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Those who seek should not stop seeking until they nd.
When they nd, they will be disturbed.
When they are disturbed, they will marvel, and will reign ovell.

Know what is in front of your face
and what is hidden from you will be revealed to you.
For there is nothing hidden that will not be revealed.

Judas Thomas: 2,5
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Introduction

Statistical modelling and statistical learning theory arewo powerful analytical frameworks
for analyzing signals and developing e cient processing ah classi cation algorithms. In

this thesis, these frameworks are applied for modelling apdocessing biomedical signals
in two di erent contexts: ultrasound medical imaging systes and primate neural activity
analysis and modelling.

Ultrasound medical imaging systems

In the context of ultrasound medical imaging, two main apgtions are explored: deconvo-
lution of signals measured from a ultrasonic transducer aadtomatic image segmentation
and classi cation of prostate ultrasound scans.

In the former application a stochastic model of the radio épeency signal measured
from a ultrasonic transducer is derived. This model is themployed for developing in a
statistical framework a regularized deconvolution procece, for enhancing signal resolution.

In the latter application, di erent statistical models areused to characterize images of
prostate tissues, extracting di erent features. These feaes are then uses to segment the
images in region of interests by means of an automatic prooeel based on a statistical
model of the extracted features. Finally, machine learnitgchniques are used for automatic
classi cation of the di erent region of interests.

Primate neural activity analysis and modelling

In the context of neural activity signals, an example of binspired dynamical network was
developed to help in studies of motor-related processes inetbrain of primate monkeys.
The presented model aims to mimic the abstract functiongliof a cell population in 7a
parietal region of primate monkeys, during the executionleirned behavioural tasks. This
project was developed during an internship of six months &tetLaboratory of Nonlinear
Systems (LANOS) of the Polytechnical federal School of Lusanne - Switzerland, under
the supervision of prof. Martin Hasler.

Thesis structure

This thesis is organized in two parts. In part | the biomedicdackground concerning
ultrasound medical imaging system (Chapter 1), prostatencar diagnosis (Chapter 2) and
neural signal analysis (Chapter 3). This part is meant to givhe basic notions about the
application context of the di erent project developed in th thesis. A common bibliography
with the fundamental reference is given at the end of the part
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In part Il the three main projects developed in this work areviewed in detail. For each
project, a dedicated bibliography is given at the end of the@w@espondent chapter.

In chapter 4, after a complete and original review on the s¢edf the art of ultrasound sig-
nal deconvolution method, a novel stochastic model for tlaglio frequency signal recorded
from ultrasound imaging system is presented. The model ianthused in a MAP estima-
tion framework for the development of a novel deconvolutalgorithm, based on a reduced
complexity Viterbi algorithm and an adaptive scalar quaagtion method. The proposed
method is than applied on both synthetic and real invivo sigls.

In chapter 5, ultrasound signal characterization technigiand machine learning method
are used for the development of a computer aided procedurepimstate cancer diagnosis.
The core of the proposed method is an automatic selection efjion of interest to be
classi ed based on an supervised and adaptive segmentatitechnique. The regions of
interest are then classi ed with a supervised classi er trined and tested on a experimental
database of trasrectal prostate images.

In chapter 6, an abstract mathematical model of primate 7aay based on a recurrent
network of spiking neurons is developed. Such model was deped in order to asses
the e ect of some critical parameters in data analysis prodares conduced on real neural
activity recorded from 7a area of primate monkey.



Part |

BIOMEDICAL BACKGROUND






Chapter 1

Ultrasound Imaging Systems

1.1 Ultrasound physic

Sound is related to the vibration motion of particles that cstitute a material. In the linear
acoustic theory, the propagation of sound is described thigh the model of elastic waves.
Elastic waves are related to elastic material, i.e. matetithat follow Hooke's law.

In elastic waves, two types of wave can exist: transversaMea and longitudinal waves.
For transverse waves the displacement of the medium is pewtieular to the direction of
propagation of the wave. Transverse waves cannot propagate gas or a liquid because
there is no mechanism for driving motion perpendicular tcetipropagation of the wave. In
longitudinal waves the displacement of the medium is pasllito the propagation of the
wave. Bones excluded, in all the biological tissue the travsrsal component is subject to
an high attenuation and therefore it can be neglected.

The constitutive equations for a linear and lossless homagemus medium are:

ocr v o= %Ft) (1.1)
m = O%t (1.2)

where p is the pressure associated to th perturbation of a particleitlv speedv, c is the
propagation speed and is the mass density, in resting condition.

The wave equation for a lossless linear medium in absence ofices can be obtained
di erentiating eq.(T3) with respect tot and multiplying both the terms of [112) for .
Combining the two equations we obtain:
1
2

2

r<p= 1.3)

Qe

o

that together with the initial conditions and boundary contlons, describes the propagation
of then pressure eldp.

Velocity potential The solution to wave equation can be simpli ed introducindhe scalar
function velocity potential:
v(ir;t)=r (r;t) (1.4)

3
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which allows to express the pressure eld as
@rt),
ot

This function will be used in the following sections to nd th expression of the ultrasound
eld generated by a transducer.

p(r;t) = (1.5)

Solution of the homogeneous wave equation in Cartesian coordate system

Wave eq. [T13) can be solved with separation of variables noet, expressing the solution
in the exponential form:
p(r;t) = Aét kD (1.6)

wherek = k& + ky§ + k;2 is the wave vector.
To be solution of the eq.[{I13) we must have

2

|
— L2 2 2 _ ¢
k=KkE+K+k=

wherek; is the component along direction of the wave vector. Therefore, ed_{l1.3) admit
an in nite number of solutions called plane waves.

Acoustical impedance. Let's consider a plane wave that propagates along the direwi R
p(x;t) = Aexpfj('t  keX)g

the speed of the particle oscillation around the propagatiodirection v can be obtained
from the relation [CR). We de ne acoustical impedance theantity

p
= = 1.7
¢ (L7
This parameter has the physical dimension of a mechanicasistance and its unit of mea-

sured is called rail= % The impedance for a plane wave is therefore
Z= oC (1.8)

that is related to propagation speed and to the density of thmaterial. In tab.[TIL values of
propagation speed, mass density and impedance for severatarials an biological tissues
are reported.

Acoustical intensity. It is de ned as the power of the acoustic eld for surface unilong
the propagation direction: b

1
I = TIl!rln T . p(t)v(t)dt (1.9)

Re ection and refraction of plane waves

The solution of eq. [[T13) found previously is valid only fon daalomogeneous region. If in
the propagation medium are present discontinuities, bothaoroscopic and microscopic with
respect to the eld wavelength, it is still possible to desébe the propagation in terms of
plane wave introducing di raction, refraction and di usio phenomena.
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Material ~ Speed of sound  Density  Impedance Tissue Speed of sound  Density  Impedance
(m/s) (Kgm®) ( rail) (m/s) (Kg?) ( rail)
Air 331 1.02 0.0004 Muscles 1580 1070 1.70
Water 1480 1000 1.48 Liver 1550 1060 1.64
Mercury 1450 13600 11.4 Fat 1459 920 1.38
Quarz 5736 2200 12.4 Brain 1560 1028 1.56
PZT 3791 7650 29.0 Kidney 1560 1040 1.62
Spleen 1570 1059 1.66
Blood 1575 1060 1.66
Bones 4080 1620 6.6
Eye 1670 1135
Lungs 650 430 0.28

(@) (b)

Table 1.1: Speed of sound, mass density and acoustical impedance in somemon
materials (a) and biological tissues (b).

INTERFACE REFLECTION
soft tissue - air 0.99

soft tissue - lung 0.52
soft tissue - bone 0.43
vitreous humor - eye lens 0.01

fat - liver 0.79

soft tissue - fat 0.0069
soft tissue - muscle 0.0004
water - lucote 0.13

oil - soft tissue 0.0043

Table 1.2: Re ection coe cient for common interfaces in medical eld.

If in the propagation medium are present non homogeneousioeg with dimension
larger than the eld wavelength, propagation medium can beoakelled as a discrete set
of homogeneous regions characterized by di erent acoustiproperties and re ection and
refraction phenomena can be modelled with the geometric astic theory.

In this model, when a plane wave encounter the separationfage between two homo-
geneous regions with propagation speecy and c,, and acoustical impedanc&; and Z5,
the incidence angle ; is related to the re ection angle , and to the refraction angle

by the Snell's law:
sin i _ &, (1.10)
sin i ¢

Re ection coe cient R and refraction coe cient T, which give the amplitude of the re ected
and refracted wave respectively, can be computed as

_ Z> 71 2Z;

=z = =< - 1.11
Zo+ 71 Zo+ 71 ( )

Similarly, re ection and refractions coe cients can be de ned for the acoustical intensity:

Z, 7y ° 2y

R= — —— = -
Zo+ 73 (Zo+ Z9)?

(1.12)

Eg. (T1) and[TA2) show that while refraction is dependem the propagation direction

the re ection depends only on the impedance mismatch betwethe two regions. In talT]2,
several values of re ection coe cients for several commonterfaces in medical eld.



6 CHAPTER 1. ULTRASOUND IMAGING SYSTEMS

Zy

Z

Figure 1.1: Re ection and refraction of plane waves in Snell law.

Di usion

If the non homogeneous regions present in the propagationdisen have dimension lower or
comparable with the eld wavelength, the incident wave wilbe di used towards di erent
directions according to a radiation patter that is functiorof the eld wavelength and of
obstacle geometry. When the dimensions of the non homogersetegion are negligible
with respect to the eld wavelength, the obstacle can be mdbed as a point scatter. In
this case, the incident eld is diused uniformly along all he directions in the form of
spherical waves.

Such phenomena takes place also when the non homogeneou®regare globally larger
than the wavelength but are characterized by local structs with dimension comparable
or lower than the led wavelength. In this case the re ected eld is composed by two
components: a re ected wave which follows the Snell's law @& di used (or non coherent)
wave which propagates along all the direction with di erenphase and cause a destructive
interference, often referred as speckle.

The di usion phenomena can be analytically studied througthe wave equation for a
lossless non homogeneous medium. In particular, let's sogg@that the acoustic parameters
in the non homogeneous regions are slowly varying and all &ded in a regionV, such that
mass density and adiabatic compressibility can be writtersa

ot a(r) r2V

(1= otherwise (1.13)
- ot a(r) r2Vv
(= otherwise (1.14)
Imposing the boundary conditions oW
@) _ @(r) _
@n_ @n 0 (1.15)
the wave equation becomes
20 r- 1 @p(r;t) _ 1@p(rt) - :
rep(r;t) 2 @& 2 @ M)+ [H)r p(r;t)] (1.16)
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where

-n= -7
= -0

0

—

are the relative mass density function and the relative conegsibility function in the region
V, respectevly. The eq.[JIIL6) constitutes a non homogenediusrential problem, which
can be solved through the Green's function method [12]:

p(r;t) = pi(r;t) + ps(r;t) (1.17)
wherep;(r; t) it's the solution of the homogeneous problem, i.e. the ident eld, and
zZ, z
1 rt)_ .
ps(r;t) = dto ?% (ro)+ r  [~ro)r p(ro;to)IG(r;tjro;to)d®o  (1.18)
1 \%

is the eld diused by the region V, while (r;t) and (o; to) are the respectevly the target
and source point of the Green's function

(t tojro rj=9

G(r; tjro; to) = 4 jr roj

(1.19)

of the di erential problem [LIB).

The eq. [IIB) has analytical solutions only if the integrian region V has a simple
geometry and a general solution can be found only doing sonmpeoximations. In particular,
recurring to the Born approximatiorp(r;t)=p;i(r;t) we obtain:

z, Z
1@pi(rt) -
)= dt —
ps(r;t) . 0 L2 @R
Thanks to [TIB) and{T14), ed—1.20) can be simpli ed afpy the divergence operator
and exploiting the divergence theorem
z, zZ
1 @pi(r;t)
)= dt -
ps(r;t) ) 0 L2 @R
Eqg. (T.Z1) can be analytically solved for many elemental égration domains, like spheres
and cylinders, which can be used in many circumstances fordelimg with good approxi-
mation some characteristics of real biological tissues [12

(ro)+ r [~Hro)r pi(ro;to)] G(r;tjro;to)dsro: (1.20)

(ro) +[r ~(ro) r pi(ro;to)] G(r;tjro;to)d3ro:  (1.21)

Di usion of plane waves
Let's suppose that the incident eld is a plane wave

pi(rit) = poe'® " *):

Substituting the incident eld in the eq. [T.Z1) we get
[
e _ b gitro ko)
ps(r;t) = poe ki~(ro) jr ~(oki ——— d°rg (1.22)

wherek = jkij = !=c.
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Observation point

Figure 1.2: Reference system for the calculus of the di used eld with Barapproximation.

Expanding the exponent of the exponential term which is depled on distance, con-
sidering target points that are far from the origin with resgt to size of the regionvy and
considering as reference system the one shown if [g]1.2, v avrite

Kir o kjrj 1 % Kitj ks To
from which follows
ki ro Kir roj=(k ki) ro ki (1.23)

whereks is the wave vector parallel ta, with magnitudek and kr = ks ro.
Substituting in eq. [T.2R) we get
it Kirj) o
psit)= P T K2~y jr ~(ro) & K)roglry: (1.24)
4 rj V.
0

The scattered eld can be interpreted as a plane wave, gen¢ed by a point source located
in the origin of the reference system, with an anisotropic gular distribution de ned by

integral in (L2Z4). De ning the functions

Z
k)= ~(r)e *rd® (1.25)
Vo
z
k)= ~(r)e krd3r (1.26)
Vo
K=k ks (1.27)
eq. [L2K) can be rewritten as
it Kjrj)
ps(rit) = 2 KT+ Kcos ] (1.28)
where
cos = k_i _ks: (1.29)
jkij?

The term [ (k) + (k)cos ] is called diusion function and describes completely the
di usion properties of a medium, in the limits of Born's appkimation.

Analyzing the expression of the di usion function some intesting consideration can
be deduced. First of all, if the variation of mass density armbmpressibility are small
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and random,j (r)j ej (r)j will be almost constant for a large set of values &, and the
magnitude of the diused eld will be proportional tok?, like in the so called Rayleigh's
di usion.

The angular variation of the eld is rather determined by thepatial variations of mass
density and compressibility. For example, if such variatie are isotropic, also the di used
eld will be isotropic with a radiation pattern of a dipole. Therefore, the diused eld
contains many informations about the acoustical propesieof the propagation medium.
Such information can be deduced by a complete set of measumenfor di erent values of
K, or for di erent (ki; s; s)ina polar reference system. Such technique is called dicdon
tomography.

In many practical situations, since only a limited set of mearement is available, it is
not possible to reconstruct the di usion function. This ishe case of the medical imaging
systems where the measurement are limited tg =0 e = , and therefore only the
quantity ~(r) ~(r) can be measured. Moreover, in medical imaging system theximam
frequency is limited by the frequency dependent attenuatiovhich reduces the frequency
range to 1-40 MHz.

Field di used by a sphere. If the non homogeneous regiov; is a sphere of radiusa, the
di usion function can be found analytically using a polar rference systemg;#; ):

- _ 1 jroj a
(o) = 0 jroj>a
ra= 1 ol a
(fo) 0 jroj>a
z2.2,2
f= (1+ 1cos )el? SN=2c0sZging d#td ds
0 0 0
Z, zZ,
= 2 s?( 1+ i1cos ) eSXdds
0 1
0.4
= k®—(sina acosa)( 1+ picos ) (1.30)
where
= 2kssin =2
= cos#

For a ! 0O we have
fl 4 ( 1+ picos k2V

whereV is the volume of the spherical regioW. If no variation of mass density are present,
the diused led is isotropic and the di used power is propotional to k*V?2. In g. L3 the
radiation patters of a sphere for di erent values dfta are shown.

Field diused by a set of obstacles. If the volumeV is constitute by many non ho-
mogeneous regions, the diused eld will depend on the chacteristics of each region.
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1 - 3 B=0°

(a) ka=04

(b) ka=2-0

(e} ka=10-0 . log scale

Figure 1.3: Radiation patterns of a spherical obstacle for di erent radiusoenputed with
the Born's approximation.
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Neglecting the multiple di usions, the di usion function d a set of N identical obstacles
can be written as

X
F(; )=f( ) ékn (1.31)

i=1
wherer; is the position of thei-th obstacle andf(; ) is the diusion function of a single
obstacle. This model allows to compute with good approximat the eld diused by
tissues that are characterized by an high degree of regulbsi evaluating the dependence
on the frequency and scatter position and other e ects due tbe perturbation of structure
regularity [12] (cap.6). However, since many biologicaigiie are characterized my an highly
variable (or even random) microstructure, stochastic mitidg is mandatory.

Field di used by a random medium: discrete model. Let's consider the non homogeneous
regionV as a discrete set of obstacles, randomly positioned in an hmgeneous substrate.
Each obstacle is assumed to be small if compared to the incitleeld wavelength. By
neglecting the multiple diusion, the diused led can be witten as the sum of the led
di use by each obstacle.

The diused eld can be decomposed in two components: a cober component and a
non coherent component

P = Pct Pinc

The coherent componen, is given by the statistical average with respect all the poide
geometrical con gurations of the obstacles. The non cohatecomponent is given by the
random uctuations around the coherent component, due td #ie possible geometrical

con guration of the obstacles.
The diused eld is therefore a random variable with mean vaé and variance

bpi = pc p* = jhpcij®+ jpinci® :
The di used componenpi,c can be written as
pre(rit) = E(; )Pt ) (132)
F(; ) = fu(; )™ (1.33)

n

wherer, is the position of then-th obstacle. Since the obstacles are small if compared to
the wavelength, their di usion functions can be assumed t@ lthe di usion function of a
sphere:

fo(; )= kan:

therefore, the overall di usion functionF(; ) is a random variable with zero mean which
statistic will be discussed later on.
The acoustical intensity of the non coherent component isoportional to
" #
H 2 4 X 2
JFG N7 =K an
n=1

and therefore, in the case of identical obstacles, it is progiional to N and follow a quadratic
law wit respect to the frequency of the incident led. Such ki of diusion is called
Rayleigh's di usion or Rayleigh's scattering.
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Figure 1.4: Reference system for calculating the signal received by a tsztucer.

Field diused by a random medium: continuous model. In this model, the obstacle is
characterized by continuous variation of mass density anohepressibility around a constant
mean value, characterized by speci c autocorrelation fuians. For the sake of simplicity,
let's assume that the regiorV/ is non homogeneous only with respect to the compressibility
The non coherent component of the led is therefore

jtt rr)

ps(r;t) = k? (k)

4 jrj

where in this case (k) and P¢(r;t), are random variables whit mean squared value

. y k# .

ihps(ij? = mh| (1.34)

jih (nij? = N (r)elkrd3r (1.35)
\Y

and whereN is the autocorrelation function of the compressibility viation.

Di usion of band-pass pulses

So far, only monochromatic incident elds have been takentinaccount. However, in
medical imaging systems also band-pass pulses are used. Thesed led for a band-
pass incident pulse can be computed with di erent methodsfiequency or time domain. If
the expression of the di used eld for a monochromatic in@dt eld is known, the di used
eld for a band-pass pulse can be nd integrating its expresgsn with the Fourier transform
of the incident pulse.

Alternatively, the diused led can be computed in time doma, integrating the eq.
(21). In particular we want to calculate the signal receigt by the transducer after the
di usion of band-pass pulse caused by an obstacle. The reeed signal, expressed in terms
of a voltageV (t), can be calculated as

Z
V(t) = Em(t) .0 Ps(r; t)dS(r) (1.36)
r

where E(t) is the transducer electromechanical impulse response ané the vector that
indicates the points over the transducer surfac®(r), with respect to the reference system,
shown in g.[L3.

The expression of the diused eld can be written in terms ohe di erential operator

LL1=

— 471 ~(rg) T (2.37)

~(r)) @
cz @t
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in the following way
z z

ps(r;t) = 1dtg Llpi(ro;t)] { to.j fo .”:stro: (1.38)
1 v 4.jr  rq

Substituting in the eq.[1.3b) and integrating with respedb t, over the transducer surface
S(r) we get 7
V(t) = Emt) ¢ Lpi(ro;)d®ro ¢ h(r;t) (1.39)
\%
where Z t to] =
ro frj=
h(rg;t) = 1 o I To -
(Foi) 1 s 4 jr o]
it is the spatial impulse response over the transducer suc Introducing the expression
of the incident eld that, as will be shown later on, is given

dS(r)dto (1.40)

1
(o
2

—~
)
~

i(ro;t —_—
pI(O ) st 4 iro rj

Alth(ro; t); (1.41)

(where A(t) is the electrical excitation of the transducer) the exprsi®n of the received
signal is 7

V()= En(t) «  LIAM)D(ro; 1)Id%0 ¢ h(r;t): (1.42)
Moving the temporal convolution insid\/; the di erential opator we get
V() = Em() v LIA®t)h(ro;t) + h(ro; t)ld®ro
= En(t) ¢ . L[q(ro; t)}d3ro: (1.43)

The functionq(ro;t) = A(t)h(ro;t) ¢ h(ro;t) pulse-echo spatial impulse response, and it
represents the signal di used by a point scatter located img, and subject to the incident
led generated by A(t). This function, which is only dependent by the transduceegmetry,
allows characterizing the distribution of the eld generatd by a transducer and therefore,
its resolution. Such function is often called alspoint-spread function(PSF).

The received signal can be calculated integrating above thegion V the function

L[a(ro; t)]:
z " _ i
V(t) = Em(t) ¢ . %%+ r ~(ro) r q(ro;t) dro:

Manipulating again the expression of the received signat,dan be expressed as the convo-
lution between the transducer electromechanical impulsesponseE(t), the system point-
spread functionq(ro;t) and the propagation medium impulse respon3€rg)

V(t) = Em(t) « T(ro) r, q(t; ro): (1.44)

where h i
T()= ~(r)+~@o) r = (1.45)

This formulation of the received signal is called convolati model and allows separating
the e ects due to imaging system by the e ects due to the progation medium. Such model
will be used in this work as reference model for developing ambnvolution model.
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MATERIAL f=1MHz f=5 MHz
Water 1360 54
Air 0.25 0.01
Brain 35 1
Liver 3 0.5
Fat 5 1
Muscle 15 0.3
Oil 3 0.12
Bone 0.2 0.04
Perspex 15 0.3
Polyethylene 0.6 0.12
Kidney 3 0.5
Blood 17 3
Vitreous humor - 6

Table 1.3: Penetration depth at -3 dB for common materials and tissues.

Absorption and attenuation

So far, only lossless medium were considered. Real matesiak well as biological tissues
are characterized by absorption phenomena due to the corsi@n of mechanical energy
into heat. Such conversion is due to di erent physical mechiam like:

viscosity, caused internal friction in the materials;

thermal di usion and mass di usion, i.e. molecular movemnisrrespectively due to
temperature and concentration gradients, that perturb wess motion;

molecular inertia.

Absorption can be modeled as an exponential reduction of astic wave amplitude as
function of the distance

As(r) = Age 11 (1.46)

where is called absorption coe cient, while Ay is the wave amplitude. it can be shown
that the absorption coe cient is dependent by the frequencyf the incident eld according
to the relation

=c f (1.47)

wherec is the propagation speedf is the frequency of incident eld and is characteristic
parameter of the propagation medium.

Moreover, like reviewed in sed 1.1, the material non homogities cause re ection and
refraction phenomenas, that causes a reduction of the adausld during its propagation.
The overall e ect of re ection, di usion and absorption cases an attenuation that can be
modeled as an exponential law:

Ar)= Aje 3 a= + | (1.48)

where g is the attenuation coe cients due to eld di usion.
Such attenuation can be also expressed in term of acoustigaknsity:

I(r) = lge 17

where is the intensity attenuation coe cient, related to the attenuation coe cient by the
relation
=2a
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Figure 1.5: Functional block diagram of a generic digital ultrasound imaging stem

Typically the attenuation of materials is expressed in dB bthe expression

AdB)= f jrj

where is the attenuation coe cient expressed incmd,ﬁHZ. Anther common way for express-

ing material attenuation is the penetration depth for di eent frequencies, which indicates
the depth at which the acoustic intensity is attenuated of 3Bd In tab. [IB, values of
penetration depth for di erent material and biological tisues are reported.

(intro)

1.2 Ultrasound imaging systems architecture

A functional block diagram of a generic digital ultrasoundriaging system is shown in g.
[L3. This block diagram is composed of two di erent sectionhe transmit section, which
drives the ultrasound transducer to generate the ultrasodrbeam, and the receive sec-
tion, which performs all the processing related to signal qaisition like, ampli cation and
pre-conditioning, analog to digital conversion, scan coension and display. Transmit and
receive sections are then synchronized by a timing systemRTswitch), which guarantees
an exclusive access to the system probe.

