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Abstract 

Máxima Medical Center is specialized in perinatal and neonatal care. In the departments of Gynae
cology and Obstetrics of this hospital there are various research projects to improve medical care. 

In these departments a new ultrasound modality is used: Kretz Voluson 730, which gives a pos
sibility to perform 3D/4D ultrasound investigations. With 3D-ultrasound all three projections of the 
examined fetus together with the volume representation can be displayed. It is also possible to image 
the movements of a fetus in time (4D ultrasound; x,y,z,t). 

With 3D ultrasound the volume (weight) of an fetus can be determined. Volume (weight) is an 
important measurement to judge the development and condition of the fetus. On the Kretz the volume 
of the fetus can be determined manually. This operation is complicated and time-consuming. The 
measurement error of this volume calculation operation is unknown. 

The aim of this study is to develop an automatic volume calculation of a fetus based on 3D ultra
sound volume scans. 

The signal-to-noise ratio of the ultrasound images is low and the contrast between different human 
soft-tissues is minimal. So the images have to be preprocessed for the volume calculation. For the 
image preprocessing different image enhancement and segmentation techniques are applied. After the 
preprocessing operations the contours of the fetus can be detected and a corresponding shape can be 
fitted through the contour points. Finally the volume of the selected contour can be calculated. 

The image processing is done in Mathematica. After applying different enhancement techniques 
it is concluded that the non-linear diffusion techniques are the best for enhancement. Two non-linear 
diffusion techniques are applied: Perona&Malik non-linear diffusion (P&M) and Euclidean Shorten
ing Flow (ESF). By P&M non-Jinear diffusion the best results are obtained when the given image is 
blurred first with the scale-space parameter CT=0.8, followed by diffusion with CT=0.8 and k= 12. By 
Euclidean Shortening Flow the best result is obtained with the evolution step 6.s between 0.2 and 0.4. 

For the segmentation of the enhanced image, three segmentation techniques are proposed: iso
intensity contour, edge-focusing and balloon snake. The iso-intensity contour and edge-focusing are 
sensitive to noise in the images, but give a good result when the images are enhanced first. The 
balloon snake is not so sensitive to noise, but this technique is complex, does not work wel! with the 
ultrasound images and the output results of the balloon snake are difficult to interpret. For this reason, 
only iso-intensity contour and edge-focusing segmentation techniques are used. 

The most important parts of the fetus are the head and body which have a form of the irregular 
sphere. It was decided to fit them with following geometrical figures: sphere and ellipsoid. After 
the figure fitting, the volume of these figures is calculated. The best fitting result is obtained after 
iso-intensity contour segmentation technique. After the edge-focusing segmentation technique the 
acquired results are often not reliable, especially in case of composite objects. 

It is not possible to compare the calculated volume to the actual volume of the fetus. For this 
reason the calculated volume is tested with an ultrasound phantom. Different water and gel balloons 
are examined with the Kretz ultrasound modality. Then the proposed algorithm is applied in order to 
calculate the volume of given balloons. 



Abstract ii 

Fora 20 cm3 balloon a volume of 21.30 cm3 (error of 6.45%) is found when the iso-intensity 
contour technique is used for segmentation. A volume of 16.00 cm3 (error of 20%) is found when the 
edge focusing technique is used for segmentation. 

Fora 40 cm3 balloon a volume of 42.32 cm3 (error of 5.80%) is found when the iso-intensity 
contour technique is used for segmentation. A volume of 38.06 cm3 (error of 4.85%) is found when 
the edge focusing technique is used for segmentation. 

The final conclusion is that the suggested algorithm is promising. More research conceming image 
segmentation techniques and form fitting is necessary. The algorithm also needs to be tested further, 
using the phantom to verify the obtained results. 
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Chapter 1 

Clinical Background 

In the Netherlands the obstetrie care is divided into two major groups: (i) first-line care; and (ii) 
second-line care. Women, who have normal anamnesis relate to the first-line care. Home doctors and 
midwifes take care of this group. These women may choose either home or hospita! delivery. But 
some women may suffer from a various disease, like diabetes, elevated blood pressure etc. In these 
cases women relate to the second-line care. A gynecologist examines and takes care of these pregnant 
women. 

Máxima Medica! Center in Veldhoven (MMC) is a peripheral hospita! in Netherlands which is 
specialized in perinatal and neonatal care. MMC has an Obstetrics High Care (OHC) and Neonatal 
Intensive Care Unit (NICU). There are 10 hospitals in Netherlands that have a NICU department and 
only 2 hospitals have an OHC department. The NICU department is intended for newboms who have 
different complications after birth, in most cases the baby's are bom premature. The OHC department 
is designed to take a extended medica! care and for pregnant women and for unbom children. 

It is crucial for life and health of mother and unborn child being carefully observed by a gynecol
ogist. The condition of the fetus is usually determined by a feta! ECG, blood analysis and ultrasound 
exams. 

The ultrasound image is used to define the gestational age and weight of the fetus, to detect the 
feta! abnormalities and to conclude about subsequent medica! care of the pregnant woman and fetus. 

Since a couple of years the gynaecology and obstetrics department of the MMC has been using 
a new ultrasound modality. This modality gives the possibility to realize not only simple 20 con
vectional ultrasound investigations, but also advanced technologies such as 30 and 40 ultrasound 
investigations. With the 30 ultrasound exams all three projection of the examined fetus together with 
its volume presentation are available (as shown in the figure 1.1). It is also possible to image the 
movements of a fetus in time ( 40 ultrasound; x,y,z,t) . 

By means of the existent ultrasound modality different manual measurements of the fetus can be 
done, including the volume measurements of the whole fetus or parts of the fetus. These volume 
measurements are complicated, inaccurate and time consuming. 

Therefore, the aim of this study is to develop the automatical volume calculation of an object in 
the 30 ultrasound image. To accomplish this aim specific image treatment, contour detection and 
volume rendering algorithms have been proposed and tested. 

In following paragraphs, first, the different weight estimation methods of the unbom child used 
in 20 and 30 ultrasound exams are discussed. Second, the possibility of the feta! abnormality de
tection using 30 ultrasound investigations is presented. Third, the possibilities of the research work 
with the 30 ultrasound are discussed. Last, the advantages and disadvantages of the 30 ultrasound 
investigations are described. 
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Figure 1.1: 3 dimensional representation of the fetus at the Kretz ultrasound modality 

1.1 Gestational Age and Weight estimation ultrasound methodes. 

Ultrasound investigations can be used to measure the gestational age and weight of the fetus and to 
detect abnormalities. Knowledge of the gestational age gives information about fetus development at 
the first trimester of pregnancy. The weight of the unbom chi Id is a very important characteristic at the 
second and third trimester of pregnancy. It gives knowledge about the fetus growth at its gestational 
period, about fetus condition, about presence of the abnormalities and fetus viability. 

At first trimester of pregnancy an important parameter of the fetus is the Crown-Rump length 
(CRL) [l], [2]. Examples of the CRL measurements are shown in the figures (1.2) and (1.3). 

Figure 1.2: CRL and NT measurements Figure 1.3: CRL measurements 

The characterization of the CRL is possible only at the first trimester of pregnancy, when the fetus 
completely fits into the field-of-view of the ultrasound transducer. The Crow-Rump length can predict 
the gestational age (GA) within the ± 5 days, see table 1.1. 

CRL(mm) 5 10 15 20 25 30 35 40 45 50 55 60 
GA (weeks) 6.0 7.0 7.8 8.5 9.1 9.7 10.2 10.7 11.1 11.5 11.9 12.3 

Tab Ie 1.1: Prediction of the gestational age by means of CRL measurements [ 1] 

Ultrasound estimation of feta! weight is used widely in clinical practice. Most mathematica! 
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formulas used for feta! weight estimation utilize more than one biometrie measure (parameter) and 
can include bipariental diameter (BMP), head circumference (HC), abdominal circumference (AC) 
and femur length (FL) and another parameters in various combinations. The measurements of the 
BPD, HC and FL are shown in the figures (1.4) and (1 .5). 

Figure 1.4: BPD and FL measurements Figure 1.5: HC measurements 

Por weight estimation many different techniques exist. All these techniques share the common 
issue of error in weight estimation [2],[3], [4] . One commonly used feta! weight estimation described 
by Hadlock et al includes all four measurements and is accurate for Iatethird-trimester. This weight 
estimation formula is given by [l] : 

log 10(Birth_weight) = 1.5115+0.0436(AC)+0.1515(FL)-0.0032l(ACxFL)+0.0006923(BPDxHC) 
(1.1) 

Different weight estimation formulas for 2D give the errors from 10% to 15% [3], [4]. 
A lot of research works are done conceming the differences between 2D and 3D feta! measurements 
for feta! weight estimation. All these investigations conclude that three-dimensional ultrasound mea
surements are highly reproducible for the assessment of feta! parameters or volume. In latest ultra
sound weight estimation research it is demonstrated that the best results are obtained with the measure 
of the fetus limb or thigh. The following formulas use the thigh volume for the birth weight estimation: 

Birth_weight(g) = 165.32 + 28.78 x Thigh_volume(mL)[5] (1.2) 

Birth_weight(g) = 1080.87350 + 22.44701 x Thigh_volume(mL)[6] (1.3) 

These weight estimation formulas give 5, 1 % and 5, 7% errors, respectively. 
3D ultrasound appears to reduce the error in weight estimation compared to 2D. Therefore, the 

aim of the present research was the automatical or semiautomatical volume calculation of the fetus 
at first trimester of pregnancy. In order to achieve, in the future, the possibility to estimate the fetus 
condition and to predict the presence of the fetus abnormalities, automatically at the first trimester of 
pregnancy. 

In the following paragraph the short overview over the abnormalities detection is given. 

1.2 Fetal Abnormality Detection 

It is possible to find and predict a feta! abnormalities, using ultrasound examinations. Different fetus 
abnormalities or fetus malformations can be determined at the first trimester of pregnancy. In most 
cases if a gynecologist has not detected a fetus abnormality at 12 weeks pregnancy, it means that the 
fetus condition is in 90% of the cases in order. If something is detected, then blood analysis and extra 
ultrasound investigations at 20 weeks are necessary for a complete diagnosis [7]. 
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Figure 1.6: Fetus (photo) Figure 1.7: Fetus (3D representation by Kretz) 

The images of the fetuses: real photo and 3D representation from the Kretz modality are shown 
in the figures (1.6) and (1.7). 

For 3D ultrasound investigations was reported that a complete anatomical survey of the fetus, 
similar to the criteria of the second trimester scan, can be achieved in 98% of cases at 12-13 weeks 
gestation [8]. 

In most cases a pregnant woman has been screened in the first trimester of pregnancy in order to 
display possible congenital abnormalities or diseases. For example, by the syndrome of Down ascer
taining nuchal translucency (NT) ultrasound measuring is used instead 2nd trimester serum screening. 
This gives good results and the possibility to diagnose this disease earlier [9]. This is relevant not only 
in the case of Down syndrome, for example, it is noted that presence of a translucency of greater than 
2.2 mm at week 10-14 is highly predictive of trisomy 2, trisomy 13, or Tumer's ( 45, X) syndrome [8]. 
The measurement of the nuchal translucency is shown in the figure 1.2. In most cases these diseases 
are caused by genetic defects. Examples of the detected feta! abnormalities shown in the figures ( 1.8), 
(1.9) and (l.10) [10]. 

Figure 1.8: Cleft lip Figure 1.9: Club foot Figure 1.10: Trisomy 13 
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1.3 Ultrasound Examination 

A 30 ultrasound system, as its name suggests, is one in which the intensity of the ultrasound signal is 
known in three dimensions. This allows a whole volume data set to be generated, rather than just the 
conventional planar data set. 

In this study the detailed 30 ultrasound investigation of the fetus at the first trimester of pregnancy 
is used for the further investigation. It is possible to select the whole fetus because of the large amount 
of amniotic fluid inside the uterus and the fact that fetus at this gestational age completely fits into the 
field-of-view of the transducer. 

The 30 ultrasound modality introduces a lot of benefits in the common ultrasound investigation 
routine. Some of them are described below: 

- Three-dimensional ultrasound reduces the time of exposure of the embryo to the ultrasound 
beam. Volume acquisition takes only a few seconds. 

Figure 1.11: Planar mode Figure 1.12: Full volume 

- Researchers can choose between two principal modes of imaging: the planar mode and the full 
three-dimensional image, as shown in the figures (l.11) and (1.12). In the planar mode the 
object is simultaneously projected onto three perpendicular planes. 

- If the image viewed in 3 directions, it is possible to scroll the image through the plane in each 
directions. There is also no limit in object rotation or in the number of tomograms of different 
sections of the analyzed object. 

- The additional progress is achieved by the permanent possibility of repeated image analysis 
of previously saved three-dimensional volumes and elimination of surrounding structures, as 
shown in the figures (1.13), (1.14) and (l.15). At the same time this is Iaborious and enduring 
procedure. 
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Figure 1.13: Whole image Figure 1.14: Fetus inside the Figure 1.15: Only fetus (after 
uterus (after "magie cut" op- "magie cut" operation) 
eration) 

- Planar mode enables precision of measurement. Full three-dimensional mode is particularly 
useful in presenting the three-dimensional interrelationship of different organs or the skeleton. 
Researches can change between different modalities of image rendering; emphasize the outer 
surface or presenting inner structures through the transparent mode, as shown in the figures 
(1.16), (1.17) and (1.18). 

Figure 1.16: Original image Figure 1.17: Different render 
mode 

Figure 1.18: Different render 
mode 

These imaging capabilities are extremely important in ultrasound obstetrics investigations during 
the first trimester of pregnancy when manipulation of the vaginal probe is restricted and obtainable 
ultrasound sections limited. 
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1.3.1 Advantages and Disadvantages of 3D Ultrasound Investigation 

The advantages of the 3D/4D modality are: 

7 

• ultrasound is a real-time imaging modality, and 3D ultrasound also can display information in 
real time (4D ultrasound imaging - cine view). This is currently limited more by processing 
than acoustics. High rates of acquisition (between 10-60 images per second) can allow imaging 
within a single breath hold, greatly increasing modelling accuracy in organs which move with 
inspiration and expiration. Shorter examination times are also of benefit to both clinician and 
patient; 

• extension of ultrasound to 3D provides new images which would otherwise be impossible to 
visualize, and previously could only be imagined by the clinician building up a mental, as
sumed picture from 2D information. This may make the modality more accessible to those less 
experienced in analyzing ultrasound images; 

• the reconstruction of 3D ultrasound by computer brings greater standardization and repeatability 
to conventional examinations, which are otherwise quite subjective. It may provide a better 
point of reference for discussing diagnosis than a conventional 2D hard copy. lt would also 
provide a better means of documentation of the examination for clinical record, or for remote 
diagnosis [10]; 

• 3D ultrasound offers the potential for improving the quality of a conventional 2D image, by 
compounding images acquired from different perspectives. 

Although 3D ultrasound investigation has its advantages, some limitations of application are 
present as well. 

• Feta) and matemal movements during the scanning process lead to motion artifacts that can 
degrade image quality. 

• Feta) surface rendering primarily depends on the presence of sufficient amniotic fluid volume in 
front of the region of interest. In some cases, oligohydramnios (to many fluid inside the fetus) 
and superimposed structures make surface view rendering impossible. 

• Three-dimensional examination of stored volumes is a time consuming operation. Beginners 
will need much time and assistance to become routine in the data acquisition, orientation and 
manipulation mandatory for three-dimensional ultrasound imaging. 

In the next chapter the physical background of the ultrasound is discussed. 



Chapter 2 

Physical Background 

2.1 Ultrasound waves - basic physical principles 

In this chapter the physical aspects of ultrasound research are discussed. First, the behavior and 
characteristics of ultrasound waves are described. Second, the principle of work of the ultrasound 
transducers and their sorts are presented. Last, image producing, the existent presentation modes of 
ultrasound research and transducers of the Kretz modality are considered. 

2.1.1 Ultrasound wave propagation 

Sound is a mechanica! energy that propagates through a continuous, elastic medium by compression 
and rarefaction of "particles" that compose the medium as shown in figure (2. la) [11] . An ultrasound 
wave is a longitudinal wave because the motion of the molecules in the medium is parallel to the 
direction of wave propagation. The wave cycle can be presented as a graph of local pressure (particle 
density) in the medium versus distance in the direction of the ultrasound wave as shown in figure 
(2.lb) [11]. 

The distance covered by one cycle is the wavelength of the ultrasound wave (À). The number 
of cycles per unit time introduced into the medium per second is referred to as the frequency of the 
wave (v), expressed in units of hertz (J Hz= sec- 1). The maximum height of the wave cycle is the 
amplitude of the ultrasound wave (A). The product of the frequency and the wavelength is the velocity 
of wave (c): 

c=ÀXV (2.1) 

In equation (2.1) it can be seen that frequency and wavelength are inversely related, so that as the 
frequency increases, the wavelength decreases [12]. 

This relationship is used in ultrasound imaging. More detailed imaging is made by smaller wave
length and imaging with bigger penetration depth is accomplished by larger wavelength. 

2.1.2 Ultrasound velocity 

The velocity of the ultrasound wave through a medium varies with the physical properties of the 
medium. In low-density media such as air and other gases, molecules may move relatively large 
distances before they influence neighboring molecules. In this media, the velocity of an ultrasound 
wave is relatively low. In solids, molecules are constrained in their motion, and the ultrasound velocity 
is relatively high. Liquids exhibit ultrasound velocities intermediate between those in gases and solids. 
In different media, changes in velocity are reflected in changes in wavelength of the ultrasound waves, 
with the frequency remaining relatively constant. 

8 
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a) 

b) 

Figure 2.1: Propagation of the mechanica[ disturbance (wave) thought the medium [11] 

In ultrasound imaging, variations in the velocity of ultrasound in different media introduce arti
facts into the image, with the major artifacts caused by bone, fat and lens of the eye. 

