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Abstract: The present review aims to analyze the application of infrared thermal imaging, aided by
bio-heat models, as a tool for the diagnosis of skin and breast cancers. The state of the art of the
related technical procedures, bio-heat transfer modeling, and thermogram post-processing methods is
comprehensively reviewed. Once the thermal signatures of different malignant diseases are described,
the updated thermographic techniques (steady-state and dynamic) used for cancer diagnosis are
discussed in detail, along with the recommended best practices to ensure the most significant thermal
contrast observable between the cancerous and healthy tissues. Regarding the dynamic techniques,
particular emphasis is placed on innovative methods, such as lock-in thermography, thermal wave
imaging, and rotational breast thermography. Forward and inverse modeling techniques for the
bio-heat transfer in skin and breast tissues, supporting the thermographic examination and providing
accurate data for training artificial intelligence (AI) algorithms, are reported with a special focus on
real breast geometry-based 3D models. In terms of inverse techniques, different data processing
algorithms to retrieve thermophysical parameters and growth features of tumor lesions are mentioned.
Post-processing of infrared images is also described, citing both conventional processing procedures
and applications of AI algorithms for tumor detection.

Keywords: bio-heat transfer; infrared thermal imaging; inverse modeling; steady-state and dynamic
thermography; post-processing images; skin cancer; breast cancer

1. Introduction

Breast cancer was the most common cancer worldwide in 2022, with more than
2.26 million new diagnoses in women in 2020, whereas melanoma of the skin was the
17th most common cancer, with more than 150,000 new cases [1]. As far as non-melanoma
skin cancers are concerned, they are under-reported in the national cancer registry data
as they are very common, often under-diagnosed, and commonly treated within primary
care. For these reasons, they are often excluded from the reporting of cancer statistics [1].
Additionally, it was estimated that in the EU 27 countries, melanoma accounted for 4% of
all new cancer diagnoses (all cancers, excluding non-melanoma skin cancers), with about
16,500 deceased subjects in 2020 [2]. In the same countries, breast cancer was the most
diagnosed cancer (13.8%) in 2022 [2], and it claimed 95,800 lives in the same year [2].

Early diagnostic tools could significantly increase survival rates and reduce health-
care costs. Apart from invasive examination (biopsy), the visual inspection-based ABCDE
criteria are commonly used by expert dermatologists for skin lesions diagnosis as well as
dermoscopy. However, at very early stages, melanomas may resemble benign lesions [3,4]
and, therefore, visual inspection can sometimes be inaccurate. In regard to breast cancer
diagnosis, mammography is considered the gold standard. Notwithstanding, it suffers
from low sensitivity for dense breasts in younger women, exposure to X-ray radiation, and
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relatively high costs [5]. Developing new, accurate, objective, and early diagnostic tools is
essential not only to overcome these limitations but also to avoid unnecessary biopsies and
consequently reduce the costs of national health-care systems.

Infrared (IR) thermography is one of the most promising technologies now available
for the early detection of malignant diseases (such as skin and breast cancers). Its significant
strengths are the absence of contact and dangerous radiation; it is also a non-invasive and
cost-effective technique. It is based on identifying abnormal thermal patterns on the
observed skin surface when compared to the healthy region, as they are recognized as
biological risk markers [6]. Surprisingly, the first applications of IR thermography to
diagnose breast cancers and melanomas date back to 1956 [7] and 1969 [8], respectively.
However, when the observed differences between thermal patterns of cancerous and
healthy tissues were subtle, this methodology showed drawbacks and limits due to poor
resolution and the scan time of the first IR cameras. Moreover, the absence of standardized
measurement procedures and the lack of clinicians adequately trained in the use of IR
cameras represented other obstacles to the development of such a methodology. Because
of these problems, IR thermography did not become popular as a diagnostic tool [6,9-12],
although in 1982, it was approved as an adjunctive tool for the diagnosis of breast cancer
by the Food and Drug Administration in the USA [5]. Later in the 2000s, the performance
of IR cameras was significantly improved thanks to the introduction of high-sensitivity
uncooled IR detectors (known as focal plane arrays), allowing less pronounced surface
temperature variations to be detected. As a consequence of the improvement in IR cameras’
performance along with the increasing computational capability (crucial for both realistic
models and artificial intelligence algorithms), IR thermography has gained a renewed
interest as a diagnostic tool. Furthermore, the increasing computational capability allows
for more accurate numerical models, which are able to predict the complex relationship
between surface thermal patterns and the underlying pathophysiological conditions, to
be implemented and used both as support for thermographic examination and to provide
reliable data useful for training artificial intelligence algorithms. Additionally, relevant
information about thermophysical parameters and growth features of tumor lesions can be
inferred from surface temperature distributions using inverse techniques.

To the best of the authors” knowledge, other reviews on this topic are devoted to
specific aspects of IR thermography applied for the diagnosis of a particular kind of cancer.
Examples are the reviews dedicated to breast cancer detection authored by Kandlikar
et al. [13] and by Mashekova et al. [14]. The former addresses both the general aspects of
thermography and numerical simulations, highlighting the need for realistic models, while
the latter discusses mainly the geometrical aspects of thermal modeling and computer-
aided diagnostic tools, underlining the applications of artificial intelligence algorithms.
Additionally, the review offered by Ng [6] discusses the camera performance and the
environmental requirements, enabling the use of IR thermography as a tool for breast
tumor screening. As far as skin cancer detection is concerned, the work by Akther et al. [4]
briefly reviews the experimental studies aimed at detecting melanoma, while the review by
Verstockt et al. [15] provides an overview of measurement set-ups and technical procedures
used for skin cancer diagnosis.

Contrarily to these review papers, the present review has the goal of comprehensively
describing the state of the art of technical procedures, bio-heat transfer modeling, and
thermogram post-processing methods, aiding IR thermal imaging for the diagnosis of both
skin cancers and breast tumors.

This review paper is organized as follows: Section 2 describes the thermal signatures
of different malignant diseases observable through IR thermography. The updated thermo-
graphic techniques used for the diagnosis of skin cancers and breast tumors are reviewed
in Sections 3 and 4, respectively. Steady-state techniques for skin cancer diagnosis are
handled in Section 3.1, while the related dynamic techniques are treated in Section 3.2, in
which classical dynamic IR thermography (along with the cold stimuli applied on the skin
surface), lock-in thermography, and frequency-modulated thermal wave imaging method
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are highlighted. Regarding the thermographic techniques for breast cancer diagnosis,
apart from the stationary ones (Section 4.1), particular emphasis is placed on the dynamic
techniques (Section 4.2), with a special focus on rotational breast thermography:.

Forward multi-layer models for the bio-heat transfer in skin tissues are described in
Section 5.1, while inverse modeling techniques, such as least squares minimization-based
methods and alternative algorithms, are handled in Section 5.2. Section 6 is devoted to
forward (Section 6.1) and inverse (Section 6.2) modeling of breast tissues. Real breast
geometry-based models are particularly mentioned. Finally, thermogram post-processing
methods, related to the application of both classical processing procedures and artificial
intelligence algorithms for the diagnosis of skin and breast cancers, are discussed
in Section 7.

2. Thermal Signature of Malignancy
2.1. Skin Cancers

Skin cancers (also known as skin neoplasms) are generally classified based on the kind
of skin cell from which they arise. Basal cell carcinoma (BCC), squamous cell carcinoma
(SCC), and melanoma (a malignant transformation of melanocytes) are the most common
skin cancers by the number of diagnosed cases. Each type of these skin neoplasms exhibits a
characteristic thermal signature, as shown by Gonzalez et al. [16]. These authors examined
30 patients with a reported diagnosis of melanoma (in 6 cases) and non-melanoma (18 BCC
and 6 SCC) skin neoplasms using an FLIR T400 IR camera (320 x 240 Focal Plane Array,
with a spectral range of 7.5-13 um and a thermal sensitivity of 50 mK at 30 °C). Based on
the acquired thermal images, they found that BBCs show negative temperature differences
between the cancer lesion and the healthy skin, while SCCs and melanomas exhibit positive
differences instead [16]. These thermal signatures were also studied in relation to the
vascularity of the skin lesion. In particular, for BCCs, a strong correlation between local
temperature lesion and vascularity was found, suggesting a low metabolic heat production
due to the tumor with respect to the variation of its vascularity; for SCCs, the results showed
that there is a constant ratio between metabolic heat production and vascularity; while
for melanomas, the local temperature increases even though the vascularity of the tumor
does not increase, suggesting that there is a higher variation in metabolic heat produced by
the tumor [16]. These conclusions are not only useful to correctly identify different kinds
of skin cancers through thermal imaging, but they also provide further information for
thermal modeling of skin neoplasms.

2.2. Breast Cancers

The important role of infrared thermography in assessing the risk of breast cancer was
revealed thanks to the study carried out by Head et al. [17] in 2000. These authors, using
second-generation focal-plane indium-antimonide IR detector systems, demonstrated that
women with abnormal IR breast images had an increased risk of about 30% of developing
breast cancer. They also showed the prognostic value of IR thermography for breast cancer
patients. Indeed, at that time, they found that 65% of the examined subjects with a breast
cancer diagnosis had abnormal IR images within the one-year period leading up to their
diagnosis, while 88% of the patients who died of breast cancer had abnormal IR images
during the same period.

Invasive ductal carcinoma (IDC), ductal carcinoma in situ (DCIS), and invasive lobular
carcinoma (ILC) are the three most common types of breast cancers [18]. Each of them
affects specific cells of the mammary tissue. In particular, DCIS affects the cells lining the
ducts, whereas when the walls of the ducts are involved, IDC occurs. The ILC affects the
lobules, i.e., the milk-producing glands. It is generally recognized that these tumors have
an increased metabolic rate and an increased blood supply, which leads to a temperature
spike on the breast surface that can be observed using IR thermography. Additionally, as
revealed by Yahara et al. [19], the high density of blood vessels in breast cancer may play a
role in the tumor and surrounding tissue temperatures.
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To detect less pronounced surface temperature variations due to deeper tumors, a cold
stimulation is often applied. The underlying principle is that when applying cold stress to
a healthy breast, the peripheral blood flow is redirected through deeper veins, leading to a
decrease in surface temperature [20]. On the contrary, an abnormal breast does not exhibit
this vasoconstriction, as blood vessels produced by cancer are devoid of a muscular layer
and cannot constrict in response to a cold stimulus [5]. Consequently, the affected regions
appear hyperthermic in an IR image. Moreover, vasodilatation in the same regions was
also observed; indeed, it was found that tumors under thermal stress produce a chemical
mediator able to dilate subcutaneous vessels [14], thus increasing the surface temperature
of the affected region.

