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Monitoring of engineered systems consists of characterizing the normal behav-

ior of the system and tracking departures from it. Techniques to monitor a system

can be split into two classes based on their use of inputs and outputs of the sys-

tem. Systems-based monitoring refers to the case when both inputs and outputs of a

system are available and utilized. Conversely, symptomatic monitoring refers to the

case when only outputs of the system are available.

This thesis extended symptomatic and systems-based monitoring of biomedi-

cal systems via the use of non-stationary signal processing and advanced monitoring

methods. Monitoring of various systems of the human body is encumbered by sev-

eral key hurdles. First, current biomedical knowledge may not fully comprehend the

extent of inputs and outputs of a particular system. In addition, regardless of current

knowledge, inputs may not be accessible and outputs may be, at best, indirect mea-

surements of the underlying biological process. Finally, even if inputs and outputs
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are measurable, their relationship may be highly nonlinear and convoluted. These

hurdles require the use of advanced signal processing and monitoring approaches.

Regardless of the pursuit of symptomatic or system-based monitoring, the

aforementioned hurdles can be partially overcome by using non-stationary signal

analysis to reveal the way frequency content of biomedical signals change over time.

Furthermore, the use of advanced classification and monitoring methods facilitated

reliable differentiation between various conditions of the monitored system based

on the information from non-stationary signal analysis. The human brain was tar-

geted for advancement of symptomatic monitoring, as it is a system responding to a

plethora internal and external stimuli. The complexity of the brain makes it unfeasi-

ble to realize system-based monitoring to utilize all the relevant inputs and outputs

for the brain. Further, measurement of brain activity (outputs), in the indirect form

of electroencephalogram (EEG), remains a workhorse of brain disorder diagnosis.

In this thesis, advanced signal processing and pattern recognition methods are em-

ployed to devise and study an epilepsy detection and localization algorithm that

outperforms those reported in literature.

This thesis also extended systems-based monitoring of human biomedical

systems via advanced input-output modeling and sophisticated monitoring tech-

niques based on the information from non-stationary signal analysis. Explorations

of system-based monitoring in the NMS system were driven by the fact that joint

velocities and torques can be seen NMS responses to electrical inputs provided by the

central nervous system (CNS) and the electromyograph (EMG) provides an indirect

measurement of CNS excitations delivered to the muscles. Thus, both inputs and
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outputs of this system are more or less available and one can approach its monitoring

via the use of system-based approaches.
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Chapter 1

Introduction

1.1 Background and Motivation

In general, monitoring of systems consists of characterizing the normal be-

havior of the system and tracking departures from it. If both inputs and outputs of

a system are available, the relationship between them can be modeled directly and

the system can be monitored by tracking changes in this model. In the remainder of

this document, such an approach to monitoring will be referred to as systems-based

monitoring. However, it is often the case that either inputs to the system are not

available or there are too many of them to measure. The human brain is one typical

system of that sort, since it responds to a plethora of internal and external stimuli.

Much of the stimuli to the brain are not yet fully understood, let alone measurable.

In such situations, monitoring schemes are confined to ensuring or assuming that

inputs remain stationary during the monitoring process. This reduces the process of

system monitoring to the tracking of changes in the system outputs. In the remainder

of this document, this monitoring scheme is termed as symptomatic monitoring.

Symptomatic monitoring is clearly a simpler paradigm, but is inferior to

systems-based approaches in terms of performance. This is due to the fact that

variations in the unobserved and unmodeled system inputs could be erroneously
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interpreted as faults and result in false alarms.

Monitoring of biomedical systems generally lags other areas of diagnostics and

has remained, to a large degree, symptomatic in nature. This is largely due to the

surpassing complexity and nonlinearity of biomedical systems, the high variance of

system operation and parameters between different individuals, as well as the fact

that our understanding of such systems is not as deep as that of engineered systems.

The purpose of this thesis is to extend symptomatic and systems-based mon-

itoring of biomedical systems via the use of non-stationary signal processing and

advanced monitoring methods. Obviously, the human body and its sub-components

are all highly dynamic systems that can have multiple inputs and outputs. How-

ever, several key hurdles exist to monitoring the relationship between inputs and

outputs in the various subsystems of the human body. First, current knowledge of

anatomy and physiology may not fully comprehend the extent of inputs and outputs

of a particular subsystem. Even if such information is known, the inputs may not

be accessible. Furthermore, many biomedical measurements are, in fact, indirect

measurements of the phenomena of interest. Such is the case for the human brain,

with its myriad of electrical and chemical inputs and the fact that EEG represents

the aggregate behavior of tens of thousands of neurons. Finally, even when inputs

and outputs of a biomedical system can be measured, the relation between them

can be highly nonlinear and convoluted. Consequently, monitoring of such as system

requires the use of advanced signal processing and monitoring approaches.

The human brain will be targeted for advancement of symptomatic monitoring

as it is a system responding to various internal and external stimuli. Despite advances
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in measurement technology, EEG is still a workhorse of brain disorder diagnosis,

leading to an extremely complex problem of diagnosis of the system based solely on

indirect measurements of its output.

In addition, the proposed doctoral research will advance the systems-based

monitoring of biomedical systems by exploring methods for modeling and monitoring

of the relations between inputs and outputs of a selected portion of the NMS system.

The NMS system will be targeted because the relationship between output velocities

and forces of various body parts can be seen as a response to electrical inputs from

motoneurons, and indirect observations of these inputs can be seen in the EMG

signals, depicting cumulative electrical activity in many motoneurons. Thus, both

inputs and outputs of this system are more or less measurable and one can attempt

to build and monitor the nonlinear, dynamic dependencies between them.

1.2 Goals of the Thesis

1.2.1 Symptomatic Monitoring - Epilepsy Detection and Characteriza-
tion using EEG

The first part of the research deals with diagnosis of neurological disorders

using non-stationary signal analysis of EEG signals. Detection and localization of

epilepsy via EEG signals is of great interest to the medical community because

epilepsy, as a neurological disorder, is second in occurrence only to stroke, affecting

1% of the population [48]. Furthermore, 10% of the affected population seize at least

monthly [48], which presents a debilitating effect on those individuals. Low seizure

frequency and the 20-40 minute clinical EEG screening for epilepsy results in a low
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probability of clinical detection [23]. In response to such low probabilities, ambu-

latory EEG records data for much longer time spans, which significantly increases

the workload of clinical review of the data. Thus, automated detection and local-

ization of epilepsy is of high import to the medical community [193]. Furthermore,

the algorithms developed for automated detection and localization of epilepsy show

significant promise in another arena: brain-computer interfaces.

The immense complexity of the human brain necessitates a purely symp-

tomatic approach to diagnostics. Specifically, the research will focus on classification

of discrete classes of neurological condition. Time-frequency signal analysis [46] was

used to reveal how frequency content of the brain signals vary over time and will

yield superior features for classification of EEG signals. The symptomatic monitor-

ing methodology was capable of discerning 5 different classes of EEG signals in a

benchmark database commonly cited in the literature [8].

1.2.2 Systems-Based Monitoring - Modeling and Monitoring the Rela-
tionship between EMG and Joint Dynamics

The second part of the research deals with monitoring of the NMS system

based on building and tracking of dynamic models relating the relevant EMG signals

(indirect measurements of inputs to the NMS system) and joint kinematic variables

(outputs of the NMS system). Exploration of the dynamic relationship between

electrical enervation of muscles, development of muscle force, and the corresponding

effect on joint dynamics has been an active and fruitful arena of research for more

than half a century. As of late, the primary focus is on building models capable of
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predicting joint motion or torque using the CNS enervation signals, as measured by

EMG. Such models offer many benefits, both purely intellectual as well as practical.

On the intellectual side, such models provide insight into how the CNS acts as a

control system for joint motion. On the practical side, these models are useful

in aiding physical therapy, designing passive and active prosthetics, as well as the

construction and control of exoskeletons and teleoperated robots.

Although the advances in this field have been tremendous, this thesis fills

in several gaps in the literature. These gaps are formed as most literature on the

topic does not fully utilize the information inherent in the EMG. Instead, the current

research is restricted to simple time-domain and stationary frequency domain signal

analysis and ignores the information hidden in the way frequency content of the

signal changes over time. Furthermore, the literature does not offer diagnostic use

of the models to identify and isolate faults based on the models.

These gaps will be addressed in the proposed research by modeling the rela-

tionship between the relevant EMG signals and joint dynamics for a human limb. The

resultant model will be used for fault detection and localization. Descriptive capabil-

ity of the model will be boosted by considering non-stationary signal phenomena in

the EMG via utilization of features drawn from joint time-frequency signal analysis.

The fault detection and identification pursued in this work was focused on

robustly and accurately detecting abnormalities in system behavior, in spite of vari-

abilities caused by the large number of possibilities in muscular excitation patterns

and the large variability in geometry and characteristics of the NMS systems of

different people.
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1.3 Outline of the Thesis

The remainder of this thesis is organized as follows. Chapter 2 presents a

review of the literature, which is constructed of:

• A conceptual overview of diagnostic approaches

• The definition and development of time-frequency distributions

• The use of TFD in biomedicine as it relates to EEG and EMG signals

• Review of detection and localization of epilepsy from EEG

• Review the development of neuromusculoskeletal models for human limbs, both

black box and first principles, emphasizing the physiology of muscle force de-

velopment as it relates to joint models

Chapter 3 presents the use of TFD and advanced classification techniques in the

classification of human epileptic EEG signals. Chapters 4 and 5 utilized the signa-

tures developed in the classification of EEG to process EMG signals for modeling

and monitoring of a human limb. Specifically, experimental data was used to model

the relationship between EMG and joint motion and demonstrate that “faults”, or

differences in the dynamics of the joint system, can be readily detected. Chapter 4

offers monitoring and diagnostic considerations based on linear dynamic model, while

Chapter 5 gives those considerations based on nonlinear models of the monitoring

NMS system. Finally, Chapter 6 will summarize the contributions of the thesis and

offer possible extensions of the doctoral research.
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Chapter 2

Literature Review

2.1 Condition Monitoring

Condition monitoring of a system consists of characterizing the normal behav-

ior of the system based on which departures from normal behavior can be tracked and

characterized. Much of the literature on monitoring of complex systems is framed as

fault detection and diagnosis (FDD). However, given that some systems have mul-

tiple modes of normal operation, it is imprecise to use the term fault. Thus, for

the rest of this document, the term fault will be replaced with anomaly as anomaly

encapsulates the notion of a different operation of the system without the connota-

tion that comes with the term fault. For the purposes of this proposal, the terms

monitoring and anomaly detection and diagnosis (ADD) will be used interchange-

ably. Thus, both characterization of the system as well as detecting departures from

normal operation will constitute the detection part of ADD. Once this detection has

occurred, one must determine whether the deviation is caused by a known legitimate

fault, a change in normal operating regime, or an unknown behavioral mode of the

system. This latter portion is the diagnosis part of ADD. Note that the amount of

literature on ADD is staggering. In an effort to limit the scope, the following review

is designed to be a high level overview and is, purposely, not comprehensive. For

more comprehensive reviews, the reader should consult [110, 218, 265–267].
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2.1.1 System Characterization

In order to discuss system characterization, consider the generic system which

is composed of inputs, ~u, and outputs, ~y, as shown in Figure 2.1.

System

Figure 2.1: Generic representation of a system in terms of inputs, ~u, and outputs, ~y

As the input to the system is not available in symptomatic monitoring, two

options arise. First, one may make assumptions on the input, leading to signal

models. The term signal model is used to describe any model that seeks to recreate

the signal. Some examples of signal models are:

• linear [247] or nonlinear [274] autoregressive (AR) models

• linear [214] or nonlinear [285] autoregressive-moving average (ARMA) models

• neural network based models [163]

Secondly, one may seek purely to describe, the signal which requires only

descriptive features of the signal. Some examples of features are:

• measures of complexity in the form of fractal dimensions [20, 97, 203], Hjorth

parameters [99], and correlation dimension [143]

• measures of chaos in the form of Shannon entropy [17, 236], Log entropy [47],

Approximate entropy [204], and Lyapunov exponents (LE) [33, 87, 88, 226]
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• purely spectral domain features obtained from FFT [217] or regression analysis

[196] as well as MUSIC [228], PISARENKO [206], and Minimum-Norm [135]

eigenvector methods

• time-scale features obtained from the wavelet transform (WT) [86, 87, 95, 191,

249]

• time-frequency features obtained from joint time-frequency analysis [93, 94,

190, 254, 255]

• features obtained via statistical transforms, such as Principal Component Anal-

ysis (PCA) [66, 254, 255] or Linear Discriminant Analysis (LDA) [66, 275]

As both the input to and the output from the system is available in system-

based monitoring, any model that approximates the relationship between inputs and

outputs is suitable. Some examples of input-output modeling strategies are:

• linear [28, 238] or nonlinear [225] autoregressive models with exogenous inputs

(ARX)

• linear [141] or nonlinear [158] autoregressive-moving average models with ex-

ogenous inputs (ARMAX)

• linear dynamic models [18, 79, 109, 139, 148, 199, 213]

• first principles models [38, 72, 117, 145, 205, 220, 271]

• neural network models [37, 41, 163, 215, 240]
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• adaptive neuro-fuzzy inference systems (ANFIS) [71, 216]

• fuzzy models [172, 291]

• hybrid first principles and data-driven models often termed grey-box models

[104, 127, 160]

The features, outputs, and parameters of these models may be used in concert

with pattern recognition algorithms to detect departure from normal system behavior

and possibly identify which, if any, previously seen anomoly is present.

2.1.2 Anomaly Detection and Diagnosis

Fundamentally, the detection and diagnosis of anomalies is a pattern recog-

nition task. The key idea is that models or descriptive features from anomalous

operation will be dissimilar from normal operation. For model-based characteriza-

tions, authors often use residuals r(t), in various forms, to achieve detection. Often,

residuals take the form of the output error

r(t) = y(t)− ŷ(t) (2.1)

or the error in model parameter(s)

r(t) = θ(t)− θ̂(t) (2.2)

or the error in state, x(t)
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r(t) = x(t)− x̂(t) (2.3)

For the case of state-space models, note that in Equations (2.1), (2.2), and (2.3),

variables with no hat are either current measurements from the system or system

parameters from the normal operation model. Variables with the hat denote the

estimate from the current model of system behavior. Residuals can also be formulated

to incorporate a model of the system and corresponding uncertainty of the model

for both linear [76] and nonlinear [220] systems. Furthermore, the residuals will not

be identically zero for any substantial time even when the system is not faulty, due

to noise, modeling errors, and unmodeled inputs. However, characterization can be

made more robust with unknown input observers (UIO) [18, 53, 122, 181, 287]. Given

knowledge about how an unknown input enters the system model, the input can be

estimated with the UIO providing more accurate modeling and, ultimately, better

anomaly detection.

Authors differ on whether the raw [37, 38, 72, 104, 252], low-pass filtered [80],

or scaled norm [180] of the residual should be used. Regardless of the residual

formulation, detection of anomalous behavior can be flagged when the residual:

• exceeds some threshold, which may be fixed a-priori [37, 38, 72, 80, 104, 180,

252], using adaptive techniques [134], or based on model uncertainty [213, 215]

• is in a region known to be anomalous, as determined by fuzzy sets [172]

• set using statistical test formulations [90], such as the t-test [28], structured

tests [189], χ2 test [271] or the Generalized Likelihood Ratio Test [160].
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Once an anomaly is detected, machine learning techniques for classification

can be applied to determine the similarity between the current system operation and

known anomalous modes. Classification algorithms can be divided by whether the

algorithm is intrinsically a binary classifier or intrinsically supports multiple classes.

An example of a binary classifier is the support vector machine [51], whereas an

example of a classifier that intrinsically supports multiclass output is the feedforward

neural network [288]. A few examples of classifiers are listed below:

• Decision trees [66]

• Logistic regression [253]

• Discriminant [66]

• k-Nearest Neighbors [66]

• Support Vector Machines [66]

• Feedforward neural networks [66]

• Radial basis function networks [66]

• Recurrent neural networks [66]

• Probabilistic neural networks [253]

• Mixture of experts [40]

• Artificial neuro-fuzzy inference systems (ANFIS) [115]
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If the classification problem requires three or more classes and the classifica-

tion algorithm is inherently binary, a decomposition technique is required. Decompo-

sition casts the multiclass classification problem into a series of binary classification

problems. Some examples of multiclass decompositions are:

• Majority Voting [253]

• Geometric Average [253]

• Arithmetic Average [253]

• Error-Correcting Output Codes [60]

• Boosting [253]

• Bagging [22]

• Combining posterior class estimates [282]

Regardless of classifier and decomposition technique chosen for a given prob-

lem, the last piece of the classification puzzle is which features of the signal are best

suited to discern between the multiple classes. This is known as feature selection

and some examples of feature selection methodologies are:

• Statistical hypothesis testing [253]

• Discriminant analysis [253]

• PCA [2]
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• Sequential forward/backward selection [253]

• Floating search [253]

• Dynamic programming [253]

• Genetic Algorithm [284]

• Tabu Search [82]

• Simulated Annealing [19]

• Minimum-redundancy-maximum-relevance [202]

• Exhaustive [202]

With the building blocks of system monitoring laid out, attention turns to

how models and features may be made more information-rich by using joint time-

frequency analysis with a focus on biomedical applications.

2.2 Use of Time-Frequency Analysis in Biomedicine

2.2.1 Time-Frequency Analysis

Representation of a non-stationary signal by either the time domain or the

frequency domain alone does not fully describe the information inherent in the signal.

A signal in the time domain offers information on the order in which events occur,

but the frequency content at any particular time is obfuscated. Conversely, signal

representation in the frequency domain offers information on the spectral content of

the signal, but does not communicate the order or duration of the spectral content.

14



For a more informative representation of a signal, one needs joint, time-frequency

signal representations to show how signal energy is distributed over both time and

frequency.

This review will focus on the broad class of time-frequency distributions

(TFD) referred to as Cohen’s class of TFD. Cohen’s class [46] of TFDs is arguably the

most general formulation of time-frequency representations and, consequently, offers

the most flexibility in controlling the properties of the distribution. Specifically, the

TFD, C (t, ω) for a signal, s (t) is calculated as

C (t, ω) =
1

4π2

∫ ∞
−∞

∫ ∞
−∞

A (θ, τ)φ (θ, τ) e−j(θt+τω)dτdθ

A (θ, τ) =

∫ ∞
−∞

s∗
(
u− τ

2

)
s
(
u+

τ

2

)
ejθudu

(2.4)

where:

• s∗
(
u− τ

2

)
s
(
u+ τ

2

)
is the instantaneous autocorrelation function of the signal

with s∗ (t) being the complex conjugate of s (t)

• A (θ, τ) is the ambiguity function of the signal, expressed as the inverse Fourier

transform of the instantaneous autocorrelation function

• φ (θ, τ) is the so-called kernel of the distribution

where φ (θ, τ) is the so-called kernel of the distribution. Note that Cohen’s class of

time-frequency distributions (TFD) merely apply a filter, φ (θ, τ), in the ambiguity

domain before applying a two-dimensional FT of A(θ, τ).
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Note that in all quadratic TFDs, the signal enters the equation twice, which

can easily be seen in Equation 2.4. It is this bilinearity, and the properties that

follow from it, that has driven the interest and development of TFD of signals for

nearly three decades. Namely, the bilinear nature necessarily implies the existence

of so-called “cross-terms”. Cross-term generation, while mathematically necessary

for the transformations, obscures details of the auto-terms of interest. However,

cross-term existence in the time-frequency domain (between auto-terms and subse-

quent modulation) is, in general, insufficient to locate and attenuate the cross-terms.

