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Abstract

The archetypal modern comic book superhero, Superman, has two superpowers
of interest: the ability to see into objects and the ability to see distant objects.
Now, humans possess these powers as well, due to the medical ultrasound imag-
ing and sound navigation. Ultrasound, a type of sound we cannot hear, has
enabled us to see a world otherwise invisible to us.

Ultrasound medical imaging can be used to visualize and quantify anatomical
and functional aspects of internal tissues and organs of the human body. Skeletal
muscle tissue is functionally composed by so called motor units which are the
smallest voluntarily activatable units and is of primary interest in this study.

The major complexity in segmentation of motor units in skeletal muscle
tissue in ultrasound image sequences is the aspect of overlapping objects. We
propose a framework and evaluate the performance on simulated synthetic data.

We have found that it is possible to segment motor units under an isometric
contraction using high-end ultrasound scanners and we have proposed a frame-
work which is robust when simulating up to 10 components when exposed to
20 dB Gaussian white noise. The framework is not satisfactory robust when
exposed to significant amount of noise. In order to be able to segment a large
number of components, decomposition is inevitable and together with develop-
ment of a step including smoothing, the framework can be further improved.

Sammanfattning

Den arketypiska moderna serietidningens superhjälte, St̊almannen, har tv̊a in-
tressanta superkrafter: förmågan att se in i förem̊al och förm̊agan att se avlägsna
förem̊al. Nu besitter även människan dessa superkrafter p̊a grund av medicinsk
ultraljudsavbildning och ljudnavigering. Ultraljud, en typ av ljud vi vanligtvis
inte kan höra, har gjort det möjligt för oss att se en värld annars osynliga för
oss.

Medicinsk bildbehandling, i form av ultraljud, kan användas för att visu-
alisera och kvantifiera anatomiska och funktionella aspekter av inre vävnader
och organ i människokroppen. Skelettmuskelvävnaden best̊ar av s̊a kallade
motoriska enheter som är de minsta frivilligt aktiverbara enheterna och är av
primärt intresse i denna studie.

Den stora komplexiteten i segmentering av motoriska enheter i ultraljuds-
bildsekvenser är aspekten av överlappande objekt. Vi föresl̊ar en metodik för
detta och utvärderar dess precision p̊a simulerat data.

Vi har funnit att det är möjligt att segmentera motoriska enheter under en
isometrisk kontraktion med hjälp av ultraljud och vi har föreslagit en metodik
som är robust upp till 10 komponenter med 20 dB vitt brus. Metodiken är inte
tillfredsställande robust när det utsätts för betydande mängd brus. Fortsatt
utveckling av metoden innefattar dekomposition av tidssignalerna, tillsammans
med ett förbehandlingssteg i form av till exempel filtrering.
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Chapter 1

Introduction

The archetypal modern comic book superhero, Superman, has two superpowers
of interest: the ability to see into objects and the ability to see distant objects.
Now, humans possess these powers as well, due to the medical ultrasound imag-
ing and sound navigation. Ultrasound, a type of sound we cannot hear, has
enabled us to see a world otherwise invisible to us.

Ultrasound medical imaging can be used to visualize and quantify anatomical
and functional aspects of internal tissues and organs of the human body. The
technique is based on sending out ultrasonic waves from a probe and recieves
the reflections of the waves. When ultrasonic waves reflects in discontinuities in
acoustic impedance of tissues, this echo will be captured by the probe, and will
produce an image.

A major advantage of ultrasound is not only the efficiency and relatively low
cost, it is also safe and does not have any cumulative biological side effects [1].
However, since most soft tissues have similar acoustic impedances, ultrasound
has relatively low contrast between soft tissues. This limitation can be overcome
by studying functional aspects of the tissues, e.g. motion and velocity.

Skeletal muscles is an example of a physiological system. Skeletal muscle
tissue is functionally composed by so called motor units (MUs) which are the
smallest voluntarily activatable units [2]. The MUs comprises a number of
skeletal muscle cells sharing neural control via an innervating motoneuron. Upon
neural activation, all muscle cells of an MU are electrically depolarized, causing
subsequent contraction of the cells, as well as force production. Many different
MUs can and are likely to overlap each other [3]. The contraction mechanism
is a transient phenomenon on the order of ms scale, requiring high sample
rates to capture. Diagnostics of skeletal muscle tissue is based on analyzing
features of the MUs by invasive, non imaging electrophysiological methods. It
would be medically useful in many ways to identify clusters of MUs as separate
units in muscle activation with ultrasound. Such method could be used for
better understanding of a muscle’s physiological mechanisms under activation.
If individual MUs can be automatically segmented when overlapping in time and
space, then it can be used as a diagnostic tool and will probably have a large
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impact for example in the field of ergonomy and rehabilitation technology. It will
open up a new interesting field of research with many life changing applications.
At this point, the practical usage of ultrasound is most common for examining
muscle exhaustion and muscle movement.

1.1 Background

State-of-the-art clinical diagnosis, assessment of diseases and disorders are car-
ried out using needle electromyography (nEMG), where a needle electrode is
inserted into the muscle and blindly sampling highly localized myoelectrical sig-
nals from the contracting MUs at various positions. Some of the limitations
of this method is invasiveness, blindness and no visualization. There are some
techniques, using surface EMG (sEMG), which use multiple electrodes placed on
the skin’s surface and decompose electrical signals from individual MUs and af-
terwards performing 2-D topographic imaging of active units [4, 5]. A limitation
of this method is the lack of depth information [6].

Ultrasound may be an imaging modality with the potential to overcome these
particular limitations. There has been a lot of research on whole-muscle aspects
in terms of skeletal muscle contraction characteristics [7, 8, 9], and neuromuscu-
lar disorders [10, 11], as well as inter-muscle segmentation [12]. Previous studies
have shown that small scale muscle twitches can be detected using ultrasound
[13].

