muscle, location, and signal (p<0.01).
There was a trend of higher DP levels for SEMG signals than for Best and Composite signals
(Figures 27-34). Displaced sensors tended to display lower, yet not statistically significant means
for DP than for optimally placed sensors (p=0.09). Effects analysis determined that 8% of
variability was due to fixed effects and 99% of variability was due to a combination of fixed and

random effects.
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Activity

Muscle

Best - Opt

Best - Disp

Comp - Opt

Comp - Disp

SEMG - Opt

SEMG - Disp

Internal Turn

Vastus Lateralis

222.15 +/- 6562

650.93 +/- 6562

261.09 +/- 6562

388.42 +/- 6562

36082.34 +/- 6562

1688.36 +/- 6562

Rectus Femoris

1573.62 +/- 6562

235.56 +/- 6562

1621.85 +/- 6562

730.51 +/- 6562

20949.51 +/- 6562

3048.13 +/- 6562

Biceps Femoris

654.81 +/- 6562

457.3 +/- 6562

511.31 +/- 6562

606.39 +/- 6562

14104.3 +/- 6562

1127.39 +/- 6562

Semitendinosus

548.06 +/- 6562

276.75 +/- 6562

462.32 +/- 6562

301.07 +/- 6562

1735.48 +/- 6562

5979.68 +/- 6562

External Turn

Vastus Lateralis

-161.66 +/- 6945

271.9 +/- 6562

166.42 +/- 6945

896.53 +/- 6562

28776.68 +/- 6562

1355.22 +/- 6947

Rectus Femoris

1525.48 +/- 6562

442.89 +/- 6947

1795.37 +/- 6562

436.1 +/- 6947

791.63 +/- 6945

6503.61 +/- 6562

Biceps Femoris

415.94 +/- 6562

-280.65 +/- 6947

287.05 +/- 6562

-41.72 +/- 6947

3763.06 +/- 6945

14407.91 +/- 6562

Semitendinosus

-40.71 +/- 6945

1078.69 +/- 6562

-143.05 +/- 6945

1177.65 +/- 6562

1254.88 +/- 6562

2562.8 +/- 6947

Walking

Vastus Lateralis

3492.08 +/- 7074

385.16 +/- 7077

3595.53 +/- 7074

-91.25 +/- 7077

10456.67 +/- 6562

1499.05 +/- 6562

Rectus Femoris

868.75 +/- 6562

164.09 +/- 6562

1060.05 +/- 6562

254.68 +/- 6562

3873.6 +/- 7074

3053.52 +/- 7077

Biceps Femoris

236.82 +/- 6562

269.31 +/- 6562

158.74 +/- 6562

424.73 +/- 6562

5945.93 +/- 7074

1109.4 +/- 7077

Semitendinosus

3398.91 +/- 7074

-616.73 +/- 7077

3655.95 +/- 7074

-666.79 +/- 7077

1003.14 +/- 6562

4473.41 +/- 6562

Stair Walking

Vastus Lateralis

108.87 +/- 6767

369.5 +/- 6562

1264.99 +/- 6767

504.02 +/- 6562

32529.96 +/- 6661

3644.14 +/- 6562

Rectus Femoris

88.67 +/- 6661

511.87 +/- 6562

383.4 +/- 6661

593.61 +/- 6562

15815.41 +/- 6767

19150.45 +/- 6562

Biceps Femoris

-9.66 +/- 6661

286.72 +/- 6562

-21.91 +/- 6661

582.16 +/- 6562

9118.22 +/- 6767

1968.25 +/- 6562

Semitendinosus

-90.28 +/- 6767

4896.45 +/- 6562

345.95 +/- 6767

499.17 +/- 6562

3236.57 +/- 6661

4645.68 +/- 6562

Ramp Walking

Vastus Lateralis

367.42 +/- 6661

-339.53 +/- 7077

297.63 +/- 6661

605.07 +/- 7077

60176.68 +/- 6562

2656.98 +/- 6562

Rectus Femoris

769.82 +/- 6562

613.32 +/- 6562

1806.49 +/- 6562

707.3 +/- 6562

8538.33 +/- 6661

9730.83 +/- 7077

Biceps Femoris

263.43 +/- 6562

122.92 +/- 6660

247.78 +/- 6562

1268.26 +/- 6660

4465.19 +/- 6661

5515.81 +/- 7077

Semitendinosus

63.69 +/- 6661

-57.49 +/- 7077

259.53 +/- 6661

-65.22 +/- 7077

1807.17 +/- 6562

3890.31 +/- 6562

Sit to Stand

Vastus Lateralis

3669.73 +/- 7450

318.75 +/- 6562

3665.58 +/- 7450

374.91 +/- 6562

10595.79 +/- 6562

2204.92 +/- 6562

Rectus Femoris

353.27 +/- 6562

327.25 +/- 6562

588.19 +/- 6562

275.11 +/- 6562

4293.8 +/- 7450

7119.26 +/- 6562

Biceps Femoris

207.56 +/- 6562

765.88 +/- 6562

242.13 +/- 6562

491.51 +/- 6562

4239.19 +/- 7450

1308.64 +/- 6562

Semitendinosus

3726.25 +/- 7450

755.88 +/- 6562

3728.23 +/- 7450

1512.87 +/- 6562

1643.87 +/- 6562

2153.68 +/- 6562

Squats

Vastus Lateralis

318.05 +/- 6562

-2469.94 +/- 8148

836.97 +/- 6562

-2326.01 +/- 8148

2965.79 +/- 6562

2014.08 +/- 6947

Rectus Femoris

143.34 +/- 6562

-266.57 +/- 6947

132.13 +/- 6562

-279.71 +/- 6947

2643.77 +/- 6562

1515.55 +/- 8148

Biceps Femoris

409.64 +/- 6562

2357.1 +/- 6947

387.06 +/- 6562

1412.22 +/- 6947

11975.92 +/- 6562

2569.04 +/- 8148

Semitendinosus

504.82 +/- 6562

-1806.14 +/- 8148

470.58 +/- 6562

-1895.3 +/- 8148

5625.64 +/- 6562

2365.99 +/- 6947

Table 5: DP ratio means (dB) with standard error. Best — best selected signal, Comp —

composite signal, SEMG — traditional SEMG, Opt — optimally placed over muscle belly, Disp -
displaced 1 cm distal from muscle belly




50

4-Way Interaction
Loc
O i’ 9 iy i
& & 6“’ & o o°
auatl | Act = Body Weight Squat | Act = Body Weight Squat | Act = Body Weight Squat |

Figure 27: Effects plot of logDP Solid blue is optimal placement, dashed pink is displaced. Best
is Best Signal, Comp is Composite Signal, SEMG is Traditional SEMG. Note the higher values
for Traditional SEMG (far right data point), which is present for every activity for Biceps
Femoris and Vastus Lateralis.
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Figure 28: Violin graph of logDP for Internal Turn. Opt is optimal placement, disp is displaced.
Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional
SEMG.— Note higher means and higher spreads for Traditional SEMG.
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Figure 29: Violin graph of logDP for External Turn. Opt is optimal placement, disp is displaced.
Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional
SEMG. Note higher means and higher spreads for Traditional SEMG.
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Figure 30: Violin graph of logDP for Straight Walking. Opt is optimal placement, disp is
displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Note higher means and higher spreads for Traditional SEMG.
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Figure 31: Violin graph of logDP for Stair Walking. Opt is optimal placement, disp is displaced.
Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional
SEMG. Note higher means and higher spreads for Traditional SEMG.
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Figure 32: Violin graph of logDP for Ramp Walking. Opt is optimal placement, disp is

displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Note higher means and higher spreads for Traditional SEMG.
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Figure 33: Violin graph of logDP for Sit to Stand. Opt is optimal placement, disp is displaced.
Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional
SEMG. Note higher means and higher spreads for Traditional SEMG for Vastus Lateralis (top
left) and Rectus Femoris (top right).
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Figure 34: Violin graph of logDP for Body Weight Squats. Opt is optimal placement, disp is
displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Note higher means and higher spreads for Traditional SEMG.
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Q Ratio

Statistical modeling revealed interactions based on muscle (p<0.01), signal (p<0.01), and
activity (p=0.022), as well as two-way interactions between muscle and signal, muscle and
activity, and signal and activity (p<0.01), and three-way interactions between muscle, location,
and signal (p<0.01) and muscle, signal, and activity (p=0.028). Q displayed higher values for
SEMG sensors than for Best or Combined signals. Composite signals displayed equal or greater
Q levels than Best signals, but lower than SEMG signals (Figures 35-42). This measurement has
no units. Effects analysis determined that 13% of variability was due to fixed effects and 77% of

variability was due to a combination of fixed and random effects.



