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ABSTRACT 

Human-computer interfaces (HCIs), using electromyogram (EMG) data for control, has 

been studied for decades as a potential means of restoring functional ability to amputees. 

Often, these HCIs are used to control a powered prosthesis. However, this technology has 

potential application outside of the scope of prosthetics. The EMG produced by people 

with neurological damage could contain enough discriminatory information to distinguish 

between many classes of motion, including those that they cannot functionally perform.  

 

In this study, 10 individuals with spinal cord injuries (SCIs) around the C3-C6 level 

(ASIA A-C) volunteered to have their EMG studied while performing 10 different classes 

of motion with their dominant upper limb. Preliminary studies, using high-density EMG, 

were performed on two volunteers before moving on to using an electrode cuff with 8 

bipolar channels. Performing pattern recognition, for the 10 classes, using an LDA 

classifier referencing 5 features (sample entropy, mean absolute value, zero crossings, 

slope sign change, and wave length) resulted in a total mean accuracy of 91.5%. This 

accuracy was increased to 98.0% when evaluating a set of 5 classes. These 5 classes were 

chosen based on the classes available by the Bioness H200 device, which uses functional 

stimulation to force user contractions. Such a device could benefit from an accurate EMG 

controller.  
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1. Chapter 1 - Introduction 

There have been many novel strategies proposed to improve the level of function, or to 

rehabilitate, patients with a debilitating injury or illness. A basic example of this is a 

mechanical upper limb prosthesis, which attempts to provide amputees with a functional 

emulation of their missing limb. A more sophisticated system could attempt to include an 

electrical interface with the human body itself, referencing biological signals in order to 

control a more anthropomorphic robotic arm. Referencing signals directly from the 

human body is, of course, not limited to the realm of prosthetics. Control of a powered 

orthosis, or functional stimulation of an existing paretic limb, are applications that have 

also been proposed [1] [2]. This work explores research done in human-machine 

interfaces, leading to an investigation of the potential that myoelectric-based systems may 

offer for individuals with a spinal cord injury (SCI). 

1.1 Human-Computer Interfaces 

There are several potential avenues of pursuit when considering the development of a 

novel human-machine interface. There are those that receive control signals from the 

movement of the human body, such as a keyboard/mouse or head-orientation sensors, as 

developed in [3]. There are also those that interpret electrophysiological signals from the 

body as control information, such as the electromyogram (EMG, signals from muscles) 

and electroencephalogram (EEG, signals from within the brain). These data can be 

recorded non-invasively using surface measurements, or more invasively using fine wire 

needles or electrodes that are implanted directly within the human body. 
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Non-invasive EEG based devices have been employed as human-computer interfaces, 

such as the commercial headset developed by Emotiv [4]. Emotiv’s use of pattern 

recognition on EEG signals allows the headset and software suite to differentiate between 

focused thoughts. One study, however, demonstrated that classification accuracy was still 

far below that of traditional HCIs, with 45 false alarms (detecting a signal when none was 

intended) occurring for every 100 correct detections [5]. 

 

Various applications of non-invasive, or surface, EMG data are being studied at many 

institutions around the world. At the University of New Brunswick’s (UNB) Institute of 

Biomedical Engineering, pattern recognition techniques are being used to improve the 

control of myoelectric upper limb prosthetics [6]. Pattern recognition based techniques 

have been shown to be able to differentiate between many degrees of freedom with a high 

level of accuracy (above 90%) in ideal conditions [6]. Distinct muscular contractions are 

recognized and mapped to the control of various prosthetic grasps or arm movements, 

depending on the level of amputation and the myoelectric device used.  

1.2 EMG Control for Paralysis Patients 

Using surface EMG as a source of control is not limited to powered prostheses. These 

signals can be used to control any electrical device. While myoelectric control has found 

a niche in the field of upper-limb prosthetics, these signals could yield potentially useful 

information for patients with an intact limb, but who are otherwise impaired. This 

includes patients suffering from spinal cord injury (SCI), from stroke, or many other 

forms of neurological impairment. For example, some of these patients may be unable to 
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effectively make use of a traditional computer keyboard and mouse due to limited 

strength, dexterity or range of motion. Control signals derived from their surface EMG 

could be mapped to computer cursor movements, or keyboard inputs.  

 

It is presently unclear how much control information can be interpreted from the EMG 

signals produced by muscles that are partially paralyzed due to an SCI. Previous SCI 

studies (such as [7]) have begun to examine the use of functional neuromuscular 

stimulation, using EMG signals from muscles that have retained some degree of 

volitional control. Before a comprehensive system can be built, the plausibility of 

referencing these signals in this new patient group must be studied.  

1.3 Objective 

The objective of this research was to investigate, qualitatively and quantitatively, the 

information that can be acquired from the EMG of patients with physically impairing 

neurological disabilities. The accuracy of the estimated motor intent will be determined, 

which could potentially be used to increase quality of life, and improve the rate of any 

possible recovery. The decoding of intended motions using surface EMG recordings 

could ultimately give patients independent and more natural control of assistive devices.  

1.4 Outline 

The enclosed document includes 5 chapters. Having already provided some brief insight 

as to how HCIs could potentially help paralysis patients in this first chapter, Chapter 2 

focuses more on background information; this includes a brief description of EMG 

classification and mobility/injury assessment protocols that are referenced in this study. 
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Chapter 2 also includes a description of related previous work that provided some insight 

when preparing to work with an SCI patient population.  

 

Chapter 3 details an initial pilot study performed using a high density surface EMG 

system. This study involved 2 SCI patient volunteers, allowing us to gauge the initial 

performance of pattern recognition on the EMG produced by their upper limbs. These 

pilot study data were processed in multiple ways, in order to determine the feasibility of 

transitioning to a more practical EMG recording system. Chapter 4 includes the main 

body of the research performed with a specific classification of SCI patients, including 

the data collection protocol and a description of how the data were processed. After 

observations and analysis are made in Chapter 4, Chapter 5 includes the discussion, 

conclusion, and any recommendations for future work. 
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2 Chapter 2 – Background 

Since the 1940’s, electromyography has been studied as a potential source of user input, 

or control, for a human-computer interface [8]. These early works suggested that the 

electric signals produced in the remnant limb of an amputee could potentially be used to 

control a powered artificial hand. While there were no significant clinical developments 

made at that time, or in the following decade, the 1960’s witnessed more promise due to 

the development of transistor technology. After attending the presentation of a novel 

myoelectric system at Case Western Reserve University in 1966, Professor Robert N. 

Scott (of the University of New Brunswick) lead the first group to produce a myoelectric 

control mechanism in North America [8]. Clinical applications of myoelectric control 

(specifically for the control of a prosthesis) became significant around 1977 [8]. 

 

In the 1960s, engineers at Temple University were among the first to succeed in 

employing a pattern recognition approach for multifunctional control, as opposed to the 

more common one-muscle-for-one-motion control. This study demonstrated the 

feasibility of pattern recognition solutions, being able to discern between 4 different 

motions of an able bodied subject with 92-97% accuracy [9]. However, these results were 

achieved in a laboratory setting; the computational power necessary to create a clinically 

viable solution was still lacking. 

 

Many of these original clinical implementations required a significant amount of 

concentration from the patient involved, often resulting in muscle fatigue and loss of 

interest [8]. However, technology has continually progressed since then, with the advent 
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of multi-channel instrumentation, microprocessors, and ultimately smaller and more 

powerful electronics. As a result, modern surface EMG-based pattern recognition systems 

are much more robust, and easier to use for the patient. For example, 97% classification 

accuracy was achieved while discriminating between 27 different upper-limb classes 

(motions/gestures), by Zhou et al., for a patient with shoulder disarticulation amputation1 

[6]. 

       

Given the current “state of the art” for myoelectric control, and its relative success with 

amputees, it stands to reason that this form of control could be applied to rehabilitation, 

or assistive device solutions, for different patient groups. These groups could include 

those with some form of paralysis, such as due to an SCI or paralysis from stroke. 

Despite functional limitations caused by these injuries, accurate classification of the 

EMG produced during attempted contractions could be adequate in providing control 

information for a powered orthosis or a functional electrical stimulation based solution. 

2.1 EMG Processing - Features and Classifiers 

Researchers at Temple University could be considered the pioneers of investigating the 

performance of EMG as a multifunction control source for prosthetic devices (elbow, 

humeral rotation, and wrist rotation). Through this process, they realized that muscles 

                                                

1 Note that this patient had undergone targeted muscle reinnvervation, a surgical procedure in which the 

brachial nerves are transplanted to remnant muscle tissue to provide access to neural information that 

would be otherwise absent. 
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rarely work independently; coordinated movement is instead achieved through 

synergistic contractions of multiple muscles. With that in mind, it is reasonable to infer 

that the typical one-muscle-for-one-response control scheme involves an unnecessarily 

high and unnatural level of mental focus [8]. Statistical pattern recognition was therefore 

used in an attempt to characterize these synergistic muscle contractions [8]. When 

considering the SCI patients who have volunteered for this work, the idea and importance 

of synergistic muscle groups becomes essential.  Although a given motion may be 

impossible for a patient due to an impaired contributing muscle, the remaining associated 

synergistic muscular activity may provide enough information to be characterized by a 

pattern recognition algorithm. 

 

EMG data have been studied extensively as a source for powered upper limb prosthetic 

control [6]. Much of this work has focused on the use of statistical pattern recognition 

approaches, treating the EMG from individual muscles as entities within a synergistic 

system or group. Some of these same techniques and approaches were used in this study, 

in an effort to classify 10 different upper-limb gestures, for SCI patients with impaired 

upper-limb mobility. 

2.1.1 Feature Extraction 

As humans, we are exceptionally good at pattern recognition [10]. Our brains routinely 

extract features pertaining to things like colour/shape and pitch/timbre from objects we 

see or things we hear in order to identify them. Many pattern recognition algorithms, such 
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as artificial neural networks, attempt to model and emulate the results produced by this 

natural ability.  

 

We can identify features of an apple, such as red and round, as well as the features of a 

banana, long and yellow. Referencing these features, as well as any others our brains can 

identify (texture or taste, for example), we are able to tell the two fruits apart. Similarly, 

if we take two different electrical signals we can identify features, such as their 

magnitude or the number of times they cross zero, in order to discern between the two 

signals.  