1.2.1 Transmit section

This section is composed of all the components necessarygenerating the tension pulses
used for exciting the piezoelectric elements that compodetprobe and generate the ul-
trasonic beam. Operating frequencies for medical ultrasalare in the 1-40 MHz range,
with external imaging machines typically using frequencyf 4-15 MHz, while intravenous
cardiovascular machines use frequencies up to 40 MHz. Themiinitation in using high
frequency pulses is the frequency dependent attenuation liblogical tissues, which in-
creases with the frequency and at 10 MHz is already 1 dB/Cm/NtH Such big attenuation,
together with the transmission power limit poses a compramibetween the maximum imag-
ing depth and the maximum frequency of the ultrasound eld.
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Older and simpler imaging systems are equipped only with a n@element probe. The
transmit section is composed of a pulse generator and an highitage ampli er necessary
for pulse ampli cation. Very high voltages are in fact reqred for driving the piezoelectric
transducers that generate the ultrasonic led. The focuginof the ultrasound beam is
usually made with a focused transducer, while the image sdardone mechanically moving
the probe.

Modern and more complex imaging systems are equipped withltirelement phased
array probes, which allow to implement focusing and imageaacelectronically. Either one
focus at xed depth or multiple focus at dierent depth can beised. All that is made
by the beamforming stage, which drives all the probe elementith a pattern of delayed
pulses in order to focus the ultrasound beam and move it in tesired position, reducing
the secondary lobes of the radiation pattern. Typically, veim probes with a high number
of elements are employed, in order to reduce the complexitlytbe transmit system, an
high-voltage multiplexer is used for selecting and drivingroups of elements with pulses
that are generated serially by the pulse generator.

1.2.2 Receive section

This section is more complex than the transmit one, both francircuital and functional
point of view. Here, all the processing necessary for sigretquisition, memorization and
display are done. In ¢g.[ITb all the blocks composing the reeing stage are shown.

Low noise pre-ampli er. This is the rst block immediately after the ultrasound traaducer
and it serves to amplify the received signal which amplitudejust some V, due to the high
attenuation encountered during the propagation. To have atea of the order of magnitude
of the overall acoustical attenuation it should be noted thahe attenuation experienced
by a sinusoidal wave with frequency of 3 MHz, re ected by a sicture at 15 cm of depth
can vary from 60 up to 80 dB. A low noise gure and high dynamiicange is therefore
mandatory in this stage.

Time gain compensation ampli er. During the propagation through the tissues, the ul-
trasound eld is a ected by depth dependent attenuation. Térefore, structures that have
the same re ectivity but are located at di erent depth will lave a di erent intensity. In
order to have a uniform representation of tissue re ectiyita time dependent ampli cation,
usually called time gain compensation (TGC), is required.o Bdapt this ampli cation to
the di erent operating conditions, the manufacturers primle on the system control inter-
face di erent variable controls to adjust ampli er gain at he di erent depth or modify the
parameters of the gain curve.

Time gain compensation is also necessary to reduce the sibagnamic before the
analog to digital conversion. Due to large tissue attenuattn, ultrasonic echo RF signal is
characterized by a very large desired dynamic range (qualiively about 160 dB), which
can hardly be obtained by an ADC at the conventional samplimgte that in commercial
equipment ranges from 33 MHz to 50 MHz [10]. For these reasopeliminary xed time
gain compensation is usually applied to the RF signal befoiiés conversion, in order to
partially compensate the tissue attenuation and reduce thiequired dynamic range to about
100 dB. Then, usually up to 1024 levels (12 bits) are employked signal quantization.
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A/D converter. This stage converts the radio frequency signal from analog tigital.
The sampling can be done before or after the beamforming stagcording to the type of
beamforming system (analog or digital). In system equippeith analog beamforming, the
A/D conversion is done after the beamforming block in the edee stage and it's missing
in the transmit stage. In system equipped with digital beaorming, the conversion is done
after the TGC block in the receive stage and before the beamiing stage in the transmit
stage. The resolution and sampling frequency of the coneertdepend on the characteristics
of the imaging system and on its position in the imaging systescheme.

Focusing and beamforming stage. In all the system equipped with multi-element probes,
as in the transmit chain, there is a beamforming block thatgwide for focusing and image
scan in reception. Transmit and receive beamforming bloeks usually synchronized by the

beamforming control system. Like in transmission, one x&gtus or multiple focus located
at di erent depth can be used in the receive stage. Of coursaultiple focus in transmission

and in reception provide a better focusing and therefore igeof higher quality. However,

the higher is the number of focus, the more complex and slowdt be the beafmorming.

Together with the probe, beamforming stage is the most adli part of imaging system and
it strongly determines system resolution. For further deta about beamforming and system
resolution see [29].

Demodulation stage. After the ampli cation, the received signal is ready to be atyzed
for extracting the desired information and processed to bésplayed. The information
necessary to generate the B mode image is contained in thersgid envelope. The envelope
amplitude is in fact related to the tissue re ectivity. Thegfore, in most of the equipment,
the focusing stage is followed by a envelope detection staged only the B mode image
is available to the user. Recently, some manufactures gaweess to the radio frequency
signal before the envelope detection in their equipment. Akimed by many authors, this
approach is fundamental for tissue characterization puges [26][25], since many information
concerning the tissues microstructure is contained in thadio frequency signal.

Preprocessing stage. With pre-processing are meant all the processing performed the
B mode image before its display on the screen, with the purposf increasing the image
intelligibility. Such processing are usually guided by theuser through di erent controls that
are available on the system interface. An example of pre-pessing is gamma correction,
which consist in re-mapping through a nonlinear function éhsignal dynamic on the gray-
level scale.

1.2.3 Probes

The main distinction in ultrasound probes is between mondeeent and multi-element
transducers. Historically developed as rst type of probemono-element tranducers are
now more di used in industrial applaications for nondestatiove material inspection, since
their require sympler control hardware and can easly handl@gh operating powers. The
main drawback of monoelemnt tranducer is the need of mechahfocusing.

Thanks to electronig focusing, multi-element probes aregberred in medical imaging
applications. Driven by many clinical needs, transducersrfmedical imaging appear in a
wide variety of forms and sizes accoriding to diagnostic de as shown in g.[Tb. Multi-
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Figure 1.6: Examples of medical ultrasound probes. From left to right: cervcardiac
probe, rectal probe, high frequency linear array, transvaginaigbe and convex array probe.

(Picture taken from http://www.newtech-medical.com)
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Figure 1.7: Con guration of multi-element probes and possible region scaed by the
acoustic beam: sequential linear array (a), curvilinear agréb), linear phased array (c),

1.5D array (d) and 2D array (e).
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element probes can be further classied accoring to their gemetry: linear sequential,
curvilinear, 1D, 1.5D or 2D, as schematized in [g1.7.

Linear Sequential Arrays can have up to 512 elements in curteommercial equipment.
A subset of the available elements is selected to image lindsat are directed perpendic-
ular to the face of the transducer, as shown in d__1.7(a); tleeoustic beam is therefore
focused but not steered. The advantage of this scheme is ttheg array elements have high
sensitivity when the beam is directed straight ahead. Thesgidvantage is that the eld of
view is limited to the rectangular region directly in front bthe transducer. Linear-array
transducers must have a large footprint to obtain an adegeatld of view.

Curvilinear or convex arrays have a di erent shape than seaqial linear arrays, but
they operate in the same manner. In both cases, the scan lires directed perpendicular
to the transducer face, but because of its convex shape, scawider eld of view, as shown
in g. LAb).

The more advanced linear phased arrays have 128 element$thA elements are used
to transmit and receive each line of data. As shown in g_Icy(by driving all the element
with a phased pulses pattern, the scanner steers the ultrasa beam through a sector-
shaped region in the azimuth plane. With this technique it {gossible to scan a region that
is signi cantly wider than the footprint of the transducermaking them suitable for scanning
through restricted acoustic windows. As a result, these msducers are ideal for cardiac
imaging, where the transducer must scan through a small womdto avoid the obstructions
of the ribs (bone) and lungs (air). However the image obtathas a depth dependent axial
resolution.

The so-called 1.5D array is similar to a 2D array in construicin but operates as a 1D
array. The 1.5D array contains elements along both the azithiand elevation dimensions.
Features such dynamic focusing and phase correction can bwlemented in both dimen-
sions to improve image quality. Since a 1.5D array containglimited number of elements
in elevation (e.g., 3 to 9 elements), steering is not possikih that direction. Fig. (LY (d)
illustrates a B-scan made with a 1.5D phased array. Linear geential scanning is also
possible with 1.5D arrays.

A 2D phased-array has a large number of elements in both theiramth and elevation
dimensions. Therefore, 2D arrays can focus and steer theust beam in both dimensions.
Using parallel receive processing, a 2D array can scan a pymalal region in real time to
produce a volumetric image, as shown in §_1.7(e).

In medical imagign conventional linear, curved and phaseday have typical azimuth
apertures that vary in length from 25 to 60 mm and elevationeafures that are 2-16
mm. The number of elements in 1D dimensional array variearfr82 to 400 and typical
frequency range form MHZ (for harmonic imaging) to 15 MHz (for high resolution ingang
of super cial structures). Finally, the fractional bandwdth range from 30-10046[29].

1.2.4 Imaging modes

A-Mode. Amplitude Mode is the rst and the simplest ultrasound imagg mode. It consist
in a one dimensional track in which the amplitude of the retued echo along a single line
is displayed.

M-Mode. Motion Mode is the rst imaging mode to display movements. i$ realized
displaying dierent A- Mode scanline acquired in di erent noments and it allows the
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DEPTH SCANLINES

(cm) 25 50 100 200
5 616 308 154 77
10 308 154 77 38
15 205 103 51 26
20 154 77 38 19
25 123 61 30 15
30 103 51 25 12

Table 1.4: Maximum achievable frame per seconds for a give number of scesliand
imaging depth.

monitoring of position, impedance and speed of the movintgifaces.

B-Mode. The brightness modulated mode is the 2D extension of the Adapwhere the
returned echoes are displayed in a 2D image which intensitg proportional to echoes
amplitude. Through B-mode imaging it is possible to obtainnaanatomical cross section
of tissues. This section is obtained by scanning manually etectronically the area of

interest with several A-mode in di erent directions and digaying the di erent scanlines

in an image.

Real time B-Mode. With real time B mode it is meant a succession of B mode imagbatt
display the tissue in di erent time instant. In order to haveeal time imaging of a tissue,
the scansion must be performed electronically. Althougrsfadue to the ne propagation
speed of the ultrasonic led, the time required for scanningnd area is not negligible and
it strongly dependent on several factors like the imaging egpment and the area to be
imaged. If we neglect the delay due to the electronic circgijtthe maximum number of B
mode images per second that can be acquired is called framiyand is given by

FR= _° 1.49

= DN (1.49)

whereD and N are respectively the maximum scanning depth and the numbesaanlines,
while c is the speed of sound in the tissue. This expression put in@smce the compromise
between the achievable frame rate and the area to be imaged. table [[L4 the maximum
frame rate achievable as function of the scansion depth arws lines number is shown.

1.3 Modeling and simulation of ultrasound imaging systems

(review of available models and software for ultrasound silation: to be written)

1.4 Future trends in ultrasound medical imaging

Diagnostic ultrasound is used in almost all medical elds ah has already become the
preferred imaging modality in a variety of clinical situatins. For example, as reviewed
in chapl®, ultrasound imaging plays a keyrole in diagnostjsrocedure for prostate cancer
assessment, management and therapy. The reasons of its &sg&én many clinical context
are basically three: ultrasound imaging systems are in geré less invasive, faster and
chapter than the other imaging techniques. Ultrasound imag is therefore particularly
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well suited to o er noninvasive and economic solution to nsmscreening, allowing earlier
detection of pathologies and e ective treatment of presyitgmatic disease.

Unfortunately, the quality of the images obtained with ulasound imaging systems is
always poor if compared to the quality provided by other tegslgues. However, in the last
decades ultrasound image quality has improved signi cagtl This improvement is due to
several engineering and technological innovations and lighroughs like the introduction
of a new generation of enhanced bandwidths transducers oarsiceads, the introduction of
digital imaging systems, and the advent of contrast agentsr].

Within this framework, signal processing techniques playimportant role for enhancing
image quality, for the development of new imaging techniqga@d methods for computer
aided detection of pathologies. In this work, among the pdde future applications we will
focus on:

image quality enhancement through signal deconvolutiorhépter[3);
automatic image segmentation (chaptEl 5);

computer aided diagnosis of pathologies (chapf@r 5).






Chapter 2

Ultrasound Aided
Diagnosis of Prostate Cancer

Prostate carcinoma is the most frequent diagnosed viscecrancer and the second most
common cause of cancer death. As a signi cant cause of matpidnd mortality, prostate
cancer is now a major health care problem. The developmentahputer aided procedure
for prostate cancer diagnosis is therefore an important amthallenging eld of research.
The development of tools that can assist radiologist to acately identify suspicious regions
require a deep knowledge about anatomy, biology and medigabcedures involved. In this
chapter, some fundamental information about prostate amaly, pathologies and clinical
procedures for cancer diagnosis are reviewed.

Author contributes. An original overview of the current procedure and future tre for
prostate cancer diagnosis from an biomedical engineeringimt of view is given.

2.1 Prostate anatomy and pathologies

The prostate is a compound tubuloalveolar exocrine glandtbé male mammalian repro-
ductive system and it di ers considerably among species &aoanically, chemically, and
physiologically [33]. The main function of the prostate i® tstore and secrete a clear,
slightly alkaline (pH 7.29) uid that constitutes 10-30%of the volume of the seminal uid
that, along with spermatozoa, constitutes semen. The reétlee seminal uid is produced
by the two seminal vesicles [33].

A healthy adult human prostate is a chestnut shaped gland ehoped in a brus capsule.
Its base is attached below the urinary bladder neck, and th@ex is xed to the urogenital
diaphragm urinary (see g.[ZN). It borders on the posteriside with the rectumand on the
anterior side with the bromuscolar stroma connected to thmubis through the puboprostatic
ligaments. On the superior posterior side it is attached tché seminal vesicles a pair
of simple tubular glands that secrete a signi cant propomin of the uid that ultimately
becomes semen [32]. The excretory ducts of seminal vesmpes into the vas deferens, as
they enter the prostate gland, and they are lined with the ethielium of the transition zone.
Within the prostate, the urethra coming from the bladder isked the prostatic urethra and

23



24 CHAPTER 2. ULTRASOUND AIDED DIAGNOSIS OF PROSTATE CANCER

Figure 2.1: Prostate location and anatomy. (picture taken from httpasivw.cancer.gov/)
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Figure 2.2: Schematic illustration of prostate sagittal (left) and axiaright) sections.

merges with the two ejaculatory ducts. (The male urethra hi@ago functions: to carry urine
from the bladder during urination and to carry semen duringagulation.) The prostate is
nally sheathed in the muscles of the pelvic oor, which cordct during the ejaculatory
process.

According to the classic work of McNeal [19] the prostate gla is divided in three
di erent zones: the transition zone, the central zone, andha the peripheral zone (see
g. E2). The tradition zone surrounds the urethra and extds form the ejaculatory ducts
proximally. The peripheral zone encompass the peripherahe form the base to the apex.
The central zone is composed of tissue immediately surroingdthe ejaculatory ducts and
it expands inferiorly. The signi cance of this architectw is based upon the relationship of
these three zones to prostatic disease [2]. In the young mtide peripheral zone comprises
75%0f prostate volume, the transition zone 28and the central zone % But with the age
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this ratios change and after 40 years, since benign hyperpla is almost inevitable, the
transition zone may enlarge ad occupy most of the gland.

Before describing the di erent prostate pathologies, theilocations and incidences, we
will brie y discuss some medical terminology. Withumor and cancer are meant a class
of swellings or lesions formed by an abnormal growth of ceftermedneoplastic)[1][34][30].
Tumor is not synonymous with cancer since a tumor can be benin, pnelignant or malig-
nant, whereas cancer is by de nition malignant. Benign lesins do not grow in an unlimited,
aggressive manner, does not invade surrounding tissues] a@oes not metastasize. On the
contrary, cancer cells display uncontrolled growth (division beyond the noral limits), in-
vasion (intrusion on and destruction of adjacent tissuea)jyd sometimes metastasis (spread
to other locations in the body via lymph or blood). Accordirig the tissue involved, several
main types of cancer can be distinguished:

carcinomais cancer that begins in the skin or in tissues that line or cev internal
organs;

adenocarcinomas carcinoma that originates in glandular tissues, as the @state;

sarcomais cancer that begins in bone, cartilage, fat, muscle, blogdssels, or other
connective or supportive tissue;

leukemiais cancer that starts in blood-forming tissue such as the b@marrow, and
causes large numbers of abnormal blood cells to be produceu &nter the blood;

lymphomaand multiple myelomaare cancers that begin in the cells of the immune
system;

central nervous system cancers are cancers that begin in tissues of the brain and
spinal cord.

Prostate diseases can be distinguished in three main cate@gs [33]: Prostatitis, bening
hyperplasia and Prostate cancer

Prostatitis, is an in ammation of prostate gland. It's a beign pathology and in the
acute case is mainly treated with antibiotics [31].

Bening hyperplasia (BPH) consists in prostate enlargementDue to prostate volume
growth, the urination becomes di cult and the main symptomsf BPH include needing to
go to the toilet often and/or taking a while to get started. lis fairly common among aging
men and it occurs mainly in the transition zone. BPH can be &ed with medication, a
minimally invasive procedure or, in extreme cases, surgérgit removes the prostate.

Prostate cancer, often referred as prostate carcinoma (deaocarcinoma), is a malignant
pathology, and as all the cancers is characterized by an abn@l and uncontrolled cells
mutation and replication. As BPH, prostate cancer might cseipain, di culty in urinating,
problems during sexual intercourse, erectile dysfunctiand other symptoms. If not detected
early and in more aggressive forms, the disease can advancstages characterized by local
invasion of the surrounding tissues (seminal vesicles, Bsnrectum), usually resulting in
lethality (see g. E13).

The heterogeneous and multifocal nature of prostate candesions poses signi cant
di culties in their detection. Whit regard to heterogeneity, prostate cancer tissue typically
reveals a juxtaposition on benign cells, preneoplastic iess and neoplastic lesions of vary-
ing severity [2]. With regard to multifocality, individuatancer lesions in a given section of
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Figure 2.3: Schematic representation of clinical procedures steps fortéetion and grading
of prostate cancer.

prostate cancer tissue have been described as geneticalligtohct. This observation sug-
gests that multiple cancer lesion may emerge and evolve ipéadently, posing signi cant
di culties in their detection. Concerning prostate canceemerging locations, typically 7@
of prostate carcinoma arise in peripheral zone, #hn the transition zone and 56in the

central zone [16].

2.2 Prostate cancer diagnosis procedure

Prostate cancer is now the second most frequently diagnoseancer in men, with about
782.600 news cases occurred during the 2007 [6]. Incideratesrof prostate cancer vary
signi cantly worldwide, with the highest recorded rate in Wited States. With about 254.000
deaths in 2007, prostate cancer is the sixth worldwide leadi cause of cancer death in men
[6].

The only well established risks factors for prostate cancare older age, ethnicity (black
highest, white average, asian lowest), diet, environmeand family history of disease [6].
Autopsy data from American males revealed that for 50-yeald male the lifetime risk of
developing prostate cancer is nearly 43 although the lifetime risk of having clinically-
detected cancer is 17%[14]. These statistics highlight how this disease has an hig
prevalence but a variable aggressiveness. In other wordgsinmen die with, rather then
because of their prostate cancer. Therefore, early detectj as well as accurate knowledge
of the biological potential of each case is fundamental foarmcer management.

A schematic representation of the di erent steps of currenlinical screening protocols
for prostate cancer diagnosis is shown in d—2.3. All the paxols are based on standard
clinical tests like digital rectal examination, prostate geci ¢ antigen level measurement and
prostate imaging, whose results are used in decision for nrak and/or repeating biopsy.
Hystopatological analysis is in fact the standard and moseliable test for cancer diagnosis
and for cancer aggressiveness assessment.
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Figure 2.4: Digital rectal examination of prostate. (picture taken fromttp://cancerinfo.tri-
kobe.org/)

Ultrasound
probe

Figure 2.5: Transrectal ultrasound imaging of prostate. (picture takerfrom
http://cancerinfo.tri-kobe.org/)

2.2.1 Digital rectal examination

Digital rectal examination (DRE) is an internal examinatio of the rectum consisting in

palpation of the organs adjacent to the rectum wall (see §.2). This noninvasive and non-
expensive examination is commonly used in prostate canamesning to check for growths
in or enlargement of the prostate gland and a tumour in the tate, can often be felt as a

hard lump. Unfortunately, since only the back wall of the ptate gland is accessible to a

doctor, only abnormalities located in the middle or front piaof the gland can be detect with

this exam. Moreover, only super cial and relatively largeekion can be detected. Therefore,
this test is always used in combination with the prostate spec antigen (PSA) test.
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2.2.2 Prostatic speci ¢ antigen

This test measures the amount of PSA in the blood, giycoprotein produced almost ex-
clusively in the epithelium of the prostate gland. While usdly abundant in the seminal
uid, PSA is normally found in low concentration inblood serum Two forms of PSA exist
in the serum: a protein-bound form and a free or unbound forRSA produced by normal
tissues, is less likely to be bound to proteins whereas the PSproduced by cancer binds
to proteins in a higher percentage. Thus, when free PSA is > %&he likelihood of cancer
is low, whereas when it is <286the likelihood of cancer increases.

The normal value for total PSA level is controversial but isigenerally quoted as <4
ng/mL and adjusted with di erent criteria according to the @eening protocols. However,
almost 26 of biopsy-proven prostate cancers present with a normal PSAnd 70-8%%6
of patients with elevated PSA levels do non have prostate caroma [16]. This lack of
speci city is due to the fact that the amount of PSA increasealso with aging, and in
presence of prostatitis and benign hyperplasia. PSA velbgithe PSA variation per year,
can be useful for di erentiating prostate cancer forms: was > 0.75 ng/ml/year is not only
a suggestive cancer but also may be related to tumour aggriessess.

Patients with abnormal DRE and elevated PSA values should ferther evaluated for
presence of prostate cancer via imaging of the prostate.

2.2.3 Prostate imaging

Several types of imaging test can be used for prostate canc@gagnosis and management:
transrectal ultrasound (TRUS), computer axial tomograpl@AT) and magnetic resonance
imaging (MRI) are among the most common. For a complete nevadout prostate imaging
techniques see [23, 16].

Transrectal ultrasound. TRUS allows the radiologist to closely examine the prostatgand
by inserting a transrectal ultrasound probe into the recturand illuminating with the ul-
trasound beam the gland from the posterior side (see d—_PR.2dZB). Currently, the
most widely used probe is a 7 MHz transducer with an endoretfaobe, which allow the
radiologist to obtain imaging of prostate axial or sagittakections (see g¢.[Zb andA7 ).
Scanning usually begins in the axial plane at the base of thergstate. Seminal vesicles
are visualized rst, identi ed bilaterally as dark anechot cystic structures. Then prostate
gland is imaged starting form the base down to the apex.

The di erent anatomical zones of the gland appear in di erénways [5] [28]. The anatom-
ical distinction between peripheral and central zones is ifact generally not visible by
ultrasound, since in a normal man, these two zones are seeraashomogeneous isoechoic
area in the posterior section of the prostate. Their normatteo pattern is used as reference
for de nig the other structures as hyperechoic or hypoectmwiAccording to this criteria, the
prostate capsule appears as an hyperechoic structure thancbe identi ed all around the
gland. Several hypoecoic rounded structures can be idemd around the prostate gland;
these are venous of the prostatic vascular system. The triéioa zone is the central part of
the gland and in a normal young man comprises only a small pamtage of the whole gland
and thus is dicult to image. In older men with BPH, the trandion zone expand com-
pressing its surrounding bromuscular tissue becoming bt as moderately hypoechoic
compared to the central and peripheral zones and it is oftefled with cystic spaces.



2.2. PROSTATE CANCER DIAGNOSIS PROCEDURE 29
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Figure 2.6: Schematic representation of prostate axial section (righthd correspondent
anglular array TRUS image (pictures taken from [5] and [24] pestively). Bottom of the
picture corresponds to posterior side.

Figure 2.7: Schematic representation of prostate sagittal section (rigrand correspondent
linear-array TRUS image (pictures taken from [5] and [24] pestively). Bottom of the
picture corresponds to posterior side.