59

Activity Muscle Best - Opt Best - Disp Comp - Opt Comp - Disp SEMG - Opt SEMG - Disp
Internal Turn Vastus Lateralis 1.98 +/- 0.05 1.97 +/- 0.05 2.07 +/- 0.05 2.04 +/- 0.05 2.01 +/- 0.05 2.07 +/- 0.05
Rectus Femoris 2.10 +/- 0.05 2.08 +/- 0.05 2.10 +/- 0.05 2.06 +/- 0.05 2.16 +/- 0.05 2.28 +/- 0.05
Biceps Femoris 1.93 +/- 0.05 2.04 +/- 0.05 1.92 +/- 0.05 2.04 +/- 0.05 1.97 +/- 0.05 2.06 +/- 0.05
Semitendinosus 2.00 +/- 0.05 2.05 +/- 0.05 2.06 +/- 0.05 2.07 +/- 0.05 2.12 +/- 0.05 2.07 +/- 0.05
External Turn Vastus Lateralis 1.99 +/- 0.05 1.99 +/- 0.05 2.02 +/- 0.05 2.03 +/- 0.05 2.03 +/- 0.05 2.02 +/- 0.05
Rectus Femoris 2.06 +/- 0.05 2.06 +/- 0.05 2.09 +/- 0.05 2.10 +/- 0.05 2.29 +/- 0.05 2.24 +/-0.05
Biceps Femoris 1.95 +/- 0.05 2.06 +/- 0.05 1.98 +/- 0.05 1.97 +/- 0.05 2.11 +/- 0.05 2.01 +/- 0.05
Semitendinosus 1.99 +/- 0.05 1.99 +/- 0.05 2.06 +/- 0.05 2.03 +/- 0.05 2.02 +/- 0.05 2.15 +/- 0.05
Walking Vastus Lateralis | 2.02 +/- 0.05 2.03 +/- 0.05 2.04 +/- 0.05 2.07 +/- 0.05 2.06 +/- 0.05 2.01 +/- 0.05
Rectus Femoris 2.06 +/- 0.05 2.06 +/- 0.05 2.09 +/- 0.05 2.07 +/- 0.05 2.20 +/- 0.05 2.16 +/- 0.05
Biceps Femoris 1.98 +/- 0.05 2.02 +/- 0.05 2.07 +/- 0.05 2.00 +/- 0.05 2.10 +/- 0.05 2.01 +/- 0.05
Semitendinosus 2.10 +/- 0.05 2.09 +/- 0.05 2.08 +/- 0.05 2.14 +/- 0.05 2.04 +/- 0.05 2.14 +/- 0.05
Stair Walking Vastus Lateralis | 2.09 +/- 0.05 2.09 +/- 0.05 2.17 +/- 0.05 2.13 +/- 0.05 2.08 +/- 0.05 2.06 +/- 0.05
Rectus Femoris 2.1+/-0.05 2.07 +/- 0.05 2.12 +/- 0.05 2.11 +/-0.05 2.11 +/- 0.05 2.15 +/- 0.05
Biceps Femoris 2.01 +/- 0.05 2.10 +/- 0.05 2.04 +/- 0.05 2.02 +/- 0.05 2.13 +/- 0.05 2.06 +/- 0.05
Semitendinosus 2.04 +/- 0.05 2.05 +/- 0.05 2.10 +/- 0.05 2.08 +/- 0.05 2.06 +/- 0.05 2.13 +/- 0.05
Ramp Walking Vastus Lateralis 2.00 +/- 0.05 2.03 +/- 0.05 2.04 +/- 0.05 2.06 +/- 0.05 2.03 +/- 0.05 2.06 +/- 0.05
Rectus Femoris 2.07 +/- 0.05 2.04 +/- 0.05 2.11 +/- 0.05 2.07 +/- 0.05 2.21+/-0.05 2.20 +/- 0.05
Biceps Femoris 1.95 +/- 0.05 2.01 +/- 0.05 2.01 +/- 0.05 2.07 +/- 0.05 2.11 +/- 0.05 2.06 +/- 0.05
Semitendinosus 2.04 +/- 0.05 1.99 +/- 0.05 2.12 +/- 0.05 2.07 +/- 0.05 2.14 +/- 0.05 2.13 +/- 0.05
Sit to Stand Vastus Lateralis | 2.04 +/- 0.05 2.06 +/- 0.05 2.09 +/- 0.05 2.08 +/- 0.05 2.10 +/- 0.05 2.08 +/- 0.05
Rectus Femoris 2.06 +/- 0.05 2.04 +/- 0.05 2.10 +/- 0.05 2.05 +/- 0.05 2.10 +/- 0.05 2.23 +/-0.05
Biceps Femoris 2.08 +/- 0.05 2.08 +/- 0.05 2.09 +/- 0.05 2.12 +/- 0.05 2.10 +/- 0.05 2.13 +/- 0.05
Semitendinosus 2.09 +/- 0.05 2.06 +/- 0.05 2.07 +/- 0.05 2.09 +/- 0.05 2.12 +/- 0.05 2.18 +/- 0.05
Squats Vastus Lateralis 2.08 +/- 0.05 2.07 +/- 0.05 2.14 +/- 0.05 2.10 +/- 0.05 2.07 +/- 0.05 2.09 +/- 0.05
Rectus Femoris 2.00 +/- 0.05 2.01 +/- 0.05 2.00 +/- 0.05 2.01 +/- 0.05 2.02 +/- 0.05 2.10 +/- 0.05
Biceps Femoris 2.13 +/- 0.05 2.08 +/- 0.05 2.14 +/- 0.05 2.10 +/- 0.05 2.27 +/- 0.05 2.17 +/- 0.05
Semitendinosus 2.00 +/- 0.05 2.00 +/- 0.05 2.07 +/- 0.05 2.07 +/- 0.05 2.16 +/- 0.05 2.16 +/- 0.05

Table 6: Q ratio means and standard error. Best — best selected signal, Comp — composite

signal, SEMG — traditional SEMG, Opt — optimally placed over muscle belly, Disp - displaced 1

cm distal from muscle belly
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Figure 35: Effects plot of logQ Solid blue is optimal placement, dashed pink is displaced. Best is
Best Signal, Comp is Composite Signal, SEMG is Traditional SEMG. Note higher values for
Traditional SEMG (far right data point). Unlike other quality measures, Omega should be low.
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Figure 36: Violin graph of Q for Internal Turn. Opt is optimal placement, disp is displaced. Best
(left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional SEMG.—
Note higher means for Traditional SEMG, particularly for Rectus Femoris (top right).
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Figure 37: Violin graph of Q for External Turn. Opt is optimal placement, disp is displaced. Best
(left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional SEMG.
Note higher means for Traditional SEMG, particularly for Rectus Femoris (top right).
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Figure 38: Violin graph of Q for Straight Walking. Opt is optimal placement, disp is displaced.
Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional
SEMG. Note higher means for Traditional SEMG.
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Figure 39: Violin graph of Q for Stair Walking. Opt is optimal placement, disp is displaced. Best
(left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional SEMG.
Note higher means for Traditional SEMG, as well as higher spreads for displaced Best Signal for
Biceps Femoris (bottom left) and Semitendinosus (bottom right).
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Figure 40: Violin graph of Q for Ramp Walking. Opt is optimal placement, disp is displaced.
Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional
SEMG. Note higher means for Traditional SEMG, particularly for Rectus Femoris (top right).
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Figure 41: Violin graph of Q for Sit to Stand. Opt is optimal placement, disp is displaced. Best
(left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional SEMG.
Note higher means for Traditional SEMG, particularly for displaced Rectus Femoris (top right).
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Figure 42: Violin graph of Q for Body Weight Squats. Opt is optimal placement, disp is
displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Note higher means for Traditional SEMG.
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Signal and

Location SNR (dB) RMS DP (dB) Q

Best - Optimal 12.62 +/- 0.69 0.019 +/- 0.004 8.44E+02 +/- 3591 | 2.03 +/-0.03
Best - Displaced 11.80 +/- 0.69 0.025 +/- 0.004 3.48E+02 +/- 3600 | 2.04 +/- 0.03
Composite -

Optimal 10.29 +/- 0.69 0.021 +/- 0.004 .99E+03 +/- 3591 2.07 +/-0.03
Composite -

Displaced 9.43 +/- 0.69 0.024 +/- 0.004 3.10E+02 +/- 3600 | 2.07 +/- 0.03
Traditional -

Optimal 5.01 +/-0.69 0.038 +/- 0.004 1.10E+04 +/- 3591 | 2.10 +/- 0.03
Traditional -

