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Notation
f ,ψ

Scalar product

f

Norm

ℕ

Positive integers

ℤ
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ℝ

Real numbers

ℝ+

Real positive numbers

f (t )

Continuous time signal

f [ n]

Discrete signal

ψ*
f *ψ

Complex conjugate
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∩
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1. Abstract
Breast cancer is the most common cancer in women. Almost 70% of all the cases detected
from this kind of cancer come from developed countries. The survival rate varies between
40% in undeveloped countries to 80% in developed countries. The determinant factor
which explains the big difference between the two ratios is the early detection of this
disease: the later the disease is detected, the less the chance of survival. Because of this,
the detection of breast cancer in the first stages is important to improve the survival rates
over patients.

In order to do this, the detection should be easy and effective. Microcalcifications are little
deposits of calcium in the breast, indicators of cancer in first stages. The detection of
microcalcifications could improve the options of survival in patients with breast cancer.

This thesis is orientated to improve the detection of microcalcifications in
mammographies through wavelets.
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2. Introduction
Cancer is the most common cause of death in the world; it represents approximately 13%
of the world’s deceasements. One of the cancers that cause a higher toll of deaths is breast
cancer. It is the most common kind of cancer detected in women and represents 16% of all
the cancers found in females. The incidence of it is increasing in developed countries
because of the increase of life expectancy and the adoption of occidental lifestyles.

In 2004, it was estimated that 519.000 women around the word died because breast
cancer. 69% of these cases occurred in developed countries while smaller values of death
taxes are from African countries. It is therefore considered a disease of the developed
countries.

The survival rate varies from 80% in developed countries such as North America or
Sweden to 40% in undeveloped countries. The difference resides in the lack of diagnostic
methods for breast cancer at the first stages, when the cancer is difficult to be detected at
first glance. Normally, in these countries, the cancer is detected in an advanced stage.

Some risk factors are known for the development of breast cancer, for example, the family
history, which multiplies by two or three times the probability of suffer this kind of
disease. 21% of all the deaths caused by breast cancer are attributable to the consumption
of alcohol, overweight and the lack of physical activity. In the developed countries, this
percentage rises to 27%. On the contrary, lactation is a factor for prevention of breast
cancer.

The mammographies are the unique sieving techniques which have proved useful.
According to a study [1]done by the WHO in 2008, if his coverage is above 70%, the breast
cancer death ratio can decrease between 20% to 30% in women of more than 50 years in
developed countries. The mammographies play an important role in the early detection of
breast cancer. Improvement of the early cancer detection techniques greatly enhances
survival rates of women who deal with this disease.
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Microcalcifications are small deposits of calcium. The presence of microcalcifications over
a mammography is a sign of breast cancer at first stages. As the size of microcalcifications
is around 1mm, they are difficult to be detected. As it has been explained before, the
detection of breast cancer is important for improving the survival rate.

Historically, the mammographies where analyzed by an expert radiologist who would
observe and analyze them. Nowadays, some CAD (computer-aided detection) systems are
implemented. The software searches for abnormal areas of density, masses or
calcifications in the digital mammographies that may indicate the presence of cancer. This
is a tool to guide radiologist but not for replace them. For example the one presented in [2]
by Engan.

The objective of this project is the detection of microcalcifications, an early breast cancer
sign. The wavelet analysis is applied to mammographies in order to detect
microcalcifications at their first stages. Different families of wavelets are used for the
analysis, comparing the results between them. Following [3], high regular wavelets are
used to improve the detection of microcalcifications.
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3. Wavelet theory
3.1.

Wavelet bases

The wavelet transform is a technique for decomposing a signal into elementary
contributions. The idea of decomposing a signal as a contribution of different signals is not
new of wavelets. The Fourier transform is based in the same idea. The decomposition
functions in this case are complex exponentials. This transform is optimal in the case of
stationary signals, when a small number of coefficients are needed to represent the
decomposed signal. In case of non-stationary signals, the number of coefficients needed to
explain the phenomenon is high. Here lies the need of another kind of different bases.

The wavelet bases provide a sparse presentation of piecewise regular signals, which
include transients and singularities. By decomposing signals into elementary building
blocks that are well localized both in space and frequency, the wavelet transform can
characterize the local regularity of signals. Depending on the size of the wavelet, the
coefficients can represent regular regions or singularities of the signal. This property of
the wavelet bases has motivated the study proposed in this project.

A wavelet is a function ψ ∈ L2 ( ℝ ) with zero average:
+∞

∫ ψ (t )dt = 0,

Equation 1

−∞

and finite energy:

f

2

=

+∞

∫

Equation 2

f (t ) dt < +∞
2

−∞

.

The wavelet bases are generated by the next expression:

ψ u , s (t ) =

1
t −u
ψ(
)
+
S u∈ℝ , s∈ℝ
S

Equation 3

Where ψ (t ) is the wavelet mother function. By a combination of a different u and s an
orthonormal bases is generated, being u the translation and s the scale.
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The coefficients of the decomposed signal are obtained as the scalar product between the
wavelet bases and the function. Te scalar product is defined as:

f ,ψ u , s =

+∞

∫

f (t )ψ u , s (t )dt

Equation 4

−∞

The function f can be described for orthogonal bases as:

f =

+∞

+∞

∑∑

u =−∞ s =−∞

f ,ψ u ,s ψ u ,s

Equation 5

The wavelet transform can be seen as a convolution between the function and the wavelet:

Wf u , s =

+∞

∫

−∞

with ψ (t ) =

f (t )

1 *  t −u 
ψ 
 dt = f *ψ s (u )
s  s 
,

Equation 6

1
 −t 
ψ *  .
S
S 

If the wavelet is real and since it has zero average, the convolution with the function f
measures the variations of the function in the neighborhood of u proportional to s. As the
window size varies, the wavelet analysis allows the use of long time intervals where we
want more precise low-frequency information, and shorter regions where we want highfrequency information. A way to achieve this is to have short high-frequency bases
functions and long low-frequency ones. When the scale of the wavelet goes to zero, the
decay of the wavelet coefficient characterizes the regularity of the signal in the
neighborhood.

More information can be found in [4] and [12].
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3.2.

Multiresolution analysis

Adapting the signal resolution allows one to process only the relevant details for a
particular task. The approximation of a function f at a certain resolution is specified by a
discrete grid of samples that provide local averages of the signal over a neighborhood of
size proportional to the scale. More specifically, the approximation of a function at a
resolution 2 j is defined as an orthogonal projection of the signal over the space V j .
Multiresolution analysis consists on the projection of a signal into a sequence of successive
spaces Vj .

