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A B S T R A C T

To enhance diagnostic sensitivity compared to passive thermography, thermal stress can be applied to the
breast surface with the temperatures being measured in the thermal recovery phase, a process called dynamic
thermography. This study aims to evaluate the limitations of both passive and dynamic thermography in
estimating early-stage tumour parameters across different breast shapes and how to improve the results. Three
breast models with thermoregulation were solved numerically using COMSOL Multiphysics®. A neural network
developed in PyTorch was used to estimate breast tumour location and size. The estimates obtained using each
approach were compared, and the effects of thermal contrast, noise, and tumour depth range were analysed.
Dynamic thermography provided the most accurate estimates compared to passive thermography, with mean
error reductions that reached up to 33.25%. Additionally, the number of estimates with errors higher than 10%
was up to 48.42% lower. Tumour radius showed the lowest noise threshold, providing the highest estimations
errors. Adding deeper tumours to the datasets caused mean error increases of up to 51.27%. Thus, this work
contributes by comparing both types of thermography, analysing thermal aspects of the temperature data that
influences the neural network’s estimation process, and suggesting alternatives to improve its accuracy.
1. Introduction

Breast cancer is the most commonly diagnosed and leading cause of
cancer-related death among women worldwide, accounting for 23.76%
of all cancer diagnoses and 15.44% of cancer-related fatalities in
2022 [1]. Various screening methods, such as mammography, magnetic
resonance imaging (MRI) and ultrasound have been used in breast
cancer detection, with an early diagnosis reducing a patient’s mortality
rate and annual cost of treatment [2,3].

Mammography is the gold standard of breast cancer imaging tech-
niques, having benefits such as high sensitivity and specificity [4].
However, this method has limitations, for instance, the emission of
ionizing radiation, the discomfort of compression and low effectiveness
for dense and surgically implanted breasts [5,6]. Infrared thermography
is a non-invasive and cost-effective screening method that can com-
plement mammography [7,8]. Malignant tumours generate significant
heat due to their high metabolic rates and the formation of new blood
vessels (angiogenesis). The heat can reach the breast’s surface, forming

∗ Corresponding author at: IVHM Centre, School of Aerospace, Transport and Manufacturing, Cranfield University, Cranfield, United Kingdom.
E-mail address: h.fernandes@cranfield.ac.uk (H. Fernandes).

temperature maps that can be observed using an infrared camera
[9,10].

Two types of thermography can be used for medical screening and
diagnosis: passive thermography, where the temperatures are mea-
sured when the patient is acclimatised in a temperature-controlled
environment; and dynamic thermography, where heating stress (hyper-
thermia) or cooling stress (hypothermia) is applied on the tissue, with
the temperatures being measured during thermal recovery [11–14].
The thermal stress used in dynamic thermography enhances thermal
contrast, the temperature difference between cancerous and healthy
tissue, which improves the sensitivity and effectiveness of tumour
imaging [15–17].

Many researchers have used neural networks to estimate breast
tumour parameters based on passive and dynamic infrared imaging.
Medical practitioners can use the estimated parameters to define the
most appropriate cancer treatment [18]. In this approach, surface
temperature measurements are used to train a neural network, so
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the desired thermophysical and geometric tumour parameters can be
stimated only with temperature data. Mitra and Balaji [19] used an
rtificial neural network and simulated surface temperature measure-

ments to estimate breast tumours size and location, showing, respec-
tively, relative errors of 10% and 22% with a 0.5 K noise. Saniei
et al. [20] trained a neural network with simulated temperature profiles
and estimated breast tumour depth and size using thermal images of
histologically confirmed breast cancer patients. Deep-seated tumours
had the largest estimation errors of all cases.

Majdoubi et al. [21] employed a feedforward neural network to
stimate the location and the radius of breast cancer tumours using
urface temperature distributions and isothermal contour plots. Tu-
ours smaller than 0.5 cm presented larger errors when estimating their

ocation and radius, especially in large-sized breasts. Chen et al. [22]
ombined a convolutional neural network and an autoencoder to es-

timate various parameters using simulated surface temperature data
obtained under dynamic thermography conditions, with the estimated
parameters showing relative errors lower than 1.2% when the temper-
atures had a noise level of 2%, except the blood perfusion rate, which
showed a relative error of 18.75%. Khomsi et al. [23] employed a
onvolutional neural network to estimate the size and location of breast

tumours using simulated surface temperature data. With a 0.1 noise,
tumour depth had the largest estimation errors, showing a correlation
oefficient of 0.78 and a mean squared error of 2.681.