Recently there have been several reports on ultrasound based detection of
electrostimulated MU activity [14, 15, 16]. In particular, a demonstration of 3-D
visualization of a contracting MU using plane wave ultrasound imaging at kHz
frame rate [15]. The thickening of the fibres was assessed by the axial velocity
field, showing thickening and longitudinal propagation at velocities similar to
the contraction velocity. In a previous study, one assessed axial and lateral
velocity field and discovered longitudinal and lateral compressional propagating
waves and a longitudinal shear wave accompanying the MU contraction [16].

Methods for intra-muscular ultrasound based analysis of muscle tissue are
largely underdeveloped, in particular regarding the level of MUs. Results have
shown an indication that high-end ultrasound scanners can be used to localize
geometric change in skeletal muscles on the scale of MUs under an isometric
contraction, and with respect to the research in this particular field there are
encouraging facts that ultrasound techniques could be used to visualize and
detect individual MUs under an isometric contraction [17, 18]. However, a ma-
jor drawback was that the authors struggled to identify small and overlapping
MUs as individual, which may be viewed as a major drawback since overlap-
ping MUs are common [3]. Another drawback was unautomated segmentation of
MUs, with a method of feature extraction by single value decomposition (SVD).
There are some literature dealing with overlapping objects [19, 20]. In particular
dealing with overlapping of convex objects and proposing a three-step frame-
work including seed point extraction, contour evidence extraction and contour
estimation [19]. The application was towards synthetic and real microscopic
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image data.
There is a lot of previous work in the field of medical image processing and

segmentation, with reviews of statistical methods regarding magnetic resonance
(MR) and positron emission tomography (PET) data [21, 22, 23, 24]. Spatio-
temporal models are commonly used for MR and PET data, where Markov Ran-
dom Fields (MRF) is a commonly used method for segmentation. For example
segmention in magnetic resonance images (MRI) of the fetus and segmention
MRI of breast lesion [25, 26]. Fuzzy C-means has also been used in literature
for segmentation of MRI data [27].

1.2 Outline & Aims

The purpose is to evaluate proof of concept, meaning the feasibility of segmen-
tation of MUs in skeletal muscle tissue in ultrasound image sequences. The aim
is to evaluate and propose an appropriate method for segmentation of MUs.
While full decomposition of the MUs in the data is the final goal, segmentation
can be seen as an important pre-processing step, which also has several clinical
applications itself.

In order to find an appropriate model and framework for automatic segmen-
tation of MUs, a first step is simulation of synthetic ultrasound images. Input
for the simulation, regarding the assumptions of physiological and neurological
aspects, will be determined through literature such that it is relatively consis-
tent with authentic ultrasound images. There will be simulations with different
inputs, i.e. different complexity, in order for the final model to be able to seg-
ment the MUs, somewhat, invariant of the complexity. For example there may
be different number and sizes of MUs, as well as different amplitudes of the
activating time signals.

The aims of this thesis can be summarized as follows

• Propose a framework for segmentation of MUs in skeletal muscle tissue in
ultrasound image sequences.

• Evaluation of performance on simulated synthetic data and test on au-
thentic data.
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Chapter 2

Theory

2.1 Statistical Models

In unsupervised learning we have a set of n observations (x1, . . . , xn) of a random
p-vector X. The goal is to infer the properties of its probability density [28].
Often we try to characterize the observations by descriptive statistics in order
to get information about the association among the variables.

Cluster analysis relates to grouping or segmenting a collection of objects into
subsets or clusters, such that those within each cluster are more closely related
to one another than objects assigned to different clusters. An object can be
described by a set of measurements or by its relation to other objects.

2.1.1 K-means

K-means clustering is used for partitioning a data set, xij , where i = 1, . . . , CK

and j = 1, . . . , p, into K distinct, non-overlapping clusters. We specify the
number of clusters K, where the K-means algorithm will assign each observation
to one of the K clusters. Let C1, . . . , CK denote sets containing indices of the
observations in each cluster. These sets satisfy two properties:

1. C1 ∪ C2 ∪ . . . ∪ CK = {1, . . . , n}.

2. Ck ∩ Ck′ = ∅,∀ k 6= k′.

The within-cluster variation for a cluster Ck, W (Ck), measures the dissimilarity
of the observations within a cluster. Hence, we want to solve the problem

min
C1,...,CK

K∑
k=1

W (Ck) (2.1)
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In order to solve (2.1), we define the within-cluster variation as the squared
Euclidean distance. Hence,

W (Ck) =
1

|Ck|
∑

i,i′∈Ck

p∑
j=1

(xij − xi′j)2

= 2
∑
i∈Ck

p∑
j=1

(xij − x̄kj)2
(2.2)

where |Ck| denotes the number of observations in the kth cluster and x̄kj =
1
|Ck|

∑
i∈Ck

xij is the mean for feature j in cluster Ck. Combining (2.1) and

(2.2) we have

min
C1,...,CK

K∑
k=1

1

|Ck|
∑

i,i′∈Ck

p∑
j=1

(xij − xi′j)2 (2.3)

In order to solve (2.3), we have the following algorithm:

Algorithm 1 K-means Clustering

1. Randomly assign a number {1, . . . ,K} to each of the observations
{1, . . . , n}.

2. Compute the cluster centroid for each of the K clusters. The kth cluster
centroid is the vector of the p feature means for the observations in the kth
cluster.

3. Assign each observation to the cluster, whose centroid is closest in terms
of Euclidean distance.

4. Iterate until the cluster assignments stop changing.

The result may respresent a suboptimal local minimum and in order to avoid
this, one should start the algorithm with many different choices for the starting
means, and choose the solution having smallest value of the given objective
function shown in (2.3).

In the case when we allow overlapping clusters, there are other clustering
methods available. For example Fuzzy C-means, which returns probabilities of
belonging to a particular cluster. More information about this method can be
found in [29].