The closed subspaces Vj satisfy the condition:

...V2 ⊂ V1 ⊂ V0 ⊂ V−1 ⊂ V−2 ⊂ ...
In order to compute this multiresolution analysis a general space Vj has to satisfy some
properties:

lim V j =

j →+∞

+∞

∩ V = {0}
j

j =−∞

+∞

lim V j = Closure( ∪ V j ) = L2 (ℝ)

j →−∞

j =−∞

j
∀( j, k ) ∈ ℤ2 , f (t ) ∈Vj ⇔ f (t − 2 k ) ∈Vj

∀j ∈ ℤ, V j +1 ⊂ V j

t
∀j ∈ ℤ, f (t ) ∈ V j ⇔ f ( ) ∈ V j+1
2
All the spaces are scaled versions of the central space V0 . It may be constant on intervals
defined by I j ,n = [2 n, 2 (n +1)) , where j is the scale and n is the position.
j

j
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The basic tenet of the multiresolution analysis is that if there is a subspace which satisfies

{

}

the previous properties, there exists and orthonormal wavelet bases ψ j ,n ; j , n ∈ ℤ

of

L2 (ℝ),ψ j ,n ( x) = 2− j /2ψ (2− j x − n) , such that, for all f in L2 (ℝ) ,
Pj −1 f = Pj f + ∑ f ,ψ j , n ψ j ,n

Equation 7

n∈ℤ

Where Pj is the projection of the signal into the subspace Vj . To compute the projection of
the signal into the space, a scaling function is needed. This function φ ∈V0 satisfies:

{φ

0, n

; n ∈ ℤ} Is an orthonormal bases in V0 ,

Where, for all j, n ∈ ℤ,φ j ,n ( x) = 2

− j /2

φ (2− j x − n) . The product

Pj f

contains the

approximation of the signal f at the resolution 2 j .

Pj f

2

=

+∞

∑

n =−∞

f , φ j ,n

2

Equation 8

This projection contains the information related to the continuous part of the signal. This
function was introduced by Mallat and works as a low-pass filter of the signal. More
information can be found in [4].

As a consequence of the previous properties of the orthogonal space, when the resolution,
in this case 2 j , takes the value 0, the details of the signal are lost:

lim Pj f = 0

j →+∞

On the other hand, when the resolution progresses to +∞ , the signal approximation
converges to the original signal:

lim f − Pj f = 0

j →−∞

When the resolution is increased, the approximation error depends on the regularity of
the signal f. This error is related to the uniform regularity of f.
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For the computation of the multiresolution analysis, a cascade algorithm is used. A scheme
of the multiresolution analisys is presented in graph 1. Alternatively, the scaling filter and
the mother wavelet are computed over the signal, in order to obtain the coefficients of the
signal at the different levels. The coefficients of the level j+1 are obtained, as explained
above, by the projection of the signal into the space Vj

.

Graph 1 Multiresolution analysis scheme

The coefficients obtained by the projection of the signal over the space created by the
scaling function are called the approximation coefficients while the coefficients obtained
by projecting the signal over the space created by the mother wavelet are called detailed
coefficients. These coefficients are the ones who determine the characteristic part of the
signal.

In the case of images, the detailed coefficients can be obtained in different directions. It
will depend on the way the wavelet is going to be applied over the image: in one hand, if
the image is divided into rows, the horizontal details will be detected. On the other hand, if
the image is divided into columns, the vertical details will be detected.

Below, in image 1, a specific example for images is presented:

Image 1 Original image, first level of decomposition and second level of decomposition of the wavelet transform
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From the original image, the first level decomposition is obtained. The top left image
contains the approximation coefficients. In the opposite corner, at the bottom right, the
diagonal detailed coefficients are represented. The remaining images represent the
horizontal and vertical detailed coefficients.

The image containing the approximation coefficients from the first level is the image used
for obtaining the coefficients for the next level of decomposition. At each level, after the
transform is computed, decimation is computed in both directions in each image.

3.3.

Vanishing moments

The number of vanishing moments of a wavelet indicates the smoothness of the wavelet
function as well as the flatness of the frequency response of the wavelet filters.
A signal ψ has p vanishing moments if:
+∞

∫ t ψ (t )dt = 0
k

for 0 ≤ k < p

Equation 9

−∞

The signal ψ is then orthogonal to any polynomial of degree p-1. If f is regular and the
signal ψ has enough vanishing moments, the wavelet coefficients

f ,ψ j ,n

are small at

k
fine scales. And if the signal is locally C , in a small interval, this is well approximated by a

Taylor polynomial of degree k. If k<p, the Taylor polynomials are then orthogonal to the
wavelets, producing small coefficients at fine scales. It can be proved that the polynomials
of degree p-1 are produced by the scaling functions.

For the decomposition of smooth signals, a higher number of vanishing moments leads to
a faster decay rate of wavelet coefficients. Thus, wavelets with a high number of vanishing
moments lead to a more compact signal representation. A wavelet with a high number of
vanishing moments assign coefficients equal to zero to signals that can be represented
with a Taylor polynomial of a lower degree than the number of vanishing moments of the
wavelet.
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In general, the number of vanishing moments and complexity of the computation of the
wavelet transform increases with the length of the filters.

More information related to the vanishing moments of the wavelets in [4] and [5].

3.4.

Wavelets families

Different wavelet bases are known. Below two of the most used classical wavelets are
described as well as a new kind of wavelet more regular than the classical ones.
3.4.1. Haar

The Haar bases is obtained with a multiresolution of piecewise constant functions. In
image 2, the scaling function and the wavelet function are plotted:

Image 2 Scaling and Wavelet function of Haar wavelet

The Haar wavelet has the shortest support among all the orthogonal wavelets. It present
only one vanishing moment.
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3.4.2. Daubechies

The Daubechies wavelets present a support of minimum size for any given number p of
vanishing moments. The order of these wavelets depends of the number of desired
vanishing moment. In image 3, the scaling and wavelet function are shown:

Image 3 Scaling and Wavelet function of Daubechies wavelet

3.4.3. New Wavelets: Matzinger

With the objective of improving the regularity index of the wavelets, a new wavelet family
has been created. For the construction, the Matzinger polynomials are used:
x

QN ,2 K ( x) = ε N ,2 K ∫ (1 − t 2 ) N −1 (1 − α 2t 2 )2 K −1 (1 − β 2t 2 )dt

Equation 10

−1

Where 1< α <2 and ε N ,2 K such that QN ,2 K (1) = 1 .

Image 4 Scaling and Wavelet function of Matzinger wavelet

In [6], it is demonstrated that the regularity ratio of this kind of wavelet is higher than the
ratio presented by the Daubechies family.
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3.5.

Characterization of singularities: Lipschitz regularity

As mentioned before, a remarkable property of the wavelet transform is its ability to
characterize locally the irregularity of a signal. Mathematically, the local regularity of a
signal is often measured by the Lipschitz exponent.

A function f is said to be de Lipschitz α , where n ≤ α ≤ n + 1 and n being a positive
integer, at x0 if and only if there are two constants A and h'0 >0, and a polynomial of order
n, Pn ( x) , such that for h< h'0

f ( x0 + h) − Pn (h) ≤ A h

α

Equation 11

The function f is uniformly Lipschitz α over the interval [a b] if and only if there is a
constant A and for any value of x0 ∈ [a b] there exists a polynomial of order n, Pn ( x) , such
that the equation above is satisfied if x0 +h ∈ [a b].

A function f that is continuously differentiable at a point is Lipschitz 1 at this point. The
Lipschitz regularity is an indication of the differentiability of the signal. If the regularity α
satisfies n < α < n + 1 then the signal f is n times differentiable at x0 but its nth derivative
is singular at x0 and α characterizes this singularity.
If f ∈ L2 (ℝ) is uniformly Lipschitz α ≤ n over [a,b], then there exists A>0 such that:
α
∀(u, s ) ∈ [a, b] X ℝ + , Wf (u, s) ≤ As

Equation 12

More information can be found in [7].