All these studies investigated the isolated results of training a neural
network with passive or dynamic thermography surface temperature
data without analysing the advantages or disadvantages of one ap-
proach over the other. This is especially important when diagnosing
small and deep-seated tumours, with lower thermal signatures that
ometimes cannot be properly perceived using passive thermography.
he collective and individual influence of thermal contrast in the pa-
ameter’s estimation error and the consistency of the neural network’s
stimates have also not been investigated. This paper’s primary focus is
o provide information on the limits of using surface temperature data
rom passive and dynamic thermography to estimate early-stage breast
umours position and size, and ways of improving the estimates.

In this work, a feedforward neural network is developed using
yTorch to estimate the size and location of breast tumours based on
imulated surface temperature measurements of breast models with
ifferent shapes under both passive and dynamic thermography con-

ditions. Three breast models were solved numerically by COMSOL
ultiphysics® to generate various surface temperature datasets. Ther-

moregulation effects attributed to the applied cold stress were modelled
as temperature-dependent metabolic heat generation and blood perfu-
sion rate. The neural network was trained multiple times to check its
stimation consistency. Measurement errors were added to the simu-
ated data as random noise. The results for two different depth ranges
ere investigated using both types of thermography. The influence of

hermal contrast on the estimated parameters was also analysed.
This paper is arranged as follows: Section 2 presents the numerical

reast model, governing equations, thermoregulation model, thermo-
hysical properties of the tissue layers, and boundary conditions. The
ataset generation algorithm, tumour depth ranges, and neural network
tructure are also shown. Section 3 shows the estimation errors in

each depth range, and the effect of noise and thermal contrast on the
estimates. Section 4 presents the concluding remarks.

2. Materials and methods

2.1. Mathematical model

Patients can have different breast shapes and sizes due to factors
uch as genetics, hormones, and age [24]. Because of this, the stud-
ed cases can also have different surface temperatures and thermal
esponses. Considering this phenomenon, three breast models were
sed based on the round, bell and conical shapes [25]. The breasts
2 
Table 1
Tissue layer properties.
Source: Adapted from [29,32].

Properties Skin (𝑖 = 1) Healthy tissue (𝑖 = 2) Tumour (𝑖 = 3)

𝑘 (W∕(m ◦C)) 0.266 0.322 0.564
𝜌 (k g∕m3) 1110 1020 1020
𝑐 (J∕(k g ◦C)) 3060 3060 3060
𝜔𝑖,𝑏𝑎𝑠 (1∕s) 0.00222 0.00034 0.00598
𝑄𝑖,𝑏𝑎𝑠 (W∕m3) 0 450.0 65 400.0

were modelled as three-dimensional domains composed of skin, healthy
tissue, and tumour, as shown in Fig. 1. The models have cup sizes
in a range between B (5.08 cm) and C (7.62 cm), which are quite
common worldwide [26]. The average skin thickness employed was of
1.5 mm [27]. Tumour depth (𝑧) was established as the distance between
the breast surface’s tallest point and the tumour top point.

Pennes bioheat equation, as described in Eq. (1), models heat trans-
fer in living tissues by coupling heat conduction through tissue layers,
heat convection between blood and tissue, and metabolic heat gener-
ation [28]. The equation was used to obtain the surface temperature
profiles contained in the datasets.

𝜌𝑖𝑐𝑖
𝜕 𝑇𝑖
𝜕 𝑡 = 𝑘𝑖∇2𝑇𝑖 + 𝜌𝑏𝜔𝑏,𝑖𝑐𝑝,𝑏(𝑇𝑏 − 𝑇𝑖) +𝑄𝑖 (1)

where 𝑖 represents the tissue layers, skin (𝑖 = 1), healthy tissue (𝑖 = 2),
nd tumour (𝑖 = 3). The 𝜌𝑖, 𝑐𝑖, 𝑇𝑖, 𝑘𝑖, 𝜔𝑖, and 𝑄𝑖 are the specific
ass, specific heat, temperature, thermal conductivity, blood perfusion

ate and metabolic heat generation of each layer, respectively. The 𝜌𝑏,
𝑝,𝑏, and 𝑇𝑏 correspond to the blood’s specific mass, specific heat, and
emperature, with their values being 1060 kg/m3, 3840 J∕(k g ◦C), and
7 ◦C, respectively [29].