2.1.2 Density-Based Spatial Clustering of Applications with
Noise

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) relies
on a density-based notion of clusters which is designed to discover clusters of
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arbitrary shape [30]. There are two global parameters; τ (referred to as MinPts
in the original article) and ε. DBSCAN tries to recognize the clusters such that
within each clusters we have a typical density of points which is considerably
more dense than outside of the cluster. Furthermore, the density within the
areas of noise is less dense than the density in any of the clusters. The key idea is
that for each point of a cluster the neighborhood of a given radius has to contain
at least a minimum number of points, i.e. the density in the neighborhood has
to exceed some threshold. The shape of a neighborhood is determined by the
choice of distance measure, d(x, y), for two points x and y. In this thesis, we
will use Euclidean distance as a distance measure.

There are two types of points belonging to a cluster. The points inside the
cluster, denoted as core points, and points on the border of the cluster, denoted
as border points. The ε-neighborhood of a point x, denoted Nε(x) is defined by

Nε(x) = {y ∈ D | d(x, y) ≤ ε}

where D is the domain of interest. We require for every point x in a cluster C,
there is a point y in C such that x is inside the ε-neighborhood of y and Nε(y)
contains at least τ points. Hence, a point x is directly density-reachable from a
point y with respect to ε and τ if

1. x ∈ Nε(y)

2. |Nε(y)| ≥ τ

A canonical extension of direct density-reachability is defined as a point x, which
is density-reachable from a point y with respect to ε and τ if there is a chain
of points x1, . . . , xn, x1 = y, xn = y such that xi+1 is directly density-reachable
from xi.

There may be a relation of the border points, so we refer to a point x as
density-connected to a point y with respect to ε and τ if there is a point r such
that both x and y are density-reachable from a point q with respect to ε and τ .

A cluster is defined to be a set of density-connected points which is maximal
with respect to density-reachability. So, ∀x, y, if x ∈ C, and y is density-
reachable from x, then y ∈ C. ∀x, y ∈ C : x is density-connected to y with
respect to ε and τ .

Noise will be defined relative to a given set of clusters and is the set of
points in D not belonging to any of its clusters. Let C1, . . . , CK be the clusters
of the domain D with respect to ε and τ . We define the noise as the set of
points in the domain D not belonging to any cluster Ci, i = 1, . . . ,K, i.e. noise
= {x ∈ D | ∀i : x /∈ Ci}.

A cluster is discovered in a two-step approach by first selecting an arbitrary
point from the domain D satisfying the core point condition as a seed. Then
we find all points that are density reachable from the seed obtaining the cluster
containing the seed. For detailed information about the recursive algorithm, see
[30]. See Figure 2.1 when τ = 4.
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ε	

Core	point	

Reachable	point	

Noise	point	

Figure 2.1: Red points are core points, because the area surrounding these
points in an ε radius contain at least τ = 4 points, including itself. Green
points are reachable from the the red area, so red and green points belong to
the same cluster. The blue point is a noise point since it is neither a core point
or density-reachable point.

2.1.3 Independent Component Analysis

Multivariate data can be viewed as multiple indirect measurements from an
underlying source, which typically cannot be directly measured and is unknown.
We would like to find the original source signals hidden in the observed signals.
This is known as a blind source separation (BSS) problem.

Factor analysis (FA) is a classical technique that aims to identify these la-
tent sources which are typically wed to Gaussian distributions. Independent
component analysis (ICA) is similar to factor analysis, but relies on the non-
Gaussian nature of the underlying sources. ICA is looking for components that
are as independent as possible. ICA is able to perform BSS, by exploiting the
independence and non-Gaussianity of the original sources.

An example of ICA is the classical ”cocktail party problem”, where different
microphones pick up mixtures of different independent sources, which can be
music, speech, etc.

ICA has a latent variable representation Y = AS, where Y is a column
vector of size p × 1, A is a matrix of size p × p and S is a column vector of
size p× 1. Y corresponds to the mixture input, A corresponds to the mixture
matrix and S corresponds to the original sources of interest.
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We interpret Y = AS as

Y1 = a11S1 + a12S2 + · · ·+ a1pSp

Y2 = a21S1 + a22S2 + · · ·+ a2pSp

...

Yp = ap1S1 + ap2S2 + · · ·+ appSp

Under assumption of S being Gaussian distributed and uncorrelated, the Si, i =
1, . . . , p are statistically independent random variables. We refer the columns of
A as factor loadings. In the ICA model we assume that S is non-Gaussian and
statistically independent. These assumptions allows us to determine A uniquely
and identifiability problems can be avoided. For more, see [28] and [31].

We assume that Cov(Y) = I, where I is the identity matrix. This implies
that A is orthogonal, since S also has covariance I. We want to find an or-
thogonal matrix A such that S is non-Gaussian and independent. If the mixing
matrix A is not a square matrix the task is overcomplete but still solvable with
the pseudo inverse.

One approach to ICA is based on entropy. The differential entropy H of a
random variable X with density g(x) is given by

H(X) = −
∫
g(x) log g(x) dx

Among all random variables with equal variance, Gaussian variables have the
maximum entropy. The mutual information I(X) between the components of
X is a natural measure of dependence, and it is formulated as

I(X) =

p∑
i=1

H(Xi)−H(X)

The quantity I(X) is called the Kullback-Leibler distance between the density
g(x) of X and its independence version

∏p
i=1 gi(xi), where gi(xi) is the marginal

density of Xi. If Cov(Y) = I and X = ATY, where A is orthogonal, one can
show that

I(X) =

p∑
i=1

H(Xi)−H(X)− log |detA |

=

p∑
i=1

H(Xi)−H(X)

In order to find an A such that the we get the most independence between its
components, is to minimize I(X). Hence, minimizing the sum of the entropies
of the separate components of X, which in turn amounts to maximizing their
departures from Gaussanity.

Another approach to ICA is based on the negentropy measure, J(Xi). For
more about this, see [31].
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Independent components have by definition a joint product density

fS(s) =

p∏
i=1

fi(si)

An approach for estimating this density using generalized additive models is
Product Density ICA (ProDenICA) algorithm. More information about the
method and algorithm, see [31] and [32].

2.2 Skeletal Muscle Tissue & Ultrasound Imag-
ing

Muscle tissue in mammals is generally classified in three groups on the ba-
sis 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. The skeletal muscle tissue is
voluntary contractible and is responsible for the movement.

