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Abstract
Breast cancer recognition is an important issue in elastography diagnostic imaging. Breast tumor
biopsy has been for many years the reference procedure to assess histological definition for breast
diseases. But biopsy measurement is an invasive method besides it takes larger time. So, fast and
improved methods are needed. Using elastography technology, a digital image correlation technique can be used to calculate the displacement of breast tissue after it has suffered a compression
force. This displacement is related to tissue stiffness, and breast cancer can be classified into benign or malignant according to that displacement. The value of compression force affects the displacement of tissue, and then affects the results of the breast cancer recognition. Finite element
method was being used to simulate a model for the breast cancer as a phantom to be used in measurements and study of breast cancer diagnosis. The breast cancer using this phantom can be recognized within a short time. The proposed work succeeded in recognizing breast tumor phantom
by an average correct recognition ratio CRR of about 94.25% on a simulation environment. The
strain ratio SR for benign and malignant models is also computed. The result of the simulated
breast tumor model is compared with real data of 10 lesion cases (6 benign and 4 malignant).
The coefficient of variation CV between the simulated SR and the SR using real data reaches to
about 5% for benign lesions and 4.78% for malignant lesions. The results of CRR and CV in this
proposed work assure that the proposed breast cancer model using finite element modeling is a
robust technique for breast tumor simulation where the behavior of real data of breast cancer can
be predicted.
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1. Introduction

This paper introduces a simulation algorithm for breast cancer recognition. The breast is made up of lobes and
ducts. Each breast has 15 to 20 sections called lobes which have many smaller sections called lobules. Lobules
end in dozens of tiny bulbs that can make milk. The lobes, lobules, and bulbs are linked by thin tubes called
ducts. Each breast also has blood vessels and lymph vessels. The lymph vessels carry colorless fluid called
lymph. Lymph vessels lead to organs called lymph nodes. Lymph nodes are small bean-shaped structures that
are found throughout the body. They filter substances in a fluid that called lymph and help fight infection and
disease. Clusters of lymph nodes are found near the breast in the axilla (under the arm), above the collarbone,
and in the chest. The most common type of breast cancer is ductal carcinoma, which begins in the cells of the
ducts. Cancer that begins in the lobes or lobules is called lobular carcinoma. Inflammatory breast cancer is an
uncommon type of breast cancer in which the breast is warm, red, and swollen. Breast cancer spreads in the
body through three ways. They are blood, tissue, and lymph nodes [1].
The early detection of breast cancer is an important issue in breast cancer treatment and curing [2] [3]. Elastography techniques are widely used in breast cancer diagnosing [4]-[7], especially the colored elastography
techniques that assign a certain color to each degree of stiffness of breast tumor [8]. Also, elastography can be
used in breast lesion characterization [9]-[10] in order to construct a classifier used for breast tumor staging [11].
Diagnostic ultrasound imaging [12] [13] using elastic properties of breast lesion [14] [15] is used to get a high
percentage of correct diagnosis for breast tumor in order to decide the suitable steps and the best treatment for
this invasive cancer. In this proposed work an algorithm is being illustrated to recognize breast cancer which is
simulated by a finite element method and improved this recognition algorithm by using a simulated reference
material as an impedance matching material. This matching material is being put between the compression force
surface and the simulated breast tissue. These simulated results on the breast tumor model can be evaluated using real data and real reference material as follows in the proposed work method.

2. Materials and Method
The aim of this work is to build a finite element model FEM representing a compression elastography technique.
The proposed recognition algorithm is shown in Figure 1. This algorithm composes of the following five basic
steps [16]:
1) Initialization step.
2) Applying of compression forces.
3) Get the FEM for breast before and after compression.
4) Correlation of the deformed model resulted from the FEM.
5) Breast cancer recognition.

2.1. Initialization Step
The ultrasound of breast was discussed in various works [7]. Many previous works concentrated on studying
breast cancer through biopsy measurements which is the main reference measurements in breast cancer diagnosis [17], and other works focused on ultrasound imaging of breast cancer [7] [13]. Phantoms can be used to
mimic the soft tissue and other parts in human body, to be tested using ultrasound imaging. These phantoms
used to assess the accuracy of using ultrasound imaging in tumor diagnosis [18] [19]. In this proposed work, an
elastography technique based on a multi-compression force is being used. It is assumed that breast tumor stiffness values were calculated before from biopsy measurements, and these values will be used as references when
recognize breast cancer from elastography images.