A tissue’s metabolic heat generation and blood perfusion rate can
ary due to the influence of local thermoregulation. Their values vary
epending on the human body’s need to maintain a constant core tem-
erature due to thermal changes [30]. The metabolic heat generation

and blood perfusion rate can be modelled by the van’t Hoff effect [31],
as shown in Eqs. (2) and (3).

𝑄𝑖(𝑇 ) = 𝑄𝑖,𝑏𝑎𝑠𝑞

( 𝑇−𝑇𝑏
10

)

𝑖,10 (2)

where 𝑄𝑖,𝑏𝑎𝑠 represents the tissue’s basal metabolic heat generation and
𝑞𝑖,10 is the metabolic heat coefficient.

𝜔𝑏,𝑖(𝑇 ) = 𝜔𝑖,𝑏𝑎𝑠𝑞

( 𝑇−𝑇𝑏
10

)

𝑏,10 (3)

where 𝜔𝑖,𝑏𝑎𝑠 represents the tissue’s basal blood perfusion rate and 𝑞𝑏,10
s the blood perfusion rate coefficient. The metabolic heat and blood
erfusion coefficients have the same value, being equal to 1.1 in the
umour layer, representing a linear behaviour, and 2 in the other layers,
epresenting an exponential behaviour [22,30,31]. The tissue layer’s
roperties are shown in Table 1.

The types of boundary conditions used on the B1 breast model
re shown in Fig. 2. The entire bottom layer was maintained at a

constant body core temperature, as shown in Eq. (4), to describe the
nterface between a patient’s thoracic wall and muscle layer. In passive

thermography conditions, a convection boundary representing ambient
natural convection was placed on the breast skin surface, as shown
n Eq. (5). The same boundary configuration was used on breast models

B2 and B3.

𝑇𝑖(𝑥, 𝑦, 𝑧, 𝑡)|𝑏𝑜𝑡𝑡𝑜𝑚 𝑠𝑢𝑟𝑓 𝑎𝑐 𝑒 = 37 ◦C, 𝑖 = 1, 2 (4)

− 𝑘1
𝜕 𝑇1
𝜕 𝑛

|

|

|

|

|𝑡𝑜𝑝 𝑠𝑢𝑟𝑓 𝑎𝑐 𝑒
= ℎ

(

𝑇1(𝑥, 𝑦, 𝑧, 𝑡)||
|𝑡𝑜𝑝 𝑠𝑢𝑟𝑓 𝑎𝑐 𝑒 − 𝑇∞

)

(5)

where ℎ is the heat convection coefficient and 𝑇∞ is the ambient
temperature, with their values being 13.5 W∕(m2 ◦C) and 21 ◦C,

33].
respectively [
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Fig. 1. Breast model’s cross-section and 3-D view: (a, b) B1 model, (c, d) B2 model, and (e, f) B3 model.
Fig. 2. Breast model B1 with (a) constant temperature boundary and (b) heat convection boundary.
In dynamic thermography conditions, the entire breast skin surface
was maintained at a hypothermia temperature (𝑇ℎ𝑝) of 15 ◦C for
1800 s, describing the cold stress application. Afterwards, the boundary
condition was switched to natural convection for 3600 s, as shown
in Eqs. (6) and (7).

