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"The reasonable man adapts himself to the world;
the unreasonable one persists in trying to adapt the world to himself.

Therefore all progress depends on the unreasonable man."

George Bernard Shaw
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Abstract
During muscle contraction, electrical signals are generated by the muscle
cells. The analysis of those signals is called electromyography (EMG). The
EMG signal is mainly determined by physiological factors including so
called central factors (originating in the central nervous system) and
peripheral factors (originating in the muscle tissue). In addition, during the
acquisition of EMG signals, technical factors are introduced (originating in
the measurement equipment). While needle EMG (nEMG) is the
commonly used method to obtain information on individual neuromuscular
properties, the traditional surface EMG (sEMG) gives indirect information
because it is influenced by many physiological factors simultaneously.
However, by increasing the number of surface electrodes (multichannel
sEMG, MCsEMG), information similar to that of the nEMG can also be
obtained using spatio-temporal signal processing.

The general objective of this dissertation was to develop and evaluate
methods to estimate physiological properties of the muscles using
MCsEMG signals. Those properties can then be used for the
characterization of neuromuscular function and control, and to diagnose
neuromuscular diseases.

In order to obtain accurate physiological estimates, signals seriously
influenced by technical factors (noise) need to be omitted from further
processing. For this purpose, a method for automatic signal quality
estimation was developed. The method’s performance was evaluated using
visually classified signals, and the results demonstrated high classification
accuracy.

A method for estimation of the two major peripheral factors
determining muscle function was developed: the muscle fibre conduction
velocity (MFCV) and the muscle fibre orientation (MFO). Propagating
motor unit action potentials (MUAPs) were detected and their MFCVs and
MFOs were simultaneously estimated, in order to omit the necessity of
manual electrode alignment with respect to the muscle architecture. The
method was evaluated with synthetic signals and demonstrated high
estimation precision at low contraction levels.

An extension of that method was developed, in order to discriminate
between the estimates of MFCV and MFO belonging to single or
populations of MUs. The separation was obtained using spatial information
of the detected MUAPs. This method was applied in a study of the
trapezius muscle and demonstrated spatial separation of MFCV (as well as
MFO) even at high contraction levels. Moreover, prior knowledge obtained
using in vitro histochemical methods were confirmed, and in vivo
assessment of muscle architecture was demonstrated.
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In addition to muscle function, a method was developed to quantify an
important central factor influencing motor control: MU synchronization.
For this purpose the influence of a peripheral factor (the MFCV) on the
sEMG signal was minimized. The performance on simulated sEMG signals
showed high sensitivity in terms of MU synchronization and robustness to
changes in MFCV. The method was applied in a study of the biceps brachii
muscle and the relation to force tremor. The results showed that MU
synchronization accounted for about 40 % of the force tremor during
fatigue and there was a spatial inhomogeneity within the muscle.

In conclusion, new methods to extract physiological information from
MCsEMG recordings were developed. The methods can be used to study
muscle function and motor control in terms of muscle architecture, muscle
fibre characteristics, and information on processes within the central
nervous system.

Keywords: EMG, Multichannel surface electromyography, motor unit
action potentials, conduction velocity, muscle architecture, signal quality,
spatial distributions, synchronization, muscle function, motor control
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1. Introduction

1.1 General introduction
Electromyography (EMG) is the study of muscle function through the
investigation of the electrical signal which occurs in the muscle during
contraction. The EMG signal is mainly determined by central factors
(originating in the central nervous system) and peripheral factors
(originating in the muscle tissue). In addition, several reports indicate
influence of additional factors such as pain (Arendt-Nielsen et al., 1996;
Lundblad et al., 1998; Simons and Mense, 1998; Veiersted et al., 1990) and
psychosocial stress (Geisser et al., 2005; Knost et al., 1999; Lundberg et
al., 1999). Therefore, research on the mechanisms of neuromuscular
diseases and disorders is important, in order to treat and prevent them.

EMG signals can be obtained either invasively using an electrode that
is inserted into a specific region of the muscle tissue (needle-EMG, nEMG)
or non-invasively using electrodes applied to the skin surface above the
muscle of interest (surface-EMG, sEMG). During the acquisition of EMG
signals additional technical factors are introduced (originating in the
measurement equipment).

Generally, nEMG gives “local” information on cellular level muscle
processes whereas traditional sEMG (two electrodes) is used to investigate
a more “global” activity of parts of or the muscle as a whole. However,
increasing the number of surface electrodes (multichannel sEMG,
MCsEMG), and decreasing the distance between them, makes it possible to
obtain both “local” and “global” muscle information (e.g., Reucher et al.,
1987). Although MCsEMG recordings contain, in principle, information
about local physiological properties of the muscle, however, not all local
information is available due to filtering processes of the EMG signals in the
tissue.

Today most clinical applications are based on nEMG for diagnosing
neuromuscular diseases, and sEMG is generally used in rehabilitation
medicine, ergonomy and sport-sciences. However, measurement of sEMG
and especially MCsEMG has several advantages over nEMG, e.g.
• non-invasive method, no medical supervision required, no risk of

infection
• possibility to record during dynamic and long-term measurements
• measurements can be related to developed force of the muscles
• a large spatial area of the muscle can be investigated
• information on both cellular level (local) and on whole-muscle (global)
• measurements are easily reproducible
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During the last years, many methods using linear array MCsEMG
techniques have been published. Their primary objective has been to
estimate an important characteristic of the muscles - the muscle fibre
conduction velocity. This entity can be used to monitor the state of the
muscle fibres, diagnose neuromuscular diseases, and partially characterise
muscle function (Andreassen and Arendt-Nielsen, 1987; Cruz Martinez and
Lopez Terradas, 1990; Naumann and Reiners, 1996; Blijham et al., 2004).
However, there are some shortcomings with these techniques: 1) the
electrodes of the linear array need to be aligned with the orientation of the
muscle fibres which is time consuming, 2) many muscles have regions with
different fibre orientations (architecture), and 3) the spatial information is
discarded.

To cope with this problem, a natural approach would be to study a
larger portion of a muscle using 2-D MCsEMG, and simultaneously
estimate the muscle fibre conduction velocity and the muscle fibres’
orientation. In this way, the main determinants of muscle function, i.e.,
both architecture and distribution of muscle fibre types can be studied.
However, today there are no available sEMG methods to accomplish this.

In practice, with increasing number of channels, the risk of recording
low-quality signals at some of them increases. Such signals are disturbing
for analysis and interpretation and manual assessment may not be practical.
Therefore, using multichannel MCsEMG techniques there is a need for
automatic or semi-automatic methods to quantify signal quality.

In addition to muscle function, the neural input to a muscle comprises
the major determiners of motor control. In several pathological conditions,
and during certain muscle exercises, force tremor may emerge (Mori et al.,
1973; Semmler and Nordström, 1998; Farmer et al., 1997). Such tremor is
related to a so called motor unit synchronisation (Yao et al., 2000; Halliday
et al., 1999). While this is a neurological process within the central nervous
system, this cannot be measured directly without permanent damage to the
spinal cord. Several methods have been proposed to quantify motor unit
synchronisation however, while the sEMG signal is the result of both
neurological and muscle membrane factors, these methods have generally
estimated the mixture of them. Moreover, the physiological relevance of
motor unit synchronisation has not yet been fully understood. Therefore,
there is a need for methods that can continue this work, and in particular, a
method that is independent on muscle membrane characteristics.
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1.2 Objectives
This thesis was focused on spatio-temporal processing of sEMG
recordings. The general objective was to develop and evaluate methods for
estimation of physiological properties of the neuromuscular system with
diagnostic potentials. The specific objectives addressed in this work were
development and evaluation of methods for:

• Automatic signal quality estimation in order to ensure high signal
quality for further processing (addressed in Paper I)

• Estimation of muscle fibre conduction velocity and muscle fibre
orientation (muscle function), (addressed in Papers II and III)

• Quantification of motor unit synchronisation with minimized
dependency on muscle membrane characteristics (neurological control)
(addressed in Papers IV and V)
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2. Skeletal muscle anatomy and
electrophysiology

The study and interpretation of EMG signals naturally requires knowledge
about the underlying processes of muscle contraction. Muscle tissue in
mammals is generally classified in three groups on the basis of
morphologic and functional characteristics: skeletal, cardiac and smooth
muscle tissue. Cardiac and smooth muscle are associated with non-
voluntary contractions of the heart and intestinal processes (slow). The
skeletal muscle tissue is voluntary contractible and is responsible for the
movement. This is also the group which is studied in the scope of this
work.

2.1 Muscle fibres
Skeletal muscle is made up of bundles of muscle fibres. Muscle fibres are
long, multinucleated cylindrical cells that attach to tendons at both ends.
Their length ranges up to 30 cm and their diameter is between 10-100 µm.
The fibres contain longitudinal bundles of myofibrils that contract in
response to neural or electrical stimuli. Myofibrils consist of repeated units,
sarcomeres, comprised of thin and thick filaments (actin and myosin,
respectively), and they are the contractile proteins of the muscle. On the
boundary of the muscle fibres (sarcolemma) there is membrane structure
made up of a system of transverse tubules, the T system, which is
continuous with the membrane. The function of the T system is rapid
transmission of the action potential along (and inside) the muscle.

2.2 Myoelectric source and muscle contraction
Muscle contraction is triggered by an electrical pulse, i.e., an action
potential of an innervating axon called an α-motor neuron. The
motoneuron is connected to the muscle fibre via the motor end-plate, or
neuromuscular junction (NMJ). A potential difference exists across the
fibre membrane of about -70 mV (the resting potential) with respect to the
outside of the fibre. This is related to higher concentrations of the ions Na+,
Cl- in the extra cellular environment and higher concentrations of K+ ions
inside the fibre.

When an action potential of the motoneuron reaches the NMJ,
acetylcholine is released into the synaptic cleft which results in a potential
change of the muscle cell at the NMJ. If the potential change exceeds a
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Figure 1. Illustration of the process of muscle contraction.
A motorneuron innervates a number of muscle fibres and together this complex is called
the motor unit (MU).  Also shown are examples of the neurons’ firing pattern. The
motorneuron connects to the fibres at the neuromuscular junction (NMJ), where the
locations of the NMJs are scattered in a small area called the innervation zone (IZ).
Muscle contraction is initiated when the motorneuron depolarises the muscle fibre and
an intra-cellular action potential (IAP) is generated, which propagates along the fibre
away from the NMJ. The velocity of this propagation is often called muscle fibre
conduction velocity (MFCV). The IAP is generally considered to comprise three phases
or zones and simplified they can be described as: I) Depolarisation (Na+ influx), II)

Motorneuron 2

Motorneuron 1

Contraction

Depolarisation

Conduction velocity
(MFCV)

Innervation zone (IZ)

Neuromuscular juction
(NMJ)

Intra-cellular action potential



17

Repolarisation (K+ outflux, III) Afterhyperpolarisation. The depolarisation of the
membrane also results in release of Ca2+ that initiates the contraction.
certain threshold, about -55 mV, depolarisation (inflow of Na+) of the cell
membrane takes place, and the wave of depolarisation is propagated along
the surface towards the tendons. The depolarisation of the membrane is
followed by a depolarisation phase, and both are caused by the flux of K+

and Na+ ions though ion-channels in the cell membrane (Fig. 1).
The mechanism gives rise to an intra cellular action potential (IAP).

The IAP is essentially spatially defined and the temporal appearance is
related to the propagation of the IAP, and is usually called the muscle fibre
action potential (MFAP). These are the myoelectric sources that in general
can be measured using EMG.

The MFAP propagates along the fibre in both directions from the NMJ
to the tendons where it is terminated. At the NMJ and tendons, the MFAP
will have a different shape and size (Gydikov et al., 1986). The propagation
velocity is called muscle fibre conduction velocity (MFCV), and is
dependent on fibre type and diameter (Håkansson, 1956). In addition, it is
known that changes in firing rate (Nishizono et al., 1989) and fiber length
(Trontelj, 1993) can alter the MFCV.

The depolarisation of the membrane also results in release of Ca2+ that
initiates the contraction. The contraction is usually modelled using the
sliding filament hypothesis (Huxley and Hanson, 1954) in which Ca2+ and
the cells’ main energy source, adenosine triphosphate (ATP), interact with
the filaments: The Ca2+ ions release the inhibition of the actin filament,
permitting interaction with the myosin filament. The activated myosin
heads spontaneously bind to the actin, produce a movement of the myosin
head, and reduce ATP to adenosine diphosphate (ADP) which is released.
This results in shortening of the sarcomere. When ADP is released, the
myosin head detaches from the actin and ATP can again activate the
myosin head. The time between contraction and relaxation, a twitch, is very
long (10-100 ms) as compared with the duration of a single muscle fibre
action potential (1-20 ms depending on the muscle) (Tortora and
Grabowski, 1996). Successive action potentials can therefore activate the
cell before it is fully relaxed. In this way the force produced by each twitch
will add up to a plateau of force (tetanus).