The definition of a skeletal muscle is a muscle that is under voluntary control
and connected to bones via tendons. The skeletal muscle represents about
35-45 % of an average adult body mass and includes 650 muscles. When a
skeletal muscle is innervated by a somatic motoneuron, the muscle contracts
and increases the tension on the tendons, making a joint move by pulling on
the bones. Skeletal muscles contains a set of fascicles that contains numerous
muscle fibers.

2.2.1 Muscle Fibres

Muscles are composed by different muscle fibers, which can be categorized as
fast or slow fibers, and also correlates to the force-producing abilities of each
muscle. There are three fenotypes of muscle fibers: slow (type I), fast (type IIA)
and fast (type IIX) according to determination of the major myosin isoform in
each muscle fiber. The muscle fibers can moreover be in a transition state,
containing a mixture of more than one type of myosin isoform, thus hybrid
fibers that are in a progress of transformation from one to another of the three
fiber types (type I+II and type IIAX).

2.2.2 Muscle Contraction

Myofibrils are divided axially by Z-discs and the region between two Z-discs is
called a sarcomere. When a muscle contracts, the Z-discs gets pulled together
resulting in a shortening of the sarcomeres. The shortening of a sarcomere in
axial direction also leads to an expansion in radial direction, making the muscle
shorten in length and expand in circumference. See Figure 2.2 for the anatomy
of a muscle fiber.

9



Figure 2.2: Anatomy of a muscle fiber.

Muscle contraction is triggered by an action potential (AP) of an innervating
axon, called an α-motoneuron. The motoneuron innervates a number of muscle
fibres and together this complex is called the motor unit (MU).

The motoneuron connects to the muscle fibres at the neuromuscular junction
(NMJ), where the locations of the NMJs are scattered in a small area called the
innervation zone (IZ). When an AP of the motoneuron reaches the NMJ, it
results in a potential change of the muscle cell at the NMJ.

A muscle contraction is initiated when the motoneuron depolarizes the mus-
cle fibre and an intra-cellular action potential (IAP) is generated, which propa-
gates along the fibre away from the NMJ. See Figure 2.3.
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Motoneuron	1	

Motoneuron	2	

Neuromuscular	junction	(NMJ)	

Depolarization	
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Figure 2.3: A motoneuron innervates a number of muscle fibres and together
this complex is called the motor unit (MU). First the motoneurons are firing
and then connects to the fibres at the neuromuscular junction (NMJ), in an
area called the innervation zone (IZ). Muscle contraction is initiated when the
motoneuron depolarizes the muscle fibre and an intra-cellular action potential
(IAP) is generated, which propagates along the fibre away from the NMJ.

2.2.3 Motor Units

A motor unit (MU) is a somatic motoneuron along with all the muscle fibers it
innervates and it is the smallest voluntarily contractible unit. See Figure 2.3.
A somatic motoneuron can contain several axon terminals which are connected
through the NMJ to different muscle fibers. When an AP propagates along a
somatic motoneuron, all the connected muscle fibers will be innervated. When
an AP arrives at the NMJ, the sarcolemma gets depolarized, causing the AP
to propagate outwards along the sarcolemma. The combined APs in all muscle
fibers in an MU is called a Motor Unit Action Potential (MUAP), which is a
signal that can be measured by, for example, EMG electrodes.

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 several hundreds [33]. The fibres of one MU will also
be partially intermingled with fibres of other MUs. In the human biceps brachii
muscle, located in the upper arm, MUs are localized in circular regions with
diameters ranging from 5 to 20 mm and where different MUs can and are likely
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to overlap each other [2, 3].
The force production of the muscle is generally regulated by recruitment of

individual MUs and the variation of firing rate of the innervating motoneuron.
Force production is generally dominated by recruitment of new MUs at low
forces, while increased firing rate is more pronounced at high forces [34, 35].
Under minimal voluntary contraction, 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, which says that small MUs
are activated first and then larger ones are activated as the force increases [36].
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 [37, 38, 39].

Under a normal muscle contraction, the firings of the motoneurons of the
active MUs are independent in time ensuring a smooth steady contraction.

2.2.4 Conventional Ultrasound

Ultrasound imaging is performed by sequential insonification of the medium
using focused beams. Each focused beam allows the reconstruction of one image
line. A typical 2-D image is made of 64 to 512 lines [40]. The frame rate of
the imaging mode is set by the time required to transmit a beam, receive and
process the backscattered echoes from the medium and repeat that for all the
lines of the image. For a conventional 2-D image, the time Timage to build an
image is:

Timage =
2×Nlines × Z

c

where Z is the image depth, Nlines is the number of lines in the image and
c = 1540 m/s is the speed of ultrasound waves. The maximum frame rate fmax

that can be reached with this technique is:

fmax =
1

Timage

Hence, the maximal image frame rate depends on the image depth and the
resolution of the image.

2.2.5 Ultrafast Ultrasound

Limitations of the conventional approach appears as soon as higher frame rates
are required, for example in echocardiography for the heart motion analysis,
and in 3-D/4-D imaging where the number of lines become significant [40]. To
overcome these limitations, parallelization schemes have been considered and
most current systems have multiline capabilities. This means that for each
transmit beam, typically 2-16 lines are computed. Multiline processing can be
used to increase the frame rate or the number of lines computed per image.
Ultrafast imaging breaks the paradigm of current ultrasound systems, which
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are built on a serialized architecture and sequentially reconstructed images from
several equivalent transmits. An ultrafast imaging system is able to compute
in parallel as many lines as requested and is capable of computing a full image
from one single transmit, invariant of the size and characteristics of the image.
In such a system the frame rate is no longer limited by the number of lines but
by the time of flight of a single pulse to propagate in the medium and returned
to the transducer.
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Chapter 3

Methods

3.1 Ultrasound Acquisition

3.1.1 Simulation Model

In Figure 3.1 we show a schematic figure of the simulated MUs and its territories
from the model that we will try to segment using the framework presented later
on in this chapter. In order to generate synthetic data, we will describe the
activation of MUs from a formal quantitative perspective. The electric signal
from a neuron to MU in the muscle fibres is called action potential (AP). Mus-
cle fibres is activated when the AP reaches them and creates a depolarization,
which propagates along the fiber and produces a contraction [2]. From superpo-
sitioning the APs, for all the muscle fibres in a MU, we get an AP for the actual
unit known as Motor Unit Action Potential (MUAP). MUAP results in a short
contraction in muscle fibres at a MU, since the length of every AP is inverted in
relation of the speed of depolarization of the particular fiber. This velocity has a
range of 3 to 6 meters per second [2]. A protracted contraction demands a series
of MUAPs and this is called Motor Unit Action Potential Train (MUAPT).
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Figure 3.1: Schematic figure of the simulated MUs and its territories from the
model that we will try to segment.