Thus, reducing cross-term interference in the time-frequency plane directly is diffi-

cult. Fortunately, a transformation of the time-frequency plane into the Doppler-lag

plane has an interesting effect on the location of cross-terms. The AF is composed

of auto-terms located near the origin of the Doppler-lag plane [46]. In the AF, these

auto-terms are also modulated, independently, in directions corresponding to their

respective time and frequency shifts. The cross-terms, however, are shifted away

from the origin in the AF formulation. Following this result, one can filter out

these cross-terms more easily in the Doppler-lag domain than one can in the time-

frequency domain. Filtration is possible by masking the AF with a function that

takes high values near the lag or Doppler axes and low values elsewhere, which is a

two-dimensional low-pass filter in the Doppler-lag domain.

Note that any time-frequency distribution specifically designed to reduce

cross-terms is referred to as a reduced interference distribution (RID). In addition to

interference attenuation, the kernel also defines other properties of the time-frequency

distribution [29]. Several key, and generally desirable, properties are shown in Table
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2.1 along with the mathematical constraints on the kernel required to achieve the

property. Table 2.1 is adapted from [45].

In addition to the properties listed in Table 2.1, kernels can be classified by

whether they are signal independent or signal dependent. Table 2.2 enumerates the

many signal independent kernels that have been designed in the literature and shows

which, if any, of the desirable properties of Table 2.1 are met. Signal dependent,

or “adaptive” kernels, have also been developed and, in many cases, offer superior

performance to signal independent kernels. Unfortunately, these kernels are often

prohibitively computationally expensive for large scale implementation and will not

be covered in this review.
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2.2.2 Neural Phenomena - EEG

Novak et al. [187] used time-frequency analysis to show that 0.01-0.5 Hz

modulation of EEG correlated well with both blood pressure and heart beat R-R

interval variation for an Alzheimer’s patient during hypo-tension at rest. This result

was prior established for “normal” people and Novak et al. [187] used the result

to show that the sympathetic nervous system does not deteriorate very much in

Alzheimer’s disease.

Shamsollahi et al. [235] measured several examples of adult, temporal lobe

epilepsy seizures with surface EEG. Via time-frequency analysis, it was shown that

the EEG signatures were characterized by a parabolic frequency modulation, as op-

posed to the linear frequency modulation of neonatal seizures [30]. Shamsollahi et

al. [234] attempted to build a library of representative signal phenomena of epileptic

seizures including bursts, single frequency segments, multiple frequency segments,

and spiking. This library of signal phenomena was later expanded and further re-

solved by Senhadji et al. [233].

Wendling et al. [276] proposed a methodology for automated detection of

seizures via EEG measurements by warping the time frequency representation in

time and frequency to achieve a match with TFDs from known conditions. The

methodology departs from classical classification based methods toward more clus-

tering based methods as no a priori information is required.

During spinal surgery, nerve potentials are purposely invoked to check the

latency of the connections between neurons. Traditionally, latency was checked for

by purely time domain features. Hu et al. [103] showed that including peak fre-

quency provided a more robust metric for spinal monitoring. Furthermore, normal

functioning of spinal nerves was proven to have significant changes in the frequency
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content of the signal [161], thus making the pattern recognition task of detecting

spinal injury using time frequency analysis much more sensitive [103].

Malarvili et al. [164] showed evidence for seizure detection in newborns based

on TFDs of heart rate variability. The authors calculate the time frequency distribu-

tion in each of three frequency bands. Within each frequency band, it was found that

both the first and second conditional moments with respect to frequency are higher

for seizing newborns. This work was extended by Malarvili and Mesbah [165] to use

various time domain features as well as the statistical moments of energy for each

time and the Shannon entropy of the time frequency distribution. The additional

features yielded a superior detection algorithm for newborn seizure detection.

Tzallas et al. [254] presented an automated EEG analysis algorithm based on

the smoothed, pseudo Wigner-Ville time frequency representation. Specifically, the

authors formed a grid in both time and frequency, effectively making a discretization

of the distribution. In each box formed by the grid, the authors calculated the energy

within the box. PCA and an artificial neural network constituted the classifier. This

work was extended by Tzallas et al. [255] to examine which time frequency distribu-

tion performed best in the separation of 5 distinct classes. Not surprisingly, reduced

interference distributions were found to perform best and resulted in reasonably good

accuracy in the 5-way classification.

Mendez et al. [171] proposed an algorithm capable of both detecting spon-

taneous arousals from sleep using EEG and determining whether the arousal was

accompanied by muscular movement using ECG. Time frequency analysis of the R

to R interval of the ECG data showed a statistical difference in the change of spectral

21



energy of heart rate variability between arousals with and without muscular activity.

As expected, arousals with muscular activity experienced a much larger variability

in the heart rate.

Fraiwan et al. [75] developed an automated sleep stage identification algo-

rithm for neonates using EEG alone. They calculated the Shannon entropy for each of

7 different frequency bands of the Wigner distribution. These 7 entropies comprised

a feature vector that was fed into a feed-forward neural network for classification into

1 of 3 sleep stages. Results showed that the Wigner-Ville distribution outperformed

continuous wavelet transform and Hilbert-Hough spectrum.

Gilmore et al. [81] presented a study to aid the localization of genes respon-

sible for externalizing behavioral disorders. These disorders manifest as substance

abuse, conduct disorders, and antisocial behavior. The authors applied PCA to time-

frequency representation features of EEG collected from the P3 lead of the standard

10-20 system. This resulted in in excellent classificatory ability to distinguish two

distinct groups. The first group were patients either currently expressing a disor-

der or that exhibited high risk to the development of a disorder. The second group

were patients with little or no risk of developing a disorder. The genetic connec-

tion consisted of the patient pool being strictly limited to twins, both fraternal and

identical.

Lin et al. [149] presented a study analyzing the effects of distraction while

driving. Specifically, the authors instructed patients to keep a virtual car centered

in a virtual lane. Furthermore, distractions were introduced in the form of random,

frequent car trajectory deviations as well as math questions. It was found that the
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two distractions caused reactions in different frequencies and that the reaction time

was different between several cases. Both the spectral range used for each reaction

and reaction time were evaluated from time frequency representations of EEG signals

collected from all 30 electrodes in the standard 10-20 electrode placement protocol.

Unexpectedly, the time required to react to deviations was nearly uniform regardless

of whether math questions were asked before, simultaneously, or after the trajectory

deviations. However, math questions required significantly more time for reaction in

the presence of deviations.

2.2.3 Muscular Phenomena - EMG

Widmalm et al. [278] showed that reduced interference kernels used to calcu-

late time-frequency distributions significantly outperformed the FT, STFT, and the

Wigner distribution in describing the temporal dynamics of spectral energy in the

sounds emitted from the trans-mandibular joint (TMJ).

Using time-frequency analysis, Schumann et al. [229] showed differences in

postural control of normal people versus patients with vestibular impairment. Al-

though normal and vestibular impaired patients exhibit signal energy over the same

frequencies, the signal energy is much more erratic over the frequency spectrum for

vestibular impaired patients.

Knaflitz and Bonato [128] demonstrated that the median and mean frequency

of EMG decrease during muscular fatigue of the index finger. The results were shown

for cyclic exercises, representing a significant step forward from traditional, static fa-

tigue assessments. The work was extended by Bonato et al. [32] to repetitive squat
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exercises. Furthermore, it was shown that these drops in instantaneous mean and me-

dian frequency are more pronounced for patients with ACL deficiency. Both Kaflitz

and Bonato [128] and Bonato et al. [32] propose a theory that the build up in lactic

acid in the muscle increases the depolarization threshold of the muscle, resulting in

lower firing frequencies. Although the theory stands to biological scrutiny, it was

never rigorously tested.

Vaillancourt and Russel [262] showed that neural commands to produce a

given force is part of a larger feedback loop. This was done by asking subjects to

produce several different percentages of their maximum voluntary contraction (MVC)

force. The subjects were asked to produce these isometric forces both with and with-

out visual feedback. Subjects with visual feedback were able to maintain target force

levels over 20 second trials but subjects without visual feedback exhibited exponen-

tial decay in the amount of force applied over time. This result was exacerbated for

target forces near MVC.

Subasi and Kiymik [250] present a study to classify whether a biceps brachii

muscle was fresh or fatigued. Authors do not disclose what features were extracted,

but the resultant dimensionality was reduced with independent component analysis

(ICA). The authors constructed several artificial networks to test the efficacy of using

different time-frequency representations of the signal (STFT, Wigner distribution,

and continuous wavelet transform). Authors do not disclose how they discerned

muscle fatigue for the creation of training data, but do report as high as 91% accuracy

in classification.
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2.2.4 Conclusions from the Use of TFD in Biomedical Applications

It is clear that the use of Cohen’s class TFD in biomedical applications has

shown significant advantages over other time-scale and time-frequency methodolo-

gies. More to the point of this thesis, variations of the frequency content of signals

over time has been shown to be directly indicative of changes in biomedical systems.

This observation naturally leads to the choice of this signal processing technique in

the monitoring of biomedical systems for this thesis.

In addition, although using TFD uncovers more rich information from biomed-

ical signals, this represents only one half of the battle. The other half is this subject

of the next section. Namely, one must devise methods for converting the information

rich features obtained from sensors into diagnostic information about the condition of

the monitored system. The The next section will address how to detect and localize

epilepsy from EEG signals.

2.3 Detection and Localization of Epilepsy from EEG

2.3.1 Prior Work

Classification of EEG, in light of epilepsy, has generated substantial interest,

resulting in a voluminous body of literature. In general, EEG signal analysis ap-

proaches can be classified into time domain-based methods, spectral domain-based

methods, time-scale analysis-based approaches, and time-frequency analysis-based

approaches. Within time domain-based methods, measures of complexity and chaos

have proven most discriminative in EEG classification. Bao and Lie [20] utilize com-

plexity measures of Petrosian fractal dimension [203], Higuchi fractal dimension [97],
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Hjorth mobility [99], and Hjorth complexity [99]. To date, the seminal work of local-

ization based on time domain-based complexity measures was presented by Lehnertz

and Elger [143]. The authors proposed two features for spatio-temporal localization

measures: neuronal complexity loss (a variant of correlation dimension) and fraction

of nonlinear determinism. These features resulted in the best localization ability from

purely inter-ictal data. Lastly, the return to normal neuronal behavior is related to

distance from the epileptogenic focus [230] but the hippocampal foci of this study

and that of Bao and Lie [20], are closer together than the temporal lobes, making

classification more difficult than what we encounter in the study by Lehnertz and

Elger [143].

Complexity measures have enjoyed good success in the EEG classification,

but pale in comparison to chaos measures and other transforms. Aydin et al. [17]

employ measures of chaos in the form of Shannon entropy [236], Log entropy [47],

and Approximate entropy [204]. Lyapunov exponents (LE) [226] are another chaos

measure often used in EEG studies [87, 88]. Lyapunov exponents are a measure

of the exponential divergence of two state space trajectories with arbitrarily close

initial conditions in a low dimensional chaotic dynamical system [33]. While the use

of Lyapunov exponents has led to startling accuracy, skeptics claim EEG data does

not meet the theoretical requirements for LE analysis [54]. Proponents claim that

the large bandwidth in awake, “normal” subjects [21] leads to large LE versus the

smaller values induced by intermittent slow rhythmic waves of inter-ictal activity

[156]. Furthermore Iasemidis and Sackellares [108] claim the synchronized 3-7 Hz

spike and wave, as well as phase locking of groups of neurons during seizure induce
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the lowest LE values. However, the differences between eyes-open and eyes-closed

as well as inter-ictal behavior on opposite sides of the brain are not discussed by

authors.

Feature vectors extracted from the spectral domain only are largely ineffective,

with the notable exception of Ubeyli and Guler [260], who used features drawn from

power spectral density (PSD) estimates from MUSIC [228], PISARENKO [206], and

Minimum-Norm [135] eigenvector methods.

Time-scale analysis by discrete wavelet transform (DWT) is one of the most

applied methodologies in EEG signal classification [86, 87, 95, 191, 249]. Wavelets

usually have a finite support (or mostly finite support), which, in concert with trans-

lation and dilation, makes them more efficient for non-stationary signal description

that can localize features in both time and scale. Features derived from DWT coeffi-

cients include maximum, minimum, mean, and standard deviation of the coefficients

[86, 87, 95, 249], as well as the approximate entropy of the coefficients [191].

Little work has been done on automated EEG analysis in adults using joint

time-frequency (TF) analysis. TF analysis transforms time-domain signals into the so

called time-frequency distribution (TFD), which can be interpreted as joint (simulta-

neous) distributions of signal energy in the time and frequency domains, without the

scaling effects of wavelet transforms [46]. The most varied use of time-frequency anal-

ysis in EEG classification literature is the detection of seizure in neonates [93, 94, 190].

However, infants differ significantly from older patients [1], limiting the effectiveness

of those techniques to the adult population. In fact, only the work of Tzallas et

al. [254, 255] could be found to use TFD in older patient EEG and both papers
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amount to an exploration of appropriate time-frequency kernels. The feature vectors

proposed by Tzallas et al. [254, 255] were formed by splitting the TFD into a grid

with differing numbers of time and frequency windows and concatenating the total

energy in each window with the total EEG energy.

Feature reduction in the pertinent literature is sparse. Many of the authors

did not reduce their feature vector at all [17, 20, 86–88, 191, 249, 256–260]. However,

Tzallas et al. [254, 255] used the PCA to reduce the dimensionality of their proposed

feature vector. PCA decomposes a set of data along orthogonal axes which represent

the directions of highest data variance [66]. In this way, one can express the data

space with fewer dimensions while retaining most of the data variability. Specifically,

Tzallas et al. [254, 255] composed their feature vector as the total signal energy in

many time and frequency windows of the TFD of the EEG signal. As many as 5 time

windows and 13 frequency windows were used, leading to a 65-dimensional feature

vector. However, application of PCA where 99% of the data variance was retained

yielded a 5-dimensional feature vector. Furthermore, Webber et al. [275] used Linear

Discriminant Analysis (LDA) to reduce the dimensionality of their proposed feature

vector. LDA decomposes a set of data along axes that maximize the separation

between classes [66]. More specifically Webber et al. [275] proposed a 31-dimensional

feature vector. This feature vector was first analyzed using Pearson’s correlation

coefficient [241] to eliminate redundant features and then with LDA to determine

which features provided the most promising discrimination ability.

There are 3 successful archetypes of classifiers used in the literature. The most

frequently used classifier is the feed-forward neural network, realized as either the
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probabilistic neural network (PNN) [20, 87, 259] or the multilayer perceptron network

(MLPNN) [17, 86–88, 95, 254, 255, 275]. The second classifier archetype is an artificial

neural network refered to as the fuzzy inference system (ANFIS) [86, 249]. The

last, and most successful classifier archetype is the support vector machine (SVM)

[87, 256]. The efficacy of classifiers is task dependent and the parameters of these

classifiers are typically found by cross validation [66, 87]. Note that, although, the

three classifiers discussed above are the best performing classifiers in literature, many

more have been tried at the EEG differentiating task. Table 2.3 gives a comprehensive

summary of the literature corresponding to the 5 class EEG classification problem

emanating from the standard bench-mark dataset in [7] and used on our forthcoming

publication [185].

29



T
ab

le
2.

3:
S
u
m

m
ar

y
of

S
ta

te
of

L
it

er
at

u
re

,
S
or

te
d

in
D

es
ce

n
d
in

g
O

rd
er

of
A

cc
u
ra

cy
A

u
th

or
D

om
ai

n
E

x
tr

ac
ti

on
R

ed
u
ct

io
n

C
la

ss
ifi

er
A

cc
u
ra

cy

U
b

ey
li

[2
56

]
S
p

ec
tr

al
m

ax
im

u
m

,
m

in
im

u
m

,
m

ea
n
,

an
d

st
an

d
ar

d
d
ev

ia
ti

on
of

P
S
D

es
ti

m
at

es
N

on
e

S
V

M
99

.3
%

M
L

P
N

N
92

.9
%

G
u
le

r
et

.
al

.
[8

7]
T

im
e,

T
im

e-
S
ca

le

m
ax

im
u
m

,
m

in
im

u
m

,
m

ea
n
,

an
d

st
an

d
ar

d
d
ev

ia
ti

on
of

L
E

sp
ec

tr
a

an
d

D
W

T
co

effi
ci

en
ts

N
on

e
S
V

M
99

.2
8%

P
N

N
98

.0
5%

M
L

P
N

N
93

.6
3%

U
b

ey
li

[2
57

]
S
p

ec
tr

al
,

T
im

e-
S
ca

le

m
ax

im
u
m

,
m

in
im

u
m

,
m

ea
n
,

an
d

st
an

d
ar

d
d
ev

ia
ti

on
of

P
S
D

es
ti

m
at

es
an

d
D

W
T

co
effi

ci
en

ts
N

on
e

S
V

M
99

.2
%

M
M

E
98

.6
8%

P
N

N
95

.3
%

M
E

95
%

R
N

N
94

.8
5%

C
N

N
93

.4
8%

M
L

P
N

N
90

.4
8%

G
u
le

r
et

.
al

.
[8

6]
T

im
e-

S
ca

le
m

ax
im

u
m

,
m

in
im

u
m

,
m

ea
n
,

an
d

st
an

d
ar

d
d
ev

ia
ti

on
of

D
W

T
co

effi
ci

en
ts

N
on

e
A

N
F

IS
98

.6
8%

U
b

ey
li

et
.

al
.

[2
60

]
S
p

ec
tr

al
m

ax
im

u
m

,
m

in
im

u
m

,
m

ea
n
,

an
d

st
an

d
ar

d
d
ev

ia
ti

on
of

P
S
D

es
ti

m
at

es
N

on
e

M
M

E
98

.6
%

M
E

95
.5

3%

U
b

ey
li

[2
59

]
T

im
e

m
ax

im
u
m

,
m

in
im

u
m

,
m

ea
n
,

an
d

st
an

d
ar

d
d
ev

ia
ti

on
of

L
E

sp
ec

tr
a

N
on

e
P

N
N

98
.0

5%
M

L
P

N
N

92
.2

%

U
b

ey
li

[2
58

]
T

im
e-

S
ca

le
m

ax
im

u
m

,
m

in
im

u
m

,
m

ea
n
,

an
d

st
an

d
ar

d
d
ev

ia
ti

on
of

D
W

T
co

effi
ci

en
ts

N
on

e
P

N
N

97
.6

3%
M

L
P

N
N

92
.2

8%

G
u
le

r
et

.
al

.
[8

8]
T

im
e

m
ax

im
u
m

,
m

in
im

u
m

,
m

ea
n
,

an
d

st
an

d
ar

d
d
ev

ia
ti

on
of

L
E

sp
ec

tr
a

N
on

e
R

N
N

96
.7

9%

T
za

ll
as

et
.

al
.