Thermal images of cancerous breasts may reveal highly asymmetric temperature
distributions between the left and right breasts (in the assumption that one of them is
healthy), localized hot spots, and changes in hypothermic vascular patterns or variation in
heat patterns in the areolar and periareolar regions [14]. In detail, according to the Ville
Marie Infrared Grading Scale, a breast thermogram should be considered abnormal when at
least one of the following abnormal signs is present [21]: a significant vascular asymmetry,
unusual heat patterns, a temperature difference of 1 or 2 °C between the area of clinical
interest and the contralateral site, a 3 °C temperature difference between the area of clinical
interest and the ipsilateral breast, and a global temperature difference of 1.5 °C between
the cancerous and the healthy breast.

Recently, in an attempt to isolate the blood vessels from breast thermograms to detect
deeper, static heat sources (lesions), Gershenson and Gershenson [22] recognized the
thermal images of the vasoconstriction of the veins due to the application of a cold stimulus.
They applied the virtual wave transform technique, which is usually used in the thermal
non-destructive testing field. These authors, although working with limited data, reported
that the magnitude of vasoconstriction seems to be related to the presence of cancer. Due to
the limitation of their data, the authors promoted future studies involving diagnostic and
clinical data to validate this new paradigm.

3. Thermographic Techniques for Skin Cancer Diagnosis

Steady-state and dynamic infrared thermography were both suggested for detecting
skin cancers. The steady-state thermography requires that the subject reach a sufficient
thermal equilibrium with the ambient air contained in the examination room, which should
be maintained at a constant temperature during the test. Dynamic thermography usually
involves applying thermal stress to the skin region under investigation before acquiring
thermal images. Cold stress is often used rather than a hot stimulus. One of the reasons,
according to Buzug et al. [23], is that a hot stress can lead to the denaturizing process of
proteins when skin temperature exceeds 42 °C.

In 2014, Solivetti et al. [24] applied and compared three different techniques (high-
frequency ultrasound, positron emission tomography/computed tomography, and infrared
thermography) to examine 15 patients affected by advanced-stage melanoma who pre-
sented a total of 52 lesions. The results showed that the ultrasound technique was able
to detect all the lesions, while tomography and IR thermography were only able to de-
tect 24 and 15 lesions, respectively. In particular, the thermographic technique results
varied according to the lesion size, and they were better for lesions greater than 7 mm.
According to these authors, the ultrasound technique integrated with an accurate clinical
examination could not be replaced by the other two techniques. However, no thermogram
post-processing method was mentioned in their work. The lack of these post-processing
techniques, along with the sole visual evaluation of the thermograms, could be the cause of
the poor results obtained with IR imaging.

The possibility of distinguishing between melanomas and melanocytic nevi in both
steady-state and dynamic conditions was demonstrated by Magalhaes et al. [25] using dif-
ferent machine learning classifiers to separately test the collected thermal images. Thermal
acquisitions were performed in a room at 21 °C % 1 °C and relative humidity less than or
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equal to 50% using an FLIR E60sc IR camera with a 320 x 240 focal plane array, a noise
equivalent temperature difference less than 50 mK at 30 °C, and a measurement uncertainty
of £2%. Also, the quality of the recorded images was ensured by calibrating the camera
with a black body source. A period of acclimatization of 10 min was considered satisfactory
to reach a good thermal equilibrium to perform the IR imaging in steady-state conditions.
In dynamic conditions, a 5 mm diameter aluminum disk with a thickness of 20 mm put in
contact for 1 min with the skin lesion was used as a cold stimulus. In the steady-state mode,
only one infrared image was acquired, while in the dynamic mode, an image was recorded
immediately after the removal of the cold stimulus and the other five at each following
minute. Distinctive thermal parameters to characterize the skin lesion were retrieved from
the recorded images in both static and dynamic modes.

3.1. Steady-State Thermography

The examination of eleven subjects affected by BCC through steady-state thermogra-
phy was reported by Flores-Sahagun et al. [26]. The infrared images were recorded using
an SAT-S160 infrared camera with a low optical resolution (160 x 120 pixels), a temperature
accuracy of +2%, and a temperature resolution of 0.1 °C. The camera was placed 1 m
away from the patient’s skin. However, no information about the acclimatization time was
reported in [26]. Dimensionless temperature gradients, defined as [27], were measured
between two symmetric regions of the patient’s body (see Figure 1) in order to compensate
the temperature readings with respect to variations in both the metabolism and ambient
temperature. The authors concluded that their methodology was capable of detecting BCC
in all examined cases, despite the low resolution of the instrumentation used.

Figure 1. Infrared image of a patient exhibiting a lesion on his face, from Ref. [26]. Note that
two symmetric regions were marked with blue circles. (permission asked and obtained from Elsevier,
Amsterdam, The Netherlands).

A clinical study aimed at establishing the feasibility of distinguishing between benign
and malignant lesions using IR thermography was reported by Shada et al. [28] in which
74 patients above the age of 18 were involved. The lesion diameter was used to classify
251 lesions, previously identified using different diagnostic tools, such as clinical diagnosis
and tissue biopsy. The sensitivity (percentage of detected true positive) and specificity
(percentage of detected true negative) of infrared imaging were computed for each class
of diameters. Lesions of a diameter greater than or equal to 1.5 cm yielded the highest
sensitivity, while smaller lesions had the lowest sensitivity [28]. Shada et al. also reported
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high specificity values for all lesion sizes. However, no information about the image
acquisition procedure was described in this work.

In 2015, Vardasca et al. [29] showed the feasibility of identifying malignant skin lesions
through steady-state thermography by observing the thermal images of 58 patients affected
by neoplasms (see Figure 2). The subjects were left to reach a sufficient thermal equilibrium
with the air contained in an acclimatized room at 21 °C and a relative humidity less than
50% for 15 min before the thermal acquisition. An FLIR A325sc camera having a resolution
of 320 x 240 and a precision of 70 mK, placed 80 cm away from the patient, was used to
record the thermal images. The authors were able to distinguish benign from malignant
skin cancers by computing the thermal contrast between two rectangular regions of interest
over the neoplasm region.

Seborrheic keratosis Actinic keratosis

Melanocytic nuvi

37ec

»

20C

260 T 2mMmw

“Z2P20=r>»2

Basal cell carcinoma Squamous cell carcinoma Melanoma

Figure 2. Example of visual and IR images of different kinds of benign and malignant skin lesions,
from Ref. [29] (permission asked and obtained from IOP Publishing, Bristol, England).

To discriminate between benign and malignant skin lesions, Stringasci et al. [30]
registered and analyzed steady-state thermal images of clinically similar lesions. The
authors compared 100 IR images of BCC with 100 intradermal nevus, 35 images of SCC
with 35 actinic keratosis, and 20 melanomas with 20 pigmented seborrheic keratosis. The
infrared images were recorded through a FlukeVR FLK-Ti400 IR camera with a resolution
of 320 x 240 pixels, a thermal sensitivity of less than 0.05 °C, and precision of &= 2 °C. The
IR camera was placed 15 cm away from the lesion, and thermal images were recorder after
the patient was hosted for 10 min in an examination room at temperature of 22 °C. Each
thermal frame was analyzed in a MATLAB® environment to compute several metrics to
be used within a support vector machine classifier to discriminate the lesions. Thermal
images showed that actinic keratoses and SCC exhibit clearly distinct average temperatures,
while the other pairs of lesions show similar temperatures. However, these similar lesions
were successfully discriminated against by the support vector machine classifier using their
thermal images. The authors concluded that thermography can become a diagnostic tool
for the faster screening of suspicious lesions.
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3.2. Dynamic Infrared Thermography

As mentioned previously, dynamic IR thermography involves a cold stimulus to
enhance the thermal contrast between healthy and unhealthy skin tissues. However, in
the last few years, several authors have suggested other dynamic, well-known techniques
in the field of non-destructive testing, such as lock-in thermography and thermal wave
imaging. Compared to classical dynamic thermography, these techniques applied for skin
cancer diagnosis promise to precisely localize the lesion margins or identify the different
development stages of the tumor.

3.2.1. Cold Stimuli for IR Imaging

Different skin cooling methods were investigated and compared in the scientific
literature. The results obtained provide useful information when selecting a suitable cold
stimulus in terms of the effectiveness of the cooling and the characteristics of the lesion.

Zenzie et al. [31] compared the skin cooling achieved through the spray and contact
methods, both theoretically and experimentally, using an in vitro model. They concluded
that both methods provide efficient skin cooling and that target depth, cost, and safety
should be the deciding factors when choosing the cooling method.

Deng and Liu [32] showed that the thermal contrast between skin lesions and healthy
skin can be enhanced by inducing the evaporation of water and 75% medical ethanol
sprayed on the skin surface. The authors performed both numerical calculations and
infrared imaging experiments on a human forearm. They found that the vascular pattern of
the forearm became clearly visible several minutes after the induced evaporation. Therefore,
according to the author’s point of view, induced evaporation is an effective method for
enhancing the skin’s thermal contrast.