To model a MUAPT, it is practical to view the process as random, where
the waveform of a MUAP arises in randomized intervals in time [2]. Hence, a
MUAPT is described by the series of MUAPs and the corresponding interpulse
interval (IPI). The time between two neural activations or firings, is a random
variable [5]. We have

IPI1	
MU1	

IPI2	
MU2	

Time	

Figure 3.2: Firing patterns of the motoneurons of two MUs. The time-instants
during muscle contraction of different MU firing patterns are assumed to be
independent. The IPI is assumed to be a random variable with the firing rate
as the inverse of its average.
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IPIi ∼ N(1/fi, σ
2)

where fi is the average firing rate for the ith MU. Typically σ2 = 0.2 × 1/fi is
the case [4]. This gives us

IPIi ∼ N(1/fi, 0.2/fi) (3.1)

We assume the motoneuron activation of individual MU i is

δi(t) =

n∑
k=1

δ(t− tk) (3.2)

where δ(·) denotes the dirac delta function and n is the number of firings.
Equation 3.1 and 3.2 corresponds to Figure 3.2, which is the firing patterns of
the motoneurons. The mechanical response of individual MU i can be written
as

Mi(t) =

n∑
k=1

hi(t− tk − τi)

where τi denotes the variation of the IPI called jitter and where h is a filter
that is convolved with the dirac pulse to form the mechanical waveform. The
mechanical waveform h(t) was taken as one period sinus waveform at T = 120
ms duration.

hi(t) = H(t)H(T − t) sin

(
2π

T
t

)
where H(t) is the Heaviside step function. This waveform was chosen because of
its simplicity and its similarity to empirical waveforms found in previous studies
on stimulated contraction biceps brachii axial velocity waveform [15, 16]. The
amplitude of mechanical waveform was modulated by multiplying Ai to the h(t).
We have

Mi(t) =

n∑
k=1

Ai hi(t− tk − τi)

Circular MU territories of diameter Ri at 2-D spatial position xi combined
together with the equation above gives us

Mi(t, x) =

n∑
k=1

Ai hi(t− tk − τi)Gi(x− xi)

where Gi(x) is a circular region with diameter Ri. Border-pixels are affected
by cross-talk from adjacent MUs. This resembles cross-talk by the mechanical
contraction is propagated away from the MUs through passive and active tissue
[15, 16].
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The tissue velocity response of the individual MUs is low, and this motivates
the assumption to approximate the total response by superposition in the case
of low force production [15, 16, 41, 42]. The final compound mechanical signal
was then generated by superposition of the activity of N MUs as

M(t, x) =

N∑
i=1

Mi(t, x) + ε

where we set ε to be Gaussian white noise at 10 dB and also 20 dB.
100 simulated image sequences were generated at different combinations of

parameters, where the number of MUs were placed spatially at random making
it possible for multiple overlapping units which is an important feature since it is
a probable scenario [3]. Image sequence were simulated at 100×100×400 pixels
and frames corresponding to 40 mm × 40 mm × 1 sec with spatial resolution of
0.4 mm/pixel and 400 Hz plane wave frame rate.

The parameter settings below were used to mimic a biceps brachii muscle
at low isometric contraction level, up to 5 % of maximal voluntary contraction
(MVC) [2]. Simulation sets were generated separately with respect to:

• Number of MUs: N = {5, 10, 15, . . . , 40}.

• Amplitude: A ∼ U(0.25; 1.0).

• MU territories: Circular with radius R ∼ U(5, 20) mm.

• MU firing rate: f ∼ U(8, 13) Hz.

3.1.2 Authentic Data

Ultrasound imaging was achieved using a SonixTouch system equipped with a
9 MHz linear probe and multichannel data acquisition module (DAQ) (Ultra-
sonix Medical Corporation, CAN). Plane wave transmit was achieved from the
research mode of the Sonix Software (Ultrasonix Medical Corporation). Ra-
diofrequency (RF) signals were recorded in parallel by the 128 channel DAQ
module at frame trigger. Tissue velocity images were calculated from the recon-
structed RF images by calculating the axial spatial phase shift in 1 mm regions
for all 128 channels between subsequent images.

An isometric contraction of the biceps brachii muscle of a healthy 30 year old
subject was recorded. The subject seated in a chair and asked to hold his arm
at a 110 degree angle between upper and lower arm without armchair support,
somewhat equalling a contraction level around 5 % of MVC. An experienced
operator held the probe against the skin anteriorly on the lower half of the biceps
brachii and a cross-sectional plane was recorded. The subject gave informed
consent and the project conformed to the Helsinki declaration and was approved
by the local ethics committee.
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3.2 Segmentation Framework

The proposed segmentation framework for automatic segmentation of MUs in
skeletal muscle tissue has five main steps and is a BSS task using the linear
equation Y = AS, discussed in the chapter regarding theory. Each step is
described in detail, in the forthcoming sections using the theory and methods
from previous chapters.

