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ABSTRACT

Clinical gait analysis currently involves either an expensive analysis in a motion labora-
tory, using highly accurate, if cumbersome, kinematic systems, or a qualitative analysis
with a physician or physical therapist making visual observations. There is a need for a
low cost device that falls in between these two methods, and can provide quantitative and
repeatable results. In addition, continuous monitoring of gait would be useful for real-time
physical rehabilitation.

To free patients from the confines of a motion laboratory, this thesis has resulted in a wire-
less wearable system capable of measuring many parameters relevant to gait analysis. The
extensive sensor suite includes three orthogonal accelerometers, and three orthogonal
gyroscopes, four force sensors, two bi-directional bend sensors, two dynamic pressure
sensors, as well as electric field height sensors. The "GaitShoe" was built to be worn on
any shoes, without interfering with gait, and was designed to collect data unobtrusively, in
any environment, and over long periods of time.

Subject testing of the GaitShoe was carried out on ten healthy subjects with normal gait
and five subjects with Parkinson’s disease. The calibrated sensor outputs were analyzed,
and compared to results obtained simultaneously from The Massachusetts General Hospi-
tal Biomotion Lab; the GaitShoe proved highly capable of detecting heel strike and toe
off, as well as estimating orientation and position of the subject. A wide variety of features
were developed from the calibrated sensor outputs, for use with standard pattern recogni-
tion techniques to classify the gait of the subject. The results of the classification demon-
strated the ability of the GaitShoe to identify the subjects with Parkinson's disease, as well
as individual subjects. Real-time feedback methods were developed to investigate the fea-
sibility of using the continuous monitoring of gait for physical therapy and rehabilitation.
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Chapter 1

INTRODUCTION

Clinical gait analysis is the investigation of the pattern of walking. At present, gait analy-
sis is primarily carried out in one of two ways: in a motion laboratory, with full analysis of
the motion of all body segments using highly accurate computer-based force sensors and
optical tracking systems, or in an office with the clinician making visual observations. The
first method is expensive, requires the maintenance of a dedicated motion lab, and uses
cumbersome equipment attached to the patient, but produces well-quantified and accurate
results for short distances. The second method is inexpensive and does not require any
equipment, but the results are qualitative, unreliable, and difficult to compare across mul-

tiple visits.

There is a need for a low cost device that falls in between these two methods, and is capa-
ble of providing quantitative and repeatable results. In addition, there is a need for long
term monitoring of gait, as well as quick diagnosis of chronic walking problems. Also,
there is a need to be able to quantitatively analyze gait for patients who do not have access

to motion analysis labs, such as is the case in economically disadvantaged locations.

This thesis discusses the development of an on-shoe system for continuous monitoring of
gait. This system includes an instrumented insole and a removable instrumented shoe
attachment. The data are sent wirelessly, providing information about the three-dimen-
sional motion, position, and pressure distribution of the foot. The system was indepen-

dently calibrated and analyzed, and was tested on fifteen subjects. The results from these
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subjects were compared to the results from the gait analysis system at the Massachusetts
General Hospital (MGH) Biomotion Lab.

1.1 Thesis Statement

The goal of this thesis was to design, build, calibrate, analyze, and use a wireless wearable
system capable of measuring an unprecedented number of parameters relevant to gait. The
system was designed to collect data unobtrusively, and in any walking environment, over
long periods of time. It was built to be worn on the shoes, without interfering with gait.
The sensors were calibrated, and the calibrated data were analyzed for information about
the gait of the user, and the results of the gait analysis were validated against results from
the optical tracking system in use at the MGH Biomotion Lab. The calibrated data were
also used to generate features, which were used to classify the gait of the subject, using
standard pattern recognition techniques. The system was also used to investigate real-time

therapeutic feedback.

1.2 Motivation

Quantitative evaluation of gait is currently limited by the availability and the size of
motion analysis labs. Motion analysis labs are expensive to maintain, and are typically
only found in hospitals in large urban areas. Typically, patients can only walk about 7-10
meters per trial, and have one chance per trial to step on a disguised force plate. Alterna-
tively, many physicians and physical therapists rely instead on observational gait analysis
to evaluate patients. While well-trained medical specialists are undoubtedly capable of
discerning a great deal of information about their patients' gait, small changes may be hard
to detect, and a qualitative observation is difficult to compare between office visits or dif-
ferent specialists. Evaluation of common podiatric problems would be enhanced by an
inexpensive method of quantitative evaluation. For instance, people with diabetes are
often fitted with orthotics to improve their gait and reduce their chances of developing

ulcerations on their feet; a straightforward and repeatable method of evaluating gait before
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and after use of an orthotic would be desirable to optimize its shape and placement. His-
torically, orthotics have not been designed following systematic design procedures, but in

an ad hoc manner, relying on the individual expertise of the orthotist [1].

In addition, gait and changes in gait are surrogate markers for a variety of other medically
important phenomena: developmental maturation, likelihood of falling, and recovery from
a stroke. Change in gait over extended time is used in neurological exams to diagnose
dementias, and can be used to assess the adequacy of pharmacologic therapy in a number

of neurologic/psychiatric disorders.

Finally, the development of a wearable wireless system has been greatly enabled by the
many recent and on-going advances in sensor technology that have resulted in sensors

which are small and inexpensive.

1.3 Project Description

The research sought to create a system that will provide instrumented gait analysis outside
of traditional, expensive motion labs. Such a system has the potential to be highly infor-
mative by allowing data collection throughout the day in a variety of environments, thus
providing a vast quantity of long-term data not obtainable with current gait analysis sys-

tems.

The top-level functional requirements for this system are:

1. Effect no change in gait.

2. Characterize the motion of both feet.

3. Be untethered.

4. Allow the subject to use his or her own shoes.

To meet these requirements, an on-shoe system has been designed and developed. The on-
shoe components were configured in such a way that gait was minimally affected, and
such that they could be readily fixed to a variety of typical walking shoes. The system was

replete with sensors, with the goal of measuring more parameters than would otherwise be
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necessary for any one application, essentially providing a wearable podiatric laboratory. A
power source was contained on-shoe, and the system used wireless protocols to communi-
cate between shoes and to transmit the data to a base-station; no cables of any sort were

attached to either shoe.

This research evaluated the system both in persons with normal gait, and in elders with
Parkinson’s disease (PD). Subjects with PD were included for the purpose of evaluating
the data in a population with altered gait. As indicated in recent research, the PD popula-
tion would benefit from having a system which would allow evaluation of gait at home, by
providing better information about gait abnormalities present in everyday life that have
not traditionally been captured in analyses carried out in motion laboratories [2]. For
example, this could provide the ability to titrate medication doses to the patient’s current,

rather than the average, needs.

1.4 Important Gait Parameters

As mentioned above, this thesis sought to create a system capable of providing clinically
relevant information about gait. "Clinically relevant™ is, of course, a subjective term which
is certainly defined in many different ways. Therefore, to direct the design of the system,
certain parameters of gait were identified (through a review of the literature about gait
analysis and meetings with the physical therapists in the MGH Biomotion Lab) as impor-

tant for the system to measure. The following gait measurements were identified:

1. Heel strike timing.

2. Toe off timing.

3. Dorsi-/plantar- flexion.
4. Stride length.

5. Stride velocity.

The system described within this thesis is designed so that, at a minimum, it is capable of
characterizing these specific parameters of gait. The results for these and other parameters

and were compared to those obtained by the system in use at the MGH Biomotion Lab;
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this comparison was used to validate the system and to make a statement about the clinical

relevance of the information resulting from the on-shoe system.

1.5 Summary of Contributions
The work completed for this thesis has resulted in the following:
1. Arobust wireless two-shoe system, capable of measuring many gait-relevant

parameters, and including shoe attachments, insoles, and base-station.

2. Data collection from ten subjects with normal gait, and from five subjects
with Parkinson’s disease (PD).

3. Techniques for calibration of the system.

4. Methods for analysis of gait features, including "important gait parameters”
(heel strike timing, toe off timing, dorsi-/plantar- flexion, stride length, and
stride velocity).

5. Determination of features from the sensor outputs, classification of gait as
gait of healthy subjects or gait of subjects with Parkinson’s disease, and clas-
sification of the gait of ten individual subjects.

6. Identification of two features which distinguish normal gait from the gait of
subjects with Parkinson’s disease.

7. Investigation into the use of interactive real-time therapeutic feedback.
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Chapter 2

BACKGROUND

To provide an understanding for the need of a wireless gait system, this chapter discusses
the prior work in the field, as well as the current state of the art. In addition, the clinical

need for this system is discussed.

2.1 Prior Work

There is extensive prior research investigating alternatives to the traditional motion lab for
gait analysis. The obvious advantage of directly measuring the pressure distribution
beneath the foot has driven many of the early shoe-based systems. The shrinking size of

data storage has further encouraged the development of non-tethered systems.

2.1.1 On-Shoe Research Systems

Efforts to take measurements more directly at the foot interface go back to at least the
1960’s, with most early work focusing on various pressure sensors on an insole to gauge

the pressure distribution beneath the foot.

While there are obvious advantages in taking measurements directly, there are some
potential disadvantages with instrumented shoes. For instance, if accurate measurements
of pressure underneath anatomical landmarks are required, sensor placement must either
be guessed at, or an initial test must be done to determine correct placement. The place-

ment of the sensors must be durable enough to prevent movement within the shoe during
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walking. The sensors themselves must be robust enough to withstand the normal and shear
forces of walking, as well as the warm, humid climate inside the shoe. In addition, consid-
eration must be made so that the instrumentation itself does not affect the gait. These limi-
tations need to be taken into consideration during the design of any instrumented
shoes [3].

Instrumented Insole for Pressure Distribution

In 1990, Wertsch et al [4] developed an exceptional system for measuring the pressure dis-
tribution beneath the foot. They first had each subject walk on inked paper to determine
the locations of seven high pressure points corresponding to the five metatarsal heads, the
big toe, and the heel center. They then placed seven force sensitive resistors (FSRs) at
these locations, creating a specific insole for each foot of each subject. A seven channel
amplification circuit was attached to each lower leg, and one shielded cable ran up each
leg to a belt anchor. Both of the shielded cables were 10 m in length, and extended to con-
nect to the analog-to-digital converter in a PC and to a power supply for the amplification
circuit. Computer software was developed to collect and store the data, as well as to dis-
play the readings of all fourteen sensors in real-time, in two formats: bar graphs showing
the pressure amplitude, and strip charts showing pressure vs. time. Although limited by
requiring the subject to be tethered, this system gave detailed information about the pres-

sure distribution beneath the foot, and provided those results in real-time.

Data collected with their device has led to a number of papers, including one quantifying
the differences between shuffling and walking [5], and between sensate and insensate (no
or little sensation in the foot) subjects [6]. In the latter study, the results led to a caution
against drawing conclusions from a short segment of gait analysis in patients with sensory
impairment, as a large step-to-step variation was found in these patients. This further

emphasizes the need for a device capable of collecting data over a long time period.
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Instrumented Insole for Gait Timing

In 1994, Hausdorff et al [7] developed a simple standalone "footswitch™ system capable of
detecting several of the temporal gait parameters. Their system consisted of two FSRs on
an insole. The insole was cut from tracings of the subjects' feet on a manila folder, and the
two FSRs (each square, 1.5 inches per side) were positioned under the heel and in the gen-
eral area under the toes and metatarsals. The initial work used a circuit with a battery and
data storage that was placed in the pants pocket of the subject; following work resulted in
a single pack worn on the ankle [8] [9]. After collecting data, it was analyzed and com-
pared to data taken simultaneously on commercial force plates. Calculations by their
device found stance duration to be within 3% and swing and stride duration within 5% as

compared to the results from the force plate.

Because the outputs of the FSRs were connected in parallel for hardware simplicity, they
act as a single combined sensor. This does not affect the case where both sensors are
active, or where both sensors are not active. However, this results in a loss of information
if only one of the sensors is active, because it cannot distinguish between the two. For the
calculations of gait timing, they did not find this to be a drawback; however the outputs of

the FSRs on our insole were not combined, so that all the information can be utilized.

They have used the data from their insole to find patterns in gait [10], which they have
been able to use to predict the maturation of gait in children [8], and the likelihood of fall-
ing in the elderly [9]. This simple device demonstrates that with only two FSRs, some
types of abnormalities in gait can be distinguished from normal gait. This device is cur-

rently limited by the lack of real-time feedback.

Instrumented Insole for Conditions at the Foot Interface

More recent work resulting in shoe-based sensor systems with increasingly sophisticated
measurement capabilities have been driven by sub-specialty interests in gait analysis. For

diabetics, Morley et al [11] have developed an insole-based system to quantify the condi-
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tions inside the shoe, with the goal of being able to predict progression of skin breakdown

and ulceration in diabetic patients with peripheral neuropathy.

The laminated insole developed by Morley et al had pressure, temperature and humidity
sensors designed to investigate the conditions at the foot interface. Combined pressure and
temperature sensors were located beneath the heel and the region of the medial metatarsal
head, pressure sensors were additionally located in the region of the central and lateral
medial metatarsal heads, and a single humidity sensor was located centrally at the toes.
Flexible wiring connected the insole to an electronics module and two AA batteries. These
were located in a plastic enclosure, which was strapped to the calf of the subject. The data
were stored on-board and uploaded to a computer via the serial port. It can currently store
4.5 hours worth of data, but with the implementation of data compression schemes, the
data storage is expected to increase to 12-16 hours, to be able to cover a full day. They
foresee a potential use of the device as an activity monitor for patients with diabetes, coro-

nary heart disease, and/or obesity, to see if the subjects meet prescribed activity levels.

In initial work with their device [12], they were able to detect quantitatively distinct varia-
tions in pressure patterns that corresponded to different activities, and were able to corre-
late their results with previous studies. They have not yet published work investigating the
tracking of the temperature and humidity sensors. Limitations of this device include
restricted data storage capacity, a reported breakdown of connections, and the lack of real-

time feedback.

Instrumented Insole and Shoe-based Gyroscope Device for Detection of Gait Timing

Another area of research driving devices capable of capturing information about gait is the
development of neuroprosthetics used for walking assistance. Neuroprosthetics require
inputs to trigger the functional electrical stimulation (FES) used to assist the patient in
making the walking motions. Pappas et al [13] have developed a shoe and insole device
capable of detecting four events during walking: stance, heel-off, swing, and heel-strike,

as well as detecting whether the subject is walking or standing. Three FSRs are located on
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an insole, one under the heel, and two at the inner and first and fourth metatarsal heads.
The two FSRs at the metatarsal heads provided information about asymmetrical loading of
the foot. The FSRs were taped onto a 3mm insole, and their positions were adjusted for
each subject. Their system also included a gyroscope, which was attached to the back of
the shoe, placed such that the sensing axis was perpendicular to the sagittal plane, provid-

ing measurements of rotation in the sagittal plane.

They implemented a pattern recognition algorithm with their system. In this algorithm,
they divided the gait cycle into two distinct phases (stance, swing) and two distinct events
(heel-off, heel-strike). There were seven possible transitions between these (stance to heel-
off or directly to swing, heel off to swing or back to stance, swing to heel strike or directly
back to stance, and heel strike to stance). Data from the FSRs and from the gyroscope
were used to define the transitions. They verified their algorithm by comparing the data
with results from a commercial motion analysis system using optical motion analysis (a
Vicon 370 from Oxford Metrics Ltd.). In addition to testing their algorithm with walking
and running speeds ranging from 0.5 to 12 km/hour, they challenged it with non-walking
motions: sliding of the feet, standing up, sitting down, and shifting weight during stand-
ing. Their classification algorithm achieved a 99% detection rate for normal subjects and a
96% detection rate for subjects with impaired gait, as compared with the commercial sys-
tem, with a detection delay of less than 90 ms. These results demonstrate that on-shoe sys-
tems with gyroscopes and FSRs are able to achieve comparable results to commercial

optical systems.

More recent work [14] has resulted in an insole-only system where the gyroscope and a
microcontroller have been embedded in the insole. Using the results from their previous
work, the system was used on two subjects with incomplete spinal injury resulting in drop-
foot. The system was used to trigger functional electrical stimulation (FES), and they were
able to demonstrate a functional benefit of using it, for both subjects, while walking hori-

zontally, uphill, downhill, and while sitting and standing.
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This device was developed in order to detect two specific phases (stance, swing) and two
specific events (heel strike, heel off) which occur during gait, in order to accurately trigger
the electrical stimulation by neuroprosthetics used for walking assistance. As such, it only
measures rotation of the foot in the sagittal plane. However, the system described within
this thesis will be capable of quantifying motion of the foot in three axes, so it will include

two additional gyroscopes, as well as three axes of accelerometers.

2.1.2 Off-Shoe Approaches

In addition to research into on-shoe devices, there has also been work in developing differ-
ent types of instrumented laboratory spaces. One method of deriving more information
about the foot is to instrument the surface on which the subject walks. This approach can
be used both in the gait lab, as well as in the clinical setting. Cutlip et al [15] have devel-
oped an instrumented walkway 4.6 m in length, and have demonstrated the ability to cal-
culate correct values for step period, stance duration and swing duration. Their system is
also capable of calculating step length and stride velocity, although it was more accurate at
low speeds, and less accurate when the subjects walked more quickly. Giacomozzi and
Macellari [16] have developed a "piezo-dynamometric platform™ which can be used
instead of a force platform. They have shown their system to be highly accurate at calcu-
lating the center of pressure of the foot. The ability to measure the pressure distribution at
the floor interface allows users of this system to walk without any hardware attached to
their shoes or feet. However, these types of systems constrain the walking distance of each
trial to the length of the measuring platform. Also, these types of systems do not provide

any information about the motion of the foot above the platform.

2.1.3 Gait Recognition Systems

A number of research platforms have been developed to recognize gait without instru-
menting the subject. Analysis of videotaped subjects is of particular interest, and has
received significant funding from DARPA for the "HumanlID at a Distance™ program, for

potential use as a biometric identifier; earlier work on video analysis of gait was done at
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the MIT Media Lab by Jim Davis [17]. At the University of Southampton, UK, research-
ers have been able to recognize subjects from videos, with results better than 80% for
walking gait, and better than 90% for running gait, in a study with 20 subjects [18].
Researchers at the MIT Al Lab have achieved similar results, with better than 84% recog-
nition using videos of walking gait, over 25 subjects [19]. At Georgia Tech, work is in
progress both using video analysis [20], as well as a separate initiative using radar to ana-
lyze the gait cycle [21]. In addition the Aware Home project at Georgia Tech has resulted
in a "Smart Floor" that includes ten tiles, each supported by four industrial load cells. The
ground reaction force profiles measured across the tiles were capable of correctly identify-
ing subjects 90% of the time, from a sample population on the order of ten people [22]. A
group at the University of Oulo, Finland, also used a pressure-sensitive floor to recognize
gait; with three successive footsteps, they were able to recognize gait correctly 89% of the

time, for a sample of eleven people [23].

2.1.4 Commercial Systems

A variety of shoe interfaces have been developed commercially, with a wide range of
applications. Taptronics developed a dance interface with a pair of piezoelectric tap detec-
tors at the toe and the heel [24]. Force sensors have been used by ProBalance [25] for anal-
ysis of the golf swing, while inertial sensors have been used by Acceleron [26], Reebok
(the Traxtar) [27], FitSense [28], and other companies for other athletic applications (pri-
marily for runners). An example of a runner-specific shoe is the Raven from Vectrasense,
a running shoe that detects whether the user is running or walking, and adjusts an air blad-
der within the frontal area of the shoe, such that the air bladder is filled for running to pro-
vide more support, and the air bladder is emptied slightly for walking to provide more
cushioning [29]. A product poised to become available in late 2004 is the "1" from Adi-
das, a running shoe with an on-board microcontroller, Hall effect sensors to measure the
change in heel compression, and a motor to adjust tension in a stainless steel cord in the

heel to achieve the user’s desired heel compression [30] [31].
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For medical applications, Tekscan and Clevemed, among others, have developed insoles
which measure pressure distribution [32] [33]. NCSA’s Cyberboots use a pressure sensor
array in an overshoe to provide walking interaction in a virtual reality environment [34].
In addition, MiniSun markets "The IDEEA LifeGait System", which uses the outputs of
accelerometers placed on various parts of the body with "artificial intelligence" algorithms

to determine a number of parameters relating to gait and motion [35].

Of all these products, FitSense and Acceleron have developed systems most closely
related to this research [26] [36] [37]. Acceleron has developed a sensor which attaches to
the laces or within the insole of a shoe, and measures linear acceleration in three axes,
transferring the data wirelessly and in real-time; they have obtained two patents on their
technology. In the patents, they describe the use of accelerometers and rotation sensors in
conjunction with an electronic circuit which carries out math calculations. They detail the
methodology and the equations they use to calculate the distance, speed, and height
jumped. In the later patent [37], they describe using radio frequency to send data from the
sensors to a wristwatch or a remote device; this patent also describes the inclusion of a
GPS device for direction and location information; details about the accuracy of the mea-
surements and calculations were not available. The FitSense FS-1 system similarly
attaches to the laces of a shoe, and transmits distance and speed to a watch (it also has an
optional heart rate monitor); it has a reported accuracy of 98% [28]. While these systems
accomplish some of the goals of this research project, neither system has the extent of sen-
sors used in this research, and neither attempts to fully describe the gait in a manner that
can be used as a clinical supplement to the motion analysis laboratory, and could be devel-

oped for a recreation sports product.

2.1.5 Expressive Footware: Instrumented Insole and Multiple Shoe-
Based Sensors

The work in this thesis developed from the Expressive Footware project developed by Dr.
Joseph Paradiso, and students in the Responsive Environments Group at the MIT Media

Lab [38]. The Expressive Footware project resulted in a pair of running shoes that were
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each equipped with a wireless sensor board and an instrumented insole. Each insole mea-
sured dynamic pressure at the heel, bidirectional bend of the insole, the height of each foot
above a conducting mat on the floor, and had three FSRs: two placed roughly under the
medial and lateral metatarsal heads (to allow the dancer easy control by leaning left or
right), and one outside the shoe, mounted at the toe. Each sensor board was permanently
attached to the lateral side of the shoe, and contained a gyroscope for the angular rate of
the foot about the vertical axis, a three-axis compass to determine the orientation of the
foot relative to the Earth's local magnetic field, two axes of acceleration (the two axes in
the plane of the sensor card), and three axes of shock acceleration. Finally, an integrated
sonar receiver on each sensor board, in conjunction with four sonar transmitters on the
floor, provided the position of each foot in the plane of the floor. This system was built for
control, not for measurement; the sensor outputs were not saved for analysis, but were
used to directly control real-time musical outputs, generated by a computer that inter-

preted the basestation data stream with an elaborate rule base.

This highly instrumented shoe was worn by dancers and the outputs of the sensors were
used to interactively control music. It was completely wireless, with all hardware located
directly on the shoe, and provided real-time control of the musical mappings. It reached
high acclaim in the dance community, and was recognized with the Discover Award for
Technical Innovation in 2000. It is shown in Figure 2.1, with the shoe hardware in the

foreground, and sensor outputs in the background.
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After using this device extensively in interactive dance, Prof. Paradiso became interested
in further developing it as a medical tool for quantifying the motion of the foot. This inter-
est, combined with interest from collaborators at the MGH Biomotion Lab led to the initi-

ation of this thesis.

2.2 Current State of the Art

Clinical gait analysis is currently carried out in two very different ways. One is visual

observation, and the other is analysis in a motion laboratory.

2.2.1 Observational Gait Analysis

Observational gait analysis (OGA) consists of a well-trained physician or physical thera-
pist assessing patients by watching them walk, either in real-time or on a videotape. This
method requires no specialized equipment other than a video camera and no cost beyond

the clinician’s time and training; however, it is entirely qualitative.

A study on the reliability of OGA in children with lower-limb disabilities examined the
ratings on a three point scale, as rated by three experts observing fifteen subjects on video-
tape; the raters agreed on fewer than 7 ratings out of 10 [39]. Another study looked at the
reliability of analyzing knee motion of three different subjects with gait changes due to
rheumatoid arthritis, on videotape, as rated by fifty-four licensed physical therapists; this

study found only slight to moderate agreement between the raters [40].

A recent effort reviewed fourteen studies (including the two mentioned above) that inves-
tigated the reliability of OGA, and found that the majority of studies concluded that quali-
tative observation of gait has poor to moderate reliability [41]. The authors also evaluated
OGA, using eighteen physical therapists who routinely use OGA to assess changes in gait
following a stroke. The therapists were shown a video, and asked to evaluate ankle power
generation by rating each subject on a 22-point scale; the video included an audible tone at

heel strike. The subjects were also evaluated using reflective markers and a camera-based
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motion analysis system. Under these highly systematized evaluation conditions, the thera-
pists were able to demonstrate moderate to high reliability in their ratings, as compared

with the results from the motion analysis system.

2.2.2 Overview of Clinical Gait Analysis

Comprehensive gait analysis is generally used for the assessment of a patient with a move-
ment disorder. There are as many as five components to the gait analysis [42]:
1. Videotape Examination: to observe gait abnormalities [in slow motion or
freeze-frame]

2. Temporo-Distance Parameters: cadence, stride length, speed [may be mea-
sured manually]

3. Kinematic Analysis: measurement of movement [usually measured with
cameras, LEDs, IR]

4. Kinetic Measurement: forces between foot and ground [usually measured
with force plate]

5. Electromyography: electrical activity of muscles [surface or fine wire elec-
trodes]

All components are not necessarily used, especially when a motion analysis lab is utilized,
as often the bulk of the gait analysis is performed employing the data from the kinematic
analysis and kinetic measurements. Data from these can also be used to calculate the tem-
poro-distance gait parameters. Electromyography (EMG) is used less often than the other
techniques; surface electrodes may have trouble sensing deep muscles and are less accu-
rate than the data obtained from fine wire electrodes, which can be painful to the
patient [43].

While this is a very accurate method of measuring all the parameters of gait, it requires
expensive equipment, and a dedicated lab space, usually a minimum of 10 meters x 10
meters. This size means that subjects cannot walk very far before stopping and turning
around. Investigators have found that, in general, a minimum of two trials are needed and
better results are achieved when data from multiple trials are averaged, since data from a

single trial are too variable to rely on alone [44]. In addition, the subject must step directly
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on the force plate in order to obtain an accurate measurement; however, asking the subject

to aim for the force plate may result in an alteration of the subject's gait, called "targeting."

The following sections discuss different methods used for kinematic analysis; the technol-
ogy has been driven in part by the computer graphics and animation industries. For exam-
ple, a group at Laboratoire d'Electronique de Technologie de I'Information (LET]I), France,
is investigating the use of three axis sensors (with accelerometers and magnetometers) for
the purpose of using these small sensors in wearable clothing to improving motion capture
for 3D virtual worlds [45].

2.2.3 Optoelectronic Systems

An optoelectronic system involves placing light emitting diodes (LEDs) on the subject.
The LEDs are turned on sequentially by a computer, and viewed by a camera. Because the
computer triggers the LEDs, there is no question about which LED is viewed by the cam-
era at a given time point. However, reflection off the floor, or other surfaces reflective to

infrared, such as human skin, can reduce the accuracy of the system.

The system in use at the Massachusetts General Hospital (MGH) Biomotion Lab uses a
Selspot Il system (Selective Electronics, Partille, Sweden) to serially sample up to 64
infrared LEDs, arranged in arrays, at a rate of 153 Hz. The LED arrays are placed on
eleven body segments (bilaterally: feet, shanks, thighs, arms; and, the pelvis, trunk, and
head). The TRACK kinematic data analysis software package is used to generate photo-
stereogrammetric reconstruction of the 3-D positions of the LEDs and to define the six
degree of freedom kinematics of the arrays [46]. Within the viewing volume?, this system
is capable of accurately defining the 3D positions of each body segment to within 1 mm,
and the three orientations to within 1 degree, though actual results during testing may

vary. With the technology currently in use, this system requires the subject to be wired

1. The viewing volume is the area of the room visible to the cameras that sample the LED output; in the
Massachusetts General Hospital Biomotion Lab, the viewing volume has a width just under 2 m along the
direction of forward gait.
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("tethered") to the computer, though it is likely possible to convert the system to a wireless

system.

In addition, two Kistler piezoelectric force plates (Kistler Instruments Type 9281A, Win-
terthur, Switzerland) are used to acquire ground reaction forces; this system has an accu-
racy of £1% of full scale; as set in the MGH Biomotion Lab (BML), this corresponds to
+10 N of vertical force, and +5 N of shear force, for forces and frequencies encountered
during gait (the unloaded force plate is recalibrated to a load of O N after each gait trial)
[47] [48]. A photo of a subject instrumented with the MGH Biomotion Lab equipment is

shown in Figure 2.2.

Figure 2.2 A subject at the MGH Biomotion Lab

2.2.4 Videographic Systems

Systems using videography with reflective markers are the most frequently used system in

motion analysis labs. This type of system involves placing markers which are highly
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reflective on the subject. The markers are illuminated and viewed by cameras; illumina-
tion is generally achieved with infrared lights or an infrared strobe located near the cam-
era. This type of system allows the subject to walk untethered, however, not all markers
may be illuminated a given time point. This results in the need for significant post process-

ing to sort and identify the markers.

Two major manufacturers of such systems are Vicon Motion Systems and Motion Analy-
sis Corporation. Vicon systems can be set up with as many as 24 cameras; the top of the
line M2 camera has 1280 x 1024 resolution (with a digital CMOS sensor), and can capture
up to 1000 frames per second [49]. Motion Analysis Corporation has more than 600 sys-
tems installed in motion laboratories worldwide. Its premier system, the Eagle Digital, can
be set up with as many as 64 cameras, and also has a 1280 x 1024 CMOS sensor. At this

resolution it can capture 480 frames per second [50].

2.2.5 Electromagnetic Systems

Electromagnetic systems involve having a stationary transmitter which emits a magnetic
field, and instrumenting the subject with electromagnetic coils, which detect this field. A
benefit of this type of system is that there are no "line of sight" requirements, as the rela-
tively low-frequency magnetic field lines easily penetrate human tissue and non-conduc-
tive objects. However, the receivers must be within the range of the transmitter. At this
point, electromagnetic systems are not widely used in gait analysis, most likely because
the systems currently available only track a small number of points. In addition, the elec-
tromagnetic field is vulnerable to distortion by magnetically susceptible materials in the
vicinity of the system. However, these systems are currently used in other areas of motion
research, such as hand or head tracking, and may be of interest for gait analysis when they

have the ability to track a greater number of points.

The two best known systems of this type are made by Polhemus and Ascension Technol-
ogy Corporation. Polhemus uses an AC magnetic field; its FASTRAK® system is adver-
tised as having an accuracy of 0.03 inches RMS for position and 0.15 degrees RMS for
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orientation, and a resolution of 0.0002 inches and 0.025 degrees per inch distance from the
transmitter (4-6 feet are recommended, but up to 10 feet is possible). It can track up to four
sensors per transmitter, and up to four transmitters can be used at once, providing the abil-
ity to track sixteen sensors [51] [52]. Ascension Technology Corporation uses a pulsed DC
magnetic field; its Flock of Birds® system can track up to four sensors, and is advertised
as having an accuracy of 0.07 inches RMS for position, and 0.5° RMS for orientation,
with a resolution of 0.02 inches and 0.1° when 12 feet from the transmitter. Alternatively,
Asencion’s MotionStar Wireless® system can track up to twenty sensors, and is advertised
as having an accuracy of 0.6 inches RMS for position, and 1.0° RMS for orientation, with

a resolution of 0.1 inches and 0.2° when 10 feet from the transmitter. [53].

2.3 Clinical Need

The current clinical methods of analyzing gait fall at two extremes - on one end is obser-
vational gait analysis, which is inexpensive but qualitative. At the other end is analysis in
a motion laboratory, which is quantitative but expensive. In both methods, the subject is

very aware of being observed and analyzed, which is likely to affect the gait of the subject.

An on-shoe system could provide the benefits of both methods without the drawbacks. It
could be far less expensive than the motion lab, and could provide quantitative output
about the gait. If unobtrusive, it could measure the gait of the subject while the subject is

unaware of being tested, over an extended period of time.

In addition, an on-shoe system could ultimately provide unique features. Since it is
mounted on the shoe of the subject, the patient can be sent home to monitor gait through-
out the day, in a variety of environments, and in a variety of situations. In addition, it could
analyze the gait in real-time, which would allow it to provide the wearer feedback of vari-
ous types (e.g. musical, tonal, visual, tactile, electro-stimulation), which could be useful
for physical therapy or gait training. There are many types of patients who may benefit
from such real-time feedback; the subject testing in this thesis included investigation of

the gait of subjects with Parkinson’s disease (PD). Finally, an on-shoe system could be
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used in localities (e.g. rural areas or third-world countries) where patients do not have

access to a motion lab facility.

2.3.1 Utility of On-Shoe Device in Subjects with Parkinson’s Disease

This instrumented shoe is likely to be useful for a wide range of gait conditions; in order to
begin evaluation of subjects with altered gait, the subject testing for this thesis included
five patients with Parkinson’s disease (see Appendix A.2 for more information on Parkin-
son’s disease). Future interests for this system include the ability to use this system to ana-
lyze the gait of PD subjects in their home environment, as well as to provide real-time

auditory feedback to subjects with PD.

Changes in Gait Due to Parkinson’s Disease

Hausdorff et al [54] investigated changes in gait variables in subjects with PD. Using their
system described in Section 2.1.1 (see page 31), they recorded data from control subjects,
PD subjects, as well as subjects with Huntington's disease. They found a statistical differ-
ence in the speed (1.35 m/sec for controls, 1.00 m/sec for PD) and in the "double support
time," which is the duration both feet supported the patient simultaneously (305 msec for
controls, 376 msec for PD). These are both parameters that can be easily measured by our
device; these are important to keep in consideration when designing the study with PD

subjects.

Changes in gait parameters between walking and shuffling were examined by Wertsch et
al [5] using their system described in Section 2.1.1 (see page 30). Predictably, they found
that the average velocity and stride length to be lower during shuffling (0.51 m/sec and
0.63 m) than during walking (1.29 m/sec and 1.55 m). They found that peak pressures
were lower at all fourteen sensor sites (seven per foot) during shuffling, while foot-to-
floor contact duration was increased at all fourteen sensor sites. The decreases in peak
pressures ranged from 7.0% at the fifth metatarsal to 63.2% at the great toe, with a

decrease of 41.6% in peak pressures summed over the entire foot. The increase in contact
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duration ranged from 22% at the fifth metatarsal to 76.9% at the heel. The findings in their

study may be of use in analyzing the data which will be collected from PD subjects.

A Clinical Need to Evaluate PD Subjects Outside the Motion Lab

Morris et al [2] have evaluated the biomechanics and motor control of gait in subjects with
PD. Their paper includes a tabular listing of eighteen studies involving subjects with PD,
and lists the medication state of the patients. Morris et al recommend a change from the
current trend of lab based studies investigating PD subjects in straight line walking,

towards studies in their homes and communities with more complex gait activity.

Effect of Rhythmic Cues on Subjects with Parkinson’s Disease

A recent study found that auditory rhythm and the resulting physical response shows great
potential as a therapeutic method for rehabilitating patients who have movement disorders
[55]. The authors initially investigated the effect of "rhythmic auditory stimulation”
(RAS), provided to thirty-one subjects with PD for three weeks. With RAS at 10% faster
than each subject’s baseline cadence, significant improvement was found in mean gait
velocity, cadence, and stride length, both for the twenty-one subjects on medication, and
the ten subjects off medication; in subjects on medication, the mean gait velocity
increased by 36%, and in subjects off medication, the mean gait velocity increased by 25%
[56]. The authors followed this with a twelve week study of twenty-one subjects; the sub-
jects were pretested, used RAS, using audio tapes, for 30 minutes daily for three weeks,
and were post-tested at seven weekly follow-ups, and a final post-test during the twelfth
week (RAS was not used after the first three weeks). The gains in stride length, cadence,
and velocity were maintained for 3-4 weeks after the training period, but most values

returned to pretest values by the fifth follow-up week [57].

Another group studied the effects of "musical therapy” (MT), as compared to physical
therapy (PT). Thirty-two subjects with PD were randomly split into two groups of sixteen:
one group received weekly sessions of MT for three months, the other received weekly

sessions of PT for three months. The MT sessions involved a variety of active music par-
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ticipation, including choral singing, voice exercises, and rhythmic movement, and the PT
sessions involved a variety of motions designed to improve balance and gait, including

passive stretching and specific motor tasks.

The study used standard scales for rating the subjects: the Unified Parkinson’s Disease
Rating Scale: Motor Subscale (UPDRS-MS) was used with the Wilcoxon signed-rank test
to evaluate the significance of changes in movement. The Unified Parkinson’s Disease
Rating Scale: Activities of Daily Living (UPDRS-ADL) and the Parkinson’s Disease
Quality of Life (PDQL) were used with the Mann-Whitney U test to evaluate the signifi-
cance of changes in quality of life. The subjects in the MT group demonstrated significant
improvement (p<0.0001) in UPDRS-MS scores, with particular improvement (p<0.0001)
of bradykinesia (slowness of movement). Subjects in the PT group did not show signifi-
cant improvement in either the UPDRS-MS scores or in bradykinesia. In addition, only
subjects in the MT group showed significant improvement in UPDRS-ADL (p<0.0001)
and in PDQL (p<0.0001). However, only subjects in the PT group had significant
(p<0.0001) improvement in rigidity. In addition, at follow-up two months after the end of
the study, the improvement in rigidity found in the PT group had persisted, while the

parameters improved by MT had returned to their baseline values [58].

These initial studies investigating the use of auditory feedback for persons with PD sug-
gest that such techniques may provide a method to improve motion, and even quality of
life. The system described in this thesis could open up new avenues of therapy by allowing
auditory feedback to be tailored in real-time to the movement of the subject, and by pro-

viding the subjects access to therapy in their home environments.

2.3.2 Studying Gait Outside of the Motion Lab

As mentioned in Section 2.3.1 (see page 45), subjects with PD would greatly benefit from
a system capable of quantitatively analyzing gait outside of the motion lab. In addition,

such a system could be very useful in areas where a motion lab is not accessible.
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From the limited research available regarding gait analysis in third world countries or
rural areas, it is clear that an inexpensive and quantitative method of studying gait is
needed. For a study investigating recovery of gait after a stroke in Soweto, South Africa, a
paper survey was used to ask patients about their recovery. In this survey, the ability to

catch a taxi in Soweto was used as a measure to assess the patient’s gait handicap [59].

A study in Germany investigated changes in gait in healthy subjects and in subjects with
PD, with forty-three subjects recruited from an urban area (Berlin), and forty-seven sub-
jects recruited from a rural / semi-urban area (Innsbruck and surrounding Tyrol). To evalu-
ate gait, a system was used which involved attaching threads with Velcro straps to each
foot at the second metatarsal head [60]. The threads were attached to a pulley system, and
rotations of this system were measured by an optical recording device as the subject
walked (the thread length allowed the subject to walk up to 10 m). All subjects were eval-
uated in a quiet environment with a gray colored walkway. This system provided measure-
ments of parameters such as stride length, stride duration, and cadence. The study found
that within each group (urban or rural), subjects with PD walked with a slower cadence
than their healthy counterparts; additionally, subjects in the urban group (including those

with PD) walked with a faster cadence than the subjects in the rural group [61].

A system which is not confined to evaluating gait within the motion lab would have great
benefit in allowing better testing and evaluation of subjects who do not live near motion
lab facilities. Judging from the lack of papers investigating the gait of subjects in rural
areas, as well as the low levels of sophistication of the methods employed, such a system
would open up a new venue of research. and greatly benefit patients who have no access to

fully-equipped motion labs.
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Chapter 3

HARDWARE DESIGN

The focus of this thesis was the design and implementation of the on-shoe system used for
the measurement of gait. Section 3.1 discusses sensor selection, and Section 3.2 describes
the physical implementation. Section 3.3 describes the function of each sensor in further
detail. Section 3.4 describes additional electronics used in the system, and Section 3.5

summarizes the overall design of the "GaitShoe" system.

3.1 Sensor Selection

The first step in designing the GaitShoe was to select the appropriate sensors, with the
goal of creating a highly instrumented system capable of sensing many parameters which
characterize gait. As discussed in Section 1.4, several important parameters of gait were
identified: heel strike timing, toe off timing, dorsi-/plantar- flexion, stride length, and
stride velocity. Additional parameters of interest include global rotations of the foot, dis-
tance moved and velocity in the vertical and side-to-side axes, the pressure distribution

underneath the foot, and orientation of the feet relative to each other.

Timing Parameters and Pressure Distribution

To assess the timing parameters and pressure distribution, force sensitive resistors (FSRs)

and polyvinylidene fluoride (PVDF) strips were selected to be placed underneath the foot.

49
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A FSR is a sensor whose electrical resistance decreases as the applied load increases. Two
FSRs were placed underneath both the first and fifth metatarsal heads, and two more were
placed medially and laterally underneath the heel pad. While use of only four force sensi-
tive resistors will not provide a full picture of the force distribution beneath the foot, the
number is sufficient to provide a general picture of medial vs. lateral force, and heel vs.
metatarsal force. The assessment of heel vs. metatarsal force provides information to be

used in determining stance time, and thus heel-strike and toe-off timing.

The PVDF strips are piezoelectric sensors, which were configured to provide an output
corresponding to dynamic pressure. They were chosen for their fast response time, and
were selected to be located directly beneath the heel and the great toe in order to provide

additional information about heel-strike and toe-off timing.

Other force or pressure sensors were considered. In particular, fine-grain printed arrays of
FSRs, such as Tekscan’s F-Scan® system provide extensive information about the pres-
sure distribution underneath the foot [32]; however, the high cost of Tekscan’s proprietary

system rendered it a prohibitive choice.

Flexion

Two bi-directional bend sensors were selected for use in analyzing flexion during gait.
The resistance of the bend sensors changes as the sensor is bent. One of the bend sensors
was located at the back of the heel, and held next to the shin by an ankle bracelet to pro-
vide information about plantar flexion and dorsiflexion. The second bend sensor was
located in the insole approximately centered on the metatarsals, to provide information

about flexion at the metatarsals.

Other methods of measuring dorsi-/plantar- flexion were considered, such as capacitance
between foot and shin, or ultrasound measurements between the foot and the shin. Ulti-
mately, a back-to-back pair of resistive bend sensors were selected due to their unobtru-

siveness and ease of implementation. Fiber optic bend sensors such as those made by
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Measurand® were also considered because of their high accuracy and resolution, but were

prohibitively expensive [62].

Distances, Velocities, and Orientations

Three gyroscopes and two dual-axis linear accelerometers were chosen to be placed at the
back of the shoe. By orienting the gyroscopes and accelerometers such that the individual
sensing axes are aligned along three perpendicular axes, the angular velocity and linear
acceleration can be measured in three-dimensions. Hence, velocity and stride length can
be obtained respectively from single- and double-integration, with respect to time, of the
acceleration component corresponding to forward motion of the foot. Displacements and
velocities in the other two axes can be similarly acquired. The gyroscopes provide infor-
mation about the rotation of the foot, which can similarly be integrated once with respect
to time to provide the angle. The use of all six measurements can therefore be used to ana-
lyze the orientation of the foot; a device capable of all six measurements is called an "iner-

tial measurement unit” (IMU).

Late in the project, two additional types of sensors were implemented: an electric field
sensor and an ultrasound sensor. The electric field sensor was added to investigate the util-
ity of using a more direct method of measuring the height of the foot above the floor, via
capacitive loading [63]. Using multiple electric field sensors would allow the height of the
foot to be measured at discrete locations, such as at the heel and the toes. The ultrasound
sensor was added to provide a method of measuring the distance and relative orientation
between the two feet. In addition, an ultrasound sensor could also be used to measure the

height of the foot above the floor.

Summary

Table 3.1 summarizes the parameters of interest, along with the type of sensor(s) selected

for each parameter, and the corresponding sensor output.
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TABLE 3.1 Sensor selection

Parameter

Sensor

Sensor Output

Heel-strike timing
and toe-off timing

Dorsi-/plantar-
flexion

Stride length and
stride velocity

Orientation

Stance width

Displacement
side-to-side

Height of foot
above floor

FSRs, and PVDFs

Bend sensors

Accelerometers

Gyroscopes

Ultrasound

Accelerometers

Accelerometers,
electric field, and
ultrasound

FSRs: Resistance change corresponding to applied
force across the sensor, resulting from change in
displacement of the sensor. PVDFs: Voltage
change corresponding to dynamic pressure across
the sensor.

Resistance change corresponding to flexion angle,
resulting from strain of the sensor.

\oltage change corresponding to acceleration; sin-
gle integration of forward acceleration yields
velocity, double integration yields distance (inte-
gration occurs after correcting for gravitational
component).

\Voltage change corresponding to angular velocity;
single integration yields angle of rotation.

Time of flight corresponding to distance.

\oltage change corresponding to acceleration;
double integration of lateral acceleration yields
distance.

Accelerometer: Voltage change corresponding to
acceleration; double integration of vertical acceler-
ation yields distance. Electric field: Capacitance
corresponding to distance. Ultrasound: Time of
flight of reflections, corresponding to distance.

3.2 Physical Implementation

In designing the GaitShoe hardware, the top-level functional requirements, as listed in

Section 1.3, were considered:

1. Effect no change in gait.

2. Characterize the motion of both feet.

3. Be untethered.

4. Allow the subject to use his or her own shoes.

The most important requirement is the first, so in order not to cause changes in the gait,
the hardware had to be small, compact and lightweight. Minimizing the weight is impor-

tant because it has been shown that subtle effects on the gait occur when the lower-extrem-
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ities are loaded with weights which are on the order of 1-2% (or greater) of the body
weight [64]. Therefore, by keeping the mass of the final prototype under 300 g, it is not
expected that the adult subjects would experience any change in gait due to the weight of
this system; 300 g is 1% of 30 kg (66 pounds); subject testing was carried out on adults, all
of whom weighed more than 45 kg (100 pounds).

Both shoes were instrumented, which satisfied FR2. To satisfy FR3, each shoe had its own
power supply, and a wireless transceiver!, based on radio frequency (RF), was used to

transmit the data to a basestation connected to a laptop.

To meet FR4, the hardware was designed to be readily attachable to shoes and removable
without causing any damage; and to comply with FR1, the attachment to the shoes was

designed to not interfere with walking.

The design of the hardware needed to accommodate the sensors that must be located
beneath the foot, all of the electronics (including additional sensors), an antenna for the
wireless transmission, and the power supply. These requirements resulted in the design of

the GaitShoe system, as shown in Figure 3.1.

The GaitShoe system was comprised of two shoe modules and a basestation. Each shoe
module consisted of an instrumented insole placed beneath the foot, and an attachment
which mounted to the back of the shoe. The instrumented insoles contained the force sen-
sitive resistors, the polyvinylidene fluoride strips, one bend sensor, and part of the electric
field sensor; the other bend sensor was connected to the insole, but placed behind the shin
and held in place with an ankle strap, and an additional part of the electric field sensor was
placed underneath the shoe. The shoe attachments contained a "stack™ of printed circuit
boards containing the IMU sensors, general electronics, the antenna, and the power sup-

ply, as well as the electronics and the hardware for the ultrasound sensor [65]. The

1. Another option for wireless data collection was to store the data on-board and download it later; however,
wireless transmission was selected since it allowed the data to be analyzed in real time.
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basestation received the data from both shoes, and transmitted the data to a computer via

the serial port. Each part of the GaitShoe system is described below.

Bi-Directional Bend Sensor
Dorsiflexion / Plantarflexion M Circuit Boards, Power Supply,
RF Transceiver/Antenna, and:

- 3 Axes of Gyroscopes
Angular Velocity

- 3 Axes of Accelerometers
Linear Acceleration

- Ultrasound Sensor, Board to Board
Distance, angle between feet

FSRs (Force Sensitive Resistors)
Stride timing, left-to-right weight distribution

PVDF (Polyvinlylidine Fluoride)
Heel strike

Electric Field Sensor
Distance above ground

Bi-Directional Bend Sensor
Insole bend

W @ Basestation
=

Receives data from left and right shoes

Serial Data
Connected to computer

Figure 3.1 Schematic of the GaitShoe system

3.2.1 The Stack

The electronics used a stacking platform initially developed by Ari Benbasat [66], and
redesigned to meet the requirements of the GaitShoe [65]. The idea was to make several
small printed circuit boards which can be stacked together, resulting in a compact volume,

rather than one large printed circuit board. The GaitShoe stack is shown in Figure 3.2.
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Each individual circuit board contains sensors and electronics that meet a specific func-
tion; each board will be briefly discussed below, and the sensors and electronics are dis-

cussed in detail in the following sections.

Figure 3.2 The stack

The Main Board

The Main board contained the microcontroller, wireless transceiver, antenna connection,
and the connection for the inputs from the power board. It is shown in Figure 3.3 (attached

to the Power board). The Main board controlled the collection and transmission of the data
from all of the sensors.
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|unhm|||n|h_|nlm:i

0e

Figure 3.3 Photo of the front and back of the Main board
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The IMU Board

The inertial measurement unit (IMU) board contained the two dual-axis accelerometers,
and the three gyroscopes. The accelerometers and gyroscopes were oriented such that the
board was capable of measuring angular velocity and linear acceleration about three axes.

It is shown in Figure 3.4.

Figure 3.4 Photo of the front and back of the IMU board

The Tactile Board

The Tactile board is shown in Figure 3.5. It contained all the electronics for the force sen-
sitive resistors, the bi-directional bend sensors, the polyvinylidene fluoride strips, and the
electric field sensors. The electric field sensors connected to a header via co-axial cable,
and plugged into the small receptacle at the side of the board. The rest of the sensors were
connected to a header via ribbon cable, and plugged into the large receptacle at the top of
the board.

Figure 3.5 Photo of the front and back of the Tactile board
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The Ultrasound Boards

The Ultrasound boards, designed by undergraduate Steven Dan Lovell, contained the elec-
tronics for the ultrasound sensor. As shown in Figure 3.6, there were two versions, one
each for the left and the right shoes. The ultrasound sensor measured the distance between
and the angle between the two feet. The left ultrasound board contained an ultrasound
transmitter and the corresponding electronics, and the right ultrasound board contained the

connections for two ultrasound receivers and the corresponding electronics.
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Figure 3.6 Photos of the front and back of the transmit Ultrasound board for the right foot (right photos),
and the front and back of the receive Ultrasound board for the left foot (left photos)

The Power Board

The power board was developed to provide each GaitShoe system with an on-board power
supply. It contained connections for a +9 V battery, an on-off switch, indicator lights, a
fuse, voltage regulators for +3.3V, +5V, and +12V, and a connector to transmit the

ground and power lines to the main board. It is shown in Figure 3.7.
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Figure 3.7 Photo of the front and back of the Power board

3.2.2 Insole Design

An insole was designed to accommaodate the several sensors which were connected to the
electronics via ribbon cable, as described in Section 3.2.1: The Tactile Board. The insole,
shown in Figure 3.8 contained the four FSRs (yellow), the two PVDF strips (green), and
one of the bi-directional bend sensors (magenta). The insole provided a straightforward
method to position the sensors in the correct locations beneath the foot (see also
Figure 3.1).

Figure 3.8 Photograph of an insole sensor

The second bi-directional bend sensor was connected to the electronics via the same rib-
bon cable. It was placed between the back of the shoe and the shin, and attached to the
ankle with a nylon ankle-strap, as shown in Figure 3.9. The nylon ankle-strap was fitted
around the subject's ankle, and held the bend sensor against the ankle, so to minimize

buckling.
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Figure 3.9 Bend sensor in ankle strap

When the electric field sensor was used, a ground plane was placed on top of the insole,
and the driven shield of the electric field sensor was placed on the bottom of the insole; the
sensors of the electric field sensor were attached to the bottom of the shoe. The ground
plane, driven shield and electric field sensors used the smaller header to connect, as
described in Section 3.2.1; a cross section of the shoe showing the layout of all these parts

is shown in Figure 3.10.

< Ground Plane
~ PVC ﬁ: ' « Insole Sensors
(msulatlng)\” ' < Driven Shield

I < Shoe Sole
| —

Figure 3.10 Cross section showing the electric field sensor components

To protect the insole sensors from the humid conditions of the shoe, the sensors were
enclosed between two 0.02 inch sheets of clear Type 1 polyvinyl chloride (PVC) heavy
duty film sheets. PVC sheets are rated to withstand humid and warm environments for up
to three years. Insoles could be made in multiple sizes; for testing, one size was used, and

sensors were moved to adjust for each subject’s foot size.

3.2.3 Shoe Attachment

A shoe attachment was designed to hold the stack of printed circuit boards, the power
board, and the antenna. It was designed such that the bulk of the volume was located

behind the heel, so as to have a minimum effect on the gait. The attachment was made
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from 0.125 inch polyethylene terephthalate glycol (PTG) sheets. PTG is thermoformable,

machinable, and shatter-resistant.

Figure 3.11 Photos of three versions of the shoe attachment

Three versions of the shoe attachment, shown in Figure 3.11, were designed, both to
accommodate changes in the stack hardware and to improve the mechanical attachment.
On the far left is the first prototype, which had three large screws at the top to fasten the
attachment to the shoe. The middle photo is the second prototype, which had two screws
at the left and the right, and the power board was rotated to the side to decrease the length
of the attachment. The final prototype featured longer plastic hooks at the location of the
two set screws to help keep the attachment stable on the shoe, included a mounting point
for the antenna, and improved alignment between the main stack and the power board.
Both the second prototype and the final prototype had a plastic loop at the bottom of the
attachment, through which fishing line was threaded, looped under the shoe, and tied to
the laces, to reduce motion of the attachment during heel strike. The left and right attach-
ments of the final prototype are shown in Figure 3.12 (directions for fabricating the attach-

ments are in Appendix D.3).

The attachment was designed for walking shoes. The plastic loops pulled the flexible shoe
material of the walking shoes away from the foot, so that the plastic loops did not rub
against the foot. The top of the shoe attachment was at the same height as the back of the
shoe, which helped to keep the shin from hitting the electronics while walking. As most
walking shoes have a large heel, the height of the shoe attachment was short in relation to

the shoe height, which resulted in a large clearance between the bottom of the shoe attach-
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ment and the floor, and helped to keep the attachment from hitting the floor while walking.
The mounting points for the antennas were on the outside of each foot, in order to not

affect the clearance between the two feet.

Figure 3.12 Final prototype of the GaitShoe attachment

The attachments are shown on a pair of shoes in Figure 3.13. The fishing line which held
the bottom of the attachment against the shoe and was tied through the eyelets is visible on
the side of the shoes. The co-axial cable connected to the electric field sensors on the bot-

tom of the shoe is visible on the left shoe.

Figure 3.13 Photo of the GaitShoe system on two shoes

The fishing line helped to diminish vibration of the shoe attachment as a result of heel
strike. Figure 3.13 shows the output of the accelerometers when the heel of an empty shoe
is hit against the floor. The accelerometers demonstrate an excitation frequency around

20 Hz, which is quickly damped.
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Figure 3.14 Accelerometer response to impact at heel

3.2.4 The Basestation

The final component of the GaitShoe system was the basestation. The basestation con-
sisted of a metal box, with an antenna mounted externally. Inside the metal box was a
main board, a power board, and a programming board (described in Appendix D.1.5) con-
taining a MAX233 serial converter chip, to send the data to a laptop or desktop computer
via the serial cable. The basestation is shown in Figure 3.15; on the outside of the box are
a power switch, indicator lights, and a female DB-9 connector for the serial cable. In addi-
tion, a BNC connector provided a method of input from the MGH Biomotion Lab equip-

ment via an optoisolated trigger connected to an input pin on the microcontroller.

Figure 3.15 Photo of the basestation
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3.3 Sensor Specifications

This section discusses each sensor, including an overview of the working principle of the
sensor, and the signal conditioning and implementation used in the GaitShoe system.
Schematics of each sensor implementation are included and analyzed, and a table summa-
rizing relevant parameters of each sensor (as provided by the manufacturers) is included;
sensitivities, zero offsets, and cutoff frequencies refer to the output after any conditioning

electronics shown in the schematics.

Bandwidth Requirements

The average step rate of adults is just under 120 steps per minute, which corresponds to a
stride frequency of 1 Hz. The harmonic content of seven leg and foot markers was ana-
lyzed, and 99.7% of the signal power was found to be contained below 6 Hz [67]. In addi-
tion, it has been shown that if data is collected at 24 Hz, there will be negligible errors in
the kinetic and energy analyses for normal gait speeds [68]; however, for kinematic analy-
sis, a higher sampling rate, such as 50 Hz or above, may be necessary to capture all the
information [69]. Thus, the sensors in the GaitShoe were all selected and set such that the

low-pass cutoff frequencies (the 3 dB bandwidths) were greater than 25 Hz.

3.3.1 Accelerometer

The accelerometer selected for use in this application was the ADXL202E, a dual axis lin-
ear accelerometer from Analog Devices. The ADXL202E is a small, low-power, micro-
electro-mechanical system (MEMS) accelerometer, and acceleration measurements have a

full-scale range of +2g.

Two of these dual-axis accelerometers were used, oriented! perpendicularly to each other.

This resulted in a single measurement along each of two axes, and in duplicate measure-

1. The relative orientation between the two accelerometers, in the plane defined by the axis in one acceler-
ometer corresponding to the vertical axis, and the axis in the second accelerometer corresponding to the
horizontal axis, was determined using the gravitational vector, as described in Section 4.4.2.
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ments along the third axis; one of the measurements along the duplicate axis was dis-

carded.

Working Principle

The ADXL202E is constructed using a surface micro-machining process. The proof mass
is suspended above the substrate by polysilicon springs, and can move in two perpendicu-
lar axes. Along each of the four sides of the square proof mass are eight sets of fingers
which are positioned between plates affixed to the substrate; each finger and pair of plates
results in a differential capacitor. When subjected to acceleration, the proof mass moves
from its neutral position. Changes in the differential capacitances correspond to deflection

of the proof mass due to acceleration [70].