TRUS is currently the most used imaging technique becausesitrelatively inexpensive,
non-invasive and, mainly, because allows real-time imagimand it is therefore suitable for
guiding biopsy protocols. Unfortunately, the diagnostidaity of grey scale TRUS is limited
by the intrinsically poor visibility of most of prostate cacers [22]. The parameters that
govern the sonographic appearance of prostate cancer aii# ghcertain and the described
appearance of common cancers range from hyperechoic to agpoic lesions. For examples,
it has been suggested thatbrosis often appears as an increased echogenicity lesion [24] and
edema and neo-vascularity explain hypoechoic tumors. Vhilyperechoic cancers are rare,
and hypoechoic cancers more common, especially at advarstades, at early stages most
of the contemporary tumors appears either isoechoic or digiuished by a non-speci ¢ echo
irregularity [22]. TRUS is also rarely useful in detecting»ra capsular extension (ECE),
i.e. spreading of the tumor outside prostate gland. Howey@RUS enables an accurate
measurement of prostate size, which is an useful informatio determining the PSA density
(PSA level/prostate volume). Therefore, TRUS is mainly uséo guide prostate biopsys
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and not for cancer staging.
Finally, some authors reported that the employment of TRUSmbler improves the
accuracy of gray-scale imaging by around 8-%9and its use seems to be promising [22].

Computer axial tomography. It is an X-ray based imaging procedure which can be used
for obtaining cross-sectional images of prostate gland. tAbugh this technique is widely
used in diagnosing many tumours, due to its lack of contragsplution it is insu cient

to distinguish the prostate from its surrounding structuse Therefore its use is limited to
verify if known tumours are spreading to the surrounding @ngs.

Magnetic resonance. It uses radio waves and strong magnetic elds for creating rye
clear cross-sectional images and views form di erent angl®f prostate gland with better
soft tissue resolution than any other imaging modality [23However a comparison between
MRI and TRUS demonstrated that the MRI is more sensitive bugsks speci c than TRUS
and in general it doesn't e ectively change the level of accacy of the diagnosis process
[18, 20]. The advantage provided by MRI imaging is the pod#ipof monitoring with better
resolution and de nition also the extension of the tumour tthe surrounding organs with
the same scan.

2.2.4 TRUS guided biopsy protocols

Historically, the prostate was evaluated for cancer by sidgpdigital rectal examination, and
biopsy to obtain a tissue diagnosis was performed blindly h& advent of ultrasound imaging
technology o ered a new way to evaluate the prostate, and Ipisy protocols were soon
developed to incorporate ultrasound guidance. However,iquely among image-guided
biopsies, prostate biopsy is not lesion-directed but ratméased on a systematic sampling
of those areas where cancer incidence is higher. As the diseas often multi-centric, the
di erent areas throughout the whole gland are sampled. In g&ular, since most of the
cancers arises in the peripheral zone, most of the protocals to maximize its sampling.

The motivation behind this, as discussed before, is the wedikgnostic signi cance of
imaging inspection techniques due to the high variabilityfgrostate cancer patterns. In
other words, ultrasound imaging is used to guide and monitiie biopsy needles insertions
in the di erent areas of the prostate gland. Since metal, ifoenpared to soft tissues, has an
high acoustic impedance, biopsy needles appears as hypé@c lines in TRUS scans, as
shown in g. 9.

The rst landmark sampling technique was the sextant protolcreported in 1989 [11].
As originally described, six biopsies were obtained in a pamsagittal line drawn halfway
between the lateral border and midlines bilaterally, fromhe base, midgland and apex, as
shown in g.[Z3. Although the sextant biopsy protocol was aajor advance, with a 20-2%
of positive biopsy rate, with a wider experience it was fouralso inaccurate, principally
because it under-samples the peripheral zone [22].

Modi cations of the sextant protocol were introduced fronhé mid 1990s onwards. For
example, in the modi ed sextant biopsy protocol a better spiing of the peripheral zone
around the lateral margins is obtained moving laterally andngling anterolaterally the
biopsy trajectories. This improved in some cases the detentrate from 80 to 8%%[22].
However, with time even the modi ed sextant protocol was falito miss some tumours
and many alternatives where explored. Therefore, severatemded protocols using more
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Figure 2.8: Diagrammatic representation of sextant biopsy protocol salimg patterns
(left) and biopsy needle trajectories in the axial sections @frostate gland (right)

Figure 2.9: Example of biopsy needles appearance (pointed by white arrowsp sagittal
section TRUS image during prostate biopsy.
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cores (8 or 10) directed to the peripheral zone were introdutt Although the available
results show that the extended protocols can improve diagi®accuracy it is still a matter
of debate whether extended protocols are substantially et than the modi ed sextant
protocol.

Repeated biopsies. In some cases, there can be clinical suspicious of undiseldsancer
after a negative biopsy. Examples include patients with ligPSA level or with rising PSA
level. Among these patients, repeated biopsy may detect canin 19-4190f the cases [22].
Logically with repeated negative biopsy, the likelihood ahissing cancer diminishes with
each sampling. However, biopsy is a quite invasive procegland many complications like
bleeding, pain/discomfort, infections and urinary reteiohs can be encountered, especially
in case of repeated or systematic sampling protocols inunty many cores.

2.2.5 Cancer staging and risk assessment

The dominant and most reliable method for prostate carcirmmiagnosis and aggressive-
ness assessment, in research as well as in clinical proceeluis the Gleason grading[13].
This method is based entirely on histological pattern of aangement of carcinomas cells
in contrast agents stained prostatic tissue sections. Speally the method is a catego-
rization of glandular di erentiation and pattern of growthof the tumour, at relatively low
magni cation (x10 - x40) in ve basic grades patterns [13]é¢e g. EZ11). Due to the hetero-
geneous nature of prostate cancer lesions, histopathologli inspection of prostate tissues
often reveal an ensemble of benin lesions, prenoplasticites and neoplastic lesions with
di erent aggressiveness. To take into account this heteregeity, the ve basic grade pat-
terns are used to generate an histological score, which caange from 2 to 10, by adding
the primary grade pattern and the secondary grade patternh@ primary pattern is the the
one that is predominant in area, by simple visual inspectioiThe secondary is the second
most common pattern. For complete review of the method sé& [1

The Gleason grading score is therefore and indicator of cancstage: the higher is the
grade, the more advanced is the cancer. Typically, canceithvGleason scores lower than
6 are considered well di erentiated and associated with a gal prognosis. Those with a
Gleason score of 8-10 have the worst prognosis and the highisk of recurrence.

Gleason score is often combined with PSA level and clinicabge for risk assessment.
The primary goal of staging is to distinguish patients withrgan-con ned, locally invasive,
or metastatic diseases. For a complete review of prostatecar staging and risk assessment
see [16].

In g. EIA di erent prostate cancer clinical stage stagesra shown. At its initial stages
(stage 1), when con ned into the prostatic capsule, pros&atarcinoma is essentially curable
by surgical intervention and/or radiation therapy. It carot be felt during a digital rectal
exam and usually is not visible by imaging. It is topically tod accidentally during surgery
for other reasons, such as benign prostatic hyperplasia. eT@leason score is low. Stage |
prostate cancer may also be called stage Al prostate cancer.

In stage Il, cancer is more advanced than in stage I, but hag spread outside the
prostate. The Gleason score can range from 2-10. Stage |lgtabe cancer may also be
called stage A2, stage B1, or stage B2 prostate cancer.

In stage lll, cancer has spread beyond the outer layer of thegtate to nearby tissues.
Cancer may be found in the seminal vesicles. The Gleason ecoan range from 2-10.
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ot ] 2 s
Figure 2.10: Examples of histologies, obtained with needle biopsy, of humgm®state
tissue a ected by atypical benin hyperplasia (left) and atropic adenocarcinoma (right)
respectively.

PROSTATIC ADENOQCARCINOMA
(Histologic Grades)

1: Single, separate, uniform glands closely
packed with definite edge

2: Single, separate uniform glands loosely
packed with irregular edge

3A: Single, separate, uniform glands, scattered
3B: Single, separate, very small glands, scattered

3C: Papillary/cribriform masses, smoothly circumscribed

4A: Fused glands, raggedly infiltrating

4B: Same, with large pale cells

5A: Almost solid, rounded masses, necrosis

5B: Anaplastic, raggedly infiltrating

Figure 2.11: Gleason grades. (original Gleason's draw)
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Figure 2.12: Prostate cancer stages. (picture taken from http://www.azar.gov/)

Stage |l prostate cancer may also be called stage C prostatancer.

In stage 1V, cancer has metastasized to lymph nodes near arffam the prostate or
to other parts of the body, such as the bladder, rectum, bonbsger, or lungs. Metastatic
prostate cancer often spreads to the bones. The Gleason sowan range from 2-10. Stage
IV prostate cancer may also be called stage D1 or stage D2 piatg cancer.

2.3 Future trends in US aided prostate cancer diagnosis

The early detection of prostate cancer is crucial for the stess of treatments. Unfortunately,
early prostate cancer usually has no symptoms. Moreoversa®wn in this chapter, prostate
cancer screening, diagnosis and staging is among the mosttcoversial issues in modern
public health, and the procedures involved have been a topt continual debate since
the early 1990s [20]. Besides, diagnostic conclusions camyvlargely between individual
urologists. This inter-observer variability may result irtotally di erent decisions from the
same set of diagnostic information [35]. Due to the lack oftaracy of imaging tests, the
diagnosis procedure often unavoidably end with a histol@gil con rmation by means of a
biopsy.

Unfortunately, very often many biopsy are needed in order abtain reliable results
and in some cases, even when al the diagnostic tests have bearried out about 1060f
incipient cancers go undetected because none of the biopsedles insertion reached the
lesion position [18].

One possible way of improving the accuracy of prostate candéagnosis procedure is
to use computer-aided analysis (CAD) of the ultrasound im@gThe ultimate goal of these
methods is to provide additional tools to the radiologistof improving the early detec-
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tion rate of prostate cancer, reducing the inter-observeanability of diagnosis accuracy
and avoiding unnecessary biopsies, guiding the biopsy néeslinto the suspicious regions.
Among these methods 2D and 3D image segmentation, volumeéregton, cancer detec-
tion and staging are the main task invoked in developing tsofor aiding prostate cancer
diagnosis,

Many works concerning CAD of prostate cancer have been pshéd in literature. Al-
though encouraging, the results published so far are ofteotrproven to be clinically sig-
ni cant, or sometimes they cannot be considered represetit@, due to the limited number
of patients used. Moreover, the performance published aret ralways comparable due
to the di erent equipments employed, di erent way of seleirtg the region of interests to
be classi ed (manual, automated), di erent type (regulaifregular) and size of the region
of interests. For a complete review of the di erent methodaulplished in literature see
[27][35][18][20].

Although computerized analysis of ultrasound images is fiely to replace radiologists,
it is expected that further development and improvement bisttechnology will continue to
be an important area of research, and ongoing developmenswéh algorithms will improve
the diagnosis and treatment of prostate diseases in the nefature.






Chapter 3

Neural signals analysis and modeling

The task of understanding the principles of information gressing in the brain poses, apart
from numerous experimental questions, challenging thetaral problems on all levels of

modelling, from molecules to behaviour. The mammalian ewris a complex system, char-
acterized by its dynamics and architecture, which underlimany functions such as action,
perception, learning, language, and cognition. Its strucal architecture has been stud-

ied for more than a hundred years; however, its dynamics hédezn addressed much less
thoroughly. The mammalian cortex appears to adhere to twadamental principles of

functional organization, functional integration and futional specialization, where the in-

tegration within and among specialized areas is mediated lopnnections among them.

Computational models at di erent space-time scales can Ipeto understand the fun-
damental mechanisms that undergo neural processes and teldnese processes to neuro-
science data. Modelling at the single neuron level is necesy because this is the level at
which information is exchanged between the computing elartseof the brain. Mesoscopic
models tell us how neural elements interact to yield emergehehaviour at the level of
microcolumns and cortical columns. Macroscopic models @a@orm us about whole brain
dynamics and interactions between large-scale neural sgshs such as cortical regions, the
thalamus, and brain stem.

Each level of description is strongly related to neurosciea data, from single-unit
recordings, through local eld potentials to functional mgnetic resonance imaging (fMRI),
electroencephalogram (EEG), and magnetoencephalograniE@®). Models of the cortex can
establish which types of large-scale neuronal networks caerform computations and char-
acterize their emergent properties.

In this chapter, a brief overview of mammalian neocortexhatecture and information
processing mechanisms is presented. A more detailed litera overview of the posterior
parietal cortex, a portion of the parietal lobe which manifates mental images, integrates
sensory and motor portions of the brain and which is involvedformation of plans, is then
given. Such area of the brain is particularly important fohe development of brain com-
puter interfaces (BCI) for the control of arti cial motor msthesis. Behavioural experiments
performed by trained monkeys and the data analysis procedwpplied on neural activity
recorded through the experiment are described in detail.

37
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Figure 3.1: Lateral view of the left hemisphere of the human brain: the fdobes with
the cerebellum and brainstem.

3.1 Brain structure and neurophysiology

Primate neocortex can be roughly divided in six, anatomilyaland functionally distinct,
regions: frontal, temporal, occiptial, parietal, cinguta and insular cortex as shown in
g.BJl Frontal, temporal, occipital and parietal lobes arlocated on the lateral surface of
the neocortex, while cingulate cortex occupies the medialrface surrounding the corpus
callosum, the set of bers that connects right and left ceredd hemispheres. Finally, the
insular cortex occupies the region that separates the temph from the parietal and frontal
cortex, and is ejectively hidden by the overgrowth of theder¢e lobes.

An important feature of the primate cortex is its speci c sipg, composed of alternating
elevated convex and depressed concave regions, called gyd sulci, respectively. Three
particularly pronounced sulci are used to de ne the borderbetween the cortex regions
the lateral sulcus (the sylvian ssure) separates the tempal from the parietal and frontal
regions, the central sulcus separates the frontal from thanetal lobe, and the parieto-
occipital sulcus separates the parietal from the occipitédbe [15].

The thickness of the cortex is 2-4mm for most of the speciesl & can be divided into
six layers according to the typical cell types present. In geral, the same structure is
observed in most of the cortex regions, but the variationstimckness of certain layers, and
in intensity of bres enables their identi cation. Thus, acording to the widely accepted
anatomy-based de nition proposed by K. Brodmann in 1909 gftortex areas can be further
divided in 47 sub-areas according to their neural cells org&ation. For further details see
[15].

Alternative cortex study is based on identi cation of fun&inal regions, for example, ac-
cording to their role in sensory information processing argkneration of motor commands.
Information processing in brain is highly hierarchical: # information received through
periphery sensory cells is transmitted to the primary sengoregions, then further to the
unimodal association areas that integrate information eled to one single type of sensa-
tions, e.g. vision, auditory sensations etc. In the multided associative areas, sensations
of di erent modalities are then integrated, in order to exéict more complex information and
generate output signals. These signals are further convely® the primary motor associ-
ation areas responsible for initial planning of motor commds. Finally the premotor and
primary motor cortex directly control movements, followithe received inputs.
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Figure 3.2: Posterior parietal cortex areas in human (a) and mokey (b) brai

Posterior parietal cortex

The parietal cortex (PC), shown in @311, is anatomicallyeched by the positions of the

three pronounced sulci: the lateral sulcus, the central swis and the parieto-occipital

sulcus. Brodmann areas 1,2, and 3, placed on the postcengsalus, are the most anterior
part of the parietal cortex, and represent the primary sonesensory region. The posterior
parietal cortex (PPC) in humans extends to the supramargiaad angular gyrus, the regions
classi ed as Brodmann area 40 and 39, respectively. The lattoccupies the junction of the
parietal, temporal and occipital lobes. These two areas are/olved in language processing,
spatial orientation and semantic representation. They awescribed only in the context of
studies in humans, since no evidence of the equivalent regias found in monkeys [21].

The regions of interest for this work are the Brodmann areasafd 7, the surface inside
the intraparietal sulcus (IPS), and the related regions orhe medial wall of the hemisphere.
In humans, both regions 5 and 7 belong to the superior paridtzbe (SPL), while the inferior
parietal lobe (IPL) refers to the Brodmann areas 39 and 40. eflanatomical organization
of the monkey cortex is somewhat di erent and SPL containsettarea 5, while the area
7 belongs to the IPL. Since most of the presented conclusioceme from the studies on
monkeys, the terms PPC, SPL and IPL will be mostly used in thentext of the monkey
cortex. Their anatomy and functional roles will be describén more details in the following
sections.

Di erent informations about the PPC functions have been detted through clinical
examination of patients with parietal lesions. Equivalergtudies are carried on monkeys
after chirurgical removal of certain regions in PPC, in ordé¢o monitor the consequences
[7][21]. Typically, the patients had no signi cant visuasomatosensory or motor disorders,
but they demonstrated de cits in reaching and grasping objés and in visually guiding
reaching and grasping. In g.[312, an overview of the PCC regs and their positions on
the neocortex in human and monkey brain is given.

An brief overview of the main properties of the main regionfsxwonkey PCC in now given.
For a complete review see [21]. Most of these properties webtained by recording activity
in the brain of monkeys, trained to follow visual or auditorgommands. In a typical setup a
monkey is placed in front of a screen and instruction for camiting the experiment are given.
Several electrodes are inserted into the area of interestsue to record the extracellualr
potential of singular cells. Finally spike trains are extrated form these signals and used
to analyze cells behaviour dynamic during the experimentadcadeduce it functionality.
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Medial intraparietal region (MPI) . It is usually related to planning of reaching move-
ments and it is considered the part of the area 5, and thereforthe part of the superior
parietal lobe. This region is believed to take part in spatlarepresentation for control of
arm movements and providing signals for visually guided obing for the motor-related
regions.

Lateral intraparietal region (LIP). It is a part of the inferior parietal lobe (IPL) in the

monkey cortex and it receives inputs from the extrastriatertex and it is connected to

other visually related PCC regions. This region is often raed to planning eyes movements
toward both, the visual and auditory stimuli.

Ventral intraparietal region (VIP). It receives several visually and motion related areas,
together with inputs from somatosensory regions, and prjeto the area F4 of the pre-
motor cortex, responsible for head and mouth movementss Tégion integrates visual and
somatosensory information and initiates corresponding tooactivities.

Anterior intraparietal region (AIP). It is believed to contribute to the hand shaping and
grasping of 3D objects. The populations of visually and motesponsive cells were found
in this regions indicating that it contributes to control ofvisually guided movements.

Broadmann area 5. As a part of the superior parietal lobe (SPL), is a motor-refed region,
playing role in the planning and coordination of hand readhi movements. It represents
the source of most of the inputs to the motor and premotor i@t of the frontal lobe,
supplying the information necessary for initiation of theeaching movements. Some studies
highlighted the presence in this area of spatial represertian of hand and target positions,
and of the appearance of intention and attention before a reovent.

Brodmann area 7. It is a part of the inferior parietal lobe (IPL) in the monkeyartex, and

is usually anatomically divided into the regions 7a and 7b.h& rst of them is of particular

interest for the presented work, and some of its propertieseaexamined in the following
sections. The area 7a receives multiple visual inputs, migifrom the areas V2, PO, the
superior temporal sulcus and the dorsal prelunate gyrus.

Brodmann area 7m. As part of the medial parietal cortex is considered to be theady
stage in the control of a visually guided reaching. It recag inputs from the visual areas
of the occipitoparietal cortex, and projects to the dorsatgmotor cortex and it is believed
to contribute in planning of motor commands for hand movetseor visual monitoring of
hand trajectories.

The studies on patients with parietal lesions indicate thaPPC act as an interface be-
tween sensory processing and motor and premotor regionse PiPC receives sensory inputs
of di erent modalities like visual and auditory signals, smatosensory inputs and informa-
tion about the positions of limbs, hands and eyes, and playsceucial role in integrating
such information in the early stages in planning motor acities, generating commands for
movements of hands, limbs and eyes on a more abstract leval.pdrticular, in [8] and
[9] a study on the mechanisms that coordinate eyes and handsements in parietal area
7a (inferior parietal lobule of the posterior parietal coex) of trained monkeys performing
several eye-hand directional motor tasks, is presented.
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3.2 Experimental data and data analysis procedures

In [3], the signal recorded in n [8] and [9] were studied thgbudata analysis and machine
learning techniques for the identi cation of motor intentin, the early motor plan, in the
PPC and on the directional tuning of cells activity . In the neophysiological literature,
the (motor) intention is de ned as an early plan for movemethat specify the goal and
the type of the movement but does not, necessarily, contdir texplicit commands for the
motor neurons, necessary for executing that movement [#r&fore, motor intention is an
important high level and abstract representation of a movent that can be used as input for
computer or for controlling mechanical devices in brain coater interfaces. Such studies
aim to provide sophisticated prosthesis for patients withavement disorders, and help them
to improve the quality of their life.

The set of behavioural tasks performed by monkeys were dasigj in order to assess the
questions of interest. Two rhesus monkeys were seated imfrof a touch-sensitive screen,
and trained to follow the instruction signals, presented othe screen. Simultaneously,
the neural activity in the 7a area of the parietal lobe was maored through a 7-channel
multielectrode recording system. This allowed the recondj of up to 14 cells simultaneously
in each recording. All the details on animals, experimentsic the recording system are
presented in [8] and [9].

Behavioural tasks description. At the beginning of all the trial, a red light is turned on
the center of the screen. The animal is required to gaze andith this target for a variable
period, indicated as CHT (Control Holding Time). At the end the CHT, the red light is
turned o, and the monkey is required to follow a given, taskpscic, instruction. Such
instruction is contained in a visual target signal that appes in one of eight peripheral
positions g. B3. According on the task, the animal is supped to either reach for the
target, or wait for the go signal rst, and than reach for it. ypically, each task is executed
for variable target positions, and several repetitions. @ncomplete block of data consists
of four trial replications, for each of the 8 target positian in each of the six behavioural
tasks, plus three repetitions for sixteen target positioris the last task given on g.[3B.

In the reach task (RT), as soon as the target appears, the m@nkeacts rst moving
the eyes toward the target, then the hand follows in coorditian with the eyes. The reach
xation task (RFT) requires a xed position of the eyes at thecenter of the screen, from
the beginning till the end of the trial. After its presentatin, the monkey locates the target
position by the peripheral vision, and moves the hand onlytard it. Coordination between
the eyes movement and the hand movement is not required by thaisk.

Three memory tasks (MT) start with the presentation of an ingction signal in one of
the 8 positions. After 300 milliseconds, this signal goes,cand the monkey must remain
rm for a variable memory-delay time, until the go-signal apears on the screen. After the
go-signal, the monkey is required to move both the eyes anagthand (memory reach, MR)
toward the memorized target location; or just the hand (memaeach- xation, MRFT),
while keeping the eyes xed on the center); or just eyes (memeye, ME), with the hand
rm on the center of the workspace.

Finally, in the no-go task (NGT), the monkey keeps the eyes drthe hand immobile
during the entire trial. This task was used for monitoring ghneural activity in a behavioural
condition where the instruction signal, presented as in th@ther memory tasks, did not call
for any future eye and/or hand movement, but rather for not nwve the eye and/or the
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Figure 3.3: Schematic representation of the experiments. (Picture Hlg provided by J.
Acimovic)

hand. The epochs corresponding to each of the tasks are praed in g. B3.

Neural activity and data analysis. Two data bases of spike rates were available as the
outcome of the described experiments. The schematic repn¢stion of one of them is given
in g. B4l The presented example consists of forty ve 'leéswhile the second data base
has fty seven les. The 'le' stands for spike trains from imlividual cells, each recorded
from a xed array of electrodes (up to 7), including signal®if the six tasks, eight target
positions, and four trials for each combination (Task, T&t). Also, each 'le' includes the
recordings for the seventh task, from sixteen target posits and three repetitions. Each
data set within a 'le' contains of at most fourteen recordedpike trains, since from each
electrode recording, neural activity from up to two di er@ncells was collected, together
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Figure 3.4: Schematic representation of the data base. The example cop@wds to the
recording of one monkey collected for 45 electrode positiorfRicture kindly provided by
J. Acimovic)

with corresponding epoch marks, i.e. markers denoting tregimning and the end of each
behavioural epoch within a trial. The markers were deterreith by continuous recording of
eyes and hand position in each trial.

The two described data bases are analyzed separately and lviit one data base all les
are considered separately since di erent les corresponatdi erent electrode positions and
therefore, it was not possible to combine them in the commatadding task. Moreover all
the recording set not resulted in a complete data set of datarfthe specic task were
discarded.

