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ABSTRACT 
 

Functional electrical stimulation (FES) involves artificial activation of paralyzed 
muscles via implanted electrodes.  FES has been successfully used to improve the ability 
of tetraplegics to perform upper limb movements important for daily activities.  The 
variety of movements that can be generated by FES is, however, limited to a few 
movements such as hand grasp and release.  Ideally, a user of an FES system would have 
effortless command over all of the degrees of freedom associated with upper limb 
movement.  One reason that a broader range of movements has not been implemented is 
because of the substantial challenge associated with identifying the patterns of muscle 
stimulation needed to elicit additional movements.  The first part of this dissertation 
addresses this challenge by using a probabilistic algorithm to estimate the patterns of 
muscle activity associated with a wide range of upper limb movements.   

 

A neuroprosthetic involves the control of an external device via brain activity.  
Neuroprosthetics have been successfully used to improve the ability of tetraplegics to 
perform tasks important for interfacing with the world around them.  The variety of 
mechanisms which they can control is, however, limited to a few devices such as special 
computer typing programs.  Because motor areas of the cerebral cortex are known to 
represent and regulate voluntary arm movements it might be possible to sense this 
activity with electrodes and decipher this information in terms of a moment-by-moment 
representation of arm trajectory.  Indeed, several methods for decoding neural activity 
have been described, but these approaches are encumbered by technical difficulties.  The 
second part of this dissertation addresses this challenge by using similar probabilistic 
methods to extract arm trajectory information from electroencephalography (EEG) 
electrodes that are already chronically deployed and widely used in human subjects.  

 

Ultimately, the two approaches developed as part of this dissertation might serve 
as a flexible controller for interfacing brain activity with functional electrical stimulation 
systems to realize a brain-controlled upper-limb neuroprosthetic system capable of 
eliciting natural movements.  Such a system would effectively bypass the injured region 
of the spinal cord and reanimate the arm, greatly increasing movement capability and 
independence in paralyzed individuals. 
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CHAPTER 1 – INTRODUCTION 

 

Introduction 

Functional electrical stimulation (FES) involves artificial activation of paralyzed 

muscles via implanted electrodes.  FES has been successfully used to improve the ability 

of tetraplegics to perform upper limb movements important for daily activities.  The 

variety of movements that can be generated by FES is, however, limited to a few 

movements such as hand grasp and release.  Current FES systems used by tetraplegics are 

controlled by an interface to some part of the body that remains under volitional control, 

such as the shoulder or mouth.  The number of degrees of freedom offered through such 

interfaces is limited.  This in turn constrains the control space, resulting in few movement 

possibilities for users of such systems.  Ideally, a user of an FES system would have 

effortless command over all of the degrees of freedom associated with upper limb 

movement.  One reason that a broader range of movements has not been implemented is 

because of the substantial challenge associated with identifying the patterns of muscle 

stimulation needed to elicit additional movements.  The first part of this dissertation 

addresses this challenge by using a probabilistic algorithm to estimate the patterns of 

muscle activity associated with a wide range of upper limb movements.   

 

A neuroprosthetic involves the control of an external device via brain activity.  

Neuroprosthetics have been successfully used to improve the ability of tetraplegics to 

perform tasks important for interfacing with the world around them.  The variety of 
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mechanisms which they can control is, however, limited to a few devices such as special 

computer typing programs.  Because motor areas of the cerebral cortex are known to 

represent and regulate voluntary arm movements it might be possible to sense this 

activity with electrodes and decipher this information in terms of a moment-by-moment 

representation of arm trajectory.  Indeed, several methods for decoding neural activity 

have been described, but these approaches are encumbered by technical difficulties 

associated with implantation of experimental micro-electrode arrays in the brain.  The 

second part of this dissertation addresses this challenge by using similar probabilistic 

methods to extract arm trajectory information from electroencephalography (EEG) 

electrodes that are already chronically deployed and widely used in human subjects.  

 

Ultimately, the two approaches developed as part of this dissertation might serve 

as a flexible controller for interfacing brain activity with functional electrical stimulation 

systems to realize a brain-controlled upper-limb neuroprosthetic system capable of 

eliciting natural movements.  Such an integrated system would effectively bypass the 

region of the spinal cord that causes paralysis and reanimate the arm, greatly increasing 

movement capability and independence in paralyzed individuals. 

 

Specific Aims 

In a departure from previous deterministic methods wherein a controller attempted to 

control kinematic models based lever arms and their associated moments by applying 

torques, the proposed method relies on control of a probabilistic model.  The controller’s 
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proof of concept has been presented previously [1, 2].  This dissertation applies this 

approach to address two fundamental aims relevant to the development of an upper limb 

neuroprosthesis: 

 

1. To evaluate the ability of a probabilistic algorithm to estimate the patterns of 

muscle activity associated with complex arm movements. 

2. To determine whether a probabilistic approach can be used to identify arm 

trajectory information from signals recorded from the surface of the cerebral 

cortex in human subjects. 
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CHAPTER 2 – BACKGROUND AND PRIOR WORK 

 

Introduction 

 The aims of this dissertation focus on approaches that ultimately might serve to 

restore arm movements in paralyzed individuals.  As background, some information is 

provided on spinal cord injury, current post trauma treatments, and of current therapies 

and rehabilitation methods.  The rehabilitation topic most germane to this discussion is 

functional electrical stimulation (FES).  A general introduction to FES is provided, 

including principles of electrical stimulation, electrode types, and current control 

strategies.  From this overview, it should be apparent that the most promising source of 

control over FES systems is from the brain itself.  Brain controlled devices require 

methods for decoding neural activity needed control information, such as desired limb 

position or velocity.  Different proposed decoding frameworks are discussed.  Finally, 

general control issues (including muscle control, biomechanical modeling, and statistical 

models) related to how brain-derived command signals might interface with an FES 

system are discussed. 

 

Spinal Cord Injury 

The spine is divided into four main sections, the cervical, thoracic, lumbar and 

sacral sections.  The cervical section sits at the top of the spine.  It includes the top seven 

vertebrae which make up the bones of the neck.  The thoracic section includes the next 

twelve vertebrae.  It makes up the part of the spine from the neck to the bottom of the rib 



  13 

cage.  The lumbar section is made up of the next five vertebrae.  It makes up the 

vertebrae of the lower back.  The last section at the bottom of the spine is the sacral 

section which also consists of five vertebrae which are fused into one bone, commonly 

called the tailbone.  The spinal cord itself runs down the center of the vertebrae, but it 

does not extend from the top of the spine to the bottom.  This gives rise to a discrepancy 

between the skeletal level of injury and the neurological level of injury.  The neurological 

level of injury is determined by the lowest point on the spinal cord below which there is a 

decrease of sensory level and motor control on both sides of the body [3].  Additionally, 

spinal cord injuries are graded according to level and completeness of injury [3].   

 

Two general classifications are commonly used to refer to a person with spinal 

cord injury:  tetraplegia and paraplegia.  Tetraplegia (formerly called quadriplegia) 

generally describes the condition of a person who, through spinal cord injury, has little or 

no feeling and/or movement control below the neck, i.e. they cannot move or feel their 

hands, arms, legs, or chest [3].  Tetraplegia is generally the result of a spinal cord injury 

between C1 and T1 (cervical vertebra #1, the topmost bone in the spine  to thoracic 

vertebra #1, the first bone after the seven cervical vertebrae, inclusive) [3].  Grossly, this 

equates to an injury somewhere in the neck.  Paraplegia generally describes the condition 

of persons who, through spinal cord injury have little or no feeling in and/or motor 

control ability below the waist, i.e. they cannot move or feel their lower chest, stomach, 

hips, legs or feet [3].  Paraplegia is generally the result of a spinal cord injury between the 

levels T2 and S5 (thoracic vertebra #2 – sacral vertebra #5).  Grossly, this equates to an 
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injury somewhere between the top of the thoracic region and the bottom of the lumbar 

region of the spine [3].  Treatments, including rehabilitative processes, are similar in 

principle so the types of injury won’t be distinguished during the following discussion on 

treatments and rehabilitation.  However, the state of neuroprosthetic systems, their 

implementation and use is significantly different for the two injury classifications and the 

primary focus of this review will be on persons with tetraplegia. 

 

In the United States, there are approximately 10,000 new cases of spinal cord 

injury each year [3].  The most common causes of spinal cord injury are motor vehicle 

accidents, acts of violence (primarily gunshot wounds), falls, and sports injuries [3].  

Nearly 52% of persons with spinal cord injury are classified as having either incomplete 

or complete tetraplegia [3].  That equates to a little over 5,000 new cases of tetraplegia 

per year in the United States.  Currently, there is a large amount of variance in the degree 

of recovery that an injured person can expect to realize.  The degree of recovery is largely 

dependant on the level of voluntary movement at the time they begin inpatient 

rehabilitation [4].    

 

The mechanism of traumatic spinal cord injury usually consists of spinal cord 

compression, distension, laceration, and/or shear forces.  In addition to damage from the 

forces of the injury itself, the spinal cord additionally sustains several time-dependent 

injuries due to secondary causes.  Within a few minutes of injury, hemorrhage, loss of 

microcirculation, and vasospasm occur inside of the spinal cord.  The cord quickly swells 
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within the fixed space of the spinal canal, and once the pressure inside overcomes the 

venous blood pressure, the original injury is exacerbated by a central venous-type 

infarction.  The systemic hypotension caused by neurogenic shock may further enhance 

the injury [5].  The impairment of microcirculation, damaged cells, and ruptured blood 

vessels increases extracellular concentrations of amino acids and calcium to toxic levels.  

This triggers a secondary loss of intact nerve fibers by signaling programmed cell death 

of neighboring oligodendrocytes which are support cells in the nervous system that 

provide myelination (insulation) to the nerve fibers.  A single oligodendrocyte myelinates 

between 10 and 40 different neurons, so the loss of a single cell contributes to the death 

or disfunction of many other axons which may have remained intact after the primary 

injury [5].  Death of these myelinating cells can occur far from the site of the injury and 

can begin days or weeks after the initial trauma and continue for months, further 

magnifying the injury [5]. 

 

Avenues in Post Trauma Treatment of Spinal Cord Injury 

Autopsies of individuals who survived spinal cord injury revealed that in many 

cases some of the nerves in the spinal cord were preserved.  Furthermore, these autopsies 

showed that the higher the percentage of preserved nerves, the greater the degree of 

rehabilitation.  This relationship is highly nonlinear, so that sparing a rather modest 

number of nerves through intervention or regeneration has dramatic effect in improving 

overall motor control [4].    

 



  16 

In many cases, traumatic spinal cord injury is generally treated with surgery 

within one week of the injury [4].  However, the extent of secondary injuries and 

complications to the trauma during the first hours and weeks after a spinal cord injury are 

limiting factors in follow on biological interventions for neural repair.  There are a couple 

of drugs currently used in an effort to reduce the severity of secondary injuries, however, 

their effectiveness is directly related to the timing of their application.  The first must be 

applied within three to eight hours of the trauma.  The next must follow within 72 hours 

to have effect [5].  In addition to current treatments of secondary injury, experimental 

studies of acute spinal cord injury performed in rodents have revealed a partial 

characterization of many aspects of the post trauma events including insight into cascade 

effects.  Furthermore, these animal studies suggest that therapies similar to those used for 

stroke or brain injury should also be effective in spinal cord injury cases provided that 

they are applied with the proper timing [4].  Specifically, pharmacological treatments and 

interventions that prevent spontaneous cell death, help to stabilize cell membranes, 

reduce inflammation, protect against demyelination, and accelerate the mechanisms of 

spontaneous neural repair should be helpful in curtailing  the damage caused by 

secondary injuries [4].  The minimization of the effects of secondary injuries is one 

important area of research.  Another, which can be dependant on the effectiveness of the 

treatment of secondary injuries, is erasing the injury’s effects through tissue re-growth.  

 

Ideally, damaged or destroyed neurons would be re-grown completely erasing the 

effects of the injury  Most current research focuses on interventions that can save or 
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regenerate some few neurons.  Recently, scientists have realized that adult neurons are 

capable of some regeneration [6].  Some limited success has been shown in the area of 

axon elongation or growth.  A primary problem with employing these techniques is that 

the injury site contains many obstacles to axon growth.  Scar tissue forms a physical 

barrier to axon elongation and it also harbors inhibitory molecules so that ordinarily, the 

expressions of genes that enable axon growth are shut down shortly after injury [4].  

Treatments focused on promoting axon growth have are most effective when applied 

within one day to two weeks of injury [4].  It should be noted, however, that most axon 

regrowth studies have been conducted in animal models and report only modest 

improvements [4].   

 

Attempts to reduce barriers to axon regrowth include the prevention of scar tissue 

development, and the introduction of growth factors to facilitate axon growth.  However, 

these, too, are time dependent and are only effective when applied within the first three to 

ten days after spinal cord injury [4].  Additionally, it is still unclear which axons nerve in 

the spinal cord are most critical for restoring voluntary movement, and which target 

neurons below the lesion are necessary for restoration of function.  Also, once a neuron 

has been induced to grow, additional direction is needed to guide the regenerating axons 

to make the proper connections to neurons on the other side of the lesion [4].  This 

guidance may come from the physical, chemical, and electrical cues, but are complex 

and, at this point, investigators can only speculate on how to best “rewire” the spinal cord 
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[4].  A final hurdle that must be confronted before axon re-growth becomes a viable 

treatment is the physical distance that must be spanned by newly grown axons. 

 

Another treatment strategy akin to axonal regeneration and elongation is neuron 

implantation or transplantation, and neurogenesis, the growth of entirely new cells from 

undifferentiated precursor cells like stem cells.  This line of research is still in its infancy 

and several problems block the realization of using either of these techniques to 

successfully treat spinal cord injury.  Though some experiments in which undifferentiated 

cells were implanted into the lesion have resulted in the development of some new 

neurons, generally there remain problems associated with the makeup of the cellular and 

extracellular soup in the vicinity of the lesion.  The composition of the lesion may alter 

the survival, differentiation, migration, and integration characteristics of undifferentiated 

cells [4].  Once past the challenge of differentiation, a newly differentiated neuron still 

confronts several problems including those associated with axon growth, myelination, the 

formation of new synapses, and continued neuronal development [4].   