With s the scale, Wf the wavelet coefficient at the point u and α the Lipschitz exponent of
the signal f at the point u. Knowing α , the behavior of the coefficients across the scales can
be modeled.
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3.6.

Wavelet zoom

The wavelet transform can be seen as the average of a signal in a certain neighborhood.
The neighborhood is determined by the scale, being bigger at high scales and smaller at
lower scales. At low scales, the influence of a singularity on the transform is smaller than
in high scales, as the neighborhood of influence is bigger in the second case.

At this point, is important to introduce the concept of cone of influence. The cone of
influence is related to the compact support of the wavelet used. Supposing that the
compact support of the wavelet ψ is [-C, C], the cone of influence of v in the scale-space
plane is the set of points (u, s) such that v is included in the support of the wavelet ψ .
Since the support of ψ at a point at a scale s is equal to [u-Cs, u+Cs], the cone of influence
can be defined by:

v

0

u

u − v > Cs

u − v > Cs

u − v < Cs

s
Image 5 Scaling Cone of influence

As the scale increase, the influence of a single point increase over the wavelet transform.
Along the scales, the wavelet transform can be seen as a zoom over the signal. Below, a
simple example is presented for a better understanding of the zooming effect of the
wavelet transform over a signal.

The signal of study is a delta allocated in the origin of coordinates:
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Graph 2 Gray level the signal

Now, the wavelet transform is calculated. For the study, seven levels of decomposition are
computed. As a result, the wavelet transform against the scale is obtained:
u
1

2

3

4

5

s

6
10

20

30

40

50

60

Image 6 Cone of influence

Along the increase of the scale, the cone of influence increases, creating a higher number of
coefficients different from zero. It can be considered as a zoom: the smaller the scale is, the
less number of points can be seen. It is easy to observe that the maximal values are
allocated in the same coordinates as the transform at the different levels.

In two dimensions, the evolution of a single point over different scales is an easy way to
understand the concept of zooming effect:
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Image 7 Original image, approximation wavelet coefficients level 1, 2 and 3

The chapter Wavelet zoom of [4] provides more information about the wavelet zooming
effect.
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4. Method
4.1.

Microcalcifications in mammographies

The microcalcifications are a tiny abnormal deposit of calcium salts especially in the
breast. Normally, they are presented as clusters of at least five microcalcifications and it is
an early indicator of breast cancer. A compact cluster of microcalcifications (> 20/ܿ݉2 ) is
statistically significant more frequent in malignant lesions than in benign lesions (75%
against 52%).

According to La Gal, the clusters can be classified in five different types:
Type I

Type II

Type III

Type IV

Type V

Table 1 Microcalcifications type

Attending to the study done in [8], from a database of 400 studied images, 168 present
microcalcifications of type II, 64 of type III, 117 of type 4 and 51 of type 5. The 3 last types
are the ones which present a high number of malignant behaviors. The first type is not
considered as they are almost always benign.

Because of the shape and distribution properties, the ones this study is going to work with
are the types II, III and IV. It the study [8], a total of 349 mammographies present this
kind of disease, 62 of these being malignant cases.
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4.2.

Data base

For the elaboration of this thesis, the database of the mammograph image analysis society
has been used. It counts with a total of 322 images. The images are gray scale images and
they are classified as normal, with presence of calcifications, different kinds of masses or
arquitectural distortion. The coordinates of the center of the abnormality and the size of
the radius of it are also provided.

In the case of microcalcifications, the database contains 26 labeled images. Some of them
have microcalcifications distributed throughout the entire image, while most are
concentrated in small regions. The images are JPEG images.

Also, some labeled DICOM images have been used for testing the algorithm.
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4.3.

Bloc diagram

For the detection of microcalcifications, different processes are implemented. A block
diagram is included in order to present the most important ideas:

Selection of
ROI

Discrete
Wavelet
transform

Selection of
singularities

Local and
global
threshold

Cluster
detection

Each block is explained in detail in the next chapters. The main ideas of each block are
based in the wavelet theory explained in the previous chapter.

In the first block, a preprocessing of the image is done to erasing some elements that are
not interesting for the processing, as some information appearing in mammographies
outside the breast. In the second block, the wavelet transform is computed over the entire
image. In the coefficient selection block, different processes are done in order to erase the
noise and to erase coefficients that after computing the wavelet transform over scales are
not modeled as a possible calcifications.
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The next block establishes a threshold over all the coefficients provided by the previous
block to erase the ones with small modulus. Finally, the points grouped in clusters are
selected as possible microcalcifications.
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4.4.

Image preprocessing

Typically, the images contain not only the breast but other information, there is the need
of erasing the external elements to the breast to avoid false alarms and reduce the
computational cost.

As the images are gray scale and the background is black, it is easy to segment the image
into different regions. As the biggest part of the image (at least, 40% of the image pixels) is
the one which contains the breast, it is the only one that remains in the output image,
where the smallest regions are erased.

Some noise present in the background and information about the mammography is erased
in this process.

An example is shown in image 8:

Image 8 Original image and image after the ROI selection
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4.5.

Wavelet transform

The wavelet transform is a sparse presentation of piecewise regular signals, which include
transients features and singularities. For this reason, the wavelets are a powerful tool for
detecting singularities.

The first step to compute the wavelet transform is the choice of the wavelet. Different
families with different characteristics as the number of vanishing moments or regularity
are available for the study. The second step is computing a multiresolution analysis. As is
explained in the chapter Wavelet theory, images are a special case of signals. As a result of
the multiresolution analysis, four images are obtained at each level of decomposition. The
last step consists in the removal of noise present in the images using the wavelet
transform coefficients. Each step is explained in the next sections.

4.5.1. Wavelet selection

Different wavelet families are available. Some have been presented in the Wavelet theory
chapter.

Two wavelets are used in this thesis : the classical Daubechies 7 and a new one, the
Matzinger wavelet. The new wavelet is more regular than the classical one. For the same
database, the results obtained with both wavelets are going to be compared.

In [6], it is explained how a wavelet with higher regularity provides coefficients with high
modulus than other wavelets. In the following chapters, the importance of high modulus
for the detection of singularities is explained.
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4.5.2. Multiresolution analysis

Multiresolution approximation of signals computes the approximation of signals at various
resolutions with projections on different spaces. Adapting the signal resolution allows to
process only the relevant details for a particular task, in this case, the detection of
singularities.

The approximation of a function at a certain resolution is specified by a discrete grid of
samples that provides local averages of the signal over neighborhoods of size proportional
to the scale. The scale determines the size of the neighborhood where the signal is
measured.

After computing the wavelet transform over the original image, four images containing the
wavelet coefficients are obtained. The first image contains the approximation coefficients.
As we are interested in the detailed coefficients, containing the information of the
singularities, this image is not going to be used for the study. The second and the third
contain the detailed coefficients at horizontal and vertical directions respectively. The last
one contains the diagonal coefficients. As this image does not provides more information
than the previous two, this is not going to be taken into account. So, for the study, the
images used are going to be the two with the vertical and horizontal detailed coefficients.

