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Abstract
Neural prostheses for locomotion have limited clinical application, in part due to
poor control. Two significant limitations are the lack of appropriate feedback sensors and
a means of dynamically suppressing spasticity. Results are presented that support the
feasibility of a high frequency nerve block and new signal processing techniques that
enable existing sensors to be extended to present functional electrical stimulation

techniques and to future possibilities incorporating nerve blocking.

The proposed sensor system limited encumbrance by connecting clustered sensors
with a serial bus. Knee flexion angle and angular velocity were determined analytically
to within 3° and 10°s respectively in both paraplegic and able bodied trials from
accelerometers and rate gyroscopes attached to the shank and thigh. A supervised
machine learned rule induction controller detected gait phases to an average transition
error of 40 ms in able bodied walking from three accelerometers placed on the shank
when combined with a heuristic rule. Supervised machine learning also detected knee
and hip angle and angular velocity to within 3° and 18%s using accelerometers and a
magnetic system worn on the belt and shank. Knee buckling was predicted bilaterally to
a minimum of 300 ms before knee flexion reached 5° as determined by the strain gauge.
The combination of these studies leads to a sensor system located either on the shank and
thigh, or on the shank and belt, that can minimally determine knee flexion/extension,

knee buckling, and gait events.
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Localized nerve blocking was demonstrated through spatially extended non-linear
nodal models. Sinusoidal excitation through a monopolar electrode was simulated for
frog (FH), rabbit (CRRSS), rat (SE) and human (SRB) models of axons. It was
previously thought that sinusoidal currents would only cause repetitive action potential
generation in the axons, and a block would be due to Wedenski inhibition. Repetitive
action potential generation was observed in the CRRSS model. Repetitive action
potential generation and a block contingent upon electrode placement was observed in the
FH model. Repetitive action potential generation for frequencies below 15 kHz and a
localized block for frequencies above 7 kHz was observed in the SE model. Repetitive
action potential generation for frequencies up to 20 kHz and localized blocking for
frequencies above 1.2 kHz was observed in the SRB model. A physical trial supported

the concept that the block was local to the blocking electrode.
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1 Introduction

1.1 Introduction

Medical applications of electrical shocks have been used for millennia, indicated by
records of the use of electric fish by Greek and Roman physicians. Further applications
followed, based upon the new methods of electrical current generation such as the
bimetallic ‘battery’ of Luigi Galvani’s dissection calipers and the electrostatic and
electromagnetic machines of Benjamin Franklin and Michael Faraday. These methods of
generating electrical currents are now known as Galvanism, Franklinism and Faradism, the
latter being most widely used in modern electrotherapy. Electrical currents were also
applied for the relief of paralysis. Starting in the 19® century, Duchenne used an induction
coil faradic stimulator to assist a paraplegic patient to stand up. In 1961, Liberson
described a battery powered transistor stimulator with automatic control via a heel switch
to correct for foot drop (Liberson et al., 1961). These early attempts to restore motor
function using electrical stimulation laid the foundation of the field of Functional Electrical
Stimulation - FES (McNeal, 1977).

Since the 1960’s, FES has steadily developed into an intemational research
activity, manifested in a variety of surface and implanted systems (Bhadra and Peckham,
1997, Graupe and Kohn, 1997, Stein et. al. 1992, Pedotti et. al., 1996, Kralj and Bajd,
1989). The field is now represented by the International FES Society and is an important
member of societies such as the IEEE Engineering in Medicine and Biology Society
(EMBS). Despite this longstanding history and effort, limitations to wide clinical
application remain, including significant problems in the control of movement. Some of
these issues will be discussed below and addressed in this study.

Advocacy and research into the regeneration of the spinal cord have spawned hope
for an eventual cure for paralysis (Giovanini et. al., 1997, Ramon-Cueto et. al, 1998).
However, the cure is distant in the future. In the meantime, FES can be used to avoid
many of the debilitating sequela of spinal cord injuries (SCI). Additionally, the neural
regeneration will most likely only lessen the degree of the lesion, leaving niches for neural

prostheses to be used to further optimize functional recovery.

1
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Some limitations to the development of future neural prostheses are represented in
the following two clinical cases. The first case taken is a child with muscle weakness and
spasticity in the gastrocnemius (Dietz and Berger, 1983). The second case is an example
of maximum standing duration of paraplegic individuals (Bajd et. al, 1984).

Case 1: Spastic Hemiplegia in the Cerebral Palsied Child

A common problem in hemiplegic (Hirschberg and Nathanson, 1951, Knutsson
and Richards, 1976, Dietz, 1986) and diplegic (Knutsson and Sodeberg, 1995, Perry 1992,
Berger, 1986) gait is due to a weak and spastic gastrocnemius. The spasticity observed in
this case has been described as a mass extensor synergy (Perry et. al. 1993), an underlying
spinal mechanism that is not properly inhibited in this individual. Figure 1.1 (top) displays
the EMG recording during a typical case.

For this individual, the gastrocnemius causes ankle plantar flexion during late
swing, resulting in foot floor contact prior to heel strike in coordination with the knee and
hip extension. This shortens the stride length, denies the individual a proper rocking
motion over the ankle, and partially eliminates the forward momentum of the gait. In
addition to disrupting the gait, the abnormal loading pattern during early stance can lead to
a progressive deformity in the child that could only be partially corrected through surgery.
An underlying muscular weakness of the gastrocnemius is also observed.

The present methods for assisting individuals with lower motor impairments such
as this 4re limited. Braces, such as rigid ankle foot orthoses (AFO), localized nerve blocks
(Wong, 1998) via phenol, lidocaine, or botulinum toxin, muscle relaxants such as baclofen
(Albright, 1996), and tendon lengthening can all be performed to mask the effect of
spasticity of the gastrocnemius and soleus muscles. Generally, these techniques either
disable the muscle activation, or disable the moments about the joint caused by muscle
activation. Considering that ankle plantar flexion has been shown to provide 30% of the
propulsion of the leg during normal walking, limitations to these techniques are apparent.
If the muscles are unable to generate a moment about the joint or their action is blocked
due to a brace, a normal, efficient gait cycle is not achieved. Muscle transfers can be
useful in some instances, but are limited by two factors. The inappropriate muscle activity
must be able to produce a desired moment about a joint after the surgery, hence be

2
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synergistic with a second muscle group. Additionally, the proximity of the muscle to the
transfer point must be considered, i.e. a spastic gastrocnemius could not be attached to a
tibialis anterior tendon. The present techniques used to address phasic spasticity do not
detect if the contraction of the muscle is due to spasticity, and can not suppress the
muscular contraction only for the duration of the spasticity.

Ideally, the neural prosthesis would stimulate the tibial nerve from mid-stance until
pre-swing to assist plantar flexion of the ankle, and block the tibial nerve during late swing
and loading response to prevent spastic plantar flexion. Further compensation would be
provided to other muscle groups as required. The present techniques described above
continuously affect the gait pattern, whether or not the muscle is functioning
appropriately. Therefore, the number and types of cases of spasticity that can be
addressed are limited to ones in which benefits of the brace or absent muscle activity are
greater than the limits imposed by its use.

The addition of temporary, localized nerve blocking to a FES system would open
the application of an assistive device to a large number of patients. Most problems in gait
can be described by muscular weakness, spasticity, or limited range of joint motion. The
limited range of motion could be due to long-term disuse, which is corrected through
muscle lengthening procedures, or spasticity. FES has already been shown to assist
individuals with muscular weakness. The addition of a temporary block would enhance
FES systems so they could also assist individuals through the suppression of spasticity.

For the block to be effective in this instance, it must be able to be turned on and off
quickly. An absolute minimum switching dynamic of the block for the above child would
be given by the duration of stance and swing, approximately 1 second in normal walking.
A sensor system would be required to detect the turn on and turn off times of the block.
Ideally, the switching dynamics of the block should be in accordance with the temporal
discrimination of spasticity. Consideration of the switching dynamics of the block would
be required in the development of the discrimination algorithm. This would be simplified
if the block could be turned on and off instantly.
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Case 2: Prolonged Standing After SCI

In a trial to determine maximum standing duration of a paraplegic individual
assisted by FES, eight spinal cord injured patients were maintained in a standing posture.
The duration of the standing ranged from a few minutes to two hours. Personal
communication indicated that the patients with long duration standing had contractures of
the gastrocnemius or soleus muscle. The maximum standing times for individuals without
contractures ranged from S to 10 minutes.

Long term standing is desired for rehabilitation of spinal cord injured subjects to
allow for periodic rest breaks to be taken during ambulation for recovery from upper limb
and FES induced fatigue. Posture switching (Krajl et. al., 1986), carousal stimulation
(Happak et. al., 1989), and intrafascicular stimulation (Veltink et. al., 1989) have all been
shown to increase the amount of time a muscle can be stimulated before fatigue. Each of
these techniques only delays the onset of fatigue, typically by a factor of 3 to S. These
techniques might not be applicable for an ambulating individual who desires to take a
break during a sustained walk without further fatiguing the muscles.

Braces have been proposed to reduce the duty cycle of FES activation, hence
alleviating muscle fatigue. Conventional orthotics are cumbersome, hence do not receive
long term usage (Coghlan et. al. 1980). Minimal bracing, such as the hybnd orthosis,
(Andrews, and Baxendale, 1986) has been shown to lengthen standing times. However, a
controller is then required to compensate for knee buckling.

Brandell (Brandell, 1982) has discussed a ‘universal’ FES system. This system
would be flexible enough to adapt to the specific problems associated with upper motor
neuron disabilities, such as stroke, hemiplegia, cerebral palsy, and spinal cord injury.
Presently, FES has been shown to overcome limitations of muscular weakness in each of
these cases (Hendron, 1980, Stein et. al. 1992, Pedotti et. al., 1996). However, spasticity
is a persistent problem in many of these individuals. Ideally, a ‘universal’ FES system
would be able to address problems due to muscular weakness and spasticity.

The inability to suppress spasticity is not the only limitation of present neural
prostheses. The sensors that are used for control of the stimulation have not been refined
for practical, everyday use. Closed loop control has been discussed as an advancement of

4
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many systems even though the sensors for closed loop control are often unavailable or
unsuitable for long term use. Goniometers, used for measuring knee joint angles, are
cumbersome and bulky, and are not suitable for use outside a laboratory. Hand switch
control, often used to activate stimulation pulses, is only sufficient for slow gait. If
multiple events need to be triggered for faster or smoother gait patterns, the complexity
and timing involved in using hand switches would be restrictive (Lajoie, et. al, 1999).

The author envisions a neural prosthesis that would overcome these limitations.
The controller would use convenient, available, and unobtrusive sensors to provide
feedback for a FES system. Muscular stimulation and nerve blocking patterns could then
be generated from the controller. This neural prosthesis is developing incrementally.
Advancements in controllers for standing (Dolan and Andrews, 1998, Davoodi and
Andrews, 1998) and walking (Kobetic and Marsolais, 1994, Franken et. al., 1995) have
been described. Implanted FES systems are being developed to provide a better reliability
and repeatability of stimulation (Kilgore et. al., 1997, Davis et. al., 1997). Further
developments in the area of stimulation included spinal cord stimulation, and sacral root
stimulation (Rushton et. al,, 1996). These methods hope to provide better repeatability
and precise control of stimulated muscles. A ‘universal’ neural prosthesis could become a
reality subsequent to the development of applicable sensor systems for feedback control
and a method for blocking of unwanted peripheral nerve activity. The population that
could benefit from this type of device ranges from individuals debilitated by a variety of

neural muscular disorders such as spinal cord injury, stroke, and cerebral palsy.

1.1.1 Populations Who Could Use FES in Rehabilitation

Spinal cord injury causes a disruption of the upper motor neurons from connecting
with the lower motor neurons. This has the effect of disrupting or eliminating the signals
from the brain used to control the areas below the injury.

The incidence of spinal cord injury in the United States is approximately 40 per
million, and the prevalence is about 183 000 to 203 000. Most of the individuals who
suffer spinal cord injury are male (81.9%). The mean age at incidence is 31.5 years. The
most common lesions are CS followed by C4, C6, T12 and L1. Between 1991 and 1998,

S
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the incidence rates for the neurological levels were: complete paraplegia (28.9%),
incomplete tetraplegia (28.6%), incomplete paraplegia (21.8%), and complete tetraplegia
(18.4%).

Stroke affects about 1% today’s population. In 1991, there were 2.9 million
stroke survivors in the USA, of whom 20% needed help to ambulate (Framingham study,
National Stroke Association). Stroke, or ischemia, is caused by a loss of blood circulation
in the brain, damaging the controller of neuromuscular actions. The resultant loss can be
muscular, sensory, or a combination of the two. The extent of the damage due to stroke
and the effects of the stroke vary on an individual by individual basis. FES can be used in
rehabilitation to restore lost motor activity through activation of intact neural pathways.

Spasticity is a problem after stroke and SCI. Kerrigan (Kerrigan et. al., 1991)
studied spastic paresis leading to the condition of stiff-legged gait. In the study, each of
the patients referred to the clinic with this condition had inappropriate activity in at least
one quadriceps muscle during pre-swing or initial swing phase of gait. Inappropriate
activity of the hamstrings occurred in 9 of the 23 patients during pre-swing. Treatments
for this condition were not discussed.

In cerebral palsy gait, a common problem is the inappropriate synergistic activation
of muscles. It is suggested that primitive reflexes lead to this synergistic activation of
muscles, and become more apparent in cerebral palsy due to decreased supra-spinal
inhibition. These inappropriate synergistic actions interfere with the cbjectives of certain
phases of gait. Perry (Perry et. al. 1993) describes an example of this condition. Spastic
gastrocnemius or soleus activity during terminal swing can cause an abrupt end to the
swing phase of gait. This prevents the normal ankle position that is necessary for the
smooth transition of forward momentum by disabling proper loading of the leg. In turn,
the gait pattern is slowed and requires greater physical effort due to poor conservation of
momentum.

In each of these neurological impairments, muscle weakness and spasticity can
affect the gait pattern. A device that could address both of these conditions would have a
larger area of influence than one that only addressed muscle weakness.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



The envisioned FES system addresses both muscular weakness and spasticity.
Precise timing for nerve blocking, required to control spasticity, would be triggered by a
real time sensor system. This requires a nerve blocking technique with sufficiently rapid
dynamics, and a precise method of sensing when the nerve should be blocked.

A method for this type of control is not presently available for FES. The artificial
sensors that have been used in FES are inadequate for everyday use (Marsolais and
Kobetic, 1988, Johnson et. al., 1995, Crago et. al., 1986). A dynamic, electrical nerve
block that is safe for mixed nerves and can be asserted and removed quickly does not
exist.

The goal of this thesis is to further the development of FES systems that could
stimulate, block, or selectively stimulate axons as activated by a controller using feedback

derived from appropriate sensor systems.

1.2 Literature Review

1.2.1 Functional Electrical Stimulation Methods (FES)

Many FES systems have been used to assist standing and walking in paraplegic
individuals. The typical systems used surface (Kralj and Bajd, 1989), percutaneous
(Kobetic and Marsolais, 1994), or implanted (Kilgore et. al., 1997, Davis et. al., 1997,
Sharma, 1998) electrodes for stimulation. Further developments in the area of stimulation
technique include spinal cord stimulation, and sacral root stimulation (Rushton et. al,
1996).

The time required to don and doff a system can be a deterrent from using the
system. This lead to the development of implanted systems. The implanted systems are
telemetrically powered by a radio frequency (RF) power source. The efficiency of
inductive power transmission ranges from 60-70%. Communication with the implant and
an external control unit occurs through amplitude modulation of the RF power. The
external control unit transmits each stimulus channel’s amplitude and pulse width to the
implanted stimulator by amplitude modulation of the RF power source. The implanted
stimulator detects and interprets the amplitude modulated RF signal through a

microprocessor and controls the stimulus level for each channel. Telemetry is also used to
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transmit implanted sensor recordings from the implant to the external controller.
Modulation of the implanted receivers’ admittance will alter the back EMF of the external
control unit’s transmitting coil. The external control unit demodulates this back EMF to
obtain the implanted sensor recordings. The system of Kilgore et. al. controls 32 channels
of stimulation in this manner. The system of Davis et. al. controls 24 channels of

stimulation whereas the system of Sharma et. al. controls 16 channels.

1.2.2 Sensors and Control techniques for lower limb FES

The first use of FES for neuromuscular control on a continuing basis was the drop
foot stimulator designed by Liberson and colleagues (Liberson et. al. 1961). This was first
applied to patients with hemiplegia. A footswitch was used to determine stance and swing
phase. During swing, the tibialis anterior is stimulated though the common peroneal nerve
at the head of the fibula.