 

As an alternative to regenerating neurons from undifferentiated cells, in some 

injuries, healthy nerves from below the lesion can be reinserted into the spinal cord above 

the lesion.  However, transplanting cells to replace injured neurons is possibly the most 

difficult aspect of spinal cord repair.  Even in animal models, researchers are unable to 

reestablish long axon tracts with appropriate connections [6].  
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It is possible that the adult central nervous system has a much greater capacity of 

repair than previously thought and that perhaps researchers and physicians have just not 

the optimized combination of effectors for maximal regeneration to be maximized [5]. 

Attainment of near-normal function, despite extensive spinal cord damage, suggests that 

learning how to even partially repair the cord will be major treatment advance [6].   

 

Avenues in Therapy and Rehabilitation 

Often, patients feel that improvement in the quality of life is the first goal of 

therapy; however, reducing complications is another important goal [6].  Thirty percent 

of individuals with spinal cord injury are hospitalized annually with major complications 

such as life-threatening infections, pathologic bone fractures, and severe breakdown of 

chronically infected skin [6].  Long term treatment or therapy focuses on preventing 

medical complications to the patients with spinal cord injury.  Other complications 

include decrease in diameter of the common femoral artery, reduced capillarization, 

diminished blood flow to the legs, early muscle fatigue, muscle spasticity, and chronic 

pain [5].  The primary treatments for some of these complications include the same 

rehabilitation efforts an injured person might pursue in order to meet his or her primary 

objective, increased quality of life.  As with motor control, disproportionately large 

functional and therapeutic benefits can result from minor anatomic gains [4, 5].  Quality 

of life gains, i.e. increased autonomy, can be gained through the use of assistive devices, 

behavior compromise, surgeries such as tendon transfer, physical therapy, and functional 
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electrical stimulation.  The most sought after are anatomic gains which come from tendon 

transfer surgeries, functional electrical stimulation and the use of neuroprosthetics. 

 

Currently, most of the rehabilitation for highly impaired patients involves 

behavior compromise.  Patients modify their normal behavior in order to make use of 

whatever sensorimotor function they still have, which, along with assistive devices, helps 

them to become more independent.  Successful rehabilitation techniques should induce 

activity in any remaining spinal pathways to facilitate relearning of motor skills.  This 

learning takes place due to cortical plasticity and interactions at the subcortical and 

brainstem levels [4].  Additionally, it is thought that neural activity associated with 

patterned movements is helpful in promoting nerve regeneration.  Many studies have 

shown that patterned neural activity is important for most of the processes that promote 

regeneration including cell birth, neural cell survival, migration, path finding, synapse 

stabilization, and myelination [6]. 

 

Body weight supported treadmill training is one technique to induce activity in 

remaining spinal pathways by helping subjects improve their walking skills.  Through the 

use of a harness and suspension system, the patients support only a portion (or none at 

all) of their body weight while walking on a treadmill.  Often the patient requires the help 

of therapists to move his or her legs in a walking motion.  This form of task-oriented 

repetitive motion is key in helping patients relearn motor control tasks through the spared 
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nervous pathways [4].  Treadmill training using robotic devices to assist in moving the 

patient’s legs in a stepping motion is also coming into use [4]. 

 

Nonuse and nonloading of skeletal muscles causes a drop in protein synthesis and 

eventually leads to severe muscle atrophy.  Additionally, this nonuse of muscle magnifies 

the effects of the lesion by reducing the efficacy of remaining motor control [4].  

Functional electrical stimulation (FES) can increase muscle mass and improve 

cardiovascular conditioning [4].  Commercial FES systems include the Parastep system 

which stimulates standing and simple stepping, the Freehand system which stimulates 

finger pinching and grasping, and the Vocare system which stimulates the emptying of 

the bowel and bladder [4].  New FES devices and paradigms are being developed, 

including miniature self contained stimulator electrodes.  One example, called a Bion, is a 

wireless stimulator that’s injected into the muscle.  It is nearing large-scale clinical trials 

[4].  Currently, FES is seen as a way to facilitate the relearning of motor skills, to 

stimulate nerve regeneration, to mitigate muscle atrophy and to facilitate activity 

dependent plasticity [4].  Like treadmill walking, FES systems can be programmed to 

repeat a movement pattern over and over, resulting in similar gains.  Sometimes, the 

effects of FES persist after the stimulus has been removed [7], further enhancing the 

patient’s skills.  Unlike motor function, sensory feedback is not enhanced by FES [4]. 

 

FES systems are dramatically changing therapeutic strategies for patients [5].  

FES can strengthen muscles, condition the heart, pace the diaphragm, enhance bowel and 



  22 

bladder function, and control pain.  Some FES systems reproduce walking, but 

engineering complexities and high human energy requirements preclude their routine use.  

Muscle strengthening can partially reverse neurologic muscle weakness, slow or reverse 

atrophy, and improve muscle mass and blood flow.  They may also help to reduce 

spasticity, and medical complications such as venous thrombosis and skin breakdown [5].  

Through the latest developments in cortical neuroprosthetics, it may be feasible to 

reconstruct voluntary motor activity in paralyzed patients [5].  Any small improvement in 

limb function achieved with an assistive device can make significant difference in the 

ability of the patient to perform the tasks of everyday living [7].  Some of the subjects 

who currently benefit from upper extremity FES systems include those who have C5 or 

C6 level injuries and retain at least some voluntary control of the shoulder and elbow [8].  

These systems are targeted only at the hand, due to control interface complications with 

other areas. 

 

Tendon transfer is another common rehabilitation process and is used whenever 

possible [9].  It involves surgically rerouting a tendon to allow the muscles still under 

voluntary control to take over lost motor function.  This is most often done to restore 

voluntary grasp and pinch movements of the hand by connecting biceps and 

brachioradialis muscles to the finger or elbow flexion tendons [5].  As with other 

techniques, large functional benefits can result from minor anatomic gains [5]. 
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It is a commonly held belief that, after spinal cord injury, the regions of the cortex 

primarily concerned with sensory input and motor control of a region of the body with 

which there is no longer any connection, change function and begin to act as if they were 

part of neighboring regions.  This would drastically limit rehabilitation techniques and 

potential.  However, in animals who regained sensorimotor function five years post spinal 

cord injury, magnetic resonance image data has showed that the appropriate regions had 

recovered most of their original function and that the cortical map was stable [6].  This is 

important in the facilitation of new treatment options, showing that the brain can make 

use of restored motor pathways. 

 

Functional Electrical Stimulation 

The first overriding and driving principle of functional electrical stimulation is 

that an action potential evoked through electrical stimulation is indistinguishable, by the 

end organ, from an action potential appearing in the natural control signal.  Therefore, 

functional electrical stimulation (sometimes called functional neuromuscular stimulation) 

is potentially a powerful tool for the restoration of lost or impaired body function [7].  

FES has been used to augment the movement capabilities of people who have, through 

injury to the spinal cord, lost some or all of their ability to control the movement of their 

arms [10, 11], hands [12, 13], and legs.  In FES, the application of an electrical field via 

metal electrodes cause ion flow in a tissue medium containing motor axons that innervate 

muscle.  Once these axons are sufficiently depolarized, an action potential is initiated.  

Action potentials propagate along the excited axon until they terminate on a group of 
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muscle fibers which contract in response to the stimulus.  During stimulation, charge 

ordering that occurs at the surface of the metal electrode and solution medium resembles 

the charge separation occurring on the two plates of a capacitor.  The change in charge 

distribution is reflected in the electrode potential [7].  Within some constraints, the effect 

of an applied stimulus is completely reversible.  However, if potential exceeds an positive 

or negative “safe” boundary, irreversible effects take place which might include metal 

deposition, tissue damage due to high current density, tissue damage due to heating 

and/or induced local change in pH. [7].  To avoid crossing such a boundary during 

stimulation of tissue, it is generally desirable to seek conditions under which no net 

reaction products are generated since reaction products are nearly always damaging to the 

surrounding tissue [7].  The boundaries of the “safe” region where field effects are 

reversible can be experimentally established [7].   

 

The effectiveness of FES systems also depends on the biocompatiblility of the 

electrode.  The smaller the foreign body encapsulation response, the thinner the 

encapsulation layer, and the better the stimulation properties for implanted electrodes [7].  

It should be noted that FES depends on the excitation of nerve fibers as opposed to the 

muscles themselves. Therefore, denervation or loss of nervous connection to particular 

muscles, sometimes a secondary effect of spinal cord injury, prevents the use of FES to 

such affected muscles. 
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The second overriding principle of electrical stimulation concerns the type and 

duration of the stimulus.  A typical stimulus waveform is a rectangular pulse which can 

be current or voltage controlled.  Voltage controlled pulses are not reliable in that the 

evoked response is not highly repeatable due to variability in surface conditions [7].  

Current controlled pulses yield a constant applied field in the medium containing the 

excitable tissue and yield greater reproducibility [7].  In an effective FES system, the 

inter-pulse interval is often smaller than the time required for the induced field to decay 

back to the prepulse potential.  When this situation occurs, if monophasic pulses are used, 

the field potential gradually increases with each successive pulse.  The danger is that this 

buildup can encroach on the safe potential boundaries [7].  This is equivalent to baseline 

drift or a buildup of bias.  This charge accumulation at the electrode-tissue interface can 

be reduced by adding a stimulus pulse of opposite polarity [7].  The primary pulse then is 

to evoke an action potential and the secondary pulse follows after a non-zero delay and is 

used to reverse the electrochemical processes that were initiated by the primary pulse [7]. 

 

The third overriding principle of FES deals with the excitability of muscle and 

nerve tissues.  The electrical excitability of skeletal muscle is substantially lower than 

that of the motor nerve [7].  Axons within a motor nerve cross threshold at much lower 

currents than muscle for a given pulse width [7].  Nearly all motor prostheses operate 

according to this principle, which is, they electrically activate the motor nerves that in 

turn synaptically activate the muscle fibers.  Trying to directly activate muscle fibers may 

cause injury to the cells close to the electrode before the electric field in the region of 
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more distant muscle fibers is above the threshold [14].  One drawback to exciting motor 

nerves as opposed to muscle is that larger diameter axons are recruited, or activated, 

sooner than small diameter axons.  Large diameter axons preferentially innervate large 

motor units.  These motor units characteristically supply muscle fibers that fatigue easily, 

whereas small motor units usually contain fatigue-resistant muscle fibers [14].  Natural 

recruitment of muscle fibers normally follows a specific order:  from small (weak, fatigue 

resistant motor units) to large (strong, highly fatigable motor units).  This recruitment 

inversion associated with electrical stimulation can lead to muscle fatigue which results 

in degraded muscle response for a given input in FES systems. 

 

Stimulus Modulation Schemes  

Several schemes are available for modulating the stimulus pulses for inducing 

muscle contraction including pulse width, pulse amplitude and pulse frequency 

modulation.  It has been stated that there is no distinct advantage to choosing one 

modulation scheme over another because the distance between the nerve fibers and the 

electrode dominate the efficacy of the stimulation [7].  However, experimental results 

show that there is a tradeoff in nerve excitation between pulse width and pulse amplitude.  

As a general rule, short duration pulse widths help to minimize the amplitude of the 

current pulse and avoid buildup of excess charge [7]. 

 

The strength or force of muscle contraction can be modulated in electrically-

activated muscle in increasing the number of active fibers and their rate of firing [7].  
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Increasing the frequency of stimulation causes individual muscle twitches to overlap and 

summate, thereby increasing the overall force produced by the muscle [7].  The other way 

to increase force is to increase the pulse amplitude or duration.  This has the effect of 

recruiting more nerve fibers. 

 

Electrodes 

There are three main types of electrodes used in FES systems today:  surface 

electrodes, percutaneous electrodes (or electrodes that puncture the skin), and 

subcutaneous electrodes (which are completely implanted).  All electrodes must satisfy 

the requirements of material compatibility, mechanical compatibility and retain the 

ability to transfer the required electrical charges without tissue or material deterioration 

[14]. 

 

Surface electrodes consist of a metal plate applied to the surface of the body 

separated by a layer of electrolytic gel to help maintain good electrical contact [14].  

Systems with stimulation delivered through surface electrodes avoid additional surgical 

procedures needed to implant electronics and electrodes, but suffer from variability in 

performance.  This variability arises from the physical dimensions of the limb from one 

patient to the next, the variability in positioning and repositioning the electrodes as the 

system is donned and doffed, and variability in the stimulated responses of the underlying 

muscles due to changes in the surface conditions of the skin and changes in positioning 

with respect to the underlying muscle [14, 15].  Another common problem encountered in 
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surface stimulation is a painful or uncomfortable sensation due to the excitation of the 

sensory fibers in the skin [7].  This arises from poor contact between the electrode and 

the skin resulting in locally high current densities [7].  The use of a voltage regulated 

stimulus pulse minimizes the possibility of locally high current densities [7].   

 

Percutaneous electrodes used in FES systems are called intramuscular electrodes 

and are made of fine wire which is twisted into a helix, or tight spring-like coil.  The coil 

provides some stress relief and anchor points for tissue to grow in, thus helping maintain 

long term stability.  The tip of the wire is usually deinsulated and bent over to form a 

barb that’s helpful in deploying the electrodes.  These electrodes are deployed by 

hypodermic needle and can be removed easily [14].  A primary concern related to the use 

of percutaneous electrodes is the risk of infection at the electrode entry site [7].  

Percutaneous electrodes avoid uncomfortable skin sensations as well as surgical 

procedures can be avoided [7] however, the electrodes pass through the skin and are thus 

subject to shear forces within the muscle as well as external forces from the electrode 

leads etc.  The strength, flexibility and tolerance of mechanical deformation are important 

considerations in the design of intramuscular electrodes [14].  However, percutaneous 

electrodes have become highly robust with only about 2.5% of the electrodes failing, and 

lasting as long as ten years in one study [15].  The barriers to clinical deployment of 

systems that use percutaneous electrodes include the cost of multichannel stimulators and 

programming the customized patterns of stimulus intensities and timings for complex 

movements involving the entire arm [15]. 
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There are two types of subcutaneous electrodes used with FES systems.  The first 

is called epimysial and is similar to a surface electrode, except that it is sutured or stapled 

directly to the muscle [14].  Electrodes placed under the skin can be positioned closer to 

the target motor nerves than electrodes on the surface of the skin, avoiding the 

uncomfortable sensations associated with the activation of skin sensory fibers can usually 

be avoided [14].  Proximity to the target muscle also lessens the likelihood of spillover, 

the excitation of neighboring muscles, which provides subcutaneous electrodes with 

greater specificity [14].   In addition, the epimysial electrodes generally have lower 

average thresholds than the percutaneous electrodes.  The recruitment properties of the 

epimysial electrodes were as good as or better than the recruitment properties of the 

percutaneous electrodes, suggesting the advantage of direct visualization during operative 

placement of the electrode on the muscle [16].   There are, however, some significant 

drawbacks to the use of epimysial electrodes.  Implantation of epimysial electrodes 

requires extensive surgery.   