	
Es$ma$on	of	Component	Clusters	

Ini$al	segmenta$on	of	input	matrix	
	
	

Es$ma$on	of	Time	Signals	for	Component	Clusters	
Solve	the	linear	equa$on	to	get	the	$me	signals	from	ini$al	segmenta$on	

	
	

Selec$on	of	Relevant	Time	Signals	for	Components	
Choose	a	subset	of	the	$me	signals	from	ini$al	segmenta$on	

	

	
Es$ma$on	of	Spa$al	Posi$ons	for	Components	

Reverse	step	of	solving	the	linear	eq.	using	the	subset	of	$me	signals	
	

Post-process	
Smoothing	the	final	segmenta$on	output	

Input	
Image	sequence	data	

Output	
Segmented	MUs	

3.2.1 Estimation of Component Clusters

We have an input matrix (images over time) of size nx × ny × nt, where nx
and ny is the pixel width and height respectively, while nt corresponds to the
time samples. We multiply the width and height, n = nx × ny, which gives
us the input matrix Y, where Y is a n × nt matrix. In the simulation studies
nx = ny = 50 and nt = 400, where the width and height were originally 100
pixels but downsampled to 50.

From this input matrix we want to find the components, i.e. MUs, and in
the case of overlapping MUs there will be a case of overclustering where the
overlapping regions will be intersections between units.

We will be using DBSCAN, which takes two parameters: τ and ε. As with
other clustering algorithms, it is a difficult task to select appropriate parameter
values in an automated way. There are numerous articles on how to select the
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optimal parameter values and domain knowledge is advantageous [43, 44, 45].
Setting τ = 4 is appropriate for 2-D data [30]. We will estimate an appropriate
value for ε by calculating the distance, in terms of Euclidian distance to the 4-
nearest neighbors method for all the points and plot the sorted distances. The
parameter ε is chosen to be the ”knee”-point in the plot. This point is somewhat
close to a point in terms of distance where the curve starts to ”turn” upwards.
Points beyond the particular threshold will be considered as noise.

The input to the clustering algorithm is Y, where Y is a n× nt matrix and
n corresponds to the points while ny corresponds to p variables (time). This
returns a n × 1 vector, B. We use the indicator function in order to find a
matrix A, which is a K × n matrix using

A = [1B(1),1B(2), . . . ,1B(K)]

where 1 is the indicator function and K is the number of cluster assignments.
If the components are overlapping, it will most likely be overclustering such
as the intersections of components can be classified as its own cluster. The
intersections can be viewed as a mixture of components.

3.2.2 Estimation of Time Signals for Component Clusters

It is likely that we will have an overclustered result from the previous step.
Meaning that every cluster assignment will not necessarily be an individual
component and could be an intersection. Hence, we have the spatial positions
for the different clusters and from this we want to find the time signals for each
cluster in order to use this information later on to find components which is
”complete”.

ICA works well if there are same number of signals as the number of sources.
This is not the case due to the oversegmentation, and therefore ICA is not
applicable. However, inspired by ICA, we will solve the a linear equation using
the pseudo inverse under assumption of additive signals since we have Y and
we have estimated A. Hence,

S = A−1Y

where S is a K × nt matrix containing the time signals for the clusters found
in the previous step. We define clean components as components that is not an
intersection. Demonstration of a clean signal and a mixture signal can be seen
in Figure 3.3, where the upper plot visualizes a clean signal and the lower plot
visualizes a mixture signal.
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Figure 3.3: Demonstration of a clean signal and a mixture signal, where the up-
per plot demonstrates a clean signal and the lower plot demonstrates a mixture
signal.

3.2.3 Selection of Relevant Time Signals for Components

Since we in the most cases will recieve an overclustered result, we will also
get the same amount of time signals as we have cluster assignments or indices.
We are only interested in signals connected to each component and not the
intersections of components. Therefore we want to choose a subset of the time
signals. The selection of relevant time signals in S relies on the shape of the
particular signal and waveform.

First we have to define what a prominence is. The prominence of a peak
measures how much the peak stands out due to its intrinsic height and its
location relative to other peaks.

We calculate the prominence of a peak as:

1. Find a peak in the given time signal.

2. Extend a horizontal line from the peak to the left and right until one of
these two alternatives happen:

• Crosses the signal due to a higher peak.

• Reaches the left or right end of the signal.

3. Find the minimum of the signal, in the two intervals defined in Step 2.
This point is defined as a valley or one of the signal endpoints.

4. The reference level is then the higher of the two interval minima. The
prominence is the height of the peak above this level.
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5. Go to Step 1 and iterate through every peak in the given time signal.

Under assumption that the prominences will be somewhat similar for the time
signals, i.e. small variation, the signal selection consists of two parts:

1. Calculate the variation of prominences for a signal and if it is below a
chosen threshold T , it is defined as a clean signal. The other signals will
be classified as mixture signals.

2. Decompose the mixture signals in order to find new clean signals, using
the same approach as in part 1. This is done by calculating the correlation
between mixture signals and all other signals. Then we construct a linear
combination of the two highest correlated signals, by subtracting one of
them to the other. Which signal to subtract depends on the variation of
the prominence. If the variation of prominence is lower for a signal, then
it is subtracted to the signal with higher variation of prominence.

3. Concatenate the new signals into a new matrix, S∗. Polish S∗ from dupli-
cates and noisy unwanted signals, and go through the same variation of
prominences step as before.

There is no easy automatic way for determining the threshold T and previous
knowledge of the time signals is advantageous.

3.2.4 Estimation of Spatial Positions for Components

This step is the reverse of the third step. Since we are interested in a new A,
A∗, we find this by the pseudo inverse

A∗ = YS−1∗

3.2.5 Post-process

Since A∗ likely may be blurred and fuzzy, we simply round every pixel to the
closest integer which is intended as smoothing. We have Ai

∗, i = 1, . . . ,K∗,
where K∗ is the number of cluster assignments. If Ai

∗ contains more than one
cluster assignments, excluding the background, we split it into multiple images
until every Ai

∗ only contains one cluster assignment. In order to view Ai
∗ as an

image, we have to reshape the columns from n = nx×ny, back to the width nx
and height ny respectively.