2.1.3 Ultrasound medium-wavelength relation 

The ultrasound frequency is unaffected by changes in sound speed as the acoustic beam propagates 
through various media. The ultrasound wavelength (tl.) dependens on the medium. As result the 
resolution of the ultrasound image and the attenuation of the ultrasound beam energy depends on the 
wavelength and frequency. The ultrasound wavelength determines the spatial resolution achievable 
along the direction of the beam. A high-frequency beam provides better resolution and image detail 
than a low-frequency beam. However, the depth of beam penetration is reduced at higher frequency. 
Lower frequency ultrasound has Jonger wavelength and less resolution, but a great penetration depth. 

Ultrasound frequencies selected for imaging are determined by the imaging application (thick 
body parts - lower frequency ultrasound, small body parts or organs close to the skin surface -
higher frequency). In most soft tissues, including a human body (with the exception of lung and bone) 
the velocity of ultrasound is about 1540 m/sec. This property makes ultrasound images very difficult 
for interpretation, when the question is distinction of the soft tissues. In clinical diagnosis, ultrasound 
waves of frequencies between 1 and 20 MHz are used. Frequencies of 1 MHz and greater are nec
essary to make the ultrasound wavelength suitable for diagnostic imaging, because these frequencies 
correspond to ultrasound wavelength Jess than lmm in human soft tissue [11]. 

2.1.4 Ultrasound intensity 

As an ultrasound passes through a medium, it transports energy (E) through the medium. The rate of 
energy transport is known as "power" (P): 

E 
P=

t 
(2.2) 
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Medical ultrasound is produced in beams that are usually focused into a small area (a), and the 
beam is described in terms of the power per unit area, defined as the beam's "intensity" (/): 

!=~=___!___ 
a a x t 

(2.3) 

Intensity is usually described relative to some reference intensity. For example, the intensity 
of ultrasound waves sent into the body is compared to the ultrasound reftected back to the surface 
by structures in the body. For many clinical situations the reflected waves at the surface can be a 
hundredth of the intensity of the transmitted waves. In this case a logarithmic scale is most appropriate 
for recording data over a range of many orders of magnitude. The decibel scale, which is used in 
ultrasound practice, has as a unit - decibel defined as: 

dB = 10 x lg ..::_ = 20 x lg 2:'_, (2.4) 
xo YO 

where magnitudes of xo and x can be values either intensities or energies of the initia! and ac
quired ultrasound beams, respectively. And magnitudes of Yo and y can be values either pressures or 
amplitudes of the initial and acquired ultrasound beams, respectively [1 l],[12). 

2.1.5 Attenuation of the ultrasound 

When an ultrasound beam goes through the medium, its intensity becomes smaller. Therefore, ultra
sound beam attenuate when it goes through the medium. 

The term attenuation refers to any mechanism that removes energy from the ultrasound beam. 
The measure of the attenuation is the attenuation coefficient µ, which is expressed in unit's dB/cm 
and represented the relative intensity loss per centimeter of travel for a given medium. 

I = Io X exp-2µx (2.5) 

Contributions to attenuation of an ultrasound beam may include [11): 

• Absorption 

• Reftection 

• Scattering 

• Refraction 

• Dijfraction 

• Interference 

• Divergence 

The first four contributors are discussed in more detail (leaving Dijfraction, Interference, and Di
vergence out of scope of this report). 

• Absorption: Ultrasound is absorbed by the medium if part of the beam's energy is converted 
into other forms of energy, such as an increase in the random motion of molecules and an increase in 
temperature of the medium. 

• Reftection: Ultrasound is reftected when there is an orderly deftection of all or part of the beam. 
The reflection of ultrasound energy at a boundary between two tissues occurs because of differences 
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Transmisslon 

, Zl=plcl 

Z2=p2C2 

Figure 2.2: Refiection and refraction of the ultrasound according to acoustic impedance of the media 
[ 11] 

in the acoustic impedances of two tissues (figure 2.2). Acoustic impedance is the ability of tissue to 
transmit sound. Acoustic impedance can be related to the stiffness and flexibility of a compressible 
medium and defined as: 

Z=pXc (2.6) 

where pis the density in kg/m3 and cis the speed of sound in m/ sec and Zin Pax sec/m3 [11], [12], 
[13] . 

In general, as the density of the medium increases, the velocity of sound through the medium also 
increases (for example, sound travels faster through bone than liquids). 

When adjacent tissues have similar acoustic impedances, only minor reflections of the incident 
energy occurs. Acoustic impedance gives rise to differences in transmission and reflection of ultra
sound energy. The reflection and transmission of the ultrasound beam are defined with the reftection 
and transmission coefficients. For an ultrasound wave incident perpendicularly upon an interface: 

(2.7) 

where aR and aT are respectively reftection and transmission coefficients [11], [12], [13]. 
• Refraction: When an ultrasound beam crosses an interface between two media (non-perpendicular), 

its direction is changed. If the velocity of ultrasound is higher in the second medium, then the beam 
enters this medium at a more oblique angle. This behavior of ultrasound transmitted obliquely across 
an interface is termed "refraction" (see figure 2.2). 

Boundary Interaction Tissue Interaction 

Specular 
Reflection 

Non-specular Small Object Reflection 
Reflection With Size << À 

Figure 2.3: Ultrasound beam scattering [ 11] 

• Scattering: Acoustic scattering arises from the scatterers within a medium that are about the size 
of the wavelength or smaller (as shown in figure 2.3). It shows the presence of a rough or non-specular 
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reflector surface. Because non-specular reflectors reflect sound in all directions, the amplitudes of the 
returning beams are significantly weaker than beams from tissue boundaries. 

A specular reflector is a smooth boundary between two media, where the dimensions of the bound
ary are much larger than the wavelength of incident ultrasound energy. In genera), the echo signal am
plitude from the insonated tissues depends on the number of scatterers per unit volume, the acoustic 
impedance differences at the scatterer interfaces, the size of scatterers, and the ultrasound frequency. 
Acoustic scattering from non-specular reflectors increases with frequency, while specular reflection is 
relatively independent of frequency; thus, is often possible to enhance the scattered echo signals over 
the specular echo signals by using higher ultrasound frequencies [11], [12]. 

The attenuation coefficient µ of different kinds of material is: µwater=0.0022, µ/ung=40, µhone=20, 
µhlood=O. l 8, and etc. The attenuation of ultrasound in bone is very high. This property, along with the 
large reflection coefficient of a tissue-bone interface, makes it difficult to visualize structures which are 
lying behind a bone. Little attenuation occurs in water, therefore this medium is very good transmitter 
of ultrasound energy. To a first approximation, the attenuation coefficient of most soft tissues can be 
approximated as 0.9 v, where vis the frequency of the ultrasound in MHz [11], [12]. 

1.0 1.0 3.0 .c.o 5.0 6.0 

Penetration Depth, cm 

Figure 2.4: Dependence between attenuation in the tissue andfrequency of the ultrasound beam [11] 

The attenuation of ultrasound energy in biologie tissues increases with frequency. As shown on 
the figure (2.4) higher-frequency ultrasound is attenuated more rapidly and has less penetration depth 
than ultrasound of the lower frequency. 
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2.2 Ultrasound transducers and principles of the ultrasound image ac
quisition 

Ultrasound diagnostics became possible after French physicists Pierre and Jacques Curie discovered 
the piezoelectric effect and Paul Langevin attempted to develop piezoelectric materials as a senders 
and receivers of high-frequency mechanical disturbances (ultrasound waves) through materials. 

Medica) diagnostic ultrasound is a modality that uses ultrasound energy and the acoustic properties 
of the body to produce an image from stationary and moving tissues. 

2.2.1 Piezoelectric effect 

The piezoelectric effect is exhibited by certain crystals that in response to applied pressure develop 
a voltage across opposite surfaces. This effect is used to produce an electrical signa) in response to 
incident ultrasound waves. 

The magnitude of the electrical signa) varies directly with the wave pressure of incident ultra
sound. Similar, application of a voltage across the crystal causes deformation of the crystal; which 
kind deformation is occur: compression or extension, depends upon the polarity of the voltage. This 
deforming effect, termed the converse piezoelectric effect, is used to produce an ultrasound beam from 
the transducer (as shown in figure 2.5) [11]. 

Applied pressure (ultrasound wave) 

a) 

Compression Equilibrium Expansion 

1 ·Wil b) + -
+ -
+ -

Figure 2.5 : Piezoelectric effect and converse piezoelectric effect. a): Piezoelectric effect: under the 
infiuence of the applied pressure (ultrasound beam) the crystal deforms and takes a voltages across 
opposite surfaces. b) Converse piezoelectric effect: applied voltage causes the deformations of the 
crystal. 

One of the characteristics of the ultrasound transducer is its efficiency. A common definition of 
the efficiency of a transducer is the fraction of applied energy that is converted to the desire energy 
mode. For an ultrasound transducer, this definition of efficiency is described as the electromechanical 
coupling coefficient k : 

k2 = Mechanica[ energy converted to electrical energy 

c Applied mechanica[ energy 
(2.8) 

or 

k2 = _E_le_c_tr_ic_a_l_e_ne_r_g_y_c_on_v_e_r_te_d_t_o_m_e_c_ha_n_i_ca_l_e_n_e_rg_y 
C Applied electrical energy 

(2.9) 
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Electromechanical coupling coefficient k is dimensionless parameter. For piezoelectric transducers 
one of the important transducers parameters - transducer bandwidth is determined by k2 [ 12]. 

2.2.2 Transducer Design and Ultrasound Beams from the transducer 

A transducer is a device that converts one form of energy into another. An ultrasound transducer 
converts electrical energy into mechanica! energy in the form of pressure of the ultrasound wave and 
vice versa. 

The piezoelectric crystal is the functional component of an ultrasound transducer. A crystal ex
hibits its greatest response at the resonancefrequency. The resonance frequency is determined by the 
thickness of a crystal. How thicker crystal is how lower is its resonance frequency. The most efficient 
is a crystal with a thickness equal to half wavelength of the desired ultrasound length. Also one of 
the important transducers characteristics is the thickness-attenuation ratio: how thicker crystal is, how 
more attenuation of the ultrasound beam it produces. 

Transducers used in ultrasound imaging must produce short pulses and respond to returning beams 
over a wide range of frequencies . For this reason heavy-damped transducers are usually desired. 

The compression zones of an ultrasound wave are presented by lines perpendicular to the motion 
of the ultrasound wave in the medium( as shown in the figure 2.6), wave fronts. For an ultrasound 
source of large dimensions (compared with wavelength), wave front is planar, an ultrasound wave 
originating from a source of very small dimensions (point source) has a spherical wave front. 

Figure 2.6: Ultrasound transducer beam propagation[I 2] 

In diagnostic ultrasound only a source with finite dimensions is used, which can be considered to 
be a collection of point sources, each radiating spherical wave (wave/ets) fronts in to the medium. With 
many spherical wavelets radiating from a transducer of reasonable size (drrans > À), many regions of 
constructive and destructive interference are established in the medium. The region near the source 
where the interference of wavelets is most apparent is termed the Fresnel zone (Near field). Beyond 
the Fresnel zone is the Fraunhofer zone (Far field), some of energy escapes along the periphery of 
the beam to produce a gradual divergence of the ultrasound beam that is described by Fraunhofer 
divergence angle rf (as shown in the figure 2.6) [11], [12]. 

For medica! applications ultrasound beams with a little lateral dispersion of energy are preferred 
(long Near field zone). Therefore a reasonably high ratio of transducer radius (r) to wavelength (A) 

is desired, because of the length of the Near field is defined as: LNJ = ~- Frequencies for clinical 
imaging are Iimited to 2 to 20 MHz [12], [13] . 

2.2.3 Image producing 

Image formation with ultrasound requires that echo information is received along discrete path called 
"scan lines". The time required to complete each line is determined by the speed of sound. A funda
mental limit is imposed on the rate at which ultrasound images can be acquired, because all informa
tion from one line must be received before the another line is initiated. 
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Figure 2.7: Obtaining of the information line 

Each line of information is obtained as follows. First, an ultrasound pulse of several nanoseconds, 
pulse time (PT) is sent. The transducer is then quiescent for the remainder of the pulse repetition 
period (PRP), defined as the time from the beginning of one pulse to the next. During the quiescent 
time, echoes returning from interfaces within the patient excite the transducer and cause voltage pulses 
to be transmitted to the imaging device. These echoes are processed by the device and added to the 
image only if they fall within preselected "listen time" (see figure 2.7). 

Acquisition of echoes during the listen time provides information about reflecting interfaces along 
a single path in the object is the scan line. 

The pulse repetition time (PRP) determines the maximum field of view (FOV) [11], [13). 

PRP(sec) = FOV(cm) x 13 x 10-6sec/cm (2.10) 

The multiplier 13 x 10-6 is determined first, by the velocity at which the ultrasound beam travels 
through the medium and second, because of the way, which goes each ultrasound beam from the 
transducer and back to it, is calculated twice •. 

Pulse repetition frequency (PRF) is the number of pulses (resulting in lines of returning data) 
occurring in one second. When the imaging depth increases, the PRP lengthens (as machine dedicated 
more time for "listening", since the pulse will travel farther, while the PT remains constant), and the 
PRF decreases. The frame time (FT) is the time required to obtain a complete image made up of 
multiple scan lines (N). 

1 
PRF = PRP FT = PRPxN (2.11) 

The frame rate (FR) is the inverse of the frame time "rate" or "frequency", that depict a number of 
complete images that can be performed per unit volume: 

FR = l 
N x FOV x 13 x 10-6 

(2.12) 

In other words, frame rate is a measurement of how quickly an imaging device can be produce several 
consecutive images, calledframes. [11), [13) 

2.2.4 Transducers/Probes 

An ultrasound transducer converts pressure amplitudes received from the patient (i.e., the reflected 
ultrasound wave) into voltages. The amplitude of voltages recorded for ultrasound waves is directly 
proportional to the variations in pressure in the reflected wave. 

'For example, in most of the soft tissues the velocity of ultrasound is 1540 m/sec. If the way which goes each ultrasound 
beam must be divide to 2, than per unit of time the results is: ((154000cm/ sec) 7 2)-1 :::: 12, 98 x 10-6 sec/cm 
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The ultrasound beam may be swept back and forth without the need for any mechanica! motion 
through the use of transducer arrays. Transducers arrays are composed of multiple crystals that can 
change the direction or degree of focus of ultrasound beam by timing the excitation of the crystals. 

For linear or curved array (as shown in figure 2.8) each overlap group excitation of the crystal 
result a "scan line", this pulsing scheme is referred to as a linear (curved) switched array [12], [13]. 

Tim" ---------+ 
.--"'Transmit/Rcccive timing delay 

Linear array Curvcd array Composite beam area 

Figure 2.8: Linear and curved arrays. Figure 2.9: Phased switched arrays. 

Another method for scanning with a linear array uses a phase-array technology (as shown in figure 
2.9). A phase array uses all of the elements of the array to obtain each scan line. By using delays 
between excitation of the elements, the beam may be swept to the Ieft or to the right. A variation 
in the time delay scheme may be used to focus the beam at various distances throughout each image 
[12], [13]. 

The main distinction between the linear phased array and linear switched array is that all of the 
elements of the phased array are used to produce each scan line while only a few of the elements of 
the switched array are used to produce each scan line. Linear phased array provides variable focus 
in only one dimension - that is, in the plane of the scan. Beam focus in the other dimension, the 
direction of slice thickness, is provided by acoustic Ienses or by concavity of the elements. 

Another type of array, the annular array is capable to focusing in all planes perpendicular to the 
axis of the beam. The annular array consists of a series of piezoelectric elements in the shape of 
concentric rings or annuli . The beam may be focused at various distances from the transducer face by 
varying the time delays among excitation of the rings [12], [13] . 
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2.2.5 Transducers of the Kretz 730 Voluson 

The Kretz Voluson 730 modality (see figure 2.10) has five different transducers (see figure 2.11) [14], 
[15]: 

Figure 2.10: Voluson 730 modality for ultrasound investigations [ 14] 

• Curved array transducer AB4-8. This is an electronic broadband curved array transducer with 
a frequency range of 4-8 MHz and a field-of-view of max. 70°. 

• Curved array transducer IC 5-9. This is an electronic broadband curved array transducer with a 
frequency range of 5-9 MHz and a field-of-view of max. 150°. 

• Abdominal transducer RAB4-8(P) is a broadband electronic curved array transducer with a 
frequency range of 4-8 MHz and with switchable scan angle from 31 ° to 70° (in 2° steps). 

• Endocavity transducer RIC5-9 is a broadband electronic curved array-transducer with a fre
quency range of 5-9MHz. The scan-angle is switchable from 51° to 149° (in 2° steps). 

• Linear array transducer SP 6-12. This is a small part electronic broadband linear array trans
ducer with a frequency range of 6-12 MHz, a field-of-view of 40 mm (electronically steerable) 
and slender construction. 

t 
Figure 2.11: Transducers of the Kretz Voluson modality: AB4-8, /C5-9, RAB4-8, RIC5-9, SP6-12 [ 14] 

2.3 Ultrasound instrumentation 

In the previous paragraphs production, propagation and interactions of the ultrasound beam and ul
trasound transducers are discussed. In this paragraph it is discussed how an ultrasound image can be 
represented. 
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2.3.1 Presentation modes 

• A-mode (A for amplitude) is the display of the processed information (as signal on an oscil
loscope) from the receiver versus time (as shown in figure 2.12). As echoes return from tissue 
boundaries and scatterers, a digital signa! proportional to echo amplitude is produced as a func
tion of time. One "A-line" of data per pulse repetition period is the result [ 12], [ 13]. 

A-mode reveals the location of echo-producing structures only in the direction of ultrasound 
beam. 

( 

Figure 2.12: A-presentation mode Figure 2.13: B-presentation mode 

• In B-mode (B for brightness) presentation of pulse echo images the location of echo-producing 
interfaces is displayed in two dimensions (x and y) on a display (as shown in figure (2.13)). The 
amplitude of each echo is represented by the brightness value at the xy location [12], [13]. 

B-mode images can be displayed as either "statie" or "real-time" images. 