2.3 The motor unit
Each motoneuron branches out and innervates a number of muscle fibres,
and this complex is called the motor unit (MU) which is the smallest
voluntarily contractible unit (Fig. 1). In muscles concerned with fine,
precise movements, there are typically 3-6 muscle fibres per neuron, and in
larger muscles such as in the back of humans the number reaches up to
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several hundreds (Ganong, 1997). The fibres of one MU will also partially
be intermingled with fibres of other MUs. In the human biceps brachii
muscle located in the upper arm, for instance, the MUs are localised in
circular regions with diameters ranging from 5 to 20 mm (Basmaijan and
DeLuca 1985). In the MU, the individual NMJs will be randomly scattered
in a small region located near the middle of the fibres. This is called the
innervation zone (IZ).

2.4 Muscle fibre types
Muscle fibres are usually classified in three groups, type I, IIA and IIB.
Type I, is associated with slow, continuous contraction, and gives the tissue
a dark red colour. The MU size is small as well as the diameter of the fibre
(~10 µm). Type II A also has the dark red colour, but their diameter and
MU size are greater than those of type I fibres. The third type, type II B
fibres, are characterised by strong, rapid discontinuous contraction, and
they have a lighter red colour. These have the greatest fibre diameter (~100
µm) and MU size. The differentiation of muscle tissue into the different
types is decided by the innervating motoneuron. Fibres of type II generally
have larger MFCVs than type I fibres.

2.5 Motor control
The force production of the muscle is generally regulated by recruitment of
individual MUs and by varying the firing rate of the innervating
motoneuron. While force production generally is dominated by recruitment
of new MUs at low forces, increased firing rate is more pronounced at high
forces (DeLuca et al., 1982; Milner-Brown et al., 1973).

With low or minimal voluntary contraction, i.e., force, only a few MUs
discharge and contract, whereas for larger force levels more MUs are
activated. This recruitment process usually follows Henneman’s size
principle (Henneman et al., 1965), which says that small MUs are activated
first and then larger ones are activated as the force increases. In addition,
there is also an intra-muscular co-ordination, between independent regions
of MUs. This means that the spatial distribution of active MUs within the
muscle may vary with task, force level and contraction time (e.g., English
and Weeks, 1984; Grassme et al., 2003; Holtermann and Roeleveld, 2006).

During a normal muscle contraction, the firings of the motoneurons of
the active MUs, are independent in time. This ensures a smooth steady
contraction. The firings of a motorneuron is usually described by a firing
rate, f, however the time between the firings, the inter-pulse-interval (IPI),
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is actually a stochastic variable, IPIi ∈ N(1/fi, σ), where σ is typically about
20 % of the 1/fi.

Figure 2. Firing patterns of the motorneurons of two MUs. Normally, during muscle
contraction the time-instants of different MU firing patterns are independent. The inter-
pulse-interval (IPI) is a random variable, and the firing rate is the inverse of its average.

In a fatigued or pathological state of the muscle, so called MU
synchronization (e.g., Semmler, 2002) may occur. This neurological
phenomenon is a temporal commonality of the neural input to the MUs. As
a consequence, the action potentials propagating along the fibres are
synchronized, causing force tremor (Halliday et al., 1999; Yao et al., 2000).
In mathematical terms, the synchrony of the individual firings of two MUs,
can be expressed as a N(0, σ) process, where σ is typically about 2 ms
(Yao et al., 2000; Kirkwood and Sears, 1991).

Time

MU 1

MU 2

IPI1

IPI2
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3. Bioelectrical basics

3.1 Volume conduction
In sEMG, signals originating within the muscle are measured on the skin’s
surface (endogenic source). The tissue located between the electrodes and
myoelectric source is often considered as a ’volume conductor’, i.e.,
currents are conducted through a volume of tissue.

In general biological tissue has properties of both an electrolyte (free
charges, ions) and a dielectric (bound charges). This means that tissue has
frequency dependent properties and can be described by both imittance
(admittance and impedance) and capacitance. At low frequencies the
electrolytic properties dominate. As the frequency increases the properties
are a mixture of electrolytic and dielectric properties, whereas at
frequencies higher than 10 MHz the dielectric properties dominate.

The most common charge carriers, i.e., ions, in the human body are
Na+, H+, K+, Ca2+, Mg2+, HCO3

-, Cl-, HPO4
2- and SO4

2-. In addition,
proteins are so called zwitter ions, which means that they can take on
positive or negative net charges depending on the pH level. All ions are
surrounded by an ionic atmosphere, consisting of two layers of water
molecules and ions with opposite charge, respectively. These layers will
change the ions effective size and determine the migration and diffusion
processes.

On the microscopic level, tissue is built up by specific cells, which are
considered to have high capacitance and a low but complicated pattern of
conductance (Grimnes and Martinssen, 2000). This means that at low
frequencies, current must pass around the cells and at higher frequencies
the membrane capacitance lets current pass (Fig. 3). Depending on the
cells’ shape and orientation, tissue is considered anisotropic (different
electrical properties in different directions), anti-symmetric, isotropic, or
symmetric.

On a macroscopic scale, biological tissue consists of different layers of
tissue, with different electrical properties. In practice, three different kinds
of tissue are of importance in sEMG: skin, fat, bone and muscle tissue.
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HF

LF

Figure 3. Illustration of the current paths in tissue for low (LF) and high frequencies
(HF). At low frequencies, the electrolytic properties dominate, whereas at high
frequencies, the mechanism is dielectric.

Skin
The skin consists of a superficial part (epidermis) and a deeper connective
tissue part (dermis). The epidermis comprises several layers of epithelial
cells: stratum corneum, stratum lucidum, stratum granulosum, stratum
spinosum, and stratum basale. The impedance of the skin is dominated by
the stratum corneum at low frequencies (<10 kHz). The stratum corneum is
highly inhomogeneous with a hydration gradient in the brick-like layers of
the dead, keratinised cells. However, due to its low thickness (between 0.01
mm and 1 mm), it is usually regarded isotropic. It is considered as a solid-
state electrolyte with moisture content depending on the surrounding air
humidity and very few ions free to move and contribute to DC
conductance. In addition, there are sweat ducts embedded in the skin which
introduce electrical shunt paths, and these are predominantly conductive.

Fat and bone
Fat or adipose tissue is considered isotropic and the electrical properties are
highly dependent on the vascularisation of the tissue. High vascularisation
implies greater conductivity, but imposes less homogeneity of the tissue.

Muscle
Muscle tissue is highly anisotropic, with a conductance ratio about 1:8
between transversal and longitudinal directions for frequencies below the
kHz range (Grimnes and Martinssen, 2000). Muscle tissue is one of the
tissues with the highest conductivity within the human body.

In contrast to equivalent electrical capacitances and resistances, tissue
shows frequency dependent imittance and capacitance (dispersion).
Therefore tissue properties are usually studied by dielectric spectroscopy.
This gives information on the electrical and physical behaviour of the
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molecules and structures within a tissue (i.e., polarisation relaxation). This
is not related to nuclear magnetic relaxation (NMR) where an
electromagnetic field is used to obtain information on molecular structure
(i.e., relaxation processes of atoms’ magnetic spin). For detailed data on
properties of different tissue please see books by Grimnes and Martinssen
(2000) or Geddes and Baker (1989). The characteristic filtering properties
and gain decrease of sEMG signals in tissues as a function of depth can be
seen in Figure 4 below.

Figure 4. Isolines of different gain due to the volume conduction effect. This is a
consequence of subcutaneous fat, skin and muscle tissue acting as a low-pass filter on
bioelectric signals measured at the skin’s surface. The effect can here be seen in terms
of frequency dependency (solid, dashed and dotted lines represent 32, 96 and 192 Hz)
with respect to gain. Note, the anisotropic attenuation with depth as compared to the
distance x (across the skin’s surface).

3.2 Electrode-skin interface
The electrode-skin interface is generally divided into two parts: the
electrode-electrolyte part and the electrolyte-skin part.

Electrode-electrolyte
When a metal comes in contact with an electrolyte (solution with ions or
water), it will release metal ions into the electrolyte according to the Nernst
equation of equilibrium (e.g., Grimnes and Martinssen 2000). In addition,
the metal is hydrated to some extent. In this way an electric double layer is
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formed and a so called half-cell potential arises between the metal and
electrolyte arises. This double layer gives rise to frequency dependent
properties.

All metals show different half-cell potentials and different time
constants for stabilisation of the electrical double layer. Therefore,
electrodes are usually chosen to be of the same material since they should
ideally have zero potential difference.

The electrode-electrolyte has polarisation properties which depend on
the electrode metal. A common electrode material is the Ag/AgCl electrode
which was specifically designed to show low polarisability and small half-
cell potential. In contrast, pure noble metals (Ag, Au, etc.), are highly
polarisable. This is of less importance in sEMG where we are interested in
measuring potentials, i.e., non-current conditions. In practice, however, we
still have small currents and this can cause unstable DC potentials.
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Figure 5. Illustration of the formation of the electric double layer at the electrode,
which results in a so called half-cell potential.

Electrolyte-Skin
In general the electrode-skin interface is dominated by the properties of the
skin. However, if the stratum corneum is sufficiently saturated by
electrolyte, the electrode-electrolyte interface can dominate. The use of
contact gels (electrolytes) increases the conductive properties of the skin.
The diffusion of a gel is a slow process which is inversely proportional to
its concentration. If no contact gel is used the natural electrolyte consists of
Cl- ions and water. If the water content or ion concentration is low the
capacitative properties of the skin dominates.

3.3 Electrodes and detection system
Electrodes are either in galvanic or non-galvanic contact with the body
(skin). Non-galvanic electrodes use either capacitance or inductance to
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measure the signals with electric, magnetic or electromagnetic-fields.
These electrodes are not polarisable but a general drawback is their high
sensitivity to motion artifacts of skin relative to electrode.

Galvanic electrodes are used either with contact gel (wet or recessed
electrodes) or without (dry electrodes). Generally, the electrical properties
of non-invasive electrodes are dependent on their contact area (Griss et al.,
2002; Huigen et al., 2002), material (e.g., Ragheb and Geddes, 1990), and
surface structure (e.g., Bates and Chu, 1992).

In addition, using several electrodes (a detection system), filters the
spatial amplitude distribution on the skin’s surface, depending on the inter-
electrode distances (IED). In order to avoid spatial aliasing, according to
the Nyquist theorem, the spatial sampling frequency has to be at least twice
the maximal frequency of the measured signal. The largest IED required to
obtain complete information about the spatial potential distribution can be
calculated and it has been shown that this can only be achieved when the
IED is in the millimetre range e.g., 2.5 and 5 mm for superficial muscles
such as the abductor pollicis brevis muscle and the biceps brachii muscle,
respectively (Reucher et al., 1987). Small distances require small electrode
dimensions and therefore the electrodes have to be made active in order to
detect very small amplitudes.

3.4 Noise sources
This section gives a brief review of the major sources of noise using
sEMG.

Electrode-skin interface noise
The noise from this interface is related to electrode contact area, shape, and
signal frequency (e.g., Huigen et al., 2002). The noise is reduced on-line by
thorough preparation of the skin, including washing and rubbing with
alcohol. Other options are to use a contact gel or reduce the thickness of the
stratum corneum.

Power-line interference
Power-line noise is coupled through two mechanisms (Wan and Nguyen,
1994; Clancy et al., 2002):
1) A closed loop is formed by the electrodes, patient and amplifiers. A
time-varying EM-field induces a current due to Lenz’ law and impedance
differences between electrodes impose a differential potential.
2) Common-mode signals (signals common in electrodes) are converted to
differential potentials due to the potential divider effect and impedance
differences of the electrodes.
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The problem is minimised on-line by shielding or removing the
electromagnetic source. In addition, cables should be as short as possible
with twisted leads (minimise the loop-area) and the impedance should be
minimised at all electrodes. Minimisation of the individual impedances also
reduces the impedance differences. Off-line solution to the problem is
usually solved by notch filters or adaptive filtering or interpolating
methods. However, the power-line energy is in the middle of the frequency
spectrum of the sEMG signals and filtering often distorts the signal.

Motion artifacts
Motion artifacts arise due to disturbances of the electric double layer of the
electrodes or deformation of the skin (de Talhouet and Webster, 1996). The
problem is minimised on-line by using gel (which acts as a shock absorber)
or by reducing skin impedance by reducing stratum corneum thickness or
perforating the skin (Basmaijan and DeLuca, 1985). An off-line solution is
generally application of high-pass filters with cut-off frequency about 20
Hz.