2.2. Simulated Benign and Malignant Breast Images
Finite element method FEM using ABAQUS software is used to simulate breast models [20]-[22]. Finite element model of breast cancer is represented as shown in Figure 2. A reference material with stiffness of Er = 5
KPa is used to get impedance matching and good ultrasound wave transmission performance. We put this reference material between the soft tissue and the applied force surface in order to use it in stiffness calculation as in
Section 2.5. In ABAQUS software, the stiffness of the simulated materials is assumed to be 5 KPa, 20.5 KPa,
and 168 KPa for the reference material which was proposed to be the silicon rubber, benign tissue, and malignant tissue respectively [17].
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Figure 1. Block diagram of breast cancer recognition algorithm.

Figure 2. Benign and malignant breast models using finite element method.

2.3. Application of Compression Forces
In FEM, a certain compression force was applied on the proposed model in Figure 2. Model before and after
compression, will be taken to be correlated using the digital image correlation technique as described in the next
section.

2.4. Image Correlation
Digital image processing is a main tool to describe image details and image features [23] [24]. To calculate the
displacement that the pixels of the deformed image move when suffered to a compression force, a digital image
correlation technique may be used. The steps of using the two dimension (2D) digital image correlation are as
follows:
1) Input to the correlation function [25]-[29] the deformed (compressed) and un-deformed (un-compressed)
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images for correlation, and assign the first image (un-deformed or un-compressed) as a reference image for correlation.
2) The correlation function is used to match a subset from the reference image to another in the second deformed image and can be written as follows in Equation (1) [16] [28].

(

) ∑ F ( x, y ) − G ( x , y )

R x=
, y , x* , y *

*

*

(1)

where F(x, y) and G(x*, y*) represent the gray levels within the subset of the un-deformed and deformed images
respectively. R is the magnitude of intensity value difference. Also, (x, y) and (x*, y*) are the coordinates of a
point on the subset before and after deformation respectively. The symbol of the summation represents the sum
of the values within the subset. The coordinate (x*, y*) after deformation relates to the coordinate (x, y) before
deformation, therefore, displacement components are obtained by searching the best set of the coordinates after
deformation (x*, y*) which minimize R(x, y, x*, y*).
3) Make a grid on the reference image for the part needed to be correlated. The grid will contain a number of
N rasters Mn, where n varies from 0 to N ‒ 1, and each raster Mn represents number of pixels of the FEM of
breast image. Assuming that the motion is in one direction only x, then, the position of rasters will be in x direction only and denoted by grid_x.
4) Run the correlation function to the previous grid. The function will give the new position of the grid rasters
on the compressed image in x direction, which is denoted by validx.
5) The displacement for each grid point ∆Lx in x direction (the direction of the applied force) can be calculated
as follows in Equation (2) [16]:
=
∆Lx

grid _ x − validx

(2)

2.5. Breast Cancer Recognition Using FEM
Breast tumor can be recognized according to the displacement ∆Lx calculated in Equation (2). Hooke’s law specifies that the force affecting material is directly proportional to the displacement occurred on each part of this
material as follows in Equation (3) [16] [30]-[33].
F= K ⋅ ∆Lx

where: F is the applied force; K is a constant depends on the elasticity or the stiffness of the material, and X is
the displacement. If the force F is fixed at a constant value, then the displacement will depend only on the elasticity of the material which changes from material to another. The relation between the displacement ∆Lx and the
stiffness E is as follows in Equation (4) [16]:
=
E

Stress
F A
F ⋅L
= =
Strain ∆Lx L A ⋅ ∆Lx

(4)

where A is the cross section area of the material under stress, L is the initial length, and ∆Lx is the displacement.
If L, A, and F are assumed to be constants, then from Equation (4) we can see that the stiffness E is inversely
proportional to the displacement ∆Lx as follows in Equation (5) [16];
Eα

1
∆Lx

(5)

To eleminate the need for a proportionality constant we can write the stiffness of any two materials as follows
in Equation (6) [16];
E1 ∆Lx 2
=
E2 ∆Lx1

(6)

