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Abstract—Surface electromyography (SEMG) records muscle
activities from the surface of muscles, which offers a wealth
of information concerning muscle activation patterns in both
research and clinical settings. A key principle underlying sSEMG
analyses is the decomposition of the signal into a number of
motor unit action potentials (MUAPs) that capture most of the
relevant features embedded in a low-dimensional space. Toward
this, the principal component analysis (PCA) has extensively
been sought after, whereby the original SEMG data is translated
into low-dimensional MUAP components with a reduced level of
redundancy. The objective of this article is to disseminate the
role of PCA in conjunction with quantitative SEMG analyses.
Following the preliminaries on the sEMG methodology and
a statement of PCA algorithm, an exhaustive collection of
PCA applications related to SEMG data is in order. Alongside
the technical challenges associated with the PCA-based sEMG
processing, the envisaged research trend is also discussed.

Index Terms—Surface electromyography (sEMG), artificial
neural network (ANN), principal component analysis (PCA),
motor unit action potential (MUAP), flexions, self-organizing fea-
ture map (SOFM), support vector regression (SVR), myoelectric
signal.

I. INTRODUCTION

URFACE ELECTROMYOGRAPHY (sEMG) is the elec-

trical recording of muscle activity from the skin surface.
It is the result of superposition of a large number of transients
having a semi-random temporal and spatial separation [1]-[3].
These transients are the motor unit action potentials (MUAPs)
closely related to the strength of a muscle contraction, which
carry abundant information on the motor control. For instance,
the SEMG amplitude and frequency have been regarded as
indicators of the localized muscular fatigue. The amplitude
and spectral information of SEMG have also been exploited to
estimate the force of muscle contraction and torque, respec-
tively [4]-[6]. Despite the potential applications of SEMG, the
presence of artifacts and noise, especially at a low level of
muscle activity make the recordings unreliable. The removal of
artifacts and noise is admittedly challenging due to the spectral
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and temporal overlap as well as the need for separating the
relevant signals from other bioelectric ones [6], [7].

The intricate human body anatomy accounts for a significant
overlap of a number of muscles, which in turn leads to the
crosstalk of activities from muscles in proximity to each
other. Moreover, the complex nature of MUAPs contributes
to the complexity of an SEMG signal. To this end, numerous
techniques are currently being employed that aim to eliminate
the noise, artifacts, as well as the crosstalk [8], [9]. Amongst
them, a few noteworthy ones are the spectral filtering, wavelet
transform, and correlation technique [10]-[12]. The spectral
overlap between the sEMG signal and artifacts poses chal-
lenges to the effectiveness of spectral filtering. On the upside,
wavelets combine the temporal and spectral properties, and
hence are suitable for signals that may not be separable
using the spectral filtering. However, wavelet approaches are
limited to continuous signals with spectral overlaps [8], [13].
The time-frequency analysis offers a map of the temporal
localization of a signal’s spectral characteristics in the time-
frequency domain [11], [14]. The drawback with this scheme
is the high-dimensional feature vector, which would war-
rant an increase in the number of learning parameters of a
classifier. In most instances, the aforementioned techniques
require the dimensionality of SEMG to be reduced for their
efficient performance. Therefore, it is imperative to resort to
the dimensionality reduction of the feature vector without
compromising on the classification accuracy. Apparently, the
dimensionality reduction speeds up the classifier and relaxes
its memory requirements [15]-[17].

In this regard, most of the signal processing techniques,
developed for sSEMG waveform decomposition in the temporal
domain, fall under the umbrella of matrix factorization, and are
extensions of the factor analysis [18]. These strategies include
principal component analysis (PCA), independent component
analysis (ICA), singular value decomposition (SVD), and non-
negative matrix factorization (NMF) [19]-[22]. Though widely
adopted for EMG signal processing, each of these methods
has inherent advantages and disadvantages. Conversely, there
remains no specific factorization method ideally suited for
SEMG applications, and consequently, one must cautiously
assess the pros and cons of a method on the basis of the
SEMG experiment and the type of features, as well as the
dataset to analyze. Nevertheless, when it comes to multi-
electrode recordings and a large number of SEMG experiments
(datasets), the PCA prevails as the favorite choice owing to
its conceptual simplicity, practicability, and the ability to be
easily computed by readily available statistical programming
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packages. Indeed, the PCA has unanimously been accepted as
a potential tool to analyze large datasets of EMG signals de-
rived from multi-electrode recordings in research and clinical
settings [15], [23], [24].

The PCA is a linear feature projection method intended for
reducing the dimensionality of data. It becomes pervasive in
the field of human movement analysis to reveal patterns in data
of various kinds, e.g., kinematics, kinetics, EEG, and EMG, as
well as to compress the dimension of the multivariate dataset
recorded. In principle, the PCA computes a smaller set of
basis vectors that defines a low-dimensional space, wherein
the multivariate data can be represented such that the resulting
patterns preserve most of the relevant features. By virtue of
dimensionality reduction, the classifier design is simplified,
and the pattern recognition technique is relieved of significant
computational burden. Furthermore, the PCA is capable of
preserving the underlying pattern of a multivariate time series,
and the PCA-reduced features can reasonably approximate
the distribution of original features. Nevertheless, a drawback
could be that the data corresponding to different classes may
not exactly be separated into clusters in the reduced feature
space. In other words, the PCA learning merely produces a
well-described coordinate system for the distribution of all
features, without considering the class separation. On the con-
trary, the features endowed with a high-class separability do
improve the recognition accuracy. Hence, there is an increasing
trend to employ the PCA in conjunction with other techniques
in most of the SEMG signal processing applications [15], [25],
[26].

The intent of this article is to provide a comprehensive
overview of the PCA applied to sEMG signal processing, first
by outlining the main methodological aspects, and then by
summarizing the literature concerning the effective application
of PCA in sEMG processing both in research and clinical
settings. To this end, the paper has been organized as follows.
Section II sets a background on the SEMG and PCA by briefly
explaining the SEMG acquisition as well as the PCA algorithm,
and by highlighting the relevance of PCA in sSEMG analyses.
In Section III, the state-of-the-art PC selection procedures
are concisely presented, and exemplified using SEMG data
pertaining to three hand gesture movements. An exhaustive
collection of PCA-based sEMG applications including the
assessment of muscle strength, prosthetics, facial, and human
movement is tabulated in Section IV. The article is concluded
in Section V with future research directions.

II. PRELIMINARIES

Of due relevance here is to provide an overview of SEMG
and PCA, and to highlight the suitability of PCA for sSEMG
processing, prior to delving into the PCA-based sEMG appli-
cations.

A. Surface Electromyography

The sEMG, being the non-invasive electrical recording of
muscle activities, carries vital information concerning the
anatomy and physiology of muscles. In addition, the non-
invasive recording procedure obviates the need to penetrate
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Fig. 1. The motor neuron (red and blue ovoid-shaped minuscule structures
embedded in the spinal cord) stimulates muscle fibers (shaded in pink) ranging
from 2 to 2000, and they are collectively known as a motor unit. The action
potential transmitted by the motor neuron propagates along its axon to the
neuromuscular junction, wherein the axon terminal (branches with dots in
red and blue) and the motor end plate of the muscle fiber meet to form a
synapse [29].

the skin, thereby providing a safe and easy means for signal
acquisition [27], [28]. Apropos of a better understanding of the
mechanism behind the SEMG recording, a brief description
of the anatomy, physiology, and the electrical properties of
muscles is in order.

Muscle Structure. A muscle consists of a large number
of muscle fibers, which are grouped into several motor units
(MUs). An MU is regarded as the basic level of the neuro
motor system of a muscle. All the muscle fibers that belong
to an MU are controlled by a single motor neuron as shown
in Fig. 1. The number of muscle fibers housed in an MU is
termed as innervation ratio, which in turn differs depending
on the type and the function of muscle fibers. For instance, the
innervation ratio of muscles that require a fine control, e.g.,
hand, ocular, and facial muscles, is low (close to 1:5), whereas
the muscles requiring only a gross movement, e.g., back or leg
antigravity muscles, are endowed with a high innervation ratio
(1:2000) [30], [31].

