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ABSTRACT

In typical problems involving pattern recognition, the challenge lies in selecting a good

set of features and in devising a reliable algorithm to identify the class of learned

patterns that most resembles the observed feature vector. Some times, however, the

observed vector is not a single, but a mixture of multiple learned patterns and the

challenge becomes to recognize all the present patterns and not just one of them. In

order to do so, the patterns in the observed feature vector must first be separated – an

apparent paradox since the actual patterns forming the observed vector are hitherto

unknown and should probably be identified first. At the same time, many techniques

to separate mixture of signals have emerged from the literature in signal processing,

but they require multiple and independent observations of the mixture of patterns,

which is not usually possible or desirable in a pattern recognition setting. However,

we believe that these two problems – pattern separation and recognition – are one

the same, and it can benefit from a hybrid technique derived from both contexts. So,

in this research, we propose a technique based on Source Separation for recognizing

patterns in mixtures of signals. From the signal processing perspective, our method can

handle extremely under-determined cases, i.e., cases where one measurement is required

despite the existence of multiple patterns mixed in the measurement – a typical scenario

from the pattern recognition perspective. We have run extensive tests to demonstrate

the robustness and effectiveness of the method. We have also proposed frameworks

for applications in various areas such as classification of chemical compounds using

terahertz signatures; root phenotyping using terahertz imaging; recognition of muscle

activity patterns using surface electromyographic signals (sEMG) for Robotic Assistive

Technology; detection of vocal dysfunctions; and Hyperspectral Image analysis.

xxi



Chapter 1

Introduction

1.1 Problem Statement

The ability to detect specific patterns in a signal is beneficial in many different ar-

eas. One such area is Terahertz (THz) technology, which has attracted the attention

of researchers for many years, and it has seen many advances over the past decades.

Special interest for the use of this technology is actually directed to material detection,

where being able to recognize signatures indicating the presence of explosives or illegal

substances is very important. Illegal drugs, explosives and other hazardous materials

exhibit characteristic signatures at terahertz wavelengths which may be used to iden-

tify them. Much effort has been made to detect improvised explosive devices (IEDs)

in the fields, as well as drugs or hazardous substances in airports and other public

places. Furthermore, terahertz imaging is becoming a valuable tool in many areas, in-

cluding medicine, pharmacology, security, etc. and has the potential for nondestructive

evaluation technique used for analyzing non-conducting materials.

The human body generates various types of signals. For example, electromyographic

(EMG) signals are electrical signals generated when there is muscle activity. These

signals find applications in many areas such as rehabilitation, prosthesis and human-

machine interaction, Otolaryngology, and others. Systems reliant on them require

various forms of machine learning algorithms for recognition of specific components or

patterns. Those systems vary in terms of the signal detection methods, the feature

1



1.2. Contributions of the Thesis 2

selection and the classification algorithm used.

We believe that signal processing can offer powerful insights into solving the prob-

lem of recognizing multiple patterns present in single observations. In this work, we

propose and develop a technique for pattern recognition based on a classical signal

processing problem – Source (Signal) Separation – and frameworks for applying that

technique in areas such as the ones mentioned above. Source Separation aims at esti-

mating source signals that may combine to form mixture signals. These mixtures are

observations obtained at the output of a set of sensors, where each sensor receives a

different combination of the source signals.

1.2 Contributions of the Thesis

In this work we greatly enhanced the Guided Under-determined Source Signal Sep-

aration (GUSSS) technique that we presented in [1]. We developed GUSSS based

classifiers and frameworks that we tested using public THz databases, as well as trans-

mission and reflection THz signals from samples including carrots, sweet potatoes and

others buried in sand and in potting soil. We achieved high true positive and true

negative percentages.

We have also tested our methods is Assistive Technology using surface electromyo-

graphic (sEMG) signals. Through our technique, we are able to find patterns in mus-

cle activity, recognize different “gestures” that can be used to control systems such as

power wheelchairs and other assistive devices for people with disabilities.

We have also applied our method in the area of Otolaryngology. We investigated the

possibility of detection of normal and maladaptive extralaryngeal patterns associated

with voice problems. Our results are very promising, showing that despite the com-

plexity of the muscle groups on the neck, meaningful detection of vocal dysfunctions

through the recognition of sEMG signals is possible, at high levels of accuracy.

Research questions have been proposed to investigate the generality, robustness, and

limitations of our method. The answers to those questions can serve as a foundation

and guidelines for applying our method in other pattern recognition problems.
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To summarize, the contributions of this research are as follows:

• Pattern recognition technique based on source separation, which can handle cases

of extreme under-determination.

• Frameworks for application in different areas:

– Material detection using THz signatures.

– Root phenotyping using THz imaging.

– Classification of muscle activity for applications in Assistive Technology and

Otolaryngology.

– Hyperspectral Image Analysis.

• Extensive experimentation on different metrics of independence with impact

on Independent Component Analysis and on the proposed pattern recognition

method.

• Theoretical study of the strengths and limitations of the method.

The organization of this work is as follows. Chapter 2 presents an overview on the

topics and techniques related to this thesis. Chapter 3 presents the GUSSS method

and the classification frameworks that have been developed and applied in different

areas. Chapter 4 presents relevant background and methods found in the literature

for the specific areas mentioned above, as well as the experimental results that have

been obtained using the GUSSS method. A more formal validation of the method is

presented in chapter 5, where fundamental research questions are raised and extensive

tests are performed to address them. Chapter 6 presents a final discussion and con-

cluding remarks, and Chapter 7 discusses possible future directions for this research.

The complete set of results are shown in Appendices A - C.



Chapter 2

Background and Related Work

In this chapter we present an overview on the topics and techniques related to this

thesis. We begin with a classical problem known as the Cocktail Party Problem, which

illustrates some of the ideas that we further develop later on. We then discuss Source

Separation and Independent Component Analysis, both of which are key concepts in

our approach.

The methods and frameworks that will be presented in chapter 3 have been used in

various areas, such as Terahertz Technology and Robotic Assistive Technology. Back-

ground on those areas are not presented here, but in chapter 4, instead.

2.1 The Cocktail Party Problem

The cocktail party problem is the task of hearing a sound of interest in an environment

where many sources emit sounds concurrently. The sounds are added together gener-

ating the mixed signal that enters the ear (microphone, sensor). At different locations,

individual sounds would have different intensities [2, 3].

Consider 2 speakers and 2 microphones, as illustrated in Figure 2.1. Each sensor

captures a different fraction of the signals emitted by the sources. So, the sensed mixed

signals can be expressed as linear combinations of the sources:

4
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x1 (t) = a11s1 (t) + a12s2 (t)

x2 (t) = a21s1 (t) + a22s2 (t)
(2.1)

where si (t) denotes the signals emitted by the ith source, xj (t) denotes the mixed

signal captured by the jth sensor, and the aij are the mixing coefficients of the lin-

ear combination model, which depend on the distances of the microphones from the

speakers.

Figure 2.1: Two independent sources (speakers) emit sounds that mix in air and reach
the microphones.

The important question becomes how to recover the original source signals si (t)

using the sensed signals xj (t). If there is a prior knowledge of the mixing coefficients,

the linear system in eq. 2.1 can be solved by classical methods. However, it is rarely

the case that information on the coefficients is available. The problem can then be

addressed by estimating the coefficients aij using some information on the statistical

properties of the signals si (t). Specifically, if these source signals are statistically

independent at each time instant, then it is possible to estimate the mixing coefficients

[3, 4].

2.2 Source (Signal) Separation

Let S = {s1 (t) , . . . , sN (t)} be a setN source signals, and let S (t) = [s1 (t) , . . . , sN (t)]T

be a vector representation of the set S. As those sources pass through a medium, they
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may combine somehow. Let X (t) = [x1 (t) , . . . , xM (t)]T be the vector representation

of the set of M observed signals X = {x1 (t) , . . . , xM (t)}, which are mixtures of the

sources signals. Typically, the observations are obtained at the output of a set of sen-

sors, and each sensor receives a different combination of the source signals. In general,

the relationship between S and X can be formulated as

X (t) = A (S (t))

where A (·) represents the mixing process. Source or Signal Separation (SS) aims

at estimating the sources S given the observations X. For convenience in the notation,

we drop the dependency on time.

Many assumptions or constraints can be considered for the sources or the mixing

process [5–11]. For instance, sources can be modeled as mutually independent random

variables, they can be considered as Gaussian or non-Gaussian processes, etc. Similarly,

the mixing process can be a nonlinear mapping, or it can be a linear model. The latter

case is expressed as

X = AS

where A is an M ×N mixing matrix.

2.3 Blind Source Separation

The idea of Blind Source Separation (BSS) is to process observations in order to recover

the original sources without a prior knowledge about the mixing operation or the

sources themselves, hence the term blind. This so-called blindness, or weakness of the

prior information, can be seen as a strength of the BSS model, as it can be a versatile

tool for exploiting the spatial diversity provided by an array of sensors [10].

Over the past few decades, BSS has gained much attention in many different ar-

eas, such as communications, geophysical exploration, airport surveillance, biomed-

ical signal analysis, fall detection, chemical analysis, and signal processing in gen-
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eral. [3, 4, 8, 11–16]. Many approaches have been developed to solve the BSS problem.

Most are based on the second or higher order statistics of the data. So called block-

based methods exploit the temporal correlations of the source signals [6, 17].

The majority of BSS techniques are based on specific assumptions regarding either

the deterministic or statistical properties of the sources or the sensor and channel

characteristics, e.g. how many observations, M , vs. how many source signals, N .

Most techniques are well suited for over and well determined cases (M ≥ N).

2.4 Under-determined SS

For the under-determined cases, that is, when the number of sensors is smaller than

the number of independent sources (M < N), methods for source separation have also

been proposed and referred to as Under-determined Source Separation (USS) [18–24].

In this under-determined case, the mixing matrix A (assuming a linear model) is non-

invertible, leading to a more challenging problem than the well determined case. The

methods may produce losses in the recovered (separated) signals which increase with

the reduction of the number of sensors. This can drastically affect the accuracy of any

subsequent classification of the source signals.

The many existing methods for USS impose additional assumptions on the sources

or mixing processes. Some assume that the source signals are sparse, i.e., not all of

them are active at any given time [18,25]. Other methods assign prior probabilities to

the sources or exploit their statistical properties [22,26,27].

The extreme case of under-determination, i.e., when M = 1, has been addressed

by a few studies. In [28], the problem of audio source separation with a single sensor

was discussed, with the limitation of considering only two sources. Prior information

about characteristic Power Spectral Densities of each source is used the that framework.

The method proposed in [29] assumes stationary sources that are also disjoint in the

frequency domain. Those assumptions are very restrictive for practical applications.

The main idea of [29] is to break up the single signal into a sequence of contiguous

blocks, and apply Independent Component Analysis (ICA) tho those blocks. ICA is
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perhaps the most common method for BSS, and will be discussed thoroughly in the

next sections. More recent methods for dealing with single observations are those in [30]

and [31]. In both cases, the single observation is decomposed into a set of components

through empirical-mode decomposition (EMD) or Local Mean Decomposition (LMD),

respectively, and then ICA is applied to those components.

2.5 BSS using Independent Component Analysis

Independent Component Analysis (ICA) is a powerful technique for blind source sep-

aration [4, 30–33]. It is assumed that sensed signals contain various statistically in-

dependent components. It is important to emphasize that each component actually

originates from a different source. We present more details on statistical independence

and how to measure its validity in section 2.5.2.

Mathematically, the goal of BSS-ICA is to recover N source signals, S, assumed

to have been linearly mixed, producing the observed signals X. A typical example

would be N independent sounds emanating from different sources and being detected

as mixed signals by M microphones spread over the space [13], as illustrated in Figure

2.1. The figure depicts this example for N = 2 sound sources M = 2 and microphones.

A very simple, artificial example is shown in Figure 2.2. On the left there are

two mixed signals that could have been obtained from two sensors. On the right we

see two separated, independent signals recovered using BSS-ICA. It is not difficult to

recognize the mixtures as having been produced by linear combinations of these two

source signals.
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Figure 2.2: Out of two recorded mixture signals we obtain the original, independent
signals which generated the mixtures in the first place.

2.5.1 Definition of ICA

A general definition of ICA as stated in [4] is the following: ICA of the random vector

X consists of estimating the generative model for the data: X = AS, where the

components si in vector S = [s1, . . . , sN ]T are assumed independent and matrix A is a

constant M ×N matrix, usually called mixing matrix.

The model being identifiable can be assured if (1) all the independent components

si, with the possible exception of one component, are non-Gaussian; (2) the num-

ber of observed linear mixtures M is at least as large as the number of independent

components N , i.e M ≥ N ; and (3) the matrix A is full column rank [4].

Traditional ICA methods are able to separate the signals wheneverM ≥ N . (IfM >

N , the dimension of the observed vector X can always be reduced so that M = N). In

those cases, the source signals and the observed signals can be related in a matrix form

such as X = AS – where A contains the coefficients of the linear combination of the

sources. The methods can solve the (overdetermined) system of equations through the

expression S = A−1X = WX. The solution is found using a constrained optimization

algorithm that maximizes the independence of the signals in S. We present some

measures in the next few sections.
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2.5.2 Principles of ICA Estimation

In the previous sections we have mentioned the importance of the statistical indepen-

dence of the components (i.e. source signals). In this section we present formal details

on this key concept and the principles of an ICA estimation. Different algorithms for

ICA are referenced in Section 2.5.8.

Let y1, . . . , yN be random variables. Let p (y1, . . . , yN) be the joint probability

density function (pdf) and let p1 (y1) , . . . , pN (yN) be the marginal pdfs of y1, . . . , yN ,

which can be obtained as

pi (yi) =

ˆ
p (y1, . . . , yN) dy1 · · · dyi−1dyi+1 · · · dyN

The variables y1, . . . , yN are said to be statistically independent if and only if the

joint pdf is factorisable as the product of the N individual marginal pdfs, i.e.

p (y1, . . . , yN) = p1 (y1) p2 (y2) · · · pN (yN)

Two random variables yi, yj, i 6= j, are uncorrelated if their covariance is zero, i.e.

E {yiyj} − E {yi}E {yj} = 0

where E {�} is the expectation operator. It is well known that if two variables

are independent, then they are uncorrelated. However, the inverse implication is not

true. In general, uncorrelated variables are not necessarily independent. The equiva-

lence between independence and uncorrelatedness holds for Gaussian random variables,

though.

A restriction imposed in ICA is that independent components have non-Gaussian

distributions. The reason is that the distribution of any orthogonal transformation of

independent Gaussian variables yi, yj has the same distribution as the original yi, yj

variables. Therefore, the ICA model can only be estimated up to an orthogonal trans-

formation. The mixing matrix A will not be identifiable for Gaussian independent

components. It must be pointed out, however, that if only one of the independent
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components is indeed Gaussian, the ICA model can still be estimated [2–4,33].

ICA has some ambiguities. First, the independent components can only be esti-

mated up to a multiplicative constant. Typically, methods assume components to have

unit variance, i.e., E {s2i } = 1. Thus, the ambiguity is in a multiplicative sign. Sec-

ond, unlike Principal Component Analysis (PCA), there is no order of the independent

components. These ambiguities are inconsequential for most applications.

2.5.3 Nongaussianity and Independence

According to the Central Limit Theorem, under certain conditions, the distribution of

a sum of independent random variables tends toward a Gaussian distribution. In that

sense, the distribution of the sum of two independent variables can already be closer

to a Gaussian distribution than any of the two original distributions.

In [3] it is shown that maximizing the nongaussianity leads to finding component

as independent as possible. The basic ideas are the following. Consider a data vector

X = [x1, . . . , xM ]T distributed according to the ICA model X = AS, where S is the

vector representation of the set of independent components S = {s1, . . . , sN}. Consider

the linear combination y = wTX =
∑

iwixi, where w is a vector that needs to be

determined. A is the mixing matrix, so if w were one of the rows of A−1, then y would

equal one of the independent components in S. However, there is no prior knowledge

of A, so there is a need for a good approximation.

Let z = ATw. Then, y = wTX = wTAS = zTS, a linear combination of the si. The

coefficients or weights are the elements zi of vector z. Due to the fact that the sum of

independent random variables is more Gaussian than the original variables, the variable

y = zTS is more Gaussian than any of the individual si. Conversely, y would be the

least Gaussian if only one of the elements zi was nonzero. This would be the case if y was

in fact equal to one of the si. So, it would be desired to find a vector w that maximizes

the nongaussianity of wTX. This maximization would provide one of the independent

components. In general, the optimization of nongaussianity in the N -dimensional space

of vectors w results in 2N local maxima, two for each independent component. Those

correspond to si and −si. This implies that the independent components can be
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estimated only up to a multiplicative sign.

We have seen that nongaussianity is key to ICA estimation. So, there is a need for

a quantitative measure of the nongaussianity of a random variable. Next we present a

brief review of some of these measures. It is important to mention that if a random

variable is centered (i.e. it has a zero mean) and has a unity variance, the calcu-

lations are simplified. Traditional ICA algorithms include pre-processing steps such

as centering and whitening so that the ICA estimation becomes simpler and better

conditioned [3, 4, 33].

2.5.4 Some Measures of Nongaussianity

2.5.4.1 Kurtosis

The kurtosis of the random variable y is defined by

kurt (y) =
E
{

(y − µ)4
}

σ4

where µ is the mean and σ2 is the variance of y [34]. If y is a zero mean Gaussian,

then kurt (y) = 3, since E {y4} = 3 (E {y2})2 = 3 (σ2 + µ2)
2

= 3 (σ2)
2

= 3σ4.

Some authors define the kurtosis so that Gaussians have kurtosis equal to zero.

In [3], kurtosis is defined as

kurt (y) = E
{
y4
}
− 3

(
E
{
y2
})2

With this definition, it is clear that kurtosis is zero if y is a zero mean Gaussian. It

is nonzero for most nongaussian random variables. It can be positive or negative. The

absolute value and the square of the kurtosis are typically used as a nongaussianity

measures. They have been used in ICA and related fields, mainly due to their simplicity:

both computational and theoretical. In simple terms, given a data vector X, the ICA

algorithm would search for the weight vectors w that maximize the absolute value of the

kurtosis of y = wTX . It is worth recalling that ICA algorithms pre-process the data

vector X to center it. An important drawback for the use of kurtosis is its sensitivity

to outliers and therefore, it is not a very robust measure of nongaussianity [3].
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2.5.4.2 Negentropy

The concept of entropy is very important in information theory. For a random variable,

the more unpredictable and unstructured (i.e. the more random) it is, the larger its

entropy is. For a discrete random variable Y , entropy is defined as

H (Y ) = −
∑
i

P (Y = ai) log [P (Y = ai)]

where ai are the possible values of Y . The generalization for continuous random

variables is usually called differential entropy, and is defined as

H (y) = −
ˆ
p (y) log [p (y)] dy

where p (y) is the density function of the random variable y. It turns out that a

Gaussian variable has the largest entropy among all random variables of equal variance

[35]. Therefore, it could be used as a measure of nongaussianity.

A modified version of the differential entropy is the negentropy. It is defined as

J (y) = H (ygauss)−H (y)

where ygauss is a Gaussian random variable of the same covariance matrix as y.

Negentropy has the properties of being always non-negative, and being zero if and only

if y has a Gaussian distribution. As a measure of nongaussianity, negentropy is a well

justified by statistical theory. Nevertheless, the use of this measure is problematic in

practice, since it is computationally difficult to calculate. Therefore, approximations

of negentropy have to be used. A classical approximation of negentropy is

J (y) ≈ 1

12
E
{
y3
}2

+
1

48
kurt (y)2

where y is assumed to be of zero mean and unit variance. This approximation has

similar problems to those of kurtosis, particularly the lack of robustness [3].

A more robust approximation is
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J (y) ≈
p∑
i=1

ki [E {Gi (y)} − E {Gi (ν)}]2

with ki positive constants, Gi non-quadratic functions, ν is a standardized Gaussian

and y is assumed to be zero mean and unit variance also. This approximation allows

the construction of a measure with the properties of being non-negative and equal to

zero only for Gaussian distributions. If only one non-quadratic function G is used, then

J (y) ∝ [E {G (y)} − E {G (ν)}]2

Robust approximations of negentropy are obtained by using non-quadratic functions

that do not grow too fast. For example, the functions G1 (u) = 1
a1
log [cosh (a1u)],

1 ≤ a1 ≤ 2, and G2 (u) = −exp
(
−u2

2

)
have been used [3]. ICA algorithms have

been developed using these approximations of negentropy as objective functions to be

maximized.

2.5.5 Mutual Information

Another measure of the dependence between random variables is mutual information.

For the random variables y1, . . . , yN , the mutual information I between them is defined

as

I (y1, . . . , yN) =
N∑
i=1

H (yi)−H (~y)

where H (yi) is the differential entropy of the individual random variables and

H (~y) = H (y1, . . . , yN) is the “joint” differential entropy. I is non-negative and zero

if and only if the variables are statistically independent [3].

ICA can be defined by the mutual information. Given the data vector X, the goal

is to find an invertible transformation W that minimizes the mutual information of the

transformed components si, in the model S = WX. It turns out that ICA estimation by

minimizing mutual information is equivalent to maximizing the sum of nongaussianities

of the estimates when those estimates are constrained to be uncorrelated [3]. This is
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due to the following relationship between negentropy and mutual information:

I (y1, . . . , yN) = C −
N∑
i=1

J (yi)

where it is assumed that the yi’s are uncorrelated and of unit variance. C is a

constant. It is worth mentioning that the uncorrelatedness constraint is not necessary,

but it simplifies the computations. As it has been mentioned before, ICA algorithms

include pre-processing steps of centering and whitening of the data, precisely to simplify

the calculations.

2.5.6 Distance Correlation

Distance correlation (dCor) is a measure of dependence between random variables y1

and y2. It satisfies 0 ≤ dCor (y1, y2) ≤ 1, and dCor (y1, y2) = 0 only if y1 and y2,

are independent. This measure can be extended to random vectors from an arbitrary

dimension, assuming they have finite first moments. The formal definition, empirical

equations, properties and corresponding proofs can be found in [36].

2.5.7 Kernel Generalized Variance

The Kernelized Canonical Correlation (KCC) is a regularized estimate of the spectral

norm of the correlation operator [37]. The Kernel Generalized Variance (KGV) is an

extension to the KCC, which has a close relationship to the mutual information, and

is a kernel based measure of independence [38].

2.5.8 Algorithms for ICA

A number of algorithms for ICA have been developed over the past decades. As will

be explained in chapter 5, we perform experiments comparing several ICA methods.

Here we briefly describe some of them and provide corresponding references.

One of the first algorithms for blind identification is the Joint Approximate Diag-

onalisation of Eigen-matrices (JADE) [39,40], which is specifically a statistically tech-

nique, based on high order contrasts. A very popular algorithm is FastICA [41, 42],
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a fixed-point iteration algorithm originally based on kurtosis, but later generalized

for other contrast functions. An algorithm based on estimates of entropy called Ro-

bust, Accurate, Direct ICA aLgorithm (RADICAL) was presented in [43]. Later, the

Mutual-Information-based Least-dependent Component Analysis (MILCA) was intro-

duced [44]. A few Kernel based methods have also been proposed [38, 45–47]. Those

methods employ criteria to measure dependence using the spectrum of a covariance

operator between mappings of the variables to high dimensional feature spaces. Some

extensions or modifications to previous methods have also been proposed. For exam-

ple, EFICA [48] is a variant of FastICA that attains the Cramer-Rao lower bound, a

theoretical limit for the residual error variance.

2.6 Applications of Source Separation

As we have mentioned, blind source separation (BSS) defines a class of applications for

the ICA model. A typical example is the cocktail party problem described in section

2.1, but BSS-ICA has also been used for separation of electroencephalographic (EEG),

magnetoencephalographic (MEG) and electromyographic (EMG) data [3, 4, 13, 15,32].

In financial data, there are situations in which parallel time series are available,

such as currency exchange rates or daily returns of stocks, that may have some com-

mon underlying factors. In [12], for example, ICA was used for decomposing parallel

financial time series of weekly sales into basic factors. The cash flow of several stores

belonging to the same retail chain was investigated, trying to find the fundamental

factors common to all stores that affect the cash flow data. The effect of the actions

taken at the individual stores and in its local environment could therefore be analyzed.

Noise reduction in natural images is another application discussed in [3]. A noise

cleaning result is presented there, comparing the results of the Sparse Code Shrinkage

method and classic wiener filtering to an ICA based noise filter.

ICA has also been used for feature extraction [4]. The columns of the mixing

matrix A would represent features, and si would be the coefficient of the ith feature in

an observed data vector X.
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Other areas where ICA can be applied include telecommunications, psychology and

other social sciences. ICA could be considered in applications where projection pursuit

and factor analysis are used.



Chapter 3

Proposed Methods

This research work aims at developing pattern recognition frameworks through Source

Separation. Our first contribution is the development of a method named Guided

Under-determined Source Signal Separation (GUSSS). This method handles the ex-

treme case of under-determination where the number of sensors is actually equal to

one – i.e. M = 1. Unlike BSS, where the source signals to be separated are unknown,

in the proposed method, it is assumed that the source signals are one of a number of

expected signatures, hence the term “guided” in GUSSS.

In this chapter we present the GUSSS method and a feature derived from it, the

GUSSS ratio. We then present classification frameworks that we have applied in dif-

ferent areas using GUSSS. The results obtained so far will be presented in chapters 4

and 5.

3.1 GUSSS and GUSSS Ratio

In order to explain the proposed method, let x be a linear combination ofN independent

components. That is, x represents an observed signal from a single sensor of a given

system. Such a system can be, for instance, an Improvised Explosive Device (IED)

detector trying to determine the presence of a hazardous substance, or a classifier of

electrical signals generated by muscle activity. Next, let sp be a particular known

component, or signature, that the system is trying to identify within the observed

18
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signal x. Since the sensor captures not only sp, but also various other components si,

we can write:

x = c1s1 + c2s2 + · · ·+ cpsp + · · ·+ cNsN

= cpsp +
∑
i 6=p
cisi

= cpsp + s̃

(3.1)

where ci, i = 1, · · · , N are unknown mixing coefficients. It is assumed that ci ≥ 0.

The expression stresses the fact that x can be considered a linear combination of

the signature of interest and a set s̃ of scaled signatures of other components. Since

initially we are interested in separating or identifying only sp from the observed signal,

it is assumed that s̃ is independent from sp. This assumption is an obvious consequence

of the assumption that all N components are independent – i.e. if N components can

be regarded as independent, any linear combination of N −1 components must also be

independent of the remaining one. Moreover, the algorithm for GUSSS will successfully

identify sp within x whenever cp 6= 0. This could mean, for instance, that a chemical

compound associated with the signature sp is present in a scene. So, the question

remaining becomes how to determine cp.

As it has just been implied, two situations may arise: the desired signature is indeed

present in the mixed signal x, or it is not. In order to distinguish between those two

situations, the algorithm creates a second synthesized signal xp by injecting a weighted

copy of the particular signature sp into the sensed signal x. That is:

xp = w1x+ wpsp (3.2)

where w1 and wp are arbitrarily chosen constants. Substituting eq. (3.1) in eq.

(3.2), we obtain:

xp = w1 (cpsp + s̃) + wpsp = w1s̃+ (w1cp + wp) sp (3.3)

which now allows us to write two equations instead of one. That is
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x = s̃+ cpsp

xp = w1s̃+ kpsp
(3.4)

where kp = w1cp + wp. Finally, we can express these equations in matrix form as

Xp = AS

where

Xp =

 x

xp



A =

 1 cp

w1 kp



S =

 s̃

sp


The last step of the algorithm is to solve for S. Since we now have two independent

components and two linear equations on sp and s̃, we can apply any traditional ICA

algorithm to separate sp and s̃ from x and xp. Moreover, a sub product of the ICA

algorithm is the mixing matrix A, and the coefficients of such matrix can be used to

infer whether or not a particular signature was present in the originally sensed signal

x. For example, if we consider the case when the particular signal sp is not present in

the mixture signal x, the mixing coefficient cp should be in theory zero. On the other

hand, if sp is indeed present in the mixture x, that coefficient must be different than

zero.

In practice, mainly due to noise, the coefficient cp is never zero. However, it should

be very small (close to zero) whenever the particular signature is not present in x and

it should be large otherwise. We define the GUSSS ratio as:

rp =

∣∣∣∣ 1

cp

∣∣∣∣ (3.5)
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If the particular signature is present, the GUSSS ratio should be small. If the signature

is not present, the GUSSS ratio should be large. Finally, while what constitutes a

“large” or a “small” value may not be obvious, it is clear that the derived GUSSS ratio

can be used as a criterion for determining whether a particular signature is present or

not in the sensed signal. It can become a feature characterizing sensed signals. Note

that the use of the absolute value in eq. 3.5 is due to the fact that ICA can estimate

the independent components up to a multiplicative sign, as explained in section 2.5.2.

3.2 Classification Frameworks Using the GUSSS Ra-

tio

Next we present classification frameworks that use the GUSSS ratio as a feature. These

frameworks have already been successfully applied in different areas, as will be discussed

in the next chapter.

3.2.1 Present or Not: Two-class problems

The simplest use of the GUSSS ratio is to determine if a signature is present or not

in a given mixture signal, as suggested in section 3.1. This can be seen as a two-class

problem: class “present” and class “not present”.

3.2.1.1 Hard Thresholds

Using a hard threshold is a very simple classification method for two-class, one dimen-

sional problems. Figure 3.1 illustrates a set of 1000 GUSSS ratios from one of our

experiments in [49]. They belong to 1000 mixtures of Terahertz signals. The first 500

GUSSS ratios, shown in red, belong to the class “present”, i.e., the class of mixtures for

which a certain signature sp was present. Similarly, the remaining 500 ratios, shown

in blue, belong to the class “not present”. The ratios are shown in log scale. The hor-

izontal axis is just the mixture index. As the figure indicates, it would not be difficult

to choose a threshold for separating the two classes.
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Figure 3.1: Ratios corresponding to 500 mixture signals containing a particular signa-
ture of interest, and 500 mixture signals without the particular signature. The vertical
line separates those two groups. Y-axis (ratio axis) is in log scale.

One method for obtaining such a threshold is based on geometric means. We can

calculate the geometric mean of the GUSSS ratios of each class, and then the threshold

would simply be the geometric mean of those two. If the number of training ratios is

the same for each class, then the threshold is simply the geometric mean of all the

ratios. Using geometric means instead of simple (arithmetic) means fits better the

distribution of the ratios.

A second method for obtaining the threshold relies on modeling the distributions of

the ratios. For some applications, we noticed that it is better to use the logarithm of

the ratios to learn the threshold. That is, given samples from both classes of GUSSS

ratios, we calculate their logarithms. We assumed these logarithms follow a specific

distribution (e.g. Normal) and for each set of ratios we calculate the parameters (e.g.

sample mean and variance), so that we can find the intersections of the two distribu-

tions. Figure 3.2 illustrates this idea. Note that the ratio’s axis was made horizontal

(i.e. rotated with respect to Figure 3.1) for visualization purposes. Now if we let ρ

be the value of the intersection of interest (there could be more than one intersection)

and since the parameters used to calculate the intersection corresponded to the base-10

logarithms of the GUSSS ratios, the threshold can be obtained from: thr = 10ρ.
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Figure 3.2: Obtaining the threshold approximating the logarithms of the GUSSS ratios
via Gaussian distributions. The ratios are the same as those in figure 3.1, but in this
figure we plotted their base 10 logarithms, all on the same horizontal axis.