Image 9 Original image and wavelet tranform. Level 1
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In the image with the horizontal details, the wavelet is applied vertically, that is in the
columns formed by the pixels of the image. In the case of the vertical details, the wavelet is
applied in the rows.

Image 10 Detail of the wavelet transform in the horizontal and vertical direction

Three levels of decomposition are computed. For the second level, the image used as a
base is the image obtained in the first level as an approximation coefficients image.
Successively, the approximation coefficients image of one level is the base for computing
the next level of decomposition.

Normally, decimation is computed for the wavelet transform. For the specific case of
image singularity detection, the spatial information is important, for being able to locate
the different points, so the undecimated wavelet transform is computed. Different
algorithms are explained in [9]. For the elaboration of this thesis, the à trous algorithm has
been used. The multiresolution analysis theory is referenced in [10] and [4].

The coefficients obtained after the wavelet transform, depends on the distribution of the
image. For representing regular regions, the wavelet transform uses a small modulus
coefficients while for the singular parts higher modulus coefficients are needed. This
property makes the wavelet transform useful for compression and for detection of
singularities.
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The microcalcifications represented in mammographies can be modeled as a bright spots
over a homogeneous zone. It makes that for this kind of singularities, the modulus of the
coefficients of the wavelet transform are bigger than others contained in homogeneous
regions of the image at each scale and location.

The microcalcifications should be of a determinate type and size, in addition, so they are
well represented by the wavelet transform, they should be of the types II, III or IV.
Microcalcifications with size larger than 2 pixels of radius are not going to be well
represented, since it exceeds the capability of the wavelet transform. It is important to
remember that the wavelet transform is a piecewise representation and bigger sizes of
singularities are not going to be well represented and, consequently not well detected.
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4.6.

Selection of singularities

The wavelet coefficients amplitude across scales can be related to the local signal
regularity and Lipschitz exponents. Singularities are detected from wavelet transform
local maxima at multiple scales.

As has been explained in the point 3.5, a singularity contained in a signal can be described
as:

f ( x0 + h) − Pn (h) ≤ A h

α

Equation 13

Where f is the signal, x0 is the location of the singularity, P(h) is a polynomial of degree n
and α is the Lipchitz exponent. As described in [11] and [7], if a wavelet has a compact
support, the value of the wavelet coefficient in a certain point at a certain scale Wf ( s , xo )
depends upon the values of the signal in the neighborhood of the point of size proportional
to the scale. At finer scales, it provides localized information of the signal. The modulus of
the wavelet coefficients can be modeled as:

| Wf ( s, xo ) |≤ Asα

Equation 14

The modulus of the wavelet transform depends on a constant, the scale and the Lipchitz
exponent of the signal in a certain point. Modeling the Lipchitz exponent, the decay of the
wavelet coefficient modulus of a single point trough the scales can be known.

For this study, the microcalcifications are modeled as a single bright point in an image,
similar to a Dirac function. To model the behavior of this kind of singularities, a synthetic
image is generated. This image is composed by a single white point into a black
background. It is important to take into account that the size of the image should be big
enough with respect to the size of the wavelet so that we avoid having the border effect.

As expressed in the equation 14, the coefficients depend on the wavelet transform, so it
should be modeled for the different wavelets used in the study. An example with the
results for Daubechies 7 wavelet is shown on the table 2:
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S

| Wf (s, xo ) |

log 2 Wf ( s, x0 )

1

0.5316

-0.9116

2

0.2845

-1.8135

3

0.1442

-2.7939

Table 2 Wavelet coefficient modulus

Three levels of decomposition are computed due to the size of the singularities and the
size of the image. More levels of decomposition do not provide relevant information and
less don not provide enough. Only one coefficient per level is presented, because of the
symmetry between the horizontal and vertical decomposition for a pixel singularity.

From the previous relation between the coefficient and the slope, it can be deduced that:

log 2 Wf ( s, x0 ) ≤ log 2 A + log 2 sα

Equation 15

Logarithm in base two is used because the scale s is going to be a factor of two.

log 2 Wf ( s, x0 ) ≤ log 2 A + α log 2 s

Equation 16

The slope of the decay of the base two logarithm wavelet coefficient is α .

For the specific case presented above in table 2, the decay of the logarithmic modulus
through the scales is represented in the next graph:

Logarithmic wavelet coefficient

Modulus coefficient througth scales
0
-0,5

1

2

3

-1
-1,5
-2
-2,5
-3

Logarithmic Scale

Graph 3 Logarithmic modulus of wavelet coefficient in function of the scale
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It is possible to observe that the slope is always decreasing. For the first slope, the value is
approximately -0.91 and for the second -0.98. From this values, α can be estimated as
approximately -1.

As a microcalcification cannot always be modeled as a simple pixel, at the first scale level,
the slope can increase for after decrease, when the microcalcifications are detected. For
this reason, the slope should be between certain values: the slope is included between 1.5
and -1.5, allowing the detection of different sizes of microcalcifications. Singularities much
bigger than a single pixel are not going to fall between these values so, consequently, they
are not going to be detected.

This process is being done independently in the image containing horizontal and the one
with the vertical coefficients. After the pixels that are not following this condition have
been removed, an AND operation is done between the two images. The condition of
singularity should be fulfilled in all the directions, as the microcalcifications should be as
similar as possible to a single pixel or a circular shape.

For understanding better why an AND operation is done, let’s compare different possible
situations:

Image 11 Black and withe synthetic image

As it has been explained before, the wavelet transform is applied in two directions over an
image. In the case presented in the image, when the wavelet is applied in columns (blue
arrow), no changes are detected, as in the vertical direction the image is constant. In the
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case of applying the wavelet in rows (red arrow), a change is detected. In one direction, a
change is detected, while in the other, nothing is detected.

Image 12 White single point synthetic image

The case presented in image 12 is the model of a microcalcification. The
microcalcifications are represented by a single pixel or a circle of certain radius. The
wavelet transform detects the same change in all the possible directions, in this specific
case in the horizontal and vertical direction. Here lies the requirement of an AND
operation between images.
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4.7.

Noise removal

One of the most important problems we have to deal with in the images is noise. Most of
the noise present in the images is salt&pepper noise. This noise is characterized by the
presence of white or black pixels distributed throughout the entire image. These pixels are
detected by the wavelet transform as singularities and the coefficients associated to them
have high modulus, causing false positives in the detection. It is important to have in mind
that the model of microcalcifications is similar to this kind of noise.