 

The second type of subcutaneous electrode used in FES systems is the 

intramuscular electrode.  Its construction, implantation, and stimulation characteristic is 

very similar to percutaneous electrodes; however, it is deployed during surgery under the 

skin’s surface and does not puncture the skin.   Maintenance is simplified (over the 

percutaneous electrodes) by elimination of percutaneous interface, which needs to be 

cleaned and maintained by the patient. Implanted intramuscular electrodes offer some 
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significant improvements over epimysial electrodes, including reduced surgery time, 

reduced size of the surgical incision, better placement within a muscle, and reduced 

chance of tendon adhesions [17].  The current dispersion pattern of epimysial electrodes 

does not permit optimal stimulation of all muscles [17], so, often, both intramuscular 

electrodes and epimysial electrodes are used in implanted systems [9].  In such a hybrid 

system, intramuscular electrodes are used to implant small or deep muscles and epimysial 

are used to implant large surface muscles [9].   

 

Fully implanted electrodes are usually accompanied by the implantation of a 

multichannel stimulator device which is powered by transmission of radio frequency 

through electromagnetically coupled coils [18].  Implanted systems are designed to offer 

improved function with less complex maintenance, improved reliability, and better 

cosmetic acceptability.  The reliability of the system is increased through improvement of 

the designs of the leads and electrodes and the absence of percutaneous connections such 

as a data/power port.  The cosmetic acceptability is improved by the removal of 

connectors and lead wires from the external surface of the arm [16]. 

 

FES Control Strategies 

 Once the FES hardware and related electronics are ready for use, a control 

strategy must be implemented to generate command signals for the FES system.  The 

control task refers to specification of the temporal patterns of muscle stimulation to 

produce the desired movements from command input signals [19].  Specifying the 
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patterns of stimulation is difficult because the patterns must account for the nonlinear and 

dynamic relationships between stimulus parameters and muscle output, and between 

muscle output and limb output, as well as the varying load encountered as the user 

interacts with the environment [19].  One important and distinctive characteristic of most 

upper extremity movements is that they are goal-directed rather than cyclic which gives 

rise to the need for a controller, as opposed to a pattern generator [19].  This 

characteristic has led to a number of interesting methods for controlling an FES system.  

The primary requirement is that the control of FES systems is mediated through a portion 

of the body retaining voluntary control [7].  Most systems are adapted in some way to 

simplify the control task that the paralyzed subject must perform by using a single 

proportional command signal that is used to simultaneously regulate the inputs to all of 

the muscle groups [8].  Controllers for current FES systems vary widely from system to 

system, mostly due to a couple of constraints and some real technological holdups.  Some 

examples of control methods used FES systems include: 

 

• Push button activation followed by stimulation modulation through a sliding 

resistor [14]. 

• Position transducer mounted on the wrist is used to control hand grasp [9, 14]. 

• Chest displacement [11].  

• Voice recognition system [11].  

• High pitched humming [11]. 

• Respiratory (inhalation, exhalation) used to select playback [11]. 
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• Shoulder motion to generate the proportional command and elicit lock/unlock 

signals [8, 16, 18, 20]. 

• Sequence or duration of switch closures select a motion and control its duration or 

velocity [15].  

• Voluntary flexion to counteract continuous FES extension stimulus [9]. 

• EMG from muscles still under volitional control used as a binary rather than 

proportional signal [21]. 

• An EEG-based neural command [22]. 

• Mouth-operated joysticks, tongue-touch keypads, voice commands [23]. 

• Accelerometers, contact sensors [9]. 

• Cortical activity [9]. 

 

The most common example of an FES system augmenting hand grasp uses a 

transducer to translate shoulder movements to FES command signals [18].  Due to the 

frequency of use of this type of system, it will be described in more detail than other FES 

controller paradigms.  Voluntary control motions by the contralateral (opposite) shoulder 

are sensed by a position joystick and are converted to logical and proportional signals.  

Shoulder protraction/retraction was used as a proportional signal for hand opening and 

closing.  Shoulder elevation/depression was used for logical signals such as a “hold” 

command and to establish the zero position.  An additional switch toggles between 

palmer and lateral prehension hand grasp patterns.  Synthesis of grasp was achieved by 

tuning the stimulus parameters to elicit the desired positions and contact forces of the 
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digits.  The desired relationship between the single control signal and position or force 

output was related to percent of control activation [8].  Machine state information is 

indicated by audio tones indicating whether the system is in the palmer or lateral 

prehension mode and if the hand is locked in the hold mode [18].  Alternatively, machine 

state information can be encoded in short stimulus burst trains delivered to sensate areas 

delivered through electrical stimulation of cutaneous afferent (skin) nerve fibers [18]. 

 

Alternative control axes, movements, or multistate control schemes are needed to 

simplify the user interface to the controller in order to achieve greater flexibility [18].  

Paradoxically, however, high-level injury reduces both the retained volitional movement 

capability for use in controlling an FES system as well as increasing the complexity of 

the control problem by adding additional degrees of freedom that the need to be 

controlled.  It also increases the computation requirements to produce the pulse trains and 

increases power demands on the stimulator. 

 

There are two frameworks for designing a controller.  The first is a feedforward 

framework and the second is a feedback framework.  Theoretically, if all dynamic and 

nonlinear properties are taken into consideration, i.e. if the system could be perfectly 

modeled, the feedforward rules should be able to drive the limb to perform the movement 

satisfactorily.  This is equivalent to producing a perfect biomechanical model of the limb.  

In practice, necessary simplifications in the specification of stimulation patterns by the 

feedforward controller result in errors in performance.  Muscle fatigue also causes 
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deviation from the desired movements [19].  Most systems are limited to the use of feed-

forward or open-loop control.  They specify stimulus parameters that are needed to 

produce the desired movement (system output) [19].  This lack of feedback into the 

system itself (as opposed to sensory feedback to the user) limits the control system’s 

ability to respond to disturbances in the controlled system or the environment [19].  

However, some progress is being made on designing FES controllers that fall into the 

feedback framework.  Some ideas to provide feedback to the system (as opposed to the 

user) include: 

 

• External sensors such as limb position sensors with force feedback [19]. 

• Implantable position transducers and sensors [18] such as hall-effect sensors at 

the wrist [24]. 

• Naturally occurring biopetentials [24] such as cuff electrodes on the nerves[21].  

 

Difficulties and Challenges with FES 

There are a few additional complicating issues that need to be considered when 

designing an FES system or controller.  For example, tendon transfers are commonly 

performed in paralyzed patients [18].   However, since such a surgery alters the 

mechanical function of the involved muscles, an FES controller may diverge significantly 

from one developed for use in a person with “standard” physiology [15].  Another 

complication is the user’s difficulty in accepting FES systems due to their obtrusiveness, 

difficulty of use, unaesthetic appearance, and inflexibility.  This complication is lessened 
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through attempts to provide custom movements for very specific tasks that are important 

to the patients, rather than similar functions across all patients.  In addition to the 

customized movement programs, custom command and control mechanisms are also 

helpful in convincing patients to use FES systems [15].  For example, in follow up tests, 

users were faster at tasks when using tenodesis grip (grip provided through tendon 

transfer) alone compared to performance on the same tasks using FES systems [9] 

indicating that the control interface for FES systems is still difficult to use.  However, 

patients could not develop the grasping force needed for other activities using the 

tenodesis grip alone [9].  Another complication was that users wanted more range of 

motion, a larger movement repertoire, and more natural movements.  However, 

generating useful arm movements requires multiple proportional command signals that 

are not always easily generated [23].  The ability to synthesize the complex patterns of 

coordinated muscle activity needed to produce a wide range of desired movements is one 

major roadblock to the advancement of the field.  This issue can only be fully addressed 

by looking beyond current paradigms for the additional controller capability. 

 

With the improvement that could be realized in so many people’s lives, it seems 

natural to try and apply newly developed principles of neuroscience, physiology, and 

engineering to provide a solution.  The dream of reconnecting the brain to a paralyzed 

limb may become a reality with the development of neuroprosthetic devices.    In the next 

sections the building blocks of a neuroprosthetic are examined.   
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Neuroprosthetics 

 A neuroprosthetic is a brain-controlled device.  Though usually, the device is a 

computer or robot, we image an FES system that uses signals derived from neural activity 

as the command and control mechanism replacing current awkward control interfaces.  

Such devices hold great promise for the restoration of arm use for paralyzed persons.  

Neuroprosthetics hold so much promise in rehabilitating tetraplegics because they are 

designed to bypass the primary shortcoming of traditional FES systems, the control 

interface.  It might also be noted that while neuroprosthetic research focuses primarily on 

application for persons with spinal cord injury, they may have application beyond spinal 

cord injury including those with Lou Gehrig’s disease, and Parkinson’s disease [22]. 

 

The first step in creating a neuroprosthetic device involves the selection of a 

sensing technique that yields reliable, stable, and long-term recordings of brain activity 

that can be decoded into useful signals [25].  It is difficult to obtain reliable, long-term 

measurements of neural ensemble activity with high spatial and temporal resolution [25].  

Though some new advances have been made, viable neuroprosthetics remain largely 

unrealized due to the lack of an adequate neural interface for sensing neural activity [22].  

Given the development of such an interface, a number of choices will then need to be 

made including what brain areas are the best candidates for obtaining control signals, 

which parameters need to be decoded, and what decoding algorithm should be used. 

 

Brain Areas 
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Given the presence of sufficient adaptive plasticity, it might be suggested that 

neurons in many areas of the brain, even areas not concerned with motor function, could 

potentially be trained or adapted for generating appropriate signals for controlling 

neuroprosthetic devices [26].  However, despite what appears to be ubiquitous adaptive 

plasticity, neurons that are already part of motor system structures and used in execution 

of movements should offer substantial advantages over non-movement related neurons in 

controlling a neuroprosthetic device [26].  Moreover, while electrodes deep brain motor 

system structures such as thalamus and basal ganglia might contain neurons with 

potentially useful control signals, the additional technical complications of placing large 

numbers of electrodes deep in the brain probably makes these regions unlikely candidates 

for neuroprosthetic applications.  Therefore, cortical motor areas would seem to offer the 

optimal source of appropriate neuronal control signals because they are easily accessible 

to current sensing techniques including the implantation of electrodes and because these 

areas are already involved with regulation of voluntary movement [22, 26].  The most 

natural choice for the location of cortical signals which may be used in controlling a 

neuroprosthetic then becomes the motor cortex.   

 

There is not a one-to-one correlation between cortical activity patterns and muscle 

activation or movement.  Physiologically, divergence of the projections of cortical 

neurons onto various spinal segments and convergence of many projections onto 

motoneurons from several loci in the motor cortex limits direct cortical control of muscle 

activation [27].  Additionally, reaching involves motion at the shoulder and elbow joints 
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and it appears that these two joints are controlled as a single functional unit [27].   

Furthermore, some results indicate that a large part of specific patterning needed to 

activate multiple muscles during reaching movement is accomplished in the spinal cord 

[27].  Thus, the details of the activation patterns to muscles need not be the concern of the 

motor cortex [27].  If the motor cortex does not specifically control the individual 

muscles involved in arm movement, then what information is actually represented by the 

activity of the neurons in the motor cortex? 

 

Researchers differ on the answer to this question.  For example, it has been shown 

that cell activity in the motor cortex is related to the direction of the movement and that it 

is involved in processing the direction of an upcoming movement even in the absence of 

an immediate onset of movement [27].  In some experiments, the activity of neurons in 

the motor cortex, as a population, covaried with the trajectory of the hand and signaled its 

instantaneous movement direction and velocity.  Through these and other similar 

experiments, it appears that the primary motor cortex is primarily concerned with the 

generation of movement in terms of an extrinsic parameter space related to the motion of 

the hand, the location of the target, or both [20].  However, it’s also been observed that 

the primary motor cortex during reaching movements made under altered load conditions 

or with different arm postures indicated that information was coded in and intrinsic 

parameter space despite the initial assumption that motor cortex wasn’t involved in the 

specification of muscle parameters [20].  Perhaps the truth is some type of combination 

extrinsic and intrinsic parameter space.  It has been found that the primary motor cortex 
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contains at least two distinct groups of neurons, each encoding different parameter spaces 

[20].  If this were the case then neuronal signals that would be suitable for proximal 

control (bringing the hand to a target) cannot be easily used for distal control (hand grasp 

and manipulation).  Therefore, one requirement of an upper extremity neuroprosthetic 

control system would be separate neuronal population signals for control of the hand and 

the arm [26].  Since the cortical area that provides the clearest separation of neurons 

supplying proximal and distal muscles is primary motor cortex, perhaps that is the best 

target area as originally guessed.  This idea is reminiscent of the idea that perhaps it 

doesn’t matter so much where the signal comes from, or, in this case, whether the signal 

encodes some extrinsic parameter space characteristic or an intrinsic parameter 

characteristic, but how the signal will be used.  For example, it is assumed that since a 

reaching movement involves changes in the angles of the joint angles and torques applied 

at those joints which are in turn produced by muscle activity, theoretically a signal from a 

cortical motor structure such as motor cortex, could relate to various aspects of trajectory, 

direction, joint angles, joint torques, or muscle activity [27].  However, it is 

acknowledged that the population vector may relate more to kinematic factors such as 

position or velocity, than to force, because force reverses directions during the movement 

to brake and stop the movement whereas the population vector shows no reversal [27].   