[2
55

]
T

im
e-

F
re

q
u
en

cy
co

n
ca

te
n
at

io
n

of
si

gn
al

en
er

gy
in

m
u
lt

ip
le

w
in

d
ow

s
of

ti
m

e
an

d
fr

eq
u
en

cy
P

C
A

M
L

P
N

N
89

%
k
N

N
75

.8
8%

L
R

75
.4

4%
C

4.
5

74
.0

8%
N

ai
ve

B
ay

es
68

.9
6%

30



Note that the best reported accuracy is 99.3% in [256] and that Table 2.3

contains several terms that have not been discussed yet. Description of the terms

from Table 2.3 that have not been discussed yet are listed below:

• C4.5 is a decision tree classification algorithm [66]

• LR is the logistic regression classification algorithm [27]

• kNN is the k Nearest Neighbors classification algorithm [27]

• RNN is a Recurrent Neural Network [73]

• CNN is a Combined Neural Network [73]

• ME is a Mixture of Experts model [121]

• MME is a Modified Mixture of Experts model [121]

2.3.2 Conclusions from the Review of Detection and Localization of
Epilepsy

Despite the remarkable success of prior researchers in accurately classifying

EEG, three key studies are absent. First, none of the prior work investigates the

sensitivity of their classification algorithms to changes in the choice of data used to

formulate the training data set. Lastly, all of the work to date use the same features

to differentiate all classes (uniform features), regardless of what EEG classes are

being differentiated. Thus the research so far neglects that different features can be

used to better discern between different sets of classes.
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2.4 Modeling of Neuromuscularskeletal Systems

2.4.1 Biological Considerations

Before delving into NMS models, it is beneficial to understand the nature of

what the models attempt to capture. A review of skeletal muscle physiology, taken

largely from [126], will set the framework for discussion of how researchers have

sought to model the complexities of human appendage dynamics. To begin, Figure

2.4.1 shows, from macro- to nano-, several scales over which muscle physiology exists.

Most obvious is the largest scale where muscle body meets bone via the tendon and

fascia (sheath covering and organizing the muscle body). However, the muscle body

itself is a collection of muscle strands collected together by the epimysium and sepa-

rated from one another by the perimysium. It is at the muscle strand level that the

muscle is supplied with blood and enervated by motor neurons. However, each muscle

strand is a collection of still smaller muscle fibers sheathed by the fascicle, collected

together by the perimysium and separated by the endomysium. Each muscle fiber is

a cell with a nucleus, sarcoplasmic reticulum, and other cell supporting organelles as

well as its own collection of fibers called myofibrils. Myofibrils are constructed from a

longitudinally repeating pattern of longitudinally oriented proteins that are bounded

and demarcated by the “Z-lines”. Each repeating pattern between “Z-lines” is com-

posed of an array of myosin and actin filaments. These myosin and actin filaments

are, at the molecular level, responsible for the contractile force generated when the

muscle is commanded to contract.

With the physiology of the bone and muscle complex laid out, a description

of how neural commands (from the motor neuron) are transformed into contractile
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Figure 2.2: Breakdown of skeletal muscle physiology (adapted from [120], [36])
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forces (by the myosin and actin filaments) is required. First, the motor neuron acts

exactly like a central nervous system (CNS) neuron. The motor neuron receives in-

formation from the CNS via the synapses of its many dendrites. At this point, if the

information received commands the motor neuron to activate its constituent muscle

fibers, the motor neuron depolarizes its axon. A motor neuron may have many “tips”

to its axon to facilitate coordinated excitation of multiple muscle fibers. Depolariza-

tion of the axon is facilitated by the inrush of positive ions, namely potassium and

sodium, from outside the cell, to inside the cell. At rest, there is a low concentration

of these positive ions in the cell, creating a voltage potential across the cell mem-

brane. When the ions are permitted across the cell membrane, the voltage potential

drops significantly, hence the name depolarization. When the depolarization of the

motor neuron reaches the tips of the axon, excitatory information is sent across the

synapses to the sarcolemma of the muscle fiber.

The sarcolemma has similar properties to the cell membrane of the motor

neuron. Namely, it contains sodium and potassium channels so that the sarcolemma

can depolarize as well. Thus, the excitatory information coming from the motor

neuron across the synapse results in depolarization of the sarcolemma. However, de-

polarization of the sarcolemma does not enervate the myofibrils that are, ultimately,

responsible for muscle contraction. To facilitate enervation of the myofibrils, there is

a system of transverse tubular membranes that propagate the depolarization down

to the sarcoplasmic reticulum and the myofibrils. In addition to the sodium and

potassium channels in the sarcolemma, these transverse tubular membranes con-

tain calcium channels for depolarization. A side-effect of these transverse tubular
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membranes is that the capacitance of the sarcolemma is 5 to 10 times larger than

a typical neuron, which delays the longitudinal propagation of depolarization along

the sarcolemma.

Depolarization of the transverse tubular membranes activates the release of

calcium ions by the sarcoplasmic reticulum. In contrast to normal neuronal dis-

charges, which exhibit constant activation regardless of amplitude of depolarization,

the release of calcium is depolarization amplitude dependent. These calcium ions

work in unison with adenosine triphosphate (ATP) to allow contraction of the mus-

cle via the myosin and actin filaments. The contraction process can be understood

by noting that the binding of myosin heads to actin, or “cross-bridges” in Figure

2.4.1, is the mechanism of force generation in muscle. However, the actin filaments

in muscle are interwoven with tropomyosin, which acts as physical connection be-

tween the actin filament and troponin. In its “inactive” state, troponin blocks the

interaction between myosin heads and actin, preventing force generation. However,

when bound to calcium in its “active” state, troponin changes shape to permit the

myosin head to interact with the actin filament. Thus, the release of calcium from

the sarcoplasmic reticulum creates force generation in the isometric condition. Iso-

metric contraction of a muscle refers to the scenario where a muscle generates force

without changing the muscle length. Stated another way, the muscle generates force,

but the velocity of contraction is zero. However, for force generation to occur with

non-zero velocity of contraction, the myosin heads require ATP. The heads of the

myosin filament change shape when bound to ATP, creating a lever arm that can

ratchet the actin filaments toward the center of myosin filament. In summary, the
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sequence of force generation is as follows:

1. Calcium is released from the sarcoplasmic reticulum

2. Calcium binds with troponin to change the shape of troponin and permit cross-

bridges between the myosin and actin filament to form

3. Cross-bridges between the myosin heads and the active filament develop, which

is the mechanism for isometric muscle force generation

4. ATP binds with the myosin heads, resulting the myosin head bending so as to

pull the actin filament toward the center of the myosin filament

5. ATP is degenerated into adenosine diphosphate and phosphate, which triggers

the unbinding of calcium with troponin and allows the myosin head to return

to its “unbent” or natural condition

6. Steps 1-5 are repeated so long as the muscle is commanded to exert force

Now that the molecular biological considerations of how a muscle generates

force and contraction has been detailed, the functional relationship of muscle force

on muscle length can be readily understood by inspection of Figure 2.3. Specifically,

from points A to B in Figure 2.3 the muscle develops force nearly linearly with a

decrease in length. This is caused by an increasing number of cross-bridges, each of

which incrementally increases the force capacity of the muscle. However, from point

B to point C, the actin filaments meet the section of the myosin filament where there

are no myosin heads. Within this length interval, no new cross-bridges form as all

36



the myosin heads are actively engaged. From points C to D, there is a slight linear

drop in muscle force with length as the actin filaments overlap. The segment from

points D to E shows that, when the actin filaments overlap fully and interact with

opposite side of the myosin filament, there is a severe drop in force with length. This

can be understood by noting that the myosin heads produce torque to ratchet the

actin filament in only one direction, toward the center of the myosin filament. Thus,

if the actin filament is interacting with the opposite side of the myosin filament, that

portion of the actin filament is being pulled in a direction that destructively interferes

with muscle force development. The most severe case of this destructive interaction

occurs at point F, where the muscle is maximally contracted. Of course, Figure 2.3

shows an idealized piece-wise, linear version of the continuous curved dependence of

muscle force on muscle length. Nevertheless, this idealization succinctly captures all

major trends [162].

The mechanisms describing the relationship of muscle force to muscle length

detailed in Figure 2.3 tell only half the story, which is called active tension generation.

Figure 2.4 tells a more complete story. More specifically, Figure 2.4 shows that active

tension (dashed line in Figure 2.4) operates independently only for muscle lengths

less than a characteristic “resting length”. However, the muscle is composed of many

types of tissue, including connective tissue. The connective tissue in the muscle acts

as a non-linear spring which only exerts a passive tension (lower solid line in Figure

2.4) when extended beyond the resting length. The sum of these two sources of force

yield the total muscle tension (upper solid line in Figure 2.4). By now, it is obvious

that force is a highly nonlinear function of activation (from neural and sarcolemma
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Figure 2.3: Biological cause of the force-length relationship in muscles (adapted from
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The chemical reactions detailed so far describe the “long-term” effect of how

calcium and ATP contribute to muscle force. However, these reactions are rate

limited for a number of reasons. Namely, the binding and unbinding of calcium to
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troponin as well as ATP to the myosin heads are not instantaneous. Further, the

changes in shape of troponin and the myosin heads are not instantaneous either.

Lastly, the binding of actin to myosin is rate limited as well. All these phenomena

lead to a dependence of muscle force on the contraction velocity, as shown in Figure

2.5.
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Figure 2.5: Muscle force as a function of contraction velocity (adapted from [126])

In addition to the dependence of muscle force on neuronal activation ampli-

tude, muscle length, and muscle velocity, there is a dependence on neuronal activation

frequency. To help understand this dependency, Figure 2.6 shows the response of a

muscle to a step input of neuronal excitation (Stimulus), which is denoted in the up-
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per most set of axes. In the second set of axes, the depolarization of the sarcolemma

(Depolarization) is shown displaying the nearly first order nature of depolarization.

Next, the inherent electro-mechanical delay [293] between depolarization and the

release of calcium from the sarcoplasmic reticulum (Calcium transient) and the cor-

responding generation of muscle tension (Tension) is shown in the third axes. Note

that several phenomena of importance are denoted in Figure 2.6. Namely, there is a

delay between the depolarization of the motor neuron-sarcolemma complex and the

build up of calcium. However, the build up of calcium and the depolarization occur

on the same time scale. In other words, there is a phase shift between the depo-

larization and calcium concentration signals. Next, there is a slight delay between

the build up of calcium and the onset of force generation in the muscle. Further-

more, the sarcolemma depolarization and calcium concentration occurs faster than

the generation of tension.

Figure 2.7 shows the muscle tension response to several sets of neural inputs.

The line marked (a) shows the muscle tension response to a single neural impulse

whereas (b) shows how two neural impulses add together. It is useful to note that

the time scale of the development of muscle tension drops with additional neural

impulses. Indeed, the line marked (c) shows several neural impulses in succession

demonstrating how the mean muscle tension over time increases as a function of

neural input frequency. However, the line marked (d) shows neural input above a

threshold frequency called the “tetanus fusion frequency” where the muscle develops

maximum tension and the transient tension behavior is replaced with steady tension.

In summary, there are several phenomena that any model incorporating skele-
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tal muscles should take into account. While these phenomena have been addressed

in part by individual works, the aggregate has not been addressed by a single paper.

The phenomena are as follows:

• The observable EMG signature is an indirect measure of muscle activation as

it is composed of both the motor neuron and sarcolemma depolarizations [126].

This leads to the need for a statistical approach to deriving muscle force from

neuronal enervation.

• There is a delay between sarcolemma depolarization and the generation of mus-

cle force, which is mostly due to the delay between sarcolemma depolarization

and calcium buildup in the myofibrils [126].

• Muscles asymptotically increase mean tension and tension impulse frequency,

as well as decrease twitch (impulse) duration, as neural excitation frequency

is increased until the neural excitation frequency surpasses the “tetanus fusion

frequency” [126].

• For a fixed muscle length or velocity, muscle force generation is a nonlinear

function of EMG amplitude [166].

• Muscle force capacity is dependent on muscle length and shortening velocity

[126].

• Moment arms, upon which muscles generate torque about the joint, are depen-

dent on joint angle [126].
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• Passive joint damping and stiffness may be joint angle and velocity dependent

as well as EMG input dependent [89].

Now that the biological considerations of modeling NMS systems have been

laid out, attention turns to how this task has been tackled in the past. Models of

the NMS system are diverse and thorough reviews of the literature can be found in

[140, 268]. Regardless of model structure or focus, there are three considerations when

modeling the relationship between EMGs and joint kinematics, which are shown in

the dashed box of Figure 2.8 [126]. Namely, these considerations are:

• How does neuronal excitation of muscle, as measured by EMG, relate to muscle

force generation (muscle force generation block)?

• How do muscle forces interact with the skeleton to produce joint torque (joint

geometry block)?

• How does torque, applied to joint, affect joint motion (joint dynamics block)?

Other

Sensory

Input

CNS

Control

Muscle

Force

Generation

Joint

Dynamics
EMG

Joint

Outputs

Reference

Trajectory Joint

Geometry
F

NMS

Model

Figure 2.8: Block diagram of constituent parts of NMS models [126]
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The blocks depicted in Figure 2.8 form a natural division EMG-driven NMS

model structures. Thus, the review of EMG-driven NMS modeling literature is di-

vided by several classificatory variables as follows:

• which joints are modeled

• which muscles are included in the model

• does the model estimate joint kinematics or joint torques

• what signal processing is applied to the EMG input signals

• what type of model is used (first principles, blackbox, or greybox)

2.4.2 A Review of EMG-Driven Nueromusculoskeletal Models

EMG-driven, nueromusculoskeletal models have been developed for predicting

joint kinematics and torques for a variety of joints incorporating a variety of muscles

in the modeling. Thus, models are categorized first by the joint they address and

secondarily by the muscles involved in the model. The following list presents this

classification of EMG-driven NMS models:

• fingers

– flexor digitorum superficialis [98, 209]

– flexor digitorum profundus [98, 209]

• wrists
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– pronator teres [83, 84, 263, 273]

– supinator [83, 84]

– carpi radialis [84, 111, 273]

– carpi ulnaris [84, 111]

– anconeus [83, 273]

• elbows

– biceps [9–14, 16, 31, 39, 62, 65, 74, 83, 84, 92, 96, 111, 113, 125, 130, 132, 133, 136–

138, 144, 147, 155, 157, 159, 166, 167, 173–177, 179, 182–184, 200, 210, 212, 222,

223, 237, 243, 244, 261, 263, 269, 272, 273, 280, 283, 289]

– triceps [9–12, 14, 16, 31, 39, 62, 65, 74, 83, 84, 92, 96, 111, 113, 125, 130, 132, 136,

137, 144, 147, 155, 157, 159, 166, 167, 173–177, 179, 182–184, 200, 212, 222, 223,

237, 243, 244, 261, 269, 272, 273, 280, 289]

– brachioradialis [11, 12, 39, 74, 92, 132, 133, 136–138, 144, 147, 155, 166, 167, 175–

177, 179, 182–184, 222, 223, 237, 243, 244, 261, 263, 273, 289]

– brachialis [39, 65, 130, 133, 136, 138, 147, 155, 166, 167, 174, 175, 177, 179, 222,

261, 263, 273]

• shoulders

– deltoid [9–12, 16, 62, 65, 84, 130, 137, 237, 243, 261]

– pectoralis major [10–12, 16, 62, 84, 96, 130, 237, 243, 261]

– infraspinatus [84]
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– teres minor [84]

– teres major [84, 130, 136]

– trapezius [9]

• ankles using:

– gastronemius [3–5, 26, 34, 85, 89, 101, 107, 150, 154, 168]

– tibialus [34, 85, 107, 168]

• knees using:

– rectus femoris [67, 107, 154, 227]

– biceps femoris [89, 107, 154, 227]

– semimembranosus [154]

– semitendinosus [58, 89, 154, 227]

– sartorius [154]

– tensor fascia latae [154]

– gracilis [154]

– vastus [58, 59, 67, 154, 227]

• spine

– lumbar erector spinae [198, 211]

– thoracic erector spinae [198, 211]
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– internal oblique [198]

– external oblique [211]

– latisimus dorsi [198]

– rectus abdominus [198]

Furthermore, NMS models have been developed to predict:

• joint torque when joint kinematics are constant (either constant joint angle

or angular velocity) [3–5, 9, 26, 31, 34, 67, 85, 92, 101, 107, 130, 133, 136, 138, 150,

154, 159, 166, 168, 173–177, 182–184, 198, 210–212, 237, 243, 261, 263, 273, 280, 283]

• joint kinematics when joint torque is constant [26, 113, 179]

• joint torque when joint kinematics varies [3–5, 9, 12, 34, 39, 65, 84, 98, 111, 125,

130, 144, 147, 155, 167, 175, 177, 209, 211, 212, 222, 223, 227, 244, 263, 280, 289]

• joint kinematics when joint torque varies [10, 12–14, 16, 58, 59, 62, 74, 83, 89, 96,

132, 137, 157, 176, 179, 200, 269]

Models differ by how they process raw EMG signals are processed into muscle

activation signals. Examples of processing techniques include:

• Linear Envelope Processing [10–14, 16, 34, 39, 62, 65, 74, 83, 85, 92, 101, 111, 113,

125, 130, 133, 136, 138, 144, 147, 150, 154, 155, 157, 159, 167, 168, 173, 175–177, 179,

182–184, 198, 200, 210–212, 222, 223, 227, 237, 243, 244, 261, 263, 269, 272, 273, 280,

289]
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• dead zone operator [157]

• variance weighted average [157]

• decentralized kalman filter [157]

• counting action potentials [24, 26]

• RMS [9, 84, 89, 107, 137, 174, 283]

• mean absolute value [98]

• shannon entropy [209]

• low pass filtering [31, 130]

• mean power frequency [67, 283]

• median power frequency [283]

• PCA [11, 12]

• ARX model [34, 58, 59, 96, 154, 155]

• EMG histogram [58]

• clustering by self-organizing map [58, 59]

• Nonlinear normalization [34, 154, 155]

• “EMG to active state conversion” [3–5, 74, 132]

• Normalization based on force-length and force-velocity relationships [211]
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• first order chemical kinetics equations [11, 272, 286]

• statistical moments derived from short time Fourier transform [9]

• wavelet packet transform [243]

• “single parameter A-model” [166, 168]

Lastly, models can be delineated by whether they are based on:

• first principles [3–5, 13, 34, 39, 74, 83, 111, 132, 133, 138, 147, 154, 155, 166–168, 173,

198, 200, 211, 222, 223, 227, 237, 263, 269, 272, 283, 289]

• black box techniques

– linear and nonlinear regression [26, 65, 67, 101, 107, 125, 136, 150, 174, 210,

212, 280]

– joint velocity proportional to mean absolute EMG difference [157]

– decision tree [98]

– autoregressive models with exogenous input [10, 14, 31]

– simple linear dynamics [85]

– time domain features [113]

– neural network [9, 16, 58, 59, 62, 96, 137, 159, 175–177, 223, 244, 261]

– fast orthogonal search [176]

– cosine tuning functions [243]
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– output error model [10]

– state space models [11, 12]

– artificial neuro-fuzzy inference system [84, 209]

– linear combinations of cascaded linear systems [92]

– support vector machine [89]

• grey box methods based on a mixture of first principles and data driven ap-

proaches

– muscle activation estimated from EMG by feedforward neural network

[144, 273]

– joint torque estimated from EMG by feedfoward neural network [130]

– joint impedance parameters estimated by radial basis function neural net-

work [179]

– muscle forces estimated from fast orthogonal search based on Hill muscle

models [182–184]

2.4.2.1 Conclusions on the State of the Art in Neuromusculoskeletal
Modeling

By now, it has been shown that literature:

• Does not exploit advanced signal processing to fully utilize the EMG signal

and often ignores the EMG frequency dependence of muscle force altogether

52



• Does not offer sytem-based evaluation of the difference in normal joint move-

ment and abnormal joint movement, such as fatigue

Note that work has been done to track changes in the NMS system from symptomatic

and model-based perspective. Namely, these tracking methodologies rely to deter-

mining changes in either the EMG [61, 128] or joint kinematics [232, 242]. Tracking

changes in models relating EMG to joint kinematics is still unaddressed.