Taking profit that the wavelet transform is used, the noise is going to be removed by a
technique based on it. An image can be expressed as:

x[n] = f [n] + w[n]

Equation 17

The noise is a white Gaussian random process with zero mean and variance σ w 2 . It can be
expressed and represented in function of the position as:

f w ( w, σ w ) =

1
2πσ

e−n

2

2

/(2σ 2 w )

Equation 18

w

1

0.8

σ w2

0.6

0.4

0.2

0
-10

-5

0

5

10

Graph 1 Noise distribution

The cumulative distribution function presents the probability of obtaining a value in a
certain interval. This is obtained as an integral of the probability density function. In the
case of a Gaussian distribution, the cumulative distribution function is expressed and
represented as:
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Φ ( n) =


1
n
1 + erf (
)
2
2σ w 2 


Equation 19

Graph 2 Gaussian cumulative density function

From the cumulative density function, the next graph can be extracted:

Graph 3 Noise probability

In the graph,, the probability of obtaining a certain value in a normal distribution within a
certain region described in terms of the variance is presented. It is easy to observe that the
high part of the values fall between [−2σ , 2σ ]

Known as the 68-95-99.7
99.7 rule or the three-sigma
three sigma rule, for a normal distribution, 99.7% of
all the possible values of the distribution fall between the interval [−3σ w ,3σ w ] . Therefore,
the probability off having a value out of this interval is less than 1%.
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As the point is to erase the coefficients coming from noise, a threshold is defined based on
68-95-99.7 rule. The variance of the noise is calculated for each image automatically with a
matlab function. The coefficients with modulus over 3 times the variance normalized by
the wavelet modulus are not supposed to be part of the noise since there is less than 1%
probability of coming from it.

As a test for this method, a synthetic image is generated adding white noise to a dark
background:

Image 13 Original image with white noise and final image

In the original image, 40.000 pixels of noise are generated. After computing the wavelet
transform and applying the condition at the first level of decomposition in the detailed
horizontal and vertical coefficients, only 12 points different to zero are obtained. Only the
0.03% of the points present in the original image remain at the final image.
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4.8.

Local selection of singularities

The wavelet transform assigns a coefficient to each pixel in the image depending on of how
singular this pixel is with respect to the neighborhood. The more singular it is, the higher
the modulus coefficient is assigned. At this step, the coefficients contained in the image are
singularities following the modeling of microcalcifications. Now, only the highest modulus
coefficients are going to be selected, as we are interested in the most singular pixels over
the image.

This algorithm is explained in [3] by Lemaur. The objective is to detect the highest
coefficients depending on the mean of the image. The mean of the coefficients in the entire
image is computed and all the coefficients are normalized by this mean:

dɶlk =

dlk

∑ (d

Equation 20
lk

)

2

l ,k

Where dɶlk are the detailed coefficients and l and k are the coordinates of the coefficient in
the image. The maxima of all dɶ l k is detected:

{ }

δ w = max dɶlk

Equation 21

The threshold is going to depend on the maximum coefficient.

dɶlk ≥ βδ w

Equation 22

Depending on the selection of the parameter β , the coefficients that do not satisfy the
inequality are removed from the image. The selection of the threshold will condition the
number of coefficients remaining at the output.

This algorithm is done in two parts: the first, locally and the second globally. As the image
does not have the same texture and grey level in the entire image, different regions can be
detected. The estimation of the mean is then better done locally than globally. The image is
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segmented in squares of constant size where the algorithm is applied separately. For the
case of images of 1024x1024 pixels, the squares taken are of size 256x256 pixels.

The threshold used in this case is 0.1, being very low, it erases most of the non interesting
coefficients and keeps the most important. Then, the algorithm is applied to the entire
image, with a threshold of 0.1 or 0.05, depending on the wavelet chosen. This threshold
has been chosen after some testing over the different images in the data base, with the
objective of preserving the coefficients which represent the microcalcifications and
erasing most of the points that are not interesting for the study. In the end, only the
highest coefficients are being contained in the image, having identified the
microcalcifications and some other points that are not interesting for the study and which
will be erased in the next step.
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4.9.

Density of points: cluster selection

Microcalcifications present in mammographies normally are presented in clusters.
Clusters are groups of two or more microcalcifications allocated in a certain region over
the breast. The larger the number of points is, the easier the detection is.

Clusters are composed by different microcalcifications distributed over a certain region. In
the image, the coefficients in these regions are normally high with respect to the other
points in the image, because of the singularities presented over the region. For this reason,
it is interesting to detect groups of points that will be allocated around the
microcalcifications. A higher number of coefficients different from zero will help the
detection of the singularities.

For detecting clusters of points, the density of points is computed over the entire image. A
Gaussian function of density is used, weighing it by the wavelet coefficient modulus.

Image 14 Original image with synthetic points and density distribution of points
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Graph 4 Different views of the density distribution of points

~ 41 ~

80

90

100

The maximum is supposed to be the contribution of the different microcalcifications
allocated in the neighborhood, as it can be seen in graph 4. The higher point corresponds
to the region where more points are allocated.

As more real microcalcifications are being detected, a new threshold should be defined.
After computing the density of points, the higher point over the density is detected. The
threshold will depend on the maximums detected over the entire image, as in the previous
block. Depending on the threshold more points and clusters are going to be detected.

After studying the maximums over the data base, it has been observed that the maximums
in the images with the presence of microcalcifications are significantly higher than the
maximums in the images without microcalcifications. It has been previously reasoned that
the modulus of the wavelet coefficient for the detection of singularities is very important.
The table 3 presents some maximal values extracted from the analysis of the database
using Daubechies 7 for the analysis:
Ill patient
Healthy
patient

16,01

13,31

26,24

35,74

24,13

28,92

9,59

2,03

92,41

93,81

32,

13,

43

96

42,61

50,79

61,63

31,63

40,03

16,98

11,58

14,37

51,91

53,77

21,

12,

42

04

55,7
8,63

Table 3 Maximum of the density distribution over different images of MIAS data base

The mean is a parameter to be taken into account. For the ill patients, the mean of the
maximal values over the density is 42, 27 while for the healthy patients the mean is 25, 57
using Daubechies 7 wavelet. A low threshold is considered as it is preferable to have false
detection than to discard some good detection. The optimal value considered is 25. Under
this value, it is going to be considered that if less than 7 points are detected, the
mammography owns to a healthy patient. More detailed information is explained in the
results chapter in function of the wavelet used.
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5. Results

5.1.

Database

The database used, as it has been explained before, is the MIAS database. The MIAS
database is composed by a total of 322 mammographies. Different kinds of diseases are
present in the data base. Out of all the images, 26 contain microcalcifications. These
images are gray scale and of a constant size of 1024x1024 pixels.

The database classifies the different images depending on the kind of disease the patient
suffers. Different information about each image is provided by the database: type of
background tissue, kind of abnormality present in the mammography (if there is any),
severity of the abnormality and special information about the location of the abnormality.

The spatial information provided by the database is poor and limited. The region where an
abnormality is located is described with a circle centered in the middle of the abnormality.
The information provided by the database is the center of the abnormality and the radius
of the circle that describes the size of the affected region. In some cases, the abnormality is
presented in all the images, as is the case of some images containing microcalcifications.

No other information is provided. In the case of microcalcifications, that are the case of
study of this project, any information about the number of microcalcifications in the image
or the density of microcalcifications in certain regions is shown.
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5.2.

Results evaluation

Before presenting the results, the criterion used to label the results will be briefly
presented. Five possible situations can be observed as an output of the algorithm:

a)True positive

b)False positive

c)False positive

d)False negative

e)True Negative

The red circle shows regions where microcalcifications are supposed to be allocated. This
information is given by the database. The blue dots represent the microcalcifications detected
by the algorithm in the mammography.

The first three images represent images labeled in the database as containing
microcalcifications. In the first image (a), the microcalcifications are detected in the region
where they are supposed to be located. By contrast, in the second image (b),
microcalcifications are detected but not in the region where they are supposed to be. In the
third image, no microcalcifications are detected in a mammography they really should be
detected.