Automatic detection of the stance and swing transition is a common application of
sensors within FES. Kostov (Kostov et. al., 1995) used force sensing resistors placed in
the insole of a shoe, and Adaptive Logic Networks (ALN) to determine stance and swing
in hemiplegia. The ALN required training on a day to day basis, imposing a possible limit
on the application of this technique in a clinical setting. Dai (Dai et. al,, 1996) and
Willemsen (Willemsen et. al., 1990a) have used accelerometers to determine stance and
swing phases in hemiplegia. Willemsen mounted the accelerometers on mechanical links
attached laterally to the leg. This added encumbrance to the individual, and limited its
application. Crutch and foot forces have also been used as inputs to rule based intention
detectors (Andrews et. al., 1989, Kirkwood and Andrews, 1989). Symmons et. al.
proposed a combination of myoelectric potential, crutch forces, foot contact patterns, and
vertical acceleration of the thigh for trigger signals (Symmons et. al., 1986). Both the
Symmons’ and the Andrews’ systems require a large number of interconnected sensors to
provide feedback for the controller, and hence would be difficult to work with clinically.
The external bracing of Willemsen, complex wiring of Symmons and Andrews, and day to
day training required by Kirkwood and Kostov restricted the potential application of their
respective devices. Liberson’s system has had the most clinical success of this group, due
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to the ease of application of his device; future designs of the sensor system should limit the
number of sensor sites and interconnecting wires.

Many drop foot systems have appeared commercially, such as the WalkAide™
based on work by Dai et. al, the Odstock drop foot stimulator, and the MicroFes™ system
presently distributed from Ljubljana. In the Odstock and MicroFes™ systems, foot
switches were used to control a surface stimulation pattern. In the WalkAide™, a tilt
sensor determines stance and swing. However, the clinical indications required for use of
the device, such as normal and not spastic activity of the gastrocnemius - soleus muscle
group, limit the population that can be assisted. Further refinements of the system are
required in order to widen the population that could be assisted by these devices.

Descriptions of closed loop FES systems for paraplegic standing and walking often
include joint angles as input variables for the controller. Kirkwood et. al. expanded
automatic gait event detection from two to four phases (Kirkwood et. al., 1989). They
used machine learned rule induction based on knee and hip angles, and foot forces. They
defined four gait phases: maximum right knee flexion to maximum right hip flexion,
maximum right hip flexion to maximum left knee flexion, maximum left knee flexion to
maximum left hip flexion, and maximum left hip flexion to maximum right knee flexion.
Their rule-based controller used these same joint angles to determine the gait phase. It
was not discussed if attributes such as angular velocity derived from joint angle were used
for inputs. By using the angular velocity of the joints, the four gait phases described in
this study should be determined accurately without the necessity of rule induction.
However, the advances of this study could be considered the discussion of the redundancy
of the sensors used to determine the gait phases, and demonstration of machine learning as
a tool for detection of multiple gait phases.

Ng and Chizeck (Ng and Chizeck, 1997) used knee, hip, and ankle angle and
angular velocity to determine gait phases. These variables, along with their simple
derivatives, were inputs for a fuzzy logic based gait phase detection system. Ng and
Chizeck detected five gait phases: weight acceptance, mid-stance, terminal stance, early
swing and late swing, and compared the performance of the detector with a video taped
recording of the paraplegic walking. The stimulation sequence used to generate the
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walking patterns was not described beyond noting that a switch was used to trigger the
stepping pattern. The overall accuracy of the gait phase identification technique was
below 75% on a sample by sample basis. Possible future refinements of the system are
described that could lead to better results.

Kobetic and Marsolais (Kobetic and Marsolais, 1994) used the gait phases as
defined by Perry (Perry, 1992) to develop electrical stimulation patterns that compensated
for the absent motor control in each of these gait phases. They coordinated the
stimulation of 38 electrodes to control the gait pattern. Feed-forward control was used
within each gait cycle. The feed-forward control routines were based on a timing
sequence initiated at heel contact. The gait patterns were evaluated on the degree that
each approximated a normal gait pattern. Stepping cadences were approximately 65
steps/min, and speeds of 0.6-0.8 m/s were measured. Muscular fatigue was described as a
problem in the implementation of this technique. It was suggested that fuzzy logic could
be used to enhance this controller. However, it was not indicated whether fuzzy logic
would be used to trigger multiple stimulation patterns, as suggested by the work of
Chizeck, or if fuzzy logic would be used to refine the feed-forward control routines, as
suggested by the work of Crago et. al. (Crago et. al, 1996).

Abbas et. al. (Abbas et. al. 1991) examined closed loop control of coronal hip
angie in individuals. He noted that closed loop control performed better than open loop
control for postural positioning and that day to day deviations were reduced using closed
loop control.

Closed loop control has been modeled for sit to stand maneuvers in which the
endpoint velocities were thought to be potentially damaging. Dolan et. al. (Dolan et. al,,
1998) have modeled and performed one human trial using a switching curve to regulate
stimulation patterns. Davoodi and Andrews (Davoodi and Andrews, 1998) used genetic
algorithms to perform closed loop control of standing and sitting. For both of these
controllers, the continuous detection of knee flexion angle and angular velocity is
necessary. The method for obtaining these angles was assumed to be from a goniometer.

Wood et. al. (Wood et. al., 1998) performed physical trials of quiet standing using
closed loop PID control of the knee flexion angle. Knee angle was detected by a
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potentiometer worn in a neoprene knee brace. Using this arrangement, the sensor
required calibration prior to trial. This could be distracting for everyday implementation.

Granat et. al. (Granat et. al, 1992) used a one-step ahead controller to
accommodate for a habituating knee flexion withdrawal response. Franken et. al.
(Franken et. al. 1995) followed this study by describing a cycle to cycle controller. They
noted that although the instantaneous control of the angle of the knee is not important.
However, the knee flexion angle and hip angle at the endpoint of the swing phase are
important, and determined these angles with goniometers. Appropriate hip and knee
flexion angle ranges could be maintained by adjusting stimulation parameters using the
cycle to cycle controller. These studies highlight a further problem for FES controllers.
The force derived from electrical stimulation of a muscle is dependent upon the angle,
angular velocity, and fatigue of the muscle as well as the positioning of the electrodes.
Open loop or feed-forward control account for angle and angular velocity dependence, but
are unable to reconcile deviations due to fatigue and electrode placement. Feedback
controllers, which evaluate the performance of the system, could refine feed-forward
control routines to achieve a better stimulation paradigm, as noted for the cycle to cycle
controller.

In each of the above controller descriptions, a joint angle has been used as
feedback for the system. The electrogoniometer has been the sensor used in all of these
trials, save Wood et. al. and Kobetic et. al., to determine the angles across the joint. This
device has not been proposed for application outside the laboratory, possibly due to its
high power consumption. Crago et. al. (Crago et. al., 1986) note that this device could be
used for feedback control of the knees and ankles. However, the device required
calibration prior to each sit to stand transition due to the slipping of the mountings. This
problem makes this device inappropriate for use outside the laboratory. The application of
each of the controllers listed above is limited by the application of the goniometer. A new
method for detection of joint angles could allow for the further realization of these control

techniques.
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Goniometers are self contained methods for measuring joint angles. Other
methods of determining joint angles, such as photography (Murray, 1967) are not self
contained hence unsuitable for feedback control of FES.

An electromagnetic system is a possible alternative method to goniometric
determination of joint angles. The initial positioning and orientation of the devices, and
interference due to magnetic materials could pose problems for accurate reconstruction of
angles. A commercial electromagnetic system was used to characterize the position and
orientation of a mechanical ball and socket joint (An et. al, 1988). Other commercial
systems, such as the Flock of Birds™ and Motion Star™ are also available. Phase and
magnitude information (Lou et. al., 1997) has been described to determine relative
position and displacement of a transmitter/receiver pair. Chandler (Chandler, 1973) used
synchronous detection of magnetic transmitter and receiver coils to obtain finger and wrist
joint angles. The placement of the coils was critical to the accuracy of the device, and the
response of the system was nonlinear. Calibration for each individual subject was
necessary. In each of these cases, the relative position of the transmitter to the receiver
was determined. This is a problem in lower limb FES, as the entire body will move during
a gait cycle and a stationary point of the body might not be resolved to use as a reference.

Optical (Kunz and Dubendorfer, 1997), conductive (Johnson et. al., 1981), and
discrete goniometers (Roth et. al., 1981) have been described. Alignment of optical
goniometers would be difficult, as they are not traditionally used for medical applications.
A consistent line of sight between the two ends of the optical goniometer is required by
this system. The conductive goniometer proposed was highly nonlinear. Although this
signal could be digitally linearized, compensation could not be made for rotations about
other axes. The digital goniometer requires that the axis of rotation to be centered about
the axis of rotation of the joint, which is difficult and potentially encumbering in the knee.

Many goniometric systems have used an exoskeleton to accurately measure joint
motion in three dimensions (Johnston and Schmidt, 1969, Lamoreux, 1971, Chao, 1978,
1980, Mills and Hull, 1991, Perry and Antonelli, 1981). These systems involved a
mechanical assembly to strictly measure angles in a number of dimensions. Precision
potentiometers have been used to determine joint angles. Petrofsky et. al. (Petrofsky et.
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al,, 1984) used this type of system for feedback control of walking on a treadmill. A
treadmill was used in the experiment to ensure that the patient did not move too far from
the electronics required to record the goniometer signals. These goniometers also
included rigid mechanical linkages used to isolate rotations to a predetermined axis. The
encumbrance of these devices limits their potential application to practical feedback
control systems for FES.

Implantable goniometers, based on Hall effect transducers implanted in the bone,
have been investigated to reduce the encumbrance to the user. Only qualitative results are
available for the application of the device in the hand (Johnson and Peckham, 1994,
Strojnik et. al, 1995), and the device is not widely available.

Control of quiet standing is another area that needs to be addressed by a sensor
and signal processing system for lower limb FES. Veltink (Veltink and Franken, 1996)
used accelerometers to determine simulated knee buckling in able bodied subjects. This
technique has not been applied to control for FES, and it is questionable if accelerometers
attached to the thigh during paraplegic standing would provide a signal of high enough
precision for threshold detection for effective knee buckling control. Mulder et. al.
(Mulder et. al., 1992) described a hysteresis loop for control of prolonged FES standing
using goniometers. He reported that the duration of standing, until fatigue, could be
increased by 2.5 to 12 times and muscular torque decreased.

Andrews (Andrews et. al., 1989) described a feedback controller for prolonged
standing incorporating an above knee prosthesis instrumented with a strain gauge. The
use of force across an ankle foot brace could predict knee buckling. However, a zero
frequency, i.e. DC, sensitive strain gauge was used. The DC level of the strain gauge
moved with redistribution of the weight, hence a single threshold of the DC level was
insufficient in detection knee buckling.

Based on closed loop tests similar to those reported by Petrofsky, it has been
suggested that artificial sensors are not suitable for everyday use (Johnson et. al., 1995).
However, feedback control of FES walking and standing is consistently suggested as an
improvement for most systems. Kobetic and Marsolais (Kobetic and Marsolais, 1994) use
preprogrammed feed-forward control for FES walking in lieu of feedback control as
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available sensors are not appropriate, and mention feedback control as a necessary
advancement for further application of FES (Kobetic and Marsolais, 1994, Marsolais and
Kobetic, 1988, Franken et. al., 1995). Hambrecht (Hambrecht, 1972) noted this early in
the development of the FES field, mentioning the necessity for miniaturized sensors and
controllers that do not require conscious effort of the patient.

For this reason, the naturally occurring myoelectric and epineural potentials have
been considered for use in FES control. Myoelectric potentials are a primary source of
joint control in the upper limb. They have used voluntary contractions of intact muscles as
a high level state controller (Chandler, 1973, Hildebrant and Meyer-Waarden, 1984,
Sexena et. al., 1995, Hart et al., 1998, Scott et. al., 1996, Graupe, 1998) of FES
contractions of paralyzed muscles. In these systems, the myoelectric potentials measured
from an intact muscle group are used to trigger a feed-forward control routine.

There are problems in attempting to use myoelectric potentials for feedback
control of lower limbs. The myoelectric potential of a muscle may provide feedback of the
force of the muscle. However, the position, velocity, and fatigue of the muscle, and the
position of the electrode with respect to the active motor units affect the relationship
between force and the myoelectric potential. This is simplified in FES, as a single level of
stimulation should consistently recruit the same motor units and produce repeatable,
fatigue dependant M waves. Graupe compensated for fatiguing muscles based on the
shape of the M wave (Graupe et. al., 1988). Subsequently, Erfanian et. al. (Erfanian et.
al., 1998) produced a model relating the EMG during an isometric contraction to force of
the contraction. The model that was produced compensated for fatigue. Models have
been developed to compensate for limitations due to length and velocity changes (Shue et.
al., 1995) and have been suggested for use in adaptive control of neural prostheses.
However, a complete relationship of muscular force as a function of myoelectric potential
in dynamically moving muscles has not been reported. Even with an accurate measure of
muscle force due to FES, the application to lower limb FES is not direct. Most lower limb
FES systems use joint position and not joint forces for feedback variables.

Graupe (Graupe, 1989) produced an event triggered FES system which
discriminated four states of walking by analysis of myoelectric potentials from the erector
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spinae. The individual would make a postural change to prepare himself/herself for the
next step. Individuals were trained to produce repeatable myoelectric potentials of the
erector spinae used for control. Feed-forward control was used during each cycle of the
gait. Although these myoelectric potential signatures were expected in preparation for the
next cycle, training of the individuals was required to achieve a proper discrimination,
adding a cognitive burden to the physical demands of walking.

Sensory feedback from epineural potentials is also being investigated, primarily for
slip and touch control. Upshaw and Sinkjaer and Haugland and Sinkjaer (Upshaw and
Sinkjaer, 1997, Haugland and Sinkjaer, 1995) investigated heel strike and heel lift off
detection from epineural potentials. This could enable a completely implantable device for
the control of drop foot. The detection accuracy from this method is greater than 90%.
Haugland and Hoffer (Haugland and Hoffer, 1994) have examined detection of slip for
control of hand function.

Epineural control has been discussed for the detection of joint angles. Models for
single Ia afferents, which contain length and velocity information from the muscle, have
been well documented (Prochazka and Gorassini, 1998 a, b).

Sinkjaer et al. (Sinkjaer et. al., 1997) investigated whole nerve recordings to
determine joint angle. They detected joint angle from a passively moving joint, in which
the nerve activity was dominated by muscle spindle activity. The activity of tendon organ
afferents was reported as a possible complicating factor of the technique. This also
precluded the use of nerve recordings from stimulated muscle.

Yoshida and Horch (Yoshida and Horch, 1996) demonstrated closed loop control
of ankle motion in an acute animal study. The range of motion for the ankle was small,
and intrafascicular electrodes were used to obtain precise recordings of the epineural
potential. It was noted that migration of the intrafascicular electrodes could limit further
application of this approach (Sinkjaer et. al., 1997).

The advent of micro-machined electromechanical sensors (MEMS) provides an
opportunity for new sensors to be applied to FES. These sensors are miniature and

convenient to use, the necessities noted by Hambrecht (Hambrecht, 1972).
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Accelerometers and rate gyroscopes, available in the development of MEMS, are low
cost, robust and commercial available.

Accelerometers have been widely used in gait analysis. Multiple accelerometer
combinations have derived angular acceleration, velocity, and tilt of a leg through
integration (Morris 1973, Smidt, 1977). In the field of FES, Willemsen et. al. (Willemsen
et. al., 1991, Willemsen et. al, 1990 a,b) proposed a signal processing method using
accelerometers to obtain the knee joint angle and angular velocity. The accelerometers
were mounted to metallic rods aligned with the shank and the thigh. An assumption was
made that these rods would rotate within a single plane. A novel analytical formula that
avoided numerical integration determined the angular kinematics. Heyn et. al. (Heyn et.
al. 1996) extended this study by using rate gyroscopes to directly measure the angular
velocity of the leg segment. Unfortunately, the mounting rods of the sensors could be too
encumbering for daily use.

Rate gyroscope signals can be used to estimate joint angle by numerical
integration. However, the rate gyroscopes typically display a non-zero offset, referred to
as a DC component, when at rest. Drift of this DC component, commonly due to
temperature, leads to unbounded error of the integral. Miyazaki (Miyazaki, 1997) and
Kataria and Abbas (Kataria and Abbas, 1998) low pass filtered the rate gyroscope output
to determine the DC component, and integrated the residual signal to determine angle.
Hentry (Hentry and Ewins, 1998) compensated for the drift at the end of each step in a
walking trial. Since the angles are not calculated in real time, this technique could not be
used for control purposes.

Silicon based MEMS have a potential to be used for FES control. These sensors
are now readily available, are small in size, and are low power. These sensors could be
incorporated within the bracing or surface electrode systems and do not add encumbrance
to the user. The sensors also have the potential to be implanted with a neural prosthesis.
This would allow for a completely implantable neural prosthesis.

Modern signal processing techniques, such as machine leamning algorithms, hand
crafted rule bases, and inductively learned rule bases, have been applied to sensor signals
to generate variables that could be used for control of FES. The drawback in these
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methods was not in the failing of the signal processing techniques, but in the choice of
sensors used. For this reason, the approach was taken to choose sensors that could be
conveniently placed on the body, possibly to be implanted or incorporated into present
components of the neural prosthesis, and apply the signal processing techniques to
generate the control signals commonly used in lower limb FES. Design goals of limited
encumbrance, don/doff time and reliability were considered in constructing the sensor
system. The sensor system should also be low profile, and use the same sensors for the

detection of control states and variables within the state.

1.3 Nerve Blocking

Further refinements for FES control could be achieved if spasticity could be
suppressed through nerve blocking. Three techniques that are presently investigated are
anodal blocking, collision blocking, and blocking by high frequency activation.