In addition to these, heretofore, unaddressed issues, no single paper tackles

all of the biological concerns, reiterated as follows:

• EMG is an indirect measure of muscle activation

• electromechanical delay

• frequency dependence of muscle force generation from enervation

• muscle activation is a nonlinear function of EMG input

• muscle force is muscle length and contraction velocity dependent

• moment arms through which muscle force produces joint torque are joint angle

dependent

• passive joint dynamics may be joint angle and velocity as well as EMG input

dependent

However, it has been noted that higher order frequency moments HOFM performed

admirably in dynamic estimation of hand forces in the work of Arslan et al. [9]
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and that features drawn from AR models and WPT performed well in the isometric

estimation of hand force in the work by Song et al. [243]. These results suggest there

is substantial room for improvement by augmenting the traditional information of

EMG amplitude with information on the EMG frequency. Thus, features drawn from

Cohen’s class [46] of bilinear, joint time-frequency distributions will be used as the

signal processing tool of choice in this doctoral research.
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Chapter 3

EEG Classification

3.1 Description of Dataset

EEGs come in two forms. There is the non-invasive scalp EEG (sEEG) ob-

tained via electrodes positioned in a grid on the patient’s head, measuring about

6 cm2 of collective cortical activity under each electrode [230]. Also, there is the

invasive intra-cranial EEG (iEEG) obtained using strip, grid, or depth electrodes on

the cortex or inserted into deep brain structures. Despite preferential use of sEEG

to mitigate brain damage, sEEG is confounded by skull insulation and electrode

to epileptogenic zone distance. Nevertheless, detection, localization, and diagnosis

based on sEEG shows progress [102, 224]. Most literature uses iEEG data for its

cleanliness (no artifacts) and resolution (proximity to epileptogenic zones). In this

paper, we will use a mixed data set consisting of sEEG and iEEG.

The data set used in this work is constructed from 5 distinct classes of patients,

as described in depth by Andrzejak et. al. [8]. The data is publicly available via [7]

and is frequently used in the literature studying the use of EEG signals [87, 255, 256,

260]. Sets 1 and 2 are surface sEEGs of awake, non-epileptic patients with eyes open

and eyes closed, respectively. Set 3 is composed of inter-ictal iEEGs measured in the

hippocampus formation contra-lateral, or opposite, to the epileptogenic zone. Set 4 is
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comprised of inter-ictal EEGs recorded in the focal hippocampal formation. Set 5 is

a collection of ictal measurements taken from the hippocampal focus during clinician

confirmed seizures. All sets contain 100, 23.6 second EEGs band-pass filtered from

0.53-40 Hz and sampled at 173.61 Hz with 12 bit resolution.

3.2 Feature Extraction

Before delving into the features used in our classification algorithm, note that

in the subsequent analysis, we have transformed the 5-class classification problem into

10 pairwise classification subproblems. If Cxy denotes the subproblem of discerning

between classes x and y, it is clear that separating ”normal“ patients with eyes open

from those with eyes closed is the subproblem C12 (since, as mentioned in Section

3.1, recordings from “normal” patients with eyes open are denoted as class 1 and

recordings from “normal” patients with eyes closed aer labeled as class2). Similarly,

localization of the epileptogenic focus during inter-ictal periods is represented by the

subproblem C34. Lastly, separating ”normal“ from inter-ictal from ictal is represented

by the combination of subproblems C13, C14, C23, and C24 versus C35 and C45 versus

C15 and C25 respectively.

Figure 3.1 shows an exemplary TFD from each of the 5 classes in the problem

considered in this paper. We adopt the strategy of Tzallas et. al. [254] and break

the TFD into 13 select frequency bands, as shown in Figure 3.1.
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Figure 3.1: Exemplary TFD from each of the signal classes considered in this paper
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3.2.0.2 Features for ”Normal“ versus Inter-Ictal versus Ictal

The subproblems comprising the differentiation of “normal” (or classes 1 and

2) from inter-ictal (classes 3 and 4) from ictal (class 5) are C13, C14, C15, C23,

C24, C25, C35, and C45. This may be better understood by noting that “normal”

versus inter-ictal is represented by subproblems C13, C14, C23 and C24. Furthermore,

“normal” versus ictal is respresented by subproblems C15 and C25. Lastly, inter-

ictal versus ictal is represented by subproblems C35 and C45. The collection of these

subproblems makes up all binary subproblems with the exceptions of differentiating

“normal” patients with eyes open from “normal” patients with eyes closed (class

1 versus class 2 or C12) and differentiating inter-ictal signatures ipsi-lateral to the

epileptic focus from signatures contra-lateral to the focus (class 3 versus class 4 or

C34).

Let T (fi <= f <= fj|tm) represent the signal energy in the frequency band

from fi to fj at time tm. Following Cohen [46], we interpret the frequency fk to be

a discrete random variable with probability mass function pk = T (fk,tm)∑j
k=i T (fk,tm)

. Note

that pk is just the normalized energy in the frequency band at time tm. As such, the

expected value, Ef , of frequencies in the frequency band from fi to fj at time tm is

calculated as

Ef [T (fi ≤ f ≤ fj|tm)] =

j∑
k=i

fkpk (3.1)

and the variance, V arf , of frequencies in the frequency band from fi to fj at time

tm is calculated as
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V arf [T (fi ≤ f ≤ fj|tm)] =

j∑
k=i

(fk − Ef [T (fi ≤ f ≤ fj|tm)])2 pk (3.2)

Using the variance of frequencies in a given frequency band for all M time samples,

one can construct a time series, V arf (t), describing how the signal bandwidth in

a frequency band changes over time. Thus, we have 13 V arf (t) corresponding to

each of the frequency bands shown in Figure 3.1. Inspired by the work of Webber et

al. [275], we extracted seven values from each V arf (t) to capture the differences in

signal bandwidth over time. The seven values are enumerated in Table 3.1.

Table 3.1: Values extracted from V arf (t) to differentiate ”normal“ from inter-ictal
(C13, C14, C23 and C24) and “normal” from ictal (C15 and C25) as well as interictal
from ictal (C35 and C45)

Mean Energy
Mean Curve Length [275]

Mean Vertices per Second [275]
Mean Vertex Curvature [275]

Standard Deviation of Vertex Curvature [275]
Mean Absolute Slopes of Amplitudes [275]

Standard Deviation of Absolute Slopes of Amplitudes [275]

These seven values were extracted from each of the 13 V arf (t). The ratio of each of

these values between each pair of frequency bands was calculated, resulting in a large

feature library. Due to the substantial differences in these classes, the subproblems

C13, C14, C15, C23, C24, C25, C35, and C45 can be perfectly separated using only

five of the features in the library and a (linear) hyperplane decision boundary. The

methodology used to select the subset of five features from the library is discussed

later in the “Feature Reduction” subsection.
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3.2.0.3 Features for ”Normal“ Patients with Eyes Open versus ”Normal“
Patients with Eyes Closed

We now turn attention to features for differentiation of “normal” patients

with eyes open from “normal” patients with eyes closed, which is expressed in this

paper as the binary subproblem C12. We retain the variance of frequencies, V arf (t),

discussed in the prior subsection and introduce another time series, MedianT (t),

describing the changes in the median energy within each frequency band over time.

Calculating the median energy in a frequency band at time tm is straightforward

using the normalized energy pk introduced in the previous subsection. Using the

median energy in a given frequency band for all M time steps, one can construct

a time series, MedianT (t), describing how the median energy in a frequency band

changes over time. Five values were extracted from both V arf (t) and MedianT (t)

and are enumerated in Table 3.2.

Table 3.2: Values extracted from MedianT (t) and V arf (t) to differentiate ”normal“
patients with eyes open from ”normal“ patients with eyes closed (C12)

Mean
Median

Mean Energy
Shannon Entropy [124]

Ratio of Mean Rise Time to Mean Fall Time [275]

As in the previous subsection, these five values were extracted from both the

13 MedianT (t) and the 13 V arf (t) and the ratio of their values among the pairs of

frequency bands were calculated, resulting in another large feature library. Unlike
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the previous set of subproblems, differentiating between healthy patients with eyes

open and eyes closed constitutes a significantly more complex classification problem

than all other binary subproblems, with the exception of C34. Differentiation of the

problem C12 can be perfectly achieved using five features from the feature library

with a non-linear decision boundary. The method of choosing these five features is

detailed in the “Feature Reduction” subsection.

3.2.0.4 Features for Inter-ictal Contra-lateral to Focus versus Ipsi-lateral
to Focus

Now, we turn attention to features for differentiating inter-ictal signatures

of epileptic patients measured ipsi-lateral to the epileptic focus from inter-ictal sig-

natures measured contra-lateral to the focus, which is denoted in our work as sub-

problem C34. We calculated time series to describe how the median, variance, and

skewness of energy in each frequency band change over time. The calculation of the

median, variance, and skewness of energy at time tm, is straightforward. Calculation

of the median, variance, and skewness for each of the M time steps yields the time

series MedianT (t), V arT (t), and SkewT (t) respectively. Five values were extracted

from each time series and are enumerated in Table 3.3.

These values were calculated for each time series from each frequency band

and the ratio of these values between frequency bands was also calculated resulting

in a third large feature library. Due to the extremely complex nature of this classifi-

cation task, problem C34 requires 5 features with a nonlinear decision boundary for
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Table 3.3: Values extracted from MedianT (t), V arT (t), and SkewT (t) to differentiate
inter-ictal signatures contra-lateral to epileptic focus from ipsi-lateral to the focus
(C34)

Mean
Coefficient of Variation [275]

Coefficient of Variation of the Vertex to Vertex Amplitudes [275]
Skewness of the Vertex to Vertex Amplitudes [275]
Kurtosis of the Vertex to Vertex Amplitudes [275]

Mean Curve Length [275]

separation. Choice of the five features is discussed in the next section.

3.3 Feature Reduction

We implemented a modified form of the forward selection method [27] to re-

duce the feature libraries described in the prior subsection into feature vectors of 5

elements. In each classification, the data is split into a training group and a test

group. Furthermore, the training group is partitioned for 10-fold cross validation

[66]. Each classification will be composed of the 10 binary subproblem classifica-

tions previously discussed. For each binary subproblem classification, Cxy, let the

corresponding feature library have Mxy features. The forward selection method uses

only the training set to select the best 5 of the Mxy features in the feature library to

partition the test data into the 2 classes composing the subproblem Cxy.

The first step of the forward selection algorithm is to assess a measure of the

classificatory accuracy for each of the Mxy individual features in the feature library.

To obtain this measure of accuracy, we must postulate a classifier model which, as

will be made clear in the next section, requires selection of classifier parameters via
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a grid search methodology [27]. For sake of clarity, assume that the grid search

methodology results in N sets of classifier parameters to be explored. Thus, for

each of the Mxy individual features in the feature library and for each of the N

sets of classifier parameters explored in the grid search, we calculate the mean of

the 10 accuracies arising from the 10-fold cross validation procedure. This results

in N mean accuracies for each of the Mxy individual feature in the feature library.

Thus, fore each of the Mxy features, the maximum of the N mean accuracies is taken

to be the the measure of classificatory accuracy. Next, the Mxy accuracies for all

features are sorted in descending order and the top 25 highest performing features

are retained in a seeding set, R. These 25 features will now seed the next stage of

the algorithm.

In the second stage, each seed from set R is assigned to be the initial feature

in a feature set S. At this point, the algorithm iterates through all Mxy features

in the library not currently in S, appending each feature onto S temporarily and

testing the accuracy of the appended feature set. The accuracy of the appended

feature set is calculated as described in the first step of the algorithm. As such,

it requires the postulation of a new classifier model requiring testing of the N sets

of classifier parameters in the grid search methodology. As before, the accuracy of

each of the N sets of classifier parameters explored is the mean of the 10 accuracies

arising from the 10-fold cross validation. Thus, the accuracy of the appended feature

set is calculated as the highest of the mean accuracies from the N sets of classifier

parameters. The feature that yields the highest mean accuracy when appended to

S is then added to S. This process in repeated until there are 5 elements in S. The
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process of building S is repeated using each of the initial 25 features in R as the seed

for S. This results in 25 sets of 5 elements each. The set with the highest accuracy

among the 25 constructed feature vectors is ultimately used for classification.

3.4 Classification Framework

Support vector machines (SVM) are linear, maximum-margin, binary classi-

fiers that can deal with classes that are not linearly separable [51]. The use of SVM

is often accompanied with transformations of the original feature space, ~xi, into a

higher (possibly infinite) dimensional space, φ (~xi). Performing a linear classification

in this high dimensional, nonlinear space permits nonlinear decision boundaries to

be calculated in the original feature space. For the sake of completeness, we provide

a short discussion of SVM, which comes largely from Burges [35]. SVM constructs

a hyperplane, ~w · φ (~xi) + b = 0 between vectors from two classes (hence its inherent

binary classifier nature). The SVM algorithm constructs the hyperplane, as in Fig-

ure 3.2, such that the distance from the hyper plane to the two nearest vectors (or

margin), d+ and d−, one from each class, is maximized. Calculation of the hyper-

plane is solved by quadratic optimization, which is discussed at length in [35]. More

specifically, SVM finds the solution to the minimization problem

L (~w) =
‖~w‖2

2
+ C

n∑
i=1

ξi (3.3)

where:

• ξi are the so-call “slack variables” which are non-zero only for data points on
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the incorrect side of the decision boundary.

• C is the cost of having data points on the incorrect side of the decision boundary

and is a user determined value.

The distance of a test point, dj, to the decision boundary provided by the

classifier when presented pattern φ (~xj), with definitions of w and b included, is

calculated as

dj =
n∑
i=1

αiyiφ (~xi)
T · φ (~xj) +

∑
j

(∑n
i=1 αiyiφ (~xi)

T · φ (~xi)− yi
)

NSV

(3.4)

and the class label is calculated as

Classj = sgn (dj) (3.5)

where:

• αi are Lagrange multipliers introduced in the quadratic program solution,

which are only non-zero for points lying on the margins

• NSV is the number of αi that are non-zero

Note that φ (~xi)
T · φ (~xj) is called the “kernel” and is denoted as K (~xi, ~xj).

Recall that subproblems C13, C14, C15, C23, C24, C25, C35, and C45 required a linear

classification boundary, which prompts the use of SVM with a linear kernel [51],

defined by
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K (vecxi, vecxj) = ~xi
T ~xj (3.6)

Further, subproblems C12 and C34 required non-linear classification boundaries, which

prompts the use of SVM with a radial basis function (RBF) kernel defined by

K (vecxi, vecxj) = exp

(
‖~xi − ~xj|‖2

2γ2

)
(3.7)

Note that both the slack cost, C, and the RBF parameter, γ, are found by the grid

search methodology [27].
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Figure 3.2: Example of SVM

Note that, for a given test vector, the SVM classifier inherently provides a

class label and a distance from the decision boundary. Using the distance from the
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decision boundary, the method of Platt’s posterior probabilities [207] was used to

calculate the probability of the test vector belonging to a given class after which the

test vector can be assigned to the class to which it is the most likely to belong. In

our formulation, each test vector is presented to each of the 10 subproblems, result-

ing in 10 class labels from the SVM classifiers and 10 probabilities from the Platt’s

posterior probabilities. To combine the 10 class labels and probabilities, the prob-

abilistic combination formulation developed by Wu et al. [282] was implemented.

The methodology developed in [282] results in a single class label and corresponding

probability of belonging by weighing the 10 provided class labels with their corre-

sponding probabilities after which the test vector can be assigned to the class with

the highest probability of belonging. Wu et al. [282] showed that the methodology

is superior to simple voting schemes and prior probabilistic formulations.

3.5 Results

Experiments were conducted to determine both the accuracy and robustness

of the proposed classification scheme in discriminating between the 5 classes. Ro-

bustness was tested by increasing the percentage of data used to train the classifier

from 25% to 75% in increments of 5%. For each percentage of data used for training,

250 trials with randomly selected training vectors were run to determine the distri-

bution of classification accuracies for that percentage of training data. Within each

trial and for all subproblems, the SVM slack cost, C, was determined by 10-fold cross

validation [66] and the grid search methodology [27]. In addition, for subproblems

C12 and C34, the RBF kernel parameter, γ, was also determined by cross-validation
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and the grid search methodology.

3.5.1 Results Obtained Using Forward Selection Applied Only to the
Training Data

Within each trial and for each subproblem classifier, feature vectors were

found by applying the forward selection algorithm described in the “Feature Reduc-

tion” subsection only to the relevant training data. Thus, each subproblem classifier

had a forward selection dependent on the available training data only. As described

before, the forward selection method was used to find a feature vector of dimension

5 for all subproblems.

The resulting accuracies for the multi-class system utilizing the forward selec-

tion algorithm are presented in Figure 3.3. Note that Figure 3.3 shows the median

of the accuracies as well as measures of the dispersion of the classifier accuracies,

expressed via several inter-quintile ranges of the distribution of classifier accuracies.

Specifically, the medium gray patch represents the middle 60% of accuracies, ranging

from where the cumulative mass function, CMF, of classifier accuracies crosses 20%

and 80% of observed accuracies. Similarly, the dark gray patch represents the middle

20% of the accuracies ranging from where the classifier accuracy CMF crosses 40%

and 60% of observed accuracies.

To further test the robustness, we performed statistical hypothesis tests on

both the median as well as the dispersion of the accuracies of the new, multi-class

framework. The results of these hypothesis tests are shown in Figure 3.4. More

specifically, Figure 3.4 is split in two halves, with the results of the Wilcoxon rank
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Figure 3.3: Accuracy of the multi-class classifier with forward selection applied to
training data as a function of the percentage of data used for training
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sum test for equality of medians [142] in the upper right triangle and the results of the

non-parametric Levene’s test for equality of variance [192] in the lower left triangle.

In all hypothesis testing, black panels denote rejections of the null hypothesis of

equality of either median or variance at the 1% significance level, while white panels

denote inability to reject the null hypothesis. Note that white panels cover from 50%

to 70% of data used for training, giving evidence that the accuracy distributions are

similar over many percentages of data used for training. This can be interpreted as

a high degree of robustness of the algorithm proposed in this paper.
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Figure 3.4: Results on hypothesis tests on the equivalence of median and variance be-
tween the different percentages of data used for training when using forward selection
on the training data

Most of the literature referenced in this paper use 50% of the data for training.
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Although this 50% is made up of different numbers of training vectors (e.g. 4000

vectors for the works by Guler and Ubeyli and 250 vectors for Tzallas et al.), the

use of 50% of the data for training purposes provides some ground for comparison of

algorithms. When using 50% of the data for training and utilizing forward selection

on only the training data sets, our algorithm outperformed the best reported in

literature [256] 7.2% of the time and attained perfect accuracy 3.2% of the time. It

is, however, important to note that, without knowing the distribution of accuracies

of other classifiers in the literature, more in depth comparisons can not be made.

For a broader measure of performance, we present Figure 3.5, which shows

the percentage of experiments exceeding the best accuracy in the literature, as well

as the percentage of experiments achieving perfect accuracy. These percentages

of experiments achieving either better than the best reported accuracy or perfect

accuracy are given for each percentage of data used for training.
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Figure 3.5: Portion of experiments achieving either perfect accuracy or performing
better than best literature as a function of the portion of data used for training.
Results correspond to the case when only the training data were used to determine
the best feature sets in the feature reduction stage.
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3.5.2 Results Obtained Using the Set of Features Determined via For-
ward Selection Procedure Applied to the Entire Dataset

We also applied the forward selection method to the entire dataset to find

the feature vectors that are best suited for each subproblem, as evaluated from the

entire data set (thus, the feature sets do not change with different random trials

or for different portions of the data used for training, as they did in the previous

subsection). By “best suited”, we mean that we seek the 5 element feature vector

that yields the largest SVM margin for each subproblem. To do this, we modify the

final stage of our forward selection algorithm. In addition to collecting the accuracies

for each of the 25 highest performing feature vectors, we also collected the margin

widths. Thus, the feature vector with both the highest accuracy and the largest

margin is ultimately selected from the 25 constructed vectors use in classification.