For three different skin cooling methods, Cheng and Herman [33] performed a com-
putational analysis to properly select the cooling temperature, time, and cooling depth
in order to maximize the thermal contrast between a lesion and healthy skin when using
dynamic infrared imaging. These authors investigated idealized contact cooling at constant
temperature, a water-soaked cotton patch, and convective cooling through a cold air flow
or immersion into a liquid. They found that, for the three methods, the cooling effect takes
less than 30 s to reach a depth of 4 mm. Also, when a cooling temperature of about 20 °C
is applied, effective skin cooling is achieved; in particular, the cooling effect can reach the
lesion depth within 2 min without causing discomfort to the patient. Moreover, Cheng
and Herman considered cooling durations varying from 5 to 120 s; as a consequence, they
studied two thermal recovery behaviors: one for short cooling times (less than 30 s) and
another for longer cooling times. In particular, shorter cooling times lead to a cooling
penetration depth less than 4 mm, with a maximum thermal contrast appearing within the
first few seconds of the thermal recovery phase; while longer cooling durations give a lower
maximum appearing 2045 s after the removal of cold stimulus. The authors concluded
that the cooling duration could be further adjusted by considering the characteristics of
the lesion.

To induce deeper cooling penetration and, therefore, better thermal contrast when
using dynamic IR thermography, a constant-temperature active cooling device was numer-
ically investigated by Gomboc et al. [34]. This set-up involves a metal disk put in direct
contact with the lesion and the surrounding tissue; also, a thermoelectric device (Peltier cell)
mounted over the disk top provides the cooling effect. The aim was to ensure that the disk
temperature was constant as possible during the cooling phase. The authors concluded
that to realize faster regulation and more constant cooling temperature, the use of a thin
metal disc is preferable to a thick disk. According to the authors, the set-up may be used in
any tumor stage as the lesion dimensions do not affect the cooling temperature.

Recently, Verstockt et al. [35] compared different cooling techniques useful in skin
cancer diagnosis when using dynamic IR thermography: conductive cooling (aluminum
medal, gel pack, and ice), evaporating cooling (alcohol spray), and convective cooling
(Vortex tube and Zimmer Crio 6). Skin-mimicking agar phantoms with similar thermal
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properties to human skin and resembling both flat skin and an ulcerating skin lesion were
used for the experimental tests. The skin phantoms were cooled for a period of 60 s,
and the successive reheating process was recorded by an IR camera and two embedded
resistance temperature detectors to assess the cooling penetration over time. To compare
the cooling techniques, the authors defined a decision matrix considering different criteria,
such as uniform cooling, repeatability, obstructing the view, cooling efficiency, workload per
patient, patient comfort, use in a clinical setting, noise exposure, consumables, additional
equipment, and price. The most suitable cooling method for skin cancer diagnosis was the
technique that reached the highest weighted score. The authors concluded that convective
cooling techniques create a more uniform cooling effect than conductive techniques, which
are effective only for cooling flat objects; indeed, when they are applied to bulging skin,
uniform cooling is more challenging to obtain. According to the authors, cooling methods
involving ice or alcohol are unsuitable when using infrared thermography because they
can compromise the accuracy of the temperature readings as they affect both the infrared
radiation and the thermal camera’s view. Based on their decision matrix, Verstockt et al.
stated that the Zimmer Cryo 6 cooler is the best cooling method thanks to its ability to
uniformly cool the skin, the consistent conditioning of cold air, high cooling efficiency at
the airflow temperature of —30 °C, and unnecessary consumables; on the other hand, the
disadvantage of this cooling device is its cost.

Cryogenic cooling of the skin was also applied in the thermographic study, aided by
numerical simulations and recently published by Verstockt et al. [36]. The authors showed
that the choice of an appropriate cooling method, a cooling sequence, and an optimized
experimental set-up leads to an improvement in thermal contrast.

3.2.2. Dynamic IR Thermography Using a Cold Provocation

Dynamic IR thermography was successfully applied by Buzug et al. [23] to detect
a BCC. In particular, a cool gel pack was used to cool down to 27 °C on a skin area of
10 x 10 cm?. The thermal recovery was then recorded by an FLIR SC 3000 camera with
a temperature resolution of 0.03 K for 5 min with a frame rate of 1 Hz. The involuntary
movements of the patients were compensated by detecting the bore holes of a fiducial
marker in the frame sequence using the generalized Hough transformation. In 2006, the
work of Buzug et al. revealed dynamic thermography as a powerful diagnostic tool.

In 2009, Santa Cruz et al. began an experimental program aimed at investigating the
feasibility of dynamic infrared thermography for follow-up melanoma patients treated with
Boron Neutron Capture Therapy (BNCT) [37]. The patients remained at rest for 15-20 min
in order to allow the examined region to reach an approximate thermal equilibrium with
the environment. Then, the initial temperature distribution was recorded for 30 s (basal
study); after that, an immersion in water at 15 °C for 2 min or an alcohol spray followed
by fan currents over the region (to induce cooling by forced evaporation) were used as
cold stimuli. Again, a second thermal acquisition was recorded for 3 min or more. In order
to compare the steady and post-stimulus temperature distributions, the examined region
was immobilized, and anatomical landmarks were used for image acquisition. In the early
phase of this study, two patients were followed up for 30 weeks after the BNCT treatment,
revealing dynamic thermography as a useful tool for melanoma monitoring during BNCT
treatments as well as for optimizing the treatment itself.

Cetingul and Herman developed a thermal infrared imaging system aimed at early di-
agnosing malignant pigmented skin lesions [38]. This system allows for small temperature
differences on the skin surface to be accurately measured. In their pilot study, 37 patients
with a pigmented lesion with a clinical indication for biopsy were tested. A 50 mm diameter
skin region containing the lesion was cooled by a stream of cold air at 15 °C for 1 min. The
thermal recovery phase was recorded for 3-4 min by an infrared camera (equipped with a
320 x 256 pixel InSb focal plane array and having a sensitivity of 0.025 °C) located 30 cm
away from the patient. The acquisition frequency was set at 2 s. To analyze the infrared
images, an involuntary movement correction and an interactive lesion segmentation were
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applied. In particular, to align the recorded thermal image sequence, the corners of an
adhesive marker were used as landmarks in a quadratic motion model. Then, an interactive
image segmentation algorithm was used to create a mask image delineating the lesion,
which in turn was used to identify the lesion region in each of the thermal images. Cetingul
and Herman reported the detection of two melanoma cases at a very early stage, for which
temperature differences of 0.5 °C and 2.2 °C, respectively, between the lesion and healthy
tissue were observed.

Thirty-six chronic sun-exposed subjects affected by 87 actinic keratosis and 48 BCC
lesions were examined by Di Carlo et al. [39] using both dynamic IR thermography and
dermoscopy. A cold stress at 5 °C on the skin area containing the lesion was applied
for 20 s, and after that, the thermal recovery of this region was recorded by an FLIR3000
Thermocam. The thermal images showed well-distinct thermal patterns for the two kinds
of lesions: all the actinic keratosis lesions exhibited a hyperthermic pattern, while the BCC
lesions showed a hypothermic one. On the contrary, dermoscopic examination a 22% of
cases for which no diagnostic indications were achievable. However, the authors stated
that to confirm IR thermography as a diagnostic tool, a larger sample of subjects has to
be enrolled.

Baek et al. [40] distinguished pigmented BCC and seborrheic keratosis by comparing
the thermal recovery patterns of skin lesions and healthy skin recorded after the application
of both hot and cold stress supplied with a thermoelectric device. Thermal images were
recorded from a group of 37 patients affected by pigmented BCC (22 individuals) and
seborrheic keratosis (15 individuals) and enrolled to undergo an original IR imaging
procedure. After 5-10 min of acclimatization in a controlled temperature room at 23 °C
and 50 &+ 5% relative humidity, the skin lesion was initially heated up to 40 °C; after that,
the hot stimulus was immediately removed and the thermal response of the lesion was
recorded for five minutes through an FLIRVR A615 IR camera (with an optical resolution of
640 x 480 pixels and a noise equivalent temperature difference less than 0.05 °C at 30 °C).
After 5 min of rest, the same lesion was cooled to 15 °C, and thermal images were acquired
for the other five minutes after removing the cold stimulus. The same procedure was also
applied to the healthy skin. The classification method was based on the fact that pigmented
BCC showed faster thermal recovery than normal skin, whereas no significant differences
between seborrheic keratosis lesions and healthy skin appeared when comparing their
thermal responses.

In 2015, Godoy et al. suggested an analysis method for skin cancer screening using
dynamic infrared thermography [41]. About one hundred subjects underwent the sug-
gested method. A cold air flow produced by a Ranque-Hilsch vortex tube was used to cool
the subject’s skin around the suspected lesion for 30 s. Moreover, the examination room
was controlled to be between 20 and 22 °C. Thermal images were acquired for a total of
2 min during both the cooling and the thermal recovery phases using a long-wave infrared
camera with a 320 x 256 focal-plane array. A squared infrared marker was used to correct
the involuntary movement of the subject using the Harris corner detector algorithm, and an
affine transformation matrix was used to map the movements between consecutive frames.
The effect of the non-uniform cooling was also considered by judiciously selecting pixels
with the same initial temperature. The authors reported that their method allows 95% of
the malignant cases to be correctly classified, while more than 83% of the benign lesions
would be identified without the need for a biopsy.

A group of 30 patients affected by actinic keratosis were periodically monitored after
the surgical removal of the lesions by Laino et al. [42], using dynamic IR thermography to
evaluate the effectiveness of treatment with Eryfotona® in reducing the hyperthermic halo
typical of this lesion. The authors employed an FLIR3000 IR camera together with patented
equipment to provide the thermal stimulus. In particular, it consisted of an insulated tank
containing a mixture of alcohol and water and connected, with a two-way tube, to a rubber
balloon, which was put in contact with the skin. The temperature of the mixture can be
set from 0 °C to 40 °C by means of a heating—cooling system embedded within the tank
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walls. In their study, the patient’s skin was cooled for 20 s until it reached a temperature
of 5 °C. The area of the hyperthermic region and the thermal recovery time, i.e., the time
the skin takes to come back to steady-state conditions, were the parameters monitored by
the authors.