The neuromuscular junction (NMJ) is the synapse that
develops between a muscle fiber in an MU and the associated
motor neuron as illustrated in Fig. 1. The NMIJ is located
near the middle of a muscle cell, and the region is called the
innervation region. The muscle fibers that constitute an MU
are distributed pseudo-randomly across the cross-section of a
muscle to ensure equal distribution of the force generated by
each MU [32], [4].

Muscle Contraction. The stimulations from motor neurons
cause muscle contractions that fall under three categories:
isometric, concentric, and accentric. The muscle contraction
that preserves the muscle length is known as the isometric
contraction, e.g., contractions related to postural control. The
concentric contraction results in the shortening of a muscle;
owing to the expenditure of energy toward the reduction
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of muscle length, the concentric contraction is vested with
less muscular energy than the isometric one. By contrast,
the muscle lengthens during the accentric contraction. The
concentric and accentric contractions are collectively known
as un-isometric contractions [33], [34].

Muscle Recruitment Pattern. The manner in which the
MUs are selected to participate in a muscle contraction is
called the recruitment process, and it relies on the “size
principle”. This means that for a small degree of contraction,
the MUs composed of a small number of muscle fibers are
engaged; alternatively, larger levels of contraction necessitates
the involvement of MUs comprising ample number of muscle
fibers. In a contraction that generates a constant force, namely,
the isotonic contraction, the activation pattern switches from
one MU to another so that the MU can evade from growing
fatigue [35], [36].

sEMG Signal Generation. A motor neuron stimulates the
muscle fibers by sending out the nerve action potential, which
travels along the axon towards the muscle fibers. Notwith-
standing the fact that the same action potential triggers a
set of muscle fibers, their stimulation varies in time, since
the axon branch to individual muscle fibers differs in length.
This time difference between the activation of muscle fibers
is known as jitter. The result of depolarization of muscle
fibers in an MU due to the stimulus caused by a motor
neuron can be considered as a single MUAP. Thus the sSEMG
signal emerges as the summation of electrical activities from
all the active MUs in close proximity to the electrode as
illustrated in Fig. 2. The shape and the amplitude of the
surface action potential are hence influenced by the properties
of body tissues sandwiched between the muscle fibers and the
recording electrodes. In particular, the body tissues jointly act
as an imperfect insulator with low-pass filter characteristics,
and therefore tend to attenuate the high frequency components
of the acquired signal [4], [31].

We recall that in SEMG, the non-invasive recording of the
muscle activity entails the superposition of a large number
of muscle action potentials with a pseudo-random temporal
and spatial separation. The origin of each MUAP is inherently
random, and the electrical characteristics of the surrounding
tissues are non-linear. The ensuing result is that the amplitude
of the SEMG signal turns out to be pseudo-random, and its
probability distribution function (PDF) resembles a Gaussian
function [13], [37], [38].

While one could possibly think of numerous applications
involving the SEMG, it must be borne in mind that the SEMG
per se may lead to less reliable results. In order to make
the best use of the acquired sEMG, the influences due to
the following have to be counteracted: anatomy (number,
size, and spatial distribution of motor units); physiology
(training, disorder, and fatigue); nerve-related aspects (disorder
and neuromuscular junction); contraction (level and speed of
contraction, isometric/dynamic, and force generated); artifacts
(crosstalk between muscle and ECG interference); and record-
ing (procedure, noise, electrode properties—spacing, type, and
size of electrodes—as well as recorded sites) [13], [37], [39].
It is viable to alleviate their undesirable impact on the signal
to some extent by careful skin preparation and the choice of
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Fig. 2. The sEMG signal is the superposition of all MUAPs in the immediate
vicinity of the electrode. Notice that the MUAPs are affected by the electrical
characteristics of body tissues interposed between the muscle fibers and the
electrode, prior to being summed up.

proper anatomical landmarks for the electrode placement. Note
that this adverse effect is more pronounced when the SEMG
signal strength remains very small, for instance during a static
posture. The SEMG signal can also be categorized with regard
to each of these influencing criteria [5], [39], [40].

The sEMG is proven effective in several fields including
sports training, rehabilitation, machine and computer control,
occupational health and safety, and for identifying posture
disorders. Recall from Section I that the SEMG amplitude
and frequency have been regarded as indicators of the local-
ized muscular fatigue. As exemplified in [13] and [38], the
amplitude and spectral information of SEMG provide cues to
estimate the muscle force and muscle voluntary contractions
(MVCs). On the other hand, the PCA plays a vital role in
retrieving MUAPs from sEMG amidst noise, crosstalk, and
artifacts. For completeness sake, a concise description of the
PCA technique is provided in the sequel.

B. PCA Fundamentals

The PCA is a simple yet efficient non-parametric approach
devoted to render a statistical description of a complex data by
revealing the hidden structures and suppressing the noise. This
technique, prevalent in many fields, characterizes the data by
relying on the second-order statistics, and is acclaimed to yield
quite reliable results. More formally, the PCA is an orthogonal
linear transformation that decorrelates a multivariate data by
projecting it onto a new coordinate system termed as the prin-
cipal components (PCs). These components can be regarded
as a set of spatial directions, onto which the projected data
guarantees the maximum variance. Note that there is a natural
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way of ordering the PCs based on the variance of the projected
data. This means that the variances of the data projected onto
the first up to the last component are in the decreasing order. In
general, the original data can be well represented with merely
a few first PCs [19], [41]-[43].

There are two widely followed approaches to perform the
PCA: (i) the eigenvalue decomposition of the data covariance
matrix; and (ii) the singular value decomposition (SVD) of
the centered data matrix.

Let the m x n data matrix be denoted as X with m and
n being the number of samples and the number of variables,
respectively. As a preprocessing step, X is centered, meaning
that the column-wise mean of X is subtracted from the
elements of the corresponding columns of X. The covariance
matrix of X is given by an n X n symmetrical matrix, defined
as C = X'X/(m — 1), where (-)" denotes the transpose
of the matrix in the argument. The eigenvalue decomposition
diagonalizes C to yield VAV, where the columns of V and
the diagonal elements \;, ¢ = 1,...,n, of A turn out to be the
eigenvectors and eigenvalues of C, respectively. Note that the
eigenvalues of C are arranged in the decreasing order along
the main diagonal of A, and are associated with the columns
of V. This induces a natural ordering of the PCs that are
expressed as the columns of X'V, whose variances are in the
decreasing order as well (refer to the illustration in Fig. 3).

Alternatively, one can perform the singular value decompo-
sition of X to obtain USVT, wherein the diagonal elements
si, 0 =1,...,n, of S are known as the singular values. It is
straightforward to observe the link between the singular values
and the eigenvalues as follows: \; = s?/(n—1). Furthermore,
the PCs can be denoted as the columns of USV'V = US.

What follows is a brief stepwise procedure on the estimation
of PCs for a given multivariate data via eigenvalue decompo-
sition.

o Compute the covariance matrix of the mean-adjusted

(centered) data.

o Obtain the eigenvalues and eigenvectors of the data

covariance matrix.

o Sort the eigenvalues in the descending order to select the

first few “significant” values.

o Form a transformation matrix that comprises the eigen-

vectors associated with the chosen eigenvalues.

o Project the data onto the transformation matrix.

For a more elaborate treatment on the computation of PCA,
one may refer to [19], [43], [44].

