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ABSTRACT Infrared thermography (IRT) is a non-invasive, radiation-free imaging technique that uses
an infrared (IR) camera to record and produce an image using IR radiation emitted from the body. IRT
imaging has shown promise as a screening method for breast cancer, diabetic foot ulcers, and dry eye disease,
among other medical disorders. The aim of this systematic review is to present a complete overview of the
applications of artificial intelligence (AI) techniques with IRT imaging for medical decision support systems
over the course of the last ten years (2013–2024). Several scientific databases, including PubMed, IEEE, and
Google Scholar, were searched using Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines. After meeting the requirements for inclusion, 131 papers were selected. The reviewed
studies demonstrated how various AI techniques, including deep learning and classical machine learning, can
be used to develop automated diagnosis systems using IRT images. The efficacy of these AI systems differed
depending on the medical field; for example, they could identify dry eye disease with 90–100% accuracy,
classify diabetic foot ulcers with 85–95% accuracy, and detect breast cancer with 80–100% accuracy. This
review highlights the value of IRT imaging in early disease detection, especially when combined with AI
techniques. This work discusses challenges in using deep learning (DL) models in healthcare, including data
scarcity and ethical considerations. It also, proposes three main recommendations: dataset standardization
for ethical data management, clear governance models for ethical practices, and the use of Multimodal Large
Language Models (MLLMs) to address explainability issues.

INDEX TERMS Infrared thermography, artificial intelligence, medical imaging, breast cancer detection,
machine learning, deep learning, computer-aided diagnosis.

The associate editor coordinating the review of this manuscript and

approving it for publication was Wei Wang .

I. INTRODUCTION
Similar to established imaging technologies such as magnetic
resonance, radiography, and ultrasound, infrared thermogra-
phy (IRT) is one of the imaging modalities in healthcare. IRT
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is noninvasive, nonradiating, safe and suitable for all ages.
It uses heat from the body to determine the temperature using
an infrared (IR) camera to capture signs of abnormalities due
to the increased temperature at the skin surfaces.

IRT has been widely adopted in many fields, such as
medicine, manufacturing, construction, astronomy, automo-
tive, aerospace and defect detection [1]. In the field of
medicine alone, the medical applications of IRT are exten-
sive. IRT encompasses two fundamental approaches: static
and dynamic imaging techniques. Static imaging in IRT
involves the capture of thermal data at a single time point,
without any prior simulation and providing a snapshot of
surface temperatures. In contrast, dynamic imaging in IRT
involves the continuous monitoring and recording of thermal
variations over time following the application of chemical,
thermal, or mechanical stress [2].
Despite this, IRT is not the gold standard for various

medical application areas. Like in the case of breast cancer
screening, it is frequently seen as an adjunctive screening
technique. Research findings indicate that IRT is not use-
ful for screening for breast cancer; however, this may be
because of the subjective interpretation made by medical pro-
fessionals, leading them to conclude that using IRT images
for diagnosis purposes is not a reliable method [3]. Thus,
the use of IRT is concluded to be a supplementary tool for
breast cancer screening [4]. This example demonstrated that
there is a need for quality assurance by providing objective
assessment when using IRT images as a screening technique.
Otherwise, it could only be employed as a supplementary
screening tool since it is deemed unreliable.

The use of artificial intelligence (AI) tools in medical
imaging has significantly increased in recent years. The
development of AI has strengthened the importance of IRT
in medical imaging since AI-based algorithms are used to
create medical decision support systems that help physicians
identify patients. An IRT image is fed into the system and an
output diagnosis is computed. It is an easy, fast, and objective
diagnosis method. The incorporation of AI in medical diag-
nosis is a promising field and has initiated many works on
automated decision support systems using IRT images. It is
an ongoing active research area usingAI and IRT inmedicine.
Lahiri et al. [5] provided a comprehensive review of the use
of IRT in a range of medical applications a decade ago. Faust
et al. [6] also investigated an extensive collection of AI-based
algorithms employed to automatically analyze IRT images.
They focused on describing technical details regarding these
traditional machine learning (ML) algorithms used to develop
a computer-aided diagnosis (CAD) system. Recently, due
to the global COVID-19 pandemic, fever screening using
IRT has been utilized worldwide for a quick and reliable
initial diagnosis of the disease [7]. This has demonstrated the
potential of this diagnostic modality in medicine.