Dynamic IR thermography was also applied to monitor six patients affected by BCC
who underwent photodynamic therapy (PDT) [43]. However, in this study carried out by
Cholewka et al., a cold stimulus was not applied; on the contrary, during the photodynamic
treatment, the patient’s skin was illuminated by a diode laser source. Thermal images
were recorded using an FLIR Thermovision Camera E60 (sensitivity of 50 mK), placed
0.5 m away from the skin lesion, before and immediately after illumination, as well as
after 15, 30, and 45 min. Tests were performed in a special room whose temperature was
maintained at 23 £ 1 °C. According to the authors, knowledge of the observable changes
in the temperature gradient of the lesion due to the photodynamic treatment can provide
useful information about chemical and physiological processes occurring during therapy.

3.2.3. Lock-in Thermography

Lock-in thermal imaging (LIT), first developed in the 1990s for non-destructive testing
of materials, was first used for dermatological applications by Bonmarine and Le Gal [44].
The experimental set-up suggested by the authors foresees the use of a temperature-
modulated airflow to periodically stimulate the skin surface (see Figure 3). This set-up
consists of a cold air device in series with a resistive wire (whose voltage is periodically
modulated) to create a temperature-modulated air flow. Moreover, thermal images were
recorded by an infrared camera synchronized with the air flow modulation.

Modulation signal Air flow generator

\4 Cooling
PC unit

( = /

Infra-red images + timing

Controller

\ 4

A

Infra-red camera >

Inspection
head \ Temperature
modulated air-
Thermal €
05 flow
radiation

Biological tissue

Figure 3. Schematic of the experimental set-up used for lock-in thermal imaging [44] (permission
asked and obtained from John Wiley and Sons Ltd., Hoboken, NJ, USA).

Then, the acquired thermal frames had to be demodulated according to the digital lock-
in principle. Applying this procedure yields a phase and an amplitude image; the former
is a map of the phase angles between the thermal stimulus and the temperature response
of the skin, while the second image is related to the dissipated power at the skin surface.
The main advantage of LIT compared to steady-state and dynamic IR thermography is its
ability to detect very small temperature gradients even when a noisy background occurs. In
fact, this method is able to reject irrelevant thermal signals coming from the metabolic and
circulatory variations occurring in the subcutaneous tissues [44]. Also, the suppression of
the lateral heat spreading achievable in the phase image allows the lesion and its margins
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to be localized accurately. Note that the same accuracy is not achievable using steady-state
thermography. However, the results of the application of this method were reported by the
authors only for benign skin lesions.

3.2.4. Thermal Wave Imaging

The feasibility of the frequency-modulated thermal wave imaging (FMTWI) technique
used for the detection and distinction of skin cancer stages was theoretically proved for the
first time by Bhowmik et al. [45] in 2005. The FMTWI technique foresees a controlled heating
of the skin surface through a frequency-modulated heat flux of the desired magnitude
and bandwidth, as shown in Figure 4. As a consequence, a highly diffused thermal wave
propagates within the tissue, leading to time-varying temperature distributions. During the
active heating, the temperature of the irradiated surface was recorded by an IR camera [45].
This method can be applied to thermally probe skin lesions at different depths using
a single experimental test. Additionally, it requires a low peak power of the incident
heat flux, and it is faster than other imaging techniques requiring periodically amplitude-
modulated thermal excitation, such as LIT. The results showed that the FMTWI technique is
suitable for the detection and differentiation of melanomas with large volumes rather than
melanomas at the earliest development stages (with small volumes). Finally, by extracting
the phase information from the simulated thermograms, the authors reported that the
phase images have the advantage of allowing different development stages of melanoma to
be clearly detected, compared to raw thermograms recorded by simply applying dynamic
IR thermography.
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Figure 4. Schematic of the experimental apparatus of thermal wave imaging technique.
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3.2.5. Literature Survey on Skin Cancer Diagnosis

The key findings and measurement protocols used in the scientific research mentioned
in the above sections are summarized in Table 1.

Table 1. Summary of scientific research for skin cancer diagnosis using IR thermography.

Thermal Cooling/Heating
. Sample Size and Camera Methods/ ..
Study Imaging . g e e e Findings/Results
Technigue Lesion Type Specifications Acclimatization
q Information
FLIR T400 IR camera Differentiated BCC,
. (320 x 240 FPA, SCC, and melanoma
30 patients
Gonzalez et al. [16] Infrared (6 melanomas, 18 spectral range . based on temperature
’ Thermography. BCC. and 6 SC,C) 7.5-13 pm, thermal differences.
! ’ sensitivity 50 mK Correlation with

at 30 °C). vascularity.
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Theoretical feasibility
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Bhowmik et al. [45]

(FMTWI). controlled heating. the skin surface.

4. Thermographic Techniques for Breast Cancer Detection

Similarly, for a skin cancer diagnosis, steady-state and dynamic infrared thermography
are both used in practice for detecting breast cancer. In fact, already at the turn of the
1990s, Ohashi and Uchida [46] tested 728 breast cancer patients using both steady-state
and dynamic thermography, although the results of their study were only published in
2000. For steady-state testing, they maintained the examination room at a temperature
of 21 °C in which thermal images were acquired from the front, left oblique, and right
oblique directions, whereas for dynamic conditions, the subjects were exposed to cold
air flow provided by an electric fan for 2 min, and after that, the thermal frames were
recorded every 15 s in the anterior view. The dynamic IR images were analyzed both
as sequential images and using digital subtraction, i.e., by subtracting the second of the
sequentially recorded thermograms from the first one. The authors concluded that dy-
namic thermography reached a higher diagnostic accuracy (82%), compared to steady
mode (54%).

Later in 2013, Vreugdenburg et al. [47] evaluated three different emerging methodolo-
gies suggested for breast cancer screening and diagnosis, including infrared thermography,
electrical impedance scanning, and ultrasound elastography, looking for the available
evidence of safety, effectiveness, and diagnostic accuracy. At that time, the authors reported
that there was insufficient evidence to recommend the use of all these methodologies for
breast cancer screening [47].

4.1. Steady-State Thermography

To create a data bank of normal breast thermograms, Ng et al. [48] examined 50 healthy
and normal menstruating women by means of steady-state thermography to investigate the
cyclic variation of temperature and vascularization of their normal breast thermograms. In
fact, establishing the surface isotherm pattern of the healthy breasts and the normal range
of cyclic variations of temperature over time is paramount to identifying the abnormal
infrared images of diseased breasts. The examination was performed in a controlled room
maintained at a temperature of 22 °C and a relative humidity between 60 and 70%. Thermal
images were recorded using a contact thermogram system (encapsulated liquid crystal
SINOTEST MSP8) with various thermographic plates after the subject rested for 15-20 min
for acclimatization. The authors also established the best period for the thermographic
examination of a female subject in relation to the menstrual cycle.

A thermographic analysis of normal breasts was also performed by Zeng et al. [49].
Their study involved 35 healthy female patients whose breasts were imaged using steady-
state thermography after a break of 5-10 min for acclimatization in a room that was
maintained between 21 °C and 25 °C. However, during the examination, the tempera-
ture changes were ensured to be within 1 °C. Moreover, thermal images were acquired
in the anteroposterior, left and right lateral, and left and right oblique views with the IR
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camera placed 1 m away from the patient. In particular, the HYIR I-1206 medical ther-
mal imager, with an image resolution of 384 x 288 pixels, a temperature sensitivity of
0.08 °C, and operating in the spectral range of 8-14 um, was employed. The authors found
evidence that the temperature distribution of healthy breasts was symmetrical and that the
mean temperatures of both breasts were almost equal. However, slight differences in the
temperature were reported between the upper left and right quadrants and between the
upper and lower quadrants.

Wang et al. [50] selected a group of 276 women who were scheduled to undergo an
excisional biopsy based on mammograms or ultrasounds to be examined using steady-
state thermography the day before surgery. Each participant rested for 15 min on a chair
in an erect position with their hands over the head in a controlled-temperature room
maintained at 23-25 °C. After that, two lateral and two oblique views of IR images were
recorded using an ATIR-M301 thermal imaging system (with a 320 x 240 focal plane
array detector and a temperature resolution less than 0.1 °C) placed 2.5 m away from
the subject. To investigate the diagnostic performance of the IR thermography, the au-
thors analyzed the collected thermal images by evaluating five independent diagnostic
signs by means of statistical analysis. In particular, they defined univariate and multi-
variate logistic regression models to investigate the correlation between IR signs and the
final disease status assessed by biopsy. The authors predicted sensitivity and specificity
values of 72.4% and 76.6%, respectively.

Low sensitivity values for digital infrared thermal imaging applied under steady-state
conditions were reported by Kontos et al. [51] in 2011. These authors examined 63 patients
using the Meditherm med2000 thermal imaging system. A series of the recorded thermal
images is shown in Figure 5. The examination was performed in a room without windows,
in which the temperature was approximately maintained at 22 °C. Also, the patients were
left to acclimatize with ambient air for 10-15 min before sitting on a rotation stool (without
a back rest) placed 1 m away from the thermographic camera. The authors concluded
that steady-state infrared imaging should not be used as a screening test for breast cancer
detection, and it was also not suitable for the primary evaluation of symptomatic patients
because of its low sensitivity.

Figure 5. Thermal images of a patient having a suspicious lesion on the left breast, from Ref. [51]
(permission asked and obtained from Elsevier, Amsterdam, The Netherlands).

Morais et al. [52] examined a group of 47 breast cancer patients using the same
dimensionless temperature gradient-based methodology described in [26]. In their study,
the following two different IR cameras were employed: a ThermaCAM T400 FLIR E60
(with a resolution of 320 x 240 pixels and a temperature sensitivity of 0.05 °C) and an
SAT-5160 camera with a low optical resolution (160 x 120 pixels) and lower temperature
sensitivity (0.1 °C). Figure 6 shows a thermal image recorded by the highest performance
camera. The authors reported that their methodology was efficient in identifying breast
lesions even when a lower-resolution camera was used. Therefore, they concluded that
their methodology can be potentially used as a non-invasive screening tool.
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Figure 6. Breast infrared image of a patient with a high asymmetry, as highlighted by the circles
drawn in the figure, from Ref. [52]. (permission asked and obtained from Elsevier, Amsterdam,
The Netherlands).