C. Relevance of PCA in sSEMG Processing

PCA has gained effervescent popularity in dimensionality
reduction tasks involving sSEMG and prosthetic applications.
It plays a crucial role in reducing the dimensionality of a
feature space in order to extract the subspace that “best”
describes the given data, thereby aiding to recognize patterns.
In SEMG-based studies, e.g., studies of human movement,
owing to the data redundancy, the PCA has been employed
to determine the most important factors that contribute to the
sources of variation in movement patterns [23], [45]. As a
consequence, the following set of new variables that correlate
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Fig. 3. Each data point shown in pink is a 3-dimensional vector, and 400
such points are displayed in the plot that are randomly drawn from a normal
distribution. The 3 PCs are computed for the dataset using the eigenvalue
decomposition as discussed in Section II-B, and they are portrayed with
line segments in orange, green, and blue color in descending order of their
corresponding eigenvalues.

with the original variables is observed: (i) The PCs accounting
for a large amount of total variance are presumably related to
the control signal outputs of spinal pattern generators, which
trigger the corresponding muscles to generate movement under
the influence of commands that are sent to the motor units
through the descending pathway [46]. (ii) On the other hand,
the components that explain only a small amount of the total
variance are generally deemed as random noise within the
system [41]. The criterion that governs the choice of PCs
deduces the number of components in each category. Many
studies have successfully demonstrated that the application
of PCA to kinematic, kinetic or SEMG data can unveil the
underlying coordinative structures in the correlated patterns
of variation among joints or body segments [47], [48].

As explained in Section II-B, an EMG dataset X € RP*4
comprising p samples with ¢ variables is first centered, and
then its covariance matrix C € R?*7 is computed. Upon the
eigenvalue decomposition of C, only r < ¢ columns of V that
correspond to the significant eigenvalues—as determined from
the scree-plot of eigenvalues—are selected to extract » number
of PCs expressed as the columns of XV, where the columns
associated with insignificant eigenvalues are annihilated from
V to form V € R7*",

In addition, if V has robustly been estimated with the help
of a large EMG dataset, the dimensionality of a subset of EMG
data, Y € R?*9, e.g., the one related to a specific hand gesture
or neural disorder, can be reduced by right multiplying Y by
V.

The aforedescribed strategy is a befitting choice in vari-
ous SEMG applications. For instance, since the dexterity is
attributed to only a few control signals in a myoelectric
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prosthesis, useful SEMG information such as the degrees of
freedom (DoF) of a dexterous robotic hand can be reduced
by deploying this inverse PCA algorithm. Another noteworthy
application would be to reveal the hidden information that
underlies a neural disorder data.

III. PC SELECTION WITH ILLUSTRATIONS

The ability of PCA to express the SEMG data with a few
selected PCs is demonstrated with the following example,
wherein the SEMG data pertains to three different hand ges-
tures of varied complexities, i.e., movement involving middle
finger alone; index, middle, and ring fingers together (IMR);
and hand close (HC) position. For the sake of brevity, we
refrain from describing the data collection and preprocessing
details, which can be found in [49]. Instead we focus on
the optimal choice of the PCs by dint of eigenvalues after
decomposing the sSEMG data under consideration, each of
size 12000 x 8, with the PCA algorithm. A simple rule-of-
thumb has been adhered to in [50] that recommends to retain
the PCs with the eigenvalues greater than one; however, as
cautioned in [51], this naive strategy may lead to loss of
valuable information. Traditionally, one can plot the eigen-
values in decreasing order, and the resulting plot known as
the scree-plot may be visually inspected to track the elbow
point, where the slope of the scree-plot undergoes an abrupt
transition. Since it is based on visual heuristics, obviously this
procedure is highly subjective. In the pursuit of detecting the
elbow point by an automatic procedure, statistical approaches
have recently been advocated, e.g., the profile likelihood
approach in [52]. Nevertheless, given a small sample size,
an approach designed to estimate the elbow by maximizing
a profile likelihood function may lead to inaccurate results.
Another popular method is to retain the smallest number of
components that capture an appreciable percentage ~y of the
total variance; in practice, v is determined to be 80% or
90%. Note, however, that the choice of v is not rigorous and
is contingent on the application at hand. Alternatively, one
can resort to sequential tests, wherein a series of hypothesis
tests are sequentially conducted to verify whether the small
eigenvalues are equal. The validity of the sequential tests is
hinged on the assumption that the underlying data follows
a multivariate normal distribution. Furthermore, it is also
difficult to approximately predict the overall significance level
due to the random number of tests and the fact that the tests
do not guarantee to remain independent from each other [43].
Aside from these, the resampling method estimates the null
distribution of each PC by resampling the data repeatedly
via permutation or the bootstrap, and retains the respective
component only when the distribution exceeds 95 percentile.
The downside of resampling is the computational burden
especially when dealing with large datasets.

The number of PCs selected for the three categories of
SEMG datasets by various schemes is marked in Fig. 4. As can
be noticed, the criterion based on eigenvalues exceeding one
failed to produce reliable results for the SEMG data related
to the IMR and HC hand gestures. It is quite reasonable to
retain only the PCs that could explain more than 80% of
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Fig. 4. Comparison of PC selection methodologies, which are based on the
eigenvalues (brown marker), visual detection of the elbow (green marker),
segmented-regression-based elbow estimation (orange marker), and cumula-
tive variance explained by the PCs (yellow marker), were implemented with
sEMG datasets related to three hand gesture movements: (a) middle finger,
(b) IMR fingers, and (c) HC position.
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TABLE I
EIGENVALUES AND EXPLAINED VARIANCES (IN %) ASSOCIATED WITH THE EIGHT PCS DERIVED FROM EACH OF THE FOLLOWING SEMG HAND
GESTURE MOVEMENT DATASETS: MIDDLE FINGER, IMR FINGERS, AND HC POSITION

principal middle finger movement IMR finger movement HC position movement
component eigenvalue Va.rlanc'e eigenvalue va.nanc'e eigenvalue va.rlanc.e
explained in % explained in % explained in %
PCy 3.734 46.684 3.076 38.450 2.558 31.968
PCs 1.633 20.414 1.863 23.287 1.447 18.089
PCs3 1.070 13.379 1.271 15.887 1.197 14.960
PCy 0.575 7.193 0.681 8.514 0.949 11.857
PCs 0.482 6.028 0.410 5.121 0.536 6.696
PCg 0.310 3.879 0.321 4.009 0.497 6.215
PCr 0.109 1.366 0.275 3.438 0.419 5.233
PCs 0.085 1.057 0.104 1.295 0.398 4.979
the data variation to reduce the dimensionality of the SEMG
data. An interesting inference from this outcome is that unlike 067 €4
the simple task involving the middle finger movement that
requires merely three PCs, more intricate movements with 0.4 €3
IMR fingers and HC position necessitate four and five PCs,
respectively. Despite being subjective, the elbow estimated by i 0.2
visual scrutiny supports the retention of the same number §
of PCs as endorsed by the principle insisting on more than g 0 AN
~% of cumulative variance explained by the reduced set of g
components. Since automatic detection of elbow in a scree- S -0.2
plot is on the rise, we intended to evaluate such a procedure,
namely, piecewise or segmented regression. This algorithm -0.4
traverses along the curve, and selects one bisection point at
a time for fitting two line segments in the following manner: -0.6 ‘ ‘
the first one is constructed such that it provides the best fit 05 0 05

for the series of points to the left of the bisection point, while
the second one takes into account the points to the right. The
bisection point which minimizes the sum of errors for the
two fits is construed as the elbow of the scree-plot. For the
tested SEMG data falling under the hand gesture categories,
i.e., the middle finger, IMR fingers, and HC position, the
automatic scheme favors the choice of two, four, and two PCs,
respectively, as indicated in Fig. 4.

The biplot in Fig. 5 shows the first two PC scores and
the loading vectors for the EMG data collected using eight
electrodes, ej,...,es, during the middle finger movement.
The electrodes were placed on the muscles in the following
manner: e; B extensor digitorum (ED); es, es » brachiora-
dialis (BR); e4 » flexor carpi radialis (FCR); es5, eg, e7 »
flexor carpi ulnaris (FCU); and eg » extensor carpi ulnaris
(ECU). The PC scores are scaled with respect to the maximum
score value and maximum coefficient length, so that their
relative locations can be determined from the plot. What one
may possibly infer from the biplot is that the first loading
vector places almost equal weight on the variables (electrodes)
designated as e, es, ey, and eg, moderate weight on ez, and
less weight on the rest of the electrodes. On the contrary, the
second loading vector assigns more weight on the electrodes,
namely, es, .. ., e, and less weight on the remaining. Based on
the orientation of vectors (green line segments) that represent

component 1

Fig. 5. Biplot of the SEMG data acquired during the middle finger movement.
The horizontal and vertical axis represent the first and the second PC,
respectively. The orange dots denote the scaled PC scores. The variables of
the SEMG data, i.e., surface electrodes, are marked with green line segments
that emanate from the origin. The plot provides information on how each
variable contributes to the two PCs.

the variables, we speculate that the MUAPs picked up by the
set of electrodes eq, es, e7, and eg would share some common
information in the subspace spanned by PC; and PC,, and
the recordings by the rest of the electrodes might distinctly
differ from the former ones.