 

There are reasons however, to not depend solely on motor cortex for control of a 

motor neuroprosthesis.  One is that reliance exclusively upon the motor cortex could 

result in a bottleneck that might reduce the number of cognitive variables that could be 
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read out at any one time.  Another reason is that the traditional view that primary motor 

cortex is the only significant source of corticospinal neurons for the control of movement 

has changed dramatically [26].  Although the motor cortex might be useful for encoding 

continuous motion, premotor cortex or posterior parietal cortex might be able to provide a 

higher-level estimate of the goal of a movements [23].  Additionally, it has been found 

that motor control signals for voluntary arm movements appear concurrently in large 

areas of the frontal and parietal corticies [25, 28].  The observation that motor control 

signals related to arm movement appear in many areas of the cortex is consistent with 

observations that different areas are influenced by motor parameters.  The relative 

contributions of these cortical areas may also change according to factors such as the 

demands of the particular motor task, training level or previous motor experience [28].  

For example, activity in premotor areas may, under some conditions, closely resemble 

that in primary motor cortex, more exhaustive investigation generally reveals that the 

activity is context-dependent [26].  Another example is the parietal reach region.  

Although parietal reach region is specialized for reaching movements, it represents the 

goals of the reach in visual coordinates rather than in shoulder or body coordinates.  This 

goal signal is present when movement is planned but not carried out, indicating that this 

planning activity exists apart from any visual or movement-relates signals [29].  Another 

characteristic of the signals in parietal reach region is the visual nature of the area.  

Somatosensory feedback regarding the outcome of a movement is often lost with 

paralysis but vision generally remains intact.  Thus parietal reach region can receive a 

very direct visual “error signal” when the artificial movement doesn’t achieve the goal.  
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This error signal could be very useful in “learning” to operate a neural prosthetic in the 

face of paralysis [29].  Whatever the site for obtaining useful neural signals, ultimately 

the primary distinction between them is not the location from which recordings are made; 

rather, it is the type of information that is being decoded and the strategy for using these 

signals to assist patients [30].  Therefore precise placement of the electrode arrays for 

intracranial recording may not be as critical to the ability to control and artificial device 

as was first conjectured [25]. 

 

Since neuroprosthetics are targeted for use by paralyzed people, one comforting 

finding is that neuronal elements in the motor cortex remain excitable despite spinal cord 

injury [26].  Indeed, activation of the appropriate cortical areas occurs when paralyzed 

individuals attempt to move a limb [26]. 

  

Decoding Algorithms 

 The next step in realizing a neuroprosthetic is to devise an algorithm that extracts 

the needed information from the neural signals.  It is known that during actual or 

imagined movements, the collective activity of populations of neurons in motor regions 

of the cerebral cortex can be decoded to provide a moment-by-moment representation of 

the planned trajectory of the limb [31-35].  Moreover, it has been demonstrated that it is 

possible to interpret the cortical code for a desired or actual movement and to use that 

brain-derived signal to control artificial devices in real-time[28, 29, 36-39].  In general, 

experiments show that the activity of single motor cortical cells is broadly tuned around a 
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preferred direction, i.e. cell discharge is highest with movements in that direction and 

decreases gradually with movements made in directions farther and farther away from the 

preferred one [27].  Conceptually, the motor cortical command for movement direction 

could be represented as a weighted sum of vectoral contributions of individual cells as 

their firing rate is modulated by the departure from each cell’s preferred direction.  Such 

a vector representation of directional information in the motor cortex is a distributed code 

in the sense that each element (neuron) carries only part of the information and that the 

population uniquely determines the direction of the movement in space.  Indeed, it has 

been shown that population activity in the motor cortex when analyzed vectorially 

predicted the direction of the upcoming movement [27].   

 

 Therefore, fundamental parameters of motor control emerge by the collective 

activation of large distributed populations of neurons [25, 40].  Whether neurons are 

recorded individually (single unit recordings) or collectively (local field potentials), it is 

safe to assume that cortical control of a neuroprosthetic device will require sampling of 

large numbers of neurons.  In one experiment, off-line reconstructions of complex three-

dimensional arm trajectories were done by using simple multiple regression techniques to 

transform the activity of 300-400 serially recorded cortical motor neurons into a neural 

population vector [25].  The projected numbers of simultaneously sensed neurons thought 

to be needed to produce good fidelity control signals for complex movements (estimates 

range from 150 to 600 or more [28, 41]) is prohibitive, given current recording and real 

time spike sorting technology.  Perhaps the technical difficulty in recording such a large 
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number of neurons in parallel can be somewhat alleviated by improved decoding 

algorithms.  Improved algorithms or experimental setups can lower the number of 

neurons required to achieve a certain error level.  In one experiment, eighteen cells were 

used to predict the trajectory of a subject’s arm movements.  The subject was successful 

in using brain derived signals to move a cursor on a computer screen only when visual 

feedback was provided.  In this experiment, closing the loop by providing visual 

feedback helped reduce the number of neurons required to accomplish the task [40].  In 

addition reduction in the number of neurons required to control the prosthetic might also 

be achieved by careful selection of which neurons from a population were used and that 

fewer neurons can actually result in better predictions if the right neurons are chosen 

[36]. 

 

 The population vector approach to decoding the neural activity in the brain is the 

most commonly used decoding technique.  It has been successfully used to decode 

various arm movement tasks including center-out reaching [33], and various 2D tracing 

patterns [32, 34, 35] and in a 3D center out task [40].  One drawback to the population 

vector decoding approach is that it requires that hand position be derived by continuously 

integrating the population vector velocity.  For general motions, the integration causes the 

effects of small errors to compound over time.  Another drawback of the population 

vector approach is that it assumes that the population uniformly covers the directions in 

the movement space [41].  This may be a valid assumption for the general case, but does 

not hold true for the recording of relatively small populations [42].  Another drawback to 
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the population vector approach is that it assumes that movement velocity and neural 

firing rates are linearly related.  This has been shown to be true for well sorted spike 

trains but may not hold for real time sorting algorithms [43].  This has limited the use of 

population vector decoding to rather simple, contrived movements. 

 

 Another decoding approach has been to apply linear methods including linear 

filtering and linear regression models.  Both of these methods appear to be successful in 

extracting the relevant information from the underlying neural spike train [44, 45].  In 

one case, linear regression models were used to predict hand movement during a pursuit-

tracking task.  The model consisted of a weighted summed of the activity of each cell 

during a particular time frame.  Although this method successfully extracted a large 

portion of the information about hand position in 1D, 2D, and 3D, it was not able to 

account for a significant amount of variance in the position estimates.  In this case, it was 

concluded that perhaps the linear estimation method was not an optimal solution [44].  It 

was suggested that a Bayesian or recursive methods might improve estimations [44].  In 

another study, linear filters were used to predict the stimulus pattern of light from the 

response of retinal ganglion cells.  Though it was shown that the process by which the 

retina encodes the stimulus was very nonlinear, the inverse operation (the decoding of the 

stimulus given the spike train) was mostly linear.  In this case, it was concluded that since 

the researchers were unable to construct an artificial neural network which improved 

upon the results of their linear filtering methods, that most of the information that was 

useful for reconstructing the stimulus was available to the linear decoder [45].  Despite 
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these shortcomings, linear methods have been used in cortical recording experiments in 

monkeys to control cursor position in real time with neural cursor control being nearly as 

good as direct hand positional control [36]. 

 

 Another decoding approach has been to apply artificial neural networks.  A 

number of artificial neural networks of various architectures have been applied to the 

decoding problem.  Researchers look to the networks as a relatively simple way to 

capture the non-linear portions of the relationship between the neural activity and the 

functional output, allowing them to avoid attempting to include the higher order term of 

the expansions used in linear methods.  By including higher order terms, number of terms 

quickly grows and, when spike trains are to be combined, even a general second-order 

filter is not practical to calculate [45].  The results of applying this nonlinear approach are 

mixed.  In one case, the results from the artificial neural network were nearly identical to 

the linear methods for real spike trains [45].  In another case, the results from the artificial 

neural network were better than linear filtering methods and the population vector 

approach [46].  It appears that some variation is due to the network architecture, but that, 

until more sophisticated nonlinear methods for signal estimation such as Bayesian and/or 

recursive estimators are used, it is generally concluded that linear methods of decoding 

are sufficient [44].  Despite their drawbacks, artificial neural networks have been used for 

real time decoding of neural spike trains [28]. 
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Another method is the probabilistic-based approach implemented in the form of a 

Kalman filter.  This approach views the neural firing activity as a stochastic and sparse 

realization of some underlying model that relates neural firing to hand motion, i.e. each 

joint probability density function linking a kinematic parameter of interest and the neural 

firing [39].  This parameterization allows each recorded neuron to contribute the 

information it contains, e.g. some cells appear to be tuned to motion direction, others, to 

particular directions and speeds.  This method also reduces the bias of linear models with 

only a slight increase in variance resulting in a lower overall total error [39].  Though it 

was never used for real time control, in one set of off line experiments, this method of 

decoding was able to estimate the arm movement velocities with good fidelity [39].  In 

another experiment, it was found that estimations of arm position based on neural firing 

had a significantly higher correlation to actual arm movement than estimates formed from 

linear filtering methods [38, 47].  However, when the complexity of arm motion was 

increased slightly and neuronal spikes were sorted in real time, like the linear methods, 

the position estimates produced by the Kalman filter method degraded [43].  

 

Due to the decoding results of the Kalman filter, it is thought that the decoding of 

unconstrained continuous movements would require the complexity of a full Bayesian 

decoder [48].  Bayesian decoders have been used successfully in decoding neural activity 

from the rat hippocampus and other areas to infer the location of a rat within its 

environment [49, 50]. 
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Local Field Potentials 

All of the above decoding techniques have assumed the sensing of individual 

neuron activity in a parallel recording environment.  One barrier to the general 

deployment of cortically-controlled devices based on this sensing methodology relates to 

the long-term viability of the electrode arrays used to record neural activity in the brain.  

Gliosis, scar-tissue formation, and cell death in response to chronically implanted 

electrode arrays in the cerebral cortex degrade the ability to identify the activity of 

individual neurons required for these decoding methods [51, 52].  A second barrier to the 

use of these decoding algorithms is movement of the brain with respect to the electrode 

which also degrades the ability to identify the activities of individual neurons.  A micro-

electrode array is generally fixed to the skull which does not allow the electrodes to move 

with the brain.  A third barrier is the difficulty in accurately performing neural spike 

classification in real time.  A fourth barrier to the general deployment of cortically-

controlled devices is the large number of individual neurons needed to form good 

trajectory estimates.  The technical difficulty of the summation of these barriers makes 

the use of any one of the described decoding techniques limited in an out-of-the-lab 

neuroprosthetic applications. 

 

A completely different paradigm for sensing the neural activity useful in 

controlling FES systems might involve measuring the brain’s local field potentials 

instead of neuronal action potentials [53, 54].  Microelectrodes for recording the spiking 

of individual neurons require close proximity to the signal source to obtain a successful 
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signal, and must remain stable for long periods.  Though a few researchers have claimed 

to have stable recordings for periods of several months, neuroprosthetics need a much 

longer timeframe.  Ideally a neuroprosthetic device would be useful for the rest of the 

patient’s life.  One alternative to this challenge is to record local field potentials instead 

of neuronal spiking.  Local field potentials come from a less spatially restricted listening 

sphere; they are easier to record and are more stable over time making them good 

candidates as an information source for decoding movement-related brain activity [30].  

Local field potentials can be easily obtained from chronically implanted epidural or 

subdural electrode arrays already widely used in human epilepsy patients, for long-term 

and safe recording of cortical activity [55].  These types of arrays do not penetrate the 

brain itself, eliminating many of the problems with scarring, and cell death.  They are 

also not fixed to the skull, but placed on the surface of the brain, which allows the 

electrodes to move with the brain, keeping their relative positions.   

 

There is some concern that local field potentials may be considerably limited in 

information content in comparison to action potentials.  However, some preliminary 

experiments have demonstrated that local field potentials in the motor cortex contain 

substantial information about arm movements.  In an experiment comparing the 

information content in local field potentials to that obtained from single-unit recordings 

in motor cortex, tuning for movement onset began earlier for the local field potentials 

than for multi or single units, and was equally good of a predictor of movement target 

[53].  Thus, a single local field potentials carried essentially the same amount of 
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information about movement onset as did spike trains of many single neurons [53].  In a 

different experiment, it was shown that local field potentials recorded in the posterior 

parietal cortex also contain a good deal of information regarding the subject’s intentions 

[30].  This experiment also showed that from recordings from the posterior parietal 

cortex, the decoding of the behavioral state (planning or moving) was decoded better 

from local field potentials than from neuronal spike trains [30]. 

 

These initial efforts in decoding brain activity recorded as local field potentials 

have shown that field potentials modulate in a manner which is tuned to movement 

direction similar to the population vector paradigm.  Though good prediction of 

movement trajectories have been reported, it should be noted that the movement 

trajectories themselves were limited to eight directions within a single plane.  

Furthermore, all trials were aligned with the onset of some movement cue, i.e. none of 

the studies have decoded the recorded neural activity to predict a continuous trajectory.   

 

Summary of Background and Prior Work 

 As background to the results and work to follow, an overview of the current state 

of spinal cord injury was given, including the spinal cord injury levels, current post 

trauma treatments, as well as avenues for long term rehabilitation.  Most germane to the 

following presentation of work was FES treatment and the need for new control strategy 

due to limitations in current systems.  As one possible control strategy, brain controlled 

devices were presented and the concept of a neuroprosthetic introduced.  It was noted that 
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there is need for an algorithm which can generate muscle stimulus pulse trains for 

general, unconstrained movement given a desired movement control signal.  It was also 

noted that a viable neuroprosthetic solution needs a method of neural decoding which 

doesn’t rely on “good” spike sorting or the sensing of the activity of individual neurons at 

all was necessary.  Controllers which can overcome the barriers discussed will represent a 

significant advancement in the advancement of neuroprosthetic devices and their use for 

rehabilitation.  
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CHAPTER 3 – EMG ESTIMATION FROM TRAJECTORY 

 

Introduction 

Functional electrical stimulation (FES) has long been looked to as a means of 

restoring function to the upper limb and hand when volitional control has been lost due to 

paralysis.   In the past three decades, a number of formidable technical obstacles to the 

deployment of FES in patients with spinal cord injuries have been overcome [8, 9, 11, 18, 

24, 56, 57].  Consequently, a small but growing number of patients worldwide with 

injuries to the cervical spinal cord are using FES systems to regain some function of the 

upper extremities [13, 15, 24].   

