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ABSTRACT
As part of a first of its kind analysis of longitudinal mammograms, there are
thousands of mammograms that need to be analyzed computationally. As a preprocessing step, each mammogram needs to be converted into a binary (black or white)
spatial representation in order to delineate breast tissue from the pectoral muscle and
image background, which is called a mammographic mask. The current methodology for
completing this task is for a lab member to manually trace the outline of the breast, which
takes approximately three minutes per mammogram. Thus, reducing the time cost and
human subjectivity when completing this task for all mammograms in a large dataset is
extremely valuable. In this thesis, an automated breast segmentation algorithm was
adapted from a multi-scale gradient-based edge detection approach called the 2D Wavelet
Transform Modulus Maxima (WTMM) segmentation method. This automated masking
algorithm incorporates the first-derivative Gaussian Wavelet Transform to identify
potential edge detection contour lines called maxima chains. The candidate chains are
then transformed into a binary mask, which is then compared with the original manual
delineation through the use of the Sorenson-Dice Coefficient (DSC). The analysis of 556
grayscale mammograms with this developed methodology produced a median DSC of
0.988 and 0.973 for craniocaudal (CC) and mediolateral oblique (MLO) grayscale
mammograms respectively. Based on these median DSCs, in which a perfect overlap
score is 1, it can be concluded a wavelet-based automatic breast segmentation algorithm
is able to quickly segment the pectoral muscle and produce accurate binary spatial
representations of breast tissue in grayscale mammograms.

ACKNOWLEDGEMENTS

First, I would like to express my thanks for my advisor, Dr. Andre Khalil.
Without his constant support whether it be with academics, lab work, discussions on life
and music, I would not be where I am today. During November of 2018, Professor Khalil
took a chance on a freshman Biomedical Engineering possessing zero programming and
image analysis experience, and throughout these four years, his mentorship has led to the
culmination of an image analysis-based honors thesis centered around the development of
programming skills in C, Tcl, MATLAB, and FIJI. I would also like to acknowledge Dr.
Ladenheim, as she has also been a source of constant support since my freshman year of
undergraduate. Not only did Dr. Ladenheim allow for myself to be accepted into the
Honors College after missing the cut off by a minimal amount, but she has always been a
source support when it came to the discussion of honors courses and how they would fit
into my schedule. In addition, Dr. Ladenheim’s support throughout the construction of
my reading list I am incredibly grateful for. I would like to also thank my other thesis
committee members, Peter Stechlinski, Karissa Tilbury, and Kendra Batchelder, for their
support and feedback regarding my honors thesis.
I would like to also express my thanks to my family for their constant support.
No matter the time or day, they are always there for me and are a phone call away. My
mother’s battle with breast cancer during my freshman year of high school and on
catalyzed my wish to major in Biomedical Engineering and conduct breast cancer
research. Her strength and drive has always inspired me to bring this same amount of
drive and effort to my work. In addition, I would like to thank the Center for

iii

Undergraduate Research (CUGR) and the Honors College for providing opportunities to
become engaged with undergraduate research through both academic and summer
research fellowships. Finally, I would like to thank the University of Maine for providing
me with opportunities to grow as a leader and engineer.

iv

TABLE OF CONTENTS

CHAPTER 1: INTRODUCTION ....................................................................................... 1
CHAPTER 2: BREAST ANATOMY AND INFORMATION .......................................... 4
2.1 Normal Breast Anatomy............................................................................................ 4
2.2 Mammographic Procedure ........................................................................................ 4
2.3 Breast Cancer Statistics ............................................................................................. 5
2.4 The Effect of Dense Breast Tissue on Mammographic Imaging .............................. 6
CHAPTER 3: MAMMOGRAPHIC MASKS .................................................................... 8
3.1 Subjectivity and Limitations of Manual Pectoral Muscle Segmentation .................. 8
3.2 Interhuman Variability in the Manual Segmentation of the Pectoral Muscle ........... 9
3.3 The Use of Binary Breast Tissue Masks for Computational Analysis of
Mammograms................................................................................................................ 11
3.4 Existing Automated Methodologies in Pectoral Muscle Mammographic
Segmentation ................................................................................................................. 12
CHAPTER 4: THE TWO-DIMENSIONAL WAVELET TRANSFORM MODULUS
MAXIMA (2D WTMM) SEGMENTATION METHOD ................................................ 16
CHAPTER 5: APPLICATION OF THE 2D WTMM METHODOLOGY TO
PECTORAL MUSCLE SEGMENTATION .................................................................... 19
5.1 Initial Creation of a Wavelet-Based Pectoral Muscle Segmentation Algorithm .... 19
5.1.1 Acquisition of the Pectoral Muscle Contour Maxima Chain ........................... 19
5.1.2 Acquisition of the Outside Contour Maxima Chain ......................................... 22
5.1.3 Construction of the Automatic Binary Mask .................................................... 22
5.1.4 Programming Implementation of Wavelet-Based Breast Segmentation
Algorithm................................................................................................................... 23
5.2 Statistical Tools to Compare Manual and Automatic Binary Breast Tissue Masks 23
5.3 Cost Function Approach.......................................................................................... 26
CHAPTER 6: CONCLUSION ......................................................................................... 28
6.1 Discussion ............................................................................................................... 28
6.2 Future Research and Algorithm Improvements ...................................................... 29
REFERENCES ................................................................................................................. 31
AUTHORS BIOGRAPHY ............................................................................................... 33