IV. PCA-BASED SEMG ANALYSES

Several SEMG studies rely on the PCA to interpret muscle
activation patterns and better understand the complex coordi-
nation of muscle activities in the human body. These studies
have mainly focused on the following three aspects: (i) to
measure redundancies, (ii) to identify patterns of coordination,
and (iii) to discriminate different activities. In the subsequent
section, an overview of PCA-based sEMG applications is
attempted, wherein an exhaustive collection of related methods
are tabulated to provide a comprehensive review on this
subject.



DRAFT: IEEE ACCESS

'sySe} orweuAp

Sunmp so[osnw yuni jo
SUWLIOJOARM DJNHS SSIsse
0) [00) [edruld> Surstwoxd
€ 9q pP[Mod vDd

‘sanIepow
S} 0} QAIISUIS IoM
pue ‘so[osnu Jstuoge )
10§ Anpiqerfar ojqeydadoe
PAJEISUOWSP SAINSLIW
QouRISIp paseq-yOd

‘snjels yoeq
MO[ pue ‘uonow jo a3uer
yuny ‘payi| peoj sy 01
SOINSEOU 90UBISIP Paseq
-VDd Jo ANADISUQS pue
A)I[Iqerfar ) djen[ead

0] PaIpn)s oIom SuOTIOW
Juny pazIpIepue)s WOy
so[osnur yuni gy jo
SULIOJoARM DIAHS UL

*SJUSIOLJI00 UONR[ALIOD
SSR[OBIUI PUE ‘SOINSEU
QoueIsIp paseq-yOd
‘Topowr YD 99URIJy

ZW Y € TFTET ING
pue 8y 8F69 13om
‘w 90'0FcL T WSy

SIK $FOp 93e :sjuened
ST ;W3 9TFTYT

(INg) xoput ssewt

Apoq pue 8 01 FL
y3rom W 90'0FSL T
Sty (sIK ¢F6E 5w
:$303[qns [onuod g1
M SIOQUN[OA J[BW ¢¢

‘anbijqo

[PULdIUI PUR [DULIIXD
‘snnuopqy snjoad ‘1s4op
snuassp] ‘ooulds 1019242
2191.40Y] PUR ADGUIN]
:SQ[OSNN “(SAS[eq
70dQ) seponooe
QoeyIns 7] :SIOSuaS

[sS] v 12 21q1ALIRT

*SIOPIOSIP
Ie[NOSNWOINAU JO
sIsouSerp Iajsey sojeII[Ioey
yoeoirdde paseq-yDd

‘AoeInooe

%TY'S8 parodar
synsat oYL (dTN)
uondoorad rakennu
pue (INAS) surgoew
103094 J1oddns ay) £q
PRYISSE[S pue ¥Vd °uyi
Sursn paonpar arom
JOPIOSIP Je[NOSNUIOINaU
P s3o9fqns woiy
SIUAIOYJR0d [ A]

‘pazAeur

aram syoalgns oryredoinau
pue ‘oryjedoAw ‘[euwriou
JO SanIAnoR J[osnIA

(LA
uLIojsue) JOLINO, 1Sej

pue (14Q) wiojsuern
I9LINO, 9JRISI

-omredoinau (g pue
onpedolw (g ‘Ayresy
61 31K G'0F8C jJo a5e

ueow B M s3109[qns 66

*dnoad avuayodqy

pue sdaoiq :SI[osnN
*(A1oAnoadsar ‘uaipqyd
puE S)[Npe 10J 9POINII[D
Ieq AIOSuas ww ()7
puE WW ()fy) SOPONI
Ieq DINFS g :SI0SUdS

[S] 12503] pue 19D

‘uoneWNsSd paseq-OINIS
Jo Aoemooe oy pue
UORWINSY 90J0J 9[OsSnu
Jo Anpenb oyy Suraoxdur
woiy Jede pus HNES
Kysuap-ysiy © woiy
UOTJRULIOJUT PAJe[ox
-9010J JUBAJ[AI JOBNX

0) renuajod ay) sey yvDOJ

"A1oAnoadsal ‘saponodfo
1ejodiq ordnnw pausdire
Aqrewndo oy pue
sopono9e Iefodiq
[BUONUSAUOD 3Y) O}
paredwos 9,71 pue
%0 punore £q ASINY
Q) paonpal Vod

‘UOTSUIXS MOq[e Surmp
PaIpM)s SEM UOTIRWITISD
9010J paseq-DINHS pue
VOd 9y} UO SUOT)OAIIP

uonen3yuod ejodiq
JUSIHIP JO 1090 YL,

dsNyg

wiOFS |

wsrey pue 3y $'6F9'L9
wsem SIK T4F0'8C
aSe :s103lqns Ayyeay 11

(a1

1yonaq sdadniy oSN
“(wepiswy TNFSOID)
SOPONIAR O X ] I
pus DINHS Aisuep
-y31y 9A1OR :SIOSUQS

[¢g] v 12 uuewudpneI§

*SUOTIORIUOD S[ISNU
o1weuAp pue 19K
SurkInuapt ur [njosn AIoA
s1 poyjewr y)d pasodoid
UL "VOd'IN uey) 1oneq
S—VvDdT PU® ‘VDd
‘JLH—Sspoylowl Jeaur|

Jo Qouewnrojrad oYy,

(22000 > d)

VOdIN pauuojiadino
sayoeoidde sa1y 2y [
pue (66'0 < @) VOd'1
pue ‘yDd ‘41d Suoure
QJUAIYIP [BI1ISNEBIS ON

'VOd Pue JAS 2y
£Qq possasse a1om sa[osnuu

g4 2y Jo (suonoenuod
OTWERUAP) SUOTJORIIUOD
Sum3ne wopuer

pue ‘01040 ‘onels

‘uonosfoid (414) pud
01 pud pue ‘(VOd'IN)
vOd Ieaur-uou ‘(vOdT)

VOd Teaul] ‘(JAS) onel
Aniqeriea 0) KJADISUQS

s10alqns Ayieay g

gg :9[osn
‘Suroeds wwr ¢ Ym
dins aponosepd D3I/
[oUUBYD § :SIOSUSS

[sv]
JRBS[ORJAl pue S1330Y

"DINHS

1ejodiq [eUOIIUSAUOD Y}
0} paredwod seyewNsd
UONBAIIOR 9[osnu JO
Ayenb oy seaoxdur
A[renuelsqns o[osnuwr ggq
A} Woly DINFS [oUuByd
-nnu jo Surssaoord yOdq

‘souueyd rejodouowr
owres oy} Sursn HNHS
rejodiq ordninw ueyy
(%TT—%T1) uoneanoe
9[oSNUI JO SOeWNSd
9JRINOJE QIOW PIP[AIL
DINAS possaoo1d-yDd

*SUONORIUOD
OIUOJOST JJe]S-0M]
‘OLIOWOST Ul $90I0J
UOIXJ[} MOQ[o AQ Passasse
QI9M SIIBWINSI UOIIBATIOR

a[osnw paseq-ONES YL

(ASW¥)
QouQIIp 1enbs uedw

joo1 SuIsn sAjeWNse
9010J Paseq-DINHS

wLOFST
wyStoy pue 3y §TIFS T
WsM SIK ¢8FE LT
o3e uow Ayeay 11

(g9

1yovaq sdadng QoSN
(VSN ‘uoisog ‘[repuay])
SAPOIIIJ[ SIS YIO[d
Iejodouowr ¢g :$I0SUS