IRT has shown promise in various medical applications,
including ophthalmology. For instance, Figure 1 presents
examples of infrared thermography images used in the
diagnosis of dry eye disease. These images illustrate the

FIGURE 1. Examples of infrared thermography images of (a) an eye
affected by dry eye disease and (b) healthy eye.

FIGURE 2. Breast thermograms from the Database for Mastology
Research (DMR) [7] Left: thermogram of a healthy subject; Right:
thermogram of a patient with pathological findings.

temperature differences between healthy eyes and those
affected by dry eye syndrome, demonstrating how IRT can
visualize physiological changes associated with ocular sur-
face disorders. Similarly, Figure 2 shows breast thermograms
downloaded from the Database for Mastology Research
(DMR) [8]. These images exemplify how IRT can be applied
in breast cancer screening, highlighting temperature vari-
ations that may indicate the presence of abnormal tissue
growth or increased vascularization associated with tumors.

In their review article, He et al. [9] presented a com-
prehensive review focusing on the integration of infrared
imaging-basedmachine visionwith deep learning algorithms,
emphasizing how this combination enhances automated
decision-making across diverse fields, from medical diag-
nostics to remote sensing and quality control. Meanwhile,
Magalhaes et al. [10] specifically examined the application of
machine learning methods with IRT in medical diagnostics,
though their scope is limited to traditional machine learning
approaches. Despite the growing interest in the application
of AI in medical imaging, there has been limited focus on
its potential in conjunction with IRT. Previous reviews have
explored the medical applications of IRT or the use of AI
in IRT separately. However, to our knowledge, there has
been no comprehensive systematic review that specifically
investigates the integration of AI techniques with IRT across
various medical domains. This systematic review aims to
close this gap by providing a comprehensive overview of the
scientific literature on the use of AI techniques, specifically
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ML and DL, in conjunction with IRT for medical decision
support systems. Our contributions are the following:

• We listed an extensive range ofmedical application areas
employing IRT as an imaging modality.

• We presented a comprehensive literature of current
AI-based techniques implemented in medical decision
support systems using IRT as input data and their per-
formances.

• We demonstrated the efficacy of IRT as a screening tool
for various medical applications such as breast cancer
and sports injury and so on.

• We discussed the shortcomings of current AI-based
techniques and proposed appropriate mitigation
approaches.

• We provided insights for the next steps towards a more
reliable and trustworthy AI-based IRT as a clinical assis-
tive tool.

The review paper is structured as follows: In Section II,
background information regarding the origin of IRT is
described. Then, the different medical application areas using
IRT and AI-based algorithms following the search methodol-
ogy are explained in Section III. Lastly, Section IV presents
our findings and comments, including ideas for future study,
and Section V concludes the paper.

II. BACKGROUND
Sir William Herschel’s discovery of infrared radiation at
the beginning of the 19th century was a substantial break-
through in scientific knowledge. Still, significant progress
in understanding its uses was accomplished in the late
1800s. Subsequent studies measuring infrared heat emitted
by things, including the human body, were made possible by
Herschel’s discoveries. Subsequently, Hippocrates noted the
importance of body temperature on health [11]. Similarly,
Wunderlich made a substantial contribution to our under-
standing of body temperature as a pioneer in fever detection
and its association with many disorders [11]. Over time, the
basic relationship between body temperature and health dis-
orders was established, providing the basis for the knowledge
that little variations in body temperature may be signs of
underlying health problems. This knowledge formed the basis
for the development of IRT in modern medical diagnostics,
which enables the use of IR cameras to detect abnormalities
in images to support health evaluations.