𝑇1(𝑥, 𝑦, 𝑧, 𝑡)|𝑡𝑜𝑝 𝑠𝑢𝑟𝑓 𝑎𝑐 𝑒 = 𝑇ℎ𝑝, 𝑡 ≤ 1800 s (6)

−𝑘1
𝜕 𝑇1
𝜕 𝑛

|

|

|

|

|𝑡𝑜𝑝 𝑠𝑢𝑟𝑓 𝑎𝑐 𝑒
= ℎ

(

𝑇1(𝑥, 𝑦, 𝑧, 𝑡)||
|𝑡𝑜𝑝 𝑠𝑢𝑟𝑓 𝑎𝑐 𝑒 − 𝑇∞

)

, 1800 s < 𝑡 ≤ 5400 s

(7)

A 20 min at 15 ◦C cooling has been previously shown to en-
hance the thermal contrast of superficial and intermediate early-stage
tumours [12]. Clinical studies have employed cooling temperatures
below 10 ◦C, although for shorter periods [34,35]. Lower cooling
temperatures can provide higher thermal contrasts, at the cost of
increasing patient discomfort, with longer application periods pro-
viding smaller contrast improvements in comparison [17]. However,
increasing the cooling time allows the use of higher hypothermia
temperatures, causing less discomfort, but resulting in a more tiresome
clinical exam.

The temperature and heat flux at the interface between tissue layers
are described by Eqs. (8) and (9), respectively.

| |
𝑇𝑖(𝑥, 𝑦, 𝑧, 𝑡)|
|𝑖𝑛𝑡𝑒𝑟𝑓 𝑎𝑐 𝑒 = 𝑇𝑖+1(𝑥, 𝑦, 𝑧, 𝑡)|

|𝑖𝑛𝑡𝑒𝑟𝑓 𝑎𝑐 𝑒 (8)

3 
𝑘𝑖
𝜕 𝑇𝑖(𝑥, 𝑦, 𝑧, 𝑡)

𝜕 𝑛
|

|

|

|

|𝑖𝑛𝑡𝑒𝑟𝑓 𝑎𝑐 𝑒
= 𝑘𝑖+1

𝜕 𝑇𝑖+1(𝑥, 𝑦, 𝑧, 𝑡)
𝜕 𝑛

|

|

|

|

|𝑖𝑛𝑡𝑒𝑟𝑓 𝑎𝑐 𝑒
(9)

Thermal contrast, a parameter that measures the surface temper-
ature difference between the same breast model with a tumour (can-
cerous) and without a tumour (healthy), was calculated by employing
Eq. (10).

𝛥𝑇 = 𝑇𝑐 𝑎𝑛𝑐 𝑒𝑟𝑜𝑢𝑠 − 𝑇ℎ𝑒𝑎𝑙 𝑡ℎ𝑦 (10)

where 𝑇𝑐 𝑎𝑛𝑐 𝑒𝑟𝑜𝑢𝑠 is the surface temperature from the breast model with
a tumour and 𝑇ℎ𝑒𝑎𝑙 𝑡ℎ𝑦 is the surface temperature from the breast model
without a tumour.

The mathematical model was solved using the commercial finite
element software COMSOL Multiphysics®. A computational mesh with
about 70 000 tetrahedral elements achieved convergence and was used
to generate all of the studied cases.

2.2. Dataset generation

An algorithm in Java was developed in COMSOL Multiphysics Ap-
plication Builder to change a tumour’s size and location inside each
breast model. One dataset was composed of three smaller datasets of
346 cases, one for each breast model, resulting in a total of 1038 solved
cases. The datasets were generated for two different depth ranges, and
the cases were solved for each type of thermography, resulting in four
datasets. Spherical tumours with radii (𝑟) of 0.375 ≤ 𝑟 ≤ 0.50 cm were
generated inside the healthy tissue layer within different positions and
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Fig. 3. Depth ranges DR1 and DR2: (a, b) B1 model, (c, d) B2 model, and (e, f) B3 model.
Fig. 4. Points on a surface temperature profile.

depth ranges. After placing a tumour, the breast model was solved and a
new surface temperature profile was obtained. The temperature profiles
corresponding to each depth range were arranged separately.

The generated tumours can be classified as (T1b, N0, M0), which is
a type of stage 1 breast cancer that has no metastasis in the regional
lymph nodes or distant regions. These tumours have sizes of 0.25 <
𝑟 ≤ 0.5 cm, according to the TNM staging system [36]. At this stage,
almost a 100% of the patients will survive for at least five years
after the diagnosis, indicating the importance of detecting this type of
tumour [37]. Fig. 3 shows the depth ranges of the tumours generated in
each breast model. Tumours were generated following the trajectories
between the upper and lower limit curves. The DR1 range consists of
superficial tumours. In the DR2 range, deeper tumours were added to
the dataset.