v

LIST OF FIGURES

Figure 1. Representation of breast cancer incidence rise as age progresses (a). Graphical
demonstration of racially predilected nature of breast cancer seen through mortality rates
in which AIAN represents American Indian/Alaskan Native, API meaning Asian/Pacific
Islander, NHB describing non-Hispanic black, and finally NHW demonstrating nonHispanic white (b). Figure reproduced from Ref. [11]. ...................................................... 6
Figure 2. Demonstration of the pectoral muscle seen in a grayscale mammogram (a)
compared to the binary image produced through pectoral muscle segmentation manually
(b). ....................................................................................................................................... 8
Figure 3. Demonstration of manual delineations from two lab members (red and green).
This is seen in CC (a) and MLO (b) grayscale mammograms. The median DSC for the
manual delineation comparison was seen to be 0.988 and 0.983 for CC and MLO
mammograms (c). ............................................................................................................. 11
Figure 4. A screening mammogram (a) is analyzed using the lab’s patented technology
(b). The output highlights areas of breast tissue disruption (yellow) that displays
properties that may favor future tumor growth, along with healthy dense (red) and fatty
(blue) tissue. ...................................................................................................................... 12
Figure 5. A fractional Brownian motion (fBm) image (a) undergoes the 2D WTMM
methodology (b) giving way to the maxima chain overlay (c). Figure reproduced from
Ref. [26]. ........................................................................................................................... 18
Figure 6. (a) – (c) of this figure demonstrates the 2D WTMM chains at size scales 10, 20,
and 30. (d) – (f) demonstrates the resulting maxima chains after thresholded on size and
mean-modulus values for each of the three scales. (g) – (i) demonstrates the final chain
selected in the upper right quadrant distance thresholded (g), after the chain is extended
to the edges (h), and the automatically generated binary mask (i). .................................. 20
Figure 7. Overlapping 360 by 360-pixel grids are constructed to divide a mammogram
into subregions for the analysis demonstrated in Figure 4. These grids are based upon the
manual mask; however, can be extended to evaluate our automatically generated masks.
Grids made for the automatic mask (a), manual mask (b), and overlap of the two grids
(c). ..................................................................................................................................... 24

vi

Figure 7. Overlapping 360 by 360-pixel grids are constructed to divide a mammogram
into subregions for the analysis demonstrated in Figure 4. These grids are based upon the
manual mask; however, can be extended to evaluate our automatically generated masks.
Grids made for the automatic mask (a), manual mask (b), and overlap of the two grids
(c).(c) ................................................................................................................................. 24
Figure 8. Automatic and manually generated masks were compared through the use of
the Sorenson-Dice Coefficient (DSC), Jaccard Index, and grid overlap fraction for
patients 36 and 40 in a preliminary analysis (a). An optimized automatic methodology is
ran on 556 grayscale mammographic images in which the output binary masks are
compared to the manual through the DSC (b). ................................................................. 25
Figure 9. A cost function is implemented through the varying of percentile values
attributed to size and mean-modulus variables. Heatmaps are constructed considered
through these two variables in which the color is dependent upon the DSC value. ......... 26

Table 1. Metrics used in literature to evaluate current methodologies in pectoral muscle
region segmentation .......................................................................................................... 14

vii

CHAPTER 1: INTRODUCTION

Breast cancer is the most common cancers amongst women in this day and age,
occurring in every one in eight.1 Most of today’s research is centered around the
development of a methodology to increase the occurrence of early detection in
mammographic screenings. The Computational Modeling, Analysis of Imagery and
Numerical Experiments (CompuMAINE) Laboratory is a University of Maine based
laboratory developing and utilizing image and signal processing to conquer real-world
problems.2 The introduction of clinical support systems, such as computer aided detection
(CADe), diagnosis (CADx), and triage (CADt), to the medical field has quite rapidly
become yet another useful tool for a respective physician. For breast cancer specifically,
CADx and CADe allow for a given radiologist to not have to solely rely on their
diagnosis as to whether a patient possesses breast cancer or not through their naked eye
assessment. CADt allows for patient prioritization for the respective radiologist, an
example of this is seen through CureMetrix’s CADt system designed to push suspicious
studies to the top of the worklist, while also increasing the rate of recall for suspicious
cases.3 However, current CAD methods are associated with decreased specificity,
increased recall rates of healthy women, and false positives on up to 70% of normal cases
of breast cancer.4–6 With this, the main focus of the CompuMAINE Laboratory is
centered around the application of image analysis techniques to the field of radiomics, a
medical field aimed to extract large amounts of quantitative features from medical
images. This has led the way for the CompuMAINE Laboratory to develop a patented
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methodology designed to assess the microenvironment of grayscale mammograms
through the use of a wavelet-based multifractal image analysis methodology.7,8
However, prior to performing this patented analysis, a binary mask, i.e., a spatial
representation of the breast tissue in a grayscale mammogram, is required. The current
methodology for completing this task is for a lab member to manually trace the outline of
the breast, which takes approximately three minutes per mammogram. This methodology
is quite tedious due to the click and trace nature of following along the pectoral muscle
contour. The sheer nature of human variability in regards to the shape of the breast,
pectoral muscle, and through the technician imaging the breast causes for the
segmentation of the pectoral muscle from grayscale mammograms to be an innate
problem in the creation of these binary masks. The pectoral muscle area of the respective
mammogram is quite high in pixel intensity, and also similar to the intensity seen in that
of dense breast tissue. The innate intensity of the breast tissue causes for attempting to
threshold the pectoral muscle from the grayscale mammogram to ultimately fail, yet there
is a gradient lying between the boundary representing that of breast tissue and the
pectoral muscle region of the breast, which means a contour is present.
With this, the development of an automatic methodology to segment the pectoral
muscle, and create binary masks representing breast tissue in a grayscale mammogram, is
both necessary to address the time cost associated with the manual nature of this task, as
well as the human efficiency associated with delineating the breast tissue. The goal of
this project was to construct a wavelet-based pectoral muscle segmentation algorithm for
grayscale mammograms through the adaptation of the Two-Dimensional (2D) WaveletTransform Modulus Maxima (WTMM) segmentation method.5-10 In order to accomplish
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this, an algorithm was constructed through the use of the lab’s in-house software,
Xsmurf, and the image analysis software FIJI (Fiji is just ImageJ) in order to output
automatically created binary masks.9 A previously acquired dataset of grayscale deidentified mammograms by the CompuMAINE Laboratory from the Maine Medical
Cancer Research Institute (MMCRI), located in Scarborough, Maine, was fed to our
algorithm, in which the results were statistically compared to existing manually created
binary masks through the use of the Sorenson-Dice Coefficient (DSC).10
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CHAPTER 2: BREAST ANATOMY AND INFORMATION