Advanced infrared cameras and sophisticated image pro-
cessingmethods havemade IRT a potent tool for noninvasive,
real-time evaluation of a range of medical disorders. The
potential of IRT imaging in modern healthcare settings has
also been increased by the introduction of AI algorithms,
which have created new possibilities for automated analysis
and interpretation of IRT images.

III. SEARCH STRATEGY AND OUTCOME
This systematic review study was conducted in accordance
with the Preferred Reporting Items for Systematic Reviews

and Meta-Analyses (PRISMA) guidelines to ensure a com-
prehensive and transparent selection of relevant articles on
the application of thermography in human healthcare using
AI. Only articles that were published between 2013 and
2024 were considered. The relevant articles were selected
from the Institute of Electrical and Electronic Engineers
(IEEE), Google Scholar, and PubMed scientific repositories.
Specific Boolean search strings, including ‘‘Infrared ther-
mography’’, ‘‘Machine Learning’’, ‘‘Deep Learning’’, and
‘‘Human Healthcare,’’ were used in various combinations
to identify articles focusing on machine learning and deep
learning methods involving the application of thermography
in healthcare. For instance, in the IEEE search database,
the search strings ‘‘Infrared thermography’’ and ‘‘Machine
Learning’’ or ‘‘Deep Learning’’ and ‘‘Human Healthcare’’
were chosen with filtering done to narrow the advanced
search to full texts within the desired year range. In the
PubMed search database, the search strings ‘‘Machine Learn-
ing’’ or ‘‘Deep Learning’’ and ‘‘Infrared thermography’’
were used and with the same filtering technique. Simi-
larly, for the Google Scholar search database, the search
strings ‘‘Infrared thermography’’, ‘‘Human Healthcare’’ and
‘‘Machine Learning’’ or ‘‘Deep Learning’’ were used, with
keywords appearing anywhere in the article for the desired
year range. The outcomes of the searches are shown in
Table 1.

A. INCLUSION AND EXCLUSION CRITERIA OF THE STUDY
As shown in Table 1, 17 564 and 18 326 articles were ini-
tially identified using the Boolean search strings for machine
learning and deep learning methods, respectively. The arti-
cles were screened based on the inclusion and exclusion
criteria wherein around 17 206 irrelevant (theses, reviews,
books) and 270 duplicate articles on machine learning and
17 833 irrelevant and 450 duplicate articles on deep learning
were removed. Articles were included if they met the fol-
lowing criteria: (i) the articles were published before 2013;
(ii) the articles were published in English; (iii) the articles
discussed the use of IRT thermography in human healthcare.
Articles that did notmeet the inclusion criteria were excluded.
The final selection yielded 88 articles for machine learning
and 43 articles for deep learning, focusing on the applica-
tion of infrared thermography in human healthcare. Figure 3
shows the PRISMA diagram.

B. MEDICAL DECISION SUPPORT SYSTEM
Medical decision support systems, computer-aided diagnosis
(CAD) systems, have grown to be essential tools in assisting
healthcare professionals. These systems leverage AI tech-
niques to analyzemedical data, including images, and provide
objective assessments and recommendations. In the context
of infrared thermography, medical decision support systems
can automatically interpret thermal patterns and detect poten-
tial abnormalities, aiding in early diagnosis and treatment
planning. The process of medical decision support systems
typically consists of either machine learning (ML) algorithms
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TABLE 1. Result of a Boolean search string on thermography using deep learning and machine learning methods in the healthcare industry.

FIGURE 3. Inclusion of relevant articles based on PRISMA guidelines.

or deep learning (DL) techniques to analyze IRT images
automatically.