The proposed work uses different forces for compression, and with each force the displacement ∆Lxn of each
raster Mn will be calculated through the correlation function. ∆Lxn is assumed to be the displacement of the
checked raster. ∆Lxr is assumed to be the displacement of the reference raster that has been located in the reference material which has a stiffness value of Er = 5 (KPa). Also, E1 and E2 are assumed to be the stiffness values
of benign and malignant breast tissue respectively. According to the proposed work, the checked rasters n can be
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classified according to Equations (7) to (10) [16] to be one of the following materials; reference material, soft
tissue, benign breast tumor with stiffness of E1, or malignant breast tumor with stiffness of E2.
∆Lxr
=1
∆Lxn
1

∆Lxr E1
≤
∆Lxn Er

(7)
(8)

E1 ∆Lxr E2

≤
Er
∆Lxn Er

(9)

∆Lxr E2

∆Lxn Er

(10)

After correlation, rasters will be classified as soft, benign, or malignant tissues. Results of this classification
will be compared with the original assumed tissues. Different compression forces will be applied and an average
classification result will be calculated from which we can find the correct recognition ratio, CRR, as follows in
Equation (11):

CRR =

No. of correct classified rasters
Total number of checked rasters

(11)

2.6. Strain Ratio for Simulated Breast Lesions
Tissue strain analysis is important for tissue stiffness characterization [34] and can be studied using ultrasound
elastography [35]. Using Equation (2), the strain for each grid point Sx in x direction in the proposed model can
be calculated as follows in Equation (12):

Sx =

grid _ x − validx
grid _ x

(12)

Also, the average strain Ssav and Slav for the breast soft tissue and breast lesion respectively can be
calculated as follows in Equations (13) and (14) respectively:

Ssav =
Slav =

1
Nl

1
Ns

Ns

grid _ xn − validxn

n =1

grid _ xn

∑

Nl

grid _ xn − validxn

n =1

grid _ xn

∑

(13)

(14)

where Ns and Nl are the number of grid points in breast soft tissue and breast lesion respectively. The strain ratio
SR for the breast soft tissue and breast lesion can be calculated as follows in Equation (15):
SR =

Ssav
Slav

(15)

This value of the SR calculated from the proposed finite element model will be compared with the SR value
obtained from real images of breast cancer patients in the next section.

2.7. Strain Ratio for Real Breast Lesions
Real images were taken at National Cancer Institute in Cairo, Egypt using HITACHI Sonograph on 10 lesions (6
benign and 4 malignant). The images are taken before and after compression using an acoustic matching material
of silicon rubber which put between the ultrasound transducer and the patient breast tissue. This silicon rubber
material has stiffness value of 5 KPa and an acoustic impedance of 1.56 MRayl [36] as shown in Figure 3.
The average strain and strain ratio obtained from the Sonograph will be needed to be compared with the values obtained from the finite element model.
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Figure 3. Silicon rubber of stiffness 5 KPa and acoustic impedance
of 1.56 MRayl. (a) Shows the silicon rubber thickness; (b) Shows the
silicon rubber diameter.

2.8. The Coefficient of Variation between the Simulated and Real Strain Ratio
The coefficient of variation, CV, between the simulated SR calculated using FEM and the real SR using real breast
images which measured by HITASHI Sonograph can be calculated as follows in Equation (16):
CV =

σ
µ

(16)

where σ is the standard deviation and can be calculated as follows in Equation (17):
=
σ

1
N

N

∑( Xi − µ )

2

(17)

i =1

where N is the number of set points, Xi is the set of N points and µ is the mean value of the set points that can be
calculated as follows in Equation (18):

µ=

1
N

N

∑ Xi

(18)

i =1

3. Results
3.1. Breast Cancer CRR Using FEM
To calculate the correctness of classification between different breast tumors we will follow these steps:
1) In the FEM domain we will consider set up of three areas, known as a reference material, soft tissue, and a
known breast tumor area.
2) Consider 100 rasters distributed in each of the three areas where the position of each raster in these areas is
known.
3) Apply a compression force in the direction from the reference material to the soft tissue to the tumor area.
As results of the force, each raster will move certain displacement in the direction of the applied force depending
on the material stiffness that contains this raster.
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4) Use the correlation technique to recognize each raster’s new position after the force is applied.
5) From this new position of each raster, the displacement of this raster will be calculated.
6) Use Equations (6)-(10) to classify the material to be either reference, soft, benign, or malignant material.
7) According to the classification of each raster material we fill in Table 1, where from this table the correct
recognition ratio CRR can be calculated for those 100 checked rasters affected by that specific force.
8) Changing the force and go to step (3) and repeat for 10 different values of the applied force, and in each
case calculate CRR.
9) Calculate the average CRR on the 10 different forces.
10) Table 2 shows the average of the 10 tables where each one represents a certain compression force.