2.1 Normal Breast Anatomy
The female breast consists of approximately 15 to 20 sections, which are known
as lobes. In each of these respective lobes, tiny structures known as lobules exist that end
in larger spherical objects in the breast known as bulbs. The sole purpose of the bulbs in
the breast is the production of milk. The lobes, lobules, and bulbs are all linked together
to create what is basically a vasculature system of the breast. In addition to these three
objects, fat is responsible for filling the gaps between the lobules and the ducts, and the
pectoral muscle lies underneath the respective breast.11
2.2 Mammographic Procedure
Mammography is centered around the use of X-Ray imaging in order to capture
images of the human breast, which comes with exposure to low-dose radiation. The
evolution of mammography has led to the development of digital mammography, also
known as full-field digital mammography (FFDM).12 The digital nature of this
methodology allows for the low-radiation seen through previous film mammography to
be eliminated along with the ability to transfer and analyze these images.12
With the evolution of digital mammography, two different imaging techniques
have emerged: screening and diagnostic mammography. Screening mammography is a
frequent occurrence, as it assists in possibly detecting suspicious breast regions that may
not be felt by the patient or noticed through symptoms. This is conducted through a
radiology technician imaging the patient’s breast from the craniocaudal (CC) and
mediolateral oblique (MLO) views. The MLO mammographic view allows the
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radiologist to see all the breast tissue present, as well as a portion of the pectoralis major.
If the pectoralis major is not shown then the mammogram is discarded and the patient is
reimaged from the MLO point of view. Pressure is applied to the chest wall and the
breast is imaged at an angle of 30-60 degrees in order to acquire the MLO view.13 The
CC mammographic view is acquired through lifting the breast up and applying pressure
from above. This allows for all medial and lateral tissue in the patient’s breast to be seen,
as well as the nipple region of the breast, with no pectoralis major seen.13 The guidelines
of screening mammography are enforced by the American College of Radiology (ACR),
who recommend yearly screening for patients 40 years of age or older in order to aid in
early detection of breast cancer.4 Diagnostic mammography follows that of screening
mammography if a suspicious region or lump is noticed during initial screening.
2.3 Breast Cancer Statistics
As mentioned previously, breast cancer is the most common form of cancer
among women. However, in a study conducted from 2012 to 2016, the incidence of
breast cancer development increased only 0.3%, while the death rate has dropped by 40%
from 1999 to 2017.14 Breast cancer itself is, for some reason, racially predilected, as the
death rate for African American patients with breast cancer still remains 40% higher to
this day.14
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Figure 1. Representation of breast cancer incidence rise as age progresses (a). Graphical demonstration
of racially predilected nature of breast cancer seen through mortality rates in which AIAN represents
American Indian/Alaskan Native, API meaning Asian/Pacific Islander, NHB describing non-Hispanic
black, and finally NHW demonstrating non-Hispanic white (b). Figure reproduced from Ref. [11].

Figure 1 demonstrates both the incidence and death rate for various racial groups from
the study conducted from 2012 to 2016, as it can be seen the majority of breast cancer
cases are in the later decades of life. More specifically, the mean diagnosis age is seen to
be around 62 years of age.14
2.4 The Effect of Dense Breast Tissue on Mammographic Imaging
The correlation between dense breast tissue and difficulty in breast cancer
detection is drastic. It was not until 1976, when John Wolfe vocalized this trend, and
created a set of clinical guidelines in order to determine if the respective patient
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possessed dense breast tissue. These were known as the Wolfe grades labelled as: N1, P1,
P2, and DY. N1 represented that of primarily fatty tissue, while P1 represented a patient
with less than or equal to 25% prominent ducts. P2 was utilized for patients with greater
than 25% prominent ducts. Finally, DY was used to describe dense fibro glandular tissue
of the patient’s breast.15
Women with approximately 60 to 75% dense breast tissue are at a 3-to-6-fold risk
of developing breast cancer, and due to the dense breast tissue, quite possibly not be
diagnosed as dense breast tissue alters mammographic clarity.16 A study was conducted
on a subset of patients, all 40 years or older with no previous instances of confirmed
breast cancer. It was concluded dense breast tissue did not alter both the estrogen receptor
(ER) and progesterone receptors (PR), which are attributed to the development of breast
cancer. However, differences were seen in increased amount of epithelium and stroma
being present in dense breast tissue versus non-dense breast tissue.16 The increased
amount of epithelium and stroma in dense breast tissue is quite important from an
imaging point of view, as these tissues tend to increase the attenuation of the respective
X-Rays utilized in digital mammography more than fatty tissue itself.15
In the current clinical setting, the accepted guidelines for examining a patient’s
degree of breast density are through the Breast Imaging Reporting and Data System (BIRADS) guidelines, which consists of four guidelines: ACR 1, ACR2, ACR 3, and ACR
4.15 ACR 1 describes breast tissue consisting of no more than 25% fibro glandular tissue,
while ACR 2 is up to 50% fibro glandular tissue. ACR 3 represents heterogeneously
dense breast tissue up to 75%, and ACR 4 represents extremely dense tissue up to
100%.15