• M-mode (M for motion) is a technique that uses B-mode information to display the echoes from 
a moving organ. The echo data from a single ultrasound beam passing through moving anatomy 
are acquired and displayed as a function of time, represented by reflector depth on the vertical 
axis (beam path direction) and time on a horizontal axis. M-mode can provide an excellent 
tempora! resolution of motion pattems, allowing the evaluation of the function of heart valves 
and other cardiac anatomy, but by this technique only anatomy along a single line through the 
patient is represented (see figure 2.14) [12], [13]. 

M-mode 
~Time 

B-mode A-mode 

----------------~----,-.... 
-----------------------;..~--===.....;~-.:::::= 

Figure 2.14: A-, B-, and M-presentation modes 

• 30 Ultrasound Imaging: Three-dimensional ultrasound imaging acquires 2D image data in 
a series of individual B-scans of a volume tissue. Forming the 3D data set requires Iocation 
of each individual 2D image using known acquisition geometries. Volume sampling can be 
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achieved in several ways with a transducer array (figure 2.15) linear translation, rocking mo
tion, freeform motion with extemal localizers to reference position, rotation of the transducer. 
Each sector scan represents a single plain of the 3D volume according to transducer position. 
The resultant stack of volume data can be reorganized into image planes to provide altemate 
tomographic views of the data set [12], [13]. 

2.3.2 Principle of volume acquisition at Kretz Voluson 730 modality 

As shown in figure (2.15) 3D volume stack of the images can be performed in different ways. 

Line ar Wedge Freedom Rotationa/ 

Figure 2.15: Three-dimensional volume acquisition can be accomplish in different ways: linear, 
wedge/swip, freeform, rotational 

The acquisition of volume data sets is performed by sweeping 2D-scans with special transducers: 
abdominal RAB4-8(P) and transvaginal RIC5-9 [15]. RIC5-9 transducer has penetration depth max. 
120mm and RAB4-8(P) transducer has penetration depth max. 220 mm. The RAB4-8 transducer 
looks like as shown in figure (2.16) [14]. 

Figure 2.16: Curved transducer array of the Kretz Voluson modality: RAB4-8 



Chapter 3 

Image Processing Background 

To calculate the volume of the fetus in given ultrasound image, the following steps are taken: 

- improving the image quality; 

- detecting the important edges; 

- emerging the fetus contour; 

- fitting the form corresponding to the obtained fetus contour; 

- calculating the volume of the fitted fonn. 

All image processing algorithms are developed using Front-End Vision and Image Processing 
software packages which can work inside Mathematica. All image processing techniques are done on 
basis of Front-End Vision (scale-space) image representation, processing and analysis paradigm. 

In this chapter the image enhancement and segmentation techniques are discussed that are neces
sary to accomplish the steps mentioned above. 

First, the Front-End Vision paradigm basic statements, which give the theory of the image process
ing, are described. 

Second, the image processing techniques (enhancement and segmentation) used in this study, are 
described. The main goal of testing and using all these techniques is to enhance and to segment the 
image in order to emerge fetus contour and to calculate fetus volume from the given 3D ultrasound 
image. 
The theory of the form fitting techniques and the volume calculation is discussed in the chapter 4. 

3.1 Front-End Vision and multi-scale image analysis 

Front-End Vision is the theory about image representation, treating and analysis which uses the 
Gaussian kemel as the basic front-end vision kemel for the different image processing operations. 
This theoretica! paradigm gives the possibility to treat the discrete images by means of the integrating 
the initia! image with gaussian kemel or its derivatives. 

In the next paragraphs, the image mathematica! representation is described. After that the basic 
axioms and the definitions of the Front-End Vision (scale-space) paradigm are presented. 

3.1.1 Image representation 

A (real-valued) n-dimensional digital image can be thought as a mapping [16]: 

f : 1Rn ~ 1R(x1
," • , x'1) ~ f(x 1

,"., x'1) (3.1) 

20 
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that has been discretised as well as quantized on a finite grid. It can be represented as an n-dimensional 
array of numbers 

(3.2) 

A 3D image can be regarded as a 2-dimensional list of scan-lines, each scan-line is a 1-dimensional 
list, i.e. a signal. Therefore, 3D image can be represented as 3D matrix, where the function f would 
state that: 

f(x,y,z) = I , l E JR. (3.3) 

The value l can be understood as the intensity of a voxel in the image location (x, y, z). The coordinates 
(x, y, z) are the Cartesian coordinates in the image planes. 

3.1.2 Front-End Vision (Scale-Space) axioms 

Front-End Vision is developed for image processing and analysis. lt is the mathematica! concept of the 
space where the images are presented and modified; scale-space has the following properties, which 
are stated as the Front-End Vision axioms (16], (17], (18] : 

• Linearity: allowing for superposition of input stimuli; 

• Spatial shift invariance: implied by the absence of a preferred location in the image. Any 
location should be measured in the same fashion; 

• Spatial isotropy: implied by the absence of a preferred direction 

• Spatial scale invariance: implied by the absence of a preferred scale. Any size of structure, 
objects, textures, etc. at this stage is just as likely as any other 

3.1.3 Front-End Vision (Scale-Space) definitions 

Gaussian kemel 
The Gaussian kemel is a basic definition of the Front-End Vision (FEV) theory. 

From the FEV theory follows that modifying an image is equivalent to convolving the original 
image (/o) with the Gaussian kemel (G) ofvariance (cr)[17], (18]: 

l(x,y,x,cr) = lo(x,y,z)®G(x,y,z,cr) (3.4) 

where a normalized Gaussian kemel in 3D is (figure 3.1): 

i x2+;r2 
G(x,y,z, cr) = -~ exp 2cr 

( v2JTcr)3 
(3.5) 
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Figure 3.1: Normalized Gaussian kemel in 2D and 3D 
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The Gaussian function is the fundamental solution of the Iinear diffusion equation, which in three 
dimensions and Cartesian coordinates is given by [17), [18): 

dl fJ2I fJ2I 821 - = c x /::,./ = c x (- + - + -) 
ds fJx2 By2 Bz2 

(3.6) 

with the initia! condition l(x, y, z, 0) = lo(x, y, z), c = const and sis the scale-space parameter. Looking 
at scale-space in the framework of diffusion equation, the diffusion coefficient c is assumed to be 
constant independently of the space location [17), [18). 

In the partial differential equation 3.6, the first derivative of the function I to the parameters (time 
or variance), is equal to the sum of the second order spatial derivatives, also known as the Laplacian. 
This equation must confirm the following criteria [18) : 

1. Causality: Any feature at a coarse level of resolution is required to possess a (not necessary 
unique) "cause" at a finer level of resolution although the reversed to be true. In other words, 
no spurious detail should be generated when the resolution is diminished; 

2. Homogeneity and /sotropy: The blurring is required to be space invariant. 

Scale-Space parameter CT. Deep structure of the image 
Different features of images occur at different levels of resolution. These different levels are found by 
blurring the image at the different scale-space parameters. 

When an image is blurred, convolved with the Gaussian kemel, then the modified image will have 
more smoothed, more average intensity values at each pixel or voxel. The bigger CT in the Gaussian 
kemel is, the broader it becomes, resulting more averaging (smoothing) in the image. 

Blurring causes a loss of structure; the total number of extremes can not increase, and generally 
decreases if the blurring is sufficiently strong, because all intensity points take on an average values . 

When image is blurred at certain scale then it must be selected whether a fine or a coarse scale 
of the image should be used. The advantage of selecting a larger scale is reduction of noise and the 
appearance of more prominent structures. But image processing at the coarse scale has one disadvan
tage: the locations of the edges (boundaries between different structures in the image) can be shifted 
from their true locations [17), [ 18], [ 19] . 

• = 0 • = 0.4 • = 0.1 • = 1.2 
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~ "t'ti 
Figure 3.2: "Deep structure" of an image 

After an image is blurred at different scale-space parameters, the obtained modified images can 
also be regulate in order to their scales. The family of the modified images from the smallest scale 
parameter to biggest is called the deep structure [17], [19] (see figure 3.2). 

On basis of the image modification, which takes place after the blurring at a different scale-space 
parameter (investigation of the deep structure), it is possible to decide which value of the scale-space 



3.1. Front-End Vision and multi-scale image analysis 23 

parameter is more appropriate for the investigation. It is important both to connect observations at dif
ferent localizations and to link observations at different scale. Therefore, for the better understanding 
the image nature and its characteristics, deep structure must be studied as a single whole. 

Scale-Space parameter CT: definition problem and important restriction 
Variance CT of the Gaussian kemel is the basic parameter for all image treatment operations in scale
space paradigm. As described in the previous section, the choice of the scale-space parameter CT 

strongly inftuences on the resulting modified image. 
There are two problems with the choice of the scale-space parameter in FEV: 

• The scale-space parameter de.finition: It is difficult to define which CT should be used to obtain 
the desired results. In order to determine the right CT prior information about the image is 
necessary. Often this information can not be determined in advanced. 

Thus if it is aimed to obtain all available structure, and to vary the resolution, then the image 
must be treated on all levels ofresolution simultaneously (on all possible CT values) [ 17]. There
fore, any restriction in the choice of this parameter may lead to limitation of the image treatment 
possibilities. 

• The restriction of the scale-space parameter determination CT > O; the value of CT can not be 
zero of negative. 

The scale parameter is re-parameterized to remove the artificial singularity at CT = 0. The scale 
parameter CT, which has dimensions of a length, can be parameterized with a dimensionless 
parameter r. Scale invariance must then imply that ~~ ~ CT. 

Without losing generality one may set ~~ =CT, with CTIT=O = e. The dimensionless parameter r 
is called natura! scale parameter, whereas e could be the dimensional pixel size. The solution 
of this initia) value problem is an exponential sampling scheme for scale is: CT = e expT where 
T can be any real number, even negative [17], [19]. 

After the short overview of the basic definition of the scale-space image processing theory, the 
image processing operations are direct described. 
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3.2 Image Enhancement Background 

In this study different image enhancement and segmentation techniques are discussed in order to 
improve ultrasound image quality and to segment the object. 
The ultrasound images have two qualitative problems: 

- Noise; 

- Minimum intensity differences between human soft tissues. 

3.2.1 Image Enhancement: Aims and Operations 

The aims of the image enhancement techniques are: 

• Quality improvement of a given image - the modified image demonstrates certain features that 
are better than in the original image, essentially the contrast; 

• lmprove the ultrasound image for a better medica! image interpretation, mainly sharpening 
boundaries between different image regions (edges). 

In genera!, the image enhancement techniques can be divided into three major groups of image 
processing operations: pixel, local and global [20](see figure 3.3). 

Original lm•ge Fini~hcd Image 

Pixel "peralitm.'f 

D -D 
Lóca/ operaticms 

LmJ- D 
G/ohal '1pcratio11s 

Figure 3.3: Image enhancement operations: pixel, local, global 

Pixel operations are image enhancement techniques that depend only upon the pixel gray level. 
Pixel operations can be divided into: Contrast modification (lntensity sealing) and Histogram modifi
cation (Histogram equalization). 

Local operations are techniques that enhance the image by providing a new value for each pixel in 
a manner that depends on that pixel and an others pixels in a neighborhood around it. Taking into ac
count the aim of the local operations, they can be divided into: Noise suppression, Edge enhancement 
and Noise suppression&Edge enhancement (Image matching). 

Global operations are techniques that enhance the image by providing a new value for each pixel 
in a manner that depends on that pixel in original image and on all other pixels of the image. 

The global operations enhancement techniques are not considered in this study. These techniques 
are not suitable for the work with 3D ultrasound volume images because the volume file is too large. 

In order to describe pixel and local operations in the next paragraphs, the basic mathematica! 
operations are discussed first. For simplicity they are given in 2D. 
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3.2.2 Mathematical basis for image enhancement operations 

The mathematica) concept of a digital image is already defined in paragraph (3 .1.1) in equations (3 .1) 
and (3.2). 

The histogram of the image as mathematica) operation is commonly used in image enhancement 
and image characterization. The histogram is an approximation of a random variable whose realization 
is the particular set of pixel values found in the image [20]. If an image bas M rows and N columns 
and P quantized levels of intensity (gray levels), than the histogram of an image contains the count of 

the number of pixels in the image at each gray level. 

M-IN-1 

h(i) = I I ó(f(x,y)- i) • i = o. 1". "p - 1 
x=O y=O (3 .7) 

{ 
1 w = 0 

where ó(w) = 
0 

h . 
ot erw1se 

Another mathematica! operation for the image enhancement techniques is convolution using local 
operators, also known as kemels or filters. Considering a kemel w(k, l) to be an array of (2K + 1x2L+1) 
coefficients, where the point (k, l) = (0, 0) is the center of the kemel, convolution of the image with 
the kemel is defined by [16], [20]: 

K L 

g(x,y) = w(k, l) © f(x,y) = I I w(k, l) • f(x - k,y- l) (3.8) 
k=-Kl=-L 

To convolve an image with the kemel, the kemel is centered on an image pixel (x,y), the point-by
point products of the kemel coefficients and corresponding image pixels are obtained, and subsequent 
summation of this products is used as the pixel value of the output image at (x,y). The complete 
output image g(x, y) is obtained by repeating the same operation on all pixels of the original image. 

Another basic mathematica) operation for image enhancement techniques is Fourier transform, 
which provides the spectra) representation of an image, which can be modified to enhance desired 
properties. The Fourier transform F(u, v) of image f(x, y) is defined as [20]: 

M-IN-1 
1 "' "' 21r . ux vy F(u, v) = M x N L...J L...J f(x,y)exp- 1

( M + N) 
x=O y=O 

(3 .9) 

where u = 0, 1, . .. , M - 1; v = 0, 1, ... , N - 1. 
A spatial domain image can be obtained from a spectral-domain image with the inverse Fourier 

transform given by: 
M-IN-1 

"' "' 21r . ux vy f(x, y) = LJ LJ F(u, v) exp- 1( M + N) 
u=O v=O 

(3.10) 

where x = 0, 1, . .. , M - 1 ; y = 0, 1, ... , N - 1. 
After this shortly mathematica) introduction, the image enhancement techniques, used in the 

present work, are described. 
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3.2.3 Pixel Operations 

In this section the image enhancement techniques are presented that depend only upon the pixel gray 
level and which do not take the pixel neighborhood or whole-image characteristics into account. 

The basic image enhancement pixel operation can be presented as transformation of the dynamic 
range of the image. The dynamic range of the image is the set of the possible gray values in the given 
image [21). Therefore, all modifications of the image can be display with its gray-value histogram 
h1m [21). 

number of pixels having gray value v 
h1m(v)= (3.11) 

total number of pixels 

The gray-level image histogram shows the probability of the gray level v. 
With the pixels operations the enhancement of the image contrast is obtained. Contrast is a mea

sure of differences in brightness in adjacent regions of the image [21). 

The pixel operations can be divided in [20), [22): 

• Intensity sealing (Contrast modification): 

l. Negative Image 

2. Contrast modification with power law 

3. Contrast modification with logarithmic law 

4. Linear contrast manipulation 

5. Intensity Slicing 

• Histogram modification (histogram equalization). 

These pixel operations are described below. 

Intensity sealing [20), [22), [23) 
Intensity sealing is a method of image enhancement that can be used when the dynamic range of the 
acquired image data significantly exceeds the characteristics of the display system or when image 
information is present in specific narrow intensity bands. Intensity sealing can be used to focus on 
specific intensity bands in the image by modifying the image such that the intensity band of interest 
spans the dynamic range of the display. 

In practice ultrasound images have a Iinear dependence on the intensity gray levels. In most cases 
the gray-scale image histogram has 256 gray values: from 0 (minimum intensity; black) to 255 (max
imum intensity; white). 

In order to take more information about given ultrasound image the different pixel operations are 
done. For each pixel operation a short mathematica! description is given together with the original 
image, modified images and their histograms. 

Negative Image (see figure 3.4) 

The idea of a negative image is to reverse the order from black to white so that the intensity of 
the modified image decreases as the intensity of the original image increases. The result is a 
mirroring of the image histogram and modified image as negative of the original image . 
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Figure 3.4: Pixel operations: Negative Image 

2 Contrast modification with power law (see figure 3.5). 
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Using the power law point transformation, where each pixel of the original image is raised to 
an exponent value, the intensity dependence is modified from Iinear to power law dependent. 
Different values for the power coefficient have been taken: a) a > 1; b) 0 < a < 1. With R as 
image dynamic range: Original image has /0 ,(x,y) = R; Modified image has lmod(x,y) = R°'. 
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Figure 3.5: Pixel operations: Contrast modijication with power law (from left to the right: original 
image, power low with a=0.5, power low with a=3) 

3 Contrast modification with logarithmic law (see figure 3.6) 

The dependence of image intensity obeys the logarithmic law. Logarithmic function usually 
compresses the range of data with a large dynamic range. The different values of the logarithmic 
coefficient have been taken: Original image has / 0 ,(x, y) = R; Modified image has Imod(x, y) = 
loga(R). 
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Figure 3.6: Pixel operations: Contrast modification with logarithmic law (from left to the right: 
original image, logarithm with a=JO, logarithm with a=0.5) 

4 Linear contrast manipulation (see figure 3.7) 

Contrast manipulation technique is defined as a piecewise Iinear transformation to selectively 
stretch and/or compress a range of gray levels. The slope of the transformation is chosen greater 
than 1 in the region of stretch and less than 1 in the region of compression. 
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Figure 3.7: Pixels operations: Linear contrast manipulation 

5 Intensity slicing (see figure 3.8) 

Intensity slicing can be used for the enhancing image transformation, which is present in spe
cific intensity bands. If it is known which intensity range corresponds to a certain component 
of the image, it is possible to pick out only individual slices of intensity profiles and give these 
intensities maxima! strengthening. 
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Figure 3.8: Pixels operations: lntensity slicing, from the left to the right: original image, slice from 
50 to 80 gray values, slice from I 00 to I 30 gray values 

Histogram equalization (linearization) 
Often no information is available in advance about the useful intensity bands in the image. In such 
cases it is useful to maximize the information by distributing the intensity information in the image as 
uniformly as possible over the available intensity bands. For this operation the histogram equalization 
technique is used: 

This operation is based on the approach in which the normalized histogram of the image is inter
preted as the probability density function of intensity of the image (see figure 3.9). 
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Figure 3.9: Pixels operations: Histogram equalization 

The histogram of the original image is mapped to a new maximally flat histogram. For this op
eration a new definition, normalized cumulative histogram, must be introduced. The definition of the 
normalized cumulative histogram is given by: 

1 j 

H(j) = M x N L h(j) 
t=O 

j = 0, 1" . "p - l (3.12) 

The normalized cumulative is a histogram that can be used as a mapping between the original gray 
levels in the image and the gray levels required for the enhancement. The enhanced image g(x, y) will 
have a maximally uniform histogram if it is defined as 

g(x,y) = (P- 1) • H(f(x,y)) (3.13) 
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where P is amount of gray levels. This method is used also to enhance low contrast images. The 
resulting image histogram is approximately uniform. 