A total of 576 points were applied on the breast models surfaces to
measure the skin temperatures more precisely, as shown in Fig. 4. These
measurements were later used to generate 2-D temperature profiles.
In dynamic thermography, the time step employed during the 60 min
thermal recovery was 2 min, resulting in 31 temperature profiles. This
time step provided the highest thermal contrasts and lower dataset gen-
eration times. In passive thermography, only one temperature profile
was obtained. The steps performed to generate and arrange the datasets
are shown in Fig. 5.

Principal Component Analysis (PCA) was used to compress the 2-D
temperature data before training the neural network. PCA is a dimen-
sionality reduction algorithm that provides a compact version of high
dimensional data, such as images, based on the existing correlations
4 
between the dimensions, with the data varying significantly more in a
certain dimension compared to the others [38].

Random noise was added to the simulated 2-D temperature profiles
used to train the neural network, as described by Eq. (11), representing
the measurement errors of an infrared camera.

𝑇𝑛𝑜𝑖𝑠𝑦 = 𝑇𝑠𝑖𝑚𝑢𝑙 𝑎𝑡𝑒𝑑 + 𝛽 (11)

where 𝑇𝑠𝑖𝑚𝑢𝑙 𝑎𝑡𝑒𝑑 is the simulated temperature without noise and 𝛽 is the
random noise with an intensity of 2%, an error magnitude observed
on infrared cameras [10,39,40]. The noise is relative to the simulated
temperature measured in each point of a 2-D surface profile.

2.3. Neural network

Artificial neural networks are machine learning structures composed
of neurons that simulate the learning mechanism in biological organ-
isms. A neuron is a computational unit that contains weights (𝑤𝑗 𝑖),
biases (𝑏𝑗), and an activation function (𝑓 ), with the weights measuring
the influence of the inputs on the neural network’s estimates [41–43].
The mathematical representation of a neuron is described by Eq. (12).

𝑦𝑗 = 𝑓

( 𝑛
∑

𝑖=1
𝑤𝑗 𝑖𝑥𝑖 + 𝑏𝑗

)

(12)

where 𝑥𝑖 is the input, 𝑖 is input’s number, 𝑛 is the total number of inputs,
and 𝑗 is the node’s number.

In a feedforward neural network, the neurons are layered, with
the input and output layers being separated by intermediate (hidden)
layers. This type of structure is used to learn parameters (weights and
biases) and provide function approximations [42,43].

A feedforward neural network developed with PyTorch was used
to estimate the breast tumour parameters. Its structure comprises one
input layer with the same number of features provided by the dimen-
sionality reduction process, three hidden layers with 24, 16, and 8
neurons, and an output layer with four outputs, one for each estimated
parameter, as shown in Fig. 6.

A ReLU (Rectified Linear Unit) function, as described by Eq. (13),
was employed in the three hidden layers. This activation function is
used to incorporate non-linearity into a neural network and increase
its modelling power. A linear function, as described by Eq. (14), was
used on the output layer. It is often employed when the targeted output
values are supposed to be real numbers [42].
𝑓 (𝑥) = 𝑚𝑎𝑥{𝑥, 0} (13)



M.F.B. Moraes et al.

g
u
t
t
e
d

a

Thermal Science and Engineering Progress 60 (2025) 103418 
Fig. 5. Dataset generation flowgram.
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Fig. 6. Structure of the feedforward neural network.

𝑓 (𝑥) = 𝑥 (14)

A mean square loss added to a 𝐿2 norm, as described by Eq. (15),
was used to compute the neural network’s estimation errors. The sum’s
radients are computed during training, and an optimization method
pdates the weights and biases. The optimizer focuses on minimizing
he penalty term instead of the mean squared loss when the weights are
oo large. This approach is a type of regularization method commonly
mployed to prevent overfitting, when the model fits on the training
ata rather than the desired pattern [44].

𝐿 = 1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑒𝑠𝑡𝑖 − 𝑦𝑡𝑎𝑟𝑖 )2 + 𝜆‖𝑤‖

2 (15)

where 𝑁 is the number of samples, 𝑦𝑒𝑠𝑡𝑖 is the estimated value, 𝑦𝑡𝑎𝑟𝑖 is
the targeted value, and 𝜆 is the regularization constant.