Thus, we seek features that are not only separable, but exhibit the greatest differences

between classes. As in the previous subsection, forward selection was used to find a

feature vector of dimension 5 for all subproblems. The resulting accuracies for the

multi-class system utilizing the forward selection algorithm are presented in Figure

3.6.

The results of hypothesis testing on accuracies when using the best features

are shown in Figure 3.7. Note the preponderance of white panels giving evidence that

the accuracy distributions are similar over many percentages of data used in training.

This can, again, be interpreted as a high degree of robustness of the algorithm.

When using 50% of the data for training, our algorithm outperformed the best

reported in literature [256] 13.2% of the time and attained perfect accuracy 6% of the
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Figure 3.6: Accuracy of multi-class classifier using the best features in each subprob-
lem as a function of percentage of data used for training
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time. Figure 3.8 shows the percentage of experiments exceeding the best accuracy

in literature as well as the percentage of experiments achieving perfect accuracy for

all percentages of data used in training.
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Figure 3.8: Portion of experiments achieving either perfect accuracy or performing
better than best literature as a function of the portion of data used for training.
Results correspond to the case when the entire dataset was used to evaluate what
features should be retained in the 5 element feature vectors for each subproblem.

3.6 Discussion

We have presented a classification algorithm that draws on the feature extrac-

tion successes of Webber et al. [275], Bao and Lie [20], Kannathal et al.[123], Tzallas

et al. [254, 255], and Djurdjanovic et al. [64] as well as the classifier successes of both
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Guler and Ubeyli [87, 256]. Specifically, we extracted novel features from the TFD

of the EEG signals. Use of the probabilistic multi-class framework for combining

binary classifier results allowed the utmost flexibility in using diverse feature sets to

allow good accuracy in each of the binary subproblems. High accuracy in each of

the subproblems resulted in a combined classifier system that is able to outperform

the best accuracy previously reported in literature.

Figure 3.5 shows that, when using forward selection, our algorithm outper-

forms the best in literature and attains perfect classification when using at least 40%

of the data for training. However, Figure 3.8 shows that for each percentage of data

used to train, our algorithm outperforms the best in literature and achieves perfect

accuracy. As would be expected, the number of experiments meeting or exceeding

the best in literature generally grows with the amount of data used to train the

algorithm regardless of whether forward selection or the best features are used. We

achieved a maximum of 16% of experiments exceeding the best in literature when

the best features are used and when utilizing 70% of the data for training. At the

commonly 50% of data used for training [86–88, 255–260], we exceed the best in lit-

erature 13.2% of the time and obtain perfect classification 6% of the time. From 55%

to 65% of data used for training, our algorithm reasonably consistently outperforms

the best in literature about 14.5% of the time.

The performance of our algorithm is reinforced by noting from Figure 3.4

that, statistically speaking, the distributions of accuracies of our algorithm when

using forward selection are similar when 50% to 70% of the data is used for training.

This can be seen by noting the nearly rectangular block of white panels in the
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lower right of Figure 3.4. When using the best features, Figure 3.7 shows that the

distribution of accuracies is similar when using 45% to 70% of data for training

suggesting that the best features allow the classification algorithm to achieve nearly

the same performance with fewer data points used for training. This algorithm

advances the field toward perfect accuracy in classifying epilepsy, which help alleviate

clinical review of exceedingly long data set.

3.7 Conclusions

In this paper, we present a new multi-class SVM-based classification frame-

work utilizing diverse feature sets drawn from the TFDs of the signals. The use of a

probability based multi-class framework to unify the inherently binary SVM classi-

fier allowed flexibility so the algorithm could choose the best features to differentiate

each of the binary subproblems in the EEG signal classification. Our algorithm is

able to outperform the best reported accuracy in literature and even attains perfect

accuracy some of the time. We have investigated the sensitivity of the algorithm

to changes in the amount of data used for training and have found its performance

to be statistically similar over a wide range of data used for training. Furthermore,

for each portion of data used for training, we showed that our algorithm is robust

to which data is used for the training set by performing many randomized trials.

The results show that the use of the newly proposed algorithm robustly outperforms

the existing work in terms of accuracy of the classification of EEG signals. Lastly,

the ability of the algorithm to perfectly discriminate normal subjects from epileptic

patients shows its utility in dramatically reducing clinical review. Since all errors
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made by the classifier are in the localization of epilepsy, clearly more work needs to

be done in this area.
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Chapter 4

Linear Modeling and Anomaly Detection of NMS

System

4.1 Introduction

Diagnostic methods to capture changes in the operation of a biomedical sys-

tem from its nominal behavior, or anomalous behavior, has always been an area of

human interest. Methodologies range from gauging a fever by forehead temperature

to modern day diagnostic tools such as medical imaging or electroencephalogram.

The majority of diagnostic methods in engineering or biomedical systems utilize

only the outputs from the underlying systems for anomaly detection and characteri-

zation. Borrowing from medical parlance, these are symptomatic diagnostic methods

for which an anomalous output from a system is synonymous with an anomalous sys-

tem. The assumption underlying this diagnostic paradigm is that the inputs to the

system are stationary, which unfortunately does not hold true for most biomedical

systems and many engineering systems.

In spite of that, symptomatic methods remain at the forefront of medicine.

One reason is that, for many biomedical systems, we still lack sufficient sensing

technology to obtain measurements of all relevant system inputs and outputs. In ad-

dition, for many systems, such as the brain, we still do not understand their function
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sufficiently to conduct a dynamic analysis on an input-output basis. However, if all

the relevant inputs and outputs of a system are appropriately sensed, one can con-

struct relationships between the two. These relationships can used to differentiate

between anomalies caused by unusual inputs into the system, which are changes that

are not really due to faults or system degradation, from those caused by changes in

internal system dynamics, which are truly indicative of faults in the system. Fur-

thermore, dynamic relationships can more reliably characterize what changes have

occurred within the system as opposed to purely output based analysis. Thus, the use

of such dynamic input-output relationships within the so-called system-based diag-

nostic paradigm bring significant benefits compared to those of purely symptomatic

approaches.

System
Output

Figure 4.1: Comparison of symptomatic (left) and system-based (right) approaches
to diagnostics

While system-based diagnostics remains impractical for many biomedical sys-

tems, the nueromusculoskeletal (NMS) system is ripe for this diagnostic paradigm

shift because inputs and outputs are more or less measurable and much work has

already been done to relate the two. Namely, torque about joints arising from muscle

contraction provide the power to move the skeleton. These contractions are induced

via electrical signals from the central and peripheral nervous system and their ef-

fects on the muscles are indirectly measurable through electromyography (EMG).

Furthermore, joint torques and motion variables in terms of angular positions and
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velocities constitute the outputs from the NMS system and are also measurable via

dynamometers and motion capture systems.

The aforementioned measurements have been used extensively in literature

to construct models of the NMS system. Broadly speaking, these models of the

NMS system are diverse and thorough reviews of the literature can be found in

[140, 268]. Generally, models have been derived using both first principles and data-

driven (black box) approaches to estimate the relationship between EMG and joint

output variables for fingers [98], various parts of the arm [62], various joints of the

legs [227], and even for the spine [198]. Regardless of model structure or focus, there

are three problems these models tackle as illustrated in the dashed box of Figure 4.2

[126]. These problems are:

• How does neuronal excitation of muscles, as measured by EMG, relate to muscle

force generation?

• How do muscle forces interact with the joint geometries to produce joint torques?

• How does torque, applied to a joint, affect joint motion?

Other

Sensory

Input

CNS

Control

Muscle

Force

Generation

Joint

Dynamics
EMG

Joint

Outputs

Reference

Trajectory Joint

Geometry
F

NMS

Model

Figure 4.2: Block diagram of constituent parts of NMS models [126]
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The muscle force generation is tackled using various methods for processing

and transforming EMG signals. Many EMG processing approaches seek to emu-

late the underlying physics of neural control and action potential propagation [126].

Examples of such techniques include normalization based on force-length and force-

velocity relations [211] as well as first order chemical kinetics equations [286]. On

the other hand, many purely data-driven processing techniques have been devel-

oped with the singular goal of modeling accuracy. Linear envelope processing (LEP)

[119] is one such technique which, despite being invented more than 50 years ago,

still retains its position as the single most used signal processing technique applied

to EMG signals for modeling purposes [12, 65, 74, 85, 92, 111, 133, 155, 167, 173, 176,

222, 263, 269, 273]. In addition, the use of frequency based EMG features. such as

simple low-pass filtering [130], mean or median power frequency [283], and higher or-

der spectral moments derived from short time Fourier transform [9] have been shown

to increase model accuracy.

Most models in the literature handle joint geometry and joint dynamics via

the model structure itself and do not, explicitly, differentiate the two sub-problems.

Overwhelmingly, neural networks [244] and regression-based techniques [210] are the

two dominant, data driven model structures utilized in the literature.

Despite the advancements in modeling the NMS system, most applications

do not take advantage of advanced signal processing and often ignore the temporal

changes in the frequency content of EMG signals. On the other hand, temporal

changes in neuronal excitation frequency are highly important in NMS modeling

because the very nature of neural communication with muscles can be characterized
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by both amplitude and frequency modulation [126].

Anomaly detection within the NMS system has been approached from a symp-

tomatic and model-based perspective. Namely, these tracking methodologies rely to

determining changes in either the EMG [61, 128] signatures or joint kinematic tra-

jectories [232, 242] independently. While these methods show promising results, a

system-based approach to monitoring the NMS system based on dynamic models

relating EMG signals with joint kinematic variables has not yet been posed. This

paper seeks to rectify these shortcomings by using advanced signal processing to

extract new features from EMG signals which are used to build models that permit

detection and characterization changes in the NMS system.

The rest of the paper is organized as follows. Section 4.2 describes the signal

processing and modeling techniques used to relate EMG to joint kinematics. Section

4.3 details experimental data collected from human subjects as well as presents the

results of our proposed system-based monitoring method on that data. Finally,

Section 4.4 outlines the contributions of the paper as well as avenues for future

work.

4.2 Methods

The newly proposed, systems-based diagnostic method tracks changes in the

dynamic relationship between inputs derived from EMG measurements and outputs

obtained from joint kinematic measurements. The general framework of the method

can be divided into three parts:
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• modeling joint kinematics as a function of EMG measurements

• anomaly detection and joint-level characterization of anomalies based on the

statistical behavior of modeling errors

• tracking and analysis of changes in the NMS model parameters leading to

assessments of contributions to anomalous behavior caused by changes in indi-

vidual muscle contributions to the NMS system dynamics and changes in the

interactions between joint kinematic variables considered in the model

4.2.1 Modeling Considerations

Establishing a model between EMG measurements and joint kinematics is

a daunting task and has received much attention in the literature. Two pervasive

difficulties hamper the construction of such models. Firstly, EMG is a noisy signal

[55] which, at best, is a measure of the collective nerve and muscle depolarizations

underneath the electrodes [221]. This difficulty has given rise to many attempts to use

advanced signal processing techniques to extract useful and informative features from

the signals. Henceforth, the process of applying these signal processing techniques

to EMG signatures will be called EMG feature extraction.

The second difficulty in the modeling process is that even with perfect neural

command information, the NMS system is inherently a complex, nonlinear system

with multiple inputs and outputs [126]. Hence, any attempt at system based mon-

itoring of the NMS system needs to cope with challenges of noise, model structure,

and parameter identification. The remainder of this section will describe how these
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challenges were addressed.

4.2.1.1 EMG Processing and Feature Extraction

Neuronal communications within the body are characterized by the frequency,

amplitude, and phase of the neuron action potential train [114]. More specifically,

muscle force amplitude, as a function of motor neuron activation, is characterized

by the so-called “twitch response” [126]. This results in an increase in mean muscle

force with increasing neuronal activation frequency in isometric contraction. The

twitch response also results in a nonlinear, low-pass filter [112, 126] response between

activation and muscle force generation. Furthermore, isometric muscle activation,

and hence muscle force production via the Hill-type model, has been shown to be a

piecewise linear and logarithmic function of neuronal excitation [166]. Given these

concepts, it is pertinent for any model connecting surface EMG (sEMG) signals with

joint kinematics to incorporate information on the temporal behavior of amplitude

and frequency of the sEMG signal.

In this work, we utilized Cohen’s class of time-frequency distributions (TFD)

[46] to gain concurrent insight into how sEMG signal energy varies in both time and

frequency. Specifically, the TFD, C (t, ω) of a signal, s (t) is calculated as

C (t, ω) =
1

4π2

∫ ∞
−∞

∫ ∞
−∞

A (θ, τ)φ (θ, τ) e−j(θt+τω)dτdθ

A (θ, τ) =

∫ ∞
−∞

s∗
(
u− τ

2

)
s
(
u+

τ

2

)
ejθudu

(4.1)

where:
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• s∗
(
u− τ

2

)
s
(
u+ τ

2

)
is the instantaneous autocorrelation function of the signal,

with s∗ (t) denoting the complex conjugate of s (t)

• A (θ, τ) is the ambiguity function of the signal, expressed as the inverse Fourier

transform of the instantaneous autocorrelation function

• φ (θ, τ) is the so-called kernel of the distribution

Proper choice of the kernel, φ (θ, τ), can imbue the distribution with desirable math-

ematical properties, such as the strong time and frequency support, upholding time

and frequency marginals, providing instantaneous frequency and group delay, and

reducing the interference of signals in the time-frequency plane [46]. The binomial

kernel [116], which is a signal independent member of the so-called reduced interfer-

ence distribution family of kernels, was utilized in this paper. The signal independent

nature of the binomial kernel enabled a faster calculation of TFDs compared to sig-

nal dependent kernels, while delivering the aforementioned desirable mathematical

properties [248].

Because of those mathematical properties, the binomial kernel based TFD

could reliably and efficiently be used to extract time-dependent features that are

indicative of the instantaneous amplitude and frequency of the sEMG signal. Specif-

ically, for each moment in time, the instantaneous energy, < f 0|t >, and the instan-

taneous frequency, < f 1|t >, of the signal were, respectively, calculated as follows
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〈
f 0|t

〉
=

∫ ∞
−∞

C (t|ω) dω

〈
f 1|t

〉
=

∫ ∞
−∞

fC (t|ω) dω

(4.2)

These quantities provide information about instantaneous energy and frequency ex-

pressed as conditional expectations calculated using the binomial TFD as a two

dimensional probability density function of signal energy in time and frequency.

These two features, extracted from all sEMG signals, were used as the inputs

for the model used to predict the joint kinematics. The form of the model and the

calculation of its parameters are discussed in the next section.

4.2.1.2 Vectorial ARX Modeling of the NMS System

Several portions of the NMS system can be viewed as serial chain manip-

ulators as illustrated in Figure 4.3. This view has given rise to anthropomorphic

robotics [25] as well as models for predicting joint kinematics from joint torques [12].

Representing a human limb as a serial chain manipulator permits the formation of

Denavit-Hartenberg table [15], which can be used to directly calculate the equations

of motion [246] as

~̈θ = D−1
(
~θ
) [
−C

(
~̇θ, ~θ
)
~̇θ − g(~θ) + ~τmuscle

]
(4.3)

where:

• ~θ is the column vector of joint angles
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• D
(
~θ
)

is the inertia matrix

• C
(
~̇θ, ~θ
)

describe centrifugal and Coriolis effects

• g(~θ) arises from the potential energy of the robot

• ~τmuscle is the column vector of torques exerted by the muscles

shoulder joint

elbow joint

wrist joint

Figure 4.3: Example of the human arm expressed as a serial chain manipulator [15]

In order to approach the system-based diagnostics problem from an analyti-

cally tractable perspective, we assume a linear, discrete form to approximate (4.3),

yielding the model of the form
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~x [t] = A~x [t− 1] + B~τmuscle

~x [t] =
[
~̇θT [t] ~θT [t]

]T (4.4)

The authors are aware that this is a strong and restrictive assumption, but, as will

be shown in Section 4.3, analytical tractability of model (4.4) led to some inter-

esting insights enabled by formal stability analysis of the model and the ability to

efficiently adapt the model to changes in the NMS system. Furthermore, in order to

approximate the effects of the twitch response, the torque on the joint from muscu-

lar contraction, ~τmuscle, will be modeled as a linear dynamic model of the features,

< f 0|t > and < f 1|t >, which yields the model in of the form

~̇θ [t] = α~̇θ [t− 1]+β~θ [t− 1]+
G∑
g=1

[
~γg
〈
f 0|
[
t− τEMg

]〉
g

+ ~δg
〈
f 1|
[
t− τEMg

]〉
g

]
(4.5)

This formulation is readily recognized as a vectorial autoregressive model with ex-

ogenous inputs (vARX model) [196], where:

• α is a matrix of autoregressive coefficients relating joint velocities to one an-

other

• β is a matrix of exogenous coefficients describing the effect of joint angles on

the joint velocities

• γ = [~γ1, ..., ~γG] is the matrix of exogenous coefficients describing the effect of

sEMG instantaneous energy on joint velocity
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• δ =
[
~δ1, ..., ~δG

]
is the matrix of exogenous coefficients describing the effect of

sEMG instantaneous frequency on joint velocity

• ~τEM =
[
τEM1 , ..., τEMG

]
is a vector of electromechanical delays (EMDs) describ-

ing the delays from neural activation to the start of muscle force generation

[126] for all the G muscles

•
〈
f 0|
[
t− τEMg

]〉
g

is the instantaneous energy for the gth muscle delayed by the

EMD for that muscle

•
〈
f 1|
[
t− τEMg

]〉
g

is the instantaneous frequency for the gth muscle delayed by

the EMD for that muscle

For a given EMD, ~τEM , the coefficient matrices α, β, γ, and δ can be esti-

mated from the simultaneously collected sEMG and joint kinematics data by using

the simple least squares algorithm. This was utilized to jointly optimize the vector

of EMDs, ~τEM , and model parameters α, β, γ, and δ via a metaheuristic method

described in the next subsection.

4.2.1.3 Estimation of Electromechanical Delay

Muscles are constructed of varying proportions of fast and slow twitch muscles

[270] and the electromechanical delay (EMD) is positively correlated to the propor-

tion of slow twitch fibers in the muscle [239]. As such, the value of the EMD must

be chosen for each muscle independently. In this work, independent muscle EMD

optimization was accomplished using a genetic algorithm (GA). The GA minimized
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the Akaike information criteria for the multiple input, multiple output system in

Equation (4.5), which is expressed as natural log of the determinant of the one-step

prediction error covariance matrix of the corresponding models of each joint [105].

Each candidate solution of the GA was represented by a chromosome whose

ith element corresponds to the ith muscle EMD, as illustrated in Figure 4.4. The chro-

mosome elements are constrained to represent EMD times between 10ms and 100ms,

which is motivated by findings reported in the literature [49]. For a given vector of

EMDs, the remaining model parameters were obtained by linear least squares estima-

tion, allowing one to assess the fitness of the corresponding model via the covariance

matrix of the modeling errors [105].

calculate

Figure 4.4: Block diagram depicting the (k-1)st (left) and the kth generation of the
GA where the ith chromosome element represents the delay for the ith muscle

The GA population size was 216 with a 1% elite carryover from each genera-

tion to the next. The remaining 99% of each population was produced by crossover

and mutation in even measures and implemented as in Deep et al. [56]. See the

appendix for a more detailed description of the crossover and mutation methodology
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employed in this paper.