The last two images are labeled in the database as being from healthy patients. In the fourth
image (d), microcalcifications are detected, when they really shouldn’t. The last image (e),
detects nothing, since nothing is supposed to be there.
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The ideal cases are the cases (a) and (e) but, the other three cases can be found as an output.
Using the database, below some results quantifying the different outputs obtained are
analyzed.

Important definitions are the true positive rate and the true negative rate. The first one, the
true positive rate (TPR) is the percentage of images with microcalcifications considered as
well detected over all the images tagged as containing microcalcifications. The criterion for
considering an image as well detected will be explained in the following chapters. The true
negative rate (TNR) is the percentage over all the images without microcalcifications
considered as nothing detected following certain criterion. These two definitions will allow
present the ROC curve of the results of the algorithm.
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5.3.

Tests over synthetic images

To check the validity of the algorithm, some synthetic images are used. The first case is an
image of 200x200 pixels with a single white pixel in the center. Below the results are
presented:

Image 15 Original image, Daubechies 7 and Matzinger detection

The first image contained in image 15 is the original image. The second and the fourth are
the outputs of the algorithm: the original image with a red star over the detected point.
The second has been analyzed with Daubechies 7 and the forth with Matzinger wavelet.
The third and the fifth images are a detail of the second and forth images. In both cases,
the pixel is perfectly detected. As the microcalcifications are going to be modeled as a
single point, this is an interesting case of study to be taken into account.

The next test is done over a black background and a square composed by four pixels:

Image 16 Square analyzed with Daubechies 7

This case is analyzed with the Daubechies 7. The four pixels are detected. The wavelet
analysis is done over tree different resolutions. At a certain resolution, the square can be
seen as a single point, being detected by the wavelet transform. For a square of a certain
size bigger than the previous one, the detection depends on its size and the size of the
wavelet. In a real image not in a synthetic one, we do not only detect the point of interest,
we also detect other singularities.

~ 46 ~

Image 17 Addition of Horizontal and vertical wavelet transform at first, second and third level

As the product between the transform in both directions is done, only the four pixels can
be detected.

Image 18 Square analyzed with Matzinger wavelet

The results obtained after the analysis of the same image with Matzinger wavelet are the
same. The four points are perfectly detected.

As the range of accepted values for the evolution of the slope trough the scales is higher
than the expected value, this big dot composed by 4 pixels is detected. It can be therefore
assumed that some microcalcifications bigger than a single pixel could be detected in
mammographies.

Circles of different sizes are going to be analyzed:
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Image 19 Original image of radius 3, analysez image of radius 3, 5 and 8

The sizes chosen for the analysis are 3, 5 and 8. In each case, as the circle cannot be
perfectly circular, points are detected in the same regions, where changes are present in
both directions. Depending on the size of the circle, the number of detected points varies.
In mammographies with presence of circles as grains, some points are going to be
detected as singularities.

Image 20 Original syntethic image and analyzed image

Now that basic examples have been studied, a complex image is going to be analyzed: in
image 21 a combination of dots of different sizes, lines on horizontal and vertical
directions and a combination of points together.

Image 21 Original synthetic image
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A detail of some parts of the original image are shown: three single points and a
combination of four points.

Image 22 Detailed sections of the original image

The analysis is done again with both wavelets: Daubechies and Matzinger. The results can
be observed below:

Image 23 Images obtained after the analysis using Daubechies 7 and Matzinger wavelets

The singles pixels and the squares are detected as we previously saw. It can be observed
that the lines are not detected, as expected. In the result obtained with the analysis done
with Daubechies, the intersection between the two lines is detected, while in the case of
the Matzinger wavelet is not.

It is interesting to examine the results obtained in the sections presented above:
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Image 24 Detailed section of the analyzed image with Daubechies 7 and Matzinger wavelets

In both cases, the three pixels are detected adequately despite they are not very far from
each other.

Image 25 Detailed section of the analyzed image with Daubechies 7 and Matzinger wavelets

In the case presented in image 25, as the pixels are not isolated singularities, something is
detected, but not correctly. In this situation the singularities are so close to each other, that
the detection is not optimal. When analyzing mammographies, singularities so close to
each others, are not going to be detected properly.
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5.4.

Test over the database

Different situations have been studied in the previous chapter. Now the algorithm is tested
over the database. For this, some parameters are adjusted:
•

The variance taken for the normal distribution function is 10.

•

The local threshold is 0, 1.

•

More than one point should be detected, as the point is detecting clusters.

As the database does not provide more information than the region where the
microcalcifications are supposed to be located, only a binary test can be done. For this
reason the test has been done following the next criterion for each threshold:
•

One (1) is assigned to an image at a certain threshold if at least the half (>50%) of
the points detected are inside the region indicated in the ground truth. These
images are considered as well detected.

•

Zero (0) is assigned to an image at a certain threshold if less than the half (<50%)
of the points detected are inside the region indicated in the ground truth. These
images are considered as wrong detected.

Following this criterion, the next results have been obtained. The information presented is
the ratio of true positives obtained over the total of images tagged as containing
microcalcifications. Different thresholds are adopted for the global threshold and the
density function. Normally, thresholds over 0.6 over the density function do not provide
better results. Only the most outstanding results are presented in table 4:
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Global

0

Threshold over the density function

Threshold

0.05

0.1

0.15

Wavelet

Db

Matz

Db

Matz

Db

Matz

Db

Matz

0

16,67%

16,67%

27,78%

44,44%

27,78%

27,78%

27,78%

27,78%

0.05

16,67%

16,67%

27,78%

50,00%

33,33%

33,33%

33,33%

33,33%

0.1

16,67%

16,67%

27,78%

55,56%

44,44%

38,89%

44,44%

38,89%

0.15

22,22%

22,22%

27,78%

55,56%

44,44%

44,44%

44,44%

38,89%

0.2

27,78%

22,22%

33,33%

61,11%

44,44%

50,00%

44,44%

44,44%

0.25

27,78%

27,78%

44,44%

66,67%

50,00%

55,56%

50,00%

55,56%

0.3

33,33%

44,44%

50,00%

66,67%

55,56%

55,56%

50,00%

55,56%

0.35

38,89%

50,00%

55,56%

66,67%

61,11%

55,56%

50,00%

55,56%

0.4

50,00%

55,56%

55,56%

72,22%

66,67%

55,56%

50,00%

61,11%

0.45

55,56%

55,56%

55,56%

66,67%

66,67%

55,56%

50,00%

61,11%

0.5

55,56%

55,56%

61,11%

66,67%

66,67%

55,56%

50,00%

61,11%

0.55

55,56%

61,11%

61,11%

66,67%

66,67%

55,56%

50,00%

61,11%

0.6

61,11%

55,56%

66,67%

66,67%

66,67%

55,56%

44,44%

61,11%

Table 4 True positive ratio table

Best results for Daubechies wavelet are obtained using thresholds 0.1 and 0.4 or higher
and a density function and at 0.05 and 0.6 respectively. In the case of Matzinger wavelet,
best results are obtained at a threshold of 0.05 and 0.4.