7

CHAPTER 3: MAMMOGRAPHIC MASKS

3.1 Subjectivity and Limitations of Manual Pectoral Muscle Segmentation
The pectoral muscle is predominantly seen in mediolateral oblique (MLO)
mammographic views of the human breast. Figure 2 (a) demonstrates a right MLO view
of the breast through the use of digital mammography in which the pectoral muscle can
be seen through the shift to relatively uniform pixel intensity. The shift in these pixel
intensities demonstrates the presence of a strong gradient or edge in our image. Figure 2
(b) demonstrates the binary mask created from the manual segmentation of the pectoral
muscle from the mammogram, in which 0 corresponds to the black portion of the image,
while white corresponds to 1. These binary masks are currently created through the use of
the software
FIJI. The

(a)

(b)

respective
mammogram
is loaded into
the software,
and the user
utilizes the
polygon tool
to create a
selection by
tracing along

Figure 2. Demonstration of the pectoral muscle seen in a grayscale
mammogram (a) compared to the binary image produced through pectoral
muscle segmentation manually (b).
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the pectoral muscle contour, and around the outside contour of the breast. Once this
selection is acquired in a manual manner, everything outside the selection is cleared in
order to eliminate the mammographic label and other image artifacts not pertinent to the
area of the mammogram representing the breast tissue area. Finally, the area within this
selection is filled with white pixels. The output is the binary mask representing the breast
tissue area of the mammogram with the pectoral muscle eliminated, which is saved as a
portable network graphics (PNG) image. The manual nature of pectoral muscle
delineation gives rise to an extensive time cost as well as possible variability in breast
tissue boundary determination due to human subjectivity as discussed in Section 3.2.
3.2 Interhuman Variability in the Manual Segmentation of the Pectoral Muscle
Given the binary image nature of the mammographic masks, the comparison
between two masks can be performed through the use of the DSC. The DSC ranges from
0 to 1, in which a value of 1 indicates a perfect overlap similarity value between the two
binary images. The DSC is defined as:
𝐷𝑆𝐶 =

2|𝑋 ∩ 𝑌|
|𝑋| + |𝑌|

(1)

where |𝑋 ∩ 𝑌|, which is defined as the intersection area between the region of interest
(ROI) in the binary masks of comparison, while |𝑋| + |𝑌|, the area summation of the
respective ROIs for the individual binary masks.10 With this, the DSC can then be used to
address the human subjectivity in the pectoral muscle segmentation process. The
CompuMAINE Laboratory has designed an interhuman variability (IHV) analysis to
study the similarity between two human delineators in comparison with one another in
order to establish the ceiling in which an automated masking process can perform. Two
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separate members of the lab were assigned to manually mask 217 mammograms, as part
of a preliminary investigation to this analysis. Each mammogram’s two masks, one by
each of the human delineators, were compared to one another using the DSC in order to
evaluate the IHV seen in this process. A median DSC for the CC and MLO grayscale
mammograms from these analyses was found to be 0.988 and 0.983, respectively. The
varying delineations from these two separate members of the CompuMAINE Laboratory,
as well as the distribution of these 217 DSC’s, can be seen in Figure 3.
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(a)

(b)

(b)

(c)

Figure 3. Demonstration of manual delineations from two lab members (red and green). This
is seen in CC (a) and MLO (b) grayscale mammograms. The median DSC for the manual
delineation comparison was seen to be 0.988 and 0.983 for CC and MLO mammograms (c).

3.3 The Use of Binary Breast Tissue Masks for Computational Analysis of Mammograms
My lab uses a sliding window analysis in order to analyze tissue disruption in the
environment of the human breast.7,8 For each respective mammogram, the manually
generated binary mask is used in which 360 by 360-pixel image subregions are slid
across the mask, in increments of 32 pixels. If at least one of the four corners of the 360
11

by 360 subregions is not lying in the white portion of the mask, thus corresponding to
breast tissue in the mammogram, then this subregion is rejected. Only for these
subregions in which all four corners are lying in the white portion of the mask is the
subregions accepted and the coordinates of these grids are used to segment particular
portion of the patient’s grayscale mammograms. These portions of the patient’s grayscale
mammogram are then used for additional computational analyses, such as the red,
yellow, and blue square analysis for tissue disruption as seen in Figure 4.

(a)

(b)

Figure 4. A screening mammogram (a) is analyzed using the lab’s patented technology (b). The output
highlights areas of breast tissue disruption (yellow) that displays properties that may favor future tumor
growth, along with healthy dense (red) and fatty (blue) tissue.