Displaced 5.26 +/- 0.69 0.039 +/- 0.004 4.62E+03 +/- 3600 | 2.11 +/-0.03

Table 7: Total means of quality measures for each signal type and standard error.
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Signal and
Location Muscle SNR (dB) RMS DP (dB) Q
0.026 +/- 1.15E+03 +/-
Best - Optimal Vastus Lateralis 14.84 +/-0.78 | 0.005 4271 2.03 +/-0.03
0.022 +/- 7.60E+02 +/-
Rectus Femoris 12.53 +/-0.77 | 0.005 4205 2.06 +/-0.03
0.014 +/- 3.10E+02 +/-
Biceps Femoris 11.74 +/-0.77 | 0.005 4205 2.00 +/-0.03
0.016 +/- 1.16E+03 +/-
Semitendinosus 11.36 +/-0.78 | 0.005 4271 2.04 +/-0.03
Best - 0.021 +/- -1.16E+02 +/-
Displaced Vastus Lateralis 14.21 +/-0.78 | 0.005 4296 2.03 +/-0.03
0.020 +/- 2.90E+02 +/-
Rectus Femoris 12.06 +/-0.77 | 0.005 4228 2.05 +/- 0.03
0.032 +/- 5.68E+02 +/-
Biceps Femoris 10.61 +/-0.77 | 0.005 4231 2.06 +/-0.03
0.028 +/- 6.50E+02 +/-
Semitendinosus 10.31+/-0.78 | 0.005 4296 2.03 +/-0.03
Composite - 0.036 +/- 1.39E+03 +/-
Optimal Vastus Lateralis 12.41+/-0.78 | 0.005 4271 2.08 +/-0.03
0.021 +/- 1.06E+03 +/-
Rectus Femoris 10.57 +/-0.77 | 0.005 4205 2.09 +/-0.03
0.012 +/- 2.59E+02 +/-
Biceps Femoris 9.35+/-0.77 0.005 4205 2.04 +/- 0.03
0.017 +/- 1.25E+03 +/-
Semitendinosus 8.83 +/-0.78 0.005 4271 2.08 +/-0.03
Composite - 0.020 +/-
Displaced Vastus Lateralis 11.60 +/-0.78 | 0.005 50.2 +/- 4296 2.07 +/-0.03
0.017 +/- 3.88E+02 +/-
Rectus Femoris 10.36 +/-0.77 | 0.005 4228 2.07 +/-0.03
0.027 +/- 6.78E+02 +/-
Biceps Femoris 8.39+/-0.77 0.005 4231 2.05+/-0.03
0.033 +/- 1.23E+02 +/-
Semitendinosus 7.38+/-0.78 0.005 4296 2.08 +/-0.03
Traditional - 0.045 +/- 2.59E+04 +/-
Optimal Vastus Lateralis 6.16 +/- 0.77 0.005 4205 2.05 +/-0.03
0.040 +/- 8.14E+03 +/-
Rectus Femoris 3.22+/-0.78 0.005 4271 2.16 +/-0.03
0.033 +/- 7.66E+03 +/-
Biceps Femoris 5.31+/-0.78 0.005 4271 2.11+/-0.03
0.033 +/- 2.33E+03 +/-
Semitendinosus 5.36 +/-0.77 0.005 4205 2.09 +/- 0.03
Traditional - 0.043 +/- 2.15E+03 +/-
Displaced Vastus Lateralis 6.12 +/-0.77 0.005 4228 2.06 +/-0.03
0.046 +/- 7.16E+03 +/-
Rectus Femoris 3.73+/-0.78 0.005 4296 2.19 +/-0.03
0.030 +/- 5.43E+03 +/-
Biceps Femoris 5.79 +/-0.78 0.005 4296 2.07 +/-0.03
0.036 +/- 3.72E+03 +/-
Semitendinosus 5.39+/-0.77 0.005 4228 2.14+/-0.03

Table 8: Means of each quality measure by muscle with standard error
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Signal and

Location Activity SNR (dB) RMS DP (dB) Q

Best - Optimal Internal Turn 11.41 +/-0.76 0.017 +/- 0.006 7.47E+02 +/- 4489 | 2.00 +/- 0.04
External Turn 11.49 +/-0.76 0.012 +/- 0.006 4.34E+02 +/- 4757 | 2.00 +/-0.04
Straight Walking 10.31+/-0.77 0.013 +/- 0.006 1.99E+03 +/- 4601 | 2.04 +/-0.04
Stair Walking 13.26 +/-0.76 0.024 +/-0.006 24.4 +/- 4547 2.06 +/-0.04
Ramp Walking 12.02 +/-0.76 0.015 +/- 0.006 3.66E+02 +/- 4508 | 2.01 +/-0.04
Sit to Stand 14.56 +/-0.77 0.024 +/- 0.006 1.99E+03 +/-4692 | 2.07 +/-0.04
Body Weight
Squats 15.26 +/- 0076 0.029 +/- 0.006 3.44E+02 +/- 4489 2.05+/-0.04

Best - Displaced Internal Turn 10.66 +/-0.76 0.026 +/- 0.006 4.05E+02 +/- 4489 | 2.04 +/-0.04
External Turn 10.38 +/-0.76 0.023 +/- 0.006 3.78E+02 +/- 4757 | 2.02 +/-0.04
Straight Walking 9.65 +/-0.77 0.032 +/-0.006 50.5 +/- 4602 2.05 +/-0.04
Stair Walking 13.34 +/-0.76 0.035 +/- 0.006 1.52E+03 +/- 4489 | 2.08 +/-0.04
Ramp Walking 10.83 +/-0.77 0.016 +/- 0.006 84.8 +/- 4611 2.02 +/-0.04
Sit to Stand 13.53 +/-0.76 0.018 +/- 0.006 5.47E+02 +/- 4489 | 2.06 +/-0.04
Body Weight -5.46E+02 +/-
Squats 14.19 +/-0.79 0.026 +/- 0.006 4943 2.04 +/-0.04

Composite -

Optimal Internal Turn 9.32 +/-0.76 0.027 +/-0.006 7.14E+02 +/- 4489 | 2.04 +/-0.04
External Turn 9.34 +/-0.76 0.013 +/-0.006 4.43E+02 +/- 4757 | 2.04 +/-0.04
Straight Walking 8.03 +/-0.77 0.013 +/- 0.006 2.12E+03 +/- 4601 | 2.07 +/-0.04
Stair Walking 10.91 +/-0.76 0.031 +/- 0.006 4.93E+02 +/-4547 | 2.11+/-0.04
Ramp Walking 9.81+/-0.76 0.013 +/-0.006 6.53E+02 +/-4508 | 2.07 +/-0.04
Sit to Stand 12.34 +/-0.77 0.023 +/- 0.006 2.06E+03 +/- 4692 | 2.09 +/-0.04
Body Weight
Squats 12.28 +/-0.76 0.028 +/- 0.006 4.57E+02 +/- 4489 | 2.09 +/-0.04

Composite -

Displaced Internal Turn 8.00 +/-0.76 0.025 +/-0.006 5.06E+02 +/- 4489 | 2.05 +/-0.04
External Turn 8.03 +/-0.76 0.024 +/-0.006 6.17E+02 +/- 4757 | 2.03 +/-0.04
Straight Walking 7.64 +/-0.77 0.036 +/- 0.006 -19.7 +/- 4602 2.07 +/-0.04
Stair Walking 11.45 +/-0.76 0.031 +/-0.006 5.45E+02 +/- 4489 | 2.09 +/-0.04
Ramp Walking 8.60 +/-0.77 0.016 +/- 0.006 6.29E+02 +/-4611 | 2.07 +/-0.04
Sit to Stand 10.89 +/-0.76 0.017 +/-0.006 6.64E+02 +/- 4489 | 2.08 +/-0.04
Body Weight -7.72E+02 +/-
Squats 11.42 +/-0.79 0.021 +/- 0.006 4943 2.07 +/-0.04

Traditional -

Optimal Internal Turn 5.03 +/-0.76 0.033 +/- 0.006 1.82E+04 +/- 4489 | 2.06 +/-0.04
External Turn 4,57 +/-0.76 0.036 +/- 0.006 8.65E+03 +/-4575 | 2.11+/-0.04
Straight Walking 4.02 +/-0.77 0.028 +/- 0.006 5.32E+03 +/- 4601 | 2.10+/-0.04
Stair Walking 6.11+/-0.76 0.045 +/-0.006 1.52E+04 +/- 4547 | 2.10 +/-0.04
Ramp Walking 4.79 +/-0.76 0.037 +/- 0.006 1.88E+04 +/- 4508 | 2.12 +/-0.04
Sit to Stand 3.96 +/-0.77 0.032 +/- 0.006 5.19E+03 +/- 4692 | 2.10 +/-0.04
Body Weight
Squats 6.61+/-0.76 0.054 +/- 0.006 5.80E+03 +/- 4489 | 2.13 +/-0.04

Traditional -

Displaced Internal Turn 4.54 +/-0.76 0.037 +/- 0.006 2.96E+03 +/- 4489 | 2.12 +/-0.04
External Turn 4.42 +/-0.76 0.033 +/- 0.006 8.71E+03 +/- 4575 | 2.11+/-0.04
Straight Walking | 4.64 +/-0.77 0.038 +/- 0.006 2.53E+03 +/- 4602 | 2.08 +/-0.04
Stair Walking 6.63 +/-0.76 0.046 +/- 0.006 7.35E+03 +/- 4489 2.10+/-0.04
Ramp Walking 4.84 +/-0.77 0.032 +/- 0.006 5.45E+03 +/- 4602 | 2.11+/-0.04
Sit to Stand 5.04 +/-0.76 0.034 +/- 0.006 3.20E+03 +/- 4489 | 2.16 +/-0.04
Body Weight
Squats 6.68 +/-0.79 0.053 +/-0.006 2.12E+03 +/- 4943 2.13+/-0.04

Table 9: Means of signal quality measures by activity and standard error
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Cross Correlation and Cross Covariance

Cross correlation and cross covariance were calculated with Optimal placement as the
baseline and Displaced placement as the comparison. Due to the internal comparative nature of
this measurement, reported values have no units. Both cross correlation and cross covariance
displayed values of 0 except for the singular instances of lags of 1 or -1 listed in Table 10.
Because +/-1 is the lowest amount that can be shifted and result in a difference, time lag is

minimal for outlier data points.