3.2. Strain Ratio for Breast Cancer Lesion Using FEM
The strain ratio for the simulated FEM breast lesion can be calculated using Equations (12), (13), and (14) as
follows in Table 3.

3.3. Strain Ratio for Breast Cancer Lesion Using Real Breast Images
The strain ratio for the used 10 real breast lesions can be calculated using HITACHI Sonograph measurement. The
strain ratio for the selected two cases of benign and malignant breast lesions is shown in Figure 4 and Figure 5
respectively.
Table 1. CRR for breast cancer using FEM model using one value of the applied force.
Proposed
100 rasters in each tissue region

Distribution of the recognized 100 rasters
Reference

Soft tissue

Benign breast tissue

Malignant breast tissue

Average CRR

Reference

93

4

3

0

93

Soft tissue

3

95

1

1

95

Benign breast tissue

4

6

88

2

88

Malignant breast tissue

0

2

7

91

91

Average CRR

91.75

Table 2. Overall CRR result of applying 10 different values of the compression force with FEM model.
Proposed
100 rasters in each tissue region

Distribution of the recognized 100 rasters
Reference

Soft tissue

Benign breast tissue

Malignant breast tissue

Average CRR

Reference 10

91

3

5

1

91

Soft tissue 10

2

95

2

1

95

Benign breast tissue

1

3

94

2

94

Malignant breast tissue

1

0

2

97

97

Average CRR

94.25

Table 3. The strain ratio of the breast lesion using FEM.
Benign lesion

Malignant lesion

Breast soft tissue percentage of average strain Ssav%

0.361

0.307

Breast lesion percentage of average strain Slav%

0.419

0.294

SR

0.8616

10.442
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Figure 4. Benign breast lesion strain ratio image taken at National Cancer
Institute in Cairo, Egypt by HITASHI Sonograph.

Figure 5. Malignant breast lesion strain ratio image taken at National Cancer
Institute in Cairo, Egypt by HITASHI Sonograph.

The results of the strain ratio SR of the selected two cases of benign and malignant breast lesions that shown in
Figure 4 and Figure 5 are as follows in Table 4.
The results of the average strain ratio SR for the 10 used breast lesions are as follows in Table 5.

3.4. The Coefficient of Variation CV between the Simulated and Real SR
The standard deviation σ between the simulated SR calculated using FEM and the real SR using real breast images
is calculated using Equations (15) and (16) as follows in Table 6.
We notice that the strain ratio for benign is 0.8616 in simulated model and 0.954 for real data and this gives a
CV of 5%, in this case the simulated model and real results are consistent. From Table 6 we can also notice the
same for malignant lesions.
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Table 4. The strain ratio of the selected two real breast lesion using HITASHI Sonograph.
Benign lesion

Malignant lesion

Ssav%

0.14

0.19

Slav%

0.18

0.02

SR

0.76

7.64

Table 5. The average strain ratio of the 10 real breast lesion using HITASHI Sonograph.
Benign lesion

Malignant lesion

Ssav%

0.27

0.3133

Slav%

0.283

0.033

SR

0.954

9.49

Table 6. The coefficient of variation CV between the simulated and real SR.
SR
µ

σ

CV
(%)

Simulated

Real

Benign

0.8616

0.954

0.9078

0.0462

5

Malignant

10.442

9.49

9.966

0.476

4.78

4. Conclusion
This paper presents a finite element model for different breast tissues including soft, benign, and malignant tissues. This model can be considered as a software phantom that can be used to study breast cancer effects. Results from the model were compared with real data taken at National Cancer Institute in Cairo, Egypt by
HITASHI sonograph. Results from the model and real data agreed to very good extent. As a metric for this
agreement we calculated the coefficient of variation factor which was about 5% that indicates a good agreement.
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