3.2.1.2 Support Vector Machine

Another approach to deal with two class problems is to use Support Vector Machine

(SVM). The GUSSS ratios (or their logarithms), and, possibly, other features put

together in d-dimensional feature vectors, can be used as input for the SVM algorithms.

With this approach we don’t actually learn a threshold, but we get a set of support

vectors that are later used for classifying the testing ratios or, more generally, the

feature vectors.

SVM algorithms are convenient for two class problems. They rely on pre-processing

the data to represent patterns in a high dimensional space, typically much higher than

the original feature space. With an appropriate nonlinear mapping to a sufficient

high dimension, data from two categories can always be separated by a hyperplane.

SVM is therefore a machine learning method able to handle problems of nonlinear

classification. It is based on the rule of structure risk minimum. Therefore, it becomes

a decision machine as opposed to Bayesian learning methods that provide posterior

probabilities [50].

3.2.2 Multi-class problems

We can also use the GUSSS method in problems involving multiple classes, for example,

recognizing multiple materials in a chemical mixture, or distinguishing between differ-
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ent hand gestures by analyzing muscle activity patterns. Such examples and others

will be presented in chapter 4.

3.2.2.1 GUSSS ratios of Multiple Signatures

In order to identify the presence or not of all possible signatures, we can employ

an iterative method. That is, first, we assume that the system needs to identify n

signatures (we will explain how to obtain the signatures out of training signals shortly,

and we will explore the concept further in Chapter 5). Next, from the test signal x,

we obtain n ratios by injecting iteratively the desired signature into x – equations

(3.2)-(3.5) . That is, we find

xp = w1x+ wpsp for p = 1 to n

and once again, we apply the ICA algorithm to each

Xp =

 xT

xTp

 for p = 1 to n

to obtain the GUSSS ratios r1, r2, ..., rn. Finally, it should go without saying that

if ri is the smallest of the n ratios found by the GUSSS method, it is likely that the

component with the strongest presence in the sensed signal x is that associated to

signature si.

3.2.2.2 Additional Features and Compound Feature Vectors

We can enhance the classification performance of any classifier by adding more features.

Next we describe some processing and features that we have used in our experiments.

Segmentation of the Signals

To capture the structural information of observed signals, we can divide them into D

segments of equal length. The features described next are calculated for each segment

of any given signal.
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Mean Absolute Value

One feature commonly used for biomedical signals is the Mean Absolute Value (MAV).

The MAV of a signal x (t) is obtained by calculating the average of the absolute values

of x at all instants t. If the signal is discrete, then

MAV =
1

K

K∑
k=1

|x (k)| (3.6)

where K is the number of samples that constitute a segment of x.

Zero Crossing

Another time domain feature commonly used is the number of Zero Crossings (ZC),

which represents how many transitions from positive to negative (or vice-versa) there

are in a signal or a segment of a signal.

Figure 3.3 shows a typical surface electromyographic (sEMG) signal, which repre-

sents muscle activity. We will present many results using these bioelectrical signals in

the next chapter. The figure shows the signal segmented into 3 parts, and it illustrates

the MAV and ZC features.

Figure 3.3: A typical sEMG signal segmented into 3 parts. The zero-crossings are
indicated in the top figure. The rectified signal and the MAVs of the segments are
shown in the bottom figure.
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Compound Feature Vectors

After all of the features have been extracted, signal x is represented by the following

feature vector:

~v = [r1, · · · , rn, m1, · · · , mD, z1, · · · , zD] (3.7)

where r1, . . . , rn are the GUSSS ratios for each possible signature. The MAVs and

ZCs for each segment of the signal are mk and zk, respectively, for k = 1, . . . , D. If

other features are considered, they would be concatenated to the feature vector in a

similar fashion.

3.2.2.3 Classification Scheme

Any number of classification methodologies could be used using the features described

above. Our original goal was to demonstrate that GUSSS and the GUSSS ratio had

a good discriminant power, even with simple classifiers. Here we describe one that we

have already used in our preliminary work.

Class Signatures

Let us assume that there is a labeled training set with n × T signals – i.e. T signals

from each of the n possible classes (different materials that need to be identified, or

muscle patterns or gestures that need to be recognized, etc.). First, a signature for

each class is obtained. The current approach is to do an averaging of the training

signals grouped per class. That is, all T training signals belonging to the same class j

are averaged creating a single signature: sj = 1
T

( ∑
class j

xl

)
, where xl is the lth training

signal of class j. In chapter 5 we discuss other strategies for learning signatures.

Distance Classifier

A classifier that we have employed is based on Mahalanobis distances. In addition to

the class signatures, from the training signals we can obtain sets of feature vectors like
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those in eq. 3.7, per class. Hence, we can calculate the mean vector and covariance

matrix of each class, ~µj and
∑

j, for j = 1, . . . , n.

To classify a test signal y, its feature vector ~v is calculated. Then, Mahalanobis

distances to the mean vectors ~µj of the classes in consideration are obtained:

dj =

√
(~v − ~µj)

(∑
j

)−1
(~v − ~µj)T , j = 1, . . . , n (3.8)

The test signal is then assigned to that class for which the distance is the closest

to zero.

3.3 Hierarchical GUSSS

A hierarchical classifier using GUSSS has also been proposed to enhance the original

classification approach described above. The proposed framework for the method is

illustrated in Figure 3.4 and consists of a two-level hierarchical classifier: 1) a GUSSS-

based (distance) classifier; and 2) a Multi-Class SVM.

As it can be seen in Figure 3.4, the first level in the hierarchy involves a number of

GUSSS-based classifiers. Basically, these classifiers function as confidence generators,

inputing feature vectors extracted from the raw signal and outputting N confidence

vectors
−→
λ , where the elements of the vector indicate the confidence that a test signal

contains one of the signatures in the tuples – a tuple is a group with an arbitrary

number of signatures: e.g. doubles, triples, etc. All of the obtained confidence vectors

are concatenated into a second feature vector, which is then input to the classifier at

the second level of the hierarchy. The output of the second level classifier is the final

class assigned to the observed signal. The following sub-sections describe in further

detail the classifiers at each level, as well as their training process.
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Figure 3.4: Proposed framework. There are two levels in the hierarchy. The first is
a GUSSS-based classifier and confidence generator. The second level is a multi-class
SVM classifier.

3.3.1 Optimal Choice of Tuples

Each GUSSS-based classifier is associated to a tuple of classes, where the sizes and

members can be chosen arbitrarily depending on the gestures, user, muscle activity

patterns, etc. The rationale behind the tuples is the following: when a large number

of C classes are considered at the same time, there might be much confusion between

some of the classes. However, it is possible to find subsets of classes for which the

confusion between such classes is minimized. So, the goal of the tuples is to allow

similar classes to be separated. In a real-time system it is desirable to group as many

classes as possible per tuple in order to reduce the complexity of the algorithm. One

challenge is to find the right balance of number and size of the tuples to achieve the

highest accuracy possible.

The optimal groupings of gestures can be automatically selected by iterating through

all possible combinations and performing a modified version of a within class and be-

tween class analysis [51] – in the Euclidean space instead of the covariance space.
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3.3.2 Level 1 Feature Vectors

As mentioned before, the input to each of the GUSSS-based classifiers is a feature

vector extracted from the incoming signal. The features used and the way to obtain the

signatures and feature vectors is as described in section 3.2.2. The procedure is followed

for all N tuples being considered. Let τi denote a particular tuple i. As explained in

Section 3.2.2.1, the main idea of the GUSSS method is to identify particular signatures

within a measured signal. For any given signal x, the GUSSS method seeks to identify

the presence or not of each possible signature. This is done by iteratively injecting

signatures and obtaining ratios for each one of them. For all ni = |τi| classes in tuple

τi, the algorithm obtains the ratios r1, . . . , rni
. If signal x contains a pattern in class c,

ratio rc is expected to be smaller than all other ratios rj, for j 6= c.

After all of the other features have been extracted, signal x is represented by the

following feature vector:

~vi = [r1, · · · , rni
, m1, · · · , mD, z1, · · · , zD] (3.9)

where r1, . . . , rni
are the GUSSS ratios for each class in tuple τi. mk and zk, for

k = 1, . . . , D, are, respectively, the MAVs and ZCs for each segment of the signal.

The above feature vectors are extracted for all T training signals in each class and are

used to form ℵ
(
~µij,
∑i

j

)
, representing the distribution of class j in the tuple τi, where

j = 1, . . . , ni, and i = 1, . . . , N .

3.3.3 Distance and Confidence Values

As it was mentioned before, the output of the first level in the hierarchy is a set of

confidences that are concatenated to form a second feature vector. The confidences,

which are based on Mahalanobis distances, are obtained from each one of the GUSSS-

based classifiers.

An input signal y is fed into each one of the optimal tuples described above. For

each tuple τi, a feature vector ~vi (eq. 3.7) is calculated. Then, the GUSSS-based

classifiers calculate Mahalanobis distances to the mean vectors ~µij of the classes in the
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tuple τi:

dij =

√(
~vi − ~µij

) (∑i
j

)−1 (
~vi − ~µij

)T
, j = 1, . . . , ni (3.10)

If, for example, distance dij is small (close to zero), the confidence that signal y

belongs to class j would be high.

To obtain the confidence values, the complementary error function is used: erfc(x) =

1 − erf(x). For normal distributions, erfc
(

d√
2

)
, can be seen as the probability of a

randomly selected sample to fall at a distance of d standard deviations or more from the

mean. For instance, erfc
(

0√
2

)
= 1, erfc

(
1√
2

)
= 0.3173 and erfc

(
2√
2

)
= 0.0455. Nu-

merically, these values are appropriate as confidence values for Mahalanobis distances

of 0, 1 and 2, respectively. The confidence value function is defined as:

λ(d) = erfc

(
d√
2

)
, d ≥ 0 (3.11)

For the GUSSS-based classifier corresponding to tuple τi, the confidence that signal

y belongs to class j is given by λij = λ(dij). In the end, the classifier produces ni

confidence values: ~λi =
(
λi1, . . . , λ

i
ni

)
.

3.3.4 Level 2 Feature Vector

After confidence values are obtained for all N tuples, the second feature vector is

created as follows:

~u =
[
~λ1, ~λ2, · · · , ~λN

]
(3.12)

3.3.5 Level 2 Classifier: Multi-Class SVM

The final classification method consists of a multi-class SVM. To train the SVM, the

~u feature vectors are computed for all training signals, for all classes. When it comes

to classification, an incoming signal y is fed through level 1 in the hierarchy to obtain

the confidences and to create the ~uy feature vector. The latter is fed to the multi-class

SVM in order to generate the final class assignment.



Chapter 4

Preliminary Results

Over the past few years, we have applied the GUSSS methods described in the previous

chapter to both synthetic and real data. We first performed experiments using a collec-

tion of sound signatures. Those experiments were designed to test the ability of GUSSS

to determine the presence or not of a particular sound signature. Mixture signals were

artificially created as linear combinations of the sound signatures. Many experiments

were performed varying the intensities of the signatures, adding different noise levels,

introducing delays to the signals, etc. The details of those initial experiments can be

found in [1].

The results obtained using the artificial mixtures were very promising. Therefore,

we decided to apply our method to real data. In [52], we first introduced the GUSSS

technique and ratio (sec. 3.1) and we presented results in the context of pattern

recognition of muscle activity. This proposed technique was employed in a classification

framework for recognition of hand movements, using a single sEMG sensor. In [53], we

further tested our method using data from more test subjects and signals generated

by eyebrow activity, in addition to the hand gestures. We also presented a power

wheelchair control system that relied on a single sEMG sensor and the GUSSS method.

Our study on sEMG signals and the area of Assistive Technology (AT) led to the

book chapter entitled “Haptic and Gesture-Based Assistive Technologies for People

with Motor Disabilities” [54].

In [55], we presented and enhanced version of our GUSSS method, the HiGUSSS

31
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(sec. 3.3). That allowed for the classification of a larger number of hand gestures

while preserving a high classification accuracy, still relying on a single sensor. A multi

channel version of the HiGUSSS method was later applied for pattern recognition of

vocal gestures [56]. The goal of that study was to demonstrate that such a system had

the potential to recognize and detect real vocal dysfunctions from multiple individuals

with high accuracy under both intra- and inter-subject conditions.

We also applied our methods in the area of Terahertz (THz) technology. In [49],

we proposed a framework for detecting the presence of chemicals and other materials

using their THz signatures, relying on GUSSS. The method was tested using a public

THz database, achieving high true positive and true negative percentages. Finally, the

HiGUSSS method was proposed for investigating root growth and function of plants

by analyzing and classifying THz data [57]. The results were promising for identifying

organic materials from potting soil or sand using both THz transmitted and reflected

signals.

In this chapter we present the details of our proposed methods in the different areas

and applications, as well as the results that we have obtained. For each application,

we present relevant background and related work.

4.1 Applications to Terahertz Technology

THz technology has been greatly developed over the past couple of decades. The

THz electromagnetic radiation lies between light and radio waves (0.1 − 0.3 to 10

THz) [58–60]. It has attracted a lot of attention, especially because of its potential

in innovative sensing systems, ultra-fast wireless communication systems, devices for

medical examinations and detection of hazardous materials [61]. The main advantages

of this radiation are: the ability to penetrate many common barrier materials enabling

hidden objects to be seen; adequate spatial resolution for imaging or localization of

threat objects due to short wavelengths; non-ionising properties; safe to use on people

at modest intensities; etc. [62].

Common techniques usually applied to neighboring bands have not shown the same
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success for THz radiation [60]. So, for many years there had been this “undeveloped

gap” between the electronics of the microwave and the optics of infrared [61]. Some

decades ago THz technologies were mainly used in astronomy for searching far-infrared

radiation, in laser fusion for the diagnostic of plasmas [63] and in chemistry for spectral

characterization of rotational and vibrational resonances and thermal-emission lines of

simple molecules [60].

Currently, one of the main uses of Terahertz technology is in spectroscopy [63,64],

which allows investigating properties of materials as a function of frequency. Many

methods have been developed for performing THz spectroscopy, including: Fourier

transform spectroscopy (FTS); narrowband spectroscopy with tunable THZ source or

detector; and THz time-domain spectroscopy (THz-TDS). The latter, a more recent

technique, uses short pulses of broadband THz radiation typically generated using

ultra-fast laser beams [60]. It has various advantages over FTS, including being able to

calculate refractive indices and absorption coefficients from the phase and amplitude

of the waveforms, and being able to use information directly from the time domain

waveforms [61].

The first demonstration of THz wave time-domain spectroscopy was in the late

1980’s, and after that there has been a series of significant advances thanks to improved

materials leading to more powerful THz sources and more sensitive detectors [60, 63].

The development of Quantum Cascade Lasers and Terahertz-Range Quantum Well

Photodetectors are of great impact [61]. All these advances have provided new oppor-

tunities for understanding the THz frequency range, allowing major technical devel-

opments, which in turn have greatly extended the potential of THz systems. The use

of THz radiation is now open to fields such as physics, chemistry, biology, materials

science and medicine [58,60,63,65].

A major interest for THz technology is the detection of explosive devices such as

improvised explosive devices (IED). The National Research Council has made recom-

mendations regarding the application of this technology for explosive detection tech-

niques and security screening. These recommendations are based on the fact that most

explosives exhibit strong absorption and dispersion in the THz frequency range [63],
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and they exhibit characteristic spectroscopic signatures at THz wavelengths which can

be used to identify these explosives [59,62,66].

Several studies have reported the spectra of energetic compounds like RDX, PETN,

HMX and TNT, as well as commercial explosives based on those compounds [59,67–69].

Practical implementation of detection and security systems would need to operate

in reflection mode rather than in transmission mode because of the high absorption

coefficients of the explosives [59,66].

There is also an interest to detect and identify other threat materials such as chem-

ical and biological warfare compounds, and illegal substances like drugs of abuse [66].

THz signatures of a number of drugs were identified in [70], and a THz-wave device for

nondestructive detection of illicit drugs and hazardous substances hidden in sealed en-

velopes was proposed in [71]. Detection of hidden objects depends on the transmission

of radiation through barrier materials. Envelopes and most of barrier materials such

as cloth, paper, cardboard and plastics are semi-transparent to THz radiation [66].

The interest in identifying materials by means of their THz signatures has led to

the development of spectra databases. These are valuable to enlarge the range of appli-

cations of THz spectroscopy by making it a popular measure of materials [61]. There

are several open databases for THz spectroscopy, including the result of the European

project “THz-Bridge: Tera-Hertz radiation in Biological Research, Investigation on Di-

agnostics and study of potential Genotoxic Effects” [72], and the public databases from

Tera-photonics Laboratory, RIKEN Sendai and the National Institute of Information

and Communications Technology (NICT) [73,74] – which were used in this research.

Pattern Recognition of THz Signatures

Most of the work done for identification and classification of materials using THz

technology use individual samples of the materials under study. In those scenarios, a

few pattern recognition and classification methods can be found in the literature. In [75]

the authors proposed a system for identification and classification of four explosive

and bio-chemical materials using THz spectroscopy. They used Principal Component

Analysis (PCA) for feature dimensionality reduction, a minimum distance classifier
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and a neural network based classifier. In [76] the author discusses the Mahalanobis

distance classifier, the Euclidean discrimination matrix and Support Vector Machines

(SVM) and presents results of case studies for biomedical specimen identification using

those methods.

Unlike previous methods, the approach presented here aims to detect materials

even if they are mixed together with other materials. That is achieved by using the

GUSSS techniques developed in chapter 3, which can be used to separate the different

signatures that may be present in a scene. In the following sections we present results

in two different scenarios.

4.1.1 Results

4.1.1.1 Detecting THz Signatures - Data From THz Databases

In [49] we proposed a framework for detecting chemical compounds using their THz

signatures. The framework relies on GUSSS to separate mixed signals and determine

whether or not a particular chemical is present in a mixture. Our approach aims

at detecting materials even if they are mixed together with other materials. Such

a framework could be used for detection of Improvised Explosive Devices (IED), for

detection of hazardous or illegal substances in airports, etc.

Proposed Framework

Figure 4.1 shows a block diagram illustrating the various parts of the system and the

flow of the process. We start with a collection of THz signatures, which in our case

come from public databases. In our approach we use time domain signals, so we need

to transform the THz signatures from the databases (IFFT block in Figure 4.1). Time

signatures were used for training the system, for creating test signals, and for obtaining

the feature characterizing sensed signals, the GUSSS ratio. As we explained in section

3.2.1, the GUSSS ratio can be used as a criterion for determining whether a particular

signature is present or not in the sensed signal. It is calculated for training signals in

the system, and it is used to classify the testing signals using a Support Vector Machine
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(SVM).

Figure 4.1: Proposed system.

Training the System

Let Y1, . . . , YN be a set of THz signatures, and let one of them, say Yp, be the signature

corresponding to a particular material or chemical that we are interested in detecting in

a sensed signal x. Let y1, . . . , yp, . . . , yN be the corresponding time domain signatures.

These signatures are inputs for the training module shown in Figure 4.1. The output

of this module are classification parameters later necessary for testing.

The training module uses the time signatures to create training mixed signals as

the following linear combinations:

x = c1y1 + c2y2 + · · ·+ cpyp + · · ·+ cNyN

The mixing coefficients ci represent the intensities that each individual signature yi

has in the mixed signals. In other words, the training signals simulate sensed signals

we would get from a real THz sensor. So, we must create two classes of training signals.
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The first class corresponds to signals containing the particular signature yp, i.e. class

“present”. To ensure that signature yp is present in the mixture, the corresponding

coefficient cp has to be non-zero. We employed a lower limit (ll) and an upper limit (ul)

that satisfy 0 < ll ≤ ul ≤ 1. Then, the coefficient cp is randomly chosen from a uniform

distribution defined over the interval [ll, ul]. The remaining coefficients are randomly

chosen from a uniform distribution over the unit interval [0, 1] and then normalized so

that
∑
i 6=p
ci = 1 − cp. Note that ll can be interpreted as a minimum % of signature yp

present in the mixtures.

The second class of training signals corresponds to “not present”, that is, signals

not containing the particular signature yp. Therefore, the corresponding coefficient cp

is set to zero. The other coefficients are once again randomly chosen from the unit

interval and normalized as before.

Next we apply the GUSSS algorithm described in section 3.1 to all training signals.

We obtain GUSSS ratios labeled “present” and “not present”. Finally, we obtain the

training parameters – the support vectors – that will be used later to classify the test

signal mixtures.

Testing the System (for Classification)

The goal of the system is to detect the presence of specific materials among sensed

mixtures. So, after training the system for the particular signatures that we want to

investigate, we use those same signatures for testing.

Next, given a test signal mixture, we want to determine if a certain material (i.e.

a certain signature) is present in the mixture or not. As before, we assume that the

test signal mixture is a linear combination of arbitrary time signatures. As Figure 4.1

shows, one of the inputs of the GUSSS module is the test signal mixture. The other

input of this module is the signature of the material to be investigated. In other words,

if we want to determine if the particular material P1 with signature yp1 is present in

the signal mixture, then we would inject a copy of yp1 in the GUSSS module.

The GUSSS ratio obtained from the test signal is then input to an SVM classification

function along with the learned SVM parameters. This function determines whether
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the given ratio (and therefore the corresponding signature) belongs to class “present”

or class “not present”. Despite the decision reached by the system for material P1,

different materials Pi can be sequentially tested for their presence or absence in the

mixture.

Experiments and Results

The experiments that we conducted rely on THz signatures obtained from two public

databases [73, 74]. We ran 18 tests, representing different combinations of materials

from the databases. For each of the 18 tests, we selected one material to be the target

material – i.e. the one to be detected. We used its signature and the signatures of

7 additional materials to train the system and obtain the training parameters. Then,

we created testing mixtures using the same 8 THz signatures plus 2 additional ones.

We introduced those two new THz signatures to simulate situations when the target

material is mixed with materials for which no training had been provided – i.e. these

2 extra materials had never been seen by the system before the tests.

After selecting the materials for each of the 18 tests, we created 9 different sub-

cases representing different potential concentrations of the target material in the total

mixture. We did that by randomly selecting the concentration of that target material

between a certain lower limit, ll, and an upper limit, ul. Finally, for each of the 9

sub-cases in each test, we created 500 mixture signals for training and another 1000

for testing. Half of the mixtures corresponded to cases when the target material is

present, and the other half to cases when the material is not present. The mixtures

were created as linear combinations of all 10 THz signatures in the test.

Figure 4.2 illustrates the behavior of the GUSSS ratios as the lower limit ll varies

from 0.1 to 0.9. The figure depicts in red and blue the distributions of the GUSSS

ratios corresponding respectively to the cases when the particular material is present

and when it is not present (log-scale). The left-hand figure shows the best material

– i.e. the material for which the classification rate was the highest. The right-hand

figure shows a more typical material. From the figures, we can notice that the GUSSS

ratios for the cases when the material’s signature is not present remain approximately
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within the same range, independent of ll – i.e. the averages of the logarithm of those

GUSSS ratios are approximately constant throughout the plot. However, for the cases

when the signature is present in the mixtures, the GUSSS ratios are smaller, and their

values decrease further with the increase in the value of ll – i.e. with increases in

the concentration of the particular material in the mixture. Note how the separation

between the set of “not present” cases and the set of “present” cases increases as ll

increases, as expected.

Table 4.1 shows the overall average results for all 18 tests. The complete set of tests

and more details about the materials used can be found at:

http://vigir.missouri.edu/THz GUSSS.htm

0 0.2 0.4 0.6 0.8 1

−2

−1

0

1

2

3

4

lower limit = upper limit

lo
g
a
ri
th

m
 (

b
a
s
e
 1

0
) 

o
f 
th

e
 v

a
lu

e
s

Logarithms of training ratios vs. lower limit

 

 

ave. not pr.
ave. present

0 0.2 0.4 0.6 0.8 1

−3

−2

−1

0

1

2

lower limit = upper limit

lo
g
a
ri
th

m
 (

b
a
s
e
 1

0
) 

o
f 
th

e
 v

a
lu

e
s

Logarithms of training ratios vs. lower limit

 

 

ave. not pr.
ave. present

Figure 4.2: Logarithm of GUSSS ratios vs. lower limit (ll) of a particular target
material concentration %. Red: ratios when the target material is present; Blue, when
not present. The continuous lines go through the averages of the log-GUSSS ratios.
Left: Best case. Right: Average case.
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Table 4.1: Overall average percentages of True Positives, True Negatives and Correct
Classification rates (18 experiments).

[ll, ul] TP TN CC

[0.10, 0.20] 67.1 71.9 69.5
[0.20, 0.30] 77.1 79.3 78.2
[0.30, 0.40] 85.3 85.1 85.2
[0.40, 0.50] 88.9 92.0 90.5
[0.50, 0.60] 93.5 94.4 93.9
[0.60, 0.70] 95.1 96.8 96.0
[0.70, 0.80] 96.4 97.8 97.1
[0.80, 0.90] 97.4 98.0 97.7
[0.90, 0.95] 97.5 98.3 97.9

4.1.1.2 Application to Root Phenotyping Using THz Imaging

System Architecture (RSA) is the spatial representation of a plant root system. It

plays a vital role in determining the life and growth of plants. Many researchers have

long correlated root traits present in the various RSAs to physiological functions of the

plant, such as as drought tolerance, carbon allocation, nutrient-acquisition capacity,

etc. The key difficulty in measuring and classifying RSAs is the ability to measure root

traits without destroying the plants. In order to facilitate this, some researchers opt to

growing plants in hydroponic, aeroponic or translucent gel-based media. This approach

allows for the inspection of plant roots while still inside a cylinder or solution [77], but

they do not recapitulate the nature of RSA in soil while they restrict analyses to young

plants. Others are using X-ray CT or MRI based approaches to non-destructively

image roots in solid non-translucent media. However, the primary disadvantages of

these approaches are the cost, the scanning times, and their limitation to plants grown

in pots, where translation of these systems to field conditions does not seem likely.

THz imaging is an emerging and significant nondestructive evaluation technique used

for analyzing non-conducting materials [64]. THz signals can be captured at the emitter

side (reflection) or on the opposite side of the object, at the detector side (transmission)

[65, 78]. In both cases, THz signals interact with the different materials in the object
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under investigation (e.g. soil, roots, rocks, etc) resulting in multiple reflections or

transmissions that are captured by the sensor – this is usually referred to as signal

“crosstalk”. Those crosstalked signals are examples of mixed signals, and as such, are

perfect candidates for our GUSSS based classification methods. Next we present the

results from applying our HiGUSSS framework to Pulsed THz imaging of plant samples

buried in sand and potting soil.

Methods

As we have explained before, the idea behind GUSSS is to inject a sought-out signature

– e.g. a previously learned signal which is typically reflected off or transmitted through

a specific object (root, soil, etc.) – into the classifier and observe the response obtained

in terms of the statistical independence of the original signal and the one created by the

injected signature. If these two signals are statistically independent, this indicates that

the sought out signature was not present (crosstalk) in the original signal. Otherwise,

the signature was present and we can classify the signal as containing the sought-out

object.

Experiments and Results

Samples including carrots, sweet potatoes, turnip, rocks and wood pieces were buried

in sand and in potting soil and imaged using both transmission and reflection signals.

This allowed us to compare the two imaging methods in order to determine their

effectiveness at acquiring the shape and size of different buried organic materials.

Results from THz Transmission

For this experiment, a carrot of approximately 18cm in length was placed in a plastic

container filled first with sand and then potting soil. The total depth of the material

in both cases was approximately 5cm. Figure 4.3(a) and (b) present photos of the

samples investigated in this experiment with THz transmission imaging. Figure 4.3(c)

and (d) show measured THz signals with the emitter (detector) located over (under)

dry sand only, and over (under) the carrot buried in dry sand, respectively. Figure
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4.3(e) shows a THz transmission time domain image for carrot buried in sand, and (f)

shows the HiGUSSS classification results. Table 4.2 shows the classification results for

the sand and the soil cases.

(a) (b)

(c) (d)

(e) (f)

Figure 4.3: Carrot samples in (a) sand and (b) soil; Time domain THz signals transmit-
ted (c) through sand and (d) through the carrot buried in sand; (e) THz transmission
time domain images for carrot buried in sand; (f) Results of the HiGUSSS classification
(sand).

Table 4.2: Classification Accuracy for the THz transmission experiments.

Classification Accuracy %

Sand + Carrot 96.04
Soil + Carrot 96.06

Results from THz Reflection

To investigate the reflection mode, the THz emitter and detector were both positioned

above the sample at a 30-degree angle of incidence relative to the surface. The samples

investigated in these experiments included a sweet potato, a turnip, a piece of dry tree
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branch and four rocks of different sizes, all covered by 3 − 4mm of sand as shown in

Figure 4.4(a). The time-domain window of the system was set such that both the sand

surface reflection and the reflection from the buried objects could be measured. This

is illustrated in Figure 4.4(b), which shows the measured reflected THz signal from

both the sand and potato surfaces when emitter/detector are positioned above the

potato. Similar to the transmission mode, an image can be formed from the reflected

time-domain signals. This is shown in Figure 4.4(c), which illustrates the amplitude of

the subsurface reflection. Figure 4.4(d) shows the results of the HiGUSSS framework

applied to the THz reflection signals to identify the multiple classes of objects buried

in the sand.

Comparison between Figure 4.4(a) and 4.4(d) demonstrate that the results are

promising. The HiGUSSS achieved an average accuracy of 91.58% for all five types of

objects (potato, turnip, rocks, tree branch and sand). Table 4.3 presents the classifi-

cation percentages of each of the four types of objects (potato, turnip, rocks, and tree

branch) against the sand.

(a) (b)

(c) (d)

Figure 4.4: (a) Photo of the samples used for the THz reflection test including a sweet
potato, a turnip, four rocks and a piece of tree branch (uncovered to show the objects);
(b) The time domain reflected signal at a particular point in (c); (c) Time domain THz
reflection image of the objects after being completely buried by dry sand; (d) Final
classification using the HiGUSSS Framework.
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Table 4.3: Classification Accuracy for the THz Reflection experiments.

Classification Accuracy %

Sand + Potato 92.50
Sand + Rock 94.68

Sand + Turnip 91.43
Sand + Wood 87.73

4.2 Applications to Assistive Technology

Robotic Assistive Technology (RAT) is a field that addresses the development of sys-

tems to assist people with different levels of impairments in carrying out routine ac-

tivities [79]. People who have lost limbs or who have suffered strokes or spinal cord

injuries, patients engaged in physical therapy, elder people and people with any kind

of physical disabilities may benefit from advances in this field [79–81]. The range of

assistive devices that the technological advances have made possible is very wide. Re-

search in this field is multi-disciplinary and very active. Even though a lot of advances

have been made, there is constant need of finding better, faster, more reliable, more

adaptable, user-friendlier and less expensive solutions.