Activity Muscle Signal Analysis Type Value
Internal Turn Vastus Lateralis Traditional SEMG Both 1
Internal Turn Rectus Femoris Best Signal Both 1
External Turn Vastus Lateralis Best Signal Cross Covariance 1
External Turn Vastus Lateralis Composite Signal Cross Covariance 1
External Turn Biceps Femoris Best Signal Both 1
External Turn Semitendinosus Best Signal Both 1
External Turn Semitendinosus Composite Signal Cross Covariance 1
Sit to Stand Vastus Lateralis Composite Signal Both -1
Sit to Stand Rectus Femoris Traditional SEMG Both -1
Sit to Stand Semitendinosus Best Signal Both -1
Body Weight Rectus Femoris Best Signal Both -1
Squats

Body Weight Rectus Femoris Composite Signal Both -1
Squats

Body Weight Biceps Femoris Composite Signal Both -1
Squats

Body Weight Semitendinosus Best Signal Both -1
Squats

Table 10: Specific instances where Cross Correlation and Covariance did not equal 0
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Mean Squared Coherence - Means

Coherence means were calculated with Optimal placement as the baseline and Displaced
placement as the comparison. Due to the internal comparative nature of this measurement, the
values have no units. Significant interactions were seen for muscle, sensor, and activity (p<0.01).
Two-way interactions were seen between muscle and activity, signal, and activity (p<0.01), and
a three-way interaction between muscle, signal, and activity (p=0.02). All average coherence
means were relatively high, at least over 0.8, with a large amount over 0.9 (Figures 43-50). Due
to being a comparative measure, mean squared coherence does not have units. Higher means
were seen for Traditional SEMG signals, although that was a relative difference as many had
similar levels for all three signal types. Three activities: internal turn, external turn, and straight
walking, displayed higher variation and differences in coherence between the signal types, along
with lower coherence means in general. For these activities, Vastus Lateralis and Semitendinosus
displayed higher coherence mean levels, while the Biceps Femoris displayed a loss in coherence
mean during the process of creating the Composite Signal. Apart from those instances,
compositing did not have much effect on coherence mean. Effects analysis determined that 49%
of variability was due to fixed effects and 80% of variability was due to a combination of fixed

and random effects.
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Activity

Muscle

Best

Comp

SEMG

Internal Turn

Vastus Lateralis

0.847 +/- 0.015

0.854 +/- 0.015

0.904 +/- 0.015

Rectus Femoris

0.901 +/- 0.015

0.907 +/- 0.015

0.949 +/- 0.015

Biceps Femoris

0.845 +/- 0.015

0.835 +/- 0.015

0.870 +/- 0.015

Semitendinosus

0.887 +/- 0.015

0.885 +/- 0.015

0.916 +/- 0.015

External Turn

Vastus Lateralis

0.849 +/- 0.015

0.844 +/- 0.015

0.889 +/- 0.015

Rectus Femoris

0.890 +/- 0.015

0.890 +/- 0.015

0.946 +/- 0.015

Biceps Femoris

0.843 +/- 0.015

0.812 +/- 0.015

0.924 +/- 0.015

Semitendinosus

0.881 +/- 0.015

0.877 +/- 0.015

0.918 +/- 0.015

Walking

Vastus Lateralis

0.797 +/- 0.015

0.797 +/- 0.015

0.865 +/- 0.015

Rectus Femoris

0.844 +/- 0.015

0.841 +/- 0.015

0.919 +/- 0.015

Biceps Femoris

0.812 +/- 0.015

0.795 +/- 0.015

0.884 +/- 0.015

Semitendinosus

0.864 +/- 0.015

0.860 +/- 0.015

0.898 +/- 0.015

Stair Walking

Vastus Lateralis

0.918 +/- 0.015

0.951 +/- 0.015

0.950 +/- 0.015

Rectus Femoris

0.950 +/- 0.015

0.954 +/- 0.015

0.969 +/- 0.015

Biceps Femoris

0.951 +/- 0.015

0.945 +/- 0.015

0.969 +/- 0.015

Semitendinosus

0.957 +/- 0.015

0.955 +/- 0.015

0.975 +/- 0.015

Ramp Walking

Vastus Lateralis

0.946 +/- 0.015

0.947 +/- 0.015

0.958 +/- 0.015

Rectus Femoris

0.951 +/- 0.015

0.951 +/- 0.015

0.957 +/- 0.015

Biceps Femoris

0.95 +/- 0.015

0.941 +/- 0.015

0.959 +/- 0.015

Semitendinosus

0.955 +/- 0.015

0.950 +/- 0.015

0.976 +/- 0.015

Sit to Stand

Vastus Lateralis

0.945 +/- 0.015

0.949 +/- 0.015

0.953 +/- 0.015

Rectus Femoris

0.947 +/- 0.015

0.947 +/- 0.015

0.958 +/- 0.015

Biceps Femoris

0.959 +/- 0.015

0.959 +/- 0.015

0.959 +/- 0.015

Semitendinosus

0.961 +/- 0.015

0.959 +/- 0.015

0.979 +/- 0.015

Squats

Vastus Lateralis

0.913 +/- 0.017

0.917 +/- 0.017

0.954 +/- 0.015

Rectus Femoris

0.918 +/- 0.015

0.919 +/- 0.015

0.963 +/- 0.016

Biceps Femoris

0.950 +/- 0.015

0.946 +/- 0.015

0.993 +/- 0.016

Semitendinosus

0.924 +/- 0.017

0.929 +/- 0.017

0.981 +/- 0.015

Table 11: Coherence Means and standard error. Best — Best Signal, Comp — Composite

Signal, SEMG — Traditional SEMG
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Musc*Sensor*Act effect plot
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Figure 43: Effects plot of Coherence Means. Solid blue is Vastus Lateralis, dashed pink is Rectus
Femoris, dotted green is Biceps Femoris, solid red is Semitendinosus. Best is Best Signal, Comp
is Composite Signal, SEMG is traditional SEMG. Note the higher values for Traditional SEMG
and higher spread between muscles for Internal Turn, External Turn, and Straight Walking
(bottom row).
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Figure 44: Violin plot of coherence means for Internal Turn. Best is Best Signal, Comp is
Composite Signal, SEMG is Traditional SEMG. Note the higher means for Traditional SEMG
and the lower Best Signal and Composite Signal values for Biceps Femoris (2" from right).
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Figure 45: Violin plot of coherence means for External Turn. Best is Best Signal, Comp is
Composite Signal, SEMG is Traditional SEMG. Note the higher means for Traditional SEMG
and the lower Best Signal and Composite Signal values for Biceps Femoris (2" from right).
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Figure 46: Violin plot of coherence means for straight walking. Best is Best Signal, Comp is
Composite Signal, SEMG is Traditional SEMG. Note the higher means for Traditional SEMG
and the lower Best Signal and Composite Signal values for Biceps Femoris (2" from right).
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Figure 47: Violin plot of coherence means for Stair Walking. Best is Best Signal, Comp is
Composite Signal, SEMG is Traditional SEMG. Note the higher means for Traditional SEMG.
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Figure 48: Violin plot of coherence means for Ramp Walking. Best is Best Signal, Comp is
Composite Signal, SEMG is Traditional SEMG. Note the higher means for Traditional SEMG
and the lower Best Signal and Composite Signal values for Biceps Femoris (2" from right).
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Figure 49: Violin plot of coherence means for Sit to Stand. Best is Best Signal, Comp is
Composite Signal, SEMG is Traditional SEMG. Note the higher means for Traditional SEMG.
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Figure 50: Violin plot of coherence means for Body Weight Squat. Best is Best Signal, Comp is
Composite Signal, SEMG is Traditional SEMG. Note the higher means for Traditional SEMG.
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Mean Squared Coherence - Standard Deviation

Coherence means were calculated with Optimal placement as the baseline and Displaced
placement as the comparison. Since mean squared coherence creates multiple data points,
outliers within the coherence spectrum can affect the calculated mean. To create a better image
of the coherence spectrum, the standard deviation of each calculated coherence was determined.
Due to the internal comparative nature of this measurement, the values have no units. Every
measure was found to be of significant level for coherence deviation, including muscle, signal,
and activity, as well as the two-way interactions between muscle and signal, muscle and activity,
and sensor and activity, and the three-way interaction between muscle, signal, and activity. All p-
values were less than 0.01. Trends from coherence means held through coherence deviation as
well, with internal and external turns, along with straight walking, displaying higher deviations,
as well as a larger spread in deviations, while stair, ramp, and sit-to-stand displayed low levels
and little variation. All deviation levels were low, with the highest mean being 0.15, while the
lowest values were centered around 0.03 (Figures 51-58). SEMG signals displayed lower
deviations, and Rectus Femoris displayed lower deviation levels on the varying activity types,
while Biceps Femoris was more likely to increase in deviation when composited. Effects analysis
determined that 51% of variability was due to fixed effects and 70% of variability was due to a

combination of fixed and random effects.
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Activity