3.3 Evaluation of Performance

To evaluate the results, three performance measures were used as the metric for
segmentation results: True Positive Rate (TPR) and Positive Predictive Value
(PPV). TPR, i.e. sensitivity, was used to assess how the proposed method
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correctly performs segmentation and PPV, i.e. precision, was used to evaluate
the accuracy of the segmentation. These performance measures is defined as

TPR =
TP

TP + FN

PPV =
TP

TP + FP

where TP is the number of correctly segmented components, FP is the number of
false segmented components and FN is the number of missed components to be
segmented. In order to compute the number of correct or incorrect segmented
pixels, we used Jaccard Similarity coefficient (JSC) [46]. JSC is a similarity
measure which is interpreted as the ratio of overlap and considers the amount of
common area between the two components corresponding pixels in the respective
images. Provided the segmented component A and the ground truth component
B, JSC is computed by

JSC =
A ∩ B

A ∪ B
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Chapter 4

Results

In Figure 4.1 we show the 100th, 200th and 300th frame from a simulated image
sequence of 400 frames, corresponding to one second. The top row show frames
for K = 10 MUs and Gaussian white noise corresponding to 20 dB, while the
bottom row show frames with more noise (10 dB).

Figure 4.1: 100th, 200th and 300th frame from a simulated image sequence of
400 frames, corresponding to one second. The top row show frames for K = 10
MUs and Gaussian white noise corresponding to 20 dB, while the bottom row
show frames with more noise (10 dB).

The time signals for an image sequence simulation with K = 5 and Gaussian
white noise set to be 10 dB is visualized in Figure 4.2. The true spatial positions
from the simulation is shown in Figure 4.3.
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Figure 4.2: Time signals for a image sequence simulation with K = 5 and
Gaussian white noise set to be 10 dB.

Figure 4.3: True spatial positions for K = 5 components in a simulation.

We decided early on to focus on DBSCAN as clustering method since it does
not rely on selecting number of components a priori. Another factor is when one
of the parameters in DBSCAN, ε, has a range of appropriate parameter values
it will give indifferent clustering outputs. Therefore we prefer using DBSCAN
than K-means.

The proposed framework (with 20 dB noise) is robust for ≤ 10 components,
with sensitivity and precision to be approximately 90 %. It is not especially
robust for ≥ 20 components, with a performance of approximately 50 %. How-
ever, when finding a component the whole spatial position will be almost com-
pletely recovered regardless the number of components found. For performance
of the framework using DBSCAN as clustering algorithm and 100 simulations
and 20 dB Gaussian white noise with increasing complexity in terms of number
of components, see Figure 4.4. The threshold parameter T is set to be 0.40.
Corresponding table with standard errors can be seen in Table 4.1.

When increasing the noise (10 dB), the proposed framework is not as robust
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as in the case of 20 dB noise and have a difficulty of finding up to 10 compo-
nents with good accuracy. The sensitivity is approximately 80 % and precision
approximately 60 %. See Figure 4.5 (threshold parameter is set to be T = 0.40).
Corresponding table with standard errors can be seen in Table 4.2.
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Figure 4.4: Performance of the framework using DBSCAN as clustering algo-
rithm and 100 simulations and 20 dB noise, with increasing complexity in terms
of number of components. The threshold T is set to be 0.40.

Table 4.1: Performance of the framework with standard errors using DBSCAN
as clustering algorithm and 100 simulations and 20 dB noise, with increasing
complexity in terms of number of components. The threshold T is set to be
0.40.

K 5 10 15 20
TPR 0.94 ± 0.10 0.88 ± 0.10 0.70 ± 0.16 0.52 ± 0.15
PPV 0.98 ± 0.10 0.94 ± 0.14 0.79 ± 0.18 0.60 ± 0.19
JSC 1.00 ± 0.01 1.00 ± 0.01 0.99 ± 0.01 0.98 ± 0.02
K 25 30 35 40
TPR 0.33 ± 0.14 0.18 ± 0.09 0.10 ± 0.07 0.05 ± 0.04
PPV 0.42 ± 0.15 0.27 ± 0.16 0.19 ± 0.14 0.12 ± 0.09
JSC 0.96 ± 0.03 0.94 ± 0.03 0.94 ± 0.04 0.93 ± 0.04
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Figure 4.5: Performance of the framework using DBSCAN as clustering algo-
rithm and 100 simulations and 10 dB noise, with increasing complexity in terms
of number of components. The threshold T is set to be 0.40.

Table 4.2: Performance of the framework with standard errors using DBSCAN
as clustering algorithm and 100 simulations and 10 dB noise, with increasing
complexity in terms of number of components. The threshold T is set to be
0.40.

K 5 10 15 20
TPR 0.81 ± 0.21 0.74 ± 0.17 0.58 ± 0.15 0.44 ± 0.13
PPV 0.71 ± 0.34 0.56 ± 0.27 0.29 ± 0.16 0.16 ± 0.07
JSC 0.99 ± 0.02 0.98 ± 0.02 0.97 ± 0.02 0.96 ± 0.02
K 25 30 35 40
TPR 0.35 ± 0.10 0.29 ± 0.09 0.26 ± 0.08 0.23 ± 0.08
PPV 0.11 ± 0.04 0.09 ± 0.04 0.08 ± 0.03 0.07 ± 0.03
JSC 0.95 ± 0.02 0.94 ± 0.03 0.93 ± 0.03 0.94 ± 0.02

The clustering outputs using DBSCAN (ε = 0.09) and K-means (K = 10)
on authentic data can be seen in Figure 4.6, where (a) corresponds to DBSCAN
and (b) corresponds to K-means. The background in (a) corresponds to one
large cluster, whereas in (b) it is comprised with many different clusters. The
black-colored cluster is outlier points for both plots. There is a visually evident
MU in both plots, located in the lower right corner. It is also evident that it
might be overlapping at least one other MU.
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Figure 4.6: Clustering outputs using DBSCAN (ε = 0.09) and K-means (K =
10) on authentic data. (a) corresponds to DBSCAN and (b) corresponds to
K-means.
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Chapter 5

Discussion

The major complexity in segmentation of MUs in skeletal muscle tissue in ultra-
sound image sequences is the aspect of overlapping objects. Due to the collected
spatio-temporal information, we have found that it is possible to segment MUs
under an isometric contraction using high-end ultrasound scanners and we have
proposed a framework which is robust when simulating ≤ 10 components when
exposed to 20 dB Gaussian white noise. When finding components we will
almost recover the whole spatial position regardless of number of components
found. The framework is not satisfactory for finding ≥ 20 simulated compo-
nents or up to 10 components when exposed to more noise. Regarding finding
the number of components, the main difficulty obviously lies in the fact of over-
lapping components. It is likely to be the limiting factor why the framework
has a problem of finding 15-20 components with good accuracy. The literature
says how large the MUs are in general and since we have a limited amount of
pixels for the MUs to take place, the increasing number of MUs will, in general,
show an increase in overlap.