3.4 Existing Automated Methodologies in Pectoral Muscle Mammographic Segmentation
The methodology constructed in this thesis is compared with existing pectoral
muscle segmentation methodologies in literature. Global thresholding can be utilized to
acquire the most efficient threshold to segment only the pectoral muscle region of the
grayscale mammogram rather than breast tissue.17,18 Issues in this approach lie through
similar pixel intensity between the pectoral muscle region and dense breast tissue as well
12

as assuming the pectoral muscle region of the grayscale mammogram is always triangular
in nature. The manual nature of mammography and anatomical positioning by the
radiologist for imaging causes for the pectoral muscle contour to be non-linear. The
similar intensity nature of these two regions is utilized in a region growing based
approach in which a uniform intensity value (UIV) is calculated based upon the mean and
standard deviation of pixel values, excluding those equal to zero, across the grayscale
mammogram. The UIV is then utilized to fully segment the pectoral muscle region, in
which curve fitting is included as the final step to insure the entire pectoral muscle region
has been segmented.19 In a different approach, the pectoral muscle boundary is acquired
through the use of thresholding, in which an active contour (AC) model is utilized to
search for the true pectoral muscle contour across the grayscale mammogram.20 A graphcut based image analysis technique is utilized to create an ROI contained the entire
pectoral muscle region of the breast. The similar intensities present in this region are used
to ensure the entire pectoral muscle region is acquired in this ROI. In order to acquire the
pectoral muscle contour from the respective ROI, Bezier curves are utilized. The top right
corner of the ROI is selected as a control point for the Bezier curve in which an iterative
methodology is implemented for the final construction of a smoother Bezier curve
representing that of the pectoral muscle contour.21
Machine learning methodologies are also utilized for the segmentation of the
pectoral muscle from grayscale mammograms.18,22,23 An example of this is seen through a
connected component labeling method to remove the pectoral muscle region of the breast
from the mammogram. All mammograms are flipped to the left MLO orientation in
which Otsu’s multi-thresholding approach is used to separate the background, high, and
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low dense regions of the respective input mammogram.18 The company VolparaTM
designed an implementation of the u-net machine learning algorithm to segment both the
breast and pectoral region of the mammogram. Their machine learning approach
additionally utilizes image normalization, algorithmic padding, image sizing and contrast
adjustment, and altering image resolution to improve algorithm efficiency.22 Fuzzy CMeans clustering algorithms can be utilized to acquire the pectoral muscle region of the
breast, while the final pectoral muscle contour is acquired through iterative contour
improvement and validation.23
Table 1. Metrics used in literature to evaluate current methodologies in pectoral muscle
region segmentation
Study
Rahimeto et al.
202118
Gomez et al. 202119
Rampun et al. n.d20
Camilus et al.
201021
Wang et al. 201922
Feudijo et al. n.d23

Evaluation
Metric
Accuracy

Mean Result

Accuracy
DSC
False Negative
(FN)
DSC
FN

95%
0.963 ± 0.026
5.58%

98.62%

0.8879
11.12 ±
12.53%

Evaluation
Metric
Intersection
Over Union
(IoU)
False Positive
(FP)

Mean
Result
0.8362

FP

3.35 ±
8.72%

0.64%

The universal strength seen through the analysis of additional pectoral muscle
segmentation algorithms seems to lie with the use of the DSC for analysis of the accuracy
of the respective algorithm. The use of deep and machine learning algorithms seems to
perform well in segmenting the pectoral muscle. However, weaknesses seen through
these literature reviews lie in the assumption of the pectoral muscle as a straight line,
which indicates breast tissue loss in the creation of binary masks, and/or the necessity to
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train the respective machine learning. This process takes time and can be swayed due to
poor model construction or even the presence of an unbalanced training sample set.
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CHAPTER 4: THE TWO-DIMENSIONAL WAVELET TRANSFORM MODULUS
MAXIMA (2D WTMM) SEGMENTATION METHOD

The 2D WTMM segmentation method is a multi-scale, gradient-based method that
identifies contours representing the locally maximal changes in intensity in an image. A
2D smoothing function called the Gaussian function is used, denoted as 𝜙(𝑥̅ ),24
𝜙(𝑥̅ ) = exp 5−

|𝑥̅ |!
7
2

(2)

where 𝑥̅ represents a given coordinate (x1, x2) and |𝑥̅ | = 8𝑥"! + 𝑥!! . The continuous
wavelet transform is then calculated through the use of the partial derivatives of this
smoothing function (f) with respect to x1 and x2 respectively24
𝜓" (𝑥̅ ) =

∂𝜙(𝑥̅ )
∂𝜙(𝑥̅ )
and 𝜓! (x?) =
.
∂𝑥"
∂𝑥!

