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Abstract: Background: Mammography is the preferred method for the diagnosis of breast cancer.
However, this diagnostic technique fails to detect tumors of small sizes, and it does not work well
for younger patients with high breast tissue density. Methods: This paper proposes a novel tool for
the early detection of breast cancer, which is patient-specific, non-invasive, inexpensive, and has
potential in terms of accuracy compared with existing techniques. The main principle of this method
is based on the use of temperature contours from breast skin surfaces through thermography, and
inverse thermal modeling based on Finite Element Analysis (FEA) and a Genetic Algorithm (GA)-
based optimization tool to estimate the depths and sizes of tumors as well as patient/breast-specific
tissue properties. Results: The study was conducted by using a 3D geometry of patients’ breasts
and their temperature contours, which were clinically collected using a 3D scanner and a thermal
imaging infrared (IR) camera. Conclusion: The results showed that the combination of 3D breast
geometries, thermal images, and inverse thermal modeling is capable of estimating patient/breast-
specific breast tissue and physiological properties such as gland and fat contents, tissue density,
thermal conductivity, specific heat, and blood perfusion rate, based on a multilayer model consisting
of gland and fat. Moreover, this tool was able to calculate the depth and size of the tumor, which was
validated by the doctor’s diagnosis.

Keywords: finite element modelling; breast cancer; thermography; thermal modelling; genetic
algorithm; Comsol Multiphysics; Livelink; MatLab

1. Introduction

One of the most common causes of disease-related death among young women in
developing countries is breast cancer [1]. Changes in a cell genome can be caused by various
factors such as hormonal dysfunctions or external causes, which lead to the development of
cancerous cells. The most important factor is the stage of disease, as it plays an important
role in treatment procedure and the recovery rate [2]. Genetic predisposition, a burdened
family history, lack of childbirth experience, abortions, and age are the main risk factors
that may cause the development of tumor, in addition to lifestyle with pernicious habits
such as smoking, alcohol, obesity, lack of physical activities, etc. [3,4].

Figure 1 shows that breast cancer constitutes 11.7% among all cancer cases including
both genders worldwide [5], whereas the mortality rate from breast cancer for females
is 15.5% among all cases of cancer for females worldwide. It is proven that the early
detection of breast cancer can be highly treatable. According to the stages of the cancer
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development process, patients with stages 2 and 3 of the disease were more common (84%
in the compartment). This is due to the fact that stage 1 breast cancer is only determined
during regular mammography checkup, without clinical manifestations.

Figure 1. Distribution of cancer incidence and mortality rate for both genders worldwide [5].

Major methods of breast cancer diagnosis are mammography, ultrasound investiga-
tion, MRI, and biopsy. The main purpose of a biopsy is to determine if the tumor is benign
or malignant. It involves a microscopic and histochemical examination of a tissue sample.
This procedure is carried out after the discovery of the tumor.

Mammography is currently the most popular method. X-ray mammography is a
classic version of mammography which has been used for several decades. X-ray mam-
mography can be performed on a large number of women in a short time. This is ideal for
mass preventive examinations. The procedure, which compresses the breast, is painful
and uncomfortable. In addition, there are some limitations to its use. Firstly, this type of
mammography is mainly recommended for older women above 40 years of age. This is
because the images are more informative from this age due to the decrease in density of
the glandular tissue of the mammary glands, which allow for the optimal transmission
of X-ray radiation. This method is most effective for large tumors that are denser than
surrounding tissues. Secondly, there is a potential threat of an adverse effect on a woman’s
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body, since this method uses ionizing radiation (X-rays). Therefore, it is recommended that
X-ray mammography be performed no more than once a year.

Ultrasound examination uses high-frequency acoustic waves. The method is used as
the main complementary method for the diagnosis of breast diseases to determine whether
the lump discovered is a cyst filled with liquid or a solid tumor. Ultrasound is more
effective for younger patients as their mammary glands have denser structure.

An MRI scan is best suited for young women who have a hereditary predisposition to
breast cancer. Unlike mammography, magnetic resonance imaging is performed without
X-ray radiation, and the effectiveness of MRI studies does not depend on the density of
breast tissues. However, MRI is very expensive and can be found only in major hospitals
of big cities.

The diagnosis of cancer in its early stages is crucial for its treatment. It is difficult
to diagnose cancer in early stages due to the size of the tumor, which generally does not
induce pain. Existing methods are not conducive for regular mass screening in short
intervals, and they are not suited for regular breast self-examination (BSE) as promoted
by WHO [6]. Some are harmful, painful, or uncomfortable, while others can be expensive
and not readily available. The effectiveness of the approaches can also be dependent upon
factors such as gland density. As a result, many breast cancer cases are discovered in the
late stage when the tumor has become big enough to induce pain and other symptoms
including lymph node damage, drawn nipples, and discolored or destructed breast skin [3].
Treatment in these stages can be challenging.

A non-invasive and inexpensive approach for early breast cancer detection is the
examination of the breast skin surface temperature. Body temperature is a popular indicator
that is used to check human health status. The effective usage of thermal data in clinical
conditions can diagnose many illnesses [7–9]. It is well known that temperature distribution
on the skin depends on factors such as blood perfusion, metabolic rate, and ambient
temperature. Any abnormality such as tumor or inflammation can cause the atypical
distribution of temperature on the skin surface. Tumors have higher heat generation
rates compared with surrounding healthy tissues, thus allowing for the observation of
non-homogeneity in breast thermograms with tumors [10–22].