A major advantage of this framework is calculation efficiency. It relies heav-
ily on a fast and efficient clustering algorithm, DBSCAN [30]. The algorithm
performs very well in general, if the parameter ε is chosen wisely. By experience,
it can be a difficult task to select this parameter automatically. As mentioned
earlier, we chose the parameter using a methodology looking at the sorted near-
est neighbor distances and to select a point where we could with relatively ease
see a distinction in a sorted plot between the so called outlier points and the
clustered points. The task of selecting an appropriate ε gets even more difficult
if we don’t have an obvious distinction as in the cases of heavily noisy simu-
lated images and authetic images. DBSCAN is overclustering the input matrix
in general, where the intersection between components is assigned as separate
cluster assignment. This framework deals with the overclustering part due to
the subset selection of relevant time signals.

Since we rely on the fact that we select a subset of time signals, overclustering
is not a problem. DBSCAN is an appropriate contender as a clustering method
to K-means. In this framework, DBSCAN is more robust than K-means if we
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can find an appropriate range for the parameter ε. There are times we will
get same clustering results. The difficulty lies, as pointed out, to find an obvi-
ous distinction between clustered points and outlier points in a sorted nereast
neighbor plot. DBSCAN cannot cluster data sets well with large differences in
densities, since the τ and ε combination cannot then be chosen appropriately
for all clusters. Hence, if the data and scale are not well understood, choosing
a meaningful distance threshold ε can be difficult.

Some of the advantages with DBSCAN is no requirement for specifying the
number of clusters in the data, a priori, as opposed to K-means. It can also find
arbitrarily shaped clusters as well as finding a cluster completely surrounded by,
but not connected to, a different cluster. DBSCAN has a notion of noise and is
robust to outliers.

We solve a linear equation under assumption of additive signals, in order
to get time signals of the different clusters where we denote the signals as a
clean and a mixture signal. We assume that mixture signals are sums of signals
and often the intersection of MUs. The subset selection of time signals relies
on knowledge of the time signal and waveform of interest. Here we have used
the variation of prominence as a measure to distinguish between a clean and
a mixture signal. The variation of a signals prominences has to be below a
selected threshold T in order to be classified as a clean signal. Obviously there
is a drawback of the methodology because there is no easy way to determine
the parameter T . There may as well be appropriate to filter or smooth the
time signals before the step of calculating variation of prominences. This is due
to the fact that the time signals may include noisy spikes, which is viewed as
prominence and affects the variation. We saw this when dealing with simulated
images with a lot of added noise. However, if there were more knowledge about
the signal of interest it could be easier to select a more proper measure for the
classification of clean signals.

We decompose the mixture signals in order to find new clean signals. This is
done by correlation measure between mixture signals and the other signals and
then subtraction of the two highest correlated signals. We subtract the signal
with lower variation of prominences. We use this methodology since we believe
that the intersection of MUs have mixture signals and that the time signals
of these MUs should correlate with some of the MUs it intersects with. The
subtraction is done due to our additive assumption. ICA is not a proper choice
of model since we may have many sources in one mixture signal.

Regarding authetic ultrasound image sequences, there is a much more com-
plex situation than in the simulation model. Especially since the simulation
model is locally in the sense that it does not include for example fascia that
may interfere with for example the MUs. The selection of parameter values of
the framework seems to, in general, be a more difficult task in authentic image
sequences and we also saw in our studies the time signals of the signals from the
clusters are highly correlated. The correlation of the time signals may be due
to the background which is not included in the simulation model. All the time
signals is comparable to what we refer as a mixture signal rather than a clean
signal in the simulation model. Therefore a full decomposition is vital in order
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to be able to segment the MUs in authentic data.
Further studies regarding development of the framework, a full decomposi-

tion is inevitable since increasing the number of MUs will increase the overlap,
which will produce a lot of mixture signals. Another major point of development
should be towards robustness against noise.

Regarding the decomposition, a modification of ICA, namely Independent
Subspace Analysis (ISA) is an interesting approach for decomposition of mixture
signals. Articles regarding ISA can be seen in [47, 48, 49, 50]. ICA assumes
that the signals are independent, but as we could see, the mixtures were highly
correlated with some of the other signals. Whereas ISA, the components are
divided into groups or subspaces so that components in different subspaces
are independent, but components in the same subspace are not. Furthermore,
there is a generalization of ISA such that it models more general dependency
structures, namely Topographic Independent Component Analysis (TICA) [51].

In order to increse the robustness against noise, one should examine how to
smooth and filter the data in an automatic way where a step of pre-processing
can be an important approach in the proposed framework. Wavelets, splines or
other approaches can be relevant methods in this setting.

One might also consider whether prominences with the corresponding thresh-
old T is appropriate and if there are other methods who does not require selec-
tion of a parameter value. In order to decide this, further knowledge about the
time signals can be advantageous.
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[48] A. Hyvärinen and U. Köster, “Fastisa: A fast fixed-point algorithm for
independent subspace analysis,” EsANN, 2006.

[49] M. A. Casey and A. Westner, “Separation of mixed audio sources by
independent subspace analysis,” Proceedings of the International
Computer Music Conference, 2000.
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