 

During the mid-1970’s, George Saridis and his colleagues applied the concepts of 

hierarchical, self-organizing control and fuzzy set theory to the multiple degree of 

freedom control of prosthetic devices. They were among the first to reference statistical 

information from myoelectric signals in order to characterize the information being 

provided by a given control site. By computing the variance and zero crossings of the 

signals produced at the biceps and triceps, they could clearly discern between 3 different 

classes of motion: humeral rotation, elbow flexion, and a combination of both. Figure 2.1 

displays the resulting feature space of the biceps and triceps variance, as they presented 

by Saridis et al. It can be seen that each class of motion occupies its own space, and could 

easily be classified using a simple classifier, such as linear discriminant analysis. [8] 
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Figure 2.1: Figure 2, from [8], demonstrating the variation in EMG due to loading (a), as well as a 2-

dimensional feature space (b), for three different classes of motion 

This work is relevant because it demonstrated the robustness of such classification 

techniques under varying contraction velocities and loads, as well as the possibility of 

classifying simultaneous motions using pattern recognition. 

 

The performance of various features, for the purposes of pattern recognition, are 

constantly being investigated. However, the features that are arguably used the most often 

are the set of time domain (TD) features described by Hudgins et al. [11]. These include 

the mean absolute value (MAV), waveform length (WL), slope sign changes (SSC), and 

zeros crossings (ZC) computed on a sliding analysis window of length between 150ms-

250ms. While a concatenated TD and autoregressive feature set has been demonstrated to 

outperform other feature sets (for slowly changing EMG patterns), the improvement over 

a simple TD feature set is only slight, with significantly increased computational 

overhead [6]. This suggests that a TD feature set would be a reasonable compromise for a 
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real-time application. Furthermore, [12] suggests that 4 features would provide a stable, 

and computationally friendly, feature set while also minimizing the effect of various 

kinds of disturbances in EMG (electrode shift, varied contraction effort, and muscle 

fatigue); any more than 4 features was said to simply saturate the classification 

performance. The TD features are those used in the only commercially available EMG-

based pattern recognition control system, developed and sold by Coapt Engineering [13]. 

 

Once signal features have been extracted, they are then provided to a classifier for the 

purpose of either training the classifier (for future classifications), or are used in an effort 

to identify/classify the signal from which the features were extracted. 

2.1.2 Classifiers & Classification 

Within a pattern recognition system, the classifier is the module responsible for 

identifying an input signal based on previous inputs/training. Before a classifier can 

identify/classify any given input data, it must first be trained. This is done by providing 

the classifier with signal data for each class of interest: 

 

Figure 2.2: Classifier training 
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Classifiers can make use of these training data in different ways, depending on the type of 

classifier implemented. Once trained, the objective of the classifier is to determine the 

most plausible class, based upon some criterion. An example criterion would be 

probability, calculating the chance that each class produced a given feature vector 

(x):	𝑃 𝜔$ 𝑥 , where k is a specific class within the set of possible classes, ɷ. 

 

In real-time EMG processing, one of the more commonly used types of classifier is the 

linear discriminant analysis (LDA). This is largely due to its simplicity of 

implementation, and ease of training [6]. Bayesian axioms are expanded to accommodate 

the stochastic nature of EMG data, as well as the added number of dimensions of feature-

space. Consider a feature vector (x) and classifier output ɷk. 	The conditional probability 

of class k given a feature vector x is 𝜔$ 𝑥  . This quantity is difficult to estimate 

directly, but Bayes’ theorem provides a more tractable form: 

 𝑃 𝜔$ 𝑥 = 	 ' 𝑥 𝜔$ ' ()
'(+)

			(2.1)	 

A comparison of the relative probability of each class for a given feature vector x can be 

simplified from Bayes’ theorem by using the discriminant function	𝐿$ 𝑥 =

𝑃(𝑥|𝜔$)𝑃(𝜔$). Assuming a normal distribution, and that the class data share a common 

covariance, the likelihood 𝐿$ 𝑥  can ultimately be described as follows: 

𝐿$ 𝑥 = 𝑊𝑒𝑖𝑔ℎ𝑡$𝑥8 + 𝑂𝑓𝑓𝑠𝑒𝑡$			(2.2) 

The training data offered to the classifier are used in order to determine the class-specific 

parameters Weight and Offset, which form decision boundaries for future classifications 

[14]. 
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Support vector machine (SVM) classifiers have 

also often been employed, with much success, 

for the classification of surface EMG data [6]. 

Where other classifiers, such as the LDA, 

reference all data points in order to create 

discriminating boundaries within the feature 

space, SVM simply focuses on the data points 

that are the closest to the class boundaries (and 

therefore define the required inter-class boundaries). Once these points are identified, the 

SVM classifier draws a line connecting them, and creates a boundary with a 

perpendicularly bisecting line [15]. This concept is illustrated in Figure 2.3, where d and 

c are the closest points between classes A and B, and are therefore the more difficult to 

differentiate between. 

 

Although SVMs were originally designed for binary pattern recognition and decision 

making, combinations of binary SVMs and decision strategies are commonly used to 

solve multi-class problems. Two common examples of these SVM-based multi-class 

architectures are known as one-against-all and one-against-one [16]. The one-against-all 

strategy constructs an SVM for each class by comparing that class to all remaining 

classes. Ultimately, one-against-all makes a decision based on which SVM returns the 

maximum value from a discriminant function. Alternatively, the one-against-one 

approach constructs an SVM for every possible pair of classes, training them to 

 

Figure 2.3: Figure 2 from [15] 

demonstrating how a differential boundary 

is drawn by an SVM classifier 
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discriminate between their class pair [16].  The output is then decided through a majority 

vote of these constituent binary decisions. 

 

Because of their prevalence, and relative success in the EMG literature, this study 

investigates the performance of both the LDA and SVM classifiers when analyzing the 

EMG produced by paralysis patients. 

2.2 Patient Groups 

In 2006, it was estimated that 600 000 people in the US alone suffer from a stroke every 

year. Eighty percent of acute stroke survivors lose at least some volitional control of their 

arm and/or hand. Voluntary user initiated interaction, during therapy, can enhance the 

therapeutic effect for patients with neurological disorders [7]. It has been demonstrated 

that an EMG activated assistive aid could decrease the time it takes to relearn how to use 

an affected limb [17]. Not only have such methods been shown to outperform traditional 

approaches used in occupational therapy, they could drastically reduce the amount of 

time required of a professional physical therapist, or clinician, per patient.  

 

An EMG based assistive device could also independently and objectively record the 

progress of patients. Changes in strength could be easily monitored between sessions. 

This could be done by using an additional apparatus to measure the physical force 

produced by the affected limb, or simply the magnitude of the myoelectric signals 

produced.  
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In 2008, there were 200 000 SCI patients in the United State alone, with an estimated 

11000 more patients every year. Approximately 18% of these patients suffered from 

significant impairment from the shoulders downward (C1-4) [3]. While complete 

recovery for SCI patients is currently impossible using the therapeutic methods described 

for stroke patients, an EMG pattern recognition based assistive device could still improve 

the function of the remaining voluntarily controlled muscles. An assistive device (an 

EMG based exoskeleton or robotic aid, for example) could also restore a patient’s ability 

to perform traditional grasping motions with an impaired hand, and/or the desired 

movement of an impaired arm. This would be controlled using surface EMG-based 

pattern recognition to determine the patient’s intended movement. Alternatively, EMG 

based control has also been attempted within the SCI population to produce commands 

for functional neuromuscular stimulation, in an effort to assist in the completion of an 

intended motion [7].  

2.2.1 SCI Patients 

When addressing an SCI patient’s mobility, the “level of injury” can 

often provide a general idea of their functional capabilities. The level of 

injury is represented by a letter and number; the letter represents the 

section of the spine that was injured, while the number details which 

vertebra within that section. For example, a patient with a C4 injury 

means that the patient had an injury at the 4th cervical vertebra. Figure 

2.4 (from [18]) shows how each injury level would be labeled. 

 

 

Figure 2.4: SCI 

injury levels 
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There are generally accepted guidelines that relate level of injury with expected levels of 

patient mobility; in reality, however, two patients with the same injury level can 

experience totally different levels of upper limb function. This can be due to various 

factors, including differences in rehabilitation therapy, as well as the nature of the injury 

(complete vs. incomplete) [19]. Pattern recognition-based control may therefore be a 

promising approach for patient-controlled assistive devices, as it is inherently customized 

to the specific capabilities of the individual.  

2.2.2 American Spinal Injury Association (ASIA) Classification 

The American Spinal Injury Association first published their international classification 

for spinal injury in 1982. It is used to indicate the presence, or lack of, motor and sensory 

function. The possible scores range from A-E, indicating the following [19]: 

● A  - a complete SCI with no sensory or motor function below the level of injury. 

● B - an incomplete SCI where only sensory, and no motor, function is preserved below 

the level of injury. 

● C - an incomplete SCI where motor function (full range of motion against gravity) is 

preserved below the level of injury for fewer than half of the “key muscles.” 

● D - an incomplete SCI where motor function is preserved below the level of injury for 

at least half of the “key muscles.” 

● E - an SCI injury wherein all motor and sensory performance scores are graded as 

normal. This indicates that, while there could be other neurological deficits, motor 

and sensory performance has still been preserved. 

2.2.3 GRASSP 

Graded Redefined Assessment of Strength Sensibility and Prehension (GRASSP) is a 

recently developed classification specifically for gauging the upper limb function of SCI 
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individuals. Until its development, many other measures/protocols for impaired upper 

limb mobility were deemed inadequate for the SCI patient population. [20] 

 

GRASSP measures and grades three different domains of upper limb function: sensation, 

strength and prehension. These domains are also broken down into several subtests, 

which include between 3 and 10 items. Overall scores are represented numerically, with 

values closer to 0 representing more deficit in upper limb function and higher values 

(with a maximum of 116) representing less or no functional deficit [20]. 

 

 

Figure 2.5: GRASSP scoring example (from [20]) 
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When referencing GRASSP scores, independently considering all 5 subtests can provide 

more detailed information pertaining to a subject’s mobility. An example, from [20], 

demonstrates how it is recommended to use GRASSP to investigate the impairment 

levels of 3 different patients (see Figure 2.5). 