Finally, since di erent les correspond to di erent recordng regions, a separate clas-
si er was constructed for each le. The problem of interessito distinguish between spike
train recordings which encode the intention for making a neswent, from those correspond-
ing to absence of movement planning. With the term 'moverherg mean any movement
involving the eyes or the hand. The underlying hypothesistisat the presence of intention
for moving is encoded in the modulation of the ring rate of ¢hrecorded neurons. This is
a plausible assumption for the particular recorded set of m®ns, the brain region named
posterior parietal cortex, which is believed to participatin eye-hand coordination in pri-
mates [8][9]. Therefore, it is realistic to expect that neus in this region become more
active, as a way to increase their information transfer, ding the epochs generally believed
as corresponding to ‘planning and making a movement', whigh call 'motor intention’ in
this work.

To investigate the hypothesis that motor intention is enced in the neural activity and
to support the possibility of extracting it through the angsis of the neural activity at re
rate level, two di erent machine learning based algorithmwere developed. In the rst
method only the epochs directly involved in the eye-hand adation task are considered.
Knowing the key processes related to each of the epochs, wa straightforwardly assign
presence or absence of 'motor intention' to some of them. c®itthe behaviour of the monkeys
is not so well determined, especially in certain experimaitphases, some ambiguity about
the classi er output is always present. The goal of this metid was to test the aptitude of
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Figure 3.5: Schematic representation of the classi cation procedure.Pi¢ture kindly
provided by J. Acimovic)

a sophisticated algorithm to read the presence/absence ofctor intention' from the cortex
area under study, allowing us to test the limitations imposeby the experiments design,
and analyzing the expected results when those limitationsearemoved. An overall scheme
of the whole procedure is shown in gl_35.

The second approach doesn't take into account the notion ofperiment epochs, and
focuses 'motor intention' detection in time. Continuousaerdings, from the beginning to
the end of a trial, were considered rather than just a set oflseted epochs. The number of
data examples, as well as the temporal resolution, is de ndxy introducing a time window.
The window is moving along the spike train in discrete timeegis, with the prede ned
time shift. For each distinct window position, spike ratesre calculated in the standard
way, as the number of spikes within the window divided by theindow size. A set of
recordings obtained simultaneously provides one vector sgike rates. Several choices
for the window length were tested, from 100 ms to 1sec. Theaki®s correspond to the
dynamics of the experimental epochs, the smallest amongnthare several hundreds of
milliseconds long, the longest ones last for a couple of sads. The window shift is xed
to the half of its length, for every choice of the window. The dition of experiment epochs
is therefore considered only in the training phase and disated in the classi cation phase.
This procedure represents a more complex problem, sinceedint and sometimes unknown
information that are encoded in the neural activity get migeeven more than in the rst
method. However, it allows estimating the probability of tecting the presence/absence
of motor intention in a set of simultaneously recorded spikeins not a priori segmented
into epochs, giving additional information regarding theoasidered processes. An overall
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scheme of the whole procedure is shown in j_B.5.

Results and critical parameters The results obtained with both the rst and the second
procedure and presented in [3]. The rst procedure show vggod performance, con rming
the hypothesis of motor intention encoding in the neural acity. The classi cation error
never exceeds 3@of wrongly classi ed data instances. The average perfornma) calculated
over the complete set of available les for one data base, eals the desired behaviour: the
average error amounts to 4.38and 6.58%error for the two considered data bases. However,
the obtained result shows a big variance with respect to théetent les, highlighting the
e ect of choosing di erent cells.

The precision obtained with the second procedure stronglggends on the window size.
A very small window enables the analysis of small recordingggments and better precision,
but, at the same time, it deteriorates the classi cation paedure. Therefore, the chosen
window size should be as small as possible, but su ciently gito ensure enough variability
in obtained spike rate values. The classi cation error obiiaed with this procedure does
not exceed 404 while the average error stays below 30

Such limitation, gave the motivations for developing an dkact model which behaviour
resembles that of the biological system and can be used totteeme relevant parameters
of the machine learning procedure presented in [3]. The mlodepresented in detail in
chapter[®.
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Chapter 4

Ultrasound signal deconvolution

Ultrasounds scanners are a cost e ective, mobile, noninixeess harmless, and suitably ac-
curate imaging equipments and are widely used in medical igiag applications. The main
drawback of ultrasound imaging is that signal resolution iw if compared to the other
imaging technique. Ultrasound images often su er of chatedstic artefact's like atten-
uation, speckle, shadows and signal dropouts, missing bdaries due to the orientation
dependence of acquisition, which make the diagnosis hard.

One of the main limitation in signal resolution is upper bowhon signal frequency
imposed by tissues attenuation. As reviewed in chapfdr 1ethttenuation of soft tissues
increases linearly with the frequency, limiting in deep scaming the maximum frequency to
10 MHz. This relatively low frequency causes the presence afnon-negligible di used
component in the echo eld, which appear as a signal depende&ise often called speckle.

Another cause of signal quality degradation is the nite bagwidth of the piezo-electric
transducer of the system probe which, together with their alinsize imposed by medical
applications and limitations of beamforming system, cagsa non-negligible dimension of
the transmitted acoustic beam and therefore an imperfectdsing. Ultrasound images are
thus a ected by a spatial dependent blurring which causes gtbrtion and smoothing of
tissues details, as well as a degradation of image contrast.

Many signal and image processing techniques like de-speiid [23] and deconvolu-
tion have been used with the purpose of enhancing ultrasouimdage quality. Although
theoretically denoising and deconvolution of signals arevb aspects of the same problem,
i.e. signal restoration, and they should be treated jointlyin many works presented in
literature they are often tackled with di erent and indepedent procedures. Both of the
problems are in fact challenging tasks that require complsignal processing techniques to
be solved. Moreover, although speckle noise depredates gaauality, it contains valuable
information about the tissue microstructure and many autisoclaim that such information
is fundamental for tissue characterization and thereforeshould be preserved [34][29].

Author contributes. In this chapter, we will focus our attention on deconvolutidechniques
for ultrasound signals and, after an original review of theparoaches existing in literature,
a stochastic signal model and a statistical framework fortrdsound signal deconvolution is
presented.
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4.1 Literature overview

Image restoration techniques, such as deconvolution, canémployed to improve the res-
olution of ultrasound images reducing the spatial dependeblurring introduced by the
beamforming system, with the goal of improving their diagrtic signi cance. In decon-
volution techniques, the blurring a ecting the image is metled as linear and in general
three-dimensional functionh(r), called point spread function (PSF), which lIters the real
tissue responsex(r)

y(r)=x(r) h(r) (4.1)

as reviewed with a di erent notation in chaptefll. Such moda valid until Born and weak
scattering approximation are valid.

Theoretically speaking, as the system PSF is a band-limiteflinction and due to the
presence of noise, signal deconvolution is an ill-posed jptem. To obtain a stable algorithm
delivering a unique solution, additional constraints mugdte imposed. Therefore, designing
a method which exhibits the most suitable compromise amormgnputational complexity,
reliability and portability for biomedical real-time imagng applications is still an open
challenge. Good reviews of the existing approaches for irmaggconvolution are in [17] [6]
[11].

In literature, two main approaches are most common when dealith image deconvo-
lution. The rst incorporates the Point Spread Function (P§) estimation procedure within
the deconvolution algorithm. This approach often leads toet development of computation-
ally heavy algorithms, usually far from satisfying the redlme signal processing constraints
distinctive of the US biomedical investigation environmenln the second approach, PSF
and true image estimation are two disjoint tasks. Within thiapproach, these procedures
can be implemented by relatively simple algorithms, poshkitsuitable for real-time imple-
mentation.

Since a recent review on the existing techniques for ultraged image deconvolution is
missing, a brief comparison the main paper published so fal ¥ollow. Such comparison
will focus on:

data type (simulated, phantom object, biological tissue aterials);
transducer central frequency;

sampling frequency;

signal resolution;

signal model (1D, 2D or 3D);

PSF type (minimum or mixed phase);

PSF estimation technique;

deconvolution method.

The main works concerning deconvolution methods for ultasd signals published so far
are summarized in tablg4]1.

Unlike in the context of image processing, where procedune joint estimation of system
PSF and deconvolution were applied with success, practiyabll the methods for ultra-
sound signal deconvolution are based on two disjoint procgds for PSF estimation and
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WORK DATA
Type Probe Sampling  Resolution
Jirik 2008 [14] invivo tissues 2.5-3.5 MHz 3-4 Mhz* 14 bits
Michailovich 2007 [21] invivo tissues 3.5 MHz 25 Mhz 14 bits
Ng 2007 [27] simulated and 5-10 MHz 66.6 MHz -
invivo phantoms
Michailovich 2005 [22] inivio tissues 3.5 MHz 25 Mhz 14 bits
Neelamani 2005 [25] images - - -
Michailovich 2004 [20] simulated and invivo 3.5 MHz 25 Mhz fhids
Michailovich 2003 [19] simulated and invivo 3.5 MHz 25 Mhz fhids
Wan 2003 [36] invivo tissues 33-44 Mhz 200 MHz -
Adam 2002 [3] inivio tissues 3.5 MHz 25 Mhz 14 bits
Taxt 2001 [32] invivo phantom 8 MHz 20 MHz -
Karensen 1999 [15] invivo material 10 MHz - -
Taxt 1999 [33] invivo tissues 3 MHz 10 Mhz 8 bits
Arbeytrane 1995 [2] invivo phantoms 3.5 MHz 12 MHz -
Jensen 1994 [13] invivo tissues 3 MHz 20 MHz -
* sampling rate after quadrature demodulation.
@)
WORK METHOD
Type  PSF estimation Re ectivity estimation
Jirik 2008 [14] 2D MP - iterative bayesian Iterative bayesia
Michailovich 2007 [21] 2D MP, see [22] Paramteric inverseet
Ng 2007 [27] 3D MP - known, time varing EM procedure
Michailovich 2005 [22] 2D MP - cepstrum denoising, phase uay MAP Gaussian and Laplacian
Neelamani 2005 [25] 2D MP - known Fourier-Wavlet reg. inveos
Michailovich 2004 [20] 2D MP - phase unwrap -
Michailovich 2003 [19] 1D mP - cepstrum wavelet denoising -
Wan 2003 [36] 1D mP - higher order cep. Fourier-Wavlet reg.version
Adam 2002 [3] 1D mP - wavelet reg cepstrum Approximated isiger
Taxt 2001 [32] 3D MP - complex cepstrum Wiener lter
Karensen 1999 [15] 1D MP - time varing MAP bernoulli gaussian
Taxt 1999 [33] 1D MP - noise robust Wiener lter
Arbeytrane 1995 [2] 1D MP - higher order cep. Wiener Iter
Jensen 1994 [13] 1D mP - cepstrum Wiener lter
Legend:

mP = minimum phase - MP = mixed phase

(b)

Table 4.1: Comparison of the published methods for ultrasound signal decolution.

tissue re ectivity recovery. The only exception is constited by the work presented in [14]
where the system PSF and tissue re ectivity are iterativelyestimated through a Bayesian
procedure which uses a cepstrum based method as initial psition of the system PSF.
The main reason behind the di culties in applying blind decavolution procedures on us
images is that while in classical deconvolution context Bkastronomy all algorithms are
applied in image domain, in ultrasound images deconvolutits performed on the radio
frequency signal obtained by the ultrasonic transducer (sechapter[d for further details).
In this signal domain, many regularization priors that aresually exploited can't be used.

Most of the published procedures are applied to relativelpw frequency imaging system
(3-3.5 Mhz) where the bene ts of deconvolution are more esid, although some works on
higher frequency (5-10 MHz) [15][32][27] and on high frenog systems (33-44 MHz)[36]
were presented.

Although the physical nature of ultrasound image formatisuggests a three-dimensional
model for the observed signal, except [32] and [27], all thethod reported in literature are
based on 1D or 2D signal models. Such simpli cation is due tbe fact that all the commer-
cial ultrasound image equipments provides 2D images and Iré@ee-dimensional scanners
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have been introduced only recently. Moreover, since 1D dagolution methods doesn't re-
quire the memorization of the whole image, the processinghdze ideally performed during
the signal acquisition.

Estimation of imaging system PSF with good accuracy has apped to be a di cult
and challenging problem [21][14]. The most successful téghes are all based on homo-
morphic blind deconvolution methods [28]. In particularpstrum-based techniques and
their generalization [13] [19] have been demonstrated t@yide a good estimation of PSF
power spectrum. While power spectrum can be easily estinthteith good precision, phase
estimation is not so straightforward, mainly due to the regqement of phase unwrapping,
which is an ill-posed problem [21]. Since the assumption oinimum-phase seems to be
not applicable in most of US imaging systems, either robushgse estimation procedure
or deconvolution methods that can estimate true tissue retvity relaying only on partial
information about system PSF are required [21][14].

Once the PSF is estimated, tissue re ectivity can be estimatl applying to the observed
signal the regularized inverse operator of the PSF. Regulaation is mandatory due to the
presence of noise in the observed signal and in general noerfect knowledge of system
PSF. While many approach for PSF estimation have been propds less interest have been
dedicated to re ectivity estimation. The rst and simplesimethod employed for re ectivity
estimation is the Wiener's lter, which can be considered aa L2-norm regularization of
the solution. Wiener lter. together with L'-norm regularization, is a standard reference
deconvolution technique. Most of the published works emplthese two procedures fore
signal de-blurring. However, recently new approaches baken Expectation Maximization
[27], Bayesian estimation [14] and parametric inverse ftf21] have been proposed. All of
these approaches try to overcome to the main limitations oféier and Laplacian lter, that
tends to produces oversmoothed and too sparsi ed solutioespectively, due to unrealistic
signal models.

All the techniques proposed in literature can be set in a statical framework which
allows highlighting their main features and limitations. fius, in the following section a
statistical model of the US radio frequency signal will be tnoduced. Such model will be
then used as starting point for the development of a novel egtivity estimation procedure
that will be explained in this chapter.

4.2 Proposed approach

As reviewed in chaptefll and in [26], if the propagation is diar, each A-lines of an ultra-
sound imaging system can be mathematically modelled as threneolution between tissue
re ectivity and system point spread function. Without los®f generality, we can adopt
a discrete space-time an consequently introduce a vector tniranotation and writing the
observed signal as:

y=Hx+n (4.2)

where x is the original data vector,H the known blurring operator matrix anch the mea-
surement noise. Ih is the impulse response of the imaging acquisition systemethH
is the block circular convolutional matrix built withh. The measurement noisa is here
considered white gaussian.

Since in generalh is a band-limited function and due to presence of observatiooise
n, deconvolution, i.e. the estimation of from the observation of, is an ill-posed problem
and its solution is not unique. A stable and unique inverse lation can be obtained by
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imposing additional regularization constraints on the irrse solution. The basic ideas of
regularization consist of considering a family of approxate solution depending on one or
more positive parameters, called regularization parametewhich results in the minimization
of a suitable functional

R=min (Xy; ) (4.3)

where is the regularization parameters vector.

The main property of this approach is that, in the case of neifree observation, the fam-
ily of solutions converge to the exact solution, even for amaero value of the regularization
parameters.

4.2.1 Estimation of system PSF

Di erent techniques are available to perform the PSF estinieon: a common method for
measuringh is the insoni cation of a metal wire sank in a water lled tank However,
since in general the system PSF is a shift-variant functiorthis technique gives only a
good estimation of the PSF in the focal zone. Moreover, due &berration and phase
distortion caused by the propagation inside the tissue, threal PSF is di erent and should
be estimated from the observed signal.

Minimum phase PSF can be easily estimated form the observagnal by means of
homomorphic blind deconvolution techniques [13] [3][221ich employ denoising method in
signal cepstrum domain for pulse recovery.

Non-minimum phase PSFs can be theoretically recovered estiting the phase form
the observed signal by means of phase unwrapping algorithfi2®][22]. However, these
technique have been proved to be an ill-posed, an their parfance are very sensitive to
noise and therefore, unreliable.

Therefore, in order to have a controllable setup, in this iestigation in all the simulations
on synthetic signals the system PSF is assumed to be a knowmaminimum phase pulse,
while on real invivo ultrasound images only the minimum pleagersion of the PSF estimated
with the method presented in [22] is used, leaving as futuevelopment the characterization
of deconvolution algorithm to not perfect knowledge of sgat PSF.

4.2.2 Statistical approach to regularized inversion

In a statistical framework regularization is imposed by skimg the solution® which maximize

functional based on a stochastic model of the acquired sig@ad of the observation noise.
Such approach is related to statistical estimation theoryl§]. Two main approaches are
here considered: the Maximum Likelihood (ML) estimation éithe Maximum a Posteriori

(MAP).

Maximum Likelihood

In the maximum likelihood (ML) approach, the solution is fodi minimizing
RuL = maxflog p(yjx)g = minf  logp(yjx)g (4.4)

being p(yjx) the probability of the observation given the data, i.e. théeklihood.
Since we assumed an additive noise model we can write:

PlYiX) = pn(y HX) (4.5)
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and since the noise is assumed white gaussian

1 Ln"n
Pn(n) = We 2% (4.6)

where | is the noise standard deviation andN is the number of samples, the likelihood
function can be written as

- 1 Ly M HY)
p(yJX) - (2 r%)N:Qe za (47)
and substituting in eq. [4K¥) becomes:
2=min(y Hx)'(y Hx)=minjyy Hxjj (4.8)
X X

where jj:jj is the L2-norm. From eq[{4]8) it clear that ML solution equals the ninum
L?-norm solution of the problem{4l2). Since:

(y H)T(y Hx)=y'y 2x"HTy+ x"HTHx (4.9)
and the termy'y does not depend orx, we can rewrite eql{418) as:
2=minf 2x'HTy + x"H Hxg (4.10)
X

di erentiating with respect to x, and reminding that

@@xTa= a (4.11)
@ T — T
@x Wx =(W+ W)X (4.12)
we nd
HTH& = HTy (4.13)
ie.
v = (HTH) HTy (4.14)

where A = (HTH) 'HT is the pseudo-inverse oH, which coincides withH ! whenH is
square and full rank.

Maximum a Posteriori

When no assumptions can be made on the true signal, the ML estie assures the best
results. Otherwise, it is a fundamental rule of estimatiorh¢ory that the use of prior
knowledge on the data will lead to a more accurate estimatdrg].

We de ne the MAP estimate as:

Ruap = argmaxflog(p(xjy))g (4.15)

wherep(Xjy) is the probability of the true data given the observation. Kping in mind the
Bayes rule:

py;x) = p(jy)p(y) = pyjx)p(x) (4.16)



4.2. PROPOSED APPROACH 59

and noting thatp(y) does not depend orx, we can rewrite [4.15) as

& = argmaxflog(p(y; x))g = maxf log(p(yjx)) + log(p(x))g (4.17)
Reminding [4b) we can rewrite the MAP solution as
Ruap = argminfijy  Hxjj* 2 Zlogp()g (4.18)

Equation [£1I8) is the starting point of many image restoiah problems, which di er from
each other in the choice of the penaltyp(x). At this point it worth saying that if MAP
is better performing than ML, minimizing[{4118) could be amdrivial task for two main
reasons: rst of all the functional to be minimized, a partdm few cases, does not have
a closed form solution, and sometimes can be non-convexpsdg since the matrixd™H
in (@3) is non diagonal, the problem is not separable, tha on the contrary the case of
denoising problems.

Now, the MAP estimator for some notable cases will be deriveBupposex is an i.i.d.

process, i.e. we can write
W
px) = p(x) (4.19)
i=1
and substituting in [£IB) the MAP estimator becomes

X
Rmap = argminjjy  Hxjz2 2 2 Inp(x) (4.20)
X
i=1

Gaussian Distribution. Suppose thatx follows a Gaussian distribution

. 1 o 2
pxj; 2)= pz_— e 7 (4.21)
X
Thanks to the i.i.d hypothesis the LL function becomes
. o, 22X
Ruap = argminjiyy  Hxj>+ =3 (6 )’ (4.22)
X

i=1
which is the well-known Wiener Iter. For Gaussian distribted data, the MAP estimator
is therefore equivalent to the Tikhonov regularization. thlough this estimator is simple
and generally succeed to enhance the visual quality of US iges, in presence of edges
and coherent scatters the estimation often produces ringire ects or over-smooths the
re ectivity function.

Laplacian Distribution  Suppose now thatx follows a Laplacian distribution

X

pi; )= 1 el (4.23)

where the variance is 2=2 2. Then the MAP estimator becomes
2 X

Zn

Xi (4.24)
i=1

Rmap = arg m)in iy  Hxjj?+

which corresponds to thé.*-norm regularization of the solution. Such model, proposéar
modelling the tissue re ectivity in [22], permits a betteracovery of the stronger re ectors at
structural boundaries. The main drawback of this model isathit provides sparse solutions
even where the real tissue re ectivity it is not sparse [27].
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Figure 4.1: Generalized gaussian distribution

Generalized Gaussian Distribution Suppose now thatx follows a Generalized Gaussian
distribution

pj;; )=a e v (4.25)
where is the mean value, is the standard deviation and is the shape parameter. The
parameters are de ned as

1
a= ————
21+ YH)b

—~
I~
p—

b= : (4.26)

lw
N

Generalized Gaussian distribution can easily t the statigcs of a wide set of signal observed
in real contexts. Changing the value of the shape parametera family of heavy-tailed
distribution can be de ned (see dgl4ll). Moreover, for = 1 the GGD becomes a Laplacian
distribution, while for =2 becomes a Gaussian.

For a GGD distribution the MAP estimator becomes

X

. (4.27)

Rmap = argminjjy  Hxjjz+2 2
X
i=1

The main drawback of GGD modeling is that the estimatfr{4) 2ias no closed form solution,
due to the non quadratic expression of the regularizationné for some values of it
constitutes a non-convex optimization problem. Therefpiterative minimization algorithms
must be used. In the following section a stochastic model fbe observed signaly and an
approach for the minimization of the MAP estimator will be psented.

4.2.3 US radio frequency signal model

Although the GGD can t a wide class of signals, a simple stathary model is not suitable
for the high non stationary statistic exhibited by biologial tissues. As proposed in [27],
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the impedance of soft tissues varies macroscopically in g@gwise-smooth way, but locally
the re ectivity exhibit a pseudo-random fast variation. Tése assumptions can be justi ed
by considering the physical interaction between the ultramic eld and the propagation
medium. As reviewed in chaptEl 1, all the structure charadted by spatial variation of the
acoustical parameters that are big if compared to the ultrasic eld wavelength generates
coherent re ections. The intensity of this component of thee ected eld is typically
piecewise smooth and can be assumed as an estimation of thensgcopic pro le of tissues
re ectivity. On the contrary, all the spatial variation tha are smaller than the wavelength
of the incident radiation give raise to scattering phenomarand therefore to non-coherent
re ections. The intensity of this component of the re ecteceld is typically rapidly varying
and is not directly related to the microscopic pro le of tisse re ectivity.

Such consideration can be translated modeling the tissue eetivity x as

X='s (4.28)

wheresis a N x 1 vector of generalized Gaussian distributed samplegth unitary variance
and is a N x N diagonal matrix containing the echogencity prole = f ¢;:::; ngwhich
is a piecewise smooth sequence. Although the model is formtedl as 1D, it can be easily
extend to 2D or 3D without loss of generality rearranging mtiddimensional signals into
1D equivalents by lexicographical orders, as explained if][

Substituting E228, the observed signal model becomes:

z=Hs +n=u+n (4.29)

The proposed model has two parameters: the echogencity (ariance) prole and the
shape parameter. While echogencity prole can be used for modelling signal dynamic,
the shape parameter can be used for adjusting signal sparess, i.e. for modelling di erent
scatters densities. As shown in g[C413, starting from thers@ echogencity pro le, di erent
levels of re ectivity sparseness can be obtained varyingalshape parameters. Such feature
can be exploited in two di erent way: as a xed a priori valuefor obtaining a desired level
of solutions sparseness; as an unknown parameter to be eatid, for characterizing the
tissue properties in terms of rst order statistic.

The two possible interpretations of the proposed model leado two di erent type of
algorithms with di erent complexity: while the rst require the minimization of the functional
EZT) with respect tc, the latter theoretically require a joint maximization wh respect tox
and . While for pure image processing purposes the rst approachn lead to satisfactory
results, in the context of ultrasonic tissue characterizah preserving and enhancing the
information contained in signal statistic is fundamental.However, although the tissue
characterization point of view as adaptive approach shouéad in general to better results,
if low computational complexity is demanded the rst soluh can be preferable.

In the following sections, the application of the proposedoatel for image quality en-
hancement will be presented, leaving the development oktie characterization techniques
as future development.