In the following paragraph the local image enhancement operations are described. 
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3.2.4 Local Operations 

Local operations are used for noise suppression and edge enhancement. Local operators enhance 
the image by providing a new value for each pixel in a manner that depends on the particular pixel 
characteristics and an other pixels in a neighborhood around it. The local operations used in this study 
are shown in figure (3.10). These operations are described in more detail in this paragraph. 

Local 0!!!:!]1jO[!S 

l 1 l + 
Noise Sueereslon 1 Edge Enhan!ï!m!ent 1 r:l!!ll!:i :illl!l!Wl!!D I! 1 

l l Edgi: E!!bi!!!Bmi:n& 
+ 

Llnear Filtering Linear Filtering Non·Linear Filterf119 

1. Box filter; 1. Unsharp filter; 1. Media filter; 
2. Smoothing filter 2. Hlghpass filter 2. Minimum square errop filter. 
3. Gausslan filter. 

!i[i!dÏ!:!!l Qe!:!:i!tl!!!!S 

1. Roberts filter; NO[!·Llni:ar Di!fi!sl2n 
Technigues 2. Prewltt filter 

3. Sobel filter; 
1. Perona&Malik diffusion; 4. Laplacian filter; 2. Euclldlan Shortenlng Flow. 5. LoG filter; 

6. Gausslan filter. 

Figure 3.10: Local operations 

Linear Filtering: Noise Suppression. 
Linear filtering is an application technique for noise suppression. In this section linear filters, which 
can be used for the image enhancement operations are considered (as shown in figure 3.10). All these 
filters produce a response that is the local average of the sample of a signa!. This tends to reduce 
the local variability of the image and thus decreases signa! noise and smooths the signa!. However, 
averaging also smears image edges resulting in a blurred image. 

First the linear filters which are used for the noise suppression are described: 

1. Box filter; 

2. Smoothing filter; 

3. Gaussian filter. 

1 Boxfilter 
Box filtering returns a matrix with constant coefficients equal to the inverse of the filters dimen
sions. This finite impulse response filter (FIR) is commonly known as a moving-average filter. 
If a 3 x 3 Box filter is taken than the output image is equal to an average of the sample values 
in the nine-element neighborhood of original image. 
For 5 x 5 filter - the averaging of twenty five-element neighborhood is taken, etc. (as shown 
in the figure 3.11) (20), (22), (23). The Box filter is defined as: 

n1-ln2-I 

g(x,y) = - 1 
- .2: .Z: f(x - i,y- }) 

n1 x n2 i=O J=O 

(3.14) 
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Figure 3.11: Local operations: Linear filtering - Box.filter. From the left to the right: original image, 
Box filter 3 x 3, Box filter 5 x 5 

2 Smoothing filter 
The Savitzky-Golay FIR smoothing filters, also known as polynomial smoothing or least-squares 

smoothing filters, are generalizations of the FIR moving average filters. These are filters that 
optimally fit a set of data points to polynomials of different degrees in the sense of least squares. 

The filter's coefficients are the so-called Savitzky-Golay smoothing coefficients of length n and 
order k. These coefficients yield the best, in the least-squares sense, approximation to a given 
sequence, by fitting the data samples with the k-th order polynomial: ao +a1x+a2x2 + . . . +akl'. 
Length n of the filter must be odd, and n > k + l . (In fact, the degree of the polynomial must 
be less than the filter length). The application of the smoothing filter is shown in figure (3.12) 
[20], [22]. 
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Figure 3.12: Local operations: Linear filtering -Smoothing filter. From the left to the right: original 
image, Smoothing filter 5 x 5, Smoothing filter 7 x 7 

3 Gaussianfilter (see figure 3.13) 
The Gaussian filter is a smoothing filter, which returns an array of dimensions [n1, "" n;] of 
samples of a Gaussian function with standard deviations er; ~ ~;1i at level i. 

A Gaussian filter attenuates the high frequencies in the image. Therefore this is an example of 
a low-pass filter. Convolution with Gaussian kemel at different sigma's (scales) blurs the image 
at different scale-space parameters, which gives different degrees of smoothing. Thus the image 
can be examined at different values of image resolution [20], [22]. 
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Figure 3.13: Local operations: Linear .filtering - Gaussian.filter. From the left to the right: original 
image, Gaussian filter 3 x 3, Gaussian filter 5 x 5 

Linear Filtering: Edge Enhancement. 
The following linear filters, which are used in image processing for edge enhancement, are described: 

1. Unsharp filter; 

2. Highpass filter. 

Unsharp filter (see figure 3.14) 
Unsharp filtering is a standard technique which enhances the visibility of the edges. This tech
nique introduces overshoots in the vicinity of an edge. This linear operation may be imple
mented by convolving an image with an unsharp filter. The original image is blurred and a 
fraction of the unsharp image is substracted from the original. This can be expressed as: 

g(i, )) = af(i, )) - fL(i, )), (3.15) 

where fL(i, j) is the low-pass filtered image and a is the weighted constant that controls the 
degree of masking. The sharpening effect increases as a decreases [20], [22]. 
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Figure 3.14: Local operations: Linear .filtering - Unsharp filter. From the left to the right: original 
image, Unsharp filter 3 x 3 with a = 3.0, Unsharp filter 5 X 5 with a = 3.0 

2 Highpassfilter (see figure 3.15) 
Another technique for increasing the visibility of the edges is to remove all flat or constant areas 
of an image. As a result only non-zero samples are those in the vicinity of an edge. A typical 
highpass filter is defined as: 

fH(i, )) = ó(i, )) - fL(i, )), (3.16) 
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The elements of the highpass filter sum to zero, meaning that the filter has zero response to an 
image region of uniform brightness [20], [22]. 
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Figure 3.15: Local operations: Linear filtering - Highpass filter. From the left to the right: original 
image, Highpass filter 3 x 3, Highpass filter 5 x 5 

Gradient operations 
Another type of edge enhancement linear filtering are the gradient operators. The following gradient 
operations are described: 

1. Roberts filter; 

2. Prewitt filter; 

3. Sabel filter; 

4. Laplacian filter; 

5. Gaussian filter; 

6. LoG filter. 

An edge is an intensity jump, the cross-section of an edge has the shape of a ramp. The first 
derivative of the image assumes a local maximum or minimum at an edge and the second derivative 
equals zero. Thus for edge finding the first derivative locations or the zeros of the second derivatives 
of the image must be taken. 

Commonly used gradient operators are: The Roberts filter, Prewitt filter and Sobel filter. In the 
table (3.1) and figure (3.16) these filters are presented [20], [24] . 

Filter Vertical edges enhancement Horizontal edges enhancement 

Roberts ( ~1 ~) 

[ ~ ~ ~ l 
-1 -1 -1 

Prewitt 

[ ~ ~ ~ l 
-1 -2 -1 

Sabel 

Table 3.1: Gradient linear filters: Roberts, Prewitt, Sabel 

The Roberts filter represents two 2 x 2 filters. These filters respond to diagonal edges in the 
input image. Doing a pair of 2-tap first differences to approximate the image gradient in the diagonal 
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Figure 3.16: Roberts, Sabel and Prewittfilters, edges in the modified images 
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directions. The Prewitt filter and Sabel filter are 6-tap 3 x 3 filters which detect horizontal and vertical 
edges of the image [25]. 

When the image is noisy the classica! operators do not perform wel!. The classification of one pixel 
is done independently from the classification of neighboring pixels. To decrease the noise sensitivity 
the size of the kemels can be enlarged. But the processing operations with the large kemels give as 
a result edges that tend to be several pixels wide. This makes it more difficult to localize the true 
boundary and to resolve detailed structures. 

In order to effectively detect intensity changes (edges) the two operator characteristics are needed. 
First, the differential operator must take either a first or a second spatial derivative of the image. 
Second, it should be capable of being tuned to act at any desired scale, so that large filters can be used 
to detect blurry shadow edges, and small ones to detect sharply focused fine detail in the image. The 
next group of the gradient operators is the group of the differential operators. 

4. Laplacian filter ( see figure 3 .17) 
The Laplacian filter returns a number of common FIR filter approximations to the Laplacian operator. 
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Figure 3.17: Loc al operations: Line ar filtering - Laplacian filter. From the left to the right: original 
image - edges; Laplacian filter 3 x 3, edges in the modified images; Laplacian filter 5 x 5, edges in 
the modified images 

The Laplacian is the lowest order isotropic (i.e., orientation independent) operator. It returns the 
minimum-variance discrete Laplacian subject to the conditions that the pixel noise is uncorrelated and 
has uniform variance [20], [22]. 

5. LoGfilter (see figure 3.18) 
The Laplacian-of-Gaussian edge operator is a compound operator, which combines a smoothing op-

eration, using a Gaussian-shaped linear phase FIR filter (g = Exp[- x2 ~:tz2 ]), with the differentiation 
operation, using a Laplacian (8xxg + 8yyg + azzg). The edges are identified by the location of zero
crossing [20], [22] . 
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Figure 3.18: Local operations: Linear filtering - LoG filter. From the left to the right: original image 
- edges; LoG filter 3 x 3, edges in the modified images; LoG filter 5 x 5, edges in the modified images 

6. Gaussianfilter (see figure 3.19) 
The Gaussian filter can be used for noise suppression and for edge enhancement. The Gaussian filter 
has been described in the Linear filtering section together with examples. 
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Figure 3.19: Local operations: Linear filtering - Gaussian filter. From the left to the right: original 
image - edges; Gaussian filter 3 x 3, edges in the modified images; Gaussian filter 5 x 5, edges in 
the modified images 

Non-linear Filtering 
In this section two non-linear local operations are described: 

1. Median filter; 

2. Minimum square error filter. 

All filters defined below are non-linear area operators. These filters use the method of block process
ing to slide a typically small window across the image domain and perform non-linear operations on 
each neighborhood. Local non-Iinear operators estimate the value of a data sample based on the values 
of samples in its immediate neighborhood. These filters tend to preserve structural information (i.e. 
an edge) while suppressing noise. 

1. Medianfilter (see figure 3.20) 
This filter has unique characteristics, it does not use convolution to process the image with a kemel of 
coefficients. Median filter nxm returns a copy of the image with every element replaced by the median 
value of a sorted list of neighborhood elements of dimensions {n, m} [22]. Features that are smaller 
than half size of the median filter kemel are completely removed by the filter. Large discontinuities 
such as edges and large changes in image intensity are not affected in terms of gray level intensity by 
the median filter, although their positions may be shifted by a few pixels. 
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Figure 3.20: Loc al operations: Non-line ar filtering - Median filter. From the left to the right: original 
image - edges; Median filter 3 x 3, edges in the modified images; Median filter 5 x 5, edges in the 
modified images 

2. Minimum square error filter (see figure 3.21) 
This filter returns a copy of the image by replacing each element with the best (in minimum mean 
squared error sen se) estimate of the mean value of the samples neighborhood of the dimensions given 
by {n, m} and global variance estimate v [22]. 
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Figure 3.21: Local operations: Non-linear filtering - Minimum square error filter. From the left to 
the right: original image - edges; Minimum square error filter 3 x 3, edges in the modified images; 
Minimum square error filter 5 x 5, edges in the modified images 

Non-Iinear Diffusion techniques 
To reduce noise while keeping sharp detectable edges the adaptive diffusion technique can be used. 
The diffusion is called adaptive diffusion, when the amount of blurring is locally adaptive to the 
structure of the image. So, in order to preserve edges while reducing the noise by area averaging, 
blurring can be prevented at the location of the edges. Noise reduction must be done at pixels (voxels) 
in a homogeneous area, where there are no edges. For this adaptive filtering process the non-linear 
diffusion techniques are employed. 

Two adaptive smoothing techniques used in this study are described below: 

l . Non-linear diffusion approach by Perona and Malik; 

2. Euclidean Shortening Flow. 

The following criteria for new image processing approach can be stated [ 17], [26]: 

- Causality: The scale-space representation should have the property that no spurious detail 
should be generated passing from finer to coarser scales; 
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- Immediate Localization: At each resolution, the region boundaries should be sharp and coincide 
with the semantically meaningful boundaries at the resolution; 

- Piecewise Smoothing: At all scales, interregional smoothing should occur preferentially over 
interregional smoothing. 

1. Non-linear diffusion approach by Perona and Malik: 
The approach developed by Perona & Malik [26) complies with criteria of causality, immediate local
ization and piecewise smoothing. 

Compared to the linear enhancement equation (3 .6) the constant diffusion coefficient c now be
comes a variable. For the non-linear diffusion approach the anisotropic diffusion equation is given 
by: 

of . as= dzv(c(x,y,z, t)'i/I) = c(x,y,z, t)M + Vc • 'i// 

where c(x, y, z, t) is a function of local image differential structure: 

of o2 I 
c(x,y,z,t) = c(/, ,,---+' -H , ... ) 

ar a r 2 

(3.18) 

(3.19) 

The introduction of a diffusion coefficient c(x, y, z, t) ( conductivity coefficient) in the diffusion equa
tion makes it possible to adapt the diffusion to the local image structure. 

The Perona and Malik (P&M) approach uses the conductivity coefficient c as a function of the 
gradient magnitude in order to reduce the diffusion at the location of edges: 

with two possible choices for c: 

f)/ --+ --+ --+ 
os= V • c(l'i/ /l)V I 

iv112 
c1 = exp k2 ,and c2 = --

l + 1-V112 

IT 

(3.20) 

(3.21) 

The expressions for ei and c2 are equal toa first approximation. In this mathematica! description cis 
a decreasing monotonie function of the gradient magnitude. The diffusion is reduced at the location 
of edges because c is small at strong edges, and vice versa. 

In this study the conductivity coefficient c1 has been taken. The resulting anisotropic diffusion 
equation is given by [26): 

of --+ ~--+ - = V •(exp- k '\//) os (3.22) 

Rewriting equation (3.22) fora 3D image results in the following equation: 

where 

o2 I 
, and fxx = -

2
, fv, / 2 and other derivatives are made in the same manner. 

OX . 

From equation (3.21) follows that the conductivity coefficient c in the P&M nonlinear diffusion 
equation is a function of the parameter k. This free parameter k controls the relative influence of the 
conductive controlled smoothing. The value of k determines the tumover point of the direction of 
diffusion. A rule for the choice of k is difficult to give. It depends on the choice which edges need to 
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be enhanced, and which need to be annihilate. The histogram of gradient values may give some clue 
on how much relative edges strength is present in the image. 

A good empirical value for kis the 80% or 90% percentile of the cumulative frequency distribution 
of the gradient magnitude values in the image [ 17]. All edges with strength be low this value will be 
smoothed out, and all edges stronger than this value will be enhanced. 

Numerical calculation of the solution to the introduced differential equations can be done by using 
a variety of iteration schemes. In this study the Forward Euler iteration scheme is used, which is given 
by equation [17]: 

(3.24) 

where / 1 original image at "time t", 11+ 1 a new image at "time t + l " and t::,,s is the evolution step 

size which for N dimensions should be t::,,s = 2~<r2 (according to Von Neumann stability criterion of 
numerical partial differential equations). 
Details of the Mathematical routine for P&M non-linear diffusion of the three dimensional images 
can be found in the Appendix. 

2. Euclidean Shortening Flow: 
By P&M non-linear diffusion approach the choice of free parameterk is complicated. Alvarez, Lions 
and Morel [27] proposed that the principal inftuence on the local conductivity should be to direct the 
flow in the direction of gradient only (diffusion along the edges and no diffusion across the edges). 
The approach that satisfies the given criteria is Euclidean shortening flow. The mathematical routine 
of this non-linear diffusion approach is described below. 

Consider a unit gradient vector: 

---+ 
V/ . 

---+ = (cos<p,sm<p) (3.25) 
IVII 

the nonlinear diffusion equation (Euclidean Shortening Flow equation) is given by: 

---+ 
81 ---+ ---+ VI 

8 = gele® v 11) v • c---+ ) 
s IV/I 

(3.26) 

where l(x, y, z, 0) = lo(x, y, z), l(x, y, z, s) is the smoothed image with scale s, G is the Gaussian 

kemel, IG ® V Il is therefore local estimate of VI for noise elimination, and g(Ç) is a non-increasing 
real function which tends to zero as Ç ---+ oo, the interpretation of the terms of the equation is as 
follows: 

a ) the term 
---+ ---+ ---+ ---+ 

ri VI V 2/(V /, V /) 
v •(-)=M-----

IV Il [V 112 

represents a degenerate diffusion term, which diffuses I in the direction orthogonal to its gradi-
-+ ---+ 

ent VI and does not diffuse at all in the direction of V /. The aim of degenerate term is to make 
I smooth on both sides of an edge with minimal smoothing of the edge itself [27]. 

b ) the term 

---+ 
is used for the enhancement of the edges. It controls speed of the diffusion: if VI has a small 
mean in neighborhood of a point R, this point R is considered the interior point of smooth region 
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-t 
of the image and the diffusion is therefore strong. If VI has a large mean value in neighborhood 
of R, Ris considered an edge point and the diffusion spread is lowered, since g(Ç) is small for 
large Ç (27]. 