The study by Prasad et al. [13] compared the accuracy of infrared thermal imaging
(IRTI) and mammography. The results showed that mammography had higher accuracy
(95.38%) than infrared thermal imaging (92.31%). At the same time, thermography was
able to detect three cases of malignant tumor, whereas mammography could not.

Shrestha et al. [14] divided the breast into seven layers including the tumor tissue and
studied the temperature distribution on the breast surface. It was concluded that in the
case of applying dynamic thermography in order to improve tumor detection, the healthy
tissue would reach the steady-state condition earlier compared with the tumor tissue.

Wahab et al. [15] created various models of breasts with different compositions of
glandular and fibrous tissues. It was concluded that the composition of the mammary gland
affects temperature distribution on the breast surface. Further work by Salamunes et al. [16]
examined 123 females using Dual-Energy X-ray Absorptiometry and an Infrared camera.
The results of the study revealed the influence of the fat percentage on the temperature
distribution on the surface of the breast that is captured by IR camera.

Researchers [2,8,17–22] suggested that improvements in the quality of thermal cameras
and the development of machine learning techniques can significantly enhance thermog-
raphy as an adjunct tool for breast cancer detection. They also stated that thermography
could achieve greater advancement if used in combination with segmentation, extraction,
or numerical simulation.

According to Jiang et al. [17] and Bezerra et al. [18], numerical simulation allows for the
study of the relationship between thermal behavior (heat generation, thermal conductivity,
blood perfusion, etc.) and breast physiological states. The most important part of such
study is geometrical modeling, as the model is used for the calculation and definition of
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the variables influencing the physiological change of the breast state. In this regard, it is
important to use the real geometry of the breast, consisting of different layers [14,19–21].

Therefore, in this study, we propose that the combination of thermography and 3D
scanning of the breasts can be used for the early detection of tumors and for further devel-
opment of BSE through the miniaturization of the equipment and Artificial Intelligence
(AI). By using temperature distributions on skin surfaces and the breast’s 3D geometry, it
is possible to use reverse thermal modelling and finite element analysis (FEA) to identify
the presence of tumors in human breasts. Finite element modelling (FEM) is mainly used
for forward simulations in the performance of analyses. On the other hand, by combining
FEM with optimization methods in reverse thermal modeling, it would be possible to
determine personalized tissue properties, based on which reverse thermal modeling and
design optimization can then be employed in order to determine the sizes and locations of
breast tumors.

The novelty of this study lies in the development of a unique tool for the estimation of
the depths and sizes of breast tumors using 3D scans of patients’ breasts and personalized
tissue parameters such as density, fat/gland contents, specific heat, and conductivity
through reverse thermal modeling. This tool consists of an FEM solver and optimizer,
using thermograms and 3D breast scans as inputs. Optimization is used to search for
optimal patient-specific parameters based on temperature distribution on the breast skin
and for thermal modelling using FEM, which is called backward thermal simulation.
For this study, the experimental procedure involved the collection of clinical data such
as 3D models of the breasts and thermograms (skin surface temperature distributions).
The temperature readings and 3D models of healthy breasts, personalized data such
as thermal conductivity, specific heat, density, and blood perfusion heat loss rate were
computed for each patient by using reverse thermal modeling, which combines FEM and
design optimization. These parameters were then used for reverse thermal modeling
through FEM and design optimization based on the patient-specific data obtained above to
search for the sizes and depths of tumors. Each procedure included patient-specific data
and diagnostic results from a medical doctor, which was then used to validate the method
proposed herewith.

2. Clinical Data Collection

This study involves the collection of patient data (Figure 2a) in a clinic; surface
temperature data was collected using a non-invasive infrared imaging camera and the
scanned geometry of the breast was taken using a 3D scanner. The study was approved by
Nazarbayev University Institutional Research Ethics Committee (identification number is
294/17062020).

Figure 2. Clinical office for collecting patient data (a), the 3D Scanner Sense 2 (b), and IR camera IRTIS-2000 ME (c).
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The geometry of the breast was scanned by a smart 3D scanner called Sense 2 from 3D
Systems (Figure 2b), which is a very light and easy-to-use scanner with excellent resolution,
used for scanning objects from 200 to 2000 mm, and with a scanning accuracy of 0.9 mm.
The front panel of the device is equipped with two cameras and an IR sensor. The scanner
generates 3D models of the subjects being scanned by using image processing, while the IR
sensors are used to measure the distance between the scanner and the patient. Temperature
distributions on the breast skin surfaces were recorded by the thermal camera IRTIS-2000
ME (Figure 2c), which is used for medical research and in the diagnosis of a wide range of
illnesses, including oncological diseases. Its temperature resolution for the entire field of
view is 0.02 ◦C and its temperature measurement accuracy is 0.1 ◦C.

The collected information was used to generate 3D solid breast models to serve as
input in the proposed diagnostic method for tumor diagnosis. The collection of data was
conducted in the Oncology Center in Nur-Sultan city, Kazakhstan.

The 3D scanner exports data as surfaces in the STL format rather than full-sized 3D
solid models. Therefore, the geometric data had to be manually processed in order to fully
construct 3D solid breast models in a CAD system. A scanned model is shown in Figure 3
as an example.

Figure 3. A 3D scanned model of the breast.

The scanned surface model was then processed and manipulated in a CAD program,
converting it into a full-fledged 3D solid model from which FEM meshes could be generated
for FEA simulation and reverse thermal modeling (Figure 4).