4.3 Viterbi algorithm based deconvolution

As reviewed in chapteE]l, one of the main advantages of ulbasd imaging versus the
other imaging techniques is its real-time nature. Thus, aflignal processing techniques
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Figure 4.2: Schematic representation of the proposed signal model. Froop to bottom:
tissue echogencity, di used component, system PSf and RF sigjngictures not in scale)

Reflectivity

-—& oo omate, =8

Samples

Figure 4.3: Example of piecewise smooth tissue echogencity (red curvell anagnitude
of tissue re ectivity generated with the proposed model {ZIp8or di erent values of the
shape parameter: =0.5 (top), =1 (center) =2 (bottom).
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that aim to improve image quality, and therefore also decahwion algorithms, should in

general preserve this important feature. Unfortunatelyedonvolution of ultrasound signals
is in general an hard task that require computationally expsive techniques often far from
real-time applications. Therefore, in this section we willevelop a novel deconvolution
technique aiming to an a ordable computational cost.

In modern digital ultrasound imaging systems the measure# Bignal is quantized, usu-
ally with a 12-14 bit resolution for RF signal. Such high redation is necessary because
of the high dynamical range of ultrasound signals, due to sise attenuation (see chaptdr 1
for further details), for performing with high accuracy thgearing and nally for preserving
the information contained in the signal. However, for imagj purposes the required res-
olution is lower: after the envelope detection and log congssion the signal envelope is
usually quantized with a resolution of 8-bit, which corregmds to 256 levels of gray, i.e.
the maximum contrast that human eyes can detect [10].

This operative condition can be exploited for modeling thissue re ectivity samplex

whereK is the size of the alphabet. Thus, the blurred tissue re eeity sequenceu = Hx
can be thought as the output of a nite-state discrete-time Mrkov random process, with
nite state space of dimensionl. For a shift-invariant system PSF of length. and a tissue
re ectivity alphabet X of size K, the Markov random process associated to the blurred
re ectivity sample has thereforeJ= K' ! possible states de ned by

Xt
uj = thj B (4.30)
j=1
The problem of recovering tissue re ectivity is thereforegeivalent to the problem of de-
tecting symbols a ect by noise and intersymbol interfereec[8]. Similar approaches were
proposed in literature in the context of image restoratior8(][24] and deconvolution of
Bernoulli Gaussian processes [7].
Since eql[Z30) creates a one by one correspondence betwenre ectivity samples
sequences and the states of the Markov process we can write

U (5 15000% L) (4.31)

The MAP estimation of the tissue re ectivityx is therefore equivalent to the MAP estimation
of the process states sequenae For nite-state discrete-time Markov random process in
memoryless noise the densitp(y; u) can be written as:

W
p(y;u) = pyjup(u) = p(Yijuii; Ui)p(Ui+1jui) (4.32)

i=1
and de ning the transition metric

(Uisr;Ui),  Inp(yijuis;ui)  Inp(Ui+ajui) (4.33)
we can write

X
Inp(y;u) = (Ui+1; Ui): (4.34)

i=1
Eg. (£3h) shows that the probability of having a states sesnce u given the observed
sequencey is equivalent to the probability length of a path inside a rasom graph. Thus,
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i i+1

Figure 4.4: Example of trellis diagram of a Markov process with four states = fx *; x!g,
u? = fx1;x?g, u® = fx2;x'g,u* = fx 2;x2g. Such diagram correspond to a blurring operator
of length 2 applied on sequences of symbols with cardinality 2.

the MAP estimation of the states sequenca corresponds to nd the shortest path in a
graph with branches weighted by the metriE{4133). This ptein is known to be be optimally
solved with a low computational cost by Viterbi algorithm @j [8].

For the proposed signal model, eq_{4133) can be rewritten as

2 3,
Xt :
Uit b)), 4y hix j© +2 2 ﬁ (4.35)
=1 '

4.3.1 Viterbi algorithm

Viterbi algorithm was proposed in 1967 as a method of decaglitonvolutional codes. Since
that time, it has been recognized as an attractive solution & variety of discrete estimation
problems, somewhat as the Kalman Iter has been adapted to ariety of continuous
estimation problems. In its most general form the VA can bewed as a solution to the
problem of MAP estimation of the nte-state discrete-time Mrkov process observed in
memoryless noise.

Through VA, the shortest path that minimiz€{4134) is comgditin a recursive manner
over the trellis-diagram [8] associated to the process. Threllis-diagram is a graphic way
to represent a nite-state process in a redundant form: stes, transitions and sequences are
represented by means of nodes, branches and paths. Such @iagshows all the possible
transitions from and to each statel at stepi and can recursively generate all the possible
state-sequences of a certain lengtftN. Since each states sequence is in fact associated
to a unique path inside the trellis, VA will then estimate theVIAP state-sequencel by
recursively generating all the possible paths of lengtN, discarding the concurrent ones
by considering their distances from the observed sequengecomputed by means of the
eq.[43B). Finally, the minimum distance path will be chosas the estimated sequence.
An example of trellis diagram associated to a nite-state M&ov process is shown in gure
E32: at stepi, each stateu! is connected with onlyK states at stepi + 1.

The drawback of this procedure is that even for not so largelues of K and L, the VA
becomes already impractical, since its computational anemory demands is proportional
to N K. 1. Thus, for real-time biomedical image processing applit@i, a computational
cost reduction is mandatory.
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4.3.2 Computational cost reduction

Several modi cations have been proposed to reduce VA memmguirement, such as purg-
ing unnecessary states [35], truncation of memory length §hd merging of states [12]. Most
of these methods exploit the systematic structure of infation coding or prior information
about noise level for reducing the number states necessamy dptimal decoding.

While in digital communication data is assumed to be uncola&ed, in the context of
tissue re ectivity signal correlation can be exploited foreducing the number of algorithm
states. In the proposed model, signal correlation is due tuet piecewise smooth trend of the
echogencity map . Since is a piecewise smooth function, adjacent samples are highly
correlated and therefore a reduced number of states is derded for estimating the true
tissue re ectivity.

Thus, it is reasonable to assume that not all the states are piortant and that the
unpromising survivors possessing small weights can be dedtwith small probability of
discarding the best path. For these motivations, in this wowe adopted a reduced states
VA based on the M-algorithm [4]. In M-algorithm onli¥ survivor paths inside the trellis are
kept at each algorithm step. These path are selected among all the possible candidates b

can be summarized with the following steps:
1. Forward from the root state, repeat the loop 2) - 4).

2. Extend all the paths form level 1 to leveli.

4. Stop criteria: if all the paths are in the same subset go tg Blse go to 2;

5. Release as output the rst branch, delete all paths in stage, and set a new root
node equal to the end node of the released path.

While Viterbi algorithm can be considered as multiple-lissingle-survivor algorithm, M-
algorithm is a single list multiple survivor algorithm. Thewumber of survivoM is related

to power of the noisen that a ect the observed signal an to the length. of the system PSF
: the stronger the noise power and the longer the PSF, the laagthe number of required
survivors must be in order to obtain satisfactory results.

Adaptive codebook. Signal correlation can be also exploited for adapting the phabet X
to signal dynamic and reduce the distortion introduced byggial quantization. Ultrasound
signals are in fact characterized by a big amplitude dynamicHowever the statistical
distribution of signal amplitude is highly non uniform, duéo the amplitude variations in
time introduced by the echogencity component. In the propdsmodel, such variation is
modelled through the echogencity map.

At each time stepi, the signal distribution is therefore generalized Gaussiawith vari-
ance 2. From source coding theory is noted that, if signal statistis known, the minimum
mean square error quantization is obtained by using an nonifoim quantization alphabet
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Figure 4.5: Example of codebooks with 33 level of quantization obtained witloyd-Max
rules for di erent values of shape parameters.

computed with Loyd Max rules [1]:

i+ x 1

Z tj+1

(x  X)p(x)dx =0 (4.36)

where xi are the codebook symbols ant the quantization thresholds. Once the number
of desired quantization level has been xed, the shape paratar of the GGD is the only
factor that determines the codebook structure, and in paiar it is directly related to its
non-uniformity, as shown in g.[45b.

Thus, the minimum distortion codebook can be pre-computedd generalized Gaussian
source with variance =1 and at each time steg it is shrinked or expanded in order to
keep the probability that the true tissue re ectivity can begreater than the maximum
codebook value smaller than th8:1% This procedure can be intuitively interpreted as an
adaptive selection of the quantization levels, with respeto the nest quantization grid
de ned by the system A/D converter, as shown in g—4.6, or neotheoretically speaking
as an adaptive scalar quantization. Thanks to the codeboollaptivity, if the number of
adopted symbols is big enough, the distortion introduced Vgsually negligible, even when
the signal reach the maximum amplitude.

A correct estimation of the echogencity is therefore fundantal for distortion minimiza-
tion and algorithm stability. However, a smoothed estimati of the echogencity map can
be obtained by low pass Itering the envelope of the observesignal z or it wiener Itered
version.
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Figure 4.6: Interpretation of the adaptive codebook as adaptive subset of theantizer
levels.

4.4 Algorithm performance

In order to asses the e ect of the di erent parameter on algitbhm performance, we performed
several test on synthetic signals generated according toettproposed model, and on real
signals recorded with a commercial ultrasound imaging epuient. The parameters of the
proposed procedure to be tuned are:

the number of survived state®!;
the codebook sizeK ;
the codebook shape parameter.

The number of survived statedl is a critical parameter that determines the stability of
the algorithm against noise: iM is too small, the algorithms becomes unstable. As shown
in g. 7 increasingM the algorithm becomes stable and its performance, evaluhia
terms of improvement in signal to noise ratio in decibels:

_ iy Xi .
ISNR = 20|Og 10 j]k Xj] . (437)

increase. From the results obtained on synthetic signals weri ed that a minimum number
of K = 200 survivors is su cient to have stability for signal with an aerage SNR > 20
dB, while no signi cant ISNR improvement can be obtained fé¢ > 200Q

Similar considerations can be drawn for the alphabet siz€: if only few symbols are
used, especially when the signal dynamic is big the distooti introduced by the quantization
becomes unacceptable. A good balance between distortiord @omputational cost can be
obtained with codebook size that ranges from 33 to 129 synshol

While the number of survivor$! and the codebook siz&k are tuned in order to have
algorithm stability, limit the distortion introduced by thke quantization and achieve an af-
fordable computational cost, the shape parameter plays axlamental role in governing
solution regularization and in particular its sparsenessral robustness against noise. As
shown in g. [£38, decreasing the shape parameter, the sotutibecomes sparser and while
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where the signal is smaller and highly corrupted by noise, aoise suppression e ect is
noted, where the signal to noise ratio is higher the solutiois closer to the original signal.

Finally, a comparison between inverse lter, Wiener Iter ad reduced complexity Viterbi
deconvolution has been performed. As shown in [._8.11, whtihe solution provided by
inverse lter is unstable and Wiener Iter provides a stablesolution but the estimated
tissue re ectivity is over-smoothed, reduced complexityiterbi deconvolution provide a
stable solution that preserve the sparse nature of the tissue ectivity. A further proof
of the superior performance of the prosed method with respicthe Wiener Iter can be
evaluated comparing the power and phase spectrum of theuisse ective estimated by the
two methods, shown in g[CZ30 and 4N 1. While Wiener lter ble to recover the signal
spectrum only in where the signal to noise ratio is higher timethe regularization parameter
and phase spectrum is wrongly estimated, the proposed meth® able to equalize signal
power spectrum also in the frequency band where the signal ioise ratio is low and a
good recovery of phase spectrum is obtained.

To verify the e ectiveness of the proposed algorithm as a ddudrring method for ul-
trasound images we tested it on an US signals database whichneprises synthetic phan-
tom (CIRS Model 047) acquisitions aniah-vivo TRUS acquisitions of prostate glands (264
frames), both obtained with a commercial ultrasound equigmh (MYLAB90 Esaote S.p.a.).
The minimum phase version of PSrwas obtained with the homomorphic based deconvo-
lution procedure mentioned is section 4.2.1.

All signals were processed column-wise with the settings alined on synthetic signals.
Figures [£T? compare to the original B-Mode images ( gurg Z2(a)) the visual quality
of images processed with Wiener Iter (gurd 4.12(p)) and i MAP estimation ( gure
BI2(d).: as it can be seen, resolution and contrast in thmages processed with the
proposed method are much better than in the original ones avdener Itered one.

Algorithm performance was also qualitatively evaluated iterms of signal resolution
improvement and image quality enhancement. To quantify thesolution improvement we
measured the resolution gain at -6dB (RG-L/A) along the deweolution direction [2]; the
Peak Signal to Noise Ratio (PSNR) and the Structural Similaty Index (SSIN) were used
to compute the dissimilarity between the original and prossed image, in terms of loss of
correlation, luminance distortion and contrast distortio[18]; nally we measured the image
contrast enhancement on phantoms by means of the ContrasinGEG) [31].

For in-vivo and phantom RF signals processing, the average results ovlee whole
datasets obtained with the estimated system response areosm in table[4.1(g) and table
BI(0), respectively. As it can be clearly seen, the propdselgorithm provides a good
resolution increase for bothn-vivo and phantom acquisitions, with better performance on
the in-vivo frames. The images SSIN is quite close to the maximum valud pfvith better
performance ornn-vivo frames.

Finally, we compared algorithm performance to wiener Iteaind an publicly available
deconvolution algorithms in literature presented in [25As shown by the results in Table
EI@ and[4.I(h), the proposed algorithm outperforms baoththem with respect to the
proposed metric.

4.5 Disussion

The goal of the research presented in this chapter was the d&pment of deconvolution
algorithm for resolution rapprochement of ultrasound imiag system signals. The function
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Figure 4.10: Comparison between power and phase spectrum of the originsétie re ec-
tivity and Wiener Iter estimation.

of the proposed method is increasing the resolution of ech@ghic imaging system which
is limited by the nite bandwidth of the piezoelectric elemets of the imaging probe. Signal
deconvolution is a challenging problem: due to the obseriaat noise and the band-limited
nature of system PSF, the estimation of the true tissue re &uity is an ill-posed problem

and regularized inversion techniques are therefore necasg

After a complete review of the ultrasound signal deconvatut techniques presented in
literature, a statistical framework and a novel stochastisignal model is proposed. The
deconvolution procedure is based on two steps: system paipread function estimation
and tissue re ectivity deconvolution.

System PSF is estimated through blind homomorphic deconwan techniques pre-
sented in literature. In order to avoid instability causedypphase unwrapping algorithm for
phase estimation, only the minimum phase version of syste®FAs taken into account.

The proposed tissue re ectivity deconvolution is develogen a statistical framework
and it is formulated as a MAP estimation problem. A prior mddef the observed signal is
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Figure 4.11: Comparison between powdr {a) and phafe 4.T]i(b) spectrum ofatfiginal
tissue re ectivity and reduced complexity Viterbi estimatio.

used for imposing solution regularization: the unknown s$ige re ectivity is modelled as a
the product between a piecewise-smooth function, i.e. tissechogencity, and a generalized
Gaussian random process. The shape parameter of the geriegdl Gaussian distribution
can be used for controlling the sparisty of the solution andhis its regularization. This
model leads to two possible type of application: image enh@ment or tissue characteri-
zation.

The MAP estimator for the proposed model requires the mingation of a non convex
function and thus, iterative methods are required. Althdughese methods can provide sat-
isfactory performance in terms accuracy, their computai@b cost is very high and therefore
signal can't be processed in real time. In order to develop asft image rapprochement
technique, tissue estimation is reformulated in a quantidelomain, where Viterbi algorithm
and adaptive quantization techniques can be used for redugithe computational cost of
the estimation, allowing a real time implementation.

A reduced states Viterbi algorithm based on adaptive quazdition codebook is proposed
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Figure 4.12: Comparison between B-mode image befdfe](a) processing, Wieniger
deconvolutior () and MAP estimation with the proposed metHd].

(a) Prostate results (b) Phantom results

RG CG PSNR SSIN RG CG PSNR SSIN

Map estim. 488 3.38 23.04 0.94 Map estim. 3.85 5.06 2.50 0.96
Wiener Iter 192 1.62 21.20 0.91 Wiener Iter 15 1.20 22.00 0.87
FWD [25] 1.72 117 17.54 0.77 FWD [25] 1.20 1.70 18.24 0.87

Table 4.2: Image enhancement evaluation metrics computed for the iovpvostate gland
frameq (@) and for the invivo phantom franfes] (b).

for MAP tissue re ectivity estimation. The method has beerested on synthetic signal in
order to tune the di erent parameters of the algorithm and ¢din an a ordable compromise
between computational cost and estimation accuracy. Theabed results show that while
Wiener Iter produces smoothed version of the true tissue eetivity, the proposed method
is able to recover its sparse nature with interesting noisaippression properties, providing
better performance also in terms of power and phase spectremhancement.

Finally, to verify the e ectiveness of the proposed algotim as a de-blurring method for
ultrasound images the method has been applied on real inwisignals of biological tissues
and phantom object and compared with Wiener Iter and a publy available deconvolution
method, obtaining better performance in terms of visual djtyg resolution and contrast
enhancement.

Future development of this project can include:

extension of the proposed model for two-dimension signalcdavolution;

assessment of the sensitivity of the proposed method to inrfpet knowledge of system
PSF;

development of method for regularized estimation of tisseehogencity;
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development of tissue characterization procedure basedtba proposed signal model
and MAP estimation.
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Chapter 5

Ultrasound signal
segmentation and classi cation

Accurate segmentation, or simply boundary detection, ofoptate in ultrasound images
plays a key role in clinical procedures for prostate canceragjnosis, such as region of
interest selection, accurate placement of needles in bigpprotocols and the measurement
of the prostate gland volume (see chaptEl 2). So far, all thissks have been performed
manually by expert radiologist personnel. Since manual detation of the boundaries is
irreproducible, slow and heavily user dependent, auton@asegmentation has a signi cant
advantage over manual annotation. However, compared to thikeer imaging techniques,
ultrasound images have lower resolution, lower intensityowtrast and inherent speckle
noise. All this issues make the automatic segmentation ofiges di cult and an important
area of research.

Another class of algorithms of interest is automatic methefbr prostate cancer detection
and staging based on machine learning techniques. The sleorhings of the current clinical
methods have in fact induced a great number of studies aimadmproving the detection
rate of prostate cancer by computer aided techniques, ping assistance to radiologists in
the diagnosis of prostate carcinoma and in the guidance obpsy. However, as mentioned
by many authors, since in the learning process only the pigeh the biopsied area can be
considered, classi cation of prostate tissues is an impedt supervision problem. Moreover,
since it is di cult to transform the physical labels in the exracted tissue into pixel labels,
even the labels of pixels in the limited area are imperfecth@refore, although encouraging,
the results published so far are often not proven to be cliaity signi cant and not always
comparable, mainly because of the lack of standard learnipgocedures and a publicly
available images database.

Author contributes. In this chapter, after a review of the existing approach foltrasound
image segmentation and tissue classi cation, a novel prage for computer aided diagnosis
of prostate cancer based on an automatic method for regioimtérest selection is presented.
The proposed procedure is then tested on an experimentalalaase composed of transrectal
scans of prostate glands a ected by malignant and benign petlogies.

81
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5.1 Ultrasound image segmentation

Ultrasound image segmentation is strongly in uenced by sl quality as well as by the
tissue imaged. The characteristic artefacts of ultrasoumtages like attenuation, speckle,
shadows and signal dropouts, missing boundaries due to theentation dependence of
acquisition, make the segmentation task complicated. Whiin other areas of medical
imaging (CAT, MRI) application of general image processimgethods is su cient, in the
case of ultrasound signals more complex and specialized noels are needed in order to
obtain satisfactory results.

In literature, there are a large number of papers describirgegmentation procedures
applied to ultrasound images. For a complete review of theatt of the art of medical
and ultrasound image segmentation methods see [32] and.[Hsically, the techniques
proposed so far for medical image segmentation can be sunizedrin eight main classes:

thresholding methods;

region growing methods;
classi cation methods;
clustering methods;

Markov random eld methods;
arti cial neural networks;
deformable models methods;
atlas-guided methods;

Since most of the new segmentation techniques reported itetature are often developed
for a specic clinical application, in this section we will gve a brief review of the main
methods employed for medical image segmentation, focusamgtheir application in the
context of prostate ultrasound images segmentation.

Prostate segmentation problem can be meant as two di ereaind in general indepen-
dent, segmentation problems: prostate boundary detectiand segmentation of prostate
gland in regions of interest. While many algorithms for prtage boundary detection have
been proposed in literature (see [28] and [2]) only few worksncerning region of inter-
ests segmentation have been proposed [23][2]. The motimatbehind this predominance of
work concerning prostate boundary segmentation are badigawo. First, prostate bound-
ary segmentation for volume assessment is an important amin@ary task in current clinical
procedure for cancer diagnosis (see chapfdr 2). Secondgsiit is not clear in literature
which e ectiveness measures should be used for evaluatitng tperformance of segmenta-
tion methods [12], evaluating the performance of regionmiérests segmentation algorithms
is a complex task that require a large database of manual sefiens performed by expert
personnel .

Thresholding methods. The thresholding techniques are the simplest image segmetidn
methods. They are based on the assumption that the image ndities of the objects to
be segmented and the of background follows a multimodal distition. The breakpoint for
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number of pixels

intensity

Figure 5.1: Example of image histogram showing three apparent classes andespondent
thresholds for image segmentation.

segmenting the image is therefore nding the thresholds feeparating the desired classes
(see gE1).

Two main classes of thresholding technique can be distinglied: global thresholding
and local thresholding. Global thresholding is the simplésnd fastest method, since only
one set of thresholds is used for the entire image. In localréisholding the image is
dived in sub-images that are processed independently with etent sets of thresholds.
These methods are often more complex and give more accurgenentations. Thresholding
methods cab be further classi ed according to the methodsaasfor computing the thresholds
from the image histogram: histogram shape based, clustgrivased, entropy based, object
attributes based, spatial techniques, local techniques.ofFa complete review see [37].

Thresholding method was applied with success for detectipgbic arch in TRUS during
prostate brachytherapy [30]. However, thresholding tedtpmes are not powerful enough for
more complex problems like prostate boundaries detectiondaregion of interest segmen-
tation.

Region growing methods. The goal of region growing techniques is to divide the image
into its regions, according to image properties such as pixatensity or other statistical
information. These techniques require rst a seed point toepin from. Then, the pixels
connected to that seed point that have the same prede ned cheteristic are found and
added to the region. Region growing methods can be categedin three classes: merging,
splitting and merge and split [25].

Region growing was applied for computing prostate volumerfr a manually placed
seed point in the center of the gland [8]. The critical poinh iregion growing methods is
the choice of the properties according to segment the image.

Classi cation methods. Classi cation methods, described in [41], are pattern regtion
technigues where a feature space is partitioned by learnitige partitioning function through
examples of labelled data points. Such techniques can be ibaspplied to images asso-
ciating to each image pixel a feature vector. The disadvag&of this approach is that
performance ca be biased by the dataset used in learning tharfitioning function. Such
methods are also very often computationally demanding. Mower, in medical eld train-
ing data is not always available or it can't be easy de ned. Iparticular, de ning training
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set for image segmentation is usually very time demandingdaoomplex and therefore not
feasible.

However, some works, about prostate image segmentatiomgsa classi cation ap-
proach, like neural networks, have been reported in litetat [33].

Clustering methods. Clustering methods lay in the class of unsupervised leargimeth-
ods. The accuracy of clustering techniques is usually lowtrat the one obtained with
supervised methods. The main advantage of unsupervisedhod is that they don't need
a training data. The most three common clustering algoriternsed so far in medical image
segmentation are: the K-means. the fuzzy C-means and the eotption maximization (see
[41]). The main limitation of these techniques is that no g information is included in
the segmentation process.

Recently, also spectral clustering techniques were appiievith good results in ultra-
sound images segmentation, including prostate boundarydaregions of interest segmen-
tation [43][1][23] and to my knowledge, together with the thed presented in [24], they
are the only methods for prostate region of interest segmation presented in literature.
The main limitations of these procedures are two: rst regis of interest segmentation is
limited only to hypoechoic regions and although hypoechaiegions are the more likely to
be cancerous, as reviewed in chaptEr 2, prostate cancer apece in ultrasound images
can be also hyperechoic and isoechoic. Second, only greyelsvand dominant contours
features are used for regions of interest segmentation.

Markov random eld methods. Markov random elds (MRFs) are statistical models that
can be used for modelling the spatial interaction between igébouring or nearby pixels.
In medical imaging, they are typically used because most @ix belong to the same class
as their neighbouring pixels, since any anatomical structithat consists of only one pixel
has a very low probability of occurring.

MRFs are often used for regularizing segmentations obtah&vith clustering algorithms
such as the K-means algorithm, under a Bayesian prior mod4][29]. The regularization is
obtained by maximizing the a posteriori probability of theegmentation, given the image
data. This maximization is usually achieved by iterative m@ds such as iterated condi-
tional modes, simulated annealing. The main issue assoetwith MRF models is proper
selection of the parameters controlling the strength of siia interactions. In addition,
MRF methods usually require computationally intensive abgithms.