Cross-talk
Cross talk noise is muscle activity originating from non-relaxed antagonist
muscles or other muscle groups. This influence can be reduced by thorough
electrode placement, spatial (Disselhorst-Klug et al., 1999) and temporal
filters (Dimitrova et al., 2002; Dimitrov et al., 2003; Grassme et al., 2003).

Additional sources
Additional noise is introduced by the amplifiers (usually less than 2
µVRMS), A/D conversion errors, and triboelectric noise (electrical
discharges).
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4. Surface electromyography

EMG signals can be obtained in two ways: invasively using an electrode
that is inserted into a specific region of the muscle tissue, nEMG, or non-
invasively using electrodes applied to the skin surface above the muscle of
interest, sEMG.

4.1 Common EMG techniques
Generally, nEMG gives “local” information on single muscle fibres and
MUs by investigating MFAP waveform shapes and MU firing pattern. The
main applications of EMG investigations in clinical use are characterisation
of muscular and neurological diseases and disorders. The basis for
interpretation is that changes in the estimated variables can be related to
various diseases in which the properties of the fibres of the MUs are
affected: action potential duration, shape, number of phases, rise-time, etc.
(Stålberg et al., 1996).

The MFCV is one of the most basic physiological parameters estimated
with sEMG, since it is dependent on intrinsic muscle properties such as
fibre type and diameter (Håkansson, 1956). MFCV estimates can be used to
study the fibre types of active MUs, MU recruitment, and the principles
behind muscle fatigue (e.g., Andreassen and Arendt-Nielsen, 1987;
Sadoyama et al., 1988; Sakamoto and Mito, 2000; Schillings et al., 2003;
Houtman et al., 2003). In addition, several neuromuscular diseases are
characterised by a change in MFCV (e.g., Cruz Martinez and Lopez
Terradas, 1990; Blijham et al., 2004).

In contrast to needle-EMG, traditional sEMG (bipolar sEMG) is used to
investigate the “global” activity of parts of or the whole muscle. Global
activation is usually investigated using amplitude variables, such as
average rectified value (ARV), or root-mean-square (RMS) (equation (1)),
and spectral frequency variables such as mean frequency (MNF) (equation
(2)), median frequency (MDF), instantaneous mean frequency (IMNF)
(equation (3)), or central moments of the power spectra (e.g., Basmaijan
and DeLuca, 1985; Merletti et al., 1995; Karlsson, 2000).

Of the above described variables, the three of the most commonly used
are

21 ( )RMS x t dt
T

= ∫ (1)
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( )

( )

f P f df
MNF

P f df

⋅
= ∫
∫

(2)

( , )
( )

( , )

f TFR t f df
IMNF t

TFR t f df

⋅
= ∫
∫

(3)

where x(t) is the sEMG signal, P(f) is it’s power spectral density, and
TFR(t,f) is any time-frequency representation of x(t). The global variables
are usually used in the fields of rehabilitation medicine, ergonomy and
sport-sciences, by studying amplitude, onset of activation, and fatigue.

4.2 Interference
The potential distribution on the skin’s surface is in principle a summation
of all active MUs’ MFAPs due to the simultaneously depolarized muscle
fibres of a MU. This is usually refered to the MU action potential (MUAP).
However, due to the effect of volume conduction, the MFAPs located at
different distances from the electrodes are differently filtered. As a
consequence, the sEMG signals are highly complex (Fig. 6). This
interference of MUAPs is dependent on contraction level. If only a few
MUAPs are active, they could easily be observable in the time signals,
whereas for high contraction levels, the signals appear stochastic.

Figure 6. The potential distribution measured at the surface of the skin is a
superposition of the action potentials of each MU. The interference pattern of the
MUAPs becomes clear when several MUAPs are active, as well as the complexity of
the recorded signal.
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4.3 Spatial filtering
By applying spatial filters, the activity of different MUs can be spatially
separated. In addition, cross-talk, i.e., activity of distant bioelectrical
signals, may be reduced (e.g., Disselhorst-Klug et al., 1997). MUAPs
located close to the skins surface contribute to the potential distribution on
the skin with a spatially high potential gradient, whereas distant MUAPs
and far field potentials generate flat potentials (Fig. 7).
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Figure 7. A MU located close to the skin surface gives a spatially steep potential
gradient B, and MUs distantly located gives rise to a flat potential A. The figure shows
that a bipolar electrode configuration with a small interelectrode distance mainly picks
up the superficial muscle activity C, ∆U. Since the flat potential changes little in
amplitude for small inter-electrode distances ∆U2, the electrodes mainly pick up the
potential ∆U1.

Using multichannel systems, a number of standard spatial filtering
techniques are available, some of which also are used in image processing
(Rau and Disselhorst-Klug, 1997; Disselhorst-Klug et al., 1997). Some
indications have been documented regarding filter performance in terms of
signal-to-noise ratios (SNRs) and isotropy issues (Disselhorst-Klug et al.,
1997; Östlund et al., 2004). Isotropy, i.e., rotational symmetry of the spatial
transfer functions, is related to the spatial selectivity, i.e., rejection of the
low frequency of the signal (Farina and Cescon, 2001).

The characteristics of some spatial filters improving spatial selectivity
are described below:
• Bipolar, or single differential

This is the lowest order of a spatial filter. At low contraction levels,
when only a few MUs are active, the spatial filter can achieve distinct
discrimination of different MUAPs.

• Laplacian, or normal double differential
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Five electrodes arranged crosswise and weighted with –4 for the central
and +1 for the others are put together. This improves the spatial
selectivity in all directions.

• Adaptive spatial filters
By adaptively adjusting the filter coefficients, the SNR can be enhanced
as compared with the filters described above. This can be done by
finding filter coefficients on the basis of maximising the filtered signals
kurtosis, long-tailed distributions (Östlund et al., 2004, 2006). These
kinds of filters are not symmetric, but they can be used for
decomposition of MUAPs.

4.4 Temporal filtering
A praxis in sEMG processing is to high-pass filter the signals (at about 10-
20 Hz) in order to reduce the influence of motion artifacts (Basmaijan and
De Luca, 1985; Merletti and Parker, 2004). While spatial filters are used to
enhance the spatial selectivity and reduce cross-talk (Disselhorst-Klug et
al., 1999), it has been shown that temporal filtering also partly suppresses
cross-talk (Dimitrova et al., 2002; Dimitrov et al., 2003; Grassme et al.,
2003), and increases spatial selectivity (Grassme et al., 2003; Dimitrov et
al., 2003). Moreover, very high high-pass filtering can retain information
about the contraction level of a muscle (Potvin et al., 2004).

In general, the sEMG power spectrum is considered to comprise
different frequency sub-bands in terms of the average firing rate, MFCV,
etc (Basmaijan and DeLuca, 1985). Moreover, the effect of different
distributions of MFCV has been indicated to inhomogeneously effect
frequency bands of the powerspectrum (Dolan et al., 1994; Potvin and
Brown 2004; Basmajian and DeLuca, 1985).

4.5 Modeling
Several models of generating sEMG signals have been proposed in the
literature, including distribution based models (Shwedyk et al., 1977;
Stulen and DeLuca, 1981), and models based on single muscle fibre action
potential. For the latter case, four models (RRDsim, Anvolcon, SiMyo, and
EMG-Sim) are freely available from the project “Surface EMG for Non-
Invasive Assessment of Muscles” (Hermens et al., 1999). These models
allow the EMG signals to be simulated as the superposition of single
MUAPs.
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Another model was introduced by Farina and Merletti (2001). The
model considers the volume conductor as a layered and isotropic medium
(muscle, fat and skin tissues), electrode physical shape and size, finite
length fibers, etc. Mathematically, this is achieved by applying two-
dimensional filters to the input current density function, derived from the
intracellular action potential described by Rosenfalck (1969). The resulting
sEMG signal, in the spatial frequency domain, is therefore given by:

( ) ( ) ( ) ( ), , , , , ,x z n x z VC x z x z
n

k k t H k k H k k I k k t 
Φ = ⋅ ⋅ 

 
∏ (4)

where Hn are transfer functions of electrode shape and size, inclination of
detection system with respect to fibre orientation, fibre lengths, conduction
velocity, etc, and I is the transfer function of the transmembrane current
density function as given by Rosenfalck (1969).

In particular, the volume conduction is modeled as:

( ) ( ) ( )( ) ( )( )(0
1 1

2

2, 1 coshyak y
VC x z c y y

a

H k k e R k h d k h dα
σ

−= + + + +

( ) ( )( ) ( )( )) 1

1 11 coshc y yR k h d k h dα
−

− − − (5)

where

2 2
y x zk k k= +

2 2
ya x a zk k R k= +

( ) ( )ya y ms k k R tgh sα = +

d = thickness of the skin layer
h1 = thickness of the fat layer
y0 = depth of the source in the muscle
σ2a = the conductivity across the muscle fibres
Ra = the conductivity along the muscle fibres divided by the conductivity
across the muscle fibres
Rc = the conductivity of the skin layer divided by the conductivity of the fat
layer
Rm = the conductivity of the fat layer divided by the conductivity across the
muscle fibres
kx and kz are the spatial angular frequencies
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The above equation (5) was incorrectly written in the paper by Farina and
Merletti (2001) and is given correctly here. By summing simulated,
repeatedly activated source signals, which are located in different parts of
the muscle and therefore filtered with different transfer functions, a
simulated sEMG signal can be created. This model simulates the volume
conductor as flat layers, and the model was later extended to a concentric
layered cylindrical volume conductor (Farina et al., 2004).
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5. Theory

This section briefly surveys some basic theory which the methods in this
thesis were based on.

5.1 Outlier detection
Outliers are data observations that have abnormal values with respect to the
bulk of the observations. Outliers can be found using parametric methods
where a specific distribution is assumed or using non-parametric methods
with no or minimal distribution assumptions. While it is quite easy to detect
single outliers by means of most parametric methods at a low
computational cost (e.g., Healy, 1968; Tabachnick and Fidell, 1996), this
approach is often insufficient when multiple outliers are present because of
the masking effect, i.e., the sample mean and covariance matrix are
themselves affected by the outliers.

A general parametric outlier detection method is the Mahalanobis
distance (Healy, 1968). A multivariate observation, xn, is classified as an
outlier if

( ) ( )1 2
n n ,1 -  - T

P αχ−
−>x x S x x , (6)

where x is an N x P matrix, x  is the mean vector of x, xn is nth row vector
of x, S is the covariance matrix of x, and α is the significance level.

One of the simplest non-parametric methods to detect outliers is the
univariate boxplot (Tukey, 1977). Assume that x is a sampled random
variable, then this method classifies an observation, n, as an outlier if

( )
( )

1 3 1

3 3 1

[ ]
q C q q

x n
q C q q

< − ⋅ −
> + ⋅ −

, (7)

where q1 and q3 are the first and third quartiles (25 and 75 % percentiles).
The constant C defines the significance, where C = 1.5 or 3 retains 95 % or
99 % of a normally distributed variable.

In the multivariate case there exists bivariate extensions of the boxplot
(e.g., Goldberg and Iglewicz, 1992; Zani et al., 1998) or heuristic methods
(Atkinson, 1993; Rousseeuw and Driessen, 1999; Hyndman, 1996). The
basic idea of the bivariate boxplot as introduced by Goldberg and Igelwicz
(1992) is based on the fact that the optimal confidence limits for bivariate
Gaussian data are ellipses. However, for the non-parametric case they
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constructed the confidence limits using four separate quels (quarter
ellipses), matched on their major and minor axes to obtain a continous
limit. This allows asymmetric data with different spread in all directions.
The bivariate boxplot is also known as the quelplot. The computation of the
bivariate boxplot involves seven estimators (two robust estimators of
location, two estimators of scale, one estimator of correlation, and two
estimators of the proportions of the data on both sides of the major and
minor axes of the ellipses). For details see Goldberg and Iglewicz (1992).

5.2 Border detection using cost functions
A border is a structure in a data set that is usually defined by, e.g., high
gradients or amplitudes. Detection of borders is a common problem in
processing of images or sequences of images. A border can be defined in
any multidimensional data of more than two dimensions. One interesting
method to detect borders is to use cost-functions (Sonka et al., 1998),
because the border can then be explicitly defined. Basically, the border
detection process is transformed into a search for the optimal path between
a start and end point in the data, using weighted path conditions. Each path
in the data will be associated with a specific cost depending on the path
conditions and the optimal path has the minimal cost.

Suppose the border, P, is defined by the following set of multidimensional
points, pn, in the data:

( )1 2, ,..., N ∈p p p P .