Figure 4. Full-fledged 3D model of the breast.
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3. Governing Equations

The human body continuously generates heat through metabolic processes. Heat
exchanges among internal organs and the external environment occur through conduction,
convection, and thermal radiation, which can be described by the energy conservation
equation for bioheat transfer as follows:

.
Qgenerated =

.
Qstored +

.
Qlost +

.
W (1)

where the term Qgenerated stands for the rate of heat generated by metabolic process; Qstored
is the rate of heat stored in tissues and fluids; Qlost is the rate of heat lost to the environment;
and the work performed by the tissues is W, which can be neglected due to its low value.

During metabolic process, the heat generation rate
.
qm(x, t) varies in the range of

5–10,000 W/m3. Integrating heat generation rate over a control volume gives the following:

.
Qgenerated =

∫
v

.
qm(x, t)dv (2)

where x stands for spatial coordinate and t is time.
Heat stored in control volume is:

.
Qstored =

∫
v

ρc(x)
∂T(x, t)

∂t
dv (3)

Fourier’s law of conduction as a form of heat loss over the control volume surface can
be expressed as follows:

.
Qconducted =

∫
A

k∇T(x, t)·n̂ dA (4)

where k is the thermal conductivity of the tissue.
Heat loss rate due to blood perfusion is also a component of heat lost to blood flow,

according to Fick’s law:
.
qblood = ρbcb

.
wb(T− Tv) (5)

where ρbcb stands for blood heat capacity and
.

wb for volumetric blood perfusion rate; Tv is
the arterial temperature.

By substituting all the above equations into Equation (1) and converting the surface
integration into volume integration with Gauss’ theorem, subsequently dropping the
integrals when the control volume tends to zero, we will then obtain the Pennes bioheat
equation [23] at a point in the space inside the breast in PDE form:

ρc
∂T
∂t

= ∇·k∇T + ρbcb
.

wb(T − Tv) +
.
qm (6)

From the bioheat equation, it can be seen that in steady state conditions, the term
on the LHS of Equation (6) disappears. The following equation describes the boundary
condition on the skin surface for heat convection with the surrounding air:

− k∇T = h(T− Tambient) (7)

where h is the convection coefficient, with an assigned value of 13.5 W/m2 ◦C, according
to [24].
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4. Numerical Methods

The Pennes equation is reformulated as follows:

ρC
∂T
∂t

+∇·
(
−
→
k∇T

)
= ρbCbwb(Tb − T) +

.
qm (8)

where
ρ is tissue density (kg/m3);
C is tissue heat capacity (J/(kg K));
T is temperature (K);
→
k is tissue thermal conductivity tensor (W/(m K));
ρb is blood density (kg/m3);
Cb is blood heat capacity ( J/(kg K));
wb is blood perfusion rate (m3/(m3s));
Tb is temperature, arterial blood (K);
.
qm is metabolic heat source (W/m3).

To estimate the effects of density and specific heat of tissues, the transient heat transfer
process should be considered [24].

A numerical solver for the bio-heat equation based on the Finite Element Method
(FEM) was used. Considering Equations (6) and (7), a finite element model can be obtained
as follows:

t
v

(
kx

∂W1
∂x

∂T
∂x + ky

∂W1
∂y

∂T
∂y + kz

∂W1
∂z

∂T
∂z −

( .
qm + ρbCbwb(Tb − T)

)
W1 + ρc ∂T

∂t W1

)
dv +S hc(T − Tambient)W1ds = 0 (9)

where V is the volume integral range, S is surface integral range, and W1 is the
weighting function used in the FEM spatial discretization scheme.

The following steps should be taken to determine the numerical solution: create the
3D geometry model of the breast; mesh the geometry; define tissue material, as well as
thermal and physical properties; specify the boundary conditions of the model; and finally,
solve the governing equation numerically.

5. Multilayer Model

Real breasts are not homogeneous in tissue types and material properties, and they
consist of different layers of tissues, with different physical parameters. In this case, the
use of a multilayer geometric model of the breast will increase the accuracy of thermal and
reverse thermal modeling, improve the search for physical parameters, and enhance the
study of the characteristics of the tumor. The proposed model consists of two layers: gland
and fat (Figure 5). The aim of this study was to find the parameters of each layer and the
volumetric percentage of the fat and gland in the breast.

Figure 5. A 3D personalized multilayer model of a breast consisting of gland and fat layers, and a tumor.
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6. Design Optimization Methods

A genetic algorithm is adopted in the optimization process in reverse thermal model-
ing to search for tissue properties, tumor sizes, and locations based on input breast surface
temperature values measured by the IR camera. It is based on a biological evolutionary
theory and numerically applied to optimization problems. The algorithm was originally
developed by Johny Holland [25]. Its concept for the canonical genetic algorithm procedure
is shown in Figure 6.

Figure 6. Standard procedure of a canonical genetic algorithm [25].

The first step is initialization, where the first population of search properties is gener-
ated randomly. From the population, xi individuals are picked based on their probability
to breed into the next generation. The probability is calculated by the relation of individual
and total fitness values, which are estimated through thermal modelling based on the
accuracies of their surface temperature predictions in comparison with the corresponding
input measured values:

P{xi is selected} = f (xi)

∑m
j=1 f

(
xj
) > 0 (10)

The next step is to cross over selected individuals. Supposing there is a chromosome
with length l. A random number c is picked from 1 to l. As an example, the first child’s
chromosome is formed from the first c elements of the second parent, and the last l to c
elements of the first parent. For the second child, the procedure is reversed. An example is
shown in Figure 7.