Physical rehabilitation for people who have suffered an injury or have had surgery

is essential to recover normal function for daily activities. And assistive technology

can help in that process. For instance, [82] presents a knee orthopaedic device to

illustrate how robotic technology can improve the outcome in knee rehabilitation. Un-

fortunately, a lot of people do not have the possibility to fully recover. For instance,

people with degenerative diseases like progressive muscle dystrophy, Multiple Sclerosis

(MS), Alzheimer’s and Parkinson’s diseases; elder people with weakened muscles or

degenerative joint diseases; blind, deaf or amputees, etc. There is a need for devices

and technologies to assist them. There are a lot of commercial devices available today,

but research continues. To illustrate, in [83] an electric lifting chair meant to aid in

standing up and sitting down is assessed; [84] presents a robot assisted rehabilitation

protocol designed to treat cerebellar and motor symptoms in subjects with MS; [85]

introduces an exoskeletal meal assistance system for progressive muscle dystrophy pa-

tients; and [86] studies haptic and auditory interfaces that can help blind people to
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interact with computers.

Intelligent AT systems and devices rely on different kinds of signals or features

coming from the environment or from the human users themselves. Temperature,

velocity, acceleration, orientation, force, torque and many other quantities are detected

and used. Audio and video signals are captured and analyzed, too. Some other signals

such as electrical signals generated by brain, cardiac or muscle activity are also used

for evaluating patients and for controlling AT devices. The methods presented in this

work have been applied to those electrical signals, specifically the ones generated by

muscles. In the next section we present a more specific background on them.

4.2.1 Background on EMG

Electromyographic signals collected at the surface of the skin (sEMG) have been

used in many applications, including rehabilitation, prosthesis, computer interfacing,

wheelchair control, etc. [87–89]. When it comes to rehabilitation, more specifically

for power wheelchair control, EMG signals have been often used as on/off switches.

In those cases, menu driven approaches [80], finite state machines [90], and combina-

tions of multiple muscles and sensors [91] are common techniques employed to provide

multiple dimensions in the operation to the interface.

Several sEMG-based systems that rely on more elaborated pattern recognition of

EMG signatures have also been proposed, including for exoskeleton robotics [92], and

they vary widely in terms of: the classification approach employed; the feature selection

criteria; and the number of sensors used. But, again, they constantly require multiple

sensors and much investment on the feature extraction and classification algorithms.

Our goal in this work is instead to present a much simpler and yet effective technique

using a single EMG sensor, allowing for other muscles and sensors to be used in other

interfaces or to add modalities of operation to the interface.

As we mentioned above, sEMG-based systems vary widely and in terms of the clas-

sification algorithm. Artificial Neural Networks (ANN) [93–95], Fuzzy Logic and Fuzzy

Control systems [32,94], are possibly the most common methods used to classify muscle

activity – i.e. classify motor unit action potentials trains (MUAPT). The ability to
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recognize MUAPT can be applied, for example, to hand gesture recognition, control of

electro-mechanical prosthesis, computer mouse movement, etc. [89]. One such example

can be found in [94], where an ANN was compared to a Fuzzy Inference System (FIS)

for classification in a hand prosthesis control.

In another work presented in [95], several techniques for classification were employed

in order to identify hand gestures using sEMG signals extracted from the forearm

of human subjects. The authors reported good performance using ANN, Random

Forest (RF), 1-Nearest-Neighbor (1NN), Support Vector Machine (SVM), Decision Tree

(DT) and Decision Tree with Boosting (DT/B) as some of the different classification

techniques used. In that case, the ANN approach presented a better performance than

the other methods.

In terms of feature selection, the features can be extracted from the time or the

time-frequency domains [89, 93, 94]. These features typically include: number of Zero

Crossings (ZC), Mean Absolute Value (MAV), Slope Sign Changes (SSC), coefficients of

Auto-regressive models (AR) [93,94]; Absolute Maximum/Minimum, Maximum minus

Minimum, Median Value (Med), Variance, Waveform Length (WL) [89]; coefficients

of the Short Time Fourier Transform (STFT) [89]; Wavelets Transform (WT) [88,89],

etc.

Given the wide range of features and their large dimensionality, many systems also

employ dimensionality reduction techniques to the set of features. In those cases,

Class Separability (CS), Principal Component Analysis (PCA), Analysis of Variance

(ANOVA) or Multivariate ANOVA (MANOVA) are the techniques frequently used.

In [94], for example, the authors developed a feature selection that employed CS and

PCA for dimensionality reduction. In that system, as well as in [95] where ANOVA was

the technique of choice, the main concern is always to reduce dimensionality without

affecting the classification in a significant manner.

Finally, in terms of number of sensors used, most systems developed to date have

made use of two or more sEMG signals derived from multiple sensors. For example,

in [94], the authors reported using only two differential sEMG electrodes placed on

the forearm of the test subjects. As we mentioned earlier, their system used multiple
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features and a FIS+PCA classifier to achieve 83% accuracy. A better performance

(93.3%) was obtained in [95], but with the cost of relying on more sensors – 5 to be

more specific – and using ANN as the classification algorithm.

As it can be inferred from the literature review, the use of multiple electrodes and of

sophisticated classification algorithms help coping with a major disadvantage of surface

EMG: the occurrence of crosstalk from adjacent muscles [87]. It is exactly this crosstalk

of MUAPTs that makes the use of a single sensor a quite challenging problem.

Several systems have been proposed to control wheelchairs using EMG signals. To

illustrate, in [96], the authors developed a wheelchair controller for users with high-level

spinal cord injury. They used Fuzzy Min-Max Neural Networks to classify forward, left

and right movements, and rest. And they measured EMG signals from muscles in

each side of the neck. In [91] the authors used EMG signals from the neck and the

arm muscles to implement a “joystick-like” model to control a wheelchair. And in [90]

the authors presented a hands-free control system based on EMG signals recorded

from eyebrow muscle activity for directional control, and electro-oculography signals

detected from eye movements for speed control.

Once again, systems like the one above either rely on very complex processing and

classification algorithms, or use the EMG signals mainly as on/off switches. Moreover,

they seek patterns based on the simple presence and the frequency of the activation. We

have used our proposed GUSSS based frameworks described in chapter 3 for recognizing

muscle movements or “gestures”. We use GUSSS on the crosstalked MUAPTs signals

from a single sEMG electrode. Unlike other methods based on ICA [32], our method

relies on a single sEMG source.

As an example of a real life RAT system, we incorporated our gesture recognition

method into a power wheelchair, allowing it to be driven through different muscle

movements.

4.2.2 Results

We first introduced the GUSSS method and GUSSS ratio in [52]. The proposed classifi-

cation framework was demonstrated for detecting specific hand gesture signatures using
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Figure 4.5: Original framework for the power wheelchair system.

a single sEMG source. Compared to other systems found in the literature which use

multiple sEMG sources for classification, our proposed framework employed a much

simpler classifier – a distance classifier (sec. 3.2.2.3) – using only two features, the

GUSSS ratio and the MAVs. No segmentation of the signal was used. Yet, the classifi-

cation accuracy obtained with our method, 85% for three different gestures, was quite

comparable to previously reported methods. At the same time, it still required fewer

sensors, fewer features, and a very straightforward classification algorithm. The tests

in that first work were done offline.

In [53], further offline tests were performed, including more test subjects and signals

generated by eyebrow movements, in addition to arm muscle activity. Furthermore,

we showed how the technique can be employed to control of a power wheelchair. On-

line tests were performed using the wheelchair system. Figure 4.5 shows the original

framework.

As we mentioned in the introduction of this chapter, due to our work in the area of

AT, we wrote a book chapter entitled “Haptic and Gesture-Based Assistive Technologies

for People with Motor Disabilities” [54], where we presented a survey on methods and

algorithms used for haptic and gesture based technologies. We also presented our

own results thus far, and we offered our particular views on the future of assistive
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technologies in general.

In [55] we introduced the HiGUSSS method described in Section 3.3 and we pre-

sented the results of applying the method to a larger number of hand gestures. We

aimed at improving the performance of our method both in accuracy and in the num-

ber of gestures to be recognized, while still using a single sEMG signal. We added

an additional feature – the ZC – and we segmented the signals, keeping the distance

classifier that we had used before. Next we present more details of this work, as well

as the results obtained.

Goals of the Experiments

The goals of the experiments presented in [55] were the following: 1) contrast with

[53] for the same number of gestures (4) and with more gestures (5); 2) compare

HiGUSSS with non-hierarchical methods; and 3) investigate how the accuracy varies

as the number of gestures increases.

Data Collection

Seven test subjects were asked to perform at least 100 repetitions of each of the five

gestures shown in Figure 4.6. The sEMG signals of interest, i.e., the ones to be as-

sociated with each gesture, are those generated during the transition from a resting

position to the actual hand gesture and back to the resting position. Each subject

performed all gestures at the same level of effort and rested between gestures.

A single pair of sEMG electrodes was placed near the Extensor Carpi Radialis

Longus muscle along the forearms of the human subjects to collect the performed

gestures. A reference (ground) electrode was also placed on the wrist of the opposite

arm of the subjects. The raw sEMG signals were amplified (×2000) and low-pass

filtered (1 kHz) using a GRASS amplifier (model 15A54) and sampled using a National

Instruments (NI) digitizer at 4 kHz. The signals were divided into 3 segments (i.e.

D = 3), and the size of the tuples was set to 2 for all tuples (i.e. ni = 2).
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Figure 4.6: Hand gestures considered: a) “clench”, b) “up”, c) “tap” (finger tapping),
d) “right-left”, and e) “up-up” (done quickly). The figure shows the transition from
the resting position to the gesture and back to the resting position.

Results using HiGUSSS

To contrast with the work in [52, 53], we first tested the HiGUSSS method with 4

gestures and later with 5 gestures. For each experiment, a 10-fold cross validation was

performed. Each time 90% of the signals of all the gestures were used for training. The

remaining 10% of the signals were then classified as described in Section 3.3. Tables 4.4

a) – c) show the results using 4 gestures and Tables 4.5 a) – c) show the results using

all 5 gestures. The results shown reflect the test subjects with the highest accuracy,

with the lowest accuracy, and the average for all test subjects. The confusion matrices

show the average percentages over the 10-fold tests. The average correct classification

percentages are also presented at the bottom of each table.
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Table 4.4: HiGUSSS: Confusion matrices for 4 gestures. The values are average per-
centages over a 10-fold cross validation.

Assigned gesture
clench up tap up-up

True clench 94.0 0.0 0.0 6.0
hand up 0.0 96.0 0.0 4.0
gest. tap 0.0 0.0 99.0 1.0

up-up 2.0 5.0 0.0 93.0
Correct classification: 95.5%

a) Best case

Assigned gesture
clench up tap up-up

True clench 91.0 9.0 0.0 0.0
hand up 6.0 93.0 0.0 1.0
gest. tap 3.0 6.0 88.0 3.0

up-up 0.0 5.0 1.0 94.0
Correct classification: 91.5%

b) Worst case

Assigned gesture
clench up tap up-up

True clench 88.8 6.1 2.5 2.7
hand up 4.4 94.1 0.4 1.1
gest. tap 2.5 1.5 94.5 1.5

up-up 3.7 2.6 0.8 92.9
Correct classification: 92.6%
c) Average over 7 subjects
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Table 4.5: HiGUSSS: Confusion matrices for 5 gestures. The values are average per-
centages over a 10-fold cross validation.

Assigned gesture
clench up tap up-up right-left

clench 94.5 0.9 0.0 0.0 4.5
up 2.7 96.4 0.9 0.0 0.0
tap 0.0 0.0 97.3 0.9 1.8

up-up 0.0 2.7 0.9 96.4 0.0
right-left 3.6 0.9 1.8 0.9 92.7

Correct classification: 95.5%
a) Best case

Assigned gesture
clench up tap up-up right-left

clench 88.0 12.0 0.0 0.0 0.0
up 5.0 89.0 0.0 1.0 5.0
tap 3.0 3.0 86.0 0.0 8.0

up-up 0.0 2.0 1.0 88.0 9.0
right-left 1.0 8.0 6.0 3.0 82.0

Correct classification: 86.6%
b) Worst case

Assigned gesture
clench up tap up-up right-left

clench 86.3 5.9 2.1 2.6 3.2
up 5.1 92.4 0.1 0.9 1.4
tap 3.6 0.6 93.4 0.6 1.8

up-up 3.4 1.7 0.8 91.2 2.9
right-left 5.0 2.3 1.6 2.6 88.5

Correct classification: 90.4%
c) Average over 7 subjects

Results - HiGUSSS vs. Non-Hierarchical Classifiers

The HiGUSSS was also compared to two other approaches for the same features except

for the confidences, since the two approaches used were non-hierarchical. So, instead

of using a pairwise approach, features were extracted from the training signals for all

classes simultaneously. In other words, the feature vectors are similar to the level 1

vectors described in Section 3.3.2, with GUSSS ratio values for all C classes – i.e. C
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gestures.

For the distance classifier, the classification was obtained by selecting the smallest

Mahalanobis distance from the input signal’s feature vector with respect to the means

of the class distributions.

Tables 4.6 a) and b) show the correct classification percentages for all 7 test subjects

using the three classification methods. Despite the small differences, overall, both

the distance classifier and the SVM are outperformed by the proposed hierarchical

approach. As pointed out in [52,53], we attribute the good performance of all classifiers

to the GUSSS ratio as a feature in all methods.

Table 4.6: Classification accuracies for 7 test subjects. The values are average percent-
ages over a 10-fold cross validation (105 signals per gesture).

Distance SVM Hierarchical
Subject 1 93.5 94.0 95.5
Subject 2 96.8 95.5 95.2
Subject 3 86.8 86.3 91.5
Subject 4 97.9 97.5 96.4
Subject 5 89.7 88.4 90.0
Subject 6 92.0 88.9 89.1
Subject 7 89.5 90.0 90.5

Overall 92.3 91.5 92.6
a) Four gestures

Distance SVM Hierarchical
Subject 1 91.2 91.4 93.2
Subject 2 91.3 93.1 95.3
Subject 3 81.8 83.0 86.6
Subject 4 94.2 93.1 95.5
Subject 5 85.8 84.9 86.5
Subject 6 87.8 88.7 87.6
Subject 7 87.4 90.7 87.8

Overall 88.5 89.3 90.4
b) Five gestures
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Results - Accuracy vs. Increasing Number of Gestures

One last experiment was performed using up to 9 gestures to evaluate the effect on

the classification accuracy when increasing the number of gestures. Data for 9 gestures

were collected from one test subject by the same process described above. The gestures

included the 5 shown in Figure 4.6 as well as four new gestures: “Down”, “clench-

clench”, “open”, and “rotate”. To complete the “down” gesture the subject bends the

wrist towards the ground. To complete the “clench-clench” gesture the subject quickly

does the clench gesture shown in Figure 4.6 two times. To complete the “open” gesture

the subject opens the hand extending all of the fingers. To complete the “rotate”

gesture, the subject rotates the hand clockwise.

Table 4.7 shows the classification percentages for a test subject using the three

classification methods. It’s important to notice that as the number of gestures used in-

creases, the gap in classification accuracy between the proposed method and the other

two classifiers grows. This trend is illustrated in Figure 4.7 which shows the classifi-

cation accuracy plotted against the number of gestures used. A T -test for statistical

significance of this result was performed and the hierarchical classifier outperforms the

SVM with t = 4.11 and df = 6 for p < 0.05, and the distance classifier with t = 4.07

and df = 6 for p < 0.05.

Table 4.7: Classification accuracy for a single test subject. The values are percentages
over a 10-fold cross validation of 105 signals per gesture.

Distance SVM Hierarchical
3 Gestures 97.3 99.0 98.3
4 Gestures 97.7 94.7 98.5
5 Gestures 96.0 93.4 96.8
6 Gestures 92.1 90.0 94.4
7 Gestures 88.2 87.5 91.3
8 Gestures 84.5 82.3 89.1
9 Gestures 83.6 79.0 86.5
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Figure 4.7: Classification accuracy vs. number of gestures for the proposed hierarchical
approach, the SVM, and the distance classifier, tested with data from one subject.

The addition of ZC and segmenting the signals had a positive impact in the classi-

fication performance, as expected. The distance classifier achieved higher classification

accuracies in the latest work compared to the earlier results – overall averages of 92.3%

for 4 gestures and 88.5% for 5 gestures. During our tests, we noticed that certain

gestures were very distinguishable from each other, and certain other gestures were

very confused with each other. This observation motivated the tuples and the hierar-

chical method, which aimed at minimizing the confusion between those gestures. The

results obtained with the hierarchical approach were, in fact, better than with the

non-hierarchical classifiers – 92.6% for 4 and 90.4% for 5 gestures.

Even though the improvement gained by HiGUSSS was relatively small, it was in-

teresting to notice that such improvement was comparatively higher with 5 gestures

than with 4 gestures. This observation motivated the last experiment, where we exam-

ined the effect on the classification accuracy when increasing the number of gestures.

As can be seen from Table 4.7 and Figure 4.7, HiGUSSS outperformed the other two

methods, and the differences in accuracy were statistically significant, as confirmed by

the T-tests results. As expected, as the number of gestures increased, the accuracies

for all of the classifiers dropped. However, the classification accuracy for HiGUSSS de-

creased at a lower rate than for the other two classifiers. In the case of 3 gestures, the

accuracy of HiGUSSS was about 1% higher than the accuracy of the distance classifier

and less than 1% lower than that of the SVM – yet almost perfect. In the case of 8

gestures, HiGUSSS was almost 5% above the distance classifier and almost 7% above
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the SVM. And with all 9 gestures, HiGUSSS was 7.5% above the SVM, though it was

only about 3% above the distance classifier in this case.

The results presented here demonstrate the discriminant power of HiGUSSS. Its

better performance compared to the other classifiers is because the hierarchical method

employs tuples of gestures instead of comparing each gesture against every other ges-

ture. This is more noticeable as the number of gestures increases.

4.3 Applications to Otolaryngology

Occupational voice users are at the highest risk for voice disorders largely due to the

extraordinary vocal load placed on the laryngeal system while exercising their occupa-

tion [97]. Classic symptoms are hoarseness, vocal effort, and vocal fatigue, which are

related to vocal hyperfunction [97]. In turn, vocal hyperfunction may lead to phono-

trauma – e.g. vocal nodules – or to primary Muscle Tension Dysphonia (MTD) – i.e.

excessive or dysregulated laryngeal muscular activity underlying the vocal changes [98].

So, the ability to differentiate normal and abnormal patterns of laryngeal muscular

activity in daily life could improve our ability to detect and understand the pathophys-

iological processes leading to MTD, and thereby improving the diagnosis of this voice

disorder.

In parallel to that, it is well known that as muscles contract, they undergo changes

in electrical potentials, which can be monitored by electromyographic (EMG) devices.

When studying a single muscle, the optimal signal to noise ratio is typically obtained

when the electrodes are placed inside the muscle – a technique available in the health-

care or laboratory setting, but with limited use in people’s everyday lives. A less

invasive strategy is to place surface EMG (sEMG) electrodes on the skin near the

muscle(s) of interest. Recently, the interest in many areas such as human-computer

interfacing [99], prosthesis [100] and even voice pathology [101, 102] has fomented de-

velopment of devices that can monitor muscle activity, and systems like the Delsys’

Trigno, Great Lakes Neurotechnologies’ BioRadio, and the Shimmer’s Shimmer3 wear-

able sensors are just a few of the many examples in the market today.
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Given the benefits of detecting MTD and the proliferation of sEMG devices in

the context of other muscle-related dysfunctions (ALS, Cerebral Palsy, etc. [54]), it

stands to reason that sEMG can be a powerful, non-invasive and well-suited tool also

in the study of MTD. In that sense, even though reliable detection of sEMG signals in

extralaryngeal muscular activity that can be associated to high risk of voice disorders

is a non-trivial and scarcely investigated area, it should also be the foundation to study

differences between normal and maladaptive muscular activity during voice production

for speech.

In the past decade, research intensified the development of devices suitable for am-

bulatory monitoring of daily voice use. Commercial systems were made available to

monitor vocal duration, voice intensity, and voice fundamental frequency (f0) using

accelerometers, microphones and frequency transforms [103–105]. Some of these non-

invasive monitoring system even provide biofeedback capabilities and have been ported

to smartphone platforms [106]. However, the richness and complexity of vocal patterns

during speech go well beyond what can be captured by microphones and inertial sen-

sors. In that sense, and with limited use to extralaryngeal activity, one of the latest

developments was a smartphone-based Vocal Health Monitor in which collection of

frequency and inertial data was calibrated to aerodynamic parameters, in particular

glottal air flow [106–109]. On the other hand, vocal effort is thought to be partially

the result of compensatory extralaryngeal activity to produce stronger or more consis-

tent voice during vocal fatigue [110]. Hence, even though the detection of vocal effort

and fatigue as early signs of MTD is often elusive in the isolated screening or clinical

setting [107], classifying sEMG signals can help to answer unique research questions

about magnitude and pattern of that same extralaryngeal activity and their correlation

with MTD.

Finally, while we agree with recent statements that sEMG has not reached its full

potential for application to clinical and basic research in voice, speech, and swallow-

ing [102], ambulatory monitoring of voice using sEMG on extralaryngeal muscles can

be an innovative approach to advance our understanding of vocal hyperfunction and

ultimately to monitor its occurrence in heavy voice users. Indeed, the broader and
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more pertinent issue at hand is to further research on how to best process and analyze

data from any voice ambulatory monitoring system and to determine the data’s clini-

cal utility [105, 107], which is also the focus of this research, in the context of sEMG

signals.

As alluded to earlier, sEMG is a less invasive strategy than its non-surface coun-

terpart, with more real-world practicality. However, it comes at the expense of noisier

signals and exacerbated occurrences of crosstalk between adjacent electrodes. That is

because the biologic functions that are subserved by muscular activity do not result

from the action of a single muscle, but from the activity of several muscles working in

a coordinated fashion. Moreover, when it comes to recognizing the crosstalk patterns

of muscle activity in a reliable, accurate and robust manner, much remains to be done.

In [111], an ambulatory sEMG device named ECHO (EMG multi-Channel Hardware

for Otolaryngology) was proposed to log sEMG data from multiple differential sEMG

sensor channels. The system was connected to the anterior neck of the subject since

many complex physiological motor functions underlying voice, speech, and swallowing

occur within the neck. Also, the muscles in this area are located relatively close to the

skin and are quite appropriate for sEMG. The goal in [111] was to demonstrate that: 1)

an ambulatory sEMG device can help to build our understanding of complex laryngeal

patterns underlying voice for speech and non-speech vocal behaviors through sEMG

signals; and 2) the neck offers an excellent location from which to capture such signals.

The HiGUSSS was then tested for a single test subject and it achieved a classification

accuracy of over 90% for six gestures.

So, in [56], two new research questions were raised: 1) whether sEMG devices can

reliably associate a larger number of patterns of extralaryngeal muscle activity with

voice tasks underlying speech and non-speech behaviors; and 2) whether they can

differentiate between multiple vowel sounds produced in a normal manner compared

with a pressed (low air flow) manner for intra- and inter-subject testing. The answer

to these questions can lead to a method applicable clinically to the detection of normal

and maladaptive extralaryngeal patterns associated with voice problems.

In order to answer these questions, we drastically expanded on the testing and
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validation of the system proposed in [111] by: 1) more than doubling the number of

test subjects (ten) with different ages and genders; 2) adding new groups of different

gestures with both similar and distinct patterns representing normal and simulated

dysfunctional conditions; 3) testing a larger number (ten) of vocal gestures; and 4)

creating different test scenarios involving intra- and inter-subject cases. The results

presented in [56] show that despite the complexity of the muscle groups on the neck,

meaningful detection of vocal dysfunctions through the recognition of sEMG signals is

possible, at high levels of accuracy.

4.3.1 Multi-Channel Hierarchical GUSSS

For the enhanced version of the Hierarchical GUSSS with multiple channels used in

this research, the steps detailed in 3.3 were replicated for each channel, leading to a

set of vectors −→u . These channel vectors were then averaged in order to form a single

confidence feature vector to serve as the input to the Multi-Class SVM (MC-SVM).

4.3.2 Experiments

Expanding on the six gestures collected in [111] for a single subject, for the experiments

reported here, a total of ten vocal gestures and one resting condition were collected

for ten subjects. The full set of gestures collected for each subject includes: /a/,

/a/ pressed, /u/, /u/ pressed, /i/, /i/ pressed, /t/, /s/, cough, and throat clear . A

pressed gesture indicates a simulated vocal dysfunction by using a pressed voice for the

corresponding gesture. Vocally healthy subjects were trained on how to simulate these

dysfunctional gestures by using a pressed voice, or restricting their air flow during a

vocal gesture. This training is described in Section 4.3.2.3.

These ten gestures were then grouped into the following four different test sets.

The first test set includes the six original vocal gestures /u/, /i/, /t/, /s/, cough, and

throat clear also found in [111], but this time for ten subjects instead of one. The

second test set consists of all ten gestures /a/, /a/ pressed, /u/, /u/ pressed, /i/, /i/

pressed, /t/, /s/, cough, and throat clear . This set was used to test the ability of the

hierarchical approach to classify a large gesture set with high accuracy. The next set
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was formed by the gestures /a/, /a/ pressed, /u/, /u/ pressed, /i/, and /i/ pressed , and

it was used to test the ability of the system to classify unique normal and simulated

dysfunctional gestures. In other words, to identify a vocal gesture with or without

simulated dysfunction, as well as to classify the occurrence of specific vocal gestures.

Finally, the gestures /a/, /u/, and /i/ were grouped together into a Normal class,

while /a/ pressed, /u/ pressed, and /i/ pressed into a Pressed class. In order to further

validate the proposed hierarchical approach, a comparison was performed between the

proposed method, a distance classifier, and a single-layer MC-SVM classifier.

4.3.2.1 Data Collection

The main goal of all experiments was to validate the claim that meaningful classifica-

tion can be achieved from extralarygneal sEMG signals of the anterior neck – not only

for normal voice production, but also simulated disordered voice production. There-

fore, sEMG signals were collected under well-controlled laboratory conditions. The

subjects were six males and four females in good health who denied the presence of

any voice disorder. Four pairs of sEMG electrodes and a ground electrode were placed

as explained in Section 4.3.2.2 and seen in Figure 4.8. Data were collected in an IAC

Acoustics audiology booth (New York, New York) in the Department of Communica-

tion Science and Disorders at the University of Missouri.

For the sEMG data collection, the test subjects were asked to perform 55 repetitions

of each of the ten selected gestures in the following order: /a/, /a/ pressed, /u/, /u/

pressed, /i/, /i/ pressed, /t/, /s/, cough, and throat clear . Each subject performed

all of the gestures of a given type within a 2 second interval per each repetition of

a gesture and with a 1 second break between repetitions. After the data for a single

gesture were collected, the subject rested for several seconds and drank water as needed

before completing the data collection for the next gesture.

During the rest period between repetitions of a gesture, the subject was asked to

be as relaxed as possible, and try to minimize any motion in the throat or mouth area.

The sEMG signals of interest, i.e., the ones to be associated with each gesture, are

those generated during the transition from the resting condition to the actual vocal
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gesture and back to resting.

For the experiments presented here, data were collected using a Tektronix MSO

4054 digital oscilloscope with a sample rate of 5KHz. The signals were treated by both

digital and analog bandpass filters at 30Hz and 1KHz and were divided into 3 segments

(i.e. D = 3), as described in Section 3.2.2.2.

4.3.2.2 Electrode Placement

As seen in Figure 4.8, surface electrodes were placed according to established guidelines

for sEMG recordings [112] with special consideration of recommendations proposed

for voice, speech, and swallowing research [102]. Disposable 10mm Ag/AgCl surface

electrodes were placed in bipolar configurations for single differential recordings from

the anterior neck musculature. Two identical electrode pairs were placed on the left

and right side of the neck to capture suprahyoid (submental) and infrahyoid muscular

activity corresponding to elevations and depressions of the larynx during voice for

speech, respectively [113]. The first electrode for the submental muscle site was placed

approximately 1 cm from midline in the submandibular area superior to the hyoid

bone [114–117]. The second electrode of the submental pair was placed in line with

the fibers of the muscle and with an interelectrode distance of approximately 1.5 cm

[101,102,112,118]. The submental location captures muscle activity from the anterior

belly of the digastric, mylohyoid, and geniohyoid muscles.

For the infrahyoid muscle site, the first electrode was centered over the thyroid car-

tilage just below the thyroid notch and approximately 1 cm off midline [101, 102, 114,

115, 119]. The infrahyoid location captures muscle activity from the sternohyoid and

omohyoid muscles with additional activity captured from the thin muscle sheath called

platysma overlying most of the neck [102,116]. Due to the small sizes of the individual

muscles making up the submental and infrahyoid musculature as well as the multilay-

ered structure of the muscles, sEMG can only capture muscle group activity and not

activity from individual muscles. Moreover, it is not realistic to record activity from

deeper muscles such as the thyrohyoid and cricothyroid [102]. The ground electrode

was placed on the superior bony prominence of the shoulder (acromion). For voice and
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speech sEMG recordings, a placement of the ground electrode close to the electrodes

is preferred [102]. A net bandage was placed over the electrodes in order to help keep

the cables from moving around during data collection as seen in Figure 4.8.

The quality of electrode placement was confirmed with tasks that produce target

activations such as a swallow (submental and infrahyoid activity) and production of a

front vowel (/i/, submental) and back vowel (/u/, infrahyoid).

Figure 4.8: Muscle groups on the human neck: diagram, actual view of electrode
placement, and actual view with bandage applied.

4.3.2.3 Pressed Vocal Gesture Training

Since the participants were all vocally healthy, prior to data collection, a training

program was implemented by a certified speech-language pathologist with experience in

voice disorders to simulate “pressed” voice productions to be completed by each subject.

The training consisted of verbal description and demonstrations of pressed voice based

on the protocol by [120]: i.e. “an extremely high-effort phonation mode, with the

perception of an almost completely closed airway, as if pushing”. Next, subjects listened

to selected audio samples of sustained /a/ productions by males and females with

severe vocal hyperfunction chosen from the KayPentax Disordered Voice Database.

Finally, the participants practiced normal and pressed productions of /a/, /u/, and

/i/ before proceeding to vowel productions with concurrent air-flow feedback using the

KayPentax Phonatory Aerodynamic System. Target levels for air flow were primarily



4.3. Applications to Otolaryngology 63

based on normative data for the PAS “Comfortable Sustained Phonation Protocol”

(sustained /a/) and consisted of a mean of 0.13 L/s (SD = 0.08) (for both male and

female, ages 18-39 years) and a mean of 0.11 L/s (SD = 0.05) (for males, 40-59 years)

for normal /a/ production [121]. Reported normative data for average air-flow rates

for the vowel /i/ are 0.14 L/s for males and 0.18 L/s for females [122]. Normative data

for /u/ are not readily available, but they are expected to fall within a similar range.