 

FES systems, however, remain limited in their ability to produce a wide range of 

motor behaviors.   This is largely due to the absence of a generalized control scheme that, 

in the best case, could specify the patterns of muscle stimulation needed to elicit any 

desired movement.  Instead, most FES systems use a few stored programs of muscle 

stimulation, the playback of which is instigated and regulated by a control signal derived 

from a voluntary motor function retained by the patient (such as eye movements, 

shoulder movements, or EMG activity detected from unaffected muscles).  One possible 

approach to overcome this limitation would be to develop a generalized FES controller 

based on biomechanical models (e.g. [12, 58-60]).  The premise for using a 

biomechanical model is that a set of equations could be identified that characterizes the 

relationship between limb kinematics and muscle activity.  These equations could then be 
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solved to yield the patterns of muscle activity associated with some desired kinematic 

state.  However, the complex mechanics of the human arm associated with its many 

degrees of freedom and its multiple, non-linear actuators, and operation according to an 

as yet undetermined control law, have largely thwarted attempts to find analytical 

solutions for controlling limb movement.   

 

 The purpose of this study, therefore, was to evaluate the efficacy of a 

probabilistic, rather than deterministic, method to predict patterns of activity in multiple 

muscles associated with movements of the upper limb in human subjects.  This method, 

based on laws governing conditional probabilities, has been shown previously to predict 

accurately activity in a few muscles operating on simple joint system [1].  Here we show 

that this method can be used to predict, with good fidelity, the complex patterns of 

muscular activity arising during free movements of the arm based on hand-trajectory 

information only.  These findings suggest that such an approach might provide a flexible 

means to control FES systems and thereby facilitate the production of a wide repertoire of 

motor behaviors in paralyzed individuals. 

 

Methods 

 An overview of the main features of the experimental approach is outlined 

schematically in Figure 1.  Approximately 20 minutes of surface EMG and kinematic 

data were recorded during continuous random movements in the sagittal plane in one 

subject (left panel, Fig. 3.1).  These data served as inputs to an algorithm that 
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characterized the relationships between muscle activity and kinematics using a 

probabilistic method. These probabilistic relations were then used to predict patterns of 

muscle activity associated with a new set of movements recorded in four other subjects 

(right panel, Fig. 3.1). The rationale for this design was that we wished to determine how 

well predictions based on training data from one individual could transfer to other 

individuals.  This is of particular importance for the development of a control system to 

be used in paralyzed patients in whom such probabilistic relationships cannot be readily 

determined.  Predicted patterns of muscle activity were then compared to actual EMG 

signals to evaluate the capability of this approach to estimate patterns of muscle activity 

associated with a variety of limb movements. 

 

Experimental Setup 

Experiments were performed on five healthy male human volunteers (ages 25 - 45 

yrs) who each gave their informed consent to participate in the study, which was 

approved by the institutional human subjects committee.  Subjects sat upright on narrow 

solid chair without armrests for the duration of the experiments (Fig. 3.1).  The back of 

the chair extended only up to about the mid-thoracic region and did not seem to interfere 

with movement of the scapula.  EMG signals were recorded from 12 muscles (serratus 

anterior, anterior deltoid, posterior deltoid, pectoralis major, latissimus dorsi, teres major, 

biceps brachii, brachialis, brachioradialis, triceps brachii, extensor carpi radialis longus, 

and flexor carpi radialis) used in controlling arm movement using surface electrodes.  

Conductivity gel was placed inside the ceramic housing of the electrodes (Ag-AgCl, 4 



  54 

 

 

Figure 3.1, Overview of Experimental Approach.  Schematic overview of the main 
features of the experimental approach.  The left panel shows the collection of data which 
served as an inputs to establish the probabilistic relation between the kinematic 
parameters and the muscle activity.  The right panel shows how these probabilistic 
relationships were used to estimate patterns of muscle activity in other subjects. 
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mm diameter) that were then fixed on the skin in bipolor configurations over the target 

muscles (inter-electrode spacing ~ 2 cm) using adhesive disks and tape.  The leads of the 

electrodes were secured along the length of the limb with tape and elastic bands and were 

connected to a small head stage positioned immediately behind the chair.   

 

Three markers (head of a cotton swab dipped in glow-in-the-dark paint and 

mounted on a small plastic fixture) were taped on the skin to identify in video recording 

the sagittal-plane locations of the shoulder, elbow, and hand (metacarpalphalangeal joint 

on the ulnar aspect of the hand) (Fig. 3.1). The subject’s arm was not physically 

constrained nor supported in any way nor was the subject asked to manipulate any objects 

during movement.  However, the forearm and hand were maintained in a pronated 

orientation throughout the experiments, in order to ensure that the hand marker was 

continuously visible to the video camera.  

 

EMG Data Acquisition 

EMG data acquisition used was similar to that used by Seifert and Fuglevand 

(2002).  EMG signals were differentially amplified (X 1000) and band-pass filtered (-6 

dB cutoff points at 100 Hz and 1000 Hz) by a bank of 12 analog amplifiers (Grass, model 

12A5, West Warwick RI).  The low-frequency cutoff of 100 Hz was chosen to minimize 

what otherwise could have been substantial movement artifact.  Preliminary experiments 

involving passive movements of the limb and movement of EMG leads indicated that 
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most of the frequency range of the movement artifact signal fell between 0 and 100 Hz. 

EMG signals were sampled at 2000 samples per second per channel by a computerized 

data acquisition and control system (CED Power 1401, Cambridge UK).  In addition, a 

0.05 s pulse (5 V) was generated every second on a digital-analog output channel of the 

data acquisition system.  This pulse signal was sampled together with the EMG signals 

and was used to drive a light-emitting diode (LED) that served as visible flag in the video 

recording to enable synchronization of EMG and kinematic data.  

 

Kinematic Data Acquisition 

Experiments were conducted in low light conditions and the position of each 

marker was recorded by a single Panasonic PV-DV52 digital video camera on magnetic 

tape at 30 frames per second.  The glow-in-the-dark paint within the low-light 

environment provided high-contrast marks that were readily identified in each video 

frame using automated digitizing software.  The camera was placed about 4 m from the 

subject with the camera axis aligned perpendicular to the sagittal plane of the subject.  

The flashing LED, fixed to the chair, was also recorded by the video camera and served 

as a datum for synchronizing the EMG signals with the kinematic data. 

 

Experimental Procedures 

 Subjects were asked to complete 8 movement tasks, described in detail below: 1) 

random movements, 2) figure-of-eights, 3) reverse figure-of-eights 4) squares, 5) reverse 

squares, 6) reach low, 7) reach middle, and 8) reach high.  Each task involved moving the 
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arm through space while EMG signals and kinematic data were recorded.  Subjects were 

asked to limit their movements to the sagittal plane (plane running from head to foot, and 

front to back along the side of the subject) as much as possible but to maintain a natural 

and comfortable movement.  For all tasks, subjects were also instructed to limit flexion of 

the trunk by keeping their back against the chair.  

 

For the first task (Fig. 3.2A) subjects were instructed to generate a wide variety of 

random movements at varying speeds while attempting to move through every point in 

the two-dimensional workspace.  Subjects were asked to focus on making natural 

movements without excessive muscle co-contraction.  This task, referred to as the 

random-movement task, was performed for 15 - 20 minutes while EMG and kinematic 

data were recorded.  The data from one of the subjects were used to establish the 

conditional probability distributions used for prediction of EMG from kinematics (see 

below).  No subject reported muscle fatigue during this or subsequent tasks. 

 

 Subjects were also asked to perform seven specific-movement tasks including 

four tasks in which the hand moved in a geometrical pattern and three reaching tasks 

(Fig. 3.2B-D).  Subjects were asked to complete 10 trials of each specific-movement task 

at a natural speed while keeping the velocity and position characteristics as consistent as 

possible across trials.  Subjects were instructed to rest for 2 - 5 seconds in between each 

trial.   
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Figure 3.2, Overview of Movement Tasks.  Subjects were asked to complete 8 movement 
tasks involving moving the arm through space to trace out some type of pattern.  The 
schematic shown in panel A represents a random movement task, panel B represents a 
figure-of-eights movement task as well as a reverse figure-of-eights task, panel C 
represents a square tracing task and its reverse, and panel D represents reaching to 
different heights. 
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For the figure-of-eights task (Fig. 3.2B), the subject was instructed to start from a 

resting position with the arm pendent, raise the arm to about shoulder level, and then 

trace out a side-ways figure eight, or infinity symbol, in the sagittal plan beginning at the 

center of the symbol and then moving up and away from the body.  After completing the 

motion, the subject returned the arm to the resting position.  The completion of these 

steps formed a single trial.  Another movement task was similar (reverse figure-of-eights)  

except that the subject was asked to reverse the direction of movement such that 

movement from the center of the symbol began down and towards the body. 

 

For the squares task (Fig. 3.2C), the subject was again instructed to start from a 

resting position with the arm pendent, raise the arm to about chest level, then trace out a 

square, with the direction of movement beginning with the bottom corner of the square 

nearest the body and progressing outward, away from the body.  After completing the 

motion to trace out the square, the subject returned the arm to the resting position. t The 

reverse squares task was similar except that the square traced out by the hand was 

performed in the opposite direction. 

 

For the reaching tasks (Fig. 3.2D.), subjects were instructed to start from a resting 

position with the arm pendent, and then reach to a self-specified location in space as if 

touching a target though no real target existed.  Subjects were asked to reach to the full 

extent of the arm length.  For the high reaching task, subjects reached to a location above 

the head and in front of the body.  For the middle reaching task, subjects reached to a 
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location about shoulder level and in front of the body.  For the low reaching task, subjects 

reached to a location about knee level and in front of the body. 

 

EMG Processing 

Several EMG processing stages were performed off-line using Matlab 

(Mathworks, Natick MA).  Visual inspection of the raw EMG signals revealed sporadic 

large amplitude noise spikes that appeared to be due to movement artifact. These were 

large enough to distort the normalized EMG and thereby, degrade the probability-based 

predictions. In an effort to reduce the effect of these large amplitude spikes, the following 

heuristic was implemented.  For each channel, the DC bias was first removed by 

subtracting the mean of the recorded EMG signal.  A threshold value was then found 

below which 99.99% of the data points fell.  All data points with amplitude values above 

this threshold were set to the threshold value.  This process was essentially equivalent to 

excluding EMG values that exceeded five standard deviations of the mean.  Visual 

inspection of the EMG showed that this method was effective in removing large-

amplitude noise spikes.   

 

In an effort to boost the signal to noise ratio beyond that achieved by analog 

filtering during data acquisition, an aggressive, zero phase, digital band-pass filter was 

applied.  The filter was a 20th order Butterworth with a band-pass frequency range of 100 

to 500 Hz applied in the forward and backward directions to minimize phase distortion.  
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Then, according to conventional processing methods [61], EMG signals were full-

wave rectified and low-pass filtered (6th order, Butterworth, zero phase, -3 dB cutoff 

frequency of 6 Hz).  The band-limited representation of muscle activation was then 

down-sampled to 30 Hz and normalized with respect to the maximum value found for 

that muscle during the random-movement task.   

 

Kinematic Processing 

In off-line processing, the centroid pixel position of each kinematic marker during 

each frame of the digital video was identified and stored using MaxTraq software 

(Innovision Systems, Columbiaville, MI).  Next, the digital video was searched to 

identify each frame wherein the synchronizing LED flash was visible and its frame 

number was recorded.  Because the LED flashed once per second and the video frame 

rate was ~ 30 frames/s, marker position data were separated into epochs each 30 frames 

long with the beginning of each segment corresponding in time to a specific pulse of the 

LED.  The recorded EMG signals and the kinematic data were then aligned by matching 

each 30-frame segment of kinematic data with the corresponding pulse signal recorded on 

the synchronization channel of the EMG data acquisition system.  

 

Position data were translated into a coordinate system where the shoulder 

represented the origin and the x and y components for the hand and elbow markers were 

scaled by the maximal displacement of the hand relative to the shoulder during the 
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random movement task.  Finally, kinematic data were also low pass filtered by a zero 

phase 6th-order Butterworth filter with a 6-Hz cutoff frequency.  

 

Probabilistic Estimation of EMG 

 The approach that we used to predict the time-course of EMG signals was based 

on elementary laws governing conditional probabilities.  While previously we used a 

Bayesian method to predict EMG signals from kinematics [1], here we have taken a more 

direct approach.  In general, we sought to estimate the probability that the level of 

activity within a muscle would attain a particular value, EMG, given that the limb was in 

a specified kinematic state, K, namely P(EMG |K).  In practice, we wished to know the 

probabilities associated with all different level of EMG, not just a single value, given a 

particular kinematic state.  Therefore, the conditional probability could be represented as 

P(EMGj|K) where EMGj indicates the set of all possible EMG values discreetized into 

one-percent increments, and P(EMGj|K) is a probability distribution indicating the 

likelihood of attaining different values of EMG given that the limb is in kinematic state 

K.   

 

 Bayes’ theorem provides a means to estimate such condition probabilities based 

on previously obtained probability information that often is more readily available than 

the specific conditional probability of interest.  For example, according to Bayes’ 

theorem, we can represent our conditional probability as: 

P(EMG j |K) =
P(K | EMG j ) ⋅ P(EMG j )

P(K)
.    (1) 
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Where P(K|EMGj) is the probability that the limb enters into the particular kinematic 

state K given different levels of EMG, P(EMGj) is the overall probability that the muscle 

takes on different EMG values, and P(K) is the overall probability that the limb attains 

the kinematic state K.  The information represented by the terms on the right side of 

Equation 1 can be obtained from previous observations of EMG activity and kinematics 

in one or more subjects.  In the present situation, however, we obtained the conditional 

probability P(EMGj|K) directly from information gathered during experiments involving 

the random movement task in one subject, as described in the following. 