In 3 dimensions the equation (3.26) is given by: 

0/ ((/yy + lzz)l'1_ + Uxx + lu)IJ + Uxx + fyy)f: - 21/yfxy - 2/_Jzfyz - 2fxlzlxz) = ~~~~~~~~~~~~~~~~~~~~~~~~~~ 
& P+P+P x y z 

(3.27) 

For numerical calculations the Forward Euler iteration scheme is used (see equation 3.24). To 
avoid division by zero at the uniform parts of the image, a small constant parameter r; must be added 
to the divisor in the equation (3.27). 

The proposed mathematica! approach gives a selective smoothing of the image, while the edges are 
relatively enhanced and preserved. This model requires a minimal number of parameters: a contrast 
function, represented by g, decide whether a detail is sharp enough to be kept, and a "scale parameter", 
given by the variance of G, which fixes the minimal si ze of the kept details in the processed picture. 
Details of the Mathematica! routine for ESF non-linear diffusion of the three dimensional images can 
be found in the Appendix. 

There are a number of differences between Euclidean Shortening Flow equation (3.26) and the 
Perona&Malik equation (3.20) (27]. Euclidean Shortening Flow has the following advantages: 

• The flow is independent of the magnitude of the gradient; 

• There are no extra free decreases when the gradient is large, resulting in contrast dependent 
smoothing; 

• The equation (3.26) is gray-scale invariant. 

In the chapter 5 the working results of these non-linear techniques is described. 
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3.3 Image Segmentation Background 

Image segmentation is defined as the separation of the image into well defined regions. The principal 
goal of image segmentation is to part an image into regions which are homogeneous with respect to 
one or more characteristics or features. 
Image segmentation can be classified according to bath the features and the type of the technique that 
is used. Features include pixel intensities, gradient magnitudes, or measures of texture. Segmenta
tion techniques can be broadly classified into two groups: region-based and edge-based. Typically, 
region-based and edge-based segmentation techniques exploit, respectively, within-region similarities 
and between-region differences between features [20), [24). 

The following segmentation techniques are discussed: 

• Region segmentation techniques: Thresholding; 

• Edge segmentation techniques: Edge focusing and Deformable models. 

These segmentation techniques are presented in more detail in the next paragraphs. 

3.3.1 Region Segmentation techniques: Thresholding 

Same of the thresholding techniques are based on the image histogram (global thresholding). Other 
thresholding techniques are based on local properties such as local mean value and standard deviation, 
or the local gradient. If the local thresholds are selected independently for each pixel (or groups of 
pixels), thresholding is called dynamic or adaptive. 

Global thresholding is based on the assumption that the image has a bimodal histogram [24). A 
bimodal histogram is a histogram where division between image and background intensities is clear, 
and only two peaks are observed (as shown in figure 3.22). 

Number 

0 255 
gray levels 

Figure 3.22: Bimodal image histogram 
before thresholding. 

Number 
ofcounts 

0~-----__.'-'"255~gray levels 

Figure 3.23: Histogram of the binary im
age after threshold operation 

The object and background pixels have gray levels grouped into two dominant modes. One way 
to extract the object from the background is to select a threshold T that separates these modes. The 
modified image g(x, y) is defined as: 

{ 
1 if(x,y) > T 

g(x,y) = 0 if(x,y) ~ T (3.28) 

The result of thresholding is a binary image, where pixels with intensity value of 1 corresponds to 
objects, while pixels with value 0 correspond to background (as shown in the figure 3.23) [20) . 

This technique is simple and fast, but has one disadvantage. It fails if there is low contrast between 
the object and the background, if the image is noisy, or if the background intensity varies significantly 
across the image. 
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Ultrasound images contain low-contrast, fuzzy contours. The histogram modes correspond to 
the different types of regions in an image that may often overlap and, therefore, segmentation by 
thresholding becomes difficult. 

Therefore, a local threshold can be applied when a global threshold can not be found from the 
image histogram or when the chosen threshold does not give a good segmentation results. 

Local threshold is determined either by splitting an image into subimages and then calculating 
thresholds for each subimages or by examining the image intensities in the neighborhood of each 
pixel [20], [24]. 

3.3.2 Edge-based segmentation techniques 

When an image is blurred at certain scale then it must be selected whether a fine or a coarse scale 
of the image should be used. The advantage of selecting a Jarger scale is reduction of noise and the 
appearance of more prominent structure. In this study the highest levels of the edges are needed to 
determine the contour of the fetus . But there is a trade off between the highest levels of the edges and 
the Jocations of the edges. 

An edge or boundary of an image is defined by the Jocal pixel intensity gradient. A gradient is 
approximation of the first order derivative of the image function. For a given image the magnitude 
and the directions of the gradient can be calculated as: 

(3.29) 

Dir = tan- 1 (;~/%) (3.30) 

Both magnitude and directions of the gradient can be displayed as images. The magnitude images have 
gray levels that are proportional to the magnitude of the local intensity changes, while the direction 
images will have gray levels representing the direction of maximum local gradient in the original 
image [17], [24]. 

Since the peaks in the first-derivative correspond to zeros in the second-order derivative, the Lapla
cian operator can also be used to detect edges. The image edges can be found by locating pixels where 
the Laplacian makes a transition through zero (zero crossing). 

". "' "" "' 100 ," 200 

Figure 3.24: Edges of the ultrasound image at different scale parameter (here two lines in the image 
are chosen. Two graphics from the right represent the changes of the image edges which corresponded 
to these lines.) 

In the standard scale-space paradigm the true Jocation of a boundary at a coarse scale is not 
directly available in the coarse scale image. This can be seen clearly in the 1-D example (as shown 
in figure 3.24) [17]. With the increase of the scale-space parameter the positive edges annihilate with 
the negative, therefore the structure of the smaller edges over the scale is arched. It is clear from the 
figure (3.24), that a small quantity of edges survives Jonger then the other edges. The notion of the 
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longevity can be viewed of a measure of the edge importance. The bigger scale-space parameter is the 
smaller number of the most important edges that is still present in the image. But there is one problem: 
the locations of the edges at the coarse scales are shifted from their true locations. Thus, if blurring 
techniques are used, the choice of the value of the scale-space parameter must be done carefully. 

All edge detection techniques that are based on a gradient or Laplacian are very sensitive to noise. 
Thus, first the noise effects must be reduced by smoothing the image and than the edge operators can 
be applied. 

3.3.3 Deformable models 

Because many image segmentation techniques like thresholding or edge detection techniques are sus
ceptible to noise, other segmentation techniques have been developed. One of these techniques are 
deformable models. 

Deformable models are curves or surfaces defined within an image domain that can move under 
the inftuence of internal farces, which are defined within the curve or surface itself, and external 
farces, which are computed from the image data. The internal forces are designed to keep the model 
smooth during deformation. The external forces are defined to move the model toward an object 
boundary or other desires features within image. 

There are basically two types of deformable models: parametric deformable models and geometrie 
deformable models. 

Parametric deformable models represent curves and surfaces explicitly in their parametric forms 
during deformation. This representation allows direct interaction with the model and can lead to a 
compact representation for fast real-time implementation. Adaptation of the model topology, however, 
can be difficult using parametric models. 

Geometrie deformable models can handle topological changes naturally. These models, based on 
theory of curve evolution and the level set method, represent curves and surfaces implicitly as a level 
set of a higher-dimensional scalar function. 

In this work the geometrical deformable models are not considered, because one of the aim of the 
wishful 30 volume image segmentation is the fast real-time implementation. 

Parametric deformable models: Snakes [20], [24], [28] 
Geometrically a snake is a parametric contour embedded in the image plane (x, y) E JR2. The contour 
is represented as demonstration the position of a snake parametrically by v(s) = (x(s), y(s))T, where 
x and y are the coordinate functions and s E [0, l] is a parametric domain. The shape of the contour 
subject to an image l(x, y) is dictated by the energy functional: 

E101al = il E(v(s))ds = il Ein1(v(s)) + Eimage(v(s)) + Econ(v(s))ds (3.31) 

where E;n1 represent the internal energy of the spline due to bending, Eimage gives rise to the image 
forces, and Econ gives rise to the external constraint forces. The equation 3.31 can be viewed as a 
representation of the energy of the contour, and the final shape of the contour corresponds to the 
minimum of this energy. Therefore the contour or snake stops moving when the internal and external 
energies are at equilibrium (minimum energy difference). 

The internal spline energy can be written: 

1

8v(s)l2 la
2
v(s)l2 

E;m = Econt + Ecurv = a(s) Bs + /3(s) -;J;2" (3.32) 

In this equation Econt is the continuity energy which ensures that the parametrization points remain 
equidistant from each other. Ecurv is the curvature energy which maintains the rigidity of the snake. 
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In other words, the first-order term makes the snake act like a membrane and the second-order term 
makes it act like a thin plate. Adjusting the weights a(s) and f3(s) controls the relative importance of 
the membrane ant the thin plate. 

For example, minimizing the first-order energy term makes the snake contract by producing ten
sion; minimizing the second-order term makes the snake resist bending by producing stiffness. The 
curve is predisposed to have minimal velocity and acceleration with respect to parameter s. 

The external spline energy can be written: 

(3.33) 

The constraint farces Econ can be bath attraction and repulsive farces that drive contour models 
towards or away from specific features. 

In order to make snakes useful for early vision energy functionals, that attract them to salient 
features in image, are needed. Here, three different energy functionals, which attract a snake to the 
lines, edges, and terminations, are represented. The total image energy can be expressed as a weighted 
combination of these three energy functionals: 

Eimage = WtineEline + WedgeEedge + WcermEterm (3.34) 

By adjusting the weights a wide range of snake behavior can be created. 
In accordance with scale-space image interpretation, the line and edge energy functionals are 

follows : 

Eune = Wtine[GO'(x,y) ® l(x,y)] 

Eedge = -Wedge,V[GO'(x,y) ® /(x,y)]l
2 (3.35) 

For bath edge and line energies, increasing scan braad its attraction range. However, larger scan also 
cause a shift in the boundary location, resulting in a less accurate result (see section 3.3.2). 

All these extemal energies of the image are potential energies and can be represented by equation: 

Eext = Ll Eimage(v(s)) + Econ(v(s))ds = LI Eima8e(v(s))ds = Ll P(v(s))ds (3.36) 

The potential energy function P(v(s)) is derived from the image data and takes smaller values at object 
boundaries and at other features of interest (edges or lines, see equation(3 .35). 

In according with the calculus of variations, the contour v(s) that minimizes the energy E(v) must 
satisfy the Euler-Lagrange equation, using equation; (3.32) and (3.36): 

av(s) ( av(s)) a2 
( a2v(s)) 

--
8
- a(s)-

8
- +-

2 
/3(s)-

2
- +VP(v(s)) = o 

s s as as 
(3.37) 

This vector-valued partial differential equation expresses the balance of internal and extemal farces 
when the contour rests at equilibrium. 

The physical behavior of deformable contours the equation (3.37) can be viewed as a force balance 
equation: 

Finr(v(s)) + Fp01(v(s)) = 0 (3.38) 

The intemal force F;nc discourages stretching and bending while the potential force F pot pulls the 
contour toward the desired object boundaries. 
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To find a solution for equation (3 .37) the deformable contour is made dynamic by treating v(s) as 
a function of timet as well as s. Therefore, the snake which s represented by considering the contour 
to move under the influence of forces, is given by: 

y av(s, t) = av(s, t\ a(s) av(s, t))_.!._f {J(s) a
2
v(s, t) )-V P(v(s, t)) 

at as as as2 ~ as2 
(3.39) 

where y 8v~·;·1l is the damping force Fdamp with damping coefficient y which is introduced to make the 
units on the left side consistent with the right side. When the solution v(s, t) stabilizes, the left side 
vanishes and we achieve a solution of equation (3.37). 

The dynamics of the deformable contour becomes: 

av(s, t) 
Y---;Jt" = Fdamp(v(s, t)) = F;nr(v(s, t)) + Fexi(v(s, t)) (3.40) 

The intemal forces are the same as in equation (3.32).The external forces can be either potential or 
non-potential forces. The external forces are often expressed as the superposition of several different 
forces: 

Fex1(v(s, t)) = F1(v(s, t)) + F2(v(s, t)) + ... + FN(v(s,t)) (3.41) 

where N is total number of extemal forces. This superposition formulation allows the extemal forces 
to be broken down into more manageable terms. 

In this study the applied deformable model uses the extra extemal force: pressure force, and is 
known as a balloons snake. 

In this method a constant pressure force is added to equation (3.40) that works in the normal 
direction of the contour. When the force is negative the contour moves inward, when the force is 
positive it moves outward. When the model deforms, the pressure force keeps inflating or deflating 
the snake until it is stopped by the external energy. This method improves the attraction range of the 
snake. It also removes the requirement to initialize the model near the desired object boundaries and 
helps the snake enter concavities. The pressure force is defined as [29]: 

~ 

~ 

Fpressure = WpressureN(v(s, t)) (3.42) 

where N is the inward unit normal of the model at the point and Wpressure is a weighting constant 
parameter. lts value gives the strength of the pressure force. This force helps the snake to trespass iso
lated weak image edges, and counters its tendency to shrink. The Wedge and Wpre.i·sure must be chosen 
such that they are of the same order, which is smaller than a pixel size, and Wedge at significant edges 
must be slightly larger than Wpressure , so an edge point can stop the pressure force. A disadvantage 
in using pressure forces is that they may cause the deformable models to cross itself and forms loops. 
That is why it is necessary to merge points if they are too close, and to keep the distance between 
consecutive points nearly constant. Another problem with the pressure snake is that medica! images 
usually contain weak, broad edges. An image must have strong edges to overcome the pressure force 
and allow the model to reach equilibrium and stop. 

By using well defined intemal forces and different external forces it is possible to make a model 
of the active contour or snake appropriate for image segmentation. 
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Figure Fitting and volume calculation 

When the set of the points that correspond to the necessary form is obtained, the form of the fetus has 
to be fit. 

· The fetus head and fetus body have the form of an irregular sphere. For the fitting of this form the 
fitting of the similar geometrical figure is done. 

Two geometrical figures have been fitted: Spherical Harmonies (see paragraph 4.1) and Ellipsoid 

(see paragraph 4.2). 
In this chapter the theory of the spherical harmonies and ellipsoid fitting is given together with 

the possibilities of their volume calculation. The results of the fitted farms fora modified ultrasound 
images are given in the chapter 5. 

4.1 Spherical Harmonies 

In this paragraph a short overview of the mathematica! nature of the spherical harmonies is discussed 
and the use of spherical harmonies for a given set of the points is described. 

Mathematics of the Spherical Harmonies 

Spherical harmonies Y'('(8,</J) are the angular portion of the solution to Laplace's equation (4.1) in 
spherical coordinates where azimuthal symmetry is not present. In this entry (}, is taken as the po
lar (colatitudinal) coordinate with (} E [0, n] , and <P as the azimuthal (longitudinal) coordinate with 
</JE [0, 2n] [30], [31]. 

V2rft = 0 (4.1) 

In three dimensions, the spherical harmonie differential equation is given by: 

[ 
1 a . a . a2 

] 
- .- -;--(sm 8-;-)+ sm2 8-2 + l(l + 1) r/t = 0 
sm(} u8 u8 {}<fJ 

(4.2) 

Function lft can be present as function: rft = <l>(</J)0(8). If this function is substituted into equation 
(4.2) and than multiply this equation by sin2 8/<l>E> the following equation is obtained: 

[
sin(} d ( . de) . 2 ] 1 d2<1>(</J) 
E>(O) d(} sm(} d(} +l(l + 1) sm (} + <l>(</J) -;JF = 0 (4.3) 

Using separation of variables by equation the </J-dependent portion to the constant gives: 

1 d2<1>(</J) 2 -----=-m 
<l>(</J) d<P2 

(4.4) 

46 
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which has solution <l>(cp) = A exp-imql +B expimql. Substituting equation (4.4) into equation (4.3) gives 
the equation for the 0-dependent function, with solution: 
0(0) = P'[1(cos 0), where m = -l, -(l - 1), ... , 0, ... , (l - 1), l and P'[1 is Legendre polynomial. The 
spherical hannonics are then defined by combining <l>(cp) and 0(0), 

Y'('(O,cp) = 2/ + 1 (l - m) ! nm( 0) imql 
-- r. cos exp 

41T (l + m)! 1 (4.5) 

An example of the fitted spherical hannonics is presented in the figure ( 4.1 ). 

Figure 4.1: Second and third order spherical harmonies fitted fora given set of points in 3D 

Volume calculation of the Spherical Harmonies 
The radius of the spherical hannonics in each point of the volume is known. The volume of the 
spherical hannonics surface can be calculated by double integration at angles 0 (from 0 to 1T) and cp 
(from 0 to 21T). 

4.2 Ellipsoid 

In this paragraph the mathematica! background of the ellipsoids is given first. Then the fitting of the 
ellipsoid for the given set of the points is described. Finally the volume calculation of the obtained 
ellipsoid is described. 

Mathematics of the Ellipsoid fitting 
Obtained set of the fetus contour points is defined as : 

(4.6) 

The genera! equation of a conic in the N-dimensional space is [32]: 

F(A, b, c, x) = xT Ax + bT x + c = 0, (4.7) 

where A is symmetrie matrix and c is constant . In order for this genera! conic to be an ellipsoid in 
N-dimensions, the matrix A must be either positive or negative definite. 