Despite their disadvantages, MRFs are widely used in many age processing and
computer vision problems (image segmentation, image restion, texture modelling, stereo
matching), and they were successfully used for segmentingRMorain images, and breast
lesions in mammography and US scans [6] [5].

Arti cial neural networks methods. Arti cial neural networks (ANNs) are supervised
learning models in which the learning function is synthesd by the combination of a
large number of simple elementary processing units calledurons.

One of the attractive features of ANNs is their capability tadapt to di erent tasks.
The main limitation of this techniques is that, as all the sigpvised techniques, their perfor-
mance depends on the training set which must be big enough. rstaver, although ANNs
are intrinsically parallel, their processing is usually ginulated on serial computers, thus
reducing this potential computational advantage.
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Figure 5.2: Example of boundaries segmentation with deformable contours inviRI
image. Left: original image. Right: segmented image with initiagray) and nal (white)
boundaries (picture taken from [32]).

ANNSs are widely used in medical imaging as a classi ers, fomage segmentation [46]
and also for prostate segmentation [33].

Deformable models methods. Deformable models (or active contours) are model-based
techniques for delineating region boundaries by using cled parametric curves, or surfaces,
that can be deformed under the in uence of force elds. Objscboundaries are therefore
delineated placing a closed starting curve (or surface) rethe desired boundaries and
then deforming it through an iterative relaxation proces#nternal forces are computed from
within the curve (or surface) to keep it smooth throughoutetiieformation. External forces
are then derived from the image to drive the curve toward thesited boundaries. In g.
an example of active contours segmentation is shown.

The main advantages of deformable models are their ability directly generate closed
parametric curves or surfaces from images and their incogtion of smoothness and shape
constraint that provides robustness to noise and spuriousiges. The main drawback is
the requirement of an initialization, often done manuallyand a big sensitivity to such
initialization. Such problem is critical in case the numbeand the location of the objects
to be segmented are unknown. In this case, a large number dtidghcurves is required,
resulting in computational demanding procedures.

However, deformable models are widely applied in medicalaige analysis, including
prostate boundaries segmentation. For a general review s@d] [2].

Atlas-guided methods. Atlas-guided methods are a powerful tool for medical-imageg-
mentation when a standard atlas or template is available. @eptually, atlas-guided ap-
proaches are similar to classi ers except that they are imginented in the spatial domain of
the image rather than in a feature space. The atlas is genegdtby gathering information on
the anatomy to be segmented. This atlas is then used as a refeze frame for segmenting
new images. The main drawback of these techniques is, of seuthe need of a database
for constructing the atlas. An example of atlas-guide methéor computer guided prostate
biopsy can be found in [45].

Summary. Many research papers concerning prostate ultrasound imagsegmentation
have been published. Most of the techniques presented camcerostate boundary seg-
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mentation, while only few works about region of interest segntation have been published.
Most of the methods for prostate boundary segmentation depeon human interaction and
their performances are therefore user dependent.

Based on the literature overview of the exiting methods it icde concluded that:

most of the procedures for prostate segmentation are foalie® boundary detection;

most of the algorithms are semiautomatic and require usetdraction, which implies
more e ort, more time, low repeatability and user dependergsults;

most of the algorithms use 2D ultrasound images rather tha® 3mages, since the
segmentation of 3D images can be obtained through the segmag¢ion of the corre-
spondent 2D slices;

most of the algorithms are based on deformable models;

most of the algorithms require manual segmented images fairting and are therefore
highly biased by the training set due to the high variabilityof prostate shapes;

the methods for prostate region of interest segmentationegented in literature are
limited to hypoechoic regions.

Therefore, to overcome the limitations of the existing pesiures, new procedures should
ideally be:

user independent;
independent on training images;

focused on regions of interest segmentation.

5.2 Ultrasound aided tissue characterization

So far, the most used imaging modality in ultrasound systerashbeen the B mode. With
this technique, an estimation of the soni ed tissue re ectiity is obtained by extracting the
amplitude modulation of the radio frequency echo signal,tained with an ultrasound probe
(see chapteETl1). in general, B mode images quality is liedt by many factors (attenuation,
resolution limits, speckle noise, etc.) and therefore rattigists can only obtain a qualitative
characterization of the soni ed tissues.

The frequency of the ultrasound beam generated by medicalmroercial equipment
ranges from 2 to 10 MHz. During its propagation the ultrasodneld undergo di erent in-
teractions with the structural elements of the imaged tisss, like scattering and absorption,
which are function of the ultrasound frequency, temperagtuand acoustical characteristic of
the tissues. Therefore, the ultrasound echo signal contaimaluable information about the
physical properties of the tissue.

In general, such information can be estimated analyzing hdhe radio frequency signal
before the envelope detection and the B mode image, and usedombination with machine
learning techniques, it can provide a quantitative tissueéharacterization. The results of this
characterization can be displayed to radiologists, toge¢h with the conventional B mode
image, to be used as additional guidance in biopsy protocoléll the methods presented
literature are based on a common scheme which comprises:
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Figure 5.3: Schematic representation of di erent methods for ROI in ulsaund tissue
characterization: manual selectiof (), automatic selent with rectangular equal-sized
regions[{b) and automatic adaptive selection with irregular remis[{c)

selection of regions of interests (ROI) to be characterized
estimation from Rf signal or/and B mode image of features hiit the selected ROI;
classi cation of the ROI.

Therefore, the di erent methods can be classi ed accordirtg the implementation of each
step of this scheme. At rst, the di erent tissue charactezation methods can be classi ed
according to the possible ROI selection methods, summadize g. b3

The rst, and simpler method, is manual selection of the regi of interests ( g.[5.3(d)
and[5.4{d)). Such procedure, although it is simple and it @lis the inclusion of experts
knowledge, it's not real time and easily reproducible, it isme consuming and user depen-
dent.

The second method is automatic segmentation of the wholegtabe gland in rectangular
ROI of equal size ( g.[5.3(B) anf 5.4(b)). This procedure isrently the most common used
in tissue characterization and once the prostate boundasieare detected is completely
automatic and provides good performance. However it is oftaghly redundant and time
consuming (big homogeneous regions are systematicallyididd in smaller regions) and it
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(c) automatic segmentation of irregular roi

Figure 5.4: Examples of regions of interest segmentation methods: manuglestion[(@),
automatic selection of regular regiof (b) and automatic sel&mt of irregula regionf(d).
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doesn't allow the inclusion of morphological info in the féare estimation step. Moreover,
since the ROI are blindly positioned inside the prostate gtad, their size is limited by a
compromise between classi cation accuracy and feature iesation reliability: big ROI tend
to produce inaccurate characterization while with small RGize the estimation of many
features becomes noisy.

The third method is automatic and adaptive segmentation betwhole prostate gland in
ROI of irregular size ( g.[5.3(¢) anfl’5.4{c)). The main dience of this method with respect
to the other two is that the segmentation is based on the analg of the acquired signal, and
therefor adaptive. This procedure is theoretically the besne for tissue characterization:
it is completely automatic, repeatable, user independeradapted to the image features
and allows the inclusion of morphological information. Feae estimation is usually less
computationally demanding, since the number of ROI is neiibly smaller, and its results
are less noisy. However, the computational burden of the ssntation must be low in
order to keep the advantage due to the reduction of the regiof interests. Finally, the
performances of the feature estimation and classi cationeps are strongly dependent to
the goddess of the ROI segmentation.

Tissue characterization methods can be further classi edeording to the type of data
required (RF signal, B mode image), employed features, claar type. Although most of
the initial applications of ultrasound-based tissue charerization are related to breast
and liver tissues, recently such methods have been extendeith success to other type
of tissues like bones, myocardium, retina. For a survey ore tbxisting ultrasound-based
tissue characterization procedures see [39] and [34].

Prostate tissue characterization. A review of the published methods for prostate cancer
detection can be found in [26]. In this chapter, that reviesvintegrated with some works
published after its compilation and with some works alreadxisting that were not included.
The review of the published methods was focused on the systémcquisition and data used
(type, probe central frequency, sampling frequency, numloé cases available), region of
interests available (type, size and number), classi catictechnique (features and classi er)
and on the obtained performance (sensitivity, speci citynal accuracy). The results of the
review are shown in talBl1. Based on the results of the ravié can be concluded that:

the number of available cases is often low with respect to thegh variability of
prostate cancer;

although in the past B mode was the only data available, the @ssibility RF signal
is now available in commercial equipment and its use for tigs characterization is
increasing;

in most of the works published ROI are rectangular and equsikzed;
the size of the ROI is di erent and ranges from 0.1 érap to 1.45 crf;

the standard features used are: rst order, textural parartess, fractal parameters,
spectral parameters when RF signal is available;

the optimal features employed don't match across the pullion, which suggests a
data-set dependency of optimal features;

combining features form B mode and RF signal results in moreaive classi cation;
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WORK DATA
Type Probe Sampling Cases
Basset [3] B mode - - -
Houston [15] B mode 7 MHz 33 MHz 25 (11)
Loch[27] B mode 7.5 MHz 33 MHz 61
Mohamed [22] B mode - - -
Llobet [19] B mode - - 289
Schmitz [36] RF 7.5 MHz 33 MHz 33
Scheipers[35] RF 7.5 MHz 33 MHz 100
Feleppa [10] RF 7.5 MHz 50 MHz 67 (26)
Mohamed [24] RF 7 MHz - 20
@)
WORK ROI TECHINQUE RESULTS
Size Number Features Classi er SE SP  ACC
Basset [3] 64 x 64 - Textural - 71 83 -
Houston [15] 121 x 10 25 Textural 73 86 80
Loch[27] - 553 Textural Neural N. - - 84
Mohamed [22] Irregular - Textural SVM 83 90 83
Llobet [19] Irregular 1531 Textural SVM 68 53 61.6
Schmitz [36] 128 x 16 170484 Multi. Neuro-Fuzzy - - 86
Scheipers[35] 128 x 16 3405 Multi. Kohonen Map 82 88 83
Feleppa [10] 64 x 1 705 Spectral Neural N. - - 80
Mohamed [24] Irregular 3405 Multi. SVM 83 100 94.4

(b)

Table 5.1: Comparison of the the published methods for prostate tissueardtterization

with ultrasounds.

because the features used have highly nonlinear interdem®mce, only nonlinear
models like support vector machines and neural networks seeto be suitable for
classi cation;

with an average accuracy bigger than 8% the published ultrasound tissue charac-
terization methods outperform visual interpretation of ages;

a critical comparison of the di erent methods is missing, iinéy due to the lack of
large publicly available image dataset;

clinical evaluation of the methods is fundamental for ass@sg their real performance;

no information about computational cost and implementatiof the methods is avail-
able.

Therefore, to overcome the limitations of the existing pestures, new procedures should
ideally be:

based on features that are less depended by the acquisitiopstem;
focused on automatic segmentation of irregular regions ofdrest;

tested on a large database with several examples of the diest cancer stages and
variants;

tested in a clinical environment to asses the real diagnostaccuracy;
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5.3 Proposed system for ultrasound-aided prostate cancer diagosis

According to the review on the published methods for progtategmentation and tissue
characterization, relying on the paradigm of g.[[5.4{a) a meprocedure for ultrasound
aided prostate cancer diagnosis with the following charagistics is proposed:

the segmentation is performed with a multi feature approadte. di erent classes of
features are estimated;

all the features are estimated starting from the radio fregacy signal before time
gain compensation and envelope detection;

B mode features are estimated after envelope detection armd) lcompression of the
radio frequency signal;

since many boundary estimation algorithms are available literature, a rough es-
timation of prostate boundary is considered as given and tieéore as input to the
system;

prostate boundary estimation is assumed to be inaccurate performed by automatic
algorithm or done manually by non trained personnel;

ROI selection is performed inside the given prostate bordeith an automatic and
adaptive procedure, in order to produce ROI of di erent size

since prostate boundary is assumed to be unreliable, ROI egfion algorithm must
be robust against it;

among the methods for ultrasound signal segmentation, prdare based on unsuper-
vised learning and Markov random eld are used because of thability in classify
heterogeneous data and simple inclusion of a priori infortian;

the performance of ROI selection algorithm dn-vivo images are evaluated in the
context of the overall tissue characterization system, atiterefore by means of the
accuracy in detecting and classifying lesions;

supervised and nonlinear learning methods are used for RQdssI cation;

The proposed procedure is therefore based on three steps:tomuatic segmentation of
prostate in ROIs, features estimation on the segmented ROtharacterization of ROIs
through a classi er. Each step on the method, and its perfoamce on real invivo images,
are explained in details in the following sections.

5.3.1 Regions of interest segmentation algorithm

A schematic representation of the proposed algorithm for R&@gmentation is shown in g.
BE3. The algorithm is composed of four sequential steps:

features estimation with a moving window for each signal salminside the prostate;
segmentation of each sample in K di erent classes with a chesing procedure;
regularization of the segmentation through a Markov randomld based algorithm;

identi cation of regions boundary and elimination of regios smaller than a xed area;
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Figure 5.5: Schematic representation of the ROl segmentation algorithm.

Features estimation

The goal of ROI segmentation algorithm is to divide the pra@dge gland in regions of interest
according to the characteristics of the imaged tissues. $usegmentation is realized by
means of features that are extracted from the observed signarder to capture the di erent
characteristics of the imaged tissue that can be estimated.

As reviewed in chaptef]2, normal and cancerous prostate tiss have an heterogeneous
set of appearance patterns, which makes identi cation ofehdi erent regions extremely
di cult. As claimed by many authors [36][35][26], a multigrire approach is fundamental
for prostate tissue characterization.

First of all, homogeneous regions that can be clearly seentime B mode images must
be identi ed. Therefore, textural features as well as statfical parameters extracted from
the signal envelope should be employed. Furthermore, soniedkof lesions appears as
isoechoic to the surrounding tissues. In order to detect $utesions, features related to
physical characteristics, like spectral features and statical models of backscattering, must
be included.

Among the features proposed in literature and developed inig work, the following were
tested:

texture parameters Haralick's and Unser's features [44];
spectral parameters central frequency, midband, slope [18];

B mode statistical modeling Nakagami [38], Nakagami tting of the image di used
component extracted with the method preseted in [];

RF signal statistical modeling: generalized gaussian [42].

Since a complete set of all parameters tested has a big dimeslity and most of the fea-
tures are correlated, in order to keep the computational ¢a¥ the segmentation procedure
low, a selection of the most signi cative ones is necessary.

Clustering

Although, as emerged from the literature review, methodssbd on deformable models
are used in most of the published papers, all of them are foedson prostate boundary
segmentation rather than ROI selection. Deformable model® proved to be e cient when

the number of desired regions of interest is either well deed or easily deducible from the
image to be segmented. Due to the heterogeneous appearamcaltrasound images of the
prostate tissues, the number of regions of interest can vamgticeably from image to image.
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Figure 5.6: Three examples possible segmentation results (continuouse)i respect to a
ground truth reference (dotted line): (a) wrong estimation ofusters number, (b) correct
estimation, (c) cluster over tting.

Moreover, most of the segmentation procedure that are basmu deformable models use
only the grey level image for guiding the segmentation, whids not suitable for prostate
tissue characterization. Thus, among the techniques fotrasound signal segmentation,
reviewed in sectiof5]1, methods based on unsupervised@ay are adopted in this work.
As shown in g.[55, the segmentation procedure is based onlastering algorithm followed
by a MRFs regularization.

Clustering techniques easily allows the combination of ntiple description parameters
and data mining in an high dimension space, with a feasiblensputational cost. All the
clustering methods aim to group data points into clustersasing only on the information
found in the data that describes the points and their relatiships. For an extensive review
of clustering techniques see [40]. In this work, three diart clustering algorithm were
evaluated: K-means[40], G-Means [14] and PG-Means [11].

K-means is one of the most popular iterative descent clugtey algorithms. It is a
distance based clustering algorithms, i.e. similarity b&een points is evaluated by means
of their distance in the feature space. More precisely, pémnpartitioning is obtained by
minimizing the following energy function:

1 XX
w(Ee) =5 d(x; cx) (5.1)
k=1 C(i)=k

where C represent the clustering of all the data points in K predetermined number of
clusters,C(i) = k stands for the assignment of the assignment of thta data point to the
kth cluster with centercy, andd(:; :) is the distance measure which can be either euclidean,
cosine, Minkowski or Mahalanobis. Minimization of the futional &) require the joint
minimization with respect to clusters centers, and assignment of data points to clusters,
and it is not feasible in closed form. However, it can be mirk@d by an iterative procedure,
the K means algorithm, which consists of two steps:

point to the nearest cluster centery, with respect to distanced(:; :);

3. step 1 and 2 are iterated until the assignment does not cltgm
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An important point in K-Means is the choice of settings: diahce measure, number of
clustering classes and initial values for the centroids. ®hmost critical parameter is the
number of clustering classes, which is usually a priori unéwwn in ultrasound images. In
the context of medical images, a clustering algorithm shde able to isolate the di erent
homogeneous regions, detecting with good precision theaumdaries and possibly avoiding
their splitting in unnecessary smaller regions, i.e. clusts over tting, as shown in g[&.®.

In literature, di erent methods for estimating the numberfalusters in data have been
proposed [41] [14] [11]. Although these methods providegeneral good performance they
are very computational intensive. Moreover, especially & data clusters are slightly
superimposed in features space, very often the number oktdu estimated is bigger than
the real number of cluster required, resulting in data ovdting. Therefore, in this work
we adopted a xed number of clusters testing di erent valuesetween 4 and 8 in order
to obtain a good isolation of the pathological regions fronhé healthy regions. No high
accuracy in boundary detection is required in this phase,nsie this requirement will be
ful lled by the MRF regularization algorithm.

MRF regularization

The main drawback of clustering techniques is the lack of ¢jd information, which in
the case of ultrasound images causes noisy segmentationghvirregular jagged-edges,
wrong classi ed pixels and small isolated ROIs. Such issuerr be mitigated applying
a regularization algorithm, based on a MRFs [4], on the segmeion obtained with the
clustering procedure, as proposed in [29]. This paradigmswapplied with success for the
rst time to ultrasound images in [7], for breast lesion segmtation.

Image segmentation problem is now formulated as a MAP estiioa problem: the
observed features vectory; = fY;;1;:::;Ying for each image pixei are modelled as a
Markov random eld on a 2D rectangular grid and the data to beséimated is the assignment

whole imageX is therefore given by

Xmap = arg maxp(YjX)p(X)
X (5.2)
=arg m)in Inp(YjX) Inp(X):

The conditional distribution p(Y;jjXi = k) of the observed featurg is assumed to be
Gaussian with conditional mean ,"J and conditional variance ,"J The classX; is modeled
as a MRF and therefore, thanks to the Hammersly-Cli ord them, the prior densityp(X)

can be written as a Gibbs density:

()
1
pOO= Zep  VelX) (5:3)
c2l

wherec are the cliques, i.e. a subset of the whole imadiethat are neighbours of each other.
The function andV,(X) is the clique potential function, which in this work is a de ad on
second order neighbourhood system de ned as follows

(

Sif X = X
Vex) L=

. >0 (5.4
+ if Xi 6 Xq
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Figure 5.7: Second order neighborhood system

where is the Gibbs parameterj is the center of the cliqgue center and is a point inside
the clique, as shown in g[&J.

Under these assumptions and under the assumption of indepemt features and of
conditional independence of all the image pixels the minimattion of [22) is equivalent to
the minimization of the following energy function

U(XjY) = [InC )+ 2(7}(1)2] + 0 Ve(X) (5.5)
j i L cC

Since this would results in unacceptable computational regements, all the algorithms
renounce to achieve the global optimum and try to minimize aedent function. One of
the most used energy minimization algorithm is tHérated Conditional Modes(ICM), rst
proposed in [4] and applied in di erent medical image segntation problems. The ICM
minimizes the energy function no more on the entire grid, pikel-by-pixel. In other words,
we have to minimize in every pixel:

Y o k)P X
%] +Ve() (5.6)
1)

X
uxjY)= [In( i;kj)+
j c2

J

where ; is the neighbourhood system centered on the pixel This results in an iterative
algorithm which drastically reduces computational req@ments, and it provides a local op-
timum very close to the global one, if initialized with K-me® segmentation. The algorithm
was implemented following the adaptive methodology progosin [29]: conditional mean

i‘jj and conditional variance ,"J are estimated over windows whose size is reduced after a
certain number of iteration until algorithm convergence igached, i.e. either the number
of modi ed pixels is lower than a xed threshold or the maxinmu number of iteration has
been reached.

After The parameters to be tuned are therefore:
the number of iterations with xed window;
the maximum number of total iteration;
the minimum number of modi ed pixels;

the Gibbs constant.
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() (b)

Figure 5.8: Example of ultrasound image segmentation: prostate B mode imffg} K-
means segmentation with 5 class§s |b), ICM regularized segméntaf[c] and selected
ROI with cancerous zones marked in r§d}(d).

As shown in pi€X&]8, the segmentation provided by the ICM isiah better than K-Means
one: clusters are now more regular and the e ect of speckleis®is completely removed.
Recently, new clustering algorithms based on MRF and capabbf achieving a almost-
global optimum have been developed. However, the ICM is farrene cient, and it is now
the algorithm that best combines computational demands aackctiveness. For details,
refer to [9].

ROI selection and performance evaluation

If the regularization performed by the ICM was successfulgwexpect that all the image
pixels are clustered groups of homogeneous image intensityd well de ned shape. The
di erent clusters are then examined and further divided aoing their spatial distribution:
all the pixels that forms a connected and closed area are idieed as a single region of
interest. If ROI of a minimum size are required, all the regi® smaller than a xed number
of pixels are reassigned to the adjacent regions applying aorphological erosion operator
on them [13]. An example of a B mode image segmentation with ititermediate steps
output is shown in g[&.3.

Since segmentation is performed with an unsupervised leg procedure and a com-
plete a ground truth is not available, evaluating segmentah accuracy in a quantitative
manner is not easy. While in prostate boundary segmentati@m high precision is de-
manded, in ROl segmentation the main requirement is to d&igrostate gland in regions
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smaller enough in order to isolate the regions marked as pathgical with good accuracy
and divide the remaining part of the gland avoiding over tiig. Such condition can be easily
veri ed and therefore used for selecting the most relevamdtures and tuning the number of
clustering classes, in order to avoid clusters over ttingral inclusion of pathological regions
in healthy regions.

As reported by some authors [19], unless radical prostateny is performed, due to the
biopsy protocol employed in prostate cancer assessmentlyguartial information about the
extension of pathological region is available (see chap@rfor details). Therefore, in most
of the cases, classi cation of prostate tissues is s semifgervised learning problem.

As explained in detail in the next sections, the images datate used in this work is
constituted of images where biopsy con rmed pathologicagions are marked above the B
mode scans. Since such regions represent a smaller part & whole unknown pathological
areas, they can be considered as an high speci city (almosd®4 and low sensitivity pixels
labelling. Thus, the segmentation parameters were set inder to obtain ROI small enough
to isolate the marked regions, avoid cluster over tting anchinimize segmentation time as:

4 clustering classes;

2 iterations with xed window;

8 the maximum number of total iteration;

1%of image pixels as minimum number of modi ed pixels;
Gibbsian constant =4;

while Euclidean distance and Unser's textural features, lkagami envelope tting and RF
spectrum central frequency seems to provide the best compee between segmentation
accuracy and computation time.

5.3.2 Feature estimation and selection for ROI characterization

Once the ROI are selected, a new set of features is computadefach of them. Besides the
feature estimated for image segmentation, also the follogifeature were tested:

texture parameters fractal parameters [44];
spectral parameters polynomial tting of wavelet spectrum [20];

The main di erence with the feature estimation performed e segmentation step is
that now the features are no more computed on a sliding windogach ROI is examined as
a unique set of data points. Besides to provide a more robustimation of all the features,
this approach allows the estimation of morphological feas, when they could be relevant
for ROI characterization, and reduces noticeably the nunite parameters to be extracted
with a consequent reduction of the computational cost.