 

 To illustrate how a conditional probability distribution P(EMGj|K) was 

constructed, consider an EMG signal recorded from one muscle (serratus anterior) and a 

single kinematic parameter, say the x (horizontal) position of the hand (Fig. 3.3A).  If, for 

example, we select a horizontal hand position that is 60% of the maximum displacement 

(horizontal line, Fig. 3.3A), then for every occurrence of that hand position, we extract 

the associated EMG values recorded from the muscle (vertical lines, Fig. 3.3A).  From 

those values, we construct the conditional probability distribution, P(EMGj |x =60%) 

(Fig. 3.3B), which indicates the likelihood that the muscle attained different EMG levels 

given that the hand was at the 60% position.  This process is repeated for each increment 

in hand position from the minimum to maximum position (also discreetized into 1% 

increments) to generate a stack of conditional probability distributions.  Such a stack of 

conditional probability distributions can be represented as a colorized surface (Fig. 3.3C) 

for which the height (color) at any location on the surface indicates the probability of 
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attaining a particular level of EMG given that the hand is at a specified vertical location.  

The highlighted region on the surface shown in Figure 3.3C represents the conditional 

probability distribution shown in Figure 3.3B. 

 

 Multiple parameters are needed to fully characterize the kinematic state of the 

upper limb.  In the present experiments, the kinematic state of the limb was represented 

in terms of the positions, velocities, and accelerations of the hand and elbow relative to 

the shoulder. Since our movements were confined to the sagittal plane, the kinematic 

state of the upper limb was defined by twelve parameters, the horizontal and vertical 

components of position (x,y), velocity ( yx &&, ), and acceleration ( yx &&&& , ) of the hand and 

elbow.  Then, under the simplifying assumption of independence among the kinematic 

parameters, the probability that EMG attains different values is given by the product of 

the individual conditional probability distributions, namely: 
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where the subscripts H and E indicated hand and elbow respectively. Each element on the 

right side of Equation 2 is a condition probability distribution extracted from a surface 

like that shown in Figure 3.3C.  The product of these conditional probability distributions 

yields the overall probability of obtaining different levels of EMG given the specific 

constellation of kinematic parameters representing the kinematic state of the arm at that 

moment.  From such a resultant conditional probability distribution, an estimate is made 

of the most likely value of EMG associated with the kinematic state.  While there are 
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Figure 3.3, Construction of Conditional Probabilities.   An example of how the 
conditional probabilities were constructed.  If the horizontal position of the hand were 
60% of maximum, panel A, then all of the corresponding levels of EMG would be found 
and collected into a histogram.  Once normalized, panel B, this histogram represents the 
conditional probability of the EMG level given that the horizontal hand position was 60% 
of maximum.  Finally, the collection of conditional probabilities, panel C, is compiled 
and used to estimate EMG given a kinematic configuration of the limb. 
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several methods for making this estimation, for this study the expected (mean) value of 

the probability distribution was chosen as the estimated EMG level.   

 

Data Analysis 

 For this study, one subject was selected to be the trainer.  The trainer’s 

preprocessed data from task 1, the random movement task, was labeled the training set 

and was used to establish 144 conditional probability surfaces (12 muscles x 12 

kinematic parameters).  This set of conditional probability surfaces then served as the 

foundation for prediction of muscle activity associated with each of the movement tasks 

recorded in the four other subjects. For each time increment and test subject, the 

kinematic data recorded during these tasks served as the inputs to the probabilistic 

algorithm (right panel, Fig. 3.1).  The probabilistic algorithm essentially extracted twelve 

conditional probability distributions (one for each of the specified values of each 

kinematic parameter) from the conditional probability surfaces, multiplied them together 

(according to Equation 2), and then found the mean of the resultant distribution to serve 

as the predicted level of activity in that muscle. The process was repeated for each of the 

12 muscles at each time step over the entire duration of the movement task.  Additionally, 

each subject was, in turn, selected as the trainer and the process repeated with this new 

trainer. 

 

 The root-mean squared (RMS) error between the predicted EMG and the actual 

EMG recorded during the movement tasks was calculated for each muscle and for each of 
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the test subjects.  A one-way analysis of variance (ANOVA), with muscle as the factor, 

was performed on the mean RMS errors to establish whether the match between 

predicted and actual muscle activity was better for some muscles than others.  Likewise, a 

one-way ANOVA was performed, with movement task as the factor, to determine 

whether the difference between actual and predicted EMG activity depended on 

movement type.  In addition, we re-performed the prediction of EMG signals for all test 

subjects and tasks multiple times, each time successively dropping single kinematic 

parameters from the probabilistic algorithm.  This was done to determine the sensitivity 

of the predictions to the type of kinematic information included in the algorithm.  The 

resulting RMS errors associated with inclusion of different sets of kinematic parateters 

were also tested for statistical significance using a one-way ANOVA.  The level of 

significance chosen for statistical tests was p < 0.05.   

 

Results 

Figure 3.4 shows a brief time segment of the data obtained from the trainer 

subject during the random movement task.  For clarity, only hand position (Fig. 3.4A) 

and processed EMG signals from the 12 muscles (Fig. 3.4B) are shown.  From these 

training data, twelve conditional probability surfaces (one for each kinematic parameter) 

were then generated for each muscle.  An example illustrating how these conditional 

probability surfaces were subsequently used to predict EMG activity in one muscle of a 

test subject associated with a particular movement task is shown in Figure 3.5. 
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Figure 3.4, Kinematic and EMG Data.  Panel A shows the trajectory of the arm during a 
30 second time window.  The shoulder is located at coordinates (0, 0) and the hand 
moves relative to this origin with coordinates scaled to a percent of the maximum.  Panel 
B shows the preprocessed EMG corresponding to the same 30 seconds of time. 
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Figure 3.5A depicts the kinematic signals representing the trajectory of the limb 

recorded during one trial of the figure of eights task in a test subject.   For clarity, only 

two of the twelve kinematic parameters are shown.  In this trial, the arm began in a 

pendant position with the hand well below and slightly in front of the shoulder, the arm 

was then raised forward such that the hand was slightly above shoulder height, the figure 

was traced out, and then the hand returned to the start position.  The red vertical line (Fig. 

3.5A) indicates the particular time at which a prediction of EMG is to be made.  The 

horizontal arrows signify the specific values of kinematic parameters at that instant. 

 

The conditional probability surfaces indicating the likelihood of attaining 

different levels of EMG in one muscle (serratus anterior) given various x and y positions 

of the hand are shown in Figure 3.5B.  The conditional probability distributions 

associated with the specific values at the time instant in question (regions of colored 

surfaces highlighted by the thin rectangle) are redrawn as histograms in Figure 3.5C.  

Then, in accordance with Equation 2, these conditional probability distributions were 

multiplied together to yield an overall probability of obtaining different levels of EMG 

given the specific constellation of the 12 kinematic parameters (Fig. 3.5D).  The mean 

value of this resultant distribution was calculated (red line, Fig. 3.5D), which served as 

the best guess of the value of EMG for that time instant [1].  This procedure was then 

repeated for each time increment and for all 12 muscles. 
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Figure 3.5, Making a Prediction.  An example of how the probabilistic algorithm 
estimates an EMG level given some kinematic configuration of the arm.  Panel A depicts 
the kinematic configuration of the arm with the passing of time.  If it were desired to 
estimate the EMG for some muscle at the time marked by the red vertical line, the 
following process ensues.  Panel B shows the collection of conditional probabilities for 
the limb with the current kinematic condition highlighted.  Panel C shows the extracted 
conditional sample probability density function which was originally formed from 
training data.  Invoking the independence assumption, panel D, demonstrates the use of 
the law of total probability, the multiplication of the individual probability density 
functions.  Panel D shows the expected value of the final total conditional probability 
density function which is used as the estimated EMG value for a this particular muscle at 
this particular time. 
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Figure 3.6 shows typical patterns of predicted EMG from kinematics associated 

with the random movement task in one test subject using this probabilistic method.  For 

both muscles shown, the predicted pattern of EMG activity (red traces, Fig. 3.6) matched 

reasonable well to the actual EMG signals recorded in the test subject (blue traces, Fig. 

3.6).  For the teres major (top panel, Fig. 3.6), the RMS error between actual and 

predicted EMG was 4.2% of the peak EMG recorded during the random task, and was 

8.3% for anterior deltoid.  

 

Figure 3.7A shows the mean (SD) RMS error data for each task, averaged across 

all subjects and muscles.  The mean RMS error was 10% or less for all tasks and the 

grand mean RMS error was 8.8%.  Similar results were obtained for each trainer used.  

Analysis of variance indicated no significant effect of task on RMS error.  On the other 

hand, when analysis of variance was applied to mean RMS error across muscles, a 

significant effect was revealed.  As shown in Figure 3.7B, RMS error for the triceps 

(40.4%) was markedly higher than that for the other muscles, which tended to have RMS 

errors less than 10%.  The high RMS error for the triceps was seen in all four test 

subjects.  The poor prediction of triceps EMG may have been related to the relatively 

poor quality of the triceps EMG signal recorded during the training set.  As seen in 

Figure 3.4B, little modulation of the triceps EMG signal occurred during the random 

movement task used to train the probabilistic algorithm despite the expectation that the 

triceps should have been strongly active during some of the arm movements.  



  72 

 

 

Figure 3.6, Typical Predicted Vs. Real Data.  Typical patterns of predicted EMG are 
shown.  The top panel shows predictions for a segment of the random movement task for 
the teres major (top panel) and anterior deltoid (bottom panel).  RMS errors were 4.2% 
and 8.3% respectively. 
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Figure 3.7, Overall RMS Errors.  Panel A shows the average RMS errors for each muscle 
averaged over all movement tasks.  Panel B shows the average RMS errors for each 
movement task averaged over all muscles. 
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To evaluate whether deficient training data contributed to the poor prediction of 

triceps EMG, we re-ran the analyses but this time we selected a different subject’s data to 

serve as the training set.  As before, there was no significant effect of task on RMS error 

(data not shown).  The overall grand mean RMS error for predictions based on the new 

training data was 11.6%, which was slightly greater than that obtained with the original 

training set (8.8%).  Nevertheless, with the new training set, the mean RMS error for the 

triceps was only 3.5 ± 0.7 %.  However, a different muscle, the brachioradialis, now 

exhibited an exceptionally high value of RMS error (47.0%).  These results highlight the 

importance of obtaining good quality recordings from all muscles comprising the training 

set, yet the overall capability of the probabilistic method to accurately predict muscle 

activity patterns did not appear to be highly sensitive to the particular source of the 

training data.  

 

  Another possible source of error between actual and predicted EMG relates to the 

amount of data included in the training set.  We re-performed the prediction of EMG for 

one subject during the squares tasks based on conditional probability surfaces that were 

derived from progressively smaller segments of the training set.  Figure 3.8 shows the 

values of the grand mean RMS error associated with different durations of training data.   

For the planar movements used in the present experiments, little additional improvement 

in EMG prediction was gained for training-data sets in excess of about 5 minutes.   
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Figure 3.8, Effect of Training Data Set Size.  As the size of the dataset increases, the 
controller’s performance improves but with diminishing returns.  The size of the training 
data set is one source of error in the controller’s performance. 
 

 



  76 

It was also of interest to explore the role that the selected kinematic parameters 

played in the prediction of EMG.  Clearly, the complete kinematic state of the upper limb 

was not fully represented in the sub-set of parameters (see Equation 2) that we chose to 

characterize movements of the limb.  For example, higher order time-derivatives of 

displacement, such as jerk, or other anatomical locations of the limb, such as the wrist, 

could have been included as additional parameters to represent limb kinematics.  To gain 

some insight into the sensitivity of EMG estimation to the selected kinematic parameters, 

EMG prediction was repeatedly performed for all 12 muscles during random movement 

tasks in one subject, but each time dropping one of the kinematic parameters shown in 

Equation 2.  Surprisingly, as shown in Figure 3.9, the accuracy of EMG prediction was 

relatively insensitive to the particular set of kinematic parameters used to make the 

estimation.   Indeed, there appeared to be modest reduction in mean RMS error as fewer 

kinematic parameters were included in the estimator.    

 

Such a result can be partially explained by considering the following.  First, all 

kinematic parameters were given equal weight in estimating EMG.  Thus, the predicted 

value was not unlike an average of the estimates derived from the individual kinematic 

parameters.  If, however, one or more of the kinematic parameters were poorly related to 

the patterns of muscle activity under investigation, then the performance of the estimator 

would be undermined by inclusion of such parameters.  For example, had we included the 

degree of abduction of the little finger as a kinematic parameter in the present 

investigation, our predictions likely would have suffered because this parameter 1) is  
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Figure 3.9, Effect of Kinematic Model on Controller Performance.  The accuracy of 
EMG prediction was relatively insensitive to the particular set of kinematic parameters 
used to make the estimation. 
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largely unrelated to the patterns of recorded muscle activity, and 2) would be given as 

much weight in the prediction as a more salient kinematic parameter, such as the 

horizontal location of the hand.    

 

Likewise, a given kinematic parameter might provide critical information for 

predicting EMG during certain phases of the movements but not during others.  If the 

total duration of those phases during which the kinematic parameter contributed 

profitably to the prediction was briefer than that of the other phases, then inclusion of that 

parameter might diminish the overall accuracy of the EMG estimation.  This seemed to 

be the case in the present study, as illustrated in Figure 3.10.  In this example, the black 

trace in Figure 3.10 shows two successive bursts of activity recorded in the posterior 

deltoid muscle during the figure of eights task.  The superimposed colored traces show 

the predicted patterns of EMG activity using different sets of kinematic parameters (blue: 

hand position only; green: hand velocity only; and red: both hand position and velocity).  

During the roughly steady state phases of EMG activity, prediction was better using hand 

position information only.  At the outset of each burst (see inset), however, prediction 

was better using hand velocity information.  Inclusion of both parameters (i.e. red trace), 

led to predictions that were intermediate between position-only and velocity-only based 

predictions.  Because the total duration of the steady state phases of EMG activity in the 

present set of movement tasks tended to exceed the duration associated with EMG onset, 

the overall effect of including velocity (and acceleration) information tended to modestly 

diminish the overall accuracy of the EMG predictions (Figure 3.9).  
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Figure 3.10, Effect of Kinematic Model on EMG Estimates.  Certain phases of movement 
favored the use of certain kinematic parameters.  For example, estimates based solely on 
velocity resulted in smaller error at the onset and conclusion of movement bursts but 
resulted in larger errors during the sustained section of movement.  Meanwhile, estimates 
based solely on position resulted in larger error at the onset and conclusion of movement 
bursts but resulted in smaller errors during the sustained portion of the movement. 
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Finally, after the experiments involving planar movements had been completed, 

equipment became available that allowed us to test in one subject, the efficacy of 

probabilistic estimation of EMG signals associated with three-dimensional movements.  