1.3.1 Anodal Blocking

Rijkoff (Rijkoff et. al., 1997, 1998) has investigated blocking by anodal currents,
as suggested by Brindley and Craggs (Brindley and Craggs, 1980), to produce a
hyperpolarization of the neural membrane. The action potential is unable to propagate
through the hyperpolarization, and hence a transmission block of the nerve is produced.
Chronic application of this technique could be limited. The waveform that is used is
monophasic, and could compromise the integrity of the electrodes (Robblee and Rose
1990). Rijkoff does not discuss this concern in his assessment of the technique. Rijkoff
proposed selective activation of small axons by this block. Selective activation was
achieved by using large cathodal currents to depolarize all of the axons, and a smaller
anodal current to hyperpolarize the large axons. Hence, propagation of the action
potential would only occur in the small diameter axons. However, the depolarization of
the small, pain sensing axons could be a deterrent if applied to a mixed nerve as would be

seen in the control of phasic spasticity.
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1.3.2 Collision Blocking

Mortimer et. al. investigated collision blocking through quadratrapezoidal
waveforms (Grunewald et. al., 1998, Sweeney and Mortimer, 1986, van den Homet and
Mortimer, 1981 a,b). Unidirectional action potentials were generated by cuff electrodes.
The action potentials propagated only in the proximal direction from the stimulating
electrode, colliding with action potentials that would be generated by spasticity or other
neural muscular stimulation.

By adjusting the current level used, Fang and Mortimer (Fang and Mortimer,
1991) demonstrated that small diameter axons could be activated without activating larger
diameter fibers. van den Homet and Mortimer had previously reported that the
quadratrapezoidal pulses could cause bidirectional activation of small diameter fibers.
Refinements of this technique have included changes in the shape of the cuff electrode
(Sweeney and Mortimer, 1986).

This technique has only been proposed for work on motor nerves. The unipolar
activation would elicit action potentials in the Ia and gamma afferents in addition to the
motor fibers that the technique is attempting to block. The reflexes associated with the
mass activation of the Ia afferents, which lie within the diameter range of the motor fibers,
would be activated. Additionally, the block is suggested to cause bi-directional activation
of the small diameter fibers within the axon (Fang and Mortimer, 1991, van den Homet
and Mortimer, 1981). Noxious stimulus due to the stimulation of the small diameter, pain
sensing axons would prevent this technique from being applied in mixed nerves.

The effects of chronic use of this technique can be hypothesized based upon the
work conducted by Agnew and McCreery (Agnew et. al., 1990). They demonstrated that
repeated action potential generation in a nerve even at frequencies as low as 50 Hz can
cause early axonal death when sustained for 8 hours. Early axonal death was attributed to
the continuous mass activation of the nerves. This continuous, mass activation of the
nerve is necessary for collision blocking. If collision blocking is applied to suppress

spasticity, it could require 8 hours of stimulation a day, at a duty cycle of 50%. This type
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of chronic evaluation of collision blocking investigating early axonal death has not been

published to date.

1.3.3 Blocking through high frequency activation
Shaker et. al. (Shaker et. al., 1998) used repetitive stimulation at 600 Hz to
produce a muscular block based on previous reports of Solomonow (Solomonow, 1984).
At this frequency, the motor units of each axon stimulated are unable to produce a
muscular contraction. This technique has great susceptibility to the early axonal death,
described by Agnew and McCreery. Based on Agnew and McCreery’s report, continuous
stimulation at 600 Hz for 8 hours a day at a 50% duty cycle, as could be necessary to

suppress phasic spasticity, could lead to early axonal death.

The present methods of nerve blocking have not been explored for control of
phasic spasticity, and might not be appropriate. Collision blocking and blocking through
repetitive stimulation requires high frequency activation of the nerve. The chronic effects
of these stimulation patterns have not been explored, but potentially cause early axonal
death. Anodal blocking uses monophasic stimulation, which compromises electrode
integrity. A safe and effective method for blocking of peripheral nerves is necessary.
From the work of Agnew and McCreery, the desired block should not cause activation of
the nerve. Additionally, for control of phasic spasticity, the block should be able to be
turned on and off quickly. If used in mixed nerves, the block should not cause activation

of the smaller diameter fibers.

1.3.4 A Possible Localized Action Potential Transmission Block

Rattay (Rattay, 1990) presented a possibility for a neural block that is exhibited in
models of axons. This block was localized to the area of the stimulation, and the electrical
currents that caused the block were biphasic. Additionally, the block did not continuously
generate action potentials.

Tanner (Tanner, 1962) demonstrated a nerve block produced by 20 kilocycle (kC)
[sic] oscillating current of unspecified shape and amplitude, that suppressed the compound
action potential recordings in dissected frog nerve. Woo and Campbell (Woo and
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Campbell, 1964) followed this study and described a tetanic contraction elicited by 20 kC
monophasic pulses applied to dissected cat nerves. They also demonstrated that the 20 kC
current could produce a localized transmission block of action potentials in an isolated cat
neuron.

Solomonow (Solomonow, 1984) used rectangular monophasic pulses in the range
of 600 Hz to 20 kHz. He produced a block of the muscular contraction over the entire
range of frequencies. He attributed the muscular block to an endplate depletion
mechanism, although did not test this hypothesis. Shaker et. al. (Shaker et. al., 1998)
applied Solomonow’s blocking technique for the control of micturition. Using a single
bipolar electrode, they interspersed 30 Hz stimulation of fiber diameters with 600 Hz
stimulation of the large diameter fibers, and produced a block of the contraction of motor
units innervated by large diameter axons and contraction of the motor units innervated by
small diameter axons. Their results were consistent from trial to trial but did not achieve
the 100% blocking effectiveness reported by Solomonow.

Muller (Muller, 1969) placed a monopolar electrode 2 cm from a dissected frog
nerve and blocked the conduction of action potentials by using a 5 kHz waveform of an
amplitude of two to six times the threshold for stimulation. It was not described if the
conduction block was either a conduction block or fatigue block. He referenced a
previous hypothesis that middle frequency currents can lower the resting membrane
potential of the axon without eliciting a full depolarization. He was unsure how the 5 kHz
waveform could cause this depolarization.

Bowman (Bowman, 1985) provided an extensive description of high frequency
currents for electrical nerve blocking. Bowman’s experimental setup included proximal
and distal stimulating electrodes, with a blocking electrode placed in between. In his
experiments, he recorded both action potentials of single nerve fibers and muscular force.
He described that high frequency electrical currents could cause a block of muscular
contraction by two separate mechanisms. The first block of muscular contraction was due
to fatigue at the neuromuscular junction, characterized by an inability of a distally placed
electrode to cause stimulation of the muscle. The recovery time for the muscle was in the
order of 30 seconds. The second block of muscular contraction was due to a local nerve
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conduction block. This block allowed a distally placed electrode to generated muscle
twitches. He reported that the frequency range for the two blocking methods overlapped.
The muscular junction block occurred at lower currents and the localized conduction
blocking occurred at higher currents. His results varied from trial to trial and were
conducted on 25 cats. His explanation for variation in results was due to technical
difficulties of the procedure.

Bowman (Bowman, 1985) also described a block in a human nerve. He used the
previously described technique, both a distal and proximal stimulating electrode with a
blocking electrode placed in the middle, to distinguish between a localized conduction
block and a muscular junction block. In only one of the three individuals tested, a local
conduction block was observed. An explanation for the variance of these results from trial
to trial was not included.

Bowman (Bowman, 1985) modeled the effect of an increased intracellular Na*
level within the nerve, and concluded that a localized transmission block could be achieved
through a local increase in the Na* level within the axon.

The results from tests performed on animals that described a block of muscular
contraction due to high frequency electrical stimulation are varied and inconclusive. Most
of the groups used monophasic current pulses. Woo and Campbell (Woo and Campbell,
1964) described a tetanic contraction of the muscle. Solomonow (Solomonow, 1984)
hypothesized but did not test if the block was muscular in nature. Bowman’s circuit
included capacitive coupling of the output of a monophasic source. His experiments of cat
and human nerve had various results. Woo and Campbell (Woo and Campbell, 1964) and
Muller (Muller, 1969) reported that the conduction of action potentials in a single nerve
fiber could be blocked, as suggested by Rattay’s model. The experimental protocol
necessary to distinguish between these two conditions has not been used in each
experiment. Hence, each report of a block of muscular contraction due to the high
frequency electrical stimulation could be due to either a localized conduction block of the
axon, or fatigue at the neuromuscular junction.

Rattay’s description of the blocking within a model of the axon provides a different
direction. Through the models, the results of the individual animal tests could be validated
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for the different protocols. Additionally, the mechanism for the blocking procedure could
be proposed. From experiments conducted on models of axons, an experimental protocol
could be conducted to specifically reinforce or disprove localized axon conduction
blocking in animal tests.

Ionic currents of axons have been modeled by a number of groups. Hodgkin and
Huxley (Hodgkin and Huxley, 1952) produced the seminal work in this area with the giant
squid axon. Frankenhauser and Huxley (Frankenhauser and Huxley, 1964) described the
ionic currents in the myelinated frog axon. Chiu et. al. (Chiu et. al.,, 1979) described the
currents in the rabbit axon and compared their results to the frog. Sweeney (Sweeney et.
al., 1987) completed the numerical description of this work. Schwarz and Eikhof
(Schwarz and Eikhof, 1987) described the action potentials in the rat and cat axons. In
1995, Schwarz, Reid, and Bostock (Schwarz et. al., 1995) described the ionic currents in
human nodes of Ranvier.

These models of the currents at individual nodes can be incorporated into a cable
model describing the conduction of the action potential through the axon. McNeal
(McNeal, 1976) described a model of the conduction that assumed the myelin sheath was
a perfect insulator. Rattay (Rattay, 1990) has adapted this model to include stimulation
from external stimulus.

The inclusion of the active nodal kinetics into a model for conduction in an axon
has been previously reported. Reilly et. al. (Reilly et. al., 1985) imported ionic currents of
the FH equations into the cable model described by McNeal, naming the result a spatially
extended nonlinear node model (SENN). Frijns (Frijns et. al., 1994 a,b) has also described
a SENN model using both the FH and the SE equations for applications in cochlea. He
has matched the characteristics of repetitive firing, conduction velocity, and currents
across the membrane as described by the model for cats at both 20 and 37 °C. When
incorporating his model with a myelin sheath, the conduction velocity of his model
dropped to one half of the expected conduction velocity for an axon of that size. There
are other descriptions of cable models of the nerve with active nodes (Stephanova and

Bostock, 1995, Halter and Clark, 1991). However, each is limited, as they adjust the ionic
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currents described by the published ionic current model, or adjust the parameters of a
cable model to produce results that can be measured experimentally.

The animal studies suggest that a conduction block might exist, although it has
eluded investigators using only animal trials. However, models of axons can be generated,
and have been used previously to describe properties of nerves. Rattay has suggested
through models that a localized nerve blocking technique could exist, however, he did not
characterize the effects of the block. This suggests a more extensive investigation of
nerve blocking first through models be conducted, with the subsequent findings to be
confirmed or refuted through previous descriptions in the literature or new physical trials.

The method used to produce an electrical nerve block must exhibit a number of
characteristics that could be tested in the models prior to a physical trial. First, it must be
safe to use. It should not excite the intact nervous system, whether to initiate pain or
reflexes. The currents that are used should have a zero DC component to maintain the
integrity of the electrodes. It should also be possible to tum the block on and off in
accordance with the resolution of the control and sensing techniques. Present nerve
blocking approaches do not resolve these issues, although biphasic stimulation could offer

a solution.

1.4 Thesis Hypothesis and Objectives

A feedback controlled neural prosthesis that could control both the stimulation and
blocking of axons has not been proposed even though techniques for nerve blocking and
feedback control have been described previously. This type of neural prosthesis should be
able to address two fundamental problems of upper motor lesions, i.e. muscular weakness
and spasticity. This neural prosthesis would combine stimulation or nerve blocking with
the sensor system. The switching dynamics for the control in the neural prosthetic would
be limited by both limited by time required to turn the block on and off, and the temporal
resolution of the gait phases. Similarly, the precision of the control of joint angles is
limited by both the level of precision for the selectivity of the axons and corresponding

motor units, and the level of resolution of the joint angles.
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Most FES systems have not achieved widespread use, possibly due to the
complexity of the sensor or stimulator systems and limited effectiveness. The
development of implants reduces the cumbersome donning and doffing times of surface
electrode systems, hence increasing the effectiveness and decreasing the complexity of the
system to the user. Feedback control, commonly mentioned as a requirement to deal with
fatigue in FES, has been well documented based on sensor variables.

Two obstacles still preclude the development of a feedback controlled neural
prosthesis that includes stimulation and nerve blocking. Feedback controlled FES requires
a sensor system. The controllers that are being developed for FES use feedback variables
such as joint angle, gait phase, and knee stability. Previous techniques using artificial
sensors were limited by the bulk and encumbrance of the sensors and the number of
interconnecting wires. The recent production of MEMS in conjunction with signal
processing techniques could overcome these limitations.

There are two types of feedback for finite state control of FES. Sensors are used
to determine states in which a control routine would be active. The determination of
states can be as simple as a handswitch that indicates a desire to start a standing routine,
or a gait event detector that would initiate a feed-forward or feedback controller during
the gait cycle. Sensors are also used by a feedback controller within a state to maintain a
desired trajectory of motion, and by an adaptive feed-forward controller to adjust a
stimulation paradigm in response to fatigue.

Based upon these sensors, feedback control of nerve stimulation and blocking
could occur. Electrical nerve blocking has not been proposed for the reduction of phasic
spasticity, commonly seen in pathological lower limb movement.

Spasticity exists in the individuals with upper motor lesions. Both muscle
weakness and undesired muscle actions can restrict individuals from accomplishing motor
tasks. Electrical nerve blocking has not been described for suppression of phasic spasticity
during gait. However, the literature and available models of ionic currents within the
nodes of Ranvier suggest that localized and dynamic transmission block of the nerve could
exist. Further investigation in this area is warranted. This could be tested first in
computer models and validated in animal trials.
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The following hypotheses were formulated based on the literature review.

estimate state variables for neural prosthetic control of locomotion. This was divided

into three testable objectives.

1a) Knee flexion angle and angular velocity in sit to stand and stand to sit transitions
can be determined in real time to the same accuracy as a Penny and Giles
goniometer through signal processing and the new sensor system. This will be
tested in sit to stand trials involving able bodied and paraplegic individuals. The
manufacturers of the goniometer specify the nonlinearity of the device as 2
degrees, with 3 degrees of error due to cross talk. If the accuracy of the sensor
system and signal processing is within the accuracy of the goniometer, the
hypothesis will be supported.

1b) The sensor system can detect gait phases in real time. The required precision for
the timing of a multiple gait phase predictor has not been documented. However,
the technique for determining stance and swing by a commercial system has been
described. From this, a required time precision of the gait phase detector is
implied. Gait phase detection will be tested in a walking trial of able-bodied
volunteers. If the precision of the multiple gait phase detector is similar to that of
the reported commercial system, the hypothesis will be supported.

1c) The sensor system can provide a predictive signal of incipient knee buckling when
wearing a floor reaction orthosis (FRO). Recordings of the sensor system will be
made for multiple knee buckles performed in a trial with a paraplegic volunteer.
The hypothesis will be supported if a predictor is able to determine a knee buckle
before the knee reaches 175 degrees of extension.

H2) that a safe, localized and dynamic peripheral nerve block can be achieved

electrically. This will be examined using four testable objectives.
2a) High frequency electrical stimulation applied to spatially extended nonlinear nodal
(SENN) models will produce a localized block of axon transmission. This was
examined in 4 SENN models. A localized block will allow for conduction of
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action potentials generated on either side of the block but not through the area of
the block. If a localized block is displayed in the computer models, the hypothesis
will be supported.

2b) The block determined by the spatially extended nodal kinetic model is resistant to
changes in the parameters of the model. Altering the nodal kinetics of the SRB
model will test the stability of the block. If the alteration of nodal kinetics of the
model does not change the block qualitatively, the hypothesis will be supported.

2c) The block determined by the spatially extended nodal models of the axon can be
generated if noise is added to the high frequency blocking signal. If the models
demonstrate that noise added to blocking signal does not prevent a localized block
of the nerve from occurring, the hypothesis is supported.

2d) The localized electrical nerve block determined from the models can be
demonstrated in an animal. If the results of hypothesis 2a are displayed, then the
models are accurately representing the results from animal trials, and the

hypothesis is supported.

The thesis experiments are formatted into the following papers/chapters.

1) Gait phase detection using artificial sensors: This paper applies a low profile sensor
set to the problem of gait phase detection. Three accelerometers are placed below the
knee. From their signals, five gait phases are determined. By constraining the size of
the sensors and the location, the design criteria for a sensor system for a neural
prosthesis are met.

2) Determination of knee flexion angle and angular velocity during sit to stand
transitions using accelerometers and rate gyroscopes. This paper will discuss the
extraction of the state variables of knee flexion angle and angular velocity from the
low profile clusters of accelerometers and rate gyroscopes. Knee flexion angle and
angular velocity are variables that are used in the closed loop control methods

proposed by other investigators. Knee flexion angle and angular velocity were
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estimated by the combination of rate gyroscopes and accelerometers in both an able
bodied and a paraplegic subject.