In 3D case the genera! conic is represented as the second order polynomial: 

F(a, x) = a ·il.= ax2 + bxy + cy2 + dxz + eyz + Jz2 + gx + hy + kz + l = 0, (4.8) 
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wherea= {a,b,c,d,e,f,g,h,k,W andxi = {.x2,xiyi,y2,xiZi,YiZi,Z2,xi,yi,Zi, 1}7.:. 1 are 10-dimensional 
1 1 1 1- .. . n 

vectors for coefficients and the polynomial parameters respectively. The equation (4.8) can be repre-
sented in the form of equation (4.7), where matrix Ais given by: 

[ 

a b/2 

A = b/2 c 
d/2 e/2 

b~2 ) , V = (d/2, e/2)T 

And matrix b is given by: 
b = (g,h,k) 

The constraint that force a genera! 3D conic to be an ellipsoid are given by Lemma 1: 

Lemma 1: Matrix A must satisfy the following conditions: 

i. det(U) > 0 <=> 4ac - b2 > 0 

ii. (a + c) · det(A) > 0 

(4.9) 

(4.10) 

The first condition of Lemma 1: A is 4ac - b2 > 0. Since a is free parameter the equality 
constraint 4ac - b2 = 1 may be imposed instead, because of the all parameters can be scale and the 
proper ellipsoid can be found. This constraint can be rewritten as [32), [33): 

0 0 2 0 0 0 0 0 0 0 
0 -1 0 0 0 0 0 0 0 0 
2 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 

aTCa=aT 0 0 0 0 0 0 0 0 0 0 
a = 1 (4.11) 

0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 

The coordinates of the all points can be grouped in to the design matrix D = (x], x2, ... , x~1 }T and 
the equation (4.8) can be rewritten: 

D · a=O, (4.12) 

with the same constraint. The equation (4.12) is only equal to zero, if all points are exactly on the ellip-
soid, in practice this is not a case. Therefore the equation ( 4.12) has to be replaced by a minimization 
of the length of llD · äll2 with respect to the coefficients ä. 

This minimization problem with constraint is solved with an Euler-Lagrange formalism, using the 
Lagrange multiplier. It provides the following solution [32), [33): 

or . D . ä = ilC · ä (4.13) 

with the constraint from equation ( 4.11 ). Because the matrix oT · D is a symmetrie positive definite 
matrix, it has positive eigenvalues. Therefore only positive eigenvalues must be used. The Sylvester 
theorem states that the signs of the eigenvalues of the equation ( 4.13) are the same as the signs of the 
eigenvalues of the C. 

Constraint matrix C has only one positive eigenvalue (with value=2). And the eigenvector be
longing to that eigenvalue is the unique solution for ä. After obtaining of this solution the second 
condition of the Lemma 1 must be satisfied. The solution eigenvector must be also selected that the 
next conditions must be in progress [32): 
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{ 
a+c>O { a+c<O 
det(A) > 0 or det(A) < 0 

(4.14) 

When all conditions of Lemma 1 for matrix: A are satisfied, then the ellipsoid can be fitted through 
the given set of the points. In the figure (4.2) the example of the fitted ellipsoid is represented. 

Figure 4.2: Examples of the fitted ellipsoid fora given set of points in 3D 

Ellipsoid Volume calculation 
In the particular case of ideal unbiased ellipsoid a conic equation has a following form [30): 

x2 y2 z2 
-+-+-=1 
a2 b2 c2 

In this case volume of the ellipsoid can be calculated with the following formula [30) : 

4 
V = -n · (abc) 

3 

(4.15) 

(4.16) 

In the present study the fitted ellipsoid can be represented with the conic equation (4.8), but it is 
not ideal and unbiased. For the calculation of the ellipsoid volume equation (4.8) must take the form 
of equation (4.15). For this mathematica! transformation the equation (4.8) can be rewritten: 

(Txl D(Tx) + BTT (Tx) + C = 0, (4.17) 

where Dis diagonal matrix with eigenvalues of the matrix A from formula (4.9), Bis matrix of the 
linear coefficients from equation ( 4.8), T is matrix of the eigenvectors. To modify the equation ( 4.17) 
in the conic equation of the ideal unbiased ellipsoid the next substitutions are made: 
Tx = Zand Z = Y - Yo. 

After the substitutions the equation (4.17) take a following form: 

(4.18) 

The first brace in the equation ( 4.18) is responsible for linear terms and the second brace is responsible 
for constant term. The ellipsoid must be in the center of the coordinates, therefore linear terms must 
be equal zero: 

(4.19) 
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The substitute Yo in the constant term gives the following results: 

(4.20) 

After all mathematica! operations the equation ( 4.18) takes the form: 

(4.21) 

where the first term is responsible toa quadratic terms and the second term is a constant. The canonical 
form of this equation is given by: 

(4.22) 

And the formula for ellipsoid volume calculation is given by: 

(4.23) 

where, for 3D definition, matrixes A and Bare given in the equations (4.9) and (4.10), respectively. 
And C = l from the equation (4.8). Using equation (4.23) the volume of the ellipsoid can be calculated. 
Details of the Mathematica) routine for ellipsoid fitting and volume calculation can be found in the 
Appendix. 

In the next chapter the results of the applied enhancement, segmentation and figure fitting tech
niques are described. 



Chapter 5 

Results 

The Kretz 730 Voluson system is used to perform three dimensional ultrasound exams. The data 
can be stored as raw data in a volume file. This file can be viewed and processed on the Kretz, 
using a software application which readers the scan data. With this software the fetus volume can be 
determined manually. The aim of this report is to calculate the fetus volume automatically. 

In this chapter the constraints of the input data are analyzed, the requirements for image enhance
ment and segmentation techniques are stated, and, finally, the model is presented. The model is the 
algorithm, composed several steps that have to be taken in order to calculate the fetus volume. The 
results of each step of the proposed algorithm are discussed in this chapter in detail. 

5.1 The Proposed Algorithm 

Kretz 730 Voluson system is used to perform a three-dimensional ultrasound exam; the gathered scan 
data is stored in a "raw" data file (also called "volume file") . The obtained volume image can be 
used for subsequent research work or investigations. The volume file is stored in an three-dimensional 
array, where each element addresses the intensity value in a corresponding voxel of the volume. The 
3D image can be treated either as a stack of "sliced" 2D images or as a 3D volume image. In this 
study all ultimate image preprocessing operations (enhancement and segmentation) are applied to the 
complete 3D volume image, where the smallest and elemental part is a voxel. The volume can be 
calculated when the number of voxels which belong to the fetus and the physical volume of one voxel 
is known. 

The basic algorithm to calculate a volume of an object in the 3D ultrasound image can be stated 
as follows: enhance the quality of the volume image, select the fetus contour on the image, then fit 
an analytica) function (a figure) through the found set points and, finally, calculate the volume of the 
fitted figure. 
The diagram that visualizes the preliminary outline for the proposed algorithm is shown in figure 5.1. 
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Read "volume image" into Mathematica 

Analvtjçal Fjgure Fitting 

Volume Calculation 

Figure 5.1: Preliminary algorithm 

5.2 Readout volume image from the Kretz 

The Kretz stores scan data in a "raw data" file or "volume" file. This is a binary file of a particular for
mat for intemal use only. The first step is to "import" the volume file into Mathematica and make the 
"raw data" accessible for mathematica} operations. This is accomplished with the help of MathLink, 
MathLink is an interface for extemal programs to communicate with Mathematica. Mathematica can 
use MathLink to access extemal resources, such as Kretz volume files. 

In order to import the volume file into Mathematica a special application was designed. That 
application is written in C++ programming language. Using this application the volume file is read 
into Mathematica as a three-dimensional array of the intensity (gray) values. This three-dimensional 
array can be treated as the set of the two-dimensional slices in all three projections(as shown in the 
figure 5.2). It is also possible to retrieve the voxel size of the given volume image. 

Figure 5.2: 3D ultrasound image in three projections (from the left to the right: YX, ZX, YZ) 

When "volume data" is imported into Mathematica, the various image processing techniques can 
be applied to the data file. 

5.3 Original image characteristics 

Before the different image enhancement and segmentation techniques are applied to the image, the 
characteristics of the original 30 ultrasound image are summarized in this paragraph. The character
istics are: 

1. Ultrasound image has 256 gray value; 

2. The histogram of the whole ultrasound image is weakly bimodal; 

3. The histogram of apart of the image data (the part in which the fetus is located), is also weakly 
bimodal; 
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4. All image information lies in the interval from 0 to 150 gray values; 

5. The dimensions of the volume file and the size of the voxel are different for each volume file; 

Figure 5.3: Histograms of a whole and partial volume images 

5.4 Image Enhancement Techniques 

After a 30 image is acquired from the Kretz into Mathematica the next step is: image enhancement 
in order to make a fetus contour more visible. 

The different pixel and local image enhancement techniques, that are applied to the ultrasound 
image, are discussed in the following paragraphs. 

5.4.1 Pixel operations 

The theory of the pixel enhancement techniques is described in the theoretical paragraph 3.2.3 . In this 
paragraph the results of the application of these techniques are given. The results are: 

1. The background component of the image is a located at low gray values , in the interval from 0 
to 50 gray values, approximately; 

2. The image component lies in the intensity regions between 50 and 150 gray values. This follows 
from the pixel enhancement techniques that improve the range of the higher gray values (as 
shown in the figures 3.5, midden column; 3.7, right column; 3.8, midden column); 

3. In the figure (3.8), the gray values between 50 and 80 give a clear picture of the fetus and the 
surrounding tissues. This means that during image segmentation only this interval of the gray 
values is needed for the emerging of the fetus contour; 

4 . The best contrast of the modified image is achieved after the histogram equalization operation 
(as shown in the figure 3.9). 

From the pixel operations it can be concluded that these image processing operations give a wide 
range of possibilities for the image contrast modifications. Pixel enhancement techniques also give a 
good opportunity to understand the nature of the given ultrasound volume image and to enhance the 
image contrast. The disadvantage of the pixel operations is that they together with the contrast also 
enhance the noise in the image. 

Therefore, other image enhancement techniques should be applied and analyzed in order to reduce 
noise and to enhance edges in the image. 
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5.4.2 Local operations 

The theory of the local enhancement operations is described in paragraph 3.2.4. In this paragraph the 
application and analysis of these techniques are given. Different techniques are applied to choose the 
most effective local enhancement techniques for a given 3D ultrasound volume file. 
The image enhancement techniques must satisfy to the following requirements: 

- All image processing techniques should occur in three dimensions; 

- Image enhancement techniques should effectively mark out the edges of the fetus on images 
with a given quality. 

From the analysis of the local filters the following conclusions have been made: 

1. Local operations make clear that all kemels of 5x5 and bigger cause image shift (as shown in 
the figures 3.11, 3.12, etc.); 

2. Linear averaging achieved with linear smoothing filters, removes the isolated noise points well. 
But image noise has a big influence on the surrounding points. As a result a good image smooth
ing can be acquired, but the edges are also smoothed. Therefore the linear averaging with the 
Box, Smoothing and Gaussian filters is not suitable for the volume image enhancement, because 
information about the boundary regions is lost; 

3. The Unsharp filter gives a sufficient edge enhancement, but noise remains in the image, and 
all edges (fine and coarse) are detectable. After the enhancement operation with Unsharp filter 
many non-important edges remain in the image; 

4. It is not logically to use the Highpass filter, because the image information lies in the middle 
gray level range, from 50 to 150 gray values. Therefore in this study the Highpass filter is not 
applicable; 

5. The Gradient operations, which work with the first derivative, are very sensitive to noise in the 
image. They detect almost every edge. The noise sensitivity become smaller from Roberts to 
Sobel gradient operation, but the thickness of the edges becomes bigger; 

6. The Laplacian filter is a very sensitive to noise: a small image intensity difference in a homoge
neous region, can give many zero-crossings. The disadvantage of this technique is that it detects 
all possible edges; 

7. During non-linear filtering, with the Median filter, the values of each point are not under the 
influence of the image noise, therefore the edges of the image remain almost untouched. But 
the smoothing of the image is insufficient for the detection of only the important edges; 

From the linear and non-linear local operations it can be concluded that: 

- All simple image enhancement local operations give as result either noise reduction or edge en
hancement. For the image enhancement technique both noise reduction and edge enhancement 
are desired, simultaneously. 

Because linear and simple non-linear local operations do not give the desired enhancement of the 
image, non-linear adaptive diffusion techniques are used. The results of these techniques are discussed 
in the next paragraph. 
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5.4.3 Non-linear diffusion enhancement techniques 

The theory of the non-linear diffusion techniques is described in paragraph 3.2.4. In this paragraph 
application results of the Perona & Malik and Euclidean Shortening Flow approaches are described 
separatrely. 

Perona & Malik non-linear diffusion 
The anisotropic diffusion equation is given by: 

a1 4 _ iv112 4 
- = 'il • (exp k2 'il/) as (5.1) 

Before applying the Perona & Malik non-linear diffusion to the image, it is necessary to define 
a free parameter k, which controls relative inftuence of the conductive controlled smoothing; (see 
paragraph 3.2.4). A good empirical value for k is the 80% or 90% percentile of the cumulative 
frequency distribution of the gradient magnitude values in the image. 

The non-linear diffusion technique with the different values of free parameter k and variance of 
Gaussian kemel er is applied. The acquired results are presented in the figures from (5.4) to (5.7) . 
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Figure 5.4: Perona&Malik non-linear diffusion resulting images: from left to the right original image 
and modi.fied images with the same free parameter k=/4 hut with the different scale parameter er = 
0.8, <T = 1.2, <T = 2 

Figure 5.5: Perona&Malik non-linear diffusion gradient of the resulting images from left to the right 
original image and modi.fied images with the samefree parameter k=/4 hut with the different scale 
parameter er = 0.8, er = 1.2, er = 2 

~ ~··· 

' :~w,: .• 
. ~ , lfill;;i 

~ ::# ~ '"' 

Figure 5.6: Perona&Malik non-linear diffusion resulting images: from left to the right original image 
and modi.fied images with the same parameter er= 0.8 hut with the different free parameter k = 8, 14, 
20 
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Figure 5.7: Perona&Malik non-linear diffusion gradient of the resulting images from left to the right 
original image and modified images with the same parameter <r = 0.8 but with the different free 
parameter k = 8, 14, 20 

The good enhancement results of a given image after P&M non-linear diffusion techniques are 
acquired with free parameter k= 14 and values of Gaussian kemel variance <r = 0.8 or <r = 1. 

The better results can be achieved by blurring the image before Perona & Malik diffusion (as 
shown in figures 5.8 and 5.9). The image after different preprocessing operation consist a different 
information, for each image the free parameter must be defined anew. A function calculates for each 
given image a empirica! value k as the 80% or 90% percentile of the cumulative frequency distribution 
of the gradient magnitude values in the image. Details of the Mathematica! routine for free parameter 
k calculation can be found in the Appendix. 

In the Perona&Malik non-linear diffusion, the regions with the small gradient value are more 
smoothed than the regions with the big gradient value. This technique gives the possibility of selective 
smoothing. 

The obtained modified images after the application of the Perona&Malik non-linear diffusion 
technique are better than the modified images after simple linear and non-linear local operations. With 
P&M the noise reduction and edges enhancement are done simultaneously. This technique smooths a 
part of the non-important edges but a lot of the non-important edges remain in the image. 
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Figure 5.8: Perona&Malik non-linear dijfusion of the blurred images from left to the right: original 
image, blurred at <r = 0.8, 1.5, 2, and than modified with PM at the same <r = 0.8, but with different 
k= 12, 10, 9 

Figure 5.9: Perona&Malik non-linear diffusion gradient of the blurred and modified images from 
left to the right: original image, blurred at <r = 0.8, 1.5, 2, and than modified with PM at the same 
<r = 0.8, but with different k= 12, 10, 9 

The application of the P&M diffusion with the bigger scale-space parameter give more unneces
sary smoothing, and also the positions of the edges are shifted. 
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Therefore, the image is blurred first with the small scale-space parameter cr=0.8, and then Perona&Malik 
non-linear diffusion is applied (with cr=0.8 and k= 12). This approach gives better image enhance-
ment results: the sufficient smoothing of the areas with similar intensities and selection of the impor-
tant edges of the image. 

Because this technique is very complicated by the choice of the free parameter k, which must be 
anew calculated for each given image, another approach has been used: Euclidean Shortening Flow. 

Euclidean Shortening Flow 
The Euclidean Shortening Flow technique takes diffusion only along the edges, not across the edges, 
and enhances the image quality in this way. In this approach the direction of the diffusion is adaptive 
to Iocal structures. As shown in the theoretica) paragraph 3.2.4, the non-linear diffusion equation in 
this case is given by: 

~ 

[)/=IV/IV ·<~1 ) 
os IVII 

(5.2) 

If image has a lot of homogeneous areas, its gradient becomes equal to zero. To avoid division 
by zero it can be recommended to add either a very small extra noise to the image or a very small 
parameter s to the devisor. 

Using the Forward Euler iteration scheme (as shown in equation 3.24) , the following results are 
established (as shown in the figures from 5.10 to5.13). 
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Figure 5.10: Euclidean Shortening Flow with the evolution step l:i.s = 0.1, l:i.s = 0.2, l:i.s = 0.3, l:i.s = 
0.4 from the left to the right respectively 

Figure 5.11: Euclidean Shortening Flow gradient images with the evolution step l:i.s = 0.1, l:i.s = 
0.2, l:i.s = 0.3, l:i.s = 0.4 from the left to the right respectively 
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Figure 5.12: Euclidean Shortening Flow with the evolution step 6s = 0.5, 6s = 0.6, 6s = 0.8, 6s = 
1.0 from the left to the right respectively 

Figure 5.13: Euclidean Shortening Flow with the evolution step gradient images 6s = 0.5, t.s = 
0.6, t.s = 0.8, 6s = 1.0 from the left to the right respectively 

After the application of the Euclidean Shortening Flow non-Iinear diffusion technique, the follow
ing conclusion are made: 

- From figures (5.10) to (5.13) it is clear that evolution step 6s has a big influence on the final re
sults. The most useful values of the 6s !ie between 0.2 and 0.4. The bigger 6s affect profoundly 
the edges of the image; 

- When Euclidean Shortening Flow is applied, no preliminary blurring of the original image is 
necessary to take a good output result; 

- If an image has a lot of areas with similar intensity values, then the gradient of the image 
becomes equal to zero in these areas, and the Euclidean Shortening Flow mathematica! formu
lation goes to infinity. To handle this problem some extra operations are needed; 

- The obtained results are better than with P&M non-Iinear diffusion: Euclidean Shortening Flow 
gives more smoothing and practically only the important edges still remain in the image. But 
the total intensity of the images becomes less compared to P&M non-linear diffusion; 

The non-linear diffusion techniques give the best desired quality of the modified images: smooth
ing within the homogeneous regions, while keeping edges between these regions almost untouched. 
These techniques can smooth many of the non-important edges, which make the subsequent image 
segmentation easier. 