 

Figure 2.5 presents the percentage of total GRASSP scores (y-axis), for each of the 5 

GRASSP subtests (x-axis), for 3 different patients. As shown in the legend, the 3 

different patients (differentiated using differently shaded bars) have different injury levels 

as well as ASIA scores. This, in turn, allows the reader to much more easily distinguish 

between different patients’ strength, sensation, or any subject matter that pertains to the 

subtests. This more easily yields much more information than referring to patients based 

on their injury level, or ASIA scores, alone. Once the scores for every module and subtest 

are combined, they provide an overall idea of how much upper limb sensory and motor 

function, including prehension, a patient has. [20]  

2.3 Previous EMG Studies Involving Stroke   

In recent years, other groups have 

also begun to investigate the 

efficacy of myoelectric control for 

neurologically impaired patient 

groups.  In 2010, Lee et al. 

recorded EMG data from 20 stroke 

survivors, suffering from chronic 

 

Figure 2.6: Classes of motion evaluated in [21] 
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hemiparesis, with varying levels of disability [21]. They focused on performing 

myoelectric pattern classification of various upper-limb contractions. Ten electrodes were 

placed about the forearm and hand of the affected limb. Patients were asked to perform 6 

functional hand movements as illustrated in Figure 2.6. 

 

Linear discriminant analysis (LDA) was applied to Hudgins’ 4 time-domain features [11] 

extracted from the EMG data using 150ms windows (incremented by 100ms). This 

produced a mean classification accuracy of 71.3% for moderately impaired subjects, and 

37.9% for severely impaired subjects. The level of patient impairment was determined 

using the Chedoke Stage of Hand reference scale (4 and 5 for moderately impaired, 2 and 

3 for severely impaired [21]). This study concluded that future work should focus on 

creating subject-specific EMG classification systems; subject-specific electrode 

placement, as well as subject-specific task selection. The reasoning being that there can 

be greatly varying differences in functional impairment between patients [21]. This study 

was the first to demonstrate the possibility of using EMG data as a control source for a 

human-computer interface (HCI) solution for stroke patients. It was suggested that more 

proximal muscles (such as those of the forearm) should be targeted for subjects who 

cannot control the intrinsic muscles within the hand. 

 

In 2013, Zhang et al. further demonstrated the potential of EMG processing for creating 

an HCI solution for stroke patients [22]. Eight patients suffering from chronic 

hemiparesis, due to stroke, participated in their study. Each data collection session 
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required the subjects to perform 11 functional movements involving their affected limb 

(at both fast, and relatively slow speeds), illustrated in Figure 2.7: 

 

Figure 2.7: Classes of motion evaluated in [22] 

This study used data collected while performing these tasks with varying resting periods 

(fast and slow sessions) in order to determine and account for unintentional motor activity 

due to spasticity. “Slow sessions” involved between 10-20 seconds of resting time 

between contractions, this was expected to reduce the prevalence of spasticity (and 

therefore involuntary EMG) during subsequent repetitions. In contrast “fast sessions” 

allowed for only 3 seconds of rest, resulting in a substantial increase in the amount of 

involuntary activity. The involuntary EMG data were processed using sample entropy 

analysis (SampEn), as described in [23]. Forty-one electrodes, placed about the impaired 

limb, were used to collect the data; 32 about the forearm, and 9 about the hand. Three 

metrics were used to assess the level of impairment for each subject; the upper-extremity 

portion of the Fugl-Meyer scale (UEFM), the hand impairment component of the 

Chedoke-McMaster stroke assessment scale (Ch-M Hand), and the modified Ashworth 

scale (MAS) [24][25][26].  

 

On average, the study described in [22] achieved >97% accuracy when both the training 



 

20 

 

and test data contained EMG signals from the same collection protocol (the absenceor 

presence of involuntary motor activity). However, when involuntary EMG was only 

present in either the testing or training datasets, the accuracies dropped to <85% and 

<89% respectively. Accuracies >96% were achieved when both training and testing 

datasets collected signals absent of involuntary EMG, whereas >98% was achieved when 

both datasets collected included signals containing involuntary EMG.  

 

In [22], 6 of the 8 patients were classified as either a 2 or a 3 on the Ch-M scale. Despite 

the fact that these grades indicate severe impairment, relatively high accuracies were still 

achieved. This is in contrast with the results produced in [21], where the mean 

classification accuracy for patients scoring either a 2 or 3 was 37.9%. There are several 

differences between the two protocols used that could have created such a difference in 

the end results. The first, and perhaps the most obvious, is that [22] referenced the data 

recorded by 41 electrodes (31 about the forearm and 9 about the hand), whereas [21] used 

only 10 pairs (3 pairs placed about the hand, and 7 pairs about the forearm). The kinds of 

electrodes used were also different (see Figure 2.8).  

 

Figure 2.8: Electrode placement used in [22] (left) vs in [21] (right) 
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As shown above, the electrodes used in [21] were paired, disposable, self-adhesive 

silver/silver-chloride surface electrodes (Noraxon, AZ). Whereas [22] used the Refa128 

EMG system, involving individual electrodes with a recording surface of 5mm in 

diameter (and a reference placed on the olecranon). Generally speaking, Ag-AgCl 

electrodes would be expected to provide cleaner EMG data (being adhesive and pre-

gelled). However, [21] made some mention of lower SNR, relative to healthy patients, 

during data collection for these patients (particularly the more severely impaired). The 

lower SNR was attributed to the lower signal strength provided by these volunteers, not 

having full volitional control over paretic muscles. The study in [22], however, made no 

note of this lower SNR, and so it is possible that [21] recorded noisier data, despite the 

electrodes that were used. This could have attributed to the drastic difference in 

classification between these two studies. The placement of these electrodes may also 

have been a confounding factor. Placing electrodes equidistantly about the forearm was 

done in both experiments, but [22] used more electrodes per band, as well as more 

electrodes about the forearm in general.  

 

The results from [22], having a much higher classification accuracy for severely impaired 

patients, are likely the by-product of the lower SNR in the data recorded in [21], or the 

difference in the number of electrodes used. It is possible that the number used simply 

ensured that regions containing more active and discriminant EMG were included. It has 

not been determined how many channels are sufficient to achieve near-optimal 

performance, and where these sites should be situated. It should be noted that the 

electrodes placed about the hand (over the three different muscles referenced) were pairs 
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in [21], but [22] used three monopolar electrodes at each site. It was determined that, to 

establish a baseline, the protocols and results obtained in these studies should be 

examined. A protocol, similar to that used in [22] was adopted for a pilot study for this 

investigation (see Section 3.1).  

2.4 SCI Studies  

Partial volitional control of 

certain muscles below the level 

of injury is sometimes possible 

for spinal cord injury (SCI) 

patients. In [7], researchers 

attempted to recognize 7 

different patterns (including a 

resting position) produced by the surface EMG readings from the forearms and hands of 

9 incomplete SCI patients with injury levels from C4 to C8. They were also considered to 

have “incomplete” spinal cord injuries, being classified as either C or D based on the 

international scale created by ASIA (American 

Spinal Cord Injury Association). For both ASIA 

classes C and D, some motor function is 

preserved below the level of injury. For C 

classifications, more than half of the key 

muscles have a muscle grade less than 3 (see 

Appendix A); whereas at least half of them have 

  

Figure 2.10: Electrode placement used in [7] 

 

Figure 2.9: Classes of motion evaluated in [7] 
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a muscle grade of at least 3 for D. Note that a muscle grade of 0 indicates no volitional 

contraction, and 5 indicates normal strength. In this study, EMG data were collected from 

57 surface electrodes (48 on the forearm) with a reference at the olecranon (Figure 2.10).  

 

The study in [7] used the same electrodes 

and surface EMG system as in [22]. Three 

feature sets were referenced to classify each 

EMG pattern: time domain (TD), a 

combination of autoregressive model 

coefficients and the root mean square (AR 

+ RMS), and a TD + AR + RMS feature 

set. The AR + RMS feature set provided the 

lowest overall classification accuracy, while both the TD and TD + AR + RMS feature 

sets provided the highest (with no significant difference between them). Liu and Zhou, 

from [7], also compared their results to those achieved in [21]. They seem to have 

initially attributed their superior results (accuracies above 97% in some cases) to the use 

of high density surface EMG recording. However, post processing also showed that high 

accuracies were still possible after greatly reducing the number of referenced EMG 

channels. Figure 2.11 displays that overall classification accuracy only began to 

dramatically decrease (from ranges greater than 90%), once fewer than 4 channels were 

being referenced. Liu and Zhou’s analysis again demonstrated the feasibility of using 

EMG control, for patients with neurological disorders, in a clinical setting.  

 

Figure 2.11: Channel-reduction analysis results 

reported in [7]  



 

24 

 

2.5 Selected Patient Group 

High level C4/C5 level SCI patients with ASIA scores of A to C were examined. 

Practically, SCI patients represent a relatively static condition of impairment (as opposed 

to the potential of stroke patients to rehabilitate), so that the assistive HCI may represent 

a longer-term solution. To understand and compare the level of mobility between SCI 

patients, several assessment scales are often used. Throughout this study, we reference 

each patient’s level of injury, ASIA grade, and their scores on the GRASSP assessment 

scale. Given the higher level of disability compared to previous studies (as denoted by the 

ASIA scores of mostly A or B), it was unknown whether myoelectric pattern recognition 

approaches would be able to discriminate between forearm motions for this patient group. 

Chapter 3 details pilot work that used a similar protocol to the one from [7], but with two 

C4/C5 patients who scored functionally as either ASIA A or B (having less volitional 

control than the participants from [7]). 
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3 Chapter 3 - Preliminary Investigations & Pilot Data Analysis 

The purpose of this study was to determine the viability of using surface EMG 

classification as the source of control for an HCI/HMI, for an adequate number of 

gestures for an assistive device. Patients were chosen by an occupational therapist (OT), 

who estimated the level of function of their dominant side to be approximately that of a 

typical C4/C5 level injury with an ASIA classification of A or B. GRASSP assessments 

were also performed with each patient, in order to compare more detailed information 

concerning their mobility (such as prehension and strength) with their myoelectric 

classification performance. 

3.1 Pilot Protocol 

Two individuals with spinal cord injuries participated in this initial investigation. Both 

patients were classified as an A on the ASIA scale; one with symptoms being described 

by the OT as functionally equivalent to a C5/C6 level injury, the other a with a C5 level 

injury. The subject’s age and gender, year of injury, injury level, ASIA grade and 

GRASSP assessment scores were noted. Informed consent was obtained from both 

patient volunteers, who also agreed to have de-identified pictures taken. This was done in 

accordance with the University of New Brunswick Research Ethics Board and Tri-

Council (REB 2014-027), as well as the Research Ethics Board of Horizon Health (REB 

2014-1963).  

 

Subjects were seated comfortably in their own wheelchair, in an upright position, with an 

affected upper limb placed on the armrest of their chair. They were asked to attempt 10 
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different gestures (including no motion), as shown in Figure 3.1. Data were collected 

during four successive 4-second repetitions for each class. Because not all contraction 

elicited visible movement, data acquisition was only initiated once the patient verbally 

indicated that they were attempting a given gesture. They were instructed to rest after 4 

seconds of data were collected. 