3) A sensor system for functional electrical stimulation. A single set of sensors is
used to determine joint angle, gait phase, and knee stability. This paper will combine
the detection of knee flexion angle and angular velocity for stand to sit and sit to stand
transitions, the detection of gait phases, and the prediction of knee instability.

4) Electrical Nerve Blocking I: Computer Simulations. This paper describes a
potential for electrical nerve blocking on the basis of frequency and fiber diameter in
SENN models of the FH, SE, CRRSS, and SRB. The paper discusses the problems
with potential use of the block, and the various effects due to high frequency
stimulation. A mechanism hypothesizing the cause of the block is proposed.

5) Electrical Nerve Blocking II: Practical Implications. This paper looks more in
depth into practical issues of a prediction of nerve blocking from computer modeling.
Noise is added to the blocking waveform and the effects are noted. Variation of the

models’ parameters is investigated. A physical trial on a rat is discussed.
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Figure 1.1. EMG and Achilles tendon force recordings during walking for an able bodied
individual and one with spastic hemiplegia. The up arrows represent toe off. The down
arrows represent heel contract.

(Top) The weak but spastic gastrocnemius EMG recording is shown. The normal burst
of activity prior to swing not generated. Additionally, premature onset of the
gastrocnemius is seen during swing that continues through early stance, disabling normal
heel rocker motion.

(Bottom) A normal EMG recording of the gastrocnemius and Achilles tendon force is
shown. A burst of activity in the gastrocnemius occurs prior to swing. The onset of EMG
activity in the gastrocnemius is in mid-stance.
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Figure 1.2. Maximum standing duration for paraplegic individuals assisted by FES.

The subjects stood assisted by surface FES applied to the quadriceps. The maximum
standing duration was determined by duration in which the force from quadriceps
stimulation was sufficient to maintain standing. Subjects J.H. and S.M. had contractures
of the Achilles tendon. These contractures allowed for prolonged standing by restricting

dorsiflexion of the ankle.
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2 Gait Event Detection for FES Using Accelerometers and Supervised

Machine Learning

2.1 Introduction

Walking assisted by functional electrical stimulation has been demonstrated, and
commercial systems such as the Parastep™ System, the MicroFes™, and the WalkAide™
are now available. In the latter two systems, the stance and swing phases of gait are
determined automatically using an insole pressure sensor and a shank inclinometer
respectively. In FES assisted paraplegic locomotion, such as with the Parastep™ system,
the patient presses and releases a momentary acting handswitch to directly define the
stance and swing phases for each step. Skill in operating the switches is leartned over
several weeks during gait training sessions. This system relies on the flexion reflex,
elicited by electrically stimulating a sensory nerve such as the common peroneal (Kralj and
Bajd, 1989). This reflex is highly variable in its amplitude and temporal characteristics
(Granat et. al, 1993). The patient can learn how to accommodate for these delays in the
build up of the flexion response by pressing the handswitch earlier. The patient also learns
how to coordinate the press and release handswitch control actions with the upper body
mediated postural adjustments. However, the resulting FES assisted paraplegic gait
remains slow and energy consuming.

A high degree of concentration and dexterous precision is required to operate the
control handswitches. This may be limiting, particularly, with increased walking speeds
that have been achieved with incomplete spinal injuries or paraplegics performing FES
aided swing-through gait (Heller et. al, 1996). Various handcrafted stance swing detectors
for FES control have been proposed. These include detection of heel off (Liberson et. al,
1961), shank inclinations (Dai et. al, 1996), foot contact using switches or accelerometers
(Willemsen et. al, 1990), EMG signatures from preserved muscles (Chandler, 1973,
Graupe, 1989), EEG signals directly from the motor cortex (Craggs, 1974) and sural
nerve ENG signals from foot pressure afferents (Upshaw and Sinkjaer, 1997). These
methods depend critically upon human expertise in understanding of how a particular
sensor output can be uniquely related to the gait event and the ability to articulate the
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specific rules for detection of that gait event. This places restrictions on the type and
number of sensors used, their anatomical location and alignment. The combination or
fusion of data from several sensors may in theory improve the detector’s accuracy, but the
increased complexity may entail manual tuning to the individual, a process unsuited to
clinical practice. Further refinement of FES walking has been demonstrated by Marsolais
and colleagues. His walking technique required that the gait cycle be subdivided beyond
stance and swing to obtain a more natural looking and faster gait (Kobetic and Marsolais,
1994).

Andrews et al. (Andrews et. al, 1989) presented 2 hand crafted rule based
intention-to-step detector used to predict stance-swing transitions. The intention detector
was formulated from direct observations of manually controlled FES gait. Flexion
withdrawal stimulation was applied whenever two voluntary actions occurred within a
preset time window: the anticipatory postural adjustments of a shift of body weight to the
stance side, and the advancement and loading of the opposite crutch as sensed by shoe
insole and crutch handgrip pressure sensors. This method required a human expert to
select and position the sensors, and precisely articulate the detection rules. Adjustments
to rule parameters were required for each patient. In the patients exhibiting slower reflex
flexion, it was difficult to reliably detect an earlier event corresponding with manual switch
pressing, resulting in a slower gait. In these patients, a compensating anticipatory switch
was necessary for increased walking speed.

Kirkwood and Andrews (Kirkwood and Andrews, 1989), at the personal
suggestion of Donald Michie, reported the application to FES of an artificial intelligence
technique Michie called “behavioral cloning” (Michie et. al, 1990). A volunteer subject,
who had sustained an incomplete cervical lesion of the spinal cord, performed a number of
walks using a handswitch controlled FES system, whilst signals from a set of insole
pressure sensors and crutch force sensors were simultaneously recorded. The rule
induction algorithm ID3 was used to produce a real time, rule based clone that
automatically mimicked the patient’s press and release actions of the control handswitch
with an accuracy of 97%. The reasoning used by the clone, when articulated as a set of If
... Then... type rules may also be understood by humans. The rule induction algorithm
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assumed no a priori relationship between the classes and attributes. This allowed the
designer to chose sensors that would somehow reflect the patient’s intention without
having to be able to articulate the exact relationship. Kirkwood, Andrews & Mowforth
(Kirkwood et. al, 1989), using the fact that ID3 ranks, in information theoretic terms, the
contribution of each sensor signal derived attribute, demonstrated that inductive learning
could better perform sensor selection for determination and gait phases compared with a
panel of human gait experts. The behavioral cloning technique has since been further
developed using different rule induction algorithms and sensors together with procedures
for selecting sensors based on their contributed information.

Advances to walking in paraplegia can be made through adding additional states
for control. Bajd et al. (Bajd et. al, 1994) have demonstrated that FES plantar flexion,
applied using a three state handswitch, during the push off phase can increase the walking
speed of some paraplegics with complete lesions. Kobetic and Marsolais (Kobetic and
Marsolais, 1994) used a triggered sequence of eight phases, demonstrating walking speeds
up to 0.5 m/s in laboratory conditions. A timing algorithm was constructed for each
individual to determine the eight phases within the gait cycle. Adjustment of the timing of
the gait phases is proposed through fuzzy logic detection of gait events discussed by
Chizeck (Ng and Chizeck, 1997). Kobetic and Marsolais noted that errors in the range of
20 ms could have a detrimental effect on the performance of the walking pattern.

Through the application of machine learned rule-based controllers, gait phases or
gait events, such as those indicated by Kobetic and Andrews, could be derived to control
FES. Kostov (Kostov et. al, 1995) has also applied this technique using Adaptive Logic
Networks for stance swing detection. Presented here are the results of a feasibility study,
conducted with able-bodied volunteers, to determine if supervised machine learming and a
set of three accelerometers attached to a single site on the shank can reliably predict
stance-swing intentions and detect gait events. The gait events we chose to detect were
defined by Perry (Perry, 1992) and are widely accepted and associated with well defined
motor control actions from which finite state control strategies may be formulated.

Accelerometers were chosen because they are physically small, commercially
available, robust and represent a new generation of micro-machined sensors that are

39

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



potentially implantable in future neuralprostheses. The performance of a stance-swing
version of the detector is compared with a clinically used hand crafted detector based on a
pendulum type inclinometer (Dai et. al, 1996). Preliminary aspects of this study have
previously been reported (Williamson et. al, 1996).

2.2 Methods and Materials

2.2.1 Subjects and Walkpaths
One figure of eight and one oval walkpath were marked out using masking tape on
a level floor. The oval path was 20 m along the straight edges with an 8 m diameter curve
at either end. The figure of eight had 16 m straight sections with 6 m diameter curves on
either end. Five able-bodied subjects took part in this study, indicated in Table 2.1.
Subject E walked only along the oval path. A power failure to the sensors occurred
during Subject D's oval run. The subjects walked around each path twice in

approximately 45 seconds.

2.2.2 Accelerometers

At the time of conducting this study, only the uniaxial accelerometers ADXLOS
and ADXLS0 were available. We chose to use the ADXLOS as it had a thirteen fold
improvement in signal to noise ratio in comparison to the ADXLSO0, as calculated by
comparing their noise and sensitivity specifications. Accelerations above 5 g were not
expected nor observed in our test, hence the increased range of the ADXLS50 was not
advantageous.

The accelerometers were mounted on the ADXL50 evaluation boards, supplied by
Analog Devices, as described by the application notes (Analog devices trade literature).
The onboard amplifier was set with a gain of 2 giving a range of +/- 4g and an offset of
2.8 volts with the sensitive axis of the ADLXO0S horizontal. The signals were recorded
with 12 bit resolution using an analog to digital converter (NI-DAQ AT-MIO 16L board,
National Instruments Inc.) with a sampling rate set at 200 Hz.

Three accelerometers were used in these trials. We were interested in confining

the sensor system to a single location. Hence, the three appropriately arranged
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accelerometers could provide complete measurement of the accelerations of the point on
the brace to which they were attached.

The evaluation boards were mounted on a semi-rigid plastic plate with an
adjustable elasticized Velcro strap around the shank as shown in Figure 2.1. The plastic
platform was 2" by 8" and molded to the tibial crest region. The platform and strap were
positioned on the tibial crest situated above the heads of gastrocnemius and soleus
posteriorly as shown in Figure 2.1A. The accelerometer, labeled a in Figure 2.1B was
oriented approximately along the tibial axis. The other two, labeled b and ¢ as shown,
were mounted orthogonal to the tibial axis and a, with approximately 70° between their

sensitive axes.

2.2.3 Determination of reference gait phases

Force sensing resistors (FSRs) were attached to polypropylene shoe insoles of
thickness 3 mm beneath the heel, medial metatarsal, and lateral metatarsal, similar to the
method of obtaining foot floor contact patterns as described by Perry. The FSRs were
sampled along with the accelerometers by the data acquisition system. These provided the
reference signals of gait phase by using foot-floor contact patterns. The analogue FSR
signals were described as either ON or OFF by a threshold level set at approximately 5%
of maximum signal amplitude. Four phases of stance, loading response, mid-stance,
terminal stance, pre-swing, were determined in addition to swing phase. Figure 2.2
provides a schematic describing the determination of stance and swing phases from foot
floor contact patterns. These phases can also be constructed by a logic table, as seen in
Table 2.2.

Swing is defined as when all ipsilateral FSRs were OFF. Loading response is
initiated when the heel FSR goes ON, and terminated when either the medial or lateral
FSR came ON. The latter event initiated mid stance. Mid stance terminated when the
contralateral swing phase terminated, and terminal stance was initiated. Pre-swing began
with the ipsilateral heel OFF and terminated when both ipsilateral lateral and medial FSRs

were OFF.
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2.2.4 Rough Sets

Rough Sets is an inductive supervised machine learning method (Reduct Systems
trade literature) that was used to construct a rule based gait phase detector. The program
divides each input variable, R, into n equally spaced or user selected divisions, creating an
input space of R" divisions. The distribution of outputs in each input subspace is
determined. Decisions are made regarding each input subspace based on the quality of
output prediction, and the precision that one output class is determined from one input
subspace, and number of occurrences. If an individual rule was made for each subspace,
R” rules would be constructed. Therefore it is necessary to combine subspaces to limit the
number of rules that the classifier needs to evaluate. This process must also proceed
without sacrificing the accuracy of classification. Roughness and precision are two
parameters that control the combination of input subspaces. These parameters determine
the quantity and quality of the rules produced.

Precision is the allowable error within a rule subspace. If the precision value is set
at 90%, then at least 90% of the occurrences within an input subspace would have one
output variable. By increasing the precision, the quality of rules will increase, but the
noise tolerance of the classifier will decrease. If the precision rate is too high, a desirable
subspace could be disregarded due to noise related errors. If the rate is too low, the rules
could make false output predictions.

Roughness governs the minimum size of rule subspace. By increasing the
roughness, the minimum size of subspace and a minimum population of the subspace
~ required to qualify as a rule increases. Fewer rules are generated with higher roughness
levels.

DataLogic 1.3R performs two functions, rule induction (training) and rule
inference (testing).  After training, a table of the rules with their accuracy, their
population, and the training examples used to construct the rules are provided to the
program user. If desired, the user can use this information to prune the rule set by hand.
Rules for which too few samples are provided could be omitted if deemed unnecessary.

The testing can occur with complete or hand pruned rule sets.
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2.2.5 Adaptive Logic Networks

The Adaptive Logic Networks (Armstrong and Thomas, 1995) tested were
supplied in ATREE3.0. The ALNSs are based on piecewise linear fitting analysis. The
classification of stance/swing was done through training one network. Stance was
considered a network output of zero, swing an output of one. To test the network, the
output is rounded to the nearer value, indicating either stance or swing. When used as a
detector of multiple gait phases, an individual ALN was trained for each decision. Five
separate files needed to be generated for this approach. The output value of a training file
is one during the gait phase to be determined by this ALN, and zero for all others. To
discriminate phases using this method, the network with the greatest output was chosen as
the predicted gait phase. This method produced a more accurate classification than the
training of only one ALN to discriminate all of the gait phases.

The depth of the decision tree generated controls the size of the evaluation
network. The decision tree is a reflection of the adaptive logic network generated from
the training of a piecewise linear network. A maximum of twelve linear pieces is
generated for evaluation of the decision tree. The twelve linear pieces are of the form:
o.+§:a.(x.—b.)

Os

i)=
where:
x, is the input
o(i) is the output line
0, is the output offset
o, is the output scale
a, is input scale
b, is the input offset
The linear pieces are combined into a surface via maximum and minimum functions
similar to:
A = MAX{ MIN[ MAX{o(1),0(2)} ,0(3),0(4)], o(5)}
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2.2.6 Training the machine learning algorithms

The machine learning algorithms constructed rule based detectors (RBD) that
determined a desired output variable from attributes constructed from the input variables.
The attributes we used were created from the accelerometer recordings. The desired
output variable was gait phase class.

The simplest attribute to use in a system is the signal amplitude. Other attributes
could include previous samples, to provide memory, various mathematical transformations
of the signal amplitude such as hyperbolic tangent or exponential functions, or temporal
combinations, such as a simple difference of a signal recording and its previous recording
examples.

For a file to be used by the supervised machine learmning program, it must contain
only input attributes and output classes. Therefore, the raw accelerometer and FSR
recordings required processing before implementing them into the supervised machine
learning programs. Two files were recorded for each individual, one for the oval path and
one for the figure of eight. For each file, the gait phase (output class) at each sampling
interval was computed, as indicated in Figure 2.2. The accelerometer signals were either
filtered using a low pass digital implementation of an analog filter, or left unfiltered. An
example of the raw accelerometer data, filtered accelerometer data, and reference gait
phase calculation is seen in Figure 2.3. The input attributes, as described previously in this
section, provided to the RBD were generated from the filtered or unfiltered accelerometer
signals. These attributes (inputs) were realigned with the determined gait phases (outputs)
to create the processed file of input attributes and corresponding output classes. The
initial samples, typically thrice the group delay of the digital filter, were then discarded.
This procedure was then applied to the other file of the individual so that a file of the same
input attributes was generated for the individual on both walkpaths.

The training and testing files were created from these two preprocessed files. The
training file was generated by taking the first 2000 samples from each of the preprocessed
files, creating a training file of 4000 points from the two walkpaths. The testing file was
created from the remaining data from the two preprocessed files, consisting of
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approximately 14000 samples. This size of training file, at the level of 6 input attributes,
was too large for the RS program to handle efficiently. For 6 input attributes, a training
file of 4000 points required over one hour to converge upon a rule base. For the same
number of attributes and 2000 points, RS required 25 minutes to converge. Using only
1000 points and 6 attributes, RS could converge within S minutes. Therefore, only every
4™ sample was taken from the training file, creating a training file of 1000 points. This did
not lead to a decrease in RBD accuracy.