Figure 7. Crossover operator example.

The last step is to implement a mutation on each child’s chromosome. The random
number v is generated between 1 and l, so that the v-th element in the gene randomly
changes to 0 or 1, with probability ranging from 0.001 to 0.01. The procedure in Figure 6 is
repeated until the fitness value is met [26].
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7. Model Setup

In order to run numerical simulations, boundary conditions should be set according
to experiment. During the collection of patient data, room temperature was recorded,
therefore providing each simulation with its own ambient temperature (Table 1).

Table 1. Experiment ambient temperature.

Patient Number Ambient Temperature [◦C]

1 26.60 ± 0.1

2 24.60 ± 0.1

3 20.77 ± 0.1

4 26.95 ± 0.1

5 26.21 ± 0.1

The convection coefficient was set at 13.5 W/m2 ◦C, as stated earlier and according
to a previous study [27]. The internal thoracic wall was set to a constant temperature
for internal organs at 37 ◦C. The third component of the Pennes equation is internal heat
release due to metabolism. Blood perfusion is defined as the volumetric blood flow, based
on an average flow rate per volume of tissue, in an area that contains sufficient capillaries.
Most tissues, including most of the skin and brain, have high perfusion, with a perfusion
coefficient designated as wb. These parameters are listed in Table 2, according to [27].
In this study, two computational studies were conducted: the first part assumed that
there was no blood perfusion, which means that wb was zero; in the second part of the
study, blood perfusion was added to the equation. Reverse thermal modeling with an
optimization process and 3D breast geometry and thermograms as inputs will help to
find patient-specific tissue properties, which are a key novelty of this study. The heat
transfer parameters as thermal conductivity, specific heat and density, and blood perfusion
coefficient and fat/gland contents were obtained from different patients by reverse thermal
modeling with design optimization, as described above.

Table 2. Pennes equation parameters [27].

Parameter Name Breast Tumor

Blood perfusion (mL/s/mL) 0.0006 0.012

Arterial temperature (◦C) 37 37

Metabolic heat generation
(W/m3) 700 70,000

In the GA-based optimization, the number of samples for the first generation is 100,
further generations consist of 50 samples, and the maximum number of generations is 20.
The objective in the optimization was set to minimize the difference between computed
temperature and temperature from experimental measurements from patients.

The FEM analysis was performed using Comsol Multiphysics with the following steps:

1. Create new parametric material in Material library;
2. Link with Solidworks to import 3D geometry;
3. Set depth and radius of tumor parametric;
4. Set simulation to transient;
5. Generate mesh;
6. Set constant temperature of 37 ◦C to thoracic wall;
7. Set convection on breast skin surface;
8. Set internal heat generation for tissues;
9. Set temperature probes on skin surface.
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Comsol Multiphysics has an optimization tool based on stochastic and gradient-based
methods. The disadvantage of those methods is that they can get stuck in local minimums.
In order to overcome this problem, Comsol Multiphysics is coupled with MatLab Livelink,
where MatLab can be employed for GA optimization while Comsol Multiphysics is used
for finite element analysis. MatLab is capable of performing the optimization process, while
MatLab Livelink can make the MatLab optimizer and the Comsol FEM solver communicate
to perform the optimization and FEA simultaneously in order to achieve the objectives of
finding patient-specific tissue properties and tumor sizes and locations. Additionally, this
tool also requires Solidworks Livelink, so that the tumor model can be moved inside of 3D
multilayer model in the optimization design parameter search, which is then redrawn by
the CAD program and imported into the FEA program again for subsequent FEM mesh
regeneration and FEA computations in the whole optimization loop (Figure 8). The fitness
function for MatLab is presented in Algorithm 1.

Algorithm 1 The fitness function for MatLab

function y = function name(x)
import com.comsol.model.*
import com.comsol.model.util.*
model = mphload(‘filename’)
model.param.set(‘Parameter_1′, x(1));
model.param.set(‘Parameter_2′, x(2));
model.study(‘std1’).run;
T = mphinterp(model,’T’, ‘coord’, [x,y,z]’);
Temp = T(end);
y = abs(Temp − Temp_exp);
end

Figure 8. Optimization algorithm for Comsol.

The first line defines the name of the function y. Code lines from the second to the sixth
open the Comsol model and set the required parameters. The line “model.study(‘std1’).run”
activates the simulation, and the code mphinterp(model,’T’, ‘coord’, [x,y,z]’) extracts tem-
perature values from given coordinates. Finally, the fitness function y is the absolute value
of differences between the computed and experimental temperatures.

Thus, the research methodology is demonstrated in Figure 9, which summarizes all
the stages of the integrated diagnostic tool.
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Figure 9. Block diagram of the proposed research.

8. Results and Discussion

In this study, five patients’ data were used to perform the patient-specific reverse
thermal modeling and tumor diagnosis in order to demonstrate the capabilities of the
technique developed and to validate the models built. Table 3 demonstrates the age and
demographic details of each patient.

Table 3. Age and demographic details of each patient.