 

As in the previously reviewed experiments, 5-10 seconds of resting time was given 

between repetitions to minimize fatigue [21] [22]. This resting time was also included in 

an effort to minimize any muscle spasticity, hopefully minimizing the frequency of 

involuntary EMG spikes [7].  

3.2 Pilot Data Collection  

High density EMG data were collected from each patient. Electrode placement was 

similar to those targeted in both [21] and [22], covering the forearm and the thenar 

muscle of the thumb.  The number of channels used differed between patients due to 

variations in forearm size, resulting in 72 and 55 being used for pilot subjects 1 and 2 

respectively. An example of electrode placement can be seen in Figure 3.2 

 

Figure 3.1: Evaluated classes of motion 
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To improve electrode contact and adhesion, pilot subject 2’s 

forearm was shaved. TMSi’s 136-channel Refa system was 

used to collect the EMG data, with a sampling frequency of 

2000 Hz; using micro monopolar electrodes, and one Ag-

AgCl Red-Dot electrode as the ground (which was placed on 

the back of the hand). The Refa system includes TMSi's 

proprietary TAS2 (True Active Signal Shielding), which 

claims to help reduce common-mode signal and some motion 

artifact interference. Data were acquired using a PC 

connected to the device via a bi-directional optic fiber cable 

[27]. The Refa specification, from TMSi’s website, is 

described in Appendix B. TMSi’s Polybench software was 

used to capture the contraction information. This software filtered the signal, using first-

order low and high pass filters (recursive), providing a signal bandwidth of 20 - 500 Hz. 

3.3 Pilot Data Processing 

Features were extracted from the EMG data using overlapping data analysis windows 

(150 ms windows, incremented by 100 ms). The feature data from each window were 

used for both training and testing the classifier. A classification decision was made for 

each window of data collected; classification accuracy was calculated as the average 

correctness across all of the referenced windows. Due to its proven effectiveness and ease 

of implementation [6], an LDA classifier was used as the default classification system. It 

was trained and tested with vectors of the previously mentioned time-domain features. 

 

Figure 3.2: Electrode 

placement for an example 

patient during pilot testing; 

top) anterior view of the 

right forearm, bottom) 

thenar eminence 
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Sample entropy was also investigated as a feature, given its success in accounting for 

involuntary spikes in EMG due to muscular spasticity (reported in [23]). 

3.4 Pilot Data Analysis 

In order to better understand the quality of EMG that this patient group would provide, 

various offline signal analysis techniques were employed. An effective way of visualizing 

the relative dispersion of EMG activity across the forearm includes the creation of EMG 

energy maps, or heat maps. These heat maps can detail important information concerning 

the relative contraction strengths over the various muscle groups between separate classes 

of motion. In addition to these energy maps, channel reduction was explored to determine 

whether or not a more practical system, involving fewer electrode contact sites, was 

possible.  

3.4.1 Heat Maps 

Heat maps are a useful tool for visualizing muscle contraction intensity from the surface 

EMG. The prevalence of certain features (such as MAV) on each channel can be 

demonstrated with these colour coded figures. Two different methods of generating heat 

maps were employed. In each, the method by which the channels were normalized varied 

slightly: 

1. In the first method, per class normalization, each channel was normalized by the 

value of the channel with the highest average amplitude for that class (found by 

measuring MAV). The images produced by these heat maps clearly show the 

relative activation levels of each electrode, within a specific class of motion. 
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2.  In the second method, per channel normalization, each channel was normalized 

by its largest average amplitude, regardless of class. This approach allowed for an 

examination (across classes) to determine which class elicited the maximum 

signal from a given electrode site.  

A red-blue colour spectrum was used for both normalization schemes, with blue 

representing a weak signal, and red representing a strong signal (relative to the 

normalization scheme employed). Before generating these heat maps, the data were notch 

filtered at 60Hz, 120Hz, and 180Hz, as well as low-pass filtered at 220Hz. Applying 

these filters was done in an effort to ensure that any noise present in the data (later 

discussed in Section 3.4.3) did not attribute to the intensity measure within the heat maps. 

3.4.1.1 Pilot Data Heat Maps 

When working with these patients, the classes 

of motion that they could functionally perform 

quickly became apparent. Wrist extension, for 

example, was performed incredibly well (and 

with a considerable strength) by these patients. 

However, motions such as wrist flexion, and 

wrist adduction (ulnar deviation), rarely 

produced any visible movement. This is 

because SCIs around the C5 level typically 

impair a person’s wrist flexors [28]. To gain 

some insight about the relative activation 

 

Figure 3.3: Heat map for the no motion class 
from PS1; top left) thenar eminence, top 

right) brachioradialis, bottom left) anterior 
view of the right forearm, bottom right) 

posterior view of the right forearm 
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levels of different classes and muscle groups, a series of heat maps were generated. 

Figure 3.3 shows a heat map for the no motion class as performed by pilot subject 1 

(PS1), using per channel normalization.  

 

Generally, no motion should be expected to produce the lowest level of EMG for each 

channel (since the subject is at rest). Since the flexor and thenar muscle sites (shown in 

the bottom left and top left of the figure, respectively) are not all dark blue, this suggests 

that there are other motions wherein the recorded EMG was less active. The bottom right 

figure displays similar anomalies close to the flexors as well. Since it should be unlikely 

for no motion to involve higher contraction strength than another class of motion, this 

likely means that the wrist flexor, thenar, and other typically paretic muscles (for this 

patient group) must rarely produce active EMG. This is in agreement with expectations 

for this level of spinal cord injury [28].   

 

Figure 3.4 displays wrist flexion 

(left) and adduction (right) heat 

maps for the same subject. 

Adduction seemed to produce 

lower EMG activity around the 

flexor muscles (compared to 

flexion). This is interesting to 

note, as it demonstrates something 

 

Figure 3.4: Wrist flexion (left) and adduction (right) heat 

maps for PS1 (Electrode locations as shown in Figure 3.3) 
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close to an able-bodied result, despite the fact that these SCI patients could not produce 

any movement when attempting these classes.  

In contrast, we can compare the 

aforementioned figures with heat 

maps produced by more 

functionally able classes of 

motion. Figure 3.5 displays heat 

maps for PS1’s performance 

during wrist extension (left) and 

wrist abduction (right); both of 

these contractions resulted in functional movement by both subjects. When compared to 

the heat maps in Figure 3.4, extension and abduction resulted in higher levels of EMG 

activity for most (if not all) electrodes. Even though the flexor muscles of these patients 

were unable to elicit motion, the electrodes over this group recorded higher levels of 

EMG activity for the more functionally performable tasks. This higher level of activity 

could be due to electrical crosstalk within the system, or even from the other muscle 

groups. While typically viewed as undesirable within an electrical system, if repeatable, 

this crosstalk could provide information useful in class discrimination.  

 

These heat maps show that there are varying levels of EMG activity across each class 

suggesting that pattern recognition should be able to, at the very least, discern between 

those classes that result in functional movements. However, because pattern recognition 

does not require large intensity signals, it is possible that the pattern of EMG produced 

 

Figure 3.5: Wrist extension (left) and wrist abduction 

(right) heat maps for PS1 
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during the inhibited contractions (adduction and flexion, for example) could also be 

appropriately classified. These patterns can be visualized (to an extent) using heat maps 

created by using per class normalization. Figure 3.6, below, displays a grid of per class 

heat maps looking down on PS1’s forearm. There are subtle differences in these patterns, 

suggesting that pattern recognition based classification of these 10 movements may be 

possible. These heat maps could also be used to determine which electrodes record the 

highest magnitude of EMG data within a given class (explored further in Section 3.4.2). 

 

 

Figure 3.6: Heat maps generated for PS1 based on per class normalization for all 10 classes of 

motion: no movement (NM), wrist supination (WS), hand open (HO), wrist pronation (WP), 

pinch grip (PiG), power grip (PoG), wrist abduction (WAb), wrist adduction (WAd), wrist 

extension (WE), and wrist flexion (WF) 
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3.4.2 Electrode-Row/Channel Reduction 

The HD EMG system used in the pilot 

study took over 1.5 hours to setup, and 

is not practical for day-to-day clinical 

use. It was therefor decided to 

investigate where the most useful 

EMG information for the pattern 

recognition algorithms/classifiers may 

be obtained, with the hope of 

employing a more clinically viable system. Heat maps, like those used in Section 3.4.1, 

where employed. As mentioned in Section 3.4.1, the EMG for each electrode can be 

normalized by the most active electrode within that class. This method shows the relative 

signal strength of the electrodes around the arm. While higher EMG power does not 

necessarily equate to more discriminant information, it is still important to have an 

adequate level of activity to be useful for pattern recognition. Referencing these regions 

of higher activity has been shown to provide pattern recognition systems with data that 

allow for close to optimal performance [29]. Figure 3.7 displays heat maps for both wrist 

extension and wrist abduction. This figure is similar to Figure 3.5 from Section 3.4.1 

(showing the same classes), but makes use of per class normalization.  

 

 

Figure 3.7: Wrist extension (left) and wrist abduction 

(right) heat maps, normalized within class, for PS1 
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Note that there is more active EMG more 

proximal to the elbow than on the distal end 

of the arm. This is to be expected, as there is a 

larger amount of muscle tissue in this region. 

This figure also shows that EMG produced 

within the thenar muscles (on the hand), as 

well as closer to the wrist, produce relatively weak EMG signals. It is possible that some, 

or maybe even most, of these electrodes provide little information, and could therefore be 

omitted in the case of a more practical system. Nevertheless, these heat maps provide 

only a summary view of the activity, and it is still possible that these weaker signals 

provide useful information for class discrimination.  To further examine their 

contribution, the classification performance was explored for varying numbers of 

channels. The first pilot subject had 8 circumferential rows of 8 electrodes going 

lengthwise down the arm, as shown in Figure 3.8. 

 

Figure 3.9 displays the trend in classification error if only Row 1 is referenced, followed 

by 2 rows (rows 1 and 2), then 3 rows (rows 1 through 3), etc… These errors were 

calculated using the 4 time domain features (MAV, WL, ZC, and SSC), as well as sample 

entropy (as recommended in [23]). The data were notch filtered at 60Hz, 120Hz, and 

180Hz, as well as low pass filtered at 220Hz (See Section 3.4.3). Bipolar calculations 

were performed using electrode pairs distributed longitudinally down the length of the 

arm, in the presumed direction of action potential propagation. This was an attempt to 

emulate results that may be achieved using clinically preferred differential electrodes. 