[91] v 12 uuewuspnelg

uorsn[ouo))

sSurpury/sInsoy

jusuIssasse HINHS

pasn somaw 2 vOd
woiy apise sayoeorddy

s300lqng

PoAJOAUT
SO[OSNUWI pue SIOSUSS

Apnys payroday]

LINHWNSSHSSY dNDILV ANV HLONTYLS dTOSNAN

II 419VL



DRAFT: IEEE ACCESS

'stsayysoxd puey
J[qe[[onuod A[PARIMUT
ue jo juowdorerap oy

10§ sonuaAe dn uado Aew

‘(SINOQQ) juawowr

JO sa139p 9 pue sJoq
91 ym puey onaysord
PajeNjoRIOpUN UB QALIP
0) WyjLIog[e [01U0D

‘suroy oqisuayad

¢ o) woyrdd o3 ndur
[OI)UOD [EUOTSUSWIP

-C e M s4oq 91
Suraey puey onoyjsoxd
PajenjorIopuUN UB DAOIP

s1o8uy orydiowodoryjue
pajenoeIopun ¢
Jo Sunsisuod puey

ymsind yoreasar SIyJ, paseq-yDd e Jo usiseq wnuos[e peseq-yOd V sor10309fen) Surdsern - VN - 10qQOI PozZIS-UBWNH [€2] "1 12 ouomeN
VOdS 2y Ppim
o parued Jurssaoord  AdeIndoe 9418 YIM INAS
-o1d oy 01 anp pasoidur sse[o-nnw 9y} Juisn ‘NDA pue “Id “94DF ‘dd
ApueoyuSis ST INAS PAYISSE[O dIoM VDS ‘uonexe[aI pue ‘INAS :S9[OSNIA “(PIIN 9A9[D
sse[onnw Jo douewrojrod oy £q passedordard ‘umop ‘dn ‘301 ‘WySu sse[o-nnuw pue ‘(YDJds) ‘oS 10IpRYOIy) SIOSUS
UOTBOYISSB[D A, 'IRp DINFS YL :SJUQWIOAOUT JSLIM G vOd orduns ‘I4q s100[qns ¢ DOINFS [QUURYD 1 :SIOSUIS [96] umyes pue osuryIg
av)
SIUDIOYJO0D JAISSaISAIOINE
‘VOd ‘Jurxerar pue ‘(JIN) Aouanbaiy
Ay ym pasoxdwr oq puey pue ‘Suryourd 1o3uy uepaw {(qSd) Aysuop
Apueoyrugis ued syeudis 'V pue orpprur ‘Suryourd ro3uy [enodads 1omod (DSS)
DJNES WOIJ SaInjesy vOd W Aq %866 JO xopur ‘Suruado puey sagueyd ugis adofs ‘(epeue) ‘A3ojouyday,
Pa1oRIX2 JO AdBINOOR KoeInooe d3eIoAe UB YIIM ‘3UISO[O puey :passasse ‘("IA\) PSUQ[ wIojoAeM y3noy [, ‘uBdSOAN)
UOTBOYISSB[O A, POYISSE[O dIoM SAINBI] JIoMm suonow puey ¢ ‘07 ‘SINY ‘AVIN ‘VA'1 — VN -  SIoSuas DINFS  :SI0SudS [L1] v 12 Sueyz
‘saxmysod puey (1d9)
[BUOISUSWIP-MO] Y} pue sn3uoj s191770d 10SU21X2
S[eUSIS DINAS UdaM)dq pue ‘GNAH) nuiunu
uoTOaUU0D Y] YSI[qeISo ‘KoY pue ‘rouueds 1131p 10SU21x2 ‘(DAH)
0) pajdope sem ouIyoRW ‘dno ‘uad ‘ouoyd (o0 SIUMUUIOD WNL011S1P
(JAS) UOISSISAI 10309A ‘Apped B3} ‘X0q ‘asnowr 105U21x2 ()
‘saxmsod puey jo yoddns ay) pue ‘o 0z ‘ueo dod ‘omoq [w snpunfosd wniondip
UoNeWNSd SNOAUL)[NWIIS Uey) QIOW M UOTIOW 00S ‘xoquarewr ‘ordde INAS 10xa) (SAA) siyvioifiadns
pue euonodoid oy puey uewny y) jo :adeys pue 9zIS JUAISJJIP pue ‘(D7) sSuissoId 019z wn103181p 10X} “1d
so[qeud sonbruyoo) UOTSUSWIIP JY) 20Npal Jo s19lqo 71 dseis oy ‘a3ueyo adors ‘(AVIN) :SO[OSNIA] "SIOSUQS
1010 Yim pafdnod yDd 01 paridde sem yDd payse a1om s109[qng onJeA 9In[osqe UBIN s109[qns g DINFS 9 :SIOSuaS [S1] w12 1T
‘Trom wroyred 03 pojre] ‘uado puey pue ‘NDA pue
‘9516 JO AovINOOR  [QUIOY [eIWOUN[NUI B YIIM ‘9S0[0 puURY ‘UONRIAID “(1d) snSuoy suuvupd
uoneoyIsse[d pasoxdur VO 2y seardym ‘vDd [BIpRI ‘UONRIAJD ‘Ad ‘(4DA) syvipv.a
ue 0) pes] vDd o £q Ieaur] oy} pauwIojrodino BU[N ‘UOTXIY ISLIM (VO vOd 1d4Dd 10SUIXD SI[OSNIN
uononpar A)euoIsuawIp [oUIOY UBISSNEL) © ‘UOISUDIXD ISLIM ‘SSAU[[IIS  [QUIY pue ‘INAS ‘(Ldm) 'sopona9[d [D3Y/3Y
aImeay 9y} pue LM UL Suisn yvDd UL :suonowt ISm Jo adKy £ uiojsuerny joxoed jojoaepy - VN — Jo sired  :s10suag [¥2] “1p 12 3urg
pasn somew 2 YOd PoAJOAUT
uoIsSn[ou0)) sSurpurj/s)nsoy JUQWISSASSE DIAIHS woiy oprse soyoeorddy syo0lqng SO[OSNUWI pue SIOSUSS Kpnys peyrodoy

SNOILVDIT1ddVY JDILFHLSO¥d ANV NOILINDODTY ddNLSdD

III 9 19V.L



DRAFT: IEEE ACCESS

VOd ®lA

uononpal AJIeuOISUIWIP
Ay} 0) panquNe AJe
yse) uonmugoodar ureped
palpadxa pue ‘udisop
1oyissed paygrdwis
‘AoeIndoe UOT)EOyIS

-se[o paaoxdwr oy,

"owIr) [eaI Ul PI[[ONU0D
9q p[nod puey [emIA Y}
‘Apuanbasuod ‘suonow jo
sadK) g aup 10J 966 JO
KoeInooe UOTBOYISSEO

® paIopual YD oy}

Aq sanjesy joxyoed
J9[eABM Q) JO UOTJONPAIX
AyTeuoISUQWIP YL,

"uonexXe[dI pue

‘s1o8uy oy jo Surdseid
pue Suruado 9sum Y Jo
uonjeurdns pue ‘uoneuold
‘UOTXdp) Jeu[n ‘uoIXay
[eIpeI ‘UOISUdIXd ‘UOIXIY
suonouwr puey jo spury 6

‘(INHOS) dewr arnjeay
Surziue3Io-J[os pue ‘siseq

JUBUTWILIOSIP [B90] ‘LA

SIK ¢pF1¢ 93
JO SO[eWIdJ 4 puE So[ew

9 :s309(qns TewIOU ()]

N4 pue “1d “4Od ‘ad
1$9[OSNIA (SASTAA
‘1'2-d@) sepondde
DINHS § :SIosuag

[6¢] 1w 42 nyD

RUEIN

Ay} Jo own-Surured| Ay
$90npal 31 pue ‘AoeInode
uonugodar 21msas ay)
Suraoxdwr ur 9A1OYJ
s1 yoeoxdde uonmusooar
woned paseq-yDd oYL