Patient
Number Age Sex Number of

Pregnancy
Number of

Births
Age of First

Birth

Family
History of

Breast
Cancer

Age of
Onset of

Menstrua-
tion

Age at
Menopause

1 59 Female 5 2 25 1 14 53
2 45 Female 9 7 19 0 12 Not started
3 59 Female 5 2 25 1 14 53
4 58 Female 4 3 22 0 12 49
5 52 Female 3 2 23 0 12 51

A mesh convergence study should be conducted before the analysis is performed
so that the simulation results will not be improperly influenced by the mesh generated;
simultaneously, computational efficiency and numerical accuracy can be achieved. In
order to find the optimal number of elements for running a simulation, the temperature
probes were performed at the nipples to check the predicted temperature values for
convergence. By increasing the number of elements, differences between readings at
the probes were compared, until an average difference of 1% was reached. Table 4 shows
the mesh convergence process for patient number one.

Table 4. Mesh convergence study for patient number one.

Number of Elements Temperature Difference (%)

280,414 34.01

320,584 35.3 3.79

401,383 34.55 2.12

442,842 34.2 1.01
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Table 5 presents the results of the mesh convergence study, which shows the optimal
number of elements for patients’ breast models with which mesh convergence was achieved.

Table 5. Number of mesh elements for each breast.

Breast Number Number of Elements

1 442,842

2 524,347

3 482,453

4 543,214

5 498,210

Table 6 includes the extracted tissue parameters of three patients’ breasts using reverse
thermal modeling; these were based on a homogeneous model using the healthy breast’s data
as inputs. The parameters were subsequently used as initial guesses for a multilayer model
simulation to estimate the specific tissue parameters of each layer in the diseased breast.

Table 6. Estimated parameters of the homogeneous model.

Patient Conductivity
[W/m ◦C] Density [kg/m3]

Specific Heat
[J/kg ◦C]

Blood Perfusion
[mL/s/mL]

1 1.49 901.51 2201.51 0.00015794

2 1.34 951.26 2010.48 0.00011972

3 1.14 997.24 1812.25 0.00010012

4 1.25 998.67 1849.25 0.00010876

5 1.32 1047.82 1797.17 0.00010172

Using the homogeneous breast model’s parameters as initial guesses, specific parame-
ters of gland and fat, including conductivity, density, specific heat, and blood perfusion
rate, were estimated (Tables 7–11). Based on the estimated fat layer dimension, the content
of gland and fat were calculated in percentage.

Table 7. Estimated specific breast parameters (patient #1).

Conductivity
[W/m ◦C]

Density
[kg/m3]

Specific Heat
[J/kg ◦C]

Blood
Perfusion
[mL/s/mL]

Fat %

Gland 1.57 898.68 2357.69 0.00016652

Fat 1.32 919.62 2106.58 0.00014267 64.6

Table 8. Estimated specific breast parameters (patient #2).

Conductivity
[W/m ◦C]

Density
[kg/m3]

Specific Heat
[J/kg ◦C]

Blood
Perfusion
[mL/s/mL]

Fat %

Gland 1.50 978.62 2059.69 0.00012619

Fat 1.20 925.62 1982.65 0.00011652 52.7
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Table 9. Estimated specific breast parameters (patient #3).

Conductivity
[W/m ◦C]

Density
[kg/m3]

Specific heat
[J/kg ◦C]

Blood
perfusion
[mL/s/mL]

Fat %

Gland 1.26 1005.65 1924.65 0.00011619

Fat 1.07 952.61 1661.62 0.00009616 67.62

Table 10. Estimated specific breast parameters (patient #4).

Conductivity
[W/m ◦C]

Density
[kg/m3]

Specific Heat
[J/kg ◦C]

Blood
Perfusion
[mL/s/mL]

Fat %

Gland 1.31 1010.14 1997.4 0.00011731

Fat 1.20 987.21 1701.1 0.00010021 61.1

Table 11. Estimated specific breast parameters (patient #5).

Conductivity
[W/m ◦C]

Density
[kg/m3]

Specific Heat
[J/kg ◦C]

Blood
Perfusion
[mL/s/mL]

Fat %

Gland 1.41 1101.25 1891.21 0.00010514

Fat 1.23 994.4 1703.14 0.00009831 51.4

The results of the above-mentioned GA-based reverse thermal modeling for the
estimation of the sizes and locations of tumors, and the accuracy of the method are provided
in Table 12. Since the doctor’s examination was performed only by palpation and the given
sizes are estimations made during this procedure, the presented reverse modeling results
are considered to be in good agreement with the doctor’s diagnosis. In the case of patient
one, the computed diameter of the tumor is 23 mm, while the doctor’s estimation was up
to 25 mm. For patient two, the calculated diameter is 42 mm, which can be validated by
the doctor’s approximation of around 45 mm. In case of patient three, the computed tumor
diameter is 21.5 mm, which is close to the doctor’s palpation result of 23 mm. On average,
the percentage error of the tumor method is about 0.23%.

Table 12. Estimated tumor depth and diameter compared with the doctor’s conclusion.

Patient No.
Computed
Tumor Size

[mm]

Doctor’s
Size [mm]

Computed
Depth [mm]

Percentage
Error

(Tumor Size)
[%]

1 23 up to 25 23.78 8

2 42 45 31.99 6.7

3 21.5 23 28.18 6.5

4 17.5 16 23 9.3

5 16.1 15 25.1 7.3

Figure 8 shows a comparison of the measured (Figure 10a) and computed (Figure 10b)
temperature distributions for patient one with tumor in the breast. In general, the dis-
tributions of temperature and the locations of the hotspots between the two are in close
agreement. However, we can see some small differences in the shapes of the hotspots; this
can be caused by the non-uniform blood perfusion and distribution of vessels in the real
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breast, while thermal models are uniform in blood perfusion. The computed temperature
at the hotspot is 34.6 ◦C, which is validated by the thermographic hotspot temperature
with almost the same temperature, resulting in a percentage error of only 0.23%.