The rule-based detector was constructed iteratively. The preprocessing of the file
allowed for two degrees of freedom: digital filter implementation and attribute
construction. Once implemented in the RS program, two additional degrees of freedom
were added: the roughness and precision settings. Provided here is an example of the
manner in which these degrees of freedom were handled. The three accelerometers were
preprocessed first with a 2™ order digital Butterworth filter with 5 Hz cutoff frequency.
The attributes selected would first be only the signal amplitude. With this training file, the
RS parameters of roughness and precision were varied to maximize the overall
classification accuracy. Once this maximum classification percentage was determined, a
second training file containing the signal amplitude and a simple difference of the signal
amplitude and previous value was constructed. Again, various RS roughness and
precision parameters were tested to maximize the overall classification accuracy. A third
training file would be produced, consisting of two attributes, such as the signal amplitude
and the first past point. Again, the maximum classification accuracy was determined. This
process continued until the classification accuracy did not increase by increasing the
number of signal attributes. The most accurate rule based detector was selected from this
process, and applied to the testing file. A similar method was used to determine the most
accurate ALN for classification. Many training files were generated, and the programs
learning parameters and depths of decision tree were altered to achieve the best overall
classification accuracy.

The preferred method of preprocessing was the use of a 2™ order digital
Butterworth filter and the two attributes for each accelerometer, signal amplitude and a
simple difference of the amplitude of each accelerometer with its previous recording. Six
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input attributes were created by this method. These attributes are computationally simple

for the processors.

2.2.7 Calculation of Detection Accuracy

Accuracy was computed on a sample by sample basis, i.e. the percentage of
samples for which the detector correctly selects the reference gait phase. An accuracy of
90% represents a rule base that determined the reference gait phase for 90 out of 100
samples. A pictorial example of the SML gait phase classification is provided in Figure
2.5. As can be observed by the error pattern on the lower section of the graph, the errors
that are present using SML are not phases or steps that are misclassified in entirety, but
are errors corresponding to a misclassified phase for a couple of samples. These single
and multiple sample errors give rise to an imperfect classification rate, without
corresponding to an entirely misclassified gait phase.

Two types of errors occur due to this sample by sample classification: errors when
the RBD changes from one phase to another prior or later than the reference signal, and
errors when the RBD changes out of one phase and back while the reference signal stays
in one phase. The first type of error, typically seen with other finite state controllers, is
when the classifier makes an error at a transition, i.e. mistakenly changes from state 1 to
state 2 too early or too late. If the duration of this error is very short, the consequences
could pass undetected. If the duration is long, then the controller would fail for this time
period, and the consequences would be more severe. The second type of error occurs
when the SML predicts a transition from one state to another and back again within a
short period of time. This type of error has been called an instate error. This should not
be seen in a refined finite state controller, and can be eliminated by using intuitive rules.
For these tests, the data was sampled at 100 Hz. By using groups of three sequential
points, we reduced the effective sampling rate to 33 Hz, which is in the range of
stimulation frequencies used in FES. The on-line filter manipulated this group of three
successive points and applied the following rule to determine the accepted gait phase.

IF (two or more of the predictions are for a phase other than the present

one)
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AND (this is normally the next gait phase or the next phase after that)
THEN -> change to that phase
ELSE => do not change phase
This rule was applied to the output of the RS SML detector for the five gait phases
and the stance-swing detector. Since only two phases of gait were detected by the latter,

the AND condition in the rule was omitted.

2.2.8 Comparison of hand-crafted and machine-learned stance-swing detectors

A dual-threshold stance swing discriminator, as described by Dai et al., was
compared with RS and ALN based detectors. The bandwidth of Dai’s pendulum type
inclinometer method was reported. A fourth order 2 Hz Butterworth filter was applied to
the accelerometer oriented along the tibial axis so that the same frequency characteristics
were achieved in this test as were previously reported. This was confirmed by visually
comparing a voltage trace in this test to that displayed in the Dai’s report, as seen in
Figure 2.4. From this trace, the dual-threshold stance swing discriminator was
constructed. The reference stance swing classification was determined from the FSRs of
the shoe insoles, as described in section 2.2.3.

The sample points used to construct the training file for SML were used to
determine the thresholds of the dual-threshold stance swing detector. Individual
thresholds were set for each subject to provide a direct comparison with the machine
learned rule base, as an individual training file was generated for each subject. Two
threshold voltages were set: one to determine the transition from stance to swing and one
to determine the transition from swing to stance. For each swing stance and stance swing
transitions of the training file, the filtered accelerometer voltage was recorded. These
voltages were averaged to create one threshold voltage for stance-swing transitions, and
one for swing-stance transitions. These thresholds were applied to the remaining data so

that the sample by sample accuracy of this method could be compared to SML.

2.2.9 Multiple Gait Phase Detection

We expanded the description of gait to four stance phases and one swing phase

determined from foot-floor contact patterns. Both supervised machine learning techniques
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were investigated during this study. Training files were generated from 500 sequential
samples from each walk path representing approximately 10 strides sampled at SO Hz. The
testing files were evaluated at 100 Hz. This intuitive rule was applied to the output five
gait phase determination. The error patterns of this technique were analyzed for subject
A

It variance in the rule-based detector accuracy was noted between the gait phases.
It was known that the length of the gait phases differed, however this did not correlate
directly to the disparity in detection accuracy. The variance of the reference and SML gait
phase length was calculated as an indication of the repeatability of the reference and SML
signal. Within a single gait phase, a higher variance of phase duration could indicate a
lower repeatability and reliability of the teacher signal, and could be reflected in higher
error rates for the SML detector of those phases. This investigation was conducted in an
offline procedure on one individual’s, subject A's, oval and figure of eight walking
patterns.

The teacher signal and machine leamed signals were constructed as mentioned
above. This sampling frequency of this test was 100 Hz. The in-phase errors of the rule-
based classifier were removed from this controller by using the intuitive rules. After the
elimination of these errors, each step had only one occurrence of each phase. The length
of each phase for each step for both the machine learned and the teacher signals was then
calculated. A distribution of the phase timings was generated by this approach.

2.3 Results

2.3.1 Comparison of hand-crafted and machine learned stance-swing detectors

ALN 3.0 and Rough Sets 1.3R each calculated a rule base to discriminate stance
and swing from the accelerometer readings for each individual. Once a sufficient accuracy
on the training file was achieved, the rule-based classifier was applied to the testing file.

These training and testing files were used to generate the two-threshold stance and
swing detector. Different thresholds were determined for each subject, just as different
rule based classifiers were used for each subject. Figure 2.4 displays an example of the
two-threshold detection of stance and swing. For all individuals, the training accuracy was
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greater than 99% for both SML and the handcrafted technique. The accuracy of the
testing files is displayed in table 2.3. A statistical difference was not noted by comparing
the three methods (p<0.01)

For all subjects, the SML attributes were signal amplitude and simple difference.
For subject A, the preprocessing was achieved by using a 5 Hz 2* order Butterworth
filter. The roughness and precision parameters were 0.2 and 0.9 respectively. 8950
testing points were evaluated to achieve this accuracy measurement. For subject B, the
preprocessing was achieved through a 2 Hz 2* order Butterworth filter, and 5900 test
samples at 100 Hz effective rate were evaluated. For subject C, the preprocessing was
achieved by using a S Hz 2™ order Butterworth filter, and 7200 test samples at 100 Hz

effective sampling rate were evaluated.

2.3.2 Multiple Gait Phase Detection

Figure 2.3 displays the accelerometer recordings during two strides. Figure 2.3b
shows the filtered accelerometer signals that were used by the machine learning
algorithms. Unlike Figure 2.4, we were unable to observe a visually apparent pattern
between the accelerometer traces to the gait phases seen in 2.3c. Hence, machine learned
rule bases were used to extract the gait phases in 2.3¢c from the signals in 2.3b.

Both machine learning techniques performed multiple gait phase classification.
The training files were constructed as above with the difference being that the number of
output classes jumped from two, stance and swing, to five. The results from the training
file are including in table 2.4.

Roughness and precision were set at 0.3 and 0.8 respectively for each individual.
Signal attributes of amplitude and simple difference were found to be the best for each
individual. For subject A, a 2* order digital Butterworth filter of 2 Hz was applied to the
accelerometer signals. For subject B, a 2™ order digital Butterworth filter cutoff
frequency 2 Hz was applied to the accelerometer signals. For subject C, a 2™ order digital
Butterworth filter cutoff frequency S Hz was applied to the accelerometer signal. The

classification results are summarized in table 2.4. An example of the classification is
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provided in Figure 2.5. As can be seen, sporadic errors occur from the classifier. Using
an intuitive rule reduced this complex error pattern.

The intuitive post SML filter eliminated the instate errors. By using this rule, all of
the errors would be restricted to errors at the transition between phases. These errors
were then classified as either early or late detection of the next gait phase. The duration of
each of these errors was recorded for each step cycle for both the stance swing
classification and five gait phases classification. There are four possible errors that could
be made by a stance-swing detector during a gait step cycle, namely, a transition from
stance to swing made too early or too late, or a transition from swing to stance made too
early or too late. These two sets of errors are mutually exclusive, as during one step the
transition from stance to swing cannot be made both too early and too late. In the
evaluation of the duration of these errors, an error of zero duration was recorded when a
particular type of error did not occur. This produced a statistic in which the average
duration of an error was less than one sample interval in some cases, which would
otherwise seem incorrect.

This filter was tested on subject A for both the stance swing determination and five
gait phase determination. A comparison of this result was made with Dai’s stance swing
determination. The results are presented schematically in Figure 2.6, and in tables 2.5 and
2.6.

For stance swing determination, the post-filtered SML did not miss a phase
entirely. All of the errors were isolated to the transition periods. The overall classification
percentage on a 33 Hz sample basis was 98%.

The post SML filter was also applied to subject A’s five phase classification, as
described in multiple gait phase classification. These results are presented in Figure 2.6
and table 2.6.

Once again, the post SML filter did not miss a gait phase. The errors were
isolated to the transitions between gait phases. However, the overall accuracy remained
constant at 89%. This corresponds to an average duration of the error at transition of 20

ms.
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2.3.4 Variability of detection accuracy based on variance of the teacher signal

The variability of the phase length was tested on Subject A’s five phase testing file
which consisted of 24 strides around the oval pattern and 26 strides around the Figure 8
pattern with a sampling rate of 100 Hz. Although the same rule based detector was used
for both walkpaths, the length of each phase during the two patterns was analyzed
separately as a significant (p<0.01) difference in the length of phase was noticed between
the oval and Figure 8 pattern. Figure 2.7 displays the mean and deviation of the mean for
both the reference and RBD. Although the standard deviation of each of the signals is
greater for the machine learned cases, the difference in deviations is significant (p<0.05)
for only 3 of the 10 cases.

2.3.5 Real Time Operation

Real time processing speed for RBD was tested on the MC68332 to demonstrate
the potential for implementation of our proposed system. By using the MC68332 as an
example, conclusions about other processors can be made.

To implement the machine learned rule base controller, processor limitations of
program space and implementation speed must be met. The implementation speed is
reported in clock cycles as evaluated for the MC68332 and includes only the processing
needed for the RBD. This was calculated by running the MC68332 with two separate
codes, one containing the gait phase detection algorithms, and one without. The
difference in time between the two routines was taken as the time to run the gait phase
detection algorithm. Table 2.7 displays the results.

The RS program required 35% of the memory and used 10% of the computing
power required by the adaptive logic networks.

2.4 Discussion

The five gait phases, loading response, mid-stance, terminal stance, pre-swing and
swing, illustrated in Figure 2.2 were discriminated using hand crafted rules applied to the
outputs of a three element FSR insole. Variability of these phases was observed and is
summarized in Figure 2.7. Unfortunately, Perry does not describe variability in the

51

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



duration of gait phases for normal walking that can be detected from footfall patterns, or a
general variance of phase length.

Examination of Figure 2.4 reveals that there are only slight discrepancies around
the phase transitions and each gait phase is detected. To help interpret the detection
accuracy results, consider the hypothetical case of an individual walking at one stride per
second for which five gait phases are determined using data sampled at 33 Hz. If the gait
phase detector were to miss the phase transition by one early or late sample every stride,
then the detection accuracy would be 84.8%. However, each gait phase was detected, and
the transitions were missed by only a single sample during each stride. Thus a detection
accuracy of 85% and does not imply that fifteen out of every 100 steps will fail. The post
SML filter localized the errors to the phase transitions, as was the case for Dai’s stance-
swing detector. Then the percentage of mismatched samples between the detector output
and the insole signal derived reference determined the detection error.

Kostov (Kostov, 1996) classifies the two types of errors produced by machine
learned rule base controllers as ‘critical’ and ‘non-critical’ errors for his stance swing
phase detector. He describes critical errors as errors that occur during the middle of a
gait phase. For example, a “critical’ error would be the controller predicting a momentary
transition from stance to swing during the middle of stance phase. This type of error is
obviously detrimental; the leg that is in stance phase during single limb support would be
stimulated as appropriate at the start of a swing phase, possibly leading to a fall of the
individual. This sort of obvious detriment is not seen in the ‘non-critical’ errors that occur
by an extended or shortened gait phase. However, the effect of these sorts of errors
should depend both on the type of controller that is used and the number of gait phases
detected. The effect that these types of error would have has not been explored. In this
trial, the effects of these errors were likened to a integral count of stimulus pulses that are
missed or inserted at a gait phase transition.

Table 2.3 indicates that the hand crafted technique provide detection accuracies
between 87% and 95.9% for stance swing detection. The RS detector did not produce a
significantly improved performance (p<0.10) over either the ALN or the hand-crafted
technique. However, the classification accuracy of RS was improved upon by the use of
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an intuitive filter that eliminated errors occurring within a gait phase. The stance swing
detection accuracy increased to 98% when using this method. In practice, this would be
equivalent to one inappropriate stimulating pulse every three steps. This represents an
improvement that accuracy of the hand crafted rule based, calculated in this report as
95%. Calculating detection errors in this manner allows our SML approach to be
compared directly with the previously reported hand crafted method.

Reliable detection of muitiple gait phases is difficult, if not impossible, with
detectors based on hand crafted rules. As indicated in Table 2.4, all five of the Perry gait
phases were detected using a single cluster of three accelerometers using machine learning
detectors. The ALN based detector produced a better overall classification accuracy
(p<0.05) than RS. From table 2.4 it can be seen that the swing phase (SW) was detected
with more than 90% accuracy, but the mid-stance, terminal stance, and pre-swing phases
were less that 90%.

The detection errors appeared uniformly distributed across the entire gait cycle,
which can be seen in Figure 2.5. Using the three sample intuitive rule-based filter, given
by Rule A, the errors were confined to the gait phase transitions as illustrated in Figure
2.6. This post filter did not improve the overall detection accuracy. It can be seen in
Figure 2.6 that the errors are typically one or two sample periods long, as indicated by the
standard deviation bars on the plot of Figure 2.6. In practice this would correspond to an
error of one or two stimulus pulses at 33 Hz and may not be noticeable in a FES system.

Figure 2.6 presents the nature of the prediction errors for the RS detector. The
post filter corrected any error occurring within a gait phase. However, this did not
improve the overall detection accuracy. The post filter had a span of three samples and if
the detector made two consecutive errors, the filter output would prematurely jump to the
next gait phase i.e. the filter could add an error. In our data, the filter produced more
errors than it corrected and thus lowered the overall prediction accuracy.

A correlation can be discerned between the detection accuracy, as shown in table
2.4, and the variations in the duration of the reference gait phases as shown in Figure 2.7.
From Figure 2.7, the standard deviation for the reference gait phases was of the order of
one sample interval for the swing (SW), loading response (LR), and pre-swing (PS), and
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of the order of four sample intervals for the mid-stance (MS) and terminal stance (TS)
phases. Hence, it is implied that the classification accuracy for the mid-stance and terminal
stance phases was limited by the variability in the reference gait phases. This variation was
also present in the data used to train the machine learning algorithms. Gait phases that had
a lower variability of reference phase length had a greater training and testing accuracy.
An improved method for determining the reference gait phases should improve detection
accuracy.

The average periods of erroneous detection are approximately one sample interval
for the swing > loading response, loading response > mid-stance, and pre-swing ~>
swing transitions, and approximately two sample intervals for the other transitions. The
difficulty in detecting mid-stance and terminal stance was due to the variability in the
reference gait phase data. This is responsible for the increase in the average error duration
for the terminal stance > pre-swing and mid-stance -» terminal stance transitions.

The data of table 2.7 indicates that both machine learning algorithms can be
implemented in real time using a microcontroller. For example, for the five phase
detector, only 0.03% or 0.3% of computer time was consumed for the RS and ALN based
algorithms respectively. In our tests we used a credit card sized single board MC68332
computer, the Tattletale Model 8 (supplied by Onset Computers Inc. USA) operating at
16 MHz. This computer had 2MB of RAM and a current consumption proportional to
clock speed. At 16.7 MHz the current consumption was 90 mA, which could be reduced
by a factor of 10 for this application. The MC68332 offers a Time Processing Unit (TPU)
and integrates a Maxim MAX186 A/D converter. The TPU is a sub-processor that can be
used to generate stimulus pulses without computational load applied to the main
processor.

Kirkwood et al. (Kirkwood et. al, 1989) implemented a stance-swing detector for
FES control of paraplegic gait using ID3 a combination of insole pressure array,
goniometers and crutch force sensors. Kostov et. al. (Kostov et. al, 1995) used ALN to
implement a stance swing detector for FES control of hemiplegic gait using insoles
pressure sensors. Ng and Chizeck (Ng and Chizeck, 1997) described a five gait phase
detector using fuzzy logic and goniometers and reported similar detection accuracy as the
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present results. An advantage of this method is that the three accelerometers were
positioned at a single external site that was less encumbering than those previously
reported, particularly if integrated into an orthosis. Furthermore, accelerometers are
generally more durable, cost less and consume less battery power than pressure sensing

insole arrays and strain gauge based goniometers.