(9568<) Aoeinooe
IoUSIY ® ym Ssuonoe
ISUM / ) PIZIuS021
vOd PHaAY dyg,

"9PISING JO 1SIM])

pue ‘opIsur Jo 1SIm) 1J9]
01 puaq W31 01 puaq
‘umop ‘dn ‘uonexeyar
:SUOIIOR ISLIM /,

"VOds pue ‘(v2dS) vOod
renpeis ‘(VIA) sisA[eue
JUBUTWILISSIp DN

'sIK O pUe ‘7T ‘1T
a3e jo syoalqns orewr ¢

‘S9[osnuu uLrealoy
:SQ[OSNJA "SOPOIII[D
DINGS [D3V/3V A1p

[oUURyD § :SIOSUAS

[92] " 12 emwnsiE

AUaIoyye
ansst , Ajfeuorsudwiip jo
9SIND,, AU} POJUSAWINIILD
oAeq YSIU ey YOd JO
uoneoridde oy 0y Suimo
Pa210U ST JUSWIOULBYUD

Qoueunioyrad v

‘BT TFOLE6

Jo AoeInooe uoneOYISSEd
B PIJBNSUOWP SAINJLJ
19410 pue yYHdps oy

Aq reuSts passaooid-aig

‘Tetpel

pue ‘UORIASp Ieu[n
‘UOTSU)IXD ISLIM “UOIXI[J
1sum ‘uado puey ‘pasofd
puey :uonow jo sassed 9

“(NNV)

FIOMISU [RINdU [RIOYNIR
pue (dIaN) ofdound
ySuay uondrosap
Tewruru ‘LM (VOdPS)
VOd ynm papdnod
poyiow UoNeZIAIISIP
postaradns ‘(IgDA) 10Ny
Paseq-uone[aLIod Ise]

's100lqns quup [euLou 7|

“ULIRQI0J

1) JO 9pIS YOBd U0 pue
‘S10SU2]XD PUR SA0XDY
IS1IM ) QAOQE ULIBIIOJ
ISQ[OSNA] "SIPOIOI[
DJNES  :SI0SU2S

[86] Texpmdinzyy
pue [1Seyoruedyery

's309([qns

dandwre pue paquiy
-10BJUT 1)Oq I0J SIOLId
UONBIYISSR[O SIINPal
Apueoyusis vod oy £q
sa1njed} jo Surssaoord-aid

(100 > d)

10119 UONBIYISSE[O JO
uononpal juedyIugis

® UI PAJINSAI Yorym
‘Suruny Joy sedLew
uonewIosuen) yDJ
oy103ds-ssed> ojuo pajoal
-o1d a1om e1ep DINFS
‘UOTJEOYISSL[O 0) JOLI

"SSBO 1531 ®
pue ‘dug 100y ‘dus yourd
quy ‘dug romod ‘dusd
yonyo ‘dug Aoy ‘uado
pUBY ‘UOTSUSIX/UOTXI[
Jsum ‘uoneurdns/uon
-euoad ISHIM 1SaIM)

-s93 jo sadA) 11

IOYISSE VAT
pue ,ﬁOﬁOB—uO.H 2InedJ

(Va1n) vai paefer
-100UN 398 AINJedJ YV

‘soondure
[eIpRISURT) OnjRWNET)
Suoy ¢ pue Ayreay O]

‘p42iv]
pue ‘jpsiop ‘uiiof
‘Ipipous 91 ‘sarosnuu
ISLIM ) JO WLIBAIOJ
:S9[OSNA “sdpononp
QAISAUpR ()] :SIOSUQS

[LS] v 12 2r01SIRY

uorsn[ouo))

s3urpury/s)nsay

JusuIssasse HINHS

pasn somew 2 vOd
woij apise soyororddy

s300lqng

paAfoAur
SO[OSNUI pUE SIOSUAS

Apnmis payodoy




10

'sJ0JoeJ [enpIAIpUI Y} JO
Juo Aue uey) AJLIOAIS
VO 29Uy [eInonns

) urejdxe 1919q

TN 9y pue ‘Judwow
uononppe Uy Ay}

‘SDd Jo uoneurquiod y

"Inseaw [eUISLIO

Y ur AJIfIqeLIeA [810}
ay) JO 9()§ uey) IoWw
pojuasardar A[eAnenund
$Dd € 1814 9yL

‘pauTuIIalep sem AJIIOAQS
ured 10 oydesSorper ay)
pue YO 29Uy jeIopour
0} p[ru pasouSerp
A[[earurpd jo siojoej
IR[NOSNWIOINAU JY) SB
[[oM Se [EdTURYOAWION] Y}
U9IM}2q UOTJBIOOSSE Y],

‘s1ojowrered [eonsne)s
pUE UOIB[OLIOD UOSIB]

‘(VO) SOLIYLIROISO
souy Jusunredwod
-[eipaw pasougerp

ATeorturyd ‘ojeropour 0}
PIIw 1A sfenpIAIput oy

(O

SNIUIUI0LISDS [DIPIUL
pue ‘(O7) SsouIpuJIULIS
DA2ID] ‘SNSOUDIQUIDUIIUIIS
‘A9 A “TA SIPSnA
‘(AreS1e) ‘ouy do9u10g
‘gaIE JORJUOD U

6L") S9PONIA[d DINHS
1D8V/3y § :siosuag

[€9] v 12 vosiim

‘suroned

UOTIBATIOR JOUNSIP JO
UOTJRUIqUIOD JeQUl| &

Kq poauredxs oq ued
K)JI[IQeLIBA 9U) JO UONORI}
JuedyIusis y paziuesio
A[wopues jou st urped
UONBAIIOR J[osnu &
UunpImM oInjonns Y[,

'sasAeue 109(qns-enur
pue 103(qns-10)ut Y} Yloq
ur ‘KTIqeLIBA [[BISAO )
JO 9(09—0S 10J PAHUNOIIE
pue ‘surojoaem poyorpaid
Ay PIm [[om paaide sOJ
puodas pue ISIy Y} JO
sadeys oy ‘sases [[e uf

IS
[99Y Suumnp passasse
QIoM Q[OSNW dJUY JY)
wolj s[eusis DINHS Jo
sonI[IqeLIeA 103(qns-19jur
pue 103(qns-enur yjog

'S1o[oABM pUB
sisATeue Aouonboig-oury,

‘syuoureduwr
[eIo[so[nosnuI 10
[eo1S80[0IN3U Ou YHIm

(W G0'0F+9'1 WStey 8y
6vF 119 WSom sIA
LF8Y 23e) s1o9)unjoa
o[ewoy Ayireay [

‘(LS) snsouipuajnuias
pue ‘(Jg) srowdf sdasiq
‘("IA) Syp421p] SnIsva
‘(INA) Spipaut snispa
‘() Stowdf snoad
S9SN (V'S
‘UOXRION]) SOPOJIO[
DINGS [D3V/8V

1ejodiq 9 :SI0SUQS

[29] v 12 39qnH

pasn somnow 2 vVOd

poAjoAuT

UoISN[ou0)) sSuIpuLy/SInsoy JUSWISSASSE DIAHS woiy apise sayoeorddy s100lqng S9[oSNW pue SIOSUAS Apmys payroday
SNOILVDIT1ddV LNEFWHAOIN NVINNH ANV LIVD
Al HT19dVL

'$oIN)sa3 JIomiou *OPISINO JO ISIM)

ISHIM JUIIPIP £ M femou Jgq oy £q pue ‘oOpISul Jo ISIm) ‘1J9[

paxmboe sfeuSis OINGS — PoyIsSe[d AJUSIOYJO dIom 0] puaq Y3 0} puaq

Jo AoeIndoe UONBIYISSE[d ‘VOds 2y Aq passacoid ‘umop ‘dn ‘uonexe[ar  YIom)au [eIndu (Jg) uon 'SOpPONID[A HINFS

Ay sayowoid yDOJS YL ‘so1msa3 DINYS UL ISUOIIOR ISLIM / -e3edoid yoeq pue [44 - VN — KIp [ouueyd { :SIOSULS [19] ‘7p 32 enwnsje]N