To inspire diverse solutions, the GA was run in 10 parallel sessions, and a

20% migration of the best solutions from each session occurred every 5 generations

[188].

In the next section, we discuss how this model and the errors it generated

were used for detection of anomalies in the NMS system as well as characterization

of those anomalies at the joint and muscle levels.

4.2.2 Anomaly Detection and Joint-Level Characterization of Anomalies

For each individual subject, a vARX model was trained on a data set believed

to be representative of his or her least degraded state. This model will be referred

to as the fresh model and this data set will be called the fresh data set. Once the

fresh model is identified, the distribution of one step ahead prediction errors that the

fresh model makes on the fresh data set is modeled using a Gaussian Mixture Model

(GMM). The GMM form is used because of its universal approximation properties

and the ability to efficiently update its parameters as new data become available

[245]. The distribution of errors made by the fresh model on the fresh data set will

be called the fresh error distribution.

As new data are presented to the model and new, one-step prediction errors

become available, the GMM of modeling errors is continuously updated to model the

most recently observed errors. More specifically, the updated GMM is re-estimated

by windowing at each point in time and the updated distribution of errors will be

referred to as the updated error distribution.
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If the dynamic relationship between inputs and outputs of the monitored

system is unchanged, the updated distribution of modeling errors should be very

similar to the fresh distribution. However, the updated distribution will change shape

as the NMS system dynamics change due to fatigue or injury. Thus, in the presence of

an anomaly, the aforementioned overlap between distributions should be smaller than

the overlap observed during anomaly-free operation. Matusita’s overlap coefficient

[170] was used to measure the similarity between the fresh error distribution and the

updated error distribution. For the fresh distribution, p1 (~x), of modeling residuals

and the updated distribution, p2 (~x), of modeling residuals, the Matusita’s overlap

coefficient is calculated as

GFI =

∫ √
p1 (~x) p2 (~x)d~x (4.6)

and is referred to as the Global Freshness Index (GFI). The GFI is a scalar which

varies from zero to one, with values near 1 indicating high similarity between the

most recent behavior dynamics and the behavior dynamics observed on the fresh

data set. Conversely, GFI values near zero denote a small overlap between the two,

which represents little similarity between the most recent behavior and the behavior

from the fresh data set .

Both the fresh and updated error distributions, p1 (~x) and p2 (~x), are, in gen-

eral, multivariate probability density distributions (PDF), with each dimension cor-

responding to one step prediction errors of an individual joint velocity estimate. The

marginals of these multivariate PDFs contain information about errors correspond-

ing to the models of each individual joint velocity in the vARX model (4.5). Thus,
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the same procedure of calculating the Matusita’s overlap can be carried out on the

marginals of the fresh and updated error distributions . This process is depicted in

Figure 4.5 and can be thought of as splitting of a GFI into individual Joint Fresh-

ness Indices (JFI). In this manner, anomalies can be detected with GFI and relative

contributions of each individual joint to the anomalous behavior can be assessed via

individual JFIs.

Fresh

Model

Fresh

Model

Feature

Extraction

Figure 4.5: Flow chart of localizing anomalies at the joint level

The next level in understanding anomalies will be quantitative understanding

of how much of the joint level mismatch expressed by the JFI is due to changes in

the way each individual muscle contributes to the ARX model of the joint, and how

much is due to changes in the internal dynamics of the model of that joint.
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4.2.3 Characterizing Anomalies at the Joint Dynamics and Muscle Lev-
els

The concept of tracking changes in the dynamic interaction between joints

as well as the dynamic effect of muscles on joints relies on the structure of the

vARX model and is illustrated in Figure 4.6. Namely, as new EMG features and

joint velocities are observed, the vARX model that relates them can be efficiently

updated to track changes in the underlying dynamics. In this paper, the parameter

matrices α, β, γ, and δ of the updated model are adapted using a recursive least

squares algorithm with a forgetting factor [153], thus describing the dynamics of the

most recent NMS system behavior.

Fresh

Model

Model

Compare
Feature

Extraction

Figure 4.6: Flow chart of localizing anomalies to joint dynamics versus individual
muscles

At any time sample k, the similarity of dynamic responses from input to

output between the fresh model and the updated model was assessed by comparing the

frequency responses of the relevant transfer functions emanating from the multiple
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input, multiple output model (4.5). By assuming forward Euler integration Equation

(4.5) is reformulated as a state space model according to

[
~θ

~̇θ

]
[t+ 1] = A

[
~θ

~̇θ

]
[t] + B

[
~u

~v

]
[t]

~y [t] = C

[
~θ

~̇θ

]
[t]

A =

[
I dT I

β α

]
(4.7)

B =

[
0

γ δ

]
C = [0 I]

where:

• dT is the sampling time

• I is the identity matrix

• 0 is a zero matrix

• ~u is the vector muscle instantaneous energies,
〈
f 0|
[
t− τEMg

]〉
g
, delayed by

their respective EMD for g = 1..G

• ~v is the vector muscle instantaneous frequencies,
〈
f 1|
[
t− τEMg

]〉
g
, delayed by

their respective EMD for g = 1..G
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Clearly, the matrix of transfer functions [77], H (jω), can be calculated as

H (z) = C (zI−A)−1 B (4.8)

In Equation (4.8), rows correspond to outputs and columns correspond to

inputs. More precisely,
∣∣∣H(f)

i,k (z)
∣∣∣ denote the magnitude of the frequency response

matrix for the fresh model between input k and output i and let
∣∣∣H(u)

i,k (z)
∣∣∣ denote

the magnitude of the frequency response for the updated model between input k and

output i. The measure of similarity, D
(i)
k , for the two models between input k and

output i is expressed as

Di,k =

∫ ωN

0

min
(∣∣∣H(f)

i,k (z)
∣∣∣ , ∣∣∣H(u)

i,k (z)
∣∣∣)− c

max
(∣∣∣H(f)

i,k (z)
∣∣∣ , ∣∣∣H(u)

i,k (z)
∣∣∣)− cdω (4.9)

where:

• ωN is the Nyquist frequency

• c is the smallest value evaluated in the interval [0,ωN ] for either function

Like Matusita’s overlap coefficient, this measure of similarity ranges from 0

to 1, with 1 suggesting very similar dynamic interactions between the designated

input and output for the two models, and 0 suggesting otherwise. Since inputs into

the model (4.5) are features extracted from EMG signatures of the relevant muscles,

overlaps (4.9) illustrate how influences from various muscles on the corresponding

dynamics change over time.
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Thus, the dynamic model (4.5) can be used to detect anomalies in the system

as significant departures of dynamic interactions from their patterns during normal

(fresh) NMS system behavior, as well as to hierarchically characterize contributions

to the anomalous behavior at the joint level and the muscle level. The next section

will present the results of applying this methodology to NMS system signals collected

from several human subjects.

4.3 Results

The aforementioned methodology was applied to track fatigue induced changes

in the performance of the NMS system of 12 different human subjects. Muscle fa-

tigue was used as a proof of concept because it is extensively studied and can easily

be induced without damaging subjects.

Muscle fatigue can be seen as the inability for muscles to provide the required

or expected force [70] and, as such, represents a departure from “normal” functioning

of the NMS system. While the precise biological causes of fatigue are still debated

[277], many reproducible NMS phenomena are associated with fatigue. Within the

context of the proposed NMS modeling strategy, fatigue has been found to:

• Decrease surface EMG frequencies resulting from active motor units firing more

slowly and synchronously [6]

• Increase surface EMG amplitudes in some cases resulting from active motor

units [6] firing synchronously

• Change muscle coordination [50]
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• Change repetitive motion trajectories [52]

• Change local joint stability in some cases, which could arise from decreased

proprioception [186], decreased kinesthesia [201], increased reflex time [69],

and increased central nervous system processing time [264]

Each one of the aforementioned physiological effects of fatigue will have an

effect on the model parameters in our methodology, leading to a natural validation of

the techniques laid out above. The remainder of this section is organized as follows.

First, the protocol and measurements used to collect the NMS system data from

the subjects is described. Lastly, the results of the newly proposed methodology are

shown.

4.3.1 Data Description

The data used to demonstrate the newly proposed system-based monitoring

of the NMS system was collected from 12 subjects in a study by Gates and Dingwell

[78]. For the sake of completeness, the data collection procedure will be briefly

described below, though more details on this topic can be found in [78]. Subjects

were strapped into a high back chair with a five point harness to reduce trunk motion

as depicted in Figure 4.7. The subject then performed a repetitive sawing motion at

1 Hz, as directed by a metronome, in an anterior-posterior movement while gripping

a handle attached to a weighted sled. The sled was weighted to 15% of the subject’s

average maximum voluntary contraction force. Sawing continued until voluntary

exhaustion.
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Figure 4.7: Seated subject executing sawing motion. White circles represent kine-
matic markers used to track the subject’s motion via the Vicon System.

Figure 4.8 depicts the the human arm as well as the joint kinematic variables

and the locations of the muscles used in the modeling of this work1.

Joint kinematic data was collected at 60Hz using an 8 camera, Vicon-612 mo-

tion analysis system from Oxford Metrics in Oxford, UK. Furthermore, surface EMG

data was captured at 1,080 Hz using Delsys system from Delsys Inc. in Boston, MA

1Abbreviated notation is used throughout the rest of the document. The notation is as follows.
GHPE: GH plane of elevation, GHNE: GH negative elevation, GHAR: GH axial rotation, EF:
elbow flexion, EP: elbow pronation, WF: wrist flexion, WUD: wrist ulnar deviation, MT: middle
trapezius, PD: posterior deltoid, LD: lateral deltoid, AD: anterior deltoid, PM: pectoralis major,
B: biceps, T: triceps, FCR: flexor carpi radialis, ECR: extensor carpi radialis
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[131]. Table 4.3.1 shows the dependence of joint kinematic variables [281] that were

recorded on the muscles from which surface EMG were recorded for the analysis2.

GHPE GHNE GHAR

EF

EP

WF

WUD

PD

AD

LD

PM
B

T

ECL

FCL

MT

Figure 4.8: Joint kinematic variables (black) and muscles (blue) for which measure-
ments were acquired, superimposed on the anatomy of the human arm (adapted from
goo.gl/MJHeEo and [281])

2All muscles have some capacity to affect motions of all joints because of the kinematic coupling
of the skeletal system. Within the proposed modeling procedure, kinematic coupling is explicitly
addressed.
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Table 4.1: The primary causal relationship between muscles (rows) and joint kine-
matics (columns) based on muscle origin and insertion points [194]. “X” denotes
that the muscle (row) effects the corresponding joint kinematics (column).

GHPE GHNE GHAR EF EP WF WUD
MT X X X
PD X X X
B X X X X X

FCR X X X X
LD X X X
PM X X X
AD X X X
T X X X X X

ECRL X X X X

4.3.2 Feature Extraction

The analysis outlined in the proceeding sections relies on statistical signifi-

cance of trends in the EMG features, overlap coefficients GFI and JFI, as well as

model parameters. A trend is deemed statistically significant via a T test [57] of the

linear fit slope at the 95% confidence level.

For this particular dataset, features were extracted from the EMG signatures

at the EMG collection frequency of 1080 Hz and down sampled to 60 Hz for synchrony

with the kinematic data at 60 Hz. Figure 4.9 depicts the sEMG features, < f 0|t >

and < f 1|t >, for one of the subjects in the study. The values of < f 0|t > for

each muscle within the fresh data were scaled to range from 0 to 1 and these scaling

factors were applied to the rest of the data accordingly. The values of < f 1|t >

were scaled by the Nyquist frequency. It was noted that the statistically significant

drops in < f 1|t > over time, which is one of the most persistently cited of the sEMG
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fatigue indicators [6], were present in 75% of subjects for MT, PD, LD, AD, T and

FCR. On the other hand, sEMGs from B, PM, and ECRL muscles showed this trend

in 58% of subjects.
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Figure 4.9: (Left column) < f 0|t >s with statistically significant positive trends at
the 95% level in bold red. (Right column) < f 1|t >s with significant negative trends
at the 95% level in bold red. Trends correspond to classical fatigue indicators [6].
Rows correspond to different muscles. Gray patches on the left side of each plot
denotes the fresh data.
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4.3.3 Modeling

Figure 4.10 depicts the angular velocities of each joint that was modeled in

this study. To ensure numerical stability of the modeling procedure, joint velocities

and angles were normalized to range between -1 and 1 within the fresh data and

those normalization factors were applied to the rest of the kinematic data.

θ̇ θ̇

S03 Low Kinematic Output

100 200 300 400 500 600

−0.7

0.6

Time (s)

W UD

−0.8

0.3

W F

−1.7

0.4
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−0.5

0.4

EF

100 200 300 400 500 600

−2.1

0.4

Time (s)

GHAR

−0.6

0.5

GHNE

−0.5

0.7

GHP E

Figure 4.10: Time series of joint velocities which were normalized to range from -1
to 1 using fresh data. Gray patch denotes the fresh data

The GA minimizes the determinant of the error covariance matrix on the fresh
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data set. More specifically, this was done by constraining the EMD for a muscle to

be the same for each joint kinematic variable that the muscle could effect based

on the biological relevancy summarized in Table 4.3.1. The optimization procedure

converged quite quickly by reaching its best performance in about 10 generations.

The GA converged for all subjects within 14 generations. On average, the GA

reduced the determinant of the fresh data error covariance by 12% suggesting proper

identification of EMDs has a significant effect on model efficacy.

4.3.4 Anomaly Detection and Joint-Level Characterization

Figure 4.11 depicts the GFI for one of the subjects, illustrating the negative

trend over time. Statistically significant decreasing trends in the GFI over time were

established for all subjects. The median drop in GFI over all subjects is 39% and

GFI drops varied from 15% to 64%.
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Figure 4.11: GFI versus time for an example subject. The red line represents a
statistically significant negative trend.
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Figure 4.12: Individual JFI versus time for an example subject. The red lines repre-
sent statistically significant negative trends.

Figure 4.12 shows the behavior of joint level JFI overlap coefficients over

time for the same subject considered in Figure 4.11. It was observed that negative

trends in JFIs for GHPE, GHAR, EP, and WUD were statistically significant for all

subjects. In addition, negative JFI trends for GHNE and WF were significant for all

but one subject, while negative trends for the JFI of EF were significant for all but

three subjects. These generally downward trends are commiserate with the slow,

fatigue dynamics sought in [61, 232, 242]. In addition to the slow EMG dynamics
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offered in those works, the proposed methodology is able to track very fast, transient

changes in the relationship between EMG and kinematics.

Besides trends in GFIs and JFIs, highly localized drops, like those occurring

in Figure 4.12 and Figure 4.11 at 135 s, 246 s, 314 s, and especially 440 seconds, were

present in all subject GFIs and JFIs. They arise for two reasons. First, there are

moments where the subject displays abnormally large absolute values of joint angle

or velocity arising due to the motion capture system losing track of a marker. Many

of these artifacts have been filtered out using a discrete wavelet filtering technique

[106], but the algorithm does not capture all instances in all subjects. A typical

example of this type of event accounts for the drop at 246 s due to a spike in WUD

and GHNE.

Secondly, unusual muscular firing sessions where one or more muscles attain

instantaneous energies of up to two orders of magnitude greater than those seen in the

fresh data occur in every subject. Since the model is trained only on the muscle firing

patterns in the fresh data, such unusual input patterns occasionally led to the model

briefly losing accuracy which causes the overlap indices to drop briefly. In fact, one

third of subjects experienced instantaneous energies from 3 to 5 times those observed

in the fresh data. Another third of subjects experienced instantaneous energies an

order of magnitude greater than the fresh data and the remainder experienced two

orders of magnitude greater instantaneous energies than what was seen in the fresh

data. A typical example of this type of event is responsible for the drop at 440

seconds, during which unusual patterns of muscular activity in the MT, B, FCR,

LD, AD, T, and ECRL where observed, as visible in Figure 4.9.
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Despite these localized drops and recoveries, the general downward trend of

overlap indices persists for all subjects. The next section will discuss the cause of

these trends in terms of a more detailed dynamic analysis.

4.3.5 Localizing Anomalies at the Joint Dynamics Versus Muscle Level

Besides statistical tracking of model changes described above, anomalies in

NMS behavior were future analyzed via updated dynamic models (4.5) that adapted

to new measurements as described in Section 4.2.

Figure 4.13 depicts the errors made by the fresh model and those produced by

the updated model for the same subject considered in Figure Figure 4.11 and Figure

4.12. It can be seen that the recursively updated model is obviously able to adapt

to the anomalous inputs and reject the spike in errors produced by the fresh model.

Furthermore, the recursive model is able to reject mean shifts in errors, as visible

from 180 to 560 seconds in WF and from 280 to 620 second in WUD.
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Figure 4.13: 1 step prediction errors from the fresh model (blue) and the updated
model (red) for the same subject in Figure 4.11 and Figure 4.12

Figure 4.14 shows the transfer function overlaps for the EMG inputs to the

GHAR joint velocity. Note that, through the kinematic coupling from matrix A in

Equation (4.7), every muscle has an effect on every joint velocity. Similar to what

was observed with the JFIs, drops recoveries of the transfer function overlaps are

visible. For example, the overlaps for instantaneous energy inputs of T, AD, and

PM all show sharp drop offs directly related to the anomalous spikes in those signals

visible in Figure 4.9. Similar events, on smaller scales, are visible for LD, PD, and
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MT. On the other hand, the overlaps for instantaneous frequency have a qualitatively

different behavior. Drops in the overlap due to anomalous spikes are still visible, but,

in general, overlaps return to normal.
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Figure 4.14: Overlap of transfer functions between EMG inputs to GHAR for fresh
model and updated model. Gray patches represent fresh data. < f 0|t > is on the left
column and < f 1|t > is on the right column.

Over all subjects, muscle features, and joints, 96% of the transfer function overlaps

exhibited statistically negative trends. The muscles MT, AD, and LD had negative

trends for all joint velocities over all subjects. More specifically, < f 0|t > for MT
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and LD as well as < f 1|t > for MT and AD displayed negative trends. The feature

< f 1|t > for FCR also exhibited a negative trend for all subjects and joints, with

the exception of GHPE joint velocity in the subject that performed the task for

the longest duration of time. Interestingly, the length of time to failure seems to

be negatively correlated with muscle feature transfer function overlaps exhibiting

negative trends. Specifically, the 7 shortest duration subject showed negative trends

in all muscles for all joints. All of the muscle and joint combinations that do not

show negative trends are restricted to the 5 subjects with the longest duration of

movement. Moreover, the two longest performing subjects performed the task for

twice as long as the next longest performing subject. These subjects also exhibit more

than 82% of the muscle and joint combinations that do not show transfer function

overlaps. A paired T test of the slopes of the transfer function overlap between the

instantaneous energies and instantaneous frequencies was not able reject the null

hypothesis that the slopes were the same for any subject or joint.

The next section summarizes the results, presents the major contributions of

this work, and presents avenues for future work.

4.4 Conclusions

In this work, we have presented and demonstrated a system-based monitoring

methodology capable of detecting changes in the NMS system during the onset of

muscle fatigue. The features extracted from the time frequency distributions of EMG

signals enabled creation of dynamic models able to predict joint velocities from EMG

signatures. Error analysis of these models led to detection of statistically significant
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changes in the global NMS system model for 100% of subjects performing a repetitive

sawing task until voluntary exhaustion. Furthermore, the proposed system detected

statistically significant changes in the dynamic behavior of 96.5% of the 84 joints

considered in this study (7 joints for each of the 12 subjects). These results are

commiserate with the EMG fatigue tracking in [232].