This type of accelerometer measures both dynamic acceleration (resulting from shock,
vibration, linear motion, or other types of motion), and static acceleration (resulting from
gravity). Thus, for analysis of acceleration due only to linear motion, the orientation of the
accelerometer must be determined so that the gravity contribution can be subtracted from

the total output.

Implementation

The ADXL202E provides the acceleration output as either a digital duty-cycle or an ana-
log voltage. The analog output was used in the final design® of the IMU board. Figure 3.16
shows the schematic of the circuitry used for one of the accelerometers, Figure 3.17 shows
the placement of the components for both ADXL202E sensors on the IMU board, and
Table 3.2 lists relevant parameters for this implementation. The bandwidth was limited
externally by adding 47 nF capacitors, C; and C,, at the X and Y pins, resulting in a
cutoff frequency of 100 Hz. A 0.1 uF capacitor, C3, was placed between the V44 pin and
ground to decouple the 3.3 V power supply. A ferrite bead, Rg, was placed between the

1. An earlier implementation used the duty-cycle output, but timing the duty-cycle with the microcontroller
was very time-intensive (the shortest duty-cycle available was 1 ms), so the analog output was used in the
final version to enable fast data acquisition (the other sensor outputs are all analog, as well).
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power supply and the V44 pin to further reduce digital noise (as recommended when a
microcontroller shares the power supply; a 100 resistor can also be used if a ferrite bead
IS unavailable). The resistor, Rg, at pin 2 was provided for the duty cycle converter and
was set to 125 kQ (a resistor under 10 MQ is recommended to keep the duty cycle con-

verter running, even when the analog output is used).

+33V +33V
& A cq
0.1uF
R6 —“—“I'
Ferrite Bead w
c3 Vief = +1.6V 3 ‘“_T_ UIA
0.1uF 1 Accel_X
|||_”_4u —I;/\Ar 2 [0Fe2 =
' —~"R2
R1 L1
w
i 10 kOhm 250!
L lor
RS

125 kChm

|||—/v\/—2 Reset
I o

Figure 3.17 Photo of the IMU board, with the ADXL202E components highlighted

The Xg;r and Yiye pins have an output impedance of 32 kQ; since they cannot directly
drive a load, the output of each pin was buffered by a non-inverting op-amp follower. The
relationship between the voltage, Vg, on pin X¢:, and the output voltage from the op-

amp, Vi, IS described by Eq. 3.1, where V¢ is the voltage supplied to the inverting input
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through R;. The two resistors, Ry and R,, were both set to 10 k<, for a gain of 2. The refer-
ence voltage, Ve, was set to 1.6V, in order to keep the output centered around 1.6 V. The
1.6 V was provided through use of a voltage divider connected to the 3.3 V power supply;
the 3.3 V was divided via a 200 kQ potentiometer, RV4, and buffered by a non-inverting

op-amp with a gain of 1.
R,
Vout: (1 + IT]_) ’ (Vfilt - Vre ) + Vref (31)

Capacitor Cg, in parallel with R,, reduces extraneous noise, with a cutoff frequency of
160 Hz. The same is true for the output from pin Yy Finally, the power pin on the op-
amp has a 0.1 puF capacitor, C4, to minimize noise from the power supply; the voltage
divider which provides the 1.6 V also has two 0.1 uF capacitors, C; and Cg, to reduce
noise in the supply line [71].

TABLE 3.2 Relevant parameters of the Analog Devices ADXL202E accelerometer [71]

Parameter

Value

Measurement range
Sensitivity

Zero offset

Cutoff frequency
Resonant frequency
Nonlinearity
Temperature sensitivity
Noise floor

RMS noise
Peak-to-peak noise estimate
Quiescent supply current
Power draw

Shock survival

Package size

Package weight

+2¢g

Typical: 377.5 mV/g, min: 313.0 mV/g, max: 452.5 mV/g
Typical: 1.65 V, min: 1.0 V, max: 2.3V

100 Hz

10 kHz

0.2% full scale

2.0 mg/°C from 25°C

Typical: 200 pug/NHz rms, max: 1000 pg/NHz rms
Typical: 2.5 mg

95% probability: 10.1 mg

Typical: 0.6 mA, Max: 1.0 mA

Typical: 1.98 mW

Up to 1000g while unpowered, up to 500g while powered
5mm x5 mm, 2 mm tall

<1.0 grams
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3.3.2 Gyroscopes

Two types of MEMS vibrating rate gyroscopes were used in this application: the Murata
ENC-03J gyroscope, and the Analog Devices ADXRS150 gyroscope. The ADXRS150 is
a'yaw gyroscope, meaning it measures rotation about the axis perpendicular to the plane of
the sensor. In contrast, the ENC-03J measures rotation about the long axis in the plane of
the sensor. In order to measure rotation about three axes on one flat circuit board, two
ENC-03J gyroscopes were placed nominally perpendicularly® to each other, with the
ADXRS150 placed in the same plane.

Working Principle

Both types of gyroscopes measure angular velocity through use of a vibrating element and
the Coriolis effect. When rotation is applied to a vibrating element, conservation of angu-
lar momentum results in a secondary oscillation orthogonal to both the axis of vibration
and the axis of rotation (this is the Coriolis effect). The magnitude of this secondary oscil-

lation is proportional to the magnitude of the rate of rotation [72].

In the Murata ENC-03J, the vibrating element is a piezoelectric ceramic prism, which is
supported such that it can move freely within the plane normal to its long axis. The prism
is driven at its resonant frequency by a piezoelectric transducer. When rotation occurs
about the long axis of the prism, the resulting secondary oscillation is measured by a sec-
ond piezoelectric transducer. This type of system is susceptible to external vibrations. To
minimize resonant coupling when two of these sensors are placed in close proximity to
each other, Murata sells an "A" and a "B" version, which have slightly different resonant

frequencies [73].

In the Analog Devices ADXRS150, the vibrating element is a polysilicon structure. This
structure consists of a mass tethered to an inner frame, which is tethered to the substrate.

The mass is allowed to move freely only along the axis of vibration, and the inner frame is

1. The relative orientation between the gyroscopes was not explicitly determined.
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allowed to move freely only along the axis normal to the axis of vibration. The inner frame
has fingers positioned between plates affixed to the substrate. When rotation occurs about
the axis orthogonal to the plane of the polysilicon structure, the resulting secondary oscil-
lation between the inner frame and the substrate can be measured by the changes in capac-
itance between the fingers on the inner frame and the plates on the substrate. In addition,
the ADXRS150 has two of these structures, placed adjacent to each other, but operating in
anti-phase. By examining the differential signal from the two structures, the conditioning
electronics contained within the chip are able to reject common-mode signals unrelated to

the angular rate, such as external shocks and vibrations [74] [75].

Implementation of the Murata ENC-03J Gyroscope

Two Murata ENC-03J sensors were used, one type A and one type B. The ENC-03J sensor
is a dual-inline-pins (DIP) style package, and has been replaced by ENC-03M which is a
surface-mount part. The Murata data sheets indicate that the ENC-03M is a direct replace-
ment for the ENC-03J, with the same specifications other than size and weight (the hard-
ware developed for this thesis includes a footprint for the ENC-03M within the footprint
for the ENC-03J, as discussed in Appendix D.1.1; the ENC-03J was used in all testing).
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1Ic2
0.1uF

Figure 3.18 Schematic of the ENC-03J

Figure 3.19 Photo of the IMU board, with the Murata ENC-03J components highlighted
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The schematic for the implementation of one of the ENC-03J sensors is shown in
Figure 3.18. Figure 3.19 shows the placement of the components for both ENC-03J sen-
sors on the IMU board, and the relevant parameters are listed in Table 3.3. The output was
buffered by an op-amp follower, in an inverting configuration. The relationship between
the output voltage of the sensor, Vg, and the output voltage from the op-amp, Vyt, iS
described by Eq. 3.2, where V, is the voltage supplied to the inverting input through R;.
While the op-amp was used in the inverting configuration, the output was always positive
since Vs, the zero-offset of the sensor provided by the ENC-03J, kept the output centered.
Resistor R, was set to 10 kQ and resistor R, was set to 15 k), for a gain of 1.5. Capacitor
C,, in parallel with R,, reduced extraneous noise, with a cutoff frequency of 106 Hz (the
sensor itself has a cutoff frequency of 50 Hz). The power pin on the op-amp had a 0.1 pF

capacitor, C4, to minimize noise from the power supply [73].

R2
Vout= _R—l ) (Vsens - Vref) + Vref (3.2)

TABLE 3.3 Relevant parameters of the Murata ENC-03J gyroscope [73]

Parameter

Value

Measurement range
Sensitivity

Zero offset

Cutoff frequency
Nonlinearity
Temperature sensitivity
Current consumption
Power draw

Package size

Package weight

+ 300°/sec

0.37 mV/°/sec

165V

50 Hz

+ 5% full scale

+20% at -5 or +75°C

Max: 5 mA

Max: 16.3 mW

15.44 mm x 8 mm, 4.3 mm tall (not including pins)

<1.0 grams
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Implementation of the Analog Devices Gyroscope

The Analog Devices ADXRS150 used in the GaitShoe system was an early demo version,
and was a sixteen pin DIP package. The ADXRS150 is now available for purchase as a
surface mount part, and has nearly identical specifications to the demo part used, other
than size and weight (Appendix D.1.1 shows the pin-to-pin mappings between the two
versions). All specifications and operating parameters in this chapter correspond to the

demo version.
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Figure 3.21 Photo of the IMU board, with the ADXRS150 components highlighted

The implementation of the ADXRS150 is shown in Figure 3.20, Figure 3.21 shows the
placement of the components for the ADXRS150 on the IMU board, and Table 3.4 lists
the relevant parameters. The ADXRS150 required a 5V power supply, and was the only
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sensor in the system to use 5 V. Capacitors C4, C,, and C3 were set as specified (22 nF,
22 nF, and 47 nF, respectively) in the data sheet, and had to be located close to their
respective pins, as these capacitors were used in the charge pump that provided 16 V for
the electrostatic resonator. Capacitors C, and Cs were each set to 0.1 pF, as specified, and
also needed to be placed as near their respective pins as possible; these capacitors were
used to minimize noise injection from the charge pump into the supply voltage. Capacitor
Ce Was set to 0.1 uF, as recommended, to set the cutoff frequency before the final amplifi-
cation stage to 400 Hz (£35%, due to tolerances of two internal resistors). This low pass
filter served to eliminate high frequency artifacts prior to the final amplification. Capacitor
C, was set to 0.1 pF, and resistor Ry was set to 100 k<, in order to set the bandwidth and
adjust the measurement range of the sensor. Resistor Ry was in parallel with an internal
resistor, Royt_internals resulting in an effective Ry = 64.3 k. This resulted in a cutoff fre-
quency for this sensor of 25 Hz. By reducing R,; by approximately a third (as compared
t0 Rout_internal) the sensitivity was decreased by approximately a third, and the measure-
ment range was increased by approximately a third. The output of the sensor was divided
via a potentiometer, R,, such that the resulting output was centered around 1.65 V, with a
full-scale range from 0 - 3.3 V. Finally, the output was buffered by a non-inverting op-amp
follower with a gain of 1, and capacitor Cg was set to 0.1 uF to reduce noise into the op-

amp from the power supply [75].

3.3.3 Force Sensitive Resistors

Two sizes of force sensitive resistors (FSRs) manufactured by Interlink Electronics were
used, FSR-402, which has a circular sensing area with a diameter of 12.7 mm, and
FSR-400, which has a circular sensing area with a diameter of 5 mm. Two of the FSR-400
sensors were placed underneath the heel pad, one medially and the other laterally. One of
the FSR-402 sensors was placed underneath the first metatarsal head, and a second

FSR-402 sensor was placed underneath the fifth metatarsal head.



HARDWARE DESIGN

TABLE 3.4 Relevant parameters of the Analog Devices ADXRS150 gyroscope [75]

Parameter

Value

Measurement range
Sensitivity

Zero offset

Cutoff frequency
Resonant frequency
Nonlinearity

Temperature sensitivity?

+420 °/sec

Typical 2.9 mV/°/sec, min: 2.8 mV/°/sec, max: 3.2 mV/°/sec
Typical: 1.65V, min: 1.4V, max: 1.8 V

25 Hz

16 kHz

0.1% full scale

Min: 4.2 mV/°/sec, max: 4.9 mV/°/sec

Rate noise density 0.05°/sec/ VHz
Quiescent supply current | Typical: 5.0 mA, Max: 8.0 mA
Power draw Typical: 25 mW

Shock survival Up to 30,000g while unpowered, up to 500g while powered

a. Greatest deviations from initial value at 25°C to worst case value at Ty, OF Tax-

Working Principle

A force sensitive resistor is a type of sensor which experiences a decrease in electrical
resistance when force is applied orthogonally to the active area of the sensor. Though less
accurate than a load cell, FSRs are generally inexpensive, and when manufactured from

polymers, the typical thickness is on the order of 0.25 mm [76].

The FSRs manufactured by Interlink Electronics are polymer-based sensors, and consist
of three layers. The lowest layer is a flexible substrate which has been coated with a print-
able semi-conductor material. The middle layer is a spacer adhesive, with material only
along the outline of the part, providing an open region at the active area of the device. The
top layer is a flexible substrate, printed with interdigitating electrodes and two printed
leads which connect to solder tabs. The active area of the sensor is the area containing the
electrodes. FSR-400 uses a 0.10 mm layer of polyethersulfone for the top and bottom lay-
ers, with a 0.05 mm layer of acrylic for the spacer. FSR-402 uses a 0.13 mm layer of poly-
etherimide for the top and bottom layers, with a 0.15 mm layer of acrylic for the spacer.

Polyethersulfone is a transparent substrate which has excellent temperature resistance,
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moderate chemical resistance, and good flexibility. Polyetherimide, on the other hand, is a
semi-transparent substrate which has excellent temperature resistance, excellent chemical

resistance, and limited flexibility [77].

The semi-conductor material on the lowest layer provides an electrical connection
between the sets of interdigitating electrodes. Without any force applied, the adhesive pro-
vides an air gap between the semi-conductor and the electrodes, so the resistance across
the sensor is high. When force is applied across the active area, the electrodes are pressed

into the semi-conductor, which reduces the resistance across the sensor.

If the sensor is bent, local changes along the line of bending may result in a decrease in
resistance, which would cause a false reading of applied force. Changes in temperature

and humidity can also affect the output of the FSR.

Implementation

A voltage divider was used to measure the change in resistance of the FSRs. The circuit
implemented is shown in Figure 3.22. Figure 3.23 shows the placement of the components
for all four FSRs on the Tactile board, and relevant parameters of the FSRs used are listed
in Table 3.5. The same values of resistors were used for both the FSR-400 and the
FSR-402 sensors. To lower the impedance of the signal, the output of the voltage divider
was followed by a bipolar junction transistor (BJT), in the typical npn configuration, used
as an emitter follower; there was a 0.6 V voltage drop across the BJT. As shown, a 1 kQ
resistor, Ry, was used in the voltage divider, and a 10 kQ resistor, R,, was placed between
the emitter and the ground. The relationship between the FSR output, V,, and the resis-
tance of the FSR, Rggg, is described by Eq. , where Ry is 1 kQ and V. is 3.3 V.

R, +R
ot = (58] v, 06V (33)

RFSR
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FSR Output

Figure 3.22 Schematic of the FSR

0
Figure 3.23 Photo of the Tactile board, with the FSR components highlighted

TABLE 3.5 Relevant parameters of the Interlink FSR-400 and FSR-402 [77]

Parameter

Value

Force sensitivity range
Pressure sensitivity range
Part-to-part repeatability
Single part repeatability
Cutoff frequency

Device rise time
Resolution

Current consumption
Power draw

Lifetime

Package size

<100 g to >10 kg, depending on mechanics

<0.1 kg/cm? to >10 kg/cm?, depending on mechanics
+15% to +25% of established nominal resistance?
+2% to +5% of established nominal resistance?

500 Hz

1-2 msec

0.5% full scale

FSR-400: 0.2 mA, FSR-402: 1.3 mA

FSR-400: 0.66 mW, FSR-402: 4.3 mW

>10 million actuations

FSR-400: 7.5 mm x 38.1 mm, 0.30 mm thickness
FSR-402: 18.3 mm x 54.1 mm, 0.46 mm thickness

a. With a repeatable actuation system.
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3.3.4 Bend Sensors

The bend sensors used were the FLX-01, manufactured by The Images Company. Each
FLX-01is 11.4 cm long and 0.64 cm wide, with a thickness of 0.5 mm. One bi-directional
bend sensor was located in the insole to measure the flexion at the metatarsal-phalangeal
joint, and the other was placed between the shin and the back of the shoe to measure the

dorsi-/plantar- flexion of the foot.

Working Principle

The bend sensors work in a manner similar to the FSRs: the resistance through the sensor
changes as the sensor is actuated. However, instead of having interdigitating electrodes,
the electrodes are printed linearly along the length of the sensor. When the bend sensor is
bent in the direction which lengthens the spacing between the printed electrodes, the resis-
tance increases (bending in the direction which shortens the spacing has a negligible effect
on the resistance). When unbent at 0°, the nominal resistance of the sensor is 10 KO, and
when bent to 90° in the direction of sensitivity, the resistance is on the order of 30-40 KQ.
Since each individual bend sensor measures bend in only one direction, two sensors were
used in pairs, such that their sensitive bending directions would complement each other,
resulting in a measuring range of + 180°, as shown in Figure 3.24. A differential circuit
was used to combine the outputs, in order to provide an output corresponding to the bi-

directional bend.

.—5‘_'. ABRAMS GENTILE ENTERTAINMENT / PATENT #5,086,785

Figure 3.24 Bend sensors shown back to back

Implementation

The differential circuit implemented to combine the individual uni-directional bend sensor
outputs into a bi-directional bend output is shown in Figure 3.25, Figure 3.26 shows the
placement of the components for both bi-directional bend sensors on the Tactile board,

and relevant parameters of the FLX-01 are listed in Table 3.6. A voltage divider was used
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to measure the change in resistance of each individual bend sensor, with resistors R, and
R, each set to 20 k) The outputs from each voltage divider were then combined through
an op-amp set as a differential amplifier. The relationship between the bi-directional bend
output, V,t, and the resistance of the bend sensors, Ry and Rg, is described by Eq. 3.4,
where R; is 10 kQ and V. is 3.3V (note R3 =Ry, R4 =R, and R; =Rg). Since R, is
100 kQ and Rg is 220 k<, there is a gain of 2.2 across the op-amp. Assuming the bend sen-
sors are well-matched when flat, the output is centered around 1.65 V, with the output
greater than 1.65 V when bend sensor B is bent in its sensitive direction, and less than
1.65 V when bend sensor A is bent in its sensitive direction. Capacitor C, in parallel with

R3, reduces extraneous noise, with a cutoff frequency of 154 Hz.

Vout - R2

+ — (3.4)

1&3( RB _ RA )V Vcc
Ry+R, R,+R/ < 2

Bend Qutput

BendSensor_A @)
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w
w
<

R3

20 K

ANS—D 0o

R4

RA

R7
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220 K

R5
50 K

R6
50 K

Figure 3.25 Schematic of the bi-directional bend sensor



Sensor Specifications 77
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Figure 3.26 Photo of the Tactile board, with the bi-directional bend sensor components highlighted

TABLE 3.6 Relevant parameters of The Images Co. FLX-01 [78]

Parameter Value

Angle sensitivity range 0° to 90°

Cutoff frequency 154 Hz

Package size 11.4 cm x 0.64 cm, 0.5 mm thickness

3.3.5 Polyvinylidene Fluoride Strips

Two polyvinylidene fluoride strips, part LDTO made by Measurement Specialities, were
used to measure the dynamic force applied across the sensor. One was placed under the

heel and the other was placed under the great toe.

Working Principle

Polyvinylidene fluoride (PVDF) is a manufactured polymer that can be poled to become a
a piezoelectric material. Piezoelectric materials have somewhat of a crystalline structure
(PVDEF is a semi-crystalline homopolymer) which generates an charge difference when
subjected to stress. While a piezoelectric material is electrically neutral at rest, stress
deforms the crystalline structure such that the dipoles align and a polarity develops along
one axis, resulting in a net charge expressed across the structure; this is a reversible physi-

cal phenomenon [79].

The LDTO has a thin film of PVDF laminated between two electrodes; forces applied to
this sensor result in stress across the piezoelectric material. The electrical equivalent of

this sensor is a voltage source in series with a capacitor, with a shunting leakage resistor.
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The capacitance of the LDTO is on the order of 400 pF, and the leakage resistor is very
large (on the order of 1012 - 101* ©), which means that the sensor has a very high output
impedance at low frequency. Piezoelectric sensors are typically interfaced with matching

charge amplifiers, or voltage amplifiers with high input resistances [76] [80].

Implementation

The circuit implemented for the PVDF strips provides an output corresponding to
dynamic force, and is shown in Figure 3.27. Figure 3.28 shows the placement of the com-
ponents for both PVDF strips on the Tactile board, and relevant parameters of the PVDF

strips used are listed in Table 3.7.
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Figure 3.28 Photo of the Tactile board, with the PVDF strip components highlighted

The output from the PVDF strip was connected to the gate of an n-channel junction field-
effect transistor (JFET). The JFET was used as a source follower, with a source resistor,

R3, set to 10 kC2; JFETs have extremely low leakage current, which results in a high input
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impedance, as necessary for buffering the PVDF strip. When the PVVDF strip was bent by
a force, it generated a voltage difference across its capacitance, which biased the JFET,
and caused current to flow from the drain to the source, proportionally increasing the volt-
age at the "PVDF output,” as labeled in Figure 3.27. The PVDF strip was shunted by two
resistors in series, Ry and R,, each set to 10 MQ for a total® resistance of 20 MQ. This
shunt attenuated low frequency drift from charge buildup on the piezo strip, and this atten-
uation resulted in an output signal that corresponded to dynamic changes in the force
applied across the sensor. The (first-order, high-pass) cutoff frequency for the system was
20 Hz, and was determined by resistors R; and R, (20 M( total) and the LDTO capacitor
(~400 pF). The shunt capacitor, C; (330 pF), provided a frequency-independent attenua-

tion of the piezo’s signal.

TABLE 3.7 Relevant parameters of the Measurement Specialties LDTO PVDF strip [80]

Parameter Value

High-pass cutoff frequency 20 Hz

Package size 25.0 mm x 13.0 mm, 0.15 mm thickness

3.3.6 Electric Field Sensor

An electric field sensor was developed during the latter part of the project, using an elec-
tric field imaging device manufactured by Motorola, part MC33794DH, for occupant
detection in automotive seat applications [81]. This sensor was used in testing to measure
the height of the heel above floor via capacitive coupling. Another electrode was later con-

figured to measure the height of the toes/metatarsals above the floor.

Working Principle

An electric field sensor measures the capacitive coupling between an electrode at an oscil-

lating potential and other electrodes or grounds [63]. When an object moves into the elec-

1. The use of two resistors allowed for more flexibility in setting the total resistance, as surface mount resis-
tors in the high MQ range were only available in a small number of discrete values.
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tric field created by the oscillating electrode, it increases the capacitive loading of the
electrode and changes the intrinsic capacitive coupling between the electrode and its envi-
ronment. For measuring the height of the foot above the floor, both the transmitting elec-
trode and the ground were placed on the bottom of the shoe. When the foot is "high" off
the floor, all of the electric field lines emanating from the sensing electrode will shunt to
ground via C,. As depicted in Figure 3.29, the system (and the measurements presented in
Section 4.8) consisted of two electrodes: an active sensing electrode partly surrounded by
another electrode at local ground. When the foot is far off the floor, the capacitive loading
is dominated by the intrinsic coupling between the sensing electrode and the ground elec-
trode (C,), as dictated by their geometry. As the foot nears the floor, however, the conduc-
tive and dielectric property of the flooring (Rg || Cg) becomes increasingly significant,
through the series chain of Cgg to Rg || Cg to Cgg, and eventually dominates the intrinsic
capacitance C, when the foot is in contact with the floor. By measuring this change, the

height of the foot above the floor can be estimated.

/

ground electrode \

—C

, (o]
sensing electrode/™~
\

Figure 3.29 Schematic showing electrode coupling to both the ground and the floor

A second electrode configuration, developed after subject testing, consisted of circular
electrodes on the bottom of the shoe, with a driven shield layer in the insole and a ground
layer above the driven shield (the insole with the other sensors was located between the
driven shield and the ground layer), as depicted in Figure 3.30. The driven shield effec-
tively prevents coupling between the sensing electrode and the ground electrode, resulting

in a larger measurement output range.
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Figure 3.30 Schematic showing the second electrode configuration coupling to the floor

The MC33794DH drives the electrodes by generating a sine wave at 120 kHz, and mea-
suring the capacitive coupling by detecting the load current. The sine wave has very low
harmonic content, to reduce interference with other systems, and the frequency of the sine
wave is adjustable via an external resistor. Up to nine electrodes can be driven by the
MC33794DH; one electrode is selected at a time, by a 4 bit digital address, and the unse-
lected electrodes are all grounded. To measure the capacitance on the selected electrode,
the load current is converted to a DC level, filtered by an external capacitor, and multi-

plied and offset, resulting in an output range from 1.0 Vto 4.0 V.

The MC33794DH also includes a shield driver, which provides a signal that follows the
sinusoidal signal on the selected sensing electrode. This signal can be used to drive shield-
ing electrodes that prevent coupling to nearby grounds. It can also be used to drive the
shield on a co-axial cable connecting a sensing electrode. This effectively nulls the intrin-
sic capacitance of the co-axial cable, keeping measurement of the capacitance of the elec-
trode minimally affected. In addition, a driven shield layer, constructed of an additional
PVC insole lined with copper tape, and connected to the driven shield, was placed beneath

the GaitShoe insole, to shield the sensing electrode from loading by the insole sensors.

Implementation

The circuit implemented for the MC33794DH is shown in Figure 3.31, Figure 3.32 shows

the placement of the components on the Tactile board, and relevant parameters of the
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MC33794DH are listed in Table 3.7. Due to its automotive legacy, this sensor required a

+12 V input, and was the only component to require +12 V.
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Figure 3.31 Schematic of the electric field sensor
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Figure 3.32 Photo of the Tactile board, with the electric field components highlighted

The configuration of the electrode, as used to measure the height above the floor for the
last few subjects during subject testing, is shown in Figure 3.33. The capacitive tape along
the perimeter of the shoe is connected to the ground of the +9 V battery, and the inner strip
is connected to electrode E2 (the driven shield within the shoe shown in Figure 3.10 was
not used with this electrode configuration). The second configuration, developed after

subject testing, including two sensing electrodes, is shown Figure 3.34.

The various capacitors and resistors were set as recommended in the data sheet. Resistor
Rs33 was set to 39 kQ), which set the frequency of the sine wave to 120 kHz. Capacitor Cq;
was the external capacitor which filtered the receiver multiplexer signal, and was set to

10 nF, which allowed in a 99% settling time for the detector output in under 5.0 ms®.
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Figure 3.33 Example of an electrode set up on the bottom of a shoe to measure heel height

Figure 3.34 Example of two electrode set up on the bottom of a shoe to measure heel and toe height.

Capacitors Cg and C; were set to 10 pF and 100 pF respectively; these capacitors served
as external reference capacitors, which allowed a method for determining the absolute
capacitance on a selected electrode. Capacitor Cg was set to 47 pF, C;, was set to 0.1 pF,
and C; was set to 4.7 uF, all for filtering noise from the power lines. The "ground plane"
pad connected to the circuit board ground at pin 20 was placed underneath the
MC33794DH, and soldered to its heat sink. The heat sink was designed into this chip for
its other applications (e.g., as a lamp driver); the capacitive sensing function consumes

very little power, and does not actually require the heat sink.

1. All sensors on each shoe are sampled at 75 Hz, or, every 13.4 msec. The microcontroller turned each
electrode on, and paused before measuring the output, in order to allow the output to settle.
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Jumper pads RJ; - RJg were used to allow the microcontroller to set the multiplexer and
select the electrodes. To select two of the electrodes connected to the small receptacle
shown in Figure 3.32 (e.g. for use with electrodes under the heel and the metatarsals), RJ;
and RJ3 were connected to pull each high and low via the local power supply and ground,
respectively, RJ, and RJ, were left open, and RJs and RJg were connected to the micro-
controller. Using the microcontroller, RJg was pulled low, and RJs was pulled low to select
the first electrode, and high to select the second electrode. Jumper pad RJ; was connected

to provide the output signal directly to the microcontroller.

The driven shield was used to drive the co-axial shield on the cables connecting the elec-
trodes to the header pins. The driven shield was also used, in lieu of a ground plane, on the
printed circuit board in the areas surrounding the header connections and the lines con-
necting the headers to the MC33794DH chip, to further shield the electric pins from any
stray capacitance or noise on the board. In addition, the driven shield signal was routed to
capacitive tape which formed a shield beneath the insole, to prevent any noise or load
capacitance from the insole sensors from interfering with the sensing electrodes on the

bottom of the shoe.

TABLE 3.8 Relevant parameters of the Motorola MC33794DH [82]

Parameter Value

Measurement range Typical: 10 pF - 100 pF
Sensitivity Typical: 30 pF/ V

99% settling time Max: 5 ms

Cutoff frequency Max: 200 Hz

Electric field frequency | 120 kHz

Package size 14 mm x 16 mm; 3 mm tall
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3.3.7 Ultrasound Sensor

An ultrasound sensor was developed during the latter part of this research, by Mr. Lovell.
The implementation and sample results are available in Appendix E. The ultrasound sen-

sor was configured to measure the distance and the angle between the two shoes.

Working Principle

Ultrasound waves are mechanical acoustic waves at frequencies higher than can be heard
by human ears (humans can hear waves up to at most 20 kHz). Ultrasound sensors typi-
cally have a transmitter, which generates the waves, and a receiver, which is excited when
waves are encountered. Ultrasound waves travel at the speed of sound, so distances can be
determined by measuring the amount of time between the start of transmission and the
first incidence of reception. The speed of sound in dry air, at 20° C, is 331 m/s; this num-

ber does vary with temperature and humidity [76].

Earlier tests using two closely spaced receivers to detect phase difference (as in
monopulse sonar [83]) provided poor results, hence a large separation between receivers

was used with a time-difference-of-arrival method.

Receivers

_____ Transmitter

Figure 3.35 Ultrasound sensor for distance and angle between two shoes
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To measure the distance and relative position between the shoes using the time-difference-
of-arrival, a transmitter was placed on the right shoe, and two receivers were placed on the
left shoe, as shown in Figure 3.35. On the right shoe, the transmitter, shown in green, gen-
erated ultrasound waves at 40 kHz. On the left shoe, the ultrasound electronics measured
the time which elapsed before each of the receivers, shown in red, were first hit by the
ultrasound waves. These time measurements led to an estimate of the distances from the
transmitter to each of the receivers (A and B), and since the distance between the two
receivers (C) is known, 6 can be determined from the law of cosines, as described in
Eq. 3.5. If desired, the distance from the transceiver to an arbitrary point (at known posi-
tion in relation to A or B) and the corresponding angle from the horizontal, ¢, can be deter-

mined from the geometrical relationship between the points.

A*+B°-C° (3.5)

cosO =
2-AB

3.4 Additional Components

The additional hardware and circuits used in this system are described in this section.

Detailed part numbers and ordering information for all parts are listed in Appendix D.2.

3.4.1 Microcontroller

The microcontroller selected for the GaitShoe was the C8051F206, manufactured by Cyg-
nal Integrated Products, Inc. The features of this 48 pin chip include its small size (8 mm x
8 mm, 1.20 mm thick), its on-board analog-to-digital convertor (ADC), and its low operat-
ing current (under 9 mA, typical). The analog-to-digital convertor features 12-bit resolu-
tion multiplexed in 32 channels, and has a net throughput of up to 100 kilosamples/sec
(ksps). The chip was clocked at 22.118 MHz, and therefore has just over 22 million-

instructions/sec (mips); the supply voltage provided was +3.3 V.

Figure 3.36 shows the implementation of the Cygnal C8051F206, as used in the GaitShoe

system, and Figure 3.37 shows the placement of the components on the Main board. A six
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pin JTAG programming header provided the ability to easily update the code on the chip
as needed. Pin 14 must be connected to ground when the Cygnal chip is first turned on, in
order to reset the ADC, so a manual switch was provided for this purpose. Pins 11 and 31
were connected to the 3.3 V power supply, each with 0.1 uF capacitors to minimize noise.
Five jumper pads (RJ; — RJs) were provided for future use with multiple stack boards;

these can be used to give each of 32 boards a unique identification number.

A voltage reference was included on the board, shown connected to pin 7. This can be
used to provide the C8051F206 with a reference voltage which is separate from the main

power line; however, the use of this part was not implemented in testing.
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Figure 3.37 Photo of the main board, with the Cygnal C8051F206 components highlighted
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3.4.2 Radio Frequency Transceiver

A critical requirement of the design of the GaitShoe was that it be an untethered system.
Since the ability to use the GaitShoe for real time feedback was of strong interest, a wire-

less transceiver was required for data transmission.

Transceiver Hardware and Electronics

The wireless transceiver selected for use in this application was the DR3000-1 module,
manufactured by RF Monolithics, Inc. The DR3000-1 module contains RF Monolithics’
TR1000 amplifier-sequenced hybrid (ASH) transceiver on a daughter board, and was
designed specifically for short-range wireless applications in the radio frequency (RF)
range. The daughter board helps isolate the local ground from any noise on the main
ground line, and contains most of the capacitors, resistors and inductors used to operate
the TR1000. The TR1000 operates at 916.5 MHz, and transmits data at 115.2 kilobits/sec’
(kbps), using amplitude-shift keyed (ASK) modulation. Surface-acoustic-wave (SAW) fil-
tering is employed by the receiver (in two stages) to reject out-of-band noise and by the

transmitter to suppress? output harmonics [85].

Figure 3.38 shows the schematic used for the DR3000-1, and Figure 3.37 shows the place-
ment of the components on the Main board. Signals CTR0O, CTR1, and TXEN were set by
the microcontroller, to set the state (transmit or receive) of the transceiver. The microcon-
troller also sent signal TX, which contained the data to be transmitted. Signal RX was the
data received by the transceiver, and was sent to the microcontroller. The NAND gate was
implemented to ensure that pin 5 on the DR3000-1 was held low when the transceiver was

operating in receive mode. It was necessary to add a 22 uF capacitor across pins 7 and 8

1. Transmission at 115.2 kbps was selected so that the data could be converted to serial data, and transmitted
to the computer over the serial line.

2. SAW filters use the piezoelectric effect; a transducer at the input of the device converts electric waves
into surface acoustic waves. The acoustic waves then excite a half-wavelength resonant acoustic cavity
within the transducer, and this energy is coupled to a second resonant acoustic cavity (also of dimension
corresponding half-wavelength) transducer at the output, where the signal is converted back to electric
waves. Various methods of coupling are employed; SAW filters are commonly used in the telecommuni-
cations industry to suppress output harmonics [84].
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(Vcc and GND) in order to minimize noise from the power line [85]; this increased the
range of the system by from approximately 3 m to more than 15 m, during use in the MIT

Media Lab.
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Figure 3.39 Photo of the Main board, with the components of the RF Monolithics DR3000-1 highlighted

The antenna used for most of the testing of the system® was a helical whip 1/4-wave
antenna manufactured by Linx Technologies, Inc.; it has a female RP-SMA connector, and
is omni-directional. It was connected to the DR3000-1 daughter board via a connector

manufactured by Linx Technologies, which has a male RP-SMA connector with an 8.5"

1. Asolid core wire cut to 8.2 cm in length (the 1/4 wavelength for 916.5 MHz) was used with the first three
subjects. However, the wire was continually hit by the equipment used by the MGH Biomotion Labora-
tory, which caused it to bend back and forth and eventually shear off. The helical whip antenna was found
to work nearly as well as the wire, and was more stable physically. Though it is recommended that it be
used with a proximity groundplane, a groundplane was not implemented in this version of the system;
doing so could improve the reliability of the wireless transmission.
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length of coaxial cable attached with heat shrink and strain relief. The voltage standing

wave ratio (VSWR) of this antenna is typically under 1.9.

RF Issues

RF Monolithics estimates that in the 916.5 MHz band, with transmission at 115.2 kbps,
the operating distance will be up to 65.3 m in free space or as low as 8.1 m in dense cubi-
cal office space. Additionally, it is important to note that UHF radiation is well absorbed
by the human body, particularly above 750 MHz, which will always be a confounding fac-

tor in optimizing such a wireless system.

The testing of the GaitShoe was carried out at the MGH Biomotion Laboratory (BML),
which contained a large quantity of electrical equipment. In addition, the equipment of
other residents in the building was unknown (for instance, some wireless phones operate
in the 900 MHz band), and temporary magnetic resonance imaging (MRI) and positron
emission topography (PET) laboratories are often set up outside the building. These fac-
tors were likely contributors to the low transmission range achieved during testing: the
maximum range of the GaitShoe, while in use at the BML, was on the order of 3-5 m from
the basestation. In contrast, in use at the MIT Media Lab, the maximum range was on the
order of 15 m or more. However, the basestation was placed in the middle of the room at

the BML which provided sufficient length for collecting data during the entire gait trial.

The 12-bit output from the ADC was converted to two balanced (equal numbers of zeros
and ones) bytes, using the algorithm described in Appendix F.1. Error checking algo-
rithms, such as cyclic redundancy check (CRC), were not implemented, but are recom-

mended for future work with the GaitShoe.

3.4.3 Power

Several different voltages were needed in the GaitShoe system. While most of the hard-
ware used +3.3 V, the Analog Devices gyroscope (ADXRS150) required +5 V, the Motor-
ola electric field imaging device (MC33794DH) required +12 V, and the ultrasound sensor
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required +9 V. To meet these requirements, and to allow the GaitShoe system to be unteth-
ered, a power board was developed, containing a replaceable +9 V battery and voltage
regulators. The voltage regulators were three different fixed voltage output versions of the
Analog Devices ADP1111 switching regulator. For fixed outputs of +3.3 V and +5 V, the
ADP1111 operated in step-down mode, and for the fixed output of +12 V, the ADP1111
operated in step-up mode. In steady-state operation, the hardware on each GaitShoe

attachment drew a current just under 50 mA, while the basestation drew just under 15 mA
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Figure 3.40 Schematic of the Power Board

The schematic showing the circuits on the power board is shown in Figure 3.40. As imple-

mented, Ry, Ry, and R3, were each set to 0 kQ (the resistor pads were included to provide
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the option to limit the current; this was unnecessary). The inductor values were selected
based on allowing the battery to reach a minimum voltage of 7V. Inductors are available in
a finite range of values, so the closest lower value was selected. This resulted in used (and
calculated) values of: Ly = 27 pH (30 pH), L, = 18 uH (19 pH), and Lz = 82 puH (98 uH).
The direct battery output was used to provide the +9 V for the ultrasound sensor. To mini-
mize noise, each voltage line had a ceramic 0.1 pF capacitor, Cg, Cq, C1q, and Cy4, as well
as an electrolytic capacitor, C4, Cs, Cg, and Co; the electrolytic capacitors were set to
220 uF on the +3.3 V and +5 V lines and 470 uF on the +12 V and +9 V lines.

The power board also contained a MAX666 chip, which was used to detect when the bat-
tery level becomes low. The MAX666 pulls pin 7 high when the battery level is above the
threshold set by resistors Ryg and Rq; and low when the battery level falls below the
threshold. With R1g = 2.7 MQ and Rq; = 12 MQ, the threshold was set at 7 V. The level of
pin 7 was provided as an output, and was connected to the +9 V battery source via a light
emitting diode (LED), L,, such that the LED was lit when the battery level fell below the
threshold of 7 V. This provided a visual indication that the battery level was low. A second
LED, L4, was located between the +9 V battery source and ground, which provided a

visual indication that the power board is turned on.

Finally, the power board also contained a resettable fuse, in series with the on-off switch,
and before the rest of the hardware. Although a +9 V battery cannot source enough current
for a shock to be felt through the skin, a fire or burn hazard from a short circuit remains a
possibility, hence, a fuse was included as a safety precaution. The fuse used was part MF-
SMO030, a positive-temperature coefficient (PTC) polymer fuse manufactured by Bourns,
Inc. PTC polymers change from a low resistance to a very high resistance state in response
to a spike in current above the trip current level; PTC polymer fuses are resettable by
power cycling the device (and removing the cause of the high current). The MF-SMO030

has a trip current of 0.6 mA.
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3.4.4 Other Components

An analog multiplexer from Analog Devices, part ADG608, was used for the collection of
data from multiple sensors. The ADG608 switches between each of eight inputs to a com-
mon output. Its features include a high switching speed (typical transition time to switch
inputs is 120 nsec), low power dissipation (1.5 uW, max), and a low on resistance (30 €,

max).

All op-amps used in the system were the Analog Devices OP262. The OP262 is a dual op-
amp, which has a low offset voltage (50 uV, typical), low supply current (.5 mA, typical),
high slew rate (10 V/usec, typical) and low noise (0.5 pV peak-to-peak, typical). Nearly
all were operated at +3.3 V, except for the op-amps used in the ultrasound sensor circuits,

which were operated at +9 V.

In the basestation, the RS-232 driver used to convert the streaming wireless data to serial
data was a MAX233 chip, manufactured by Maxim. This chip runs on +5 V, and provides
the higher RS-232 voltage with a charge pump, hence it does not require any external

components.

A number of connectors were used in the GaitShoe system. The most critical selection was
the choice of connectors between the stacked printed circuit boards. These provided both
electrical interconnections, and some mechanical stability. The 26 total interconnections
were split between the two headers (14 for one, 12 for the other), which were located at
opposite corners. The connectors were Molex Milli-Grid shrouded headers and mating
receptacles, and were rated for 100 insertion cycles (reasonable for prototyping)®. The net

names on the interconnections are shown in Figure 3.41.

1. The footprint of these connectors and the foot print of the RF Monolithics DR-3000-1 board (the largest
component) determined the basic size of the board: 4.5 cm x 3.7 cm, the smallest size which could
accommodate these three components. A smaller single connector with 26 pins wa originally used, which
allowed for a smaller board footprint, however, this connector was not robust enough when mounted on
the back of a shoe.
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Figure 3.41 Header interconnection net names

3.5 The GaitShoe System

The design of the GaitShoe has resulted in a wearable wireless system which can measure
a vast number of parameters about gait. A photo of the GaitShoe hardware on a pair of
shoes is shown in Figure 3.42, and the structure of the GaitShoe system is summarized in
a high-level block diagram in Figure 3.44. Figure 3.44 shows the (uncalibrated) outputs

across all the sensors used during the subject testing.

Figure 3.42 GaitShoe hardware
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Figure 3.44 Sensor outputs across all sensors for both feet
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Chapter 4

SENSOR ANALYSIS

This chapter discusses the pre-processing applied to the GaitShoe data, the analysis tech-
niques and assumptions used, and presents an analysis of the output of all the sensors,
including calibration of the most relevant sensors. The outputs of the calibrated sensors in
the GaitShoe system were analyzed to generate clinically relevant gait parameters; the val-
idation of these results by comparison to data collected simultaneously by the system at

the Massachusetts General Hospital Biomotion Lab is discussed in Chapter 5.

Calibration of the sensors was necessary because sensor outputs may vary, depending
upon, inter alia, manufacturing tolerances of sensors and other components in the circuits
with the sensors. Although manufacturers provide specifications ("specs"”) for sensors, in
general they are not sufficiently accurate. The sensitivity, which relates the output of the
sensor to the standard units, must be determined for any sensor for which a quantitative
output is desired. In addition, sensors such as the gyroscopes and accelerometers measure
parameters that have positive and negative polarities. However, the actual sensors all have
an output voltage greater than zero, so the zero offset for each of these sensors must be
determined?. The uncalibrated sensor outputs have been normalized to a scale of 0 to 1 by
the maximum 12-bit analog-to-digital converter (ADC) value (i.e. the uncalibrated outputs
were divided by 4095).

1. In a sensor which has a linear output, the zero offset corresponds to the y-intercept, and the sensitivity
corresponds to the slope of the line.

97
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4.1 Data Processing

Before the parameters derived in this chapter were used to calibrate and analyze the sensor

outputs, a number of processing steps were applied to the data.

4.1.1 Truncation

The GaitShoe collects data continuously, while the MGH Biomotion Lab (BML) collected
data for seven seconds during subject testing for validation of the GaitShoe. The GaitShoe
data were truncated so that it started a couple seconds before the subject started walking,
and concluded just before the subject stopped or turned at the end of the room. To deter-
mine the truncation?, the raw data were loaded, and the outputs from several sensors on

both feet were plotted, as shown in Figure 4.1.
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Figure 4.1 Complete raw output

The starting and stopping points were selected by investigation of plotted data. The initia-

tion of gait was easily determined, because the subjects were instructed to stand still with

1. See timetrunc.m, an m-file available in Appendix F.2.
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both feet on the floor before starting the gait trial; the starting point was selected approxi-

mately 2 seconds before the first changes seen in the sensors.

The stopping point was more difficult to determine. Subjects were told to stop when they
reached a point a few feet away from the wall, and could either pause or continue walking
by turning to their left. Because of this variation, the stopping point was set either when
the subject slowed or turned, whichever occurred first. All four FSR outputs and both
PVDF outputs, for both feet, were plotted for visualization of a slowing gait. For instance,
in Figure 4.1, the left FSR output shows a broadened output during the last two steps, cor-
responding to a slowing gait. Two gyroscope outputs were plotted for both feet: the z-
gyro, which measures the angular velocity corresponding to changes in the pitch of the
foot, and the y-gyro, which measures the angular velocity corresponding to changes in the
yaw of the foot. Turning on the heel of the foot results in changes picked up by the y-gyro
only, this can be seen well in the left foot output in Figure 4.1 (this event is marked in the
top graph of Figure 4.1). The stopping point was set just before either of these events
occurred, and was always set mid-stance (load on the FSRs) for one foot, and just after
toe-off (no-load on the FSRs) of the other foot.
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Figure 4.2 Truncated section of the raw output
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The resulting truncated data are shown in Figure 4.2. All of the truncated gait trials for
each subject were stored as a Matlab data file. The bottom graphs in both Figure 4.1 and
Figure 4.2 is the output of the BML transistor-transistor logic (TTL) trigger, which was
used to align the time scale of the GaitShoe with the time scale of the BML data
(described in Appendix D). The initiation of the trigger flag corresponds to time zero on
the BML system.

4.1.2 Time Adjustment

Stored with the data were two columns of information about the time points corresponding
to each row of sensor outputs: the time as provided by the laptop computer clock, "comp-
time," and a timestamp provided by the clock and the microcontroller in the basestation,
"basetime.” The comptime stream was continuous, but was only accurate only to about
50 msec. The basetime stream was accurate to 0.1 msec, but it reset every 0.4096 seconds.
The comptime was used to make initial observations of the data, such as for truncation,
without needing to convert the basetime. It was also used as a moderately accurate refer-
ence during the basetime conversion; this reference was needed if the wireless connection
failed and packets of data were not received by the basestation. The basetime was con-
verted! to a continuous time stream using the comptime as a reference. The trigger output,
shown on the bottom graph in Figure 4.2, was used to set time zero, corresponding to the

BML time scale.

4.1.3 Data Adjustment

The final step2 before calibration was to adjust the data®, by reordering the sensor col-

umns, and by checking all data for outliers.

1. See timeadjuster.m, an m-file available in Appendix F.2.

2. See getshoedataorder.m, an m-file available in Appendix F.2, which ran timeadjuster.m and dataad-
juster.m

3. See dataadjuster.m, an m-file available in Appendix F.2.
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TABLE 4.1

Final sensor order

Column

Sensor Name

Abbreviation

© 00 ~N oo o b~ wWw NP

N NN P PR R R R R R R
N B © © o N o o A W N PP O

FSR, under the medial heel

FSR, under the lateral heel

FSR, under the medial (first) metatarsal
FSR, under the lateral (fifth) metatarsal
PVDF, under the heel

PVDF, under the great toe

Bend, in the insole

Bend, at the ankle

Gyroscope, measuring about the z-axis
Accelerometer, measuring along the z-axis
Gyroscope, measuring about the y-axis
Accelerometer, measuring along the y-axis
Gyroscope, measuring about the x-axis
Accelerometer, measuring along the x-axis
Electric Field Sensor, under the heel
reserved for future use

reserved for future use

reserved for future use

reserved for future use

reserved for future use

Time

Outlier information

FSR-HM
FSR-HL
FSR-MM
FSR-ML
PVDF-H
PVDF-T
Bend-I
Bend-A
Gyro-Z
Accel-Z
Gyro-Y
Accel-Y
Gyro-X
Accel-X
EF-H

Sensor Order

The data were reordered such that the columns of the data corresponded to the order of

sensor outputs as listed in Table 4.1 (rows corresponded to time points). This was done

mainly to set a standard order of sensor data across all subjects, since different versions of

microcontroller code transmitted the sensor data in different orders. It was also used to

group similar sensors together. The five columns reserved for future use were left empty

for both the planned additional sensors, such as an electric field sensor under the metatar-
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sals, and the ultrasound sensors, as well as any future sensors of interest (if more than five
additional sensors were added to the system, additional columns could, of course, be

added as well).

Outliers

As described in Section 3.4.2, the wireless transmission involved encoding the twelve bit
sensor reading as two balanced bytes. The basestation received these data and used the
serial line to send the computer the two balanced bytes, where they were decoded to
reconstruct the twelve bit sensor reading. However, if a single bit (or 3, 5, or 7 bits) was
not received correctly at the basestation, the two bytes could not be decoded to the original
twelve bit number. If the decoding failed, the sensor output at that time point was

flagged®.

In addition, if two (or 4, 5, or 8) bits were not received correctly at the basestation, the
resulting byte was still balanced, so it was able to be decoded and reconstructed as a
twelve bit number; however, this reconstructed value was incorrect. Errors of this type
resulted in outlying data pointsz, which were identified using the first difference of the
sensor data. For each point, the standard deviation of the first differences over a total of 75
points (which corresponds to about a minute’s worth of data) were calculated. When eval-
uated, most points were located in the middle of the 75 points, but at either end of the data,

a block of the first 75 or last 75 points were used.

A point was identified as an outlier if both of the following criteria were met: 1) the mag-
nitudes of the first differences between the point and each of its neighbors were greater
than the standard deviation times a threshold (the value of the threshold is discussed
below), and, 2) the signs of those two first differences were opposite. The first criteria

indicated that the value of the point changed rapidly with respect to its neighbors, and the

1. The computer program converted the twelve-bit output (range, 0-4095) to a normalized output with a
range from 0-1; data which could not be decoded was set equal to 2.

2. See findoutliers.m, an m-file available in Appendix F.2.
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second criteria indicated that the point was not along a valid trajectory of rapidly increas-
ing (or decreasing) points. Each sensor data vector was evaluated twice, since outliers
with a very large first difference could skew the mean standard deviation within the 75

point window for outliers which occurred earlier.
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Figure 4.3 Outlier identified in bend sensor output

The FSRs, bend sensors, and electric field sensors all measured parameters which did not
change rapidly, so a threshold of three standard deviations was used. Data from a bend
sensor is shown in Figure 4.3, with the first differences plotted in the lower portion of the
graph. One of the data points visually stands out as an outlier. The circle around this data
point in the upper graph indicates that it met the criteria for being labeled an outlier. The
horizontal lines on the bottom graph correspond to the value of the three standard devia-

tions of the local first difference.

The accelerometers, gyroscopes, and PVDF strips were all high-bandwidth devices and
measured parameters that changed very quickly, so a higher threshold of five standard
deviations was used. Though many of the data points in the accelerometer output change
very rapidly, only one met the criteria to be labeled outlier, as can be seen from the hori-

zontal lines on the lower graph in Figure 4.4.
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Figure 4.4 Outlier identified in accelerometer output

When a sensor data point was identified as either an odd-bit error from the flag, or as an
even-bit error from the outlier evaluation, it was replaced by fitting a line! between the
two neighboring points. Column 22 was used to store which data points were replaced, by
using a base-18 number, where the position in the base-18 number corresponding to the
column number was set to 1 if the sensor data point was determined to be an outlier, and
set to 2 if the sensor data point was flagged as unable to be decoded (or left as zero if the

data was unaltered).

Another wireless transmission problem was that some data packets were not received by
the basestation. Each shoe was instructed to update every 0.0134 seconds, which corre-
sponds to a data transmission rate of approximately 75 Hz. However, due to issues with
the wireless transmission, as discussed in Section 3.4.2, there were occasional "dropped
packets,"” where the time between data packets for a single shoe was more than
0.0134 seconds. An additional step2 was performed on all of the data, where for any series

of three dropped packets or fewer, data were generated for the missing time points by fit-

1. Polyfit.m, a standard Matlab function, was used with the polynomial degree set to 1 to fit the line, and
polyval.m, also a standard Matlab function, was used to calculate the value at the time of the outlying
sensor data point.

2. See gapfiller.m, an m-file available in Appendix F.2.
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ting a line in the same manner as was used for the outliers. In this case, the corresponding

row had a value of 0.1 placed in column 22.
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Figure 4.5 Bend sensor data with a number of adjustments

By using column 22 to store information about data replacement and data generation, it
was easy to recover the status of every data point. A sample of bend sensor data which had
all three types of data adjustments is shown? in Figure 4.5. Each resulting matrix of data,
for the left and right feet over a single gait trial were stored in a Matlab data files for each
subject.

4.1.4 Calibration and Analysis

To calibrate? the data, the truncated and adjusted data were loaded into Matlab. All rows
with a non-zero value in column 22 were removed, because of concerns about the accu-
racy of the line-fit (the use of a spline-fit for data is discussed later in this chapter; this was

done on an as-needed basis).

The accelerometers, gyroscopes, and bend sensors were calibrated using the sensitivities
and zero offsets, and the FSRs were calibrated using the sensitivity functions; the determi-

nation of these parameters will be discussed in this chapter. The PVDFs were scaled to a

1. See plotadjdata.m, an m-file available in Appendix F.2.
2. See gencalibrations.m, an m-file available in Appendix F.2, was used to apply the calibrations to the data
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centered around zero. The electric field sensor was only used on a few of the last subject,
and so the electric field sensor output was not included in the calibrated data matrix; the
data order is listed in Table 4.2. In addition, the sum of the four calibrated FSR outputs
was calculated, and stored in column 20. The resulting calibrated data were stored in a

Matlab data file.

TABLE 4.2 Order of calibrated and analyzed data

Column | Data Abbreviation
1 Calibrated FSR, under the medial heel FSR-HM
2 Calibrated FSR, under the lateral heel FSR-HL
3 Calibrated FSR, under the medial (first) metatarsal FSR-MM
4 Calibrated FSR, under the lateral (fifth) metatarsal FSR-ML
5 Centered PVDF, under the heel PVDF-H
6 Centered PVDF, under the great toe PVDF-T
7 Calibrated Bend, in the insole Bend-I

8 Calibrated Bend, at the ankle Bend-A
9 Calibrated Gyroscope, measuring about the z-axis Gyro-Z
10 Calibrated Accelerometer, measuring along the z-axis  Accel-Z
11 Calibrated Gyroscope, measuring about the y-axis Gyro-Y
12 Calibrated Accelerometer, measuring along the y-axis ~ Accel-Y
13 Calibrated Gyroscope, measuring about the x-axis Gyro-X
14 Calibrated Accelerometer, measuring along the x-axis  Accel-X
15 Pitch, determined from Gyro-Z

16 Velocity in Xroom

17 Displacement in Xgoom

18 Velocity in Yroom

19 Displacement in Yroom

20 Sum of calibrated FSR outputs (columns 1-4) FSRsum
21 Time

As will be discussed in this chapter, the z-gyroscope was analyzed to determine the foot
pitch, and the pitch was stored in column 15. The x-accelerometer and y-accelerometer

were used to determine the velocity and displacement along the x- and y- axes of the
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room; the x-velocity and x-displacement were stored in columns 16 and 17, and the x-
velocity and x-displacement were stored in columns 18 and 19. The final order of the cali-

brated and analyzed data is detailed in Table 4.2.

4.2 Analysis Model

4.2.1 Coordinate Systems

Analysis of the data requires the understanding of two coordinate systems, shown in
Figure 4.6. The first coordinate system corresponds to the global reference frame of the
room. The second corresponds to the local body frame, where the sensors are located and
collect their measurements. Determination of room-based parameters such as orientation
or position (for instance, corresponding to stride length) requires a transformation to the

global reference frame.

For very simple motions, this transformation is straightforward. For example, a simple
rotation about a single gyroscope axis is transformed to an angle of orientation within the
fixed reference frame by integrating the corresponding gyroscope signal. Similarly a sim-
ple translation consisting only of motion along a single acceleration axis is transformed to
a displacement within the fixed reference frame by double integration of the correspond-
ing accelerometer signal. Of course, most motions of interest will consist of rotations
about multiple axes, vector translations, and the two axes will be at some arbitrary posi-
tion and orientation with respect to each other, requiring more complex transformations to

obtain measurements of interest in the fixed reference frame of the room.

yroom
YGS
yaw

zruom xmﬂm

Global
Reference GS pitch Xes

Frame

Local Body
Frame

Figure 4.6 Frames of reference used in evaluation
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4.2.2 Inertial Measurement Evaluation

The GaitShoe system contains three gyroscopes and three accelerometers, which form a
strapdown "inertial measurement unit" [86], by collecting information about the three-
dimensional motion of the foot through space. These measurements can be integrated with

respect to time and combined to determine the position and orientation of the foot.