2.5 Conclusions

Low pass filtered accelerometers having zero frequency response, such as the
ADLXO0S, can substitute for pendulum type inclinometers previously used for stance-
swing detectors in FES. Accelerometers can be used in conjunction with SML to reliably
detect the stance and swing phases of gait. They could also be used to clone an individual
patient’s skill in operating handswitch controlled FES systems. Such a detector can be
synthesized using either of the supervised machine learning algorithms examined. Of the
three stance-swing detectors examined, the machine learning algorithms were more
accurate than the previously reported hand crafted techniques, and the detector based on
Rough Sets was computationally the most efficient.

Either RS or ALN based stance-swing detectors or control clones can be readily
implemented for real time operation using MC68332 microcontroller. The three ADLXO05
accelerometers were located at a single site or cluster on the shank. Additional phases or
events, such as those defined by Perry, can also be extracted in real time from the same
cluster with a similar accuracy. This system could be used in a number of FES systems,
for example, as a trigger for a drop-foot stimulator or as a behavioral clone to mimic
skilled hand-switch control of FES walking systems. If the motion sensed by the
accelerometers is rich in volitional movement, then intention detectors, similar to
handswitch clones, could provide command and coordination input to the FES control
systems. The SML algorithms enable the contributions of the sensor signals to be ranked
in information theoretical terms and therefore allows changes in position or alignment to
be quantitatively assessed.

Micromachined electromechanical sensors (MEMS), such as the accelerometer

used in these studies, are suitable for FES control applications due to their small size, high
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signal to noise ratio, reliability, low power consumption, and low cost. Although sensors
were worn externally, the devices are available in small packaging formats or even as
silicon dies of millimeter dimensions making them suitable candidates for implantation.
Supervised machine learning may, in the future, enable the fusion of artificial sensors with
natural bio-potentials sensed by electrodes.
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Figure 2.1

(A) - Subject wearing calf strap with three accelerometers. The strap is worn between
the patella and the head of the gastrocnemius soleus muscle group.

(B) — The three accelerometers attached to the calf strap are shown. a is oriented in the
vertical direction. b and c are oriented in a horizontal direction with approximately 70°
between their axis of detection.
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LR - Loading Response
MS - Mid Stance
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Figure 2.2: Gait Phases Determined from FSR Foot Pressures.

Four stance phases and swing were determined from bilateral insoles (force sensing
resistors placed at the heel, and medial and lateral metatarsals). The following gait
phases, after J. Perry, were Loading response (LR), mid-stance (MS), terminal stance
(TS), pre-swing (PS). The distinction between terminal stance and pre-swing is based on
contralateral foot contact.
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Figure 2.3: Accelerometer Recordings and Coincident Gait Phase: The three graphs are
an example of: A-Unfiltered accelerometers, B-Filtered accelerometers. In both of these
graphs, the dotted line is the recording of accelerometer a in Figure 2.1B, oriented
vertically. The solid and dashed lines are accelerometers b and c in Figure 2.1B, oriented
in horizontal directions. C-Gait phase. Five gait phases are calculated, loading response
(LR), mid-stance(MS), terminal stance(TS), pre-swing(PS), and Swing(SW). The time
scale is coincident on the ordinate axis of each graph.
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(A) Stance swing detector from filtered accelerometer

(B) — Coincident gait phase detec

ted by stance

swing detector
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Figure 2.4: Filtered accelerometers as tilt meters.

(A) Stance and swing were detected by a filtered accelerometer using a two threshold

method.

Legend: Acc-Filtered Accelerometer (Inertial tilt meter)

Sw-Swing Threshold
St-Stance threshold

(B) Coincident gait phase. Displayed is the gait phase predicted by the two threshold

stance swing detector
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Figure 2.5: Five gait phases determined from accelerometers and a RBC.

The predictive ability of this technique is displayed on the bottom of the figure. Incorrect
predictions are indicated in the (In) measurement. The errors are typically one or two
sample intervals in duration.

Legend SW-Swing
PS- Pre-Swing
TS- Terminal Stance
MS - Mid-Stance
LR- Loading Response
In - Incorrect Prediction
Co - Correct prediction

62

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 2.6: Distribution of errors using the post-filtered Rough Sets (pfRS) gait phase
detector.

(Top) The error distribution for stance and swing detection using the RS classifier and the
hand-crafted method. The RS detector is displayed to the left. The crosshatched bars
represent the average number of correct predictions in sample intervals. The bars on the
immediate left and right of the correct predictions represent the average period of the
incorrectly predicted gait phase in sample intervals and whether they were early or late
respectively. The standard deviations are also shown.

(Bottom) The error distributions for the five phase detector (loading response {LR}, mid-
stance {MS}, terminal stance {TS}, pre-swing {PS}, and swing {Sw} as defined by
Perry) by the rule based classifier evaluated at 33 Hz. The crosshatched bars represent
the average number of correct sample predictions. The darkened bars immediately to the
left and right of each crosshatched bar are the average number of incorrect predictions, in
samples, either early or late respectively.
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Figure 2.7 : Variance of gait phase duration.
The gait phases are loading response (LR), mid-stance (MS), terminal stance (TS), pre-
swing (PS), and Swing (Sw). The teacher signals are the dashed lines. The solid lines

are for the rule based classifier (RBC). The variance was evaluated at a sampling rate of
33 Hz.
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Subject Age Weight (kg) | Height (m) | Oval Walking | Figure 8 Walking
Speed(m/s) Speed (m/s)
A 20 86 1.78 1.2 1.4
B 24 66 1.66 1.3 1.4
C 22 75 1.76 1.1 1.2
D 19 59 1.70 1.3 1.1
E 20 66 1.66 1.1 No record

Table 2.1: Physical Characteristics and Average Walking Speed of Each Subject
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FSR Location
Right Leg | R. Heel | R. Medial | R. Lateral | L. Heel | L. Medial L. Lateral
Gait Metatarsal | Metatarsal Metatarsal | Metatarsal
Phases
Swing OFF OFF OFF - - -
Loading ON OFF OFF - - -
Response
Mid- ON (ON) (ON) - - -
Stance
Terminal ON ON ON ON OFF OFF
Stance
Pre-Swin OFF ON ON - - -

Table 2.2 Gait phases from FSR recordings.

For the FSR placements, R. refers to right, L. refers to left. This table is constructed for
right leg phase detection. An equivalent table can be constructed for left leg detection.
ON and OFF correspond to the FSR was determined to be ON or OFF by a 5% threshold.
The bracketed ON indicates that OR, i.e. if either the R. Medial Metatarsal or R. Lateral
Metatarsal goes ON, then Mid-Stance is started.
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Subject Rough Sets (RS) ALN Hand-
Crafted

A 97.06 94.17 95.90

B 94.60 87.75 93.30

C 95.60 94.39 87.10

Table 2.3: Comparison of the test set accuracy for stance and swing detection using the
ALLN3.0, Rough Sets and Hand Crafted detectors during level ground walking. Data was
sampled at 100 Hz.
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Training Rough Sets ALN3.0

A 99 {1 90 | 86 | 86 | 97 | 94 | 98 | 93 [ 84 | 95| 99 | 95
B 95 | 80 | 88 | 88 | 97 | 92 193 | 90 | 72 |97 | 99 | 94
C 96 | 85 | 75 ] 80 | 95 | 90 | 90| 85 | 80 |95} 96 | 93
Testing

LR|MS|TS|PS |SW|OV |LR|MS |TS [ PS | SW | OV
A 95 |8 |76 |78 |98 |89 |96 |91 |78 |95 |99 |93
B 88 |75 |84 |70 |93 |85 |91 |84 |69 |92 |98 |87
C 91 |8 |52 ({71 |92 182 |87 |8 |70 |87 |93 |86

Table 2.4: Results of multiple gait phase determination by RBDs.

Loading response(LR), mid-stance(MS), terminal stance(TS), pre-swing(PS),
swing(SW), and overall(OV) prediction accuracy were calculated by both Rough Sets
and ALN3.0. All values are percentage correct.
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Early Correct Late

prediction prediction prediction
RBC Swing 0(0) 13.98 .32 (0.57)
Inclinometer Swing | .21 (0.15) 13.98 .19 (0.2)
RBC stance 0.04 (0.38) 19.34 .38 (0.2)
Inclinometer Stance .82 (0.9) 19.34 .23 (0.15)

Table 2.5: Results of postfiltered RBC determination of stance swing.

The values in the tables are numbers of samples at 33 Hz. The table was compiled from
subject A’s testing walking pattern, evaluated after the intuitive rule, evaluated over 49
strides. The normal values are the number of samples of the occurrence, the bracketed
values are the standard deviation of the number of samples.
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Loading Mid-Stance | Terminal Pre Swing | Swing Overall
Response Stance
Early 0 (0) 0.32(1.7) | 0.86(0.54) { 0.52(0.47) | 0.04(0.57) | 1.74
Correct 4.16 (0.58) | 7.68 (1.34) | 4.18 (1.27) | 3.32 (0.58) | 13.98 (.66) | 33.32
Late 0.16(0.47) | 1.22(1.18) | 0.28 (0.61) | 0.32 (1.98) | 0.38(0.42) | 2.36
Overall 96 83 78 80 97 89
Accuracy

Table 2.6 Results of postfiltered RBC determination of multiple gait phases.
Early, correct and late refer to the average number of samples at 33 Hz each gait phase
was predicted to be early, correct or late. The average duration of an error is given, with
the standard deviation of the error given in parenthesis. The table was compiled from
subject A’s testing walking pattern, evaluated after the intuitive rule, evaluated over 49
strides. Overall accuracy is given as a percentage.
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Program Clock Speed of

Size (kB) Cycles Execution(ms)
Rough Sets | 40.7 1440 0.01
ALN 120 17000 0.1

Table 2.7:Real time implementation of Rough Sets and ALN. Program size is reported in
kilobytes, clock cycles as number clock cycles to implement one decision, and speed of
execution is the realized implementation speed on a MC68332 running at 16.7 MHz in
milliseconds.
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3 Detection of Absolute Knee flexion angle and angular velocity

3.1 Introduction

The motivation for the present study is to develop sensor systems for use in
feedback control of functional electrical stimulation (FES) used to restore functional
movement after spinal injury or stroke. A number of closed loop control systems that have
been proposed to improve standing and walking are based on sensing knee joint angle and
angular velocity (Andrews et. al, 1989, Crago et. al, 1986, Crago et. al, 1996, Davoodi
and Andrews, 1998, Dolan et. al, 1998, Kirkwood et. al, 1989, Mulder et. al, 1992,
Petrofsky et. al. 1984, Popovic and Tepavac, 1982). For safety reasons, control may be
required to limit the terminal velocity of the extending knee joint when standing-up or the
seat impact velocity when sitting down (Davoodi and Andrews, 1998).

Many sensors and measurement systems exist for studying human motion, however
only a few are candidates for routine FES use outside the laboratory (Crago et al 1986). A
sensor frequently used for FES in laboratory demonstrations is the Biometrics (formally
Penny and Giles) flexible goniometer (Biometrics Ltd., 1999). Experience with this device
suggests that this device would be too fragile and expensive for practical daily use. The
sensing element is a fixed length metal strain gauge, and can be easily damaged through
excessive or repetitive strain and/or stress. Contact with clothing worn over the device
can produce signal artifacts. The sensing element requires approximately 50-100 mA,
hence power supply multiplexing circuits may be necessary for battery powered
applications. Crago and colleagues (Crago et. al., 1986) noted that during sit-to-stand
trials, this type of goniometer required calibration prior to each trial due to slipping of the
two mounts.

Angular velocity can be derived from the goniometer by differentiation. These
differentiation techniques appear to amplify the high frequency noise components of the
angular velocity, as the signal and corresponding signal to noise ratio of the high
frequency range is typically lower than that for a low frequency range. Selecting the
appropriate cutoff frequency and the type and order of the low pass differentiating digital

filter becomes critical to optimize the signal to noise ratio of the derivative. Finite impulse
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response filters are often used since they do not introduce non-linear phase distortions.
However, they do introduce a time delay in proportion to the half span of the filter used
(Hamming, 1962, Andrews et. al, 1981) which deter from the causal estimate of angular
velocity.

Accelerometers have been used in movement analysis to derive knee flexion angle
and angular velocity through numerical integration (Morris, 1973, Smidt, 1977), the
movement of the center of mass (Smidt, 1971, Molen, 1972), and to reconstruct forces
around a joint in combination with force plate recordings (van den Bogert et. al, 1996).
The algorithms used to compensate for drift of the signals and integrals require non-causal
processing and are suited only to off-line applications.

In the field of FES control, Willemsen et al. (Willemsen et. al., 1991) proposed real
time method to estimate knee joint angle and angular velocity using a set of
accelerometers mounted on rigid metallic plates attached laterally to the thigh and shank.
These plates were aligned with the long axis of these limb segments. An approximation
was made that movement only occurred in the sagittal plane. A novel formula was used
that circumvented the drift errors usually associated with numerical integration. Heyn et.
al. (Heyn et. al, 1996) added rate gyroscopes to Willemsen’s system to directly measure
the segmental angular velocities, but computed the angular velocities and tilts in an offline
procedure. Unfortunately, the mounting plates and straps that are required to comply with
the assumptions of the formula may be too encumbering for daily use.

Dai et al. (Dai et. al, 1996) proposed the use of a miniature, pendulum type
inclinometer attached to the shank to switch on and off electrical stimulation to the
common peroneal nerve to prevent drop foot during hemiplegic gait. The inclinometer
signal was low pass filtered using a 2™ order Butterworth low pass filter with cut off at
1.5 Hz. Winter, (Winter, 1990) suggests that frequency components below 6 Hz should
not be attenuated due to low pass filtering, hence low pass filtering at 1.5 Hz is expected
to be unsuitable for precise determination of angular kinematics.

Rate gyroscopes have been reported for monitoring human motion. Rate
gyroscopes have a zero frequency (DC) output offset when stationary (muRata trade
literature, 1999). This DC offset can drift, commonly due to temperature. Compensation
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for this drift is made in the estimation of angles through integration. Miyazaki (Miyazaki,
1997) integrated the output of a piezoelectric rate gyroscope attached to the leg to
determine hip flexion extension angle which was then used to estimate walking speed. A
0.5 Hz high pass filtered rate gyroscope signal was generated and numerically integrated
to produce thigh tilt. Kataria and Abbas (Kataria and Abbas, 1998) reported an accuracy
of 4.7° for Miyazaki’s method when evaluated for cyclical planar motion of a two
dimensional model and implementing a high pass cutoff frequency of 0.0047 Hz. In both
of these reports, the motions examined were cyclical with periods of the order of a second,
hence a zero DC component of angular velocity is expected. For noncyclical motions,
such as standing-up, the application of this technique might be inappropriate.

This literature review indicates that mechanical pendulum inclinometers or
accelerometers, when low pass filtered, can provide useful signals for FES but are
unsuitable in bandwidth for angular kinematics. Rate gyroscopes can be used to provide
wider bandwidth estimates of angle for cyclical movements, although are limited due to
DC drift of the device. In combination with heuristic signal processing, the rate gyroscope
could be used to determine the wide band kinematics, whereas the low pass filtered
accelerometer could be used to provide stable measurements of tilt and angle that are not
subject to drift.

In this paper we describe a prototype system, we refer to as a Gyrogoniometer,
comprising two small modules containing rate gyroscope and accelerometer devices
attached to the thigh and shank that were used to determine limb segment inclinations and
knee joint angulation. We compared the accuracy of the estimate of knee flexion angle
and angular velocity to a two module, low pass filtered accelerometer based system.. The
performance of these new sensor systems was compared to a Biometrics M180 flexible
goniometer which was used as the reference. A preliminary report of the Gyrogoniometer
has been reported (Andrews and Williamson, 1997).
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3.2 Theory of Operation

3.2.1 Determination of Angle and Angular Velocity
Figure 3.1 illustrates a planar calculation of angles from a set of rate gyroscopes
and accelerometers signals. The sampled accelerometer signals are indicated by a, and a,,
and the rate gyroscope signal by ®. The DC offset of the rate gyroscope is wo. For the
practical implementation of the system, the sensors are arranged in clusters and positioned

on an individual as shown in Figure 3.1.