4.2. Dynamic Infrared Thermography

To enhance the thermal contrast due to smaller and deeper breast tumors, dynamic
imaging after or during the application of a cold stimulus was performed. In addition
to canonical dynamic breast thermography, an alternative procedure known as rotational
thermography was suggested to allow the whole breast surface to be imaged.

4.2.1. Cold Stimulus and Patient Comfort

Contrarily to steady-state thermography, patient comfort related to the application
of cold stress is a crucial aspect of dynamic breast IR imaging. Indeed, to improve the
thermal contrast between the cancerous and healthy breast, a cold air flow typically between
5 °C and 15 °C is often blown to the patient’s breast while holding their hands on the
head [13]. Also, the cooling period ranges between 2 min and 6 min to create a sufficient
thermal contrast to detect tumors at depths less than 15 mm. Obviously, a longer cooling
period yields a higher thermal contrast but more discomfort for the patient. Contact cooling
methods are also applied in fewer cases.

According to the numerical results provided by Amri et al. [53] to ensure both a good
thermal contrast and better patient comfort, cold air flow at temperatures just below the
ambient temperature can be applied for less than 1 min.

A numerical study to optimize the cooling stress applied for early detection of breast
cancer from dynamic IR images was performed by Zhou and Herman [54]. Thermal
contrasts observable when applying a cold stress for a duration of 15-25 min at a constant
cooling temperature of 5-15 °C on the skin surface were analyzed using a 2D breast model
by simulating tumors of different sizes, depths, and locations. The authors reported that to
achieve the maximum thermal contrast for deeper and smaller tumors, the tissue should
be cooled for 5-15 min; also, this maximum appears after 20-45 min during the thermal
recovery phase [54]. Notwithstanding, the thermal signature of smaller tumors close to the
muscle layer can be covered by the underlying layers at core body temperature, limiting
the ability to detect lesions.

The efficacy of dynamic cooling was tested by Sadeghi et al. [55] using a gel phantom
mimicking the human breast affected by a tumor. A depth-adjustable heat source (a resistor
having dimensions of 2 mm x 1 mm) simulating a tumor was placed inside the gel phantom,
in which three temperature sensors were also embedded. The temperature of the phantom
was maintained at 37 °C through a heating plate placed underneath, whereas the simulated
tumor was kept at 39 °C. A cold stimulus was simulated using a glass container filled
with water at 18 °C. After its removal, the thermal recovery of the phantom was recorded
by an FLIR A65 IR camera. The authors found that although the tumor depth affected
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the temperature spread on the phantom surface, the mimicked tumor was detectable at
different depths. Additionally, they reported that a cooling time of 3 s was sufficient to
induce cold stress on the phantom.

4.2.2. Dynamic IR Thermography Using a Cold Provocation

The effectiveness of dynamic IR thermography in distinguishing between benign and
malignant breast lesions was assessed by Parisky et al. [56]. Thermal images of 769 subjects
with 187 malignant and 688 benign lesions, previously evaluated through mammography,
were acquired in a rapid sequence both before and during the cooling phase. In particular,
in this phase, a stream of cold air supplied by a refrigeration chamber was circulated around
the breast. The authors reported high sensitivity values (97%) and poor specificity (14%),
which, however, was statistically higher in dense breast compared to fatty breast. The
authors recognized the value of dynamic IR imaging in conjunction with mammography
in determining whether a lesion is benign or malignant.

The effectiveness of a dynamic IR breast scan, known as Sentinel BreastScan™, was
evaluated in 2008 by Arora et al. [57], testing 92 women with suspicious breast lesions.
The IR system was equipped with an IR camera with a 320 x 240 uncooled focal plane
array, a sensitivity of 0.08 °C, and an operating wavelength range of 7-12 um. The exami-
nation was performed in dynamic conditions using an air cooler supplying a cold air flow
directed toward the breasts and a chair equipped with lateral-view side mirrors. More than
100 thermal images were gathered for approximately 4 min for each patient. The authors
applied three different modes for analyzing thermal frames, and in particular, a screening
mode, a clinical mode based on prior information related to the lesion location, and an
artificial neural network. They reported sensitivity values higher than or equal to 90%
for each mode, and they concluded that digital IR thermography is a valuable adjunct
to mammography and ultrasound, especially in all those cases in which the diagnosis of
breast cancer can be difficult (such as in younger women, men, patients with dense breasts,
or patients with surgically altered breasts).

The accuracy of the same IR breast scan employed in the study of Arora et al. was
assessed later in 2010 by Wishart et al. [58]. These authors subjected 100 women with
suspicious breast lesions to IR imaging before their biopsy. For each patient, a sequence of
250 thermal frames was acquired while they were sat on am ergonomic chair with their
arms supported at eye level, and a temperature-controlled air flow was directed at the
breasts for about 5 min. The recorded images were analyzed using proprietary software.
The authors concluded that digital infrared imaging is particularly effective for breast
cancer detection in women under 50 years old, for which they observed the maximum
values of sensitivity (78%) and specificity (75%).

Sarigoz and Ertan [59] evaluated twenty-six patients affected by IDC of the breast
through dynamic infrared thermography before surgery. The examination room was
kept at a constant 22-25 °C with a relative humidity of around 50%. After 15 min for
acclimatization, two initial steady-state images of the axillary region were recorded us-
ing a Fluke® Ti9 IR camera (with an image resolution of 640 x 480 pixels and thermal
sensitivity < 0.20 °C at 30 °C) placed at a distance of 1 m. Then, a cold stress was applied
to the same region using a gel pack at 4-8 °C for 2 min. The successive thermal recovery
was recorded for at least 2 min, and sequential thermal frames were taken every 5s. The
authors reported an achieved sensitivity of 83% and a false negative rate of 16% when
diagnosing axillary involvement. Finally, dynamic infrared thermography was found to
be superior to ultrasound, mammography, and magnetic resonance imaging in detecting
malignant lymph nodes.

4.2.3. Rotational Breast Thermography

Very often in conventional breast thermography, the patient placed in front of the
camera is imaged in three different views, namely contra-lateral, medio-lateral oblique,
and axillary. However, in these views, the lower posterior regions of the breast are not
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imaged completely because of the normal breast sag [20]. Consequently, cancerous lesions
in such regions are not detectable. To overcome this limitation, a novel technique, known
as rotational breast thermography, was suggested. This technique foresees that the patient
is lied in prone position on a special set up known as the Mammary Rotational Infrared
Thermographic System (MAMRIT), with one breast freely suspended into a temperature-
controlled closed chamber through a small circular aperture. Also inside this chamber
is a robotic arm, within which an infrared camera is fixed, that rotates clockwise around
the suspended breast so that it can be imaged from many perspectives. In such a way,
the whole breast surface can be completely analyzed, ensuring that all abnormalities
are detected.

The potential of rotational thermography for the automatic detection of breast abnor-
malities involving a cold stimulus was evaluated by Francis et al. [20]. In particular, these
authors assessed the accuracy of this technique both before and after the application of a
cold stress that was performed by cooling the temperature of the closed chamber by 2-3 °C.
A group of 36 patients (24 healthy and 12 with breast abnormalities) were involved in this
study. Also, steady-state thermograms were recorded after a period of rest to stabilize basal
metabolic activity, with the air temperature inside the chamber adjusted to the comfort
level of the patient and a relative humidity of 60%. In both steady and dynamic conditions,
a series of 12 images were acquired for each breast at spatial intervals of 30°. After that,
statistical and texture features were extracted from the rotational thermogram series in
both conditions. Then, these features were used as inputs within a support vector machine
able to automatically classify healthy and malignant breasts. The authors reported better
accuracy in steady conditions (about 83%) when compared to that obtained (about 70%)
from the thermograms recorded after the cold stimulus. In conclusion, the authors stated
that rotational thermography holds great potential as a screening tool for breast cancer
detection, especially when it is used as an adjunct tool to ultrasound.

4.2.4. Literature Survey on Breast Cancer Diagnosis

The scientific research mentioned in Section 4 is summarized in Table 2.

Table 2. Summary of scientific researches for breast cancer diagnosis using IR thermography.
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5. Skin Tissue Modeling
5.1. Forward Modeling

The most common modeling of the skin tissues used in the literature involves a
five-layer structure consisting of the epidermis, papillary dermis, reticular dermis, fat
layer, and muscle, as shown in Figure 7. One-dimensional (1D), two-dimensional (2D),
or three-dimensional (3D) models based on the Pennes equation are encountered in
the literature.

Tumour

Skin

Epidermis \
\

Papillary dermis
Reticular dermis —___

Fat

Muscle

Figure 7. Schematic of a five-layer skin tissue model with an embedded tumor.

An exception is the work authored by Deng and Liu [60], who considered a simpli-
fied three-layer skin model consisting of a skin, fat, and flesh layer with cancer tissue
inside. To reveal the correlation between skin surface temperature and interior human
pathophysiology, these authors solved a transient 3D bio-heat transfer problem involving a
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non-linear boundary condition at the skin surface (due to simultaneous heat transfer by
convection, radiation, and evaporation) using the Monte Carlo method. Different factors
affecting the skin temperature and consequently the temperature reading recordable with
an IR camera were investigated: skin emissivity, skin humidity, convective heat transfer
coefficient, temperature and relative humidity of ambient air, metabolic rate and blood
perfusion in the tumor, and lesion size. The authors found that the obtainable thermal
contrast is strongly correlated with the lesion size and the metabolic rate in the area affected
by the lesion [60].

Irregular-shaped skin lesions were considered by Cetingul and Herman [61] in a
3D multilayer skin model similar to that depicted in Figure 7. These authors assessed
the sensitivity of surface transient thermal responses with respect to the variations in
thermophysical properties, metabolic heat generation, blood perfusion rate, and thicknesses
of skin layers. Their model involves a constant-temperature boundary condition applied
to the skin surface to simulate the cold stimulus, while convective heat transfer on the
same surface describes the thermal recovery. A similar 3D model was used by the same
authors in [62].

A 2D semi-infinite multilayer skin model involving an elliptical lesion located in the
papillary dermis layer was studied by Cheng and Herman [33] to investigate the skin
cooling effect provided by different cooling methods.