Then the optimal path is calculated through

1

min  ( ) ( )
N

sum n
n

C C
=

=∑P p , (8)

where N is the number of points of the border, and

1
( ) ( )

J

n j j n
j

C w C
=

= −∑p p (9)

is the sum of J cost functions, Cj, weighted by the constants, wj.
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The problem of finding the path may be reduced to a simple algorithm as
follows:
Consider the problem

1 2 3 4min  ( , , , )
ix

h x x x x . (10)

If nothing is known about h, the only technique that guarantees a global
minimum (or maximum) is an exhaustive search over all combinations of
the discrete values of (x1, x2, x3, x4).
To reduce the complexity of the calculations, Bellmann’s principle
(Bellmann and Dreyfus, 1962) may be introduced, stating that ”the
optimum path between two given points is also optimum between any two
points lying on the path”.
If we suppose that

( ) 1 1 2 2 2 3 3 3 4( , ) ( , ) ( , )h h x x h x x h x x⋅ = + + (11)

and x1 only depends on x2 in h1. Then we can minimize over x1 in h1 and
find the best value of h1(x1,x2) for each x2:

1
1 2 1 1 2( ) min  ( , )

x
f x h x x= (12)

Continue in the same manner to eliminate x2 and x3 by computing f2(x3) and
f3(x4) according to:

[ ]
2

2 3 1 2 2 2 3( ) min  ( ) ( , )
x

f x f x h x x= + (13)

[ ]
3

3 4 2 3 3 3 4( ) min  ( ) ( , )
x

f x f x h x x= + . (14)

This leads to a the final solution of

( )
3

3 4min  min  ( )
x

h f x⋅ = . (15)

Generalizing to N variables and f0(x1) = 0, yields

[ ]
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1 2 1 1 1

1

( ) min  ( ) ( , )

min  ( ) min  ( )
n

i N

n n n n n n nx

N Nx x

f x f x h x x

h f x
−
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−

= +

⋅ =
. (16)
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The cost function, i.e., equation (8), may now be generalized to

1 1 1 2 2 1

1 1 2 2 2 2

1 1 2 2

( ) ( ) ( ) ...
               ( ) ( ) ...
                ...
               ( ) ( )

sum

N N

C P w C p w C p
w C p w C p

w C p w C p

= − − −

− − −

− −

(17)

In practice, a cost accumulation matrix is often used, and the optimal path,
P, is found by tracing back from the minimal accumulated cost position via
nodes of this matrix.

5.3 Density estimation
Analysis of a sampled P-variate variable, x, with unknown probability
density function, f(x), can be performed using parametric or non-parametric
methods. In practice, however, the parameters of f(x) are generally not
known. To overcome this problem, non-parametric methods can be used,
and they provide a consistent approach to approximate the unknown, f(x),
without prior knowledge.

The histogram is the simplest non-parametric density estimator and the
one that is most frequently used. Basically, the data observations are
divided into intervals (bins) and the histogram displays the number of
observations in each interval.

The histogram belongs to the so called kernel density estimators
(Silverman, 1986; Scott, 1992), where a kernel function, K, is used to
smooth the distribution of the samples. Assume that X1,X2,…,XN are
samples of a random P-variate variable (with an arbitrary underlying
distribution), then the probability density can be estimated as:

( ) ( )1

1

ˆ
N

n
n

f N K−

=

= −∑ Hx x X , (18)

where H is the bandwidth matrix. The bandwidth matrix can be thought of
as the variance of the kernel function, controlling both the spread and the
orientation of the kernel. While the choice of kernel function is merely a
matter of convenience, the bandwidth matrix selection determines the
performance in the density estimation (see, e.g., Silverman 1986).
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Figure 8. Example of a bivariate data set and isobars of the corresponding estimated
bivariate density. A Gaussian kernel with a symmetric bandwidth of 0.75 was used.

An inappropriate choice will result in over- or under-smoothed
distributions. The most commonly method to determine a bandwidth matrix
is based on the Mean Integrated Squared Error (Silverman, 1986).
However, in practice, choosing an optimal bandwidth is not an easy task.
For a survey see Wand and Jones (1994).

A common kernel choice is the Gaussian kernel, ( ),K N 0 S∼ , which
results in the density estimator:

( )
( )

( ) ( )-1
n n1/ 2/ 2

1

1 1ˆ exp
22

N
T

P
n

f
N π =

 = − 
 

∑x x - X S x - X
S

, (19)

where S is the sample covariance matrix. Assuming a symmetrical kernel,
the covariance can be rewritten as 2= hS Ι . Hence, the density estimator is:

( ) 1 n

1

ˆ
N

Gauss
n

f N K
h

−

=

 =  
 

∑ x - Xx (20)

In general, the density estimation involves a large number of convolutions.
A method to reduce computational complexity is to use binning methods
prior to the smoothing procedure (Silverman, 1986; Fan and Marron,
1994). The N observations of the data are binned using G bins, and
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( ) ( ) ( )* 1

1

ˆ
G

g g g
g

f G K−

=

= − ⋅ −∑ Hx´ x´ x x´ x c , (21)

where xg are central values of each bin and cg is the number of original
observations in bin g. This is essentially equal to using a step-function
kernel in G bins (histogram) prior to a smoothing kernel, KH.

An alternative to the kernel density estimator is the mixture model,
where the underlying density, g(x), is approximated as

( ) ( )
1

ˆ
M

i i
i

g p g
=

=∑ ix x |θ , (22)

where the pi’s are the mixing weights, and the gi’s are densities
parameterised by θi, and M is the total number components in the mixture.
The mixture model is then generally obtained using expectation
maximization methods (Dempster et al., 1977). Choosing the appropriate
number of components M in the mixture is crucial for the performance and
is related to the smoothness of the approximated density. Data-based
methods to estimate M, have been summarized by McLachlan and Peel
(2000).

5.4 The continuous wavelet transform
Traditionally when analyzing the frequency components of a signal, the
well known Fourier transform is used. This transform is useful when the
frequencies of the signal are invariant with time (stationary signals).
However, in most real-life situations the signals have temporal behaviour
(non-stationary signals). Such signals can be analysed using so called time-
frequency methods. The interested reader is referred to (Rioul and Vetterli,
1991; Karlsson, 2000; Merletti and Parker, 2004) for additional reading on
the topic.

A common time-frequency method is the wavelet transform, where the
signal basically is projected to a set of basis functions that are local in both
time and frequency. Wavelet transforms exists in two forms: the continuous
or redundant (CWT) and the discrete wavelet transform (DWT). In general,
the CWT is convenient to use in analysis of signals and the DWT is used
for synthesis. In this work the CWT is exclusively used. The CWT of a
signal, x(t), is described by its correlation with a scaled and translated
mother wavelet function, ψ(t):
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1 2 *( , ) ( )CWT
t bc a b a x t dt

a
ψ− − = ⋅  

 ∫ , (23)

where ,  and 0a b a∈ ≠R , and the superscript * denotes complex conjugate.
The CWT is a reversible transform if a certain admissibility condition is
satisfied:

2ˆ ( )f
C df

fψ

ψ
= < ∞∫ (24)

The reconstruction is then carried out as

1
2( ) ( , )CWT

t b dadbx t C c a b
a aψ ψ− − =  

 ∫∫ . (25)

Equation (24) implies that the wavelet must be oscillatory and that

( ) 0t dtψ =∫ . (26)

Moreover, this implies that the wavelet function must have band-pass
characteristics. Thus, the CWT can be viewed as a bandpass analysis,
where the scaling parameter, b, relates to the center frequency and
bandwidth. For a wavelet localized around center frequency f0, the scale a
corresponds to a pseudo frequency of f = f0 / a.

Figure 9. The trade-off between time and frequency resolution using the Fourier and
Wavelet transforms.
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An important property of the CWT is that there is a trade-off between the
time and frequency resolutions: the time resolution is better for high
frequencies and vice versa. This is illustrated in Figure 9.

A common wavelet is the Mexican hat wavelet, which is given by:

( ) ( )
2

22
1/ 2 1/ 4

2 1 e
3

t

t tψ
π

 −
  
 = − (27)

Figure 10. This figure illustrates the Mexicanhat wavelet at different scales and
translations. The numbers indicate the scale.

5.5 Density characterization
The distribution of a random variable can be characterized using statistical
moments. The jth (theoretical) moment of a random variable, x, with
probability density function, p(x), is given by

{ } ( )j j
j E x x p x dxα

∞

−∞

= = ∫ . (28)

The corresponding jth central moment of x is defined by

( ){ } ( ) ( )1 1
j j

jm E x x p x dxα α
∞

−∞

= − = −∫ (29)
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The central moments are thus computed around the mean of x. The second
central moment is commonly referred to as the variance of x. The third is
often normalised as 3/ 2

3 2/m m  and is then called the skewness. Skewness is a
usually used as a measure of asymmetry of the probability distribution and
is zero for symmetric probability distributions. Subtracting 3 from the
fourth order central moment with 3, we obtain the kurtosis, which is often
used as a measure of non-Gaussianity, or the length of the tails of a
distribution In general, the kurtosis is very outlier prone, resulting in the
fact that even a small number of outliers may mask the “true” distributional
properties as characterized by the kurtosis.

Figure 11. Illustration of three signals, X, and their underlying different densities. I)
Normal distribution, II) skewed distribution, and III) a Laplacian, or kurtotic
distribution.

In practice, when x is a variable containing the samples x[n], n=1..N, the
central moments can be estimated directly from the measurements using
the sample central moments as

( ){ } [ ]( )1 1
1

1
1

N jj
j

n

s E x d x n d
N =

= − = −
− ∑ , (30)

where
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= = ∑ . (31)

In particular, the skewness can thus be estimated by
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∑

∑
(32)

Here we can see that the skewness is dimension free (i.e., not dependent on
the units of the measurement), and it is biased on the sample size, N. As a
consequence, the skewness is often normalized by (N-1)1/2 in order to
remove this sample size bias.
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6. Methods

6.1 Simulated signals
In order to evaluate the performance of the methods proposed in Papers II
and IV, simulated sEMG signals were generated using a slightly modified
version of the model proposed by Farina and Merletti (2001). In Paper IV,
MU synchronization was modelled by shifting randomly selected firing
instants, as proposed by Yao et al. (2000). The main parameter choices in
the papers are given briefly below:

Paper II
• Activity of up to 9 MUs, comprising 1 fibre each (low contraction

level).
• Different MFCV and MFO.
• Constant depth of MUs in the muscle.
• 12x10 bipolar sEMG signals.
• Parameters essentially as in Farina and Merletti (2001).

Paper IV
• Activity from 260 MUs, comprising from 50 to 450 fibers.
• Fully recruited muscle (with cross-sectional area 20 x 40 mm depth x

width).
• Different MFCV, MU synchronization, and firing rate.
• One monopolar signal simulated 2 cm away from the innervation zone.
• IZ width was 1 cm.
• Parameters similar to those used by Farina et al. (2002), and Kleine et

al. (2001).

6.2 Experimental signals
In paper I experimental signals were used to evaluate the method, in paper
II they served as exemplifying the method’s performance and in papers III
and V, the recordings were used to study physiological hypotheses.

Experimental sEMG signals were obtained using a 13 by 10 active
electrode-grid device (a modified ActiveOne, BioSemi, Amsterdam,
Netherlands) with 1.5 mm electrode diameter and 5 mm inter electrode
distance, covering 6 by 4.5 cm of the skin’s surface. Data was recorded
with a common reference (monopolar recordings) and converted from the
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range ± 33mV with 16 bit resolution and a sampling frequency of 2048 Hz.
The anti-aliasing filter was a 5th order Bessel with -3 dB gain at 512 Hz.

In Paper I, III, and V, a force signal was acquired using a dynamometer
(BIODEX System 3 Pro, Biodex Medical Systems, Shirley, New York,
USA). The sampling frequency was 1000 Hz digitized with 16-bit
resulotion.

6.3 Subjects
Subjects participated in all studies except Paper IV (simulation study). All
subjects were males and gave their informed concent prior to participation.
Surface EMG signals were recorded from two muscles: the biceps brachii
and the trapezius muscle.

Paper I
Eight healthy subjects (age 21 to 35 years) participated. Four performed
isometric elbow flexion, and four performed isometric shoulder elevation
using a dynamometer. The subjects performed isometric contractions at 5,
25 and 50 % of MVC.

Paper II
Two healthy subjects participated. Recordings from the biceps brachii at 5
% MVC isometric elbow flexion were obtained. In addition, recordings
were obtained before and after the subjects performed 20 dynamic
contractions using a 10 kg weight.

Paper III
Twelve subjects (age 20 – 35 years) participated. Five performed bilateral
isometric shoulder elevation and seven performed isometric elbow flexion.
The subjects performed sub-maximal contractions at 5, 10, 25 and 50 %
MVC during 10 s.