Figure 10. Comparison of measured (a) and computed (b) temperature distributions (patient No. 1) with a percentage error
of 0.23% in hotspot temperature prediction.

In general, the measured (Figure 11a) and computed (Figure 11b) temperature dis-
tributions for the second patient’s breast match, while the temperature at hotspot was
calculated as 34.8 ◦C. However, the predicted temperature distribution is also quite uniform
compared with the thermogram, which may be due to the non-uniform blood perfusion
and vessel distribution in the real breast in comparison with the uniform perfusion in the
model, as previously discussed. The numerical model was validated since the location
and temperature of the hotspot agree well with the corresponding measurements; the
percentage error was at 0.43%.

Figure 11. Comparison of measured (a) and computed (b) temperature distributions (patient No. 2) with a percentage error
of 0.43% in hotspot temperature prediction.

Figure 12 shows a comparison between the measured breast temperature distribution
(Figure 12a) and estimated multilayer model prediction (Figure 12b) for the third patient.
The doctor concluded that the tumor is located in the upper left quadrant, which can also
be seen as a hotspot in the multilayer model prediction. As in the two previous cases, the
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highly irregular small temperature distribution in the real breast cannot be captured by the
model due to the uniform blood perfusion assumption used.

Figure 12. Comparison of measured (a) and computed (b) temperature distributions (patient No. 3) with a percentage error
of 0.12% in hotspot temperature prediction.

In Figure 13, a comparison of the thermal image (Figure 13a) and computed (Figure 13b)
temperature contours for patient four is presented. In the thermogram, the temperature at
the hotspot is 34.42 ◦C, while the computed temperature at that point is 34.5 ◦C, which is
very close to the former with a percentage error of 0.23%. In addition, the locations of the
hotspots in both the thermogram and the predicted contours agree well.

Figure 13. Comparison of measured (a) and computed (b) temperature distributions (patient No. 4) with a percentage error
of 0.23% in hotspot temperature prediction.
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The comparison of temperatures for patient five, can be seen in Figure 14. The hotspot
temperature of the thermogram is 33.06 ◦C (Figure 14a), while the computed hotspot
temperature is 33.16 ◦C (Figure 14b); percentage error is thus at 0.30%. Furthermore, the
measured and predicted hotspot locations also agree with each other in the upper-left
quadrant.

Figure 14. Comparison of measured (a) and computed (b) temperature distributions (patient No. 5) with a percentage error
of 0.30% in hotspot temperature prediction.

Figures 15–19 show the 3D models of the five patients’ breasts with the computed
parameters of the gland and fat layers, and the tumors. In the case of patient numbers one
and two, the tumors are located at interfaces between the fat and gland layers. Patient
number three has the tumor in the fat layer, while in Figures 18 and 19 the tumors are
located in the gland.

Figure 15. A 3D model with computed parameters (Patient No. 1).
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Figure 16. A 3D model with computed parameters (Patient No. 2).

Figure 17. A 3D model with computed parameters (Patient No. 3).

Figure 18. A 3D model with computed parameters (Patient No. 4).
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Figure 19. A 3D model with computed parameters (Patient No. 5).

The proposed tool for tumor detection shows its usefulness based on the real patient
data. The presented results are based on two kinds of breast models: homogeneous
and multi-layer models. The homogeneous model was used as a starting point in the
calculation of parameters such as conductivity, density, specific heat, and blood perfusion
rate. The calculated parameters enabled the estimation of the tumor size and its location.
Subsequently, the content percentage in the multi-layer model was determined. The final
results were then validated by the doctor through medical examination and thermograms.
The developed tool for the estimation of tumor depth and size, which makes use of real
patient models and personalized physical parameters such as density, specific heat, and
conductivity could be employed in further clinical trials with large sample sizes. For future
studies, there is an ongoing effort to collect and generate more patient-specific data for
machine-learning-based methods as well as for the validation of the current methods.

9. Conclusions

Reverse thermal simulations performed with the Genetic Algorithm-based optimiza-
tion tool were used to estimate the personalized parameters of patients’ breasts, such as
thermal conductivity, density, specific heat, and blood perfusion coefficients in gland and
fat layers, which included the breast’s fat/gland contents along with 3D breast geometry
and thermograms as inputs. The study was initially conducted with a homogeneous
model using real patients’ data to estimate initial guesses of tissue properties for further
simulation with a multilayer model. Simulations were later performed using Comsol
Multiphysics with MatLab Livelink and Solidworks Livelink in an integrated optimization
loop. Firstly, based on temperature contours from the healthy breast, the personalized
breast parameters were estimated and then used as initial guesses for further simulation
with a multilayer model of the healthy and diseased breasts. Using those parameters,
patient-specific/breast-specific parameters and contents of each layer were predicted by
the reverse thermal simulation. Finally, based on the estimated specific parameters of
each breast, further reverse thermal modeling simulation was performed using Genetic
Algorithm and the temperature distribution on the skin as input in order to predict the
depth and size of the tumor. The predicted parameters agreed well with doctor’s diagnosis
through palpation. A comparison of computed and IR thermographic temperature distri-
butions shows general consistency as well as the very good agreement of predicted and
measured temperatures at hotspots. Thus, it is concluded that the breast tumor diagnostic
tool developed, which is based on patient-specific reverse thermal modeling, can accurately
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generate patient/breast-specific tissue properties and predict the size and location of the
tumor in the breast.