A complete feature set of all parameters mentioned beforeulkbhave a huge dimen-
sionality of about 140 attributes. For this reason a rst saction step is performed keeping
for each group of features only those highly correlated toelground truth class, and so to
the pathology, discarding the other ones. This way dimensadity is reduced but synergies
between di erent features are saved.
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In this application a hybrid feature selection algorithm isised to rank and prune the
initial feature set [17]. Hybrid feature selection algorfitms take advantage both of Iter and
wrapper models, i.e. they make use of both an independent suga and performances of a
mining algorithm to evaluate feature subsets. Independemeasure is used to decide the
best subset for a given cardinality while mining algorithmra used to select the nal best
subset among the best subsets across di erent cardinalisie

The chosen independent measure is the min-Redundant Maxd@nce (MRMR) cri-
terion proposed in [31]. The mMRMR measure is based on mutaébrimation between the
current feature set and class corrected with the averaged tonal information between fea-
tures in the feature set. Maximizing this measure yields toedhe a feature setS with
maximum relevance with respect to a class

1 X
D(S;c) = — [(Yi;c) (5.7)
JSJ Yi2S
and minimum redundancy X
1
R(S) = S [(Yi;Yj) (5.8)
Yi;Yi2S

whereY; is a feature andl is the mutual information. In practice, the rst step of hyinf
feature selection algorithm consists on maximizing mMRMR asare de ned as

(D;R)=D R (5.9)

The chosen mining algorithm is a Fisher Linear Discrimina(fLD) and the implemented
search technique is a sequential forward selection. For neasing cardinality subset max-
imizing mMRMR measure is selected and performances of FLDirteal on this subset are
computed. The feature selection outputs are both a rankedtland a minimum subset,
dependent on the mining algorithm. The best cardinality armbnsequently the best subset
are chosen as that performing the minimum FLD misclassi @at error. Typically the best
cardinality is smaller than the maximum number of featuresdause not all of them have
the same relevance. The selected and ranked feature for thaitable dataset is constituted
of 54 attributes and is shown in tabl€8l2, where the rst 20déures are meant to be the
most relevant.

5.3.3 Classi cation

The last stage of the proposed method is a supervised classi In this phase, the selected
ROI are classi ed by means of the set of features extracted tine feature selection proce-
dure. The result of the classi cation will be displayed ovethe standard B mode image:
position and extension of all cancerous ROIs are marked wistise colors. Such information
can be used by radiologist in guiding biopsy protocols.

Among the possible supervised machine learning techniqweSupport Vector Machine
(SVM) classi er was adopted[41]. As reported in the literate review at the beginning of
this chapter, nonlinear classi er seems to be preferablerfprostate tissue characterization
and SVM have been proved to be a good choose.

SVMs are a set of related supervised learning methods used @assi cation and re-
gression. Viewing input data as two sets of vectors in an nagénsional space, an SVM will
construct a separating hyperplane in that space, one whictaximizes the margin between
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Index  Feature name Index  Feature name
01 Fractal(2) Alfal 28 Fractal(2) Alfa4
02 WDES Di. Proj. n.8 29 homogeneity135
03 Intercept AR(2)burg 30 Bmode
04 correlation135 31 mean90
05 Nakagami logm 32 Fractal(2) Beta4
06 Fractal(1) Betal0 33 Intercept2 AR(3)Imsd
07 Fractal(2) BetalO 34 Fractal(1) Beta8
08 Naka w Di. Proj. n.8 35 Slope
09 Nakagami logOmega 36 Fractal(2) Beta8
10 homogeneity90 37 Geometric feature
11 mean0 38 Fractal(2) Beta3
12 Fractal(1) Alfa3 39 Fractal(1) Alfa5
13 Fractal(2) Beta6 40 Fractal(1) Beta6
14 Slopel AR(3)burg 41 Interceptl AR(3)Imsd
15 Fractal(1) Alfal 42 ASM Estimated Fc
16 clusterprom135 43 Haralick Left Entropy
17 Geometric feature 44 Slope AR(2)Imsd
18 entropy135 45 WSP Band 3
19 Fractal(2) Beta2 46 Fractal(2) Alfa2
20 contrast90 47 correlation45
21 Intercept ZC 48 Intercept
22 Slope FFT 49 Fractal(1) Alfa9
23 Haralick Left Sum of Squares 50 Slope ZC
24 Slopel AR(3)Imsd 51 Slope AR(2)burg
25 WSP Fit Coe . 2 52 Haralick Left Correlation
26 Slope2 AR(3)burg 53 Haralick Left Sum Average
27 WSP Band 1 54 Naka w Coher. Proj. n.9

Table 5.2: Feature selection and ranking results.

the two data sets. To calculate the margin, two parallel hyp@anes are constructed, one
on each side of the separating hyperplane. Intuitively, a go separation is achieved by the
hyperplane that has the largest distance to the neighboudndatapoints of both classes,
since in general the larger the margin the better the geneiiahtion error of the classi er.

The original optimal hyperplane algorithm proposed by Viadir Vapnik in 1963 was a
linear classi er. However, in 1992, Bernhard Boser, IsabelGuyon and Vapnik suggested
a way to create non-linear classiers by applying the kerneltrick to maximum-margin
hyperplanes [41]. The resulting algorithm is formally sikai, except that every dot product
is replaced by a non-linear kernel function. This allows thalgorithm to t the maximum-
margin hyperplane in the transformed feature space. Thersformation may be non-linear
and the transformed space high dimensional; thus though ttlassi er is a hyperplane in
the high-dimensional feature space it may be non-linear imé original input space. Some
common kernels include:

polynomial functions (homogeneous or inhomogeneous);

radial basis function;

Gaussian radial basis function;

sigmoidal functions;
For further details about SVMs see [41]. In this work a Gauasiradial basis function was
adopted and the corresponding feature space is thus a Hilbespace of in nite dimension.

All the simulations were performed using the publicly avaible software implementation of
SVM classi ers called svmlight [16].
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Figure 5.9: Example of database reference images for supervised learniegresenting
di erent prostate sagittal sections, with histologically corrmed cancerous regions marked.

5.4 Experimental results

The proposed method for prostate tissue classi cation wapied to a database of in-
Vivo scans in order to asses its accuracy. The experimentatabase was provided by the
University of Florence and is formed by TRUS images of prostaagittal section. All the
signals were acquired with a commercial ESAOTE ultrasouncaahine using a transrec-
tal broadband probe, with central frequency of 7.5 MHz, saling at 50 MHz the radio
frequency signal before time gain compensation with a regtibn of 12 bits. The dataset
contains 37 di erent cases of prostate pathologies, 22 casef prostate carcinoma and 15
cases of benign hyperplasia, acquired before biopsy. Forchacase, ten consecutive image
frame were recorded.

All the malignant cases have cancerous regions marked on Bhmode image by radiolo-
gist after histological veri cation. All the cancer foci wee identi ed during the histological
examination. These labels constitute the ground truth footh segmentation algorithm tun-
ing and classi er training. In g.B28 some examples of the ference images are shown.
Since, unless radical prostatectomy is performed, with higrobability the portion of tissue
sampled during biopsy is smaller than the true cancer exténs, the available ground truth
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must be considered as an incomplete labelling. The learnipgoblem is not fully supervised
and speci city of the classi cation can't be evaluated in a eliable way.

However, since the main goal of computer methods for prostaancer diagnosis is the
identi cation of all the cancer foci for guiding biopsy, pasible overestimations of the size of
cancerous region does not a ect the clinical performance thie computer aided diagnosis
procedure. Thus, the main goal is the development of an higinsitivity classi cation
method which is able to identify all the cancer foci with an avage level of speci city.

Learning procedure and performance test

For pursuing the mentioned goals the learning problem wasrrfwlated in the following
way:

the whole images database is segmented using the proposedreentation method,
obtain about 300 ROI;

all the examples of normal ROI are taken only from the benigases;

only the ROI marked by radiologist as pathological are used&xamples of cancerous
regions in the learning phase;

the whole set of features listed in tabl€5l2 are extracted ae the selected ROI;

the classi er is then trained above a random subset of the dlable data using strat-
i ed 10-fold cross validation;

the remaining images are then segmented using the proposegmentation method;

in calculating classi cation performance, the ROI extraetl are now considered as
normal or cancerous according to the available ground trutlall the ROI that are

superimposed for more than the ¥8with the ground truth are entirely labelled as
cancerous;

Since ROI have di erent sizes, the classi cation results nati be normalized in order to take
into account the size of each ROI. Therefore, classi catigrerformances are evaluated in
terms of correctly classi ed pixels inside the prostate bder.

Typical measures to assess classi er performances are siingy (SE), speci city (SP),
accuracy Acc) de ned as:

_ TP

SE= I (5.10)
— TN

sp=  _IN_ (5.11)

ACC= T N EPTEN (5.12)

whereT P are true positive pixels,;TN are true negative pixelsF P are false positive pixels
and FN are true negative pixels.

Since, in the segmentation phase and in other investigatiqggerformed on the same
dataset, some malignat cases were proved to be source of refrdwo di erent data set
where created:

Dataset 1, which comprises all the available cases;

Dataset 2, where 4 malignat cases where excluded during theining phase.
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Settings SE SP Acc

Set1- 10 features 0.80 0.71 0.75
Set 1 - 20 features  0.93 0.73 0.87
Set 1 - 54 features  0.95 0.74  0.89
Set 2 - 54 features 090 0.84 0.87

Table 5.3: Classi cation performance of the proposed tissue charadiztion method.

The average classi cation performance obtained by the proged procedure on the two
dataset are resumed in tablEB.3. The classi cation result®n rm that the rst 20 features
are the most relevant: while increasing the number of featsrfrom 10 to 20 a signi cant
performance improvement is noted, only slightly improverhare obtained when the com-
plete set of feature is used. Among the most relevant featinge found textural features
(Unser's and fractal), statistical features (Nakagami andakagami tting on the di used
component extracted form the B mode image) and spectralfelantercept), con rming that
a multi-feature approach is fundamental.

Moreover, the results con rm that excluding the ambiguousge form the training set
improve signi cantly the sensitivity of the method. The higvalue of sensitivity obtained
(always > 90% suggests that the proposed method is able to identify modtthe known
cancer locations. As said before, since only partial infaation about the real extension
of cancerous areas is available and since classi cation witeeperformed above the whole
image, the speci city value obtained is not fully reliable ad gives just quantitative infor-
mation about method performance. However, analyzing theuls obtained on the benign
cases we observed that the number of false positive is exteyriow and we can therefore
conclude that the low speci city value is due to the over estiation of cancer size in ma-
lignant images. Since the classi cation results are meanbtbe used for guiding biopsy, an
over estimation of the tumour size is less problematic thaalsfe positive on benign cases,
which would causes unnecessary additional biopsies.

Finally, in gures BE10 and[5.T]l examples of the classi cath results displayed above
the B mode scans as visual guidance for biopsy are given.

5.5 Discussion

The primary goal of the research presented in this chapter svéhe development of a com-
puter aided detection procedure for prostate cancer assesnt by means of TRUS scans.
The function of the proposed tool is assisting radiologisb taccurately identify the suspicious
regions for biopsy.

After a complete review of ultrasound image segmentationdatissue characterization
techniques presented in literature, the main characteriss for the development of a novel
computer aided tissue characterization were de ned. Theqmosed method consists of two
main parts: regions of interest segmentation and tissue chaterization.

Regions of interest segmentation is based on an automatides#ion of the region of
interests inside the prostate gland performed by means of ansupervised learning proce-
dure. The prostate gland boundary is supposed to be known Jgihce its accuracy does not
in uence the accuracy of region of interest segmentatiort,dan be performed manually by
non trained users or automatically, by one of the di erent gbrithms proposed in literature.

Tissue characterization step is based on a multi features@pach where the features
are extracted from both radio frequency signal and B mode igga Each region is then
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Ground Truth Test Result

@)

Ground Truth Test Result

(b)

Ground Truth Test Result

©

Figure 5.10: Example of the classi cation results displayed above the B mogeostate
sagittal scans as visual guidance for biopsy (right panel) and g truth for learning
(left panel).
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@)

(b)

Ground Truth Test Result

©

Figure 5.11: Example of the classi cation results displayed above the B mogeostate
sagittal scans as visual guidance for biopsy (right panel) and g truth for learning
(left panel).
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classi ed by a support vector machine classi er and the clascation results are plotted
on the B mode image as guidance information for biopsy.

The proposed method has been evaluated on a database of rauémuency signals
recorded with commercial equipments which comprises 22esasf prostate cancer and 15
cases of benign prostate pathologies. Since only partialformation about the extension
of cancerous areas in malignant cases where available, thaimgoal was to obtain a
procedure able to identify most of the cancer sites and théwsee, an high speci city.

The obtained results shows that the proposed method can itlBhmost of the cancer
foci with an high level of sensitivity (> 9049 and since most of the false positive are related
to malignant cases, the lower value of speci city can be infgreted as an overestimation
of cancers size.

Further development of this project can include:

development of a procedure for automatic prostate boundaggmentation;

employment of semi-supervised learning techniques in thraiting phase in order to
compensate the partial information about pathological aas;

evaluation of the proposed method on larger image databasesorder to evaluate
with higher accuracy its performance;

evaluation of the proposed method for the computer aided efdton of dierent
pathologies;

evaluation of the proposed method in a real clinical envinoent;

Publications

1. S. Caporale, A. Palladini, L. De Marchi, N. Speciale, G. Matti: Wavelet based al-
gorithms for speckle removal form B-Mode images Proceeding of IASTED BIOMED
2004.

2. M. Scebran, A. Palladini, S. Maggio, L. De Marchi, N. Spexde: Automatic regions of
interests segmentation for computer aided classi cation of postate TRUS images
to be published in 30th International Symposium on Acoustidmaging 2009.
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Chapter 6

Primate behavioural tasks modelling

The goal of the this project, developed at the Laboratory obNlinear Systems (LANOS) of
the Polytechnical federal School of Luausanne - Switzerldnwas to build up a simpli ed
neural microcircuit model, to support di erent conclusioderived from the machine learning
based analysis presented in [1]. Such analysis was motivétey the study on the neural
activity in parietal area 7a (inferior parietal lobule of tke posterior parietal cortex) of trained
monkeys performing several eye-hand directional motor kas presented in [2] and [3] and
reviewed in chapter 3. Data analysis procedures rely on uptihe hypothesis that even if the
available recording are too limited to extract precise matsformation, it could be possible
to read motor intention from the set of simultaneously rectad spike trains, by combining
information from all the available recordings. Unfortunally, the available recording sets
were too limited and the results obtained strongly depend dhe available data and on the
window size used for the computation of the spiking rate.

Author contributes. In order to asses the e ect on classi cation performance otumber
of available recordings and of the window size, an abstracbdel able to learn abstract
representation of some the behavioural tasks presented 2 &nd [3] was built. Such model
was built following a liquid state machine (LSM) approach 2][20]. Although the models
employed very simple, the number of parameters to be tunedgiste high and at the
moment, no simple design strategies are available for LSMhuE, following the approach
proposed in [5], biological motivated settings for some rabgarameters were adopted in
order to simplify the network design and its training procede. Following this approach,
we developed a tuning procedure that allowed the design oftianial neural microcircuits
able to learn correctly abstract representations of the réaehavioural tasks.

6.1 Third generation neural networks and liquid state machins

The task of understanding the principles of information pressing in the brain poses, apart
form numerous experimental question, challenging theacat problems on all levels of
modelling, from molecules to behaviour. Advanced modelghef human brain present it
as recurrent neural network (RNN): a network of neurons wifeedback connections. This
type of neural network can learn many behaviours/sequenceqessing tasks, algorithms
and programs that are not learnable by traditional machine&rning methods. Moreover
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RNN are computationally more powerful and biologically merplausible than other adap-
tive approaches such as Hidden Markov Models (no continudoternal states), feedforward
networks and Support Vector Machines (no internal states atl). Recent applications of
RNN include adaptive robotics and control, handwriting regnition, speech recognition,
keyword spotting, music composition, attentive vision,opgin analysis, stock market pre-
diction, and many other sequence problems. All these corsations explain the rapidly
growing interest in arti cial RNNs for technical applications: general computers which can
learn algorithms to map input sequences to output sequencesdth or without a teacher.

However, the main drawback of RNN is the complex training pemlure, often task de-
pendent. Various algorithms like back-propagation throhgtime and real-time recurrent
learning have been proposed to train RNNs; however all thes¢gorithms su er of com-
putational complexity, resulting in slow training, compleperformance surfaces, instability
and decay of performances according to the network topolagyd complexity.

To overcome this problem Jaeger [13] and Maas [20] introdurelependently a new
training paradigm for RNN named Echo State Network (ESN) andiquid State Machine
(LSM) respectively. While ESN have been introduced with thpurpose of developing a
simpler and more powerful training paradigm for RNN of sigmdal neurons, LSM have
been introduced aiming to realistic model of information guessing in biological system;
thus the latter approach uses more sophisticated models fmiking neurons and chemical
synapses.

In this chapter we will present the mathematical models eropkd in the present work
to build recurrent neural networks of spiking neurons (SRNNand train them with the
ESN/LSM approach. Such paradigm will be used in the presentowk to build a toy model.

Neurons

Detailed conductance-based neuron models can reproduceattophysiological measure-
ments with an high degree of accuracy, but because of theitriimsic complexity these
model cannot be easily analyzed and employed to build neunaétwork for engineering
computational purposes [9].

For these reason, simple phenomenological spiking neuromedels are usually em-
ployed. In the present work we will adopt a formal thresholdoalel of neuronal ring,
and in particular the Leaky Integrate and Fire (LIF) model, hich is the simplest model for
spiking neurons.

The leaky integrator model basically consists of a parall@f capacitorC and a resistor
R, driven by a currenti(t). Thus the membrane potential of the neurarit) is ruled by the
following dynamic eq,:
m((jj_? = u(t)+ RI{) (6.1)
where , = RC is the leaky integrator time constant.

A spike event is then formally described by ring timé®, de ned by the threshold
criterion

t®ue®) = (6.2)

Immediately after a spike event®), the membrane potential is reset to a new valug <
and the dynamic (6.1) is forced to the reset value during ansaktute refractory time .
At the end of the refractory time s the integration restart with the new initial condition
u(t(f) + r+) = U,.
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The combination of the leaky integrator dynamic (6.1) andset (6.2) de ne the LIF
neuron model. In case the neuron is stimulated by a constaatrentI(t) = lo, the trajectory
of the membrane potential after a spike has occurredtat t®, with u, = 0, is given by

t t©

ut)=Rlp 1 exp (6.3)

m

Fort! 1 the membrane potential tends t&ly. For Rlp < no spikes will occur, while

for Rlg a spike will occur at timet®@ = t® + T where
Rlo
T= In 6.4
nin (6.4)
Therefore the neuron ring rate can be de ned as
1 Rlo '
R= = + nqin : 6.5
T+ " "Rl (6.5)

SinceT! OforRIlp!1 ,the maximum ring rate is therefordRy = 1=,.

In a network context, the input current of the neuron can beotight as the sum of two
di erent terms: an internal constant current], due to self-induction e ect present in the
neuron, an external currentey(t) = li(t) + le(t) + In(t) due to the current induced by the
input synapsesl;(t), external analog inputslg(t) and to di usive noisel,(t)[9] (wherel,(t)
is a white zero mean Gaussian noise).

Synapses

In a network context the input current;(t) is generated by the activity of pre-synaptic
neurons, namely all the neurons which output is connectedtt® considered neuron through
a synapse.
In the framework of LIF model, each pre-synaptic spike geatsrs a post-synaptic current
pulse, which will excite all the neurons connected to it thugh the di erent synapses. These
synapses will be calledspiking synapsesin order to distinguish them from the synapses
that are inducing the external currentq(t), here calledanalog synapses
The total input current to a neuron due to pre-synaptic activity is therefore modelled
as: X X
KM= wt t9) it ) (6.6)
59 f

where j (t tj(g)) are the synapses current pulsesy; (t tj(g)) are the synaptic weights and
tj(g) are the spike instants of neuroi.
In general, as indicated in (6.6), the synaptic weights; can be dependent by all the
spiking timesti(g) < t. In this case we will call the synapseslynamic spiking synapses
This type of dynamic modi cation of synaptic weights is a shisterm e ects and it should
not be confused with the long-term dynamic modi cation of sgptic weights induced by
synaptic plasticity. Short term dynamic modi cation of syaptic weight has been evidenced
by a large number of experimental studies [24].

In the other hand, when the synaptic weights are not dependday all the spiking times

ti(g) <t we will call the synapsesstatic spiking synapses
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Dynamic synapse model. In this work we will employ the dynamical synapse model pre-
sented in [24] and derived from the results presented in [2R) this model, the synaptic
weight of each synapse is modi ed for each incoming spikg at time t@ according to
following discrete-time dynamical model:

wi =wj ug Ry
Ug=U+ug 1(1 U)exp( ¢ 1=F) (6.7)
Rg=1+(Ry 1 uUg 1Ry 1 1l)exp( ¢ 1=D

where = t® t& D are the inter-spike intervals,F and D are the model parameters
andu; = U and R; =1 the initial conditions.

Post-synaptic current. For both static and dynamic spiking synapses a relativelyraple
and quite realistic model for the post-synaptic current pseés is the following

S i s i )
ij (S) = % EXp i exp i (S IJ) (68)
s

t S t

where J, tij and 1 are the pulse decay time constant, pulse rise time constamcaprop-
agation delay constant of synaps§ respectively, andq is a normalization constant (for
g = exp(1) the maximum value of (s) will be 1).
Such model can be simplied imposing; ! s in eq. (6.8), obtaining
i i .
i©=a>s—ep - (s ) (6.9)
(s) s

Complete model

The complete model for LIF neuron exited by spiking synapsesternal analog inputs,
self-induction current and noise is therefore
2 3

dui _ ui(t) + R4X w; (t t-(g))x it tO)+ 1e@) + 1n(t) + 35 (6.10)
i ij i ij i e n . .
ir9 f

Since in general in a network neurons have the same time camt ,, and the same
resistanceR, we can rewrite eq. (6.10) in an equivalent form, introdugithe equivalent
synaptic Weightswi(;, the external potential Ug(t), the noise potentiall,(t) and the self-
induction potential E;:

dui

X @) X )

i9 f

thus reducing the number of the parameters.

Model discretization

In order to integrate the eq.(6.11) we must discretize it armpply numerical integration
methods. Since the model is quite simple, it can be integrdtevith su cient accuracy by
one-step Euler method.
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Figure 6.1: ESN architecture ( gure taken from [13]).

De ning a sampling step such thatt, t, 1 = and applying Euler numerical
integration method, we obtain the following discrete-timequivalent model:

2 m
X X
6.12
=4 Wt 10 e D) (612)
m i ¢
+ Ue(tn+1) + Un(tn+1) + Ei]

Network architecture

In the following section we will show how it is possible to bldai recurrent neural networks of
spiking neurons, in order to employ an ESN learning approaciithe ESN (of LSM) training
approach [13] consist in building recurrent neural netwarlof either analog or spiking
neurons, organized with a special topology, shown in gureThe network is composed
of three main sub-network: an input network composed by a glm layer of neurons, an
internal unit usually called reservoir and an output layer composed by a single layer of
neurons.

Input layer. The input layer acts like a converter of the input signals anas an interface
with the reservoir layer and its mad of spiking neurons. Theput signals, which can be
both spike trains and analog signal, are converted in spikeains and transmitted to the
reservoir by means of static spiking synapses. The input &xyis completely characterized

by:
synaptic weights [NxK] matrixiV,, ;
synapses time constants [NxK] matrix, ;
synapses transmission delays [NxK] matrix, ;

neurons self induction potentials [1xK] vectd, ;
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Reservoir layer. In the present work, the reservoir is a recurrent neural nedvk of N spik-
ing neurons interconnected with either static on dynamic ikpg synapses. The reservoir
is therefore completely characterized by:

synaptic weights [NXN] matriXx\;

synapses time constants [NxN] matrix;

synapses transmission delays [NxN] matrix;

dynamic synapses parameters [NxN] matrix€s D and U;

neurons self induction potentials [1xN] vectd;

Output layer. The output layer act as a Iter that converts spikes incomindgrom the
reservoir in analog values and is therefore made of analogunens connected to the reservoir
through static spiking synapses. The output layer is compddy characterized by:

synaptic weights [LxN] matridtV . ;
synapses time constants [LXN] matrix,
synapses transmission delays [LxN] matrix,,;

As de ned independently in [13] and [20], the ES approach tdNR train consist in ran-
domly generate, according to some criteria, the input layand reservoir parameters and
training only the parameters for the output layer. In the néxhapter we will illustrate
the dynamical properties and the theoretical computatiohperformances of this approach,
proo ng its generality and giving some measure to quantifyxperimentally the computa-
tional performance of this architecture with respect to sentlass of tasks.

6.2 Proposed model

6.2.1 Behavioural tasks modelling and information representabn

Among the possible experimental behavioural tasks deseudbin [2] and [3], summarized in
chapter 3.2, we focused our attention on the modelling of treach task (RT) and of the
no-go task (NGT), since these are the simpler tasks that recgi only short-term memory
to be solved, leaving as further possible developments thedwlling of more complex tasks
like memory tasks.