EMG data from the same 12 muscles monitored for the planar-movement experiments 

were recorded for 32 minutes while the subject made random movements of the hand in 

the three-dimensional seated workspace.  Three-dimensional (x, y, z) position data were 

recorded using small electromagnetic sensors (Liberty System, Polhemus, Colchester, 

VT, USA) attached to the hand, elbow, and shoulder.  EMG and kinematic data were then 

processed as described earlier.  Figure 3.11 shows a brief time segment of the hand 

trajectory and processed EMG signals recorded during a 30-minute period that was used 

to train the algorithm.  Data recorded during the remaining one minute of the random 

movement task served as the test data for predicting EMG from kinematics.  

 

Figure 3.12 shows the RMS error for each of the twelve muscles associated with 

random movements in three-dimensional space.  Predictions of EMG were carried out 

twice, once based on position and velocity from both the hand and elbow (filled bars), 

and once using position and velocity data only from the hand (open bars).  When 

kinematic information from both the elbow and hand were included, the overall mean 

RMS error (5.5 ± 1.9%) was slightly lower than that obtained when only hand 

information was included (6.0 ± 2.2%).   In general, these RMS errors were lower than 

those obtained for the planar movements.  Assuredly, part of this better performance can 

be attributed to the use of training and test data from the same subject.  Nevertheless, 
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Figure 3.11, Kinematic and EMG Data in 3D.  Panel A shows the three-dimensional 
trajectory of the arm during a 30 second time window.  The shoulder location is at 
coordinates (0, 0, 0) and all of the hand movement is shown relative to this origin and 
scaled to a percent of the maximum.  Panel B shows the preprocessed EMG 
corresponding to the same 30 seconds of time. 
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these results are promising and suggest that good predictions of EMG activity from 

kinematics are possible during complex three-dimensional movements.  

 

Discussion 

 The main finding of this study was that complex patterns of muscular activity 

associated with multi-joint upper limb movements could be accurately predicted using a 

probabilistic approach.  Furthermore, probabilistic information about EMG and 

kinematics derived from one individual could be used to predict with reasonable accuracy 

the EMG activity in other individuals.  The implications of these results for the control of 

functional electrical stimulation (FES) systems are outlined below.  But first, some of 

limitations of the present study are described and alternative approaches are discussed.  

 

Limitations 

 The goal of the present experiments was to predict patterns of muscle activity 

associated with free movements of the upper limb in human subject.  As such, we did not 

attempt to characterize the complex muscular activity involved in controlling the digits.  

While one of the major deficits associated with quadriplegia relates to inadequate control 

of the fingers, the present study tested the feasibility of probabilistic methods to predict 

patterns of muscle activity needed to control functional electrical stimulation.  For 

practical reasons, we limited our scope to muscles that acted upon the scapula, shoulder, 

elbow and wrist only.  In principle, a similar approach could be implemented for the 

muscles controlling the digits together with muscles operating on the rest of the limb. 
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Figure 3.12, Overall RMS Errors in 3D.  The overall RMS errors for a random movement 
task by muscle.  Predictions of EMG were carried out twice, once based on position and 
velocity from both the hand and elbow (filled bars), and once using position and velocity 
data only from the hand (open bars).  When kinematic information from both the elbow 
and hand were included, the overall mean RMS error was slightly lower than that 
obtained when only hand information was included.    
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This, however, would require a considerable increase in the number of sensors required 

to monitor the complex motions of the hand and electrodes to record the activities of the 

many muscles acting on the digits.  

  

 Furthermore, the movements tested here were restricted to those not involving 

external contact forces.  In theory, it should be fully possible to include hand or digit 

contact forces detected with artificial sensors as another set of inputs to the probabilistic 

algorithm for prediction of EMG signals.  We felt it judicious, however, to determine first 

whether the probabilistic approach could yield satisfactory results under somewhat 

restricted conditions.  Inclusion of finger movements and contact forces are important 

features for future development of this system. 

 

Previous Studies and Alternative Approaches 

It has been shown previously that for a simple musculoskeletal system consisting 

of three muscles and three one-degree-of-freedom joints, a probabilistic method based 

explicitly on Bayes’ theorm could predict EMG signals reasonably well (average RMS 

error 12%, [1]). For the present experiments, we developed a method that provides a 

more direct, though identical result, to that achieved using Bayes’ theorem.  More 

importantly, the present results expand upon those of Siefert and Fuglevand by showing 

that activity patterns can be accurately estimated using this probabilistic method for a 

large number of muscles operating on a complex limb during a wide range of natural 

movements [1]. 
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One alternative method for mapping kinematic signals to muscle activity is 

through the use of artificial neural networks.  Though the problem of estimating muscle 

activity from kinematic information with artificial neural networks has not to our 

knowledge been addressed previously, the inverse problem of predicting movements 

from EMG has been investigated [62, 63]. For example, Au and Kirsch used an artificial 

neural network to estimate arm position from muscle activity signals.  They reported 

RMS errors of 14% - 19% for the predicted movements [63].  In a parallel problem, 

Massone and Bizzi used an artificial neural network with good success to estimate the 

control signals needed to drive a mechanical arm given a desired end point trajectory 

[64].  Thus, the probabilistic approach described in the present paper represents only one 

of many non-determinstic methods that might provide good control over such a complex 

mechanical apparatus as the human arm.  

 

Implications 

Only a small fraction of the spectrum of possible upper limb movements can be 

realized with current FES systems.  This is mainly due to limitations in the way that these 

systems are controlled.  The control of most upper limb FES systems consists of selection 

and triggering of one of a small set of pre-programmed stimulation patterns that involve 

little feedback.  A greater repertoire of movements has not been implemented primarily 

because of the enormous difficulty related to identification of the patterns of muscle 

activity needed to produce specified movements.  Most limb movements, even those 
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involving a single digit, require intricate coordination among multiple muscles that act 

across several joints [65, 66].  Such complex mechanical systems do not readily lend 

themselves to deterministic solutions.  While electromyographic (EMG) signals recorded 

from able-bodied subjects have been used to identify the patterns of muscle activity 

associated with a particular movement [11], this painstaking method yields control 

signals appropriate only for the motor task from which the EMG signals were originally 

obtained. 

 

Here we have used a probabilistic method to predict the patterns of muscle 

activity needed to produce, in theory, an unlimited set of movements across multiple 

joints.  We have also shown that complex patterns of muscular activity associated with 

arm movements could be accurately estimated based primarily on hand-trajectory 

information. Therefore, it seems feasible that predicted patterns of muscle activity 

associated with a desired hand trajectory could be transformed into frequency- or 

amplitude-modulated pulse trains to drive a set of muscle stimulators in order to evoke 

movements in paralyzed subjects [1].  Furthermore, the probabilistic relationship between 

EMG and kinematics derived from one individual could be used to predict patterns of 

activity appropriate to control muscles in other individuals.  The practical implication of 

this finding is that a functional electrical stimulation system using this probabilistic 

control strategy could be trained on an able bodied subject and then be deployed, at least 

as a first estimate, in paralyzed subjects. 
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CHAPTER 4 – TRAJECTORY ESTIMATION FROM EEG 

 

Introduction 

While striking advances have been made recently in the use of brain-derived 

signals to restore or augment motor function, little attention has been directed toward 

using sensing methodologies that would lend themselves to non-laboratory use.  A recent 

advance in this area suggests that instead of neuronal spike trains, local field potentials 

could be used to derive arm trajectory related information for use in neuroprosthetics.  

These local field potentials are comparably easy to sense but their use will require good 

decoding techniques.  Towards the ultimate goal of re-establishing functional 

communication between the brain and the arm muscles in patients with cervical spinal 

cord injury, this paper evaluates a controller for estimating arm trajectory from brain-

derived local-field potentials.  

 

There are two distinct methods for acquiring local field potentials.  The first 

method measures potentials from a localized area surrounding short needlelike electrodes 

which penetrate the brain surface.  Electrodes which penetrate the surface of the brain are 

termed intracortical micro-electrodes.  The potentials they measure are spatially separated 

by small distances.  The second method measures potentials from an area more localized 

than standard EEG but less localized than intracortical electrodes.  In this case, brain 

activity is recorded with flat plate-like electrodes resting on the surface of the brain.  

These electrodes are termed epicortical or non-penetrating electrodes.  Signals acquired 
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with epicortical electrodes are called subdural EEGs or electrocorticograms (ECoGs).  It 

bears some resemblance to standard EEG but with refined spatial resolution.  The 

potentials analyzed for this dissertation were all ECoGs. 

 

Compared to neuronal spike trains recorded from the activity of individual 

neurons, local field potentials represent a less spatially restricted listening sphere.  This 

makes them easier to record and more stable over time.  Furthermore, in contrast to the 

spike sorting process that is needed to make use of single unit activity recordings, local 

field potentials and ECoGs can be easily obtained and processed [67]. Thus it would be 

highly advantageous to use the local field potentials for decoding desired movement 

trajectory [30].  It has been thought that compared to the neuronal spike trains, local field 

potentials may be limited in information content.  However, preliminary experiments 

have demonstrated local field potentials in the motor cortex contain substantial 

information about arm movement.  In an experiment comparing the information content 

of local field potentials vs. single-unit activity in monkey motor cortex, it was shown that 

indications of movement onset began earlier for the local field potentials than for single 

unit activity, and that local field potentials were nearly as good at predicting arm 

trajectory [53].  This promising study of Mehring constrained the movement to be in one 

of eight directions within a single movement plane and focused primarily nevertheless on 

movement onset as the indicator of directional tuning of the signal.  This chapter of the 

dissertation presents expands those findings in an attempt to predict complex three-

dimensional hand trajectories in human subjects from ECoG.  
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Methods 

Experimental Setup 

Four experiments were performed by a human volunteer who gave informed 

consent to participate in the study which was approved by the institutional human 

subjects committee.  The subject sat upright in a chair for the duration of the experiments.  

Subdural EEG signals were recorded from motor areas of both left and right hemispheres 

of the brain. The kinematic data parameters of interest were the (x, y, z) coordinate 

positions in a 3-D volume and the associated (roll, pitch, yaw) angles.  Sensors were 

taped to the shoulder and hand.  Each sensor was a small electromagnetic transducer 

which could detect position as well as angles with respect to a field’s source.  The 

subject’s arm was not physically constrained or supported in any way nor was the subject 

asked to manipulate any objects during movement.   

 

ECoG Data Acquisition 

 Epicortical EEG (ECoG) was recorded by an array of forty electrodes.  Electrode 

strips (Ad-Tech Medical Instruments Corporation) were placed symmetrically over motor 

regions in both the left and right hemispheres of the brain (Fig. 4.1).  Recording took 

place from 40 electrodes, 20 on each hemisphere, contained in three electrode strips: one 

lateral frontal eight-contact electrode strip, one mesial temporal four-contact electrode 

strip, and one contact lateral temporal eight-contact electrode strip.  Inter-electrode 
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Figure 4.1, Schematic of Electrode Placement.  The surgeon’s drawing of where 
electrode strips were placed on the brain for one subject. 
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spacing within each electrode strip was 10 mm.  Signals were differentially amplified by 

1200 times by a Grass Technologies 32CTE amplifier and band pass filtered with low 

frequency cutoff 0.5 Hz and upper frequency cutoff 100 Hz.  These processed raw signals 

were sampled with 12 bit precision and digitally stored at 400 Hz by a Beehive® 

Millennium system (Grass Technologies an Astro-Med, Inc. product group). 

 

Kinematic Data Acquisition 

The positions of the right hand and right shoulder were sensed by transducers 

whose position and orientation are measured relative to the source of an electromagnetic 

field.  Position signals were sampled at 120 Hz per sensor by a Polhemus LibertyTM 

system.  The static accuracy is 0.0762 cm. for sensed position and 0.15o RMS for sensed 

rotations.  System latency is 3.5 ms. and sensed resolution is 0.0004 cm. for position and 

0.0012° for angles at a range of 30 cm.  Measured positions were transmitted over a USB 

interface to a Dell Inspiron B130 computer where they were then written to a file. 

 

Experimental Procedures 

For this experiment, the subject performed four movement tasks similar to the 

movement tasks described in chapter three.  The first task involved moving the arm 

randomly through space while ECoG signals and kinematic data was recorded.  The 

subject was asked to not limit movements to any particular plane and to maintain a 

natural and comfortable movement.  For this task, the subject was instructed to generate a 

variety of movements at varying speeds in an attempt to move through every point in the 
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three-dimensional workspace and to avoid flexing the trunk.  This task was performed for 

approximately 20 minutes.  The subject reported no notable muscle fatigue during this 

first task.  Post processing of the data collected during the experiment showed that due to 

technical errors of the data acquisition system, data from the other three tasks performed 

were not useable.  Post processing also showed that of the approximately 20 minutes of 

random movement data recorded, only about 10 minutes of these data were useful.  

Therefore, only this data was available for use to establish the conditional probability 

density functions used in the probabilistic estimator. 

 

ECoG Processing 

 Matlab® version 7.2.0.232 (R2006a) by The Mathworks Company was used in all 

of the ECoG signal processing.  ECoG signal preprocessing included noise reduction, 

signal conditioning, transmission delay modeling, and normalization steps.  Only ECoG 

data from electrode strips over brain areas in the left hemisphere were used in this study.  

It is known that most of the information concerning movement onset is contained in the 

6-13 Hz frequency band while most of the movement direction information is contained 

in the 0-4 Hz frequency band [67].  Because of this similarity to the relationship between 

EMG and muscle output, we decided to preprocess the ECoG using similar methods to 

the preprocessing of EMG as presented previously. 