 

Figure 3.8: Electrode row labeling for PS1 
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Four-fold cross-validation was performed, on the collected 4 reps per class, to achieve the 

mean classification errors using 3 different classifiers (LDA, SVM 1v1, and SVM 1vAll). 

Note that for the case of one row, monopolar calculations were used. 

 

Figure 3.9: Classification error versus number of electrode rows for both pilot subjects 

As seen in Figures 3.6 and 3.7, the channels on the arm that were closest to the wrist (the 

higher numbered rows), on average, recorded the weakest EMG. Figure 3.9 displays that, 

as we include these higher numbered rows, there seems to be no dramatic change in 

classification error beyond rows 3 or 4 (depending on the subject). Whether this is due to 

their limited contribution, or a saturation in the number of signals required, this implies 

that a more clinically appropriate system might be able to rely solely on the EMG 

produced in the regions of higher EMG activity, closer to the elbow.  Inspecting how 

classification performed on each row, exclusively, demonstrates whether or not this 

assertion is correct. This is depicted in Figure 3.10, with the data having been filtered the 

same way as for Figure 3.9, with monopolar calculations for each row.  
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While PS1’s first row yielded the lowest error (with all subsequent rows performing 

worse than the previous), row 4 performed the best for PS2. The likely reason why row 1 

yielded a relatively high error, for PS2, is because three of the electrodes that were 

dislodged during data collection (as indicated in Figure 3.10). These dislodged electrodes 

recorded 0s for the entirety of data collection, and so were discounted during data 

processing. This unfortunately went unnoticed until after data collection was finished. 

This was likely due to the either poor adhesion of some electrode contacts, or the 

channels unknowingly becoming dislodged during setup, ultimately causing no signal to 

be recorded on the disconnected channels. Bipolar calculations (such as in Figure 3.9) 

were therefore estimated by taking the difference between each electrode and its 

neighboring electrode (down the length of the forearm). 

 

Figure 3.10: Mean classification error (LDA) per row of electrodes for both pilot subjects, extracting 

the 4 TD feats, and sample entropy. A ‘*’ indicates the number channels, per row, that were rejected 

for data processing. 
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The calculations using only 1 row for PS2 (row 1 being the most proximal row) were 

likely not indicative of how well classification on this row could be performed. With 

these estimations, PS2 demonstrated a fairly substantial drop in error as the number of 

electrode rows referenced increased (as shown in Figure 3.9). However, the remaining 

difference in trend between both subjects (rows 2 and 3 being outperformed by row 4 for 

PS2) cannot be explained in the same way. Therefore, referencing the more proximal 

parts of the forearm may not always yield lower classification error when compared to 

regions towards the center of the forearm. EMG from the more distal ends of the forearm, 

however, seem to provide the highest classification error for both subjects. If a single-row 

of electrodes were to be used in place of an HD EMG system, these results suggest that it 

should be placed on the more proximal portion of the forearm, around the area of largest 

muscle bulk. 

 

While the number of referenced electrodes per row, or the number of electrodes 

dislodged during data collection, may have something to do with the difference in 

classification error between the two subjects, the difference likely is more due to other 

factors (such as inter-subject variability). The inter-subject variability is influenced by 

subject specific motor skill, level of impairment, muscle atrophy and other factors such as 

hair or skin impedance which may result in more prominent noise on some channels than 

others (see Section 3.4.3). 

 

There was very little change in classification error (for all 3 classifiers) when referencing 

any more than 3 rows of electrodes. If we were to use bipolar electrodes moving forward, 
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we could ignore Row 1 calculations for both PS1 and PS2 (as they were limited to 

monopolar calculations). With this in mind, Figure 3.9 shows that any more than 3 rows 

of electrodes (or 2 connected bipolar rows) resulted in classification errors of around 5% 

(occasionally even lower). For these two subjects, referencing more rows did not result in 

any substantial improvement.  

 

While the previous analysis of 

row reduction was done 

systematically by row, it is also 

possible to examine the effect of 

channel reduction without 

restricting the selection to full 

rows.  In order to examine the 

effect of selecting only the most 

informative channels, a form of 

stepwise forward selection was employed on a 

channel by channel basis [30].  

 

As shown in Figure 3.11, diminishing returns were 

obtained after any more than the best 8 or 9 channels 

were included. The error then tapered off at around 

7.1% (dropping to 6.5% when referencing 17 

channels). This suggests that a functional HCI could 

 

Figure 3.11: Channel reduction for PS1 using an LDA 

classifier referencing the 4 TD feats, as well as sample 

entropy 

 

Figure 3.12: Best performing 8 

channels for PS1 (using forward 

selection) 
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conceivably consist of as few as 8 channels. These best performing 8 channels are 

highlighted in Figure 3.12. 6 of the 8 channels were located within the first 3 rows of 

electrodes, the remaining 2 being on rows 4 and 5. These 8 electrodes were also situated 

over musculature that retained much of its functional power. PS2 demonstrated 

diminishing returns after approximately 8 electrodes as well (at 3.5% error). While only 4 

of the best performing 8 channels for PS2 were located within the first 3 rows, 6 or these 

8 were situated over the extensors; again, musculature that retained functional power. The 

remaining 2 electrodes were located within 

rows 1 and 3.  

3.4.3 Sources of Noise  

Previous works (such as [22] and [23]) 

involving surface EMG recordings of 

neurologically impaired patients mention 

spurious spikes in the recorded data. These 

spikes are often attributed to muscular 

spasticity, and were observed within this 

pilot data set as well. Figure 3.13 shows a 

recorded rep of wrist extension for PS1 on 

every channel, before any filtering (different 

channels being plotted using different 

colours). This signal has an atypical shape 

for surface EMG recordings. There are 

 

Figure 3.14: Repetition of wrist extension for 

PS1 in the frequency domain  

 

Figure 3.13: Approximately 1 second of a wrist 

extension repetition by PS1 
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clearly visible spikes in EMG, which could 

have an effect on the performance of 

classification. It is still important, however, 

to make sure that these spikes are not due to 

any other environmentally added noise.  

Figure 3.14 displays the wrist extension 

data, from Figure 3.13, converted to the 

frequency domain. It is clear that there is 

significant power line interference with the 

recorded information, particularly on the 

channel denoted in red. By investigating the 

spectra produced by the more problematic 

channels, the common mode frequency of 

60 Hz, and its harmonics, seem to appear 

for multiple repetitions of data collection. 

Figure 3.15 displays the same repetition of 

wrist extension as in Figure 3.13, but after applying a low pass filter at 220 Hz, and notch 

filtering at 60, 120 and 180 Hz. Figure 3.16, again, shows the time domain data from 

Figure 3.15 converted to the frequency domain. The observed data look more like typical 

surface EMG; however, the data still contain many noise-like spikes that could be caused 

by muscular spasticity, as mentioned in the literature [23]. As suggested by Wilson et al 

[31], applying this filtering method resulted in very little change in classification 

 

Figure 3.16: Filtered wrist extension for PS1 in 

the frequency domain  

 

Figure 3.15: Filtered repetition of wrist 

extension for PS1 
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performance. Figure 3.17 displays the data from Figure 3.9, along with the filtered 

results.  

 

These similar results could be largely due to the differential calculations used to emulate 

the effect of bipolar electrodes, which effectively subtract the common mode. Both data 

sets were able to achieve classification errors of around 5% which remained relatively 

stable for as few as 3 or 4 rows of electrodes. Furthermore, optimal selection of 

electrodes showed that as few as 8 strategically placed electrodes could yield similarly 

low errors.  With these preliminary results in mind, Chapter 4 will detail the main 

experiment of this work. In this study, we transitioned from a high density electrode 

system to a more practical electrode cuff consisting of 8 bipolar electrodes.

  

Figure 3.17: Classification error versus number of electrode rows for both pilot subjects, before and 

after the applied filtering 
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4 Chapter 4 - EMG Classification Studies for SCI Individuals 

This section describes the primary study pursued in this investigation. Ten SCI patients 

were recruited, with ASIA grades between A and C, and injury levels ranging between 

C3-C6 complete and incomplete. Each patient gave informed consent, and the study was 

approved by the Horizon Health and UNB ethics review boards (REBs #2014-1963 and 

#2014-027, respectively). Each patient was classified by the supervising occupational 

therapist as being functionally equivalent to that of a typical C4/C5, ASIA A/B patient. 

The occupational therapist also performed the GRASSP test for each volunteer, providing 

more mobility data to include in the analysis.  

4.1 Protocol 

The goal of this work was to investigate the plausibility 

of using EMG controlled assistive devices for patients 

with paralysis. While an HD system (as used in Chapter 

3) could yield more detailed information, it is 

impractical for regular or long term clinical use; a high 

number of electrodes can take a very long time to set up 

(often around 1.5 hours) and the application of such a 

system is often unwieldy. The results from the 

preliminary investigation in Chapter 3 suggested that a smaller number of strategically 

placed electrodes could present a more appropriate solution. The Institute of Biomedical 

Engineering at UNB recently developed a myoelectric control system consisting of 

digital bus-connected ‘smart’ electrodes embedded in a flexible cuff (technical specs in 

 

Figure 4.1: UNB Electrode cuff 
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Section 4.2).  This ‘UNB system’ consists of a single circumferential row of 8 bipolar 

electrodes, which takes mere seconds to set up. This drastic reduction in setup time 

allowed the recording of more repetitions per patient, leading to more meaningful post 

data collection analysis. Given the results of Chapter 3, and the ease of donning this new 

cuff, this system was used in this study (Figure 4.1).  

 

The same protocol as that described in Section 3.1 was followed, although more 

repetitions of each motion were recorded. In this study, two trials were collected, with a 

trial consisting of 3 successive 4-second repetitions per class in the following order: No 

Motion, Wrist Extension, Forearm Supination, Ulnar Deviation (Wrist Adduction), Wrist 

Flexion, Forearm Pronation, Radial Deviation (Wrist Abduction), Hand Open, Power 

Grip, and Pinch Grip. 