The data was divided into 50% for training, 25% for validation,
nd 25% for testing. The learning rate and regularization coefficient

employed were 1 × 10−5 and 1 × 10−3, with this combination providing
5 
the lowest validation loss for dynamic thermography and the third
lowest for passive thermography, with dynamic thermography also
showing a loss decrease in this scenario, as shown in Fig. 7. Weights
and biases were updated using the Adam optimizer for 10 000 epochs,
nough training for the neural network to reach convergence, as shown
n Fig. 8. The calculations were made in a laptop with a Intel i7 -

12700H processor, a RTX 3050 4 GB graphics card, and 16 GB of DDR4
RAM, with a runtime of 54.965 min. The input data was scaled between
a −1, 1 range and standardized before the dimensionality reduction
process. It was specified that PCA would compress the temperature data
while retaining features that add up to 95% of each dataset’s variance,
as shown in Fig. 9. The training and testing processes of the neural
etwork were repeated 11 times, resulting in 11 396 estimates, 2849

for each parameter. Afterwards, the mean relative errors and standard
deviations of 𝑥, 𝑦, 𝑧, and 𝑟 were calculated.

3. Results and discussion

3.1. Estimating tumour parameters

Fig. 10 shows the mean relative error of each DR1 tumour pa-
rameter using passive and dynamic thermography. Tumours 𝑥 and 𝑦
coordinates had the lowest and closest errors due to causing the most
similar and most significant temperature variations on the skin surface,
howing mean estimation errors close to 3% and 2% when using passive
nd dynamic thermography, respectively. Tumour radius and depth
imilarly alter the surface temperature profiles, influencing the size and
agnitude of the tumour’s thermal response, but in different intensities,
ith smaller and deeper tumours having the lowest thermal contrasts.

The depth and radius estimation errors were close to 6% and 9%
sing passive thermography, as well as 4% and 6% using dynamic
hermography. The mean estimation errors were up to 33.25% lower
or dynamic thermography.

Fig. 11 shows the estimation error histogram for DR1 tumour pa-
ameters with a 2% noise using passive and dynamic thermography.
he estimated tumour parameters showed high standard deviations.

However, using passive thermography, about 84.99% of the estimates
had relative errors lower or equal than 10%. In this case, the neural
network makes accurate estimates, but has a chance of failure, showing
a maximum error of 39.54%. Using dynamic thermography, about
92.26% of the estimates had relative errors lower or equal to 10%, with

a maximum error of 24.44%. Thus, dynamic thermography provides a
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Fig. 7. Validation loss at the end of training for DR1 dataset: (a) passive and (b) dynamic thermography.
Fig. 8. Loss convergence for DR1 dataset: (a) passive and (b) dynamic thermography.
u
e

Fig. 9. PCA variance ratio for DR1 dynamic thermography dataset.

higher estimation accuracy.
Fig. 12 shows the maximum and minimum thermal contrasts of

R1 tumours without noise for both types of thermography. Dynamic
hermography had surface temperature variations more than 150%
igher than passive thermography, making the temperature profiles less
oise-sensitive, benefiting smaller and deeper tumours that generate
ow thermal responses, improving the neural network’s estimation

◦
ccuracy. In this study, the noise magnitude reached close to 0.7 C,

6 
Fig. 10. DR1 tumour parameters mean relative error and standard deviation.

which is about 216% higher than the minimum thermal contrast in
passive thermography and 24% in dynamic thermography. Many cases
passed the parameters noise thresholds, were the patterns become
nrecognizable, contributing to the amount of inaccurate estimates
ncountered, with dynamic thermography being less affected due to

higher temperature variations.
Fig. 13 shows the mean relative error of each DR2 tumour param-

eter using passive and dynamic thermography. Coordinates 𝑥 and 𝑦
showed mean estimation errors close to 4% and 3% when using passive
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Fig. 11. Estimation error histogram for DR1 tumour parameters: (a) passive and (b) dynamic thermography.
Fig. 12. DR1 tumours maximum and minimum thermal contrast: (a, c) passive and (b, d) dynamic thermography.
and dynamic thermography, respectively. The depth and radius estima-
tion errors were close to 6% and 12% using passive thermography, as
well as 5% and 8% using dynamic thermography. The mean estimation
errors were up to 29.70% lower for dynamic thermography. Adding
deeper tumours to the datasets caused mean error increases of up to
43.64% and 51.27% when using passive and dynamic thermography,
respectively.