 

While generally better behaved than EMG signals, visual inspection of the raw 

recorded ECoG signals revealed some large amplitude spike noise.  In a manner similar 
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to the EMG preprocessing (described in chapter 3), a threshold was set at the signal mean 

plus 9σ (where σ was the data’s standard of deviation).  Data values greater than the 

threshold were clipped to the threshold value. Visual inspection of the ECoG showed that 

this method was effective in removing large-amplitude noise spikes which were present 

in some channels. 

  

The ECoG was rectified to produce a unidirectional signal.  Second, a digital 6th 

order low-pass Butterworth filter with a 6 Hz cutoff was used to smooth the ECoG.  Next 

cortex to EMG transmission delay was modeled.  It has been found that the delay 

between transcranial magnetic stimulation of the motor cortex and the onset of EMG 

activity is approximately 20 ms [68-70].  In accordance to these findings, a fixed ECoG 

to EMG transmission delay of 20 ms was used for this study.  In addition to the 

transmission delay, there is delay between the onset of EMG and the onset of limb 

movement.  In chapter three of this dissertation this delay was implemented as a non-

linear filter delay.  Examination of the filter’s phase response showed that the average 

delay was about 200 to 250 ms.  A 250 ms delay was used for the EMG to movement 

delay in this study for a total ECoG to movement delay of 270 ms. 

 

This band limited delayed representation was then downsampled to 30 Hz and 

then scaled a percent of the maximum level encountered in the training data. 

 

Kinematic Processing 
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 Preprocessing of the kinematic data followed the pattern established in the 

previous chapter.  The primary difference in processing was the way in which the 

kinematic data and EEG data were aligned.  Data alignment was based on the timing of 

synchronizing pulses recorded simultaneously by the kinematic recording system and the 

EEG recording system.  The EEG signals were manually trimmed such that the first 

sample corresponded to the onset of the first synchronizing pulse.  Then, as described 

previously, the kinematic data were low-pass filtered with a digital 6 Hz Butterworth type 

filter and downsampled to 30 Hz.  Finally, hand position relative to the shoulder was 

calculated and the movement data were scaled to a percent of the maximum reach in each 

direction. 

 

Probability-Based Prediction of Hand Trajectory from EEG 

 The process of establishing the conditional probability density functions was 

described previously in chapter three.  The process used here followed in a similar 

fashion with the exceptions that ECoG was used in the place of EMG and the process was 

reversed, i.e. the method was used to estimate kinematic values given ECoG instead of 

estimating EMG from kinematic values. 

 

Data Analysis 

For this study, approximately nine minutes of the subject’s preprocessed random 

movement data was designated the training set.  This data was used to establish the 

conditional probability surfaces needed to solve the conditional probability equation.  For 



  95 

each pairing of a kinematic parameter and a local field potential, the conditional 

probability surface was estimated from the training data, i.e. there were twenty local field 

potentials, each paired with three kinematic parameters, x, y, and z position, resulting in 

sixty conditional probability surfaces.  After forming these conditional probability 

surfaces, the training data were excluded from any further analyses.  Then, following the 

pattern outlined in chapter three, ECoG test data was used to access the appropriate 

conditional density function.  Under the assumption that the activity recorded by each 

electrode was independent, the extracted probabilities were multiplied together to form a 

combined conditional probability.  This combined response was then used to calculate the 

expected value for the kinematic parameter being considered.  RMS error between 

predicted hand trajectory and recorded hand trajectory was chosen as the comparison 

metric. 

 

Results 

 A 30 second segment of the recorded hand movement data (with the hand 

coordinates normalized to arm length and referenced to the shoulder position) along with 

the associated preprocessed EEG is shown as an example of the data used in training the 

controller (Fig. 4.2).  Similar data was also used for testing the controller after training. 

 

A plot of the 60 seconds of predicted movement showed that overall, predicted 

kinematic levels were poorly matched to actual recorded kinematics (Fig. 4.3).  The RMS 

percent errors for the predicted verses the actual were (18.7, 29.7, 24.6) for the (x, y, z)  
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Figure 4.2, Kinematic and EEG Data.  Panel A shows the trajectory of the arm during a 
30 second time window.  The shoulder is located at coordinates (0, 0, 0) and the hand 
moves relative to this origin with coordinates scaled to a percent of the maximum.  Panel 
B shows the preprocessed EEG corresponding to the same 30 seconds of time. 
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Figure 4.3, Typical Predicted Vs. Real Data.  Overall the predicted kinematic levels (in 
red) were a poor match to the actual recorded EEG data (in blue). 
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positions respectively (Fig. 4.4).  The overall RMS error was greater than 24%.  As the 

traces suggest, only slight improvement was seen in the estimations of the x channel and 

the z channel.  The predicted y values were actually worse than what would be expected 

from chance.  In a center out movement task where monkeys moved towards one of eight 

targets, Mehring reported correlation coefficients between the actual and predicted 

trajectories of 0.74 and 0.83 for the x and y axes respectively[53].   The correlation 

coefficients for each axis in this experiment were computed for comparison.  The 

correlation coefficient for the x, y, and z axes were 0.20, 0.16, and 0.31 respectively.  

This comparison confirms that the probabilistic controller presented here performed 

poorly compared to other results. 

 

Discussion 

 In certain cases, epilepsy patients are surgically implanted with arrays of 

electrodes placed directly on the surface of the cerebral cortex.  This type of implant 

surgery is carried out at relatively few institutions nationwide, University Medical Center 

being one.  After surgery, the patients stop taking any medications that reduce the 

intensity or incidence of seizures, and are monitored continuously in the hospital for up to 

a few weeks until they spontaneously have a seizure.  Information obtained from the 

electrode array is then used to pinpoint the locus of the seizure-inducing site, which is 

subsequently removed in a follow-up surgery.  However, in the interim between recovery 

from implant surgery and seizure, patients are able to move about, sit up, and can 

participate in simple experimental protocols.  This portion of the dissertation depended  
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Figure 4.4, Overall RMS Errors.  Overall RMS errors of hand position estimates vs. the 
recorded hand positions show that the controller was not able to estimate the kinematics 
from recorded EEG. 
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on obtaining and analyzing the electrical signals recorded from the surface of these 

patients’ brains and relating that information to the trajectory of voluntary arm 

movements. This effort, initiated more than one year ago, has been carried out with the 

collaboration of Dr. Martin Weinand, Chief of Neurosurgery, at University Medical 

Center.  During this time, four patients underwent this type of surgery, all of whom 

consented to participate in our experiments that were approved by the University of 

Arizona Human Subjects Committee.  Unexpectedly, three subjects that we planned to 

test each had serious seizure activity on the evening or morning immediately following 

the day of the implant.  Because the seizure-locus information was obtained, these 

patients immediately had the electrode arrays removed and their anti-seizure medications 

restored before we could test them.  Consequently, we were able to record data only from 

one patient.  Most of the data acquired during this recording session were unusable 

because of technical problems.  This left only a partial dataset (approximately 10 min) 

from the first subject for use in characterizing the controller’s capability in the proposed 

application.  It is believed that the primary source for the algorithm’s failure at estimating 

the movement kinematics from the ECoGs is the quantity of data available.   

 

Nevertheless, close examination of the estimated kinematic data indicated that at 

certain sections, good matches with the actual kinematics can be found (Fig. 4.5).  This 

suggests that there was enough training data in that particular region of the movement 

space to form good predictions.  Likewise, it can be noted that estimates away from the  
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Figure 4.5, Close Up Comparison of Predicted Vs. Real Data.  A close up comparison of 
the predicted vs. the real data shows that within certain regions, the predictions matched 
the real data extremely well.  When the predictions did match the recorded data, they 
matched on all channels.  This suggests that the method could work for decoding 
subdural EEG. 
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baseline are in the right direction and often those estimates were close to the expected 

amplitude (Fig. 4.6).   

 

Further evidence clearly indicating inadequate training data was that several of 

the conditional probability surfaces contained many zeros therefore, when multiplied 

with real values yield zeros and tend to distort, or poke holes in the overall resulting 

conditional density.  Various heuristic means were used to nullify this sparsity effect 

including fitting the data to a normal density and using that instead of the raw sample 

density, and removing the sparse densities from the group used to form the predictions.  

In the experiments associated with the estimation of EMG, it had been observed that 

fitting the sample density with the best fitting well known density resulted in a slightly 

larger error.  It was therefore concluded that the “noise” in the sampled histograms 

contained real information.  In this set of experiments, at the risk of loosing the 

information contained in the histogram “noise”, attempts were made to fit the histograms 

to a normal density before multiplying.  This was done in attempts to mitigate the effects 

of the histogram sparcity.  However, even after performing the best fits, the overall 

results remained poor.  From this evidence, it is concluded that nine minutes of training 

data are not sufficient for good controller performance. 

 

Context and Comparison 

In comparing these results to the results from the other local field potential works 

cited previously, there are few significant items to note.  In one study, the correlation 
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Figure 4.6, Close Up Analysis of Predicted Data.  A close up look at the predicted data 
shows that estimates away from the baseline reduced RMS error even when they did not 
jump within a small delta from the recorded values.  This suggests that the method could 
work for decoding subdural EEG. 
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coefficient between predicted and actual movement trajectory was calculated and showed 

a good match between the predicted and actual movement [53].  Generally though, it 

should be noted that most previous studies focused completely on the detection of 

movement onset and direction, and no estimations of actual trajectory were performed.  

Furthermore, in the previous studies, the movement task performed was a center-out task 

limited to not more than eight movement directions within a single plane [30, 54, 67].  

The differing movement task, the differences in the complexity of the movement task, 

and the differing goals of movement detection verses movement estimation prevent direct 

comparison.   

 

One useful crossover between this study and prior studies is contained in the 

ECoG processing details.  Specifically, in one study, it was found that most of the 

movement correlated information contained in local field potentials was contained in the 

8-30 Hz frequency band [53].  Another study refined those findings to show that 

movement onset information was primarily contained in the 5-13 Hz frequency band 

whereas the 0-4 Hz band contained most of the movement direction information [67].  

These findings provide some support for the ECoG preprocessing techniques used in this 

study which focused on the low frequency content of the ECoG. 

 

Conclusion 

Though the controller failed to estimate natural arm movement in an 

unconstrained 3D space using ECoGs, there is enough evidence that the process should 
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work to warrant continued effort in this area.  The indications that the controller wasn’t 

given enough training data for this experimental setup along with the promise of good 

performance if more data were available are strong arguments that this research should be 

continued.  
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CHAPTER 5 – SUMMARY AND CONCLUSION 

 

Summary 

The natural movement process might be described as beginning with brain 

activity in the cerebral motor cortex, which gets passed down and decoded into a set of 

muscle activity commands which are delivered to the target muscles as stimulation pulse 

trains.  The projects described by this dissertation can also be summarized by tracing the 

movement pathway.  Using a probabilistic approach, brain activity of the cerebral motor 

cortex was recorded using subdural EEG electrodes.  The sensed field potentials were 

then used in an attempt to identify arm trajectory information which was then compared 

to the actual arm trajectory.  Next, using the same probabilistic approach, recorded arm 

trajectory was used to estimate patterns of muscle activity which would be needed to 

move the arm according to the desired movement pattern.  This dissertation project leaves 

the issue of actual stimulation of the muscle unaddressed though it does lend significant 

expectation of success to future researchers who will address the stimulation issue.   

 

These efforts yielded mixed experimental results.  Muscle activity levels were 

accurately estimated for all types of movement, for constrained and unconstrained 

movements, and across subjects.  Overall, muscle activity estimates across subjects for all 

movement types was around 10% RMS error.  On the other hand, arm trajectory 

information was poorly estimated from subdural EEG signals for unconstrained 

movements.  Overall, the arm trajectory estimates were no better than chance.  Though 
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the results were mixed, the greatest contributions of these experiments are not necessarily 

in the experimental results themselves. 

 

A number of important contributions were made from conclusions formed by 

these experiments.  Several important conclusions can be drawn from the experiments 

focused on FES.  One contribution made was that it would be possible to implement a 

flexible controller for an FES system in a patient who could not supply his or her own set 

of training data.  This was demonstrated by training the probabilistic controller using data 

from one subject and then applying it to data from other subjects.  As would be expected, 

the controller’s performance did decrease however; the performance level that the 

controller achieved in this new environment suggests that despite the slip in performance, 

it would still be good enough to restore arm movement.  Another contribution made by 

this experiment was the demonstration that the controller was flexible enough to work 

equally well in an environment where the arm movements were constrained and when 

they were unconstrained.  A final significant contribution was that these experiments 

revealed an important insight suggesting intelligent methods for choosing a kinematic 

model to be used in forming muscle activity estimates.   

 

The process which allows subdural EEG to be used as the control signals for use 

with neuroprosthetics will significantly shorten the development path to restoring arm 

movement.  Though the experiment presented here which focused on the use of subdural 

EEG to estimate desired arm trajectory showed poor results, this experiment too yielded 
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at least one important conclusion.  The controller offered promise of successfully 

decoding the recorded subdural EEG brain activity into arm trajectory information given 

a better set of training data. 

 

Future Work  

 There remain several tasks for future efforts to address.  For example, the EEG 

experimental results suggest that with more training data, the failure could be turned into 

a great success.  This is one important avenue which must be pursued in future work.  A 

second task which must be addressed by future work is to complete the brain-to-

movement pathway by using the controller developed through this dissertation project to 

stimulate the muscles and artificially generate the desired movement. 

 

Finally, due to the success of this probability based controller in performing some 

tasks performed by the brain and its relatively small computational load, one must ask if a 

similar paradigm could be used to model other abilities heretofore performed only in the 

brain or in a specialized hardware/software solution.  Specifically, there are a number of 

other control tasks, sensor fusion tasks, memory/learning tasks, and perhaps even 

cognitive tasks which might be successfully implemented by a framework similar to the 

probabilistic methods demonstrated herein.  

 

Concluding Remarks 
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Ultimately, the two approaches presented in this dissertation might serve as a 

flexible controller for interfacing brain activity with functional electrical stimulation 

systems to realize a brain-controlled upper-limb neuroprosthetic system capable of 

eliciting natural movements.  Such an integrated system would effectively bypass the 

region of the spinal cord that causes paralysis and reanimate the arm, greatly increasing 

movement capability and independence in paralyzed individuals. 
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