Evaluation of Complex Rotations and Translations

As discussed above, complex rotations and translations require careful evaluation to trans-
form the motion in the local body frame back to the fixed reference frame. In particular,
because orientation space wraps onto itself, and rotations do not commute, complex rota-
tions in 3D space cannot be determined by examining only the rotations about each axis
independently. For instance, in a given reference frame, rotation about the y-axis of +30°
results in the same orientation as a rotation about the y-axis of —330°; in addition, succes-
sive rotations about the x-axis and z-axis can result in the same final orientation. The two
most commonly used methods of evaluation to deal with this issue are Euler angles and
quaternions. Euler angles represent complex rotations as the product of three successive
rotations about three orthogonal axes. Quaternions represent rotations via a three element
vector, Q, and a real number Q,, where the magnitude of the rotation is 2acos(Q,), and the
rotation is about the axis described by Q,. Quaternions can be transformed to Euler

angles, and vice versa.

The Kalman filter is an important mathematical tool used to combine quaternions or Euler
angles with translations in order to obtain the position and orientation. The Kalman filter
was developed to provide a method of estimating a process with feedback from measure-
ments [87]. The basic Kalman filter has two types of equations: time update equations,
which predict the state of the process prior to the next time point; and, measurement
update equations, which use the feedback from measurements at the time point to correct
the estimation of the state. The basic Kalman filter is useful for estimating the state of a

linear process; for estimating the state of a three-dimensional non-linear motion, the
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extended Kalman filter, which linearizes about the current mean and covariance, is used
(this initial analysis of the data did not include the implementation of a Kalman filter,
though one is recommended for future work) [88] [89] [90].

Integration Considerations

Applying integration to gyroscope and accelerometer outputs results in a long-term
increase in error of the position and orientation, because noise errors accumulate during
integration via a random walk process; the root mean square of this drift is proportional to
the square root of the time of the integration [91]. This results in a second source of error
for the accelerometers. Because the accelerometers measure both dynamic and static
acceleration, the contribution of gravity must be correctly subtracted before integration to
determine position due to dynamic acceleration. As discussed in Section 4.4.2, this contri-
bution of gravity is calculated by integrating the gyroscopes to determine the orientation
of the foot. Errors in the integration of the angular velocity therefore contribute to errors in
the calculation of the gravity contribution, which is subtracted prior to integration of the

accelerometer signal.

These effects can be minimized by periodic recalibration of position and orientation, or by
integrating over short time intervals. Because the subjects in this study of the GaitShoe
were all walking, the gait included a state when each foot was flat on the floor. This state
occurs between heel strike and toe off, and can be confirmed with other sensors, such as
the four FSRs in the insole. This was exploited to improve the integration of the gyroscope
and accelerometer signals: it was used to set the bounds of integration over a single stride,
as well as to recalibrate the orientation about the z-axis and x-axis (both 0° when the foot
is flat on the floor), and the position in the y-axis (0 cm). Though the positions in the z-
axis and x-axis and the orientation about the y-axis in the horizontal plane do not have an
external reference for recalibration, resetting the integration reduces errors. Healthy gait
typically has a step rate close to 120 steps per minute, or 60 strides per foot per minute. As
shown in Figure 4.7, stance time is typically 60% of the gait cycle, which results in inte-

gration over about 0.40 seconds; this short integration time should help reduce the random
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walk noise accumulated during integration. For persons with gait which does not include
foot-flat, such as toe-walkers, a different method will be required for recalibration. For
instance, the bend sensor in the insole could be used to determine the orientation of the

gyroscope every time the toes were on the floor, as detected by the FSRs located under-
neath the metatarsals.

room
room
room
-

Heel Strike Toe offT Heel Strike

- A

Stance Swing

N o
\ﬁsrep/—j/\/

One Stride

Figure 4.7 The gait cycle

Analysis Assumptions

The initial analysis of the GaitShoe sensor output was simplified by assuming that the data
collected involved linear motion in the Xgs—Ygg plane only (no translation in Zgg), and
rotation about the Zgg axis only (the Xgs—Ygg plane remained parallel to the X,qom—
Y 0om Plane). In other words, it was assumed that motion involved only changes portray-

able on flat paper, such as in Figure 4.7.

The subject testing involved collecting data during walking, with the subject walking in a
straight line only (as discussed in Section 4.1.1, the data were truncated before the subject
turned upon reaching the end of the room). While this assumption is unlikely to be com-

pletely true for any of the subjects, it is a reasonable approximation to reality, particularly
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for subjects with normal gait. Figure 4.8 shows the outputs of the three gyroscopes and
three accelerometers from one of the gait trials during subject testing. Though there is
acceleration in Zgg, the magnitude is smaller than the accelerations measured in Xgg and
Ygs. In this sample, the standard deviation of the acceleration in Zgg is 2.2 m/s?, com-
pared to greater than 5 m/s? in Xgg and Ygs, and the spread between the largest positive
and largest negative acceleration in Zgg is 20 m/s?, compared to greater than 45 m/s? in
Xgs and Ygg; thus, the accelerations in Xgg and Ygg are at least double those in Zgs.
Similarly, the angular velocity about Zgg, is significantly larger in magnitude than the
angular velocities measured about Xgg and Y gg. In this sample, the standard deviation of
the angular velocity about Zgg is 164.5 °/s, compared to less than 35 °/s about Xgg and
Ygs, and the spread between the largest positive and largest negative angular velocity
about Zgg is 781.2 °/s, compared to less than 270 °/s in Xgg and Ygs; thus, the angular

velocities about Xgg and Y g are less than a third of the angular velocity about Zs.
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Figure 4.8 Comparison of IMU outputs during walking gait

For this initial analysis of the GaitShoe system, these assumptions were reasonable, with-
out requiring the complex mathematics required to represent true 3D motion. Thus, the
motion analysis consisted of integrating the output of the z-gyroscope to obtain the pitch

of the foot about Z,,,,, and transformation of the single and double integration of the out-
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put of the x- and y-accelerometers (after incorporating the pitch of the foot) to obtain the

velocity and displacement along the X, o, direction.

Methods of Integration

Two methods of integration were used in the analysis, a linear integrator, and Simpson’s
integration with a spline-fit. For the latter, a spline’ was fit to a subset of the data and used

to evaluate the integral numerically, using adaptive Simpson quadrature?.

The linear integrator used the assumption that the data collection rate of At =0.0134 sec
between data updates was a small enough interval that the change in the gyroscope or
accelerometer output could be considered linear between the two time points, as shown in

Figure 4.9 on sample gyroscope output.

&0, Calibrated Gyro-Z Output
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.lq+4 A
S 2k I % E E I :_ I S (I .;‘
> ‘ T i T et
2 100 ! IS A J B = NP I | ! t ]
g JVIL U :;,:" HEAmIvd b (®.,t)
3 I A A iTi
5 o H t | ! \ (O] l’l
3 .. bt f RS

300 "J 7’.‘ N U \

Time [sec] ((Di—l’ti—l)

Figure 4.9 Illustration for linear integration

The equation of the line between two time points can be defined by its slope, m,

_ ©0im0iy) (4.1)
(t;—1;_1)
and its y-intercept, b,

1. See spline.m, a standard matlab function was used for the spline-fit.
2. See quad.m, a standard matlab function was used to integrate using adaptive Simpson quadrature.
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Then, the integral of the angular velocity between time point t;_; and t; is:

t.

(0,-09,_)) = j (m -1+ b)dr, (4.3)
A
which reduces to
2

1 2
0, = E-m~(t —t;,_)+b-(t;—t,_1)+0O,_. (4.4)

1

Equations 4.1, 4.2, and 4.4 provided a simple method?! of linearly integrating the data.

4.3 Gyroscopes

All three gyroscopes were calibrated; the calibrated z-gyroscope output was integrated to

determine the pitch of the foot.

4.3.1 Calibration

For the gyroscopes, two types of information were required: the zero offset, to center the
output around zero; and, the sensitivity, to convert the output to units of °/s.

Zero Offset

The zero offset of the gyroscopes was simply the output of the gyro when the hardware
was at rest. The results are summarized in Table 4.3.

Sensitivity

The sensitivity of the gyroscopes was determined by rotating each gyroscope about its

sensitive axis, through a range of constant angular velocities.

A precision gearhead motor from Globe Motors (#409A582) was used to rotate the gyro-

scopes. This motor is a high torque permanent magnet motor with a no-load rating of

1. See linear_integrator.m, an m-file available in Appendix F.2.
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3000 rpm at +12 V. As purchased, the assembly is geared down such that the gearhead
output shaft has a no-load rating of 25 rpm at +12 V, with 400 ounce/inches of torque; the
motor functions from 6-12 V. During calibration, the polarity of the inputs were reversed
in order to switch the direction of rotation, and the voltage input was varied to adjust the
angular velocity. A flat metal turntable was attached to the gearhead output shaft, and the
stack hardware was mounted directly to the metal turntable. The rotational velocity was

measured with an optical tachometer.

SN g

Figure 4.10 Photo of the turntable used for the gyroscope calibration

For each gyroscope, the stack hardware was placed on the turntable shown in Figure 4.10,
and taped securely into place, with the sensitive axis of the gyroscope undergoing calibra-
tion visually aligned over the center point of the turntable. Data were collected for 20 to 30

1 were calcu-

seconds each at several discrete angular velocities, and the clipped means
lated? for each set of data. A line was fit to the clipped mean data points and the zero offset
value (which corresponds to 0°/s); the slope of the fit line is the sensitivity of the sensor.
The results are summarized in Table 4.3, including the coefficient of correlation of the line

fit, and the line fit for gyroscopes on IMU-1 is shown in Figure 4.11. Note that the Murata

1. The mean, calculated after discarding the top 10% and bottom 10% of the data.

2. As discussed in Section 4.1.3, the GaitShoe data may contain some incorrect data points, as a result of the
wireless transmission protocol. For data collected about gait, these points are identified by looking at the
first difference; here, any spurious points were eliminated by using the clipped mean.



Gyroscopes 115

gyroscope (axes Y and Z) specification indicated a sensitivity of 3.05 x 10 [output/(°/s)]

and a zero offset of 0.5 [output]. The Analog Devices gyroscope (axis X) specification

indicated a typical sensitivity of 8.93 x 10™ [output/(°/s)], a maximum sensitivity of

9.82 x 10" [output/(°/s)] and a zero offset of 0.5 [output].
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Figure 4.11 Line fits for determining the sensitivity of the gyroscopes (shown for IMU-1)

TABLE 4.3 Gyroscope sensitivities and zero offsets

Gyroscope Sensitivity? Zero Offset
Slope Coeff. of Corr.
IMU-1 X 9.25 x 10™ 1.000 0.492
IMU-1Y 3.21x 104 0.999 0.462
IMU-1Z 3.30x 10 1.000 0.423
IMU-2 X 9.33x 1074 1.000 0.508
IMU-2 Y 3.32x 10 1.000 0.446
IMU-2 Z 3.23x 10 1.000 0.432

a. Sensitivity units are [output/(°/s)]; all other units are the uncali-
brated output (scaled from 0-3.3VtoOto 1
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4.3.2 Analysis of the Pitch

The pitch of the foot was determined by integrating the z-gyroscope output. The sign of
the pitch follows the convention used at the MGH Biomotion Lab (BML), where in facing
a subject such as the one pictured in Figure 4.7, a positive rotation about the z-axis corre-
sponds to a rotation from the y-axis to the x-axis (left hand rule). The z-gyroscope output
was integrated over a single stride. A variety of approaches for integration were devel-

oped.

The integration bounds for the gyroscope were determined from the times of heel strike
and toe off. The midpoint between the heel strike time and the toe off time was calculated

and was used for the starting and stopping point of each integration.

Direct Linear Integration

The first method?! of determining the pitch used the calibrated z-gyroscope data and linear
integration. A sample is shown in Figure 4.12, where the integration bounds are indicated
with a red dot. The problem with this approach is that the integration sometimes fails to
return the angle to 0° after a single stride. In Figure 4.12, the first integration is signifi-
cantly off, and the second and fourth integrations are slightly off, while the third integra-

tion looks very reasonable.

There are two reasons which usually account for the failure to return the angle to 0° at the
end of the stride: dropped packets; and drifting z-gyroscope output. In the first integration,
there is a fairly large gap of dropped packets, which results in a miscalculation of the angle
at the first time point following the gap, and a shift of the subsequent angles. This problem
can be most readily addressed by improving the wireless implementation to prevent
packet loss or by providing a method of on-board data storage. For this work a number of

methods using spline-fits were developed to generate the missing data.

1. See gyroz_linint.m, a m-file available in Appendix F.2.
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Figure 4.12 Sample of direct linear integration of the z-gyroscope

The z-gyroscope output corresponding to the fourth integration interval is shown in
Figure 4.13, The output of the z-gyroscope is not zero during stance in this sample. This is
because during calibration of the gyroscope, the zero-offset determined in Chapter 4 was
used, but gyroscope output actually drifts very slightly over time. To compensate for this,

an iterative method was developed.

Calibrated Gyro-Z Output

500~

1
300 f | “‘ \\‘
/ |

/ |
200+ ¢ | [

| [N
| | \
| | A
100 ‘ | \
' !
\ [ ¢
\ [ \n-." cevseBos

R S——— \ f

Angular Velocity [degrees/sec]

200 \ /
300} \ /

400 I I I I
2 22 24 26 28 3 32

Time [sec]

Figure 4.13 Z-gyroscope output where angular velocity is non-zero during stance
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Iterated Linear Integration

To compensate for the slight drifting of the gyroscope’s zero-offset, the second method? of
determining the pitch linearly integrated the z-gyroscope data, but checked the final value
of each integration between each set of integration bounds. An "endlimit" value was
defined as 0.1% of the full-scale across all integrations. In Figure 4.12, the full-scale is

approximately -50° to 60°, so the endlimit value would be 0.1% of 110°, or 0.11°.

For a given pair of integration bounds, if the final value had a magnitude greater than the
endlimit, a small "nudge" value was added to the calibrated z-gyroscope data between
these integration bounds. The magnitude of the nudge value was equal to the difference
between the endlimit and the final value after integration, and the sign of the nudge value
was opposite from the sign of the final value after integration. The linear integration
between these integration bounds was repeated. This process was repeated until the final

value was within the endlimit.
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Figure 4.14 Sample of linear integration of the z-gyroscope, with iteration

1. See linear_integrator_endadjust.m and gyrozlinint_withspline.m, m-files available in Appendix F.2.
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The results of this method are shown in Figure 4.14. All four of the integrations, including

the first with dropped packets, now return smoothly to 0°.

Iterative Linear Integration with Spline-fit and Iterative Simpson’s Integration

The third method! added an additional step to compensate for any gaps of dropped pack-
ets. After the iterative linear integration was complete, the data were checked between
each set of integration bounds for gaps with more than four packets dropped in a row. If
such gaps were found, a spline was fit to the calibrated z-gyroscope data. Then, the spline
was used with Simpson’s integration to determine the angle corresponding to the time
points where packets were dropped (an iterative integration was used, similar to the one

described above).

The results of this method are shown in Figure 4.15. There were three gaps of significant
length, two during the first iteration, and one during the final iteration. The results of the
spline-fit fill in the missing data points, but do not significantly affect the overall calcula-

tion of the angles.
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Figure 4.15 Sample of linear integration of the z-gyroscope, with iteration and spline-fit

1. See simpsonsintegrator_endadjust.m and gyrozlinint_withspline.m, m-files available in Appendix F.2.
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Iterative Linear Integration with Post-Integration Spline-Fit

The final method® was developed as an alternative to the previous method; it was compu-
tationally expensive to do the spline-fit and iteration, particularly since the overall results
were not changed. In this method, after the z-gyroscope was linearly integrated with itera-
tion as described above. As necessary, any area of interest in the pitch was fit with a spline

for evaluation.

For evaluating the performance of the pitch calculation with the BML results (see
Chapter 5), the minimum and maximum values of the pitch, and the times at which they
occurred, were compared. The maximum and minimum pitch during the gait cycle are
labeled in Figure 4.16.

IR RE

Tmaximum pitch Tminimum pitch

Figure 4.16 Pitch of the foot during the gait cycle

Each minimum and maximum of the calculated pitch were located, and a spline was fit to
the pitch data over nine points (with the extremum at the center; this corresponds to
0.1 sec of data if no packets are dropped). The spline was fit with time points every
3.34 msec, which is four times as many data points as are collected if no packets are

dropped. The results of this method are shown in Figure 4.17.

The maximum or minimum of each spline-fit (and the corresponding times) were deter-
mined, and compared to the maximum and minimums (and times) of the foot pitch infor-
mation from the BML data. Figure 4.18 shows the BML data plotted with the integrated
pitch. The shape of the pitch iteratively integrated from the angular velocity closely

resembles the shape of the BML foot pitch

1. See gyroz_postspline.m, an m-file available in Appendix F.2.
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Figure 4.17 Sample of linear integration of the z-gyroscope, with iteration and post-integration spline-fit

Final Results of Gyro-Z Integration
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Figure 4.18 Final results, compared to BML data

The root mean square error (RMS error) between these two curves was calculated. As
shown in Figure 4.19, a spline was fit to the linearly integrated data at timepoints corre-

sponding to the timepoints of the BML data. The RMS error calculated between these two
curves was 3.4°.



122 SENSOR ANALYSIS

Pitch Data Points

80|~
e Spline-Fit of Integrated Data

¢ BML Foot Pitch

60 —

Angle [degrees]
] 5
I I
"’00.
0"’“

-20 <

!
0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2 2.4
Time [sec]

-40

Figure 4.19 Comparison of BML pitch to GaitShoe pitch

4.4 Accelerometers

All three accelerometer outputs were calibrated; the calibrated x- and y- accelerometer
outputs were used to determine the velocity and displacement of the foot in the X, and

Y room COOrdinates.

4.4.1 Calibration

Three types of information about the accelerometers were required: the zero offset, to cen-
ter the output around zero; the sensitivity, to convert the output to units of m/s?; and the

orientation of the accelerometers relative to the foot, to interpret the sensor output accu-

rately.

Zero Offset and Sensitivity

Determining the sensitivity of the accelerometers was very straightforward, by using grav-
ity. Naturally, the gravitational acceleration vector, g, is stable, accurate, and readily avail-
able. By rotating the sensor such that the axis of interest was orthogonal to the earth’s
surface, and then rotating the sensor 180°, measurements of +1 g and —1 g were easily

obtained. The sensitivity, Vgensitivity (Units: output/ m/s?), of the acceleration measurement
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is described by Eq. 4.5, where V4 is the measurement at +1 g and V_;4 is the measurement

at-1g.
_ 1 45
Vsensilivily - Zg ) (Vlg_v—lg) ( : )

The zero offset, V,aro-offset (UNIts: output), was set as the midpoint between the +1 g and

the -1 g measurements, as described by Eq. 4.6.
1
Vzero—offset = é ’ (Vlg + V—lg) (46)

The positioning of the accelerometers with respect to the gravity vector was done by hand.
The hardware was slowly rotated about each of the three axes; this allowed each acceler-
ometer to sweep through the gravitational acceleration vector, g, twice. As shown in
Figure 4.20, rotation about the x-axis resulted in the y-axis and z-axis accelerometers
sweeping through g; similarly, rotation about the z-axis resulted in the x-axis and y-axis
accelerometers sweeping through g, and rotation about the y-axis resulted in the x-axis

and z-axis accelerometers sweeping through g.

Figure 4.20 Demonstration of accelerometer calibration

Rotating by hand provided the ability to slightly modify the orientation of the accelerome-
ters during rotation, in order to place the accelerometer axes parallel to g, and maximize
the sensor reading. The two axes within an accelerometer are specified to be perpendicular
to each other to within 0.01°, and are parallel to the sides of the accelerometer to within

1° [71]. The accelerometer on the face of the IMU measures along the y-axis and the z-
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axis, and the accelerometer located along the top of the board measures along the x-axis.
Both accelerometers were soldered to the board by hand, so while the x-axis is expected to

be close to perpendicular to the y-axis and the z-axis, the exact angle was unknown.

The data were low-pass filtered?, with second-order Butterworth coefficients? and a low-
pass cutoff frequency of 2 Hz, and the sampling frequency was 75 Hz. The rotation by
hand was performed slowly, with the goal of keeping the rotation at a constant speed, as
the goal was to measure only gravitational acceleration. The filtering was used to remove
any small acceleration changes resulting from hand jitter. The values of V4 and V._,4 for
each calibration were determined by finding the maximum and minimum values of each
output (the uncalibrated output of all sensors has been scaled from 0 to 1). A sample graph

of the filtered accelerometer outputs is shown in Figure 4.21.
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Figure 4.21 Sample accelerometer calibration for determining sensitivity and zero-offset.

=)

)

The calibration was carried out seven times, on each IMU3, throughout the subject testing.
The values of V4 and V_4 for each IMU were determined from the average of the results

from all seven calibrations. The sensitivity and zero offset for each axis of the accelerom-

1. Matlab function filtfilt.m, a backwards and forwards filter, was used.
2. Matlab function butter.m was used to generate the Butterworth coefficients.

3. Two IMUs were used during testing of the GaitShoe system, one per foot; this document refers to the two
IMUs as IMU-1 and IMU-2.
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eters on each IMU were then determined from Eq. 4.5 and Eqg. 4.6, using the mean values
of V4 and V_y4; results are summarized in Table 4.4, and shown in Figure 4.21. Note that
the Analog Devices specification indicated a typical sensitivity of 0.11 [output/m/sz], and
a maximum sensitivity of 0.14 [output/m/s?]; typical zero offset was indicated as 0.5 [out-

put], with a maximum of 0.7 [output].

TABLE 4.4 Accelerometer sensitivities and zero offsets

Accelerometer || +1 g Output -1 g Output Sensitivity? | Zero Offset
Mean Std Dev | Mean  Std Dev
IMU-1 X 0.676 0.001 0.425 0.001 0.13 0.551
IMU-1Y 0.694 0.002 0.442 0.002 0.13 0.568
IMU-1Z 0.619 0.005 0.375 0.002 0.12 0.497
IMU-2 X 0.716 0.002 0.467 0.002 0.13 0.591
IMU-2Y 0.684 0.002 0.433 0.004 0.13 0.558
IMU-2 Z 0.750 0.003 0.507 0.003 0.12 0.628

a. Sensitivity units are [output/(m/s%)]; all other units are the uncalibrated output (scaled from
0-3.3Vto0to1l].

4.4.2 Orientation

Determining the orientation of each accelerometer in space was critical because the accel-
eration due to gravity must be correctly subtracted from the total acceleration signal dur-

ing the analysis of gait data.

For simple rotation about the z-axis, the orientation of the foot can be determined by inte-
grating the angular velocity about z to obtain the pitch of the foot. Then, the pitch orienta-
tion of the accelerometer is determined by subtracting the angle of inclination of the
accelerometer with respect to the foot from the pitch, to allow the contribution of the grav-

ity vector to be appropriately subtracted from the total acceleration measured.
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The orientation of the accelerometer with respect to the foot is different for each subject,
as the size and shape of shoe influence the inclination of the GaitShoe attachment on the
shoe. When a subject stands still, with both feet flat on the floor (the foot flat on the floor
corresponds to a pitch of 0°), each accelerometer measures only the fraction of gravita-
tional acceleration along its sensitive axis. Therefore, as shown in Figure 4.22, the angle
o can be determined as described by Eq. 4.7., where A, is the acceleration measured by

the x-accelerometer with the foot flat on the floor.

. AL
o, = asm-é,— 4.7

1 =]

Figure 4.22 Determination of the orientation of the accelerometers

The angle ay, can be similarly determined; the difference between these two angles pro-

vides the relative orientation between the x- and y-accelerometers in the x-y plane.

4.4.3 Velocity and Stride Length Analysis

Velocity and stride length were determined by single and double-integration, respectively,
of the acceleration along the Xy, axis, using the output of the x- and y-accelerometers.
In addition, the vertical velocity and vertical displacement were determined by single and

double-integration, respectively, of the acceleration along the Y 4o, axis. The accelerome-
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ters are fixed to the back of the shoe via the GaitShoe hardware, and their orientation with

respect to the room and the gravity vector changes as the subject walks.

Determination of Dynamic Acceleration

The acceleration measured by the x-accelerometer can be resolved into two components,
corresponding to the dynamic acceleration from foot motion, and the static acceleration
due to gravity, AXgynamic-dyn aNd AXstatic respectively. Figure 4.23 shows these compo-
nents, and the relationship between the gravity contribution and the static component,

given the pitch orientation of the x-accelerometer, ®,.

(@)

sin= ——— /

«

/ Xumm

AX

dynamic

AX
Figure 4.23 Dynamic acceleration along X,qom only

In order to calculate the contribution of Axgtic COmponent, the orientation of the x-accel-
erometer with respect to the room, ®,, must be determined. At time point t;, ®,(t;) is cal-
culated from the sum of the pitch at the same time point, t;, ®,(t;), and the orientation of

the x-accelerometer with respect to the horizontal, o :
D (1) = a,+0.(1), (4.8)
where a, is calculated as described in Eq. 4.7 on page 126 (the sign of o, has been deter-

mined by the right-hand rule, so ®,, which was determined using the left-hand rule to cor-
respond to the BML data, is multiplied by -1).
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The dynamic acceleration measured by the x-accelerometer at time point tj, AXgynamic(ti).

is calculated by subtracting! the contribution of gravity from the total acceleration:

A

xdynamic

(t) = A(t)—-g-sind.(t). (4.9

The dynamic acceleration measured by the y-accelerometer is determined using the same

method, but substituting the appropriate y-variables.

Determination of Appropriate Acceleration for Integration

The total acceleration vector experienced by the foot, Afoot, can be resolved into two com-
ponents corresponding the reference frame of the room, Ax-roomgynamic and
Ay-rooMgynamic- These both contribute the dynamic component measured by the x-acceler-

ometer, AXgynamic, as determined above, and are shown in Figure 4.24

room

shoe
A>('roomdynamic L
XS‘VJ
Ay"roomdynamic
Ay-shoe
Ay'roomdynamic
/
/
~ /
~~o /
~ /
~~o A / »
~a_ X»I’OOTT'Idyr_lamiC - II room
» ~ ' =1
Ax'roomdynamic S)y /
; / N
ES \Ax Shoe 4. namic / Ay rOOM gy o
ES /
. Ax-shoedynx
/A\x—shoedynamic = Ax—roomdynamic coso, + Ay—roomdynamiCSIn(Dx L
=N |

Ay—shoedymmiC = Ax-roomdynamic COSCI)y + Ay-roomdynamiCSI n(Dy

Figure 4.24 Dynamic acceleration with both X,qom and Y ooy COMponents

1. Although Einstein’s Equivalency Principle states that dynamic and static acceleration cannot be deter-
mined from measurement of acceleration alone, given the orientation of the object (e.g. ©,), the static
component resulting from gravitation acceleration can be determined and subtracted from the total vector
acceleration. However, any error in the orientation will contribute to the error in the dynamic component.
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The most accurate way to determine the actual dynamic acceleration along Xy, Which
is the axis of interest for the velocity and the displacement calculations, is to combine the
outputs of both the x-accelerometer and the y-accelerometer. The y-accelerometer has a
dynamic component, AXgynamic, that also measures components of both Ax-roomgynamic
and Ay-roomgynamic, @ shown in Figure 4.24. Using the output of both the x- and y-accel-

erometers, AX-ro0Mgynamic and Ay-roomgynamic can be determined from:

A -sind - Ay -sin®

A — Xdynamic - dynamic - , 410
X-T00Myynamic cos®, - sin®, — cosd, - sind, (410
and
A = Axdynamir + COS q)y _Aydynnmic - €S (Dx (4 11)
y_roomdynumic Sln@x . COS (I)y — Sin (I)y ° COS q)x

These equations were used to integrate AX-roomgynamic and Ay-roomgynamic twice, to deter-

mine the stride length, and the vertical displacement of the foot.

In addition, a second method of estimating velocity and displacement along the x-axis was
evaluated. Because the subjects walked in (essentially) a straight line, which was (essen-
tially) aligned with Xo, axis, the total dynamic acceleration along Xgs, AXgynamic Was
also integrated twice to estimate stride length. This corresponded to the path length traced
out by the foot during walking. While this result does not correspond precisely to the room
coordinates, it is a simple method of approximating these parameters of interest, and does

not use the output of the y-accelerometer.

For future work with applications for the more usual case of non-straight walking (such as
turning corners), the full three axes of acceleration and angular velocity will need to be
analyzed and combined. In addition, it may be useful to have three two-axis accelerome-

ter, such that each axis has two (redundant) measurements.



130 SENSOR ANALYSIS

Integration Methods

Following determination of the dynamic components of the outputs of each of the acceler-
ometers, a single linear integration determined’ the velocities, and a subsequent linear
integration determined the displacements, as shown in Figure 4.25 and Figure 4.27. After
each integration, when the foot was flat on the floor and not accelerating, the velocity was

reset to zero.

The integration bounds for both the x- and y-acceleration were determined by the charac-
teristics of AXgynamic, Using the z-gyroscope integration bounds as starting points. The
lower integration bound was determined by starting at the first quarter-point between a
pair of z-gyroscope integration bounds, and moving back in time toward the first z-gyro-
scope integration bound until the magnitude of AXgynamic was less than 0.2 m/s?. If no
value met this condition, the lower bound was set at the time point where the magnitude of
AXdynamic Was @ minimum, across the points between the first z-gyroscope integration

bound and the first quarter-point.

The upper integration bound was determined by moving forward in time from the mid-
point between two subsequent z-gyroscope integration bounds towards the second z-gyro-
scope integration bound until the magnitude of AXgynamic Was either less than 0.2 m/s? or
the value of AXgynamic Was greater than 0 m/s2. The latter condition was for the instances
where a large positive acceleration was detected. This condition, which appeared in the
fourth integration bound in Figure 4.25, most likely corresponds to a strong heel-strike, so
it is appropriate to cease integration, since the stride is completed upon heel strike. If nei-
ther of these conditions were met, the upper bound was set at the time point where the
magnitude of AXgynamic Was a minimum, across the points in between the second z-gyro-
scope integration bound and ten points prior. Both the lower and upper integration bounds

are indicated in Figure 4.25 and Figure 4.27.

1. See accel_integrator.m and linear_integrator.m, m-files available in Appendix F.2.
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Figure 4.25 Integration of the acceleration in X,5om and Xgpee

The x-displacement is shown plotted with the corresponding BML data in the lower graph
in Figure 4.25. The BML data, which has a different 0 m origin than the GaitShoe, has
been shifted to align with the GaitShoe results at a time point during stance (here, at
approximately 0.8 sec). For evaluating the performance of the displacement calculation
with the BML results (see Chapter 5), the stride lengths were compared, by calculating the
difference in displacement from one stance to the next.

Figure 4.26 shows a spline fit to the linearly integrated data at timepoints corresponding to
the timepoints of the BML data. In this example, the RMS error between the BML X-dis-
placement and the GaitShoe X;,,m-displacement was 10.3 cm, while the RMS error

between the BML x-displacement and the GaitShoe X,o-displacement was 14.2 cm.
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Figure 4.26 Comparison of BML X;,om-displacement to GaitShoe X~ and Xgp,0e-displacement

The y-displacement is shown plotted with the corresponding BML data in the lower graph
in Figure 4.27. Since the foot LED array is mounted above the foot, during stance the
value of the BML Y-displacement is on the order of 5cm, so the BML data has been
shifted to align with a displacement of 0 m a time point during stance (here, at approxi-
mately 0.8 sec). For evaluating the performance of the displacement calculation with the
BML results (see Chapter 5), the peak Y-displacement and the time point at which it
occurred were compared. Again, as shown in Figure 4.28, a spline was fit to the linearly
integrated data at timepoints corresponding to the timepoints of the BML data. In this
example, the RMS error between the BML Y-displacement and the GaitShoe Y yom-dis-

placement was 3.9 cm.
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Figure 4.28 Comparison of BML Y yom-displacement to GaitShoe Y ,om,-displacement

The GaitShoe’s X,oom-displacement, Xy, 0.-displacement, and Y ;yom-displacement all had
maximum differences compared to the corresponding BML displacements on the order of
10-15 cm. For the Y-displacement, this results in a larger percent change; the RMS error

of the Y-displacement is smaller because the GaitShoe’s Y yom-displacement is reset to
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zero at each stance, which results in a large number of data points which have only a very

small difference from the BML Y-displacement.

These results will likely be greatly improved by improving the GaitShoe pitch calculation,
and, in addition, by incorporating all of the gyroscope and accelerometer data into the

analysis.

4.5 Force Sensitive Resistors

Both types of force sensitive resistors (FSRs) were calibrated; the calibrated outputs for
each shoe were added together, and the sum was used in determining heel strike and toe

off timing.

45.1 Calibration

Use of the FSRs in the analysis required a calibration of their output to units of applied
force in kg. The zero offset, representing the output of the FSR with no applied force, was
not required in this analysis, because the FSRs were likely to be slightly pre-loaded during
subject testing. Because the FSRs are located under the foot inside a shoe, pre-load can
result when the laces are tied snugly. In addition, the equipment worn on the foot for
acquisition of the MGH Biomotion Lab’s data involved a large strap which wraps around
the foot, which can cause further pre-loading of the FSRs. Therefore, the load on the FSRs
when the foot is in the air is not expected to be 0 kg, so as long as the sensitivity is deter-

mined at small values close to 0 kg, the zero offset is not required.

Unlike the output of the accelerometers and the gyroscopes, the output of the FSRs is non-
linear, due in part to the choice of conditioning electronics®. In addition, the manufac-
turer's specifications report that the single part repeatability is from £2% to +5% of the
nominal resistance. Also, over time and with use, the adhesive layer in the FSRs may

break down and contribute to an increased non-linearity.
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Sensitivity

The FSRs were characterized through the application of a series of forces to several FSRs.
The tests were carried out using a TA-XT Texture Analyser from Stable Micro Systems,
with both a 5 kg and a 30 kg load cell.

As described in Section 3.3.3, the output of the FSR can be biased if it is bent. There are
two ways an FSR could be bent, either by a simple folding motion, or by being indented,;
the likelihood of either will depend both on the location of the FSR beneath the foot, as
well as the shoe of the subject (e.g. the amount of flexibility behind the FSR). The two
larger FSRs are located beneath the metatarsals, at the first and the fifth metatarsal heads.
As the subject rolls off the foot preceding toe-off, the sensor portion of the FSR may expe-
rience some bending across its sensing area, particularly in flexible running shoes, which
are designed to allow a great degree of flexion in the insole. Also, since the size of the
metatarsal heads is on the same order as the size of the FSRs, a large amount of force
applied through the metatarsal heads could result in an indentation of the FSRs into the
insole, particularly if the insole is very flexible, as found in most running shoes. On the
other hand, the two small FSRs are located beneath the heel pad, and are less likely to
experience much bending, both because there is not typically any bending underneath the
heel, and because the area of the heel pad is much larger than the sensing are of the FSRs

under the heel, and so bending due to indentation is less likely.

Therefore, the output of the FSR will depend not only on the applied force, but on the
method of application, which is likely to vary slightly from subject to subject, depending

on the shape of their feet, and the type of shoe.

1. As described in Section 3.3.3 and Eq. 3.3, the output of a

R1
given FSR is proportional to (R; + Rgsr)/Rpsgr, Which w
results in non-linear output. For future work, an implemen- X
tation using the FSR at the input to a current-to-voltage ;}—FSRO”W
converter, as shown to the right, is recommended, as the FR —;
output of the FSR would be inversely proportional to Rggpg,
with V= - (Ry/Resr)-Vies. Direct proportionality could An alternate FSR implementation

be obtained by using RggR as the feedback resistor.
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To mimic these conditions during calibration, the following set-up was used: the FSRs
were placed on a typical running shoe insole, which allowed some indentation, as would
occur in a normal walking shoe. The applicators are shown in Figure 4.29, were wooden
dowels covered with a thin layer of a compressible material, cut to the same diameter, and
glued to the bottom. This was designed to mimic the metatarsal head and the calcaneous
behind a layer of skin and tissue. The testing set-up is shown in Figure 4.30. The large
indentor was the same diameter as the sensing area of the FSR-402. The small indentor
was the same diameter as the physical area of the FSR-400; in calibrating the FSR-400,
the force applied during calibration was converted to a pressure (applied across the inden-

tor area), and converted back to the force measured across the area of the sensing area of

the FSR-400.
» B
/ /

Figure 4.29 Force applicators (above) and FSRs (below)

Six of each type of FSRs (small: FSR-400, large: FSR-402, both from Interlink Electron-
ics [77]) were tested, four which had been used in the insoles during patient testing, and
two new unused sensors. The TA-XT Texture Analyser was used to apply successive
forces every 0.25 kg from 0.25 kg to 10 kg, measured with a 5 kg load cell, for both the
FSR-402 and the FSR-400 sensors. For the FSR-402 sensors only, the TA-XT Texture
Analyser was used to apply successive forces every 1 kg from 10 kg to 30 kg, measured
with a 30 kg load cell. The TA-XT Texture Analyser continually recorded the actual
applied force, and was re-calibrated after each series of successive forces. Each of the suc-
cessive forces applied by the TA-XT Texture Analyser, and the corresponding outputs of

the FSRs were determined and correlated.
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Figure 4.30 Test set-up for calibration of FSRs

Figure 4.31 shows a sample of the calibration data from a used FSR-402 sensor. The upper
left graph shows the FSR-402 output during calibration, and the lower left graph shows
the pressure applied by the TA-XT Texture Analyser across the indentor during calibra-
tion. The right graph shows the calibration results, with the FSR-402 output plotted vs. the
applied pressure, with a second x-axis showing the equivalent applied force units.
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Figure 4.31 Sample FSR-402 calibration data

For each type of FSRs, a single curve was fit to the calibration data for multiple FSRs,
rather than fitting individual curves for each FSR, because it was expected that the output

of each FSR during calibration may not directly correspond to the output during subject
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testing. As mentioned previously, FSR output may degrade over its lifetime use, and the
calibration was carried out after subject testing was concluded. In addition, a few of the
FSRs were replaced during subject testing, hence the replaced FSRs could not be cali-
brated. Though two new FSRs of each type were calibrated, the output of the new FSRs
was not used for the curve fit. Since the output of all the used FSRs grouped together,
despite a few FSRs being replaced during testing, it was expected that the best representa-
tion of FSR output during testing would be determined from the output of the used FSRs
only. Also the FSRs are thought to have some temperature and humidity sensitivity, which
could certainly affect their performance within the environment of the shoe. Finally, while
the indentors were designed to mimic the conditions inside the shoe, each subject’s foot is

certainly unique, which may result in some minor variation in the output.

The calibration results for all six tested FSR-402s and the calibration data for the FSR-402
provided in the FSR data sheet [77], are shown in Figure 4.33. To capture the non-linear
relationship between the FSR output and the applied force, first, second, and third order
polynomials in exponentials were fit! to the calibration data from the four used FSR-402s,
as shown in Figure 4.32. The third-order polynomial in an exponential was empirically

found to provide a good fit to the data, and is also plotted in Figure 4.33.

* "Used"FSRs
—— Line-fit with 3rd order polynomial in the exponential
Al P ----- Line-fit with 2nd order polynomial in the exponential
o Line-fit with 1st order polynomial in the exponential

log(Applied Force) [log(N)]
T

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
FSR-402 Output [uncalibrated]

Figure 4.32 Various line-fits to the FSR-402 calibration data

1. Matlab function polyfit.m was used to fit a third-order line to the applied force and the natural logarithm
of the FSR output; polyfit.m returns p, polynomial coefficients, and s, for estimating the error in the line-
fit.



Force Sensitive Resistors 139

The relationship between the FSR-402 output, Vi4q,, and the applied force in N, F, is
described by Eq. 4.12.

(8.7 Viggp' + 182 Vigoy = 10.6 - Viyop + 2.4}

F =98¢ (4.12)

Figure 4.33 also shows two additional limits: the mean value of the minimum FSR-402
output measured across all trials during subject testing (0.20), and the absolute minimum
FSR-402 output over all trials (0.01). While the absolute minimum was much lower than
the mean minimum output, fewer than 15% of all FSR-402 trials (145 out of 1080) had a

minimum value under 0.10.
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FSR-402 Output [uncalibrated]
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Figure 4.33 FSR-402 calibration curve

The FSR-400 calibration curves are shown in Figure 4.34. Again, four used FSRs and two
new FSRs were tested (calibration data for the FSR-400 was not provided in the FSR data
sheet). The compressible material on the bottom of the indentor delaminated during the

testing of the last used FSRs; this FSR is shown in a different color in Figure 4.34.

As with the FSR-402s, a third order exponential was fit to the calibration data from the
three FSR-400s with the indentor in the proper configuration. The resulting curve is
shown in Figure 4.34, and the relationship between the FSR-400 output, Vg4q, and the
applied force in N, F, is described by Eqg. 4.13.
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Figure 4.34 FSR-400 calibration curve

F.o98. e{—10.5- Voo +21.9 - Visgo” = 21.6 - Vigoo + 6.8 (4.13)
Again, Figure 4.34 shows two additional limits: the mean value of the minimum FSR-400
output measured across all trials during subject testing (0.60), and the absolute minimum
FSR-402 output over all trials (0.47). Fewer than 2.6% of all FSR-400 trials (28 out of

1080) had a minimum value under 0.50.

Figure 4.35 shows the 95% confidence intervals, which were calculated® on the line-fit of
the log of the applied force for the curve-fit, and converted to units of applied force in N,
for both FSR types. Since the sensitivity curve is an exponential, it only approaches zero,
but as discussed above, the FSRs are likely to have a small amount of pre-load. The cali-

bration started at 0.25 kg, to define the output when a small force was applied.

The 95% confidence intervals were calculated for each FSR from the absolute minimum
value seen during testing (0.47 for the FSR-400, 0.01 for the FSR-402) to 0.8, with an
increment of 0.005; the mean across these values was 14.64 N for the FSR-400, and
14.95 kg for the FSR-402.

1. Matlab function polyval.m was used to obtain error estimates, using "s", a structure returned from poly-
fit.m for estimating the error in the line-fit.
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Figure 4.35 95% confidence intervals for FSR sensitivity curves

This error is rather large, and is likely due at least in part to the non-linearity of the FSR
response. Different conditioning electronics, such as those discussed at the beginning of
this section, that would result in a more linear FSR response should be implemented
before using the FSRs for numerical analysis of the force distribution. In the analysis for
this work, the FSRs were calibrated and summed together for use in determining heel

strike and toe off timing.

4.6 Bend Sensors

4.6.1 Calibration

For the bend sensors, two types of information were required: the zero offset, to center the
output around zero; and, the sensitivity, to convert the output to units of degrees (°).

Zero Offset

The zero offset of the bend sensors was simply the output of each bi-directional bend sen-
sor while lying flat; the zero offsets are summarized in Table 4.5.

Sensitivity

Each bend sensor was characterized individually; the native resistance of the individual

bend sensors varies widely, making the output of each pair of bend sensors unique. The
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test setup is shown in Figure 4.36. Pairs of 9 V batteries were taped together and used as a
weighted clamp to position the bend sensors. A printed graph with lines radiating to mark
angles from -50° to +50° was taped to the table to guide the calibration process. One pair
of batteries was taped to the table such that they created a gap parallel to the 0° line, with
the right edge aligned with the (0,0) mark on the graph. The bend sensor was threaded
through this pair of batteries, and positioned such that the midpoint of the bend sensor was
aligned with the (0,0) mark on the graph. A second pair of batteries was placed over the
bend sensor, about an inch away from the pivot point, and was used for positioning the

bend sensor.

For each of the four bend sensors, a static calibration test was carried out, with data col-
lected at 10° increments from 0 to +50°, and from O to -50°. First, the bend sensor was
aligned at the increment, and a small weighted box was place on each side of the position-
ing pair of batteries, to hold the bend sensor securely in place. One of the FSRs was
pressed to indicate the start of data collection, and after 20-30 seconds, a second FSR was
pressed to indicate the end of data collection. Then, the bend sensor was moved to the next

increment, and the process was repeated.

Figure 4.36 Method of calibration of bend sensors
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A sample of the data from the calibration of one of the bend sensors is shown in
Figure 4.37 (the FSR plots are included to indicate the times of data collection; rapid
changes in the bend sensor output, such as seen around 115 sec corresponds repositioning
of the bend sensor in between the data collection). The output appears to change linearly
from 0° through +30°, but at angles higher than 30°, the output nears the maximum output
of 1, and starts to saturate. In addition, there is some drift present: the output at 0° at the
end of the calibration trial is different than at the start (a slight change in positioning could
contribute to less than 1° of this change, but the full change is closer to approximately 5°,
suggesting another process is contributing). In particular, it is likely that the electrical tape
used to hold the two uni-directional bend sensors is contributing to the drift as it stretches
and relaxes, and in addition, the bend sensor output is likely to be affected by the radius of

curvature at the bending point.

For each bend sensor, the clipped means® were calculated on the output at each of the
measured different angles, and on the data from the 0° position at the start of each trial (the

data from the 0° position at the end of each trial was not used). A straight line was fit? to

1. Again, as discussed in Section 4.3.1, spurious points were eliminated by using the clipped mean.
2. Matlab function polyfit.m was used.
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the clipped mean data points; for data which saturated at the upper limit, only the first
clipped mean value greater than 0.95 was used, so as not to skew the line-fit away from
the non-saturated data (the calibration was carried out only oncel). The clipped mean
points, and the resulting line-fit are both shown in Figure 4.38 for all four sensors. The

sensitivity (slope of the line-fit) and the zero offset are shown in Table 4.5.
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Figure 4.38 Line fit for determining the sensitivity of bend sensors
One sensor (shown in red in Figure 4.38) actually had a uni-directional output, due to a
deficient individual bend sensor, and saturated at the upper bound. This sensor was located
in the right insole, and the saturation of this sensor was not an issue during subject testing
of normal gait, as flexion of the insole is only possible in one direction; negative bend cor-
responded to insole flexion. The left insole sensor also had some saturation, but only at the

higher range of positive bend, so it was not an issue during subject testing either.

1. As the rest of this section discusses, the bend sensor did not perform well; though the calibration would
be more accurate if the bending routine was repeated multiple times, the inaccuracies in the bend sensor
discussed below in Section 4.6.2 and Section 4.6.3 were likely more influenced by the placement of the
bend sensor and the drift issue discussed above. Future work with the GaitShoe should briefly investigate
whether the influence of the placement and the drift can be alleviated, and if so, a better calibration rou-
tine should be devised at that time. But it is likely that far better results would be achieved by switching
to a different type of sensor, or by placing a second IMU on the shin.
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TABLE 4.5 Bend sensor sensitivities and zero offsets

Sensor Sensitivity Zero Offset
[degrees/output] [output]

Left, Ankle | 87.7 0.54

Left, Insole 95.4 0.59

Right, Ankle | 1245 0.39

Right, Insole | 104.8 1.00

The bend of the ankle bend sensors corresponds to plantar flexion and dorsiflexion; posi-

tive bend corresponded to dorsiflexion and negative bend corresponded to plantar flexion.

The two sensors located at the left and right ankles also had some saturation, however, the

outputs of both sensors are linear across the range of typical angles encountered. A healthy

gait cycle typically has a maximum dorsiflexion close to 10° and a maximum plantar flex-
ion of 10-20° [105].

To investigate the issue of drift further, the calibration was run on a bend sensor with two

brand new uni-directional bend sensors, with and without tape covering. The results are

shown in Figure 4.40; a black dashed line has been plotted over the bend sensors, corre-

sponding to the value of the bend sensor at time zero. Again, the FSRs were used to indi-

cate the start and stop of each calibration point.
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Figure 4.39 Bend calibration routine, on a new sensor with and without tape
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These results do not show the drift present in the earlier calibration plots, indicating that
the drift is likely to be due to aging of either or both the bend sensor and the electrical tape
used to protect the bend sensors and to force the two uni-directional bend sensors to fol-
low the same motion (the bend sensors used in the subject testing were assembled with the
tape in January 2003 at the latest). Further work is necessary to determine which aging
process is the major contributor to the drift. If the electric tape, other methods of protect-
ing the bend sensors (and forcing the same motion) could easily be found, such as slipping
a plastic sleeve over the sensors. However, if the bend sensor itself is degrading as it ages,
the use of this part may need to be rethought as it would be inconvenient and expensive

(each individual bend sensor is $10, for a total cost of $80 across both feet) to replace.

4.6.2 Placement of the Bend Sensors

One of the bend sensors was used to check the variation in the output due to a change in
the location of the pivot point, as shown in Figure 4.40. The insole bend sensors were not
repositioned before each subject, but were located such that their midpoints were roughly
aligned with the metatarsals, since flexion in the insole occurs about the metatarsals. The
ankle bend sensors were positioned between the heel of the foot and the back of the shoe
such that the midpoint was roughly aligned with the back of the shoe. In normal use, the
ankle attachment (shown in Figure 3.9) would be mounted on the subject’s ankle to hold
the ankle bend sensor in place. However, testing was carried out with the subject simulta-
neously wearing the MGH Biomotion Lab equipment, and so as not to unduly interfere
with the gait of the subject, the ankle attachment was mounted on the MGH Biomotion
Lab shin attachment rather than directly against the ankle. This resulted in the ankle
attachment being located further away from the edge of the shoe, particularly on taller
subjects, so the bend sensor had to be pulled out of the shoe in order to be enclosed com-
pletely by the ankle attachment. This resulted in the bend sensor pivoting about a point

between the end of the sensor and the midpoint.



Bend Sensors 147

Figure 4.40 demonstrates that the sensitivity of the output remains similar over the three
different pivot points: the midpoint, and the 1/4 and 3/4 points along the sensor’s length.
However, there is some variation in the zero offset value, which is likely due to the drift

seen in Figure 4.37, as these tests were performed in succession.
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Figure 4.40 Bend sensor, calibrated with different pivot points

4.6.3 Plantar Flexion and Dorsiflexion

The bend sensor at the ankle was used to measure the angle of plantar flexion and dorsi-
flexion. However, as discussed above, the bend sensors have a baseline drift in the output.
In addition, the ankle attachment, which was designed to hold the bend sensor next to the
ankle to prevent buckling, was placed higher relative to the back of the shoe, during sub-
ject testing. This resulted in the ankle bend sensor being more likely to buckle during data
collection. Also, plantar flexion and dorsiflexion were determined from the BML data
from the pitch of the foot array and the pitch of the ankle array, resulting in the angle
between the shank and the foot. There are two difficulties in using the BML data to vali-
date the calibrated bend sensor data. First, the shank and foot arrays are visible to the cam-
era detection system at different (but overlapping) times, which results in a shortened
amount of data available as only the overlapping data can be used to determine the pitch.
The second difficulty is that the BML data occasionally contains outlying data points;
because two different data vectors are combined, there are two sources of error: these must

be removed, and thus further shorten the data available for comparison.



148 SENSOR ANALYSIS

The bend sensor output for an ankle bend sensor, and the combined output of the BML
foot pitch and shank pitch, resulting in plantar flexion / dorsiflexion curve measurement
for the corresponding foot are shown in Figure 4.41 (the bend sensor data shown is the
result of a spline fit to the bend sensor calibrated output, using the time points correspond-
ing to the BML data).
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Figure 4.41 Plantar Flexion and Dorsiflexion from the GaitShoe (left) and the BML (right)

Although the shape of the calibrated bend sensor output generally follows the shape of the
BML plantar flexion / dorsiflexion curve, the RMS error between the two curves is 6.3°.
With a full range across the BML plantar flexion / dorsiflexion of less than 30°, this repre-
sents an error of more than 20%. The sharp changes in the GaitShoe ankle bend output
(e.g. shortly after 1 sec and around 2.25 sec) are most likely due to the sensor buckling as

a result of the poor location of the shoe attachment, as the direction of flexion reverses.

A sample of the calibrated insole bend data is shown in Figure 4.42, for the same gait trial
as the calibrated ankle bend data shown in Figure 4.41. The minima correspond to the foot
motion preceding toe off. This is a parameter that the BML does not measure: the BML
foot array is mounted in the center of the foot and cannot distinguish between pure rota-

tion of the foot, and flexion of the foot with the forefoot flat on the ground.
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Figure 4.42 Calibrated insole bend sensor output

Because of these issues, the bend sensor signals were not further validated with the BML
data. Future work with the GaitShoe using this bend sensor should involve a different
design of the ankle attachment, or evaluation with a system that allows the bend sensor to
be held next to the ankle as it would under conditions where only the GaitShoe is collect-
ing data. Alternatively, other methods of determining plantar flexion / dorsiflexion should
be considered, such as the use of fiber optic sensors, or placement of a second IMU on the
ankle, which would provide the full gyroscope and accelerometer information, and would
allow the position of the shin and foot to each be determined independently, and then com-

bined to find relative positions, such as plantar flexion / dorsiflexion.

4.7 PVDF Strips

The polyvinylidene fluoride (PVDF) strips were included for their rapid dynamic
response, and were expected to be useful in determining heel strike and toe off timing.
Unfortunately, the output varied greatly, not only from subject to subject, but between the
left and right feet of a given subject, and even from step to step within a given subject. The
PVDF outputs from five females with healthy gait are shown in Figure 4.43; data from the
left shoe are on the left, and data from the right shoe are on the right, and the outputs from

the PVDF sensors at both the heel and the great toe are included. The raw PVDF output
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was scaled from the twelve bit output such that the output ranged from 0 to 1, and was

centered around zero.

Left Foot Data Right Foot Data
05 T 0.5 T
. 4
= Subject A OWWWW \ T
I L B
-0.5 L
-5 0 5
0.5 T
SubjectB © ma ] ‘ "‘ =]
s L ||

0.5

PVDF Outputs [Uncalibrated]

1 SubjectC or ‘
-0.5 — ‘
-5 0 5
LI
|
SubjectD of S “ M
\
-0.5 L “
-5 0
0.5
1
| sujeetie o s A
ubjec v wﬂ"
- -0.5
-5 0 5 -5 0 5
Time [sec] —— Heel PVDF Time [sec]
—— Toe PVDF

Figure 4.43 Various PVDF output plots

Some of the variation seen across Figure 4.43 may be caused by the physical design of the
shoe worn by the subject: the PVDF strip is traditionally used to measure vibration, and
the subjects were asked to wear running shoes, which are designed to minimize impact on
the foot via compressible components; in addition, the PVDF strip output is likely sensi-
tive to motion of the foot within the shoe. Thus, some variation may be due to the PVDF
strip picking up the dynamics of shoe as well as the dynamics of the foot moving within
the shoe, rather than the dynamics of gait. To investigate the effect of the shoe type, data
were collected on the same subject wearing three different types of shoes: a running shoe
(manufactured by Reebok), a walking shoe (manufactured by Ecco), and a stiff clog (man-

ufactured by Dansko); the shoes are shown in Figure 4.44.
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Figure 4.44 Reebok running shoe, Ecco walking shoe, and Dansko clog.

Figure 4.45 shows the uncalibrated® data for each of three shoe types. The data are all
from the right foot, and the same insole was used in all three trials. The back edge of the
insole was aligned with the back of each shoe and taped into place, to position the PVDF
strips in the same location relative to the subject’s foot. Visually, the PVDF strips have a
stronger similarity within a shoe-type than between shoe-types, particularly the toe PVDF
strips, suggesting that the type of shoe worn during testing may indeed contribute to
changes in the PVDF output.
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Figure 4.45 Comparison of PVDF output in three different types of shoes

1. To display both PVDF output clearly on one graph, the PVDF-heel output has been shifted by a value of
one.
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The PVDF strips were selected to be placed at the toe and the heel were because they were
expected to have a faster response than the FSRs. Figure 4.46 shows the uncalibrated (cen-
tered around zero) PVDF outputs and the sum of the calibrated FSR outputs for compari-
son, as well as the heel strike time and toe off time determined by the BML. The heel
PVDF output does appear to rise slightly in value one time step before the FSRsum output
rises (and before the BML heel strike time); however, the PVDF sensor is located cen-
trally beneath the heel, and closer to the rear edge of the heel, while the FSRs at the heel
are located medially and laterally, so this very slight anticipation by the PVDF sensor may
be due only to a better location within the insole. In addition, as seen in Figure 4.43 and
Figure 4.45, the heel PVDF output tends to have multiple peaks, due both the dynamic
nature of the PVDF output, as well as the likely response to movement of the foot within
the shoe, whereas the FSRsum has a direct correspondence to the actual force distribution

beneath the foot. The toe PVDF output has already returned to the baseline at the BML

toe-off time, making it no more useful than the FSRsum.
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Figure 4.46 Comparison of PVDF response to FSRsum response

This PVDF output certainly contains interesting information, and, the potential change in

response in different types of shoes may be useful for future work in evaluating orthotics
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or different types of shoes for a given patient. However, it was selected for this work for
use in determining heel strike and toe off; the FSRs appear to quite useful, not only in
determining heel strike and toe off, but in providing information about the force distribu-
tion underneath the foot. The analysis of heel strike and toe off time, as described, did not
employ the use of the PVDF output, but rather relied on the FSRsum, and information

from the accelerometers and gyroscopes.

For future work with the GaitShoe, the PVDF strips should be replaced with FSRs, which
will allow the FSRs to be placed directly under the heel pad and under the great toe, result-
ing in a more complete force distribution profile, and possibly improving the determina-

tion of heel strike and toe off times.

4.8 Electric Field Sensor

The electric field sensor was developed after subject testing had started, so it was included
during the testing of the last five subjects to investigate its utility for measuring the height
of the foot above the floor. The purpose was both to evaluate the implementation, as well
as to investigate the signal output. Electrodes for the electric field sensor were created by
placing copper tape on the bottom of the shoe. Figure 4.47 shows the uncalibrated output
of the electric field sensor on five different subjects®. The output level which corresponds
to the zero height at the initiation of gait (e.g. the output while the subject stands with both
feet flat on the floor, before starting the gait trial, around time -6 sec in the graphs in
Figure 4.47) is indicated.