At the start of each trial, equation (1) was used to estimate the mean static tilt of
the thigh and shank using a number of successive data samples, m = 50, of the
accelerometer signals that were sampled at 100 Hz. The arctangent was used in preference
to the arcsine function since the former is defined for an infinite range of inputs whereas

the latter is defined only for the input range from —1 to +1.
0.0)=[ X7 tan(a,,/a..)]/m (1)
Thereafter the dynamic tilt of the segments can then be estimated from equation
(2), by integrating the signal from the rate gyroscopes.
t
0,0 = [(@,() - @,)-dt +6,(t,) @
t

The knee flexion angle was calculated as
¢,=6,,-96, (3a)

The rate of change of knee flexion angle, refereed hereafter as knee angular
velocity, was calculated as
¢ =az-a (3b)
3.2.2 Auto-Nulling the Rate Gyroscopes and Auto-Resetting the Integrators

The rate gyroscope has a non-zero DC output, ., referred to as the DC offset. In
the case of the ENGOSGA (muRata Trade literature) device this is approximately 2.5V.
The DC offset varies with temperature; this effect is called offset drit. In order to
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integrate the output of the rate gyroscope the DC offset must be calculated, also referred
to as nulled or zeroed, prior to starting the integration. Any error in nulling this DC offset
will accumulate without bound with integration. Any changes in the DC offset during the
course of integration, for example, due to very low frequency thermal drifts can also
produce large accumulated errors. If the rate gyroscope were to drift 1 mV from the initial
zero velocity recording, then the accumulation of error over a 10 second period would be
9° as the sensitivity of the rate gyroscope is 1.1 mV/’s.

The rate gyroscope can be nulled at times in which the sensor cluster is not
moving. These times are determined by observing the segmental inclination (8(t)sccet) , a8
computed using equation (1). If the segmental inclination displays a small standard
deviation (o) over the immediately previous short interval (1), then it is assumed that the
segment has not moved. This condition is determined using the following heuristic rule,

hereafter referred to as auto-nulling the rate gyroscope.

If
?0(1);,,& - U 0(1),‘,,_,dxl2
h 4 <o

T

@)
Wheret=1,—1;. Then

o, = ?w(t)-dt o)

For our tests, the value of o was set at 0.1°, and t = 0.45 seconds. This heuristic
rule was asserted every 0.1 seconds.

Even with auto-nulling of the rate gyroscope, the angle calculated from integrating
the rate gyroscope can possess errors due to a temporary incorrect zero. The
accelerometers detect the accelerations characteristic of movements of the body and the
gravitational components that are responsible for the tilt of the segment. Summed over a
long period of time, the averaged value of an accelerometer recording is the averaged
acceleration of the body and the averaged tilt of the body. The averaged acceleration of
the body is net change in velocity of the body. The net change in velocity is zero for many
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human movements. For example, the velocity of the body before and after a sit to stand
transition is zero, and the net change in velocity is zero. Hence, the averaged
accelerometer recording is generally an estimate of the averaged tilt of the body.

A rule, if tilt angle computed from the integral of the rate gyroscope signal, using
equation (2), differs by a preset amount (A) from the tilt angle computed from the
accelerometers, using equation (1), then the integral of the rate gyroscope angle will be
reset to the angle calculated by the accelerometers, was imposed. This is mathematically

expressed by

If

0 ol — j 0m,d:‘
>4 (6)
L-t
Then
]0,_ mdt -] 0,4t
ar.m(’z )’w = or.gm(’z),piarb resst . P ;L ™

This rule was asserted every 0.1 s, with the threshold A set at 1°. The difference
between 7, and f; was set at 0.45 seconds. An error in the tilt of a segment and the
subsequent reset rate gyroscope integral can be introduced due to the non-gravitational
accelerations measured by the accelerometers. Calculated in a previous unpublished
experiment, the maximum instantaneous error by this technique due to non-gravitational
accelerations is 12° for a person running at 18 km/h with accelerometers placed on the

foot and less than 2° for a person rising from a seated position.

3.3 Methods and Results

3.3.1 The Sensors

Three sensor and associated signal processing systems were used:
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33.1.1 The flexible goniometer
The Biometrics M180 device, which directly measures the relative angle between
the two endpieces, was used to calculate a reference angle. The output voltage was
filtered with a 2* order, low pass Butterworth filter and then again in the reverse time
sequence, i.e. anticausally, to cancel phase distortions. The 3 dB corner frequency was set
at 2.5 Hz and the filtering process implemented using MATLAB v 5.2.1. To obtain
angular velocity, the low pass filtered goniometer signal was differentiated using the

simple difference formula:
6(t) = 6(H)— 6(1 - 1) @®)

33.1.2 Th lerom inclinometer/goniometer

The 2D ADXL202JQC accelerometers have a DC response and are suitable for
use as an inclinometer by measuring components of the gravity vector as indicated in
equation (1). In order to remove components due to motion of the device, the output
voltage of the accelerometer was low pass filtered using a single pass 2™ order digital
Butterworth filter with 3 dB corner set at 2.5 Hz.

These accelerometers were placed on the thigh and shank segments. The knee
flexion angle was calculated using equation (3) and estimates of knee angular velocity

were derived using equation 8.

33.1.3 The combined rat e and accelerometer “Gyrogoniometer”

Two clusters, comprising accelerometers and rate gyroscopes were attached to the
thigh and shank. Each cluster comprised one rate gyroscope, Murata part number
ENCOSGA (Murata trade literature 1999) and 2D accelerometers Analog Devices part
number ADXI.202JQC, (Analog Devices trade literature 1999). The cluster positioned on
the shank contained two ADLX202 accelerometers, and the thigh cluster contained one
ADLX202. Thigh and shank inclinations were calculated using equation (2) and the knee
flexion angle using equation (3). Knee angular velocity is given by the difference of the
two gyroscope outputs i.e. using equation 3(b). Equations (4) through (7) were evaluated
in the degree to which each could compensate for errors associated with drift. The cluster
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dimensions were S x 3 x 1.7 cm, and weight 85 g. Figure 3.2 displays a picture of the

sensors.

3.3.2 Data Acquisition and Signal Pre-processing

The Biometrics M180 goniometer was powered by a +/- 2.5 V supply and
amplified (Analog devices AMPO4FNZ6642) at the endpiece to increase the signal to
noise ratio of the device. The output voltage was input directly to a 12 bit A/D channel of
the PC (National Instruments AT-MIO-16L card). This A/D converter was controlled by
NI's LabWindows/CVI 5.0.1 software. A synchronization signal from the TT8 was
sampled with the goniometer to coordinate the sampling of the goniometer to that of the
accelerometer and rate gyroscope clusters. For the tests on the able bodied and paraplegic
subject, the goniometer signal was acquired using the Maxim186 A/D converter (Maxim
part number MAX186) on the TT8 and stored on the Persistor™ microdisc.

The accelerometer signals were amplified (Analog devices AMP0O4FNZ6642) to
provide a 3 volt range for accelerations between +/- 1 g. The rate gyroscope’s sensitivity
was 1.1 mV/ s. These signals were sampled using a 12 bit A/D converter (Maxim part
number MAX186) of 4.096 V range. The sampling time for 8 channels was 320 pus. The
serial A/D converter was controlled via a QPSI bus controlled by an Onset Computers
TT8 MC68332 microcontroller with a 2 MB removable microdisc flash memory (CF8
Persistor™ | supplied by Peripheral Issues Inc.) to store the signal data samples at 100 Hz.

The +/- 1 g level for each accelerometer was determined on a day prior to the trials
taking place. Each cluster was set in a position for 2.56 seconds and sampled at 100 Hz.
The positions were chosen such that one accelerometer was aligned with or against gravity
to record a +1g or —1 g value respectively.

The ambient temperature of the room was 21 °C. The subsequent experiments
were conducted on different days. To test the robustness of the system, the
accelerometers were not recalibrated before each trial. The room temperature on the days
of the trial varied between 20-21 °C. The variation in DC baseline of the accelerometers

for a temperature variation of 1 °C was 6 mV, or 0.4 degrees and was within the
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specifications for the devices. The sensitivity of the rate gyroscope was 1.1 mV/’s and
was not confirmed by calibration.

Two types of tests were conducted to compare the new sensor systems against the
reference flexible goniometer. The first are bench tests that involve mounting the sensors
on a plastic articulated model that can be moved in a vertical plane to simulate the motions
of the thigh and shank during sit-stand and stand to sit maneuvers. In the second series of
tests, the sensors were attached to the legs of able bodied and paraplegic volunteers.
These individuals then performed sit to stand, and stand to sit maneuvers whilst the sensor
data was recorded. FES was applied to the quadriceps of the paraplegic volunteer to assist

standing.

3.3.3 Bench Tests Using an Articulated Plastic Model

3.33.1 Single Segment Static Inclination Test

Sensor modules A and B were attached to the upper (thigh) segment of a two
dimensional articulated plastic model, as shown in Figure 3.3, that could be manually
moved in a vertical plane. The Biometrics M180 goniometer was attached across the
pivot joint as illustrated in Figure 3.3. The goniometer was calibrated by recording the
voltage at 0 and 90° as measured by the protractor shown in Figure 3.3.

While holding the base of the model stationary, the upper segment of the model
was moved through a range of 100°, in steps of 5° as indicated by the protractor. At each
step, the upper segment was held stationary for approximately 3 seconds. The tilt was
estimated by averaging 256 A/D samples taken at 100 Hz of the goniometer and
accelerometers using equation (1) with m=256. The means and standard deviations were
calculated for the difference between the upper segment tilts indicated by each cluster and
the goniometer for each step. When averaged over the entire 100° range of motion, the
mean difference was found to be 0.45° and 0.53° for the cluster A and B respectively.

These results are shown in Figure 3 .4.
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333.2 ic Sin Inclination T

The two sensor clusters and the Biometrics goniometer were arranged exactly as in
the above static inclination test. The upper segment of the model was moved through a
range of motion of approximately 95° in a single sweep in approximately 2 seconds. An
additional two seconds of data was recorded at the beginning and the end of each trial.
The reference tilt signal was taken to be the low pass filtered goniometer signal. Tilt
estimates were calculated from the low pass filtered accelerometer signals using equation
.

Tilt was also estimated by integrating the rate gyroscope signals. Six different
methods were computed representing possible combinations of three zeroing techniques

and two resetting techniques. These are referred to alphabetically as methods A - F and

are defined as follows.

A. The rate gyroscope DC offset was nulled 24 hours before the trial and the integrator
was not reset during the tnial.

B. The rate gyroscope DC offset was nulled once at the beginning of each trial and the
integrator was not reset during the trial.

C. The rate gyroscope DC offset was nulled automatically in accordance with equations
(4) and (5), and the integrator was not reset during the trial.

D. The rate gyroscope DC offset was nulled 24 hours prior to the trial, and the integrator
was reset in accordance with equations (6) and (7)

E. The rate gyroscope DC offset was nulled at the beginning of each trial and the
integrator was reset in accordance with equations (6) and (7)

F. The rate gyroscope DC offset was nulled automatically in accordance with equations

(4) and (5) and reset in accordance with equations (6) and (7)

A comparison was made, using the paired-T test, between segment tilt estimated
by each of these methods and that estimated by the low pass filtered accelerometer method
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using equation (1). Tables 3.1 and 3.2 summarize the results of eight repeated trials for
each method A —F above.

The rate of change of tilt was estimated by differentiating the low pass filtered
goniometer and accelerometer signals as described above. Angular velocity was also
determined directly from the rate gyroscopes using equation (3b).

The integrated rate gyroscope signals nulled on a previous day (method A above)
were poor estimators of tilt (p < 0.005). For sensor cluster A, methods B, C, E, and F
were not statistically different (p < 0.01), as computed by individually pairing any two of
the methods and examining the difference in accuracy using a paired T test. For cluster B,
methods C and F produced a more accurate estimate than methods B and D (p < 0.10).
The rate gyroscopes also provided a more accurate estimate of the angular velocity than
the accelerometer based method (p < 0.005).

3333 i in T ing th icul Model imul
Sit-Stand-Sit Motion

In this bench test, the two sensor clusters A and B were positioned on the upper
and lower segments of the model shown in Figure 3.5. Both segments of the model were
moved manually to simulate sit to stand and stand to sit maneuvers. Each maneuver was
repeated six times with a five second interval between each sit-stand or stand to sit
maneuver. From the previous dynamic inclination tests, we concluded that the rate
gyroscopes required to be nulled either prior to each trial (methods B and D) or
automatically (methods C and F) to provide an accurate estimation of tilt. Therefore, the
resetting and nulling methods A and D were not tested.

The results from the maneuvers are summarized in Table 3.3. A statistical
difference was not observed between the angle calculated from the accelerometers and
reset/nulling methods B, C, E, and F (p < 0.01) in the plastic model. A more accurate
calculation of the angular velocity was made using the rate gyroscopes (p < 0.01) than by
using the accelerometers.

The resetting of the integral of the rate gyroscope occurred at the discontinuities
indicated by the arrow in Figure 3.5b with resets occurring at times 2.8, 3.6, 4.6, 5.0, and
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5.2 seconds as indicated. The auto-nulling of the DC offset when using method F is also
indicated in Figure 3.5a occurring at times 1.2, 4.6, 5.6, and 5.8 seconds.

In Figure 3.5b, it can be seen that auto-resetting can reduce integrator error, (see
instants 3.6, 4.6, 5.0 and 5.2 seconds), or increase this error (see instant 2.8 seconds). It
can also be seen in Figure 3.5b that by the end of this six second trial, the drift of the DC
offset of the rate gyroscope has produced a growing integration error when using method
C, and that auto-nulling by method F can reduce this error in this example. Auto-resetting
the integrator can compensate for integrator drift as can be seen in Figure 3.5b in the
traces for methods E and F.

In table 3.3 the errors for runs 4 and 6 for the methods B and C were much larger
than the errors observed for methods E and F. This was because the integrator was not
reset during these runs. Therefore we discounted methods B and C from further
consideration even though the overall average error for all six runs was not statistically
different to the other methods (p < 0.01). This left two candidates for further tests i.e.
methods E and F.

3.3.4 Sit-Stand-Sit Trials with Able Bodied Subjects

Repeated sit-to-stand and stand-to-sit maneuvers were performed by one able
bodied female, (age 23, height 170 cm, weight 52 kg), and one able bodied male (age 27,
height 190 cm, weight 80 kg). A Biometrics M180 goniometer was attached using double
sided tape across the knee to provide a reference for knee joint angle. Bilateral recordings
were made for both participants. The female performed 18 and the male 8 sit-stand-sit
maneuvers with a rest interval of approximately 6 seconds. The standing period was
approximately 6 seconds and the total time for the tests was 12 seconds. The analog to
digital data acquisition rate was set to 100 Hz.

Initially we attempted a simple calibration of the goniometer by recording its
averaged output with the knee in full extension and at 90 degrees of flexion as observed
with a plastic protractor. However, this was found to be inadequate. Using this

technique, the average knee extension was calculated to vary between 165 and 190
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degrees whilst standing and 70 and 120 degrees whilst sitting. These values were visually
compared with a protractor, and regarded as incorrect.

The Biometrics goniometer was calibrated for each sit-to-stand and stand-to-sit
maneuver using a simple linear, two position (sitting and standing) calibration technique.
The sitting and standing calibration points were determined by using the accelerometers
and equation (1) as follows. The sitting angle was determined during a 0.5 second interval
when the subject was sitting quietly, prior to standing up. The standing angle was
determined during a 1 second interval whilst the subject was standing quietly.

Knee angulation and angular velocity were estimated using the accelerometers and
the combined accelerometer and rate gyroscope methods E and F. The differences with
respect to the reference goniometer derived values are summarized in Table 34
Differences are reported for the complete sit-stand-sit maneuver as well as for the sit-to-
stand and stand-to-sit transitions. Figure 3.6 shows the estimate of knee flexion angle
during a typical sit-stand-sit trial. Arrows shown in Figure 3.6a at times 1.4, 1.6 and 7.7
seconds indicate when the rate gyroscope DC offset was auto-nulled. Discontinuities in
the error graph of Figure 3.6b at times 4.6, 5.1, 6.2 s indicate the instants when the
integrators were automatically reset.

The methods E and F used to auto-reset the integrator and auto-null the rate
gyroscopes were able to estimate the Biometrics goniometer more accurately than the
method that low pass filtered the accelerometers to determine inclination for the entire sit -
stand - sit maneuver, including the transitional phases (p < 0.01). No statistical difference
was observed between the resetting/nulling methods E and F. The rate gyroscopes than
made a more accurate estimate of the angular velocity than the differentiated

accelerometers (p < 0.01).

3.3.5 Paraplegic Sit to Stand Trial Using FES

The sensor clusters and Biometrics goniometer were attached to the left leg of a
male paraplegic [28 years, 7 years post injury, 180 cm, 78 kg, T-5 ASIA(A)]. This
individual was skilled in the use of a simple 2 channel surface electrode FES system
operationally similar to that described by Kralj and Bajd, (Kralj and Bajd, 1989). Self-
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adhesive hydrogel electrodes, of dimensions 1” x 3”, were placed over the approximate
motor points of the vastus lateralis and rectus femoris. Reference electrodes were placed
on the front of the thigh, approximately 8 cm above the knee. The goniometer was
attached laterally, as shown in Figure 3.7. The left and right shank sensor clusters were
mounted onto the ankle foot orthosis. The left and right upper clusters were attached to
the reference electrodes.