Each subject was able to produce normal and pressed vowel productions inside and

outside the norm range, respectively, during training, and contrasts were perceptually

distinct. Five repetitions of each vowel gesture were recorded with concurrent air-flow

visual feedback data prior to full sEMG data collection. Full sEMG data were collected

without concurrent air-flow feedback to avoid additional muscular neck activity from

holding the PAS face mask against the face. During data collection, all participants

were perceptually monitored for contrasts between normal and pressed productions.

Participants were encouraged and received feedback to maintain pressed phonations as

necessary.

4.3.3 Results

For all of the results presented here, a 10-fold cross validation was performed. Each

time 90% of the signals from all collected gestures were used for training and the

remaining 10% were used for classification.

4.3.3.1 Distinct Gestures

In the first test, a set of six distinct gestures containing speech and non-speech behaviors

(e.g. vowel, consonant, and throat sounds) was used. These are the same gestures

used in [123], that is, /u/, /i/, /t/, /s/, cough, throat clear . However, the results here

expand upon those tests by using data from ten subjects – four female and six males – as

opposed to a single subject. Classification was completed using the improved HiGUSSS

algorithm described in Section 3.3. The overall average in classification accuracy – i.e.

over all gestures and over all subjects – was approximately 85%. Figure 4.9 shows the

classification accuracies per gesture, averaged over all ten subjects, while Figure 4.10
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shows the classification accuracies per subject, averaged over all six gestures. Both the

means and the corresponding standard deviations are depicted in these same figures.

Finally, Table 4.8 presents the average confusion matrix computed over all ten subjects.

The high accuracy achieved in this test should positively address part of our first

research question: whether sEMG devices can reliably associate a larger number of

patterns of extralaryngeal muscle activity with voice tasks underlying speech and non-

speech behaviors.
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Figure 4.9: Means and standard deviations of the classification accuracies per gesture,
over all ten subjects. Six gestures considered: /u/, /i/, /t/, /s/, cough, and throat
clear.
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Figure 4.10: Means and standard deviations of the classification accuracies per subject,
over six gestures. Six gestures considered: /u/, /i/, /t/, /s/, cough, and throat clear.
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Table 4.8: Confusion matrix for six gestures averaged over all ten subjects.

Classified
1) /u/ 2) /i/ 3) /t/ 4) /s/ 5) Cough 6) T. clear

Actual

1) /u/ 91.10 6.30 0.25 0.70 0.70 0.95
2) /i/ 7.70 89.70 0.20 0.20 0.80 1.40
3) /t/ 1.60 0.20 83.85 8.90 3.80 1.65
4) /s/ 0.25 0.40 8.05 86.05 2.65 2.60
5) Cough 0.70 0.60 3.95 1.45 81.05 12.25
6) T. Clear 0.25 0.60 1.25 2.65 15.90 79.35

4.3.3.2 Large Gesture Set

In order to further address our first research question, we selected a large number of

gestures (ten). The selected gestures were, /a/, /a/ pressed, /u/, /u/ pressed, /i/, /i/

pressed, /t/, /s/, cough, throat clear . As before, classification was completed using the

HiGUSSS algorithm. An overall average classification accuracy of 74% was achieved

– i.e. averaged over all gestures and over all subjects. As it can be observed in the

next figures, it is important to notice that one of the subjects (#6) presented a much

lower average, bringing down the overall average to 74%. In spite of that, these results

still shows that the system is robust to large gesture sets (research question one), but

also to sets containing similar gestures (research question two). Figures 4.11 and 4.12

show, respectively, the classification accuracies per gesture, over all ten subjects, and

per subject, over all ten gestures. Table 4.9 shows the average confusion matrix.
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Figure 4.11: Means and standard deviations of the classification accuracies per gesture,
over all ten subjects. Ten gestures considered: /a/, /a/ pressed, /u/, /u/ pressed, /i/,
/i/ pressed, /t/, /s/, cough, and throat clear.
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Figure 4.12: Means and standard deviations of the classification accuracies per subject,
over all ten gestures. Ten gestures considered: /a/, /a/ pressed, /u/, /u/ pressed, /i/,
/i/ pressed, /t/, /s/, cough, and throat clear.

4.3.3.3 Normal vs. Pressed Gestures

In order to show that not only can the system achieve high accuracy with similar

gestures, but it can also distinguish specific gestures within the normal and pressed
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classes, tests were completed using three normal and three pressed gestures. This

partially addresses our second research question or whether the system can differentiate

between multiple vowel sounds produced in a normal manner compared with a pressed

(low air flow) manner.

The gestures used here were /a/, /a/ pressed, /u/, /u/ pressed, /i/, and /i/

pressed , and they were collected as described in Section 4.3.2.3. In this case, an overall

average classification accuracy of 78% was achieved. As before, classification accuracies

per gesture and per subject are presented before the average confusion matrix: Figure

4.13, Figure 4.14, and Table 4.10, respectively.
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Figure 4.13: Means and standard deviations of the classification accuracies per gesture,
over all subjects. Six gestures considered: /a/, /a/ pressed, /u/, /u/ pressed, /i/, and
/i/ pressed.
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Figure 4.14: Means and standard deviations of the classification accuracies per subject,
over six gestures. Six gestures considered: /a/, /a/ pressed, /u/, /u/ pressed, /i/, and
/i/ pressed.

Table 4.10: Confusion matrix for the second set of six gestures averaged over all ten
subjects.

Classified
1) /a/ 2) /a/ 3) /u/ 4) /u/ 5) /i/ 6) /i/

pressed pressed pressed

Actual

1) /a/ 82.00 6.38 3.33 2.45 2.65 3.18
2) /a/ pressed 6.15 77.63 1.30 5.40 2.00 7.52
3) /u/ 1.83 1.70 81.77 6.33 6.30 2.07
4) /u/ pressed 0.65 4.75 4.90 74.20 3.65 11.85
5) /i/ 3.30 2.90 6.70 2.65 79.67 4.78
6) /i/ pressed 2.10 8.65 1.00 14.20 3.60 70.45

4.3.3.4 Intra- and Inter-Subject Testing

The remainder of research question two was addressed by completing intra- and inter-

subject testing. Once again, together with the previous test, the results of this test can

justify our method as a potential solution to the detection of normal and maladaptive

extralaryngeal patterns associated with voice problems.
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Intra-Subject

Intra-subject testing was carried out for each of the ten subjects separately using three

normal and three pressed gestures, that is, /a/, /a/ pressed, /u/, /u/ pressed, /i/, and

/i/ pressed . These gestures were divided into two sub-classes: the gestures /a/, /u/,

and /i/ were treated as the Normal class, and gestures /a/ pressed, /u/ pressed, and

/i/ pressed were treated as the Pressed class. The classification was then completed

as a two class problem using HiGUSSS. An overall average in classification accuracy

of 95% was achieved. This clearly supports the potential use of an sEMG device for

detecting vocal dysfunctions. Figure 4.15 shows the average classification accuracy

over all subjects for each of the two sub-classes (Normal vs. Pressed), and Figure 4.16

shows the results per user. Table 4.11 shows the average confusion matrix averaged

over all ten subjects.
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Figure 4.15: Means and standard deviations of the classification accuracies over all
subjects using normal vs. pressed gestures – i.e. simulated dysfunction.
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Figure 4.16: Means and standard deviations of the classification accuracies per subject
using normal vs. pressed gestures – i.e. simulated dysfunction.

Table 4.11: Confusion matrix for intra-subject accuracy in detection of simulated dys-
function averaged over all ten subjects.

Classified
1) Normal 2) Pressed

Actual
1) Normal 95.35 4.65
2) Pressed 6.32 93.68

Inter-Subject

Inter-subject tests were also completed for all ten subjects combined and using the same

three normal and three pressed gestures. These gestures were once again grouped into

two sub-classes, Normal and Pressed . However, this time, the test was performed in

a leave-one-out fashion. That is, for each subject, the training was completed using

data from all the other subjects – i.e. all data except for the subject being tested.

Classification was then completed as a two class problem using the data from that

subject.

As before, Figures 4.17 and 4.18, and Table 4.12 show the results of this test. As

the reader will notice, the HiGUSSS performed very poorly for the inter-subject case.

So, to further investigate the reason for such low performance, we run the same test set
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using a MC-SVM. The figures and tables above also include the result for the MC-SVM,

which performed even worse than the HiGUSSS. We attribute this poor performance

by both classifiers to data overfitting: i.e. obviously, both classifiers can learn very well

each subject’s patterns, but they fail to generalize across subjects. This conclusion is

supported by the excellent result in the intra-subject test on one hand, and the poor

result in inter-subject test on the other hand. The actual reason for this overfitting

needs to be further investigated, but adding more diversity to the data by adding more

subjects or more gestures could alleviate this problem.
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Figure 4.17: Means and standard deviations of the classification accuracies per gesture,
for normal vs. pressed gestures – using the Leave-one-out approach for the HiGUSSS
and the SVM Classifier
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Figure 4.18: Means and standard deviations of the classification accuracies per subject,
for normal vs. pressed gestures – using the Leave-one-out approach for the HiGUSSS
and the SVM Classifier

Table 4.12: Confusion matrix for inter-subject accuracy in detection of simulated dys-
function averaged over all ten subjects for the HiGUSSS and the SVM classifier.

HiGUSSS Classified
1) Normal 2) Pressed

Actual
1) Normal 61.60 38.40
2) Pressed 49.12 50.88

SVM Classified
1) Normal 2) Pressed

Actual
1) Normal 85.40 14.60
2) Pressed 90.42 9.58

4.3.3.5 Classifier Comparison

Finally, a comparison between the HiGUSSS algorithm and two other classifiers was

also completed. The goal was to illustrate the value of the HiGUSSS system as opposed

to other more traditional classifiers. For comparison purposes, tests were run on all

three groups of gestures: i.e. the six distinct gestures used in Section 4.3.3.1; the large

gesture set used in Section 4.3.3.2; and the three pressed and three normal gestures used

in Section 4.3.3.3. These three groups of gestures were classified using both a simple
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distance classifier and a single layer Multi-Class SVM, which were then compared to

the results for the HiGUSSS presented earlier. Figures 4.19, 4.20 and 4.21 show the

corresponding classification results per subject, and overall. Note that the HiGUSSS

classifier outperforms the distance and SVM classifiers in almost all the cases, and most

notably for the cases with large number of gestures.
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Figure 4.19: Comparison between the average classification accuracies per subject, over
six gestures, for each of the three classifier (HiGUSSS, MC-SVM, and Distance). First
set of six gestures considered: /u/, /i/, /t/, /s/, cough, and throat clear.
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Figure 4.20: Comparison between the average classification accuracies per subject,
over six gestures, for each of the three classifier (HiGUSSS, MC-SVM, and Distance).
Second set of six gestures considered: /a/, /a/ pressed, /u/, /u/ pressed, /i/, and /i/
pressed.
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Figure 4.21: Comparison between the average classification accuracies per subject, over
all ten gestures, for each of the three classifier (HiGUSSS, MC-SVM, and Distance).
Set of all ten gestures considered: /a/, /a/ pressed, /u/, /u/ pressed, /i/, /i/ pressed,
/t/, /s/, cough, and throat clear.

4.3.4 Conclusions

The results presented for the distinct gestures further reinforce conclusions drawn from

previous work [111], and address our first research question: that meaningful classifica-

tion can be drawn from sEMG signals collected at the anterior neck. In [111], data were

collected and tested for only a single subject, while in this work data were collected and

tested for ten subjects (four females and six males). As seen in Section 4.3.3.1, aver-

age classification accuracy for ten subjects performing six gestures (/u/, /i/, /t/, /s/,

cough, throat clear) was 85%, which is consistent with the 90% classification accuracy

achieved in [111] for one single subject.

The classification accuracy achieved using the HiGUSSS system was compared with

the classification accuracies from a single-layer MC-SVM and a simple distance classifier

in Section 4.3.3.5. Two meaningful trends were discovered during these tests. First, it

can be noticed that as the number of gestures increased, the advantage of the HiGUSSS

method over the other two classifiers became clearer. Second, as the gestures in the

set became more similar, once again the HiGUSSS system outperformed the other two

methods. This shows the validity of the HiGUSSS system and the stronger case for its
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application in the detection of vocal dysfunctions for similar gestures and large vocal

gesture sets.



Chapter 5

Formal Validation of the Method

As shown in the previous chapter, the GUSSS method for pattern recognition has

been successfully applied in various areas. However, there are some important aspects

of the method that needed to be investigated. In this chapter, we pose a series of

research questions to formally validate the proposed method. We also describe the

corresponding experiments that were designed to further investigate aspects such as:

the effect of different parameters, effects of the ICA algorithm used, independence and

other assumptions, the learning of the signatures, and comparison with other methods.

The tests were performed using both synthetic and real data, the latter collected over

the past few years or taken from public databases.

5.1 Research Questions

The frameworks that have been developed and tested rely on the GUSSS method de-

scribed in sec. 3.1. Several research questions have been raised, related to fundamental

aspects about the method.

1. Is the method sensitive to the choice of parameters and ICA algorithms? Does

the method behave as expected? Is it affected by noise?

2. Is it valid to assume independence of a set of signals?

3. Is it possible to learn the signatures?

77
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4. How does the method compare to other approaches?

5. Other considerations.

In order to answer these questions and further validate the proposed method, we ran

extensive experiments, which are described in the following sections. In this chapter we

present representative and illustrative results. The complete set of results are presented

in the Appendices.

5.2 Synthetic Dataset

For many of the experiments below, we considered 8 different sound sources or signa-

tures, taken from the ICA Research Center at Helsinki University of Technology [124].

Let s1, s2, . . . , s8 be those signatures, which are shown in Figure 5.1. Assume there

is only M = 1 microphone (sensor) that can capture a sound signal. This signal is a

combination or mixture of the 8 source signatures, and it can be modeled as:

x = c1s1 + c2s2 + · · ·+ c8s8 (5.1)

The mixing coefficients ci represent the intensities that each individual signature

si has in the mixed signal, due to the different distances between the sources and the

microphone. Note that if a particular signature, say sp, contributed to the mixture x,

the corresponding coefficient cp is non-zero. If source p could not be detected when the

mixture was obtained, then cp = 0.

As we have explained in the previous chapters, given a sensed mixture x, the GUSSS

method can be used to determine if signature sp was present or not within x by esti-

mating cp and thus the GUSSS ratio rp.
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Figure 5.1: Eight sound signatures used for various tests. They correspond to: a police
car’s siren (s1); a man speaking English (s2); an old man speaking a foreign language
(s3); a woman speaking English (s4); another man speaking a foreign language (s5);
an opera singer (s6); a woman speaking a foreign language (s7); a band playing pop
music (s8).

We have run many experiments using several different combinations of the signa-

tures described above, as will be explained in the following sections.

5.3 Sensitivity of the Method

The choice of parameters, the initialization of algorithms, or even the use of so-called

“magic numbers” are fundamental factors in many methods found in the literature,

across many different areas. A poor choice may result in sup-par performances or even

failure of the algorithms. On occasions, the choices become ad-hoc for the specific

applications. The results presented in chapter 4 demonstrate the effectiveness of the

GUSSS method in various applications. All those results were obtained using the same
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parameters, which include weight values and the choice of ICA algorithm. We are

interested in determining if the method’s success or applicability depends upon the

choice of those parameters.

We are also interested in determining if our method is well-behaved. That is, for

controlled conditions such as the amount of target signature present in a mixture, we

expect output values – i.e. GUSSS ratios – to be consistent with those conditions.

Finally, we want to examine how the method is affected by noise. Next we describe the

experiments designed to address research question 1, and we present the corresponding

results.

5.3.1 Effects of Weights

In the GUSSS algorithm, a second synthesized signal xp is created by injecting a

weighted copy of the sought-after signature sp into the sensed signal x. Recall eq.

3.2, xp = w1x + wpsp. In all the preliminary results, both weights, w1 and wp, have

been arbitrarily set to 1.

To test how the GUSSS ratios are affected when varying the weight values, we chose

different combinations of w1 and wp and we calculated the corresponding ratios.

Mixtures containing the sound signatures discussed above were created as follows:

x =
∑
i 6=p

si + cpsp

For class “Present”, cp was set to 1. For class “Not Present”, cp was set to 0. A

total of 400 synthesized signals xp were created using w1 and wp values taken from the

interval [0.1, 10]. We observed that if the weights were smaller than 0.1 (approaching

zero), the ICA algorithm would fail. This makes sense, given eq. 3.2. If w1 = 0, then

the synthetic signals would not contain the test signal x. If wp = 0, the synthetic signal

would not contain the sought-after signature. We also tried values greater than 10, but

no further insights were gained by doing so. That is why we kept the [0.1, 10] interval.

Figures 5.2 and 5.3 show ratios obtained using signatures s1 and s5, respectively.

p = 1, 5 were chosen arbitrarily here. The same tests were performed for all signatures.
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For illustration purposes, the ratios (as function of wp and w1) are shown as a 3D

surface plot, and as a 2D gray scale image.

These results were obtained using the FastICA algorithm with its default settings,

which we had used in our initial preliminary work. Those settings consist of a randomly

chosen initial estimate for the mixing matrix Ainit, and a Gaussian non-linearity [41,42].
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Figure 5.2: GUSSS ratios obtained for different combinations of weights w1 and wp.
Sought-after signature s1. a) and c): signature present in mixtures; b) and d): signature
not present in mixtures.
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Figure 5.3: GUSSS ratios obtained for different combinations of weights w1 and wp.
Sought-after signature s5. a) and c): signature present in mixtures; b) and d): signature
not present in mixtures.

In the case of s1, note how the ratio values vary considerably, as opposed to the

case of s5, where the ratios are practically the same. Nevertheless, classes “Present”

and “Not Present” are well separated in both cases. Note that there does not seem

to be a significant effect of the weights in the GUSSS ratios. The randomness of the

initial estimate Ainit seems to cause the variations. The ICA algorithm seemingly finds

local maxima when determining the independent components.
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5.3.2 Effects of ICA Initialization

As we have mentioned before, we have used the FastICA algorithm for all our pre-

liminary results. That implementation allows to provide an initialization Ainit for the

mixing matrix A that ICA estimates (sec. 2.5.1). After some initial work using the

default setting of a random Ainit, we set the initialization to the identity matrix, i.e.

Ainit =

 1 0

0 1

. This was motivated by the fact that we wouldn’t always get the

same GUSSS ratios for the same mixtures being analyzed. The variation was attributed

to the randomness of Ainit. This is consistent with the results from the previous sec-

tion. After we set a fixed Ainit, we would get the same ratio for any given mixture we

would test. We would always use weights equal to one for the synthesized signal xp, as

explained before.

We ran tests similar to those presented in section 5.3.1, only this time we used

different initial estimates Ainit. The goal was to determine the effect of those estimates,

combined with the weight values.

Figure 5.4 shows ratios obtained using s1 as the sought-after signature, and using

Ainit =

 1 0

0 1

. Figure 5.5 shows ratios obtained using s1 as well, but using Ainit = 0 1

1 0

. We ran tests with many other initial estimates and for all the signatures.

Those results can be found in Appendix A.
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Figure 5.4: GUSSS ratios obtained for different combinations of weights w1 and wp.

Ainit =

[
1 0
0 1

]
. Sought-after signature s1. a) and c): signature present in mixtures;

b) and d): signature not present in mixtures.
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Figure 5.5: GUSSS ratios obtained for different combinations of weights w1 and wp.

Ainit =

[
0 1
1 0

]
. Sought-after signature s1. a) and c): signature present in mixtures;

b) and d): signature not present in mixtures.

For the case Ainit =

 1 0

0 1

, we observe that the ratio values are in the same

ranges as in the case of random initialization (Fig. 5.2). However, here we notice two

distinct regions, seemingly separated by a line in the wp −w1 space. That is, with the

given initialization, there are different combinations of weights that lead to the ICA

algorithm to reach a different maxima, and thus different mixing matrices A.

On the other hand, for the case Ainit =

 0 1

1 0

, we observe that the results

are more consistent. The ratios are practically the same for each class: 1.83 for class
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“Present” and 631.76 for the class “Not Present”. Note that the results seem to start

becoming unstable for wp close to zero, as expected.

Further cases presented in Appendix A show similar behaviors. Anti-diagonal initial

estimates result in more stable results. For other initialization matrices, the choice of

weights may have an effect on the ratio values. Either way, the “Present” and “Not

Present” cases are clearly distinct.

5.3.3 Effects of ICA Algorithm

As we mentioned above, we have been using the FastICA algorithm thus far. We have

performed similar experiments than those presented in sections 5.3.1 and 5.3.2, using

different non-linearity functions for the FastICA algorithm, as well as using other ICA

algorithms described in section 2.5.8.

Figure 5.6 shows ratios obtained using s5 as the sought-after signature. The Fas-

tICA algorithm was used, but we set the non-linearity function to be tanh() instead of

a Gaussian. We used Ainit =

 1 0

0 1

.

Figures 5.7 and 5.8 show results for signature s1 using JADE and a Kernel based

algorithm (KDICA), respectively.
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Figure 5.6: GUSSS ratios obtained for different combinations of weights w1 and wp.

Ainit =

[
1 0
0 1

]
Sought-after signature s5. FastICA algorithm with tanh() nonlinearity

function. a) and c): signature present in mixtures; b) and d): signature not present in
mixtures.
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Figure 5.7: GUSSS ratios obtained for different combinations of weights w1 and wp.
Sought-after signature s1. JADE algorithm. a) and c): signature present in mixtures;
b) and d): signature not present in mixtures.
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Figure 5.8: GUSSS ratios obtained for different combinations of weights w1 and wp.
Sought-after signature s1. KDICA algorithm. a) and c): signature present in mixtures;
b) and d): signature not present in mixtures.

Comparing Figures 5.3 and 5.6, we observe that there is practically no difference

in the ratio values for class “Present” – 5.88 vs. 5.98. However, there is a difference

for class “Not Present” – 126.58 vs. 93.17. The nonlinearity used seems to have some

effect when estimating the mixing matrix A, and thus, on the GUSSS ratios. However,

classes “Present” and “Not Present” are clearly distinguishable in both cases.

In Figures 5.5, 5.7 and 5.8 we observe similarities when using the different ICA

algorithms, as well. The ratios for class “Present” are practically the same, for all

algorithms, for all weight combinations. The ratios for class “Not Present”, on the
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other hand, differ from algorithm to algorithm – 631.76 vs. 2210.27 vs. 1539.60 –

although there seems to be no effect form the weights in either case. Once again, both

classes are clearly separable.

More results using the different signatures and some other ICA algorithms are

shown in Appendix A.

5.3.4 GUSSS Ratio vs. % of Signature Present in Mixtures

We have stated that in the case when the sought-after signal sp is not present in the

mixture signal x, the mixing coefficient cp should be in theory zero. On the other hand,

if sp is present in the mixture x, that coefficient must be different than zero. In practice,

the coefficient cp estimated by the ICA algorithms is never zero, and thus, the GUSSS

ratio is not infinite, as seen in the results above. However, it should be very small

(close to zero) whenever the particular signature is not present in x. Consequently, the

GUSSS ratio in those cases is expected to be “large”. As the contribution of sp to the

mixture signal grows, that is, as |cp| increases, the corresponding ratios should show a

decreasing tendency. Next we present experiments to show if the expected tendency

holds true.

We created mixtures containing the sound signatures discussed above as follows:

x =
∑
i 6=p

si + cpsp + n

where n is a Gaussian noise vector (µ = 0, σ). We varied cp from −0.01 to 1,

creating a different mixture for each cp value. We calculated the corresponding ratios.

We ran the experiments for all signatures, using different noise levels. We also used a

few different weight combinations, and we used FastICA with different Ainit matrices

and nonlinearities, as well as other ICA algorithms. Here we show some cases using

signature s1. Other cases are shown in Appendix A.

Figure 5.9 shows plots for four combinations of weights: w1 = 1, wp = 1; w1 = 1,

wp = 10;w1 = 10, wp = 1; and w1 = 10, wp = 10. For each weight combination,
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we calculated ratios using FastICA with 3 different Ainit matrices:

 1 0

0 1

 (FICA1); 0 1

1 0

 (FICA2); and

 1 1

1 1

 (FICA3); and we used both Gaussian (G) and tanh()

(T) nonlinearities. Ratios corresponding to cp ∈ [−0.01, 0.1] are shown in logarithmic

scale (to the left), due to the large ratio values observed for cp close to zero. Ratios

corresponding to cp ∈ [0.1, 1] are shown in linear scale (to the right). No noise (σ = 0)

is considered for the cases in Figure 5.9. Figures 5.11 and 5.13 also show results using

FastICA, for noise levels σ = 0.01, and σ = 0.1, respectively.

Figures 5.10, 5.12 and 5.14 show similar plots to those described above, but ob-

tained using other ICA implementations – ITEFICA [125], JADE [40], KDICA [46]

and EFICA [48]. Noise levels σ = 0, σ = 0.01, and σ = 0.1 were used, respectively.

In general, the plots show the expected tendency. The GUSSS ratios are highest for

cp values close to zero, and they show a decreasing tendency as |cp| increases. This is

still the case in the noisy cases, although there is clearly an effect of the noise, especially

for cp close to zero. More notably, we observe that some ICA algorithms and FastICA

settings lead to different results. For some of those cases, the choice of weights affect,

as well. Consider Figure 5.9. FICA3 cases show a peak close to cp = 0.01, as opposed

to cp = 0. That is true for the first two weight combinations. However, that anomaly is

not true for the other weight combinations, nor for the other FastICA configurations.

Similar effects are observed in the noisy cases (Figures 5.11 and 5.13). The ITEFICA
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algorithm (Figures 5.10, 5.12 and 5.14) produces such variations, as well, although the

peaks are closer to cp = 0 with respect to the FICA3 cases. ITEFICA also produces

some strange values. Those can be seen as peaks and valleys that deviate from the

expected tendency of the ratio values. Those other anomalies are also observed for the

FICA3 cases, but again, only for the first two weight combinations.

The anomalies can be explained by the algorithms converging to local maxima, or

not converging at all. As we have observed in this and the previous sections, the choice

of Ainit, and algorithm implementation may have an effect on the final ICA output, and

thus, the GUSSS method. After analyzing the effects of the different parameters of the

ICA and GUSSS method, we selected the best ones in terms of stability, separability

and resilience to noise. We used the best settings for all the experiments described next,

regardless of the application. There is no further need of adjusting the parameters for

each case.

The noted tendency had been observed in our results using THz signatures. The

following table reproduces Table 4.1. The true positive, true negative and correct

classification percentages are directly proportional to the contribution of the target

materials in the mixtures (cp).

Table 5.1: Overall average percentages of True Positives, True Negatives and Correct
Classification rates (18 experiments).

cp TP (%) TN (%) CC (%)

[0.10, 0.20] 67.1 71.9 69.5
[0.20, 0.30] 77.1 79.3 78.2
[0.30, 0.40] 85.3 85.1 85.2
[0.40, 0.50] 88.9 92.0 90.5
[0.50, 0.60] 93.5 94.4 93.9
[0.60, 0.70] 95.1 96.8 96.0
[0.70, 0.80] 96.4 97.8 97.1
[0.80, 0.90] 97.4 98.0 97.7
[0.90, 0.95] 97.5 98.3 97.9
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5.4 Independence Assumption

A fundamental assumption of our method is the independence of source signals that

may be present in observed mixtures. We are interested in determining the validity of

such assumption, and how varying degrees of dependence may affect the performance

of our method. In this section we present several experiments conducted to address

research question 2. For many of the experiments we used the sound dataset described

in Section 5.2. We also conducted experiments using real sEMG data.

5.4.1 Measures of Independence

We tested the following measures of independence: Mutual Information (MI), Distance

Correlation (DCOR) and Kernel Generalized Variance (KGV) (Sec. 2.5.5 - 2.5.7). To

get an initial idea of the behavior of these measures, we ran tests similar to those

presented in sec. 5.3.4, calculating the dependence as a function of the coefficient cp.

Mixtures were created using the sound signals described above. As before, a mixture

is given by

x =
∑
i 6=p

cisi + cpsp + n

Given a particular cp value, the remaining coefficients ci, i 6= p, are randomly

chosen so that
∑
ci = 1. As before, cp represents a percentage of the signature in the

mixture. For example, cp = 0.3 means that the mixture is created adding 0.3 times

the normalized signature sp and 0.7 times a normalized combination of the remaining

signatures. Different noise levels n (σ) were added.

For each noise level, and for every cp value, 50 cases were run, and averages were

obtained. To illustrate the results, Figures 5.15 and 5.16 show the plots for signatures

s1 and s3, respectively. Similar results were obtained for the other signatures. For

instance, consider Figure 5.15. The top subplot corresponds to results using MI. At

cp = 0.9, the green dot represents the average of the MI values obtained between

signature s1 and 50 different mixtures x constructed as explained above, with an added

Gaussian noise (µ = 0, σ = 0.2).
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Figure 5.15: MI, DCOR and KGV average values vs. cp. Signature s1. Various noise
levels added.



5.4. Independence Assumption 101

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

2

4

6

8

M
I

Sig. s3. Average values vs. cp. Various noise levels.

 

 

Noise: 0.000
Noise: 0.050
Noise: 0.100
Noise: 0.200
Noise: 0.500

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.5

1

D
C

O
R

 

 

Noise: 0.000
Noise: 0.050
Noise: 0.100
Noise: 0.200
Noise: 0.500

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.5

1

1.5

2

cp value (0 to 100% of mixture)

K
G

V

 

 

Noise: 0.000
Noise: 0.050
Noise: 0.100
Noise: 0.200
Noise: 0.500

Figure 5.16: MI, DCOR and KGV average values vs. cp. Signature s3. Various noise
levels added.

The results above show a clear correlation between the cp coefficients and the de-

pendence measurement values. Those values are high for mixtures containing a large

fraction (cp close to 1) of the signature of interest. On the contrary, the dependence

values decrease as cp decreases. The noise level added to the mixtures also affect the

dependence values. As expected, higher noise levels result in mixtures being less de-

pendent to the particular signature considered. These tendencies can be seen very

clearly in the figures above. Similar behaviors were observed for all three independence

measures, and for all signatures.
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5.4.2 Performance as a Function of Dependency

The main assumption of the ICA algorithms is that of the statistical independence of

the components that constitute a mixture. Research question 2 is raised to determine

how valid this assumption is, and how the GUSSS method would be affected by various

degrees of dependence of the components.

5.4.2.1 Tests on Synthetic Dataset

Once again, we ran some tests using the sound data set. For each signature sp, 200

mixtures were created: 100 including sp, and 100 without sp. MI, DCOR, KGV and

GUSSS ratios were calculated between the signature and each mixture. Averages were

calculated. This was repeated for different cp values, and for different noise levels.

The results are shown in figures 5.17 - 5.19. For instance, Figure 5.17 shows bar

diagrams representing the average MI values (first column), DCOR (second) and KGV

(third) and inverse of GUSSS ratios (fourth), for mixtures with the target signatures

accounting for 90% (cp = 0.9) of the mixtures – “Present” bars (P). The “Not Present”

bars (NP) represent the average values obtained for the mixtures not containing the

target signatures. Each row of diagrams corresponds to different noise levels used. The

results are averages over all eight sound signatures.
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Figure 5.17: Average MI, DCOR, KGV and inverse GUSSS ratio values. cp = 0.9.
Noise: σ = 0.00, 0.01, 0.05, 0.10.
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Figure 5.18: Average MI, DCOR, KGV and inverse GUSSS ratio values. cp = 0.5.
Noise: σ = 0.00, 0.01, 0.05, 0.10.
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Figure 5.19: Average MI, DCOR, KGV and inverse GUSSS ratio values. cp = 0.2.
Noise: σ = 0.00, 0.01, 0.05, 0.10.