The physical implementation required placing copper tape on the bottom of the shoe to
construct the sensor, and co-axial cable to connect the sensor to the circuit board (the
driven shield signal was connected to the outer layer of the co-axial cable). The copper

tape on the bottom of the shoe lasted throughout the each subject’s testing. The co-axial

1. These subjects were the five subjects on which the electric field sensor was used; data were not collected
from the right foot sensor on subjects A and B; these subjects are not the same as those in Figure 4.43,
above
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cable has a diameter of 3 mm; for most athletic shoes, the co-axial cable can be placed in a
tread groove to avoid adding this small thickness under one side of the shoe, however, this

connection may need to be redesigned for use with other types of footwear.
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Figure 4.47 Various electric field sensor output plots

In addition, as seen in Figure 4.47, the output of the electric field sensor was greatly
dependent on the implementation of the electrodes, which varied depending upon the size
of the subject’s shoe. the range of the output varies greatly over all eight implementations.
Also, the actual output of the electric field sensor is likely to vary depending on the con-
struction of the floor. Interestingly, most subjects generally pass the force plate between
+1 sec and +4 sec; in the graphs shown in Figure 4.47, the electric field sensor output gen-
erally dips below its initial zero height during this time, as the metal force plate provides

increased capacitive loading.

Figure 4.48 presents data collected during one of the gait trials from Subject A. The top
graphs show the height of each foot, as measured by the MGH Biomotion Lab (BML).
The height is measured by the foot array, which is located above the foot; thus, the height
is never 0 cm, because the lowest height seen during stance (approximately 10 cm on the

left foot, and approximately 5 cm on the right foot) corresponds to the actual height of the
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array above the floor. The bottom graphs show the output of the electric field sensors on
the left and right feet. The electric field output reaches its maximum value once the foot is
lifted above the floor to a distance where the sensor can no longer couple into the floor. By
visual comparison with the BML height graphs, both electric field sensors appear to have
a range up to approximately 3-5cm, over a third of the output range. The electric field
sensor was located on the heel of the shoe, while the foot arrays were located mid-foot;

this results in the electric field sensors anticipating the changes seen by the foot arrays.
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Figure 4.48 Comparison of the electric field sensor output to foot height.

Before using the electric field sensor as a method of determining the height of the foot
above the floor, further investigation into the design of the electrode is needed. For
instance, as discussed in Section 3.3.7, after subject testing was completed, a second
design was developed, using a round electrode made out of copper tape, with the driven
shield inside the shoe. This sensor was not tested at the Biomotion Lab, but it does appear
to have a range greater than 5 cm. In addition, two electrodes can be used underneath the
foot, to provide measurements of height at two different locations. The output of the two
electrodes on the left and right feet are shown in Figure 4.49. Again, the value of the out-
put depends on the electrode configuration. The sensors located at the heels both clearly
measure a decrease in distance above the ground before the sensors located at the toes
(e.g. at 1.75 sec in the left foot heel sensor, and at 2.4 sec in the right foot heel sensor),

while the sensors located at the toes are clearly measuring an increase in distance above
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the ground after the sensors located at the toes (e.g. at 1 sec in the left foot toe sensor, and

at 1.75 sec in the right foot toe sensor).
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Figure 4.49 Sample output from the second electrode design

Once the electrode design has been finalized, methods of preparing the electrode such that
it is consistent from subject to subject should be investigated. For instance, rather than
affixing copper tape, electrodes could be pre-cut from a thin metal foil, which would be
taped to the bottom of the shoe. Finally, data should be collected on different floor types,
from wood floors and sidewalks to concrete floors with and without rebar, to generate a

family of calibration curves and allow calibration of the electric field sensor signal.

4.9 Heel Strike and Toe Off Timing

Timing of heel strike and toe off were determined using several of the GaitShoe sensors.
Initial values for each were determined using the sum of the four FSRs, "FSRsum", which
was calculated when the FSRs were calibrated, as described in Section 4.1.4. These initial
values were used to determine the integration bounds for the z-gyroscope. The final values
of the toe off timing were determined from the pitch, and alternative values for the heel

strike timing were determined from the x-accelerometer integration bounds.
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FSRsum Determination of Heel Strike and Toe Off Timing

The four FSRs were coarsely distributed underneath the foot, with two underneath the
heel, medially and laterally, one underneath the first metatarsal head, and one underneath
the fifth metatarsal head. Though this cannot provide a complete picture of the force distri-

bution underneath the foot, the information can still be of use.
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Figure 4.50 Comparison of the sum of the four calibrated [N] FSR outputs to the force plate output

The calibrated FSR output with units of force [N] (e.g. the total force applied across the
FSR), the sum of the four calibrated FSR outputs, and the BML force plate output are
shown in Figure 4.50. The FSRs only cover a small percentage of the total weight-bearing
area underneath the foot; as such, they only measure a portion of the total force. Thus the
shape of the summed FSR output in the middle graph is different than the bottom graph of
the force plate measurement, because the summed FSR output is subsumed by the total

force output.
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For further comparison, data collected using the Tekscan F-Scan system [32] on two dif-
ferent subjects was examined. One subject had a peak pressure under the heel area of 32
psi, a peak pressure under the area of the first metatarsal head of 52 psi, and a body weight
of 144.8 pounds, while the other subject had a peak pressure under the heel area of 43 psi,
a peak pressure under the area of the first metatarsal head of 33 psi, and a body weight of
162.6 pounds [92]. These are similar ranges as the calibrated FSR data, shown in
Figure 4.51 with units of pressure [psi] (e.g. the pressure applied across the FSR sensing

area), though Figure 4.51 presents data from a subject with a body weight of 253 pounds.
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Figure 4.51 Comparison of the sum of the four calibrated FSR outputs in pressure units of psi.

Figure 4.50 demonstrates that the larger FSR-402s (located under the metatarsals) mea-
sure more force, while Figure 4.51 shows that even though the smaller FSR-400s (located
under the heels) measure less force, the pressure under the heel, for this subject, is higher

than underneath the metatarsals.

The change in the shape of the FSRsum, with either force or pressure units, as compared
to the typical "m"-shape measured by force plate is a result of the very discrete measure-
ments taken by the four FSRs. However, this does not render the FSR measurements use-
less: in both Figure 4.50 and Figure 4.51, the shape of the FSRsum is similar across the
three steps shown, however, there were substantial differences in the weight distribution

between the first and fifth metatarsal heads. In the first step shown, more weight is on the
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fifth metatarsal, in the second step, more weight is on the first metatarsal, and in the third
step, the weight is distributed fairly evenly across the first and fifth metatarsal heads. This

is information which cannot be obtained from a standard force plate.

In the BML, timing of heel strike and toe off are determined by examining the force plate
output; when it first crosses a certain threshold, that time point is identified as heel strike,

and when it re-crosses that threshold, that time point is identified as toe off.

This general approach! was adopted for deriving the heel strike and toe off times from the
FSRsum, as shown in Figure 4.52. In order to improve the resolution, a spline was fit to
the FSRsum with time points every 1 msec; the ideal data rate of the GaitShoe was 75 Hz,
which corresponds to a complete data packet every 13.4 msec. The "no-load cutoff" was
calculated from the mean of the minimum value of the FSRsum and the clipped mean of
the FSRsum. The no-load cutoff was used as the limit below which the FSRsum value
could correspond to a no load situation, such as during swing. The times of the FSRsum
points (original data, not the spline-fit) that occurred just before and just after (FSRsum,,.
load— and FSRSUM, 5 0ad+ respectively) the FSRsum crossed the no-load limit were identi-

fied; these are marked in Figure 4.52.
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Figure 4.52 Determination of heel strike and toe off from FSRsum

1. See hstos_fsrsum_spline.m, an m-file available in Appendix F.2.
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To locate heel strike and toe off, the first difference of the spline-fit, D(FSRsumgpjine.fit)
was calculated, as shown in Figure 4.52. The maximum peak of D(FSRsUmgpjine.fit) corre-
sponded to the peak loading during heel strike, and was located using the vicinity deter-
mined by FSRSUMpg10ad+- The heel strike time was set as the first spline-fit time point
prior to the maximum peak where the condition D(FSRsuMgpjine.£it)<A0.005 kg was met.
This condition was set after inspection of many gait trials; as shown in Figure 4.53,
A0.005 kg was greater than the small changes of FSRsum registered during swing, and
indicated the start of the rapid increase in force corresponding to heel strike. This was non-
objective method of finding the point corresponding to initial loading of the FSRs; for
future work with the GaitShoe, the loading profile of the FSRs should be more fully inves-
tigated, perhaps by using a separate system where its time scale precisely aligned with the
GaitShoe’s time scale (as discussed in Appendix F.1, in the subject testing data, the time

scale of the BML could only be aligned with the GaitShoe’s time scale within 13.4 msec).

Similarly, the minimum value of D(FSRsumgpjine.fit) corresponded to the peak unloading
leading up to toe-off, and was located using the vicinity determined by FSRsumgoad--
The toe off time was estimated at the first spline-fit time point following the minimum
where the magnitude of D(FSRsumgpine.fit) Was less than A0.005kg. As shown in
Figure 4.53, —A0.005 kg approximately corresponded to the unloading of the FSRsum due

to toe-off and initiation of leg-swing.
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Figure 4.53 First difference of spline-fit, zoomed-in
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Because there are two FSRs located under the heel, this method was expected to perform
well in determining the heel strike. However, there are no FSRs located underneath the
great toe, so this method was expected to estimate the toe off time early. Thus, these heel
strike and toe off times were used to determine the integration bounds for the z-gyroscope,

and the toe off time was subsequently re-evaluated.

Maximum Pitch Determination of Toe Off Timing

The final toe off times were determined by the location of the minimum pitch. As shown
in Figure 4.16, the maximum pitch occurs at toe-off; as the foot rolls off the foot, the pitch
increases, and once the toe is off the ground, a rapid acceleration at the start of leg-swing
occurs, and results in a decrease in the pitch. Once evaluation of the z-gyroscope was
complete, the times corresponding to the maximum pitch values during each stride were
determined using the post-spline-fit method described in Section 4.3.2. These toe off times

were compared to values for toe-off obtained from the BML analysis.

X-Accelerometer Upper Integration Bound for Alternate Heel Strike Timing

As described in Section 4.4.3, the upper integration bound for the x-accelerometer was set
when the magnitude of AXgynamic Was either less than 0.2 m/s?, or when the value of
AXdynamic Was greater than 0 m/s. This second condition was expected to correspond to an
especially strong heel strike. Each of the upper integration bounds were investigated, and
if the bound corresponded to a positive spike in the AXgynamic Output, the time point was
saved as an alternate measurement of heel strike timing. Where available, these alternate
heel strike times were compared to values for heel strike obtained from the BML analysis,

as were the heel strike times calculated from the spline-fit of the FSRsum.
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Chapter 5

GAIT PARAMETER VALIDATION

The outputs of several sensors in the GaitShoe system were analyzed to generate clinically
relevant gait parameters. The data were collected during subject testing (described in
Appendix B), and was evaluated by comparison to data collected simultaneously by the
Massachusetts General Hospital Biomotion Laboratory (BML). This chapter discusses the
results of the comparison with BML data. The examples presented while describing the

analysis model and the analysis techniques all use data from the same gait trial.

Testing of the fifteen subjects resulted in 270 total trials of gait. The GaitShoe pitch, stride
length, and vertical displacement results for all of these trials were compared to the data
collected simultaneously from the MGH Biomotion Lab (BML). The validation was car-
ried out by comparing quantities of interest from each of these results: the maximum and
minimum values of pitch and the times at which they occurred, the total stride length, and
the maximum vertical displacement and the time at which it occurred. The magnitude dif-
ferences and the percent differences, using the BML as the reference value where avail-

able, were determined.

The GaitShoe heel strike and toe off times were compared to heel strike and toe off times
determined by a physical therapist by inspection of the BML force plate data. For each
subject, approximately three heel strike times and three toe off times of each times were
determined for each foot, for a total of 86 comparisons. The magnitude difference was cal-

culated for the heel strike times and the toe off times.

163
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5.1 Pitch

The maximum and minimum values and times of the GaitShoe pitch were determined®
with a post integration spline-fitz, as described in Section 4.3.2. The BML data were eval-
uated for outlying data points, which were removed, and the maximum and minimum val-
ues and times of the remaining BML data were determined. Figure 5.1 shows the
GaitShoe pitch, BML pitch, and all extrema.
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Figure 5.1 Comparison of GaitShoe pitch to BML foot array pitch

Figure 5.1 was included to demonstrate the issues which arise in the BML data. The lower
left graph in Figure 5.1 shows that, like the GaitShoe data (see Section 4.1.3), there are
occasional outliers in the BML data; these were excluded? for the purposes of determining
the maximum and minimum points of the BML foot pitch. In addition, there are often
unusual data at the start and/or end of the BML data, usually due to only a portion of the
array being visible to the cameras. These effects can be seen at the start of both BML foot

pitch graphs in Figure 5.1: the lower left graph has an unusual dip before the true pitch

1. See pitch_compare_postspline.m, and pitchpeakfinder.m, m-files available in Appendix F.2.
2. See gyroz_postspline.m, an m-file available in Appendix F.2.
3. See findmghoutliers.m, an m-file available in Appendix F.2.
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minimum at the start, and the lower right graph has an unusually large magnitude of pitch
at the start; thus the first 16 and last 16 BML data points, corresponding to approximately

0.1 sec, were also excluded.

During determination of the extrema for both the GaitShoe data and the BML data, the
number of dropped packets (in the BML data, dropped packets are the result of removal of
outlying data points) in the vicinity of the extrema were stored, as well as the size of the
largest number of successive dropped packets over the entire data series. Extrema were
not included in the comparison if either the GaitShoe or the BML data had a series of
dropped packets longer than 0.2 sec during the gait trial, or if either had 2 packets dropped
in the vicinity of the extrema. This resulted in 279 comparisons of maximum pitch and
time, and 241 comparisons of minimum pitch and time. The results are summarized in
Figure 5.1, and histograms for each are shown in Figure 5.2. The percent change was not
calculated for the time values, since the BML data, as seen in the lower right graph of
Figure 5.1, did not always contain two successive pitch maximums or two successive

pitch minimums from which to calculate a reference time.

TABLE 5.1 Pitch Validation Results

Comparison Difference Percent Change [%] | Samples

Mean Std Dev | Mean Std Dev

Shoe Pitch Max minus BML Pitch Max | 1.9° 6.7° 4.22 10.4 279
Time of Shoe Pitch Max minus -04sec  .02sec 279
Time of BML Pitch Max

Shoe Pitch Min minus BML Pitch Min -4.9° 5.1° 29.1 20.5 241
Time of Shoe Pitch Min minus -.01sec .02 sec 241

Time of BML Pitch Min
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Figure 5.2 Histograms of the pitch validation results

5.2 Distance

The stride length (horizontal displacement) was determined by the GaitShoe via double-
integration of the acceleration along the X, axis, and, for comparison, along the Xq,e
axis. The vertical displacement of the foot was determined via double-integration of the
acceleration along the Y,oom axis. These displacements were compared to the BML data
samples if the BML data included the time corresponding to a lower integration bound and
an upper integration bound (e.g. the BML data encompassed an entire swing phase); this
resulted in 363 total samples available for comparison. For the stride length, the total dis-
placements were compared, and for the vertical displacement, the peak displacements and

the corresponding times were compared.
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Comparisons were omitted if either the GaitShoe or the BML data had a series of dropped
packets longer than 0.2 sec during the gait trial, or if either had a total of more than 10
packets dropped during the swing phase used in the comparison. This resulted in 166 com-
parisons of stride length, and 166 comparisons of peak vertical displacement and time.
The results are summarized in Table 5.2; histograms for stride length are shown in
Figure 5.3 and for peak vertical displacement and time in Figure 5.4 (the vertical axes are
the same on all histogram plots; again, the percent change was not calculated for the time
of peak vertical displacement, since an independent stride time was not always available
from the BML data). Of note, while the magnitude of the mean difference of peak vertical
displacement is only slightly larger than the mean difference of stride length, since the
vertical displacement of the foot during stride is an order of magnitude smaller than the
stride length (on the order of 10 cm as compared to more than a meter), the percentage
change in peak vertical displacement is unacceptably large, at 72.7%. This is most likely
mainly due to small errors in the pitch that have affected the determination of the acceler-

ation in the Y ;oo axis.

TABLE 5.2 Displacement Validation Results

Comparison Difference Percent Change | Samples
(All GaitShoe minus BML) Mean  Std Dev | Mean Std Dev

Stride Length 6.1 cm 154 cm 5.4% 12.9% 166
Double linear integration of Ax-roomgynamic

Stride Length -4.0 cm 20.1cm | -1.8% 17.3% 166
Double linear integration of Ax-shoegynamic

Peak Vertical Displacement 6.9 cm 3.3cm 72.7% 45.8% 166
Time of Peak Vertical Displacement -0.03sec  0.06 sec 166
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Figure 5.3 Histograms of the stride length validation results
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5.3 Heel Strike and Toe Off

The heel strike and toe off times determined by the GaitShoe were compared to times
determined by a physical therapist at the MGH Biomotion Lab, by inspection of the force
plate data. A total of 86 samples including both heel strike and toe off time were provided
from the for validation; of these, nine were excluded, by inspection, because of obvious
errors (such as a BML heel strike occurring when the GaitShoe FSRs did not have any
load); these should be investigated further to find the reason for the errors. Two additional
samples were excluded from toe off analysis because the IMU became loose towards the

end of testing of one of the early subjects, and so the gyroscope output was not available.

As explained above, two methods of determining heel strike were evaluated. The first
method used only the FSRsum to detect loading corresponding to heel strike; the second
method used a spike in the x-accelerometer data corresponding to a strong floor impact
where available and the FSRsum method if the x-accelerometer was not jolted. The toe off
time was evaluated using the time of occurrence of the maximum pitch. The results are

summarized in Figure 5.3, and histograms for each are shown in Figure 5.5.

TABLE 5.3 Heel Strike and Toe Off Validation Results

Comparison Difference [msec] Samples

Mean  Std Dev

Shoe Heel Strike minus BML Heel Strike -14.4 215 77
FSRsum method only
Shoe Heel Strike minus BML Heel Strike -6.7 22.9 77

FSRsum and x-accelerometer method
Shoe Toe Off minus Toe Off -2.9 16.9 75




170 GAIT PARAMETER VALIDATION

Heel Strike Time Relative to BML, using FSRsum
T T T T T
15 _

10—

Count

300 -80 -60 -40 -20 0 20 40 60 80 100
[msec]
Heel Strike Time Relative to BML, using X-accel and FSRsum
T T T T T

10+

Count

-?00 -80 -60 -40 -20 0 20 40 60 80 100
[msec]

Toe Off Time Relative to BML, using Z-gyro

T T T T T

10—

Count

0 | |
-100 80 60 -40 20 0 20 40 60 80 100

[msec]

Figure 5.5 Histograms of the heel strike time and toe off time validation results

5.4 Discussion

The overall results from this initial analysis are encouraging, though a more detailed anal-

ysis may be needed to improve the results.

The GaitShoe’s calculation of maximum pitch correlate well with the BML reference
pitch, with a mean difference of 1.9° (standard deviation 6.7°), which corresponded to a
mean percent change of 4.22% (standard deviation 10.4%). The difference in time
between the maximum pitch points in each group was 40 msec. However, the calculation
of minimum pitch did not correlate quite as well. The mean difference was -4.9° (standard
deviation 5.1°), but because the magnitude of the minimum pitch is typically on the order

of 10-15°, this corresponded to a mean percent change of 29.1% (standard deviation
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20.5%). The minimum pitch suffers from cumulative integration errors, as it occurs

toward the end of the stride.

The stride length results are very encouraging. Surprisingly, the mean difference is better
when the stride length is determined via integration along the Xqp,oe axis than via integra-
tion along the X,oom axis; however the standard deviation is much larger along the Xqpqe
axis. As compared to the BML stride length, the stride length calculated along the Xgoe
axis has a mean difference of -4.0 cm (standard deviation 20.1 cm) and percent difference
of -1.8% (standard deviation 17.3%), while as compared the stride length calculated along
the X,oom axis has a mean difference of 6.1 cm (standard deviation 15.4 cm) and percent
difference of -5.4% (standard deviation 12.9%). These results are encouraging considering
the large number of assumptions made in the analysis; by incorporating the full analysis of
all three gyroscopes and all three accelerometers, both the mean difference, and the stan-
dard deviation are likely to decrease. The results of stride length calculated along the
Xshoe aXis suggests that if smaller and less expensive system were required for certain
applications analyzing straight-line gait, a single-axis accelerometer could be used with a

single gyroscope.

Though the difference for the vertical displacement as compared to the BML results is of
similar magnitude to the stride length difference, the percent change is much larger. A typ-
ical stride length is longer than a meter, while vertical displacement is generally under
10 cm. Thus, while the vertical displacement as compared to the BML results has a mean
difference of 6.8 cm (standard deviation 3.8 cm), the percent difference is -72.7% (stan-
dard deviation 50.0%). The time of the peak displacements as compared to the BML
results has a mean difference of -.03 sec (standard deviation 0.06 sec). Unlike the stride
length, these results appear to have suffered from the large number of assumptions made
in the analysis, but will hopefully improve once the analysis is broadened to include all

three gyroscopes and accelerometers.
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In addition, errors in the pitch are likely to strongly contribute to the large errors in the
vertical displacement, as well as the result that the stride length calculated along the Xqpqe
axis is as accurate as or better than the stride length calculated X;,,n,. Determining the
dynamic acceleration requires the orientation of the accelerometers with respect to the
room, @, and @y, which correspond to the pitch. However, in addition, determination of
the accelerations along the Y yom and X,oom axes from the dynamic acceleration uses rela-
tionships involving the sines and cosines of @, and ®,. Thus, errors in the pitch affect the
calculations along the Y yom and X,,on, a@xes more than the calculation along the Xgnoe
axis. Improvements in the pitch calculation are therefore likely to improve the results of
the stride length and vertical displacement along the Y ;gom and X,qom @xes. In particular, a
hardware change to use the Analog Devices gyroscope to measure rotation about the z-
axis, rather than the Murata gyroscope, may sufficiently improve the pitch calculation; as
discussed in Section 3.3.2, the Analog Devices gyroscope has two vibrating structures
operating in anti-phase to reduce common mode signals unrelated to angular velocity

(such as external shocks or vibrations).

The results for the heel strike time and toe off time are particularly interesting. Both meth-
ods of calculating the heel strike time anticipate the time determined by the BML,; the
method using the FSRsum has a mean difference of -14.4 msec (standard deviation
21.5 msec) as compared to the BML time, while the method using the x-accelerometer in
combination with the FSRsum has a mean difference of only -6.7 msec (standard devia-
tion 22.9 msec). These results suggest that the it is possible that the automated analysis of
the GaitShoe results in detection of heel strike earlier than the human interpretation of the
force plate data. However, the time scales of the GaitShoe system and the BML system are
only aligned within 13.4 msec (see Appendix F.1), such that the GaitShoe time may regis-
ter up to 13.4 msec ahead of the BML time; this may account for the shift between the
detection on the two systems. Further evaluation, perhaps with a different type of valida-
tion equipment, and certainly with an improved method of aligning the time scales, is rec-

ommended to confirm these results.
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The toe off times are the most well correlated parameter in comparison with the BML sys-
tem, with a mean difference of only -2.9 msec (standard deviation 16.9 msec). However,
these results are moderately surprising, given that the maximum pitch was used to detect
toe off (as the maximum pitch occurs right around the time of toe off), and the pitch results
demonstrated that the time of detection of maximum pitch by the GaitShoe had a mean
shift of 40 msec from the BML maximum pitch. It would be interesting to add FSRs
underneath the great toe to see how the toe off time detected by an FSRsum including

more FSRs compared to the BML and maximum pitch generated toe off times.
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Chapter 6

PATTERN RECOGNITION ANALYSIS

The ability of the GaitShoe system to provide information capable of identifying gait pat-
terns was investigated by using standard pattern recognition techniques with the data col-
lected during subject testing. Two classification problems were investigated; the primary
goal was to distinguish the gait of subjects with Parkinson’s disease from the gait of sub-
jects with normal gait. Of secondary interest was recognizing individual subjects from
their gait. This chapter discusses the techniques used, the selection of the subject data that
was classified, the selection of the feature set, hypotheses, training and testing data, and

the results of the classification.

6.1 Pattern Recognition Techniques

Several classic techniques were applied to data sets extracted from the subject testing, in
order to investigate which technique was best at classifying this type of data. These tech-
niques are described briefly here; all employ supervised learning, where a labeled training
set was used to train the classifier, and a separate labeled test set (containing samples not

in the training set) was used to evaluate the classifier.

6.1.1 Classification and Regression Trees (CART)

CART is a decision tree tool, distributed by Salford Systems software. It was developed

from original work by Breiman, Friedman, Olshen, Stone at the Stanford University and
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the University of California at Berkeley [93]. It uses binary recursive partitioning; each
node is split into exactly two nodes, and the process is repeated with each child node. The
CART software analyzes the data through a set of rules which determine the following:
node splitting (to create the tree), tree completion, tree pruning, terminal node classifica-

tion.

To determine the split of each node, the CART conducts a brute force search by calculat-
ing all possible splits for all features. For continuous data (as opposed to categorical data),
such as was generated from the GaitShoe data, a split is a numerical point which forms all
or part of the boundary that separates two classes. For example, in gait data there might be
a split in stride length at 1.4 m, such that stride lengths greater than 1.4 m correspond to
male gait, while stride lengths shorter than 1.4 m correspond to female gait. The brute
force search finds the split for each of the features for all samples in the data set, and then
selects the best split for each node using a set rule. The Gini rule was the default in CART;
the implementation of the Gini rule in CART was set to separate classes of data one at a
time, by trying to isolate the classes in order of importance (most to least) [94]. By default
in CART, importance is defined by the number of samples in the class, with larger classes
more important (classes can be weighted; this option was not used). Thus, the split that

provides the highest separation of the largest class was selected.

The splitting process is repeated on each resulting node until the tree is completed, as
determined by the default settings: splitting was stopped when either fewer than ten sam-

ples were in a node or when all samples in the node were of a single class.

Once the tree is completed using the training set, CART uses the testing set of data to
prune the split nodes to select the "best” tree, determined by the default "standard error
rule," which picks the tree with the minimum cost. The cost is calculated by the rate at
which the samples in the test set are misclassified, and is determined for both the full tree
and for all possible sub-trees, with a penalty for large trees (because the testing set is used

to select the final tree, this results in an overly optimistic estimation of error rates). This
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method is "overly optimistic™ in that the final decision for the tree is determined by the

testing set, rather than determined independently of the testing set.

One of the great benefits of CART is that the tree provides information about the most
useful parameters in the feature set, as the splits at each of the nodes represent the features
which best classify the data. In addition, the data set can have any number of classes, and
the software completes the classification in seconds. There were two limitations to the
software: the interface is not readily automatable, making analysis of several data sets

tedious, and CART does not directly report or store which data were misclassified [94].

6.1.2 Bayes Decision Theory & Naive Bayes

Bayes decision theory is a classification method based on probabilities. It assumes that the
classification problem can be described in probabilistic terms, and that all the underlying

probability values are known or can be reasonably approximated.

In order to calculate the posterior probability, P(wj[X), that X is in class w;, the following
probability values! must be obtained or estimated: 1) the state-conditional probability den-
sity function, p(x|e;), which is the likelihood that X is observed, given class ;; and, 2) the
prior probability, P(w;), of class w;, which is the probability that any observation is class
j (all prior probabilities sum to one). Bayes rule, shown in Eq. 6.1, states that the poste-
rior probability that sample X is in class oj is equal to the likelihood of x multiplied by the
prior probability of class w; and divided by the evidence, p(x), defined in Eq. 6.2. The evi-
dence is a scale factor to guarantee that the posterior probabilities over all classes sum to
one. Bayes rule was published posthumously, in 1763, by mathematician Rev. Thomas
Bayes [95].

P(w;|x) = pix|o)P() (6.1)
/ p(x)

1. P represents a probability, and p represents a probability density
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P = Y px|0)P(o) (6.2)
j=1

For example, Bayes rule would state that the probability that a subject with a stride length
of 1.3 m is a female is equal to the likelihood that female subjects have a stride length of
1.3 m multiplied by the probability that the subject is female, and divided by the evidence.
The evidence would be equal to the sum of the numerator plus the likelihood that male

subjects have a stride length of 1.3 m multiplied by the probability that the subject is male.

For the two class problem, both posterior probabilities, P(»1|x) and P(w,|x), are calcu-
lated and x is classified as class w4 if P(w41|X)>P(w,|X); otherwise, X is classified as class

®,, Where the data sample is either a single feature x, or a vector x of several features.

When x is a vector of several features, information about the interdependence of the fea-
tures is required to estimate the prior probabilities. Naive Bayes is a technique which sim-
plifies the estimation of the prior probabilities by assuming that class-conditional
independence exists. This assumes that all features are independent from each other, so the
prior probability can be simply calculated from the prior probabilities of each individual

feature, as shown in Eqg. 6.3.

d
pw;|x) o Hp(xl.|coj) (6.3)
i=1

Though the class-conditional independence assumption rarely holds in practice, Naive

Bayes classifiers are easy to implement, and often perform reasonably well. In addition,

multiple classes can be considered as easily as two classes [96].

Use of Bayesian approach is usually to update the prior probabilities as new information
becomes known; in this case, the analysis is carried out once. Since the Naive Bayes

assumptions are unlikely to apply to the gait feature data, which are certainly not indepen-



Pattern Recognition Techniques 179

dent, this was not expected to provide the best classification, but was included to see how

well a simple technique could perform.

For this work, an implementation of Naive Bayes in a program called Weka was used.
Weka is a collection of machine learning algorithms for data mining tasks, written in
open-source Java, and developed at the University of Waikato in New Zealand. The prob-
abilities were estimated using the (default) normal distribution, and the classification was

complete in a few seconds [97].

6.1.3 Support Vector Machines (SVM)

SVMs are a classification method based on a linear learning machine (a learning algo-
rithm that uses linear combinations of the input variables) and were first introduced in

1992 by Vapnik and co-workers, at the Computational Learning Theory conference [98].

SVMs use linear discriminant functions, which means that the form of the underlying
function is known (or assumed), and the training data are used to estimate the values of the
parameters of the classifier. Unlike Bayes methods, SVMs require no knowledge or

assumptions of the underlying probability distribution of the samples.

The essential function of SVMs is to find the optimal hyperplane that separates the labeled
samples into two categories. The optimal hyperplane is defined to be the one that has a
maximal distance to the closest training samples (see Eg. 6.4, below). This distance is
called the margin, and the closest training samples are called the support vectors. The sup-
port vectors are the most informative samples; the hyperplane could be recreated from

their information alone.

A larger margin corresponds to a SVM classifier with better generalization properties, in
the sense that the distance between the hyperplane and the support vectors corresponds to
the separation between the two data classes. The complexity of a SVM classifier is indi-
cated by the number of support vectors; more support vectors indicate a more complex

classification.
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Training data are not expected to be linearly separable in the feature space. Thus SVMs
use a "kernel™ to map the feature to a higher dimensional space where separability is more
likely. In this case, it is useful to replace the dot product with a kernel function, to map the
data to a higher dimensional space where it may be linearly separable by a hyperplane.
Many functions can be used as a kernel function. While use of kernels can be a powerful
technique for separating data, use of kernels can result in a feature space that overfits the
training data, but does not generalize well to new data despite separating the training data

well.

In practice, the generalized optimal hyperplane is found by maximizing the margin and
minimizing the classification error in this new space. For example, let x; be the original
features, then given a hyperplane defined by wyx; + wox, + ... + wyxy = b, the general-

ized optimal hyperplane is found by minimizing
1, 2 Y
D(w, &) = EIIWII +C-;&,~, (6.4)

where &; is some error function, and C is a weighting factor to weight the importance of
maximizing the margin vs. minimizing classification error. By using Lagrange undeter-
mined multipliers, and the Kuhn-Tucker construction, this optimization can be carried out

by maximizing

N N
1
L) = 2 “i‘§§ ocjockzjsz(xl, X,) (6.5)
) v

1

subject to the constraints

N
M oyo, =0 o20,k=1,..,n, (6.6)
k=1

given the training data. K(x,, X,) refers to the kernel used, and the o, are the undeter-

mined Lagrange multipliers, in z space.
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Many implementations of SVMs are available [99]; the Matlab implementation by Steve
Gunn was used [100] [101]. This classifier was easily automated within Matlab, and in
addition, the classifier ran quickly, generally taking under 20 seconds. The data were
treated as linearly separable in the native feature space (the dot product was not replaced

with a specialized kernel).

SVMs do not provide information about which features are most informative. In addition,
in most implementations, including the one used, SVMs can only classify two categories
(it is possible to use SVMs to classify more than two categories, by serial analyses, but

this is considerably more complex, and was not used) [96] [101] [102].

6.1.4 Neural Networks

An artificial neural network is an adaptive learning method that represents the data
through the use of a parallel network of nodes (“neurons™) arranged in layers and con-

nected by weighted links. The link weights are determined by the training data.

A neuron with a single input is shown in Figure 6.1, left. The neuron is simply a model for
processing the scalar input p via multiplication by weight w and addition of bias b. This
sum, net input n, is the input to function f, which determines the output a. The function f
can take any form, from a hard limit function, wherea=1ifn>1anda=0ifn<0,toa
linear function, where a « n, to a sigmoid function, such as a = 1/(1+e™). This particular
sigmoid function results in an output a that has a range of 0 to 1, for any value of n
between plus and minus infinity. Sigmoid functions are often referred to as "squashing"
functions because they compress the input into a predefined range; a key feature of all sig-

moid functions is that they are differentiable.

The neural network is built by composing layers consisting of multiple neurons, where the
input is usually a vector of multiple features. Figure 6.1, right, shows a vector input p and
a single layer; the weights form a matrix w and the biases form vector b. Neural networks

are not limited to a single layer: multiple layers can be added serially, by using the outputs
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of a the first layer as inputs to the next layer. The final layer is called the output layer, and
all other layers are called hidden layers. For pattern recognition, the neural network is set

up such that the final layer has as many neurons, and thus as many outputs, as there are

classes.
//’/ neuron ~_
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a=f(n)=f(w-p+b)

Figure 6.1 Examples of a single input neuron and a multiple input neural layer

Backpropagation is a frequently used method to improve the accuracy of neural network.
In backpropagation, an effective error is calculated for every neuron, and this error is used
to adjust the weights and biases; the sigmoid function is commonly used in backpropaga-
tion. To train a network, the training data is first applied to the network, in order to gener-
ate the output vectors, a. Next, the error is calculated, by comparing a to the labels on the
training data; generally, a sum-of-squares error or mean-squared error is used, such that
the error is proportional to i i(af,s—bi,x)z, where | is the total number of neurons, and S is
the total number of sample:lir;ﬂthe training data. This type of error is useful analytically,
because the errors for each output a; s remain independent, and are simply summed

together to calculate the overall error.

There are many variations of the error adjustment algorithm used in backpropagation. The

basic implementation adjusts the weights and biases in the direction of the negative of the
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gradient, which corresponds to the direction in which performance degrades most quickly,

such as
Xpp1 = Xp—agy, (6.7)

where X, is a vector containing the current weights and biases, g, is the current gradient,
and o is the learning rate. The learning rate is a parameter that can be set to control how
much the weights and biases are updated, where a number closer to zero corresponds to a

slower learning rate; typical values are between 0.05 and 0.75 (o is always positive).

There are two approaches for updating the weights and biases: batch learning and on-line
learning. In batch learning, g, is calculated from the sum of the individual gradients of the
errors for all samples in the training set, given %, , and the weights and biases are updated
across all samples. Here, the subscript k refers to a single pass through all the training set;
such a pass is called an epoch. Batch learning updates the weights and biases slowly, so
many epochs are usually required to minimize the error. However, g, is a good approxi-

mation of the true gradient.

In on-line learning, a sample is selected from the training set, the gradient g, is calculated
for that sample, and the weights and biases are immediately updated. Here, the subscript k
refers to a sample. In a single epoch, on-line learning updates the weights and biases as
many times as there are samples, whereas batch learning updates only once (typically, the
samples are selected in a random order each epoch, so as to avoid cyclic effects). How-
ever, the individual g, gradients are essentially noisy estimates of the true gradient, so this
approach no longer approximates the true gradient. Thus, at individual samples, the
updates may result in a larger overall error. However, although the path may not be direct,
overall, the error will decrease; however, the randomness in on-line learning results in a
jitter about the minimum. This generally prevents the network from getting stuck at a local
minimum, which can happen in batch learning, because the jitter allows the on-line learn-

ing algorithm a method to move out of a local minimum.
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Another parameter which is often incorporated into backpropagation is a parameter called
momentum, . The purpose of momentum is to prevent a network from being stuck in a
local minimum, by adjusting the weights not only in response to the local gradient, but
also in response to recent trends in the error. It can be incorporated by including a fraction

of the previous weight change, Ax, _;, such as

Xpo1 = X — 0B+ uAX, 4, (6.8)
where the momentum, p, is between 0 and 1 [96][103][104].

For this work, the implementation in Weka was used (Matlab 6.5 also contains an exten-
sive neural network toolbox). The Weka neural network uses backpropagation to train,
with sigmoid functions at the nodes. The default values for the training parameters were
used: the learning rate was 0.3, the momentum was 0.2, the number of hidden layers was
set to one half the sum of the number of features plus the number of classes, and the num-
ber of epochs was 500. There was also a validation threshold, set to 20, which limited the
number of times in a row the error could get worse before training was stopped, and a reset
flag, set to true, which allowed the weights and biases to be reset and the training restarted
with a lower learning rate, if the network diverged from the training output. The final val-
ues of the weights and biases were determined with the training data, and subsequently
evaluated by the testing data. This implementation completed the training in under a
minute [97].

6.2 Data Sets and Classifications

Since the primary goal was to investigate the use of pattern recognition techniques to dis-
tinguish Parkinsonian gait from normal gait, using data from the GaitShoe, it was impor-
tant to select the data sets carefully so as not to bias the results. Factors which contribute to
natural variations in gait were examined, and the subject data available was evaluated for
occurrence of these factors. The data classes were selected in an effort to minimize differ-

ences between classes due to known causes of variations in gait, as discussed below.
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6.2.1 Gait Variation

Several factors which contribute to variation in gait were considered. Over a general pop-
ulation of people under age 65, there is a standard deviation of 10% across gait parameters
such as velocity or stride length. This variation across the population is due to a number of

factors, such as gender, age, and subject height [105].

Gender

There are statistical differences between the gait of males and of females. These are sum-
marized in Table 6.1. In general, males have a longer stride length, but take fewer steps
per minute, as compared to females. Overall, these two factors combine to give males a

slightly faster velocity than females [105].

TABLE 6.1 Gender differences in gait [105]

Males Females

Mean stride length [m] 1.46 1.28

Mean cadence [steps/min] | 111 117

Mean velocity [m/min] 82 77

Age

In healthy subjects with normal gait!, age does not have a measurable effect on gait until
the population includes subjects older than 60 years. For a group of subjects aged 60 to 65
years, the mean velocity was found to decrease by 3%, while for a group aged 60 to 80

years, the mean velocity decreased by 9% [105].

Leg Length

In adults, there is a weak correlation between stride length and leg length during walking

gait (a stronger correlation exists during running gait). A study which grouped 120 male

1. When arthritis and other disabilities which affect gait are included, studies of gait in older adults have
shown a 14% deviation in velocity [105].
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adults into equal groups of short, medium, and tall heights (leg length generally corre-
sponds to height) found only a 4% change between the mean stride lengths in each

group [105].

6.2.2 Subjects and Data Sets

The fifteen subjects (detailed subject information is available in Appendix B.2) were
divided into five subgroups, summarized in Table 6.2 by presence of PD, gender, and age.
As discussed above, gender and age may affect parameters of gait such as stride length
and velocity. With large numbers of subjects, the number of males and females would
likely be balanced, however, in this small study, only three out of the ten subjects with nor-
mal gait were male. This resulted in a concern that differences between male and female

gait might affect the classification.

TABLE 6.2 Summary of subject groupings

Group |Parkinson’s Gender Lowest Highest Number of
disease Age [years] Age [years] subjects

1 No Female 24 28 5

2 No Male 25 30 3

3 No Female 48 54 2

4 Yes Female 53 65 3

5 Yes Male 64 76 2

In addition, the subjects with PD all had an age greater than 50 years; in particular, the
male subjects with PD were 64 and 76, while the male subjects with normal gait were all
30 years old or younger. However, the seven females with normal gait had two clusters of
ages: five subjects in their mid-twenties, and two 48 and 54 years old. The three females
with Parkinson’s disease were in their fifties and sixties, so the female subjects with nor-
mal gait had two subjects who could be considered age-matched to the female subjects
with PD. Thus, to not bias the classification results, the groups selected for data sets

included only the ten female subjects.
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In regards to the effect of leg length?, the ten females had a mean height of 1.62 m, and a
standard deviation of 0.03 m (the tallest subject was 1.68 m, and the shortest was 1.57 m).
It was expected that, given the small spread of heights across the ten females, leg length

was unlikely to contribute significantly to any changes between the groups.

The groups selected for the classification are summarized in Table 6.3. Class "NLFY™
("young" females with normal gait) had a total of 92 trials across five subjects, class
"NLF" (age-matched females with normal gait) had a total of 37 trials across two subjects,
and class "PDF" (age-matched females with Parkinson’s disease) had a total of 64 trials.

This sums to a total of 193 trials across all ten subjects.

TABLE 6.3 Classifications of the ten female subjects

Moniker |Group Number of Total Trials
Subjects

NLFY 1 5 92

NLF 2 2 37

PDF 4 3 64

6.3 Feature Set

A key decision when building a classifier is the selection of features (the techniques
described above all classify samples via a vector of single features about the sample; none
evaluate the sample based on a data-time series). Clearly, the success of the classifier will
greatly depend on whether the features encapsulate the distinguishing characteristics of

the data classes.

The GaitShoe provides such a vast amount of information that selection of features can be
viewed as an ongoing problem, with the features used here as an initial solution. The fea-

ture set used is detailed in Table 6.4. The feature set was developed to include a variety of

1. Though leg length was recorded via the BML calibration routines, body height was directly accessible
from the subject information and was used for this comparison.
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information about the gait, but without unduly influencing the outcome of the classifica-
tion. Parameters traditionally expected to change with age, such as stride length and veloc-
ity were not included; however, the training process of a classifier should eliminate
dependence on parameters that are not related to age, if age is not the classification goal,
so parameters, such as foot pitch, that may be correlated with stride length and velocity

were included.

Table 6.4 has five columns: the first numbers the features, the second lists the data type,
the third explains the type of analysis used to extract the feature from the data, the fourth
lists the metric used, and the fifth is a description of what the feature represents. Three
types of analyses were applied: the mean of the data, the standard deviation of the data
("std dev"), and the clipped standard deviation (the standard deviation of the data with the
top and bottom 10% of data removed; "std dev (clipped)").

Two metrics were used, "L and R combined” and "L to R ratio.” The metric "L and R com-
bined" was a combination of the data from the left and right feet, where the analysis was
applied to a vector consisting of a concatenation of all the data from the left foot and all
the data from the right foot (e.g. the right foot data vector was appended to the left foot
data vector). The purpose of this metric was to extract an overall feature from both feet.
Initial work included the left foot and the right foot data as separate features, but it was
found that left foot and right foot features were often interchangeable, so they were com-

bined for the final feature set.

The metric "L to R ratio™ was the absolute value of minus one plus the ratio of the analysis
applied to the data from the left foot divided by the analysis applied to the data from the
right foot. The purpose of this metric was to get a measure of any asymmetry between the
two feet (healthy gait is expected to be symmetric). One was subtracted from the ratio, and
the absolute value was applied, so as to lump all the asymmetries together (this resulted in
a slight skewing of asymmetries in which the value for the right foot is greater than the

value for the left foot, but was not expected to affect the results significantly).
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TABLE 6.4 Feature set

Data Type Analysis Metric Description
1 |FSRsum/bodyweight Std dev (clipped) L and R combined Walking energy variation
2 |FSRsum/bodyweight  Std dev (clipped) L to R ratio Walking energy asymmetry
3 | StepF/bodyweight Mean L and R combined  Step energy amplitude
4 | StepF/bodyweight Mean L to R ratio Step energy asymmetry
5 | StepF/bodyweight Std dev L and R combined  Step energy variation
6 |Gyro-x Std dev (clipped) L and R combined  Yaw variation
7 | Gyro-x Std dev (clipped) L to R ratio Yaw asymmetry
8 |Gyro-y Std dev (clipped) L and R combined Roll variation
9 |Gyro-y Std dev (clipped) L to R ratio Roll asymmetry
10 | Gyro-z Std dev (clipped) L and R combined Pitch variation
11 |Gyro-z Std dev (clipped) L to R ratio Pitch asymmetry
12 | Accel-x Std dev (clipped) L and R combined Forward motion variation
13 | Accel-x Std dev (clipped) L to R ratio Forward motion asymmetry
14 | Accel-y Std dev (clipped) L and R combined Upward motion variation
15 | Accel-y Std dev (clipped) L to R ratio Upward mation asymmetry
16 | Accel-z Std dev (clipped) L and R combined Sideways motion variation
17 | Accel-z Std dev (clipped) L to R ratio Sideways motion asymmetry
18 | Maximum pitch? Mean L and R combined Shuffle index
19 | Maximum pitch Mean L to R ratio Asymmetric shuffle
20 | Maximum pitch Std dev L and R combined  Shuffle variation
21 | Minimum pitch Mean L and R combined  Shuffle index
22 | Minimum pitch Mean L to R ratio Asymmetric shuffle
23 | Minimum pitch Std dev L and R combined  Shuffle variation
24 | Percent stance time Mean L and R combined  Shuffle duration
25 | Percent stance time Mean L to R ratio Shuffle duration asymmetry
26 | Percent stance time Std dev L and R combined  Shuffle duration variation

a. This parameter was ultimately excluded, as it possibly was age-dependent in this sample.
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Features 1-5 involve the summed output from the FSR sensors. Features 1 and 2 involve
the sum of the FSRs ("FSRsum") divided by the subject’s body weight, and features 3, 4,
and 5 involve the integration of the sum of the FSRs between heel strike and toe off
("StepF") divided by the subject’s body weight.

Features 6 through 17 are the clipped standard deviations of the calibrated outputs of the
three gyroscopes and the three accelerometers, with both metrics applied. The bend sensor
outputs and the pvdf strip outputs were not used at all for the feature set, because of the
likelihood that there was intra-subject variation due to the fitting of these sensors, as dis-
cussed in Section 4.6 and Section 4.7 respectively, rather than resulting from changes in

the gait of the subject.

The remaining features, like features 3-5, involved quantities that were derived from sen-
sor outputs during the gait parameter analysis. Features 18 through 23 involve the pitch of
the foot, which comes from the integration of one of the gyroscopes, and as discussed in
Section 4.3.2, the characteristic pitch of the foot has a maxima and a minima during each
stride (see Figure 4.16 on p. 120). Features 18, 19 and 20 use the maximum pitch values,

and features 21, 22 and 23 use the minimum pitch.

However, feature 18, the mean of the maximum pitches in the left and right feet, was
excluded when it was seen that it may have had a correlation with age in this sample. Ini-
tial work with CART revealed that when the older of the two NLF subjects was used as the
test set, feature 18 was used as a splitting criteria, and the test set was grouped with the

PDF group.

This feature, and feature 20, the mean of the minimum pitches in the left and right feet, are
shown for the data samples of each subject, plotted against the subjects’ ages in
Figure 6.2. While it is impossible to say conclusively whether either of these features have
some age-dependency, the mean maximum pitch does seem to be significantly less for the
subjects older than 50 years, while the minimum pitch has a lesser degree of separation by

age. Though it generally trends upwards, the mean minimum pitch of the subjects older
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than 50 overlaps with those younger than 50 by more than 10 degrees out of a full range of
30 degrees (approximately 30% overlap), while the mean maximum pitch of the two
groups overlap by under 5 degrees out of a full range of 40 degrees (less than 13% over-
lap). While the training of the pattern recognition system should exclude age-related
parameters if not classifying by age, it was decided to exclude the mean maximum pitch as

a feature (both of these parameters will be interesting to investigate further, with larger

subject groups).
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Figure 6.2 Plots of maximum and minimum pitch, by age

The final features, 24 through 26, use the calculations of heel strike and toe off timing to

determine the percentage of the step each foot spends in stance ("percent stance time").

In feature generation from the data which were not continuous time series, there were
often only a few measurements available in each sample, for a few reasons. There were
usually five to seven footsteps per sample, so the number of total measurements was
small. The integrated FSR sum and the pitch extrema measurements were likely to be
adversely affected by dropped packets, so these data were analyzed for dropped packets in
the region of each of the individual measurements for that sample. If there were a signifi-
cant number of dropped packets, as listed in Table 6.5, the measurement was not used in
determining the feature. In evaluating the percent stance time, which was calculated by

Tro,—Tys,

Percent Stance Time = , (6.9)

HS 1™ THSk
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the last step was not used, in order to exclude any variance due to slowing at the end of the
gait trial. This meant that samples that had only four footsteps total only had two usable
measurements of percent stance time, since calculation of percent stance time required

two successive heel strikes.

TABLE 6.5 Measurement exclusion due to dropped data

Data Exclusion Criteria

Integrated FSR sum 10 dropped packets between heel strike and toe off

Maximum and minimum pitch |5 dropped packets in vicinity of each extrema

Because of all these factors, a few of the samples have only one or two measurements for
either the left foot or the right foot or both, which meant the standard deviation could not
be calculated for that foot. Thus, the ratio of the standard deviation was not used as a fea-
ture for the analysis of these data; there were no samples that had only two or fewer mea-
surements total for the left and right feet together, so the standard deviation of the

combined left and right feet measurements was used.

Again, this feature set of 25 features is an initial attempt to characterize the gait. There

may be other features which are more informative.

6.4 Hypotheses

The subjects used during gait testing for validation of the sensor outputs provided the
opportunity to investigate changes in gait of subjects with Parkinson’s disease, as com-

pared to gait of normal subjects.

Three hypotheses were investigated. The first hypothesis was that the NLFY and NLF
groups were likely to have a high degree of confusion, because the only known difference
between the two groups was the age difference. For the three techniques that could handle
more than two classes (CART, Naive Bayes, and Neural Nets), Hypothesis 1 was tested
with the three class problem of NLFY, NLF, and PDF. Since the SVM implementation
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used could only handle two classes, three two class problems were tested: Hypothesis 1.1,
NLFY and NLF; Hypothesis 1.2, NLF and PDF; and, Hypothesis 1.3, NLFY and PDF.

Assuming that Hypothesis 1 would be supported, the second hypothesis was that the PDF
group would be highly separable from NLFY and NLF grouped together. Hypothesis 2 is

a two class problem, NLFY/NLF and PDF, and was tested using all four techniques.

The third hypothesis was that the feature set was likely to contain enough information to
classify individual subjects. Hypothesis 3 had ten classes, corresponding to each of the ten
subjects, and was tested using CART, Naive Bayes and Neural Nets (the SVMs were not
evaluated, but could have been tested with each single subject classified against the other

nine).

6.5 Training and Testing Groups

Careful selection of training and testing groups is an important step in the testing of classi-
fication problems. Three approaches were used for Hypotheses 1 and 2; these approaches
are summarized in Table 6.6. A fourth technique, called cross validation, was used for

Hypothesis 3.

TABLE 6.6 Training and testing groups

Moniker Number  Testing Sets Training Sets
1 |Leave out entire subjects N An entire subject All other subjects
2 |Leave out entire gait types 3 1) Free gait 1) Distracted gait, paced gait
2) Distracted gait 2) Free gait, paced gait
3) Paced gait 3) Free gait, distracted gait
3 | Modified leave one out. 9 One of each gaittype  All remaining samples
for each subject

The first training and testing group involved using each subject as a testing set. The num-
ber of training sets and testing sets in this group was equal to the total number of subjects,

N, in the classification problem; Ng=10 for all tests, except for the SVM two-class tests
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for Hypothesis 1 (Hypothesis 1.2: Ng=7, Hypothesis 1.3: Ng=5, Hypothesis 1.4: N¢=8).
This grouping was selected to investigate the robustness of the classifier, to see whether a
classifier of, for example, "normal™ gait could classify any subject without requiring a

sample of that subject’s gait during training.

The second training and testing group involved using a type of gait as the test set. As
described in Appendix B.1, the gait trials for each subject were classified as "free gait,"
where the subject was told to walk as though she was taking a brisk walk through the park,
"distracted gait,” where the subject was given a task which was designed to provide dis-
traction, and "paced gait," where a metronome was set at 120 clicks per minute, and the
subject was asked to walk at a pace of one step per click. Because the purpose of the "dis-
tracted gait” was to draw out gait abnormalities in the subjects with PD, and the purpose of
the "paced gait" was to improve the gait in the subjects with PD, these groupings were
selected to see whether distracted PD gait was less likely to be misclassified and paced PD
gait was more likely to be misclassified. The number of training sets and testing sets in

this group was equal to three, for each of the three types of gait.

The third training and testing group was a modified version of "leave one out." Leave one
out is generally considered one of the more accurate methods for analyzing classification
results when only a relatively small amount of training data is available, because it main-
tains separation between the training and testing sets, while maximizing the (total) number
of samples available to the training set [106]. In true "leave one out," the test set is a single
sample from all of the data, and the training set is the rest of the data; the classification is
trained as many times as the total number of samples. Because three of the techniques
used were not readily automatable (only the SVM, a Matlab package, could easily be set
to run through all the training and testing sets, providing all results after completion), it

was not deemed feasible! to do this across all 193 samples for this initial evaluation of the

1. This should not be viewed as a long-term limitation; after a technique is identified as one which works
well with this data, modifications to these implementations, or even new implementations, can certainly
be developed.
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various techniques. A modified version was developed, which involved filling the test set
with three samples from each subject, with one sample of each gait type (free, distracted
and paced). Each subject had between 4 and 9 trials of each gait type, so nine sets of test-
ing and training data were set up. An algorithm?® was developed to randomly place the tri-
als into testing and training groups; for subjects which had fewer than nine trials of a
particular gait type, the existing trials were randomly selected to fill all nine training and
testing groups. The overall error is calculated from the sum of the errors for each of the
nine groups. These groups were tested using all four techniques; the same groups were

used for all techniques and all hypotheses.

Evaluation of Hypothesis 3 used a technique called cross validation for evaluation. For
both CART, and the Weka implementation of Naive Bayes and Neural Nets, a 10-fold
cross evaluation was used (this simplified evaluation of this hypothesis, since these three
techniques were not readily automatable). In a 10-fold cross validation, the samples are
split into ten subsets of approximately equal size, with each of these ten subsets each used
as a test set. The training is completed ten times and the overall error is completed from
sum of the errors for the ten groups. This is quite similar to the modified leave one out
used in Hypotheses 1 and 2, except, with the implementations used, there is no way to
ensure that each of the ten subgroups has an equal representation of subjects, so it may be

less accurate than the modified leave one out method.

6.6 Results

This section presents the results of each of the three hypotheses, using the various training
and testing sets, and the four different techniques. The results are also detailed in
Appendix C.2, including all the individual results for the nine groups used in the "modi-

fied leave one out" training and testing groups (this section presents the summed results).

1. Genleaveoutids.m, an m-file available in Appendix F.2, was used to generate the testing and training
groups.
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An additional classification with Neural Nets, and useful features indicated through use of

CART are also presented.

6.6.1 Hypothesis 1

Hypothesis 1 was tested with three classes, using CART, Naive Bayes, and a Neural Net,
and with three sets of two classes, using SVMs. This hypothesis was designed to show that
the two groups of females with normal gait were very similar. The hypothesis investigated
the separation between the three classes, to see whether the NLF group were more similar
to the NLFY group than the PDF group (e.g. the features were not classifying based on
age-related parameters), and to support combining the NLF and NLFY in Hypothesis 2.

Three classes

The results for the "modified leave one out" training and testing sets, and tested on CART,
Naive Bayes, and a Neural Net, are shown in Tables 6.7, 6.8, and 6.9. The tables show the
summed classification over the nine training/testing groups, the percentage of correct clas-
sifications, and the percentage classified as either NLFY or NLF. The results show that all
three techniques are remarkably good at classifying the three classes of data. In the CART
and Neural Net results, there is more confusion between the NLFY and the NLF classes
than with the PDF class. The degree of confusion is not very high, but that is likely due to
the fact that the "modified leave one out" training sets contain enough information about
each subject to build the classifiers well. The Naive Bayes results show close to even con-

fusion between all three classes, but still with acceptable classification rates.

TABLE 6.7 CART Hypothesis 1 results, using modified leave one out

NLFY NLF | PDF || % correct 9% NLFY or NLF

NLFY 122 10 3 90.4 97.8
NLF 6 47 1 87.0 98.2
PDF 0 3 78 96.3 3.7

Overall: 91.5
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TABLE 6.8 Naive Bayes Hypothesis 1 results, using modified leave one out

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 129 2 4 95.6 97.0
NLF 2 50 2 92.6 96.3
PDF 0 3 78 96.3 3.7
Overall: 95.2

TABLE 6.9 Neural Net Hypothesis 1 results, using modified leave one out

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 131 2 2 97.0 98.5
NLF 3 50 1 92.6 98.2
PDF 0 0 81 100.0 0.0
Overall: 97.0

CART was also used to test this hypothesis using "leave one subject out” training and test-
ing groups. The results, summed over the individual training and testing groups, are
shown in Table 6.10, and shown by subject in Table 6.11. From Table 6.10, it is clear that
there is significantly more confusion between the NLFY and NLF classes, than between
either NLFY and PDF, or between NLF and PDF. While nearly a third of the NLFY sam-
ples were classified incorrectly, and nearly 90% of the NLF samples were classified incor-
rectly, only 5 out of 26 of the misclassified NLFY samples were misclassified as PDF, and
only 1 out of 33 of the misclassified NLF samples were misclassified as PDF. These
results demonstrate that when the classifier is tested with subject data not included in the

training set, subjects with normal gait are more similar to each other, regardless of age.