The number of well detected points is important for the study too. For mammographies
containing microcalcifications, the number of well detected points is computed over the
total number of detected points. In table 5, the percentage of points well allocated
according to the ground truth is presented:
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Threshold over the density function

Threshold

0

0.05

0.1

0.15

Wavelet

Db

Matz

Db

Matz

Db

Matz

Db

Matz

0

15,00%

17,43%

22,49%

17,66%

28,16%

30,40%

49,12%

17,66%

0.05

15,12%

17,64%

22,33%

17,82%

28,61%

33,67%

52,23%

17,82%

0.1

16,09%

19,19%

22,65%

18,42%

30,08%

44,41%

58,52%

18,42%

0.15

16,25%

18,23%

23,39%

21,31%

32,90%

51,71%

62,91%

21,31%

0.2

16,00%

16,08%

25,82%

31,29%

51,55%

60,34%

67,58%

31,29%

0.25

15,87%

13,54%

29,74%

36,33%

65,87%

61,96%

68,76%

36,33%

0.3

15,63%

12,90%

37,00%

40,61%

70,90%

66,06%

68,41%

40,58%

0.35

15,98%

15,07%

49,09%

49,88%

72,77%

68,97%

71,00%

49,82%

0.4

20,10%

15,37%

61,50%

57,51%

77,00%

71,08%

67,63%

57,38%

0.45

26,95%

18,40%

66,31%

61,86%

76,65%

71,98%

64,73%

61,69%

0.5

30,65%

22,67%

71,97%

68,32%

77,37%

70,28%

62,99%

68,19%

0.55

38,96%

26,63%

74,12%

72,17%

75,18%

69,52%

61,88%

72,00%

0.6

49,16%

35,44%

74,37%

77,30%

74,90%

69,85%

60,87%

77,06%

Table 5 Percentage of well alocated points into mammographies

Taking into account the results of the two previous tables, the best combination for
Daubechies is 0.1 and 0.5 while with Matzinger is 0.05 and 0.65.
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Below, a table with a summary of the two cases:

Threshold over

Daubechies 0.1

Matzinger 0.05

the density

True Positive

%points well

True Positive

%points well

function

rate

alocated

rate

alocated

0

44,44%

30,08%

44,44%

17,66%

0.05

44,44%

32,90%

50,00%

17,82%

0.1

44,44%

51,55%

55,56%

18,42%

0.15

50,00%

65,87%

55,56%

21,31%

0.2

55,56%

70,90%

61,11%

31,29%

0.25

61,11%

72,77%

66,67%

36,33%

0.3

66,67%

77,00%

66,67%

40,61%

0.35

66,67%

76,65%

66,67%

49,88%

0.4

66,67%

77,37%

72,22%

57,51%

0.45

66,67%

75,18%

66,67%

61,86%

0.5

66,67%

74,90%

66,67%

68,32%

0.55

61,11%

80,08%

66,67%

72,17%

0.6

61,11%

75,61%

66,67%

77,30%

0.65

50,00%

69,37%

66,67%

79,05%

0.7

50,00%

67,36%

66,67%

76,66%

0.75

50,00%

68,25%

66,67%

75,00%

0.8

50,00%

68,33%

66,67%

74,42%

0.85

44,44%

30,08%

61,11%

67,05%

0.9

44,44%

32,90%

55,56%

64,00%

Table 6 Summary table of Daubechies and Matzinger optimal thresholds

The best threshold for Matzinger wavelet is 0.05 in the global threshold and 0.65 in the
threshold over the density function. In this case, approximately 79% of the points are well
allocated into the mammographies. In the case of the Daubechies wavelet, the best results
are obtained taking the global threshold as 0.1 and the threshold over the density function
as 0.4. In this case, the percentage of points well allocated into the image is 77, 37%.

Comparing both wavelets, Matzinger provides a slight improvement over Daubechies
wavelet. As a consequence of the obtained results, it can be deduced that the regularity is
not as determinant factor to improve the results as the methodology followed for the
detection of the microcalcifications or the modeling of the decay of the wavelet
coefficients.
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Mammographies of healthy patients have been studied too. As it has been explained
before, in the Method chapter, a study of the maxima detected over the density function
has to be done. An example is presented in the chapter mentioned before. In function of
the global threshold selected, the mean over the mammographies vary.

In the case of Daubechies with a threshold of 0.1, the mean over the images with the
disease is 29.71 while the mean over the images of healthy patients is 19. 27. Because of
this, the images with a maximum equal or lesser than 20 are going to be studied. It can be
observed, that if less than 8 points are detected, the detection is not correct. This implies
that, if the maximum over the image is 20 or less and less than 8 pixels are detected, it is
considered as if nothing is detected.

In the case of Matzinger 0.05, the average over the images of healthy patients is 25, 58 and
the average over the images without the disease is around 42, 27. According to these
numbers, the images with a maximum smaller than 25, and less than 8 detected points is
going to be considered deprived of any microcalcifications.
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The true negative ratio is presented in table 7 according to the criterion established
before:
Threshold over the
Daubechies 0.1

Matzinger 0.05

0

17,65%

0,00%

0.05

17,65%

0,00%

0.1

17,65%

0,00%

0.15

23,53%

5,88%

0.2

23,53%

11,76%

0.25

23,53%

11,76%

0.3

23,53%

23,53%

0.35

23,53%

23,53%

0.4

23,53%

23,53%

0.45

23,53%

23,53%

0.5

23,53%

29,41%

0.55

29,41%

35,29%

0.6

35,29%

35,29%

0.65

35,29%

35,29%

0.7

41,18%

35,29%

0.75

47,06%

35,29%

0.8

52,94%

41,18%

0.85

58,82%

47,06%

0.9

58,82%

47,06%

density function

Table 7 True negative ratio

It is easy to observe that in images without microcalcifications, the maxima in some cases
is much smaller than the mean and, the number of points detected very high, 2 or 3 times
the average amount of points detected in images with the disease. It could be interesting
to study this for improving the false positive rate.

Below a table with a summary of the average number of points detected per image is
presented. In the first column, the information belongs to images containing
microcalcifications. The second column presents the information of images coming from
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healthy patients. The simulations have been done with the optimal values presented
above:
Threshold over

Daubechies

Matzinger

the density
Ill patient

Healthy patient

Ill patient

Healthy patient

0

403,8

1689,4

769,1

2910,6

0.05

382,9

1678,4

738,4

2900,5

0.1

345,2

1610,1

639,8

2872,3

0.15

284,8

1554,4

480,0

2809,2

0.2

157,6

1506,5

293,5

2714,2

0.25

105,0

1465,9

227,1

2519,6

0.3

84,0

1393,8

185,2

2207,2

0.35

68,6

1169,5

136,7

1891,7

0.4

54,6

643,8

98,4

1526,4

0.45

42,6

216,4

80,8

1280,9

0.5

36,1

96,6

59,3

1080,2

0.55

30,6

62,5

46,1

861,9

0.6

26,9

32,1

35,0

664,1

0.65

28,2

19,3

26,8

439,2

0.7

20,0

14,4

20,9

120,4

0.75

14,6

11,9

18,4

29,6

0.8

12,6

10,1

14,3

11,7

0.85

10,1

8,8

9,6

7,1

0.9

8,2

6,3

8,3

6,3

function

Table 8 Average number of points detected per image

It can be observed that at low threshold, the mammographies of healthy patients contain
many less detected points than the images containing microcalcifications.