(3)

With this, the gradient is calculated through convolving the respective image with the 2D
smoothing function24
𝑇# [𝑓 ]E𝑏?, 𝑎H = E𝑇$! , 𝑇$" H = ∇(𝜙 ∗ 𝑓)

(4)

where * represents the convolution in the image, 𝑏? represents the position, and 𝑎
represents the scale of the convolution. We typically wavelet transform images at 50
different size scales, a = 0, 1, 2, …, 49, where24
%

𝑆𝑖𝑧𝑒 𝑆𝑐𝑎𝑙𝑒 𝑖𝑛 𝑃𝑖𝑥𝑒𝑙𝑠 = 7 × 2"& .
𝑇#! and 𝑇#" represent the two components present in the wavelet transform:24
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(5)

𝑇$! [𝑓] =

1
𝑥̅ − 𝑏?
!
V
𝑑
𝑥̅
𝜓
5
7 𝑓(𝑥̅ ) and T$" [𝑓]
"
𝑎!
𝑎
=

1
𝑥̅ − 𝑏?
!
V
𝑑
𝑥̅
𝜓
5
7 𝑓(𝑥̅ )
!
𝑎!
𝑎

(6)

The resulting gradient is in vector form meaning there is both a magnitude and direction
present. The magnitude of the gradient is known as the wavelet transform modulus (My),
which indicates the gradient’s given intensity, while the direction is known as the
argument (Ay) directing to the largest regions of intensity variation in an image
𝑀$ [𝑓] = Z𝑇$! [𝑓]! + 𝑇$" [𝑓]!

(7)

𝐴$ [𝑓] = 𝐴𝑟𝑔E𝑇$! [𝑓] + 𝑖𝑇$" [𝑓]H

(8)

The maxima points, known as the wavelet transform modulus maxima, or WTMM,
represent the positions in the image where My are maximal. These maxima points are
organized into maxima chains, which can be utilized as edge detection lines, shown in
black below in Figure 5.24–26
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(a)

(b)

(c)

(a)

(b)

Figure 5. A fractional Brownian motion (fBm) image (a) undergoes the 2D WTMM
methodology (b) giving way to the maxima chain overlay (c). Figure reproduced from
Ref. [26].

The CompuMAINE Laboratory possesses an in-house software called Xsmurf
consisting of ~130,000 lines of C and Tcl code in which the 2D WTMM methodology
can be implemented. Through the use of these edge detection lines, the 2D WTMM
segmentation method can be utilized to perform automatic image segmentation for a
variety of images across scientific fields including biomedicine, surface science, solar
physics, astrobiology, etc.8,24,27–29 The 2D WTMM segmentation methodology was first
developed and utilized for the automatic segmentation and analysis of the morphology of
interphase chromosome territories from fluorescence microscopy images.27 This method
was additionally implemented in the automatic detection of coronal loops in ultraviolet
(UV) images of the solar corona, and utilized to segment C. elegans embryonic cell
nuclei in three-dimension image stacks from fluorescence microscopy.28,29 This
methodology was also implemented to track bacteria in digital holographic microscopy
(DHM) time series, as well as for tracking glacier termini from satellite imagery in
southeast Greenland.8,24
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CHAPTER 5: APPLICATION OF THE 2D WTMM METHODOLOGY TO
PECTORAL MUSCLE SEGMENTATION

5.1 Initial Creation of a Wavelet-Based Pectoral Muscle Segmentation Algorithm
5.1.1 Acquisition of the Pectoral Muscle Contour Maxima Chain
Due to the time consuming and prone-to-error nature of manually masking the
pectoral muscle from grayscale mammograms, the goal of this research was to utilize our
wavelet-based edge detection methodology, the 2D WTMM segmentation method, to
automatically discover a maxima chain following the respective contour of the pectoral
muscle. In order to begin working with this, 21 test mammograms were identified from
our lab’s extensive database of anonymized patient mammograms. From a pre-processing
standpoint, the first step was to scale down the respective grayscale mammogram by a
factor of 4 in both the horizontal and vertical dimensions of the image. This was done in
order to account for the zoom factor seen once loading the mammogram into the Xsmurf
software, as only a small region of the entire mammogram was seen, and also to
accelerate the computations. Scaling the image down by a factor of 4 allowed for us to
navigate through all 50 size scales, while being able to see the entire mammogram of
interest. With the correctly sized input image, the 2D WTMM methodology was then
called, in which the scale-by-scale maxima chain information, based on the Gaussian
Function described in Equation 2, was saved in a respective gaussian file (i.e. an image
file similar to the one shown in Figure 5C). In order to visually analyze both which scale
and maxima chain was most similar to the pectoral muscle contour, these gaussian files
were loaded into the Xsmurf program. Once we found that best maxima chain, in addition
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to the scale, we
recorded the chain’s

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

descriptive metrics:
size, mean-modulus,
mass, posfirst, and
distance. Size
represents the
number of maxima
points constructed
into the chain (i.e.
its length); meanmodulus describes
the average gradient
value of the
respective maxima
chain; mass is the
product of size and
mean-modulus;

Figure 6. (a) – (c) of this figure demonstrates the 2D WTMM chains at size
scales 10, 20, and 30. (d) – (f) demonstrates the resulting maxima chains after
thresholded on size and mean-modulus values for each of the three scales. (g)
– (i) demonstrates the final chain selected in the upper right quadrant
distance thresholded (g), after the chain is extended to the edges (h), and the
automatically generated binary mask (i).