Close to 30% of the PDF samples were misclassified (in Table 6.10), but a closer inspec-
tion of the results by subject, in Table 6.11, reveals that all of these misclassifications were
samples from a single PDF subject. One of the limitations of this initial work is the small
number of subjects available for evaluation. Subjects PDF-A and PDF-B appear to have

similarities between their gait, because when either of these are used as the test sample,
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the correct classification rate is 100.0%. However, the lower correct classification rate of
PDF-C (or, rather, the misclassification of PDF-C as NLF and NLFY) suggests that this
subject does not have similar feature values when compared with PDF-A or PDF-B. The
effect of a small number of subjects in a group can also be seen in the results for the NLF,
group, as only 4 samples of NLF-A and no samples of NLF-B were classified as NLF

when each subject was the testing group.

TABLE 6.10 CART Hypothesis 1 results, by class, using leave one subject out

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 66 21 5 717 94.6
NLF 32 4 1 10.8 97.3
PDF 4 13 47 73.4 26.7
Overall: 60.6

TABLE 6.11 CART Hypothesis 1 results, by subject, using leave one subject out

NLFY NLF | PDF || % correct 9% NLFY or NLF

NLFY-A 16 0 0 100.0 100.0
NLFY-B 8 9 0 47.1 100.0
NLFY-C 10 9 2 47.6 90.5
NLFY-D 18 0 0 100.0 100.0
NLFY-E 14 3 3 70.0 85.0
NLF-A 15 4 0 21.1 100.0
NLF-B 17 0 1 0.0 94.4
PDF-A 0 0 20 100.0 0.0

PDF-B 0 0 23 100.0 0.0

PDF-C 4 13 4 19.1 81.0

Overall: 60.6

CART was also used with the testing groups consisting of a single type of gait (free gait,

distracted gait, or paced gait), and the results for each of the three testing groups are
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shown in Tables 6.12, 6.13, and 6.14. These testing groups were selected to investigate the
effects of distraction and pacing on the gait of the PDF subjects. The distracted gait did
have only a single misclassified sample, as compared to three with the free gait test set,
suggesting that the distractions may have been successful at eliciting abnormalities in the
gait of the PDF subjects. However, all of the PDF paced gait were correctly classified,
suggesting that the pacing did not provide restorative feedback. An unusual result is the
misclassification of seven samples of NLFY free gait as PDF; this may be a result of the

technique used, as this was not seen in similar tests using the SVM, discussed below.

TABLE 6.12 CART Hypothesis 1 results, using "free gait" as the test set

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 29 2 7 76.3 81.6
NLF 4 8 1 61.5 92.3
PDF 1 2 18 85.7 14.3
Overall: 76.4

TABLE 6.13 CART Hypothesis 1 results, using "distracted gait" as the test set

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 27 0 3 90.0 90.0
NLF 1 14 0 93.3 100.0
PDF 1 0 24 96.0 4.0
Overall: 92.9

TABLE 6.14 CART Hypothesis 1 results, using "paced gait" as the test set

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 19 2 3 79.2 87.5
NLF 0 9 0 100.0 100.0
PDF 0 0 18 100.0 0.0
Overall: 90.2
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Two Classes

The results for each of the two class versions of Hypothesis 1, using "modified leave one
out,” and tested on SVMs, are shown in Tables 6.15, 6.16, and 6.17. The tables show the
summed classification over the nine training/testing groups and the percentage of correct

classifications.

The SVMs are reasonably good at classifying the different groups of data. As expected,
there is some confusion between the NLFY and the NLF groups, as seen in Table 6.15.
However, there is also confusion between the NLFY and the PDF groups, as seen in
Table 6.17, and the most misclassification across all three versions is of NLF subjects as
PDF, as seen in Table 6.16.

TABLE 6.15 SVM Hypothesis 1.1 results, using modified leave one out

NLFY | NLF || % correct
NLFY 130 5 96.3
NLF 4 50 92.6
Overall: 95.2

TABLE 6.16 SVM Hypothesis 1.2 results, using modified leave one out

NLF PDF || % correct
NLF 46 8 85.2
PDF 1 80 98.8
Overall: 93.3

TABLE 6.17 SVM Hypothesis 1.3 results, using modified leave one out

NLFY | PDF || % correct
NLFY 132 3 97.8
PDF 3 78 96.3
Overall: 97.2




Results 201

To further evaluate these misclassifications, it is useful to look at the results from the
"leave one subject out™ tests, shown in Tables 6.18, 6.19, and 6.20. These results show that
a sample in the PDF group was nearly equally likely to be misclassified as an NLF subject
(50% misclassified), as it was to be misclassified as an NLFY subject (43.7%). As seen in
the CART results earlier in this section, the classification rates of the NLF group, which
had a total of two subjects were very low; 91.9% were misclassified as NLFY and 73%
were misclassified as PDF. This second result is particularly interesting for the support of
Hypothesis 1. Table 6.11 and Table 6.18 indicate that the gait of NLF-A and of NLF-B
each have more similarities with the group of five NLFY subjects than they have similari-
ties with each other. However, Table 6.19 indicates that when the only choice for classifi-
cation of NLF-A or NLF-B is NLF, trained on only the opposite subject, or PDF, a higher

percentage are classified correctly.

TABLE 6.18 SVM Hypothesis 1.1 results, using leave one subject out

NLFY | NLF || % correct
NLFY 80 12 87.0
NLF 34 3 8.1
Overall: 64.3

TABLE 6.19 SVM Hypothesis 1.2 results, using leave one subject out

NLF PDF || % correct
NLF 10 27 27.0
PDF 32 32 50.0
Overall: 41.6

TABLE 6.20 SVM Hypothesis 1.3 results, using leave one subject out

NLFY | PDF || % correct
NLFY 89 3 96.7
PDF 28 36 56.3
Overall: 80.1
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SV Ms were also used with testing groups consisting of one type of gait, and the full results
are included in Appendix C.2. Of particular interest were Tables 6.21 and 6.22, which
show the results of the PDF subjects compared with NLF and with NLFY, with the paced
gait subset. Again, none of the PDF samples were misclassified, which suggests that the
pacing may not have been effective at restoring the gait of the PDF subjects (there were

PDF misclassifications with the distracted gait testing set and the free gait testing set).

Also of interest is Table 6.23. Above, the CART testing of Hypothesis 1 with the free gait
testing set showed the unusual result of 7 NLFY samples misclassified as PDF. However,
with SVM, only one of the NLFY samples was misclassified as PDF with the same testing
set, suggesting that the CART result was due to the technique, rather than the actual data
samples.

TABLE 6.21 SVM Hypothesis 1.2 results, using "paced gait™ as the test set

NLF PDF || % correct
NLF 8 1 88.9
PDF 0 18 100.0
Overall: 96.3

TABLE 6.22 SVM Hypothesis 1.3 results, using "paced gait" as the test set

NLFY | PDF || % correct
NLFY 21 3 875
PDF 0 18 100.0
Overall: 92.9

TABLE 6.23 SVM Hypothesis 1.3 results, using "free gait” as the test set

NLFY | PDF || % correct
NLFY 37 1 97.4
PDF 1 20 95.2
Overall: 96.6
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6.6.2 Hypothesis 2

The results for Hypothesis 2, using "modified leave one out," and tested on CART, SVMs,
Naive Bayes, and a Neural Net, are shown in Tables 6.24, 6.25, 6.26, and 6.27. The tables
show the summed classification over the nine training/testing groups, and the percentage
of correct classifications. The results for all classifications are very good, with correct
classifications better than 95% for both categories using all four techniques. The standout
technique is the Neural Net, which had 100% correct classifications for all PDF samples,
and misclassified a mere 2 (1.1%) of NLF and NLFY samples.

TABLE 6.24 CART Hypothesis 2 results, using modified leave one out

NLF/NLFY PDF % correct
NLF/NLFY 181 8 95.8
PDF 1 80 98.8
Overall: 96.7

TABLE 6.25 SVM Hypothesis 2 results, using modif

ied leave one out

NLF/NLFY PDF % correct
NLF/NLFY 181 8 95.8
PDF 2 79 97.5
Overall: 96.3

TABLE 6.26 Naive Bayes Hypothesis 2 results, using

modified leave one out

NLF/NLFY PDF % correct
NLF/NLFY 181 8 95.8
PDF 4 77 95.1
Overall: 95.6

TABLE 6.27 Neural Net Hypothesis 2 results, using modified leave one out

NLF/NLFY PDF % correct
NLF/NLFY 187 2 98.9
PDF 0 81 100.0
Overall: 99.3
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The results for Hypothesis 2, using "leave one subject out,” and tested on CART, SVMs,
and a Neural Net are shown in Tables 6.28, 6.29, and 6.30. These results are cautionary:
though the combined NLF/NLFY group still has reasonable rates of classification, partic-
ularly with CART, the PDF group has significantly lower rates of correct classification
with both techniques. As seen previously, this is likely due to the small number of subjects

(only three PDF), so an important next step will be to collect data from more subjects.

TABLE 6.28 CART Hypothesis 2 results, using leave one subject out

NLF/NLFY PDF % correct
NLF/NLFY 123 6 95.3
PDF 21 43 67.2
Overall: 86.0

TABLE 6.29 SVM Hypothesis 2 results, using leave one subject out

NLF/NLFY PDF % correct
NLF/NLFY 114 15 88.4
PDF 33 31 48.4
Overall: 75.1

TABLE 6.30 Neural Net Hypothesis 2 results, using leave one subject out

NLF/NLFY PDF % correct
NLF/NLFY 122 7 94.6
PDF 18 46 71.9
Overall: 87.0

Hypothesis 2 was also tested using the testing groups consisting of one type of gait, on
CART and SVMs. The results, included in Appendix C.2, are similar to the results seen

when these testing groups were used with Hypothesis 1.
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6.6.3 Hypothesis 3

Hypothesis 3 was tested using ten-fold cross-validation, on CART, Naive Bayes, and a
Neural Net. The CART and Naive Bayes results are in Appendix C.2, and the Neural Net
results are shown in Table 6.31, including the summed classification over the ten subsets
of training/testing groups, the percentage of correct classifications, and the percentage
classified as either NLFY or NLF.

TABLE 6.31 Neural Network Hypothesis 3 results, by subject, using cross-validation

NLFY NLFY NLFY NLFY NLFY NLF NLF|PDF PDF PDF||% % NLFY

A B C D E A B A B C correct or NLF
NLFY-A|| 15 0 0 1 0 0 0 0 0 0 93.8 100.0
NLFY-B 0 17 0 0 0 0 0 0 0 0 100.0 100.0
NLFY-C 0 0 20 0 1 0 0 0 0 0 95.2 100.0
NLFY-D|| O 0 0 18 0 0 0 0 0 0 || 100.0  100.0
NLFY-E 0 0 0 0 18 1 0 0 0 1 90.0 95.0
NLF-A 0 0 0 0 0 19 0 0 0 0 100.0 100.0
NLF-B 0 0 0 0 0 0 18| O 0 0 || 100.0  100.0
PDF-A 0 0 0 0 0 0 0 20 0 0 100.0 0.0
PDF-B 0 0 0 0 0 0 0 0 23 0 100.0 0.0
PDF-C 0 0 0 0 0 0 0 1 0 20 || 952 0.0

Overall: || 97.4

Though all three techniques performed well, the Neural Network again had the best
results. Only five samples out of 193 were misclassified with the Neural Network, and
only one of those was classified as a subject of a different class. This high classification
rate suggests that the GaitShoe may be highly capable of capturing the nuances of individ-

ual subjects’ gait (see Section 6.6.5 for Neural Net results using fewer features).
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6.6.4 CART Feature Information

As discussed earlier in this chapter, one of the most powerful aspects of CART is the
transparency of the trees as to which features are the most informative. All of the decision
trees resulting from the tests done on the three hypotheses were investigated, and the fea-
tures which were most frequently used to split nodes are listed in Table 6.32, in decreasing
order of frequency (the feature number corresponds to the number in Table 6.4); these

reduced number of features will be used to train a Neural Net in the following section.

TABLE 6.32 Informative features, as identified by CART

Feature |Feature Derivation Feature Description

Number

1 Standard deviation of FSRsum/bodyweight, Walking energy variation
L and R combined

21 Mean minimum pitch, L and R combined Shuffle index

3 Mean StepF/bodyweight, L and R combined  Step energy amplitude

24 Mean percent stance time, L and R combined Shuffle duration

10 Gyro-z variation, L and R combined Pitch variation

20 Maximum pitch variation, L and R combined Shuffle variation

8,6 Gyro-y, -x variation, L and R combined Roll, yaw variation

12, 14, 16 | Accel-x, -y, -z variation, L and R combined  Linear motion variation

Of particular interest is the fact that all of these features used the metric "L and R com-
bined,” which simply combined the data from the left and right feet into a single vector
before the analysis was applied. This result suggests that only a single shoe may be neces-
sary to capture the differences between the gait of subjects with PD and subjects with nor-
mal gait. Of course, certain pathologies, such as cerebral vascular accidents (strokes),
known to result in asymmetrical gait would likely still benefit from data from both shoes,
so that the metrics with the ratio between the left foot data and the right foot data could be
calculated. However, for non-asymmetric pathologies, using only half of the GaitShoe

system would greatly simplify the data collection process.
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Two Feature Comparison
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Figure 6.3 Subject data of two most informative features in CART analyses

The first two features listed in Table 6.32 occurred far more frequently than the other fea-
tures. These two features, the mean minimum pitch, and the variation in the sum of the
four FSRs, are plotted for all of the data samples in Figure 6.3. This graph shows an
impressive separation of the PDF class from the NLFY and NLF classes. In addition, it
shows considerable confusion between the NLFY and NLF classes, suggesting that these
two features are not simply separating the PDF samples on the basis of an age-related

parameter.

Feature 1 is plotted along the x-axis, and was derived by taking the clipped standard devi-
ation of the sum of all four FSRs, for both the left and right feet data. This feature is a
measure of the variance of the force measured underneath the foot (and normalized by
body weight). The magnitude of the total force seen between the foot and the floor is typi-
cally 120% of body weight in normal walking gait, but reaches as much as 220% of body

weight during running [105]. Therefore, a larger variance (when normalized by body-
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weight) corresponds to a more "energetic” gait, so this feature can be referred to as a mea-
sure of "walking energy variation." Figure 6.3 demonstrates that the subjects with PD

have a much less energetic gait.

Feature 21 is plotted along the y-axis, and was derived by calculating the mean of the min-
imum pitch seen during gait. As shown in Figure 4.16 (p. 120), the minimum pitch occurs
just before heel strike, and corresponds to both the amount of leg swing, the gait velocity,
and the amount of dorsiflexion of the foot. As both leg swing and dorsiflexion are likely to
be greatly reduced when the feet are shuffled, this feature can be described as a "shuffle
index." Figure 6.3 shows that subjects with PD are more likely to have a lower magnitude

minimum foot pitch, or a higher "shuffle index".

Two Feature Comparison (Showing PD Subjects)
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Figure 6.4 Subject data of two most informative features in CART analyses, individual PD subjects

Figure 6.4 is the same graph as Figure 6.3, but with the individual PD subjects identified,
and labeled by clinical treatment. Interestingly, the two PD subjects that had surgical inter-
ventions are closer to the NLFY and NLF groups, with the PD subject treated only with

medication is further away. With only three subjects, these results cannot be extrapolated
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to the PD population at large, however, it will be of great interest to see whether this result
holds as more PD subjects, with various interventions, are tested and included in the clas-

sification.

6.6.5 Additional Neural Net Studies

The features identified by the CART, as described in Section 6.6.4, were used to train

Neural Nets using reduced numbers of features, with 10-fold cross-validation.

For Hypothesis 1, when only the top two features, the mean minimum pitch ("shuffle
index™) and the insole force variation (“walking energy variation™) were used, the overall
classification was 86.5%, as shown in Table 6.33. However, this included a large number
of misclassification between NLFY and NLF, which is not surprising given Figure 6.3,

and only three misclassifications between NLFY/NLF and PDF.

TABLE 6.33 Neural Net Hypothesis 1 results, using 10-fold cross-validation,
and the top two features

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 85 6 1 92.4 98.9
NLF 17 19 1 51.4 97.3
PDF 1 0 63 98.4 1.6
Overall: 86.5

For Hypothesis 2, the results, shown in Table 6.34, were excellent when the top two fea-
tures were used. The overall classification rate was 99%, with just a single sample from

each class misclassified.

TABLE 6.34 Neural Net Hypothesis 2 results, using 10-fold cross-validation,
and the top two features

NLF/NLFY PDF % correct
NLF/NLFY 128 1 99.2
PDF 1 63 98.4
Overall: 99.0
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The results for Hypothesis 3 are shown in Table 6.35, using the top six features, the mean
minimum pitch (“shuffle index"), the insole force variation (“walking energy variation™),
mean force per step ("step energy amplitude™), mean percent stance time (“shuffle dura-
tion™), z-gyroscope variation (“pitch variation™), and maximum pitch variation (*“shuffle

variation™).

TABLE 6.35 Neural Net Hypothesis 3 results, by subject, using 10-fold cross-validation,

and the top six features

NLFY NLFY NLFY NLFY NLFY NLF NLF|PDF PDF PDF||% % NLFY

A B C D E A B A B C correct or NLF
NLFY-A|| 15 1 0 0 0 0 0 0 0 0 93.8 100.0
NLFY-B 1 14 0 2 0 0 0 0 0 0 82.4 100.0
NLFY-C|| 1 0 19 0 0 0 0 0 1 0 90.5 95.2
NLFY-D|| O 0 0 18 0 0 0 0 0 0 || 100.0  100.0
NLFY-E|| O 0 1 0 17 2 0 0 0 0 85.0 100.0
NLF-A 0 0 0 0 3 6 0 0 0 0 84.2 100.0
NLF-B 0 0 0 1 0 0 17| O 0 0 94.4 100.0
PDF-A 0 0 1 0 0 0 0 |18 1 0 90.0 5.0
PDF-B 0 0 0 0 0 0 0 1 22 0 95.7 0.0
PDF-C 0 0 0 0 0 0 0 0 0 21|l 100.0 0.0

Overall: || 91.7

The overall classification rate for Hypothesis 3 is 91.7%, with only two misclassification
between NLFY/NLF and PDF. This is an interesting result, because there are fewer fea-
tures than subjects (6 features, 10 subjects), as compared to the results in Section 6.6.3,
where there were more features than subjects; one could argue that with sufficient number
of features, any subject could be identified. However, this result demonstrates that, for this
group of subjects, these six features were enough to classify these ten subjects with a clas-

sification rate better than 90%.
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Finally, a Neural Net was trained on three different sets of “contrived™" groups. With the
small number of subjects, and with the strong results for Hypothesis 3, the question arises
whether the strong classification rate between NLF/NLFY and PDF is simply the result of
the Neural Net training on subjects, rather than on group similarity. Although Figure 6.3
indicates that there is actual separation between the NLF/NLFY and PDF groups, three
"contrived" groupings were set up, each with one subgroup of seven subjects, and a sec-
ond subgroup of three subjects. The groupings, shown in Table 6.36, were selected such
that each subgroup of three subjects had one of the three PDF subjects, and such that the
two NLF subjects were each in a subgroup of three, as well. In addition, because just three
contrived groupings were set up for this quick investigation (rather than an exhaustive
analysis of all combination of seven and three subgroups), the groups of three subjects
were set up by inspection of the data tables from all the previous classification, such that

subjects who had been misclassified as each other were included in the same subgroup.

TABLE 6.36 Contrived Groupings

7 Subject Subgroup 3 Subject Subgroup

Group A [NLFY-A, NLFY-B, NLFY-C, NLFY-D, NLF-A, PDF-A, PDF-B NLFY-E, NLF-B, PDF-C
Group B |[NLFY-A, NLFY-B, NLFY-D, NLFY-E, NLF-B, PDF-A, PDF-C NLFY-C, NLF-A, PDF-B

Group C |NLFY-B, NLFY-C, NLFY-E, NLF-A, NLF-B, PDF-B, PDF-C ~ NLFY-A, NLFY-D, PDF-A

The results are shown in Tables 6.37, 6.38, and 6.39, and have classification rates of
79.3%, 68.4%, 80.8%. Compared with the 99% classification result shown in Table 6.34,
for groups NLFY/NLF and PDF, this suggests that the Neural Net is indeed able to train

on group characteristics rather than on individual characteristics...

TABLE 6.37 Neural Net results, using 10-fold cross-validation,
and the top two features, with "Contrived Groups A"

Group A-1 Group A-2 % correct
Group A-1 (7 subjects) 118 16 88.1
Group A-2 (3 subjects) 24 35 59.3
Overall: 79.3
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TABLE 6.38 Neural Net results, using 10-fold cross-validation,
and the top two features, with "Contrived Groups B"

Group B-1 Group B-2 % correct
Group B-1 (7 subjects) 108 22 83.1
Group B-2 (3 subjects) 39 27 38.1
Overall: 68.4

TABLE 6.39 Neural Net results, using 10-fold cross-validation,
and the top two features, with "Contrived Groups C"

Group C-1 Group C-2 % correct
Group C-1 (7 subjects) 124 15 89.2
Group C-2 (3 subjects) 22 32 59.3
Overall: 80.8

6.7 Discussion

This chapter investigated the ability of four classic pattern recognition techniques to dis-
tinguish gait using features derived from the vast quantity of information measured by the
GaitShoe.

The primary goal was to classify the gait of subjects with Parkinson’s disease from the gait
of subjects with normal gait, to see whether the GaitShoe sensor measurements encapsu-
lated information about changes in gait between the two groups. This type of information

could be used to evaluate treatment strategies for patients with Parkinson’s disease.

The subjects were selected from the fifteen volunteers who were subjects for the valida-
tion of the GaitShoe described in Chapter 5. The goal of the subject selection was to create
classes that differed only on the basis of the presence of Parkinson’s disease. Only females
were used, both to eliminate any question of gender differences, and because the females
had a better match of ages. Though the ages ranged from early twenties to mid-sixties, the
group of ten female subjects had a subset of two subjects with normal gait who were rea-

sonably age-matched to the three subjects with Parkinson’s disease. In addition, the
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females had a small variation in height, suggesting that leg length was unlikely to affect

the outcome of the classification.

The first hypothesis examined three classes: NLFY, females with normal gait who were
under 30 years old; NLF, females with normal gait who were 48 and 54 years old; and,
PDF, females with Parkinson’s disease who were over 54 years old. The goal of this
hypothesis was to see if the features selected showed significantly more discriminating
among PDF and NLF classes than among NLFY and NLF classes. This was well demon-
strated by the CART and SVM maodels built with the training and testing sets where indi-
vidual subjects were used as the testing set. Samples from the NLFY and NLF classes

were far more likely to be misclassified as NLF or NLFY, respectively, than as PDF.

The second hypothesis used the positive result from the first hypothesis to combine all the
NLFY and NLF subjects into one group, NLFY/NLF. The four techniques were then used
to classify samples as either NLFY/NLF or PDF, and all techniques performed very well,
with correct classifications better than 95%. The strongest result was from the Neural Net,
which correctly classified all of the PDF samples, and only misclassified 2 (1.1%) of the
combined NLF and NLFY samples. In addition, when trained using only the top two fea-
tures, the mean minimum pitch ("shuffle index") and the insole force variation ("walking
energy variation™), the Neural Net classification rate was 99%, with only two samples
misclassified. These results suggest that the GaitShoe is quite capable of capturing

changes in the gait due to Parkinson’s disease.

The third hypothesis investigated whether subjects could be classified individually, using
CART, Naive Bayes and Neural Nets, all of which could handle multiple classes, to clas-
sify the ten different subjects. Again the Neural Net results were outstanding, with only
five out of 193 samples misclassified. The Neural Net was trained on only six features, the
mean minimum pitch ("shuffle index"), the insole force variation ("walking energy varia-
tion"), mean force per step ("'step energy amplitude™), mean percent stance time ("shuffle

duration™), z-gyroscope variation (“pitch variation™), and maximum pitch variation ("'shuf-
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fle variation™), and was able to classify the ten subjects with a classification rate of 91.7%.
These results suggest that the features derived from the GaitShoe measurements are able

to capture the individualities of each subject’s gait.

The Naive Bayes classification results tended to be the weakest. However, Naive Bayes
requires the assumption that the features were independent, which was certainly not true
for the features used here, and likely had an impact on the classification. The SVM classi-
fication results were reasonable, but as use of SVMs are limited to two classes, the appli-
cability to larger groups of gait subjects is limited, though multiple classes can be
evaluated by developing SVMs with one of the classes evaluated against the others (fur-
ther work with SVMs, including adjusting the settings may result in better SVM classifi-

cation rates).

Though the CART classification results were reasonable, the real benefit of the CART
analysis was in the identification of two features which provide excellent separation
between the subjects with Parkinson’s disease and the subjects with normal gait. As dis-
cussed above, the top CART-identified features were used to run additional Neural Net
analyses to demonstrate that these subjects can be classified with a small number of fea-

tures.

The Neural Net classification results were consistently the strongest, and demonstrate
great promise for future use in using the GaitShoe system to classify both individual gaits

as well as the gaits of groups of subjects.

The overall results from the pattern recognition analysis suggest that use of methods such
as a Neural Net in combination with the features of the GaitShoe may have great benefit in

analyzing gait.



Chapter 7

REAL-TIME THERAPEUTIC
FEEDBACK

One application for the GaitShoe would use real-time analysis of the sensor outputs to
provide feedback about the current gait, to allow the user to make adjustments. This could
be useful for many areas, such as physical therapy, sports medicine, or athletic training,
and the feedback could take a variety of forms: musical, tonal, visual, tactile. It could also
be used to provide electro-stimulation at certain parts of the gait cycle [13], or to control
an artificial leg. This chapter describes an initial investigation into using musical feedback

controlled by a real-time analysis of the GaitShoe sensor data [107].

7.1 Overview

Music Therapy is an established field; however, it generally consists of patients listening
to a specific type of music, or patients playing musical instruments [108]. Even so, the
idea of using physiological measurements to control electronic music has been explored
for some time, notably the work by David Rosenboom and Richard Teitelbaum in the late
1960s, involving the use of brainwaves, heartrates, EMGs, and skin conductivity to pro-
duce real-time musical biofeedback [109]. Other recent work involves interactive music
and visuals set up as a meditation chamber, which responded to measurements of galvanic
skin response, respiratory rate, and heart rate [110], or interactive music with causal map-
pings between free gesture and sound to encourage withdrawn mentally disabled and

autistic children to become engaged [111].
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The use of on-body sensors for sports applications is becoming more common, but audio
feedback is generally limited to a simple beep, or a critique of a golf or batting swing from
a talking virtual coach [112]. However, applications in dance, such as the Expressive Foot-
ware, as described in Section 2.1.5, have made use of motion-to-music mappings to allow

the dancer to control the music heard during the performance [38].

Lack of applications in both the physical therapy and sports fields is likely due at least in
part to the absence of readily available methods for gathering and analyzing relevant phys-
iological data in real-time. Thus, the heavily instrumented GaitShoe could open the door

to many new applications of musical feedback.

7.2 Rhythmic Auditory Stimulator

To explore the use of the GaitShoe for real-time feedback, the "Rhythmic Auditory Stimu-
lator" (RAS) program [113] was developed in conjunction with Erik Asmussen, an under-
graduate researcher collaborating with our group. Using insight gained during the gait
analysis described in Chapter 5, the RAS provided three different types of sensing and

feedback. Mr. Asmussen is pictured next to the RAS running in Figure 7.1.

Figure 7.1 Erik Asmussen and the Rhythmic Auditory Stimulator
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7.2.1 The RAS system

Mr. Asmussen wrote the interactive RAS environment using the Max/MSP graphical pro-
gramming language [114] on an Apple Computers powerbook. The GaitShoe basestation
was connected to the powerbook via a Keyspan 19HS USB Serial Adapter [115]. Software
requirements within Max/MSP limited the serial data to rate to 56.6 kbps rather than the
usual 115.2 kbps, which reduced the data transfer rate of each shoe to approximately
30 Hz. The musical feedback generated with Max/MSP was output from the powerbook
using Musical Instrument Digital Interface (MIDI). MIDI is a standard that provides a
method of easy transmission of information corresponding to electronic music. A Midi-
man USB MidiSport [116] was connected to the USB port of the powerbook, and trans-
mitted the MIDI output to an E-MU Proteus 2000 synthesizer [117], which output the
sound to speakers. This allowed the system to respond in real-time, approximately 100 ms

after the gait event of interest.

Although the RAS program can be configured to use any sensor outputs produced by the
GaitShoe, the tests discussed here only involved using the FSRsum parameter derived
from the sum of the four FSRs, "FSRsum," which is described in detail in Section 4.9, and
the paired sums of the two medial FSRs and of the two lateral FSRs. Screenshots for three

of the menus in the RAS system are shown in Figure 7.2.

Figure 7.2 Screenshots of the RAS system, showing the main menu (upper left), therapy
configuration menu (upper right), and feedback control menu (lower).
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7.2.2 RAS Feedback

Three types of sensing were developed for the RAS: pace sensing, force distribution sens-

ing, and peak force sensing.

Pace Sensing

This application was designed to aid subjects with Parkinson’s disease. As discussed in
Section 2.3.1 (p. 44), previous work has shown that rhythmic cues at a pace slightly faster
than the PD subject’s normal pace helps to lengthen stride and increase mean gait velocity.
Previous work, however, has just involved a passive metronome [55] [56], so the goal of
this application was to actively sense the pace of the subject, and provide feedback only as

necessary.

The FSRsum was used to determine heel strike time, and the current pace was determined
by subtracting the previous heel strike time from the current heel strike time. The RAS
contained a field to set the ideal pace, and the current pace approached the ideal pace to

determine the feedback.

Two different modes of feedback were available; the first provided the user with very sub-
tle rhythmic cues, which faded out when current pace was equal to the ideal pace. The sec-
ond mode played a charming tune while the current pace was at the ideal pace, with a quiet
drumbeat at the ideal pace in the background, and when the current pace diverged from the
ideal, the feedback converted to a loud drum sound only. When the user returned to the
ideal pace, the charming tune returned as a reward. The first mode explored simple cues
only when needed, while the second mode always produced background music (inspired
by the ubiquity of portable music players in today’s society), with changes in correspon-
dence with the feedback.

Force Distribution Sensing

This application was an initial investigation into changes in force distribution. A gait

parameter of interest for runners is the degree of pronation and supination, as excessive
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pronation or supination can lead to injury if left uncorrected. This condition is typically
treated by the placement of orthotics in the shoe, but feedback could allow the runner to
try to correct the condition (for instance, if it occurs only as the runner becomes fatigued).
Pronation is a complex motion involving changes in the motion of the ankle. However,
excessive pronation or supination each have manifestations in the distribution of force
underneath the foot; inspection of the underside of an older pair of running shoes usually
reveals uneven wear patterns on the medial or lateral edge of the shoes, corresponding to

over-pronation and supination, respectively.

The paired sums of the medial FSRs and the lateral FSRs during static standing were
stored. During gait, the sum of the medial FSRs and the sum of the lateral FSRs were com-
pared to the stored results, to see if an excessive amount of force was applied either medi-
ally or laterally. This mode of feedback played the user a charming tune in a major key
when force distribution was determined to be within normal bounds. When excessive
force was detected either medially or laterally, the tune transitioned from a major to a

minor key, and if left uncorrected, became progressively dissonant.

Peak Force Sensing

The final application looked at the peak force detected by the FSRsum during stance. This
application was designed to aid patients, for example, recovering from a broken leg, or
after hip or knee replacement. During recovery, patients are told to apply a certain percent-
age of body-weight each week. The percentage gradually increases until the patient can
walk normally again; generally, the patient is instructed to step on a scale to see what that
week’s weight limit feels like. Use of the GaitShoe system could provide the patient with
real-time feedback as to the force applied on the recovering leg, and could remove an ele-

ment of guess-work from the patient’s recovery.

The RAS contained a field to set the acceptable threshold for force applied across the four
FSRs. This mode of feedback was similar to the previous mode: when the force was under

the threshold, the user heard the charming tune in a major key. If the threshold was
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exceeded by a small amount, the tune transitioned to a minor key, and if exceeded by a

large amount, the music became very dissonant.

7.3 Conclusions

This initial work demonstrated that the GaitShoe could be analyzed in real-time, and con-
figured to provide real-time feedback to the user about a variety of changes in gait. There
are many applications in both physical therapy and sports medicine which might benefit
from this time of feedback. Videos of the three sensing modes described here are archived
on-line, at http://www.media.mit.edu/resenv/GaitShoe/index.html. The next step for this
work is to evaluate the feedback on patients; tests using the pace sensing for subjects with

Parkinson’s disease are planned.
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CONCLUSION

The development of the GaitShoe has resulted in a wireless wearable system with an
unprecedented number of sensors designed to capture information that can characterize
gait of both feet. The system costs under $500 per foot in prototype quantities and the
hardware for a single shoe weighs under 300 g. The hardware is readily fixed to a variety

of typical walking shoes, and data can be continuously collected over a few hours.

The gait parameter analysis indicated that the GaitShoe can be further developed into a
true wearable podiatric laboratory, which could be of great use in evaluating gait over
longer periods of time than are available in motion laboratories, as well as allowing the
evaluation to be carried out in a neutral environment, such as the subject’s home. It would

also allow the evaluation of subjects who are without access to a motion laboratory.

Relevant GaitShoe sensors were calibrated and analyzed to determine parameters of gait,
which were validated by comparison with data collected simultaneously by the Massachu-
setts General Hospital (MGH) Biomotion Laboratory. The GaitShoe’s determination of
heel strike time regularly anticipated the time determined from analysis of the force plate
output; the results suggest that the GaitShoe is capable of detecting heel strike before the
force plate. The toe off times determined by the GaitShoe and from the force plate data
were very similar. Placement of force sensitive resistors (FSRs) underneath the toe may
result in even the ability to detect toe off timing more accurately than the force plate. This

should be investigated further, by further calibration of the force sensors in order to deter-

221



222 CONCLUSION

mine appropriate thresholds corresponding to the initiation of loading of the FSRs; this
needs to be done such that the time-scale of the GaitShoe can be precisely aligned with the
time-scale of the calibration system. In addition, the four coarsely spaced FSRs provide a
reasonable approximation to the force distribution measured by the force plate, and are
capable of providing information about shifting weight patterns from stride to stride

(information which is not available from a force plate).

A simplified analysis of the motion of the foot, using the x-accelerometer and the z- gyro-
scope, resulted in reasonable estimations of the pitch, velocity and stride length. However,
a more complete analysis including the outputs of the x- and y-gyroscopes, and the outputs
of the y- and x-accelerometers is expected to improve the results. In addition, the imple-
mentation of a Kalman filter is likely to further improve the outcome. Though future work
should certainly make use of the full suite of gyroscopes and accelerometers, the results of
the simplified analysis indicate that the GaitShoe is capable of reasonable estimations of

orientation and displacement.

The bend sensor output generally has a shape corresponding to the expected plantar flex-
ion and dorsiflexion curve. The output is likely to be more uniform with an improved
method of positioning and/or retaining the sensor. Further evaluation should utilize an
alternative reference system that allows the bend sensor to be easily held next to the ankle,
and that has fewer errors. Alternatively, the use of a more repeatable bend sensor could be

considered, such as one made from fiber optics.

The electric field sensor provides a method of determining the height of the foot above the
floor. In particular, multiple discrete electric field sensors can be implemented, such as at
the heel and the toe or metatarsals, which would provide additional information about the
orientation of the foot. The recent development of an ultrasound sensor by Steven Dan
Lovell provides a method of measuring the distance between the two feet and the relative
orientation of the feet, as well as a (future) method to measure the height of the foot above

the ground.
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In addition, the overall insole design should be reconsidered for future work. The PVDF
sensors were not used in the analysis, because of the variable output. The FSRs were very
valuable, but a more precise pressure sensor or alternative implementations of the FSR
might provide even better results. The electric field sensor connector must be replaced
with one that can better accommodate the coaxial cable used to provide the direct signal
shield around the connection to the electrode. The ultrasound sensor transmitter and
receiver attachments need to be redesigned so that they are much more stable, and are not

affected by dynamics of gait, such as the impact of heel strike.

The pattern recognition results suggested that a great future application for the GaitShoe
may be the use of the GaitShoe’s ability to derive meaningful features from the extensive
sensor suite, and to use those features to recognize individual subjects as well as groups of
subjects with a similar gait. In particular, Neural Nets appeared to be a very promising
method for discriminating between both individual subjects and between groups of subject
with normal gait, and groups of subjects with Parkinson’s disease. The results should be
confirmed with a broader study including larger numbers of subjects, as well as subjects of
both genders. If the Parkinson’s disease results remain strong once subjects are added, this
technique may be able to be used to assess the effectiveness of the patient’s medication

regimen, or even to assess the impact of various treatments.

In addition, the use of Classification and Regression Trees (CART) provided insight into
the most useful features for discriminating between the two groups. The standard devia-
tion of the FSRsum, normalized by body weight (“walking energy variation™) and the
mean minimum pitch (“shuffle index™) provided a excellent separation between the sub-
jects with Parkinson’s disease and the subjects with normal gait,. These results show that
the subjects with Parkinson’s disease are closer to a shuffle-gait than the normal subjects,

and that their steps have less force than the steps of subjects with normal gait.

The GaitShoe system was incorporated with a program written by Erik Asmussen in the

Max/MSP graphical programming language, and output MIDI (the standard for transmit-
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ting electronic music) to a synthesizer to provide rhythmic auditory stimulation (RAS).
The RAS implemented was real-time musical feedback corresponding to the detection of
three gait conditions: stride pace, weight distribution, and total weight. The system
worked well and provided interesting and engaging feedback; in particular, while filming
videos of the GaitShoe and the RAS, people walking by could be observed moving their
head and upper body in response to the catchy percussion rhythm used in the stride pace
feedback. Future work should include testing the feedback on patients with relevant gait
pathologies to evaluate the effectiveness of the feedback, and whether the feedback is
interesting and engaging to those who would use it for physical therapy. This is an exciting
area of future application for the GaitShoe, as it provides a new framework in which inter-
active real-time physical therapy can be investigated. This has many applications, from
rehabilitating gait in patients such as those recovering from hip surgery who need to bear
only a certain amount of weight on one leg, or those recovering from a stroke who need to
relearn how to walk symmetrically, to investigating the gait of subjects with diabetic neur-
opathy to evaluate risk for ulceration, to countless applications in the sports medicine and
sports training fields, such as detections of over-pronation or supination to provide runners
with feedback to allow them to make changes in their running gait or to make decisions

about when to stop a run if at risk for injury, to analysis.

Table 8.1 details a comparison between the GaitShoe and the MGH Biomotion Laboratory
systems. While the GaitShoe is not yet a tool to use for evaluation of gait prior to surgical
intervention, with the changes suggested in this chapter, it may be able to replace tradi-
tional motion laboratories for such clinical work as evaluation during design of orthotics
and prosthetics. In particular, it will be an excellent tool for areas without access to motion
laboratories. In addition, the GaitShoe has already been implemented in a simple real-time
analysis and feedback system; a valuable possible application for the GaitShoe would be
to use real-time analysis to provide electro-stimulation (for persons with spinal cord

injury) or control of an artificial leg, at specific times during the gait cycle.



225

TABLE 8.1 Comparison between the GaitShoe and the MGH Biomotion Lab

GaitShoe MGH Biomotion Lab
More than 30 degrees of freedom across lower | 24 degrees of freedom on lower legs and
legs and feet. feet.
No data collection on rest of body. 42 degrees of freedom on rest of body.
Collects data continuously. Collects 7 seconds of data.
Collects data “anywhere”. Collects data in BML lab only.
Wireless. Tethered.
Can be analyzed in real-time. Data processed after collection is com-

pleted.

Can be used to control real-time feedback. Cannot be used for real-time control.
Total mass < 0.6 kg. Total mass < 2 kg.
Cost < $1K in prototype quantities. Cost: Proprietary equipment $1M, plus

space and personnel costs for use of system
(furnishing a lab with commercial equip-
ment would be >$250K)

Heel strike time determined with a c < Heel strike and toe off times determined
0.023 sec and toe off time determined witha c | within 0.007 sec.
< 0.017 sec, as compared with BML.

Stride length determined with a ¢ < 16 cm, as Distances, such as stride length, determined

compared with BML. within 1 mm
Pitch determined with a ¢ < 7°, as compared Orientations, such as pitch, determined
with BML. within 1°

Capable of classifying gait of groups and gait
of individuals, on small subject sample.

The GaitShoe is a research tool that enables the analysis of gait in untraditional ways, such
as over long periods of time and in the home environment or through use of pattern recog-
nition, and provides a method for real-time feedback for use in such applications as sports

medicine, electro-stimulation, or physical therapy.
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Appendix A

MEDICAL INFORMATION

A.1 Terminology

Calcaneous: The largest foot bone, located in the heel of the foot.
Dorsiflexion: Flexion of the foot; forefoot motion upward, toward the ankle.
Gait: Manner of walking.

Heel strike: Time at which the heel first makes contact with the floor; indicates end of
swing and start of stance; see Figure A.1.

Lateral: Away from the centerline of the body; for the right foot, the right edge is lateral.
Medial: Toward the centerline of the body; for the right foot, the left edge is medial.

Metatarsal heads: The distal ends of the metatarsal bones, at the point of articulation with
the proximal phalanx of the corresponding toe (located at the "ball of the foot™).

Plantar flexion: Extension of the foot; forefoot motion downward, away from the ankle.

Pronation: Complex motion of the ankle, resulting in the sole of the foot shifting medi-
ally; occurs during the start of stance to absorb shock from heel strike and to assist in bal-
ance.

Stance: Period in which the foot is in contact with the floor; this generally takes up about
60% of the stride cycle; see Figure A.1.

Step: Interval between two successive heel strikes for opposite feet; see Figure A.1.
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Stride: Interval between two successive heel strikes of the same foot; see Figure A.1.

Supination: Complex motion of the ankle, resulting in the sole of the foot shifting later-
ally.

Swing: Period during which the foot is not in contact with the floor; this generally takes up
about 40% of the stride cycle; see Figure A.1.

Toe off: Time at which the great toe is first no longer in contact with the floor; indicates
end of stance and start of swing; see Figure A.1.

AMAAR

Heel Strike Toe of'f Heel Strike

S N/

Stance Swing

One Stride

Figure A.1 The Gait Cycle

A.2 Parkinson’s Disease

Parkinson’s disease (PD) is a chronic and progressive movement disorder resulting from
the loss of dopamine-producing neurons in the substantia nigra area of the brain. Dopam-
ine is a chemical messenger which relays neurological signals for the coordination and
controlled initiation of movement. With the loss of dopamine-producing neurons, dopam-
ine levels fall, resulting in the symptoms of PD. The diagnosis of PD is made following a

physical exam for common PD symptoms, and ruling out other conditions with similar
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symptoms. The exact cause of PD is not yet known, though there appears to be some

genetic contribution. Environmental toxins may play a role as well.

The most common symptoms of PD are tremors of the limbs, jaw, and face, rigidity of the
limbs and trunk, bradykinesia (slowed movement), and postural instability, resulting in
impaired balance and coordination. Manifestation of these symptoms in gait result in short
steps and a shuffling gait, called festination, in difficulty initiating gait, called freezing, in

difficulty to turn, and in loss of balance.

Parkinson’s disease is generally treated first with medications designed either to work by
increasing dopamine levels (e.g. by providing precursors, or by activating the release of
stored dopamine), or by activating the dopamine receptor directly; medications to slow
progression of the disease are in development. Surgical interventions are available, gener-
ally to patients who are not satisfied with the results of medication-controlled treatment.
Pallidotomy (to alleviate rigidity and bradykinesia) and thalamotomy (to alleviate trem-
ors) are procedures in which small regions of the brain are permanently destroyed to alle-
viate symptoms. Deep brain stimulation implants, considered by some to be a safer and
more effective surgical treatment, involve an electrode implanted in the brain to provide
an electrical impulse to a targeted region to alleviate symptoms (the electrodes are con-

nected via wires to an impulse generator placed under the subject’s clavicle) [118] [119].
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Appendix B

SUBJECT TESTING

This appendix describes the subject testing used to acquire data used in Chapter 5 for vali-
dation and in Chapter 6 for pattern recognition. The study design, including subject
recruitment, consent forms, and the testing protocol, is discussed, and information about
the subjects is included as well. Donna Moxley Scarborough, MS/PT, was the principal

tester at the Massachusetts General Hospital (MGH) Biomotion Laboratory (BML).

B.1 Study Design

The subject testing involved placing the GaitShoe instrumentation on the subjects' own
walking shoes, with the insole inside the shoe and the shoe attachment mounted to the pos-
terior aspect of each shoe. The small antenna on the circuit board transmitted the sensor
information to the receiving transmitter. All signals were digitized and saved on a laptop
computer set within 30 feet of the shoes during data collection. The subject underwent
simultaneous gait evaluation using the MGH Biomotion Laboratory's Selspot Il data
acquisition system. Each subject was asked to perform a series of locomotor tasks, while
both gait evaluation systems simultaneously collected data. The gait parameters collected
from the two systems was analyzed and compared to validate the analysis of gait parame-
ters from the data acquired by the GaitShoe, as discussed in Chapter 5; in addition, the

data were used for the pattern recognition study, as discussed in Chapter 6. The informa-
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tion gathered did not offer any direct benefits to the subjects tested. After the subjects

complete the protocol, they concluded their participation in the study.

B.1.1 Subject Recruitment

The subjects with healthy gait were recruited via e-mail and word of mouth. When sub-
jects replied with interest in the study, they were provided with more details about the

study, and an appointment was set up at the Biomotion Lab.

The subjects with Parkinson’s disease were recruited by collaborators Drs. Stephen Parker
and Leslie Shinobu of the MGH Department of Neurology, who performed initial screen-
ing of PD patients within their practice and described the research project to prospective
subjects. If a subject verbally agreed to being contacted by phone from a Biomotion Labo-
ratory study representative, Drs. Parker or Shinobu provided the subject’s telephone num-
ber to the study's administrator who contacted prospective subjects via telephone to
provide more details about the research project. With further agreement from the subject,

an appointment was set up at the Biomotion Lab.

All subjects were adults who could understand and follow basic directions. Persons were
excluded if they reported acute pain which prevented performance of their comfortable,
typical movement. Similarly, persons were excluded if they have a unstable medical con-

dition such as hypertension or diabetes mellitus.

B.1.2 Consent Forms

The protocols for this study was approved by both the MGH Institutional Review Board
(IRB) and the MIT Committee On the Use of Humans as Experimental Subjects (COU-
HES). The subjects all consented in accordance with the MGH IRB and the MIT COU-
HES. The MGH IRB consent form for subjects with healthy gait is shown in Figure B.1,
the MGH IRB consent form for subjects with difficulty walking is shown in Figure B.2,
and the MIT COUHES consent form is shown in Figure B.3 (the two MGH forms were

stamped with the IRB approval; the stamp is not visible in these figures). Subject testing
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took place from the March 25, 2003 through June 6, 2003; the Health Insurance Portabil-
ity and Accountability Act of 1996 (HIPAA) went into effect April 15, 2003, so the final
eleven subjects (tested after April 15, 2003) additionally signed the HIPAA paperwork.

Figure B.1 MGH consent form for subjects with healthy gait
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Figure B.2 MGH consent form for subjects with difficulty walking
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Research Consent Form
Massachusets Institute of Technology

Imprint Patient ID Number

STUDY CONTACTS

at (617) 253-6215.

(617) 726-3406 (weekdays 9am-4pm).

telephone number so that they are av

continue to participatc in th

at DFCI at (617) 632-3029.

‘The principal investigator for this study at MIT is Professor Joseph Paradiso. He can be reached

‘The principal investigator for this study at MGH is Donna Scarborough. She can be reached at

REQUEST FOR MORE INFORMATION

‘You may ask more questions about the study at any time. The investigator(s) will provide their

Jable to answer your questions or concerns about the study.
You will be informed of any significant new findings discovered during the course of this study
that might influence your continued participation.

If during the study or later, you wish to discuss your rights as a research subject, your
participation in the study and/or concerns about the study, a research-related injury with someone
not directly involved in the study, or if you feel under any pressure to enroll in this study or to
dy, you are asked to contact the Committe on the Use of
Humans as Experimental Subjects at MIT at (617) 253-6787, or the Human Research Committees
at BWH at (617) 732-7200, at MGH at (617) 726-3493, or at the Protocol Administration Office

Figure B.3

MIT COUHES Consent Form

GAIT TESTING PROTOCOL FOR MGH BIOMOTION LAB
jalthy and Pathological Gait Subjects
‘Shoe gait evaluator testing

Name D% Test Date
Home address, phone

Diagnosis DOB,

Sex M F Height in. Weight b

Activities/ vocational/ recreational?

Use canelerutch? Y N Ifnot, when last used >50% of a day?

Receiving PTnow? YN When last received?

History of Falls; in the past year in the past month (Fal

inadvertently coming to ground)

Other medical Hx: Vascular/Ortho (Record ONLY if pt. volunteers; do notinquire otherwise)

avevsurenervererassesasereere Above to be completed at fime of subject scheduling *+e+¥e SRS HSeRSRENSRTESS

Hospitalizations? Record ONLY if p. volunteers; do not

Health information provided from subject to tester during setup: (Cardiovascular system, signs of distress).

Comments:

Signed informed consent?

Signed HIPAA authorization?

SUBJECT NAME,

1. Measure body segment lengths and circumferences

2. Which hand do you eat with? Right___ Lefi__?
Don arrays and Iscan, take photographs frontback side during erect standing. Track lights only on, except as noted.

4. Palpate and locate anatomical markers at heel, great toe, and frst and fifth metatarsal heads. Mark and transfer location to paper

5. Perform practice rial for all tasks except when identified with N = Subject gets NO practice trial, D = Demonstrate on helper or self.

Testing conditions with lights off except track lights

Visit Dates |

Time Completed Activity Nare.
Standing: "L as sl ‘.
feet so they point forward [and parallel 0 X axis]." 7 Sec. Mmpln
CHECK VISIT# 12 (note gait is with arm swing)
1. Gt fr g g FPifpossible. "
Vine = posibl. walking st Yur normal ac, iy were akinga b vl n the prkc Begin a1 sy 1-2-
0" 7 sec samples, (WD),
_2 <mumnamg feet (midheels) 30 em (12") apart#2 and feet parallel (+Joint Centers only if array movement during
prior sets [note when'where])
3. Calibration trals:
Dorsiflex range, reverse: ___ Foot rotation __
Footroll__ cgswing__

NOTE SOME REPEATED X2 BACH VISIT
‘your chest, grasping your elbows. Place your

Foot rotation, reverse.

4. Chair Rise 100% freespeed #1/2, Feet on FPs, 18° D-flex, feet 10 cm apart and parallel, trochanters <dem from seat
edge, 100% knee (floor to MTP) height. Arms folded with hands grasping elbows, clbows against chest. “Rise up
from he i loking t he do the way you usualy do,afe | sy 1-2-cady-go. Beginiing on”go.” Al you
have stood, stand as sil as possible until I say stop. DY-GO-"7 sec samples, (WD)
5. Gait initation free speed, #1/2. Start at FP, lead w
Subject). § sec sample, (N;WD)
— 6 Gt fiee sped #1213, Affcted T thn et un non-fTckd o FP if possbe. "Move forward nss stighta

ey -z Laking a slghty e sep withyour mum.mq foot.” 7 sec samples, (WD).
sl 41 (birthdates of family members)
& Gaie Dismeres (favorite season and i
5. ot Dt motar 1 (self repeated catching of ball)
10, Gt by 7's “While walking serial 7°s from the
mumber 1 give you afe | say Gor (s 143; # mustbe 100-999). After cah tra, record startand final umber,
o

11 Gaie puead 101 0 B Same as #16 except: “Walk 10 this beat "(WD),

12, Gait. paced distraction #1. Same as #11 except: “Walk to this beat WHILE you are silently subtracting serial 7's
starting fomthe umber | iv you aflr 5 g0 (&5, 143: st b 100-99).” Afer ach i, ecordsat and
final number: (W

15 G it e G spaced horizontal line cues on floor)# 112 “walk placing each foot 1o land on the
consecutive line” (W.D)

— 14 Gt isal o bors paed s cobired 112 Wlk placing sch fooon th et consetive e, it
cachstcp Tllowingthe et ofthe oo

e alk with “Walk

walk through the park.

TS anding fot midheels) 30 em (12 apart and fetpaalel

17. Turm around (Can be with Selspot disconnected and FP data only) # 1/2 “Walk forward in a straight line and tum
around just before the hanging tape measure and walk back where you started.”

IF time and subject able:
__18. Step 100 BPM #1/2 tep i
up then non affected leg down then e ot ")4 e beore dits collcton. 30 scc (X.DMWD). I anable,
step in place.
19 $tep 100 BPM_#1/2 Same as above, except: lOsM.H!()bpm 105@80and 105 @ 10,1 will change the beatat
some point. D,WD) If unable, step in place.

Tester Names

Figure B.4 Subject Testing Protocol, page 1 (left) and page 2 (right)
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B.1.3 Protocol

The protocol followed during subject testing is shown above in Figure B.4.

The subjects were asked to walk in a variety of ways. First, each subject was first asked to
walk at his or her own pace (termed "free gait” for use in Chapter 6). Next, a number of
calibration routines were carried out, including "chair rise", where the subject stood from a
seated position. Following the calibrations, the subject started gait while within the view-
ing volume of the BML cameras, to collect data with the BML system about the initiation
of gait, and then one to three "free gait" trials were carried out. In each of the following
four trials, the subject was told to do a task (detailed in Figure B.3) designed to provide
distraction ("distracted gait" in Chapter 6). Next, the metronome was turned on to 120
beats per minute, for two to three trials ("paced gait" in Chapter 6). Finally, lines were
placed on the floor with a separation of approximately 1 m, and the subject was asked to
step on the lines while walking (included with the "distracted gait" group in Chapter 6).
Collection from the BML optical system concluded with "static standing”, while the sub-
ject stood still with the feet 30 cm apart (this data was used to determine the orientations
of the accelerometers with respect to the horizontal, for each subject). The testing con-
cluded with data collected from the BML force plate and the GaitShoe while the subject
walked forward to the center of the viewing volume, turned, and walked back to the start-
ing point; this data was not analyzed for this thesis, but was collected for future work in

analyzing gait which includes turns.

B.2 Subject Information

A total of sixteen subjects were recruited for the validation of the GaitShoe; they were

provided with identification numbers! consecutively from 11 to 26. Gender, age, height,

1. An additional ten subjects (01 to 10) were recruited for prototype testing and evaluation of the GaitShoe;
the data from these initial subjects was not used in the final analysis presented in this thesis.
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weight, and presence of Parkinson’s disease are detailed in Table B.1 (in Chapter 6, the

subjects are referred to by a coded name).
TABLE B.1 Information about volunteers for the subject testing

ID Gender Age Height Weight  Parkinson’s disease
[Male/Eemale]  [years] [m] [ka] [Yes/No]
11 F 24.9 1.6 48.2 N
12 F 28.2 16 59.1 N
13 M 25.3 1.8 75.0 N
14 M 27.5 1.8 115.0 N
15 F 48.2 1.6 52.3 N
16 F 28.6 16 50.0 N
17 F 54.0 1.7 54.5 N
18 F 26.8 16 66.4 N
19 F 27.4 1.7 55.9 N
20 F 53.8 1.6 63.6 Y
21 F 26.9 1.7 69.5 N
22 F 65.9 1.7 68.2 Y
23 M 64.9 1.8 94.5 Y
24 M 76.4 1.7 77.7 Y
25 F 65.4 1.6 52.3 Y
26 M 30.3 1.8 90.9 N

The data collected for Subject 21 were excluded from the analysis because the antennas on
both the left and right GaitShoe attachments were in need of repair; this was not discov-
ered until after data testing was underway, and resulted in very poor data transmission,
with a data collection rate from the GaitShoe lower than 50 Hz for each foot, rather than
the usual 75 Hz.

Thus, the final cohort of subjects included five subjects with Parkinson’s disease (2 males

and 3 females), and ten subjects with normal gait® (7 females and 3 females).

1. One of these ten subjects was diagnosed with myasthenia gravis (a neurological disease usually affecting
face muscles), however, no changes in gait were observed by the physical therapists at the BML, or in
GaitShoe data used for the pattern recognition in Chapter 6. This subject was therefore not uniquely
labeled, but included as a subject with normal gait.
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Appendix C

PATTERN RECOGNITION
INFORMATION

This appendix accompanies Chapter 6, and explains terminology commonly used in pat-
tern recognition (see also Pattern Classification by Duda, Hart, and Stork [96]). This
appendix also contains the complete results from the classification. Results are presented
in the same order as in Chapter 6; many of the tables here were included in Chapter 6 as

well (results from the additional neural net studies are only in Section 6.6.5).

C.1 Terminology

Bayes Decision Theory: See Appendix 6.1.2.

CART: Classification and Regression Trees (a type of decision tree); see Section 6.1.1.
Figure C.1 shows a sample tree, with three classes, 123 total samples, and using four fea-

tures to create the tree.