Paper V
Thirtynine subjects (age 18 – 28 years) participated. The subjects
performed isometric elbow flexion at 25 % MVC until exhaustion with the
dominant arm in supinated position.
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6.4 Estimation of signal quality
Due to the low-pass filtering effect of volume conduction, at any given
time the monopolar signals of a MCsEMG recording are expected to lie
within a certain range. By examining such distributions, statistics on
abnormally low or high values can be used to detect observations which are
outside this range, e.g., outliers. An abnormally low or high potential as
compared with the bulk of the signals, may represent a signal of non-
physiological origin or may represent noise.

The proposed method comprised the following steps:
1) Calculate the standard deviation (SD) of each channel in two time

windows with different lengths (Fig. 12).
2) Find observations (channels) that are bivariate outliers, as compared

with the bulk of the channels, using the method proposed below.
3) Move time windows and repeat step 1 and 3 until 1 second has been

covered.
4) Signal quality was calculated as the outlier probability, P, which was the

number of outlier detection events for a channel normalised with respect
to the signal length.

Performance of the outlier probability estimator was evaluated using
visually assessed signals (see results section).

Figure 12. An example of sEMG signals from a 2 by 2 channel grid, and time-windows
used to obtain the two SDs. For each signal the visually assessed quality, very poor
(G1), poor (G2), or good (G3), is given together with the estimated outlier probabilities,
P.
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Multivariate boxplot
A multivariate boxplot was proposed, based on the principles of the
bivariate quelplot proposed by Goldberg and Iglewicz (1992). A
modification of that method is here proposed in order to reduce
computational time.

Notations:
For notational simplicity, we denote the jth column vector as M*,j, and the
nth row vector as Mn,* in the matrix M.

Let X be an N x P matrix containing the N independent
samples/observations of P variables.
First, the variables are de-correlated using robust principal component
analysis (PCA). This is concomitant with rotating the variables in the
direction of maximal variance and minimising the influence of outliers. The
new principal component variables are given by

=Z XA , (33)

where A is a matrix with the eigenvectors of the robustly estimated
covariance matrix. The matrix was estimated using a subset X̂  of X ,

,*
ˆ

k=X X , (34)

retaining the observations k, corresponding to 50 % of the observations
with the smallest Euclidean distance, dk, from their median centre:

( ) ( ){ }( ){ }1
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N
k n n

k k d d
=

= <X X , (35)

where

( ) ( )( )2

, *,
1

median
P

n n p p
p

d
=

= −∑X X X . (36)

Next, percentiles of the principal component variables were estimated as

( ) ( )
1 3 *,,50,{ , , } percentilesp p p pQ QL M U = Z , (37)

for p=1..P. Using the percentiles, centroid location was obtained as (M1,
M2,…,MP) and the inner region was defined by matching four ellipses on
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the major and minor axes where the Lp and Up parameters are lower and
upper crossing points for the axes p=1..P. The outer region was constructed
as the inner region by replacing the Lp and Up parameters with Lp’ = C(Mp-
Lp) and Up’ = C(Up-Mp) (illustrated for P=2 in Figure 13B).

Using simulated P-variate normal data, the percentiles, Q1 and Q2, were
chosen such that the inner region contained 50 % of the observations, and
the constant C was selected such that 99 % of the data were retained in the
outer region. If P=2 (bivariate case) this corresponds to {C=1.6, Q1=11.3,
Q3=88.7}, and if P=3 then {C=1.2, Q1=6, Q3=94}. Now, the an observation
n is classified as an outlier if

( ) ( ) ( )( ) 0.52 21 1sin cosn n nd b aθ θ
−

− −> +Z , (38)

where

a = Rp 
sign cos(θn)

,

b = Rp 
sign sin(θn)

,
Rp

+ = Up’
Rp

- = Lp’,

and θn is the polar co-ordinate angle for observation n. However, instead of
using equation (38), the univariates Z*,p, could be rescaled on both sides of
their medians to obtain the same radius of the outer region, a=b=1, i.e., a
unit circle. This is possible since the percentile ranges are based on ranks
which are scale invariant. In practice, we obtain a new set of variables Z
where

'
, ,

'
, ,

/
/

n p p n p p

n p p n p p

U M
L M

 >
 <

Z Z
Z =

Z Z
 (39)

for all n = 1..N and p = 1..P. In this way an observation, n, was identified as
an outlier if

( ) 1nd >Z . (40)
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A

B

Figure 13. Illustration of the outlier detection method. The figure shows an example of
a bivariate data set (A) and the corresponding rescaled robust principal component
variables (B), indicating outliers outside the unit circle radius.
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6.5 Detection of propagating MUAPs
The propagation of an MUAP along the fibres gives rise to a translating 2-
D waveform in the amplitude maps. Therefore, propagating MUAPs can be
described mathematically as:

( )( ) ( )( )( , ) ' 'IZ IZMUAP t MUAP t MUAP t+ −= − + + − −x x x x x x x (41)

where MUAP+ and MUAP- are the action potentials propagating in opposite
directions about the position of the IZ located at ( ) T

IZ IZ IZx y=x ,

( )  Tx y=x , ( )'   Tdx dt dy dt=x  where T is the transpose operator, and

' 'TMFCV= x x (42)

arctan dxMFO
dy

 
=  

 
(43)

The peaks of either unidirectional propagating MUAP describes a pathway,
or a trajectory.

Figure 14. Schematic showing a motor unit and detection system above the skin with
detection points (electrodes). Muscle fibre orientation (MFO) is calculated as deviation
from the y-axis.
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MUAP detection as running window border detection
Let Φ  denote the entire MCsEMG and ( )tpΦ denote the potential at
electrode position ( , )t t tx y=p . Then the trajectory, P(t0, τ),

( ) ( )
0 0 01 0, ,..., ,t t t tτ τ+ + ∈p p p P , describes the discrete positions of the peak of

a propagating MUAP, in a window at time offset, t0, and window length, τ
(Fig. 15c).

Figure 15. A simulated bipolarly filtered
signal at 10 dB SNR showing a MUAP
train (a) from one channel, and (b) the
corresponding amplitude maps from a
time-window with a propagating MUAP.
The MUAP trajectory in spatio-temporal
co-ordinates is seen in (c).

Figure 16. An experimental bipolarly
filtered signal showing a MUAP train at 5
% MVC (a) from one channel, and the
corresponding normalised detection space
(b). Local maxima of the detection space
give the onset and duration for the MUAP
trajectory (c).

Using a running time window optimal trajectories were found for every
time offset and a range of window lengths, ( )min max  τ τ τ∈ . This was
achieved by maximising a cost function, C(pt), which will be further
described in the next sub-section. The full-length MUAP trajectories, P(t0’,
τ’), were obtained using the local maxima (at time offset, t0’, and window
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length, τ’) of a detection space, (Fig. 16b) defined by the costs of the
optimal trajectories as,

( ) ( )
0

0

0 0, , max ( )
t

t
t t

D t G t C
τ

τ τ
+

=

= ∑ p (44)

where

( ) 0 0

0 0
min max

0
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max

t t

t i ti
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τ τ

τ
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+

+≤ ≤

−
=

−

p p

p p
(45)

was used for normalisation to give detected MUAPs with long duration
higher costs.

The cost function
The cost function, C(pt), was a sum of two conditions, C1(pt) and C2(pt),
based on amplitudes and trajectory’s monotonicity, respectively. The first
condition used the squared trajectory amplitudes to get a pseudo-energy
(i.e., energy keeping the sign),

( ) 2
1( ) ( ) ( ) ( ) ( )t t t t tC sign= Φ Φ =Φ Φp p p p p . (46)

In order to obtain a trajectory as smooth as possible, monotonicity was used
as the second condition. For a monotonic trajectory, the following relation
was recognised:

0

0 0

0

1
1

0
t

t t t t
t t

τ

τ

+

− +
= +

− − + − ≤∑ p p p p . (47)

The first term was used for the second condition in the cost function:

2 1( )t t tC −= − −p p p . (48)

The left side of the equation (47) takes on negative values between zero
and a maximum of the order of 10, whereas C1 can take on a very large
range of values. Therefore, C1 was normalised in order to obtain the same
range. In addition, the second term of equation (47) was included in
Equation (44), which could now be substituted with the normalised
detection space:
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where

( )
10

99 percentileth
k =

Φ Φ
, (50)

and the 99th percentile was used to avoid the influence of interfering noise
from spikes of non-EMG signals. The MUAP trajectories, P(t0’, τ’), were
then obtained by solving equation (49) using dynamic programming as
previously described above.

6.6 Estimation of MFCV and MFO from MUAP
trajectories
The detected MUAP trajectories, P(t0’, τ’), could be used to estimate
MFCV and MFO (equations (42) and (43)). However, since P(t0’, τ’)
describes the electrode positions which are discrete, the precision would be
poor. To increase estimation precision, a 3-D regression model was applied
on a neighbourhood of the detected path’s electrode positions. Spatially,
the MUAP shows a rapid radial decrease in amplitude, and therefore, for
simplicity, a moving 2-D Gaussian surface function was chosen:

( )( )( )2
0( , ) exp 'f t A t= − − −x x x xΛ , (51)

where A is the amplitude, ( )0 0 0 Tx y=x are the initial positions, and

0
0

x

y

λ
λ

 
=  
 

Λ  (52)

is the peak’s bandwidth matrix.
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6.7 Separation of MFCV and MFO of single MUs
While the amplitude distribution at the skin’s surface is related to the sum
of all active MUAPs, the spatial amplitude distribution of individual
propagating MUAPs is contaminated with other active MUAPs.

Figure 17. Construction of the spatial distributions: thin lines represent examples of the
MUAP trajectory estimates (top) over the skin’s surface during a 15-s period at 25 %
MVC isometric biceps recording. The estimates from each detected propagating MUAP
were used to create joint distributions of MFCV and MFO, respectively, against initial
position of propagation. The example illustrates that such spatial distribution reveals
density regions of individual or populations of MUAPs. The density region peaks were
detected (marked by crosses) and were used for statistical analysis.
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This will degenerate the estimates of MFCV and MFO at high contraction
levels. In order to reduce this degeneracy spatial distributions of MFCV
and MFO are proposed. Using the spatial distributions, single or
populations of active MUs were separated as individual density regions
(Fig. 17). The spatial distributions were generated using a 2-D density
estimation technique. First, 2-D histograms were generated using 100 by
100 bins of the estimates of MFCV, MFO and initial position (x0) in the
ranges 2 to 8 m/s (as generally reported to be the extremes), -45 to 45
degrees, and –2.25 to 2.25 cm, respectively. Then the histograms were
smoothed by convoluting the 2-D histograms with a Gaussian kernel (Fan
and Marron, 1994; Silverman, 1986).

For simplicity, the kernel was set symmetric with a bandwidth of λ=12
(bins). Due to the different units and ranges of values of the estimates, the
corresponding bandwidths were about 0.7 m/s, 11 degrees, and 0.5 cm, for
MFCV, MFO and positional estimates, respectively. The bandwidth was an
empirical choice and was not critical for our results but merely gave
smooth representations of the distributions.

6.8 Quantification of MU synchronization
The sEMG signal is generally considered to be a stochastic signal (DeLuca,
1979), essentially due to superposition of MUAPs from a large number of
active MUs with independent synaptic input between their MUs (the
central limit theorem). Since MU synchronization causes depolarization at
(almost) the same time instants between different MU motoneurons
(Semmler, 2002), individual MUAPs will superimpose at these time
instants. While the muscle fibre action potential is asymmetric in amplitude
(Rosenfalck, 1969; Loeb and Gans, 1986), the monopolar sEMG amplitude
distributions should be increasingly skewed with increasing MU
synchronization (Fig. 18). Therefore, the skewness statistic (normalized 3rd
order central moment) was used to quantify the MU synchronization.

However, since the MFCV of a MUAP correlates with it’s duration
(Farina et al. 2002, Lindström and Magnusson, 1977), the sEMG signal
(and estimated skewness) will be dependent on the MFCV. In turn, the
effect of MFCV on the sEMG signal is dependent on the frequency band of
the of the power spectrum (Dolan et al., 1994, Potvin and Brown 2004,
Basmajian and DeLuca, 1985). This motivated a sub-band filtering
approach to reduce the effects of different MFCV distributions on the
sEMG signal and, in particular, the effect on skewness.

While sub-band filtering can be achieved in many ways, the continuous
wavelet transform (CWT) has an advantage in that the analyzing wavelet
can be chosen to resemble the MUAP waveform. Since the wavelet scale
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relates to its duration, and the duration and MFCV of a MUAP correlate
(Farina et al., 2002), the CWT offers a standardized way to make sub-band
filtering indirectly based on the MFCV. The Mexican hat wavelet was
chosen based on it’s similarities with the monopolar MUAP signal in terms
of amplitude asymmetry (Fig. 19).