posfirst is a
numeric value describing both the x and y coordinates of a point on the respective
maxima chain; distance is a metric used to measure how close the respective maxima
chain is to the top right-hand corner of the respective image, as at this point in time, all 21
test grayscale mammograms were right MLO mammograms meaning the breast is
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positioned on the right side of the image. The goal of this manual chain selection
approach was to discover if there were any trends associated with these 21 chains in
regards to the metrics discussed above.
With this completed, thresholds were created based on the average values of size,
mean-modulus, mass, posfirst, and distance of the visually determined best maxima chain
fitting the pectoral muscle contour for each of the 21 test mammograms. These thresholds
can be seen in Figure 6. For each mammogram and respective scale, if the given maxima
chain passed the size and mean-modulus thresholds, then it was passed off to the next set
of thresholding. The final round of thresholding entailed the creation of a region of
interest (ROI) where if the center of mass of the respective chain was located in this ROI,
then it was selected as a candidate chain. This ROI was one-third of the horizontal and
one-half of the vertical dimension of the input grayscale mammogram (Figure 6 (g)). The
final pectoral muscle chain was selected by choosing, out of those which passed the
thresholds, the one with the largest mass (Figure 6 (h)).
However, these thresholds alone were not enough for the optimal pectoral muscle
contour chain to be acquired in an automatic manner. As described earlier in Chapter 4,
each maxima point constructing the respective maxima chain possesses a modulus and
argument. Due to the nature of the pectoral muscle contour being in relatively the top
right- or left-hand corner for right or left MLO mammograms respectively, it can be
hypothesized the argument points in the direction of this said corner. With this, two new
Xsmurf commands, linemeanarg and lineargstdev, were created to calculate the mean
argument and the standard deviation of these arguments of the maxima chain,
respectively. This allowed for linemeanarg to be implemented as an additional threshold
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to the existing methodology, in which maxima chains with a linemeanarg value between
-1 and 1 would pass. The pectoral muscle chain is then chosen through selecting, out of
all the candidate chains, the one with the smallest lineargstdev, i.e. the straightest one.
5.1.2 Acquisition of the Outside Contour Maxima Chain
As the development of this automatic masking methodology continued, it became
apparent there was a need for the acquisition of a maxima chain representing the outside
contour of the respective grayscale mammogram in order for a binary mask to be
constructed in FIJI. The same initial methodology constructed for the pectoral muscle
contour chain demonstrated in Section 5.1.1 was used to determine the optimal outside
maxima chain for each of the 21 test grayscale mammograms. With this, it was
hypothesized the optimal outside chain could be automatically selected through simply
selecting the chain with the largest mass across all 50 scales of investigation. This
thresholding methodology worked well on the test mammograms; however, through
further investigation, it was determined the implementation of a linemeanarg threshold
between -0.3 and 0.2, as well as a maximum size threshold allowed for the output of the
optimal outside contour chain.
5.1.3 Construction of the Automatic Binary Mask
Once both the pectoral and outside maxima chains are selected from the MLO
mammograms, these individual chain images are saved to PNG files. The image analysis
software FIJI is utilized to construct a script, which is responsible for loading these two
images in, adding them together through the use of the Image Calculator function in FIJI,
and the ROI bound between both chains is filled with white in order to represent the
breast tissue. In some cases, the final selected chain by the wavelet-based breast
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segmentation algorithm does not extend to the sides of the image. In this case, a function
was written to extend the chain to the edge of the image based upon the given slope of the
finally selected maxima chain (see red line segment in Figure 6 (h)).
5.1.4 Programming Implementation of Wavelet-Based Breast Segmentation Algorithm
In regards to the programming side of the implementation, a bash script is
responsible for running the multiple Tcl/Tk scripts in which the masking process is
implemented in. The programming language Tcl/Tk is also the language used to directly
communicate with Xsmurf. Bash itself is a Unix shell, which allows the user to input
specific commands causing actions, such as file organization, renaming, piping, or
executing other scripts and programs without having to execute these scripts individually.
The bash script allows the user to input the patient number or a list of patient numbers,
which then organizes the files for each patient in a specific naming convention followed
by the names of CC and MLO mammograms for the respective patient to be organized
into their respective arrays. For each of these CC and MLO, individual for loops are
executed responsible for creating the gaussian files for the grayscale mammogram and
executing the masking Tcl script.
5.2 Statistical Tools to Compare Manual and Automatic Binary Breast Tissue Masks
In order to evaluate the performance of our automatic algorithm versus the
manual pectoral masking process, the DSC is used in order to evaluate the overlap
between these automatic and manual binary masks. The mathematical implementation of
this metric can be seen in Section 3.2. The Jaccard Index was also utilized in the
preliminary analysis in order to analyze the accuracy of our developed masking
algorithm. The Jaccard Index is similar to the DSC in the sense of statistically
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representing the overlap of two sample sets, in this case the two binary masks. The
calculation of the Jaccard Index is: 30
𝐽(𝑋, 𝑌) =

|𝑋 ∩ 𝑌|
|𝑋 ∩ 𝑌|
=
|𝑋 ∪ 𝑌| |𝑋| + |𝑌| − |𝑋 ∩ 𝑌|

(9)

Additionally, as mentioned in Section 3.3, a computational analysis in the
CompuMAINE Laboratory utilizes these binary masks in which 360 by 360 ROIs are
iterated over the grayscale mammogram and its associated binary mask. If all four
corners of this ROI lie within the white portion of the mask, then the subregion

(a)

(b)

(c)

Fig
ure
8.
Ov
erl
app
ing
36
0
by
36
0Figure 7. Overlapping 360 by 360-pixel grids are constructed to divide a mammogram into subregions
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than solely relying on the DSC, the gridding overlap fraction is able to assess the
difference between two masks from this 360 by 360 subregion comparison.
After establishing a working approach to the production of automatically
generated binary masks of the breast tissue in grayscale mammograms on the 21 original
test images, this approach was extended to the CC and MLO mammograms in both
Patient 36 and 40 from the CompuMAINE Laboratory’s dataset acquired from the
MMCRI. It can be seen in Figure 8 (a), the median of all three statistical tests, the DSC,
Jaccard Index, and gridding overlap fraction, for both CC and MLO views, lie above
0.90, indicating our approach performs relatively the same compared to the additional
approaches in literature in Section 3.4.
(a)