1) TRADITIONAL MACHINE LEARNING
Traditional ML methods have been widely studied in the
healthcare domain. For instance, Chandrasekar et al. [12]
investigated the employment of neural network models to
forecast the permeability of molecules through the pla-
cental blockade. The authors reported that the multi-layer
perceptron model was the best-performing, yielding an accu-
racy of about 91%. Ansari et al. [13] explored machine
learning models for permeability prediction of medicinal
drugs across blood-brain blockades for neurological disease
therapy. The authors reported that the tree-based ensemble
models achieved the highest accuracy of about 96%.

Traditional ML relies on feature engineering whereby
significant and distinctive features are extracted from the

data with feature extraction techniques and are subjected to
classifiers for automated characterization. It requires care-
ful selection of hand-crafted features from the training data
extracted using various feature extraction techniques and
then feature ranking or selection techniques to select the
highly distinctive features for classification. Contrast limited
adaptive histogram equalization (CLAHE) [14] is a common
pre-processing technique applied to IRT images to enhance
the images before the feature extraction process.

Depending on the type of medical application area, certain
data require segmentation before extracting distinctive fea-
tures from the region of interest. Region growing technique,
Otsu’s thresholding, and lazy snapping are examples of seg-
mentation techniques widely utilized in IRT images. Some
of the common features extraction techniques commonly
applied can be broadly grouped into the following:

• Wavelet-based techniques: discrete wavelet transform
(DWT), double density dual tree complex wavelet trans-
form, Gabor wavelet

• Texture-based techniques: gray-level run length matrix
(GLRLM), gray-level co-occurrence matrices (GLCM),
Gabor filter, speeded-up robust features (SURF), scale-
invariant feature transform (SIFT)

• Statistical techniques: mean, skewness, kurtosis, energy,
variance, entropy, cumulant features

• Nonlinear techniques: higher order spectra (HOS)
• Frequency-domain techniques: frequency and time
domain features.

After extracting the features, it is a common practice to
apply feature selection, ranking, or reduction techniques to
reduce the number of features and to ensure that only the
significant features are used for classification. Frequently
utilized methods are singular value decomposition (SVD),
and principal component analysis (PCA). Finally, the most
common classifiers employed in IRT imaging include Naïve
Bayes (NB), k-nearest neighbor (KNN), AdaBoost, random
forest (RF), decision tree (DT), support vector machine
(SVM), artificial neural network (ANN).

2) DEEP LEARNING
On the other hand, DL has the ability to self-learn from the
pool of training data. Features engineering is not required.
Convolutional neural network (CNN) is an example of a
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popular DL technique. Among CNN architectures, U-Net,
VGG-16, ResNet50, DenseNet, and SqueezeNet are most
employed. These models have gained popularity due to their
architectures designed for tasks such as image classification,
object detection, and segmentation. Specifically, pretrained
models derived from extensive data and training offer a
convenient approach for transfer learning, allowing users to
leverage the learned features from a different but related task
or dataset [15]. In some instances, robots are trained using
deep learning algorithms for handling specific tasks such
as environmental monitoring or post-disaster response [16].
Deep learning models are currently being fervently employed
in healthcare.

Akhtar et al. [17] underscored the use of deep learning
models to construct computer-aided software for the rapid
identification of abnormalities or serve as a visualisation tool
for hepatic resection. In another study, Ansari et al. [18] pro-
posed the use of the unique Dense-Pyramid Scene Parsing-
UNet deep model for the segmentation of liver ultrasound
images. In their review study, Rai et al. described the effec-
tiveness of employing image fusion and enhanced algorithms
for thermal ablation tumour treatments. Ansari et al. [19] also
accentuated the increased use of deep learning methods for
ultrasound image segmentation of varying body regions for
the diagnosis of medical conditions in another review study.
Jung et al. [20] asserted that the use of AI results in high
diagnostic accuracies for fracture cases, underscoring the
possible use of AI for fracture diagnosis in healthcare. Quite
similarly, Luan et al. [21] reported that the use of the novel
adaptive matching network improved the localization accu-
racy of microvessel imaging.