Figure 18. Illustration of simulated sEMG signals (I), and their sub-band filtered
versions (II) with corresponding potential distributions (III) for different MU
synchronization levels. The numbers are the calculated skewness of the distributions
(the sub-band skewness). The sEMG signals were monopolar and sub-band filtering
was performed for wavelet scale 5. In addition, experimental signals from a 25 % MVC
isometric biceps contraction until exhaustion is demonstrated, taken at the start
(Normal), and at the end of the contraction time.

Since the main task of the descriptor was to quantify MU synchronization,
the dependency of MFCV needed to be minimized while simultaneously
maximizing the discrimination between MU synchronization levels.
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A B
Figure 19. A) The intracellular action potential measured using a remote reference
(Loeb and Gans (1986)). B) The Mexican hat wavelet. Y-axis was inverted in order to
visualise similarity with A.



57

7. Results and discussion

In this section the general results of the papers are presented and discussed
separately. For details, please see the respective papers. Based on these
results, future work in terms of applications and modifications are
proposed. In addition, some additional and unpublished results are
presented. Finally, some conclusions are drawn.

7.1 Estimation of signal quality (Paper I)
Performance evaluation
The method’s performance was evaluated using MCsEMG recordings from
two muscles (biceps and trapezius) at three contraction levels (5, 25, and 50
% MVC) for four subjects.

The signal qualities of each channel were classified in three groups:
very poor (G1), slightly poor (G2) or good (G3), based on spatial amplitude
distribution and temporal shape characteristics of monopolar signals. A 1-s
segment was chosen from each measurement to proceed with visual
inspection and outlier probability estimation. The estimated outlier
probability of the jth channel was denoted Pj.

A classification accuracy (CA) was calculated as the percentage of
channels where Pj > PThreshold belonging to the visually classified groups,
G1 and G2, for different PThreshold values. In addition, the over-classification
rate (OCR) (Pj > PThreshold) for group G3 was estimated as the percentage of
the number of channels.

The outlier frequency of the proposed outlier detection method was
compared with the outlier frequencies using four other outlier detetion
methods: the Mahalanobis distance, the univariate boxplot (performed on
the SDs of both time windows), and the bivariate boxplot. Figure 20
demonstrates the performance of the methods on the visually evaluated
signals. The proposed outlier detection method had the best performance in
terms of low OCR and high CA G1 and CA G2 for thresholds in the range
0-0.5. In addition, the method was three times as fast as the bivariate
boxplot and as fast as the Mahalanobis distance method.

A threshold for classification of low signal quality was obtained for the
proposed method by investigation of the ranges of CAs and OCRs for each
subject and contraction level.
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Figure 20. The plots A-C show the mean CAs and OCRs for the different outlier
detection methods at different PThreshold values. The methods are represented by the
symbols (.) bivariateboxplot, (o) the proposed method, (*), and (+) boxplots on the first
and second time windows, and (x) the Mahalanobis distance. A 1-s MCsEMG segment
was used for the visual assessment and outlier probability estimates.

In general, all G1 signals were detected. The best compromised threshold
to obtain as high a CA G2 and as low an OCR as possible was found using
POptimal = 0.05. This resulted in CAs of 100 % and >70 % for the G1 and G2
groups, respectively, and the OCR was less than 5 %.

No differences in CA G1 and G2 between the different contraction
levels and muscles were observed. However, a decrease in the OCR was
observed with increasing contraction level.
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Experimental applications
The evolution of the outlier probability for a ramp contraction is presented
in Figure 21a with the corresponding median RMS of all channels in Figure
21b. The high Pj values correlated well with observed poor contact of
electrodes (a corner of the electrode-grid with poor contact).

Figure 22 shows the evolution of the estimated outlier probability and
impedance recordings for a 40-min measurement. In general, the
impedance was found to slightly increase and then stabilise after
approximately 13 min. Visual examination of the signals showed that the
quality changed over time in correlation with the estimated Pj values. In
addition, some signals (bold lines) with low impedance had Pj values larger
than 0.05 at some point in time, and they were also confirmed visually as
G2 signals.

Figure 21.  Evolution of the estimated
signal quality during a 10-s ramp
contraction (logarithmic scale) a) and the
median RMS over all channels, b). Solid
lines represent signals with P values
exceeding POptimal = 0.05 at some time
instant and dotted lines have lower
values. The dash-dotted horisontal line
represents the threshold at POptimal.

Figure 22. Evolution of the outlier
probability as a function of impedance
during a 40-min 10 % MVC isometric
contraction (logarithmic scale). P was
estimated and impedance was measured at
t=0 min (indicated by x), 13.3, 26.6 and 40
min. Solid lines represent signals with P
values exceeding POptimal = 0.05 at some
time instant and dotted lines have lower
values. The dash-dotted horisontal line
represents the threshold at POptimal.
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Discussion
The outlier detection method was presented for the bivariate case in order
to allow comparison with the Quelplot method. However, the proposed
methodology is valid in the multivariate case (multivariate boxplot) if
percentile values (equation (37)) and C coefficient are re-estimated from
simulations in the new multidimensional space. Three descriptor variables
with different windows of SD estimates were tested and found to give
similar results. Possibly other, or combinations of other descriptors, could
be used in order to obtain even more accurate signal quality estimates.

A limitation of the proposed outlier detection approach may be that a
unimodal bivariate distribution is assumed. Possibly, the OCR could be
reduced by choosing a different outlier detection approach that allows
several density regions of the distribution (multimodal), so called highest
density regions (Hyndman, 1996).

For evaluation purposes the method was implemented off-line in
MATLAB. However, due to the high speed of the calculations (0.7 s to
process the 130 1-s MCsEMG signals on a Pentium 4, 1.8 GHz computer),
the obvious application of this method is on-line. In practice, signals with
low quality during a long time of the measurements can be corrected or
eliminated. However, off-line estimation of signal quality is still relevant
since quality can change on short-time scales. The results show that this
could be achieved on MCsEMG recordings.

Simulation of white noise
The performance of the method was evaluated using simulated white noise
(zero mean and unit variance). This was done in order to understand why
the OCR decreased to a certain level (about 3-4 % OCR for PThreshold >
0.075) for low contraction levels. 100 simulations of 1-s white noise
(illustrating 0 % MVC) for all 130 channels were evaluated and the results
are presented in Figure 23. Results show that for PThreshold = 0.05, the OCR
was on the average about 2-3 %, and it was about 1 % until PThreshold > 0.25,
where it dropped to zero. These results indicate that a spatially normal
distribution of sEMG potentials causes a plateau of the OCR in the range 1-
3 %, for 0.025 < PThreshold < 0.25.
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Figure 23. Evaluation of the performance of the signal quality estimation procedure for
1-second (2048 samples) of simulated white noise, N(0,1). The vertical-axis shows the
average OCR (over classification rate) on a logarithmic scale. Dashed lines show the
OCR at the optimal threshold value. One hundred simulations were performed.

7.2 Estimation of MFCV and MFO of propagating
MUAPs (Paper II)
Simulation results
The method’s performance in terms of MFCV and MFO estimates was
evaluated using simulated MCsEMG signals with respect to: 1) noise level,
2) MFCV and angle between muscle fibre direction and detection system,
3) the number of active MUs and 4) the number of time samples used for
the estimation.

In general, 1-4, had small influence on the method’s performance.
However, when the number of time samples was less than approximately
12 (6 ms), the performance was reduced. The most influential parameter
was the number of simulated active MUs with different MFCVs (Fig. 24).
An increasing number of active MUs results in broader MFCV and MFO
distributions. The different heights of the peaks in the multimodal
(distribution with several peaks) MFCV distributions reflected the
proportions of the simulated number of MUs at different MFCVs well.
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Figure 24. Distributions of MFCV and
MFO estimations of simulated activity
from 1, 3, 5, 7, and 9 motor units with
different CVs. The activity levels were
generated by adding MUs with MFCVs
3.75, 4.00 and 4.25 m/s. The numbers of
MUs at each velocity where: 1 0 0, 1 1 1, 2
2 1, 3 2 2 and 3 3 3. For each level, 100
simulated signals were used and the
histograms were calculated during 10-s
epochs

Figure 25. Distributions with means and
SDs of MFCV and MFO estimations of
experimental data at 5 % MVC. The
electrode was placed in orientations I, II
and III, corresponding to a 10-degree
increase for each orientation, visually
estimated between upper arm and
electrode grid. Histograms were calculated
during 10-s epochs.

Experimental tests
Distributions of MFCV and MFO estimates at electrode-grid orientation I,
II and III are presented in Figure 25. The difference between the estimated
MFOs between orientation I and III corresponded approximately to the
expected 20 degrees. The estimated MFCV distributions were bimodal in I
and III, where activity from at least two MUs was observed. In II, one
active MU was observed, and MFCV had an unimodal distribution and a
narrower MFO histogram as compared with I and III.
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Discussion
Detection
The detection of the MUAP trajectories was based on the assumptions that
MUAP propagate monotonically and with an amplitude that, on average,
rises above the background noise. If several MUAPs are propagating
simultaneously in the same time window, the MUAP with the largest
amplitude will be detected. However, MUs are normally not synchronised,
and therefore the temporal separation between propagating MUs will vary.
If the separation is large enough to separate local maxima in detection
space (Fig. 16b), smaller MUs will also be detected. A limitation of the
detection procedure is the complexity of the calculations, which requires
off-line processing. A 10-second signal required about 12 min on a
Pentium 4, 1.8-GHz computer, where the detection process used roughly 90
% of the time.

Estimation of MFCV and MFO
The MFCV and MFO estimation procedure was based on the assumption
that MFCV is constant along the fibre. This is a good approximation for
long fibres and on smaller intervals along the fibres between the IZ and
tendon. If the IZ or tendons had been simulated within the detection
volume this would likely have resulted in biased MFCV estimates close to
IZ and tendons as reported in the literature (Gydikov et al., 1986; Roy et
al., 1986). However, this is not a limitation of the proposed method, since
the estimations work well for a few time samples (more than approximately
12) and therefore estimations for short fibres and MFCV estimation of
different regions along the fibre direction can be performed. Additional
tests using real signals have indicated “acceptable” results for as few as
approximately 14 time samples.

At moderate angles (less than 20 degrees), MFCV and MFO
estimations were angle-invariant. Large angles caused increased SDs and
introduced a small bias in the estimates. This could be due to the fact that
anisotropy of the tissues causes shape and scale changes in the bipolarly
detected signals (Farina et al., 2001). However, this bias was very small as
compared with the bias reported on MFCV estimates using linear electrode
array methods (Farina et al., 2001). Moreover, the results using simulated
monopolar data indicate no bias and much smaller SDs. Therefore this
effect is likely to be reduced using some other spatial filter or estimation on
averaged monopolar MUAP signals.
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7.3 Separation of MFCV and MFO of single MUs (Paper
III)
Experimental results
The spatial dependency on MFCV and MFO was investigated in the
trapezius muscle in terms of contraction level and fatigue.

The main results were: 1) a general non-systematic general relationship
between MFCV and contraction level, 2) however a positive relationship
between MFCV and contraction level at the inferior part, 3)
inhomogeneous changes in the spatial distributions of MFCV with fatigue
and at contraction levels, and 4) the MFO was slightly different (6 degrees)
between muscle fibres with origin superior as compared to inferior to the
C7 vertebra.

The results on MFCV are demonstrated below by examples from
trapezius muscles for different contraction levels (Fig. 26) and effect of
fatigue (Fig. 27). In addition, muscle architecture (MFO) is demonstrated in
Figure 28. Results from the biceps brachii muscle were used as a
comparison.

Figure 26. Examples of the influence of contraction level (MVC) on the spatial
distribution of MFCV. While, the results from the biceps brachii muscle presented a
homogeneous spatial increase in MFCV, the results from the trapezius presented
spatially inhomogeneous changes.
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Figure 27. Examples of the results of the influence of fatigue on the spatial distributions
of MFCV from the trapezius and biceps muscles. Fatigue induced a spatially
inhomogeneous decrease in the trapezius muscle, whereas the decrease was spatially
homogeneous in the biceps case.

Figure 28. Examples showing results of the spatial distribution of the MFO for the
trapezius and biceps muscles. The trapezius showed an increasing MFO from inferior
(x<0) to superior (x>0), whereas the MFO distribution in the biceps was constant in the
medial – lateral direction.
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Discussion
We found that estimates of MFCV and MFO belonging to populations of
different (or populations of) MUs could be separated at high contraction
levels by using their spatial distributions. An important aspect of the
applied method is that the retrieved physiological information is not based
on individually detected MUAP trajectories, but rather on the whole
population of detected MUAPs (the spatial distributions). Therefore,
individual MUAP trajectories might be physiologically incorrect, but will
be suppressed due to an averaging effect of the density estimation. In this
context the spatial distributions can be seen as 2-D probability
distributions.