(b)
Wavelet Based Automatic Binary Mask Creation Results (Number of Mammograms: 556 )

Sorenson-Dice Coefficient

1.00

0.95

0.90

Legend
CC
MLO
0.85
CC

MLO

Mammographic View

Figure 9. Automatic and manually generated masks were compared through the use of the SorensonDice Coefficient (DSC), Jaccard Index, and grid overlap fraction for patients 36 and 40 in a preliminary
analysis (a). An optimized automatic methodology is ran on 556 grayscale mammographic images in
which the output binary masks are compared to the manual through the DSC (b).
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5.3 Cost Function Approach
In order to improve the initial results of the algorithm, a cost function was
developed in order to implement automatically generated threshold values rather than a
trial-and-error manner of setting these thresholds in a manual nature. This cost function
approach involved the acquisition of the candidate maxima chain size and mean-modulus
values across all 50 scales for the respective mammogram. This global maximum value
was multiplied by values starting from 0.1 to 0.9 incrementing by 0.1, in which the
resultant value represented the size and mean-modulus threshold values respectively. For
each of these changing thresholds, an output pectoral muscle and outside contour chain
was acquired with the percentile embedded in the filename to keep track.

Figure 10. A cost function is implemented through the varying of percentile values attributed to size
and mean-modulus variables. Heatmaps are constructed considered through these two variables in
which the color is dependent upon the DSC value.

The output mask for each percentile pairing was evaluated through the use of the
DSC, where heatmaps were created to determine the percentile pairing leading towards
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the highest DSC value for patients 36, 40, 44, 60, 62, and 64, as seen in Figure 9. With
this, a size percentile of 0.2 and mean-modulus percentile value of 0.4 were incorporated
into the final version of the algorithm to determine the automatic threshold values. From
this point, a total of 556 grayscale mammograms, Figure 8 (b), have been analyzed
through this methodology leading to the acquisition of a median DSC of 0.988 and 0.973
for CC and MLO mammograms respectively.
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CHAPTER 6: CONCLUSION

6.1 Discussion
The segmentation of the pectoral muscle in grayscale mammograms is a
necessary preprocessing task for various computational analyses in the CompuMAINE
Laboratory. The current methodology in which this task is accomplished is manual,
tedious, and in turn, sub-optimal. The manual and visual inspection nature of this
methodology introduces possible human error while masking, and in turn, possible breast
tissue loss, or alternatively, inclusion of non-breast tissue. Due to this, an automated
breast segmentation methodology can be extended to MLO mammograms to segment the
pectoral muscle from the grayscale mammograms, while also outputting the binary
spatial representation of the patient’s breast tissue.
With this, the goal of this project was to build an automated methodology through
the use of the 2D WTMM segmentation methodology to accomplish this segmentationbased task. This was accomplished in the program Xsmurf through the use of the
programming language Tcl/Tk. As seen in Section 5.1, the implementation of thresholds
using the Xsmurf variables size, mean-modulus, mass, distance, posfirst, linemeanarg,
and lineargstdev were influential in the automatic extraction of an optimal maxima chain
representing the pectoral muscle contour. On a similar note, thresholds utilizing the size,
mass, and linemeanarg were significant in extracting a maxima chain representing the
outer contour of the respective mammogram. This methodology was optimized through
the removal of user-based thresholds with automatic mammographic dependent threshold
percentile values as seen through the cost function developed in Section 5.3. The
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performance of this methodology is evaluated through the use of the DSC. The analysis
of 556 grayscale mammograms have been seen to produce a median DSC of 0.988 and
0.973 for CC and MLO mammograms respectively, as shown in Figure 8 (b). The
analysis of these 556 grayscale mammograms using the automated methodology
developed produced the same DSC as the IHV (0.988) for the CC grayscale
mammograms. For the MLO mammograms, the acquired DSC from the automatic
methodology compared to the 0.983 DSC for the IHV analysis possessed a 1.017 percent
error:
𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐸𝑟𝑟𝑜𝑟 =

|𝐴𝑐𝑞𝑢𝑖𝑟𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒|
∗ 100
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒

|0.973 − 0.983|
=
∗ 100 = 1.017 %
0.983
In conclusion, the 2D WTMM segmentation methodology has proven to be an efficient
and near-perfect methodology for the automatic segmentation of grayscale
mammograms.
6.2 Future Research and Algorithm Improvements
Improvements to the respective masking algorithm can be seen through changes
in the execution of the code to make this program open to the public. For example, the
creation of the respective binary mask could be implemented in sole Tcl rather than the
implementation of FIJI through some additional design implementations. However, in
terms of public accessibility, the approach we used in constructing this wavelet based
automatic breast segmentation algorithm should be moved into either Python or
MATLAB. This would require much programming; however, this has been discussed as a
possible project through the collaboration of the CompuMAINE Laboratory with
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(10)

glaciologists at Boise State University. An improvement to the algorithm could also been
seen through the way in which the candidate maxima chains are selected. With this, a
fitness score could be implemented in order to assign a given maxima chain a score based
upon the number and which thresholds it passes. Ultimately the chain with the highest
fitness score would be selected as the final chain. This represents a fine-tuning
improvement to the algorithm rather than an improvement to public accessibility.
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