4.1.1 Participating Subjects 

Table 4.1 details the information recorded for each volunteering patient who participated 

in this study: 

 

Table 4.1: Assessment of each participating patient, as performed by an occupational therapist 

(injury level, ASIA grades, GRASSP and sub-test scores, age, and time since injury) 

Subject 	Injury	Level 	ASIA 	GRASSP 	Strength
	Dorsal	

Sensibility
	Palmar	

Sensibility
	Prehension	
Qualitative

	Prehension	
Quantitative 	Age

	Years	Since	
Injury

Subject1 C5 B 	12/116 	5/50 	1/12 	2/12 	0/12 	0/30 51 1
Subject2 C5 B 	55/116 	21/50 	7/12 	6/12 	4/12 	17/30 34 13
Subject3 C3 C 	12/116 	4/50 	3/12 	3/12 	2/12 	0/30 39 2
Subject4 C6 A 	48/116 	21/50 	7/12 	6/12 	3/12 	11/30 63 45
Subject5 C5 A 	79/116 	25/50 	12/12 	12/12 	8/12 	22/30 61 0
Subject6 C5 A 	50/116 	18/50 	7/12 	7/12 	1/12 	17/30 40 7
Subject7 C3 C 	67/116 	27/50 	10/12 	12/12 	4/12 	14/30 24 0
Subject8 C6 A 	62/116 	26/50 	8/12 	6/12 	5/12 	17/30 42 15
Subject9 C5 A 	37/116 	20/50 	0/12 	3/12 	0/12 	14/30 52 26
Subject10 C5 A 	27/86 	19/50 	4/12 	4/12 	0/12 	-/30 39 0
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Functional injury level and ASIA score were assessed and recorded by an occupational 

therapist at the Stan Cassidy Centre for Rehabilitation, based on each patient’s mobility. 

GRASSP tests were performed by the same occupational therapist, following the protocol 

found in [20]. 

4.2 Data Collection 

Before any data collection took place, electrode gel was rubbed into the subject’s skin 

around the forearm (where the cuff would be placed) to reduce skin impedance. This 

process was emphasized as it was noted that this patient group often suffered from 

extremely dry skin in their affected limbs.  When fitting the cuff, the size-adjusting link 

(between the first and last electrode) was placed over the ulna bone, where there would 

be minimal EMG activity. From that point, the electrodes were set approximately 

equidistantly around the arm. 

 

The UNB electrode cuff sent the recorded data via USB to a UNB produced Matlab© 

application called ACE [32]. The hardware design specifications for the cuff are included 

in Appendix C. Note that, while the sampling frequency in the design spec was 1024 Hz, 

the hardware specific implementation resulted in an actual sampling rate of 993 Hz. The 

cuff also had a high pass filter with a low frequency cut-off of 70 Hz. This was designed 

in an effort to aid in the elimination of common-mode power-line interference. Filtering 

these lower level frequencies reduces the overall power of EMG, but has been reported to 

have little-to-no effect on the performance of classification [31]. 
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Upon fitting the electrode cuff, a lot of power-line noise was sometimes seen; in these 

cases, electrode gel was re-applied, and the cuff re-fitted, until the noise was reduced as 

much as possible. Despite these attempts at noise reduction, and periodic checking 

through the trials, a substantial amount of power line interference was found to be present 

in the collected data during offline analysis (this will be discussed further in Sections 4.4 

and 4.5). 

4.3 Data Processing 

The data were processed using a low pass filter at 450 Hz, effectively eliminating signal 

components outside of the 70 Hz to 450 Hz range (due to the 70 Hz high pass filter 

implemented in the hardware). As with the preliminary investigations in Chapter 3, four 

time domain features (MAV, SSC, ZC and WL), as well as sample entropy, were 

extracted from 150 ms windows (incremented by 100 ms).  

4.4 Raw Data Analysis 

As with the preliminary work, the raw data were visually inspected to better understand 

the quality and nature of the data. Figure 4.2 displays all 6 repetitions of data, for every 

class, collected for Subject 1 in the top left. The top right shows the frequency domain of 

the data, displaying clear spikes at 120, 180, 240, 300, 360, 420, and 480 Hz; these are all 

harmonics of the 60 Hz common-mode, which was high pass filtered by the hardware. 

Notch filtering these frequencies produced the resulting plots on bottom. 
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Figure 4.2: Time and frequency domain plots for all data collected for Subject 1, before and after 

targeted notch filtering of noise spikes. Displaying classes NM (no movement), Pi (pinch grip), Po 

(power grip), HO (hand open), Ab (wrist abduction), Ad (wrist adduction) 

 

Note that there was an additional spike in noise 

at around 453.3 Hz. For other subjects, there 

were similar spikes in noise at frequencies of 

393.3, 333.3, 273.3, 213.3, 153.3, and 93.3 Hz. 

Given that that these frequencies are all 60 Hz 

apart, they appear to be caused by higher 

frequency harmonics, of the common-mode, 

with enough power to overcome the band-pass filter and cause aliasing within the 

spectrum. This implies that the high-pass filtering, performed by the hardware, was 

ineffective. As with the preliminary results from Chapter 3, the common mode caused a 

  

Figure 4.3: All reps of no movement for 

Subject1 
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considerable amount of interference despite the hardware specifications, and use of 

common best practises (such as applying conductive gel to the skin). The nature and 

magnitude of the noise also seemed to change during data collection. This occurred for 

every subject, and across multiple channels. The nature of the changing level of noise is 

explored in Section 4.5. 

4.5 Changes in Noise 

Figure 4.3 demonstrates how, sometimes, the 

recorded noise increased in magnitude between 

trials of data collection (repetitions 4 through 6). 

After manually inspecting all reps for the 10 

studied classes, for each of the 10 subjects (100 

total), a similar phenomenon occurred in 43 (of 

100) instances. However, there were also 

instances wherein a decrease in noise levels was 

apparent between trials (see Figure 4.4). This 

occurred in 15 of the 100 instances.  

 

There were also some instances where the noise 

was lower during the second trial across some 

channels, but higher for others. This still 

presented a distinct difference in the recorded 

noise between the 2 trials, an example of which is shown in Figure 4.5.  

 

Figure 4.4: All reps of abduction for 

Subject1 

 

Figure 4.5: All reps of adduction for 

Subject9 
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Overall, there was a distinct change in noise 

between the two trials (including the three 

previously mentioned phenomena) in 77 out of 

100 instances. Only 11 instances seemed to have 

no change in noise magnitude between the two 

trials (evaluated by inspection), while the 

remaining 12 instances (8 from Subject 2 alone) 

had patterns that made the change in noise more difficult to classify (an example shown 

in Figure 4.6).  

 

Recalling Figure 4.2, it is clear that the source of noise corrupting these data set is power 

line interference (harmonics of 60Hz noise) from either the florescent lights in the room, 

or any of the electrical equipment within the facility. The subjects’ power wheelchairs 

could have also contributed; rubber wheels poorly ground the volunteers. Having the 

patient poorly grounded could have caused an increase in the level of common-mode 

present on their bodies, thus emphasizing any differences in input impedance [33]. When 

debating how the level of this common-mode interference could have been changing, 

there are a couple of possibilities to consider.  

 

Since quadriplegic/paraplegic populations often suffer from body temperature regulation 

problems, including an inability to sweat [34], it is possible that the conductive gel was 

drying during the experiment. This would increase electrode-skin impedance, as well as 

 

Figure 4.6: All reps of pronation for 

Subject2 



 

49 

 

the impedance mismatch seen between the contacts of differential electrodes (which can 

be as high as 50 000 Ω). This causes the subject to become more susceptible to common-

mode-to-differential conversion [35]. However, this would only apply to cases where the 

level of noise was higher for only the later repetitions (as in Figure 4.3). It should be 

noted that this level of noise was not found to be present during pilot work with able 

bodied subjects. 

 

Another possibility is the presence of “electrode lift” during data collection. An electrode 

lifting from the surface of the skin creates a physical gap in the medium between the 

electrode and the source being measured (EMG). This causes a large disparity between 

bipolar pairs (and therefore common-mode interference) [35]. Since electrode lift is 

possible at any point within the experiment, it could very well account for the changes in 

noise level that are present within the collected data. While the experiment was 

conducted as carefully as possible, and the electrode cuff was snugly fit during setup, it is 

possible that the patients’ movements during breaks between trials could have loosened 

the cuff itself, causing intermittent electrode lift and loss of EMG data.  

 

Drying skin, or electrode lift, could have both been responsible for the fluctuations in 

recorded noise. Since these fluctuations resulted in an observable difference between 

trials 1 and 2, 77% of the time, 3-fold cross validation was performed within each of the 

trials (3 reps per trial). These results were compared with 6-fold cross validation testing 

using all repetitions, before and after attempting to filter the common-mode from the data 

set. Even before classification was performed, spider plots (or radar plots) were 
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employed in the visualization of patterns of the MAV feature across multiple classes. 

These plots help show how much of an affect that the fluctuating noise, and subsequent 

filtering, can have on these patterns. 

4.6 Spider Plots 

Since a single row of electrodes was used, we can use spider plots to further evaluate the 

active EMG that occurred between classes (similarly to the heat maps from Section 3.4.1 

and 3.4.2). Calculating the average MAV for each of the 8 electrodes, for a given class, 

and then normalizing these averages by the overall maximum value can show where on 

the arm the higher 

amplitudes of EMG were 

recorded (similar to per 

class normalization in 

Section 3.4.1). Spider 

plots detailing this 

information can also aide 

in visualizing how well 

the MAV feature benefits 

pattern recognition 

strategies. 

 

Figure 4.7 displays a fairly consistent and repeatable pattern for the 6 repetitions of wrist 

extension for Subject1, using the MAV feature. The pattern between the 6 reps becomes 

 

Figure 4.7: Spider plots of extension for Subject1 that reference the 

average MAV calculated, per channel, before and after filtering 

common-mode frequencies 
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even more consistent after 

applying another high 

pass filter at 70 Hz, a low 

pass filter at 220 Hz (in an 

effort to remove all higher 

frequency common-mode 

harmonics), and notch 

filters at 120 Hz, 180 Hz, 

and 93.3 Hz (targeting the 

common-mode harmonics that exist within the remaining band).  

Figure 4.8 displays supination and pinch grip for the 

same subject (after filtering). The difference in the 

spider plots demonstrate how MAV can be used in 

order to discriminate between these classes. However, 

filtering the power line noise did not always result in 

trials 1 and 2 displaying matching patterns 

(demonstrated in Figure 4.9). It is likely that there was 

too much data corruption, due to this fluctuating 

presence of noise, that was unable to be filtered out.  

 

We can also investigate what spider plots would look like when referencing features that 

have been reported to be more tolerant to sporadic noise, such as sample entropy [23]. 

While filtering sometimes had an effect on the shape of the spider plot, it did not affect 

 

Figure 4.9: MAV spider plot of 

extension after filtering for 

Subject1 

 

Figure 4.8: Spider plots for Subject1’s supination and pinch grip 

after filtering power line interference 
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the pattern agreement between trials. Figure 4.10 displays an example of this. The spider 

plots were created by calculating the mean sample entropy calculated per window within 

each class. 