Muscle

Best

Comp

SEMG

Internal Turn

Vastus Lateralis

0.149 +/- 0.011

0.146 +/- 0.011

0.111 +/- 0.011

Rectus Femoris

0.119 +/- 0.011

0.115 +/- 0.011

0.0728 +/- 0.011

Biceps Femoris

0.119 +/- 0.011

0.152 +/- 0.011

0.139 +/- 0.011

Semitendinosus

0.149 +/- 0.011

0.126 +/- 0.011

0.0992 +/- 0.011

External Turn

Vastus Lateralis

0.149 +/- 0.011

0.149 +/- 0.011

0.108 +/- 0.011

Rectus Femoris

0.116 +/- 0.011

0.120 +/- 0.011

0.0723 +/- 0.011

Biceps Femoris

0.116 +/- 0.011

0.155 +/- 0.011

0.0859 +/- 0.011

Semitendinosus

0.149 +/- 0.011

0.145 +/- 0.011

0.0969 +/- 0.011

Walking

Vastus Lateralis

0.160 +/- 0.011

0.156 +/- 0.011

0.130 +/- 0.011

Rectus Femoris

0.140 +/- 0.011

0.143 +/- 0.011

0.0703 +/- 0.011

Biceps Femoris

0.140 +/- 0.011

0.155 +/- 0.011

0.116 +/- 0.011

Semitendinosus

0.159 +/- 0.011

0.128 +/- 0.011

0.105 +/- 0.011

Stair Walking

Vastus Lateralis

0.0696 +/- 0.011

0.0650 +/- 0.011

0.0632 +/- 0.011

Rectus Femoris

0.0559 +/- 0.011

0.0502 +/- 0.011

0.0417 +/- 0.011

Biceps Femoris

0.0559 +/- 0.011

0.0529 +/- 0.011

0.0393 +/- 0.011

Semitendinosus

0.0696 +/- 0.011

0.0490 +/- 0.011

0.0350 +/- 0.011

Ramp Walking

Vastus Lateralis

0.0570 +/- 0.011

0.0588 +/- 0.011

0.0370 +/- 0.011

Rectus Femoris

0.0562 +/- 0.011

0.0529 +/- 0.011

0.0366 +/- 0.011

Biceps Femoris

0.0573 +/- 0.011

0.0612 +/- 0.011

0.0440 +/- 0.011

Semitendinosus

0.0569 +/- 0.011

0.0532 +/- 0.011

0.0281 +/- 0.011

Sit to Stand

Vastus Lateralis

0.0725 +/- 0.011

0.0706 +/- 0.011

0.0624 +/- 0.011

Rectus Femoris

0.0746 +/- 0.011

0.0776 +/- 0.011

0.0655 +/- 0.011

Biceps Femoris

0.0746 +/- 0.011

0.0564 +/- 0.011

0.0552 +/- 0.011

Semitendinosus

0.0725 +/-0.011

0.0551 +/- 0.011

0.0398 +/- 0.011

Squats

Vastus Lateralis

0.0989 +/- 0.013

0.1037 +/- 0.013

0.0596 +/- 0.011

Rectus Femoris

0.0833 +/- 0.011

0.0804 +/- 0.011

0.0441 +/- 0.013

Biceps Femoris

0.0833 +/- 0.011

0.0745 +/- 0.011

0.0269 +/- 0.013

Semitendinosus

0.0984 +/- 0.013

0.0813 +/- 0.013

0.0316 +/- 0.011

Table 12: Coherence Deviation Means and standard error. Best — Best Signal, Comp —
Composite Signal, SEMG — Traditional SEMG
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Figure 51: Effects plot for Coherence Deviation. Solid blue is Vastus Lateralis, dashed pink is
Rectus Femoris, dotted green is Biceps Femoris, solid red is Semitendinosus. Best is Best Signal,
Comp is Composite Signal, SEMG is traditional SEMG. Note the lower values for Traditional
SEMG and higher spread between muscles for Internal Turn, External Turn, and Straight
Walking (bottom row).
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Figure 52: Violin plot of coherence standard deviation for Stair Walking. Best is Best Signal,
Comp is Composite Signal, SEMG is Traditional SEMG. Note the lower values for Traditional
SEMG and the higher Composite Signal mean for Biceps Femoris (2" from right).
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Figure 53: Violin plot of coherence standard deviation for Stair Walking. Best is Best Signal,
Comp is Composite Signal, SEMG is Traditional SEMG. Note the lower values for Traditional
SEMG and the higher Composite Signal mean for Biceps Femoris (2" from right).
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Figure 54: Violin plot of coherence standard deviation for Stair Walking. Best is Best Signal,

Comp is Composite Signal, SEMG is Traditional SEMG. Note the lower values for Traditional

SEMG and the higher Composite Signal mean for Biceps Femoris (2" from right).
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Figure 55: Violin plot of coherence standard deviation for Stair Walking. Best is Best Signal,
Comp is Composite Signal, SEMG is Traditional SEMG. Note the lower values for Traditional

SEMG.
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Figure 56: Violin plot of coherence standard deviation for Ramp Walking. Best is Best Signal,
Comp is Composite Signal, SEMG is Traditional SEMG. Note the lower values for Traditional
SEMG and the higher Composite Signal mean for Biceps Femoris (2" from right).
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Figure 57: Violin plot of coherence standard deviation for Sit to Stand. Best is Best Signal,

Comp is Composite Signal, SEMG is Traditional SEMG. Note the lower values for Traditional
SEMG.
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Signal

Coherence Mean

Coherence Deviation

Best Signal

0.906 +/- 0.010

0.100 +/- 0.007

Composite Signal

0.904 +/- 0.010

0.0975 +/- 0.007

Traditional SEMG

0.941 +/- 0.010

0.0684 +/- 0.007

Table 13: Total means of coherence values and standard error

Signal

Muscle

Coherence Mean

Best Signal

Vastus Lateralis

0.892 +/-0.011

0.108 +/- 0.008

Rectus Femoris

0.914 +/-0.011

0.0922 +/- 0.008

Biceps Femoris

0.902 +/-0.011

0.0924 +/- 0.008

Semitendinosus

0.918 +/- 0.011

0.108 +/- 0.008

Composite Signal

Vastus Lateralis

0.894 +/-0.011

0.107 +/- 0.008

Rectus Femoris

0.916 +/-0.011

0.0912 +/- 0.008

Biceps Femoris

0.890 +/- 0.011

0.101 +/- 0.008

Semitendinosus

0.916 +/- 0.011

0.0910 +/- 0.008

Traditional SEMG

Vastus Lateralis

0.926 +/-0.011

0.0816 +/- 0.008

Rectus Femoris

0.953 +/-0.011

0.0576 +/- 0.008

Biceps Femoris

0.937 +/-0.011

0.0723 +/- 0.008

Semitendinosus

0.949 +/-0.011

0.0622 +/- 0.008

Table 14: Means of coherence values and standard error by muscle

Coherence Deviation
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Signal Activity Coherence Mean Coherence Deviation
Best Internal Turn 0.870 +/- 0.013 0.134 +/- 0.009
External Turn 0.866 +/- 0.013 0.133 +/- 0.009
Straight Walking 0.829 +/-0.013 0.150 +/- 0.009
Stair Walking 0.952 +/-0.013 0.0628 +/- 0.009
Ramp Walking 0.951 +/- 0.013 0.0569 +/- 0.009
Sit to Stand 0.953 +/-0.013 0.0735 +/- 0.009
Body Weight Squats 0.926 +/-0.013 0.0910 +/- 0.010
Composite Internal Turn 0.870 +/- 0.013 0.135 +/- 0.009

External Turn

0.856 +/- 0.013

0.142 +/- 0.009

Straight Walking

0.823 +/-0.013

0.145 +/- 0.009

Stair Walking 0.951 +/-0.013 0.0543 +/- 0.009
Ramp Walking 0.947 +/-0.013 0.0565 +/- 0.009
Sit to Stand 0.953 +/-0.013 0.0649 +/- 0.009
Body Weight Squats 0.928 +/- 0.013 0.0850 +/- 0.010

Traditional SEMG

Internal Turn

0.910 +/- 0.013

0.105 +/- 0.009

External Turn

0.919 +/- 0.013

0.0908 +/- 0.009

Straight Walking

0.891 +/- 0.013

0.105 +/- 0.009

Stair Walking 0.966 +/-0.013 0.0448 +/- 0.009
Ramp Walking 0.968 +/-0.013 0.0364 +/- 0.009
Sit to Stand 0.962 +/-0.013 0.0557 +/- 0.009
Body Weight Squats 0.973 +/-0.013 0.0405 +/- 0.010

Table 15: Mean coherence values and standard error by activity
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DISCUSSION AND CONCLUSIONS

The purpose of this Thesis was to 1: quantify signal quality differences between
HDsSEMG and traditional SEMG, 2: quantify signal variations during non-optimal placement for
HDsSEMG and traditional SEMG, and 3: identify effective processing methods when using
HDSEMG signals for prosthesis control. An experimental study with human participants was
performed to collect SEMG data using both single channel Traditional SEMG sensors and 16
channel HDSEMG sensors from four leg muscles (Vastus Lateralis, Rectus Femoris, Biceps
Femoris, Semitendinosus) across seven different activities of daily living (Internal Turning,
External Turning, Straight Walking, Ramp Walking, Stair Walking, Sit to Stand, and Body
Weight Squats). Three different signals were created from HDSEMG data: an individual channel
with the highest signal to noise ratio (Best Signal), a time series mean of all HDSEMG channels
(Composite Signal), and a time series mean of all HDSEMG channels with a signal to noise ratio
greater than 2 dB (Threshold Signal). The Threshold signal was found to be the same as the
Composite Signal, so quality and similarity measures were only analyzed for the Composite

Signal.

Aim 1: Quantify signal quality differences between HDSEMG and traditional SEMG

The hypothesis was that HDSEMG-derived signals would produce higher quality through
increased SNR, RMS, and DP values while producing lower Q values. The mean SNR values
including all muscles and activities was 12.6 +/- 2.5 dB for Best Signal, 10.3 +/- 2.6 dB for
Composite Signal, and 5.0 +/- 2.0 dB for traditional SEMG, all in optimal positions (p<0.01).