Future study will include the collection of a large volume of patients’ data and the
subsequent construction of thermal breast models for further validation and clinical trials.
A Physics-Informed Neural Network (PINN) simulation tool will also be developed for
comparison with the method developed for this study, and to allow for better prediction
of the complex blood perfusion. More sophisticated breast models that contain different
layers with an irregular distribution of vessels may be considered. Future study will also
include the miniaturization of the equipment and the implementation of AI for BSE, as
promoted by WHO. Our long term goal is to diagnose tumors with single-digit diameters
and arbitrary depths during BSE.

Author Contributions: O.M. implemented the models in the software systems, performed the
computations, and was involved in the writing of the paper; A.M. (Aigerim Mashekova) was directly
involved in the writing of the paper and managed the project acquisition; Y.Z. made intellectual
contributions to the project and helped in the writing of the paper as the PI; A.M. (Anna Midlenko)
was mainly involved in the collection of patient data in the clinics and the training of doctors and
nurses for the experiment; E.Y.K.N. and S.C.F. made intellectual contributions to the project as
collaborators and advisers and were directly involved in the writing of the paper. All authors have
read and agreed to the published version of the manuscript.

Funding: This research was funded by Ministry of Education and Science of the Republic of Kaza-
khstan, AP08857347 (“Application of artificial intelligence to complement thermography for breast cancer
prediction”). The APC was funded by Ministry of Education and Science of the Republic of Kazakhstan.

Institutional Review Board Statement: The study was conducted according to the guidelines of
the Declaration of Helsinki, and approved by the Ethics Committee of Nazarbayev University the
protocol code is 294/17062020 and approved on 20 July 2020.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Not applicable.

Acknowledgments: The authors are grateful to the Nazarbayev University for managing the research project.

Conflicts of Interest: There are no conflicts of interest involved in the execution of this project to the
best knowledge of the authors.

References
1. Francis, S.V.; Sasikala, M.; Jaipurkar, S.D. Detection of Breast Abnormality Using Rotational Thermography. In Application of

Infrared to Biomedical Sciences; Springer: Singapore, 2017; pp. 133–158.
2. Singh, D.; Singh, A.K. Role of image thermography in early breast cancer detection- Past, present and future. Comput. Methods

Programs Biomed. 2020, 183, 105074. [CrossRef] [PubMed]
3. Breast Cancer Treatment (PDQ®). NCI. 23 May 2014. Archived from the original on 5 July 2014. Retrieved 29 June 2014. Available

online: https://www.cancer.gov/types/breast/hp/breast-treatment-pdq (accessed on 31 May 2021).
4. World Health Organization. World Cancer Report 2014; World Health Organization: Geneva, Switzerland, 2014; Chapter 5.2; ISBN

978-92-832-0429-9.
5. Sung, H.; Ferlay, J.; Siegel, R.L.; Laversanne, M.; Soerjomataram, I.; Jemal, A.; Bray, F. Global cancer statistics 2020: GLOBOCAN

estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 2021, 71, 209–249. [CrossRef]
[PubMed]

6. World Health Organization. Breast Cancer: Prevention and Control; World Health Organization: Geneva, Switzerland, 2019.
7. Melal, I.; Kengne, E.; el Guemhioui, K.; Lakhssassi, A. 3D Modelling using the finite element method for directional re-moval of a

cancerous tumor. J. Biomed. Sci. 2016, 5, 1–8.
8. Kandlikar, S.G.; Perez-Raya, I.; Raghupathi, P.A.; Gonzalez-Hernandez, J.-L.; Dabydeen, D.; Medeiros, L.; Phatak, P. Infrared

imaging technology for breast cancer detection—Current status, protocols and new directions. Int. J. Heat Mass Transf. 2017, 108,
2303–2320. [CrossRef]

9. Ito, K.; Asnida, A.W.; Daud, S.A.; Ng, E.Y.K. Thermal analysis on 3D breast cancer model. In Computational Modelling and
Simulation for Biomedical Applications; Wahab, A.S., Mohd, A.S., Eds.; Penerbit UTM Press: Skudai, Malaysia, 2019; pp. 165–186.

10. Kakileti, S.T.; Manjunath, G.; Madhu, H.; Ramprakash, H.M.A.H.V. Advances in Breast Thermography. N. Perspect. Breast Imaging
2017. [CrossRef]

http://doi.org/10.1016/j.cmpb.2019.105074
http://www.ncbi.nlm.nih.gov/pubmed/31525547
https://www.cancer.gov/types/breast/hp/breast-treatment-pdq
http://doi.org/10.3322/caac.21660
http://www.ncbi.nlm.nih.gov/pubmed/33538338
http://doi.org/10.1016/j.ijheatmasstransfer.2017.01.086
http://doi.org/10.5772/intechopen.69198


Appl. Sci. 2021, 11, 6565 20 of 20

11. Gonzalez-Hernandez, J.-L.; Recinella, A.N.; Kandlikar, S.G.; Dabydeen, D.; Medeiros, L.; Phatak, P. Technology, application and
potential of dynamic breast thermography for the detection of breast cancer. Int. J. Heat Mass Transf. 2019, 131, 558–573. [CrossRef]