3) MEDICAL APPLICATION AREAS
The literature reviews presented in Tables 4 and 5 showcase
a variety of medical applications for ML and DL techniques
using IRT images. We have categorized the medical applica-
tion areas using ML techniques into the following categories
(in alphabetical order):

- Cardiovascular health: this category encompasses car-
diovascular disease diagnosis, heart rate variability
parameter estimation using facial images, hemodynamic
shock prediction, hypertension detection, and blood
pressure measurement.

- Mental health: applications in this area include expres-
sion recognition, schizophrenia severity assessment, and
stress detection.

- Metabolic conditions: this category includes childhood
obesity identification, foot temperature pattern analysis
for diabetes mellitus identification, diabetic foot ulcer
detection, and tongue thermography for diabetes classi-
fication.

- Musculoskeletal health: this area covers arthritis and
rheumatoid conditions, lumbosacral radiculopathy clas-
sification, handgrip exercise assessment, posture and
spinal curvature analysis for back pain, and bone fracture
analysis.

- Ophthalmological conditions: studies in this category
focus on dry eye and meibomian gland dysfunction
detection and classification.

- Other health conditions: this diverse category ranges
from cellulite staging to fever screening and thyroid
condition detection.

- Respiratory health: this area involves breathing analy-
sis, pneumonia detection, and COVID-19 classification
using thermal imaging.

- Skin health and dermatology: studies in this cate-
gory focus on burn wound analysis, skin disease
detection, skin neoplasm classification, and melanoma
identification.

- Tumor detection: studies in this category primarily focus
on breast cancer detection and classification, with some
research on brain tumor analysis.

Similarly, from the contents recorded in Table 5, we cat-
egorized the following medical application areas using DL
techniques:

- Cardiovascular health: this area includes hypoperfusion
severity classification in critically ill patients using leg
thermogram images and DL models.

- Metabolic conditions: this category includes diabetes
mellitus identification using foot and tongue images.
Studies have applied deep learning techniques to ana-
lyze plantar thermal images and tongue thermograms for
diabetes detection.

- Musculoskeletal health: studies in this category have
investigated the use of infrared imaging and DL for bone
trauma analysis, particularly in cases of suspected bone
fractures.

- Respiratory health: DL techniques have been applied to
analyse CT images for COVID-19 lesion detection and
classification.

- Skin health and dermatology: DLmodels have been used
to analyze skin images, combining visual and thermal
information for various skin condition classifications.

- Tumor detection: this category remains the primary
focus of DL applications in IRT imaging, with a strong
emphasis on breast cancer detection. Studies in this area
include breast cancer classification, segmentation, and
feature extraction using various DL architectures.

IV. DISCUSSION
Over the past ten years, there has been an increasing trend in
the use of AI techniques in conjunction with IR thermogra-
phy for medical research (Figure 4). The number of studies
that have used both ML and DL techniques for IR image
analysis has been steadily rising since 2013. Traditional
ML techniques dominated the first few years (2013-2017),
while no DL studies were published during the same period.
On the other hand, DL applications saw a significant increase
starting in 2018 and continued in line with ML research.
Research activity reached its peak between 2019 and 2022,
with a particularly notable spike in DL studies during this
time. This pattern reflects the quick development of AI and
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the increasing awareness of IR thermography’s potential in
medical diagnostics.

A. AI RESEARCH FOR IRT IMAGING
The literature tables (Tables 4 and 5) present a comprehensive
review of studies utilizing IRT images and AI techniques in
variousmedical domains. These studies highlight the growing
interest and potential of integrating IRT with AI for diag-
nostic and screening purposes. The tables summarize key
information, including dataset characteristics, the specific AI
techniques, and performance metrics.