Most works focusing on SNR use artificial signals with known noise contents, and little work has
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been done on HDSEMG SNR values. Both HDSEMG-derived signals had SNR values over twice
the SNR value of the traditional SEMG sensors, indicating that HDSEMG-derived signals have
less noise than SEMG signals. A value of 10 dB has been presented as the threshold at which a
signal can be considered free of major sources of noise®!, and a value of 2 dB as the point where
a signal is considered unusable due to excess noise. Both the specific muscle and activity type
had significant impact on the SNR and RMS values (both, p<0.01). SNR values for Rectus
Femoris (10.57-12.52 dB) and Vastus Lateralis (12.4-14.8 dB) were higher for the optimally
placed HDSEMG-derived signals than for traditional SEMG signals (7.38-11.74 dB). Simulated
signals are created on a band of 5-30 dB SNR®, and clinical measurements have reported values
between 2 and 40 dB for SEMG®®™0, Thus, Traditional SEMG presents values on the low end of
expected values, and HDSEMG-derived signals presented values in the middle range. Therefore,
HDSEMG, particularly Best Signal, presents better SNR values than Traditional SEMG.
Root mean squared averages, a measure of signal strength for optimally placed signals was
0.0192 +/- 0.0110 for Best Signals, 0.0213 +/- 0.0139 for Composite Signals, and 0.0387 +/-
0.0148 for traditional SEMG. These values were reported with regard to the maximum individual
electrode reading across all activities and trials for the given muscle. Traditional SEMG sensors
displayed higher signal strength with regard to peak recorded values, making the features used in
feature detection more prominent'’8, The Vastus Lateralis displayed HDSEMG-derived RMS
than other muscles at 0.036. Therefore, Traditional SEMG presents one advantage over
HDSEMG.

DP values were 8.44*10% +/- 1.21*10° dB for Best Signals, 1.00*10° +/- 1.22*10° dB for

Composite Signals, and 1.10*10* +/- 1.36*10* dB for traditional SEMG sensors (p<0.01), all
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optimally placed. The cutoff for DP was 30 dB®, denoting signal power was sufficiently peaked
over noise. Higher values than expected were seen due to the averaging process being sensitive
to low values. While DP did not produce values of the expected magnitude, the fact that they
were large places them over the 30 dB cutoff, meaning all signals peaked in power to a desired
level.

Q values indicate signal symmetry and the presence of high frequency noise. Total
averaged Q values were 2.03 +/- 0.05 for optimally placed Best Signals, 2.07 +/- 0.05 for
optimally placed Composite Signals, and 2.1 +/- 0.08 for optimally placed traditional SEMG
sensors (p<0.01). The cutoff for Q values given for a simulated diaphragm EMG system was
1.4%2, values over which contained high frequency noise. Collected Q values were greater than
this desired level, but little work has been done for Q values in other muscles leaving the cutoff
unknown. Further work is desired, but HDSEMG presents Q values denoting less noise content
than Traditional SEMG.

With regards to activities, Stair Walking, Ramp Walking, Sit to Stand, and Body Weight
Squats displayed higher SNR values, consistently displaying over 9.8 dB in the optimal position
for Composite Signals and over 12 dB for Best Signals. Straight walking, internal turning, and
external turning SNR values were less than 9.5 dB for Composite Signals and less than 10.5 dB
for Best Signals.

The first hypothesis is partially confirmed. HD-derived signals displayed higher SNR
values to a great degree, confirming that the baseline quality and noise were less than traditional
SEMG signals. A slightly lower Q value matched the hypothesis, but the values of Q were

greater than the theoretical cutoff for all signals. The higher signal strength in traditional SEMG



91
signals did not match the initial hypothesis for signal quality. Thus, HDSEMG sensors present
signals with less noise, but traditional SEMG sensors generate stronger signals after processing.
The cleaner HDSEMG signal will lead to increased accuracy in classification of features during
prosthesis control, as the desired features will not be distorted by extra noise. Having stronger
features due to a higher signal strength means the control system will notice them with more

ease, but if they are distorted the signal could be misclassified.

Aim 2: Quantify signal variations during non-optimal placement for HDSEMG and traditional

SEMG

It was predicted that the three HDSEMG-derived signals would display less change in
quality when displaced. Displacement alone had no effect on any metric, with p>0.05 for SNR,
RMS, DP, and Q. Displacement did show significance when interacting with other factors,
including muscle, activity, and signal type (p<0.05). Sensor displacement resulted in decreased
SNR levels for the HDSEMG-derived signals, with the Best Signal decreasing from 12.6 dB to
11.8 +/- 2.9 dB and the Composite Signal decreasing from 10.3 dB to 9.4 +/- 2.9 dB. The
traditional SEMG SNR values increased from 5.0 to 5.3 +/- 1.9 dB. Displacement alone was not
a significant factor (p=0.27) but interacted with signal type (p<0.01). Even with this increase in
SNR for traditional SEMG and the decrease in SNR for the HDSEMG-derived sensors, the
HDsEMG-derived sensors still had lower levels of noise before processing. The Best Signal was
able to remain above the 10 dB level, retaining the status of being functionally noise free, unlike
the Composite Signal, which dropped below the 10 dB level. RMS values increased with
displacement for all signal types, with the Best Signal going from 0.0192 to 0.0251 +/- 0.0136,

Composite going from 0.0213 to 0.0243 +/- 0.0149, and traditional SEMG going from 0.0378 to
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0.0387 +/- 0.0167. This was not significant based on displacement alone (p=0.82) but on
interactions between displacement and muscle (p<0.01), signal type (p<0.01), a three-way
interaction between displacement, signal type, and muscle (p<0.01), and a combination of all
four factors (p=0.02). Generally, an increase in RMS is considered good, as that denotes an
increase in signal strength. However, an increase in RMS coupled with a decrease in SNR means
that the higher average magnitude is coming from extra noise in areas with low amplitudes.
DP values trended to decrease with displacement, with Best Signal going from 8.44*102 dB to
3.47*10? +/- 1.23*10° dB, Composite Signal going from 1.00*10° dB to 3.1*10? +/- 840 dB, and
traditional SEMG going from 1.10*10* dB to 4.26*10° +/- 4.15*10° dB. However, it was not
found to be statistically significant based on displacement alone (p=0.09), but based on
interactions with the signal type (p<0.01) and a three-way interaction with muscle and signal
type (p<0.01). This means that the increase in RMS is not due to an increase in high amplitude
signal, but due to an increase in persistent low amplitude noise throughout the recorded signal.
This noise deforms the signal, making the resulting features deviate from the expected form for
intent detection. Therefore, while general trends can be determined for displacement, the exact
degree of quality change, and whether it is significant, depends on the muscle and activity
considered.

Besides changes in quality, crosstalk must be considered. Crosstalk operates on the same
frequencies as the intended muscles and can persist through filtering. To detect crosstalk, the
similarity between the optimally placed sensors (low probability of crosstalk) and the displaced
sensors (high probability of crosstalk) was calculated as a proxy measurement. Due to a lack of

specific papers focusing on similarity between displaced EMG signals, general signal similarity
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measures were used. The majority of cross correlation and cross covariance measurements
displayed phase lag values of 0, with a few outliers displaying values of -1. A value of 0 means
that the signals did not have to be shifted to achieve maximum similarity, and a value of -1 only
denotes minor shifting. The fact that both methods agreed confirms the irrelevance of phase
lag®23, Because of this, compositing methods or multiple channel analysis methods do not have
to correct for the presence of phase lag, leading to simpler and faster models.

Mean squared coherence measures similarity in the frequency domain. If no crosstalk is
present, then the signals should have greater similarity, while if crosstalk is present then the
signals will not be as similar. Similarity is also desired as the more similar two signals are, the
greater chance that the control program will categorize them in the same manner and respond
with the same methods. This measurement was simplified to coherence mean and coherence
deviation. Coherence mean represents the mean of all calculated mean squared coherence values
across the entire frequency domain. Coherence deviation is the standard deviation of that mean.
The coherence means +/- coherence deviations for all activities and muscles were 0.906+/-0.100
for Best Signals, 0.904+/-0.098 for Composite Signals, and 0.941+/-0.068 for Traditional SEMG
(p<0.01). The mean similarities between all signals were greater than 90%, with the lowest
possible value within the standard deviation being 80%. This high level of similarity is expected,
due to lower levels of signal change seen with displacement for other muscles. More research
needs to be done to determine the optimum similarity level needed for a control system to
consistently recognize the desired features. The difference between the two types of sensors is
just above 0.03, or 3% in the favor of the traditional SEMG sensors. Applying this standard

deviation to the coherence means, the majority of frequency coherence values for the Best Signal
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are located between 0.8 and 1.0, Composite Signals are located between 0.8 and 1.0, and
traditional SEMGs are between 0.87 and 1.0. Thus, traditional SEMG presents a closer grouping
of frequency similarities at a higher mean, denoting higher similarity overall. However, the
HDsSEMG-derived signals were over 80% similar in the frequency space. Similarity can drop due
to the presence of random noise and inherent variation in human movement, so a similarity value
of less than 1 is to be expected.