The spatial distributions were calculated using a symmetric 2-D kernel
density estimator. The bandwidth of the kernel regulates the smoothness of
the distributions, such that the larger the bandwidth, the smoother the
density peaks of the distributions. However, the smaller the kernel, the
larger the separation between regions of different MU population estimates.
Based on this trade-off relation, the bandwidth parameter was set “optimal”
on an empirical basis.

7.4 Quantification of MU synchronization
Simulation results (Paper IV)
The performance of the sub-band skewness was evaluated using simulated
signals with different MFCV, MU synchronization level, firing rate,
number of active MUs and noise level.

The general influence of sub-band filtering on skewness was
investigated in terms of 1) discrimination between MU synchronization
levels, and 2) dependency on MFCV for two ranges of firing rates (average
14, and 34 Hz).

The effect of MU synchronization level and MFCV on skewness for
different wavelet scales and firing rates is presented in Figure 29. The solid
markers present the non-filtered skewness estimates, and show that, in
general, sub-band filtering had a great influence on skewness. In general,
the influence of different MFCVs was similar over the range of scales for
both firing rates (Fig. 29). However, there was a slightly higher influence
between scales 3 and 8, and between 3 and 5 for the two firing rates,
respectively. A change in MFCV (within the range 3-5 m/s) induced, at
most, a 0.1 unit change in sub-band skewness at 0 % MU synchronization.
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Figure 29. Influence of sub-band filtering on skewness, in terms of MU
synchronization (top row) and MFCV (bottom row). The plots present average and SD
of skewness for different scales and for low (left column) and high firing rate (right
column), respectively. The simulated signals were noise free and consisted of 100 %
MUs. In addition, when the influence of MU synchronization was investigated, all
MFCVs were included, and when the influence of MFCV was analysed, MU
synchronization was set at 0 %. The solid markers to the left in each plot present the
skewness without sub-band filtering.

The performance of the sub-band skewness on quantifying MU
synchronization was further evaluated with respect to the four different
simulated parameters (MFCV, firing rate, number of active MUs, and noise
level). The performance was assessed in terms of a bias, B, and sensitivity,
S, (intercept and slope) of a 1st order model between sub-band skewness
and MU synchronization level for all values of each parameter (see Fig. 30
below). A 1st order model was chosen on an empirical basis and was not a
critical choice but merely simplified interpretation of the performance. The
appropriateness of the model was assessed using the explained variance,
R2.
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Figure 30. The general performance of the MU synchronization quantification. The plot
presents the average and SDs of the sub-band skewness as a function of simulated MU
synchronization level. The signals were noise free, had low firing rate and included all
MFCVs. A linear model regression line was used to assess bias (B) and sensitivity
(slope, S) on MU synchronization (R2 = 0.91, p<0.001). The sensitivity was about 0.10
units per 5 % MU synchronization level. The scale 5 was used to calculate the sub-band
skewness.

The sensitivity of the sub-band skewness on MU synchronization was the
same for scales in the range 3-8 in the case of low firing rate: about -0.10
units per 5 % MU synchronization (Fig. 30).

The results of the influence of the different parameters were summarized as
follows:
• The sensitivity, S, of the sub-band skewness was about 0.10 units per 5

% MU synchronization level.
• The dependency of MFCV on the sub-band skewness was less than 0.10

units for changes within the range 3 to 5 m/s. Thus the method can
distinguish between a change in MU synchronization and change in
MFCV on levels higher than 5 %. This should be compared to the about
8 % MU synchronization reported during non-fatiguing, short-duration
contractions at low force levels (DeLuca et al. (1993).
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• A 50 % lower recruitment level presented about 0.02 units lower
sensitivity.
In addition, we found that a monotonic recruitment, during a
contraction, from 50 to 100 % MUs should not influence the sub-band
skewness values.

• An increased firing rate decreased the sensitivity to less than 0.05 units.
• The method was insensitive to Gaussian or power-line noise.

Experimental results (Paper V)
Fatigue induced changes in MU synchronization and its association with
force tremor in different parts of the biceps brachii muscle was studied.

MU synchronization was quantified using the sub-band skewness (the
polarity of the sEMG signal was inverted to ease interpretation of changes
in MU synchronization). The level of imposed MU synchronization was
quantified using a MU synchronization index (Fig. 31 C). This was defined
as the difference between final and initial values of a recording in sub-band
skewness, as proposed in Paper IV (see discussion). Force tremor was
quantified using the coefficient of variation (SD/mean). Both the force
tremor and the sub-band skewness were calculated in 10-s windows and 5-s
overlap throughout the whole contractions (Fig. 31 B and C). In order to
assess the time dependent association between MU synchronization (sub-
band-skewness) and force tremor, the explained variance, R2, of a 1st order
model was used (Fig. 31 D). A linear model was chosen based on the use in
previous studies (Halliday et al, 1999).

The MU synchronization (MU synchronization index) and its
association with force tremor (R2) was assessed in terms of:
1) The intra-muscular (medial – lateral) distribution of MU synchronization
(MU synchronization distribution) of signals from electrodes located 1 cm
from the IZ and,
2) Effect of electrode location along the muscle fibres (proximal – distal)
on the MU synchronization estimation (along-fibre electrode location
effects). Signals from electrodes located at the medial side of the muscle
were used. This location was chosen because it is least effected by lateral
cross-talk from the brachioradialis muscle.
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Figure 31: Typical results from a subject performing a 25 % MVC isometric
contraction of the biceps brachii until exhaustion. A) presents the force B) coefficient of
variation of the force signal (force tremor), C) sub-band skewness calculated from
medial region of a biceps brachii muscle, and D) the corresponding relation between the
force tremor and sub-band skewness. The variables were calculated in 10 s intervals
with 5 s overlap. A MU synchronization index was used to quantify the level of
imposed MU synchronization, using the difference between the final and initial sub-
band skewness values of a recording (D).
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1) MU synchronization distribution
Figures 32 A and C illustrate the spatial dependency of MU
synchronization index and the explained variance (R2), respectively, at the
medial, intermedial and lateral regions of the biceps brachii 1 cm from the
IZ. The normalized MU synchronization index was about 0.05 units higher
in the medial than the lateral position of the biceps brachii muscle (p<0.05;
Fig. 32B). The normalized R2 was about 0.1 and 0.05 units lower in the
intermediate than the medial (p<0.01) and lateral regions (p<0.05; Fig.
32D). These pair-wise tests were justified by a preceding 1-way MANOVA
test (p<0.001) and 1-way ANOVA tests on MU synchronization index and
R2, respectively (both p<0.01).

Figure 32. This figure presents the results on MU synchronization distribution along the
IZ (medial – lateral). In A and C, the average and SDs of the distribution of the MU
synchronization index and the R2 statistics are presented, respectively, for all subjects
(N = 24). In B and D, the average ± 95 % confidence intervals of the distribution of
normalized MU synchronization index and R2 statistic values are presented,
respectively. Normalization was obtained by subtraction of the average of MU
synchronization index and R2, respectively, from the three positions of each subject (-
2.25, 0 and 2.25 cm with respect to the division of the two heads of the biceps brachii).
Symbols of significance levels: *** p<0.001, ** p<0.01, * p<0.05.
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2) Effects of electrode position along-fibre
Figures 33 A and C present the MU synchronization index and R2,
respectively, calculated at different distances from the IZ. The normalized
MU synchronization index and R2 decreased about 0.10 and 0.15 units
(p<0.01), respectively, with increasing distance from the IZ (Fig. 33 B and
D). These pair-wise tests were justified by a preceding unbalanced 1-way
MANOVA test (p<0.001) and 1-way ANOVA tests on MU
synchronization index and R2, respectively (both p<0.001).

Figure 33. This figure demonstrates the influence on MU synchronization assessment
of electrode location distal to the IZ along the fibre orientation (Proximal – distal,
medial region). In A and C, the average ± SD of MU synchronization index and R2
statistic is presented, respectively. The numbers present the number of subjects for each
electrode position; a consequence of different IZ positions of the subjects. In B and D,
the average ± 95 % confidence intervals of normalized MU synchronization index and
R2 statistic values are presented, respectively. Normalization was accomplished by
subtracting the average values of MU synchronization index and R2 statistic,
respectively, of each subject. Symbols of significance levels: *** p<0.001, ** p<0.01, *
p<0.05.
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Discussion
Sub-band skewness
The proposed method aimed at describing changes in the distribution of the
filtered sEMG signal. The skewness descriptor was used based on the
skewed distribution of the source signal (the monopolar MUAP). Using the
same assumption, the kurtosis statistic should also describe the increasing
tails with increased MU synchronization (Fig. 18). However, a problem
using higher order moment estimators is the increasing number of samples
required to obtain stable estimates and the influence of outliers. These may
be manifested as transients or other non-EMG signals in a recording.
Therefore, the higher the order of the moment estimator, the higher the
probability that the density characterisation is entirely determined by some
single abnormal values, and not the “true” underlying distribution.

The purpose of the sub-band filtering was to minimize dependency of
MFCV on the skewness. However, since the main task of the descriptor
was to quantify MU synchronization, the dependency of MFCV needed to
be minimized while simultaneously maximizing the discrimination between
MU synchronization levels. The results demonstrated that the sub-band
filtering had a great effect on the dependency of MFCV on the skewness
(Fig. 29). However, the sub-band filtering had the greatest influence on
discrimination between MU synchronization levels. As a consequence, the
MFCV dependency was also minimized in a relative way.

An MU synchronization index
In experimental recordings, the volume conducting properties and the
electrode-skin impedance, should be expected to vary considerably. In
addition, since the monopolar signal actually is a differential recording with
respect to a reference electrode, their locations on the skin’s surface will
influence the sEMG signal. In general, while we expected a negative
skewness due to the shape of the monopolar MUAP signal, the sub-band
skewness may in fact be closer to zero or slightly positive in experimental
recordings. As a consequence, single values of sub-band skewness will
likely not reflect the actual MU synchronization level.

Different recording properties (such as volume conduction and
electrode-skin impedance) can approximately be regarded as different
SNR. However, increasing skin and fat layers decreases the upper
frequency limit of the sEMG spectral content. Hence, the amplitude
asymmetrical shape of the monopolar MUAPs (causing the skewed
distributions) will likely be influenced. Tests where large skin and fat
layers were simulated were performed, and they indicated that the bias was
markedly reduced, whereas the sensitivity was much less reduced. As a
consequence, the sub-band skewness descriptor approximately comprised a
bias component (subject-dependent due to different SNRs and volume
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conduction), and a synchronization-dependent component. Thus, we
propose to analyze MU synchronization using an index which is the
relative change between final and initial sub-band skewness values of a
contraction, in order to remove subject-dependent bias, or using differences
between groups of subjects (e.g., with similar volume conduction
properties).

It should be noted that this index gives no information on the temporal
dynamics (Fig. 31C) of the MU synchronization (i.e., the sub-band
skewness). As a consequence, the quantified MU synchronization index
may have been influenced by a physiological variability in MU
synchronization.

Spatial selectivity and cross-talk
Previous sEMG methods have aimed to quantify MU synchronization using
the bipolar montage has in general come up with poor results. This has
been attributed to the small number of MUs typically examined for a
contraction (Yue et al., 1995). The bipolar technique is the most common
electrode montage used in sEMG measurements and suppresses distant
MUAPs and retains the superficial MUAPs. In order to obtain
synchronization information from a large population of active MUs of a
contracting muscle, a method based on monopolar signals was proposed.

Generally, spatial filters are used to reduce cross-talk and enhance the
spatial selectivity (Disselhorst-Klug et al., 1999). However, it has been
shown that temporal filtering also partly suppresses cross-talk (Dimitrova
et al., 2002, 2003; Grassme et al., 2003), and increases spatial selectivity
(Grassme et al., 2003, Dimitrov et al., 2003). In particular, the sub-band
filtering approach on the monopolar signal (sub-band center frequency
about 85 Hz) should therefore likely reduce cross-talk and enhance the
spatial selectivity.
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7.5 Further development
In this section further development and work on the proposed methods is
given.

Method proposed in Paper I:
• Evaluation of performance using different kinds and number of

descriptors in order to enhance classification accuracy.
• Evaluation and optimization of performance on recorded EEG signals.