Therefore only these two techniques are applied before the image segmentation. 
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5.5 Image Segmentation Techniques 

After the noise reduction and edge enhancement the image can be segmented. 
Different segmentation techniques are used to determine which segmentation technique is appro

priate for the segmentation of the obtained enhanced 3D ultrasound images. In the first paragraph the 
simplest image segmentation technique is discussed, iso-intensity contour. This is a particular case 
of global thresholding. Second, the edge focusing technique is discussed. Last, the balloon snake 
segmentation technique is described. This is a particular case of the parametric deformable models. 

The theoretica! overview of the applied segmentation techniques is described in the section (3.3). 

5.5.1 ISO Intensity Contour 

The iso-intensity contour is a particular case of the global thresholding technique. With this segmen
tation technique the points with the same intensity value are taken in order to mark out the contour of 
the fetus. 

For iso-intensity image segmentation the intensity value which corresponds to the contour of the 
fetus is required. This intensity value must !ie in the narrow region of the intensity values of the whole 
image. 

An analysis of the original and modified image histograms is made, in order to define the range 
of the fetus contour intensity values. It is known that histogram of the image gives the distribution of 
the intensity values of the image. The best resulting images are obtained by: 

- after Perona & Malik non-linear diffusion of the preliminary blurred original image. The best 
result is obtained when the image is first blurred at er = 0.8, and than after the computing of 
the free parameter k= 12, the image is modified with the Perona & Malik technique at er = 0.8, 
er = 1.0, er = 1.2 (see figures 5.14 and 5.15) These figures illustrate the best possible variants 
of the Perona & Malik non-linear diffusion fora given ultrasound image; 
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Figure 5.14: Original image and modi.fied images after blurring and Perona & Malik technique appli
cation at er = 0.8, er = 1.0, er = 1.2 from the left to the right respectively 

71.10 HOU 7011 
(\IK) 

"'" "'" 51K) "'" sm 
4CMI 

4110 400 4CMI 
.'.\()() 

200 21Ml 200 

511 HXI 1511 21MI 511 HXI 1511 511 IOO 150 511 )(1() ISO 

Figure 5.15: Histogram of the original image and modi.fied images after blurring and Perona & Malik 
technique application at er= 0.8, er= 1.0, er= I .2from the left to the right respectively 

- or after Euclidean Shortening Flow non-linear diffusion technique at the t::.s = 0.2 and t::.s = 0.3 
(see figures 5.16 and 5.17). These figures illustrate the best possible variants of the Euclidean 
Shortening Flow non-linear diffusion fora given ultrasound image. 
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Figure 5.16: Original image and modified images after Euclidean Shortening Flow technique appli
cation at 6.s = 0.2 and 6.s = 0.3 from the left to the right respectively 
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Figure 5.17: Histogram of the original image and modified images after Euclidean Shortening Flow 
technique application at t:;.s = 0.2 and 6.s = 0.3 from the left to the right respectively 

From the comparison of the histograms of the original image and modified images it can be con
cluded that the histograms of the modified images show better the boundary between background and 
fetus intensities values. The fetus intensity values lie in the interval from 50 to 150 of the intensity 
values of the image. This results agrees with the result obtained after pixel enhancement operations 
of the original image. 

Another conclusion can be made: the non-linear diffusion technique makes the ultrasound image 
better without affecting its dynamic range. 

The results of the contours for intensity values from 40 to 80 give a good illustrative example of 
the fetus contours, as shown in the figures (5 .18) and (5.19). Looking at these figures the following 
conclusions can be made: After P&M non-linear diffusion of the blurred image or after Euclidean 
Shortening Flow, the intensity values, lying in the interval from 50 to 60 gray values, give the best 
form of the fetus contour. 

Figure 5.18: /so-intensity contour in the image after blurring and Perona & Malik diffusion at intensity 
value = 40, 50, 60, 70, 80 respectively. 

Figure 5.19: Iso-intensity contour in the image after Euclidean Shortening Flow diffusion at intensity 
value = 40, 50, 60, 70, 80 respectively. 
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After the iso-intensity contour of these values is taken, all points with the same intensity value 
are detected. Not all these points correspond the fetus, a lot of other points that correspond to other 
human tissues are detected also, such as uterus, umbilical cord etc. 

In the figure (5.20) an example of the iso-intensity contour of the 30 volume image at intensity 
value 50 is given. 

Figure 5.20: Fetus contour points, which have been obtainedfrom iso-intensity contour 

For fetus contour points detecting it is necessary to separate points of the fetus from points of 
other human tissues with the same intensity value. For this operation it was decided: 

- to pick out of the starting points manually; 

- in one image two starting points are chosen: for fetus head and for fetus body, because they are 
more important parts of the fetus . 

The distances from these centra! points to the all the points with the same intensity calculated. 
After that the histogram of the distances is made and analyzed, in order to decide which points must 
be taken into account as contour points and which not. Examples of these operations are shown in the 
figures (5 .22) and (5.21). 
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Figure 5.21: Centra/ points choice at the gradi- Figure 5.22: And histograms of the distances 
ent or contour of the image. from centra/ points in the head and body to the 

points with the same intensity values. For the 
head centra/ points the points from 0 to 40 are 
taken into account. For the body centra/ point 
the points from 0 tot 60 are taken 

Finally, the data set of the fetus contour points is selected. The obtained fetus contour is repre
sented in the figure (5.23). 

Figure 5.23: The resulting contour ofthefetus. 

The iso-intensity segmentation technique is simple to implement, but it is difficult to determine the 
intensity value that should be used. Therefore the edge focusing segmentation technique is applied. 
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5.5.2 Edge Focusing 

In given 3D ultrasound image the strongest, important and interesting edges are the edges between 
the fetus and amniotic ftuid. The edge focusing technique is used to detach the wanted edges and to 
deterrnine the contour of the fetus (see paragraph 3.3.2). 

For this technique the central points must be chosen, in the same manner as in the iso-intensity 
contour segmentation. The algorithm of the operation is done in the following way: 

- allocation of the start points; 

- making a star of the rays of certain length, with the central point at the starting point (as shown 
in the figure 5.25, on the right); 

- scanning of the image along each ray and stopping at the point which satisfies the conditions of 
the certain edge; 

- taking this point as a point of the fetus contour. 

The edge was defined as a point with maximal absolute incline. This is the zero-crossing of the 
second order derivative. Therefore the sign of the second derivative is inspected in order to locale the 
edge. If there is a change in sign between the two neighboring pixels of the second derivative of the 
image, the edge is located. The graph of the sign-signaJ as a function of the scaJe is represented in the 
figure (5.24). 
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Figure 5.24: Edges of the ultrasound image at different scale parameter (here two lines in the image 
are made. Two graphics from the right represent the changes of the image edges which are corre
sponded to these lines) 

With the increase of the scaJe-space parameter the positive edges annihiJate with the negative, 
therefore the structure of the smaller edges over the scaJe is arched. It is clear from the figure (5.24), 
that a small quantity of edges survives Jonger than the other edges. From this observation the following 
conclusion can be made: the structures in images have hierarchy. The notion of the Jongevity can be 
viewed of a measure of importance for singuJarities. How Jonger this edge survives with the increasing 
of the scaJe-space parameter, the more important it is and how higher hierarchy it has. 

After the choice of the centra! points, the Jinear rays of the certain length are tracked from the 
chosen centraJ points and over 18 poJar (0 < () < 7r) and 10 azimuthaJ (0 < <fJ < 27r) angles (as shown 
in figures 5.25 and 5.26). 
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Figure 5.25: Centra! points detecting Figure 5.26: Star tracking 

Now the intensities of the 3D ultrasound image can be sampled equidistantly along these rays 
using cubic 3D polynomial interpolation. The tracking rays are visualized in the figure (5.25). The 
interpolated sampled intensity profiles along the radiating rays from the centra! points in fetus head 
and body are represented in the figures (5.27) and (5.28) respectively. 
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Figure 5.27: Raysfrom the cental point in the head 
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Figure 5 .28: Rays from the cental point in the body 

Por each ray the position of the fetus contour is found by edge focusing for the latest possible 
negative edge along the ray. 

The proper 3D coordinates of the obtained points are found by converting the spherical coordinates 
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to the Cartesian coordinates. In the figure (5.29) the obtained points of the fetus contour are shown. 
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Figure 5.29: Detected points of the fetus contour 

The conclusion after edge focusing segmentation technique is: when the edges of the investigated 
fetus are not sharp and distinct, and when there are some other edges within the examined areas, then 
the resulted points of the found contour are complicated for interpretation. 

With distinct and pure edges this technique works excellent. This is shown in section (5.7) con
ceming phantom ultrasound investigations and image processing. 

All segmentation techniques described in previous paragraphs have some complications: 

- For the iso-intensity contour technique the "right" intensity value must be selected and, a deci
sion needs to be made which points are take into account and which not. 

- For the edge detection technique the preliminary choice of the image enhancement technique is 
important, because it determines how many of the non-important edges remain in the smoothed 
areas of the head and body of the fetus. The quality of the image affect the final segmentation 
result profoundly. 

It was decided to use balloon snake segmentation technique, as altemative to the first two seg
mentation techniques. This technique is not sensitive to noise in the image and does not require many 
additional preprocessing operations. 
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5.5.3 Balloon Snake 

Balloon snake is common basis snake model in which the extemal pressure force is added to increase 
the attraction range of the snake. Therefore balloon snakes is also called pressured snake. When 
the model deforms, the pressure force keeps inflating or deflating the form until it is stopped by the 
extemal energy. It removes the requirement to initialize the model near or outside the desired object 
boundaries. 

In the paragraph 3.3.3 the theory of the deformable models is described. According the equations 
(3.39), (3.40) and (3.42), the dynamic equation of the balloon snake model takes the following form: 

ov(s, t) ov(s, t)( ov(s, t)) a2 { o2v(s, t)) ~ 
Yat = ----;;;-- a(s)--;;;- - osZ VJ(s) osZ +WpressureN(v(s, t)) (5.3) 

The parameters a(s), {J(s), y, Wpressure must be initiated in the algorithm. With these parameters 
the tension of the model, stiffness of the model, damping coefficient and pressure coefficient are 
respectively initialized. With these parameters (weighted coefficients) the model and its dynamics 
is defined. In other words, it is possible to define through which edges the model passes and at 
which edges it stops. Examples of the implementation of the balloon snakes for ultrasound image 
with the different initia! contour but the same parameters are shown in the figure (5.30). In these 
balloon snake segmentation example the following parameters have been used: a = 1, fJ = 0.5, y=l, 
Wpressure = 0.7(deflation). 

Figure 5.30: From the left to the right original image with in initia/ contour, then resulting balloon 
snake at the image and gradient of the image, examplesfor three different initia/ contours at the same 
image 

This segmentation technique bas the following problems with ultrasound images: 

- The important edges (between tissue and amniotic fluid) in the given ultrasound image of the 
fetus sometimes lie so close, that the model can not distinguish the difference between neigh
boring edges; 

- If within the examined region a point lies with the same characteristics, then the model stops at 
this point; 
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- If the deftation balloon snake is used, then the initial contour has a great inftuence on the model 
behavior. 

For this segmentation model all parameters must be determined, and extra operations must be 
made for the points selection. This technique is too intricate for ultrasound images and gives not 
sufficient output result for the posterior form fitting operation. Therefore it is decided to use only 
iso-intensity contour and edge-focusing segmentation techniques as preprocessing image techniques 
before the form fitting operation. 
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5.6 Form Fitting 

After the segmentation, the form of the fetus contour can be fitted and the volume of the fetus can be 
calculated. 

Two different approaches for volume fitting are considered. First, the fitting of the similar geomet
rical figure. Second, obtaining the closed circuit from the set of points. For similar figure fitting two 
geometrical figures have been fitted: Ellipsoid (see section 4.2) and Spherical Harmonies (see section 
4.1 ). These two figures are tried because the form of the head and body of the fetus is similar with an 
ellipsoid or a spherical form. 

5.6.1 Ellipsoid 

The theory about ellipsoid fitting can be found in the chapter 4. In this paragraph the results of the 
fitted form are shown in the figures (5.31) and (5.32). These results are obtained after the iso-intensity 
contour and edge focusing segmentation techniques respectively. 

Figure 5.31: Ellipsoid after iso-intensity contour segmentation technique 
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Figure 5.32: Ellipsoid after edge-focusing segmentation technique 

The form and size of the fitted ellipsoid strongly depends on the set of points that is taken into 
account. The errors of this form fitting technique can be obtained after the ellipsoid fitting of a well 
defined volume. For this a phantom images is investigated, the obtained results are described in the 
section 5.7. 
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5.6.2 Spherical Harmonie 

The obtained set of the fetus contour points can be represented using Spherical Harmonies, because 
of the fonn of the fetus head or fetus body look like an irregular sphere. The theory about spherical 
hannonics is described in the chapter 4. 

In this work the set of the spherical hannonics of the forth order are used. Hannonics of the 
smallest order give too regular results and with the higher order the results are to irregular. Therefore 
the order of spherical harmonies, from 3 to 5, is most suitable. 

As a results of the spherical hannonics fitting is the irregular sphere in the 3D volume. The center 
of this sphere is the chosen centra! point, any point (r, (}, </J) at the spherical hannonics surface is 
defined. 

The spherical harmonies shows the detected contour of fetus head and fetus body as a 3D vol
ume surface. Por the image segmentation techniques: iso-intensity contour and edge detection, the 
resulting spherical harmonies are are shown in the figures (5.33) and (5.34). 

Figure 5.33: Spherical harmonies after iso-intensity contour segmentation technique 

Figure 5.34: Spherical harmonies after edge-focusing segmentation technique 

The spherical harmonies built-in function gives a Mathematica output error: the form is good, but 
the size of the sphere is incorrect. It is tried to fit with this function a simple sphere, the obtained 
results were also incorrect. At the present time Wolfram development department attempts to correct 
this built-in function. 
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5. 7 Algorithm testing with ultrasound fantom 

In order to examine the working of the developed algorithm, ultrasound exams are performed on a 
phantom. Balloons with a certain water or gel volume are placed in the phantom, and 30 volume 
images of these balloons are made. Then the obtained volume images are preprocessed using the 
development algorithm (as shown in figure 5.1) in order to take a set of the points, which correspond a 
balloon form. After the balloon form is fitted, the volume of the acquired forms is calculated. Finally 
the acquired results are compared with the initia) balloon volume. 

The results of a 20cc and 40cc balloon are described in this paragraph. Notice, that the quality of 
the ultrasound exam images of the gel balloons and water balloons is almost the same, therefore in 
present paragraph only the original and modified images of the water balloons are given. 

In figures from (5.35) to (5.52), the results of the image enhancement, image segmentation, figure 
fitting and volume calculation operations are given. 

5.7.1 Balloon 20cc 

In this paragraph the results of the proposed algorithm for a 20cc balloon are given. 
The image is preprocessed with two image enhancement techniques: Perona& Malik and Euclid

ean Shortening Flow (ESF). After each of this technique the image segmentation is done with the iso
intensity contour and edge-focusing. In this paragraph as an example the results after ESF followed 
by the iso-intensity contour and P&M followed by the edge-focusing are presented. At the present 
time only the volume of the ellipsoid can be calculated, the results of all four different variation of the 
fitted ellipsoids are given in the table (5.1). 

First the images after the non-linear diffusion techniques are presented (after P&M enhancement, 
see figure 5.35 and after Euclidean Shortening Flow enhancement, see figure 5.36). 

Figure 5.35: From left to the right: original image, gradient of the original image, image after 
Perona& Malik non-linear dijfusion and gradient of modified image. The preliminare blurring is done 
with the cr=0.8 and the Perona& Malik non-linear dijfusion is done with cr=0.8 and free parameter 
k=J2 

Figure 5.36: From left to the right: original image, gradient of the original image, image after Euclid
ean Shortening Flow non-linear diffusion and gradient of modified image. The Euclidean Shortening 
Flow non-linear dijfusion is done with the evolution step t:,s=0.2 
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Iso-intensity segmentation after Euclidean Shortening Flow enhancement technique 
The iso-intensity segmentation technique is done after the Euclidean Shortening Flow image enhance
ment technique. The centrum of the balloon is chosen as centra! point in order to decide which points 
are taken into account and which not. The result image of the remaining points is given in figure 
(5.37). 
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Figure 5.37: The remained points after the iso-intensity contour segmentation 

This set of points is used for the fitting of the ellipsoid and spherical harmonies (as shown in 
figures 5.38 and 5.39). 
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Figure 5.38: Ellipsoidfrom the given selected 
set of points after iso-intensity contour seg
mentation technique 
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Figure 5.39: Spherical harmonies from the 
given selected set of points after iso-intensity 
contour segmentation technique 
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Edge-focusing segmentation after Perona&Malik enhancement technique 
The edge-focusing image segmentation technique is done after the Perona&Malik non-linear diffusion 
of the blurred image. The result image of the remaining points is given in figure (5.40). 

Figure 5.40: Resulting points after edge
focusing segmentation technique ( after 
Perona&Malik non-linear diffusion image 
enhancement technique) 
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Figure 5 .41 : A selected points after edge
focusing segmentation 

The distances from the central point to any points of the obtained contour are calculated and the 
histogram of the distances is examined, in order to select points that correspond to a certain distances 
interval. The resulting image of the remaining points are given in tl.gure (5.41). 

After edge-focusing segmentation the ellipsoid and spherical harmonies can be fitted (as shown in 
figures (5.42) and (5.43)). 