The model adopted for the behavioural task modelling is a teeent neural network
that, designed with a LSM approach, will be trained in orderotcorrectly solve abstract
representations of the behavioural tasks RT and NGT. The trgoal of the training procedure
is to develop a network that is able to encode through its dymac the spatial information
incoming from the input layer, in order to be able to manifetste intention of moving towards
a specic direction. The second and more demanding requitemh is to integrate along
time the visual stimulus provided by the input layer (centréarget followed by a peripheral
target), in order to manifest correctly moving intention weards a speci ¢ direction only in
presence of a speci ¢ sequence of inputs. Both the trainingné the test dataset must be
designed in order to verify the ful Iment of these propertge
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Figure 6.2: Schematic representation of the toy model network architece.

The structure of the network is the one shown in g. 6.2. As irSM approach, the
network is organized in three layers: an input layer, an inteal (recurrent) layer and an
output layer. The input layer comprises nine di erent anatpinputs, one for each of the
eight possible peripheral targets and for the central targe The output layer comprises
eight analog outputs, one for each possible direction of neovent.

Information encoding. The information that we want to represent is the activationsf
input targets and the activations of the movement commandwards the di erent possible
directions. Since both input and output of the network are alog signals, the activation of
a speci ¢ input or output during a time intervalT was represented with a continuous pulse
of current with unitary amplitude, while the inhibition of awith a zero level, as shown in
g. 6.3.

A behavioral RT was therefore represented as the activatiohthe start signal CT) of
random durationTs, followed immediately by the activation of a target signaP(Ty;:::PTg)
of durationT;. The exact values fofs and T; are randomly chosen with uniform probability
above two intervalgTg Ts2] and [Ti1Ti2]. The desired output corresponds to the activation
of only the output correspondent to the activated input antlvas represented as a pulse
of the same length and synchronized with it, as shown in g.46.

To assure that the network correctly ingrate along time thenformation presented, it
is necessary to include into the training and test data setsxamples of NGT. Due to the
representation of the input information (no task encodingformation is present), such tasks
couldn't be modelled exactly as real behavioural tasks de#xed in section 3.2. Thus, NGT
were represented as tasks in which the central target befaitee peripheral target is missing
(see g. 6.5). The training data set and the test data set mustclude several examples
of di erent duration of all the possible real and fake target. An example of a complete set
of tasks is shown in g. 6.6).
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Figure 6.3: Activation of input/output of the network represented as aigent pulse.
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Figure 6.4: Representation of a reach task (RT) as a sequence of activatad the central
target (continuous line) and activation of a peripheral targ€dotted line) and correspon-
dent desired output.

6.2.2 Network architecture

Input Layer. The input layer is an abstract representation of the inforrtian coming
from the visual cortex, i.e., the activation of one of the leigpossible peripheral targets

encoded in an analog current value that must be converted pike trains, the input layer

is constituted of nine excitatory LIF neurons, each of therommected to only one input.
Therefore each neuron acts like a current to spikes convert&his conversion is realized
injecting directly the input currents into the neurons thnagh analog synapses. Since no
spiking synapses are present, the mathematical model of thput neurons is described by



6.2. PROPOSED MODEL 119

0.8

0.6

Input 1

0.4

0.2

0.8

0.6

0.4

Output 1

0.2r

Figure 6.5: Representation of a no-go task (NGT) as activation of a peripfal target
(dotted line) without the activation of the central target andorrespondent desired output.

the eq.
dui .

in W = ut)+ Winj R1; (t); 1 i 9 (6.13)
obtained from (6.10) adding a time dependent input currdy{t) scaled by a factomw,; , and
neglecting both the spiking synapses and the noise term. Theise term was neglected
since the input neurons purely act like converters from thepiut information representation,
analog values, to the recurrent neural network informatioapresentation, spike events. In-
deed, in neural modelling noise take into account both ststic nature of neurons behaviour
and stimulus coming from unknown sources. Both of these ésewill be considered in the
model of the recurrent neural network neurons adding an epeanoise term.

The results of this conversion are spike trains that are tramitted from the input layer to
the recurrent neural network through static spiking synaps, whose post-synaptic potential
is described by eq. 6.9 and whose connection topology andesigth are de ned by the
connection matrixW;, = fwiij”g 0. In conclusion, the input layer is completely de ned

by:
scaling factor of input analog synapsew/p; ;
synaptic weights Nx9] matrix W;,,;
synapses time constantdNIx9] matrix_;,;
synapses transmission delayNx9] matrix_,;
neurons time constantj, and threshold j,;
that we will indicate with the notationNi, = fW,,; _ini_in; in; inG-
Recurrent network. The recurrent neural network is an abstract representatioof the

neural circuits responsible for spatial information repsentation and temporal information
integration in area 7a of the parietal cortex. As revealed byeurophysiologic studies,
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Figure 6.6: Example of input and output signals for complete set of real cafeke task.
The di erent target position are represented with di erent cabrs, while the star signal is
represented with dotted line.

the 7a area of the parietal cortex is responsible of the intefion of visual perception of
the space and movement control and its cells exhibit direartal tuning properties both an
single cell and populations of cells level [2][3]. The dataalysis procedures presented in
[1] revealed the possibility of extracting motor intentioffom the neural activity of trained
monkey performing behavioural task involving hand and eyesordinated movements.

Therefore, the toy model should be able to capture both thentporal information inte-
gration property and the directional tuning property. Thesproperties require a spatially
organized and specialized network endowed of short term nogynproperty [12]. For these
reasons, we decided to employ a recurrent neural network &f heurons connected through
static spiking synapse, with fading memory property, thaill\be trained with an ESN/LSM
approach.

The RNN is composed oN LIF neurons from whichNg are excitatory andN, are
inhibitory. The excitatory and inhibitory populations of aurons are described respectively
by

synaptic weights NxNg] matrix W ;
synapses time constantdNXNg] matrix _g;
synapses transmission delayNXNg] matrix__g;

neurons time constant g, threshold g and self induction potentials IxNg] vector
Ee,

that we will indicate with the notationNg = fWg;_£;_g; e; £9and by

synaptic weights NxN,] matrix W,;
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synapses time constantdN[xN,] matrix _;
synapses transmission delayNxN,] matrix_;;
neurons time constant,, threshold | and self induction potentials IxN,] vectorE,,

that we will indicate with the notationN, = fW,; _,;_,; &: 10

Output layer. The output layer is an abstract representation of an hypottie cortical
brain area connected to the RNN which try to extract the inforation encoded by it and
tries to express the intention of moving in a particular diction, according to the given
visual stimulus.

The layer is constituted by eight analog linear neurons, onfar each possible target
position, connected via static spiking synapses to the RNEach neuron simply performs
a linear combination (readout) of the activity of the RNN, aording to

X X ©
uttt)= R wo" Mt ) (6.14)
i f
where
=gl Wep Lo ¢ (6.15)
( out) out

is the kernel that converts spikes into potentials. The inteal potential is nally transmitted

The output layer is completely de ned by:
synaptic weights 8xN] matrix W ,;;
synapses time constant ;;
synapses transmission delay g -

The synaptic weights matrixWV,; will be computed in the training phase of the network
according to the problem to be solved (regression or classition), while all the parameters
of the input layer and of the recurrent neural network will béuned in order obtain the

desired performances.

6.2.3 Model parameters tuning and network training

The model is completely de ned by the set of parametefi,, N = fN g; N9, _outs _out-
and W, .. Since we adopted the LSM training paradigm, only the outpuayer will be
tuned through the training procedure in order to obtain theesired performance. Both the
input layer and the recurrent neural network parameters wibe xed, according to some
design criteria, to obtain the desired properties and perfmances, indeed the short term
memory property necessary to correctly classify all the pible tasks.

Several studies investigating analytical properties of ES, analytical conditions for
short term memory and di erent design strategies are avalle [19][14]. The strategies
developed so far can be divided in three main categories:

GENERAL: methods/guidelines to generate good reservoirghout regarding of the
task.
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UNSUPERIVISED: pre-training of the reservoir with respecto the given input;

SUPERVISED: pre-training of the reservoir with respect todih the given input and
the desired output.

Since in the proposed model both input and output signal arenabstract representation
of the real behavioural tasks and no detailed information abt the real representation in
the brain of the visual stimuli and motor command are availepthe design paradigms that
can be employed for our purposes belong to the rst class. Maver, since no information
about the real structure of the 7a brain area and about how itepology is in uenced by

training are available, among the possible approach beldng to this class, the random
generation approach seems to be the more suitable for a pméhary study [14].

In LSM, the number of parameter to be tuned is bigger and therdymical behaviour of
the model more complex, thus general design strategies atidl sacking. Despite the lack
of general design paradigms, in [18] an analytical proof oc6M approximation properties
and a quantitative measure for evaluating LSM computatidnare given. Moreover, LSM
were successfully applied to real problem like movement gigtion from images [5]. In that
work, the network parameters were tuned according to expegntal evidences exposed in
[10] and [26]. Although these models are still only a roughpapximation of a real neural
microcircuit, they take into account some important feats observed in biological neural
networks like synaptic depression and facilitation [L0he columnar functional organization
and the connectivity ratio between di erent layers of the recortex [26]. Synaptic depression
and facilitation are modelled through the dynamical modef gynaptic weights 6.7, whose
parameters are chosen according to the data reported in [1Qjolumnar organization and
connectivity are modelled organizing the neural microcirit as a 3D structure and randomly
generate the connectivity matrix with the following probdity of connection between two
neuronsi and j

pij) = Ce 7 (6.16)
where D(i;]) is the distance between the neuronsand j, C is a parameter depending on
the connection type (excitatory or inhibitory) and is the connection probability parameter.

Neurons parameters. In the present work, following the approach proposed in [Sle
adopted biologically realistic settings for neurons and sypses parameters but we didn't
take into account the depression/facilitation e ect in syapses, since we used the static
model in order to simplify the tuning procedure.

For neurons parameters we chose to keep constant inside dletnetwork layers the
following

membrane time constant, = 30 ms;

leakage resistanceR =10 M ;

spiking threshold =15 mV;

refractoriness time constant for excitatory neurons = 3 ms;
refractoriness time constant for inhibitory neurons = 2 ms;

di usive noise variance , =5 mV;
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and to generate randomly the following
autoinjection current uniformly distributed orj135 14:5] nA,
reset potential uniformly distributed on[135 145]mV.

The membrane time constant de nes the neurons memory. Coragao the duration of
the toy model tasks (from 130 ms to 310 ms) neurons memory @ small to correctly
solve them and network integration is therefore mandatoriRefractoriness time limits the
maximum spiking frequency of excitatory and inhibitory nems to to 333 Hz and 500 Hz,
respectively. All the other model parameters are set indivally with di erent criteria for
each layer.

Input layer.  Input layer mainly act just like a rate to spikes train convégr and is therefore
formed only by excitatory neurons. The only requirement isparoper mapping of the input
dynamic range on neurons spiking rate. This condition is ased by the input current levels
that, compared to leakage resistance, neurons thresholddanput current scaling, is set to
obtain a spike rate which is close to the maximum, in corregpence of an input activation.
The second function of this layer is the transmission of theput signal into the recurrent
network and it is realized by the synapses whose parametersn& generated according to
the following settings

connections topology: randomly generated to obtain a comtieity of 20 %for each
input neuron;

connections strength: equal for all the synapse®/;, = wi, = 10 ?;

synapses time constants: randomly generated with uniforristdbution on [25 3:5]
ms;

synapses transmission delays: randomly generated with forim distribution on[:1 1]
ms.

Since the synapses time constants are one order of magnitigtealler than neurons mem-
brane time constant, according to the consideration expdsa [17], the neurons of the
recurrent network will operate as integrator rather than éocidence detectors with respect
to the signal coming from the input layer.

Recurrent network. The design of this part of the network is critical for the ackvement

of the desired properties and performance: the richer wilehts dynamical behaviour the
better will be the overall network performance. The main dda to obtain the larger short

term memory achievable while keeping the echo state progertUnfortunately, there are no
design criteria available in literature. In order to simply the tuning procedure, we reduce
the number of parameter to be tuned adopting again some bgital motivated values for
most of them. In particular we set

80 %of the neuron are excitatory and 2@oare inhibitory;

connections topology: randomly generated to obtain a comtieity of 20 %for each
neuron;
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connections strength for inhibitory neurons: randomly gerated with Gaussian dis-
tribution, mean valueW,, = 2Wpe and root mean square = Wpe 10 3;

excitatory neurons synapses time constants: randomly geated with uniform distri-
bution on[25 3:5]ms;

excitatory neurons synapses time constants: randomly geated with uniform distri-
bution on[5 7]ms;

synapses transmission delays: randomly generated with form distribution on[:1 1]
ms for both excitatory and inhibitory neurons.

Once again, since the synapses time constants are one ordémmagnitude smaller than
neurons membrane time constant, the neurons of the recurreetwork will operate as
integrator also with respect to the spikes coming from thet@mnal connections.

The design strategy for the recurrent layer adopted in the @sent work is quite di erent
from the one employed in [5]. In our approach the network imgeted with an unstructured
fashion, imposing only a sparsity criteria and the only panaeter to be tuned is the average
value for connection strengtfWme

Output layer. The output layer simply acts like a kernel that converters ¢hspikes coming
from the neurons of the recurrent layer into potential and suthem. Neurons of the output
layer are connected with all the neurons of the recurrent neork through spiking synapses
whose connection strengths are tuned by the training proage. The remaining parameters
were set as

synapses time constants: equal for all the synapses,; = out = 20; ms;
synapses transmission delays: equal for all the synapses,;; = ou =0 ms.

Once the network parameters are generated, the only paraereto be tuned is the
average connection strength for the excitatory connect®oWne. To tune such parameter
we performed a grid search randomly generating a number ofwarks su ciently big to
evaluate its e ect on networks performance. In particulaewanted to maximize the number
of networks that have at least 6 output with a classi cationreor lower or equal t010%
(operating output). Thus, after networks were generatede wrained the respective output
coe cients matrixes W, with a linear regression with respect to the desired outputsatrix
of the training sety _:

Wou = U lxd (6.17)

whereU 1! is the pseudoinverse of the matri, which rows are the time evolution of the

network internal states X
Uit) = Ut (6.18)

f
computed for di erent time instantt,, feeding the network with the training set input, as
shown in g. 6.7.

The output pulses classi cation is then realized computinthe pulses energy and com-
paring it with a xed threshold value : all the output pulses whose energy is above
threshold will be classi ed as activation of the output andigeversa as no activation, as
shown in g. 6.7. Finally, classi cation error for each netark output is computed and the
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Figure 6.7: Output connection linear training and output classi catio.

Wme % of selected nets

1103 4.5
3 10°3 25
5103 49
10 103 29
15 10 3 21
20 103 7

Table 6.1: Percentual number of selected networks vs average connectitrength of
excitatory synapses measured on 1000 networks.

networks are selected according to the number of operatingtjputs. In tab.6.1 the results
obtained for di erent values ofWyg computed on 1000 randomly generated networks are
shown: the best absolute performance, measured as the nunatbselected networks, where

obtained forWne =5 10 3.
In conclusion, onc&VyE is tuned, the networks selection procedure can be summadize
in the following steps:
randomly generates all the network parameters accordingttee de ned distributions;
train the output coe cients with the training set;

compute the output signals and the classi cation error fohe test set;

if the number of outputs with classi cation error 10%is > 6 the network is selected,
otherwise discarded.
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6.3 Performance evaluation

Following the procedure presented in the previous sectiome selected 200 networks made
of 500 neurons and 200 networks made of 100 neurons, storirgrtspiking instants while
fed by a suitable long training and testing sets of tasks. Ssbquently we used this data
to study how the number of available neurons a ects the clagsation performance of all
the network outputs. Moreover we tested how the neurons nwanland the window length
for the rate computing a ect the performance of a SVM classir that try to distinguish RT
tasks from NGT tasks, comparing the obtained results withettones obtained on the real
data in [1].

6.3.1 Linear classier.

In order to understand how the number of available cells remftis the number of operating
outputs, we applied 100 times the following procedure to dfle selected networks:

random selection oM %of the network neurongM = 50%,30%,20%,10%;5%)
training of the output layer connected only to the selectedenrrons;
performance evaluation on the testing set;

Networks performance are evaluated in terms of number of gpieg outputs (outputs with
classi cation error  10%. Average performances, computed meaning the results ileta
on the complete set of 200 selected networks, are shown in &8 and g. 6.9. We observed
that networks with 500 neurons globally outperform the netwks with 100 neurons ( g. 6.8
and g. 6.9); for both cases, a clear drop of average performoa is visible when the number
of available neurons decreases, while the variance increasdue to the decreasing of the
number of available neurons.

The e ect of the random selection of network neurons is betteepresented in g. 6.10
and g. 6.11. Such picture show the results obtained for eacletwork for a sample of 80
networks of size 500 and 100, with best and worst performariigplayed by bins around
the average values. Comparing the average values, the e etthe random generation of
the network is clear: once the number of available neuronsrisduced, the performance
of networks that were performing in the same interval (fromt& 8 outputs operating) are
pretty di erent, if only few neurons are available. Perforance dispersion vs. the di erent
combinations of neurons, displayed by bins around the avgeavalue, shows that for most
of the networks the same performance can still be obtainediwa su ciently high number
of neurons, if the best neurons are selected. .

6.3.2 SVM classi er.

In order to asses how the number of the available cells and tleagth of the window for
the rate computing in uence the classi cation performan¢avhen we try to distinguish RT
form NGT basing on the rate activity of the available neuronsve modi ed the network
architecture substituting the output layer with a block of gike to rate conversion followed
by an SVM classi er with a radial basis functions (RBF) kernle as shown in g. 6.12. For
the SVM classi er we adopted the freeware library LIBSVM [6]
The spiking rate for neuron is computed as the number of spike events in a time slot

of duration W':
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Figure 6.10: Average number of operating outputs of di erent networks of 5@@urons
(yellow bars), measured over 100 random selection of di ereefrpentage of available neu-
rons. Maximum and minimum number of operating output for eaeltwork are displayed
by bins around the average performance.

Figure 6.11: Average number of operating outputs of di erent networks of 1@@urons
(yellow bars), measured over 100 random selection of di ereetrpentage of available neu-
rons. Maximum and minimum number of operating output for eaeltwork are displayed
by bins around the average performance.
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Figure 6.13: Methods employed for rate computing.
' Dek+1) w T
Ri(K) = itk W tIW (k+1) Wg where k =1:2;:::; ﬁ (6.19)

where T is the epoch duration. In order to model the two di erent datanalysis pro-
cedures and verify some neurophysiologists experiment&idence about the e ect of the
window length in classi cation based on rates, we used two dient methods to compute
rate from spike train. As shown in g. 6.13, in the rst methode take a portion or the
whole epoch of interest and compute a rate value for each r@yrobtain a rate vectoR.
This method resembles the rst data analysis procedure pmested in section 3.2. In the
second method we split the whole epoch of interest in not degping windows of constant
length, computing a rate value for each neuron, obtain thugate vector for each window.
This method resembles the second data analysis procedureganted in section 3.2.
Finally, we applied 100 times on the rate datasets obtainedharough the conversion

methods the following procedure:
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random selection oM %of the network neurongM = 50%,30%,20%,10%;5%)
grid search to tune the SVM classi er parameter€ and ;

training of the output layer connected only to the selectedenrons;
performance evaluation on the testing set.

For both methods, networks performances were evaluatedamts of percentage number of
correctely classi ed tasks.

Method one. Average performance of method one for di erent numbers cditable neu-
rons and window lengths are shown in g. 6.14. Such curves weabtained with 200
networks of size 100, rst averaging the results obtained Bach network with 100 random
neurons selections and then averaging such mean values &bal the networks. Best and
worst performances are displayed by bins around the averaga@ues. Like for the linear
classi er, a clear drop of the average performance is notitevhen the number of available
neurons decreases. In particular, the e ect of the numberadfailable neurons on networks
performance is highlightened in pic.6.16 (gray panel), veehe results obtained with a sam-
ple of 50 networks settingv = 30 ms are shown. Like for the linear classi er, the reduction
of the number of available neurons degradates the averagefpemance and increases its
variance.

Best average results were obtained foV = 10 ms; a slight drop of performance as the
window length increases is visible. The e ect of the windowerigth for rate computing can
be better evaluated in pic.6.15 (gray panel), were the resubbtained by each network are
averaged above 100 random selection of 2f all the neurons. Such result seems to be in
contradiction with the experimental evidence presented$ome work in literature where it's
argued that classi cation accuracy should increase by ineasing the length of the window
for rate computing. This contradiction is probably a modéhiitation due to the dynamic
behaviour of the network chosen to solve the proposed tas&isor-term memory. In network
with short term memory property the state excited by an inmusequence tends to vanish as
T ! 1 and therefore, increasing the window length we don't add amformation useful for
classi cation purposes but on the contrary add more unceitdy about the network state.

Method 2. Average performance of method two for di erent numbers oditable neurons
and window lengths are shown in g. 6.17. Such curves were @bed with 200 networks
of size 100, rst averaging the results obtained by each netvk with 100 random neurons
selections and then averaging such mean values above all tieéworks. Best and worst per-
formances are displayed by bins around the average valuesefage performance obtained
with method two are generally worst than performance obtauh with method one. Such re-
sult was expectable since method two represents a more carplassi cation problem. In
particular, while for big values of window length (80 ms andd whole epoch) performances
are almost the same, for smaller values performance of métboe are sensibly worst. This
is due to the presence of many rate vectors belonging to thestigart of the tasks epoch,
were the network memory is fading and classi cation is thef@e more di cult.

Once again a clear drop of the average performance is obsdrvéhen the number of
available neurons decreases. In particular, the e ect ofdmumber of available neurons on
networks performance is highlightened in pic.6.16, weresttesults obtained with a sample
of 50 networks settingv = 30 ms are shown. By increasing the window length we observed
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Figure 6.14: Average percentage number of correctely classi ed tasks of imed 1, for
di erent numbers of available neurons and rate computing winddengths. Performances
were measured and averaged on 200 networks of 100 neurons. ifdlax and minimum
performance are displayed by bins around the average values.

an increasing of the average performance, until an optimuaiue is reached. Such value
seems to be dependent by the neurons number: around 80 ms 8% 3®and 20%0and
around 50 ms for 1®and 5% The e ect of the window length for rate computing can be
better evaluated in pic.6.15, were the results obtained bp&h network are averaged above
100 random selection of 5@o0f all the neurons. Such results are qualitatively similarot
the ones obtained with method one.

6.4 Discussion

The goal of the project presented in this chapter was the déement of an arti cial neural
microcircuit model to support di erent conclusion derivefdom an experimental data analysis
conduced on invivo recorded neural activivity of primate mkeys.

The proposed model is based on a liquid state machine approd@4]. The model
includes leaky integrate and re neurons and chemical synaps models. The design pro-
cedure developed is based on a random generation of the netwimpology, according to
some biological motivated settings for the main parameterBhe proposed model is able to
learn and solve, with a satisfactory level of accuracy, sil@bstract representations of the
behavioural tasks performed by real monkeys presented {32

The aim of this study was the investigation of the e ect of sanrcritical parameters in
classi cation procedure based on the analysis of neural acity measured at the level of
individual cells. Such parameters are the number of simuigously available cells and the
length of the window used for the spiking rate computation.

The results obtained with the arti cial model highlightene the critical role of these
parameters in the success of data analysis and classi catiggrocedures based on neural
spike trains. In particular, the performance bound obtamheare similar to one observed
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Figure 6.15: Average percentage number of correctly classi ed tasks of methl and
2, for dierent rate computing window lengths with 50% of netwoneurons available.
Performance were measured and averaged on 200 networks ofri@fons.
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Figure 6.16: Average percentage number of correctly classi ed tasks of methl and 2,
for di erent number of available neurons, with W=30 ms. The perfmance were measured
and averaged on 200 networks of 100 neurons. Maximum and mimnperformance are
displayed by bins around the average values.
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Figure 6.17: Average percentage number of correctly classi ed tasks of metdhl and
2, for di erent numbers of available neurons and rate computingndow lengths. The
performance were measured and averaged on 200 networks ofri€0ons.

applying the same classi cation procedure on real data inJ[1
Possible developments of this project can include:

study and comparison of properties of the selected netwarks

investigation of the literature to understand deeply the dyamical properties of the
model and try to overcome to its limitations and model morengplex task requiring
longer memory [4][7][8][23][25][21];

use of biological motivated criteria [26][15] and prior arfnation about how topology
is in uenced by leering process[16];

use of more complex and more biological related neurons nisdé1];

use of more complex and more biological related synapses aied10];

Publications

1. A. Palladini, J. Acimovic, M. HasleiModeling behavioral tasks to asses visual infor-
mation integration and Motor information encoding in parietd cortex. Proceedings
of the International Symposium on Nonlinear System Theorynd Application 2008
(NOLTA 2008).Awarded as best student paper
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