The results above once again show how mixtures containing the target signatures

are more dependent to the those signatures, as compared to mixtures without the target

signatures. The same tendencies observed in the previous section are observed here.

The higher the cp coefficient and the lower the noise, the more separation between the

“Present” and “Not Present” cases.

Recall that the GUSSS ratio is the inverse of the estimated cp coefficient. In these

experiments we show results of the inverse of the ratios instead of the ratios themselves,

so the comparison with the dependence measures is direct. As expected, those inverse

ratios show clear separability between the “Present” and “Not Present” cases. The

smaller the contribution of the particular signature to the mixture (and thus the more

independent the signature and the mixtures are), the smaller the inverse of the GUSSS

ratios. The separation between the “Present” and “Not Present” cases is greater for

higher cp coefficients.
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5.4.2.2 Tests on sEMG Dataset

As mentioned before, in addition to the tests using artificial mixtures of the sound

signatures, we performed several tests using real sEMG data. The goal was to determine

how similar (in terms of dependence) the different gestures are. If there is a high degree

of dependence between two gestures, it is expected that there will be confusion between

them in classification tasks.

We took sEMG sample signals from the dataset used in [55] and described in Sec.

4.2.2. We calculated MI and DCOR values between (1) individual sample signals;

(2) individual sample signals and mean-based signatures; and (3) mean-based signa-

tures. In all three cases, calculations were done both within same gestures and between

different gestures. We left KGV out, given that, as seen in the previous subsection,

the result tendencies were similar to those observed for MI and KGV – though the

numerical scales are different.

Figures 5.20 and 5.21 show the results for two of the test subjects. The complete

set of results is shown in Appendix B. To illustrate, consider Figure 5.20. The top left

bar plot shows averages of MI and DCOR values obtained for gesture 1. The first set

of three bars (#1 on the x-axis) represents averages of measurements within gesture 1.

The second set of three bars (#2) represents averages of measurements between gesture

1 and gesture 2. The fifth set (#5) is for measurements between gesture 1 and gesture

5. The dark green bars represent measurements between individual samples. The

light green bar represents measurements between samples from gesture 1 and learned

signatures from the different gestures. And the yellow bars represent measurements

between signatures learned for gesture 1 and signatures for other gestures.

The top right bar plot represents measurements between gesture 2 and all gestures.

Similar plots are shown for gestures 3, 4 and 5. The bottom right image is a graphical

representation of the confusion matrix for classification of the 5 gestures (dataset de-

scribed in Sec. 4.2.2). The values are average percentages over a 5-fold cross validation.

It is important to highlight that the classification was done using GUSSS ratios only

(Sec. 3.2.2.1). No other features were included. A simple distance classifier was used

(Sec. 3.2.2.3).
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The reason behind not using the full GUSSS or HiGUSSS method was to correlate

the independence measures and a ratio-based classification performance alone.
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Figure 5.20: MI and DCOR average values. 5 different gestures. Test subject 1.
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Figure 5.21: MI and DCOR average values. 5 different gestures. Test subject 2.
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The results above show that some gestures are very dependent with the other

gestures, while other gestures show little dependence (e.g. gesture 4 of subject 2). As

opposed to the sound examples, sEMG signals generated by the same set of muscles

have many common components, which explain the high degree of dependence. Still,

on average, for the most part, samples from one gesture is more similar to samples and

signatures from the same gesture, as expected.

The classification was good for gestures showing low dependence values with other

gestures. On the other hand, confusion and a lower classification performance was

obtained in cases where there was a high degree of dependence between the gestures.

Nevertheless, the complete GUSSS and HiGUSSS methods have shown very good clas-

sification performance on sEMG and other signals, taking advantage of the GUSSS

ratios and a few additional features. Further demonstration of this good performance

is presented in the coming sections.

5.5 Learning Signatures

As seen in some of the applications such as Assistive Technology, the signatures needed

in our method may not be available. In such cases, there is a need for learning those

signatures from training data. It is fair to ask if the approach used thus far for learning

the signatures is appropriate, or even valid, and if there are better approaches for

learning.

To address research question 3, we investigated and compared several learning ap-

proaches. We looked into using ICA on all the available training signals to separate

the main components and used them to construct the signatures for each of the classes

or gestures. We also looked into clustering approaches. Next we describe the tests.

For all cases, it is assumed that there is a labeled training set with K×M signals –

i.e. M signals from each of the K different classes (different materials that need to be

identified, or muscle patterns or gestures that need to be recognized, etc.). The goal is

to learn signatures for each class, so they can be used in the GUSSS method.
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5.5.1 Mean-based Approach

The results presented in Chapter 4 were obtained using signatures obtained as described

in Sec. 3.2.2.3. That is, the signatures are calculated by simply averaging the training

signals grouped per class: all M training signals belonging to the same class k are

averaged creating a single signature: sigk = 1
M

( ∑
class k

xm

)
, where xm is the mth training

signal of class k.

5.5.2 Cluster-based Approach

A second approach we investigated is learning signatures through clustering of the

entire training set. In particular, we used a simple K-means algorithm, and we used

two different distance measures: euclidean distance and correlation distance.

When using euclidean distance, each centroid is the mean of the points in that

cluster. The difference between this approach and the mean-based approach is that

there is no guarantee that all samples from a particular class will end up in the same

cluster. If that were the case, then the signatures would be identical to the mean-based

ones.

When using correlation, the distance value is given by one minus the sample corre-

lation between points (treated as sequences of values). Each centroid is the component-

wise mean of the points in that cluster, after centering and normalizing those points

to zero mean and unit standard deviation. The idea behind using correlation distance

comes from the fact that dependence implies correlation, so this clustering may provide

better signatures for our ICA based method.

5.5.3 ICA Decomposition Approach

A further approach was to apply ICA to the training signals to obtain the basic com-

ponents that constitute the different classes/gestures. Then, the signatures are created

by selecting the components that optimize certain criteria, for each class.

The motivation behind this approach came from the study of sEMG signals. Recall

that in the assistive technology and otolaryngology applications we perform classifi-
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cation using those sEMG signals. Learning the different signatures representing the

gestures is necessary, given that no true signatures are known. Consider, for instance, a

set of sEMG training signals collected from different hand gestures. The sEMG signals

are constituted by muscle activation patterns, many of which may be present for more

than one gesture – though with different intensities. The idea is then to find those basic

components that best describe each particular gesture – according to certain criteria

– and reject those components which may be present in all or most of the gestures.

Signatures can then be constructed using the better (most discriminative) components.

This ICA decomposition approach was also inspired by the Bag-of-Words (BoW)

model. This model has been used for natural language processing and information/text

retrieval, where text is represented as a bag (multiset) of its words. Those ideas have

led to methods for document classification (e.g. spam filtering) [126]. BoW ideas have

also been used in computer vision and speech analysis. In [127], a method for object

localization in video using Bag-of-Visual-Words (BoVW) was presented. A method

for visual categorization was described in [128]. The concept of Bag-of-Audio-Words

(BoAW) was used in [129] for detection of negative emotions in speech signals.

In our case, the basic independent components in the signals may be considered

“words”, and the different gestures may be considered collections (bags) of the indepen-

dent components. Next we formalize the decomposition process, the selection criteria,

and the final signature construction.

5.5.3.1 ICA Decomposition

Recall the ICA model. A set of observed signals X = {x1, . . . , xM} are related to a

set of independent sources S = {s1, . . . , sN} through the linear model X = AS, where

X = [x1, . . . , xM ]T and S = [s1, . . . , sN ]T are vector representations of the sets X and

S, and A is an M ×N mixing matrix.

LetXk be the set of training signals from class k, i.e. Xk =
{
xk1, . . . , x

k
Mk

}
. Applying

ICA to Xk results in the set of sources Sk =
{
sk1, . . . , s

k
Nk

}
, where Mk ≥ Nk. The sets

Sk, k = 1, . . . , K represent the basic components of the different K classes.

For each class, we want a signature constructed out of those components that
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maximize the dependence with samples of the same class, but minimize the dependence

with samples of other classes. For that, we follow a two-step approach: 1) ranking the

components and building signature candidates; and 2) selection of the final signature

through a validation set. We describe the two steps next.

5.5.3.2 Signature Candidates

The goal here is to find those components with high dependence to the class in question,

and low dependence to the other classes.

Define the function

F (s, k) =

1
Mk

Mk∑
mk=1

MI
(
s, xkmk

)
1

K−1
∑
j 6=k

[
1
Mj

Mj∑
mj=1

MI
(
s, xjmj

)] (5.2)

where MI (s, x) is the mutual information value between component s and sample

x. Note that other independence measures could have been used. We selected MI over

DCOR or KGV due to its computational efficiency (results using either measure were

similar).

The numerator of Function 5.2 is the average of the MI values between component

s and training signals from class k. The denominator is the average over all other

classes (different from class k) of the averages of the MI values between component s

and training signals from those other classes. This ratio will be high when component

s is very related (dependent) to class k, but at the same time, is not very related

to the other classes. Note that function F is analogous to the J measures for class

separability using scatter matrices [51]. Numerically, those J measures are larger when

the between-class scatter is large, or when the within-class scatter is small.

For each class, we sort the components
{
s11, . . . , s

1
N1
, s21, . . . , s

2
N2
, . . . , sK1 , . . . , s

K
Nk

}
in

descending order, according to their F value. Let S̃k be the sorted set of components

for class k: S̃k =
{
s̃k1, . . . , s

k
NA

}
, where F

(
s̃k1, k

)
≥ F

(
s̃k2, k

)
≥ . . . ≥ F

(
s̃kNA

, k
)
, and

NA =
K∑
k=1

Nk.

We then create a set of candidate signatures for class k using weighted combinations
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of the sorted components: Ck =
{
ck1, . . . , c

k
NA

}
, where ckn =

n∑
j=1

ākj s̃
k
j . The weight ākj is a

normalized average of the mixing coefficients obtained through the ICA decomposition

for component s̃kj .

5.5.3.3 Final Signatures

The final signature for class k is chosen out of the set of candidates Ck described above.

We use validation sets of signals from each class: Yk =
{
yk1 , . . . , y

k
V

}
, k = 1, . . . , K. V

is the number of validation signals, which is chosen to be the same for all k. Signature

sigk is selected follows:

sigk = arg max
ckn∈Ck


1
V

V∑
i=1

MI
(
ckn, y

k
i

)
1

K−1
∑
p 6=k

[
1
V

V∑
j=1

MI
(
ckn, y

p
j

)]
 (5.3)

Eq. 5.3 is very similar to Eq. 5.2. The numerator is the average of the MI values

between component candidate ckn and validation signals from class k. The denominator

is the average over all other classes (different from class k) of the averages of the MI

values between candidate ckn and validation signals from those other classes. This

ratio will be high when candidate ckn is very related (dependent) to class k, but not

very related to the other classes. The final signature is the candidate which gives the

maximal ratio.

5.5.3.4 All Class vs. Per Class Training Signals

The first step described above consists of taking training samples and applying ICA to

get a set of basic components, which will then be used to generate candidate signatures

for each class. We can choose to combine all training signals from all classes and run

ICA on that combined set to get the basic components. Or we can run ICA on the

different training sets separately, get the basic components per class, and use those to

find the candidates for the corresponding class. We tested both approaches.
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5.5.4 Results using the Different Learning Approaches

We applied the GUSSS method for classification of the sEMG signals described in

Sec. 4.2.2, this time using the different approaches for learning signatures described

above: Mean-based, Cluster-based using Euclidean distance, Cluster-based using Cor-

relation distance, ICA-decomposition-based using all training signals combined, and

ICA-decomposition-based using the training signals per class separately.

We tested using 3, 4 and 5 gestures. For each experiment, a 5-fold cross validation

was performed. Tables 5.2 - 5.4 show the results, which consist of confusion matrices

with average percentages over the 5-fold tests. Specifically, we show the average over

all test subjects. The average correct classification percentages are also presented at

the bottom of each table. The individual results for all the test subjects are presented

in Appendix C.
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Table 5.2: Confusion matrices for 3 gestures. The values are average percentages over
a 5-fold cross validation, over all test subjects.

Mean-based Assigned gesture
1 2 3

True 1 91.91 5.34 2.75
2 3.15 94.38 2.47

gesture 3 1.15 0.58 98.27
Correct classification: 94.86%

Cluster-based Assigned gesture
Euclidean 1 2 3

True 1 91.55 5.74 2.71
2 2.68 95.22 2.11

gesture 3 1.11 0.81 98.08
Correct classification: 94.95%

Cluster-based Assigned gesture
Correlation 1 2 3
True 1 92.31 5.09 2.61

2 3.58 93.59 2.83
gesture 3 1.19 0.58 98.23

Correct classification: 94.71%

ICA-based Assigned gesture
All classes 1 2 3
True 1 91.81 5.18 3.01

2 3.35 94.28 2.37
gesture 3 1.15 0.67 98.17

Correct classification: 94.76%

ICA-based Assigned gesture
Per class 1 2 3
True 1 92.66 4.86 2.48

2 3.35 94.18 2.46
gesture 3 1.06 0.68 98.26

Correct classification: 95.03%
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Table 5.3: Confusion matrices for 4 gestures. The values are average percentages over
a 5-fold cross validation, over all test subjects.

Mean-based Assigned gesture
1 2 3 4

True 1 89.85 5.53 2.44 2.18
2 4.25 91.27 1.32 3.16

gesture 3 0.63 0.95 98.29 0.13
4 1.14 0.79 0.77 97.30

Correct classification: 94.18%

Cluster-based Assigned gesture
Euclidean 1 2 3 4

True 1 89.16 5.42 2.27 3.15
2 3.72 92.13 0.90 3.25

gesture 3 1.02 0.92 97.64 0.43
4 0.98 0.70 0.76 97.56

Correct classification: 94.12%

Cluster-based Assigned gesture
Correlation 1 2 3 4
True 1 89.56 4.73 2.50 3.21

2 3.83 91.15 1.79 3.24
gesture 3 1.14 0.86 97.69 0.30

4 1.10 0.70 0.85 97.35
Correct classification: 93.34%

ICA-based Assigned gesture
All classes 1 2 3 4
True 1 89.37 5.60 2.44 2.59

2 2.99 92.75 1.36 2.89
gesture 3 0.72 0.86 98.10 0.31

4 1.22 0.61 0.90 97.26
Correct classification: 94.37%

ICA-based Assigned gesture
Per class 1 2 3 4
True 1 90.04 5.35 2.05 2.55

2 3.35 92.25 1.27 3.12
gesture 3 1.16 0.86 97.76 0.23

4 1.02 0.65 0.90 97.43
Correct classification: 94.37%
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Table 5.4: Confusion matrices for 5 gestures. The values are average percentages over
a 5-fold cross validation, over all test subjects.

Mean-based Assigned gesture
1 2 3 4 5

1 84.10 4.41 1.98 2.72 6.78
True 2 2.70 90.35 0.96 0.47 5.53

3 1.35 0.32 96.93 0.44 0.97
gesture 4 0.86 0.38 0.66 95.71 2.38

5 4.05 0.35 3.77 2.32 89.51
Correct classification: 91.32%

Cluster-based Assigned gesture
Euclidean 1 2 3 4 5

1 83.90 5.01 2.20 3.33 5.56
True 2 2.30 92.74 0.45 0.48 4.03

3 1.15 0.41 97.30 0.18 0.96
gesture 4 0.82 0.66 0.61 95.86 2.05

5 3.73 1.38 3.14 2.85 88.91
Correct classification: 91.74%

Cluster-based Assigned gesture
Correlation 1 2 3 4 5

1 84.89 3.80 2.66 2.68 5.98
True 2 2.52 91.36 1.42 0.48 4.22

3 1.56 0.26 96.99 0.17 1.01
gesture 4 1.07 0.43 0.81 95.87 1.82

5 4.44 0.73 4.02 2.89 87.92
Correct classification: 91.41%

ICA-based Assigned gesture
All classes 1 2 3 4 5

1 83.64 4.62 2.47 3.43 5.83
True 2 2.56 90.06 0.93 0.52 5.93

3 1.35 0.36 97.16 0.22 0.92
gesture 4 0.78 0.35 0.72 96.59 1.56

5 4.14 0.62 3.81 2.92 88.51
Correct classification: 91.19%

ICA-based Assigned gesture
Per class 1 2 3 4 5

1 84.93 4.47 2.60 2.85 5.15
True 2 2.47 91.40 0.81 0.46 4.86

3 1.31 0.45 97.19 0.22 0.83
gesture 4 0.98 0.48 0.66 96.27 1.61

5 4.49 1.05 3.69 1.84 88.93
Correct classification: 91.75%
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The results above are very good, in line of what was reported in Sec. 4.2.2. Even

though the difference is not substantial among the different signature approaches, the

ICA-decomposition-based signature approach, using the training signals per class sep-

arately, outperforms the other learning approaches. This is relevant, because a better

way of learning signatures was found, compared to the original, mean-based approach

that had been used thus far. However, it is important to highlight that the mean-based

approach was already a very good way of learning signatures for the GUSSS method.

We also compared the results obtained in [55] for 3 to 9 gestures, using the new

learning approaches. Table 5.5 shows the average classification results using Mean-

based signatures and using the ICA-decomposition-based signature (per class). The

latter gave the best overall results among the different learning approaches.

Table 5.5: Classification accuracy for a single test subject. Comparison between Mean-
based signatures and ICA-decomposition-based signature (Per class).

Mean-based ICA-based
3 Gestures 98.3 99.6
4 Gestures 98.5 99.0
5 Gestures 96.8 99.0
6 Gestures 94.4 98.3
7 Gestures 91.3 94.3
8 Gestures 89.1 92.6
9 Gestures 86.5 90.9

5.6 Comparison with Other Methods

Another important aspect to investigate is how methods that have been applied in

other domains compare to our proposed method. Specifically, the comparison makes

sense with methods that may make similar assumptions to those made for this research,

or that may be applicable to domains for which our method has been applied. This is

the idea of research question 4.
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In this section we present results obtained using a detector which has been widely

used in the area of Hyperspectral image analysis. Furthermore, we present results

obtained using our GUSSS method on two Hyperspectral datasets.

5.6.1 Hyperspectral Target Detection

Spectral imaging sensors can measure scene spectra, in which various different material

substances contribute. Hyperspectral sensors are able to capture hundreds of spectral

bands, which significantly improves the resolution [130]. Hyperspectral target detec-

tion is the task of searching for a known signature within hyperspectral scenes [131].

Spectral matching algorithms can be used for the identification of unknown spectra

based on a measure of similarity with one or more known spectra [132].

Both linear and nonlinear models have been developed for characterizing hyper-

spectral measurements. Using a linear mixing model, an observed spectrum x for any

pixel in a scene is given by

x = a1s1 + . . .+ aNsN + n

=
N∑
i=1

aisi + n = aTS + n

where si is the ith endmember or signature spectrum, ai is the corresponding abun-

dance, N is the number of signatures, and n is noise. a and S are vector representations

of the abundances and signatures, respectively [130]. Note that this model is similar

to those we have used in our various methods and applications.

Target detection can be seen as binary hypothesis test: target absent or target

present. A well known detector in Hyperspectral image analysis is the Adaptive Co-

herence/Cosine Estimator (ACE) [131–133]. ACE computes the spectral angle between

a pixel and the target signature after whitening and normalization by scene background

statistics:

DACE (x) =
(s− µ)T

∑−1
b (x− µ)√

(s− µ)T
∑−1

b (s− µ)
√

(x− µ)T
∑−1

b (x− µ)
= cos (θ)

where µ and
∑

b are the mean vector and covariance matrix of the background noise
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(target absent), and θ is the angle between test point x and target signature s.

5.6.2 ACE Estimator on sEMG Data

We tested the ACE detector on the sEMG dataset used in [55] and in the previous

section. The target signatures were calculated as described in Sec. 5.5. For calculating

the background noise statistics, we used sEMG signals captured when the gestures

were not being performed. The class assignment was made based on the highest ACE

detector value (absolute value). Table 5.6 shows the results for 3, 4 and 5 gestures.

The results shown are averages over all test subjects.

Table 5.6: Confusion matrices for 3, 4 and 5 gestures. The values are average percent-
ages over a 5-fold cross validation, over all test subjects.

ACE Assigned gesture
1 2 3

True 1 58.5 19.5 22.0
2 44.1 33.9 22.0

gesture 3 44.9 21.3 33.8
Correct classification: 42.1%

ACE Assigned gesture
1 2 3 4

True 1 42.0 28.7 19.8 9.5
2 36.4 42.0 12.8 8.8

gesture 3 39.3 27.6 20.1 13.1
4 35.8 27.3 12.7 24.2

Correct classification: 32.1%

ACE Assigned gesture
1 2 3 4 5

1 36.8 20.0 13.1 10.2 19.9
True 2 27.1 31.5 10.9 10.2 20.3

3 29.7 17.8 17.4 11.6 23.4
gesture 4 27.6 20.3 11.3 18.6 22.1

5 26.4 20.6 15.7 11.4 25.9
Correct classification: 26.0%
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Figure 5.22: Signatures from ASTER library.

The performance obtained with the ACE detector is very sub-par. It is important

to mention that background noise is assumed to be Gaussian. Good estimates of the

background statistics rely on enough data samples. An important limitation of typical

sEMG-based applications is the reduced number of training signals – here we had ∼ 100

samples per gesture, per subject. We attribute the poor performance of ACE to the

inadequate number of signals available to calculate the necessary statistics.

5.6.3 GUSSS on Synthetic Hyperspectral Data

We tested the GUSSS method on simulated data generated from 4 spectra selected

from the ASTER spectral library [134]. The spectra consists of 211 bands and the

wavelengths range from 0.4 to 2.5 µm [131].

Figure 5.22 shows the signatures used to create the artificial mixtures. The dataset

consists of 5000 mixture signals (downloaded from [135]). We used the given signatures

to calculate GUSSS ratios, in order to determine the main components of the mixtures.

Table 5.7 shows the classification results.
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Table 5.7: Confusion matrices, artificial mixtures.

GUSSS Assigned gesture
Ratio Red S. Verde A. Phyllite Pyroxenite

True Red S. 86.1 0.0 5.9 8.0
Verde A. 1.9 93.6 3.8 0.6

gesture Phyllite 3.4 5.6 90.5 0.5
Pyroxenite 14.7 5.3 1.0 79.0

Correct classification: 87.6%

The results show that, for the most part, the GUSSS ratio approach was able

to detect the main contributions of the different signatures in the artificially created

mixtures. Next we explore our method on real data.

5.6.4 GUSSS on Real Hyperspectral Data

We also tested the method on a subset of the ROSIS Pavia University data set [131,136],

which was collected over an urban area of Pavia, Italy. Figure 5.23 (a) shows the RGB

image of the scene. The image consists of 610× 340 pixels, each one represented by a

signal consisting of 103 bands in the 430−850 nm wavelength range. Out of the 207400

total pixels, a subset of 42776 pixels (∼ 20%) of the dataset are labeled (there are 9

different classes). Figure 5.23 (b) shows those pixels color-labeled. The remaining,

non-labeled pixels are shown in white. The classes are the following: 1) Asphalt; 2)

Meadows; 3) Gravel; 4) Trees; 5) Painted metal sheets; 6) Bare soil; 7) Bitumen; 8)

Self-blocking bricks; 9) Shadows.

We ran our GUSSS method to classify both the labeled and non-labeled pixels. For

that, we used T = 50 training signals per class. It is relevant to mention that we used

only ∼ 1% of the labeled pixels (∼ 0.2% of the total pixels) for training. Figure 5.24

(a) shows the classification results obtained for the labeled pixels. The same color code

as in Figure 5.23 (b) is used. Table 5.8 shows the corresponding confusion matrix and

correct classification percentage. Figure 5.24 (b) shows the classification results for all

the pixels.
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Figure 5.23: Pavia University data set. (a) RGB image; (b) Labeled pixels (colors) and
non-labeled pixels (white). Legend: 0) No label; 1) Asphalt; 2) Meadows; 3) Gravel;
4) Trees; 5) Painted metal sheets; 6) Bare soil; 7) Bitumen; 8) Self-blocking bricks; 9)
Shadows.
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Figure 5.24: Classification maps. Pavia dataset. (a) Labeled pixels only; (b) All pixels.

Table 5.8: Confusion matrix (percentage values). Pavia dataset, labeled pixels. Leg-
end: 0) No label; 1) Asphalt; 2) Meadows; 3) Gravel; 4) Trees; 5) Painted metal sheets;
6) Bare soil; 7) Bitumen; 8) Self-blocking bricks; 9) Shadows.

GUSSS Assigned label
1 2 3 4 5 6 7 8 9

T 1 89.2 0.2 2.8 0.0 0.2 2.5 3.2 1.9 0.0
r 2 0.3 47.0 0.0 7.9 0.0 44.8 0.0 0.0 0.0
u 3 21.0 0.0 57.6 0.0 0.0 3.0 0.4 18.0 0.0
e 4 0.0 6.4 0.0 91.4 0.0 2.1 0.0 0.0 0.0
L 5 0.2 0.0 0.0 0.0 99.1 0.7 0.0 0.0 0.0
a 6 0.9 14.2 1.0 0.1 0.1 83.8 0.0 0.0 0.0
b 7 49.0 0.0 1.0 0.0 0.0 0.2 49.3 0.5 0.0
e 8 10.9 0.1 23.1 0.0 0.0 7.0 0.1 58.8 0.0
l 9 2.1 0.0 0.0 0.0 0.5 0.0 0.0 0.0 97.4

Correct classification: 65.4%

The confusion matrix above shows that asphalt, trees, painted metal sheets, bare
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soil and shadows are very distinguishable classes, whereas the meadows are very con-

fused with bare soil, gravel is somewhat confused with asphalt and bricks, bitumen is

very confused with asphalt, and bricks are somewhat confused with gravel and asphalt.

Note that the confused materials are very similar, indeed. For example, bitumen and

asphalt are mostly interchangeable terms.

To verify the similarities from the point of view of the hyperspectral signals, we

plotted random samples from the different classes, as well as the learned signatures.

Figure 5.25 shows the signals. It can be seen that those confused classes show very

similar spectra. To quantify the seemingly high similarity, we calculated MI values

between each pair of signatures. Figure 5.26 shows the pairwise MI values. As a refer-

ence, the MI value between two identical signals consisting of 103 sample points (same

as this dataset) is 2.77. On the other hand, the MI value between two independent

signals should be zero. In practice, though, the MI values calculated for signals of

finite length is not zero. To get a better idea, we computed the MI value between 103

sample points drawn from a uniform distribution, and 103 sample points drawn from

a normal distribution. We ran 10000 cases, and the average MI value that we obtained

was 0.0073, with a standard deviation of 0.0140.

Note that most of the MI values between the different signatures are relatively high.

In particular, the values are high between classes meadows and soil; gravel and bricks;

bitumen and asphalt; bricks and asphalt; and bricks and gravel – classes that were

confused in the classification. On the other hand, note that class metal sheets shows

the highest overall classification. Accordingly, the lowest MI values are between class

metal sheets and the other classes.
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Figure 5.25: Pavia dataset. (a) Sample signals (original range); (b) Learned Signatures
(normalized).
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Figure 5.26: Pavia dataset. Mutual Information values between pairs of signatures.

It is worth noting the good classification of the non-labeled pixels, as can be seen

in Figure 5.24 (b). The assignments seem to match very well the RGB image shown

in Figure 5.23 (a).

Finally, it should be noted the good performance achieved even with the reduced

number of training signals used. This contrasts with the poor performance of the ACE

detector on the sEMG dataset.

5.7 Tolerance to Time Delays

In a typical sEMG application, the first challenge is to detect a gesture from a con-

tinuous stream of data samples. That is, before performing any classification task, an

sEMG signal must first be detected. Several approaches have been proposed for sEMG

signal detection [137]. In every case, because of noise, there is always the chance of

capturing shifted (delayed) versions of the corresponding signatures.

We tested classification as a function of how delayed the testing signals are, in order

to determine how sensitive is our method to this factor. For that, we took the sEMG
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dataset, which consists of 500ms long signals, collected at a sampling rate of 4 kHz.

As usual, we divided the set into training and testing signals. We left the training

set unchanged, but we shifted the testing signals by various ∆t, ranging from 5ms to

250ms. For each case, for all test subject, we ran the GUSSS method and calculated

classification accuracy statistics. We ran the tests for 3, 4, and 5 gestures, as in previous

sections. Figure 5.27 shows the average results over 5-fold cross-validation, over all test

subjects.
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(a) 3 gestures
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(b) 4 gestures
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(c) 5 gestures

Figure 5.27: Classification performance vs. time delay of testing signals. Averages over
5-fold cross validation, over all test subjects.

As expected, the classification performance decreases as the time delay increases.

However, the results are still very reasonable. Note that it takes delays of around
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50 − 70 ms for the classification accuracy to drop 10%. Such a delay is a lot greater

than any delay that has been observed in our systems [53,56].

5.8 Non-Linearity

An important assumption that has been made throughout this research is a linear

mixing model. One final set of tests that we ran here seek to investigate non-linear ways

of mixing source signals. The goal of these tests is to examine some simple cases, the

get an idea of how the GUSSS method is affected by removing the linearity condition.

The tests are by no means thorough. Future work should include a more complete

examination and should investigate specific non-linear models used in different areas

of interest.

5.8.1 Polynomial Mixture Models

For the following experiments, mixtures were created using more general polynomial

models. A mixture of order q is given by

x =
∑
i 6=p

cis
q
i + cps

q
p + n

where q is the power to which the signatures are raised. Given a particular cp value,

the remaining coefficients ci, i 6= p, are randomly chosen so that
∑
ci = 1. As before,

cp represents a percentage of sqp in the mixture. In essence, the mixtures are linear

combinations of the qth power of the signatures, with some additive noise levels n (σ).

5.8.2 Experiments and results

As in previous sections, we ran some tests using the sound data set. For each signature

sp, sets of 200 polynomial mixtures were created: 100 including sqp, and 100 without

sqp. GUSSS ratios were calculated between the original signature sp and each mixture.

Averages were calculated. This was repeated for cp = 0.9 and cp = 0.5 values, for

different noise levels, and for q = 1, 2, 3, 4, 5. Case q = 1 corresponds to the linear
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model that has been used thus far. It was included here for ease of comparison with

the higher order polynomial cases.

The results are shown in Figures 5.28 and 5.29. For example, Figure 5.28 shows

bar diagrams representing the average inverse GUSSS ratios for mixtures created using

cp = 0.9 – in the “Present” (P ) cases. The “Not Present” bars (NP ) represent the

average values obtained for the mixtures not containing the target signatures. Each

row of diagrams corresponds to different noise levels used. Each column of diagrams

corresponds to a different polynomial order. The results are averages over all eight

sound signatures. Inverse Ratios are used here instead of the actual ratios for an easier

comparison between previous sections’ results. Note that for class separability, there

is no difference between using ratios or inverse ratio values.
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Figure 5.28: Average inverse GUSSS ratio values. cp = 0.9.
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Figure 5.29: Average inverse GUSSS ratio values. cp = 0.5.