Node 1
Class = Class 1
N=123

Feature 1 <=10

Node 2

Feature 1 >10

Node 3
Class = Class 2
N=75

Feature 3> 5.5 ][ Feature 3 <= 5.5 ]

Feature 2 >30

Terminal | Terminal 1

Class = Class 1

Node 4
Class = Class 2

N=43

[ Feature 2 <=30

Terminal |

Class = Class 1

Feature 4 > 0

J

Feature 4 <=0

}

Terminal |

e
Class = Class 2
N=25

Terminal 1l

e
Class = Class 1
N=18

Figure C.1 Sample CART tree
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Class: Descriptor for a group of samples, e.g. "apple™ or "banana” or "orange".

Confusion Matrix: Table of results showing how the sample in the testing set were classi-
fied. Table C.1 shows a sample confusion matrix for a classification of apples, bananas,
and oranges. Each row shows the results for a single class; in this example, 48 apples were
correctly classified as apples, and 2 apples were misclassified as oranges, for a 96.0%
classification rate for the apples. Similarly, all 50 bananas (100%) were classified cor-

rectly, and 40 oranges (80%) were classified correctly.

TABLE C.1 Sample results presented in a confusion matrix

Apples Bananas | Oranges || % correct
Apples 48 0 2 96.0
Bananas 0 50 0 100.0
Oranges 10 0 40 80.0
Overall: 92.0

The overall classification rate is calculated by the sum of the correct classifications (the
numbers along the diagonal), divided by the total number of samples in the testing set; in
this example:

48 +50 + 40 _

- 0,
50 + 50 + 50 92.0%.

Overall Classification Rate = (8.1)

Data Set: Collection of samples, including samples from all classes. The data set is typi-

cally split into a training set and a testing set.

Features: Continuous or categorical properties that (ideally) distinguish between the
classes. For classifying apples, bananas, and oranges, categorical features might be color
or shape, continuous features might be hue or mass. A feature such as "food type" would

not be useful, as all three classes are types of fruit.
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Leave One Out: A method of evaluating the classifier by having N training and testing
sets, where N is the total number of samples, and each testing set consists of a single sam-

ple and its corresponding training set consists the N-1 samples not in the testing set.
Neural Networks: See Section 6.1.4.

Sample: A single piece of data, consisting of a class label and the features.

SVMs: Support Vector Machines; see Section 6.1.3.

Testing Set: Group of samples used to "test” the classifier; the classifier is applied to these
samples to see what percentage of the testing set is correctly classified. If the testing set is
used to adjust the parameters of the classifier (as it is with the CART software), the results
are termed "overly optimistic;" it is good practice to use a separate “evaluation set" to

avoid this.

Training Set: Group of samples used to "train" the classifier; these samples are used to
determine the parameters of the classifier to distinguish between the classes of the sam-

ples within the training set.

C.2 Complete Results

C.2.1 Hypothesis 1

Hypothesis 1 compared group NLFY (females with normal gait, younger than 30 years
old), with group NLF (females with normal gait, older than 48 years old), and group PDF
(females with Parkinson’s disease, older than 54 years old). The training and testing

groups are described in Section 6.5.

The results for Hypothesis 1, using modified leave one out, are shown in Tables C.2, C.3,
and C.4.
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TABLE C.2 CART Hypothesis 1 results, using modified leave one out

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 122 10 3 90.4 97.8
NLF 6 47 1 87.0 98.2
PDF 0 3 78 96.3 3.7
Overall: 91.5

TABLE C.3 Naive Bayes Hypothesis 1 results, using modified leave one out

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 129 2 4 95.6 97.0
NLF 2 50 2 92.6 96.3
PDF 0 3 78 96.3 3.7
Overall: 95.2

TABLE C.4 Neural Net Hypothesis 1 results, using modified leave one out

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 131 2 2 97.0 98.5
NLF 3 50 1 92.6 98.2
PDF 0 0 81 100.0 0.0
Overall: 97.0

The results for Hypothesis 1, using "leave one subject out”, are shown summed in
Table C.5 and by subject in Table C.6.

TABLE C.5 CART Hypothesis 1 results, by class, using leave one subject out

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 66 21 5 717 94.6
NLF 32 4 1 10.8 97.3
PDF 4 13 47 73.4 26.7
Overall: 60.6
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TABLE C.6 CART Hypothesis 1 results, by subject, leave one subject out

NLFY NLF | PDF || % correct % NLFY or NLF

NLFY-A 16 0 0 100.0 100.0
NLFY-B 8 9 0 47.1 100.0
NLFY-C 10 9 2 47.6 90.5
NLFY-D 18 0 0 100.0 100.0
NLFY-E 14 3 3 70.0 85.0
NLF-A 15 4 0 21.1 100.0
NLF-B 17 0 1 0.0 94.4
PDF-A 0 0 20 100.0 0.0

PDF-B 0 0 23 100.0 0.0

PDF-C 4 13 4 19.1 81.0

Overall: 60.6

The results for Hypothesis 1, using "free gait

are described in Section B.1) as the test set, are shown in Tables C.7, C.8, and C.9.

TABLE C.7 CART Hypothesis 1 results, using "free gait™" as the test set

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 29 2 7 76.3 81.6
NLF 4 8 1 61.5 92.3
PDF 1 2 18 85.7 14.3
Overall: 76.4

TABLE C.8 CART Hypothesis 1 results, using "distracted gait" as the test set

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 27 0 3 90.0 90.0
NLF 1 14 0 93.3 100.0
PDF 1 0 24 96.0 4.0
Overall: 92.9

distracted gait”, or "paced gait" (gait types
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TABLE C.9 CART Hypothesis 1 results, using "paced gait" as the test set

NLFY NLF | PDF || % correct % NLFY or NLF
NLFY 19 2 3 79.2 87.5
NLF 0 9 0 100.0 100.0
PDF 0 0 18 100.0 0.0
Overall: 90.2

As discussed in Chapter 6, SVMs were used to classify between two classes.
Hypothesis 1.1 compared NLFY with NLF, Hypothesis 1.2 compared NLF with PDF, and

Hypothesis 1.3 compared NLFY with PDF. The results for each, using modified leave one
out, are shown in Tables C.10, C.11, and C.12.

TABLE C.10 SVM Hypothesis 1.1 results, using modified leave one out

NLFY | NLF || % correct
NLFY 130 5 96.3
NLF 4 50 92.6
Overall: 95.2

TABLE C.11 SVM Hypothesis 1.2 results, using modified leave one out

NLF PDF || % correct
NLF 46 8 85.2
PDF 1 80 98.8
Overall: 93.3

TABLE C.12 SVM Hypothesis 1.3 results, using modified leave one out

NLFY | PDF || % correct
NLFY 132 3 97.8
PDF 3 78 96.3
Overall: 97.2
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The results for Hypotheses 1.1, 1.2, and 1.3, using "leave one subject out”, are shown in
Tables C.13, C.14, and C.15.

TABLE C.13 SVM Hypothesis 1.1 results, using leave one subject out

NLFY | NLF || % correct
NLFY 80 12 87.0
NLF 34 3 8.1
Overall: 64.3

TABLE C.14 SVM Hypothesis 1.2 results, using leave one subject out

NLF PDF || % correct
NLF 10 27 27.0
PDF 32 32 50.0
Overall: 41.6

TABLE C.15 SVM Hypothesis 1.3 results, using leave one subject out

NLFY | PDF || % correct
NLFY 89 3 96.7
PDF 28 36 56.3
Overall: 80.1

The results for Hypotheses 1.1, 1.2, and 1.3, using "free gait" as the test set, are shown in
Tables C.16, C.17, and C.18.

TABLE C.16 SVM Hypothesis 1.1 results, using "free gait” as the test set

NLFY | NLF || % correct
NLFY 38 0 100.0
NLF 3 10 76.9
Overall: 94.1
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TABLE C.17 SVM Hypothesis 1.2 results, using "free gait" as the test set

NLF PDF % correct

NLF 12 1 92.3
PDF 4 17 81.0
Overall: 85.3

TABLE C.18 SVM Hypothesis 1.3 results, using "free gait" as the test set

NLFY PDF %o correct

NLFY 37 1 97.4
PDF 1 20 95.2
Overall: 96.6

The results for Hypotheses 1.1, 1.2, and 1.3, using "distracted gait" as the test set, are
shown in Tables C.19, C.20, and C.21.

TABLE C.19 SVM Hypothesis 1.1 results, using "distracted gait" as the test set

NLFY NLF % correct
NLFY 29 1 96.7
NLF 1 14 93.3
Overall: 95.6

TABLE C.20 SVM Hypothesis 1.2 results, using "distracted gait" as the test set

NLF PDF % correct
NLF 12 3 80.0
PDF 4 21 84.0
Overall: 825

TABLE C.21 SVM Hypothesis 1.3 results, using "distracted gait" as the test set

NLFY PDF % correct
NLFY 30 0 100.0
PDF 3 22 88.0

Overall: 94.5
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The results for Hypotheses 1.1, 1.2, and 1.3, using "paced gait" as the test set, are shown
in Tables C.22, C.23, and C.24.

TABLE C.22 SVM Hypothesis 1.1 results, using "paced gait" as the test set

NLFY | NLF || % correct
NLFY 22 2 91.7
NLF 1 8 88.9
Overall: 90.9

TABLE C.23 SVM Hypothesis 1.2 results, using "paced gait"” as the test set

NLF PDF || % correct
NLF 8 1 88.9
PDF 0 18 100.0
Overall: 96.3

TABLE C.24 SVM Hypothesis 1.3 results, using "paced gait" as the test set

NLFY | PDF || % correct
NLFY 21 3 875
PDF 0 18 100.0
Overall: 92.9

C.2.2 Hypothesis 2

Hypothesis 2 compared the combined group of NLFY and NLF (resulting in a group of all

females with normal gait), with group PDF (all females with Parkinson’s disease).
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The results for Hypothesis 2, using modified leave one out, are shown in Tables C.25,

C.26, C.27, and C.28.

TABLE C.25 CART Hypothesis 2 results, using modified leave one out

NLF/NLFY PDF % correct
NLF/NLFY 181 8 95.8
PDF 1 80 98.8
Overall: 96.7

TABLE C.26 SVM Hypothesis 2 results, using modified leave one out

NLF/NLFY PDF % correct
NLF/NLFY 181 8 95.8
PDF 2 79 97.5
Overall: 96.3

TABLE C.27 Naive Bayes Hypothesis 2 results, using modified leave one out

NLF/NLFY PDF % correct
NLF/NLFY 181 8 95.8
PDF 4 77 95.1
Overall: 95.6

TABLE C.28 Neural Net Hypothesis 2 results, using modified leave one out

NLF/NLFY PDF % correct
NLF/NLFY 187 2 98.9
PDF 0 81 100.0
Overall: 99.3
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The results for Hypothesis 2, using "leave one subject out”, are shown summed in
Tables C.29, C.31, and C.33, and by subject in Tables C.30, C.32, and C.34.

TABLE C.29 CART Hypothesis 2 results, using leave one subject out

NLF/NLFY PDF % correct
NLF/NLFY 123 6 95.3
PDF 21 43 67.2
Overall: 86.0

TABLE C.30 CART Hypothesis 2 results, by subject, using leave one subject out

NLF/NLFY PDF % correct

NLFY-A 16 0 100.0
NLFY-B 17 0 100.0
NLFY-C 19 2 90.5
NLFY-D 18 0 100.0
NLFY-E 17 3 85.0
NLF-A 19 0 100.0
NLF-B 17 1 94.4
PDF-A 4 16 80.0
PDF-B 0 23 100.0
PDF-C 17 4 19.0

Overall: 86.0

TABLE C.31 SVM Hypothesis 2 results, using leave one subject out

NLF/NLFY PDF % correct
NLF/NLFY 114 15 88.4
PDF 33 31 48.4
Overall: 75.1
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TABLE C.32 SVM Hypothesis 2 results, by subject, using leave one subject out

TABLE C.34 Neural Net Hypothesis 2 results, by subject, using leave

NLF/NLFY PDF % correct

NLFY-A 16 0 100.0
NLFY-B 17 0 100.0
NLFY-C 20 1 95.2
NLFY-D 18 0 100.0
NLFY-E 15 5 75.0
NLF-A 19 0 100.0
NLF-B 17 1 94.4
PDF-A 5 15 75.0
PDF-B 0 23 100.0
PDF-C 13 8 38.1

Overall: 87.0

NLF/NLFY PDF % correct
NLFY-A 15 1 93.8
NLFY-B 17 0 100.0
NLFY-C 21 0 100.0
NLFY-D 18 0 100.0
NLFY-E 20 0 100.0
NLF-A 16 3 84.2
NLF-B 7 11 38.9
PDF-A 6 14 70.0
PDF-B 12 11 47.8
PDF-C 15 6 28.6
Overall: 75.1

TABLE C.33 Neural Net Hypothesis 2 results, using leave one subject out

NLF/NLFY PDF % correct
NLF/NLFY 122 7 94.6
PDF 18 46 71.9
Overall: 87.0

one subject out
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The results for Hypothesis 2, using "free gait”, "distracted gait”, or "paced gait" as the test
set, are shown in Tables C.35, C.36, C.37, C.38, C.39, and C.40.

TABLE C.35 CART Hypothesis 2 results, using "free gait" as the test set

NLF/NLFY PDF % correct
NLF/NLFY 43 8 84.3
PDF 2 19 90.5
Overall: 86.1

TABLE C.36 SVM Hypothesis 2 results, using “free gait” as the test set

NLF/NLFY PDF % correct
NLF/NLFY 51 0 100.0
PDF 2 19 90.5
Overall: 97.2

TABLE C.37 CART Hypothesis 2 results, using "distracted gait" as the test set

NLF/NLFY PDF % correct
NLF/NLFY 38 7 84.4
PDF 1 24 96.0
Overall: 88.6

TABLE C.38 SVM Hypothesis 2 results, using "distracted gait™ as the test set

NLF/NLFY PDF % correct
NLF/NLFY 44 1 97.8
PDF 3 22 88.0
Overall: 94.3

TABLE C.39 CART Hypothesis 2 results, using "paced gait" as the test set

NLF/NLFY PDF % correct
NLF/NLFY 31 2 93.9
PDF 1 17 94.4

Overall: 94.1
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C.2.3 Hypothesis 3

TABLE C.40 SVM Hypothesis 2 results, using "paced gait"” as the test set

NLF/NLFY PDF % correct
NLF/NLFY 30 3 90.9
PDF 0 18 100.0
Overall: 94.1

Hypothesis 3 classified each of the ten subjects as individuals; the results, using cross-val-
idation, are shown in Tables C.41, C.42, and C.43.

TABLE C.41 Neural Network Hypothesis 3 results, by subject, using cross-validation

NLFY NLFY NLFY NLFY NLFY NLF NLF|PDF PDF PDF||% % NLFY

A B C D E A B A B C correct or NLF
NLEY-All 15 0 0 1 O 0 0|0 0 0| 938 1000
NLEY-B| © 17 0 0 0O 0 0|0 0 02000 1000
NLEY-C|l © 0 20 0 1 0 0|0 0 0/ 92 1000
NLEY-D| © 0 0 18 0O 0 0|0 0 02000 1000
NLEY-E| © 0 0 0 8 1 0|0 0 1] 90 950
NLE-A 0 0 0 0 0 19 0 0 0 0 || 100.0  100.0
NLE-B 0 0 0 0 0 0 18| 0 0 0 || 100.0  100.0
PDE-A 0 0 0 0 0 0 0|20 0 0 || 100.0 0.0
PDE-B 0 0 0 0 0 0 0 0 23 0 | 100.0 0.0
PDE-C 0 0 0 0 0 0 0 1 0 20| 95.2 0.0

Overall: || 97.4
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TABLE C.42 CART Hypothesis 3 results, by subject, using cross-validation

NLFY NLFY NLFY NLFY NLFY NLF NLF|PDF PDF PDF||% % NLFY

A B C D E A B A B C correct or NLF
NLFY-A| 14 1 0 1 0 0 0 0 0 0 87.5 100.0
NLFY-B 0 17 0 0 0 0 0 0 0 0 100.0 100.0
NLFY-C|| O 0 16 0 4 1 0 0 0 0 76.2 100.0
NLFY-D|| O 1 0 16 0 0 1 0 0 0 88.9 100.0
NLFY-E 0 0 4 0 13 3 0 0 0 0 65.0 100.0
NLF-A 0 0 2 0 3 13 1 0 0 0 68.4 100.0
NLF-B 0 2 0 0 1 0 12| 0 0 3 66.7 83.3
PDF-A 0 0 0 0 2 0 0 17 1 0 85.0 10.0
PDF-B 0 0 0 0 0 0 0 2 21 0O 91.3 0.0
PDF-C 0 0 1 0 0 0 1 0 0 19 || 905 95

Overall: || 81.9

TABLE C.43 Naive Bayes Hypothesis 3 results, by subject, using cross-validation

NLFY NLFY NLFY NLFY NLFY NLF NLF|PDF PDF PDF||% % NLFY

A B C D E A B A B C correct or NLF
NLFY-A|| 15 0 0 1 0 0 0 0 0 0 93.8 100.0
NLFY-B|| O 17 0 0 0 0 0 0 0 0 || 100.0  100.0
NLFY-C 0 0 18 0 3 0 0 0 0 0 85.7 100.0
NLFY-D 0 0 0 17 1 0 0 0 0 0 94.4 100.0
NLFY-E 0 0 3 0 16 0 0 0 0 1 80.0 95.0
NLF-A 0 0 1 0 0 18 0 0 0 0 94.7 100.0
NLF-B 0 0 0 0 2 0 16| 0 0 0 88.9 100.0
PDF-A 0 0 1 0 0 0 0 19 0 0 95.0 5.0
PDF-B 0 0 1 0 0 0 0 0 22 0 95.7 4.3
PDF-C 0 0 0 0 0 0 1 1 0 0 90.5 48

Overall: || 91.7
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Appendix D

HARDWARE INFORMATION

This appendix contains information required for the building of the GaitShoe circuit
boards and other hardware, and contains part numbers and purchasing information for all

parts used.

D.1 Schematics and Board Layouts

D.1.1 Inertial Measurement Unit (IMU) Board, Rev. 5

The schematic for the IMU board (Rev. 5) is shown in Figure D.1. The board layouts with
part placement information are shown in Figure D.2 (top side) and Figure D.3 (bottom
side).

In Figure D.2, the two footprints for the two different versions of the Murata gyroscopes
are visible. As discussed in Section 3.3.2, the ENC-03J was used in all testing, but the
footprint for the surface mount ENC-03M was also included on the IMU board (the alter-
nate pin connections can be seen in Figure D.1) in case the ENC-03J becomes no longer

available.

Similarly, the Analog Devices gyroscope (the ADXRS150) was a demo DIP version and is
not available commercially. It is now available in a 32-pin ball grid array surface-mount
package; pin-to-pin mappings between this package and the layout on the board (e.g. the

sixteen pin header would plug into the holes for the current DIP) are shown in Figure D.4.

255
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Figure D.1 Schematic of the IMU board
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As indicated, the capacitors should be included on the daughter board, to be located as
close to the ADXRS150 as possible.

PDD c2 c3 c4
PGND
ST1

ST2 220F 4TnF 0.1uF|
Temp |
AGND 3
2.5V o
CMID «
SUMJ ul

C7 £P3
D7 CP5

Rateout = o a
AVCC § § B 8  pgu | GopoND
CP2
CP1 CP1 _AS
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CP4 G5 ST1
cp3 cl ST ——+
CPs 220F CP2 A4 | oy 4 512
CONI16 ST2 —‘(
AVCEAS AVce G3 T
cs Temp —G3gfemp
__OvlﬂF
ateQuA\2 =} a 9
Rateout = s > &
a © & Z

ADXRS150

2.5V El
AGNDF1L

I
0.1uF

Figure D.4 Pin mappings for the commercially available ADXRS150

D.1.2 Tactile Board, Rev. 5

The schematic for the Tactile board (Rev. 5) is shown in Figure D.5. The board layouts
with part placement information are shown in Figure D.6 (top) and Figure D.7 (bottom).
Table D.1 lists the header pin to insole sensor mapping used for the GaitShoe insoles (all
odd-numbered pins are connected to ground). Pins 1-4 can be used to connect to a ground

plane, though the connection through the electric field sensor header can also be used.
TABLE D.1 Insole sensor mapping

Header Pins Connection Left Insole Right Insole

1,2,34 Ground

5,6 FSR Lateral heel Medial heel

7,8 FSR Fifth (lateral) metatarsal ~ First (medial) metatarsal
9,10 PVDF Calcaneous (heel) Great toe

11,12,13,14 Bend Sensor Insole Insole

15, 16 PVDF Great toe Calcaneous (heel)
17,18 FSRI Medial heel Lateral heel

19, 20 FSR First (medial) metatarsal ~ Fifth (lateral) metatarsal
21,22, 23,24 Bend Sensor Ankle Ankle
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D.1.3 Main Board, Rev. 5

The schematic for the Main board (Rev. 5) is shown in Figure D.8. The board layouts with

part placement information are shown in Figure D.9 (top) and Figure D.10 (bottom).
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Figure D.9 Layout of the top side of the Main board

The six holes along the bottom edge of the Main board are for interfacing with the JTAG
programmer, for uploading code to the microcontroller. The four holes along the left edge
(looking at the top of the board) can be used to bypass the wireless transceiver and send
the data directly to the computer. Both of these interface with the Programming board,

described in Section D.1.5 below.
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Figure D.10 Layout of the bottom side of the Main board

D.1.4 Power Board (Rev. 2)

The schematic for the Power board (Rev. 2) is shown in Figure D.11, and the board lay-
outs with part placement information are shown in Figure D.12 (top) and Figure D.13
(bottom).
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D.1.5 Programming Board (Rev. 2)

The Programming board was designed by graduate student Ari Benbasat. The schematic
for the Programming board (Rev. 2) is shown in Figure D.14. The board layouts with part
placement information are shown in Figure D.15, showing traces on both the top and bot-

tom are shown).
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Information about the components used to build the GaitShoe is split across two pages, in
Figure D.16 and Figure D.17. The part type, description, and a vendor (the websites for
the vendors are listed in Figure D.2) and the part number for the vendor are listed, as well
as the footprint and designator corresponding to the schematics of each board, and any rel-

D.2 Component Information

evant comments.
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Figure D.16 Component information, part one.
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Figure D.17 Component information, part two
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TABLE D.2 Vendor information

Company Website Address

Analog Devices www.analog.com

Android World www.androidworld.com/prod47.htm
Digikey www.digikey.com

Interlink Electronics www.interlinkelec.com

McMaster Carr www.mcmaster.com

ON Semiconductor WWwW.onsemi.com

RF Monolithics www.rfm.com

Rochester Electronics | www.rocelec.com

The Images Co. WWW.imagesco.com

D.3 Other Hardware Information

D.3.1 Insole Sensor Connections

The soldered connections to the sensors in the insole must be able to withstand the forces
(normal and shear) encountered under the foot during gait. One method that has worked
well was to cover the well-soldered connections with hot glue, let it the glue cool slightly,

press it flat, and then trim off the excess. This is demonstrated on a pair of bend sensors.

First the bend sensors are soldered to the wires, as shown in Figure D.18.

B \BRAMS GENTILE ENTERTAINMENT / PATENT #5,086.765

Figure D.18 Bend sensors soldered to wire

Next, a "gob" of hot glue is applied to the solder connections, as shown in Figure D.19.

Figure D.19 Bend sensors with a "gob" of hot glue
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After the hot glue cools slightly, it is pressed between fingertips to flatten it into a thin

layer; the result is shown in Figure D.20.

Figure D.20 Hot glue flattened by fingers

Finally, the hot glue is trimmed, as shown in Figure D.21.

ABRAMS GENT!

A —

Figure D.21 Trimmed hot glue on bend sensor solder connection

D.3.2 GaitShoe Attachment

The GaitShoe attachment was made out of 0.125" polyethylene terephthalate glycol
(PTG), which is a thermoformable and machinable material. The process of making the
attachment is detailed in the photos below.

First, a pattern, such as shown (to scale) in Figure D.22, can be used to trace the pattern of
the attachment on to the PTG, as shown in Figure D.23. The solid lines in Figure D.22
indicate the base pattern and the dashed lines indicate extra material to add for a right or

left antenna attachment (the pattern does not need to be followed exactly).
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Figure D.22 Sketch of the pattern for both the left and right GaitShoe attachments

e,

Figure D.23 Pattern traced onto PTG for forming the GaitShoe Attachment

=
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Next, the easiest way to cut the PTG is to use heavy-duty shears, as shown in Figure D.24.

A\

Figure D.24 PTG cut to shape with heavy duty shears

After the PTG is cut, the holes should be drilled*, and then the PTG can be formed using a

heat gun and a rounded block (or other available implement?), as shown in Figure D.25, to
shape it to the desired geometry.

Figure D.25 Heat gun and wooden block used to shape the PTG

1. The final hole in the attachment connecting the battery enclosure to the attachment must be drilled after

both pieces are shaped; the holes for the stack should be marked using the IMU of the stack which will be
mounted on the attachment.

2. For example, a the bottom of the attachment can be rolled around a small screwdriver to form the enclo-
sure at the bottom of the attachment for the fishing line.
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The battery enclosure can be formed similarly; a sample pattern is shown in Figure D.26.
i | '

: v i - v =

{ | { i
| | | | |

IR B e 4

Figure D.26 Sketch of the pattern for the battery enclosure

A left GaitShoe attachment and battery enclosure are shown separately from the back, and

together from the front in Figure D.27.

Figure D.27 GaitShoe attachment and battery enclosure; viewed separately from the back (left),
and viewed together from the front (right)
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Appendix E

ULTRASOUND SENSOR

This appendix describes in further detail the ultrasound sensor developed by Steven Dan
Lovell; photographs of the ultrasound circuit boards are included in Section 3.2.1, and the
working principle is discussed in Section 3.3.7. Mr. Lovell contributed to the writing of

this appendix.

Ultrasound transducers can turn electrical energy into mechanical energy and mechanical
energy into electrical energy. They have a range of frequencies over which they are reso-
nant, where the ratio of energy input to energy dissipated in the device itself is low. The
mechanical energy they produce and sense is in the form of pressure waves, thus the signal
they can send propagates at the speed of sound, making them suitable for determining dis-
tances between a transmitter and a receiver by measuring the time between the transmis-

sion of the signal and the reception of the signal.

E.1 Circuit Boards

The ultrasound sensor was implemented on two circuit boards: a transmit board that
attached to the stack on the right shoe, and a receiver board that attached to the stack on
the left shoe. Attached directly to the transmit board was a single daughter board to hold
the transmitter. The receive board had two daughter boards that each held a receiver, and

were connected to the receive board via wires. These are shown in Figure E. 1.

277
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Figure E.1 Photo of ultrasound hardware mounted on the GaitShoe hardware
The schematic of the main transmit board is shown in Figure E.2, and the schematic of the

transmit daughter board is shown in Figure E.3.
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Figure E.2 Schematic of the ultrasound transmit board.
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PiczoTxI PiczoTx2 PiczoRx
Piczo Piczo  Piczo xHoriz_A 1
xHoriz B B
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55 &5 xVerl B 6
EE
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Figure E.3 Schematic of the ultrasound transmit daughter board

The schematic of the main receive board is shown in Figure E.4, and the schematic of the

receive daughter board is shown in Figure E.5.

o
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R
B gl
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[l
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Figure E.5 Schematic of the ultrasound receive daughter board.
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An omni-directional polyvinylidene fluoride (PVDF) ultrasound transducer manufactured
by MSI, part 1005853-1, was used for the transmitter [120]. Two directional piezoelectric
ceramic (PZT) ultrasound transducers (such as V-MA40A5R [121]) were used for the

receivers.

The omni-directional transducer must be driven at high voltages (150 V-300 V) at 40 KHz
to generate a signal that can be measured over a distance of a few feet. A step-up trans-
former, resonant at 40 KHz with the ultrasound transducer as a load, along with a push-
pull amplifier that takes a 3.3 V input from the microcontroller and outputs 9 V, was used

to drive the omni-directional transducer at 270 V.

The receivers were placed on signal conditioning daughter boards that could be placed
away from the main ultrasound receiver board. The daughter boards had two stages of fil-
tering: a medium gain single pole high-pass filter and a medium gain double pole band-
pass filter that added DC bias. This signal was then fed back to the main receiver board
where a comparator was used to determine when the signal crossed a threshold. The
threshold is variable and set by a potentiometer. This threshold crossing is used to deter-

mine when the first arrival of the ultrasound signal occurs.

To determine the distance between the transmitter and the receiver, the time of flight
(TOF) between the transmitter and receiver is measured. This TOF is multiplied by the
speed of sound in air to determine the distance of separation between the transmitter and
receiver. To determine the TOF, the transmission of the ultrasound signal and the start of
timer on the receiver must occur simultaneously. For this, the wireless radio frequency
(RF) transmission already employed for communication between the GaitShoe hardware
and the basestation was used. The basestation issued the ultrasound transmission com-
mand to initiate the start of transmission and the start of the receiver timer; the length of
time between the RF transmission from the basestation and the reception on the Main
Stack board, and then the subsequent communication between the Main stack board and

the ultrasound transmit and receiver boards was assumed to be the same for the transmit
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and receiver boards. When the ultrasound transmit board received an ultrasound transmis-
sion command it drove a short pulse of 40Khz square wave to the ultrasound transducer.
When the ultrasound receive board received an ultrasound transmission command it
started a timer, counting the number of clock cycles. When the ultrasound receive board
was signaled by the comparator that a threshold crossing occurred, the value of the timer
(i.e. total number of clock cycles) was stored, and subsequently transmitted to the base sta-
tion. This occurred twice, once for each receiver. The two distances can be post-processed
to determine the angle at which the line the between the transmitter and middle of the two

receivers is on relative to the line perpendicular to the two receivers (see Figure 3.35).

E.2 Microcontroller Code

The microcontroller code written by Mr. Lovell for the transmit board is shown in

Figure E.6 and for the receive board is shown in Figure E.7.

Figure E.6 Microcontroller code for the ultrasound transmit board.
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/* ultrasound_rx.c -- Cygnal F206 code for an ultrasound rangefinding transmit board — */
7+ uritten 8/1/03 by Dan Lovell for MIT Media Lab Gaitshoe Project
ot of poropriate comnand vis the recieve process is started

Arrival times and levels of various points of the incoming ultrasound wav.
Yacorded and used te vecreate the actual arrival time of the ultrasowng ping

Sysclk is 22.1148MHz -> one machine cycle = 45.2ns

The limiting factor in determination of the distance between transmitter and
i v is on the order of lus -> inches
one cycle of a 40KHz wave is 2bus long.
2°16%(1/22118000Hz) = max uneab]e time By T2 in 16 Bit capture mods - 0.0029630L sec
0,00296301 seconda » 346.65 n/s nches
therefo e pit capturt mode Should be ssfEicient to rine all returns in
novmal scride

278+.00001566858m

Ome 1SB of the upper byte of TIMER
one cycle in time is nches
-/

#include "206.h"

#aefine cenp PRTLIR
2070

1%6
Sbit NotTrig2 = P1°7;

int counter = 0;

#define T2Capture() capturePin=1; capturePin=0;
(/57T related eclarations
SOUND_START_CODE = 0x96;
Char OLTRASOND' DRTA_CODE = ~0x96;
char  ultrasound_datald];
/il trasound. datal0) = tinelr
//ultrasound datall] = timeld
//ultrasound data(2] = time2L
//ultrasound_datal3] = time2H

char T_tn;
char  SPIByteCounter=

char currconversion //used to keep track of where in ultrasound data(] to write to

vela gPrint(vola) intermupr 6 (
Sf (SPI ULTRASOUND_I mm _come) ¢
’/load the dsta one byt
S rasound_data {5518yt acounter]

SPrmytecoumtorss:
4£ (SPIODAT==ULTRASOUND_START_CODE) {
STARTTONER (2); //start the time of flight clock
int1Cou 0;  //reset the intCounter for first capture of threshold crossing
intacounter - 0. //reset the intCounter for first capture of threshold crossing
SPIByteCounter = 0; //Reset the index into the SPT bytes
DAT=4; I Len matter hnow theve are 4 uitracound datal] bytes to be sent via
seT
)
SPIF=0;

void sPTinit(void) (

//enable global interrups
//enable SPI in SLAVE mode

8bits, this is the default setting
//this sets SCK = SYSCLK/20, maximum value is SYSCLK/20
//Enable SPI interrupts

//SPT pins SCK,MISO,MOSI,NSS available on P2 pins P2.0,2.1,P2.2,82.3 re

spectively
These are Cygnal dev pins 25,26,23,24 repsectively
PRT2CF |- 0x02;  //SCK,MOSI,NSS are imput; MISO is output
PRT2CF &= ~0x0D;

)
void ADCInit(void) (

// Tnput contiguration

cp (Open-Drain Output/Input) (Analog)

o 170 (Open-Drain Output/Input) (Analog)
Ge 1/0 (Open-Drain Output/Tnput) (Analog)

PIMODE &= OxF!
77 P10

7Pl
1R

7
7/ ADC Configuration
"

0x2A; // AMUX Channel Select Register
ADCOCF = 0x80; // ADC Configuration Register
ADCOCN = 0x80; // ADC Control Register

ADCOH = 0x00;  // ADC Data Word Register
ADCOL = 0x00;  // ADC Data Word Register

REFOCN = VDD; //Internal reference
EIE2 |- 0x02; //EXtended Interrupt Enable 2

void oscinit(void)

int delay;

oscxen // Enable external crystal

woTen // disable watchdog timer

woTeN =

delay=256; /1 Delay >1 ms before polling XTLVLD.

while(delay--);

while (1(OSCXCN & 0x80)); // Wait until external crystal has
/7 started.
0SCICN = 0x0C; // Switch to external oscillator
OSCICN = 0xB8; 77 Disable internal oscillator; enable
// missing clock detector

while (1(OSCXCN & 0x80)); // Wait uncil external crystal bas
7 st

rted.
oSCICN = 0x08; 1/ Switeh to external oseillator

void init(void)(
oscinit();

// Setup 1/0 pins : comparator input and digital output
BRT2MK |= 0x587 //Disable Weak Pull-ups on Ports 3,1,0 - so they don't effect input sign

ToNx
PRTOCF |

0x8C; //make T2EX, INTO and INT1 available at port pins
0x83; //make P07 PO°1 and PO%0 (T2EX, PWM and LED) push-pull for output

// Setup timer2 for capture

cxeon = 0x38 (/211 viners use raw clook

SET_TTMER(2,0,0);  //Initialize T

T2CON = 0x09; J/5ex 12 tor capture on Hish to Low transition on T2EX (0.7, pini2 on ¢
2

ygnal dev kit)

{{ Sewup interrupts
W= ,//cleRr sy interrupts ymiting on INIO,TNTL

0x10101001 globally enables interrupts and INED, TWT1, T2, T0
//enables software interrupts 6 and 7 (IES, IET)
//8et TNT1 TNTO to detect falling edge interrupts
0x01; /10 is 16 bit counter time

vold THIGint (void) interrupt 0 (
This is Triggeredl
J/ional cones trom a1

//This little snippet is to capture the first crossing of the threshold

)
itrasosnd data(o]
ultrasound data(1]

RCAP2L;
RCAP2H;

)
intlcounte

1;

void Toint (void) interrupt 1
//Tine delay between :hreshuld crossing and A/D conversion to make sure
Pl

void INTlint(void) interrupt 2 {
//This is /Triggeredl
//5ignal comes from J1

/LD

3
void T2int (void) interrupt 5 (

if (T2CapIntFlag) {
T2CapIntFlag=0;

else (
T20vE1IntFlag:
STOR_TIMER(2);
SET_TIMER(2,0,0) ;

3

void AnCint (vold) interrupt 15 ¢
//Store the Al
| enporarily put into ultrasound data(2,3] for testing purposes

ultrasound_data(2]
ultrasound data(3]
ADCINT:

ADCOL;
ADCOH;

void EX6int(void) interrupt 18 {
//This is Triggered2
//signal comes from 92

T2capture ()
if (int2Counter==0)
trasound data(2] = RCAP2L;
ultrasound data(3] = RCAP2H;

intaCounter=1;
BRTLIF &= -0x40;

3
veia mX7int (vold) inverupe 19 (
//This is /Triggered2
J/Sional cones. from 92

T2capture() ;
E(intacounte:

trasound_data(2) = RCAPIL;
ultrasound_data(3] = RCAPZH;
int2Counter:

PRTLIF &= ~0xBO;

void main (void) {
7/ ADCInit();
£0;
Seinit();

e )
//make sure the rising edge corresponds to the first arrival
I/since elsewhere the interrupt comes from the falling edge

//This code is to catch the first rising edge of the J2 input

Temporarily disable the polling code while testing the ADC

while(1) {
if(~Trig2) (
11F
counter+s;
ki
)
)
while(1) {
i€ (Trig2) (
break;
)
e

Figure E.7 Microcontroller code for the ultrasound receiver board.




APPENDIX E 283

E.3 Initial Results

The uncalibrated output from the two ultrasound sensors is shown in Figure E.8, along
with the uncalibrated output of the four FSR sensors on both the right and left feet, to pro-
vide a reference to the gait cycle (data outliers caused by RF dropouts and undetected or

mis-timed sonar burst were removed as described in Section 4.1.3).
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Figure E.8 Sample data from the two ultrasound sensors

The ultrasound receivers was located on the left foot, and the ultrasound transmitter was
located on the right foot. The bottom graph demonstrates that the ultrasound sensor out-
puts are proportional to the distance between the receivers and the transmitter (ultrasound
sensor A is located behind the stack, while ultrasound sensor B is located near the metatar-
sals). Shortly after 1 sec, the left foot is in mid-stance, and the right foot is in mid-swing,
and as the transmitter on the right foot passes each of the receivers, the sensors reach local
minimums in turn: the rear sensor (A) first, and then the front sensor (B), as each is passed
by the transmitter. Then, shortly after 2 sec, the right foot is in mid-stance and the left foot
Is in mid-swing, and the sensors again reach local minimums, but in the opposite order, as

this time the front sensor (B) passes the transmitter and is followed by the rear sensor (A).
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Similarly, the local maximums can be observed shortly after 1.5 sec and 2.5 sec as one
foot starts heel strike and the other foot starts toe off, corresponding to the maximum dis-

tance between the two feet.

This initial observation of the ultrasound sensor demonstrates that it may be a useful
implementation on the GaitShoe for acquiring additional information about gait. As indi-
cated in Figure 3.35, the two distances measured by the ultrasound receivers can be com-
bined to determine the distance and the relative position between the two feet. However,
before fully integrating the ultrasound sensor in the GaitShoe, both daughter boards
should be redesigned. As seen in Figure E.1, the daughter boards (in particular, the receive
daughter boards) are rather bulky and obtrusively located; now that the sensor has been
demonstrated to work, a redesign of the positioning and fastening of these boards is neces-
sary. The attachment also needs to be robust enough to withstand active gait. In addition,
the typical power draw of the stack without the ultrasound sensor is 45 mA. On the stack
with the transmit board the power draw increases to 65 mA, and on the stack with the
receive board to 70 mA,; this may restrict the use of the ultrasound sensor to applications

where the batteries can be changed frequently.

Finally, a plot showing data from all of the sensors on both feet is shown in Figure E.8; the
sensor outputs are uncalibrated (but staggered along the y-axis for legibility), during slow
gait (to get the ultrasound data with as few outliers as possible). One of the ultrasound sen-
sor outputs is plotted with the left foot data, and the other is plotted with the right foot

data. This graph shows the full suite of sensor output of the GaitShoe.
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Figure E.9 Data collected from all sensors, during slow gait
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Appendix F

CODE

F.1 Microcontroller Code

The code for the microcontrollers is based on code originally written by Ari Benbasat. It
was modified by Steven Dan Lovell and the author. Figure F.1 contains the header file
206.h used by the microcontrollers, the basestation microcontroller code is in Figure F.2,
and the stack microcontroller code, with comments indicating the lines which need to be

switched for the left or right stack, is in Figure F.3 and Figure F.4.

Figure F.1 206.h Code
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/* base.c -~ Code for the basestation */

tinclugs sstaion>
#include 20

//Forvard declarations

void trans3Nibbles(unsigned char,unsigned char);
void setMux(unsigned char in);

4define SET_REC ;TEnable=0;

#define SET_TRANS i TEnable=1;

// Declare pores

sbit CTRL

sbit CTRO

sbit TEnable

Sbit SFWRESET

// Plug in lookup tabl,

{Gata unsined char lookup(6d] (23,27,29,39,43,45,46,51,53,54,57,

71,75,77,78,83,86,89,90,92,99,

01,102,105,106,108,113,114, 116,
101012 107 145050 155,
154,156,163,165, 166,169,170, 1
177,178,180, 184,195, 197,198, 201,202,
204,209,210,212,216, 225,226, 228,232}

4define MUXPORT 1

#define MUXPTN 7

77 Mux stuff
bit X = P1%

P0°7;  //128% is improperly used in 206SFR.h
/Use this temp variable until that is resolved

_cycle, pause, dirt;
m “pends) bend, tori, fsr? fsr3, fsrd, fsr5, £576;
capsense;

st
Unsigned- char miliou. miiHian;
bit first, transFlag.

void milliclock() interrupt 5
¢
)
void oscinit (void)
int delay;
//all the commented lines in oscinit were commented out for testing on
//the cygnal dev boar
//they should be uncommented when not testing on the dev board

// Enable external crystal
77 disable watchdog timer

delay=25: // Delay >1 ms before polling XTLVLD.

while (delay-

while (1(OSCXON & 0x80)); /1 wait until external crystal has
v
0x0C; 1/ Suiteh o txtemmal oscillato
0x88; 7/ Disable internal osoillator: enable
7/ missing clock detector.

oscren
oscren

while (!(OSCXCN & 0x80)); /0 Wait until external crystal has
/ ted.

/ sta
OSCICN = 0x08; /1 Switen o external sscillator

/7 Setup function
void init(void)
oscinit();

{1 Setup serial com (using tiner 1)

= UARTENABLE; 7/ Turn on uaRT
 Timaw S Iroprrn2; // Use SYSCLK, instead of SYSCLK/12 for T1
wroBiT | REcEIveon | maNsINT | Recstveni; / setup serial port
R | TISBITRELOAD; // Setup up serial timer and Timestamp timer
SEUTIER (1, 0%E, 0%00) £ Fa: T1502% (windows): Fa: 57.6h (mac) Baud timeout for 22
1184 itz crystal set b e -
/7T = 15 // Ready to send

START_TTVMER (1) ;

[/ Sewup Timero for Timesta:

Sxeon |- ooy 7/ Gse SvscLk/12 instead of SYSCLK for 12
ivER | mosaTRELORDS

SErTtieR (0, 0x48, 0x00) -

START_TTVER (0)

//Bvery TO INT is .lms if TO uses SYSCLK/12

/1 Setup ADC
ADCEN //Turn on Al
//Turn on the analog mux

//murn on tracking mode

7/Set the ADC clock and prescaler
//Tnternal reference

// setup spT

PRT2MX |= 0x01:
SPTOCN = 0x03; //Turn on SPT / set to master mode
SPTOCKR = 0x0F: //set SPT Clock Rate

//Setup T2 capture

PRTONK |= T2EX;
T2CON = T2TIMER | T2CAPTURE | T2ENABLE; EXEN2 // T2HITIL -> RCAPH:RCAPL on

77 bigh->low transitions of T2EX

START_TTMER(2) ;
Y]

//Set BRI and TI for use with interrupts, default to 0
//Enable serial interrupt

//Enable Timer0 interrupt

/7 Make sure global interrupts are on

/7 Inputs should be open drain (0) and high impedance (this is the default
/7 Outputs should be push-pull (1) and default low
o

PRT2CF = 0x00;

[/Turn on transmiteer

//Blank variables
ayrox.word = gyroy.word = gyroz.word = 0;
XT1.word = YITL.word = Y2Tl.word = 2T1.word = 0;

pause=in_cyel

void transiNibbles(unsigned char high, wnsigned char low)
<

// DC Balance each six bit block
unsigned char in,out;

Low0x3F; //first six bits
tin

owsst | mighes)hoxs
out = lookuplin];
SEND_INT (out, transFlag) ;

)

void getTimestamp (void) {
/1" coas for using 12 Capture
7/ T2EXtemp 7/P0°7 is B2EX

V) momriens < o}
/ T2EXtemp = 1;  //Make sure P2EX goes through a high to low transition
70 EF2 - 0; i/Must manuslly reset this flag atter every T2 capture

7/ timestamp.byte(0
/ timestamp.byte[1] = RCA
Cimestampiword = tinestamptounter word;

)
void transmitISR()
// T1 should not be cleared here because SEND must see that TI has become one
// SEND_IND(x) has been changed to work using interrupts instead of polling
/7 Dses TransFlag for the purpose TI was Used befo

transFlag

1

)

void, recolversR(vold) (
(first & RI )

getTimestamp () ;

RI = 0;

)

void serial_int() interrupt 4 (
cransnitISR();

receivelSR();

void TO_int() interrupt 1 (
tinestampCounter.uord ++;

void main(void)

SET_REC;
while (1)

if(eN1) (
checkedBit.word = 1;

) else (
checkedBit.word = 0;

//IF NOT USING ULTRASOUND, COMMENT FROM THE NEXT LINE

1<14000;i++) () // 14000: 115.2k (windows), 30001
- change if you change baud rate here

57.6k (mac) baudrate

7 11-1;
" transmit ultrasound packet
SET_TRANS;

SEND_INT(0xFF, transFlag)
'SEND_INT(0x00, transFlag)
SEND_INT (0xCC, transFlag)
SEND_INT(0x33, transFlag)
SEND_INT(0x66, transFlag)
SED_INT(009, transF lag)
END_INT (0x6c, transFla
SEND T (Oxte. Crancrlag)
SEND_INT(0x33, transFlag)
'SEND_INT(0x66, transFlag)

" SET_REC;
/7.7 .THROUGH THIS LINE OUT (can leave in, but data rate will be lower)

for(i=0;i<14000;i++) (}// 14000: 115.2k (windows), 30000: 57.6k (mac) baudrate
change' if you change baud rate her -

SET_TRANS

SEND_INT (0FF, transFlag)
SEND_INT (0x00, transFlag)

SEND_INT(0x99, transFlag)
SEND_INT (055, transFlag) ;
SEND_INT(0x6c, transFlag) ;

@
E
&
o
=
g
g

bytel0] it.bytel1]); //changed to trans3Nibbles for

consistency
trans3Nibbles (timestamp.byte(0], timestamp.byte(1]);
SEND_INT(0x33, transFlag) ;
END_INT (0x66, transFlag) ;

" while (1T1);
first = 1; //Get timestamp when first gets set to zero in receivelSR
SET_REC;
for(

1<14000;i++) (}// 14000: 115.2k (windows), 30000: 57.6k (mac) baudrate
change' if you change baud rate her -

11-1;
SET_TRANS;

SEND_INT(0XFF, transFlag) ;

SEND_INT (0x99, transFlag) ;
SEND_INT(0x55, transFlag) ;
SEND_INT (0xE8, transFlag) ;

byte[0], checkedBit.byte[1]); //changed to trans3Nibbles for

consistency

byte[0], timestamp.byte(1]);

SEND_INT (0333, transFlag) ;

SEND_INT (0x66, transFlag) ;
" while(!T1);
first = 1; //Get timestamp when first gets set to zero in receiveISR

Figure F.2 Basestation microcontroller code
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/+ stack.c -- code for the left and right stack */

#include <stdio.h>
#include "206.n%

//Porward declarations

void transiNibbles (unsigned char,unsigned char);
void setMux(unsigned char in);

#define SET_REC ;TBnabl
#define SET_TRANS CTRO=0;

1/ Declare ports
1

sbic 231y
Zhic o 2370}
sbit TEnable 2

= P2°7;
//sbit SFURESET = £2°5;

// peclare direct lines
RL B2~

sbit DIR6

SPT related declarations
Vefine DlrragoundNes. DRz

bit SPT_flag=1; //used to indicate whether SPI transmission has concluded
char  seI_In;
char  SPI_counte:

0
Char  ULTRASOUND. STARY_CODE = 0x96;
char  ULTRASOUND_DATA_CODE = -0x96;
char  ULTRASOUND_READY_CODE = OxAA:

char  ultrasound data(4];
emum  seIstates (Transbata, RaveCounter, NoCounter);
char  SPIInterrupt
#define GARBAGI
Plug in lookup table
idsca unsigned char Lookip(64] = (23,27,29,39,43,4,46.51,53 54,57,
8,71,75,77,78,83,86,89,90,92,99,
201163108106, 16511, 214, 116,
135,139,141,142,147, 149,150,153,
154,156, 163,165,166,169,170,172,
177,178,180, 184,195, 120172
204,209,210,212,216, 225,226, 228,232 1
4define MUKPORT 1

1u accelz2;

bit in_cycle,pause,di;
T bendt pends . faci, forh, for3, fard, fars, for6;

1u caph, caps, cap2, cap3;
1u timestamp,checkedBit;

unsigned char millow, milHigh;
unsigned char counter;

int i=0; //used to create operations that allow me to set breakpoints
void milliClock() interrupt 5
¢

)
void SPTInt (void) interrupt 6
pretetrstitess 008 SO
SPIInt() occurs every time an SPI transmission finishes, causing an SPI interrupt.
Registers changed:

F, SPI_In, counter
Resources used:

Notes:

“SPI interrupts occur when an SPI byte has finished transmitting

“SPIF must be cleared by software in this interrupt or the MCU will hang at
the SPI interrupt vector (interrupt 6, memory location 0x0033)

[Nttt bt it

(/When an SPI interrupt occurs, an SPT byte has finished transmittin

trasound_NSs-1 //raise slave's NSS pi n clock in its received byte
while (++SPT_counter<10) ; //wait for slave to receive the NSS_slave signal
SPT_counter=0;

SPT_Tn = SPTODAT,

SPTInterrupted =

SPIF:

vold Semnic (void) ¢
oTTnit() initializes the NCD fo yun ST interrupts
Registers changes
1E, SPIOCN, SPIOCFG, SPIOCKR, EIEL , PRT2MX, PRT2CE
Resources used:
P2.0 (SCK), P2.1 (MISO), P2.2 (MOSI), P2.3 (NSS)

Notes:
CIf SPI interrupts are sst then thers shiould at the very least
be a "SPIF = 0 tement in the interrupt to prevent the MCU from hanging
ot the sp1 )nterrupt vector (interrupt 6, memory location 0x0033)

[T thvotiits Fesseitiy

/7 SPT is enabled as MASTER since SPTCN1 = 1

0x80;  //enable global interrups
serocy 0x03;  / © SPI in MASTER mode
SPTOCFG 0x07;  //SPT Frame size = Bbits, this is the default setting
SsPTOCK x09;  //this sets SCK = SYSCLK/20, maximum value is SYSCLK/20
E1B1 0x01;  //Enable SPI interrupts
pRI2UX 0x01;  //SPT pins SCK,MISO,MOSI,NSS available on P2 pins P2.0,P2.1,82.2,P2.3 re
spectively
J/mmese are cygal dev plns 25,2623, 24 repsectively
BRT2CF //SCK,MOST are output; MISO,NSS are im
PRT2CF
PRTICE //Use 3.0 as the output for the slave's NSS line input
)
yold SPITzanenit (char SPLTIPYTE) (
1u accelzl; Srrmeanomis sends & byve over the SPT bus
1 2
Registers changed while(delay--);
ODAT, SPI_counter
Resources used: while (1(OSCXCN & 0x80)); // Wait until external crystal has
SPT - P2.5 (Ultrasound NSS), P2.0 (SKCK), P2.1 (MISO), P2.2 (MOST) /7 started
Notes: oscIcn = oxac; // Switch to external oscillator
[NSS must be lov for a few sysclk cycles before it fs recognized as low by the slave 0SCICN = 0x88; /7 Disable internal oscillator; enable
wanaam: /1 missing clock detector.
spITnterrupted = 0; while (1(OSCXCN & 0x80)); 7/ Wait until external crystal has
Ultrasound NSS //signal to slave that a transmission is begini // started
VhiTe (1 iBPT counter<10) T T Tualt for Blave to recoive the NSS_siave. siqnal oscICN = 0x08; 1/ switch to external oscillator
SPI_counte:

SPTODAT = SPI_TX_BYTE; //transmit to slave
)
void ultrasound_start() (
Tone B T
ultrasound_start() transmits a "start" comnand (one byte) via SPI to the ultrasound board

should initialize the ultrasound range finding process on the ultrasound boards
Registers change:
TODAT, SPI_counter

fed:
- P2.5 (Ultrasound NSS), P2.0 (SKCK), P2.1 (MISO), P2.2 (MOST)
Notes

Ceaeiesareasrsseareatvaseateaaate)
while(!SPTInterrupted) {

SPITransmit (ULTRASOUND_START_CODE) ; //transmit ultrasound start

void ultrasound vals() (
irttetrtrttreritrr i S SN
ultrasound_vals() transmits a "data’ command (one byte) via SPT to the ultrasound board
This should initialize the data tramsfer between the ultrasound receive board and the
esponding transmit board
Registers changed
SPT_Tn, SPIODAT, SPT_counter
Resources used
T - P2.5 (Ultrasound NSS), 2.0 (SKCK), P2.1 (MISO), P2.2 (MOST)
Notes

Caavierareasvseareatvaeateatate)

char SPIByteCounter=0,SPIBytesToTransmit=4;
char counte:
wnile(1spIinterrupted) {

)
SPITransmit (VLTRASOUND_DATA_CODE) ;
while(!SPTInterrupted) {

while((SPIBytesToTransmit - SPIByteCounter)
ITransmi t (ULTRASOUND_DATA_CODE) ;
while(!SPIInterrupted) {

}
ultrasound_data(SPIByteCounters+] = SPIODAT;
while (counter++<10) {
//This counter must be present so that the slave has ample time to wri
/Tt byre to it SPr regiacer.  Pallure o walt for arieest this long will
//result in garbage being read by the master
}
counter=0;
)

void oscinit (void)
¢

int delay;

// Enable external crystal
/7 disable watchdog timer

delay=256;

// Delay >1 ms before polling XTLVLD.