Modern EEG recording techniques usually comprise 128 or 256
electrodes in order to avoid spatial aliasing, and therefore the risk of low
electrode-skin contact is great. EEG is used both in research and clinical
applications, and the number of operators is greatly outnumbers the
operators of MCsEMG. Therefore, the impact of the technique could be
much greater for EEG.
Tests on a 1-second interval of a 128-channel EEG recording indicate
that the method may be useful (Fig. 34).
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Figure 34. Results of outlier probabilities, P, of a 1-second 128-channel EEG recording.
Encircled data points correspond to visually assessed poor quality signals. Classification
accuracy was 100 % and no channel was falsely classified as poor, i.e., OCR 0 %, for
this recording.

A draw-back in a general bioelectrical recording context of the proposed
method is that it requires multichannel systems. In the more general
bioelectrical and sEMG measurement case, methods based on single
signals are needed.
• During the work on Paper IV, which is based on density characterisation

of the sEMG signal, it was found that the skewness (and sub-band
skewness) was highly influenced by transients and non-symmetric
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noise. Therefore, this motivated us to evaluate the performance on
estimating signal quality. Preliminary tests indicated high discrimination
between the G1 and G3 signals, but further analysis and analysis needs
to be done.

Methods proposed in Papers II and III:
• Replace MUAP detection procedure with some faster technique. This is

the time-consuming part of the work.
• Augment the method to automatically connect the dense regions of

subsequent spatial distributions over time. In this way the changes in
MFCV and MFO for different MU populations can be monitored over
time.

• Develop a similar method to connect RMS and MNF estimates using
spatial distributions. The spatial RMS distribution across the skin's
surface is influenced by propagating MUAP activity and therefore
regions of higher amplitude could be used to simultaneously estimate
the MNF amplitude in the corresponding region. Therefore, regions with
high RMS are related to active MU populations. This approach should
be an improvement to the frequently used correlation of the spatial RMS
distributions, where intra-muscular co-ordination is studied (e.g.,
Holtermann et al., 2004; Grassme et al., 2003).

• Replace detection and estimation procedures (Paper II) by the 3-D
CWT. While we assume apriori that the MUAPs propagate with
approximately constant velocity and without any major changes in its
shape, a possible framework for simultaneous detection of MUAPs and
estimation of their corresponding MFCV and MFO, is the 3-D CWT.
This approach has been applied in motion parameter estimation in
image sequences (e.g., Mujica et al., 2000). Some preliminary tests
indicated, that this may be a possible approach, however, several issues
need to be further investigated wheater this method is useful on this
kind of data. The major concerns are the size of the “images” (13 by
10), and choice of analysing wavelet.

• In this work, 2-D spatial distributions were used for the MFCV and
MFO estimates. However, the spatial distribution approach could be
applied to obtain arbitrary dimensional distributions. Although such
distributions are not as easy to assess visually, by using even more
parameter estimates of the propagating MUAPs (such as amplitude or
waveform characteristics), then possibly the single or populations of
MUs, could be additionally discriminated.
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Method proposed in Paper IV:
• Evaluate other, possibly more suitable descriptors of MU

synchronization from the sEMG signal. While we expect non-
synchronised sEMG signals to have a Gaussian distribution, increasing
MU synchronization should be increasingly non-gaussian. In particular,
the negentropy has been used to assess non-gaussianity of a distribution.
Negentropy is the difference in entropy between a Gaussian distributed
variable and the signal of interest. In practice, using polynomial density
expansions, the negentropy can be approximated as a linear combination
of the squared skewness and kurtosis (Jones and Sibson, 1987).
However, as mentioned above, the higher the order of the moments, the
higher the sensitivity to transient noise. To reduce this discrepancy other
less outlier-prone functions estimating skewness and kurtosis have been
proposed (Hyvärinen et al., 2001).

7.6 General discussion
In this section the generality of the proposed methods and limitations of the
sEMG technique is discussed based on factors determining the sEMG
signal. Figure 35 below is an attempt to summarise the major technical and
physiological factors and illustrate how they relate to each other. The
factors with gray background colour were the subject of the methods of this
dissertation.

Generality of the methods
While the sEMG signal is determined by many factors, the proposed
methods aimed at estimating individual factors while minimizing influence
of the other factors. In particular, the signal quality estimation gave
information on the influence of technical factors, the MFCV and MFO
estimation gave information on peripheral factors of the muscle fibers, and
the MU synchronization quantification gave information on central factors,
with minimized dependency on periferal factors (the MFCV).

The methods were based on simplified empirically observed physiology
(models) and each method was based on some characteristic of that
simplified model. Therefore different approaches to estimate physiological
characteristics should have (slightly) different performance to one another.
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Figure 35. Factors determining the sEMG signal. The factors with gray background
colour were the subject of the methods of this dissertation.

However, as ilustrated in Figure 35, there are inter-dependencies between
different factors determining the sEMG signal, and a great ”natural”
physiological variability should be expected. This is also an empirical
result of the studies contained within this dissertation. Therefore, I believe
there can be no optimal method (as compared with all other methods) for
extracting any physiological parameter using (MC)sEMG methods.
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Limitations of sEMG techniques
The major limitation of sEMG techniques is the volume conduction effect
(recall Fig. 4), and this issue should be carefully considered when planning
sEMG studies. Although, in general, it does not influence estimates of
MFCV and MFO of propagating MUAPs and the MU synchronization
index, it determines the SNR and the thus the number of active MUs
contributing to the sEMG signal. As a consequence, a high drop-out of
subjects without sufficient data quality (only noise) should be expected
with obese or subjects with highly irritated skin.

Therefore, in my opinion, further advances in sEMG techniques should
be focussed on electrode development. For example it has been
demonstrated that electrodes with spikes of about >100 µm penetrating the
outer layer of the skin (the stratum corneum) significantly increases the
SNR (Griss et al., 2002).
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8. Conclusions

This dissertation presents methods to assess signal quality, estimate muscle
architecture and fibre characteristics of active MUs (muscle function) and
quantify neural control with minimized influence of muscle functional
characteristics, using MCsEMG recordings.
The scientific originality of the methods proposed in this thesis with respect
to previously proposed methods were:

1) Quantification of signal quality of a multichannel recording.
I.e., fast automatic identification of signals with poor quality due to
technical factors.

2) MFO and MFCV estimation of of individual MUAPs independently on
alignment between electrode system and muscle architecture.
I.e., estimation of muscle fibre membrane characteristics and muscle
architecture.

3) Estimation of the spatial distribution of MFCV and MFO on the skin.
I.e., separation of membrane characteristics and architecture with respect to
single or populations of MUs even at high contraction levels.

4) Quantification of MU synchronization from a large MU population with
minimized influence on changes in MFCV.
I.e., information on processes within the central nervous system with
minimized influence of muscle fibre characteristics.
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Summary of papers
Paper I: Grönlund et al., On-line signal quality estimation of multichannel
surface electromyograms

Using MCsEMG systems there is a risk of recording signals with low
quality. Such signals are introduced by e.g. power line interference, motion
artifacts and poor electrode-skin contact. Usually, the electrode-skin
impedance is measured prior to measurements to obtain an idea of the
contact between the electrodes and the skin. However, this is not always
practical and the contact may change during long-term or dynamic
contractions. In this paper we propose a fast method to assess the
MCsEMG signal quality based on the acquired EMG signals. The method’s
performance was evaluated using visually classified signals and results
demonstrated high classification accuracies. In conclusion, the proposed
method estimates MCsEMG signal quality in correlation with visual
assessment, and it is suitable for online application.

Original contributions of this paper were:
• Fast estimation of signal quality on acquired MCsEMG signals suitable

for on-line application.
• Estimated signal quality show high agreement with skin-electrode

impedance measurements.
• High classification accuracies as compared with visual assessment of

signals from different muscles and contraction levels.
• Method has advantage as compared with impedance measurements: it

can be performed during long-term and dynamic contractions.
• Generalisation of the bivariate boxplot to multivariate boxplot.
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Paper II: Grönlund et al., Simultaneous estimation of muscle fibre
conduction velocity and muscle fibre orientation in multichannel surface-
electromyograms

The paper describes a new approach to simultaneously estimate muscle
fibre conduction velocity (MFCV) and muscle fibre orientation (MFO) for
motor units (MUs) in two-dimensional (2-D) multichannel surface-
electromyography recordings. This is an important tool for detecting
changes and abnormalities in muscle function and structure. In addition,
simultaneous estimation of MFO and MFCV omits the necessity of manual
electrode alignment. The performance was evaluated using synthetic MU
signals and experimental measurements. In conclusion, the method
performs equally well or better than linear array multichannel methods
when individual propagating MUAPs can be identified even if electrodes
are not aligned with fibre direction.

Original contributions of this paper were:
• Estimation of MFCV and MFO from individual MUAPs in 2-D

MCsEMG data.
• Method has advantages as compared with linear array multichannel

methods: 1) it does not require alignment between electrodes and fibre
orientation, 2) it performs equally well or better than linear array
multichannel methods when individual MUAPs can be identified
without demand on alignment between electrodes and fibre orientation,
and 3) a large part of a muscle can be simultaneously studied.
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Paper III: Holtermann et al., Spatial distribution of active muscle fibre
characteristics in the upper trapezius muscle and its dependency on
contraction level and duration

The physiological characteristics of the upper trapezius muscle were
studied in vivo, using 2-D multichannel surface electromyography
recordings. The method described in Paper I was used to estimate muscle
fibre conduction velocity (MFCV), muscle fibre orientation (MFO) and
initial position of propagation. Due to the increase in variance of the
estimates of MFCV and MFO at higher contraction levels, we propose to
examine 2-D probability distributions of the MFCV and MFO estimates,
respectively, against the corresponding position estimates. Dense region
(peaks) of such spatial distributions correspond to single or populations of
MUs with high probability. Spatial distributions of MFCV and MFO of the
upper trapezius were examined for seven subjects performing isometric
shoulder elevation at different force levels.
The findings confirm prior knowledge of the physiological characteristics
based on histochemical recordings of the upper trapezius muscle, and
provide new information on the fibre orientation of active muscle fibres in
vivo.

Original contributions of this paper were:
• A method to assess muscle fibre orientation in vivo
• Improvement of the method proposed in Paper I, in terms of

applicability during high contraction levels
• Assessment of spatial distributions of muscle fibre characteristics

revealed single or populations of MUs
• This method has advantages as compared with linear array sEMG

methods, and achieves information from a large spatial area of the
muscle.

• The physiological findings confirm prior knowledge of the
physiological characteristics of the upper trapezius muscle in vivo based
on histochemical recordings from human cadavers in vitro. In addition,
the study provides direct in vivo information of active muscle fibres
from a large part of the muscle.
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Paper IV: Grönlund et al., Quantification of MU synchronization from
surface EMG signals with minimized dependency on muscle fibre
conduction velocity

The aim of this paper was to evaluate a novel descriptor of MU
synchronization on a large MU population, and to minimize its dependency
on MFCV. This is an important tool for investigating properties of the
intact central nervous system. While the sEMG signal is influenced by
peripheral (muscle fibre membrane properties such as MFCV) and central
factors (neural input), a minimized dependency on MFCV should give
better quantification of MU synchronization. The descriptor was the
skewness statistic used on sub-band filtered monopolar sEMG signals (sub-
band skewness). The method was evaluated using simulated signals with
different MU synchronization levels, MFCVs, firing rates, percentage of
active MUs, and noise levels.

Original contributions of this paper were:
• Novel method to quantify MU synchronization from sEMG signals.
• Activity from a large population was obtained using monopolar sEMG

signals.
• Low dependency on muscle fibre membrane characteristics (MFCV).
• Allows quantification at force levels.
• Method has several advantages as compared with previously proposed

methods:
- It can be used during long-term and fatiguing exercises.
- It is insensitive to additative Gaussian or power-line noise.
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Paper V: Holtermann et al., Fatigue induced changes in motor unit
synchronization and its relation to force tremor in different parts of the
biceps brachii muscle

Fatigue induced changes in MU synchronization of large MU populations
at different sites of the biceps brachii muscle and its association with force
tremor was studied. While MU synchronization has generally been
considered to increase force tremor with fatigue, experimental studies have
not been able to show this. In addition, the reported increase in MU
synchronization with fatigue varies greatly, possibly due to inhomogeneous
muscle activation and methodological discrepancies and limitations.
Surface EMG signals were recorded using a 13 by 10 electrode grid above
the biceps brachii, and MU synchronization was quantified using the
method proposed in Paper IV. The findings indicate that MU
synchronization partly accounts for the increased force tremor throughout a
fatiguing contraction depending on the location of recording on the muscle.

Original contributions of this paper were:
• Quantification of MU synchronization during long-term contractions

until exhaustion.
• Demonstration of strong association between MU synchronization and

physiological force tremor (40 %) during fatiguing contractions.
• Demonstration of intra-muscular differences in terms of MU

synchronization and its association with force tremor.
• Demonstration of importance of electrode-placement for “correct”

quantification of MU synchronization.