The results above show that the discriminative power of the GUSSS ratio is, indeed,

affected by non-linear mixing of sources. Nevertheless, there is still separation between

classes “Present” and “Not Present” in several cases above. Figure 5.28 shows the case

cp = 0.9. As expected, case q = 1 shows very high separation between classes, even

for high noise levels. Cases q = 2 and especially q = 3 show good separability, as well.

Note, however, cases q = 5 and q = 4. Separability is very little in the former, and

there is practically no difference between class P and NP in the latter.

Similar tendencies can be observed for cp = 0.5. As expected, the average values

for the P class are smaller than for cp = 0.9. But the separability is still very high for

q = 1, and relatively high for q = 2, at least for the lower noise levels. However, there

is virtually no separation of classes for q = 4 and q = 5.

It is interesting to note that even polynomial orders lead to worse results than odd

orders. While the tendency is for the separability of classes to decrease with higher

orders, q = 3 is better than q = 2, and q = 5 is better than q = 4, at least for cp = 0.9.
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For cp = 0.5, the worst results are obtained with q = 4, although q = 2 seems to be

better than q = 3. This makes sense if we consider the mutual information between the

original signatures sp and their powers sqp. For odd powers, the average MI value for

the eight sound signatures used is 6.9, whereas for even powers, the average MI value

is 5.2. Added noise and different contributions of non-target signatures would cause

variations in terms of the dependence between the mixtures and the target signatures,

and thus, in the GUSSS ratios. But the fact that an even power of a source distribution

is less dependent to the original distribution, compared to an odd power, explains the

results obtained for these polynomial models.



Chapter 6

Discussion and Conclusions

This work addressed the question of whether signal processing can offer insights into

recognizing multiple patterns present in single observations. We presented a method

which combines pattern separation and recognition through a classical signal processing

technique – Source (Signal) Separation. Our method, called Guided Under-determined

Source Signal Separation (GUSSS), relies on Independent Component Analysis and

it is useful when there is a need of separating individual components from mixtures

captured by a single sensor. GUSSS differs from Under-determined Blind Source Signal

Separation in that we use prior knowledge of particular source signals (signatures)

that might be present within the sensed mixture signals. By incorporating that prior

information we go from an under-determined problem, where we have fewer sensed

signals than components, to a well determined problem, where we have two equations

and two components that we want to estimate. This allows the use of traditional ICA

algorithms to estimate the independent components and the mixing coefficients. Using

those coefficients we introduced the GUSSS ratio, which can be used to determine if a

particular signature is present or not in a sensed signal, or as a feature in a classification

problem.

Early experiments on artificial sound mixtures yielded very promising results. We

then developed frameworks for applying our methods on very different areas: material

detection using THz signatures; root phenotyping using THz imaging; assistive tech-

nology and voice disorders recognition using sEMG signals. The results that we have

134
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obtained in those areas are also very satisfying.

To test our framework for detecting the presence of particular chemicals or mate-

rials in a mixture, we used THz signatures of various materials obtained from public

databases. Our method yielded very good results for detecting a variety of such mate-

rials under various assumptions on the percentage of the target material present in the

scene. For those experiments, we used very simple classification schemes and only a

single feature – the GUSSS ratio. Our goal was to demonstrate the good performance

of the method when it relies solely on the ratio. Unlike other methods that emphasize

the detection of individual compounds, the results obtained demonstrated that the

proposed approach allows the detection of materials within mixtures. The results also

support the claim that GUSSS presents a very powerful tool for the separation and

identification of patterns in signals. Our proposed approach could lead to the develop-

ment of systems capable of detecting hazardous materials, such as RDX, TNT, drugs,

etc., enhancing and simplifying law enforcement, anti-terrorism security, etc.

Also in the area of THz technology, the results presented in this work demonstrate

the potential of THz imaging to detect and identify the different objects buried in

sand and potting soil. We believe that our framework has the potential of revolu-

tionizing root phenotyping in situ, and thus genetic improvement on the basis of root

characteristics.

For the area of assistive technology we focused on classifying sEMG signals, which

can be used for controlling devices such as power wheelchairs. In order to use GUSSS,

we proposed a framework to detect and classify different “gestures” (e.g. hand or

eyebrow movements, etc.), which can be related to commands for a wheelchair. Our

method allowed using a single sensor and a simple classification scheme. In search of im-

proving classification performance and increasing the number of recognizable gestures,

we showed how to combine the GUSSS ratio with other features, and we developed

a hierarchical method – HiGUSSS. The performance of our enhanced methods were

considerably better than our original approach, and comparable to other methods in

the literature, which rely on more sensors and complex classification schemes.

Further usefulness of sEMG signals was demonstrated in the area of otolaryngology.
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Specifically, we showed the potential of applying our proposed frameworks to the early

detection of vocal disorders through the detection of changing and/or emerging patterns

in those sEMG signals.

Even though our experimental results had been very satisfying, there were still re-

search questions related to our methods that needed to be answered. The first question

addressed the robustness of the method. Many experiments were run to explore the

effects of the different parameters of the GUSSS method, including initialization and

choice of the source separation algorithm used. Further tests were made to study the

stability and resilience to noise of the method.

Another important question addressed had to do with the assumptions made, most

importantly, the statistical dependence between the components or signatures that

may constitute a mixture. We explored how the GUSSS method is affected by vari-

ous degrees of dependence. As expected, a lower discriminative power of the GUSSS

ratio correlates with higher dependence between the different signatures that may be

considered.

In the areas of assistive technology, otolaryngology, and others, where true signa-

tures may not be available, there is a need of learning the signatures from training

data. The initial results were obtained by using a simple mean based signature. We

later investigated other different approaches for learning those signatures. We ex-

plored clustering based approaches, and we also explored an ICA decomposition based

approach inspired by the Bag-of-Words model. The latter approach led to an overall

improvement in the classification performance of sEMG signals.

It is always important to compare a proposed method to other methods that have

been applied to the same domains. It also makes sense to compare to methods that

may have been applied to other domains, but that may make similar assumptions to

those made for one’s method. In this research, we compared the GUSSS method with

commonly used methods such as SVM and others. In the areas of assistive technology,

for example, the comparisons are not direct, given that most approaches make use of

many sensors – as opposed to our approach. We also compared to a method used

in Hyperspectral Image analysis, the Adaptive Coherence/Cosine Estimator (ACE),
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which assumes a similar linear model for mixtures. In fact, we did a two-way compar-

ison: we applied GUSSS to Hyperspectral data, and we applied ACE on sEMG data.

The results using GUSSS were very satisfying, whereas the results using ACE were

underwhelming, highlighting a disadvantage of many methods with respect to GUSSS:

the need for a large amount of training signals.

Further experiments were performed to study the effect of time delays on the GUSSS

classification performance. This is relevant in applications such as assistive technology,

where the sEMG signals need to be detected on-line. We observed that there is, in

fact, a degraded classification performance with long delays. However, the drop is not

too important for typical delays observed in real systems.

Finally, we ran some initial tests on mixtures produced using non-linear models.

The goal was to get a sense of how our method is affected when removing the linearity

condition. Even though the results are very preliminary, we observed that the GUSSS

method may still able to recognize the presence or not of signatures. Further comments

on non-linear models will be made in Chapter 7. However, it is worth highlighting the

appropriateness and usefulness of linear models, particularly in the areas tackled in

this research.



Chapter 7

Future Work

The linear mixing model is a simple, yet powerful model that has been used in many

areas, such as those described in this thesis. However, non-linear mixing models are

able to represent a wider range of scenarios and applications. For example, in the

area of hyperspectral image analysis, a linear model is appropriate for a well defined

proportional “checkerboard” mixture of materials, and the assumption that incident

radiation bounces only once at the surface. However, a more realistic assumption is that

the materials are randomly distributed, forming a homogeneous mixture, and that the

radiation reflects multiple times, with multiple substances. In that case, the spectrum

of reflected radiation cannot be properly model in a linear way, so a non-linear model

would be needed [130]. Future work could focus on exploring non-linear mixing models,

specific to the application areas, and incorporating those into the GUSSS method.

Future work could also investigate the more general under-determined case, that

is, when the number of sensors is still smaller than the number of independent sources

(M < N), but not necessarily equal to one. In the work described in Section 4.3 we

actually used 4 sensors. However, the strategy then was to replicate the single-channel

HiGUSSS method for all channels and then average the confidence vectors to input

the Multi-class classifier. Instead, the research would aim at a generalization of the

GUSSS method for any case.

Along the lines of the applications using sEMG signals, the method could also be

applied to other types of bio-electrical signals, such as Electroencephalographic (EEG)

138
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or Electrocardiographic (EKG) signals. EEG signals, for instance, are widely used

for clinical assessment and neurological studies and research. Collecting those signals

requires a lot of sensors. The use of the GUSSS method may allow for the reduction

of the number of sensors, making the process of data collection easier for the patients,

doctors and researchers.

From the application point of view, future work should not be limited to the areas

tackled in this work. The proposed method could be applied, for example, to image

processing and computer vision. GUSSS could be used to detect specific patterns in

an image or could be added to background subtraction algorithms. In essence, GUSSS

could potentially be used in many applications where the concept of “signature” would

fit.
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Appendix A

Complete Set of Results -

Sensitivity of the Method

In this Appendix we present the results that we have obtained so far from the experi-

ments described in Section 5.3.

A.1 Effects of Weights (Sec. 5.3.1)

The next figures ratios obtained using signatures all 8 signatures. For illustration

purposes, the ratios are shown as 3D surface plots, and as a 2D gray scale image.

These results were obtained using the FastICA algorithm with randomly chosen initial

estimates for the mixing matrix Ainit, and Gaussian non-linearity, as explained in

Section 5.3.1. The GUSSS ratios were obtained for different combinations of weights

w1 and wp.
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Figure A.4: Sought-after signature s4.
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Figure A.5: Sought-after signature s5.
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Figure A.6: Sought-after signature s6.
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Figure A.7: Sought-after signature s7.
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Figure A.8: Sought-after signature s8.
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A.2 Effects of ICA Initialization (Sec. 5.3.2)

Figures A.9 through A.16 show ratios obtained for each signature, using 3 different

initial estimates Ainit of the for the mixing matrix A: Ainit1 =

 1 0

0 1

, Ainit2 = 0 1

1 0

 and Ainit3 =

 1 1

1 1

. Only 2D gray scale images are shown. Notice how

Ainit2 produces the more stable results in every case.
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Figure A.9: Sought-after signature s1.
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Figure A.10: Sought-after signature s2.
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Figure A.11: Sought-after signature s3.
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Figure A.12: Sought-after signature s4.
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Figure A.13: Sought-after signature s5.
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Figure A.14: Sought-after signature s6.
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Figure A.15: Sought-after signature s7.
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Figure A.16: Sought-after signature s8.

Figure A.17 shows ratios obtained for signature s1 (present and not present), using

many additional initial estimates Ainit, all of which are diagonal matrices. The values

of the Ainit elements range from 0.1 to 2. The arrays shown above each 2D gray scale

image represent the Ainit matrices. For example, [2.0 0.0; 0.0 1.0] ⇔

 2.0 0.0

0.0 1.0

.

Figures A.17 through A.24 are the corresponding figures for the remaining signatures.

Notice how there is no significant difference in the ratio values when using different

diagonal matrices as initial estimates.
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Figure A.17: Sought-after signature s1.



A.2. Effects of ICA Initialization (Sec. 5.3.2) 168

[2.0 0.0;0.0 2.0]

 

 

Signature s2 Present

5 10

5

0 2.2

2.25

2.3

[1.5 0.0;0.0 2.0]

 

 

5 10

5

0 2.2

2.25

2.3

[1.0 0.0;0.0 2.0]

 

 

5 10

5

0 2.2

2.25

2.3

[0.8 0.0;0.0 2.0]

 

 

5 10

5

0 2.2

2.25

2.3

[0.5 0.0;0.0 2.0]

 

 

5 10

5

0 2.2

2.25

2.3

[0.2 0.0;0.0 2.0]

 

 

5 10

5

0 2.2

2.25

2.3

[0.1 0.0;0.0 2.0]

 

 

5 10

5

0 2.2

2.25

2.3

[2.0 0.0;0.0 1.5]

 

 

5 10

5

0 2.2

2.25

2.3

[1.5 0.0;0.0 1.5]

 

 

5 10

5

0 2.2

2.25

2.3

[1.0 0.0;0.0 1.5]

 

 

5 10

5

0 2.2

2.25

2.3

[0.8 0.0;0.0 1.5]

 

 

5 10

5

0 2.2

2.25

2.3

[0.5 0.0;0.0 1.5]

 

 

5 10

5

0 2.2

2.25

2.3

[0.2 0.0;0.0 1.5]

 

 

5 10

5

0 2.2

2.25

2.3

[0.1 0.0;0.0 1.5]

 

 

5 10

5

0 2.2

2.25

2.3

[2.0 0.0;0.0 1.0]

 

 

5 10

5

0 2.2

2.25

2.3

[1.5 0.0;0.0 1.0]

 

 

5 10

5

0 2.2

2.25

2.3

[1.0 0.0;0.0 1.0]

 

 

5 10

5

0 2.2

2.25

2.3

[0.8 0.0;0.0 1.0]

 

 

5 10

5

0 2.2

2.25

2.3

[0.5 0.0;0.0 1.0]

 

 

5 10

5

0 2.2

2.25

2.3

[0.2 0.0;0.0 1.0]

 

 

5 10

5

0 2.2

2.25

2.3

[0.1 0.0;0.0 1.0]

 

 

5 10

5

0 2.2

2.25

2.3

[2.0 0.0;0.0 0.8]

 

 

5 10

5

0 2.2

2.25

2.3

[1.5 0.0;0.0 0.8]

 

 

5 10

5

0 2.2

2.25

2.3

[1.0 0.0;0.0 0.8]

 

 

5 10

5

0 2.2

2.25

2.3

[0.8 0.0;0.0 0.8]

 

 

5 10

5

0 2.2

2.25

2.3

[0.5 0.0;0.0 0.8]

 

 

5 10

5

0 2.2

2.25

2.3

[0.2 0.0;0.0 0.8]

 

 

5 10

5

0 2.2

2.25

2.3

[0.1 0.0;0.0 0.8]

 

 

5 10

5

0 2.2

2.25

2.3

[2.0 0.0;0.0 0.5]

 

 

5 10

5

0 2.2

2.25

2.3

[1.5 0.0;0.0 0.5]

 

 

5 10

5

0 2.2

2.25

2.3

[1.0 0.0;0.0 0.5]

 

 

5 10

5

0 2.2

2.25

2.3

[0.8 0.0;0.0 0.5]

 

 

5 10

5

0 2.2

2.25

2.3

[0.5 0.0;0.0 0.5]

 

 

5 10

5

0 2.2

2.25

2.3

[0.2 0.0;0.0 0.5]

 

 

5 10

5

0 2.2

2.25

2.3

[0.1 0.0;0.0 0.5]

 

 

5 10

5

0 2.2

2.25

2.3

[2.0 0.0;0.0 0.2]

 

 

5 10

5

0 2.2

2.25

2.3

[1.5 0.0;0.0 0.2]

 

 

5 10

5

0 2.2

2.25

2.3

[1.0 0.0;0.0 0.2]

 

 

5 10

5

0 2.2

2.25

2.3

[0.8 0.0;0.0 0.2]

 

 

5 10

5

0 2.2

2.25

2.3

[0.5 0.0;0.0 0.2]

 

 

5 10

5

0 2.2

2.25

2.3

[0.2 0.0;0.0 0.2]

 

 

5 10

5

0 2.2

2.25

2.3

[0.1 0.0;0.0 0.2]

 

 

5 10

5

0 2.2

2.25

2.3

[2.0 0.0;0.0 0.1]

 

 

5 10

5

0 2.2

2.25

2.3

[1.5 0.0;0.0 0.1]

 

 

5 10

5

0 2.2

2.25

2.3

[1.0 0.0;0.0 0.1]

 

 

5 10

5

0 2.2

2.25

2.3

[0.8 0.0;0.0 0.1]

 

 

5 10

5

0 2.2

2.25

2.3

[0.5 0.0;0.0 0.1]

 

 

5 10

5

0 2.2

2.25

2.3

[0.2 0.0;0.0 0.1]

 

 

5 10

5

0 2.2

2.25

2.3

[0.1 0.0;0.0 0.1]

 

 

5 10

5

0 2.2

2.25

2.3

[2.0 0.0;0.0 2.0]

 

 

Signature s2 Not Present

5 10

5

0
200

400

600

800

1000

[1.5 0.0;0.0 2.0]

 

 

5 10

5

0
200

400

600

800

1000

[1.0 0.0;0.0 2.0]

 

 

5 10

5

0
200

400

600

800

1000

[0.8 0.0;0.0 2.0]

 

 

5 10

5

0
200

400

600

800

1000

[0.5 0.0;0.0 2.0]

 

 

5 10

5

0
200

400

600

800

1000

[0.2 0.0;0.0 2.0]

 

 

5 10

5

0
200

400

600

800

1000

[0.1 0.0;0.0 2.0]

 

 

5 10

5

0
200

400

600

800

1000

[2.0 0.0;0.0 1.5]

 

 

5 10

5

0
200

400

600

800

1000

[1.5 0.0;0.0 1.5]

 

 

5 10

5

0
200

400

600

800

1000

[1.0 0.0;0.0 1.5]

 

 

5 10

5

0
200

400

600

800

1000

[0.8 0.0;0.0 1.5]

 

 

5 10

5

0
200

400

600

800

1000

[0.5 0.0;0.0 1.5]

 

 

5 10

5

0
200

400

600

800

1000

[0.2 0.0;0.0 1.5]

 

 

5 10

5

0
200

400

600

800

1000

[0.1 0.0;0.0 1.5]

 

 

5 10

5

0
200

400

600

800

1000

[2.0 0.0;0.0 1.0]

 

 

5 10

5

0
200

400

600

800

1000

[1.5 0.0;0.0 1.0]

 

 

5 10

5

0
200

400

600

800

1000

[1.0 0.0;0.0 1.0]

 

 

5 10

5

0
200

400

600

800

1000

[0.8 0.0;0.0 1.0]

 

 

5 10

5

0
200

400

600

800

1000

[0.5 0.0;0.0 1.0]

 

 

5 10

5

0
200

400

600

800

1000

[0.2 0.0;0.0 1.0]

 

 

5 10

5

0
200

400

600

800

1000

[0.1 0.0;0.0 1.0]

 

 

5 10

5

0
200

400

600

800

1000

[2.0 0.0;0.0 0.8]

 

 

5 10

5

0
200

400

600

800

1000

[1.5 0.0;0.0 0.8]

 

 

5 10

5

0
200

400

600

800

1000

[1.0 0.0;0.0 0.8]

 

 

5 10

5

0
200

400

600

800

1000

[0.8 0.0;0.0 0.8]

 

 

5 10

5

0
200

400

600

800

1000

[0.5 0.0;0.0 0.8]

 

 

5 10

5

0
200

400

600

800

1000

[0.2 0.0;0.0 0.8]

 

 

5 10

5

0
200

400

600

800

1000

[0.1 0.0;0.0 0.8]

 

 

5 10

5

0
200

400

600

800

1000

[2.0 0.0;0.0 0.5]

 

 

5 10

5

0
200

400

600

800

1000

[1.5 0.0;0.0 0.5]

 

 

5 10

5

0
200

400

600

800

1000

[1.0 0.0;0.0 0.5]

 

 

5 10

5

0
200

400

600

800

1000

[0.8 0.0;0.0 0.5]

 

 

5 10

5

0
200

400

600

800

1000

[0.5 0.0;0.0 0.5]

 

 

5 10

5

0
200

400

600

800

1000

[0.2 0.0;0.0 0.5]

 

 

5 10

5

0
200

400

600

800

1000

[0.1 0.0;0.0 0.5]

 

 

5 10

5

0
200

400

600

800

1000

[2.0 0.0;0.0 0.2]

 

 

5 10

5

0
200

400

600

800

1000

[1.5 0.0;0.0 0.2]

 

 

5 10

5

0
200

400

600

800

1000

[1.0 0.0;0.0 0.2]

 

 

5 10

5

0
200

400

600

800

1000

[0.8 0.0;0.0 0.2]

 

 

5 10

5

0
200

400

600

800

1000

[0.5 0.0;0.0 0.2]

 

 

5 10

5

0
200

400

600

800

1000

[0.2 0.0;0.0 0.2]

 

 

5 10

5

0
200

400

600

800

1000

[0.1 0.0;0.0 0.2]

 

 

5 10

5

0
200

400

600

800

1000

[2.0 0.0;0.0 0.1]

 

 

5 10

5

0
200

400

600

800

1000

[1.5 0.0;0.0 0.1]

 

 

5 10

5

0
200

400

600

800

1000

[1.0 0.0;0.0 0.1]

 

 

5 10

5

0
200

400

600

800

1000

[0.8 0.0;0.0 0.1]

 

 

5 10

5

0
200

400

600

800

1000

[0.5 0.0;0.0 0.1]

 

 

5 10

5

0
200

400

600

800

1000

[0.2 0.0;0.0 0.1]

 

 

5 10

5

0
200

400

600

800

1000

[0.1 0.0;0.0 0.1]

 

 

5 10

5

0
200

400

600

800

1000

Figure A.18: Sought-after signature s2.
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5

0

4.7784

4.7784

[0.2 0.0;0.0 0.1]

 

 

5 10

5

0

4.7784

4.7784

[0.1 0.0;0.0 0.1]

 

 

5 10

5

0

4.7784

4.7784

[2.0 0.0;0.0 2.0]

 

 

Signature s3 Not Present

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.5 0.0;0.0 2.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.0 0.0;0.0 2.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.8 0.0;0.0 2.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.5 0.0;0.0 2.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.2 0.0;0.0 2.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.1 0.0;0.0 2.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[2.0 0.0;0.0 1.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.5 0.0;0.0 1.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.0 0.0;0.0 1.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.8 0.0;0.0 1.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.5 0.0;0.0 1.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.2 0.0;0.0 1.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.1 0.0;0.0 1.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[2.0 0.0;0.0 1.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.5 0.0;0.0 1.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.0 0.0;0.0 1.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.8 0.0;0.0 1.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.5 0.0;0.0 1.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.2 0.0;0.0 1.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.1 0.0;0.0 1.0]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[2.0 0.0;0.0 0.8]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.5 0.0;0.0 0.8]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.0 0.0;0.0 0.8]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.8 0.0;0.0 0.8]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.5 0.0;0.0 0.8]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.2 0.0;0.0 0.8]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.1 0.0;0.0 0.8]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[2.0 0.0;0.0 0.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.5 0.0;0.0 0.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.0 0.0;0.0 0.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.8 0.0;0.0 0.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.5 0.0;0.0 0.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.2 0.0;0.0 0.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.1 0.0;0.0 0.5]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[2.0 0.0;0.0 0.2]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.5 0.0;0.0 0.2]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.0 0.0;0.0 0.2]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.8 0.0;0.0 0.2]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.5 0.0;0.0 0.2]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.2 0.0;0.0 0.2]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.1 0.0;0.0 0.2]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[2.0 0.0;0.0 0.1]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.5 0.0;0.0 0.1]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[1.0 0.0;0.0 0.1]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.8 0.0;0.0 0.1]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.5 0.0;0.0 0.1]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.2 0.0;0.0 0.1]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

[0.1 0.0;0.0 0.1]

 

 

5 10

5

0 38.4587
38.4587
38.4587
38.4587
38.4587
38.4587
38.4587

Figure A.19: Sought-after signature s3.
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[2.0 0.0;0.0 2.0]

 

 

Signature s4 Present

5 10

5

0
2.8343

2.8343

[1.5 0.0;0.0 2.0]

 

 

5 10

5

0
2.8343

2.8343

[1.0 0.0;0.0 2.0]

 

 

5 10

5

0
2.8343

2.8343

[0.8 0.0;0.0 2.0]

 

 

5 10

5

0
2.8343

2.8343

[0.5 0.0;0.0 2.0]

 

 

5 10

5

0
2.8343

2.8343

[0.2 0.0;0.0 2.0]

 

 

5 10

5

0
2.8343

2.8343

[0.1 0.0;0.0 2.0]

 

 

5 10

5

0
2.8343

2.8343

[2.0 0.0;0.0 1.5]

 

 

5 10

5

0
2.8343

2.8343

[1.5 0.0;0.0 1.5]

 

 

5 10

5

0
2.8343

2.8343

[1.0 0.0;0.0 1.5]

 

 

5 10

5

0
2.8343

2.8343

[0.8 0.0;0.0 1.5]

 

 

5 10

5

0
2.8343

2.8343

[0.5 0.0;0.0 1.5]

 

 

5 10

5

0
2.8343

2.8343

[0.2 0.0;0.0 1.5]

 

 

5 10

5

0
2.8343

2.8343

[0.1 0.0;0.0 1.5]

 

 

5 10

5

0
2.8343

2.8343

[2.0 0.0;0.0 1.0]

 

 

5 10

5

0
2.8343

2.8343

[1.5 0.0;0.0 1.0]

 

 

5 10

5

0
2.8343

2.8343

[1.0 0.0;0.0 1.0]

 

 

5 10

5

0
2.8343

2.8343

[0.8 0.0;0.0 1.0]

 

 

5 10

5

0
2.8343

2.8343

[0.5 0.0;0.0 1.0]

 

 

5 10

5

0
2.8343

2.8343

[0.2 0.0;0.0 1.0]

 

 

5 10

5

0
2.8343

2.8343

[0.1 0.0;0.0 1.0]

 

 

5 10

5

0
2.8343

2.8343

[2.0 0.0;0.0 0.8]

 

 

5 10

5

0
2.8343

2.8343

[1.5 0.0;0.0 0.8]

 

 

5 10

5

0
2.8343

2.8343

[1.0 0.0;0.0 0.8]

 

 

5 10

5

0
2.8343

2.8343

[0.8 0.0;0.0 0.8]

 

 

5 10

5

0
2.8343

2.8343

[0.5 0.0;0.0 0.8]

 

 

5 10

5

0
2.8343

2.8343

[0.2 0.0;0.0 0.8]

 

 

5 10

5

0
2.8343

2.8343

[0.1 0.0;0.0 0.8]

 

 

5 10

5

0
2.8343

2.8343

[2.0 0.0;0.0 0.5]

 

 

5 10

5

0
2.8343

2.8343

[1.5 0.0;0.0 0.5]

 

 

5 10

5

0
2.8343

2.8343

[1.0 0.0;0.0 0.5]

 

 

5 10

5

0
2.8343

2.8343

[0.8 0.0;0.0 0.5]

 

 

5 10

5

0
2.8343

2.8343

[0.5 0.0;0.0 0.5]

 

 

5 10

5

0
2.8343

2.8343

[0.2 0.0;0.0 0.5]

 

 

5 10

5

0
2.8343

2.8343

[0.1 0.0;0.0 0.5]

 

 

5 10

5

0
2.8343

2.8343

[2.0 0.0;0.0 0.2]

 

 

5 10

5

0
2.8343

2.8343

[1.5 0.0;0.0 0.2]

 

 

5 10

5

0
2.8343

2.8343

[1.0 0.0;0.0 0.2]

 

 

5 10

5

0
2.8343

2.8343

[0.8 0.0;0.0 0.2]

 

 

5 10

5

0
2.8343

2.8343

[0.5 0.0;0.0 0.2]

 

 

5 10

5

0
2.8343

2.8343

[0.2 0.0;0.0 0.2]

 

 

5 10

5

0
2.8343

2.8343

[0.1 0.0;0.0 0.2]

 

 

5 10

5

0
2.8343

2.8343

[2.0 0.0;0.0 0.1]

 

 

5 10

5

0
2.8343

2.8343

[1.5 0.0;0.0 0.1]

 

 

5 10

5

0
2.8343

2.8343

[1.0 0.0;0.0 0.1]

 

 

5 10

5

0
2.8343

2.8343

[0.8 0.0;0.0 0.1]

 

 

5 10

5

0
2.8343

2.8343

[0.5 0.0;0.0 0.1]

 

 

5 10

5

0
2.8343

2.8343

[0.2 0.0;0.0 0.1]

 

 

5 10

5

0
2.8343

2.8343

[0.1 0.0;0.0 0.1]

 

 

5 10

5

0
2.8343

2.8343

[2.0 0.0;0.0 2.0]

 

 

Signature s4 Not Present

5 10

5

0 63.8357

63.8357

[1.5 0.0;0.0 2.0]

 

 

5 10

5

0 63.8357

63.8357

[1.0 0.0;0.0 2.0]

 

 

5 10

5

0 63.8357

63.8357

[0.8 0.0;0.0 2.0]

 

 

5 10

5

0 63.8357

63.8357

[0.5 0.0;0.0 2.0]

 

 

5 10

5

0 63.8357

63.8357

[0.2 0.0;0.0 2.0]

 

 

5 10

5

0 63.8357

63.8357

[0.1 0.0;0.0 2.0]

 

 

5 10

5

0 63.8357

63.8357

[2.0 0.0;0.0 1.5]

 

 

5 10

5

0 63.8357

63.8357

[1.5 0.0;0.0 1.5]

 

 

5 10

5

0 63.8357

63.8357

[1.0 0.0;0.0 1.5]

 

 

5 10

5

0 63.8357

63.8357

[0.8 0.0;0.0 1.5]

 

 

5 10

5

0 63.8357

63.8357

[0.5 0.0;0.0 1.5]

 

 

5 10

5

0 63.8357

63.8357

[0.2 0.0;0.0 1.5]

 

 

5 10

5

0 63.8357

63.8357

[0.1 0.0;0.0 1.5]

 

 

5 10

5

0 63.8357

63.8357

[2.0 0.0;0.0 1.0]

 

 

5 10

5

0 63.8357

63.8357

[1.5 0.0;0.0 1.0]

 

 

5 10

5

0 63.8357

63.8357

[1.0 0.0;0.0 1.0]

 

 

5 10

5

0 63.8357

63.8357

[0.8 0.0;0.0 1.0]

 

 

5 10

5

0 63.8357

63.8357

[0.5 0.0;0.0 1.0]

 

 

5 10

5

0 63.8357

63.8357

[0.2 0.0;0.0 1.0]

 

 

5 10

5

0 63.8357

63.8357

[0.1 0.0;0.0 1.0]

 

 

5 10

5

0 63.8357

63.8357

[2.0 0.0;0.0 0.8]

 

 

5 10

5

0 63.8357

63.8357

[1.5 0.0;0.0 0.8]

 

 

5 10

5

0 63.8357

63.8357

[1.0 0.0;0.0 0.8]

 

 

5 10

5

0 63.8357

63.8357

[0.8 0.0;0.0 0.8]

 

 

5 10

5

0 63.8357

63.8357

[0.5 0.0;0.0 0.8]

 

 