In addition, a more quantitative analysis based on linear system principles

demonstrated that the methodology is able to capture changes in the effects of muscle

activity on the joint motion. A reduction in the effects of muscle activity on the joint

motion was evident in 100% subjects, which can be seen as indicative of the fatigue

process. Furthermore, trends were detected for 96% of the joint and muscle transfer

functions over all subjects.

The ability of the monitoring methodology to track and characterize changes

in the NMS system would be useful in determining when athletes or patients for

physical therapy should cease training. Furthermore, the methodology can be used

to create customized training regimens for athletes. By determining joints and con-

stituent muscles with the largest propensity for change within the system, focused

exercises to strengthen the constituent muscles can be be formulated.

To the best of the authors’ knowledge, this work is also the first to simulta-

neously optimize multiple muscle EMD as well as the first to pose a system based

diagnostic method for monitoring of the NMS system. That being said, there is ample

room for improvement and future work. First, and most importantly, the linear dy-

namics assumption should be lifted. Second, there are avenues for better utilization

of the frequency information extracted from the time frequency distributions such
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as the use of higher order instantaneous frequency statistics of the time-frequency

distributions of the EMG signals or instantaneous entropy of energy based weighting

of data samples in modeling. Third, fatigue is known to increase muscle EMD [292]

and it would be advantageous to design a method to track these changes for the

dynamic models developed in this work. Lastly, as with any data driven method,

the validity of the technique should be further demonstrated on data corresponding

to non-repetitive motions.
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Chapter 5

Nonlinear Modeling and Anomaly Detection of

NMS System

5.1 Introduction

In this chapter, the rather restrictive linear assumption of Equation (4.4) is

relaxed by using a nonlinear method to model the connection between the sEMG

features and joint kinematic variables. Within the literature focusing on data-driven

approaches, nonlinear modeling techniques can be categorized into global models

and the so called “divide-and-conquer” models. Global models, such as feedforward

neural networks [288] or radial basis networks [178], try to decompose a generic

nonlinear dependency onto a set of basis functions. This is typically done via min-

imization of the sum of squares of one-step ahead prediction errors. The ability of

such models to approximate a wide range of functions is a major advantage, but

this attractiveness comes at the expense of virtually no analytical tractability, which

significantly hampers monitoring and control applications. These types of models

were used in several papers to relate EMG signals to joint kinematics or torque

[9, 16, 58, 59, 62, 96, 137, 159, 175–177, 223, 244, 261] and though results are generally

promising, the lack of analytical tractability decreased their value for anomaly de-

tection and characterization.
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The divide-and-conquer models approach the problem of nonlinear systems

modeling by partitioning the input-output, or the state-space of the system, with a

relatively simple, but analytically tractable local model describing the system dy-

namics inside each of those partitions. For example, if locally linear or affine models

are utilized, the result can be seen as a tiling of a nonlinear surface with sufficiently

many appropriately shaped and positioned tiles.1 The key consideration within the

divide-and-conquer approach is how to appropriately partition the state space to

realize the most appropriate description of system dynamics .

One of the earliest examples of the “divide-and-conquer” approach is the

Tugaki-Sugeno fuzzy model [251], where the input-output space is partitioned by

fuzzy rules applied independently to each input variable, with local models provid-

ing the mathematical link from inputs to outputs in each partition. This orthogonal

partition was accomplished either using some heuristic founded in the domain knowl-

edge or using some other ad-hoc manner [251].

More recently, the concept of growing, self-organizing networks (SOM) [129]

was used to enable input-output space partitions that adapt to the data[44, 152]. In

this framework, referred to as the growing structure multiple model system (GSMMS),

inputs into the model are clustered in an unsupervised manner using a growing SOM,

with local affine models fit within each cluster. This yields superior results in terms of

model accuracy, which is achieved at the expense of reduced tractability of polygonal,

1With an appropriate partition, the local, linear model paradigm can lead to arbitrarily accurate
approximations of non-linear dependencies in addition to the inherent local tractability of linear
modeling [151].
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rather than purely orthogonal, characterization of the input-output partitions.

The localized model structure of GSMMS also enables localized interpreta-

tion of modeling residuals and detection of situations when unusual inputs lead the

system into an unusual operating regime where the model was not trained. In such

cases, unusual outputs should not be interpreted as anomalies induced by changes

in internal dynamics of the system. Rather, unusual outputs in that situation are

caused by entering an operating region in which the GSMMS was not trained. Such

an ability makes this approach particularly amenable for monitoring of interacting

dynamic systems in which anomalies can cascade from one subsystem to another.

Such systems with cascading faults include automotive engines and electric genera-

tors [43, 63].

The resulting GSMMS modeling approach, described above, was recently ap-

plied to system-based monitoring of various automotive engine systems [43, 63]. It led

to successful anomaly detection and precedent-free localization of sources of anoma-

lies in the automotive electronic throttle and exhaust valve recirculation systems.

It seems plausible that the underlying principle of partitioning the operating space

with locally tractable nodes seems very attractive for approaching anomaly detection

in the NMS. Clearly, GSMMS presents a flexible platform for data driven, nonlinear

modeling and monitoring of nonlinear systems. It is well established that various

parts of the NMS system are nonlinear systems whose behavior dynamics change in

different positions and with changes in muscular excitations. In this Chapter, we

will explore methods and possibilities to apply the GSMMS paradigm for modeling

and system-based monitoring of the MNS system while acknowledging the nonlinear
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character of its dynamics. The rest of this chapter is outlined as follows. First, the

GSMMS modeling strategy is introduced along with modifications to the anomaly

detection and localization methodologies from Section 4.2. Second, the results of the

GSMMS models are presented. Lastly, conclusions and avenues for future work will

be laid out.

5.2 Methods

5.2.1 Definition of GSMMS

For notational simplicity in the proceeding discussion, let ~skine[t] denote a

vector of the kinematic variables at time t and ~sEMG[t] denote a vector of the EMG

features at time t. These vectors are defined as

~sTkine[t] =
[
~̇θT [t] , ~θT [t]

]
~sTEMG[t] =

[〈
f 0|
[
t− ~τEM1

]〉
1
, ...,

〈
f 1|
[
t− ~τEMG

]〉
G

]
(5.1)

and the input-output vector space, upon which the SOM partition is laid, is defined

as

~sT [t] =
[
~sTkine, ~s

T
EMG

]
(5.2)

The GSMMS partitions the operating space using a growing SOM [129] ap-

plied to cluster input-output vectors ~s[t] in the data set for model identification.

The “weight vectors”, ~ξ, associated with partitions of the SOM move with each data
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point, ~s[t] presented to it as described by Equation (5.7). This leads to a partition

of the operating space defined by the Veronoi Tesselation of the space consisting of

disjoint sets Vm, m = 1, ...,M whose points are closer to the weight vector, ~ξm than

any other weight vector of the SOM. More formally, SOM induce Veronoi Tesselation

is defined as

Vm =
{
~s : ‖~s− ~ξm‖ ≤ ‖~s− ~ξj‖,∀j 6= m

}
, m = 1, ..,M (5.3)

Following [43], an affine model of the form

~Fm (~s[t]) = [α,β,γ, δ] ~s[t] + b (5.4)

is postulated within each Voronoi set, Vm, where b is a bias term. A global model

output is calculated as a weighted sum of the local models, Fm, according to [118]

~̂y[t+ 1] =

∑M
m=1 νm (~s[t]) ~Fm (~s[t])∑M

m=1 νm (~s[t])
(5.5)

where νm is the Gaussian radial basis function defined as

νm(~s[t]) = exp

(
−‖~s[t]−

~ξm‖2

λ2

)
(5.6)

The weight vectors, ~ξ, are initially placed using the farthest first algorithm

[91] and are recursively updated according to
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~ξm (k + 1) = ~ξm (k) + ζm (k)
M∑
b=1

h(k, dis(m, b))
[
s̄b − ~ξm (k)

]
(5.7)

where:

• k is number of the current pass through the training data (the epoch number)

• ζm (k) is a penalty term

• h(k, dis(m, b)) is a neighborhood function that defines the influence of points

outside of the partition of a given weight vector on its movement

• dis(x, y) is the topological distance, as computed by breadth-first search [231],

between the x and y partitions

• s̄b is the mean of the samples of ~s for which ~ξb is the closest weight vector,

referred to as the best matching unit (BMU) within the SOM

The BMU of a vector, ~s is the SOM weight vector closest to it in the Euclidean

sense, and thus at any time t, we can observe the BMU at that time as

b[t] = arg min
m,m=1,...,M

‖~s[t]− ~ξm‖ (5.8)

With the definition of the BMU in hand, Equation (5.6) becomes more im-

portant. Rearranging Equation (5.6) provides a metric for evaluating the maximum

distance an input vector can be away from the nearest weight vector before the
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GSMMS fails to provide a valid output. Namely, the constraint on the distance of a

point from its BMU, ‖~s[t]− ~ξBMU‖2, can be set as

‖~s[t]− ~ξBMU‖2 ≤
√

2ln (ε)λ2 (5.9)

where ε is a calculation tolerance, below which numbers are effectively zero. In

most scenarios, ε will be machine precision. Euclidean distances to respective BMUs

beyond this constraint effectively result in all νm being zero. Clearly, any output of

Equation (5.5) is questionable beyond this distance.

This situation illustrates a strength of the GSMMS based monitoring proce-

dure. Namely, the strength is the ability to discriminated situations in which inputs

supplied to the model are unusual in the sense that they are far away from inputs

seen during training. Formally, the “confidence” of the GSMMS is assessable by

analyzing the distance of a vector of initial conditions and inputs from its BMU,

‖~s[t]− ~ξBMU‖.

The neighborhood function from Equation (5.7) is calculated as

h (k, dis(m, b)) = exp

(
−dis(m, b)2

2σ2(k)
)

)
(5.10)

where σ(k) is a “width” parameter defining the influence of points outside of par-

tition m on the movement of partition m. Higher values of σ(k) encourage faster

convergence during training where low values of σ(k) decrease the bias of learning.

Thus, it is prudent to have σ(k) decrease during training, leading to the choice of

[43]
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σ(k) =
1

k
(5.11)

To encourage the SOM to decrease modeling errors, the penalty term ζm (k)

is defined as

ζm (k) =
em(k)∑M
j=1 em(k)

(5.12)

where

em(k) =

√√√√ 1

P

P∑
j=1

[
~y(j)− ~̂y(j)

]2

(5.13)

That is to say, em(k) is the root mean square (RMS) of the modeling errors

for the P points in partition m at epoch k.

The local model parameters, φ = [α,β,γ, δ,b]T , from Equation (5.4) are

estimated by weighted least squares according to

φ =
(
STWmS

)−1
STWmY (5.14)

where:

S =

[
~s[1] ... ~s[R]

1 ... 1

]T
Y = [~y[1], ..., ~y[R]]T

Wm = diag [νm(~s[1]), ..., νm(~s[R])] (5.15)
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In Equation (5.15), R is the total number of points in the training data sequence.

In order to apply the GSMMS modeling strategy, the value of λ must be sup-

plied. Generally, smaller values of λ lead to more localized model behavior. Thus,

small values of λ are desirable in the context of describing nonlinearity. However,

placement of the weight vectors by the farthest first algorithm [91] can lead to par-

titions that are sparsely populated. In concert with low cooperation between the

partitions, this can result in ill-conditioned parameter estimates in Equation (5.14).

To circumvent this issue, λ was calculated from the training data via 5-fold cross

validation using a discretization of the value νm in Equation (5.6).

Finally, the optimal number of partitions in the GSMMS was pursued using

the Akaike information criteria (AIC) [105], which provides a method for discerning

whether the increase in complexity induced by the addition of an SOM with its local

model parameters is justified2. Since both the ARX model in Equation (4.5) and

the GSMMS are trained for each joint individually, the AIC values are comparable

for each joint. Furthermore, the multivariate error vector, produced by all of the

joint models provides an additional platform for comparison. Single output (SO)

and multiple output (MO) AIC values are calculated as

AICSOj = Nln
(
σ2
ej

)
+ 2Kj

AICMO = Nln (|Σ~e|) + 2
J∑
j

Kj (5.16)

2Lower AIC values denote better models.
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where:

• AICSOj is the SO AIC for the jth joint

• N is the number of observations in the fresh data

• σ2
ej

is the variance of the modeling errors for the jth joint

• Kj is the total number of parameters for the jth joint model

• AICMO is the MO AIC for all of the joint models collectively

• Σ~e is the covariance matrix for the residuals from all joint models

Simillarly to the value of λ, the mean values of the AIC are evaluated from 5-fold

cross validation.

Finally, the partitioning of the input-output space provides a natural foun-

dation for localized monitoring of errors corresponding to each local, affine model.

Each region in the GSMMS emits a separate error distribution and, hence, gives rise

its own Matusita’s overlap of error distributions in the same way that the GFI and

JFI were. More specifically, the fresh distribution in region i is constructed from the

fresh data lying in region i, and subsequently, the updated distribution is obtained

from it as new data arrive into region i. That is to say, the error distribution overlap

for region i is only updated when region i is visited (i.e. when ~ξi is the BMU for

the current input vector). Lastly, following [43] the joint JFI is calculated as the

geometric mean of each of the regional error overlaps, yielding JFIs that tend to

drop as soon as at least one of the regional JFIs falls.
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The next section discusses how the GSMMS model performs on the data

discussed in the previous chapter.

5.3 Results

The GSMMS modeling strategy, described in the previous section, was applied

to every joint of the subjects discussed in Chapter 4. Compared to the linear ARX

model, the GSMMS reduced the AIC for 99% of joint models and 100% of the MIMO

models considered. The WUD joint for one subject was the only joint that was not

better modeled by the GSMMS.

Figure 5.1 shows a visual comparison of the residuals emitted by the ARX

models versus those emitted by the GSMMS. First, note that it is evident that the

GSMMS is emitting smaller magnitudes of errors. In addition, just like we saw with

ARX errors, the GSMMS modeling errors clearly exhibit mean and variance shifts.

The shifts in error means is evident as a positive trend in WUD although this is not

the only example.
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Figure 5.1: Comparison of ARX (blue) and GSMMS (red) residuals for the same
subject considered in the previous chapter. Grey patches denote fresh data.

Figure 5.2 shows the euclidean distance, the critical distance, and a statisti-

cally significantly positive trend, if present, for the same subject considered through-

out the thesis. Comparing Figure 5.1 to Figure 5.2, one can see that excursions

beyond the critical distance line up very well with the error spikes caused by unusual

input patterns (unusual EMG features). Also note the general upward trend in the

BMU distances for all the joints, which is directly due to the statistically significant

changes in the model inputs (visible in Figure 4.9). In fact, statistically significant
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positive trends in the distance to the BMU were observed for 100% of the joints for

100% of the subjects in the study. Note that these trends were calculated on the

natural log of the distance to the respective BMU, which suggests the trends are

even more striking when expressed in the natural Euclidean distance units.

ln
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[t
]
−

~ ξ
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Figure 5.2: Natural log of euclidean distance to the BMU (black), critical distance
(blue), and statistically significantly positive trend for each joint for the same subject
considered in the previous chapter. Grey patches denote fresh data.

Figure 5.3 depicts the GFI for one of the subjects, illustrating the statistically

significant negative trend over time. Statistically significant decreasing trends in the

GFI over time were established for all subjects. The median drop in GFI over all
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subjects was 37% and GFI drops varied from 27% to 79%. For all subjects, a paired

T test between the GFI drops observed in the linear, ARX model and those observed

with the GSMMS, resulted in no statistically significant differences in the trend slopes

for GFIs calculated using the the two alternative modeling approaches.
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G
F
I

Figure 5.3: GFI versus time for the same subject considered throughout the thesis.
The red line represents a statistically significant negative trend.
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Figure 5.4: Individual JFI versus time for the same subject considered throughout
the thesis. The red lines represent statistically significant negative trends.

Figure 5.4 shows the behavior of joint level JFI over time for the same subject

considered throughout the thesis. It was observed that the negative trends in JFIs

for GHAR and EP were statistically significant for all subjects. In addition, negative

JFI trends for GHPE, GHAR, EF, WF, and WUD were significant for all but one

subject. As with the GFI, no subjects displayed a statistically significant difference

between the negative trends emanating from any of the linear models versus GSMMS

based JFIs.
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Figure 5.5 shows the one step prediction errors for the fresh GSMMS consid-

ered so far, in blue, and the updated GSMMS with recursively updated local models,

in red. As was observed with linear ARX models in Section 4.3, the recursively up-

dated GSMMS rejects the error spikes generated by the fresh GSMMS model around

440 seconds for GHPE, GHNE, and GHAR. This is also true for the other subject

that exhibited error spikes in the static GSMMS model. Furthermore, the recursive

updates have also rejected error mean drift, which is visible in WF and WUD, as

well as error variance growth, which is visible in EF and EP in Figure 5.5.
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Figure 5.5: GSMMS one step ahead prediction errors for the static model (blue) and
the recursively updated local linear models (red) for the same subject considered
throughout the thesis. Grey patches denote training data.

It was observed that, the recursively updated GSMMS model is more accurate

than the autoregressive models, whether they be fresh or recursively updated, as well

as the fresh GSMMS model. To demonstrate how far the accuracy has come, Figure

5.6 shows the one step prediction errors for the simple, ARX model (4.5) in blue and

the GSMMS with recursively updated local models, in red.

132



θ̇
-
er
ro
r

θ̇
-
er
ro
r

S03 low Model Errors

106 319 531

−0.5

0.6

Time (s)

W UD

−0.2

0.5

W F

2

6

EP

1

3.4

EF

106 319 531

−7

−1

Time (s)

GHAR

−0.1

1

GHNE

2

9

GHP E

Figure 5.6: One step ahead prediction errors for the ARX model (4.5)(blue) and the
recursively updated GSMMS model (red) for the same subject considered throughout
the thesis. Grey patches denote training data.

The diagnostic methodology for characterizing changes in muscle influences,

similar to the one presented in Section 4.2, has not yet been extended to the non-

linear GSMMS framework and is a potentially lucrative direction for future work.

Extension of the diagnostic methodologies are require both technical and theoretical

advancements as discussed in the next section.
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5.4 Conclusions and Future Work Regarding GSMMS Mod-
eling and Monitoring of the NMS System

This chapter represents an attempt to relax the linear assumption of the ARX

model (4.5). Relaxation of the linearity assumption was addressed by a “divide-and-

conquer” approach through use of the GSMMS modeling strategy. This approach

yielded several benefits.

Firstly, the models were more accurate at modeling the joint kinematic vari-

ables. The increase in modeling complexity was justified by the increase in modeling

accuracy both on a system level as well as on a individual joint level. Justification

of the complexity was measured via AIC and the subsequent AIC values were lower

for all but one joint model for one subject.

Secondly, the weighted averaging inherent in the calculation of the global

output of the GSMMS provides a natural structure for assessing the confidence in

the model’s output. Specifically, the weighting strategy can be reformulated to detect

incoming data points that are so far away from the weight vectors that the GSMMS

can not reliably construct an output estimate. This critical distance was exceeded

by 67% of the subjects considered in the study.

Thirdly, the GFI and JFI, computed using the nonlinear GSMMS approach,

showed similar sensitivity to this computed using linear ARX models, in terms of

statistically significant drops due to fatigue. Namely, the nonlinear models showed

statistically significant trends in the drop of the JFI for the same number of joints as

the linear models. These results are commiserate with the EMG fatigue tracking in

[232]. The ability to detect anomalies and localize them at the joint level is retained
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by the GSMMS while the modeling accuracy increased.