A bio-heat transfer model integrated with the momentum and energy conserva-
tion equations for non-Newtonian blood flow within multi-layer skin was suggested
by Bhowmik et al. [63]. In particular, they considered a 3D multilayer model with counter-
current blood vessels in each skin layer, as well as various cancerous lesions with different
geometrical, thermal, and physical parameters. Following the dynamic infrared thermogra-
phy procedure, the rewarming period of the skin was simulated by taking free convection,
radiation, and evaporation into account. The evaluation of the skin thermal response
highlighted that subsurface blood flow overpowers the response of early-stage melanomas.

In order to theoretically evaluate lock-in thermal imaging for the early detection of
melanomas, Bonmarin and Le Gal [64] used a Pennes equation-based 2D axisymmetric
multilayer skin model to simulate the steady state and transient surface temperatures.
The skin lesion is modeled as a cylindrically shaped region with different thermophysical
properties compared to the surrounding healthy tissue. Also, boundary conditions applied
to the top surface take convective and radiative heat transfer between the skin and thermally
modulated air flow into account. The authors concluded that melanomas can be successfully
detected by applying the lock-in demodulation formalism to the transient skin surface
temperature. This is also true when the lesion is at the early-stage of development, i.e.,
when its penetration depth is less than 0.1 mm.

Iliaz et al. [65] developed efficient solvers to compute the steady-state and transient
solutions of a bio-heat transfer problem in skin tissue. In particular, the addressed problem
involves a 2D multilayer skin model including a melanoma of different sizes. Also, in this
work, the cooling-rewarming conditions reported in [37] were considered. The subdomain
approach of boundary element method (BEM), which is faster than the classical BEM,
was applied as numerical solution technique. The authors showed that the use of the
BEM parabolic formulation with quadratic elements yields high accuracy and reduces
computational times. For this reason, they suggest this solver for inverse bio-heat transfer
problems aimed at retrieving lesion size and parameters.

Finally, an example of steady-state skin tissue modeling used to establish whether the
underling lesion is benign or malignant is discussed by Agyingi et al. [66].

5.2. Inverse Modeling

Inverse procedures that are useful for estimating thermophysical parameters and
growth features of skin lesions are gaining more and more interest due to the increasing
development of IR cameras and computational capacity. Indeed, information regarding the
thermal properties of a lesion leads to more reliable numerical models, and on the other
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hand, an accurate estimate of the lesion penetration depth provides relevant information
about the tumor stage to which it is related [67], reducing the cases of unnecessary biopsies
required for stage characterization.

An inverse procedure aimed at estimating the size and location of a skin lesion was
applied by Partridge and Wrobel [68] using a dual reciprocity boundary element method
coupled with a genetic algorithm. The temperature measurements at the skin surface
were obtained from a steady-state 2D model involving a lesion located at different depths,
in which both a second and a third-kind boundary condition at the skin surface were
applied. The absence of internal nodes, the unnecessary computation of sensitivities, and
the unnecessary definition of an initial guess location of the lesion are the main advantages
of the suggested procedure [68]. However, the authors reported that very small or deeply
located tumors cannot be detected using this procedure as they produce only a small
perturbation of the skin temperature.

Simplified 2D and 3D skin models based on the steady-state bioheat Pennes equation
were used by Agnelli et al. [69] to estimate the unknown metabolic heat generation or
geometrical parameters of a circular or spherical tumor lesion included in the computational
domain. A second-order finite difference scheme was applied to obtain the simulated
surface temperature distributions used in the inverse procedure, which was based on the
Pattern Search algorithm. The authors reported very good estimation accuracy for both 2D
and 3D cases, even when the simulated data were affected by a noise level of 5-10%.

Two stochastic algorithms (such as the genetic algorithm and simulated annealing)
were applied by Bhowmik and Repaka [70] for simultaneously estimating the diameter,
penetration depth, blood perfusion, and metabolic heat generation of subsurface skin
cancers based on the surface temperature variations obtained from a 3D model of human
skin. In this work, the forward model required the numerical solution of the Pennes bioheat
equation for a multilayer skin (see Figure 7) whose top surface can exchange heat with the
external environment by convection, radiation, and evaporation. Also, the cooling phase
was simulated by applying a first-kind boundary condition (imposed temperature) to the
top surface. The simulated annealing algorithm was found to be superior with respect to
the genetic algorithm. In fact, the computing time is shorter, and the retrieved parameters
have a higher accuracy when using the former algorithm. The authors concluded that
their algorithm, along with a thermal camera, may provide a useful diagnostic tool for the
characterization of subsurface skin lesions.

Stratowsha et al. [71] estimated the perfusion coefficient, thermal conductivity, and
thermal heat capacity of skin tissue using inverse thermal modeling based on the Laplace
transform method and the related Nyquist’s plots. The time domain thermal response was
predicted by a 1D three-layer skin model using the Pennes equation, while the temperature
measurements were obtained from a person’s forearm by applying dynamic IR thermogra-
phy. The authors reported a measurement uncertainty of less than 30% and that they were
going to apply this approach for screening malignant and benign skin lesions.

Later, in 2018, the same authors applied the same procedure to classify psoriatic
lesions and healthy skin regions [72]. However, a more complete thermal model involving
metabolic heat generation was considered by the authors.

Iliaz et al. [73] applied the Levenberg-Marquardt algorithm for the simultaneous esti-
mation of tumor diameter, thickness, blood perfusion rate, and thermoregulation coefficient
when using dynamic infrared thermography. The authors simulated the measured skin
temperature distribution by adding noise to the numerical solution of a 3D bio-heat transfer
problem involving the cylindrically shaped multi-layer skin model described in [74]. In
addition, the cold stimulus is simulated through a first-kind boundary condition, while the
thermal recovery is described using Robin’s boundary condition by neglecting radiative
heat transfer as well as heat loss due to evaporation. According to the authors, an accurate
estimation of lesion diameter and thermoregulation coefficient can be attained regardless
of the noise and tumor stage, whereas the blood perfusion rate and lesion thickness can
only be accurately estimated for a low noise level or later tumor stage.
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A time-consuming inverse solution method for the bio-heat transfer problem
addressed in [65] was described by Iliaz et al. [75]. They stated that the blood per-
fusion rate, metabolic heat generation, diameter, and thickness of the tumor can be
simultaneously estimated.

Chen et al. [76] estimated the depth, sizes, and thermal properties (thermal conductiv-
ity, heat generation, and blood perfusion) of skin tumors using a deep learning model and
a 3D finite element, five-layer skin model. Skin surface temperatures during the thermal
recovery phase were simulated by varying the features of a rectangular tumor lesion, and
the obtained temperature data were used to train and test the performance of the neural
network. The authors concluded that the deep learning model can establish a relationship
between the skin surface temperature and the tumor features, allowing not only to estimate
its thermal properties but also to retrieve tumor heat generation and blood perfusion.

6. Mammary Tissue Modeling

Human breast geometry is commonly modeled as a hemispherical volume consisting
of different concentric tissue layers, such as the core glandular, subcutaneous glandular,
and fatty and skin layers. In the simplest models, all these layers have a uniform thickness
in the whole domain, as shown in Figure 8a. Non-concentric multi-layer models are also
possible (Figure 8b). Moreover, both 2D and 3D models based on the Pennes equation are
considered in the literature.
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Figure 8. Cross-section of 3D breast tissue multi-layer models with an embedded tumor: (a) concentric
layers; (b) non-concentric layers.

As far as 3D models are concerned, a third-kind boundary condition involving a
constant heat transfer coefficient is often applied at the breast surface, while at the interface
between the chest and breast, an imposed constant temperature is usually considered.

Additionally, anatomical or more realistic breast models have also been suggested
by several authors in order to consider the complexity of the glandular tissue and the
actual breast’s geometry. Although these realistic models require greater modeling efforts
than simplistic models because, in fact, they involve different technologies to reproduce
the actual geometry and to exactly locate the tumor lesion, they yield more accurate and
realistic results as they also benefit from the use of real clinical data.

6.1. Forward Modeling

To reveal the complex correlation between the breast thermal behavior and the under-
lying pathophysiological conditions, different numerical modeling techniques have been
proposed. The principal ones are reviewed below.

A 3D finite element model aimed at investigating the effect of the thermal and elastic
properties of breast tissues on the thermal contrast of both healthy and cancerous breasts
was developed by Jiang et al. [77]. In particular, the undeformed human breast was
modeled as a hemispherical volume consisting of four concentric tissue layers with a
uniform thickness, as depicted in Figure 8a. Then, gravity-induced deformation was
introduced by applying both linear and non-linear elastic models. Moreover, both static
and dynamic thermal conditions were considered in this work. The authors found that
at the steady-state, for normal body posture (sitting or standing), gravity-induced breast
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deformation yields an upper-lower asymmetric surface thermal contrast. Also, the surface
temperature changes due to the lesion were more sensitive to tumor depth than its size.
In dynamic conditions, the results obtained suggested that the tumor-induced thermal
contrast exhibits an opposite initial change and delayed peak when compared to the
deformation-induced thermal contrast on the breast surface. According to the authors,
these lags of the thermal contrast are generally longer in deeper tumors that also show
smaller peaks.

A finite element model involving a realistic breast geometry based on 3D scanning of
a mannequin was defined by Mukhmetov et al. [78] to improve the accuracy and reliability
of computer-aided diagnosis. To experimentally validate their model, the authors created a
silicon rubber breast using 3D printing and molding techniques. Also, the presence of a
tumor lesion was simulated through resistors placed within the silicone breast. This study
revealed that 3D breast geometry and tumor size can give different temperature profiles,
affecting the precision of computer-aided diagnosis of breast cancer. In fact, the authors
reported that the maximum temperature difference between healthy and cancerous breasts
can range from 0.34 to 1.37 °C when the cup sizes range from 120 to 260 mm and a tumor
depth from 5 to 25 mm.