5 10

5

0 63.8357

63.8357

[0.2 0.0;0.0 0.8]

 

 

5 10

5

0 63.8357

63.8357

[0.1 0.0;0.0 0.8]

 

 

5 10

5

0 63.8357

63.8357

[2.0 0.0;0.0 0.5]

 

 

5 10

5

0 63.8357

63.8357

[1.5 0.0;0.0 0.5]

 

 

5 10

5

0 63.8357

63.8357

[1.0 0.0;0.0 0.5]

 

 

5 10

5

0 63.8357

63.8357

[0.8 0.0;0.0 0.5]

 

 

5 10

5

0 63.8357

63.8357

[0.5 0.0;0.0 0.5]

 

 

5 10

5

0 63.8357

63.8357

[0.2 0.0;0.0 0.5]

 

 

5 10

5

0 63.8357

63.8357

[0.1 0.0;0.0 0.5]

 

 

5 10

5

0 63.8357

63.8357

[2.0 0.0;0.0 0.2]

 

 

5 10

5

0 63.8357

63.8357

[1.5 0.0;0.0 0.2]

 

 

5 10

5

0 63.8357

63.8357

[1.0 0.0;0.0 0.2]

 

 

5 10

5

0 63.8357

63.8357

[0.8 0.0;0.0 0.2]

 

 

5 10

5

0 63.8357

63.8357

[0.5 0.0;0.0 0.2]

 

 

5 10

5

0 63.8357

63.8357

[0.2 0.0;0.0 0.2]

 

 

5 10

5

0 63.8357

63.8357

[0.1 0.0;0.0 0.2]

 

 

5 10

5

0 63.8357

63.8357

[2.0 0.0;0.0 0.1]

 

 

5 10

5

0 63.8357

63.8357

[1.5 0.0;0.0 0.1]

 

 

5 10

5

0 63.8357

63.8357

[1.0 0.0;0.0 0.1]

 

 

5 10

5

0 63.8357

63.8357

[0.8 0.0;0.0 0.1]

 

 

5 10

5

0 63.8357

63.8357

[0.5 0.0;0.0 0.1]

 

 

5 10

5

0 63.8357

63.8357

[0.2 0.0;0.0 0.1]

 

 

5 10

5

0 63.8357

63.8357

[0.1 0.0;0.0 0.1]

 

 

5 10

5

0 63.8357

63.8357

Figure A.20: Sought-after signature s4.
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[2.0 0.0;0.0 2.0]

 

 

Signature s5 Present

5 10

5

0

5.8784

5.8784

[1.5 0.0;0.0 2.0]

 

 

5 10

5

0

5.8784

5.8784

[1.0 0.0;0.0 2.0]

 

 

5 10

5

0

5.8784

5.8784

[0.8 0.0;0.0 2.0]

 

 

5 10

5

0

5.8784

5.8784

[0.5 0.0;0.0 2.0]

 

 

5 10

5

0

5.8784

5.8784

[0.2 0.0;0.0 2.0]

 

 

5 10

5

0

5.8784

5.8784

[0.1 0.0;0.0 2.0]

 

 

5 10

5

0

5.8784

5.8784

[2.0 0.0;0.0 1.5]

 

 

5 10

5

0

5.8784

5.8784

[1.5 0.0;0.0 1.5]

 

 

5 10

5

0

5.8784

5.8784

[1.0 0.0;0.0 1.5]

 

 

5 10

5

0

5.8784

5.8784

[0.8 0.0;0.0 1.5]

 

 

5 10

5

0

5.8784

5.8784

[0.5 0.0;0.0 1.5]

 

 

5 10

5

0

5.8784

5.8784

[0.2 0.0;0.0 1.5]

 

 

5 10

5

0

5.8784

5.8784

[0.1 0.0;0.0 1.5]

 

 

5 10

5

0

5.8784

5.8784

[2.0 0.0;0.0 1.0]

 

 

5 10

5

0

5.8784

5.8784

[1.5 0.0;0.0 1.0]

 

 

5 10

5

0

5.8784

5.8784

[1.0 0.0;0.0 1.0]

 

 

5 10

5

0

5.8784

5.8784

[0.8 0.0;0.0 1.0]

 

 

5 10

5

0

5.8784

5.8784

[0.5 0.0;0.0 1.0]

 

 

5 10

5

0

5.8784

5.8784

[0.2 0.0;0.0 1.0]

 

 

5 10

5

0

5.8784

5.8784

[0.1 0.0;0.0 1.0]

 

 

5 10

5

0

5.8784

5.8784

[2.0 0.0;0.0 0.8]

 

 

5 10

5

0

5.8784

5.8784

[1.5 0.0;0.0 0.8]

 

 

5 10

5

0

5.8784

5.8784
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Figure A.21: Sought-after signature s5.
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Figure A.22: Sought-after signature s6.
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Figure A.23: Sought-after signature s7.
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Figure A.24: Sought-after signature s8.
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We further tested with non diagonal Ainit matrices (but including anti-diagonal

matrices). Figures A.25 through A.32 show the results. Notice how, in these cases,

the ratio values are affected by different initial estimates. Furthermore, notice how

the anti-diagonal matrices (right-most column) produce the most stable results, as

observed before. The missing images (top right and bottom left) correspond to Ainit

matrices

 0 1

0 1

 and

 1 0

1 0

, which led to the ICA algorithm not to converge.
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Figure A.25: Sought-after signature s1.
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Figure A.26: Sought-after signature s2.
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Figure A.27: Sought-after signature s3.
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Figure A.28: Sought-after signature s4.
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Figure A.29: Sought-after signature s5.
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Figure A.30: Sought-after signature s6.
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Figure A.31: Sought-after signature s7.
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Figure A.32: Sought-after signature s8.
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A.3 Effects of ICA Algorithm (Sec. 5.3.3)

Figures A.33 and A.34 show ratios obtained for the different signatures, using differ-

ent FastICA configurations: 3 different Ainit matrices:

 1 0

0 1

 (FICA1);

 0 1

1 0


(FICA2); and

 1 1

1 1

 (FICA3); with both Gaussian (G) and tanh() (T) nonlinear-

ities. Notice, once again, the more stable results are obtained using the anti-diagonal

initial estimates of the mixing matrix (FICA2 G and FICA2 T cases).

Figures A.35 and A.36 show the results obtained with other ICA algorithms. For

comparison purposes, the first row shows results using FICA2 T. That FastICA variant

was chosen given its stability. The next rows in the figures correspond to ITEFICA,

JADE, KDICA and EFICA. A few other algorithms were tried as well (e.g. MILCA,

RADICAL), but their execution times were too long, making them unappealing for

most applications.
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Figure A.33: Sought-after signatures s1 − s4.
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Figure A.34: Sought-after signatures s5 − s8.



A.3. Effects of ICA Algorithm (Sec. 5.3.3) 187

Sig: 1, FASTICA

 

 

Signatures s1 − s4 (Present), different ICA algorithms

5 10

5

0

1.8222

1.8222

1.8222

1.8222

Sig: 1, ITEFICA

 

 

5 10

5

0

1

2

3

Sig: 1, JADE

 

 

5 10

5

0 1.8231

1.8231

1.8231

1.8231

Sig: 1, KDICA

 

 

5 10

5

0

1.8239

1.8239

1.8239

1.8239

Sig: 1, EFICA

 

 

5 10

5

0
1.8304

1.8304

1.8305

1.8305

1.8305

Sig: 2, FASTICA

 

 

5 10

5

0
2.3281

2.3281

2.3281

2.3281

2.3281

Sig: 2, ITEFICA

 

 

5 10

5

0 0.5

1

1.5

2

Sig: 2, JADE

 

 

5 10

5

0

2.3069

2.3069

2.3069

Sig: 2, KDICA

 

 

5 10

5

0

2.306

2.306

2.306

2.306

2.306

Sig: 2, EFICA

 

 

5 10

5

0 2.3265

2.3265

2.3265

2.3265

Sig: 3, FASTICA

 

 

5 10

5

0

4.7017

4.7017

4.7017

Sig: 3, ITEFICA

 

 

5 10

5

0
1

2

3

4

Sig: 3, JADE

 

 

5 10

5

0

4.655

4.6555

4.656

Sig: 3, KDICA

 

 

5 10

5

0

4.7607

4.7607

4.7607

Sig: 3, EFICA

 

 

5 10

5

0
4.8799

4.8799

4.8799

4.8799

4.8799

Sig: 4, FASTICA

 

 

5 10

5

0
2.8341

2.8341

2.8341

Sig: 4, ITEFICA

 

 

5 10

5

0 0.5

1

1.5

2

2.5

Sig: 4, JADE

 

 

5 10

5

0 2.8544

2.8544

2.8544

2.8544

Sig: 4, KDICA

 

 

5 10

5

0
2.7391

2.7391

2.7391

Sig: 4, EFICA

 

 

5 10

5

0

2.7775

2.778

2.7785

2.779

Sig: 1, FASTICA

 

 

Signatures s1 − s4 (Not Present), different ICA algorithms

5 10

5

0
3945.4326

3945.4326

3945.4326

Sig: 1, ITEFICA

 

 

5 10

5

0

20

40

60

80

100

Sig: 1, JADE

 

 

5 10

5

0 2210.2722

2210.2722

2210.2722

Sig: 1, KDICA

 

 

5 10

5

0
1539.6032

1539.6032

1539.6032

Sig: 1, EFICA

 

 

5 10

5

0
451

452

453

454

Sig: 2, FASTICA

 

 

5 10

5

0

1372.4614

1372.4614

1372.4614

1372.4614

Sig: 2, ITEFICA

 

 

5 10

5

0

50

100

150

200

250

Sig: 2, JADE

 

 

5 10

5

0 246

246.5

247

Sig: 2, KDICA

 

 

5 10

5

0 238.7738

238.7738

238.7738

238.7738

238.7738

Sig: 2, EFICA

 

 

5 10

5

0

1030

1032

1034

Sig: 3, FASTICA

 

 

5 10

5

0

34.1581

34.1581

34.1581

34.1581

34.1581

Sig: 3, ITEFICA

 

 

5 10

5

0

10

20

30

Sig: 3, JADE

 

 

5 10

5

0 31.92

31.94

31.96

31.98

Sig: 3, KDICA

 

 

5 10

5

0 37.3838

37.3839

37.3839

37.3839

37.3839

Sig: 3, EFICA

 

 

5 10

5

0 45.8473

45.8473

45.8473

45.8473

Sig: 4, FASTICA

 

 

5 10

5

0 63.9456

63.9456

63.9456

Sig: 4, ITEFICA

 

 

5 10

5

0

10

20

30

40

50

Sig: 4, JADE

 

 

5 10

5

0

55.939

55.9395

55.94

Sig: 4, KDICA

 

 

5 10

5

0

208.0863

208.0863

208.0863

208.0863

Sig: 4, EFICA

 

 

5 10

5

0
105

106

107

Figure A.35: Sought-after signatures s1 − s4.
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Figure A.36: Sought-after signatures s5 − s8.
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A.4 GUSSS Ratio vs. % of Signature Present in

Mixtures (Sec. 5.3.4)

In this section we show figures as described in Section 5.3.4, for all 8 signatures, using

FastICA and other ICA algorithms. Figures A.37 through A.52 correspond to zero

noise (σ = 0). Figures A.53 through A.68 correspond to noise level σ = 0.01; Figures

A.69 through A.84, to noise level σ = 0.05; and Figures A.85 through A.100, to noise

level σ = 0.1.

Every Figure shows plots for four combinations of weights: w1 = 1, wp = 1; w1 = 1,

wp = 10;w1 = 10, wp = 1; and w1 = 10, wp = 10. Ratios corresponding to cp ∈

[−0.01, 0.1] are shown in logarithmic scale (to the left), due to the large ratio values

observed for cp close to zero. Ratios corresponding to cp ∈ [0.1, 1] are shown in linear

scale (to the right).
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Ratios vs cp, Sig s1, FastICA cases, various weights, Noise = 0.000
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Figure A.37: Ratios vs. cp. FastICA cases. Signature s1. No noise added to the
mixtures.
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Ratios vs cp, Sig s1, other ICA algs., various weights, Noise = 0.000
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Figure A.38: Ratios vs. cp. Other ICA algorithms. Signature s1. No noise added to
the mixtures.
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Ratios vs cp, Sig s2, FastICA cases, various weights, Noise = 0.000
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Figure A.39: Ratios vs. cp. FastICA cases. Signature s2. No noise added to the
mixtures.
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Ratios vs cp, Sig s2, other ICA algs., various weights, Noise = 0.000
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Figure A.40: Ratios vs. cp. Other ICA algorithms. Signature s2. No noise added to
the mixtures.
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Ratios vs cp, Sig s3, FastICA cases, various weights, Noise = 0.000
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Figure A.41: Ratios vs. cp. FastICA cases. Signature s3. No noise added to the
mixtures.
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Ratios vs cp, Sig s3, other ICA algs., various weights, Noise = 0.000
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Figure A.42: Ratios vs. cp. Other ICA algorithms. Signature s3. No noise added to
the mixtures.
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Ratios vs cp, Sig s4, FastICA cases, various weights, Noise = 0.000
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Figure A.43: Ratios vs. cp. FastICA cases. Signature s4. No noise added to the
mixtures.
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Ratios vs cp, Sig s4, other ICA algs., various weights, Noise = 0.000
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Figure A.44: Ratios vs. cp. Other ICA algorithms. Signature s4. No noise added to
the mixtures.
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Ratios vs cp, Sig s5, FastICA cases, various weights, Noise = 0.000
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Figure A.45: Ratios vs. cp. FastICA cases. Signature s5. No noise added to the
mixtures.
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Ratios vs cp, Sig s5, other ICA algs., various weights, Noise = 0.000
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Figure A.46: Ratios vs. cp. Other ICA algorithms. Signature s5. No noise added to
the mixtures.
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Ratios vs cp, Sig s6, FastICA cases, various weights, Noise = 0.000
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Figure A.47: Ratios vs. cp. FastICA cases. Signature s6. No noise added to the
mixtures.
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Ratios vs cp, Sig s6, other ICA algs., various weights, Noise = 0.000
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Figure A.48: Ratios vs. cp. Other ICA algorithms. Signature s6. No noise added to
the mixtures.
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Ratios vs cp, Sig s7, FastICA cases, various weights, Noise = 0.000
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Figure A.49: Ratios vs. cp. FastICA cases. Signature s7. No noise added to the
mixtures.
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Ratios vs cp, Sig s7, other ICA algs., various weights, Noise = 0.000
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Figure A.50: Ratios vs. cp. Other ICA algorithms. Signature s7. No noise added to
the mixtures.
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Ratios vs cp, Sig s8, FastICA cases, various weights, Noise = 0.000
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Figure A.51: Ratios vs. cp. FastICA cases. Signature s8. No noise added to the
mixtures.
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Ratios vs cp, Sig s8, other ICA algs., various weights, Noise = 0.000
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Figure A.52: Ratios vs. cp. Other ICA algorithms. Signature s8. No noise added to
the mixtures.
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Ratios vs cp, Sig s1, FastICA cases, various weights, Noise = 0.010
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Figure A.53: Ratios vs. cp. FastICA cases. Signature s1. Noise added to the mixtures
(σ = 0.01).
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Ratios vs cp, Sig s1, other ICA algs., various weights, Noise = 0.010
ITEFICA

JADE
KDICA

EFICA

0.2 0.4 0.6 0.8 1

0.5

1

1.5

2

2.5

3

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09
10

0

w1=1.0

wp=10.0

 

 

ITEFICA

JADE
KDICA

EFICA

0.2 0.4 0.6 0.8 1

0.5

1

1.5

2

2.5

3

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09
10

0

w1=10.0

wp=1.0

 

 

ITEFICA

JADE
KDICA

EFICA

0.2 0.4 0.6 0.8 1

0.5

1

1.5

2

2.5

3

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09
10

0

w1=10.0

wp=10.0

cp

 

 

ITEFICA

JADE
KDICA

EFICA

0.2 0.4 0.6 0.8 1

0.5

1

1.5

2

2.5

3

cp

Figure A.54: Ratios vs. cp. Other ICA algorithms. Signature s1. Noise added to the
mixtures (σ = 0.01).
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Ratios vs cp, Sig s2, FastICA cases, various weights, Noise = 0.010
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Figure A.55: Ratios vs. cp. FastICA cases. Signature s2. Noise added to the mixtures
(σ = 0.01).
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Ratios vs cp, Sig s2, other ICA algs., various weights, Noise = 0.010
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Figure A.56: Ratios vs. cp. Other ICA algorithms. Signature s2. Noise added to the
mixtures (σ = 0.01).
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Ratios vs cp, Sig s3, FastICA cases, various weights, Noise = 0.010
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Figure A.57: Ratios vs. cp. FastICA cases. Signature s3. Noise added to the mixtures
(σ = 0.01).
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Ratios vs cp, Sig s3, other ICA algs., various weights, Noise = 0.010
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Figure A.58: Ratios vs. cp. Other ICA algorithms. Signature s3. Noise added to the
mixtures (σ = 0.01).
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Ratios vs cp, Sig s4, FastICA cases, various weights, Noise = 0.010
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Figure A.59: Ratios vs. cp. FastICA cases. Signature s4. Noise added to the mixtures
(σ = 0.01).
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Ratios vs cp, Sig s4, other ICA algs., various weights, Noise = 0.010
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Figure A.60: Ratios vs. cp. Other ICA algorithms. Signature s4. Noise added to the
mixtures (σ = 0.01).
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Ratios vs cp, Sig s5, FastICA cases, various weights, Noise = 0.010
FICA1 G

FICA2 G

FICA3 G

FICA1 T

FICA2 T

FICA3 T

0.2 0.4 0.6 0.8 1

2

4

6

8

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

10
2

w1=1.0

wp=10.0

 

 

FICA1 G

FICA2 G

FICA3 G

FICA1 T

FICA2 T

FICA3 T

0.2 0.4 0.6 0.8 1

2

4

6

8

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

10
2

w1=10.0

wp=1.0

 

 

FICA1 G

FICA2 G

FICA3 G

FICA1 T

FICA2 T

FICA3 T

0.2 0.4 0.6 0.8 1

2

4

6

8

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

10
2

w1=10.0

wp=10.0

cp

 

 

FICA1 G

FICA2 G

FICA3 G

FICA1 T

FICA2 T

FICA3 T

0.2 0.4 0.6 0.8 1

2

4

6

8

cp

Figure A.61: Ratios vs. cp. FastICA cases. Signature s5. Noise added to the mixtures
(σ = 0.01).
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Ratios vs cp, Sig s5, other ICA algs., various weights, Noise = 0.010
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Figure A.62: Ratios vs. cp. Other ICA algorithms. Signature s5. Noise added to the
mixtures (σ = 0.01).
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Ratios vs cp, Sig s6, FastICA cases, various weights, Noise = 0.010
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Figure A.63: Ratios vs. cp. FastICA cases. Signature s6. Noise added to the mixtures
(σ = 0.01).
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Ratios vs cp, Sig s6, other ICA algs., various weights, Noise = 0.010
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Figure A.64: Ratios vs. cp. Other ICA algorithms. Signature s6. Noise added to the
mixtures (σ = 0.01).
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Ratios vs cp, Sig s7, FastICA cases, various weights, Noise = 0.010
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Figure A.65: Ratios vs. cp. FastICA cases. Signature s7. Noise added to the mixtures
(σ = 0.01).
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Ratios vs cp, Sig s7, other ICA algs., various weights, Noise = 0.010
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Figure A.66: Ratios vs. cp. Other ICA algorithms. Signature s7. Noise added to the
mixtures (σ = 0.01).
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Ratios vs cp, Sig s8, FastICA cases, various weights, Noise = 0.010
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Figure A.67: Ratios vs. cp. FastICA cases. Signature s8. Noise added to the mixtures
(σ = 0.01).
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Figure A.68: Ratios vs. cp. Other ICA algorithms. Signature s8. Noise added to the
mixtures (σ = 0.01).
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Ratios vs cp, Sig s1, FastICA cases, various weights, Noise = 0.050
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Figure A.69: Ratios vs. cp. FastICA cases. Signature s1. Noise added to the mixtures
(σ = 0.05).
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Ratios vs cp, Sig s1, other ICA algs., various weights, Noise = 0.050
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Figure A.70: Ratios vs. cp. Other ICA algorithms. Signature s1. Noise added to the
mixtures (σ = 0.05).
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Ratios vs cp, Sig s2, FastICA cases, various weights, Noise = 0.050
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Figure A.71: Ratios vs. cp. FastICA cases. Signature s2. Noise added to the mixtures
(σ = 0.05).
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Ratios vs cp, Sig s2, other ICA algs., various weights, Noise = 0.050
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Figure A.72: Ratios vs. cp. Other ICA algorithms. Signature s2. Noise added to the
mixtures (σ = 0.05).
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Ratios vs cp, Sig s3, FastICA cases, various weights, Noise = 0.050
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Figure A.73: Ratios vs. cp. FastICA cases. Signature s3. Noise added to the mixtures
(σ = 0.05).
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Ratios vs cp, Sig s3, other ICA algs., various weights, Noise = 0.050
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Figure A.74: Ratios vs. cp. Other ICA algorithms. Signature s3. Noise added to the
mixtures (σ = 0.05).
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Ratios vs cp, Sig s4, FastICA cases, various weights, Noise = 0.050
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Figure A.75: Ratios vs. cp. FastICA cases. Signature s4. Noise added to the mixtures
(σ = 0.05).
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Ratios vs cp, Sig s4, other ICA algs., various weights, Noise = 0.050
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Figure A.76: Ratios vs. cp. Other ICA algorithms. Signature s4. Noise added to the
mixtures (σ = 0.05).
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Ratios vs cp, Sig s5, FastICA cases, various weights, Noise = 0.050
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Figure A.77: Ratios vs. cp. FastICA cases. Signature s5. Noise added to the mixtures
(σ = 0.05).
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Ratios vs cp, Sig s5, other ICA algs., various weights, Noise = 0.050
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Figure A.78: Ratios vs. cp. Other ICA algorithms. Signature s5. Noise added to the
mixtures (σ = 0.05).
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Ratios vs cp, Sig s6, FastICA cases, various weights, Noise = 0.050
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Figure A.79: Ratios vs. cp. FastICA cases. Signature s6. Noise added to the mixtures
(σ = 0.05).
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Ratios vs cp, Sig s6, other ICA algs., various weights, Noise = 0.050
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Figure A.80: Ratios vs. cp. Other ICA algorithms. Signature s6. Noise added to the
mixtures (σ = 0.05).
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Ratios vs cp, Sig s7, FastICA cases, various weights, Noise = 0.050
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Figure A.81: Ratios vs. cp. FastICA cases. Signature s7. Noise added to the mixtures
(σ = 0.05).
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Ratios vs cp, Sig s7, other ICA algs., various weights, Noise = 0.050
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Figure A.82: Ratios vs. cp. Other ICA algorithms. Signature s7. Noise added to the
mixtures (σ = 0.05).
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Ratios vs cp, Sig s8, FastICA cases, various weights, Noise = 0.050
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Figure A.83: Ratios vs. cp. FastICA cases. Signature s8. Noise added to the mixtures
(σ = 0.05).
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Figure A.84: Ratios vs. cp. Other ICA algorithms. Signature s8. Noise added to the
mixtures (σ = 0.05).
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Ratios vs cp, Sig s1, FastICA cases, various weights, Noise = 0.100
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Figure A.85: Ratios vs. cp. FastICA cases. Signature s1. Noise added to the mixtures
(σ = 0.1).
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Ratios vs cp, Sig s1, other ICA algs., various weights, Noise = 0.100
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Figure A.86: Ratios vs. cp. Other ICA algorithms. Signature s1. Noise added to the
mixtures (σ = 0.1).
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Ratios vs cp, Sig s2, FastICA cases, various weights, Noise = 0.100
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Figure A.87: Ratios vs. cp. FastICA cases. Signature s2. Noise added to the mixtures
(σ = 0.1).
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Ratios vs cp, Sig s2, other ICA algs., various weights, Noise = 0.100
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Figure A.88: Ratios vs. cp. Other ICA algorithms. Signature s2. Noise added to the
mixtures (σ = 0.1).
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Ratios vs cp, Sig s3, FastICA cases, various weights, Noise = 0.100
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Figure A.89: Ratios vs. cp. FastICA cases. Signature s3. Noise added to the mixtures
(σ = 0.1).
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Ratios vs cp, Sig s3, other ICA algs., various weights, Noise = 0.100
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Figure A.90: Ratios vs. cp. Other ICA algorithms. Signature s3. Noise added to the
mixtures (σ = 0.1).
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Ratios vs cp, Sig s4, FastICA cases, various weights, Noise = 0.100
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Figure A.91: Ratios vs. cp. FastICA cases. Signature s4. Noise added to the mixtures
(σ = 0.1).
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Figure A.92: Ratios vs. cp. Other ICA algorithms. Signature s4. Noise added to the
mixtures (σ = 0.1).
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Ratios vs cp, Sig s5, FastICA cases, various weights, Noise = 0.100
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Figure A.93: Ratios vs. cp. FastICA cases. Signature s5. Noise added to the mixtures
(σ = 0.1).
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Ratios vs cp, Sig s5, other ICA algs., various weights, Noise = 0.100
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Figure A.94: Ratios vs. cp. Other ICA algorithms. Signature s5. Noise added to the
mixtures (σ = 0.1).
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Ratios vs cp, Sig s6, FastICA cases, various weights, Noise = 0.100
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Figure A.95: Ratios vs. cp. FastICA cases. Signature s6. Noise added to the mixtures
(σ = 0.1).
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Ratios vs cp, Sig s6, other ICA algs., various weights, Noise = 0.100
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Figure A.96: Ratios vs. cp. Other ICA algorithms. Signature s6. Noise added to the
mixtures (σ = 0.1).
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Figure A.97: Ratios vs. cp. FastICA cases. Signature s7. Noise added to the mixtures
(σ = 0.1).
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Figure A.98: Ratios vs. cp. Other ICA algorithms. Signature s7. Noise added to the
mixtures (σ = 0.1).



A.4. GUSSS Ratio vs. % of Signature Present in Mixtures (Sec. 5.3.4) 221

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

10
5

w1=1.0

wp=1.0

 

 

Ratios vs cp, Sig s8, FastICA cases, various weights, Noise = 0.100
FICA1 G

FICA2 G

FICA3 G

FICA1 T

FICA2 T

FICA3 T

0.2 0.4 0.6 0.8 1

1

2

3

4

5

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

10
5

w1=1.0

wp=10.0

 

 

FICA1 G

FICA2 G

FICA3 G

FICA1 T

FICA2 T

FICA3 T

0.2 0.4 0.6 0.8 1

1

2

3

4

5

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

10
5

w1=10.0

wp=1.0

 

 

FICA1 G

FICA2 G

FICA3 G

FICA1 T

FICA2 T

FICA3 T

0.2 0.4 0.6 0.8 1

1

2

3

4

5

−0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

10
5

w1=10.0

wp=10.0

cp

 

 

FICA1 G

FICA2 G

FICA3 G

FICA1 T

FICA2 T

FICA3 T

0.2 0.4 0.6 0.8 1

1

2

3

4

5

cp

Figure A.99: Ratios vs. cp. FastICA cases. Signature s8. Noise added to the mixtures
(σ = 0.1).
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Figure A.100: Ratios vs. cp. Other ICA algorithms. Signature s8. Noise added to the
mixtures (σ = 0.1).
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Appendix B

Complete Set of Results -

Independence Assumption

In this Appendix we present the results obtained from the experiments described in

Section 5.4.

B.1 Performance as a Function of Dependency (Sec.

5.4.2)

Here we show the results for all test subjects (Section 5.4.2).
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Figure B.1: MI and DCOR average values. 5 different gestures. Test subject 1.
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Figure B.2: MI and DCOR average values. 5 different gestures. Test subject 2.
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Figure B.3: MI and DCOR average values. 5 different gestures. Test subject 3.
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Figure B.4: MI and DCOR average values. 5 different gestures. Test subject 4.
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Figure B.5: MI and DCOR average values. 5 different gestures. Test subject 5.
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Figure B.6: MI and DCOR average values. 5 different gestures. Test subject 6.



B.1. Performance as a Function of Dependency (Sec. 5.4.2) 230

1 2 3 4 5
0

0.1

0.2

0.3

M
I

Samples from Gesture 1. Subject 7

 

 

   Samples v Samples
   Samples v Signatures
Signatures v Signatures

1 2 3 4 5
0

0.2

0.4

0.6

D
C

O
R

1 2 3 4 5
0

0.2

0.4

0.6

M
I

Samples from Gesture 2. Subject 7

 

 

   Samples v Samples
   Samples v Signatures
Signatures v Signatures

1 2 3 4 5
0

0.2

0.4

0.6

0.8

D
C

O
R

1 2 3 4 5
0

0.05

0.1

M
I

Samples from Gesture 3. Subject 7

 

 

   Samples v Samples
   Samples v Signatures
Signatures v Signatures

1 2 3 4 5
0

0.05

0.1

0.15

D
C

O
R

1 2 3 4 5
0

0.1

0.2

0.3

0.4

M
I

Samples from Gesture 4. Subject 7

 

 

   Samples v Samples
   Samples v Signatures
Signatures v Signatures

1 2 3 4 5
0

0.2

0.4

0.6

D
C

O
R

1 2 3 4 5
0

0.02

0.04

0.06

0.08

0.1

M
I

Samples from Gesture 5. Subject 7

 

 

   Samples v Samples
   Samples v Signatures
Signatures v Signatures

1 2 3 4 5
0

0.05

0.1

0.15

0.2

0.25

D
C

O
R

Ratio−Based Classification: 67.45%

Assigned Class

T
ru

e
 C

la
s
s

43.33

22.73

0.00

2.12

0.61

33.03

58.18

0.00

3.94

2.12

0.91

1.52

92.73

3.64

14.55

6.67

6.36

3.33

69.39

9.09

16.06

11.21

3.94

20.91

73.64

 

 

1 2 3 4 5

1

2

3

4

5

0

20

40

60

80

100

Figure B.7: MI and DCOR average values. 5 different gestures. Test subject 7.



B.1. Performance as a Function of Dependency (Sec. 5.4.2) 231



Appendix C

Complete Set of Results - Learning

Signatures

In this Appendix we present the results obtained from the experiments described in

Section 5.5.

C.1 sEMG Results, All Test Subjects (Sec. 5.5)

The following tables show confusion matrices with average percentages over the 5-fold

tests. The average correct classification percentages are also presented at the bottom

of each table.

Legend: M-B - Mean-Based signature; C.E - Clustering-based signature using Eu-

clidean distance; C.C - Clustering-based signature using Correlation distance; ICA All

- ICA decomposition based signature using all training signals combined to get the

basic components; ICA Per - ICA decomposition based signature using training signals

per class separately.
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Table C.1: 3 gestures. Test subjects 1 (left) and 2 (right).