 

For Subject1, roughly 

half of the classes 

generated ENT spider 

plots that had very strong 

agreement in patterns 

between trials 1 and 2, 

whereas the other half 

demonstrated strong 

differences between trials (as in Figure 4.10). The occurrence in pattern difference 

between trials 1 and 2 for these MAV and ENT spider plots suggests that, as discussed in 

Section 4.5, 3-fold cross validation testing should be performed within each trial. The 

amount of fluctuating noise, as well as the fact that spider plot patterns more than 

occasionally differed between trials, suggests that there could be significant difference in 

classification performance if these trials were investigated together or separately. Note 

the difference in scale between the filtered versus unfiltered spider plots in Figure 4.10. 

This is likely due to the fact that ENT reflects the likelihood that any observed similar 

patterns will not be followed by additional similar observations; meaning that a less 

predictable process (and so a noisier process) has higher entropy [33, 34].  

 

Figure 4.10: Sample entropy spider plots generated for Subject1 wrist 

flexion (before and after filtering) 
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4.7 Filtering vs Overall Performance 

Table 4.2 details the overall classification performance (% error) for all 10 subjects, using 

6-fold cross validation testing. These data were calculated using the raw data recorded 

from each patient, without including any additional filtering to eliminate the noise 

detailed in Sections 4.4 and 4.5. 

 

Table 4.2: Classification error (%) for all 10 subjects and each of the 10 classes: HO (hand open), 

NM (no movement), PinG (pinch grip), PoG (power grip), WAb (wrist abduction), Wad (wrist 

adduction), WE (wrist extension), WF (wrist flexion), WP (wrist pronation 

As shown in Table 4.2, the overall classification error using an 8 electrode cuff was 

12.9% for 10 classes of motion. Recall that [7] reported roughly 97% classification 

accuracy for 7 classes of motion after selecting its best performing channels, using a 

high-density surface EMG system. The work performed in [7] involved 9 patient 

volunteers who scored as either ASIA C or D, with injury levels ranging from C4 to C8. 

While the injury levels are comparable, the ASIA scores are not. The study reported in 

this document included only 2 patients with ASIA grades over B, meaning that these 

patients, for the most part, had less volitional control over their muscles. Recalling the 
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considerable challenges with noise in this data set, the classification scheme is able to 

discriminate quite well between the various contractions.   

 

Table 4.3 displays overall classification error (with the standard deviation in brackets) 

using 4 different sets of features when applying different filtering techniques. Note that 

ENT refers to the sample entropy feature, while TD refers to the 4 time-domain features: 

slope sign change (SSC), wave length (WL), zero crossings (ZC), and mean absolute 

value (MAV). The filtering method titled Notch By Inspection refers to a data set created 

after visually inspecting each subject’s data in the frequency domain (like in Figure 4.2). 

Not every subject’s data was corrupted by the same harmonics of the common-mode, and 

so subject-specific harmonics were notch filtered for this data set. The Common Filtering 

data set refers to a data set that employed the same filtering as performed in Section 4.6 

to acquire the filtered data spider plots; a high pass filter at 70 Hz, a low pass filter at 220 

Hz, and notch filtering at 93.3 Hz, 120 Hz, and 180 Hz.  

 

Table 4.3: Overall classification error for 3 different data sets, using 4 different sets of features 

Since the noise described in Section 4.5 would most definitely affect the MAV feature, 

MAV often being credited for much of the discriminatory power of the TD features, 

Table 4.3 compares the difference in overall classification error including all 4 TD 

features (with and without sample entropy) versus only 3 of the TD features (not 

including MAV). Table 4.3 does not suggest that removing MAV would improve 
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classification accuracy. It does, however, demonstrate that adding the ENT feature (in 

every case) reduces the overall error (as discussed in [23]). While not depicted here (in 

order to avoid some redundancy), the absence and presence of WL was also investigated 

with these three differently filtered data sets, as WL is highly correlated with MAV; 

while the overall error was generally comparable, adding the ENT feature, once more, 

consistently reduced the overall classification error. 

 

Perhaps the more interesting finding in Table 4.3 is that, in every instance, using the raw 

data set resulted in the lowest results for overall error. This could be due to electrode lift 

resulting noise (as postulated in Section 4.5) being class-specific. It is possible that, 

during some classes of motion, different electrodes were raised from the surface of the 

skin. If this were the case, the resulting noise would end up aiding in class discrimination. 

However, as suggested in Section 4.5, there is a varying level of noise between trials 1 

and 2. Some of this variance in noise could be due to the electrode cuff slowly loosening 

over time. Performing 3-fold cross validation testing on both trials separately would 

provide the classifier with data influenced by a more consistent level of noise, as would 

be expected by a well-designed EMG controller interface (where this loosening would 

not be possible). Another likely possibility is that the aggressive nature of the band-pass 

filters employed not only removed noise, but also a substantial portion of discriminatory 

EMG information. 
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4.8 3-Fold Cross Validation Testing for Trials 1 and 2 

Table 4.4 displays the 3-fold classification performance for all subjects and each class, 

for trial 1 only (reps 1-3), using an LDA classifier with the 4 time domain features and 

the sample entropy feature. Table 4.5 displays the same for trial 2 (reps 4-6). Both of 

these figures use the raw data set, without any post data-collection filtering applied. 

 

Table 4.4: Classification error (%) for all 10 subjects and each of the 10 classes based on 3-fold cross 

validation testing (trial 1 only) 

 

Table 4.5: Classification error (%) for all 10 subjects and each of the 10 classes based on 3-fold cross 

validation testing (trial 2 only) 
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When the overall average classification error from both 3-fold tests are compared to that 

calculated using a 6-fold test across all 6 repetitions (Table 4.2), it is clear that the 

fluctuating noise (most often of higher magnitude during trial 2) could have played a 

significant role. An overall mean error of only 8.5% was computed for trial 1, while an 

error of 17.2% was calculated for trial 2 alone (Table 4.5).  This is consistent with the 

result of 12.9% when all 6 reps were included. The impact on performance during trial 2 

could be due to many factors, notwithstanding the fluctuations in noise, and possible 

subject fatigue. The quality and repeatability of contractions themselves could have been 

compromised during the second trial; given that some of the motions were not physically 

possible for the patients, there was possibly some physical or mental fatigue that built up 

during the course of data collection. These patients also had no prior experience or 

training with this EMG collection protocol or system, and so repeating motions as 

identically as possible was a novel request for them.  

 

For able-bodied patients, the classification performance for the no motion (NM) class 

could be considered a good metric in gauging the impact of noise; no motion, requiring 

no muscular contraction, should be easily distinguishable from most other classes. This 

should also hold true for these SCI patients, if there is an increase or change in activity 

during attempted contractions. It is possible that the noise corrupted the data enough so 

that the repetitions for differing classes appeared similar, or that the subject simply did 

not produce significant differences in EMG patterns when attempting more challenging 

contractions (resulting in them appearing like no motion). When considering both of 

these possibilities, Table 4.4 (trial 1 only) displays a mean error for NM of 0.1%, while 
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Table 4.5 (trial 2 only) displays one of 13.6% (6-fold cross validation testing having 

resulted in 6.8%). In the following results, the 3-fold cross validation testing for trial 1 is 

used exclusively to determine what levels of classification error are possible for the 

implementation of a practical control solution (as is the goal of this study), if these 

problems could be addressed.  

 

Before eliminating trial 2, however, an inspection of the effect of filtering was conducted 

to examine the effect on the individual trials, separately. Tables 4.6 and 4.7 display the 

average classification error using 4 different sets of features versus 3 differently filtered 

data sets (including raw data), similarly to Table 4.3.  

 

Table 4.6: Overall classification error for 3 different data sets, using 4 different sets of features (trial 

1 only) 

 

Table 4.7: Overall classification error for 3 different data sets, using 4 different sets of features (trial 

2 only) 

Tables 4.6 and 4.7 show that, as with Table 4.3, the inclusion of the filtering techniques 

resulted in higher classification error (for either trial 1 or 2). Additionally, both trials 

yielded the lowest classification error when combining the TD and the sample entropy 
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features. As previously discussed, it is possible that (due to the possibility of electrode 

lift) some of the noise was class specific, resulting in the noise actually aiding in class 

discrimination.  

 

A 2-way ANOVA was performed using Matlab (with an alpha of 0.05) using the data 

from Table 4.3, Table 4.6, and Table 4.7 to examine the impact of feature set and filtering 

type on the classification error of these 10 classes (for these 10 subjects). The 2-way 

ANOVA resulted in p-values of 0.0095, 0.0007, and 0.9998, for feature set, filtering type, 

and the interaction between the two (respectively). The p-value, ranging from 0 to 1, is 

essentially the strength of the evidence that the corresponding parameter (feature set, 

filtering type, or the interaction between the two) contributes to a difference in 

classification error. These p-values suggest that choosing a proper filtering type strongly 

impacts the performance of an LDA classifier for these 10 subjects. They also suggest 

that choosing an appropriate feature set essential. There is no evidence, however, that the 

interaction between these two variables attributes the classification error (p=0.9998). 

4.9 Potential Application (Bioness) 

The H200 exoskeletal medical device, created by 

Bioness Inc. [36], is an example of an assistive device 

that uses low-level functional electrical stimulation 

(FES) to complete some hand/forearm movements for 

otherwise unable patients (depicted in Figure 4.11). 

Using a wireless control unit, the patient can select 

 

Figure 4.11: Bioness H200 system 

[38] 
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which movement that they would like their impaired limb to complete. The wearable 

device performs FES on the appropriate muscle groups to complete the desired 

contraction. This technology has been endorsed by the American Occupational Therapy 

Association (AOTA), and has been proven to increase a patient’s performance in 

“activities of daily living.” The H200 has also been shown to reduce muscle spasms, re-

educate muscles over time, and improve the voluntary movement of a patient’s hand and 

wrist, along with many other medical benefits. [37] 

 

This device is intended for use by patients of stroke, traumatic brain injury, and spinal 

cord injury. One shortcoming of this impressive technology, however, is the control unit 

itself; it must be controlled by the patient’s other hand, or a caregiver. Surface EMG-

based myoelectric control could provide a solution to this problem; if the user’s intended 

motion can be determined by the EMG 

produced within their active muscles, then 

a novel surface EMG system could 

provide much more independence for the 

patient, and possibly reinforce neural 

pathways.  It is intriguing to consider the 

potential physical and emotional benefits 

of once again eliciting an intended motion 

through physiologically appropriate 

means. 