The subject completed a total of eight standing up trials assisted by FES in one
clinical laboratory session. The knee flexion angle and angular velocities were computed
as they were in the above able bodied tests. Figure 3.8 shows the estimate of knee flexion
angle from a typical sit to stand trial. The arrows in Figure 3.8a indicate that auto-nulling
the DC offset of the rate gyroscope occurred prior to the sit to stand transition and again
after the subject attained the upright standing posture. Discontinuities can be seen in
Figure 3.8b at times 3.2, 7.4, 7.8, and 8.2 seconds. These discontinuities occur at times
that the integrator was auto-reset. From Table 3.6 it can be seen that both methods E and
F were more accurate than the accelerometer derived estimates of knee flexion angle (p <
0.1). The rate gyroscopes provided a more accurate estimate of the differentiated
goniometer reference for knee angular velocity than the differentiated accelerometer
signals (p < 0.005).

FES could lower the precision of a sensor system, as muscle vibrations transmitted
through the skin could be detected by the sensors, and induced electrical interference due
to the 200 V high voltage pulses could be ‘picked up’ in the sensor interface circuitry and
interconnecting cables. To examine these artifacts, quiet standing tests were conducted
with and without FES. Knee flexion angle and angular velocity were estimated using three
methods; the goniometer, accelerometers, and auto nulling/resetting method F with the
rate gyroscopes. The sensor signals were analyzed only during periods of quiet standing
whilst the FES was either switched on or off. The FES could be switched off because of
the knee stabilized in extension due to the ankle foot orthosis (Andrews et. al., 1989).

The paraplegic subject stood quietly during this test with his knee joints maintained
in full extension. The signal components due to body motion were assumed to be in the
very low frequency range, whereas, FES induced artifacts were assumed to occupy a
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higher range. In standard testing procedures, a low pass filter is used to reduce the
bandwidth, hence lowering the high frequency pick up of the system while maintaining the
low frequency range in which the desired signal is present.

The efficacy of low pass filtering at different cut-off frequencies for reducing the
residual high frequency signal power of the system was examined. The residual high
frequency signal powers of the goniometer, accelerometers, and rate gyroscopes were
calculated and compared to determine the effectiveness of each cut-off frequency filter
level.

The FES induced artifacts on the high frequency residual of the system were
examined. First, knee flexion angle and angular velocities as calculated by the
accelerometer, the rate gyroscope, and the goniometer were digitally low pass filtered
with 3 dB corner frequencies 2.5, S, and 10 Hz as would typically occur in estimating knee
flexion angle and angular velocity. This estimate will be referred to as X. The high
frequency components were then further reduced by causally and anticausally filtering
each signal with a 2* order digital Butterworth filter of 3 dB cutoff 2.5 Hz. This
attenuated the remaining 20 Hz noise due to high frequency pulses and FES induced
motion artifact by an additional -78 dB. These signals were noted as Y. The residual
signal was calculated by subtraction of the original low pass filtered signal, X, from
reduced bandwidth signal Y. This contained the residual high frequency components that
were not removed by the first filtering technique in the estimate of knee flexion angle and
angular velocity. The results are displayed in table 3.6.

A statistical difference was not observed between the estimates of knee flexion
angle with and without FES for the Biometrics goniometer (p < 0.01). However, the
residual high frequency power of both the accelerometer and rate gyroscope methods was
significantly increased by the use of FES. The precision of the rate gyroscope method was
greater than that of goniometer. Low pass filtering reduced this FES induced noise.

The use of FES did not significantly increase the RMS noise of the estimate of
knee flexion angular velocity determined by the differentiated goniometer signal (p <
0.01), but did increase the residual high frequency power levels in both the accelerometer
and rate gyroscope. The residual high frequency power of the rate gyroscope signal was
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lower than that of the goniometer method. Low pass filtering was found to reduce the

RMS noise.

3.4 Discussion

In every trial, except the simulated stand sit maneuvers on the plastic model,
integrating the rate gyroscopes by either method E or F produced a more accurate
estimate of angle and angular velocity than did the low pass filtered accelerometers
method. This is displayed in tables 3.1 through 3.5.

Accelerometers were necessary to provide an initial estimation of the tilt of each
segment, and to allow the initial angle between the clusters to be calculated. Thereafter,
the accelerometers are used to determine the tilt of the segment to which the integral of
the rate gyroscopes might be reset. The accuracy with which the accelerometers can
determine their own orientation, i.e. tilt, will contribute to the overall accuracy of the rate
gyroscope method. The non-linearity of the accelerometer method when compared with
the goniometer was 0.5°. Therefore, this was a significant component of the overall error
in the calculation of angles by the rate gyroscope method.

Inaccuracies in the rate gyroscope resetting/nulling methods E and F were 0.7 +/-
0.2° in estimating the dynamic tilt (table 3.1) when compared against the goniometer
values. Since differences of +/- 0.5° were observed between the goniometer and the
accelerometer methods when determining static inclinations, this suggests that much of the
error may be due to the non-linearity of the accslerometer or the goniometer reference.
Further tests using a more accurate reference angle sensor, such as a high resolution
optical encoder, would be required to independently determine the relative contributions
to the error by these sources.

In the segmental model, the accuracy of the rate gyroscope method F was found to
be 2.1 degrees, which is less than the errors of the trials reported on models by Kataria
and Abbas, and the computer simulations of the method proposed by Luinge et. al. For
the tests on individuals, the accuracy of the rate gyroscope methods E and F was typically
less than 4 degrees, seen in tables 3.3 through 3.5. This error is less than that reported by
Miyazaki. This error may be due to nonlinearities in the accelerometers (0.5 degrees x 2),
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cross talk of the goniometer (3 degrees), non-linearity of the goniometer (2 degrees)
(Biometrics trade literature), and the allowable static difference between accelerometer
and rate gyroscope integral, indicated in equation (5) (1 degree x 2). The integral of the
rate gyroscopes is bounded by the angle estimated from the accelerometer, which in tun
was compared with the goniometer. The combination of these errors indicates the
maximum level of accuracy of the integral of the rate gyroscope. As the results from the
tests on individuals are less than this error, methods E and F are considered to be of the
order of accuracy of estimates of knee flexion angle by a M180 goniometer.

FES increased the RMS noise of knee flexion angle calculated by either the rate
gyroscope or the accelerometer methods. However, low pass filtering with a 3 dB cutoff
at 10 Hz reduced the level to less than 0.1 degrees. This is a higher precision than that
observed using the low pass filtered goniometer and that obtained by low pass filtering the
accelerometers.

FES also increased the RMS noise in the estimates of angular velocities. Again,
low pass filtering of the rate gyroscopes signals (3 dB at 10 Hz) reduced the RMS noise
level to 3 degrees per second which was less than that obtained from the goniometer
(13°/s) or the accelerometer (145°%s).

As indicated in Table 1, the rate gyroscope requires nulling before each sit-stand or
stand-sit transition, otherwise the large errors seen in methods A and D would ensue.
Auto-nulling was therefore a more convenient alternative to manual nulling the rate
gyroscope originally suggested in Andrews and Williamson (1997). Increases in accuracy
due to auto-nulling were not demonstrated in these experiments, i.e. the auto-reset integral
of the rate gyroscope was not statistically different than the auto-reset integral of the rate
gyroscope using auto-nulling of the DC offset (p < 0.01). However, the duration of the
tests was less than 20 seconds and drift in the DC offset was not significant. Longer
duration studies would be required to assess such effects.

The use of a Gyrogoniometer for the measurement of knee flexion angle and
angular velocity could have certain advantages in comparison to the M180 goniometer.
The linkage between the two clusters is not of a fixed length, and hence strain and possible
movement of the mounting during repetitive movements should not exist. This is a
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drawback of the goniometer, and often causes problems. The only restriction on
placement of the clusters is that the rate gyroscopes must be mounted perpendicular to the
plane of motion of which the angle is contained. Once an initial determination of the +/- 1
g levels from the accelerometers were made, the devices did not require calibration, as
demonstrated in method F. This means that these clusters could be placed on an
individual who is sitting, and an immediate calculation of knee flexion angle would be
made.

It has been shown that the accuracy of method F was less than 4 degrees, and only
2 degrees when the cross-channel error of the goniometer was not present. Using a
goniometer, 90 degree flexion is approximated usually through a visual comparison. This
induces errors due to locating the center of the knee joint, orientation of both the
goniometer and the protractor with limb segments, and parallax. It is the author’s belief
that this error is greater than the error apparent from using the combination of rate
gyroscopes. A comparison of the accuracy of the goniometer and the combination of rate
gyroscopes and accelerometers can only be constructed by using a third measurement of
knee flexion angle. The accuracy of this method should be an order of magnitude less
than the errors of both the goniometer and the combination of the rate gyroscope and
accelerometers. Camera acquisition might be suggested for this, but is not accurate

enough to derive this level.

3.5 Conclusion

Low pass filtered accelerometers can determine the static tilt of a leg segment.
Based on the accuracy of the accelerometers, an auto-resetting of the integral of rate
gyroscopes and auto-nulling of the DC output offset provides an accurate assessment of
the angle across the knee joint during sit to stand and stand to sit maneuvers. The rate
gyroscopes can provide a more accurate and precise estimation of knee flexion angle and
angular velocity than can be determined from accelerometers.

The difference between the angle recorded by the goniometer and the rate
gyroscope was largely systematic in nature, and attributed to a difference between the
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linearity of the accelerometers and the goniometer. Auto-resetting the integral of the rate
gyroscope was necessary to attain this accuracy.

When the accelerometers and rate gyroscopes were combined in small clusters,
they were more convenient to use than the Biometrics M180 goniometer. The absence of
a mechanical linkage between the two clusters allowed for easier positioning and
alignment of the clusters in comparison to the goniometer, and avoided the tendency to
pull and possibly cause slippage of the device with respect to the skin during movement.
After the one time, +/- 1g bench calibration of each sensor module, kinematic estimates of
joint angle, velocity and segmental inclinations are immediately available upon attaching

the device to an individual, and further calibration is not required.
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Figure 3.1 (Left) — Determination of knee angle from accelerometers and rate gyroscopes.
Accelerometers a «i, ay; and rate gyroscope ©; are placed on the shank in the sagittal
plane. The tilt of the shank, 0, is calculated from this cluster. Accelerometers o, ay2
and rate gyroscope o are placed on the thigh in the sagittal plane. The tilt of the thigh,
03, is calculated from this cluster. The knee angle, ¢,, is the difference in tilts of the two
segments. (Right) — Practical implementation. Cluster A is comprised of accelerometers
Qx2, O y2 and rate gyroscope ®2 and worn on the shank. Cluster B is comprised of
accelerometers a x, ay; and rate gyroscope ©; and worn on the thigh.
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Figure 3.2 - Sensor clusters

The right cluster, cluster A of Figure 1, (5x3.3x1.7 cm) is used on the shank and includes
the MAX186 chip. The left cluster, cluster B of Figure 1, (3.5x2.3x1.7 cm) is used on the
thigh. The accelerometer on the right and left clusters, and the rate gyroscope on the left
cluster are indicated. The rate gyroscope on the right cluster is on the side of the PCB
that is not visible.
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Figure 3.3: Mounting of sensor clusters and goniometer on a 2 dimensional model.
The position of the goniometer and the sensor clusters are indicated. The model rotates
about a single pin joint. This constrains the motion to 2 dimensions.
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Figure 3.4: The static tilt of a single segment was calculated from the goniometer and the
accelerometers for two clusters. The dotted line is the mean difference between cluster A
and the goniometer; the dashed line is the mean difference between cluster B and the
goniometer. The tilt of the segment as calculated by the goniometer is on the ordinate
axis. The error bars indicate the first standard deviation of the tilt measurement.
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(A) Tracking of Accelerometer and Rate Gyroscope integral as Compared with 8 Goniometer
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e, A Il

45 S 55 6

Figure 3.5: Angle calculated by goniometer, accelerometers and rate gyroscopes on the
two dimensional model. The goniometer is the solid trace. The accelerometer is the long
dashed and dotted line. Method E, resetting the integral of the rate gyroscope without
auto-nulling the rate gyroscope, is displayed by the dotted line. Method F, resetting the
integral of the rate gyroscope, and auto-nulling the rate gyroscope, is the dotted trace.

(A) displays the angle as calculated through the transition. The arrows (time = 2.8, 3.6,
4.6, 5.0, and 5.2 seconds) indicate the times at which the Method F auto-nulled the rate

gyroscope.

(B) displays the difference between the goniometer and the accelerometer, method E, and
method F. The breaks in this curve for Method E and Method F indicate the times at
which auto-resetting of the integral occurred.
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(A) Tracking Accelerometer and Rate Gyroscope Integral Compared with Goniometer

>
2
1]
5 oniometer
""" ethod F
""""" ~accelerometer
6 8
I (B) Difference compared with goniometer
10 ;. mme==- Method F -
i eessesseeces mlefomter
s |-
C 6 l ‘ g \.! -
I : K% | i Sin
E 4 ! B i r‘ !: % é '2.—*‘: %
< 2 &‘l ‘ 1!'0:':!‘ !, R | i {E; 1 i" 5 -‘;:
0 3 = .)‘RJ N T EIL ;i.ﬁ PN A : . l. iy ui.
0 2 4 6 8 10 12
Time (s)

Figure 3.6 — Knee angle calculated by goniometer, accelerometers and rate gyroscope on
able bodied volunteer.

(A) displays the angle as calculated through the transition.
(B) displays the difference between the goniometer and the other methods.

The goniometer is the solid line. The accelerometer is the dotted line; the auto-reset
auto-nulled rate gyroscope integral is the dashed line. The arrows in (A) show when the
auto-nulling of the rate gyroscopes occurs. Breaks in the error graph of the auto-reset
rate gyroscope integral at times 4.8, 5, 6.2, 7.2 and 10 seconds indicate the times at which

the auto-resetting occurs.
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Figure 3.7: Paraplegic volunteer wearing sensor clusters, AFO, goniometer and
stimulating electrodes. Sensor cluster B was mounted on the AFO as indicated in the
figure. The goniometer was attached as indicated in the trade literature. The active FES
electrode was placed near the motor point of the vastus lateralis. The reference electrode
was placed above the knee. Sensor cluster A was mounted on the top of this electrode.
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(A)-Tracking accelerometer and rate gyroscope integral compared with goniometer
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Figure 3.8 - Angle calculated by goniometer, accelerometers and rate gyroscope on a
paraplegic volunteer.

(A) displays the angle as calculated through the transition.
(B) displays the difference between the goniometer and the other methods.

The goniometer is the solid line. The accelerometer is the dotted line; the auto-reset
auto-nulled rate gyroscope integral is the dashed line. The arrows in (A) show when the

auto-nulling of the rate gyroscopes occurs. Auto-resetting of the integrators is also
displayed at times 3.2, 7.4, 7.8, and 8.2 seconds.
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Integrator No No No Auto Auto Auto
Reset?

Method Previous | Start of | Auto Previous | Startof | Auto
for Null day trial day trial

Method Accel. A B C D E F
Cluster A | 2.33 28.67 0.71 0.73 7.51 0.72 0.77
mean

Cluster A | 0.58 5.11 0.26 0.21 1.65 0.27 0.19
std

Cluster B | 2.54 53.04 2.08 1.14 13.34 1.24 0.82
mean

Cluster B | 0.60 9.05 0.75 0.41 4.69 0.16 0.25
std

Table 3.1: Tilt calculations by the accelerometer and the integral of the rate gyroscopes.
Accel. corresponds to the error through calculating the tilt of the segment only through
using the accelerometers. Columns A through F correspond with conditions A though F
described in the text for auto-resetting and auto-nulling. The errors are reported in
degrees. The results were averaged over 6 trials conducted through moving only the
upper segment of the model pictured in Figure 3.3.
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Angular Accel (°/s) | Rate

Velocity gyroscope
C/s)

Cluster A | 21.57 2.86

mean

Cluster A | 5.14 0.33

std

ClusterB | 22.79 2.78

mean

ClusterB | 5.54 0.50

std

Table 3.2 — Error of the rate of change of tilt as calculated by the rate gyroscopes and
accelerometers as compared with the goniometer, measured in degrees per second. The
results were averaged over 6 trials conducted through moving only the upper segment of
the model pictured in Figure 3.3.
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Trial | Accels. | Method | Method | Method | Method | Angular Angular
(Angle) | B C E F Velocity from | Velocity from
(Angle) | (Angle) | (Angle) | (Angle) | rate gyroscope | accelerometers
Cls) C/s)
a 4.71 1.96 2.04 2.78 2.90 3.41 20.34
b 2.67 261 2.52 3.06 2.54 1.71 10.94
c 1.94 0.61 1.68 1.68 1.68 1.78 9.97
d 1.67 4.71 3.09 1.20 1.61 2.45 8.87
e 1.66 1.77 1.63 1.88 247 2.16 12.92
f 1.93 3.31 2.98 1.82 1.55 2.26 10.30
Mean | 2.42 2.49 2.50 2.07 2.12 2.29 12.22
Std 1.18 141 1.41 0.70 0.58 0.62 4.19

Table 3.3 — Comparison of accelerometer and rate gyroscope methods for calculating
angle and angular velocity on a 2 dimensional model. The error of the angle is the root
mean squared difference between the angle calculated by a goniometer and the indicated
accelerometer or integrated rate gyroscope method. The error of the angular velocity is
the root mean squared difference between the angular velocity calculated by a goniometer
and the accelerometer or rate gyroscope. The error of the angle is displayed in degrees.
The error of the angular velocity is given in degrees per second. The mean and standard
deviation of the six trials is displayed at the bottom of the table.
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