Fig. 14 shows the estimation error histogram for DR2 tumour pa-
rameters with a 2% noise using passive and dynamic thermography.
Using passive thermography, about 77.94% of the estimates had rela-
tive errors lower or equal than 10%. In this case, the neural network
makes accurate estimates, but has a chance of failure, showing a
maximum error of 51.77%. Using dynamic thermography, about 86.2%
of the estimates had relative errors lower or equal to 10%, with a
maximum error of 38.30%. Adding deeper tumours reduced the neural
network’s estimation accuracy.

Fig. 15 shows the maximum and minimum thermal contrasts of
DR2 tumours without noise for both types of thermography. Dynamic
thermography had surface temperature variations more than 150%
higher than passive thermography, improving the neural network’s
estimation accuracy. A noise magnitude of 0.7 ◦C is more than 480%
7 
Fig. 13. DR2 tumour parameters mean relative error and standard deviation.

higher than the minimum thermal contrast in passive thermography
and 130% in dynamic thermography. This means that even more cases
passed the parameters noise thresholds compared to the previous depth
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Fig. 14. Estimation error histogram for DR2 tumour parameters: (a) passive and (b) dynamic thermography.
Fig. 15. DR2 tumours maximum and minimum thermal contrast: (a, c) passive and (b, d) dynamic thermography.
range, increasing the amount of inaccurate estimates and their errors
in both types of thermography.

3.2. Influence of thermal contrast

Fig. 16 shows the normalized thermal contrast variation caused by
𝑥 and 𝑦 of two different cases and under various noise intensities. The
thermal pattern’s position on the skin surface is determined by tumour’s
coordinates 𝑥 and 𝑦, with its shape being influenced by the breast’s
geometry, which establishes how the heat will be distributed on the
surface. The pattern’s centre can be located on the surface without
much difficulty with a 50% noise in both cases. For a 100% noise,
the task is harder, with some temperature maps across the surface
reaching a close value to the thermal signal’s centre, but it is still
possible, with the highest thermal contrast region remaining visible.
This indicates that the tumour’s coordinates 𝑥 and 𝑦 can be accurately
estimated even with noise magnitudes that approach the maximum
thermal contrast, being the reason why these parameters showed the
lowest mean estimation errors.

Fig. 17 shows the normalized thermal contrast variation caused by
𝑧 of two different cases and under various noise intensities. The heat
8 
generated by a shallow tumour has less space to propagate, so it con-
centrates on a smaller region, forming a smaller thermal pattern with
a higher contrast on the surface. After adding a 50% noise, the thermal
signal was distorted, being difficult to identify its size and shape in both
cases. However, there was a significant contrast difference between
case 1 and case 2, being possible to distinguish one from the other.
For a 100% noise, its much harder to recognize the patterns due to
the various temperature maps across the surface. This indicates that
the tumour’s depth can be accurately estimated with noise magnitudes
that are close to 50% of the maximum thermal contrast.