Activity had a significant impact on the coherence values (p<0.01). The coherence means
for Internal Turning, External Turning, and Straight Walking were 0.87 at highest for Best and
Composite Signals and 0.919 at highest for the traditional SEMG signal. This should be
compared to the lowest value of 0.926 for the other activities seen in Best and Composite
Signals, and the lowest value of 0.962 for traditional SEMG. The three activities with lower
coherence means displayed higher deviations, with the lowest HD-derived signal deviation being
0.132 compared to the highest of the other activities being 0.091, and the lowest of the three
activities being 0.091 for the traditional SEMG signal, with the highest of the other four being
0.055. Thus, straight walking, internal turning, and external turning display both lower overall
coherence levels and higher variation in original coherence values. A control system would need
to accept a wider degree of signal variance to accurately predict these activities. Muscle
significantly interacted with activity for coherence (p<0.01). All muscles except one maintained
similar coherence means between Best Signal and Composite Signal. The Biceps Femoris
displayed lower coherence values when composited, dropping from 0.901 to 0.890 on average,

with notable drops seen in the straight walking (0.812 to 0.795), external turn (0.843 to 0.812),
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and internal turn trials (0.845 to 0.835). This means that the Biceps Femoris muscle can be more
prone to interference due to crosstalk for certain activities.

The second hypothesis was disproven. While HDSEMG-derived signals display better
quality measures after displacement, it is caused by the initial lack of noise instead of mitigating
an increase in noise. Traditional SEMG signals were able to maintain higher similarity values
compared HDSEMG derived signals when displaced. Both crosstalk and signal variance were
affected by muscle and activity, with straight walking and internal/external turns displaying

lower coherence values.

Aim 3: Identify effective processing methods when using HDSEMG signals for prosthesis

control

Control systems look for various features from their inputs. The analysis methods can
range from amplitude-based feature detection’® to fractal vector analysis’?. Thus, the input
signals need to be free from distortion and have clear, consistent changes related to the activity.
Three different HDSEMG-derived signals were created. The hypothesis was that the Threshold
Signal would present a higher quality signal with less crosstalk than Composite and Best Signals
and that the Best Signal would present the least quality of the HDSEMG-derived signals. The
majority of HDSEMG papers focus on differences in content between individual electrodes,

instead of analyzing a combined HDSEMG signal.

Threshold Signal

When Composite and Threshold Signals were compared, the quality outputs were the

same, with only minor differences. This means that the resulting signals were the same, which
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was not expected. The 2 dB threshold was set too low meaning that all HDSEMG signals were
not overwhelmed by noise. Thresholding at this level is not relevant for prosthesis control. The
computational power can be saved for more accurate control measures or more comprehensive

signal combination processes.

Best Signal

The best signal presented the highest SNR values, with an optimal average value of 12.6
dB. The high SNR values were to be expected, as SNR was the selection criteria. This value
decreased by less than 1 dB when displaced, maintaining high SNR. These values fall within the
range expected for SEMG sensors®® "% and are above the 10 dB threshold. RMS changed when
displaced by 0.006, moving form 0.019 +/- 0.011 to 0.025 +/- 0.014 which was the highest
change of the three analyzed channels. Q values were the lowest of the three analyzed signal
types, with an optimal value of 2.03, above the 1.4 threshold but consistent with all experimental
readings. This increased to 2.04 with displacement, alongside the decrease in SNR showing an
increase in high frequency noise with displacement. The overall coherence mean was 0.906, with
a standard deviation of 0.100, denoting coherence greater than 80% after displacement. The Best

Signal creates a signal with a high level of quality and a low level of noise.

Composite Signal

The Composite Signal displayed lower SNR values than the Best Signal, with an optimal
placement mean of 10.3 dB and a displaced mean of 9.4 dB (p<0.01). This means that the
Composite Signal creation process allows more noise into the signal, dipping slightly below the
10 dB threshold, but still in the low end of the expected range. The time mean process did not

account for individual noise, so extra noise could have entered through multiple noisy channels.
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However, the decrease of 0.8 dB was similar to the Best Signal decrease of the same amount.
This means that displacement introduces a constant amount of noise into the HDSEMG signal.
However, these values fall within the range expected for SEMG sensors, even with the decrease.
Q in the Composite Signal decreased with displacement dropping from 2.071 to 2.066, still
above the threshold but in line with the other readings in this experiment. The coherence mean
was 0.904 with a deviation of 0.097. The compositing process used can mitigate the effects of
one or a few individual signals but allowed in extra noise.

The hypothesis was disproven due to Threshold Signal presenting the same values as the
Composite Signal, and the Composite Signal presenting less quality than the Best Signal. If
compositing methods are to be used, they need to be more comprehensive than time series mean

processing.

Conclusion

HDSEMG presents signals with less noise than traditional SEMG, but traditional SEMG
signals have higher relative signal strength. The initially high signal quality means that signal
degradation due to displacement, while still present, has comparatively less effect on HDSEMG
sensors than traditional SEMG sensors. HDSEMG channels have the potential to be combined to
produce better signals, but more advanced methods are needed than those presented here.
Traditional SEMG sensors were able to preserve the original signal more than HDSEMG sensors
when displaced, but specific activity and motion had more of an impact on signal similarity than
sensor type alone. Muscle selection affects the quality of the resulting data, with knee extensors,
and the Rectus Femoris in general presenting higher quality data. Therefore, future research on

HDsEMG based control methods should focus on creating new methods of combining the 16
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channels and using the extensors, particularly the Rectus Femoris, for intent detection. If flexors
are used, the Biceps Femoris should be avoided due to the potential for crosstalk when displaced.
HDsSEMG presents a method to get a more usable signal, but further experimentation with

processing methods is needed to determine the full potential of this technology.
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FUTURE WORK

Thresholding Methods

The thresholding method used in this project was simple, removing any channel that SNR
values less than 2 dB. However, that did not prove to be adequate, as the threshold signal output
was the same as the straight composite signal output. Different methods of setting the threshold
should be considered, as removing low quality channels can improve the resulting composite
signal.

One of the ways to improve thresholding would be to raise the SNR level. Because
HDSEMG sensors have 16 channels, stricter quality measures can be used. A signal with an SNR
value greater than 10 dB can be considered free of major sources of noise, which presents an
intuitive level to set the SNR threshold.

Another method of creating a better threshold would be to include other criteria. The
already presented quality measurements would make good candidates for inclusion, particularly
if one specific source of noise is leading to corruption. The relative weight of each factor
presents in the signal would need to be considered. Muscle-specific or device-specific
thresholding methods could be created to improve accuracy.

Another method of thresholding is comparing the similarity of each incoming signal and
removing those that display less similarity to the total group. This would work well for local
detachments, individual motion artifacts, or bursts of noise. However, if the entire sensor is
displaced, this method would fail. Testing to see the displacement needed to result in signal loss

for the majority of channels needs to be accomplished.
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The more complex a thresholding system gets, the more computationally intensive it is
compared to simpler systems. Prosthesis control must function in real time, presenting a limit to
how sophisticated this system can be. A cost-benefit analysis must be considered for future

threshold work.

Compositing Methods

Another area for improvement with HDSEMG signals is compositing methods. This study
used a very basic time series mean which did not fully remove all noise. More advanced methods
could create a signal with less noise. To accomplish this, the field of blind source selection
should be looked at’?. This is the method of finding the underlying signal from multiple sources
when the original signal is unknown. Many different methods exist to accomplish this. Machine
learning mechanisms that have been trained to combine the HDSEMG signals can be created to
make more accurate composite signals. The most promising one is canonical correlation analysis.
This method uses statistics and linear relationships to determine whether features are part of the
underlying signal or caused by noise’. This method has been used to successfully remove EMG
artifacts from EEG signals, proving that it is relevant to biological signal processing’. Another
method of compositing that was discovered is beam forming. The Delay Multiply and Sum
(DMAS) version of this uses an algorithm to combine signals”. However, this method is mostly
used for image data, such as ultrasound, and is focused on distortion caused by distance, which
does not seem to be much of a problem for HDSEMG. Therefore, while beam forming might
provide a solution, it is best to look towards other methods of compositing. Most HDSEMG work
has been focused on the differences between nearby sensor channels, and less on creating an

overall composite signal, this area is open for experimentation.
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However, as with thresholding, the compositing method used is restricted by time and
computational power. This would be particularly true for machine learning methods, as those
have to both be trained and need to work in real time. Therefore, the method chosen would need
to work on a limited window of data that is constantly moving, instead of creating a pre-made
composite signal. The size of that window and the speed at which the compositing happens
would need to be tested for effectiveness. Like with thresholding, a cost-benefit analysis of the
accuracy of the method compared with the time needed would need to be done, particularly if a

thresholding process is in effect.

Other Metrics to Consider

Specific mean squared coherence frequency values could be investigated, to determine
the specific frequencies causing dissimilarity. This would both show where crosstalk is
happening and the specific frequencies where noise is coming from. This could improve
HDsSEMG filter design. Other similarity methods exist to be considered, such as wavelet
coherence analysis’’. This analysis type provides a method of time domain similarity based on
magnitude squared methods in the time domain. It would be useful to use for prosthesis control,
as that occurs in real time, so time-domain similarity would be more important than power-
domain similarity.

Another factor to consider would be interactions between the 16 channels of the
HDsEMG array. Running similarity measures on all 16 compared to each other and compared to
a mean would reveal which channels are most likely to cause problems during compositing. If it
is found that quality and similarity correlate to locations, then thresholding could be improved,

particularly if the areas of displacement showed an increase in crosstalk. This could eventually
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lead to a control device being trained to recognize displacement or initial misplacement. It would
help to see whether different types of noise are more prevalent in different areas and whether
displacement changes the locations of that noise. Medial-lateral displacement could be

considered, as well as loss of contact caused by displacement.