A finite element, four-quadrant flexible breast model was developed by Ng and
Sudharsan [79]. These authors imagined the human breast divided into four quadrants,
namely the upper-outer quadrant, the upper-inner quadrant, the lower-inner quadrant,
and the lower-outer quadrant. In such a way, the thermal properties of the tissues in each
quadrant could be changed selectively, yielding flexibility in the simulation. The suggested
model not only incorporates three tissue layers (subcutaneous fat, a gland layer, and a core
region) with different thicknesses, but it also includes the areola region as a separate entity.
Also, to define a more realistic geometry, the outer breast profile of a mannequin was traced
with a CNC machine. The authors validated their model using experimental steady-state
thermograms, and they reported a good overall match.

A realistic computational thermal model of the human breast calibrated to real clinical
data was developed by Lozano et al. [80] using high-resolution infrared images, real 3D
breast geometries, and magnetic resonance imaging. For the purposes of their study, a
female subject histologically diagnosed with breast cancer was enrolled. In particular, the
real breast geometry was accurately derived using a 3D scanner. Additionally, magnetic
resonance images were used to create the back surface of each breast based on the anatomic
curvature of the pectoral muscle and to model the skin layer thickness around the nipple
region, as well as to gain insight about the location and irregular geometry of the cancerous
lesion. Moreover, the thermal properties (blood perfusion and metabolic heat generation
rate) of both healthy and cancerous breast tissues were obtained by choosing those that best
matched the surface temperature distributions recorded by an IR camera. According to the
authors, the results obtained may be applied to cases with similar breast cancer features.

Unlike the previous authors, Amri et al. [53] considered a simplified 3D breast model
that consists of a two-layer finite plate representing a fat layer and the gland region. Also, a
spherical-shaped lesion was placed inside the deeper layer. The bio-heat transfer problem
was solved numerically by means of the transmission line matrix technique [81]. Both
steady-state and dynamic conditions were simulated by the authors. They reported that
steady-state thermal contrast depends both on the depth and size of the lesion. It is also
affected by breast density; fatty breasts lead to lower thermal contrasts; on the contrary,
dense breasts result in increased thermal contrasts. Finally, in dynamic conditions, they
found that after the application of a cold stress, the consequent transient thermal contrast
may potentially provide valuable information about the tumor depth when it is analyzed
using signal processing techniques.

The effect of breast density on the surface temperature distribution was further inves-
tigated by Wahab et al. [82], who developed four different 3D breast models with different
compositions. All the models were based on a three-layer configuration consisting of a
muscle layer, a glandular layer, and a subcutaneous fat layer. In particular, the breast
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geometry was represented by a hemispherical shape with non-concentric internal layers
(as in Figure 8b). On the contrary, the tumor was modeled with a perfect spherical shape
embedded in the breast model. The authors concluded that breast density may affect the
surface temperature distribution and should be considered in breast cancer detection when
using infrared thermography.

Finally, the effects of tumor depth, tumor size, metabolic heat generation rate, blood
perfusion, and thermal conductivity on the breast surface temperature distribution in
steady-state conditions were analyzed by Al Husaini et al. [83]. These authors employed a
3D finite element hemispherical breast model consisting of four layers (muscle, gland, fat,
and skin). Different breast sizes were also considered in their work. The results obtained
showed that larger breasts consistently reduce surface temperature variations, leading to
some difficulties in observing significant thermal contrasts between cancerous and healthy
breasts. Additionally, tumors smaller than 0.5 cm and located in smaller breasts may be
difficult to detect, as they could not yield observable temperature variations. The same also
occurs for tumors located deep within the breast layers.

6.2. Inverse Modeling

Inverse thermal modeling techniques can be applied to estimate the exact location and
size of a breast lesion. Attempts to evaluate the blood perfusion rate of this tumor are also
discussed by different authors.

The problem of the identification of both thermophysical (thermal conductivity, per-
fusion coefficient, and metabolic heat generation) and geometrical parameters (location
and size) of a tumor lesion was investigated by Paruch and Majchrzak [84]. These authors
addressed both 2D and 3D problems using an evolutionary algorithm coupled with the
multiple reciprocity boundary element method. In the second and more interesting prob-
lem, the breast was modeled as one half of the ellipsoid, including a tumor lesion with a
similar geometry. Real values of unknown parameters were obtained, but the algorithm
implemented by the authors was time-consuming, especially in the case of a 3D problem.

Das and Mishra [85] applied the curve fitting method to simultaneously estimate the
size, radial location, and angular location (described by two angular coordinates) of a tumor
present in a 3D human breast. In particular, a simplified hemispherical model of the breast
based on the Pennes bio-heat equation was used to compute the skin surface temperature
profile. The suggested procedure did not require solving the governing equation, and the
estimation was very fast. The authors reported smaller estimation errors when a tumor of
larger size located close to the skin surface was considered. The same inverse procedure
was previously tested by the same authors, considering a simplified 2D geometry [86].

More accurate finite element 3D breast models were investigated in the inverse anal-
ysis performed by Hossain and Mohammadi [87]. In particular, these authors suggested
both an undeformed model and a dropped (ptosis) breast model; the former concerns a
hemispherical model consisting of three layers (lobule, fat, and skin layers) at the base of
which a muscular layer is placed, while the latter is partitioned into three parts, namely a
lower hemispherical part, a cylindrical middle segment, and an upper cylindrical wedge
region showing a 45° angle with the chest. In both models, a spherical cancerous lesion is
submerged entirely in the lobular region. Simulated steady-state temperature distributions
computed through the described models were then used in a customized genetic algorithm
to retrieve metabolic heat generation and lesion location. The authors reported a very good
accuracy of the estimated parameters, even when a noisy level of 10% is considered.

A surrogate 3D breast geometry was developed by Ferreira de Melo et al. [88] using the
breast profile curve obtained from IR images. Moreover, an external prosthesis was used to
dimension the thoracic wall in order to adjust the total volume of the model. Additionally,
a cancerous lesion was accurately inserted in the model using the information provided by
an ultrasound examination. Once the bio-heat transfer problem was defined, the authors
applied the sequential quadratic programming method to estimate the thermal conductivi-
ties of glandular and nodule tissues. The authors claimed that their new geometry allowed
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the tumor thermal conductivity to be estimated compared to that defined by other authors
in a similar work [89].

A 2D hemispherical model of an axisymmetric tumorous breast was applied by Hatwar
and Herman [90] in an inverse analysis to simultaneously estimate the size, location, and
blood perfusion of the lesion. In particular, the considered hemispherical model involves six
tissue layers (namely epidermis, papillary dermis, reticular dermis, fat, gland, and muscle
layers) and a spherical tumor located at the axis of the hemisphere. It is worth noting
that the thickness of the gland and the muscle layers are not uniform in the breast model
(as shown in Figure 8b), whereas the others are uniform. The Pennes bio-heat equation was
solved in such a domain to generate both the steady-state and transient surface temperature
distributions recordable by IR imaging. In particular, the cooling phase was modeled by
imposing a constant-temperature boundary condition. Then, the Levenberg-Marquardt
algorithm was iteratively used to estimate the tumor features. The authors performed
several numerical tests by varying the depth, radii, and blood perfusion of the tumor. They
concluded that the simultaneous estimation of blood perfusion, size, and location of the
tumor is possible only when transient temperature data are considered.

Figueiredo et al. [18] estimated the location of the geometric center of the three major
types of mammary lesions using an anatomical 2D breast model without the need for
prior knowledge of the tumor’s thermophysical properties. The authors simulated the
steady-state temperature distribution of the breast surface by adding random errors to the
computed temperatures. Also, using four constraint functions, the search area was defined,
and within it, the presence of a circular tumor localized at every 1 mm was hypothesized.
For each possible tumor position, an auxiliary temperature profile was computed by setting
all the tumor thermal properties equal to one. Then the correlation between the simulated
temperature distribution and auxiliary temperature profiles was found. The estimated
geometric center of the lesion was defined as that that yielded the highest correlation. The
authors reported a maximum error for lesion center estimation of 0.32 cm when an invasive
lobular carcinoma is located 5 cm underneath the skin surface.

The simulated annealing technique coupled with the dual reciprocity boundary ele-
ment method was applied by Luna et al. [91] to simultaneously estimate the geometrical
(size) and thermophysical (blood perfusion rate and metabolic heat generation) param-
eters of a breast tumor. The inverse procedure was tested using input temperature data
simulated through a bio-heat transfer problem concerning a simplified 2D breast model in
which a lesion with different sizes and locations was embedded. The authors underlined
that their method does not require the computation of sensitivities or search directions.

To retrieve the radius and location of a spherical tumor in a human breast, Mitra and
Balaji [92] applied artificial neural networks in conjunction with the surface temperature
distributions computed from a simplified hemispherical finite element breast model. In
particular, the studied model considers the breast as a gland with uniform properties.
Moreover, to solve the inverse problem, these authors developed a multilayer feed-forward
artificial neural network with back propagation learning algorithms using the MATLAB
neural network toolbox. This algorithm was trained using the surface temperatures ob-
tained by varying the tumor parameters in the forward problem. The authors reported
accuracies of 90% and 95% in the estimation of the position and radius of the tumor,
respectively, when no random noise in the temperature data was considered.

A combination of artificial neural networks and genetic algorithms was used by Mital
and Pidaparti [93] to prove the possibility of estimating the depth, diameter, and heat
generation rates of a breast lesion from simulated surface temperature distributions. In
detail, the artificial neural network was trained to provide the temperature distributions
of the breast surface as a function of the tumor features, while the genetic algorithm was
involved in the estimation procedure. A finite element 2D hemispherical model of the breast
described in [94] and consisting of a subcutaneous fat layer, a gland core, a non-uniform
muscle layer, and the thoracic wall was used to generate the simulated temperature data.
The authors reported good estimation accuracy with low random noise levels.
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Saniei et al. [95] applied a trained dynamic neural network model to simultaneously
estimate the depth, size, and metabolic heat generation rate of a breast lesion. In particular,
the neural network was trained with the results obtained from a 3D finite element model
similar to that used in [79]. Contrarily to [93], these authors used real breast thermal
images in the estimation procedure. They concluded that the unknown parameters can be
determined from a pool of surface temperature data.