Fig. 18 shows the normalized thermal contrast variation caused by
𝑟 of two different cases and under various noise intensities. Larger
tumours generate more heat and have more surface area compared to
smaller ones, resulting in bigger thermal patterns and higher thermal
contrasts. For a 50% noise, the thermal signal was distorted, being very
difficult to identify its size and shape, and to distinguish each case.
Increasing the noise to 100% noise only made the task harder. This
indicates that 𝑟 can only be accurately estimated with noise intensities
significantly lower than 50% of the maximum thermal contrast. Its
noise sensitivity was associated with the high mean estimation errors
encountered.
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Fig. 16. Normalized thermal contrast variation of 𝑥 and 𝑦: (a) Case 1, (b) Case 1 with 50% noise, (c) Case 1 with 100% noise, (d) Case 2, (e) Case 2 with 50% noise, and (f)
Case 2 with 100% noise.
Fig. 17. Normalized thermal contrast variation of 𝑧: (a) Case 1, (b) Case 1 with 50% noise, (c) Case 1 with 100% noise, (d) Case 2, (e) Case 2 with 50% noise, and (f) Case 2
with 100% noise.
Fig. 19 shows DR1 tumours estimation errors of 𝑥, 𝑦, 𝑧 and 𝑟 using
dynamic thermography. In about 24% of the cases, the noise magnitude
of 0.7 ◦C was equal to or above 50% of the thermal contrast. It was
previously seen that coordinates 𝑥 and 𝑦 noise thresholds are close
to 100% of the thermal contrast, and 𝑧 and 𝑟 thresholds are close
to and below 50%, respectively, with the parameters that had the
lowest thresholds showing the largest amount of inaccurate estimates.
The radius had about 20.4% of its estimates with errors above 10%,
also being responsible for the highest errors of the dataset, indicating
that this parameter can only be accurately predicted for shallower
and larger tumours, due to its low noise threshold. For small and
deep tumours, the hypothermia conditions capable of providing the
necessary thermal contrast for this parameter might be too aggressive,
prohibiting its practical use due to patient’s discomfort.

Tumour depth has also shown to be more noise sensitive, with 7% of
its estimates errors being higher than 10%, although using a more ag-
gressive cold stress has the potential to reduce these inaccuracies, with
9 
the hypothermia conditions being more acceptable due to its higher
noise threshold. About 0.95% and 2.6% of the estimates of coordinates
𝑥 and 𝑦 had errors higher than 10%, with both parameters having
the highest noise thresholds. The results also showed that temperature
profiles with a high thermal contrast can have higher estimation errors
than lower thermal contrast ones in the same dataset. A total of 92.26%
of the estimates had relative errors below 10%, and only 37% were
cases with more than 2 ◦C of thermal contrast in the testing set.

4. Conclusion

This work used a feedforward neural network developed in Pytorch
to estimate the size and location of early-stage breast tumours based
on surface temperature data. Three breast models with thermoregula-
tion were solved numerically using the commercial software COMSOL
Multiphysics® under passive and dynamic thermography conditions.
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Fig. 18. Normalized thermal contrast variation of 𝑟: (a) Case 1, (b) Case 1 with 50% noise, (c) Case 1 with 100% noise, (d) Case 2, (e) Case 2 with 50% noise, and (f) Case 2
with 100% noise.
Fig. 19. DR1 tumour estimation errors using dynamic thermography: (a) 𝑥, (b) 𝑦, (c) 𝑧, and (d) 𝑟.
The dynamic thermography procedure was based on applying hy-
pothermia and thermal recovery at specific times. Various datasets
composed of surface temperature data were generated and used to train
the neural network. The estimates in two different depth ranges were
investigated.

The neural network’s estimation accuracy significantly improved
with dynamic thermography, reducing mean errors by up to 33.25%
for DR1 tumours and 29.70% for DR2 tumours. This was associated
with higher surface temperature variations, which improves the ther-
mal response of smaller and deeper tumours. Adding deeper tumours
to a dataset reduced the neural network’s estimation accuracy, with
the individual thermal contrast of a surface temperature profile not
determining its estimation error.

The relation between thermal contrast and noise threshold directly
influenced the estimates, with the parameters with the lowest noise
10 
thresholds providing the highest errors. Lower cooling temperatures
and longer application periods should be used to increase the thermal
contrast of smaller and deeper tumours, and reduce the errors. How-
ever, the necessary hypothermia conditions for properly estimating the
radius might be too aggressive for small deep tumours, restricting its
estimation for larger shallow tumours.

The main contribution of this work was to show the limits of using
each type of thermography and provide information that could help
improve the accuracy of estimating the size and location of early-stage
breast tumours using surface temperature data and a neural network. In
further work, different combinations of cooling temperatures and appli-
cation periods should be tested and compared to find an optimal value
between estimation accuracy and patient discomfort. Furthermore, the
influence of thermal contrast and noise thresholds for breast cancer
diagnosis and patient-specific tumour parameter estimation should be
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investigated. Finally, real dynamic thermographic image acquisition
and estimation of breast tumour cases with the algorithm developed
will be performed.
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