The ability of the monitoring methodology to track and characterize changes

in the NMS system would be useful in determining when athletes or patients for

physical therapy should cease training. Furthermore, the methodology can be used

to create customized training regimens for athletes. By determining joints and con-

stituent muscles with the largest propensity for change within the system, focused

exercises to strengthen the constituent muscles can be be formulated. Lastly, the

inherent confidence in model estimates provides a natural framework for dual, EMG

and haptic control of robotics. This can be realized by using GSMMS based EMG

control when the operating space is well within the critical distance. However, as

the system moves into a region of the operating space where the GSMMS exhibits

low local model weights, the control strategy should switch to haptic control.

There are several avenues for future work with respect to GSMMS modeling

of the NMS system. The GSMMS models described herein were trained for each

joint individually. However, it would be interesting to pursue a truly multiple input,

multiple output (MIMO) model in each partition made by the SOM. This would

afford two, crucial benefits to the anomaly detection and characterization scheme.

MIMO models would permit the GFI, in addition to the JFI, to be calculated re-

gionally giving a more detailed and focused analysis of anomalous behavior for the

system as a whole. Also, MIMO models would open the door to extension of the

characterization methodologies outlined for the linear models, such as local model

frequency response overlaps and stability assessments.

Furthermore, the fact that so many of the subjects exceeded the critical Eu-

135



clidean distance to the BMU suggests that a more sophisticated methodology should

be attempted for long term model tracking of the NMS system. Specifically, it seems

prudent to include a mechanism for online growth of the SOM or a mechanism for

online movement of the SOM partition. While both of these mechanisms were al-

ready used within the GSMMS framework, extending those mechanisms to model

adaptations as well as perform anomaly detection and characterization laid out for

the linear models is nontrivial.
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Chapter 6

Summary and Conclusions

The research proposed in this thesis aimed to extend symptomatic and system-

based monitoring to biomedical applications. A detailed review of literature on

system modeling, time frequency analysis, detection and localization of epilepsy from

EEG, and NMS modeling strategies was conducted and the author’s prior work was

discussed.

A symptomatic monitoring method was developed to detect and localize

epilepsy from EEG. EEG signals came from a bench-mark data set constituted by

5 classes of subject. Namely, these were normal subjects with eyes open and eyes

closed, as well as epileptic patients in interictal periods measured both ipsilaterally

and contralaterally to the epileptogenic focus as well as epileptic patients currently

seizing. Descriptive features were extracted from the TFD of EEG signals. A de-

composition of the 5 class problem into 10, binary subproblems facilitated maximal

flexibility in choosing the most discerning features for each subproblem. A forward

selection wrapper utilizing SVM was used to select the most discerning 5 features

for each subproblem. Results were competitive with the best result from the litera-

ture. Further, the a statistical view of the algorithm classification performance was

included and a measure of the robustness of the algorithm was presented.
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The remainder of the thesis focused on extending system-based modeling and

monitoring of the NMS system in the human body. Specifically, the kinematics of

the human arm were modeled and monitored using EMG signals from the middle

trapezius, deltoid (posterior, lateral, and anterior), pectorals major, biceps, triceps,

flexor carpi radialis, and extensor carpi radialis longus. Specifically, instantaneous

energies and frequencies were extracted from each muscle’s EMG signature. These

EMG features were used as inputs into the dynamic models of the angular velocities

and positions of the shoulder, elbow, and wrist. Models output the joint angular

velocities.

Modeling was facilitated by the use of simple ARX as well as the recently

introduced GSMMS models. Anomaly detection was accomplished by monitoring the

overlap of one step prediction error distributions for all joints simultaneously, which

was denoted as the GFI. Localization at the joint level was pursued by monitoring the

marginals of the one step prediction error distributions to extract joint level changes

in the system, which were denoted as JFIs. Finally, for the more tractable, linear,

ARX based models of the NMS system a dynamical view of the effect of fatigue (the

anomaly) in terms of changes in the transfer functions of recursively updated models

provided the platform for assessing muscular contributions to changes in the system

dynamics.

Models were fitted for 12 subjects and results showed that both the ARX and

GSMMS models detected system level changes in the GFI for all subjects. Further-

more, trends in JFIs for GHAR and EP were statistically significant for all subjects.

In addition, negative JFI trends for GHPE, GHAR, EF, WF, and WUD were signif-
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icant for all but one subject. Paired T tests show no difference in the sensitivity to

these drops between the ARX and GSMMS models. GSMMS model complexity was

justified for the system as a whole and for all but one joint of one subject accruing

to AIC, thus validating the increase in accuracy GSMMS modeling provides.

Statistically significant changes in the transfer function overlap from muscle

EMG feature inputs to outputs were detected in all muscles of 7 of the 12 subjects.

The remaining subjects exhibited the most endurance as they represented the top 5

longest time durations until voluntary exhaustion. The two most enduring subjects

were characterized by having the least number of statistically significant drops in the

transfer function overlap as well as time durations greater than twice the duration

of the next most enduring subject.

Next, the Euclidean distance to the BMU of the SOM for the GSMMS models

was shown to exhibit a statistically significantly positive trend for all subjects, which

resulted, in part, from the classic fatigue indicators of increased EMG amplitude and

decreased frequency. Many subjects exceed the critical Euclidean distance leading

the invalid GSMMS results. However, those times in which the GSMMS was unable

to produce valid output correlated very well with extremely large error spikes from

the ARX model. Those error spikes were driven by unusual muscular firing behavior

in the instantaneous energies of several muscles. This phenomenon, while varying

in severity, occurred in every subject. The GSMMS was effectively able to screen

out the large errors made by the ARX model, especially so when the local GSMMS

model parameters were recursively updated.
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6.1 Scientific Contributions

The scientific contributions from Chapter 3 are as follows. A symptomatic

monitoring algorithm to detect and localize epilepsy from EEG signals that is com-

petitive with the best in the literature was developed. The monitoring algorithm

leveraged new feature sets drawn from the TFD of EEG signals. Furthermore, a

novel, class dependent feature selection method based on a decomposing the original

multiclass problem into binary subproblems and utilizing a forward selection wrap-

per with SVM was demonstrated. Finally, a statistically-driven quantification of

algorithm performance yielded an understanding of the sensitivity of the algorithm

to changes in the data used to train the algorithm.

The scientific contributions from Chapters 4 and 5 are as follows. Time fre-

quency distributions were leveraged to extract features from EMG signatures that

are indicative of muscle activation. These features, in concert with joint angles, were

used fit models to predict joint velocities. Moreover, to the author’s knowledge, this

work was the first to simultaneously optimize electromechanical delays for each mus-

cle individually. The represents an advancement over studies measuring the delay,

which is generally done for works utilizing or studying a single muscle, as well as

works that use ad-hoc assignment of the delay. Furthermore, detection of anomalous

behavior as well as localization at the joint level was achieved for both linear and

nonlinear modeling strategies.

Linear dynamic model analysis was a contribution specific to Chapter 4 was

applied to characterize changes of the influence of muscular input on the dynamics of

the system. All methodologies were applied to 12 subjects to establish trends among
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people in an effort to understand the robustness of the techniques to the complicating

factors of inter-person variability, kinematic redundancy of the arm, and the noisy

environment of the EMG measurements.

An analysis of changes in operating regime was provided in Chapter 5 and

demonstrated significant movement away from the space occupied during fresh op-

erating data for all subjects. Furthermore, the accuracy superiority of the GSMMS

was demonstrated and justified by AIC. Lastly, the GSMMS was shown to reject

spikes in errors made by the simpler ARX model.

6.2 Future Work

Primarily, the envisioned future work centers on advancement of the modeling

and monitoring of the NMS system. This is due to the very high accuracy rates of

the epilepsy detection and localization schemes, both in this work as well as in the

other works from literature. First and foremost, the GSMMS framework is, theo-

retically, amenable to full MIMO models for each partition. The MIMO models in

each partition are crucial to the extension of the joint and muscle characterization

methodologies established in Chapter 4. Explicitly, MIMO models would permit the

calculation of the GFI on a regional basis, as was done for the JFI in this work. Fur-

thermore, MIMO analysis becomes realizable with MIMO models for each partition.

As a cautionary note, theoretical developments may be required to faithfully extend

the linear analysis techniques into the GSMMS structure, which is why this remains

outside the scope of this thesis.

Secondly, investigation into merging first principles modeling with the GSMMS
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framework is warranted. First principles modeling of the NMS system is generally

performed by optimizing the muscle forces required to generate a particular kine-

matic sequence [268]. However, such models make little use of EMG. It would be

interesting to use such models to generate time signatures of muscle forces for a given

set of kinematics and then use GSMMS to provide the relationship between EMG

and muscle forces. Thus, the resultant model leverages the extremely high accuracy

and well documented nonlinearity of the first principles approach and relies on the

GSMMS to approximate the less well known EMG to muscle force dynamics. A

different approach could be to use first principles models to study how the GSMMS

partitions the nonlinearities inherent in the NMS system.

Next, the use of higher order frequency moments in [9] showed promising

results utilizing a periodogram to extract the frequency information. Clearly, time

frequency distributions, of the type used in this work, offer superior performance.

Therefore, an exploration of usefulness of adding other instantaneous features, such

as higher order instantaneous frequency moments or entropy, should be undertaken.

As with any data driven technique, additional features must bring new information

not provided by the extant features. Measures such as mutual information [250]

would play a crucial role in establishing which features are useful.

Another aspect of fatigue that would be interesting to detect is the change

in electromechanical delay [292]. The detection of this phenomenon in an efficient

manner would very nicely extend the system analysis based approach to character-

izing changes. The use of metahueristics is an obvious avenue at this moment and

its utilization could filed tremendous insight as to how EMDs change over time due
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to fatigue, or during the resting process.

Lastly, further validation of the methodologies described in this work is es-

sential. Specifically, application of the methodologies laid out here must be applied

to general, non repetitive motions to ascertain what degree of accuracy can be ex-

pected of these models as well as provide a more faithful input for the inherent

system identification underlying the modeling structure. Particularly, what consti-

tutes sufficiently persistent excitation of the NMS system models for faithful model

parameter identification should be studied.

Ability to answer these questions, along with advances in non-intrusive, reli-

able NMS sensing technology could open a door to improvements in athletic training

and performance, recovery of injured athletes or soldiers, NMS therapy, and other

areas. The ability of the monitoring methodology to track and characterize changes

in the NMS system would be useful in determining when athletes or patients for

physical therapy should cease training. Furthermore, the methodology can be used

to create customized training regimens for athletes. By determining joints and con-

stituent muscles with the largest propensity for change within the system, focused

exercises to strengthen the constituent muscles can be be formulated. Lastly, the

inherent confidence in model estimates provides a natural framework for dual, EMG

and haptic control of robotics. This can be realized by using GSMMS based EMG

control when the operating space is well within the critical distance. However, as

the system moves into a region of the operating space where the GSMMS exhibits

low local model weights, the control strategy should switch to haptic control.

143



Appendices

144



.1 Appendix: Crossover and Mutation of the GA

Crossover generated children y1 = (y1
1, ..., y

1
n) and y2 = (y2

1, ..., y
2
n) from par-

ents x1 = (x1
1, ..., x

1
n) and x2 = (x2

1, ..., x
2
n) according to

y1
i = x1

i + βi
∣∣x1
i − x2

i

∣∣ , i = 1, 2, .., n

y2
i = x2

i + βi
∣∣x1
i − x2

i

∣∣ , i = 1, 2, .., n (1)

where βi, i = 1, 2, .., n, is drawn from a Laplace distribution created from two uni-

form, random numbers ri, ui ∈ [0, 1] according to

βi =

{
a− blog (ui) , ri ≤ 1

2

a + blog (ui) , ri >
1
2

(2)

On the other hand, a mutation of a parent x̄ into a child is calculated as

x =

{
x̄− s

(
x̄− xL

)
, t ≤ r

x̄+ s
(
xU − x̄

)
, t > r

(3)

where s = (s1)p and t = x̄−xL
xU−x̄ . The values s1 and r are uniformly distributed random

numbers between 0 and 1. As in [56], a = 0, b = 0.35, and p = 4. Lastly, trunca-

tion was used to enforce integer chromosome elements, x̄i, from the aforementioned

children chromosome elements, xi, according to

x̄i =

{
xi , if xi is an integer

bxic or bxic+ 1 with equal probability , otherwise
(4)
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[52] Julie N Côté, Pierre a Mathieu, Mindy F Levin, and Anatol G Feldman. Move-

ment reorganization to compensate for fatigue during sawing. Experimental

Brain Research, 146(3):394–8, October 2002.

153



[53] M Darouach, M Zasadzinski, and S.J. Xu. Full-order observers for linear

systems with unknown inputs. IEEE Transactions on Automatic Control,

39(3):606–609, 1994.

[54] A. Das, P. Das, and AB Roy. Applicability of Lyapunov exponent in EEG

data analysis. Complexity International, 09:1–8, 2002.

[55] Carlo J De Luca, L Donald Gilmore, Mikhail Kuznetsov, and Serge H Roy.

Filtering the surface EMG signal: Movement artifact and baseline noise con-

tamination. Journal of biomechanics, 43(8):1573–9, May 2010.

[56] Kusum Deep, Krishna Pratap Singh, M.L. Kansal, and C. Mohan. A real

coded genetic algorithm for solving integer and mixed integer optimization

problems. Applied Mathematics and Computation, 212(2):505–518, June 2009.

[57] F.M. Dekking, C. Kraaikamp, H.P. Lopuhaa, and L.E. Meester. A Modern

Introduction to Probability and Statistics. Springer-Verlag London, London,

2005.

[58] A.L. Delis, JLA Carvalho, A.F. da Rocha, FAO Nascimento, and G.A. Borges.

Development of a myoelectric controller based on knee angle estimation. In

International Conference on Biomedical Electronics Devices, page 97, 2009.

[59] Alberto Lopez Delis, Adson Ferreira da Rocha, Icaro Dos Santos, Iwens Ger-

vasio Sene, Sauro Salomoni, and Geovany Araujo Borges. Development of

a microcontrolled bioinstrumentation system for active control of leg prosthe-

154



ses. Proceedings of the IEEE International Conference of the Engineering in

Medicine and Biology Society, 2008:2393–6, January 2008.

[60] T.G. Dietterich and G. Bakiri. Solving multiclass learning problems via error-

correcting output codes. Journal of Artificial Intelligence Research, 2:263–286,

1995.

[61] Jonathan B Dingwell, Domenic F Napolitano, and David Chelidze. A non-

linear approach to tracking slow-time-scale changes in movement kinematics.

Journal of biomechanics, 40(7):1629–34, January 2007.

[62] L Dipietro, a M Sabatini, and P Dario. Artificial neural network model of the

mapping between electromyographic activation and trajectory patterns in free-

arm movements. Medical & Biological Engineering & Computing, 41(2):124–

32, March 2003.

[63] Dragan Djurdjanovic, Jianbo Liu, KA Marko, and J. Ni. Immune systems

inspired approach to anomaly detection and fault diagnosis for engines. Tech-

nical report, University of Michigan, 2007.

[64] Dragan Djurdjanovic, Jun Ni, and Jay Lee. Time-Frequency Based Sensor Fu-

sion in the Assessment and Monitoring of Machine Performance Degradation.

Dynamic Systems and Control, pages 15–22, 2002.

[65] Duong Minh Duc, Terashima Kazuhiko, and Miyoshi Takanori. EMG-moment

model of human arm for rehabilitation robot system. In International Con-

155



ference on Control, Automation, Robotics and Vision, pages 190–195. Ieee,

December 2008.

[66] R. Duda, P. Hart, and D. Stork. Pattern Classification. John Wiley & Sons,

Inc., New York, second edition, 2001.

[67] GA Dudley and MR Duvoisin. Force and EMG power spectrum in response

to concentric and eccentric exercise. Clinical Assessment II, pages 280–281,

1988.

[68] L.-G. Durand and H.C. Lee. The time-frequency distributions of nonstationary

signals based on a Bessel kernel. IEEE Transactions on Signal Processing,

42(7):1700–1707, July 1994.

[69] M Edward, B Bradford, and Laura J Huston. The Effects of Muscle Fatigue

on Neuromuscular Function and Anterior Tibial Translation in Healthy Knees.

The American Journal of Sports Medicine, 24(5):615–621, 1996.

[70] R. H. T. Edwards. Human Muscle Function and Fatigue. In Ciba Foundation

Symposium 82 - Human Muscle Fatigue: Physiological Mechanisms, pages 1–

18. Ciba Foundation, 1981.

[71] S. N. Engin, J. Kuvulmaz, and V. E. Omurlu. Fuzzy control of an ANFIS

model representing a nonlinear liquid-level system. Neural Computing and

Applications, 13(3):202–210, April 2004.

156



[72] T. Escobet, D. Feroldi, S. de Lira, V. Puig, J. Quevedo, J. Riera, and M. Serra.

Model-based fault diagnosis in PEM fuel cell systems. Journal of Power

Sources, 192(1):216–223, July 2009.

[73] Laurene Fausett. Fundamentals of Neural Networks: Architectures, Algo-

rithms, and Applications. Prentice-Hall, Inc., Englewood Cliffs, 1994.

[74] C.J. Feng, A.F.T. Mak, and T.K.K. Koo. A Surface EMG Driven muscu-

loskeletal model of the elbow flexion-extension movement in normal subjects

and in subjects with spasticity. Journal of Musculoskeletal Research, 3:109–

124, 1999.

[75] Luay Fraiwan, Khaldon Lweesy, Natheer Khasawneh, Mohammad Fraiwan,

Heinrich Wenz, and Hartmut Dickhaus. Time Frequency Analysis for Auto-

mated Sleep Stage Identification in Fullterm and Preterm Neonates. Journal

of medical systems, December 2009.

[76] PM Frank and X. Ding. Survey of robust residual generation and evaluation

methods in observer-based fault detection systems. Journal of Process Control,

7(6):403–424, 1997.

[77] G Franklin, J Powell, and A Emami-Naeini. Feedback Control of Dynamic

Systems. Pearson Prentice Hall, Upper Saddle River, 5th edition, 2006.

[78] Deanna H Gates and Jonathan B Dingwell. The effects of neuromuscular

fatigue on task performance during repetitive goal-directed movements. Ex-

perimental Brain Research, 187(4):573–85, June 2008.

157



[79] J. Gertler. Fault detection and isolation using parity relations. Control

Engineering Practice, 5(5):653–661, 1997.

[80] J. Gertler, Mark Costin, Xiaowen Fang, Z. Kowalczuk, M. Kunwer, and R. Mon-

ajemy. Model based diagnosis for automotive engines-algorithm development

and testing on a production vehicle. IEEE Transactions on Control Systems

Technology, 3(1):61–69, 1995.

[81] Casey S Gilmore, Stephen M Malone, and William G Iacono. Brain electro-

physiological endophenotypes for externalizing psychopathology: a multivari-

ate approach. Behavior Genetics, 40(2):186–200, March 2010.

[82] F. Glover and E. Taillard. A user’s guide to tabu search. Annals of Operations

Research, 41(1):1–28, 1993.

[83] R V Gonzalez, L D Abraham, R E Barr, and T S Buchanan. Muscle activity

in rapid multi-degree-of-freedom elbow movements: solutions from a muscu-

loskeletal model. Biological cybernetics, 80(5):357–67, May 1999.

[84] R. a. R. C. Gopura, Kazuo Kiguchi, and Yang Li. SUEFUL-7: A 7DOF

upper-limb exoskeleton robot with muscle-model-oriented EMG-based control.

IEEE/RSJ International Conference on Intelligent Robots and Systems, pages

1126–1131, October 2009.

[85] G.L. Gottlieb and G.C. Agarwal. Dynamic relationship between isometric

muscle tension and the electromyogram in man. Journal of Applied Physiology,

30(3):345, 1971.

158
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