"SUOTIOW PUBY JUSILFIP
J10J 97l UOTJBUTWILIOSIP
qY) SOSLAIOUI PUB YIOMIQU
[eINaU dY} JO AZIS AY)
SQONPAI J1 “QIOWLIAY}IN,]
‘sIsA[eue OINES Y3

10} poyjowr Jurssadoxd
-a1d 2AnO9)J9 ue se

surewal y)d YL

“%0L Uey)
atow £q 9zIS yIomlou
[BINSU AY) JO UONONPAI

o 01 Paf VOd UL

's103ul 9AY [[B pue
‘quny) 9y 1deoxa s1aduy
[Te ‘s1oSuy xopur pue
quny) ‘s1oSuy (NI pue
quny) ‘s13uy o[ppIw
pue xapurl ‘quiny) ‘1ofuy
Xopur 91 ‘s1o8uy Jo
SUOISUA)Xd SUIMO[[0] Y}
pue ‘voneurdns ‘uoneuoid
‘umop uorxay ‘dn

UOTXAf :suonowr puey [

SI0Mm)ou

[eInOU pue ‘uLIoJSuen)
Jo1eAeM Areuonels ‘vl
‘A310u0 adojoaus HINHS

'SIK ¢F47 Jo o3e oSeroAe

UB [)IM SO[RWIJ ¢ pUE
sorewr g :s302[qns g1

"MOq[e Y}
MO[2q SWD G ‘ULIBAIO]
JYSII 21 Je pAJedo]
ISQ[OSNA] "SIPOIII[R
DJAHS [UULYD / :SIOSUIS

[09] ‘v 12 nq

uorsn[ouo))

DRAFT: IEEE ACCESS

s3urpury/s)nsay

JusuIssasse HINHS

pasn somew 2 vOd
woij apise soyororddy

s300lqng

paAfoAur
SO[OSNUI pUE SIOSUAS

Apnmis payodoy




DRAFT: IEEE ACCESS

‘sq[osnu
reamsod jo dnoi3qns e
Jo Ajanoe oy ur soueyd
SoONpuUI SO[qeLIEA dY) JO
[oBd 9[IYM ‘SI[qRLIBA
[enuad Jo 39S [rews ©

AQ PA[[ONUOD 1B SYIYS
aimssaid Jo 19)uad Ay,

‘sa[osnw
1T 9U} [[e JO UOIBALOR
SNOQUE)[NWIS JO S[OAJ]

<1 ‘woed | remosnu,,

e pajuasardar sOJ
Paynuspt ¢ 2y Jo yoey

‘spaads

JUQIQHIP e syse) [ermsod
SnoLeA Sulnp saI3Iouks
orosnu Texmysod
Anuapt 01 WD A YIm
Suore pasn sem yOd

‘UOISSAISAI
ordnnur pue (WD)
plojIuBwW PI[[ONUOdUN)

‘w '0F89'[ wyStey pue
8 T'LFE9°09 1Som
81K Gy F 67 93e ‘IopIosip
10J0W/[BJ130[0INAU JNO
-[JIM Q[BWIJ § PUB d[eU
¥ :s100[qns Ayreay §

'SH pue (V) suiuopqn
smoa1 LS A9 ‘99 ‘WA
“IA “10S ‘(ND) sivipaut
snuau20.41sp8 (10)
S1DA2ID] SNIUIUIOLISDS
VL :se[osny (I €)
SOPOIIJ[A SAISAYpE

-J[os 9[qesodsIp :s10Sudg

[£9]
‘Ip 12 AYIIOOWRUYSLIS]

"KNTIQESIP JO [9A9]

10 Amnfur-a1uswosow
Jo 1edj ‘ured [enjoe

0] paje[al 9q jou Aewr
pue ‘Jonuod Iojouw
pa1dle 0) uoneydepe
[euonouny e Ajqewnsaid
st syuedronred gg7 oy
Jo Suny[em Iomors Y[,

"UONBANIOR [OSNW SF
9y} Jo uoneurpiood Jood
& pardur 1ouoy ay) Jo
Aypiqeriea jueoyrusis
oyJ, ‘ureyed [ewrou oy}
woly A[payIew pajerAsp
AAnoe grosnw S

Jo uroned [eqo[s Yy,

1es uo gg- oyroads
-uou Jo saduanbasuod ay)
puE}SIOpUN 0) PIUNWEXD
Arom AJI[IqeLIeA 1Y) S
1o se Kjranoe SH oyl
pUE UONBUIPIOOD YUnI)
[2qO[3 2y} uo AJ1o0[A
Sunyfem Jo 100530 YL

UIIOJSueT) J1aq[TH

‘Sjonuod

Aqireay 41 pue (9471
ured yoeq mo[ oyroads
-uou [pIm s[enprAlput 6]

((SH) avuids 1019242
QoSN “(prewudqg
1S9091PSN ‘S-00-N
JOSUdS dNn[g) SIPOIIA
DNES [D3V/3Y

Jo 1red e :s10sUQS

[99] "1v 12 Wowre|

91042 J1ed ' ur

sdno13 om) oY) ueamioq
sosuodsar Ie[nosnuoInau
Ul SOOUQIJJIP dpIqns
Qonpur Aew ured pue
JUQWIUOIIAUD [BOTURYOIW
AY) ‘ToAIMOY “Sunyrem
o[y sdnoi3 oposnuwr
Jofew oy} Jo so[ox
oyroads Sureasar ‘yo
1M 9SO} 0) Je[IWIs oIe
sjonuod osnewoydwAse
Jo suroped refnosnw

‘s[eusis oy ur

JouBLIEA AU} JO 9¢] UBY)
1ow pauredxs dnoi3
Jrosnur Yoed Joj suropned
redound ayg, ysel
Sunrem e ur paSeduo
s100[qns YO pue [euLiou
Jo jurof 2auy oy Jurssord
so[osnul / woly s[eusis
DIANFS 3y} Jo sadueyd
adeys pue opmyjdwe
yjoq 9Je31soAul 0)

pasn a1om sonbruyod)

‘parofdxe a1om
s100[qns YO pue [euiou

VO Wim o pue

MUUI0AISDE 1]

29 WS pue ‘sSurisuwy
T ‘serosnwt sdaoripvnb
¢ soposniy “(Are3re)
OU] 9910g) SIPONIJ
OGS [D-3V/8V

-omou [edrourid oy, uonmusooar uned woiy surned DTS oYL Suweyg [ewou g¢ :s109lqns g/ [QUUBYD § :SIOSURS [s9] v 12 Kozoy-Ao1qnH
‘sarouanbaiy
9pigs Jomo[s pue joddns
JySrom Apoq JO S[RAJ[ ‘peynuenb
JOMO[ 1M PIJBIOOSSE "9ouBLIEA [euSIS [230) oY) sem sofosnuwr 397 oY) Jo
9SOy} 0] JE[IWIS UTBWAI  JO 9,[8 O} 99¢ poure[dxe suzoped UONEBUIPIOOD S SC'9OFO 1L WYStom ‘LS
sorouonboiy opLs I91se) sDd S 11 9y} searoym 9y 9onpoid 03 IopIo ul pue ‘wo 7/ '8F€9'LL] pue g9 “IA ‘44 ‘INA
pue 10ddns jySrom ‘S[enpIAIpUL SSOIOB [RUSIS JoRIQIUI puB ANQLIUOD 3oy ‘s1k gg—gg 93k ‘(10S) snajos ‘D1 ‘DN
Apoq JO S[OAQ[ IoUSIy  DINFS [[BISA0 3} JO 9% /G Kouonbaiy opins pue $SIOPIOSIP [BJIS0[0INAU OU “(VL) 4ouayup syviqu
0) Surureyred suroped 0) 9,¢7 10J PAUNOIOR y1oddns jy3rom Apoq )M Q[eW) 4 pue Jew SO[OSNIA “SOPONII[
UOTJRUIPIO0d DIAHS YL quore DJ Is1y Y], oY} YOIyM 0} JUAXD Y], JOTOABA  s100lqns Ayiresy § DINFS Tejodiq 9 :SI10SUSS [#9] “1v 12 10UTETY]

uorsn[ouo))

s3urpury/s)nsay

JusuIssasse HINHS

pasn somew 2 vOd
woij apise soyororddy

s300lqng

paAfoAur
SO[OSNUI pUE SIOSUAS

Apnmis payodoy




12

‘NNV-dd

JO 9JBI UONEBOYISSE[O oY)
ur JuawdAoxdwr ayy 0)
SINQLIIUOD UONONPAI
ameay oy, "vId o Aq
19S QIME9J padnpal Ay}
s parfddns st yorgm
‘SIOYISSEO SIoM)ou

dg om) Suruiquiod

Kq papunodoid st

‘%06 ueyl

QJ0wW JO ASBINOOE UB )M
PAYISSE[O 21om /1/ pue /1/
‘S[9MOA U} M “%%ELL
JO 9Bl UONEBOYISSE[O
a3eroAe ue paonpoid
sypIomiau Jg passeoord