12. Zhou, Y.; Herman, C. Optimization of skin cooling by computational modeling for early thermographic detection of breast cancer.
Int. J. Heat Mass Transf. 2018, 126, 864–876. [CrossRef]

13. Prasad, S.S.; Ramachandra, L.; Kumar, V.; Dave, A.; Mestha, L.K.; Venkatarmani, K. Evaluation of efficacy of thermographic
breast imaging in breast cancer: A pilot study. Breast Dis. 2016, 36, 143–147. [CrossRef] [PubMed]

14. Shrestha, S.; Kc, G.; Gurung, D.B. Transient Bioheat Equation in Breast Tissue: Effect of Tumor Size and Location. J. Adv. Appl.
Math. 2020, 5. [CrossRef]

15. Wahab, A.A.; Salim, M.I.M.; Ahamat, M.A.; Manaf, N.A.; Yunus, J.; Lai, K.W. Thermal distribution analysis of three-dimensional
tumor-embedded breast models with different breast density compositions. Med Biol. Eng. Comput. 2015, 54, 1363–1373.
[CrossRef] [PubMed]

16. Salamunes, A.C.C.; Stadnik, A.M.W.; Neves, E.B. The effect of body fat percentage and body fat distribution on skin surface
temperature with infrared thermography. J. Therm. Biol. 2017, 66, 1–9. [CrossRef]

17. Jiang, L.; Zhan, W.; Loew, M.H. Modeling static and dynamic thermography of the human breast under elastic deformation. Phys.
Med. Biol. 2010, 56, 187–202. [CrossRef] [PubMed]

18. Bezerra, L.A.; Ribeiro, R.R.; Lyra, P.R.M.; Lima, R.C.F. An empirical correlation to estimate thermal properties of the breast and of
the breast nodule using thermographic images and optimization techniques. Int. J. Heat Mass Transf. 2020, 149, 119215. [CrossRef]

19. Saniei, E.; Setayeshi, S.; Akbari, M.E.; Navid, M. Parameter estimation of breast tumour using dynamic neural network from
thermal pattern. J. Adv. Res. 2016, 7, 1045–1055. [CrossRef]

20. Omranipour, R.; Kazemian, A.; Alipour, S.; Najafi, M.; Alidoosti, M.; Navid, M.; Alikhassi, A.; Ahmadinejad, N.; Bagheri, K.;
Izadi, S. Comparison of the Accuracy of Thermography and Mammography in the Detection of Breast Cancer. Breast Care 2016,
11, 260–264. [CrossRef] [PubMed]

21. Sarigoz, T.; Ertan, T. Role of dynamic thermography in diagnosis of nodal involvement in patients with breast cancer: A pilot
study. Infrared Phys. Technol. 2020, 108, 103336. [CrossRef]

22. Zeng, J.; Lin, L.; Deng, F. Infrared thermal imaging as a nonradiation method for detecting thermal expression characteristics in
normal female breasts in China. Infrared Phys. Technol. 2020, 104, 103125. [CrossRef]

23. Pennes, H.H. Analysis of Tissue and Arterial Blood Temperature in Resting Human Forearm. J. Appl. Physiol. 1948, 2, 93–122.
[CrossRef]

24. Pryor, R.W. Multiphysics Modelling Using Comsol; Jones and Bartlett Publisher: Burlington, MA, USA, 2011; pp. 766–768.
25. Holland, J.H. Adaptation in Natural and Artificial Systems; University of Michigan Press: Ann Arbor, MI, USA, 1975.
26. Cao, Y.J.; Wu, Q.H. Teaching Genetic Algorithm using MatLab. Int. J. Electr. Eng. Educ. 1999, 36, 139–153. [CrossRef]
27. Ng, E.Y.K.; Sudharsan, N.M. An improved three-dimensional direct numerical modelling and thermal analysis of a female breast

with tumour. Proc. Inst. Mech. Eng. Part H J. Eng. Med. 2001, 215, 25–37. [CrossRef] [PubMed]

http://doi.org/10.1016/j.ijheatmasstransfer.2018.11.089
http://doi.org/10.1016/j.ijheatmasstransfer.2018.05.129
http://doi.org/10.3233/BD-160236
http://www.ncbi.nlm.nih.gov/pubmed/27767959
http://doi.org/10.22606/jaam.2020.51002
http://doi.org/10.1007/s11517-015-1403-7
http://www.ncbi.nlm.nih.gov/pubmed/26463520
http://doi.org/10.1016/j.jtherbio.2017.03.006
http://doi.org/10.1088/0031-9155/56/1/012
http://www.ncbi.nlm.nih.gov/pubmed/21149948
http://doi.org/10.1016/j.ijheatmasstransfer.2019.119215
http://doi.org/10.1016/j.jare.2016.05.005
http://doi.org/10.1159/000448347
http://www.ncbi.nlm.nih.gov/pubmed/27721713
http://doi.org/10.1016/j.infrared.2020.103336
http://doi.org/10.1016/j.infrared.2019.103125
http://doi.org/10.1152/jappl.1948.1.2.93
http://doi.org/10.7227/IJEEE.36.2.4
http://doi.org/10.1243/0954411011533508
http://www.ncbi.nlm.nih.gov/pubmed/11323983

	Introduction 
	Clinical Data Collection 
	Governing Equations 
	Numerical Methods 
	Multilayer Model 
	Design Optimization Methods 
	Model Setup 
	Results and Discussion 
	Conclusions 
	References