Figure 5.42: Ellipsoidfrom the given selected 
set of points after edge-focusing segmentation 
technique 

Figure 5.43: Spherical harmonies from the 
given selected set of points after edge
focusing segmentation technique 
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When both of these form are obtained, the volume of each form can be calculated. For the Spher
ical harmonies is not possible to calculate the accurate volume, because this built-in function gives an 
output error. 

The obtained volumes of the fitted ellipsoids are given in the table 5.1. 

Vi l enhancemenuechmque 
0 urne se2mentationJechniaue #of voxels VolumevaxeL( cm3) VolumeEllip.wid( cm

3
) absolute error(%) 

v olume~~":rensitv...contour 122425 1.74 x 10 -4 21.32 6.60 

v olumet~!:itensitv...contour 122230 1.74 x 10-4 21.29 6.45 

v olume:~:_focusinJ! 91887 1.74 x 10 -4 16.00 20.00 

Volumel!,"I' . 
ed2e_focusm2 92809 1.74 x 10-4 16.16 19.20 

Table 5.1: The obtained ellipsoid volumes of the 20cc water balloon 

The results after iso-intensity contour segmentation are suitable. The big error after the edge 
detection technique in that case can be caused by the dissimilitude the initia! form of the balloon with 
the ellipsoid. 
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5.7.2 Balloon 40cc 

In this paragraph the results of the proposed algorithm for a 40cc balloon are given. 
The image is preprocessed with two image enhancement technique: Perona& Malik and Euclidean 

Shortening Flow (ESF). After each of this technique the image segmentation is done with the iso
intensity contour and edge-focusing. In this paragraph as an example the results after ESF followed 
by the iso-intensity contour and P&M followed by the edge-focusing are presented. At the present 
time only the volume of the ellipsoid can be calculated, the results of all four different variation of the 
fitted ellipsoids are given in the table (5.2). 

First the images after the non-linear diffusion techniques are presented (after P&M enhancement, 
see figure 5.44 and after ESF enhancement, see figure 5.45). 

Figure 5.44: From left to the right: original image, gradient of the original image, image after 
Perona& Malik non-linear diffusion and gradient and gradient of modified image. The preliminare 
blurring is done with the cr=0.8 and the Perona& Malik non-linear diffusion is done with cr=0.8 and 
free parameter k=12 

Figure 5.45: From left to the right: original image, gradient of the original image, image after Euclid
ean Shortening Flow non-linear diffusion and gradient and gradient of modified image. The Euclidean 
Shortening Flow non-linear diffusion is done with the evolution step t::,.s=0.2 
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Iso-intensity segmentation after Euclidean Shortening Flow enhancement technique 
Iso-intensity segmentation technique has been done in that case after Euclidean Shortening Flow 
image enhancement technique. The centra! point of the balloon has been chosen in order to decide 
which points from the obtained set of points after iso-intensity segmentation can be taken into account 
and which not. 

Figure 5.46: The remaining points after the iso-intensity contour segmentation 

The resulting image of the remaining points is given in the figure (5.46). This set of points is used 
for the fitting of the ellipsoid and spherical harmonies (as shown in figures 5.47 and 5.48). 
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Figure 5.47: Ellipsoidfrom the given selected 
set of points after iso-intensity contour seg
mentation technique 

Figure 5.48: Spherical harmonies from the 
given selected set of points after iso-intensity 
contour segmentation technique 
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Edge-focusing segmentation after Perona&Malik enhancement technique 
The edge-focusing image segmentation technique is done after the Perona&Malik non-linear diffusion 
of the blurred image. The result image of the remaining points is given in figure 5.49. 

Figure 5.49: Resulting points after edge
focusing segmentation technique ( after 
Perona&Malik non-linear dijfusion image 
enhancement technique) 
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Figure 5.50: A selected points after edge
focusing segmentation 

The distances from the central point to any points of the obtained contour are calculated and the 
histogram of the distances is examined, in order to selecta points that correspond to a certain distances 
interval. The resulting image of the remaining points are given in the figure (5 .50). 

After edge-focusing segmentation the ellipsoid and the spherical harmonies can be fitted (as shown 
in figures 5.51 and 5.52). 

Figure 5.51 : Ellipsoidfrom the given selected 
set of points after edge-focusing segmentation 
technique 

Figure 5.52: Spherical harmonies from the 
given selected set of points after edge
focusing segmentation technique 
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The volume of each form can be calculated. For the Spherical harmonies it is not possible to 
calculate the accurate volume, because this built-in function gives output error. 

The obtained volumes of the fitted ellipsoids are given in the table 5.2: 

VI J enhancementJechmque 
0 ume,\'e1!,mentationJechniaue #of voxels Volumevoxet( cm3) VolumeEllipsoid( cm3) absolute error(%) 

Volume~~/:rensitv..contour-40 300004 1.45 x 10-4 43.44 8.60 
V olumé:s f' . 

40 1somtens1ty..contour _ 292285 1.45 x 10-4 42.32 5.80 
Volumer&M . 

ed1!,e_focusmR 262845 1.45 x 10 ·4 38.06 4.85 
V olumel!.s f' . 

edRe-focusmR 255874 1.45 x 10-4 38.05 4.85 

Table 5.2: The obtained ellipsoid volumes of the 40cc water balloon 

In this case, when the form of the initia! balloon is ellipsoid, the results both after iso-intensity 
contour and after edge-focusing are suitable. The biggest error after P&M enhancement technique 
followed by iso-intensity contour can be caused by the choice of the thresholding value. 
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5.8 Conclusions 

In order to calculate the volume of the fetus automatically, the following techniques are proposed for 
each step of algorithm from figure (5.1). 

The non-Iinear image enhancement techniques: Perona&Malik non-linear diffusion and Euclidean 
Shortening Flow are proposed to enhance the image quality for the contour detaching. After image 
enhancement the contour definition of the fetus becomes possible. 

For the contour selection the following selection approaches are used: iso-intensity contour, edge 
focusing. By iso-intensity contour approach, the pixel values with equal intensity are selected. An
other contour selected technique, which has been used, is edge focusing. This technique makes use of 
the differences of importance between different edges in the image. 

When the contour is determined as a set of the points in the 3D volume then the shape of the fetus 
can be fitted. An analytica! function has been fit with the criteria, that the analytica! shape correlates 
best with the given actual shape. Because the natura! shape of body or head is like a sphere or an 
ellipsoid, both of these figures have been fitted. 

As soon as an analytica! figure is fit the volume of the fetus can be calculated. 
Thus, the outline of the proposed algorithm is given by (as shown in the figure 5.53): 

Image Acguisition 

Perona&Malik diffusion 

Edge focusing 

Ellipsoid 

Volume Calculation 

Figure 5.53: The Final Algorithm 



Chapter 6 

Conclusions and Recommendations 

The aim of this study is to develop an automatic volume calculation of a fetus based on 3D ultra
sound volume scans. To accomplish this aim specific image treatment, contour detection and volume 
rendering algorithms are proposed and tested. 

The ultrasound produces images with a poor quality for immediate analysis. There is a lot of noise 
in the images and different human soft tissues show a minimal intensity difference. Both these factors 
account for the difficulty of the automatic fetus contour determination. Therefore the image must be 
preprocessed. 

In this study first image enhancement preprocessing techniques are used and then image segmen
tation is applied. 

After the applying of the simple pixel and local enhancement operations the following conclusions 
are made: 

The simple local operations cause either noise reduction or edge enhancement of the ultrasound 
image. The resulting image has not enough quality to be used as input for the segmentation. The 
following constraint applies for the image enhancement techniques: the image enhancement 
technique must decrease image noise and simultaneously smooth the non-important edges in 
order to enhance only the important edges of the fetus. 

The non-linear diffusion techniques satisfy this constraint. Two different non-linear diffusion ap
proaches are used for image enhancement: Perona&Malik non-linear diffusion and Euclidean Short
ening Flow. 

After applying of the non-linear diffusion image enhancement techniques the following conclu
sions are made: 

Both these techniques give and noise reduction and smoothing of the non-important edges in the 
image and the enhancement of the important edges (edges which correspond the fetus contour); 

The Perona&Malik non-linear diffusion is complicated because of the choice of the free para
meter k. The best result with this technique is obtained when the image is blurred first and then 
the Perona&Malik non-linear diffusion is applied. By this operation the given image is blurred 
first with the small scale-space parameter cr=0.8, and then the diffusion is done with cr=0.8 and 
k= 12. 

The Euclidean Shortening Flow technique gives a good result without smoothing the original 
image. But the processing of the image with a lot homogeneous regions gives a division by 
zero, therefore the additional operations are needed to avoid this; In this study the evolution 
step t::.s between 0.2 and 0.4 is used to process a given image. 
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All images are segmented after the non-linear diffusion enhancement. The following image seg
mentation techniques are used: iso-intensity contour, edge focusing and deformable models. After 
applying of the different image segmentation techniques the following conclusions can be made: 

Iso-intensity contour segmentation technique is simple and fast in the implementation, but this 
technique is complicated due to the appropriate intensity value definition; 

Edge-focusing segmentation technique gives good and fast results when the images objects in 
ultrasound image have clear edges. The disadvantage is that when the edges of the investigated 
object are not sharp and distinct, and when there are some edges within examined areas, the 
resulted points of the searched contour are complicated for definition and interpretation; 

Iso-intensity contour and edge focusing segmentation techniques are sensitive to noise; 

The balloon snakes segmentation technique is complicated by the choice of the intemal and 
extemal force parameters. Further more the contours in the given ultrasound image !ie so close 
to each other, that the snake can not separate the searched contour from other contours with 
the similar characteristics. Therefore balloon snake is not used in segmentation of the given 
ultrasound images; 

All these techniques do not detect the fetus contour immediately. In all cases additional post
processing operations must be applied. 

For fetus contour segmentation the iso-intensity contour and edge focusing segmentation tech
niques are used. From the obtained set of the points a form of the fetus can be fitted. The most 
important parts of the fetus are the head and body which have a form of the irregular sphere. 1t was 
decided to fit them with following geometrical figures: sphere and ellipsoid. After the figure fitting, 
the volume of these figures is calculated. 

It is not possible to compare the calculated volume to the actual volume of the fetus. Therefore 
the calculated volume is tested with an ultrasound phantom. Different water and gel balloons are 
examined with the Kretz ultrasound modality. Then the proposed algorithm is applied in order to 
calculate the volume of given objects. 

Fora 20 cm3 balloon a volume of 21.30 cm3 (error of 6.45%) is found when the iso-intensity 
contour technique is used for segmentation. A volume of 16.00 cm3 (error of 20%) is found when the 
edge focusing technique is used for segmentation. 

Fora 40 cm3 balloon a volume of 42.32 cm3 (error of 5.80%) is found when the iso-intensity 
contour technique is used for segmentation. A volume of 38.06 cm3 (error of 4.85%) is found when 
the edge focusing technique is used for segmentation. 

The spherical harmonies built-in function gives a Mathematica output error. At the present time 
Wolfram development department attempts to correct this built-in function. 
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Recommendations: 
The algorithm that is suggested for the automatic volume calculation is promissing but further 

improvements are necessary. The algorithm consists of the following steps image enhancement, seg
mentation, form fitting and volume calculation. 

In this study many image enhancement techniques are described from pixel to global operations. 
The non-linear diffusion techniques give the best image enhancement technique. It appeared 
that the non linear Perona&Malik technique works better when the image is blurred first. Maybe 
the enhancement can be further improved by using more techniques consecutively. 

For the image segmentation techniques the edge focusing, iso-intensity contour and deformable 
models are applied. The first two techniques have the disadvantage that they are susceptible to 
noise. The last technique requires many input parameters. Maybe another image segmentation 
technique can give a better result. The deformable models might give a better result but then a 
closer look at the input parameters is necessary. 

For the form fitting the ellipsoid and the spherical harmonies is used. These techniques need 
to be further tested on well defined objects to determine the errors that are made. The error 
of the fit of the ellipsoid through the points should also be determined. The built-in function 
for spherical harmonies in Mathematica contains some errors. Wolfram Research is informed 
about this error and is working on it, after the problem is solved the spherical harmonies should 
be tested further. The experiments on a well defined object should be repeated enough times in 
order to obtain a sufficiently number of output data for statistics. 

The complete suggested algorithm should be applied to different volume exams, to determine 
whether the enhancement and segmentation techniques depend on the exam. 

The images that are used in this study contain noise and have a low contrast. Therefore it maybe 
useful to test the algorithm on a full term baby just before delivery. In this case only part of the 
baby can be imaged (arm or upper leg), but the results can be compared to the weight just after 
delivery. 
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Read-out Image in Mathematica 
lnstallation parser file for volume file and read-out volume file in Mathematica 

Install["filepath\\KretzVolume . exe"]; 

volume= ReadKretzVolume["filepath\\volumefile.vOO"]; 

lnstallation parser file for voxel size and read-out voxel size in Mathematica 

Install["filepath\\VoxelSize.exe"]; 

voxelsize = GetVoxelSize["filepath\ \volumefile. vOO"]; 

Perona&Malik non-linear diffusuion 
Free parameter k definition [17] 

kpercentile[vol_, a_, perc_, nbins_] : =Module( {max, cummax}, 

grad= ;/ {gDn[vol, {1, 0, O}, {a, a, a}] 2 + 

gDn[vol, {l, 0, O}, {a, a, a}] 2 +gDn[vol, {O, 0, l}, {a, a, a}] 2
); 

max = Max(grad]; 

counts = BinCounts[Flatten[grad], {O, max, max/nbins}]; 

cumcounts = Rest[FoldList[Plus, 0, counts]]; cummax =Max (cumcounts]; 

Length [Select ( cumcounts, { # < perc cummax) & ] ] max / nbins] ; 

Function for the Perona&Malik non-linear diffusion 

(BaL[x,y , z] ) 2 + (OyL[x,y , z] ) 2 + (011 L[x,y,s) )2 

c [k_] : = E- •' 

PM[vol_, ax_, ay_, az_, k_] . -

Simplify[ 

Ox{c(k] àxL[x, y, z]) +oy{c[k] àyL[x, y, z]) +Oz{c[k] OzL[x, y, z])] /. 

Derivative[n_, m_, p_][L][x_, y_, z_] :>gDn[vol, {p, m, n}, {az, ay, ax}]; 

PMevaluation[vol_, 6s_, ax_, ay_, az_, k_, niter_] : = 

Module [ { } , evol ved = vol; 

Do (evolved += 6s {permal [vol, ax, ay, az, k]), {niter}]; evolved]; 
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Euclidean Shortening Flow 
Function for the Euc/idean Shortening Flow diffusion 

ESF[vol_, nrsteps_, a_, evolutionrange_] : = 
Module [ { c5s, volt} , c5s = evolutionrange / nrsteps; volt = vol; 

Do[volt += 

c5s ((gDn[volt, {O, 2, O}, {a, a, a}] *gDn[volt, {O, 0, l}, {a, a, a}] 2 + 

gDn[volt, {2, 0, O}, {a, a, a}] * (gDn[volt, {O, 1, O}, {a, a, a}] 2 + 

gDn[volt, {O, 0, l}, {a, a, a}] 2
) -

2*gDn[volt, {l, 0, O}, {a, a, a}] * (gDn[volt, {0, 1, O}, {a, 

a, a}] *gDn[volt, {l, 1, O}, {a, a, a}] +gDn[volt, {O, 

0, l}, {a, a, a}] *gDn[volt, {l, 0, l}, {a, a, a}]) -

2*gDn[volt, {O, 1, O}, {a, a, a}] *gDn[volt, {O, 0, l}, 

{a, a, a}] *gDn[volt, {O, 1, l}, {a, a, a}] + 

gDn[volt, {0, 1, O}, {a, a, a}] 2 *gDn[volt, {O, 0, 2}, {a, a, a}] + 

gDn[volt, {l, 0, O}, {a, a, a}] 2 * (gDn[volt, {O, 2, O}, {a, a, a}] + 

gDn[volt, {O, 0, 2}, {a, a, a}])) / 

(gDn[volt, {O, 0, l}, {a, a, a}] 2 + gDn[volt, {O, 1, O}, {a, a, a}] 2 + 

gDn[volt, {l, 0, O}, {a, a, a}] 2
)), {nrsteps}];volt]; 

Ellipsoid fitting 
Clear[x, y, z]; 

« Graphics 'Implici tPlot3D' ; 

ConstrM = Table [O, {10}, {10}]; 

ConstrM[ [l, 3]] = ConstrM[ [3, l]] = 2; 

Cons trM [ [ 2 , 2 ] ] = - 1 ; 

ellipsoidFit[data_] . - Module [ {conpar, evecs, smat}, 

conpar = 

Apply[{#l2
, #1#2, #2 2

, #1#3, #2#3, #32
, #1, #2, #3, l} &, data, 3]; 

smat = Transpose[conpar] .conpar; 

] 

evecs = Eigenvectors[Inverse[smat]. ConstrM]; 

First[evecs]. {x2
, xy, y2, xz, yz, z 2 , x, y, z, l} 

equation = ellipsoidFit[inputdatapoints] 

ellipsoid = 

ImplicitPlot3D [equation == 0, {x, 0, Xmax}, {y, 0, Ymax}, {z, 0, Zmax}, 

PlotPoints-+ {#1, #2, #3}, ViewPoint-> {x, y, z}, ImageSize-+imagesize]; 
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Ellipsoid volume calculation 
equation[ [2]] equation[ [3]] 

1 = equation[ [l]]; g = ; a = ------
x x2 

equation[ [4]] equation[ [5]] 
h= ------; b= ; c= 

y xy 

equation[ [7]] equation[ [8]] 
k= ;d=------

z xz 
eequationq2[[9]] equation[[lO]] 

e = ------- · f - ------, - z2 yz 

b d b e d e 
A= {{a, -, -}, {-, c, -}, {-, -, f}}; 

2 2 2 2 2 2 

B= {g, h, k} 

equation[ [6]] 

y2 

4 
ellipsoidvolume = - 7r 

3 

( f B. Inverse [A] . Transpose [ {B}] - 1) "3 

Det[A] 

A3 
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