-VDd Y} ‘S[OMOA

‘parpnis 1M ‘/n/ pue ‘/n/
Y “13/ “[0] ‘e “Aroureu

NNV
-dd pue ‘Sjudroyye0d
1ensdad ‘[opowr ¥y

OSSP

Jo A[[eq Ioldue pue N7

SO[OSNIA "SOPOIOJ[

IOYISSE[d JUSIOYJO Uy asauIy) 9 Yy 10 ‘STOMOA SAUIYD) 9 ‘WIOJSURI) J19[OABA 100[qns | DINFS € :SIosuag [oL] ‘v 12 e1f
‘%%t JO “OLUSDSIP
o3eroae ue £q soweuoyd 's109[qns 9 I10A0 % €686 Jo A[[eq IoLjue pue
$9Z1u30991 Jey) JOYISSR[D  JO AOBINOOE UONBIYISSE[O ‘s140 1n8up 10ssaidap
ININH ue jo Aipiqe oy plom 23eIoAL UE Ul ‘vusippd ‘snonpuod 2
aroxduwir 0) umoys udeq paymsar yorgm ‘(ININH) "[OPOW 2IN)XTW UBISSNED) ‘SO NSUD 40IPAI]
sey yDd oyroads-sse[o e [opouwl AONIBJA] USPPIY © "PaYIsSE[O puUE ‘SoINjedJ Urewop SO[OSNIA] "SOPOIIOJ[
Sursn sTeuSTs o1oo[e0AW BIA POUISSE[O dIoM VDd 1M ‘g 01 g woxy  awm ‘(DDAIN) USIOYF0d 1D38v/3vy Ieodiq

) jo Surssadord-a1g Yy Aq paonpar eyep ayJ, Sunueys ‘sowouoyd (] rensdad Kouanbaij-o]N sy00lqns 9 apoxonp ¢ :SIOSuUdS [81] '1v 12 noyz

's303[qns

Suowe saduAIYIP JO
uoneziensia ay) d[qeud
0} ST ¥VDd Jo 901 oy
uRIyM ‘NS pue
VOd jJO pre ay) s
[OTUOD JOSINO 9SNOW
qy) 1oy padnponur st
Joeyidur 19)ndwod
uewny paseq-HNGF Uy

‘way) Jo yoed £q
paure[dxa AjiiqeLrea eyep
) U0 paseq pAIIIAs
1M SDJ JUBAJ[AT Jsour
T 9y pue ‘s10a(qns oy
[Te woij paixnboe ejep
oy 03 pardde sem yDd

‘sjeusis

DINTF YIM pazIugodar
Q1oM U105 1Indwod ©
Uo I0SIND JY) JO [0NUOD
A} I0J pasn—Aqpunis
uo puv ‘ovjod W3
Y] ‘umop ‘dn Y170
2]8uU1S—SpUBWIWOD /

‘uonea1I020Ine

pue ‘AVIA ‘(INSA)
QuIYoRW JJe)S UL

‘KydonsAp renosnw
woly SuLdyns | pue
Aqreay o1 :s100(qns 17

sypuoLf pup syviodd;
WS 29 Y9 :S[OSNIA[
'sapondd[e [DSV/3Y

Jo sired 7 :s10suog

[69] 17 12 apeIpuy

‘KoeInooe

UOTIEOYISSE[O ) JOUBYUD
vOd oy Aq passeooxd
-a1d sarmyeay ayJ,

*9)eI UONIUS003I UOTIOWD
ay) aaoxdwr 0y punoy
Sem UOT)ONPAI J0JOAA

amjeaj paseq-yOd UL

'S[EUSIS DINHJ AU

Suisn paziu§ooar arom
—ISn3sIp pun pagnau
‘asudins avaf ‘pos (ddvy
—SaJe)s [RUONIOWD §

*SISOLINY
pue ‘ssoumays ‘Teusis ay)
JO S9OURISJJIP PUods pue

JSIY JO 9anjeA dnjosqe
ueow ‘[eugdIs MeI A JO
S pue ueow ‘wylLod[e
SI0QUSIoU }SaIeau-3|

'SIK G7

0} 8] woij Surduer safe
M J[eWwd) / pue drewr
{ :SI09)un[oA AYI[eoH

(W) 4ofvu
SNOYDWOSAZ :[OSNIN
'S9pONIA[R (DINHF)
Aydei3oAwonodre
[BIOR] :SIOSUQS

[89] “1v 12 entiisr

uorsn[ouo))

sSuIpurj/sinsoy

jusuIssasse HINHS

pasn somaw 2 vOd
woiy apise sayoeorddy

s300lqng

PpaAoAur
SO[OSNWI PUR SIOSUIS

Apnys payroday]

DRAFT: IEEE ACCESS

SNOILVDITddY DINIS TVIOVA 404 VOd

A dT149VL



DRAFT: IEEE ACCESS

V. CONCLUSIONS AND PERSPECTIVES

The purpose of this article is to provide an overview of
the literature reported on the PCA application to process the
SEMG signals acquired from various muscles, especially those
located in the face as well as the upper and lower limbs. In
this context, the PCA has been employed as an unsupervised
feature extraction scheme that reduces the dimensionality of
the SEMG data to befit various myoelectric applications. Fur-
thermore, we recounted several applications of PCA involving
myoelectric signals. The main objective here is to review
noteworthy references in this domain, and to offer pointers
to the literature on this research trend.

Recapitulated below are the rationale behind the strong
preference of PCA algorithm with relevance to the sEMG
data preprocessing. In principle, the PCA identifies a common
temporal pattern across large datasets of SEMG signals, and
defines a low-dimensional space on which the original signals
could be represented as vectors and classified [18]. In this vein,
the PCA could be adopted to process the SEMG activity of in-
dividual muscles recorded during several variants of one motor
action (or even different motor behaviors), and to characterize
the temporal patterns of activity associated with different com-
ponents of the motor action. Recollect from Section II-C that
the PCs explaining a significant proportion of the data variation
could be ascribed to the control signal outputs of spinal pattern
generators [46]; whereas, the rest of the PCs presumably
account for the system-related random noise [41]. Moreover,
the PCA-based SEMG data decomposition facilitates to unravel
the inherent coordinative structures in the correlated patterns
of variation among joints or body segments [47], [48]. These
structures corresponding to walking and gait could render
valuable information on the body control mechanism, and help
correlate walking patterns with injuries [48]. Another potential
application of the PCA is concerned with the analysis of
patterns of SEMG activity recorded via multi-electrode systems
from many muscles throughout the body during one or more
motor actions. In this case, the role of PCA is to identify
spatial temporal neuromuscular synergies underlying the motor
behavior [67].

To summarize, the PCA applications to sSEMG data outlined
here highlight the efficacy of this method in capturing features
from sEMG signals that can provide insight not only on the
activation state of motoneurons, but also on the nature of the
premotor control signals, which would open new avenues for
clinical, neurophysiological, and rehabilitation studies.
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