7. Post-Processing Images
7.1. Skin Thermograms

An attempt to characterize skin lesions using infrared imaging and image processing
was carried out by Shaikh et al. [96]. Using the RGB model, the thermal images were split
up into red, green, and blue components. Then, the color frequency was studied using
histograms and the K-means segmentation algorithm. An analysis of the results showed
that the minimum values of red and green were above 100 and below 100, respectively,
while the minimum values of blue were close to zero. The authors concluded that these
values can be useful as indicative markers for identifying malignant lesions, or they may
be used as thresholds for classification in automated diagnostic systems.

Shaikh et al. [97] used image processing techniques to detect the border of skin cancer-
ous lesions from their thermal images. Different edge detection algorithms, such as Sobel,
Canny Edge Detector, Canny-Deriche, and Hysteresis thresholding, were investigated.
According to the authors, the Canny Edge Detector and Hysteresis thresholding have the
potential to correctly identify the lesion edges. However, the availability of larger databases
of skin cancer thermal images is crucial for validating their conclusions.

Benjumea et al. [98] characterized thermographic images of skin lesions through a
digital processing procedure involving color segmentation, color tonality-based quantita-
tive discrimination, and analysis by histograms with the aim of identifying the thermal
variations in the skin that are indicators of the presence of neoplasms. It is important
to underline that thermal images were acquired using the rainbow palette and properly
setting the range of temperature measurements so that temperatures higher than 37.5 °C
were represented in shades of red. The results highlighted that skin lesions exhibit values
in the red component above 100 under the RGB color space on a scale of 0 to 255 [98]. By
applying the K-means segmentation algorithm to a thermogram containing a melanoma,
the authors noted that the area of the lesion is characterized by a higher average value in
the red component compared to the other regions. The authors concluded that, following
these results, a detection algorithm for the diagnosis of skin cancer can be developed to
reduce unnecessary clinical procedures.

Magalhaes et al. [99] investigated the ability of infrared imaging to identify skin
cancer lesions using artificial intelligence algorithms. The authors analyzed a data set of
298 thermograms of malignant and benign lesions to retrieve the thermal parameters to be
used as inputs for two machine learning-based strategies, in particular, ensemble learning
and deep learning. The deep learning strategy showed the best performances compared to
the ensemble learning method (composed of two classifiers: random forest and support
vector machine), and it showed good sensitivity and specificity in distinguishing between
melanomas/nevi and melanomas/non-melanoma skin cancers. These results prove the
potential of IR thermal parameters in the implementation of a diagnostic tool for melanomas
detection. However, both tested algorithms did not show good results when non-melanoma
skin cancers and benign lesions had to be classified [99]. The authors suggested using the
thermal parameters derived from IR thermograms together with dermoscopic images in
order to improve the accuracy of the classification method.

7.2. Breast Thermograms

Tang et al. [100] in 2008 suggested a new procedure to detect breast cancer from
infrared images based on the measurement of the localized temperature increases. In fact,
higher temperature increases in a certain region can lead to a higher possibility that it is
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cancerous tissue. In particular, the authors applied a morphological approach to obtain
the temperature increase in each image pixel, starting from the definition of a background
temperature distribution. By analyzing the thermograms of 117 patients, they found a
significant difference between benign and malignant lesions in terms of the maximum
temperature increase. Finally, by setting a threshold of 1 °C for the temperature increase,
the authors detected 44 of the 47 breast cancer cases.

Zadeh et al. [101] used a combination of genetic algorithms and fuzzy neural networks
to analyze the infrared breast images of 200 women, of which only 15 had breast cancer
diagnosed by mammography. The authors stated that their method was able to extract the
optimal parameters from the thermal images to facilitate an accurate diagnosis, and they
also declared a sensitivity of 93%.

A hybrid multiple classifier system to detect breast cancer based on thermal image
feature analysis was suggested by Krawczyk and Schaefer [102]. These authors analyzed a
data set of 146 breast thermograms, of which 29 were confirmed to be malignant. From
these images, they extracted 38 features related to thermal asymmetry between the left and
right breast regions. The same features were fed into two different models of classifiers,
such as neural networks and support vector machines. To combine the individual classifiers
between them, a neural network was used as a trained fuser. Additionally, a fuzzy diversity
measurement was defined to eliminate redundant classifiers from the ensemble. The
authors stated that their approach not only yields excellent classification accuracy and
sensitivity but also outperforms both canonical classification methods.

Mahmoudzadeh et al. [103] suggested a novel extended hidden Markov model to
optimize the segmentation process of breast IR images in order to make the analysis
of thermal patterns easier. The competitive advantage of their algorithm is its ability
to handle random sampling of the IR images without compromising the quality of the
segmented images. Moreover, the execution time is reduced compared to other classical
image segmentation algorithms, such as Fuzzy C-Means, self-organizing maps, and the
standard hidden Markov model.

Recently, Raghavan et al. [104] proposed an improved Generative Adversarial
Networks model to produce highly accurate segmentations of breast infrared images.
The suggested model was evaluated on three different data sets, yielding high indexes
of performance.

Gomathi et al. [105] suggested an unsupervised anisotropic-feature transformation-
based classifier for distinguishing normal and abnormal breast thermal images. After image
segmentation, statistical features were extracted and used in the classifier. The authors
claimed a high level of accuracy when using their procedure.

A convolutional neural network was trained by Ekici and Jawzal [106] for both feature
extraction from IR breast images and their successive classification as normal or abnormal
thermograms. The authors reported a training accuracy of 97.91% on the data set acquired
from 140 subjects. Using the Bayes optimization algorithm, the same accuracy increased up
to 98.95%.

Mishra and Rath [107] compared different classifiers, namely support vector machines,
decision trees, random forests, K-NN, linear regression, and fuzzy logic, to extract the
texture features of 56 breast thermograms. The gray-level run length matrix and gray-level
co-occurrence matrix were used for feature extraction. Then the features were selected
through unsupervised feature reduction techniques such as principal component analysis
and autoencoders. The authors reported that a random forest algorithm coupled with
principal component analysis yields an accuracy of 95.45% in classifying healthy and
unhealthy breasts.

The performance of two different feature selection methods, namely, Least Absolute
Shrinkage and Selection Operator (LASSO) Regression and Adaptive LASSO Regression,
was assessed by Mishra et al. [108] when extracting texture characteristics from the breast
thermograms. The extracted set of features was classified using support vector machines
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with different kernel functions. The authors found that better classification accuracy is
obtained when the support vector machine is supported by Adaptive LASSO Regression.

Mahoro and Akhloufi [109] suggested a breast cancer detection system involving a
vision-based transformer used for image segmentation and four different convolutional
neural network models employed for classification problems, such as EfficientNet-B7,
ResNet-50, VGG-16. and DenseNet-201. The authors stated that the best accuracy and
sensitivity results were reached using the ResNet-50 model.

A hybrid methodology based on unsupervised and supervised machine learning
techniques for analyzing dynamic infrared images was suggested by Silva et al. [110]. Their
methodology consists of three main steps. Each recorded image was first divided into a grid
of squared pixels, and for each of them, the highest temperature was observed, leading to a
temperature time series. Then the k-means clustering algorithm was applied to the set of
the obtained time series. After that, clustering validation indices were applied to evaluate
the clustering results, and the obtained values were then selected by feature selection
algorithms. Finally, the obtained features were fed to different classifier models, such as
K-Star, Bayes Net, multi-layer perceptron, decision table, and random forest classification.
Although their methodology is able to identify cases of possible cancer with high accuracy,
it does not allow the abnormality to be localized in the breast.

Hakim and Awale [111] applied five image segmentation methods to extract the hottest
blood vessel patterns from benchmark breast thermograms available in a public data set.
The authors concluded that the particle swarm optimization algorithm and multi-seed
region-growing technique yield the best segmentation results.

Chebbah et al. [112] suggested a diagnostic tool based on automatic segmentation of
breast thermograms. This automatic segmentation was achieved by feeding a deep learning
algorithm with 170 infrared breast images. Moreover, to extract relevant features from the
segmented thermograms, the authors performed textural evaluation and vascular network
analysis. These features were then used as inputs in supervised learning algorithm-based
classifiers in order to distinguish between normal and abnormal thermograms. The authors
reported very encouraging results for both segmentation and classification.

A deep convolutional neural network with transfer learning was applied by Torres-
Galvan et al. [113] to automatically classify breast thermograms as normal and abnormal.
In particular, they tested the neural network with a group of 311 female subjects. Moreover,
two scenarios were considered in the analysis: a balanced class distribution and a typical
screening cohort with a low prevalence of abnormal thermograms. The authors reported
sensitivity values of 92.3% and 84.6% for the two scenarios, respectively, promoting the use
of IR thermography as an adjunct method for breast cancer screening.

8. Conclusions

The renewed interest in IR thermal imaging as a promising technique for the detec-
tion of skin and breast cancers, due to the improvement of both IR camera performance
and computational capability, has been outlined in the present review. Regarding the
thermographic techniques, the following conclusions can be drawn:

Steady-state thermography is suited to detecting shallower tumors.

Dynamic thermography can detect deeper tumors using cold /hot stress.

Lock-in thermography and frequency-modulated thermal wave imaging represent
New promising methods for the detection of skin lesions.

Rotational breast thermography has the potential to overcome the limits of conven-
tional breast thermography by allowing the whole breast surface to be analyzed.

Accurate modeling techniques predicting the complex relationship between surface
thermal patterns and the underlying pathophysiological conditions represent significant
support for the success of this methodology. In particular, an example of these modeling
efforts is given by real breast geometry-based models. Moreover, relevant information
about thermophysical parameters and growth features of tumor lesions can be inferred from
surface temperature distributions using inverse techniques. Data processing algorithms
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can help clinicians reach the goal of reducing the number of unnecessary biopsies required
for tumor stage characterization.

Lastly, thermogram post-processing methods, especially those based on artificial
intelligence algorithms, represent helpful tools for distinguishing between benign and
malignant lesions.

In further work, a new review paper should address other clinical applications of IR
imaging, such as blood clot imaging.
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