At high

thresholds the difference is not very big between the two kinds of images. The number of
points detected at low thresholds can be used as a tool for discarding images without the
disease combining this data with the maxima of the image.

~ 57 ~

It is considered that having false positives is worse than having false negatives. It is more
important to allocate microcalcifications that fail to be detected in the mammography.
With the true positive ratio and the false positive ratio, the ROC curve is printed in both
cases, for the Matzinger and the Daubechies wavelet:

Daubechies
1,0

TPR

0,8
0,6
0,4
0,2
0,0
0,0

0,2

0,4

0,6

0,8

1,0

0,8

1,0

FPR

Graph 5 Daubechies 7 ROC curve

Matzinger
1,0

TPR

0,8
0,6
0,4
0,2
0,0
0,0

0,2

0,4

0,6
FPR

Graph 8 Matzinger ROC curve

The best results are similar in both cases, being the results obtained with Matzinger
slightly according to the ROC curve. For the maxima true positive rate, the value is the
same for both wavelets as explained before. As the false positive rate is higher with
Matzinger wavelet, the best results according to the ROC curve are the obtained with this
wavelet, at the thresholds, 0.05 and 0.65 with a true positive rate of 66, 67% and a false
positive rate of 35, 29%.
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5.5.

Examples

Some examples are going to be presented. As the images or the distribution of the
microcalcifications are not equal, different situations can be present in mammographies.
To obtain the next images, the values adopted for the thresholds are the one presented in
the previous chapter as optimal.

The most common situation is having the microcalcifications concentrated in a certain
region in the image:

Image 26 Mammography analyzed with Daubechies 7 wavelet

As it is shown in image 26, the microcalcifications are well located into the region
indicated in the ground truth. A detail of the image is presented. The red dots indicate the
points where the algorithm has detected a characteristic point.

Next image presents a common situation. As it has been explained in the Noise removal
chapter, almost all the noise is erased at a certain step of the detection process.
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Some pixels of noise are not erased, as they are far from the model presented in the Noise
removal chapter. In these cases, the coefficient assigned to the noise normally has a high
modulus, overshadowing the results.

In the specific case of image 27, the microcalcifications are not clear enough to be detected
over the pixels of noise, which is similar to the model of microcalcifications.

Image 27 Mammography analized with Daubechies 7 wavelet

Not only is the noise the cause of bad detections. In some cases, other regions of the image
are more characteristic than the region where the microcalcifications are present. Some
grains or little veins are marked enough in the image so that they are detected by the
wavelet transform as a microcalcifications. Images 28 and 29 show two examples:
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Image 28 Mammography analized with Matzinger wavelet and a detail of the image

Image 29 Mammography analized with matzinger wavelet and a detaile of the image containing a grain
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Some differences can be observed from the analysis done by the Daubechies and
Matzinger wavelet. Normally, Matzinger wavelet assigns higher modulus to the
coefficients which represent microcalcifications. Fewer points are detected with the
Matzinger wavelet than with Daubechies.

Image 30 Image analyzed with Matzinger and Daubechies 7 wavelet respectively
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Below, in images 31 and 33, two examples of clusters of microcalcifications allocated in a
small region over the breast:

Image 31 Mammography analized with Matzinger and Daubechies 7 respectively

Image 32 Detail of a mammography. alaized with Matzinger and Daubechies 7 wavelet respectively
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Image 33 Image analyzed with Daubechies and Matzinger wavelet respectively

Image 34 Detail of the image analyzed with Daubechies and Matzinger wavelet respectively
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Some images are tagged in the database as containing microcalcifications in the entire
breast. In these cases, lower thresholds provide better results for allocating the
microcalcifications. These kinds of images, at low levels present a higher number of
detected compared to the images which have microcalcifications in a certain region and a
lower number of points than images without microcalcifications. An example is shown in
image 20. The first image is analyzed with Daubechies 7, global threshold 0.1 and 0.4 in
the density function threshold. The second case is analyzed with the same wavelet but
with a threshold of 0.1 and 0.3, only 0.1 under the previous threshold:

Image 35 Image analyzed with Daubechies wavelet at thresholds 0.4 and 0.3 respectively

In the first image, the region is well detected, but a lot of points are missed in the
detection. In the second image, the region afected is better described by the red points.
Below, in image 21, a detail of the region with high density of microcalcifications:
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Image 36 Detail of an image analyzed with Daubechies at thresholds 0.4 and 0.3 respectively

In the second image, taken with a lower threshold than the first one, more
microcalcifications are detected.
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5.6.

Test over DICOM images

The algorithm is tested over some DICOM images. The number of DICOM images is limited
and not a lot of tests can be done over the images. The clusters are indicated in a similar
way than in the MIAS database: a circle indicates the segment of the image where the
microcalcifications are allocated. The position of the circle and the radius of it are not
indicated in this case.

To test the algorithm, the parameters used are the same as for the MIAS database. Some
examples are presented below:

Image 37Original DICOM image, image analyzed with Daubechies 7 and Matzinger wavelet

In image 37, only one cluster is detected in both cases. The analysis is done over the same
image but decreasing the thresholds. In the case of Daubechies7, the global threshold is
taken 0.05:
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Image 38 DICOM image analyzed with Daubechies

In this case, more clusters are detected within regions indicated in the ground truth. The
situation is repeated in other cases, as in image 39 and 40:

Image 39 Original DICOM image, analyzed image with Daubechies 7 and the original thresholds and analyzed
image with threshold of 0.05 and 0.4
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Image 40 Original DICOM image, analyzed image with Matzinger and the original thresholds and analyzed image
with threshold of 0.05 and 0.4

In both cases, when the threshold is reduced, the detection is improved.

These images contain less noise than the ones contained in MIAS database. The detection
is better than the previous one but, some problems, as the presence of grains, are also
present in these images. In the case shown below, some of these grains are detected in the
analysis done with Daubechies wavelet.

Image 41 Original DICOM image, analyzed image with Daubechies and Matzinger wavelet
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Image 42 Original DICOM image, analyzed image with Daubechies and Matzinger
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6. Future Work
The results obtained can be improved by studying some factors that have been observed
during the realization of this thesis. The most important are specified below:

One of the most important problems observed in the study of the MIAS database is that the
noise coefficients detected have normally got a higher modulus than the coefficients that
represent the microcalcifications. Morphological operators can be used for detecting
clusters of more than a determinate number of microcalcifications, eliminating the
problem of noise. This problem has not been detected over the DICOM images, as the noise
is almost insignificant in this kind of images.

The presence of singularities as grains is another important factor that masks the results.
Detecting round shapes before computing the wavelet transform could be a solution. The
points detected in this region will be deleted after computing the wavelet transform and
before computing the local threshold.

Squares of the same size are used for applying the local threshold. A good alternative could
be to segment the image in function of the gray level in the image. The mean computed in
the local threshold would be more precise and would provide more accurate coefficients.

To improve the true negative ratio, the number of points at first levels can be studied. At
explained in the results chapter, at first levels, the number of points detected in images
coming from healthy patients is much bigger than the number of points detected in images
coming from ill patients. This parameter can be useful to label mammographies as
potentially containing microcalcifications.
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