M-B Assigned gesture
1 2 3

1 94.8 0.0 5.2
True 2 0.0 99.4 0.6

3 0.9 0.0 99.1
Correct classification: 97.7%

M-B Assigned gesture
1 2 3

1 98.8 1.2 0.0
True 2 0.0 99.4 0.6

3 0.0 0.0 100.0
Correct classification: 99.4%

C.E Assigned gesture
1 2 3

1 96.0 0.0 4.0
True 2 0.0 99.7 0.3

3 0.9 0.0 99.1
Correct classification: 98.3%

C.E Assigned gesture
1 2 3

1 98.8 1.2 0.0
True 2 0.0 100.0 0.0

3 0.0 0.0 100.0
Correct classification: 99.6%

C.C Assigned gesture
1 2 3

1 95.1 0.0 4.9
True 2 0.0 100.0 0.0

3 0.9 0.0 99.1
Correct classification: 98.1%

C.C Assigned gesture
1 2 3

1 98.5 1.5 0.0
True 2 0.0 100.0 0.0

3 0.0 0.0 100.0
Correct classification: 99.5%

ICA Assigned gesture
All 1 2 3

1 93.2 0.0 6.8
True 2 0.0 99.7 0.3

3 0.9 0.0 99.1
Correct classification: 97.3%

ICA Assigned gesture
All 1 2 3

1 97.9 2.1 0.0
True 2 0.0 100.0 0.0

3 0.0 0.0 100.0
Correct classification: 99.3%

ICA Assigned gesture
Per 1 2 3

1 95.7 0.0 4.3
True 2 0.0 99.7 0.3

3 0.9 0.0 99.1
Correct classification: 98.2%

ICA Assigned gesture
Per 1 2 3

1 98.5 1.5 0.0
True 2 0.0 100.0 0.0

3 0.0 0.0 100.0
Correct classification: 99.5%
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Table C.2: 3 gestures. Test subjects 3 (left) and 4 (right).

M-B Assigned gesture
1 2 3

1 96.6 0.6 2.8
True 2 3.9 96.1 0.0

3 2.8 0.8 96.3
Correct classification: 96.3%

M-B Assigned gesture
1 2 3

1 93.9 5.2 1.0
True 2 2.3 96.8 1.0

3 0.6 5.5 93.9
Correct classification: 94.8%

C.E Assigned gesture
1 2 3

1 95.8 0.8 3.4
True 2 3.1 96.9 0.0

3 1.7 0.8 97.5
Correct classification: 96.7%

C.E Assigned gesture
1 2 3

1 90.6 7.4 1.9
True 2 2.6 95.8 1.6

3 0.0 7.1 92.9
Correct classification: 93.1%

C.C Assigned gesture
1 2 3

1 96.1 0.6 3.4
True 2 7.0 92.7 0.3

3 2.5 0.8 96.6
Correct classification: 95.1%

C.C Assigned gesture
1 2 3

1 93.5 5.5 1.0
True 2 2.3 97.1 0.6

3 0.3 5.5 94.2
Correct classification: 94.9%

ICA Assigned gesture
All 1 2 3

1 96.9 0.3 2.8
True 2 5.1 94.9 0.0

3 2.0 0.8 97.2
Correct classification: 96.3%

ICA Assigned gesture
All 1 2 3

1 93.9 5.8 0.3
True 2 2.6 96.5 1.0

3 0.6 4.2 95.2
Correct classification: 95.2%

ICA Assigned gesture
Per 1 2 3

1 96.1 0.8 3.1
True 2 3.7 96.3 0.0

3 2.5 0.6 96.9
Correct classification: 96.4%

ICA Assigned gesture
Per 1 2 3

1 93.9 4.8 1.3
True 2 1.9 97.4 0.6

3 0.6 4.8 94.5
Correct classification: 95.3%
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Table C.3: 3 gestures. Test subjects 5 (left) and 6 (right).

M-B Assigned gesture
1 2 3

1 99.7 0.0 0.3
True 2 0.0 99.4 0.6

3 0.0 0.0 100.0
Correct classification: 99.7%

M-B Assigned gesture
1 2 3

1 90.0 9.4 0.6
True 2 5.2 94.8 0.0

3 0.0 0.0 100.0
Correct classification: 94.9%

C.E Assigned gesture
1 2 3

1 99.7 0.0 0.3
True 2 0.0 99.4 0.6

3 0.0 0.3 99.7
Correct classification: 99.6%

C.E Assigned gesture
1 2 3

1 89.1 10.9 0.0
True 2 5.8 94.2 0.0

3 0.0 0.0 100.0
Correct classification: 94.4%

C.C Assigned gesture
1 2 3

1 99.1 0.0 0.9
True 2 0.0 99.4 0.6

3 0.0 0.0 100.0
Correct classification: 99.5%

C.C Assigned gesture
1 2 3

1 91.8 7.9 0.3
True 2 7.0 93.0 0.0

3 0.0 0.0 100.0
Correct classification: 94.9%

ICA Assigned gesture
All 1 2 3

1 99.4 0.3 0.3
True 2 0.0 98.5 1.5

3 0.0 0.0 100.0
Correct classification: 99.3%

ICA Assigned gesture
All 1 2 3

1 91.5 8.2 0.3
True 2 6.7 93.3 0.0

3 0.0 0.0 100.0
Correct classification: 94.9%

ICA Assigned gesture
Per 1 2 3

1 99.7 0.0 0.3
True 2 0.0 98.8 1.2

3 0.0 0.0 100.0
Correct classification: 99.5%

ICA Assigned gesture
Per 1 2 3

1 91.5 8.5 0.0
True 2 7.0 93.0 0.0

3 0.0 0.0 100.0
Correct classification: 94.8%
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Table C.4: 3 gestures. Test subject 7 (left) and average over all subjects (right).

M-B Assigned gesture
1 2 3

1 99.4 0.0 0.6
True 2 0.0 100.0 0.0

3 0.9 2.4 96.7
Correct classification: 98.7%

M-B Assigned gesture
1 2 3

1 89.5 6.2 2.4
True 2 3.6 92.1 1.3

3 0.6 1.0 98.3
Correct classification: 94.9%

C.E Assigned gesture
1 2 3

1 98.5 0.3 1.2
True 2 0.0 100.0 0.0

3 0.9 1.8 97.3
Correct classification: 98.6%

C.E Assigned gesture
1 2 3

1 89.3 6.2 2.3
True 2 3.6 92.5 0.9

3 1.0 0.9 97.6
Correct classification: 94.9%

C.C Assigned gesture
1 2 3

1 98.2 0.3 1.5
True 2 0.0 99.7 0.3

3 0.9 0.6 98.5
Correct classification: 98.8%

C.C Assigned gesture
1 2 3

1 89.3 5.4 2.5
True 2 3.4 91.7 1.7

3 1.1 0.9 97.7
Correct classification: 94.9%

ICA Assigned gesture
All 1 2 3

1 98.8 0.0 1.2
True 2 0.0 100.0 0.0

3 0.9 0.9 98.2
Correct classification: 99.0%

ICA Assigned gesture
All 1 2 3

1 89.2 6.2 2.4
True 2 3.0 92.9 1.4

3 0.7 0.9 98.1
Correct classification: 95.0%

ICA Assigned gesture
Per 1 2 3

1 98.8 0.0 1.2
True 2 0.0 100.0 0.0

3 1.2 1.2 97.6
Correct classification: 98.8%

ICA Assigned gesture
Per 1 2 3

1 90.4 5.5 2.1
True 2 3.4 92.3 1.3

3 1.2 0.9 97.8
Correct classification: 95.2%
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Table C.5: 4 gestures. Test subjects 1 (left) and 2 (right).

M-B Assigned gesture
1 2 3 4

T 1 94.2 0.9 0.0 4.9
r 2 0.6 82.2 0.0 17.2
u 3 0.0 0.0 100.0 0.0
e 4 0.9 1.5 0.0 97.5

Correct classification: 93.5%

M-B Assigned gesture
1 2 3 4

T 1 98.2 1.8 0.0 0.0
r 2 0.0 99.7 0.3 0.0
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.5%

C.E Assigned gesture
1 2 3 4

T 1 93.5 1.2 0.0 5.2
r 2 0.6 81.8 0.0 17.5
u 3 0.0 0.0 99.7 0.3
e 4 0.9 1.5 0.3 97.2
Correct classification: 93.1%

C.E Assigned gesture
1 2 3 4

T 1 98.8 1.2 0.0 0.0
r 2 0.0 99.7 0.3 0.0
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.6 99.4

Correct classification: 99.5%

C.C Assigned gesture
1 2 3 4

T 1 92.0 0.9 0.0 7.1
r 2 0.6 81.5 0.0 17.8
u 3 0.0 0.0 100.0 0.0
e 4 0.9 1.5 0.0 97.5

Correct classification: 92.8%

C.C Assigned gesture
1 2 3 4

T 1 98.2 1.8 0.0 0.0
r 2 0.0 100.0 0.0 0.0
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.6%

ICA Assigned gesture
All 1 2 3 4

T 1 94.5 0.9 0.0 4.6
r 2 0.0 83.1 0.0 16.9
u 3 0.0 0.0 100.0 0.0
e 4 1.2 1.5 0.0 97.2

Correct classification: 93.7%

ICA Assigned gesture
All 1 2 3 4

T 1 98.2 1.8 0.0 0.0
r 2 0.0 99.7 0.3 0.0
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.5%

ICA Assigned gesture
Per 1 2 3 4

T 1 93.5 1.5 0.0 4.9
r 2 0.6 81.5 0.0 17.8
u 3 0.0 0.0 100.0 0.0
e 4 0.9 1.5 0.0 97.5

Correct classification: 93.2%

ICA Assigned gesture
Per 1 2 3 4

T 1 98.5 1.5 0.0 0.0
r 2 0.0 99.1 0.9 0.0
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.4%
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Table C.6: 4 gestures. Test subjects 3 (left) and 4 (right).

M-B Assigned gesture
1 2 3 4

T 1 89.9 0.6 2.3 7.3
r 2 2.0 96.9 0.0 1.1
u 3 1.4 0.8 97.2 0.6
e 4 7.0 0.8 0.0 92.1
Correct classification: 94.0%

M-B Assigned gesture
1 2 3 4

T 1 85.8 10.0 4.2 0.0
r 2 2.9 87.4 8.1 1.6
u 3 0.0 5.8 93.9 0.3
e 4 0.0 1.9 3.9 94.2
Correct classification: 90.3%

C.E Assigned gesture
1 2 3 4

T 1 87.6 0.6 2.0 9.9
r 2 3.7 95.2 0.3 0.8
u 3 2.3 0.3 96.3 1.1
e 4 5.9 0.8 0.3 93.0
Correct classification: 93.0%

C.E Assigned gesture
1 2 3 4

T 1 83.9 11.9 4.2 0.0
r 2 4.2 89.4 4.8 1.6
u 3 0.3 6.1 92.6 1.0
e 4 0.0 1.9 3.2 94.8
Correct classification: 90.2%

C.C Assigned gesture
1 2 3 4

T 1 84.8 0.8 2.0 12.4
r 2 1.7 96.9 0.0 1.4
u 3 2.3 0.6 96.3 0.8
e 4 6.8 0.8 0.6 91.8
Correct classification: 92.5%

C.C Assigned gesture
1 2 3 4

T 1 86.5 7.4 6.1 0.0
r 2 3.9 83.2 11.3 1.6
u 3 0.0 5.5 93.5 1.0
e 4 0.0 1.6 3.9 94.5
Correct classification: 89.4%

ICA Assigned gesture
All 1 2 3 4

T 1 87.3 0.8 2.0 9.9
r 2 2.0 97.2 0.3 0.6
u 3 1.1 0.6 97.7 0.6
e 4 7.3 0.8 0.3 91.5
Correct classification: 93.5%

ICA Assigned gesture
All 1 2 3 4

T 1 82.9 12.9 4.2 0.0
r 2 2.9 88.4 8.1 0.6
u 3 0.0 5.5 93.2 1.3
e 4 0.0 1.3 4.5 94.2
Correct classification: 89.7%

ICA Assigned gesture
Per 1 2 3 4

T 1 88.7 0.3 1.7 9.3
r 2 1.7 97.5 0.0 0.8
u 3 1.4 0.8 97.7 0.0
e 4 6.2 0.8 0.3 92.7
Correct classification: 94.2%

ICA Assigned gesture
Per 1 2 3 4

T 1 87.1 8.7 4.2 0.0
r 2 4.2 86.5 7.1 2.3
u 3 0.3 5.2 93.2 1.3
e 4 0.0 1.3 4.2 94.5
Correct classification: 90.3%
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Table C.7: 4 gestures. Test subjects 5 (left) and 6 (right).

M-B Assigned gesture
1 2 3 4

T 1 99.4 0.0 0.6 0.0
r 2 0.0 98.5 0.3 1.2
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.5%

M-B Assigned gesture
1 2 3 4

T 1 82.7 7.0 10.0 0.3
r 2 14.5 85.2 0.3 0.0
u 3 3.0 0.0 97.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 91.2%

C.E Assigned gesture
1 2 3 4

T 1 99.1 0.0 0.9 0.0
r 2 0.0 98.5 0.6 0.9
u 3 0.0 0.0 99.7 0.3
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.3%

C.E Assigned gesture
1 2 3 4

T 1 84.5 6.4 8.8 0.3
r 2 12.4 87.3 0.3 0.0
u 3 4.5 0.0 95.2 0.3
e 4 0.0 0.0 0.0 100.0

Correct classification: 91.7%

C.C Assigned gesture
1 2 3 4

T 1 99.4 0.0 0.6 0.0
r 2 0.0 98.2 0.6 1.2
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.4%

C.C Assigned gesture
1 2 3 4

T 1 84.5 6.7 8.8 0.0
r 2 11.8 87.9 0.3 0.0
u 3 5.8 0.0 93.9 0.3
e 4 0.0 0.0 0.0 100.0

Correct classification: 91.6%

ICA Assigned gesture
All 1 2 3 4

T 1 99.1 0.0 0.9 0.0
r 2 0.0 98.5 0.6 0.9
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.4%

ICA Assigned gesture
All 1 2 3 4

T 1 82.4 6.7 10.0 0.9
r 2 10.9 88.8 0.3 0.0
u 3 3.9 0.0 95.8 0.3
e 4 0.0 0.0 0.0 100.0

Correct classification: 91.7%

ICA Assigned gesture
Per 1 2 3 4

T 1 99.1 0.0 0.9 0.0
r 2 0.0 98.5 0.6 0.9
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.0 0.0 100.0

Correct classification: 99.4%

ICA Assigned gesture
Per 1 2 3 4

T 1 85.5 7.0 7.6 0.0
r 2 11.5 88.2 0.3 0.0
u 3 6.4 0.0 93.3 0.3
e 4 0.0 0.0 0.0 100.0

Correct classification: 91.7%
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Table C.8: 4 gestures. Test subject 7 (left) and average over all subjects (right).

M-B Assigned gesture
1 2 3 4

T 1 78.8 18.5 0.0 2.7
r 2 9.7 89.1 0.3 0.9
u 3 0.0 0.0 100.0 0.0
e 4 0.0 1.2 1.5 97.3

Correct classification: 91.3%

M-B Assigned gesture
1 2 3 4

T 1 89.8 5.5 2.4 2.2
r 2 4.2 91.3 1.3 3.2
u 3 0.6 1.0 98.3 0.1
e 4 1.1 0.8 0.8 97.3
Correct classification: 94.2%

C.E Assigned gesture
1 2 3 4

T 1 76.7 16.7 0.0 6.7
r 2 5.2 93.0 0.0 1.8
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.6 0.9 98.5

Correct classification: 92.0%

C.E Assigned gesture
1 2 3 4

T 1 89.2 5.4 2.3 3.2
r 2 3.7 92.1 0.9 3.2
u 3 1.0 0.9 97.6 0.4
e 4 1.0 0.7 0.8 97.6
Correct classification: 94.1%

C.C Assigned gesture
1 2 3 4

T 1 81.5 15.5 0.0 3.0
r 2 8.8 90.3 0.3 0.6
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.9 1.5 97.6

Correct classification: 92.3%

C.C Assigned gesture
1 2 3 4

T 1 89.6 4.7 2.5 3.2
r 2 3.8 91.1 1.8 3.2
u 3 1.1 0.9 97.7 0.3
e 4 1.1 0.7 0.8 97.4
Correct classification: 93.9%

ICA Assigned gesture
All 1 2 3 4

T 1 81.2 16.1 0.0 2.7
r 2 5.2 93.6 0.0 1.2
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.6 1.5 97.9

Correct classification: 93.2%

ICA Assigned gesture
All 1 2 3 4

T 1 89.4 5.6 2.4 2.6
r 2 3.0 92.8 1.4 2.9
u 3 0.7 0.9 98.1 0.3
e 4 1.2 0.6 0.9 97.3
Correct classification: 94.4%

ICA Assigned gesture
Per 1 2 3 4

T 1 77.9 18.5 0.0 3.6
r 2 5.5 94.5 0.0 0.0
u 3 0.0 0.0 100.0 0.0
e 4 0.0 0.9 1.8 97.3

Correct classification: 92.4%

ICA Assigned gesture
Per 1 2 3 4

T 1 90.0 5.4 2.1 2.6
r 2 3.4 92.3 1.3 3.1
u 3 1.2 0.9 97.8 0.2
e 4 1.0 0.7 0.9 97.4
Correct classification: 94.4%
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Table C.9: 5 gestures. Test subjects 1 (left) and 2 (right).

M-B Assigned gesture
1 2 3 4 5

T 1 88.0 0.3 0.0 7.1 4.6
r 2 0.0 96.3 0.0 1.8 1.8
u 3 0.0 0.0 98.2 1.8 0.0
e 4 0.6 0.6 0.0 96.6 2.2

5 0.6 1.5 0.0 8.0 89.8
Correct classification: 93.8%

M-B Assigned gesture
1 2 3 4 5

T 1 85.4 1.5 0.0 0.0 13.1
r 2 0.0 99.4 0.6 0.0 0.0
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.0 0.0 0.3 99.7 0.0

5 3.9 0.0 1.5 2.4 92.2
Correct classification: 95.3%

C.E Assigned gesture
1 2 3 4 5

T 1 85.5 0.6 0.0 9.2 4.6
r 2 0.0 95.4 0.0 2.2 2.5
u 3 0.0 0.0 99.4 0.6 0.0
e 4 0.9 0.6 0.0 96.3 2.2

5 0.3 5.8 0.0 8.6 85.2
Correct classification: 92.4%

C.E Assigned gesture
1 2 3 4 5

T 1 89.0 1.5 0.0 0.0 9.6
r 2 0.0 100. 0.0 0.0 0.0
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 4.5 0.0 1.2 3.6 90.7
Correct classification: 95.9%

C.C Assigned gesture
1 2 3 4 5

T 1 90.2 0.0 0.0 6.5 3.4
r 2 0.0 96.3 0.0 1.8 1.8
u 3 0.0 0.0 99.7 0.3 0.0
e 4 0.9 0.6 0.0 96.3 2.2

5 0.6 2.5 0.0 9.2 87.7
Correct classification: 94.0%

C.C Assigned gesture
1 2 3 4 5

T 1 88.1 1.5 0.0 0.0 10.4
r 2 0.0 100. 0.0 0.0 0.0
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 3.0 0.0 0.9 2.7 93.4
Correct classification: 96.3%

ICA Assigned gesture
All 1 2 3 4 5

T 1 87.7 0.3 0.0 7.4 4.6
r 2 0.0 92.3 0.0 1.5 6.2
u 3 0.0 0.0 99.7 0.3 0.0
e 4 0.6 0.0 1.2 95.1 3.1

5 0.3 1.5 0.3 7.1 90.8
Correct classification: 93.1%

ICA Assigned gesture
All 1 2 3 4 5

T 1 87.8 1.5 0.0 0.0 10.7
r 2 0.0 97.6 2.1 0.0 0.3
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 4.2 0.3 1.5 4.5 89.6
Correct classification: 95.0%

ICA Assigned gesture
Per 1 2 3 4 5

T 1 88.3 0.3 0.0 6.5 4.9
r 2 0.0 95.4 0.0 1.8 2.8
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.9 0.9 0.0 96.3 1.8

5 0.3 2.5 0.3 6.8 90.2
Correct classification: 94.0%

ICA Assigned gesture
Per 1 2 3 4 5

T 1 87.8 1.8 0.0 0.0 10.4
r 2 0.0 99.4 0.6 0.0 0.0
u 3 0.0 0.0 99.7 0.3 0.0
e 4 0.0 0.0 0.3 99.7 0.0

5 3.6 0.0 1.2 2.4 92.8
Correct classification: 95.9%
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Table C.10: 5 gestures. Test subjects 3 (left) and 4 (right).

M-B Assigned gesture
1 2 3 4 5

T 1 79.4 0.6 3.1 10.1 6.8
r 2 3.9 94.6 0.0 1.1 0.3
u 3 3.4 0.3 96.1 0.3 0.0
e 4 4.8 0.8 1.1 93.2 0.0

5 21.1 0.3 0.3 0.3 78.0
Correct classification: 88.3%

M-B Assigned gesture
1 2 3 4 5

T 1 87.7 5.8 2.9 0.0 3.5
r 2 1.6 69.0 5.5 0.3 23.5
u 3 0.0 1.9 91.0 0.3 6.8
e 4 0.0 0.3 3.2 91.9 4.5

5 0.0 0.3 20.6 2.3 76.8
Correct classification: 83.3%

C.E Assigned gesture
1 2 3 4 5

T 1 78.6 0.0 3.1 11.0 7.3
r 2 1.4 97.2 0.0 0.6 0.8
u 3 2.3 0.3 97.5 0.0 0.0
e 4 4.2 0.8 1.4 93.5 0.0

5 18.3 0.0 0.0 0.0 81.7
Correct classification: 89.7%

C.E Assigned gesture
1 2 3 4 5

T 1 84.8 9.0 2.9 0.6 2.6
r 2 2.6 78.7 1.9 0.3 16.5
u 3 0.3 2.6 90.0 0.6 6.5
e 4 0.0 1.6 2.3 90.0 6.1

5 0.0 2.6 17.4 2.9 77.1
Correct classification: 84.1%

C.C Assigned gesture
1 2 3 4 5

T 1 81.1 0.0 2.8 9.9 6.2
r 2 1.4 97.5 0.0 0.6 0.6
u 3 4.2 0.6 94.6 0.6 0.0
e 4 5.6 0.8 0.8 92.7 0.0

5 25.4 1.4 0.0 0.0 73.2
Correct classification: 87.8%

C.C Assigned gesture
1 2 3 4 5

T 1 85.5 4.2 5.5 0.0 4.8
r 2 2.9 69.7 8.7 1.0 17.7
u 3 0.0 1.3 91.3 0.3 7.1
e 4 0.0 0.6 4.5 90.0 4.8

5 0.0 0.3 24.2 2.3 73.2
Correct classification: 81.9%

ICA Assigned gesture
All 1 2 3 4 5

T 1 78.6 0.0 2.8 12.1 6.5
r 2 1.7 96.6 0.0 1.1 0.6
u 3 3.7 0.6 95.5 0.3 0.0
e 4 4.2 0.6 0.3 94.6 0.3

5 21.1 0.3 0.3 0.8 77.5
Correct classification: 88.6%

ICA Assigned gesture
All 1 2 3 4 5

T 1 83.5 9.0 3.9 0.0 3.5
r 2 2.9 74.2 2.9 1.0 19.0
u 3 0.3 1.9 91.0 0.3 6.5
e 4 0.0 1.0 3.5 90.6 4.8

5 0.0 1.3 21.0 3.2 74.5
Correct classification: 82.8%

ICA Assigned gesture
Per 1 2 3 4 5

T 1 81.7 0.0 3.4 9.9 5.1
r 2 2.5 95.5 0.0 1.4 0.6
u 3 2.8 0.6 96.1 0.6 0.0
e 4 5.6 0.6 1.1 92.7 0.0

5 24.5 1.1 0.0 0.0 74.4
Correct classification: 88.1%

ICA Assigned gesture
Per 1 2 3 4 5

T 1 86.5 6.1 4.5 0.3 2.6
r 2 2.9 71.9 3.9 0.0 21.3
u 3 0.0 2.6 91.0 0.6 5.8
e 4 0.0 1.0 2.9 90.6 5.5

5 0.0 1.6 21.0 1.9 75.5
Correct classification: 83.1%
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Table C.11: 5 gestures. Test subjects 5 (left) and 6 (right).

M-B Assigned gesture
1 2 3 4 5

T 1 90.9 0.3 0.3 0.0 8.5
r 2 0.0 97.6 0.6 0.0 1.8
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 2.1 0.0 2.1 0.0 95.8
Correct classification: 96.8%

M-B Assigned gesture
1 2 3 4 5

T 1 83.9 5.2 7.6 0.0 3.3
r 2 9.1 88.5 0.0 0.0 2.4
u 3 6.1 0.0 93.3 0.6 0.0
e 4 0.0 0.0 0.0 99.7 0.3

5 0.0 0.0 0.9 1.8 97.3
Correct classification: 92.5%

C.E Assigned gesture
1 2 3 4 5

T 1 91.8 0.0 0.6 0.0 7.6
r 2 0.0 98.2 0.9 0.3 0.6
u 3 0.0 0.0 99.7 0.0 0.3
e 4 0.0 0.0 0.6 99.4 0.0

5 2.1 0.0 2.1 0.0 95.8
Correct classification: 97.0%

C.E Assigned gesture
1 2 3 4 5

T 1 80.6 7.0 8.8 0.0 3.6
r 2 7.9 90.0 0.3 0.0 1.8
u 3 5.5 0.0 94.5 0.0 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 0.0 0.3 0.6 3.9 95.2
Correct classification: 92.1%

C.C Assigned gesture
1 2 3 4 5

T 1 89.4 0.3 0.3 0.0 10.0
r 2 0.0 97.3 1.2 0.0 1.5
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.0 0.0 0.3 99.7 0.0

5 1.2 0.0 1.8 0.0 97.0
Correct classification: 96.7%

C.C Assigned gesture
1 2 3 4 5

T 1 80.3 6.4 10.0 0.0 3.3
r 2 7.9 90.6 0.0 0.0 1.5
u 3 6.7 0.0 93.3 0.0 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 0.6 0.3 0.9 5.5 92.7
Correct classification: 91.4%

ICA Assigned gesture
All 1 2 3 4 5

T 1 92.7 0.3 0.0 0.0 7.0
r 2 0.0 95.5 1.2 0.0 3.3
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 2.1 0.0 1.8 0.0 96.1
Correct classification: 96.8%

ICA Assigned gesture
All 1 2 3 4 5

T 1 80.0 6.7 10.6 0.0 2.7
r 2 8.8 88.5 0.3 0.0 2.4
u 3 5.5 0.0 93.9 0.6 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 0.6 0.0 0.9 2.1 96.4
Correct classification: 91.8%

ICA Assigned gesture
Per 1 2 3 4 5

T 1 92.4 0.0 0.3 0.0 7.3
r 2 0.0 98.2 0.9 0.0 0.9
u 3 0.0 0.0 100. 0.0 0.0
e 4 0.0 0.0 0.3 99.7 0.0

5 2.1 0.0 1.8 0.0 96.1
Correct classification: 97.3%

ICA Assigned gesture
Per 1 2 3 4 5

T 1 81.5 5.5 10.0 0.3 2.7
r 2 8.2 90.6 0.3 0.0 0.9
u 3 6.4 0.0 93.6 0.0 0.0
e 4 0.0 0.0 0.0 100. 0.0

5 0.0 0.0 0.9 1.5 97.6
Correct classification: 92.7%
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Table C.12: 5 gestures. Test subject 7 (left) and average over all subjects (right).

M-B Assigned gesture
1 2 3 4 5

T 1 73.3 17.3 0.0 1.8 7.6
r 2 4.2 87.0 0.0 0.0 8.8
u 3 0.0 0.0 100 0.0 0.0
e 4 0.6 0.9 0.0 88.8 9.7

5 0.6 0.3 0.9 1.5 96.7
Correct classification: 89.2%

M-B Assigned gesture
1 2 3 4 5

T 1 84.1 4.4 2.0 2.7 6.8
r 2 2.7 90.3 1.0 0.5 5.5
u 3 1.3 0.3 96.9 0.4 1.0
e 4 0.9 0.4 0.7 95.7 2.4

5 4.1 0.3 3.8 2.3 89.5
Correct classification: 91.3%

C.E Assigned gesture
1 2 3 4 5

T 1 77.0 17.0 0.0 2.4 3.6
r 2 4.2 89.7 0.0 0.0 6.1
u 3 0.0 0.0 100 0.0 0.0
e 4 0.6 1.5 0.0 91.8 6.1

5 0.9 0.9 0.6 0.9 96.7
Correct classification: 91.0%

C.E Assigned gesture
1 2 3 4 5

T 1 83.9 5.0 2.2 3.3 5.6
r 2 2.3 92.7 0.4 0.5 4.0
u 3 1.1 0.4 97.3 0.2 1.0
e 4 0.8 0.7 0.6 95.9 2.0

5 3.7 1.4 3.1 2.8 88.9
Correct classification: 91.7%

C.C Assigned gesture
1 2 3 4 5

T 1 79.7 14.2 0.0 2.4 3.6
r 2 5.5 88.2 0.0 0.0 6.4
u 3 0.0 0.0 100 0.0 0.0
e 4 0.9 0.9 0.0 92.4 5.8

5 0.3 0.6 0.3 0.6 98.2
Correct classification: 91.7%

C.C Assigned gesture
1 2 3 4 5

T 1 84.9 3.8 2.7 2.7 6.0
r 2 2.5 91.4 1.4 0.5 4.2
u 3 1.6 0.3 97.0 0.2 1.0
e 4 1.1 0.4 0.8 95.9 1.8

5 4.4 0.7 4.0 2.9 87.9
Correct classification: 91.4%

ICA Assigned gesture
All 1 2 3 4 5

T 1 75.2 14.5 0.0 4.5 5.8
r 2 4.5 85.8 0.0 0.0 9.7
u 3 0.0 0.0 100 0.0 0.0
e 4 0.6 0.9 0.0 95.8 2.7

5 0.6 0.9 0.9 2.7 94.8
Correct classification: 90.3%

ICA Assigned gesture
All 1 2 3 4 5

T 1 83.6 4.6 2.5 3.4 5.8
r 2 2.6 90.1 0.9 0.5 5.9
u 3 1.3 0.4 97.2 0.2 0.9
e 4 0.8 0.3 0.7 96.6 1.6

5 4.1 0.6 3.8 2.9 88.5
Correct classification: 91.2%

ICA Assigned gesture
Per 1 2 3 4 5

T 1 76.4 17.6 0.0 3.0 3.0
r 2 3.6 88.8 0.0 0.0 7.6
u 3 0.0 0.0 100 0.0 0.0
e 4 0.3 0.9 0.0 94.8 3.9

5 0.9 2.1 0.6 0.3 96.1
Correct classification: 91.2%

ICA Assigned gesture
Per 1 2 3 4 5

T 1 84.9 4.5 2.6 2.9 5.2
r 2 2.5 91.4 0.8 0.5 4.9
u 3 1.3 0.4 97.2 0.2 0.8
e 4 1.0 0.5 0.7 96.3 1.6

5 4.5 1.0 3.7 1.8 88.9
Correct classification: 91.7%
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