Testing Measures

Signal quality and similarity are irrelevant if HDSEMG is not able to run a control
system. Determining cost-benefit analysis is a large part of this, but there would need to be
testing to see what can be predicted. This would start with predicting what activities are being
accomplished and then testing whether specific parts of those activities can be detected. This is
where factors such as window length would be tested. This initial testing would start with the
data collected, using the subjects and trials as a base to see if HDSEMG works as an intent
detection system. If a machine learning approach is taken, then some of that data would be used
as training data, and some would be used for testing. It would be of interest to determine how
much each individual subject’s data works with the control system and to see how much training
would be needed. Eventually, amputee data would be collected and tested by the same metrics to

confirm the use of the control system.

The Final Device

The final goal is to develop a prosthesis that has a control mechanism included based on
HDsEMG. Because the focus of this project is the control system, a device such as the Open
Source Leg can be used as a base, with the developed control system attached. Due to limited

computational strength, the HDSEMG sensors would most likely be attached to knee extensors
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due to their higher SNR levels, but a more advanced device would have HDSEMG attached to all
muscles. The control system developed in the real time testing would be loaded into the device
and tested using the same metrics as the real time testing. Once this has been successful, then
additional activities and movement types could be added. This provides an opportunity to see
how to adapt this system to amputees’ specific cases, and to determine whether the robustness
holds up in multiple situations. This device is still far away, but the data collected and presented

here are the first steps in that direction.



104

APPENDICES



105

APPENDIX A

MOTION CAPTURE MARKER LOCATIONS
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Figure 59: Skeleton created from motion capture markers. Markers were attached prior to
calibration of force plates and cameras and before SEMG sensor placement. Anterior and lateral
thigh and shank markers were used to determine body direction.
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The following markers were added to the participants for motion capture purposes. Overall
placements were based on a modified version of the plug-in gait marker setup used by Visual3D
used for previous studies in the lab. No direct data was taken from motion capture for this thesis,
but the data has potential to be correlated with force plate and EMG data in future studies. See
earlier figure for the computer model generated in Cortex from this setup. Markers were worn for
all activities and sensor conditions, and sensor location was measured first to prevent marker
interference.

e RFHD - Right Forward Head, placed on headband

e LFHD - Left Forward Head, placed on headband

e LBHD - Left Behind Head, placed on headband

e RBHD - Right Behind Head, based on headband

e C7 - Vertebrae at base of back of neck

e CLAV - Clavicle, placed on bone in center of bone V

e RBAK - Right Back, midway between C7 and T10

e STRN - Sternum, at bottom of breastbone

e T10 - Vertebrae on lower back, midway down

e RSHO - Right Shoulder, on bony process on upper part

e RUPA - Right Upper Arm, midway between shoulder and elbow, on exterior side

e RELB - Right Elbow, placed on exterior point of joint

e RFRA - Right Forearm, midway between elbow and wrist, on exterior side

e RWRA - Right Wrist, on bony process. Should be pointing upwards in T pose.

e RWRB - Right Wrist, on bony process. Should be pointing downwards in T pose
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RFIN - Right Finger, placed on top of the middle knuckle
LSHO - Left Shoulder, on bony process on upper part
LUPA - Left Upper Arm, midway between shoulder and elbow, on exterior side
LELB - Left Elbow, placed on exterior point of joint
LFRA - Left Forearm, midway between elbow and wrist, on exterior side
LWRA - Left Wrist, on bony process. Should be pointing upwards in T pose.
LWRB - Left Wrist, on bony process. Should be pointing downwards in T pose
LFIN - Left Finger, placed on top of the middle knuckle
RASI - Right Front Hip, on bony curve
LASI - Left Front Hip, opposite RASI
LPSI - Left Back Hip, on bony protrusion near tailbone
RPSI - Right Back Hip, across from LPSI
RILC - Right Iliac Crest, top of hip bone on person’s side
LILC - Left Iliac Crest, top of hip bone on person’s side
RGTR - Right Greater Trochanter, placed on bony area where hip rotates
RTHI - Right Thigh, on outside of thigh, placed lower than RATH
RATH - Right Anterior Thigh, front of thigh, placed higher than RTHI
RKNE - Right Knee, Outside
RMFC - Right Knee, Inside
RTTB - Right Tibial Tuberosity, placed on front, just below knee
RLSH - Right Lateral Shank, on outside shank, lower than RASH

RASH - Right Anterior Shank, on front of shank, higher than RLSH
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RANK - Right Ankle, Outside
RMMA - Right Ankle, Inside
RMT1 - Right Big Toe
RTOE - Right Middle Toe
RMTS5 - Right Pinky Toe
RLCC - Right Foot, below and slightly behind heel marker on lateral side
RHEE - Right Heel, placed on back of shoe and facing backwards
LGTR - Left Greater Trochanter, placed on bony area where hip rotates
LTHI - Left Thigh, on outside of thigh, higher than LATH
LATH - Left Anterior Thigh, on forward side of thigh, lower than LTHI
LKNE - Left Knee, Outside
LMFC - Left Knee, Inside
LTTB - Left Tibial Tuberosity, placed on front, just below knee
LLSH - Left Lateral Shank, outside of shank, higher than LASH
LASH - Left Anterior Shank, front of shank, lower than LLSH
LANK - Left Ankle, Outside
LMMA - Left Ankle, Inside
LMT1 - Left Big Toe
LTOE - Left Middle Toe
LMTS5 - Left Pinky Toe
LLCC - Left Foot, below and slightly behind heel marker on lateral side

LHEE - Left Heel, placed on back of shoe and facing backwards
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APPENDIX B

NON-LOG DATA FOR RMS AND DP
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Figure 60: Violin graph of raw DP for Internal Turn. Opt is optimal placement, disp is displaced.
Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional
SEMG. Note presence of outliers for Vastus Lateralis (top left), Biceps Femoris (bottom left),
and Rectus Femoris (top right).
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Figure 61: Violin graph of raw DP for External Turn. Opt is optimal placement, disp is
displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Note presence of outliers for Vastus Lateralis (top left) and Biceps Femoris

(bottom right).
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Straight Walking
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Figure 62: Violin graph of raw DP for Straight Walking. Opt is optimal placement, disp is
displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Note presence of outliers for Vastus Lateralis (top left).
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Figure 63: Violin graph of raw DP for Stair Walking. Opt is optimal placement, disp is
displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Note presence of outliers for Vastus Lateralis (top left) and Rectus Femoris

(top right).
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Figure 64: Violin graph of raw DP for Ramp Walking. Opt is optimal placement, disp is
displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Note extreme outliers for Vastus Lateralis (top left).
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Figure 65: Violin graph of raw DP for Sit to Stand. Opt is optimal placement, disp is displaced.
Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is Traditional
SEMG. Note presence of outliers for Vastus Lateralis (top left) and Rectus Femoris (top right).
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Body Weight Squat
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Figure 66: Violin graph of raw DP for Body Weight Squat. Opt is optimal placement, disp is
displaced. Best (left) is Best Signal, Comp (middle) is Composite Signal, SEMG (right) is
Traditional SEMG. Outliers are not as pronounced for this activity.
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Figure 67: Violin graph of raw RMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG. Note extra outliers in various conditions.
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Figure 68: Violin graph of raw RMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG. Note differences in spread between muscles and
sensors, particularly for displaced Best and Comp for Biceps Femoris (bottom left) and
Semitendinosus (bottom right).
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Figure 69: Violin graph of raw RMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG. Note differences in spread between muscles and
sensors, particularly for displaced Best and Comp for Biceps Femoris (bottom left) and
Semitendinosus (bottom right).
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Figure 70: Violin graph of raw RMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG. Note differences in spread between muscles and
sensors, particularly for displaced Best and Comp for Biceps Femoris (bottom left) and
Semitendinosus (bottom right).
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Figure 71: Violin graph of raw RMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG. Note differences in spread between muscles and
sensors, particularly for Rectus Femoris (top right).
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Figure 72: Violin graph of raw RMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG. Note differences in spread between muscles and

SENSOrs.
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Figure 73: Violin graph of raw RMS (Root Mean Squared) for Body Weight Squats. Opt is
optimal placement, disp is displaced. Best (left) is Best Signal, Comp (middle) is Composite
Signal, SEMG (right) is Traditional SEMG. Note differences in spread between muscles and

SENSOrs.
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APPENDIX C

NORMALIZATION PROCEDURES



126

The best course for normalizing EMG signals is to use maximum voluntary contractions
(MVC) for each muscle. In this procedure, the participant is asked to flex the target muscle as
hard as possible when provided the correct resistance, either through an experimenter’s hand, a
physical obstacle, or a resistance machine such as a Biodex. This is guaranteed to give the
maximum possible activation value. In some cases, as with this experiment, collecting MVC data
is not feasible. For this experiment, battery life of the equipment compared to the time needed to
complete an experiment run. Sensor switching makes the collecting of four MVCs necessary.
Therefore, an alternate method was determined. Normalization works by comparing magnitudes
of signals to the magnitude of a greater, yet relevant, signal. It has been proposed in situations
where collecting MVCs is not feasible to normalize to a point in the signals collected. One study
compared normalization found through this method to normalization of the same activities
through a pre-collected MV C'8. It was found that the higher number of trials and the more
variety of movements included, the closer the in-signal normalized values were to the MVVC
normalized values. It was decided that all trials and activities would be considered during
normalization for this research. Both optimal and displaced sensor conditions would be
considered together so that relative RMS and changes in RMS could be determined. It was
decided to split each muscle into its own normalization system, to limit interference from

different muscle activities. It was also decided to split normalization by sensor type.
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