// Setup function
void init (void)
«

sscinitl;

ASK =

17 Setub serial com (using tiner 1)

RTENABLE; // Turn on uART

A /1 Use SYSCLX, instead of SYSCLK/12_
SCON = UARTSBIT:// | RECEIVEON, / Setup serial po

THoD = TITDAER | T18BITRELOAD; // Setup up serial Ciner

SET_TTMER (1, 0xFR, 0x00) v
57.6% (mac) Baud timeout for 22,1164 Miz crystal <

/1 = 17 /1 Ready to send
START_TIMER (1) ;

11 setup avc

//Turn on ADC

mxnsy. 0207 //Turn on the analog mux
ADC” 7/Turn on tracking mode
Aococe

SARL6|GL; //Set the ADC clock and prescaler
REFOCN = VDD; //Tnternal reference

// Setup sPT
01;

0x03; Turn on SPT / set to master mode

SPTOCKR = 0xOF; 1756 5o Crack Rave

{/Setup accelerometer tiner 0
oD rIvER | 10168

//Setup timed interrupt
//T2CON = TITIMER | T2RELOAD;  // Reloading timer
//SET_TIMER (2, 0x29, 0x31) ; // Cycle start value is 0x6131 since each t
/7 is 0.541 us

T_TINER2_RELORD(0xA9, 0x31)
J/m2can = matien | maselond; | // Reloading tiner

J/SET_TIMER (2, 0xB8,0x07) ; Cycle start value is 0x6131 since each tick
| SETTINERS. RELORD(ONBS, 007 s /) 5 0.591 w6 and (0XI0000-OKEL31I0.Be1us

//Systen timer for computer

J/TMRICN = 0x04; // turn timer 3 on, divide by 12

/TR3RLE

7/TMRIRLL

//5etup Inrersupts
1

7/ mimer 2 interrupt
// Serial port interrupt

// Make sure global interrupts are on
// Ready to receive

1/ Inpucs should pe open drsin (0) and high inpedsnce (this is the dsfault
/7 Outputs should be push-pull (1) and default

N3=ENG

ick
and (0x10000-0x6131)x0.541us =

15.7% (rindovs), £
oviteh haud cate her

22ms

22ms

Figure F.3 Stack microcontroller code, part one
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//Blank variables
gyrox.word = gyroy.word = gyroz.word = 0
ausesin_cycle=dirty=0;

Sitnic s

void setyux(unsigned char in) {
4define MUX_LOOPS 60

void setCaphux(int inl, int in2) (
ddefine CAP_MUX_LOOPS 100

void getTMUData ()

4define PAUSE_LOOES 75

4define PAUSE2_LOOPS 500
int iy

L
SET_ADC(1,7);//Collect data

setmux(s) ;

!/ Wait for opsration to finish
E_LOOPS;i++)
STORE_ADC (accelx) ;

setmux (0]

DBUSY=1;

unile@bRuSY), // Wait for operation to finisn
7 (1=0; i <PAUSE_LOOPS; i+

ST0RE_ADC (accaly) ;

setmux(3);
BUSY=1;

unile(abousy); /) mait for operation to finisn
= (1=0;<PAUSE_LOOPS;

SToRE_abe (necel 71 s

sethux(4);
ADBUSY=1;

unile@DRUSY), // Wait for operation to finisn
for( <PAUSE_LOOPS; i++) ;

SToRE_ADC (accelzd) ;

setmux(1);
ADBUSY=1;

while (ADBUSY); // Wait for operation to finish
£or (1=0; i <PAUSE_LOOPS; i++)

STORE_ADC (gyrox) ;

setMux(2);
1

while(ADBUSY); // Wait for operation to finish
PAUSE_LOOPS; i++) ;
STORE_ADC (gyroy) ;

sethux (6);
ADBUSY=1;

yhile(ADRUSY); // Wait for operation to finish
for (1=0; i <PAUSE_LOOPS; 1++);
STORE_ADC (gyroz) ;

CLEAR_ADC(1,7) ;
ENL=0;

3

void getFsmDatal) (
Bz - 1
SET_Apc(1,7)

setmux(0) ;

ADBUS

wm)enususw // Wait for operation to Finish
(i=0;1<PAUSE_LOOPS;i++)

STORE_ADC (bend1) 7

sea(1);
ADBU:
WRila(ADBUSY); // Wait for operation to finish
£or (1=0; i <PAUSE_LOOPS; i++) ;

STORE_ADC (bend2) ;

setmux(2) ;

ADBUSY=1;
while (ADBUSY) : // Wait for operation to finish
for (1=0; i <PAUSE_LOOPS; 1++) ;

STORE_ADC (£571) 7

setmux(3)
ADBUSY=1;

while(ADBUSY); // Wait for operation to finish
For (1=0; i <PAUSE_LOOPS; i++)
STORE_ADC (£572) 7

setmxi);

wm]eumsusw, /] Maix for operation to finish
(=0, i<PAUSE_LOOPS;
STokE_ADC (£9e0)

setmux(s)

uhile (ADBUSY); // Wait for operation to finish
i=0; i<PAUSE_LOOPS; i++) ;
SPoRE_ADC (f624)7

setux(6);
DBUS!
while (ADBUSY) : // Wait for operation to finish
For (1=0; i <PAUSE_LOOPS; i++) ;

STORE_ADC (£515) 7

sz ()

p

wh)]emusus‘u, /1 Wait for operation to finish
T (1=0;1<PAUSE_LOOPS; i++) ;

ety

CLEAR_ADC(1,7) ;
EN:

)

void getCAPData E2() {
int i;

SET_ADC(2,4); //R: ( - switch shoes here -

115
se(CapMux[O 0;

RLla(RDBUSY); // Walt for operation to finish

£0r (1-0; L <EAVSE 100PS; 1+4);

STORE anc(c

x( nusg LOORS; 144) 5
6

i,

)
void getcAPData_E3() (
int i;

switch shoes here

ADC(2,4); //R:(2,6); L:(2,4) <

//Sen:
setCacMuxu 0);
DI

whx]eLADBUsY), /] Hais for operation to inish
LoORS;

SroRe_abe (caps) 7
CLEAR_ADC

void transiNibbles (unsigned char high, unsigned char low)

7/ DC Balance each six bit block
lnsigned char inout

in = lowa0x3F; //first six bits
out = lookupl(in];

SEND (out] ;

in = (lows>6 | high<<2)&0x3F;
aut = lookuplin:

SEND (o

void transmitIMUData(void)

//Send gyro dat:
CranaaNibbles (gyrox byce (0], gyrox.bytel1]);
transiNibbles (gyroy.byte[0] ,ayroy.byte[1]);
trans3Nibbles (gyroz.byte 0] ,gyroz.byte(1]);
//Send accel data

trans3Nibbles (accely.byte(0],accely.byte(1]);
transiNibbles (accelzl.byte[0],accelzl.byte(1]);
transiNibbles (accelx.byte (0], accelx.byte[1]);

)
void transmitInsoleData() {
/Send analog data

transiNibbles (fsrl.byte[0], fsrl.byte(1]);
transINibbles (fsr2.byte[0], £sr2 byte(1]);
trans3Nibbles (fsr3.byte[0], £sr3.byte(1]);
transiNibbles (fsrd.byte[0], fard byte[1]];
transiNibbles (£sr5.byte[0], £sr5 byte(1]);
Erans3ninbles (£acs byce(0], foxe bytell));
transINibbles (b /bendl.byte(1])
CreneNiblos (bendd pyea (0] bends byea(i])
transiNibbles (cap2.byte[0],cap2.byte[1]];

trans3Nibbles (cap3.byte[0],cap3.byte(1]);

void serial_int() interrupt 4
¢

)

void main(void)
¢

unsigned char temp, temp2;
init();

HAVE
uhile(1)

Iive

START_TIMER(2); // So that it doesn't interrupt the first cycle
// Get data

getCaPData B2();

getIMUDatal() ;

getrSRDatal();

getCAPData B3 ();

se
SCON = UARTSBIT | RECEIVEON;
wnile(1)
while (1RI);
temp = temp2;
tenp2 = SBUF;
£ (temp == 0x55 &k temp2 == 0x6C) break; //6c for L. E6 for & <
switeh shoes here

mp == 0x6C && temp2 == 0x6C) {
Tt Fazound stare (11 /aend ulbrasound comand via SPT to ultrasound board
ultrasound vals();

)

//Copy tinsstanp for retransmission

hiTcloounter < 41 ( //4 variables to be saved therefore loop 4 times
while(!RT);

checkedBit.byte[1] = checkedBit byte[0];

checkedBit byte[0] = timestamp.byte(l];

timestamp.byte[1] = timestamp.byte(0]:

Cimestamp byte(0] = SBUF;

counter++;

UARTSBIT;

SET_TRANS;

SEND (0xFF) ;

- switeh shoes here

5);
D (0xac) L/ /60 for 1, B8 tor § <

transmitIuData();

trans3Nibbles (0x00,ultrasound_data[0])
trans3Nibbles (0x00, ultrasound data(1])
trans3Nibbles (0x00, ultrasound_data[2])
trans3Nibbles (0x00, ultrasound data(3])

SENDU0xE6) 1 //elosing
SEND (0x99)

SET_REC;

Figure F.4 Stack microcontroller code, part 2
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The balanced byte code for wireless transmission is within both the basestation and the
stack code. The basestation issues commands for each stack to send its complete packet of
data for all the sensors in turn, and the basestation also includes a timestamp set by its on-
board clock. In addition, during subject testing, it checked a pin connected to the BML
TTL trigger, to detect when time zero was set on the BML system. These timing issues are

summarized in Figure F.5.

P 13.4 msec _
6.68 msec [75 HZ] .
1.66
4.33 msec | msec_| I
(% |<‘S>§ l( % ‘P% ’9% '9% time
o o, Oy 0, o) (o)
P @o I @O @/} 80’ GO’
7 I % X U £
b Yo, o | Q ?a,, Cs, ?a %
Sy /58 Q,)) ' o, 9y o Q9
7, Q Q 2 7 2
D, e 0| I N ) R
4, S (o) o % %
% | | K & G
S /‘(9/ o & R?
4¢( | | % & % %
e |
OJ 1 )

~ 0.075 msec / sensor

Figure F.5 Timing issues, as controlled by the basestation

F.2 Matlab Code

This section contains code for Matlab m-files used in this thesis; code located beneath the
name of the file, and the order generally corresponds to the order in which these files were
mentioned in the main text of the thesis. The color green is used for comments, red for text
within the code, and the rest is black. To obtain these files electronically, email the author

at <sjm@alum.mit.edu>.
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timetrunc.m

C:\sjm\Research\Matlab\THESIS\timetrunc.m

filename_triggerinfo=(filename(l,1: (colf-5)) '_flag'l;
matfilenamel=['c:\sjm\research\data\trunc_data\' filename_abbr2L];
checker=exist (Fileplace, 'file')

if checker ~= 2
error (' Shoe

n:

Invalid file name!');

end

rawdatal=dlmread (fileplace, '

messageL=[filename ' loaded'l;

disp (nessageL) ;
R

G H T
if vers==2 | vers==3

fileplaceR=fileplace;
[toss, colfR]=size (fileplaceR) ;
fileplaceR(1,colfR-4)="R';

filenameR=filename;
£ilenameR (1,colf-4
filename_abbrlR=[filenameR (1,1: (colf-4)) '
filename_abbr2R=[filenameR (1,1:namelength)
re trunc dat!

rid of
general identifies to sto ¢

matfilenameR:

sjm\research\data\trun

c_data\' filename_abbrZR];

checker=exist (fileplaceR, 'file');

if checker
disp('Load RIGHT data.');

[filename, fileloc] = uigetfile('*.txt');
£ileplace-(fileloc filenamel;

[toss, colf]=size (filename);
filename_abbrlR=[filename (1,
filename abbr2R=[filename (1,
unc data

t(colf-4)) 'tr']; get rid of .txt
namelength) '_trunc']; %use general identifies

matfilenameR=('c:\sjm\research\data\trunc_data\' filename_abbr2R];

hree

on plots reams of data to the figure specified by fig

timeL=timecondition (rawdataL(:,tpos));
gyrozLerawdataL (:,gyroz_pos) ;
gyroyL=rawdataL (:,gyroy_pos) ;
fsrsl-rawdatal (:, fsrs_start:fsrs_start+3);
pvdfsl-rawdatal (:,pvdfs_start_pos:pvdfs_start_pos+l);
triggerL-rawdatal(:,trigger_pos);

time vector

if vers>=2
trigspot=4;
else
trigspot=splots;
d

figure(fig); clf;
dataplotterR(gyrozL, timeL, fig, ' - left',splots,1,1,'b', 1)
dataplotterR(gyroyL, timeL, fig, 'raw data - left',splots,1,1,'r', 1)
dataplotterR(fsrsL(:, 1), tinel, fig,' ', splots,1,2,'b', 1)
dataplotterR(fsrsl(:,2), timel, fig, ' ', splots,1,2,'k', 1)
dataplotterR(fsrsL(:,3),timelL, fig, ' ', splots, 1,2,
dataplotterR(fsrsL(:,4), timel, fig, ' ', splots, 1,2,
dataplotterR(pvdfsL(:,1),timeL, £ig, '',splots, 1,3,
dataplotterR(pvdfsL(:,2),timeL, £ig, "', splots, 1,3,
dataplotterR ( o1

triggerL, timelL, fig, ',

1, 1) sremoved

rowtL=length (timeL);

timeR=timecondition (rawdataR (:,tpos)); t
awdataR (:,gyroz_pos) ;

gyroyR=rawdataR (:,gyroy_pos);
f£srsR-rawdataR(:, fsrs_start:fsrs_start+3);
pvdfsR=rawdataR (:,pvdfs_start_pos:pvdfs_start_postl);

-1 added
triggerR=rawdataR (:,trigger_pos);
dataplotterR(gyrozR, timeR, fig, 'raw data - right',splots,1,5-1,'b', 1)
dataplotterR (gyroyR, timeR, fig, 'raw data - right',splots,1,5-1,'c', 1)
dataplotterR(fsrsk(:, 1), timeR,fig,' ', splots,1,6-1,'b', 1)

Page 1 C:\sjm\Research\Matlab\THESIS\timetrunc.m Page 2
May 12, 2004 6:44:57 aM May 12, 2004 6:
function [datatruncl,datatrunch, truncinfol=timetrunc(vers, fig, saveit) £ig=1;

saveit=0;
> truncate shoe data, using the trigge elseif sizeargs<3
er to select the data files of interest saveit=0;
end
used to locate the various data for plotting and the end of
at this function can be easily updated if data order is ;
tity increases pvdfs_start_pos=11;
trigger_pos=17;
me - 16, trigger - 17, basetime_pos=16;
es are gsvNNN where NNN ubject number namelength=6;
shoe file is expected. if vers==1
me - 16, trigger - 17, computertime - 18.
nes are gsvNNN where NNN is the three digit subject number
Two shoe files are expected. GETSHOEDATOR! splots=7;
nd
: Basetime - 16, trigger - 17, computertime - 18 interval=0.00668;
Names are gsvNNN where NNN is the three digit subject number 3
Two shoe files are expected. GETSHOEDATORDER
Version= me - 17, trig 18, computertime - 21.
ames are gsvNNN where NNN is the three digit subject number
Tuo shoe files are expected. GETSH ORDER
trigger_pos=17;
basetime_pos=16;
Fig is used to s y the figures the data will be plotted on (fig). :
If no value is specified, the figures will be set to 1 and 2
(if you just interval=0.00668;
eit=1, the output 4
1\Data\trunc_data\ and the mat
tters of the data R e
and the truncated
s the data X 1
pVdfs_start_pos=9;
trigger_pos=1
(running triggertrunc with data which has previously been trunc basetime_pos=17;
se the first versic be overwritten.] namelength=6;
splots
splots=T;
Morris ~ sjm@alum.mit.edu interval=0.00668;
else
error('That version number is non-existant!');
v
v
allargs=who;
(sizeargs, coll=size (allargs) ; This section prompts the user to select a (text) file, then extra nfo
about the name for later s make sure the data is
if sizeargs<l correct, then it to vari
error('You must enter a version number. See help.');

elseif sizeargs<z L E FoT

C:\sjm\Research\Matlab\THESIS\timetrunc.m Page 3 C:\sjm\Research\Matlab\THESIS\timetrunc.m Page 4

May 12, 2004 6:44:57 AM May 12, 2004 6:44:57 AM

if ver

disp('Load shoe data.') § For data ease, in vers=l, data is just called left shoe checker=exist (fileplace, '£ile');
a nere
elseif vers>=2 if checker

disp('Load LEFT shoe data.') error(*Shoetrunc: Invalid file name!');
end end

fileplaceR=fileplace;
(filename, fileloc] = uigetfile('* end
fileplace=[fileloc filenamel;
rawdataR=dlmread (fileplacer, ' ');

[toss,colf]=size (filename) ; messageR=(filenameR ' loaded'];

filename_abbrll=[filename (1,1t (colf-4)) 'tr'l; txt (and preser v Qisp (messageR) ;

ther L or end

filename_abbr2L=[filename(1,1:namelength) '_trunc']; fuse general identifies to store tr

unc v
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timetrunc.m, cont.

trigstartR=input ('\n Enter first high trigger point for R. \n  ');

ttl=trigstartl;

if vers
ttR=trigstartR;

end

if vers
rangel=trigstartL-2:trigstartL+2;

rangeR=trigstartR-2:trigstartRs2;
imelL(rangel) rawdatal(rangel,basetime_pos) /10000 triggerL(rangel) one ¢

5(5,1) rangeL'/10000
timeR(rangeR) rawdataR (rangeR,basetime_pos) /10000 triggerR(rangeR) ones(s,1)* ¢
2 rangeR’/100001;
ispldata;
triginfo=sortrows (displdata, 2)

for i=1:10
if triginfo(i,3)
triginfol(i,4);
riginfo(i,5) *10000;
autoid=[shoetrig linetrig/10000]
break

end
end

elseif vers==1

rigstartL-2:trigstartl+2;

trigstartl-2:trigstartl+2;
a1 imel(rangel) rawdatal(rangeL,basetime_pos)/10000 triggerL(rangel) one ¢

5(5,1) rangeL'/10000];

triginfo-sortrows (displdata, 2)

if goodornot==0
break

t 1:tpos)

(star 1:tpos)

if shoetrig==1;
shoetrig linetrig-starttimeptL+l];

truncinfo
else
truncinfo=[shoetrig linetrig-starttimeptR+l];
en
if saveit
appender (matfilenamel, datatruncl, £ilename_abbriL);
t fo, filename_t -
£ilename_abbrlL '" saved.']

disp (nessage) ;
if vers>=2

appender (matfilenameR, datatruncR, filename_abbriR);

messag
disp(' ');
disp (message) ;

filename_abbriR '" s

C:\sjm\Research\Matlab\THESIS\timetrunc.m Page 5 C:\sjm\Research\Matlab\THESIS\timetrunc.m Page 6
May 12, 2004 6:44:57 AM May 12, 2004 6:44:57 AM
dataplotterR(fsrsk(:,2),timeR, fig, ' ', splots, 1,61, k', 1) end
dataplotterR(fsrsk(:,3),timeR, fig, ' ', splots,1,6-1,'g", 1) if goodornot==999; return;end
dataplotterR(fsrsk(:,4),timeR, fig, ' ', splots,1,6-1,'z", 1)
dataplotterR (pvdfsk(:, 1), tineR, £ig, ', splots, 1,7-1, 'b', 1)
dataplotterR (pvdfsR(:,2), timeR, £ig, ', splots,1,7-1, 'z', 1) This section finds the start & end time points
dataplotterR (triggerR, timeR, £ig, ' ', splots, 1,splots, 'b', 1) starttimeptL=findtimepoints (timel, timeL,~1);
endtimeptLefindtimepoints (time2, timeL, 1) ;
rowtR=length (timeR) ;
end i€ vers>=z
starttimeptR=findtimepoints (timel, timeR,-1);
This section prompts the user to enter the start times - i.e. just before trigger endtimeptR=findtimepoints (time2, timer,1);
end
timel=input (*\n Where would you like the data to start?\n (pick a point just before subje v disp(" s
walking) \n ; diso( )
999; return;end disp(' s
time2=input ('\n Where would you like the data to end?\n (pick a point just before subject v
g
bottom=0.2; 1on e trigger point.
-1
iter=1; 1
while iter<so .2
if time2<=timel while iter<s
time2=timel+10; if iter
end trigstart=timel;
trigend=time2;
for i=l:splots else
subplot (splots, 1,1) axis([timel time2 bottom topl);
axis([timel time2 bottom topl); time3=input (' Enter the time just before the trigger goes high. \n
end trigstart=tine3-1.
trigend=time3+1.5;
goodornot=input (*\n Is this what you wanted? \n To change start time ONLY, enter 1, end
hange end time ONLY, enter 2, to change both enter 3, \n and if done, enter 0 (10 to z «
oom out, -10 to zoom in).\n  '); for i=1:splots
999; return;end subplot (splots, 1, 1)
o axis((trigstart trigend bottom topl);
if timel<timeL(l) | (vers>=2 & timel<timeR(1) end
disp('Try again, start time must be after the beginning of both L and R times
) tL1=findtimepoints (trigstart, timeL,
1seif time2>timeL(rowtl) | (vers>=2 & time2>timeR(rowtR) ) tL2=findtimepoints (trigend, timeL,1);
disp('Try again, end time must be before the end of both L and R times!®) [tryL, toss]=find(triggerl (tL1:tL2,1)
1se
break if vers>=
end tRI=findtimepoints (trigstart, timer,-1);
elseif goodornot tR2=findtimepoints (trigend, timeR, 1) ;
timel=input ('\n Where would you like the data to N [tryR, toss]=find (triggerR (tR1:tR2,1)==1);
elseif goodorno en
time2=input ('\n Where would you like the data to N
elseif goodorno if not(isempty(tryl)) & (vers==l | (vers>=2 & not (isempty(tryR))))
timel=input ("\n Where would you like the data to N subplot (splots, 1, trigspot) ; hold on;
time2=input ("\n Where would you like the data to end?\n '); Plot (LimeL (LLL+tryL(1)-1,1), triggerL (ELL+tryL(1)=1,1), r.")
elseif goodornot==10 text (timel (tLL1+tryL(1)-1,1),0.5, nun2str (LL1+tryL(1)-1)) 5
bottom=-0.1; top=1.1; if vers>=2
elseif goodornot==-10 subplot (splots, 1,splots) ; hold on;
bottom=0.3; top=0.7; plot (timeR(CR1+ryR(1)-1,1), triggerR (ERL4tTyR(1)-1,1), 'x
a text (timeR(ER1+EryR(1)-1,1),0.5, num2str (CR1+tryR(1)-1)) ;
iter=itersl; end
C:\sjm\Research\Matlab\THESIS\timetrunc.m Page 7 C:\sjm\Research\Matlab\THESTS\timetrunc.m Page 8
May 12, 2004 6:44:57 aM May 12, 2004 6:44:57 aM
if iter==1
goodornot=0; for i-1:5
else if triginfo(i,3)==1
goodornot=input ("\n Is this what you wanted 2 \n To f£ind trigger points manua shoetrig=triginfo(i,d);
1ly enter 1, else enter 0.\n linetrig=triginfo(i,5)*10000;
end autoid=[shoetrig linetrig/10000]
else break
goodornot=1; end
end end
end
LlvtryL(1)-1; Qisp(* )
autoidyes=input ('\n Do you want to accept the autoid numbers? Enter 0 is yes, 1 to co ¢
trigstartR=tRI+tryR(1)-1; ntinse. \n  ');
end if autoidyes==0;break;end
else
disp(* ');disp('Click on trigger points until you find the first high trigger poi ¢ shoetrig=input('\n Enter 1 if trigger high occurs first in L, 2 if first in R.\n v
5,0 )i
disp(*then hit escape.'); linetrig=input('\n Enter line number of first trig N
gname; disp(' ');dispmsg=['You entered ' num2str(shoetrig) ' g, and ' num2str(li ¢
netrig) ' for linetrig.'l;disp(dispmsg);
trigstartl=input ('\n Enter high trigger point for L. \n  ');
if vers>=2 goodornot=input ("\n Is this what you wanted ? \n To iterate enter 1, else if done, en ¢
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getshoedataorder.m

C:\sjm\Research\Matlab\THESIS\getshoedataorder.m Page 1
May 12, 2004 6:51:59 AM
function [shoedata_retl, shoedata_ret2, fol, qualinfoz] (subjvers, v

shoedatal, shoedata?, triggerflag, fig)

TAORDER (subjvers, shoedatal, shoedata?, flagdata, fig) takes in shoe data, and «

Data is linearly interpolated at bad-data pts a v
miss. version number to specify the type o two v
, int_c ata? must be Right s!
fsx fsr_mm, 4 fsrml, 6 pvdf_t, 7 bend i, 8 bend a,
yroz, 10 accelz, 11 gyroy, 12 accely, 14 accelx,
capacitive-heel, 16 capacative-toe,
future use, 20 - future use
v
ersion 011-019
v
o
z, accelx, fsr_hl, fsr_ml, fsr_mm, fsr_hm,
capacitive , trigger, computertime
e £lipped
17)
accelx,
capacitive
v
Version 2: 122-026) - all: new transmit, hence, new pvdf
v

ccelz, accelx, bend_i, bend

+ cap_h,

etime, trigger, c

celz, accelx, bend i, bend a, pvd:
s cap_h, b

etime, trigger, cc

if nargin<5;
interval=.00668;

[datalengthl,datawidthl] =size (shoedatal) ;
if notisempty(shoedatal) & datawidthl~=18

C:\sjm\Research\Matlab\THESIS\getshoedataorder.m Page 2
May 12, 2004 6:51:59 AM
baset imel-shoedatal (:,16) ;
triggerl= shoedatal(:,17);
comptimel-shoedatal (:,18) ;

end

(datalength?, datawidth2] =size (shoedata2) ;
if notisempty(shoedata?) & datawidth2~=18
error('Data is wrong size!')
basetine:

end
dataamount=15;

elseif subjvers:
reorderl=[9 11 13 12 10 14 7 8 5
reorder2=[9 11 13 12 10 14 7 8 6

[datalengthl,datawidthl]=size (shoedatal);
if notisempty(shoedatal) & datawidthl~=18
error('Data is wrong size!')

hoedatal (:,16);
shoedatal (:,17);
comptimel=shoedatal (:,18) ;

end
[datalength?,datawideh2] =size )i
if notisempty(shoedatal) & datawidth2~=18

error (D

a is wrong sizel')

hoedata (:,16) ;
shoedata (:,17);
comptime2=shoedata2 (:,18) ;
end
dataamount=15;
else
error('please enter a valid

if subjvers==l | subjvers
[timel, time2, triggap]=timeadjuster ([basetimel triggerl comptimell, [basetime2 trigger2 ¢

comptime2], triggerflag) ;

nd

Re-reorde 3
if notisempty(shoedatal)
[shoedata_retl,qualinfol]=dataadjuster ([shoedatal(:,1:dataamount) timel], reorderl, fig ¢

smo data

)i
else
datatoadil=(];
d

end
[shoedata_ret2, qualinfo?]=dataadjuster ([shoedata2 (:,1:dataamount) time2],reorder2,fig v
datatoadj2=(];

quality info
qualinfol(1,3:4)=[1 triggapl;
qualinfo2(1,3:4)=[2 triggapl;

error('Data is wrong size!')

else if notisempty (shoedata2)
C:\sjm\Research\Matlab\THESIS\getshoedataorder.m Page 3
May 12, 2004 6:51:59 AM
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timeadjuster.m

setime_trigger_rawtimeR, triggerflag)

uster (basetime_trigger_ran

~sjm@alum.mit.edu

imeadjuster (dataltr (:,16:18) ,da ¢

ARABABABARARARARAR AR AR AR AR A AR AR AR AR AR AR AR ¢

initial set-up
int=.00668; int2=int*2;

[lengthL, toss] =size (basetime_trigger_rawtimeL); [lengthR, toss]=size (basetime_trigger_rawti ¢

error ('TIMEADJ: L or R data must be non-empty!')

elseif length
basetime_trigger_rawtimel=[0 0 0];lengthl:
oneshoemissing=17

elseif lengtht
basetime_trigger_rawtimeR=[0 0 0];lengthR=1;
oneshoemissing="

asetime_trigger_rawtimeL;btrL(:,1)=btrL(:,1)/10000;
asetime trigger rawtimeRibtrR(:,1)=btrR(:,1)/10000;
timeL=[];timeR=(];

ARARARARAR AR AR AR AR AR AR AR AR AR AR A AR AR AR AR AR AR AR AR AL AR AR AR AR AR AR R &

if notisempty(triggerflag) & triggerflag(l)
£ btrl(round (triggerflag(2)),2)~=1
MEADJ: problem 1

error (‘N triggerflag')
btrL(round(triggerflag(2)),2)=-1;
elseif notisempty(triggerflag) & triggerflag(l)
btrR(round(triggerflag(2)),2)~=1
problen 1

error ('NE!

h triggerflag')

end
btrR(round (triggerflag(2)),2)

elseif notisempty(triggerflag)
error ('NEWTIMEADS: problem 3 with triggerflag')

shoe specific info
lengthL;btrL (i, 5:6)
engthR;bLrR (i,5:6)

initial evalua

B -
btrienta_cat (btrl);
RIGHT

C:\sjm\Research\Matlab\THESIS\timeadjuster.m Page 1 C:\sjm\Research\Mat1ab\THESIS\timeadjuster.m Page 2
May 12, 2004 7:03:20 AM May 12, 2004 7:03:20 AM
function [timeL,timeR,triggap,atir, returncheck]=timeadjuster (basetime_trigger_rawtimeL,ba ¢ A GGG A A A AN A A A GG NGNS AG A A AGAGAG A RGNS NG AL RGN AGAGAGAGAGAGASASAGALAGAGAGAG NS

combine L & R
alltimeinfo_unsorted=[btrl; btrR];
11c

(al1c fo_unsorted, 1) ;
£o rows (311t £o_ ime,3);
1ltineinfo_sortbybasetimethenrawtime;

~gagn. D P 0 0 Y P O
11 out all rows marked with a 0 pulls out "fake" row if of the shoes has n ¢
data entered)
atilss=[];atiNss=[];
for
if ati(i,4
ati0ss=[ati0ss;ati(i,:)];
else
atiNss=[atiNss;ati(i,:)];
end
[ati0ssL, toss]=size (atilss); [atiNssL, toss]=size (atiliss);
if ati0ssL + atiNssL ~= atiljerror('timeadj: mistake in subsets');end
B, B -

Deompt imes=diff (comptimes) ;
Deto
DDCtOs:

iff (Det0s) ;

Det0s (1,2)=0;
for i=2:length(Dct0s)
if Det0s(i,1)-DetOs (i-1,1)==1
Det0s (1,2) =Det0s (i-1,2) +1;

end
end

Det0s (:,2)=Det0s (:,2) +1;
Det0sls=find (Det0s (:,2)

checktheserows=(1;

length (Det0sls)

if DctOsls(i)==length (DctOs)
Dot0s_end=DetOs (Det0sls (1)) 415

else

Dot0s_end=Det0s (length (Dt0s) ) +1;

Det0s_end=Det0s (Det0sls (i+1)-1)+1;

checkrows=at iNss (Dct0s (Dct0s1s (1)) :DetOs_end, 1) ;

anyrollovers=find (checkrows (:,4)==-1 ) ;

if not (isempty (anyrollovers))
any0s=£ind (checkrows (:,4) ==0) ;

if abs(round( (checkrows (k,1)-checkrows (k-1,1) )/int)-((checkrows (k,1)-checkr ¢
ows (k=1,1) )/int))>.1
rollrow=k;
break
end

if ke=crL;rollrow=1;end

if rollrow>l %(if rollrow=1, no need to reorder))
atiNss (Dot0s (Det0sls (1)) :DetOs_end, 1) =[checkrous (rollrow:crl, :) ;checkrows (Lir
ollrow-1,:)1;
checktheserows=|checktheserous; Det0s (Dot0sls (1)) )5
end

make sure one shoe doesn't start with a ro ¢

) firstR=find(atiNss(:,5

& firstL(1)>1
a_info(atiNss (£irstl(1)-1:£irstL(l),:));
datainfo_forw=nta_info(atiNss (£irstL(1):£irsth(l)+1,:));
if datainfo_back(1,2)>0 & datainfo_back(1,2)<0.05
atiNss (EirstL(l),4)=-1;
elseif (datainfo_back(1,2)>0 & datainfo_back(1,2)<0.1) & (datainfo_foru(1,1)>0 & data ¢
info_forw(1,1)<0.05) twider
atiNss (firstL(l),4)

-1
else
if datainfo_back(1,5)>0.5
n=floor (datainfo_back(1,5)/0.4096) ;
if datainfo_back(1,3)<0;n=n+1;end
datainfo_back_nxro=abs (round ((datainfo_back (1,3)+n*.4096)/(.00668)) - ((data
info_back(1,3)+n*.4096) / ({00668)) )*sign(datainfo_back (1,3)+n*.4096); tcompare with prev ¢
ious point w/rollover
if datainfo back nxro>0 & datainfo back nxro<.2 & abs( (datainfo_back(l,3)+n* ¢
.4096) -datainfo_back(1,5))<.02
atiNss (FirstL(l),4

1on;

& FirstR(1)>1
_info(atiNss (£irstR(1)-1:£irstR(1),:));
info(atiNss (FirstR(1):firstR(1)+1,:));
,2)>0 & datainfo_back(1,2)<0.05

if datainfo_back(
atiNss (FirstR(1),4)
elseif (datainfo_back(l,2)>0 & datainfo_back(1,2)<0.1) & (datainfo_foru(1,1)>0 & data ¢
info_forw(1,1)<0.05) twider tolerances if okay in the forw direction
atiNss(£irstR(1),4)=-1;

else
if datainfo_back(1,5)>0.5

btrRenta_cat (btrR); if not (isempty (any0s))
returncheck=[btrLibtrR]; disp('fix this! (shouldn''t happen) - 1 - timeadj')
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atiNss (Dct0s (Dot0sls (1)) -2:Det0s (Detlsls (1+1)-1)+1+2, 1) n=floor (datainfo_back(1,5)/0.4096
end if datainfo_back(1,3)<0; n-n+ljend
[crL, toss]=size (checkrows) ; datainfo_back_nxro=abs (round ((datainfo_back (1,3)+n*.4096)/(.00668)) - ((data ¢
rL %find where the switch is info_back (1,3)+n*.4036) / (.00668)) ) *sign(datainfo_back(1,3)+n*.4096); tcompare with prev ¢

ious point w/rollover
if datainfo_back_nxro>0 & datainfo_back_nxro<.2 & abs( (datainfo_back(l,3)+n* ¢
4096) ~datainfo_back(1,5))<.02
atiNss (FLrstR(1),4)=-1%n;

end
end
end
FOT e e e MAEAEATARARARAE
check -1s (might not be next to each other due to dropped )
removerows=(1;
[compare_prev_nro compare_prev_ro BTdiff nro BTAiff CTdiff) ab v
S(BTAiff_ro-CTAiff)]=nta_info
1 2 3 4 5 6 7
for atiNssL
;datainfo_back_nxro=
if atiNss(i,4)<0
if notisempty(removerows) & last(removerows if previous row was removed, «
we need to compare to the previous row
y that more than 1 s) may be previous row

11 (remover
ta_info([atiNss (i-2,);atiNss(i,:)]);

else
datainfo_back=nta_info(atiNss (i-1:1,:));
if i<atiNssL Scompare to next row (unless we're at the last row)
datainfo_forw-nta_info(atiNss (i:i+1,:));
end
if datainfo_back(1,5)>0.5 for big gaps
n=floor (datainfo_back(1,5)/0.4096) ;
if datainfo_back(1,3)<0
nentl;
end
datainfo_back_nxro=abs (round ((datainfo_back(1,3)+n*.4096)/(.00668)) - ((data

info_back(1,3)+n*.4096) / (.00668)) )*sign(datainfo_back(l,3)+n*.4096); Scompare with prev ¢
ious point w/rollover

end

if datainfo_back(1,2)>0 & datainfo_back(1,2)<0.05
atiNss (i,4)
elseif i<atiNssL & (datainfo_back(1,2)>0 & datainf
£w(1,1)>0 & datainfo_forw(1,1)<0.05) Swider tolerances if o
atiNss (i,4)=-50;
elseif datainfo_back(1,1)>0 & datainfo_back(1,1)<0.05
atiNss(i,4)
elseif datainfo_back nxro>0 & datainfo_back_nxro<.2 & abs( (datainfo_back(l,3)+n* ¢
.4096) -datainfo_back(1,5))<.05
atiliss (i,4)=-50%n;
a point in error, but slipped through above
aluays the chance that there is an extra large gap
if datainfo_back(1,5)>0.5 %4 datainfo_back_2xr

_back(1,2)<0.1) & (datainfo_fo ¢
n the forw direction

datai Kk 2xro<.1 & a v
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timeadjuster.m, cont.
sjm\Research\Matlab\THESIS\timeadjuster.m Page 5 C:\sjm\Research\Matlab\THESIS\timeadjuster.m Page 6
May 12, 2004 7:03:20 AM May 12, 2004 7:03:20 AM
[datainfo_back_nxro abs( (datainfo_back(1,3)+n*.4096) -datainfo_back(1,5)) if not (isempty(atiOss))
atiNss (removerows,:)=[]; if notisempty(CTprevious) & notisempty(CTfollowing) %ati0. ) is in M
AENEAEARN if atir(last(CTprevious),2)>1 | atir(last(CTprevious),4 if previous row «
n=atiNss(i,4)/(-50); earlierstart=1;
if atiNss(i,4) r2f=last (CTprevious) -earlierstart + 2; i+l for s
n=floor((atiNss(i,3)-atiNss(i-1,3))/0.4096); i
if atiNss(i,l)-atiNss(i-1,1)<0 end
n=n+l; fixedrows=nta_fix([atir(earlierstart:last(CTprevious),:); ati0ss(i,:) 0; atir ¢
atiNss(i,7)=atiNss(i-1,7)+atiNss(i,1)-atiNss(i-1,1)+n*.4096; atir=[atir(1l: 14 tart-1,:);f d: tir(CTfollow (1)+l:atirL,:)]; ati «
elseif atiNss(i,4) atir=[atir(l:last(CTprevious)-1,:);reorderedrows;atir (CTfollowing(1l)+l:atirl, «
.
atir=[fixedrows;atir(2:atirL,:)]; atirl=atirL+l;
ta_fix_rr([0 2 atir(1,3)-5 0 atir(1,5) 0 atir(1,7)-5 ;atir ¢

Dtimel=atiNss (atiNssL,3)-atiNss (1,3)-atiNss(atilssL,7);

add ati0ss b:

reorderedroustenp:
(1:CTfollowing(1),:)],ati0ss(i,:));

reorderedrows=reorderedrowstemp (2:CTfollowing (1)+2,:);

atir=(reorderedrous;atir (CTfollowing (1) +1:atirL, 1) ; atirleatirLil;

th fake first row

Use nta_fix_rr w

if Drimes (i)
if Dflag
disp('cl

Dfla

eck time generation in timeadj')

end
[i Dtimes(i) atir(i,5:6) atir(i+1,5:6)]

end

if length(atir)~=atirlL

disp('check length of atir wrt atirlL in timeadj')

end
if length(atir)-~=lengthL+lengthR

disp(‘check length of atir wrt lengthL+lengthR in timeadj')

end

th

f£ix with trigger

need to reconstruct full matrix;
atir-atiNss;atirleatiNssL;
[ati0L, toss]=size (atilss); end
get rid of "fake" missing shoe data else isempty(CTfollowing) of atir
if oneshoemissing>0 if last(Clprevious)==atirL tatidss(:,) has a unique CI & is the new end row
ati0ss-atiss(2:ati0L, if atir(last(CTprevious),2)>1 | atir(last(CTprevious),d if previous row ¢
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tentially bad, include more rows if notisempty (triggerflag)
earlierstart-last (CTprevious)-10; trigspot=find(atir(:,2)==-1);
if earlierstart<l if isempty(trigspot) | length(trigspot)>l
earlierstart=l; error ('problem with finding triggerflag ')
end
r2f-last (CTprevious) -earlierstart + 2; #+1 for loc of previous), + ¢
for of rowzfix if atir(ctrigspot,5) if left shoe
else timetosubtract=atir (trigspot,);
earlierstart=last (CTprevious); else
r2£=2; timetosubtract=atir (trigspot,7)-int;
end end
fixedrowstemp=nta_fix([atir(earlierstart:atirl,:); atidss(i,:) 0; 0 2 atir(at ¢ atir(:,8)=atir(:,7)-timetosubtract;
irL,3)+5 0 atir(atirL,5) atir(atirl,6)+2 atir(atirL,7)+5 ],r2f); tuse nta fix
fixedrows=fixedrowstemp (1:atirl-earlierstart+1+1,:); onesbeforetrig=find(atir (1:trigspot-1,5)==1);
atir-(atir(1:earlierstart-1,:);fixedrows]; atirl-atirl+l; atir (last (onesbeforetrig), 8) ;
triggap-round( -atir(last(onesbeforetrig),8)/.0134)-1; $number of dropped packe
else %atilss(i,:) has a repeat—
reorderedrowstemp=nta_fix_rr ([atir (last (CTprevious) :atirl,:); 0 2 atir(atirl, v else %if no trigger provided, th 1St set time in first row = 0 (if it isn't already - v
3)45 0 atir(atirL,5) atir(atirl,6)+2 atir(atirL,7)+5 ],ati0ss(i,:)); %use nta fix rr with ¢ if ati0ss contained the real first row)
fake if atir(1,7)<0
reorderedrows-reorderedrowstenp (1:atirl-last (CTprevious) +1+1, 1) atir(:,8)=atir(:,7)+atir(1,7);
atir-(atir(1:last (CTprevious)-1, :) ;reorderedrows]; atirL=atirL+l; elseif atir(1,7)>0
end disp(*thought this shouldn''t happen: timeadj no trig’)
end atir(:,8)=atir(:,7)-atir(1,7);
end se
atir(:,8)=atir(:,7);
A RARARARARARARA A BABABA A A AR AR A A A B B A B R AR R R R R R R R R R AR R R R R R R R Y & end
237578087 triggap=(]; itriggap irrelevant
checks en
Dtime2=(atir(atirl,3)-atir(1,3)) - (atir(atirl,T)-atir(1,7));
if Dtimel>0.1 | Dtime2>0. R R R R R R R R e N R N R R R R R R S TR R R R R S S
disp('big time gap?') SRR
Dtinel un-sort o recover L and R time d
Dtime2 unsortatir-sortrows (atir,5); %sort by shoe type
end
£r,toss]=find (unsortatir (:,5)==2);
Dtimes=diff (atir(:,7));
Dflag=1 timeLtemp=unsortatir (1:fr-1,:);
for i=1:length(Dtimes) timeRtemp=unsortatir (fr:atirl,:);
check that the
ineRtemp (:, 6) -btrR

t they
Leheck=timeLtemp (
LehecknOs=find (Leheck:
if not (isempty(Lcheckn0s));disp('error in reconstructing
if not (isempty(Rcheckn0s));disp('error in reconstructin

)i

ind (Reheck
timeL') ;end

timeR');end

(,8);
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dataadjuster.m

C:\sjm\Research\Matlab\THESIS\dataadjuster.m Page 1 C:\sjm\Research\Matlab\THESIS\dataadjuster.m Page 2
May 12, 2004 7:11:02 AM May 12, 2004 7:11:02 AM
function [dataad),qualinfo]-dataadjuster (data,reorder, fig) {realenen, fakednew, nenrownins  9aps] =gapfiLier (cine, fakedata, 2*.00668) ;  “to get record of «

points where gaps are filled

adjuster (d:

,reorder, fig)
dataadj (:,21)=realtnew(:,1);

22)=realtnew(:,2)*0.1;
[dataadjlength, cols]=size (dataad]) ;

and runs data through findoutl

to the o

e flag for "generated"

ta during time gaps
ordere:

given by g
end with a 2 for twos , and 1 for gapfiller addition ¢

extra column at tl

stacy J -~ sjmealum.mit.edu

if nargin<3
ig=0; place outliers

elseif nargin<2 if notisempty(datatoreplace)
error('please enter both data and reorder'); (derL, toss)

ize (datatoreplace) ;

replace data
if datatoreplace (i, 1;—— | dataturep]aceu 1)
ery last needs replacing, set = me tha
dataldatatoxep]acehi,j) meamda al:, i)
else
p=polyfit ([time (datatoreplace(i,1)-1,1);time (datatoreplace(i,11+1,1)], [da «
ta(datatoreplace(i,1)-1,7) ;data(datatoreplace (i,1)+1,3)],1);
data (datatoreplace (i,1),3)=polyval (p, time (datatoreplace (i,1),1));

~datalength %if first or v ¢

up
[datalength, dataamountfull_temp]=size (data);
qualinfo=zeros(1,15);

sigthr=(3;3;3;3;5:53:3:5;55:5:5:53:3:3;31;

origdata=data;
clear data; end

if dataamountf: emp~—]ength(reaxder1
Gacammonnt full _te

length (L\qioxiuxder}

gaps are fil
datatoreplace (i)) ;

error('problem with fig_or_order'); tuof Lagedeczhase (dataad (r,22),3,18) 5
end twoflag (j) -nun2str (datatoreplace (1,2));

dataad] (x,22) Sbase2dec (tworlag, ) ;
Lostcols:

if datatoreplace (i,2)=
qualinfo(1,6)= qual)nto(] 6)+1;

elseif datatoreplace (i,
qualingo(1,5)= quaunfam 5)41;

lataamountfull_temp

if reorder(i)>0
data(:, reorder (i))=origdata(:,i);
reorderrev(l, xecmezmm,

elseif reorder (i
lostcols= 1\:5&01;«1 end

end

end

end
end

[toss,newdata] =gapfiller (time,data(:,3),2%.00668);
ps are filled in
dataads (:, ) =newdata;

£ points where ga v

origdata=data;

end
dataamount full=dataamountfull_temp-lostcols;

Graph if desired
time=data (:,dataamountfull); if fig0
dataamount=dataamount full-1; for i=0:1:4

figure (fig+i) jelf;
Find 2 c end
[£2, toss]=€ind (data (¢, L:dataanount)

if not (isempty(r2))
suspectrows=rindunique (£2);
else
suspectrows=(];

g fig fig fig

g+1 figtl fig+l

g+1 figrl fig+l

figs=(fig fig fig fig fig+l figsl fig+l figel Figh2 Fig+? figs2 Fige2 Figed figs3 fig o
+3 ige) figti fighi figh figials

titles=['hm

S dns 705 tbend ank 6
Run Analysis itgyro x  13';'accel x 14
£akedatasones (datalength, 1); 19050 201

en:

47; 'heel 5'i'toe v
gyroy 11'i'accel y 12'w
17 18w

C:\sjm\Research\Matlab\THESIS\dataadjuster.m
May 12, 2004

678910 ;112345678910 ;
0';'12345678910"; 11234
107511234

ms=ones (1,20) *4;
ns=ones (1,20) ;

Ps=(12341234612341234123412534l;

Lowax= [000000000000000.400000];
highax=[111111111111111 21111];
dataamount
figure (figs(j));subplot (ms(j),ns (3),ps(3));

figpad=get;
plotadjdata (dataadj (:,3) ,dataad] (:,21),dataadj (z,22) , 3, figpad) ;
title(titles(3,:));
axval=axis;axis ([axval(1:2) lowax(j) highax(3)1);

end

2-trial
1setsdrop
ets 10-longeststretch
11-totalset

epldata:total2s 6-repldat.
ckets 9-shorteststreteh

lones

qualinfo=(1-

fdroppedpack ¢

replacedpackets 13-#replp:

ets-lengthl, ¢

if notisempty (gaps)
(gaplength, tos

ize (gaps
qualinfo(l,7) =gaplength;
qualinfo(1,8) =sum(gaps(:,2)); Sc

pped packets at each g ¢

ap
qualinfo(l,9)=min(gaps(:,2));
qualinfo(l,10)=max (gaps (:,2));
qualinfo(l,11) =sum{gaps(:,3)); tcolumn 3 contains 1 if dropped packets were replac
sortgaps3=sortrows (gaps, 3) jonestart=find (sortgaps3(:,3)==1);
qualinfo(l,12) =sum(sortgaps3 (onestart (1):last (onestart),2)); Ssum just of packets wh ¢
ich were replac

sortgaps: trows (gaps, 2) ; + (:,2)==1) ; num (o2 ¢
2) jnumthrees=find (sortgaps2 (:
if notisempty(numones); qualinfo(l,13)=length (numones); end
if notisempty(numtwos); qualinfo(l,14)=length (numtwos); end
if notisempty(numthrees); qualinfo(l,15)=length(nunthrees); end

end
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findoutliers.m

C:\sjm\Research\Matlab\General\findoutliers.m Page 1 C:\sjm\Research\Matlab\General\findoutliers.m Page 2
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function datatoreplace=findoutliers(data, time,sigthr,fig, itermax, suspectrows) figure(fig)
clf;subplot (2,1,1) shold on;
findoutliers (data, time, sigthr, fig, itermax) plot (timeorig, dataorig(:, 1), 'b')
atatoreplac indices in fir plot (timeorig, dataorig(:,1),'b.")
notes in second colu "ba end
J Morris ~ symealum.mit.edu
if nargin<3 i
sigthr=3;
£ig=0; sigthrorig=sigthr;
itermax=2; srl-length (suspectrows) ;
suspectrows= srin
elseif nargin<d
while iter<itermax
tting purp
if iter==0 & Fig>0
a=diff(data(:,1));
subplot (2,1,2) shold on;
suspectrows=(1; plot (time, [Ddata;0])
elseif nargin<é end
suspectrows=(1;
end lengthdatastart=length (data) ;
if itermax>?
5 ‘lengthdatastart-2
max reset to 7'); srelag
datalength=length(data); iadj=lengthdatastart-length(data(:,1)); ti in adjusted data -- need to repeat the ¢
dition (time) ; same row, otherwise ue evaluating the next point!
(throw off stddev) iact=data((i-iadi),2);
datalength iactnext-data ((i-iadj)+1,2);
data(i,2)=i; $keep original index
srind<=srl & iact>suspectrows(srind) Sin case of the two - need to v
ra!
srindesrind+l;
[x2, toss]=find (data(:,1 ; if srind<ssrl & iactnex
for i-1:length(r2)s%chop out the 2! it (we are ev
if r2(i)=1
time=[time(2:length(data),:)];
data=[data(2:length(data), ;)] end
elseif r2(i)--datalength
time=[time (1:length (data)-1,:)1; 5; sfo ety, check imid each time
data=[data (1:length(data)~1,:) 17 length (data) <2*imid
else imid=floor (0.5*length (data))-2;
r2adj=datalength-length (data) ; end
£2(i)-1-r2adj, :); time(r2(i)+1-r2adj:length(data),:)];
(1)-1-rzadj, :); data(r2(i)+l-r2adj:length(data), :)]; (i-iadj)<imid
Ddata_iter-diff (data(1:imid*2,1));
dataorig(r2(i),1)=1.1;%for plotting Ddata_i_loc=(i-iadj);
data(r2(i),1)=0.5* (data (r2 (1) +1,1) +data (r2 (1) -1,1)) ; elseif (i-iadj)>length(data(:,1))-inid
end Ddata_iter-diff (data(length(data(:,1))-imid*2:length(data(:,1)),1));
Ddata_i_loc=(i-iad}) - (length(data (:, 1)) -imid*2) +1;
else
plot origina Ddata_iter=diff (data((i-iadj)-imidtl: (i-iadj)+imid-1,1));
if £ig>0 Ddata i loc=im
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end iter=itermax;
else
if £1g>0 fuse orig i's and timeorig (just for plotting) itersitertl;
if iact<ll end
time i loc=11 end
elseif iact>datalength-10
time_i_loc=datalength-10; repldata=(repldata;r2 ones(length(r2),1)*(iter*2+1)]; %add in 2s
else [sTd211L, toss)=size (repldata) ;
time_i_loc=iact;
end if srd21L>1
da sortrepldata2e=sortrous (repldata, 2) ;
sighd_iter=std(Ddata_iter sortrepldata2l=sortrows (sortrepldata2, 1);
meanDd_iter-mean (Ddata_iter); else
sortrepldatazl=repldata;
Dd_i_flag=( Ddata_iter(Ddata_i_loc,1)>=sigthr*sigDd_iter+meanDd_iter | Ddata_iter ¢
(Ddata_i_loc, 1)<-meanDd_iter-sigthr*5igDd_iter) & Ddata_iter(Ddata_i_loc,1)~=0; datatoreplace=(];
Dd_iplus_flag=( Ddata_iter(Ddata_i_loc+l,1)>=sigthr*sigDd_iter+meanDd_iter | Ddat v
a_iter(pdata_i_loctl,1)<=meanDd_iter-sigthr*sigbd_iter )& Ddata_iter (Ddata_i_loc+l,1)~=0; et v
if Dd_i flag & DA iplus_flag & diffsigns(Ddata_iter(Ddata_i_loc,1),Ddata_iter(Dd dotcol=['go'; ko' "
ata_i_loc+1,1)) dotcol (iter*2+l,:)
repldata=(repldata; data((i-iadj)+1,2) iter*2+1];
data=[data(1: (i-iadj),:); data((i-iadj)+2:length(data),:)]; tget rid of this v
ter+l
if fig>0
subplot (2,1,2)
plot ([timeorig(time_i_loc-10) timeorigi(time_i_loc+10)], +[sigthr*sigbd_it ¢
er sigthr*sighd_iter]+meanDd_iter,col (iter+l,:));
plot ([t: timeorig(time_i_loc+10)], - [sigthrtsigdd it v datatoreplace=[d 1(:,1) replnotel;
er sigthr+sighd_iter]+meanDd_it S0 £ig50
end subplot (2,1,1);
elseif srflag plot (timeorig(sortrepldatazl(i,1)),dataorig(sortrepldatazl (i, 1)), dotcol (sortr ¢
Dd_i flag=( Ddata_iter(Ddata i loc,1)>=(sigthr-1)*sigbd iter+meanDd iter | Dd ¢ epldata2l(i,2),:));
ata_iter (Ddata_i_loc,1)<-meanDd_iter-(sigthr-1)*sigbd_iter); end
DA_iplus_flag=( Ddata_iter(Ddata_i_loc+1,1)>=(sigthr-1)*sigDd_itertmeandd_ite v elseif sortrepldata2l(i,1)-=sortrepldata2l(i-1,1)
r | Ddata_iter(Ddata_i_loc+l,1)<=meanDd_iter- (sigthr-1)*sigDd_iter ); datatoreplace=(datatoreplace; sortrepldata2l (i,1) replnotel;
diffsigns_flag=diffsigns (Ddata_iter (Ddata_i_loc,1),Ddata_iter (pdata_i_loc+l,1 ¢ it
e subplot (2,1,1);
if Dd_i_flag & Dd_iplus_flag & diffsigns_flag Lot (timeorig(sortrepldata2l (i,1)),dataorig(sortrepldata2l (i,1)),dotcol (sortr v
repldata-(repldata; data((i-iadj)+1,2) iter:2+2]; epldata2l(i,2),:))
data=[data (1: ; data((i-iadj)+2:length(data) 1) ]; iget L end
his data end
end
if fig>0
subplot (2,1,2)
plot ([time (time_i_loc-10) time(time_i_loc+10)1, +[(sigthr-1)*sigbd_it ¢
er (sigthr-1)*sigbd_iter]+meanDd_iter,col (iter+l,:));
plot ([time(time_i_loc-10) time(time i loc+10)1, -[(sigthr-1)*sigbd_it ¢
er (sigthr-1)*sigDd_iter]+meanDd_iter,col (iter+l,:));
end
end
end
end
if isempty(repldata)
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gapfiller.m

C:\sjm\Research\Matlab\General\gapfiller.m

dta=[data time adjustments];
sdta=sortrows (dta, 3.
sdtal=length (sdta) ;

adjustments

nd the - e original, unchanged da

r0L-length (r0) ; 1 all be in order ...

plot (sdta (r0 (1) :x0 (r0L),2),5dta (r0 (1) :x0 (£0L) 1), *k. ", 'Linewidth', 0.5, ‘markersize' ,ms_k); ¢
plot as black dots instead of blu

(r1,c1]=find(sdta(:,3)==0.1); %find the point ones se are data add or

if not (isempty (rl))
ril=length(rl) e in o
plot (sdta(rl (1) :r1(rlL),2), sdta(rl (1)
ecolor', [0.5 0.6 0.8]);
end

ones will a

rl(riL),1), 'ks', 'markersize’,ms_gray, 'markerfac ¢
dots instead 00.9

plot as gr

£ as [0 0.9 1], light

if isempty(rl) & r0] al %no ones o
sdta2s=(1;

elseif isempty(rl) &rOL<sdtal ir
sdta2s=sdta (r0 (r0L) +1:sdtaL,

elseif r0(r0L)+l==rl(1) & rl(rlL)

s twos/changes

elseif r0(rOL)+1

r1(1) & rl(rlL)<sdtal

ones immedia

two d

ter on 1y
dea(rl(rlL)+1:sdtal, :);

if not (isempty (sdta2s)) Stu ould be
[sdta2sL, toss]=size (sdta2s) ;
for i=l:sdta2sL
twoflag=decZbase (sdta2s(i,3),3,18);
twoflagj=str2num(twoflag(j));

r this sensor

if twoflag

Page 1 Ci\sjm\Research\Matlab\General\gapfiller.m Page 2
May 12, 2004 7:12:44 AM May 12, 2004 7:12:44 AM
function [xnew,ynew, rownuns, gaps]=gapfiller (x,y,in, £ig) else

xnew=x (1:gaps (1,1),1); &f a
ER(x,y,in, fig, Np, BF, figt) xnew(1,2)=0; §(to start se
ynewsy (1:gaps (1,1),1);
tine, in: sample interval rownums=rownums_orig(1:gaps (1,1),1);
inew=gaps (1)+1; %inew: ew wil t
£ig: val r the figure number for graph of ynew, for no graphs
or if none of the other variables are used, it can be left blank) for i-1:gL
if gaps( 11 in th ever missing packets
figt: like fig, but to plot xnew P=POlyfit ([xnew ((inew-1),1);x(gaps(i,1)+1,1)], [ynew((inew-1),1) ;¥ (gaps (i,1)+1 ¢
RN
()2003 Stacy J. Morris ~ sjm@alum.mi
for j=1:gaps(i,2)
xnew (inew, 1) =x (gaps (1,1)) +3*in;
if nargin<d xnew (inew, 2) =1; 5 to say this data is genera
£i ynew (inew, 1) =polyval (p, xnew (inew, 1)) ;
end ownums (inew, 1
inew=inew+1;
v end
gaps (1,3)=1; %1 to ind this gap data was replaced
datalength=length (x d
yl=length(y);
if yl~=datalength if i<qL
error ('GAPFILLER: x,y must be the same length') xnew=[xnew; x(gaps (i,1)+1:gaps (i+1,1),1) zeros(gaps(i+1,1)-(gaps(i,1)41)+1,1) ¢
end 1; %add in next block of good data (new values dded in)
ynew=lynew; y(gaps(i,1)+1:gaps (i+1,1),1)17
v rownums=[rownums; rownums_orig(gaps (i,1)+1igaps(i+l,1),1)];
inew=-length (xnew) +1;
Find gaps else
qaps=11; xnew=[xnew; x(gaps(i,1)+1:datalength,1) zeros(datalength-(gaps(i,1)+1)+1,1)1;
add in last block of good data (new values alr added in)
xchange=diff (x(:,1)); ynew=[ynew; yl(gaps (i,1)+1:datalength,1)];
xchange (:,2) =round (xchange (1, 1) /in) =17 Tounums=[rownums; rownums_orig(gaps (i,1)+1:datalength,1)1;
[rx, toss]=find (xchange (:,2)>0) ; end
gaps=[rx xchange (rx,2)]; end
[gL, toss]=size (gaps) ; end
v v
Set up rownums Graph, i
for i-l:datalength if fig>0
rownums_orig (i, 1)= figure(fig);clf;hold on;
end plot (x,y, 'b.")
axvale=axis;axis([axval(1:2) 0 11);
v 1), ynew, 'color', [0.1 0.8 0.2])
1), ynew, 'z.")
Fill in gaps '
warning off MATLAB:polyfit:RepeatedPointsOrRescale; if isempty(gaps)
warning off MATLAB:polyfit:PolyNotUnique; xlabel ('No Gaps!');
changefont (*ari
heckmean, checkmean-min (y)) ; end
end
if isempty(gaps)
xnew(1,2)=0;
ynew=y;
rownums=rownums_orig;
disp('No gaps!!')
C:\sjm\Research\Matlab\THESIS\plotadjdata.m Page 1 :\sjm\Research\Matlab\THESIS\plotadjdata.m Page 2
May 12, 2004 7:18:06 AM May 12, 2004 7:18:06 AM
nction plotadjdata (data, time,adjustments, 3, £ig) plot (sdta2s (i,2),sdta2s (i,1), 'k. ', 'Linewidth', 0.5, 'markersize’ ,ms_k) ; t o
as black inst £ blue dots
plotadjdata (data, time,adjustnents, 3, £ig) elseif twoflag) repla
Lot (sdta2s (i,2),sdta2s(i,1), 'kd', 'narkersize’,ms_g, 'markerf. 0w
olumn vector of data, column vector of adjustments (as labeled lor',[1 1 0], 'LineStyle','.", 'linewidth',0.5); %plot as medium green diame
juster.m), identifying data vector's location and fig (i.c elsei wo data
ustments plot (sdta2s (1,2),sdta2s (i,1), 'kp', 'markersize',ms_r, 'markerfacecolor’, 'r') %c ¢
olor, (1 0.1 0.5], 'LineStyle','.", 'linewidth',0.5); $plot as red pentagon
sjmealum.mit.edu else
disp(‘uh oh')
v twoflag)
end
figure (fig) shold on; end
plot (time, data, 'k'); &'col 0.10.6 lot line of data in
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gencalibrations.m