 

Table 4.8: Classification error (%) for all 10 

subjects and for 5 classes based on 3-fold cross 

validation testing (trial 1 only) 
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4.9.1 Class Reduction Analysis 

The Bioness system is an excellent example of a device that could potentially be driven 

by a surface EMG based control system. Given this potential, the data were revaluated 

with the Bioness system in mind. In order to assess the potential performance of EMG 

pattern recognition technology in harmony with the H200, the number of classes 

collected from the 10 patient volunteers was reduced down to the physiologically 

appropriate matches with the function enabled by the Bioness system: no movement 

(NM), wrist extension (WE), wrist flexion (WF), hand open (HO), and hand close (power 

grip, PoG). Table 4.8 displays 3-fold cross validation results collected (from trial 1 only) 

while considering only these 5 classes, using an LDA classifier supplied with the 4 time 

domain features and sample entropy (without any common-mode filtering attempted).  

 

Table 4.8 demonstrates that this reduction in the number of classes (and therefore 

difficulty in discrimination), results in an overall mean classification error of 2.0% ± 

2.0%.  Note that Subject 2 obtained an error of 8.7% (more than 3 standard deviations 

away from the mean). It is possible that the performance of this subject could be 

attributed to something other than inter-subject variability, such as human error during 

data collection. If this is the case, then the 9 remaining subjects’ data suggest that an 

overall mean classification error of 1.3% is possible. In fact, of the 10 subjects, 6 

subjects’ data resulted in mean classification errors of 1% or less.  
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4.9.2 Statistical Analysis – Subject Performance vs Level of Mobility 

Characterizing the relationship between patient mobility and overall classification error 

was done by performing a 2-way ANOVA (analysis of variance) on the mean per subject 

classification error versus each subject’s injury level and ASIA score. Due to the 

sparseness of the 10 patient data set, an interaction model between ASIA score and injury 

level cannot be calculated. For example, Table 4.9 shows that there is only one injury 

level for ASIA B patients (C5). Such a model would require a more extensive patient 

population, containing more variability in ASIA B and C patients, as well as C3 and C6 

patients. 

Injury level showed no significant effect on classification accuracy (p = 0.7456), while 

ASIA score showed a strong (though not significant) effect (p = 0.0637). Note that a 

patient population of 10 is not a strong sample size upon which to interpret these p-values 

(the comparison likely has poor power). 

 

 

Table 4.9: Classification error (%) calculated for the 5 “Bioness classes”, for each subject, versus 

injury level, ASIA score, GRASSP score and subtest results, age, and number of years since injury 
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There appears to be no obvious 

relationship between GRASSP, age, 

or years since injury, and mean 

classification error. Figure 4.12, for 

example, shows that it is possible 

for lower GRASSP scores to result 

in low mean error; as GRASSP 

score increases (implying a higher 

level of mobility), mean 

classification error does not display 

any downward trend (as might be expected).  

4.9.2.1 Class Confusion 

Given that some of the 

tested classes were not 

“functionally” performable 

for the patient volunteers, a 

resulting lack of muscular 

activity could have led to 

confusion of these classes 

with no motion. Recalling 

Table 4.9, no motion had 

0% classification error. 

 	

Pr
ed
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d	
Cl
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s	

HO	
98.6	 		 0.7	 		 8.0	

NM	 		 100.0	 1.0	 0.3	 		

PoG	 1.4	 		 92.0	 		 0.3	

WE	 		 		 6.3	 99.5	 0.8	

WF	 		 		 		 0.3	 91.0	

	 HO	 NM	 PoG	 WE	 WF	

	  Actual	Class	
Figure 4.13: Mean confusion matrix displaying the average 

confusion (prediction accuracy %) across all 10 subjects for trial 

1 data using 3-fold cross validation 

 

Figure 4.12: GRASSP score versus mean classification 

error (%) of the 5 “Bioness classes”, for all 10 subjects 
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However, motions presenting little EMG activity could have been mistaken for no motion 

(and reported as errors in the intended class). Generating confusion matrices can aid in 

determining whether this is the case. Figure 4.13 shows a mean confusion matrix for trial 

1, using an LDA classifier supplied with the 4 TD feats as well as sample entropy. The 

values were acquired by calculating confusion matrices for all 10 subjects, and then 

averaging the results. 

 

Figure 4.13 further illustrates how NM was never mistaken for another class, while WE 

and PoG were the only classes to be mistaken for NM (although very rarely). Aside from 

NM, the only other functionally performable class of motion for all subjects was WE. 

While WE was rarely mistaken for another class, other classes (PoG and WF) were 

occasionally mistaken for it.  PoG, for example, was occasionally mistaken for WE by 5 

of the 10 subjects. 

 

While there is some error in discriminating between certain classes, the rate of 

classification success is much higher. The inclusion of additional logic commonly 

employed in myoelectric control for prosthetics, such as a majority vote, could serve to 

further improve the performance of this system [6]. The next step in designing a 

rehabilitative, or assistive, EMG-controlled device would be to investigate integrating the 

EMG control logic, presented in this work, with and existing system (such as the Bioness 

H200). 
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5 Chapter 5 - Conclusions & Discussion 

Restoring or rehabilitating lost function for paralysis patients is becoming an increasingly 

investigated area by many international medical research facilities, including within 

private industry. Given the success of surface EMG-based pattern recognition control 

systems for powered upper limb prostheses, this study investigated how well a similar 

control scheme would work for patients whose affected limb was still intact, but with 

limited function. While pattern recognition approaches could work for many 

neurologically impaired patient groups, this worked focused on high level SCI patients 

presenting with upper limb functionality typical of a C4/C5 ASIA A/B patient.  

 

Using an HD EMG system, heat maps displayed any potential for class discrimination, 

ultimately resulting in the use of a more practical electrode cuff. Spider plots, much like 

the heat maps, demonstrated the potential for class discrimination. While there were 

varying levels of noise between the two trials of data collected, within trial cross-

validation analysis demonstrated that an overall mean error across all 10 classes as low as 

8.5% was possible. Given these promising results, the data were also investigated in the 

context of a known rehabilitative device (the Bioness H200). For the 5 classes of motion 

that would be desirable as a method of activating this device (which used FES to enable a 

patient to perform functional movements), EMG-based pattern recognition yielded 

overall classification errors of 2.0%.  
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5.1 Discussion 

The results reported in this study demonstrate the feasibility of producing a functional 

HCI for an SCI patient population. These are individuals who, at present time, will likely 

not regain much of the lost volitional control of their limbs. Because of this, an assistive 

device directly controlled by patient intent could help in regaining function and 

independence. This same approach could also be applied to other paralysis patient 

populations. For example, stroke patients could control a rehabilitative device, similar to 

the Bioness H200, using the EMG produced by an affected limb. This independent 

control of a rehabilitative device could result in requiring less one-on-one time with a 

physiotherapist, saving both time and money while also allowing the patient to perform 

rehabilitative exercises with more convenience and regularity.  

 

The results reported in this study (2% error when evaluating the 5 Bioness classes) were 

achieved despite the lack of performance feedback to the subjects during the data 

collection; it is possible that self-correction (potentially made possible by providing 

visual or auditory feedback) could result in even lower classification error. In the future, 

improving the noise immunity of the system could make it possible to accurately classify 

many more classes of motion. An assistive device controlled by EMG could, in this case, 

restore even more function for a patient. Assistive devices that can restore several degrees 

of freedom already exist [38][36], all that remains is the means for a patient to intuitively 

control them.  
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The benefits of restoring even some of a paralysis patient’s upper-limb function are 

obvious. Aside from regaining a certain level of independence, it is possible that invasive 

surgical interventions, such as tenodesis surgery could be avoided.   It is also possible 

that using more natural and self-initiated movements could lead to better outcomes by 

reinforcing the physiologically appropriate neural pathways. 

5.2 Recommendations for Future Work 

Ideally, the next iteration of this work will incorporate assistive devices such as those 

discussed in [38] and [36]. An evaluated system that includes either of these devices 

should be carefully designed. A system incorporating the Bioness device, for example, 

needs to be sophisticated enough to distinguish between the volitional EMG, produced by 

the user, and any recorded electrical signal that is actually a product of the functional 

stimulation device itself. Another possibility is that the device itself could actually cause 

some degree of spasticity; even an assistive device that generates hand movement non-

invasively (without functional stimulation) such as that in [38] could cause or emphasize 

spasticity for some patients (by fighting against their stiff paretic muscles). As implied in 

this study, as well as others, spurious spikes in EMG (such as those caused by spasticity) 

can have an effect on classification performance [23]. Therefore, before evaluating a fully 

integrated system that completes a patient’s desired movement based on the EMG that 

they produce, any changes that these devices themselves may have on the recorded EMG 

signals will first have to be investigated. 
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Providing feedback to patient volunteers could also have an effect on the accuracy of 

classification. Integrating an EMG-based HCI with one of these devices would provide 

this feedback by aiding the patients to complete the evaluated classes of motion. Until the 

effect that these devices have on EMG (if any) is understood, the effect of feedback could 

be evaluated by including computer-generated graphics that display a classifier’s decision 

during data collection. 

 

It would also be interesting to investigate if classification accuracy could be improved by 

implementing a system that uses contact site specific data collection parameters 

(electrode type, level of gain). Artifacts of EMG that could provide more signal and 

discriminatory information, such as muscle crosstalk, could then by more specifically 

targeted and evaluated. Amplifying the signals produce over paretic muscles, for 

example, could emphasize any potentially class-specific muscular crosstalk.  
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Appendix A – Muscle Grade 

Specifications, from [39], details the following 0-5 scale for muscle grade: 

Grade Muscle Function 

0 No muscle contraction 

1 Muscle flickers 

2 Full range of motion with gravity eliminated 

3 Full range of motion against gravity 

4 Full range of motion against resistance 

5 Normal strength 

 

  



 

 

Appendix B – Refa Specifications 

The hardware specifications for the Refa HD-EMG recording device, produced by TMSi, 

are included below: 

 

Refa specifications from TMSi’s website [27] 

  



 

 

Appendix C – UNB EMG Recording Electrode Cuff 

The technical hardware specifications for the 8 bipolar electrode cuff designed and 

produced by UNB are as follows: 

Bandwidth 40Hz to 370Hz 
Gain Range 200 to 25500 V/V (in 100 V/V steps) 
Sensitivity 28.7 nV/bit at max gain of 25500V/V 
Sampling Frequency 1024 Hz 
CMRR 100 dB 
Input Impedance 100 GΩ // 3pF 
Data Resolution 12 bits 
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