C:\sjm\Research\Matlab\THESIS\gencalibrations.m
May 12, 2004

7:

Page 1
30:31 AM

function gencalibrations (datanames)

GENCALIBRATIONS

datanames should be a matrix with subjid trialid shoeid]
(c)2003 Stacy J Morris ~sjm@alum.mit.ed
sabled') ; return
~ load relevant data B B
load c:\sjm\research\data\alldata\allgsy
sjm\research\data\calibfactors\allmeans

\research\data\calibfactors\fsrtokg
load c:\sjm\research\data\calibfactors\bendzdeg
\research\data\calibfactors\gyrocalfac

gyro_sts=(gyrocal
Toad ci\s3

stl(:,2) gyrocal_st2(:,2)1; Scol 1
m\research\data\calibfacto;

\acccalfac; g

.81;
[ 0.5%(accel_scalefactor_stackl (L, :) +accel_scalefactor_stackl (2

accel_zos

)
ccel_scalefactor_stackZ (1, :) taccel scalefactor_stackZ(2,:))'] ;
accel sfs=[(0.5*(accel scalefactor stackl(l,:)-accel scalefactor stackl(2,:))/g)"
ccel scalefactor stackZ (1, :)-accel scalefactor stackZ(2,:))/g)']7

for i=1:2:length(datanames)

disp(['gsv0' num2str(datanames(i 1)) '_' num2str(datamames(i,2)) ', row '
)i
eval (['datal =

nun2str (datanames (i,1))
eval(['d

num2str (datanames (i,1)) ' '

~meansL

subj (i,1)-10,
if dataname:

s (i,1)<21;stackL=1; stackR=

(i,1)-

selse;stacklL=

sstackk=1;end

atal=sortrows (datal, 22) ;nonzero=find(datal (:,22)>0);
tal(l:nonzero(1)-1,:) jend
a

rerows (dataR, 22) jnonzero=find(dataR (

_kg_L=feval (F_smallfsrs,dat
) jmetmed_kg_L =feval (F_bigfsrs,

heelmed kg i
) jmetned kg R

fal(:,1)); heellat_kg_

datal(:,3)); metlat_kg L =feval(F_bigfsrs,
=feval(F_smallfsrs,dataR(:,1)); heellat kg
eval (F_bigfsrs, dataR(:,3)); metlat_kg R ~feval(F_bigfsrs,
rsunlometred_kg_L+netlat_kg_L+heelmed_kg_L+heellat kg
fsrsunRemetned_kg_Rtmetlat_kg_Rtheelned kg_R+heellat_kg_R;

dataL(

datar(

caldatal(:,1:
caldataR(:,1:4

[heelmed_kg_L heellat_kg_L metmed_kg_L metlat_kg_L];
heelmed_kg_R heellat_kg_R metmed kg R metlat_kg_R.

caldatal
caldataR

(dataL(:,5)~subjmeansL(1,5) datal

(:,6) -subjmeansL(1,6)];
[dataR(:,5)-subjmeansR(1,5) dataR

1 6) ~subjmeansR (1, 6)1;
center bends
caldatal(:,7:8
caldataR(:,7:

dataL(:,7)-subjmeansL(1,7) datal

18) ~subjmeansL (1,8) 17
dataR(:,7)-subjmeansR (1,7) dataR

+,8) -subjmeansR (1,8)1;

0.5%(a ¢

(0.5%(a ¢

num2str(i)] ¢

num2str (datanames (1,2)) 'L;'1);
num2str (datanames (i,2)) 'R;'1);

if notisempty(nonzero);datal=da ¢

22)>0); if notisempty(nonzero);dataR=da ¢
taR(1:nonzero(1)-1,:) jend

calibrate fsrs

heelmed_k

~feval (F_smallfsrs,datal(:,2) ¢

24

“feval(F omallfsrs,dataR(s,2) ¢

)i

C:\sjm\Research\Matlab\THESIS\gencalibrations.m
May 12, 2004

end

calibrate gy

assuning subjmeans

/13) -subjmeansL(1,13)) /gyro_sfs (1,stackL) ;

caldataR (:,13)=(datak (:,13) ~subjmeansk (1,13)) /gyro_sfs (L, stackR) ;

caldataL(:,11)

datal.(:,11) -subimeansL (1,11)) /ayro_sfs (2, stackl) ;
caldataR(:,11)

dataR (:,11) ~subjmeans® (1,11)) /gyro_sfs (2, stackR) ;

ldataL(:, 9)=(dataL(
caldataR(:, 9)=(dataR(

, 9)-subjmeansL(l,
, 9)-subjmeansR(1,

9)) /gyro_sfs (3,stackL) ;
9)) /gyro_sfs (3, stackr) ;

calibrate

caldataL(:,14)

datal(:,14)-accel_zos (1, stackL)) /accel_sfs(1,stackl);
caldataR(:,14)=(dataR (:,14) -accel_zos (1, stackR) ) /accel_sfs (1, stackR) ;

caldatal(:,12)=(datal (:,12) -accel_zos (2, stackL)) /accel_sfs (2, stackl);
caldataR(:,12)=(dataR (:,12) -accel_zos (2, 5tackR) ) /acc:

1 s£s5(2,5tackR) ;

10) = (dataL (:,10) -accel_zos (3, stackL)) /accel_sfs (3, stackL)
:,10)=(dataR (:,10) -accel_zos (3, stackR) ) /a

1s£5 (3, stackR) ;

nun2str (datanames (i,1)) '_'

nun2str (datanames (i,2)) '
! num2str(datanames (i, 1)) '

"' num2str(datanames (i,2)) 'R«

'R _cal=caldataR,
emfsasis(l, ['gsv0' num2

(datanames (i,1)) '_'
emfsasis (2, ['gsv0' num2

num2str (datanames (1,2)) 'L
(datanames (i,1)) '_'

num2str (datanames (i,2))

i
"Real'l);
save c:\sjm\research\data\calibrateddata *_cal

clear caldatal caldatak;
end

clippedmean.m

C:\sjm\Research\Matlab\General\clippedmean.m
May 12, 2004

ngth (data) ;
toremove=floor (0.1*dataL) ;

datasort=sortrows (data,1);

that the top / bottom
clippeddata=datasort (toremove+l:datal-toremove) ;

cm=mean (clippeddata) ;

Page 1
7:32:32 AM
function cn-clippednean (data
emoves top and bottom 10
datal:
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linear_integrator.m

C:\sjm\Research\Matlab\General\linear_integrator.m Page 1
May 12, 2004 7:32:09 AM

on int_data=linear_integrator (data,time,initialvalue)

nct

n value) integrates the data fun time,
T is small enough theat the data £ inear
returns the inte funct
~ sjmealum.mit.edu

time_end=length (time);

int_data(l,1)=initialvalue;

time_end
m=(data (i) -data (i-1)) / (time (i) ~time (i-1));
b=data (i-1)-m*time (i-1);

int_data(i,1)=(1/2)*m* (time(i)"2 = time(i=1)"2) + b* (time(i)-time(i-1)) + int_data(i- ¢
10

linear_integrator_endadjust.m

C:\sjm\Research\Matlab\THESIS\linear_integrator_endadjust.m Page 1 C:\sjm\Research\Matlab\THESIS\linear_integrator_endadjust.m Page 2
May 12, 2004 8:40:01 AM May 12, 2004 8:40:01 AM

function [int_data,nudge_valuel=linear_integrator_endadjust (data, time, initialvalue, endval ¥

see which a
if not (oppsigns ((endvalue-last (int_data)),lastdiff)) & not (abs(endvalue-last (int_ ¢
esser (abs (endvalue-last (int_data)),abs (lastdiff)))

data))

value,endvalue, toporbottom) integr

have iterated into a ba ¢

1T is small enough that the data function ¢ i bad plac £

e 1;usesnallbutpo
gehistory(1); lastdiff=(endvalue-last(int_data)); nudgehistory-

nudge_value=10*nud ¢
alue;nudgehistory ( ¢

Dl
This is for use with s not kn v elseif not(oppsigns ((endvalue-last (int_data)),lastdiff)) Ssame or > v
the data as ttle smaller
is, and then checks the las and iterates data up/ v nudge_value=0.80*nudgehistory (1); lastdiff=(endvalue-last(int_data)); nudgehi ¢
down until the story=(nudge_value;nudgehistory (1
resulting endvalue THAN the given gn, but b hoo halfway betw ¢
een 1 second - mean (nudgehistory)
It returns the integrated function, and the (subtract the nudge value to a ¢ % mean (nudgehistory) ; lastdiff-(endvalue-last(int_data)); nudgehis ¢
djust) tory=(nudge_value; nudgehistory (1)1
end
)2003 Stacy J. Morris ~ sjm@alum.mit.ed
end
initia ion
int_data=linear_integrator (data, time, initialvalue); if getoutofjailfree & isempty(smallbutpos) & abs(last(int_data))<10%endlimit; %e.g. w v
1 as above in case the round which resulted in the getoutofjailfre v
e Limit
endlimit = .5% fullscale t of jail free!! - at time ' t (time)
endlimit-.001*(max (int_data)-min(int_data));
escapehatch=50;
data_adj-data; £ usesmallbutpos & notisempty(smallbutpos); nudge_value=smallbutpos(l); escapehatch ¢
ilfree=0;smallbutpos=(]; usesmallbutpos=0; end
lastdiff=0; nudgehistor: 01;
apply nudge value
data_adj=datatnudge_value;
s (endvalue-last (int_data))<endlimit
if endvalue>last (int data) | getoutofjailfree = te
reak; int_data-linear_integrator(data_adj, time, initialvalue);
else
if isempty(smallbutpos) escapehatch-escapehatch-1; firsttime=0;
smallbutpos=[nudge_value abs (endvalue-last (int_data))]; if escapehatch=—0;disp([' - - at time ' num2str(last(time)) ', escape hatch ¢
elseif abs (endvalue-last (int_data))<smallbutpos (1,2) flipped'])jend
smallbutpos=[nudge_value abs (endvalue-last (int_data))]; end
end
end
nudge value (e.g. if val v
i11 be positive)
it, make sure it doesn't become unstable
if stable, signs should switch, and diff should get smalle

ime | ( oppsigns((endvalue-last(int_data)),lastdiff) & abs(endvalue-last(in ¢
esser (abs (endvalue-last (int_data)),abs (lastdiff)) ))

nudge_value=nudge_value+ (endvalue-last (int_c

lastdiff=(endvalue-last (int_data)); nudgehis

nudge_value;nudgehistory (1)];

if getoutofjailfree & isempty(smallbutpos) & abs(last(int_data))<l0*endlim
1

disp(['get out of time ' num2str(last(time))]);b:
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sim

psonsintegrator

C:\sjm\Research\Matlab\General\simpsonsintegrator.m Page 1
May 12, 2004 7:43:10 AM

function [yy_si,t_sil=simpsonsintegrator (fnname,tt_1,tt_2, timediff,yy_init)

if nargin<3

001

elseif nargin<d
/_init=

init=0;

yy_si=l);t_si=(1;
tt_1itimediff:te_2

quad (fnname, i-timediff, i) +yy_init]; yy_ini si);

simpsonsintegrator_endadjust.m

C:\sjm\Research\Matlab\THESIS\simpsonsintegrator_endadjust.m Page 1
May 12, 2004 7:41:47 AM

unction [yy_si,t_sil=simpsonsintegrator_endadjust (tt_1,tt_2,timediff,yy_init,endvalue)

yy_init_orig=yy_init;

yy_si=[yy_init);t_si=[te_1

tt_T+timediff:timediff:tt 2

quad (@anglepp_fun, i-timediff, i)+yy_initl; yy
il

last (yy_si);

sjm\Research\Data\calibfactors\anglepp; tt_p
t_pp);

Load tt_l:timediff/S:tt_2];

yy_orig=ppval (pp.

endlimit=.001* (max (yy_si)-min(yy_si));

escapehatch=
while escapehatch>0

if abs(endvalue-last (yy_si))<endlimit & endvalue>last(yy_si);break;end

nudge_value-nudge_value+ (endvalue-last (yy_
yy_nudged-yy_origtnudge_value; pp=spline(tt_pp,yy_nudged) ;
save c:\sjm\Research\Data\calibfactors\anglepp_nudged pp;

yy_init_orig
1+timedif
yy_si =lyy_si; quad(@anglepp_fun_nudged,i-timediff,i)+yy_initl; yy_init=last(yy_s ¢

escapehatch-1
aisp(l' - -

me ' num2str(tt_2) ', escape hal
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accel_integrator.m

easX, MeasY, time, pitch, stack, subj, boundlocs, fig)
if nargin<g

cpx=cos (phis (:,1));spx=sin (phis (:,1));

cpy=cos (phis (:,2));spy=sin(phis (:,2));
Rx=- (Mx.*spy-My.*spx) ./ (cpx.*spy-cpy.*spx); i-sion
Ay=- (Mx.*cpy-My.*cpx) ./ (spx.*cpy-spy.*cpx) ; -sign

boundlocsX=boundlocs; boundlocsY=boundlocs;

for i-1:size (boundlocsX, 1)
Xvel_shoe (boundlocsX (1, 1) tboundlocsX (1, 2) , 1)

undlocsX(i,2)), time (boundlocsX (1, 1) :boundl ocsx(l, 2)),0); tunits it
Xvel_room (boundlocsX (i,1) :boundlocsX (i,2) ,

undlocsX(i,2)) , time (boundlocsX (i, 1) :muna,acsxu 2,005
Yvel_room (boundlocsY (i,1) :

¥(1,2)), time (boundlocsY (i, 1) :boundlocs¥ (i,2)),0); bunits ir

nits in m/s

C:\sjm\Research\Matlab\Analysis\accel integrator.m Page 1 C:\sjm\Research\Matlab\Analysis\accel integrator.m Page 2
May 12, 2004 7:48:55 AM May 12, 2004 7:48:55 AM
oundlocsY(i,2),1)=1linear_integrator (Yvel_ rnom(bound ocsY( «

function [accintresults_xroom,accintresults_yroom,accintresults_xshoel=accel_integrator (M ¢

fig==0;

- - - - B - - B - - - - ¢

9.81; tn/s2

- - oad calibration info % - - - - - - - -
load c:\s \Data\calibfactors 1fac
eval (['scales=accel_scalefactor_stack' num2str(stack) ';'1);
load c:\sim\Research\Data\calibfactors\allmeans
eval (['outputsatrest=means_stack’ num2str(stack) '(' num2str(subj-10) '
20 = 0.5%(scales(l,:)+scales(2,:)); sero offset
S5£2g= 0.5+ (scales (1, :)-scales(2,:))/(9.81); sscale ert t

- - ot up - - - - - - - - - - e
thetam-pitch*pi/L80; ichange to righthand rule an
Mrests=[ (outputsatrest (1, 14) -zo (1)) /s£2g (1 ) (outputsatzest (1,12)20(2)) /3£2312) 1
alphas (1,1)=pi-asin(Mrests(1,1)/g ); % X 1S BACKWARDS
alphas(1,2)=asin(Mrests(1,2)/g ); ¢ (know fro that y is okay)

alphas_deg=alphas*180
phis=[theta+alphas(1,1) theta+alphas(1,2)]1;

- - Dynamic - - - - - - - - -
Gregtein(phis(:, 1))
Gy=g*sin (phis (:,2));

= (MeasX-Gx); Sdyn-meas-stat

Measy-Gy) ;
- - - - - - - - v

inear. 1ntegra(or[Mx(bDundVoc X(i,1):bo ¢
=linear )nt?grafar(Ax(bﬂundlo" X(i,1):bo v

oundlocsY (i,2),1) =linear_integrator (Ay (boundlocsY (i,1) :ho ¢

Ydisp_room (boundlocsY (1,1

w,w,bomd!ocsvu,m time (boundlocsY (i, 1) :boundlocsY (i,2)),0); Sunits in

¥vel_room(size (Mx,1))=0; Ydisp_room(size (M ¢

Xve,ishost.ﬂzemx,lr77U,Xv917rca"(s)zs (9, 1)) =
%1))

tor (Xvel_shoe, time,0); tunits in m
tor (Xvel_room, time,0); Sunits in m

inear inte
inear inte

Xdisp_sho
Xdisp_roo

if fig>0
figure (fig);clf;
subplot (2,1,1) shold on;plot (time, [Ax Mx]);title('X accels');

P. me (boundlocsX (:,1)),Ax (boundlocsX(:,1)), 'gx');plot (time (boundlocsX(:,2)),A ¢
x (boundloc 2)),'rx") ;.
plot (time (bound /1)) 4 (boundlocsX (z, 1)) , 'g. ') ;plot (time (boundlocsX (1,2)) ,M ¢

x(boundlocsx )oten)

subplot (2,1,2) shold on;plot (time, [Ay]);title('Y aceel');
tine (boundlocsY (:,1) Ay (boundloest (5, 1)), '9x') 7 plot (time (boundlocsY (:,2)) A ¢
20, rx

plot
¥ (boundlocsy

fig=fig+l; Figure (fig) iclf;
subplot (2,1,1) hold on;plot (time, [Xvel room Xvel shoel);title('X velocities'):
subplot (2,1,2) hold on;plot (time, [Yvel rooml);title('Y velocities');

£igefigtl; figure (Fig) ;clf;
subplot (2,1,1) hold on;plot (time, [Xdisp_room Xdisp_shoe]);title('X disps');
subplot (2,1,2) hold on;plot (time, [Ydisp_room]);;title ('Y disps');

Ax Xvel_room Xdisp_room time];
Mx Xvel shoe Xdisp_shoe timel;
accintresults_yroom=[Ay Yvel room Ydisp_room timel;

gyroz_linint.m

nction

recordedshift=gyrocal_st1(3,1);
scalefactor=gyrocal_st1(3,2);

recordedshift=gyrocal_st2(3,1);
scalefactor=gyrocal_st2(3,2);

L=length(gyroz_raw) ;ngz=mean (gyroz_raw);nf=.001;

abovemean=0; stophereformean=10;
L twalk forward until significantly more than mean

i
it gyros. ra(i)smgz+10%nt

abovemean=i;break
end
end
r i=abovemean:-1: greater(]G greates (loor (. 75+abovenean) , abovenean-30))
until close to mean OR urence teps back si
if gyroz_raw(i)<mgz+ ne
stophereformean=i;break
end

end
zo=clippednean (gyroz_raw (1:stophereformean) ) ;
gyroz=gyroz_rau-zo;

yrozlinintboundfinder (gyroz, time, hsto, nf);
ize (bounds) ; [htL, toss]=size (nsto) ;

L;boundsinit=bounds;
iter=2;incrnf=(5;21;
while iter>0
bounds=gyrozlinintboundfinder (gyroz, time, hsto, nf*incrnf (iter));
[bL, toss] =size (bounds) ;
BL==htL+1;break;end

iter=iter-1;
end
bounds

g nf is always more ac

for ibinit=2:bLinit $first get
[toss, Loc]=min (abs (boundsinit (ibinit,1) -bounds (:,1)));
bounds (loc, 1) =boundsinit (ibinit, 1) ;

end

for ibinit=1:bLinit-1 $last gets tossed
[toss, loc]=min (abs (boundsinit (ibinit,2) -bounds (:,2)));
bounds (1oc, 2) =boundsinit (ibinit,2) ;
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end

[pli, midptbounds, gyrozcal]=gyrozlinint (gyroz_raw, time, stack, hsto, fig,mghgyroztim ¢

B ‘e
. L 1
walk backward ¢
e 4

if isempty(bounds) | bL<=3;if fig>0;figure(fig);clf;subplot(2,2,1);plot (time,gyroz);pli=0 ¢
;midptbounds=0;gyrozcal=gyroz/scalefactor;end; return;end

for i=
midpt=round (0.5* (bounds (1, 1) +bounds (i-1,2))) ;
midptbounds (i-1,2) midpt;midptbounds (i, 1) midpt;
end
bounds=bounds (2:bL-1, 1) ;
midptbounds=nidptbounds (2:bL-1, :) ;bL=bL-2;
S Linear Integration - -
for 1
piten 14 enzo (midpcbounds (1, 1) imidpchounds (1,2)) «Liness_integrator (gyros (nidpthounds (¢
i) (1,2),1)/ idptbounds (1,2),1),
end
piteh_1i_cmzo (L)~
gyrozcal=gyroz/scalefactor; Sfor return argument
v

Plot, if desired -

if Figa0
figure(fig);clf;
subplot (2,2,1) shold on;
plot (time, gyroz/scalefactor, 'b'); #plot (tt,yy,
plot (time, gyroz/scalefactor, 'b. ') ;axvalg=axis;
plot (time (bounds (1, 1)), gyroz (bounds (:,1)) /scalefactor, 'r.")

"

2))/scalefactor, 'g.")
1)) /scalefactor, 'y. ")
2)) /scalefactor, 'y.")

12)), gyroz (bounds (
plot (time (midptbounds (:,1)),gyroz (midptbounds (:
plot (time (midptbounds (:,2)),gyroz (midptbounds (
axis([time(1)-.1 last(time)+.1 axvalg(3:4)1);

plot (time (bounds

subplot (2,2,3) shold on;
plot (mghgyroztime (3, 2) ,mghgyroztime (
axis([time (1)-.1 last (tine)+.1 axval(3:4)])
stretchgraphs (2,2) ;

'linewidth',2);

subplot (1,2,2) shold on;
plot (nghgyroztime (:,2) ,mohgyroztime (:,1), 'r*, ' linewid:
plot (time,pitch_Li_cmzo, 'k: ', 'linewidth',2);

axis ((axvalm(1:2) axval(3:4)1);

'12) jaxvaln=axis;

end
pli=(pitch_li_cmzo’, time];
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gyrozlinint_withspline.m
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function (pli,psi,midptbounds,dyrozcal,splinefitpts]=gyrozlinint withspline (gyroz raw,tim ¥
e, stack, hsto, fig, nghgyrozt ine)

Set up scale factor
load c:\sjm\matlab\transferred\gy
load c:\sjm\Research\Data\calibfactors\gyrocalfac

if stacl
recordedshi ft=gyrocal_st1(3,1);
scalefactor=gyrocal_st1(3,2);
else

recordedshift=gyrocal_st2(3,1);
scalefactor

yrocal st2(3,2);

- Find zero-offset -
L=length(gyroz_raw);

mgz=mean (gyroz_raw) ;

'stophezefomean 10;
k forward until significantly more than mea
it gyroz_raw(1)>ngz+10mnt

abovemean=i;break

greater (10, qreater(f]ocrl 75‘absvemean) abovemean-30)) fwalk backward ¢

to mean OR first enc 30 steps bas .75 signmore
if gyroz_raw(i)<mgznt
stophereformean=i;break
en
end
1ippedmean (gyroz_raw(1: )i

e data doesn't start with the foot
works well), shift instead, an
if absuo recordedshift)>.05

ecordedshift; nf

at on the floor (most do, so above procedure ¢

allow a bigger noise floor

0s;

end

ayroz=gyroz_raw-zo;

bounds-gyrorlinintboundinder (ayroz, tine, hato, né)
[bL, toss]=size (bounds) ; [htL, toss]=size (hsto);

if bLERtL+l
bLinit=bL;boundsinit=bounds;
iter=2;incrnf=(5;2];
while iter>0
bounds=gyrozlinintboundfinder (gyroz, time, hsto, nf*incrnt (iter));
[bL, toss] =size (bounds) ;
if bLeshtLtl;break;end
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iter-iter-1;
end
using nf is always more accurate! so replace:

for ibinit=2:bLinit ifirst
[toss, loc]=min (abs (boundsinit (ibinit,1) -bounds (:,1)));
bounds (1oc, 1) =boundsinit (ibinit, 1) ;

tossed

for ibinit=l:bLinit-1 Slast gets tossed
[toss, Loc]=min (abs (boundsinit (ibinit,2)-bounds (:,2)));
bounds (1oc, 2) =boundsinit (ibinit,2) ;

end
end
if isempty(bounds) | bL==2;if £ig>0;figure (fig);clf;subplot(2,2,1);plot (time,gyroz) ipli=[ ¢
1;psi=[];midptbounds=0; gyrozcal=gyroz/scalefactor;end; return;end
for i=2:bL

midp qa.mdm 5+ (bounds (1, 1) +bounds (i-1,2)) ) ;

i-1,2) -midpt. (1,1)=midpt;

end
bounds=bounds (2:bL-1,
midptbounds- mmpmoumsu bL-1, 1) ;bL=bL-2;

Ae—ehe--fe—-A-—- Linear Integra
for i=1:bL

[pitch_ h(mdptboundsu 1) :midptbounds (i,2)),nudges (i,1) ]=linear_integrator_endadjust ¢
(gyroz (1 (i,2),1) /scalefactor, time (midptbounds (1,1)
(1,2),1),0,00;

end

pitch_li(L)=0;pitch_1i (midptbounds (i,2))=
wing integration)

(other midpf

unds get set to 0 during

1 1i for return argume:

piteh_li-piten

less than 70 Hz, then che
lines for this ste
(midptbounds (L, 2) -nidpthounds (1, 1)) / (tine (nidptbounds (1,2)) ~tine (nidpthounds (1,1)) ¢

idptbounds (i, 1) +1:midptbounds (i,2)
if (time(m)-time (m-1))>5%(2*.00668) idropout of 4 pts = gap of 5+.0134
usesplines (i,1)=1;

end

use splines if nec
if notisempty(usesplines)
if length(usesplines)<bL; usesplines (bL,1)
ter values should be zero)

send tmake same

- set up splines
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(time(1):0.01:last (time) | ';ttL=length (tt);

pp=spline (time, gyroz/scalefactor) ;
yy=ppval (pp, tt) ;
save c:\sjm\Research\Data\calibfactors\anglepp pp

splinemdptbounds (:,1)=findtimepoints (time (midptbounds (:,1)),tt);
splinemdptbounds (:,2) =findtimepoints (time (midptbounds (:,2)),tt);

Simpson's Integration
pitch_si=pitch_li(1: mxdptbounds(l 1)-1) s cine_si=tine (1:midptbounds (L,1)-1); fset init ¢
ial zeros using pitch_li & original

tt2plot=(];yy2plot=(1;

for i=

bl
if usesplines(i)>0 %only integrate using spline if marked, otherwise,
intpts=[];splineintpts=(];
for m=midptbounds (i,1) :midptbounds (i,2)-1
if (time(m+l)-time (m))>5* (2*.00668) tdropout of 4 pts
intpts=[intpts;m m+1];
end

end
(ipL, toss
intpts;
look at intpts: if fewer
getridofrows=(1;

for p=l:ip!

if intpts(p+l,1)-intpts(p,2)<5 Stime (intpts(p+l,1))-time (intots (p,2)

ize(intpts) ;

than 5 points between two intpts

intpts (p+1,1)=intpts(p,1); getridofrows=[getridofrows;pl;
end

end

intpts (getridofrows,

[1; [ipL, toss]=size (intpts);

if <5 points after start / before end - then start/end at start/end
if intpts(l,1)-midptbounds (i,1)<5
intpts(1,1)=nidptbounds (i,1);

end
if midptbounds (i,2)-intpts (ipL,2)<5
intpts (ip) idptbounds (i,2) ;
ter integration
end
intpts (ipLtl,

-1 because last poi

is not kept af ¢

[midptbounds (i,2) -1 midptbounds (i,2)-11; &£

sweep t
ugh below

>0; splineintpts(:,1)=findtinepoints (time (intpts(:,1)),tt); splineintpt ¢
s(:,2)=findtimepoints (time (intpts(:,2)),tt); end

ireh_si=(piten sizpiten 1i (midpthounds (i,1
ime (nidpbounds (£, 1) intpes1,1))1: Suse L

p-l:iipl

(pitch_si_temp, time_si_temp]=simpsonsintegrator_withanglepp_¢ cndadju< ©2(ti v
me (intpts (p, 1)), time (intpts (p,2)),pitch_Li (intpts(p,1)),pitch_Li (intpts (p,2

pitch_si=[pitch si;pitch_si_temp(2:length(pitch_si_temp)- ]),p)tch 1i(intp ¢
ts(p,2) rintpts (p+1,1))1; tget rid of last, eplace with pitch 1i

e_si= [time_si; time si_ length(pitch si_temp)-1);  time(intp ¢

ts(p,2) :intpts (p+1,19)1; & (if last pt is midptbounds(i,2), last set there will be empty)

ntpts(1,1)) ] time_si=[time_sijt ¢
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i€ £1920; tt2plote(£e2plot; bt (splineintpts (p,1) :9plineintpts (p,2))]1yy2pl ¢
ot=[yy2plot;yy (splineintpts (p, 1) :splineintpts (p,2))1; end %3us €
end

plot these as bl

else
pitch_s.
time_si

pitch_si;pitch_li (nidptbounds (i,1) :midpthounds (i,2)-1)17
[time si;  time(midptbounds (i,1) :midptbounds(i,2)-1)1;

end

n
pitch_si=lpitch_si;pitch_Li (midptbounds (bL,2) :1) 1
time_si = (time_si;  time(midptbounds (bL,2):L)1;
where splines wer

these «
ting points, ¢

will have to use times to find

piteh_si=(];tine_s
midpthounds (1,3

i leave empty if not used

of midptbounds to all 0s (no splines

- Plot, if desired -

if Figa0
figure(fig);clf;
subplot (2,2,1) shold on;
plot (time, gyroz/scalefactor, 'b') ;
£ notisempty(usesplines) ;plot (tt2plot, yy2plot, 'k.') ;splinefitpts=[yy2plot tt2plotlie ¢
1se;splinefitpts=(0 0];end
plot (time, gyroz/scalefactor, 'b. ") ;axvalg=axis;
plot (time (bounds (:,1)),gyroz (bounds (:,1)) /scalefactor, 'r.")
plot (time (bounds (1, 2)),gyroz (bounds (:,2)) /scalefactor, 'g. ")
plot (tine (midptbounds (1,1)) ,ayroz (nidptbounds (1, 1)) /scalefactor, 1y.
plot (time (:,2)),qyroz (:,2)) /scalef 'y
axis([time(1)-.1 last(time)+.1 axvalg(3:4)1);

2l
"

subplot (2,2,3) ;hold on;

if notisempty(usesplines);plot (time_si,pitch_si,'g--','linewidth',2) end
plot (time,pitch i, 'b--', ' linewidth",2) ;axval=axis;

plot (nghgyroztime (:,2) ,mghgyroztime (:,1), 'r--", 'linewidch',2);
axis([time(1)-.1 last(time)+.1 axval(3:4)1);

stretchgraphs (2,2) ;

subplot (1,2,2) ;hold on;

plot (nghgyroztime (:,2),mghgyroztime (:,1), 'r', ' linewidt!
if notisempty(usesplines) ;plot (time_si,pitch_si, ‘g~
plot (time,pitch 11, 'b==", 'lineui
axis((axvaln(1:2) axval(3:0)1);

11, 2) axvalm=axis;
linewidth',2) ;end

pli=[pitch_li, time];psi=[pitch_si, time_sil;
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function [splinepeaksH, splinepeaksl,biggestgapl=gyroz_postspline (glinint, time, fig)

[peak_resultsH, peak_resultsL,biggestgap]
peak_results=(peak_results;peak_resultsL];

chpeakfinder (glinint, time, 1);

£ notisempty (peak_results)

peak_results(:,3)=findtimepoints (peak_results (:,2), time);
for i-1:size(peak_results,1)

timespline=[time (peak_results (i, 3)-4,1):.00334:time (peak_results (i,3)+4,1)
gyrospline=spline (time (peak_results(i,3)-4:peak_re:
sults(i,3)-

sults(Z,3)+
= + spa

if peak_results(i,1)>0; [splinepeaks (i,1),newtinept
eaks (i,1), newtimept]=min (gyrospline) ;end

Linepeaks (i,2)=tinespline (newtimept) ;

4,1),glinint (peak_re ¢
£ >.1 sec

ax (gyrospline) jelse; [splinep ¢

if £ig>0;figure(fig);hold on;plot (time,glinint, 'color', [.3 .3 .45]);plot(timespli
ne, gyrospline, 'g. ') ;plot (time,glinint, 'b.');

1), 0", 'markeredgecolor’, 'y', '

kerface v

splinepeaks (1:size (peak_resultsH,1),:) peak_resultsh(:,3)];
splinepeaks (size (peak_resultsH,

ize (peak_results,1),:) peak_result ¢

-0
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hstos_fsrsum_spline.m
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function hsto=hstos_fsrsum_spline (sunfsr, time, vy, tt, fig)

if nargin<5;fig=0;end
ttl=length(tt);

original data to find points above "flats" (~apj 1oad) 3

noloadcutof f=mean ([min (sunfsr) , clippednean (sunfsr) 1) ;
flats=find (sunfsr<noloadcutoff) ; f(flats);

nonflats=find(Dflats>1); hsto_sf_vicinity=[flats(nonflats)+1 flats(nonflats+1)-1]; [ntvl,t ¢
oss]=size (hsto_sf_vicinity);

hsto_sf_vicinity_check=[ hsto_sf_vicinity(:,2)-hsto_sf_vicinity(:,1) [diff(hsto_sf vicini ¥
ty(:;1)) diff (hsto_sf_vieinity(:,2));1000 100011;

time_for_hsto_sf_vicinity_check=[time (hsto_sf_vicinity(:,2))-time(hsto_sf_vicinity(:,1)) ¥
[d1£F (time (hsto_Sf_vicinity(:,1))) diff(time(hsto_sf vicinity(:,2)));1 11 1;

hsto_sf_vic_adj=hsto_sf_vicinity;htval-htvl;nunad)=0;lastadj=——1;

<.16 seconds (und

6 Hz) if no packets dr ¢

check for repe:

tvl & hsto_sf_vicinity_check(i,1)<12 & time_for_hsto_sf_vicinity_check(i,1)<2 ¢
0%2%.00668 & lastadi~=i-1) | ( i<htvL & lastadj~=i-1 & ((hsto_sf_vicinity_check(i,2)<12 ¢
& time_for_hsto_sf_vicinity check(i,2)<20%2%.00668 ) | (hsto_sf_vicinity check(i,3)<12 & «

time_for_hsto_sf_vicinity_check(i,3)<20%2*.00668)) )

hsto_sf_vic_adj=[hsto_sf_vic_adj(1:
_adj (i-numadj, 2)];htval=htval-1

-numadj-2

: hsto_sf_vic_adj (i-numadj-1, ¢

hsto_sf_vic_adj=[hsto_sf_vic_adj (1

hsto_sf_vic_adj (- numad]+] 2)ihsto_sf_vic_adj (i-numadj+2:

numadj+1; lastad:
end

-numadi-1, 1) jhsto_sf_vic_adj (i-numadj, 1) ¢
tval,:)]; htval=htval-1;numadj= ¢

tvL & htval<htvl; htviehtval; hsto_sf_vicinity=hsto_sf_vic_adj; end

time points to spline-domain

2
_vicinity(:,i)=findtinepoints (time (hsto_sf vicinity(:,i)),tt);

d due to weight

k first time point (can be ely trigger ting) 5 ¢

if tt(hsto_vicinity(2,1))-tt (hsto_vicinity(1,1))> 2*mean (diff (tt (hsto_vicinity(2:htvL,1)) «
)

hsto_vicinity=hsto_vicinity(2:htvL, :) ;htvL:

nd heel
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localhsmall=find (abs (Dyy (hback:hback+localhmax (1)~1)
k+localhmax (1)-1))) )7
nsto(i, 1

min (abs (Dyy (hback:hbac

£ (hback+localhsmall (1)=1); hsto(i,3)=hback+localhsmall(1)-1; break

end

end
hsto(:,2)=ones (htvL, 1) *time (1) shsto (3, 4) =ones (htvL,1);

y to estimate t

tf_ts_airfs=(]
for i=l:htvl
sto_vicinity(i,2);

tLielse; tforw=round (tstart+0.75% (hsto_vicinity(i+1,1)-tstart));tf
tart)];end;
(tforu-tstart)-2+mean (t£_ts_diffs)>0;
tforumtstartsmax (£f_ts diffs);

end
localtmin=find (Dyy (tstart
for tsmall-tstart+last (Localtmin)-1:tforw
if abs (Dyy(tsmall))<.005
hsto(i,2)=tt (tsmall); hsto(i,4)=tsmall;

tforu)

break
elseif tsmall==tforw
localtsmall=find (abs (Dyy (tstart+last (localtmin) -1:tforw))==min (abs (Dyy (tstart «
+1ast (localtmin)-1:tforu))));
hsto(i,2) =tt (tstart+last (localtmin) -1+last (localtsmall)-1); hsto(i,d)=tstart+ «
last (localtmin) -1+last (localtsmall)-1; break
end

end
end

Plot if desired
if fig»0
figure (fig) ;olfs
Subplot (2,1,1) Lot (time, suntaz, 'b') saxvaloext
plot (-100, 4 on; pLOt(-100,-100, 'k. ") ;plot (100,100,
0, 1m0t splot (100, 2100, *56") 1plot (210D, 100, 1m-- ") spLot (~100, -100,
axis(axval) ;plot (time, sunfsr, 'b') 7
plot (tt,yy, 'k.') ;plot (time, sunfsr, 'b.");
plot (axval (1:2), [noloadcutoff noloadcutoff], 'r:')
plot (tt (hsto_vieinity(:,1)),yy(hsto_vicinity(:,1)),'mo");
plot (tt (hsto_vicinity(:,2)),yy(hsto_vicinity(:,2)), 'go")
plot (hsto(:,1),yy(hsto(:,3)), 'm. ") ;plot (hsto(:,2),yy (hsto(:,4)), 'g.")

Plot (-100,-10 «

plot([hsto(ht,1) hsto(ht,1)],axval(3:
plot([hsto(ht,2) hsto(ht,2)],axval (3
plot([hsto(ht,2) hsto(ht,2)],axval(3:

func

n pitch_compare_postspline (start, stop,legendon)

load c:\sjm\research\Matlab\run02\run02_sshands
load c:\sjm\research\Matlab\run02\run02_ssCandd

load c:\sjm\research\matlab\run02\r02F_caldata_adj
load c:\sjm\research\matlab\run02\r02M_caldata adj

load c:\sjm\Research\Data\alldata\allmgh
r02qifull-[r02qi_ss1;r02qi_ss2;r02qi_ss3;r02qi_ssd;r02qi_sssl;

load c:\sjm\Research\Data\results\r02pitches_ps
if nargi ndon=0;elseif nargil

7 legendon=0;end

r02piteh ;
for imstart:2:stop %length(r02qifull) $1:2:length(r02qifull) %length=540
Gisp(['gsv0’ numdstr(r02qifull(i,1)) '_' num2str(r02qifull(i,2)) ', row ' num2str(i)] ¢
)i
gev0' num2str (r02qifull(i,1)) ' ' num2str(r02qifull(i,2)) 'L
gsv0' num2str(r02qifull(i,1)) '_' num2str(r02qifull(i,2)) 'R
eval (I'mghdata - ngh0" numzstr (r02qifull(i,1)) '_' mumzstr (r02qifull(L,2)) ' '));
figure (1) ;elf;
eft foot
subplot (2,2,0); hold on; if legendon;plot (+10,-10, 'h.1) plot (-10,-10,'9.") iplot (-10,~ ¢

10,707, " Syt *,'x") rend
[shoehL, shoell, sbggapL]= qy!nzlxnxnt)ostsp]xne(dataLL',15) dataL(:,21),9cf) ;
[x1L, r2L]=compressmgh (mghdata (:, 5) ) ;adjL=findmghoutliers (nghdata (r1L:r2L, 5) ,nghdata (r ¢
1L:r2L,31),5,0) 5
subplot (2,2,3) thold on; if legendon;plot(-10,-10, 'color', [.3 .3 +451);plot (-10,-10, 'b ¢
.*)iplot (-10,-10, ‘o', 'markeredgecolor ", 'y, 'markerfacecolor, 'r') ;e:

Lot (mandata (114128, 31)  mandata (FIL+ 2L, 51, 1ocions, (.3 15 14517, .
[rgpin, mghiL hggapL] -pitchpeakeindes (L (1) AL (1,21, 2,905)
ther pitch min

pitches=(1;
for p-1:size(mghhL,1)
[toss, Loc]=min (abs (mghhL (p, 2) ~shoehL(:,2))) ;
pitches (p,1:9)=[1 mghhL(p, :) mbggapL shoehL(loc,:) sbggapLl;

end; phL=p;
for p=1:size (mghlL, 1)
[toss, loc)=min (abs (nghlL (p, 2) ~shoelL(:,2))) ;
PLtches (p,10:17) - aghLL(p, ) mbggapl shosli(10c, :) sbqgapLl;pitches p,1 newv
ase wpeaks than highpeaks
e cempty (shL) & notisempty (p) sRstartomax (ShL, p) jelaeif isempty (PhL) & isemp v
v(o); jelseif isempty(phL); prelse; -phi;end

Right foot
if r02qifull(i,1)==14 & r02qifull(i,2)>=132 fomit & IMU data
timepts=[];if notisempty (mghhL);timepts=[timepts;mghhL(:,2)];end;if notisempty(mg ¢
hil);timepts=(timepts;mghll(:,2)];end;if isempty(timepts);timepts=(1 4];end
lowertime=£loor (min (timepts))-1;if lowertime<0;lowertime=0;end
uppertime=floor (max (timepts))+1;if uppertime-lowertime<d;uppertime=lowertime+4;end

subplot (2,2,2) ;hold on; if legendon;plot(-10,-10, 'b.');plot (-10,-10,'g.") ;plot (-1 ¥
ot =y ') send;. ..

end
hback=greater (1, hsto_vicinity(l,1)-round(mean (hsto_vicinity(2:htvL,1)-hsto_vi ¢ subplot (2,1,2) ;plot (tt, Dyy) ;axval=axis;
cinity(1:htvl-1,2))));else;hback=hsto_vicinity(i-1,2);end plot (-100 /'b') 7hold on;plot (-100,-100, 'm--') ;plot (~100,-100, 'g-=");
hend=hsto_vicinity (i,1)+100; ax)s(axvall.plo\:(tt Dyy)
[toss, localhmax: ax (Dyy (hback:hend) ) ; for h L
for hsmall=hback+localhmax(1)-1:-1:hback plot(hsto(ht,ly hsto(ht,1)],axval (3:4), 'm--")
if abs (Dyy (hsmall))<0.005 plot ((hsto(ht,2) hsto(ht,2)],axval(3:4), 'g--")
hsto (i, 1)=tt (hsmall); hsto(i,3)=hsmall; plot ([hsto(ht,2) hsto(nt,2)],axval(3:4),'g:")
break end
elseif hsmall==hback end
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[shoehR, shoelR, sbggapR]=gyrozlinint_postspline (dataR(:,15),dataR(:,21),9cf);

1R, r2R) =compressmgh (mghdata (:,11) ) ;adjR=findmghoutLiers (nghdata (r1R:r2R, 11) ,mgh ¢
data(r1R:2R,31),5,0)

subplot (2,2, 4; nold on; if legendon;plot (-10,-10, 'color’, [.3 .3 LSH,p]c\t( 10,-1 ¢
4 'b. ") ;plot (-10,-10, . .
p]ﬂtlmuhdata(xlk £2R,31) ,mohdata (s1R: 2R, 11), 'color ",
[mghhR, mghlR,mbggapR]=pitchpeakfinder (adjR(:,1),adiR(:,2),2,gcf);
timepts=[];if notisempty(mghhl);timepts=[timepts;mghhL(:,2)];end;if notisempty(mg ¢
h1L);timepts=[timepts;mghlL(:,2)];end;if notisempty (nghhR);timepts=[timepts;mghhR(:,2)]ie ¢
nd;if notisempty(mghlR);timepts=(timepts;mghlR(:,2)] end;if isempty(timepts);timepts=(1 4 «
liend

lowertime=floor (min (timepts))-1;if lowertime<0;lowertime=0;end
uppertimes=: ]ﬂor(mﬂx(txm(‘pf<7101 if uppertime-lowertime<4;uppertim
a

pitch min

owertime+d;end

for poissize (manha, 1)
[toss, Loc)=min (abs (mghhE (p, 2) ~shoehR (:,2)) ) 7
pitches (p+Rstart, 1:9)=(2 mghhR (p, :) mbggapR shoehR(loc, :) sbggapRl;
end;

:size (mghlR, 1)
[toss, loc]=min (abs (ngh1R (p, 2) ~shoelR(:,2)) )5
pitches (p+Rstart,10:17)=(mghlR (p, :) mbggapR shoelR (loc,:) sbggapRl;pitches (p+ ¢

finish plots
titles(+  Gaitshoe Pitch - Left ;' Gaitshoe Pitch - Right ' 'BML Foot Array ¢

Pitch - Left ';'BML Foot Array Pitch - Right'];

:4;subplot(2,2,p);title(titles(p, :));ylabel ('Angle [degrees

1) ixlabel ('Time [s ¢

changefont (*Arial', 12, 't') ;changefont ('Arial', 10, 'xy') jaxis ([lowertine uppertime «
-50 1001);

if legendon & p<3 ;legend('Original Pitch Data','Spline-fit to Pitch Data', 'Maxes ¢
and Mins');elseif legendon & p>2 ;legend('Original BUL Pitch Data','Used BML Pitch Data',v

stretchgraphsleg(2,2);

eval (['emfsasis(1,'"
full(i,2)) '

tehcomp\pitches_gsv0' num2str(r02qifull(i, 1)) '_' num2str(r02qi ¢

if notisempty(pitches) & size(pitches,2)<17;pitches (size (pitches,1),17)=0;end;
r02pitches=[r02pitches; repmat (r02gifull (i,1:2), size (pitches,1),1) pitches];
save c:\sjm\Research\Data\results\r02pitches ps r02pitches

end
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pitchpeakfinder.m

C:\sjm\Research\Matlab\Analysis\pitchpeakfinder.m

ta, time, nghorshoe, fig
e graphs
(c)2004 Stacy J Morris
if nargin<d;fig=0;elseif nargin<3;error('not enough arguments!');end
[xout, tossl=size(time);
pave=0;pup=20; pdown==5;
if mghorshoe:
timediff-1/152;ptspace=8; ->~1
elseif mghorshoe
timediff=2+.00668;ptapace=d; t+/-4 ->-.1
all values of input data with respect to previo ¢
mined "high averages" (input
if data(i) < pdown FSRinitialization). it uses the foll
highoriow(i)=-1;
elseif data(i) > pup
highorlow (i)=+1;
end
note that only the -1 values are currently used. the oth ¢
ers are notated for s
highorlow;gapsize=5;
v
Lows=find (highorlow==-1) ;
if notisempty (lows)
Lowpea=lous (1) 03:x=
length (lows)
1 Towprs (e, 19205
lowpts (x,1)=Lows (i) ;
else highpts (r, 2)
if lows (i)>lows (i-1) +gapsize;

lowpts (r, 2) =lows (i-1) ;
lowpts (r+1,1)=lows (1) ; r=r+l;
end
end
if lowpts(r,2)

0; Lowpts (r, 2) =1ast (Lows) jend;

[localpeak localloc
alloc-1;
if truel

min (data (Lowpts (1, 1) : lowpts (i,2),1));trueloc=lowpts (i,1) +loc ¢

ueloc-1;
length (data) ;

ptspace<l;
elseif true P
=trueloc- (length (data) -16) ; .
else;ptspaceahead=ptspace; ptspaceback=ptspace;end

~trueloc;
]evqth(datar Erielociprspace ¢

o ((tine (truel -tine (truel, 1)/ (tinedifn) ¢
-2*ptspace) ;

[Localpeak localloc]
alloc-1;

Lowpeaks (i, :

min (data (Lowpts (i, 1) :lowpts (1,2),1));trueloc=lowpts (i,1)+loc ¢

localpeak time(trueloc) trueloc extragapsl;

pts at end (not nec. true max/min)

it notisempty(lowpeaks) s Lowpeaks (,3)(17end
else

lowpeaks=

highs (1) 01;r-

ength (highs)

if highpts(r,1)
highpts (r,1

if highs (i)>highs (i-1)+gapsize;
highpts (r,2) =highs (i-1);
highpts (r+1,1) =highs (i) ;r=r+1;

end

end
if highpts(r,2)
for i=l:r
[localpeak localloc
localloc-1;
if m,.:; space

0;highpt.

(x,2)=1ast (highs) ;end;

1
: pace>Length (data) ;¢
backetrueloc Uenqth(data) 16050

else;

ptspace; ptspace;end
((time (truel

[1;end;en

Page 1 C:\sjm\Research\Matlab\Analysis\pitchpeakfinder.m Page 2
May 12, 2004 7:57:11 AM May 12, 2004 7:57:11 AM
function [highpeaks, lowpeaks, biggestgap]=pitchpeakfinder (data, time,nghorshoe, £ig) Lf Lowpeaka (x,2)>1ength (data) -2+ptapaces1; Lowpeaks (5, get rid of pts at st

ax (data (highpts (i,1) shighpts (i,2),1)) ; trueloc=highpts (i, 1)+ ¢

oc-1; T-trueloc; .
length (data) -trueloc;ptspace v

extragaps=r ~time (truel,
-2*ptspace) ;
highpeaks (i,

localpeak time(trueloc) trueloc extragaps];
end

if highpeaks (r,3)>length(data) -2*ptspace+1;highpeaks (r, :)=[];end; Sget rid of pts at «
start or end (not nec. true max/min)
if not)sempty(h)ghppakﬁ], £ h)ghpea(s(l 3)<2*ptspace;highpeaks (1, :)=[];end;end; Sget «
rid of pts at start or end c. true max/min)
if nct)sempty(h)ghpeaks],h)ghpeaksL,Z}’[],end,
else
highpeaks=[];
en
v
biggestgap=max (diff (time));
v

if f£ig>0
qure (£ig); hold on;

plot (time, data,'b.')

if notisempty (lowpeaks);plot (lowpeaks
narkerfacecolor', 'r') jend

2), lowpeaks(:,1),'o', 's

it no()semp(v(mtheaksl.plo[[ntheaks( /2], highpeaks(:,1), 0", 'markeredgecolor’, 'y«

, ‘markerfacecolor', 'r');
end

eredgecolor!

1)/ (timediff)

getmghdataorder.m

C:\sjm\Research\Matlab\THESIS\getmghdataorder.m

54 Right Foot X
Right Foot Y
56 Right Foot

footRpos=nghdata (:,55:57);

63 Right
Right
Right Shan
ghdatg( RIRTE

ent Rotations

5 eft Foot Yaw
footLrot=nghdata (:,4:6) ;

) time
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function mghdata_return-getmghdataorder (vers)
t(x, v,z
nk (%, v, 2
(e)2003 J Morris ~ sjmealu
mghdata-readnghdof ;
allargs=who;
Toisoaras, coll=size (allargs)
if sizeargs<2
error('You must enter a version number and provide data. ;
end
[length, toss]=size (nghdata) ; 60 Right Ankle X
61 Right Ankle Y
if toss~=120 62 Right Ankle 2
error('Data is wrong size!') ankleRpos-mghdata (:,61:63) ;
Assign timepoi
time=(0;0];
r matleb matr (i.e s 1 not 0). **+* ¢ for i=1:length
time (1)=1/152-1/152;
end
Returned Da
mghdata_return=(nghdata (:,1:3) mghdata(:,4:6) mohdata(:,55:57) mghdata(:,58:60) mghdata(:
,10:12) mghdata(:,13:15) mghdata(:,64:66) mghdata (:,67:69) mghdata(:,7:9) mghdata(:,61:63 ¥
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findmghoutliers.m

:\sjm\Research\Matlab\General\findmghoutliers.m
May 12, 2004

Page 1
7:59:06 AM

function datatime=findoutliers(data, time,diffthr, fig)

findmghoutliers (data, time,sigth
returns [data time] with c

tliers removed

2003

if nargin<3;diffthr=2;fig=0;
elseif nargin<d;fig=0;end

plot original data & diff
Ddata=diff (data);
if £ig>0
figure (fig)
c1f;subplot (2,1,1) ihold on;
plot (time, data, 'g') ;plot (time,data, '
subplot (2,1,2) shold on;
plot (time, [Ddata; 0], 'k')
end

badind=[];
for i=1:length(data)-1
if abs(Ddata(i))>diffthr
badind=[badind;i];
end
end

£f nocisenpy (padind)
gapsize=8;
if Jrnqth[bad)nn]>l
removepts=(badind (1) 0];r:
5(1,2) =badind (1) ; removepts (2,2
for i=istart:length (badind)
if removepts(r,1)
removepts (r, 1
else %if remove
it badind(1)>badind (i-1) +gapsize;
removepts (r, 2) =badind (i-1)
removepts (r+1,1)=badind (i)
end

end
if removepts(r,2)

i removepts (r,2) =last (badind) ; end;

[badind badind];

data(removepts (i,1) i removepts (i,2),

1;time (removepts (i,1

subplot (2,1,1);
plot (time, data,

end
datatime=(data time];

74£ badind(2) <badind (1) tgapsize; istart

:removepts (1,2,

;else;removept ¢

genleaveoutids.m

C:\sjm\Research\Matlab\THESIS\genleaveoutids.m
May 12, 2004

Page 1
8:14:32 AM

function makehypCmats

disp(‘disabled’) return

load c:\sjm\research\matlab\run02\r02pr04_females;
subgait=[r02pr0dF(z,1) r02pr04F(:,3)];
leaveoutids-zeros (length (r02pr04F (:,1)),9)

for f=1:length(femalenums);
gnames=|['free';'dist'; 'pace'];

for
ows=findtwocols (subgait, [fenalenuns (f) o)) ;
,Lb] lengths (1, g/m—xpngcmmw
eval(['subj_' gnames(g/10,:) '=rows:'1):
for 3
sL=subj_lengths (1,1) ;
eval(['data=subj_' gnames(r,:) 'i'l1);
data(:,2)=rand(sL,1);
if sL<9
dups=[data(:,1) rand(sL,1)]; bnew set of random numbers

ortrows (dups, 2) ;

- (9-5L)+1:sL,

1) =dups;
Gupa-data(1:4,1) rand(s1,1)]; tanc
dups=sortrows (dups, 2) ;
data (9, :)=aups (4, :1;

end

set of rand

end
data=sortrows (data,2) ;
eval (['subj_' gnames (r, )

data(:,1);'1);

end
rowtrips=[subj_free subj_dist subj_pace];
£ 9

5 'hypl_

*hypl_2';'hypl _3';' hypl'l;

s=[' hyp:
:5

ds);

findthis=find (r02prodFady(:,1)
r02pr0dFadj (findthis, :)=];

findthi. fmduozrmnadj« 1)
r02pr04Fadj (findthis,
findth vnd(fO}pr[MFadj( 1)
r02pr04Fadj
femalenums=[11;

0
2;16:18;19;15;17];

ind (r02prodrady (:,1)

1

C:\sjm\Research\Mat1lab\THESIS\genleaveoutids.m Page 2
May 12, 2004 8:14:32 AM
r02pr04Fadj (findthis, :)=[1;
findthis=Ffind (r02pr0dFads (:,1)==12);
$02pr04Fad; (£indthis, )=(1;
£indehis=ind (x02px03Ead) (1, 1)==16) ;
£02pr04Fad) (findthis, )=
£indthis=£ind(r02prOdFad) (s, 1)==18) ;
r02pr04Fad; (findthis, 1)=1;
£indthis=£ind (r02pr0dFad) (:,1)
findthis=find (r02pr04Fads (:,1)==15);
$02pr04Fad; (£indthis, )=(]
it ina (:02pr04aa) (1) 2017
$02pr04Fad; (£indthi
femalenums=[11;12; ]6 18; ]9 20;2:
end
trainandtestset=r02pro4Fadi;
clear trainandtestclass;
if o
for t=l:length(t (.17 if (£,4)==1;¢ dtestclas v
s(t,1)=1;elseif t (t,4)==2; 1 (t,1)=-1;else;error ('error in se «
tup of matrices in trainsvmresults');end;end
elseif ¢
for t=l:length(t oDt ass(t, 1 (0 ¢
end
else
for t=1:length(trainandtestset (:,1));if trai (t,4)==1 | trai v
i trainandtestclass(t,1)=1;elseif trainandtestset (t,4)==4;trainandtestclass(t,1) ¢
1;else;error (‘error in setup of matrices in trainsvmresults');end;end
i (:,11:15) ¢ (:,17:31) = v
traxnandteataet( »45:47) 1
9 ¢ testclass t . dtest ¢
se((:,ST.GSY], leaveoutr are at end
eval ([clabels(c, :) 'C_all=trainandtest;']);
for i=1:9
& © dtest (:,1:28) (284015
2 (« 29);

findteststart=find(trainandtestsubset (:,29)==1);

training=trainandtestsubset (1:findteststart(1)-1,:);
testing =trainandtestsubset (findteststart (1):length(trainandtestsubset (:,1)),:)

eval ([clabels(c,:) 'C_lo' num2str(i) '_tn=training;'l);
eval([clabels(c,:) 'C_lo' num2str(i) ' _ts=testing;'l);
eval([clabels(c,:) 'C_lo' num2str(i)  '=[training;testingl;'l);

end

save c:\sjm\Research\Matlab\classy\hypCmats hyp* leaveoutids
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