1) ML APPROACHES
According to Table 4, there are 9 broad medical application
areas, namely tumor detection (primarily focused on breast
cancer), cardiovascular health, mental health, metabolic con-
ditions, musculoskeletal health, ophthalmological conditions,
respiratory health, skin health and dermatology, and other
health conditions. Across these various medical research
areas, a diverse range of 88 studies has been conducted.
Breast cancer detection emerged as the most extensively
studied application area, with 40 studies focusing on this
domain. This high interest can be attributed to the poten-
tial of IRT as a non-invasive and radiation-free alternative
to traditional mammography. Other areas, such as diabetic
foot ulcer assessment and dry eye disease diagnosis, also
received notable attention, highlighting the versatility of IRT
in detecting various physiological abnormalities. However,
some application areas, such as mental and respiratory health,
had relatively fewer studies, indicating potential opportuni-
ties for further exploration. Figure 5 depicts the number of
studies conducted on varying diseases using IR thermography
and ML methods. From the figure, it is apparent that breast
cancer is being most widely studied using IR thermography
in comparison to other diseases.

The use of ML to IR thermography has demonstrated
promising results across different medical domains. Table 2
summarizes the top-performing studies using traditional ML
techniques across various medical applications of IRT. These
studies share common characteristics such as sophisticated
feature extraction methods, model selection among different
classifiers, and often, the use of domain-specific knowledge
to guide the analysis. The performance achieved by studies
demonstrates the effectiveness of classical ML approaches in
analyzing thermal images for diagnostic purposes. Specifi-
cally, in tumor detection, particularly breast cancer, numerous
studies have reported high accuracies, with some achiev-
ing up to 100% accuracy using advanced techniques like
temperature time series analysis [22] and singular value
decomposition [23]. Cardiovascular health applications have
shown moderate success, with accuracies around 89% for
hypertension diagnosis [24] and 73% for hemodynamic
shock prediction [25]. Mental health research, though less
explored, has demonstrated potential in stress detection [26]
and expression recognition [27], with accuracies ranging
from 78% to 85%.

TABLE 2. Number of ML studies conducted in each category along with
the best accuracy achieved. Note that for musculoskeletal health, the best
performance is reported in terms of sensitivity.

In metabolic conditions, diabetic foot assessment has
been a key focus, with studies reporting accuracies above
90% in detecting complications [28]. Musculoskeletal health
applications have shown good results in detecting postural
issues [29] and rheumatoid arthritis [30], with accuracies
ranging from 83% to 90%. Ophthalmological conditions,
particularly dry eye disease, have seen some of the high-
est accuracies, often exceeding 99% [31]. While respiratory
health applications are less common, the few studies con-
ducted show promising results, such as 100% accuracy in
detecting facial temperature changes related to breathing dis-
orders [32]. Skin health and dermatology applications have
demonstrated good potential in burn wound analysis [33]
and skin neoplasm classification [2], with accuracies of
around 85%. Other health conditions, such as cellulite stag-
ing [34] and thyroid abnormality detection [35], have also
shown encouraging results with accuracies of 80.9% and 98%
respectively. These findings underscore the value of IR ther-
mography for medical applications, with particularly strong
performance in breast cancer detection and ophthalmological
conditions.

2) DL APPROACHES
Table 5 lists the six primary medical application areas of
DL in combination with IRT imaging: tumor detection (with
a predominant focus on breast cancer), cardiovascular and
metabolic conditions, musculoskeletal and respiratory health,
and skin and dermatology. Table 3 presents an overview of
the highest-performing studies that employed DL techniques
for analyzing IRT images in various medical contexts. It’s
noteworthy that many of these high-performing DL stud-
ies utilize transfer learning, leveraging pre-trained models
on large datasets and fine-tuning them for specific thermal
imaging tasks. This approach appears particularly effective
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FIGURE 4. Number of studies on deep learning versus machine learning techniques with IR thermography, between
2013-2024.

TABLE 3. Number of DL studies conducted in each category along with
the best accuracy achieved.

given the often limited size of medical thermal imaging
datasets.

A total of 43 studies using DL techniques have been
carried out in these medical research areas. With 34 of the
43 studies concentrating on this domain, breast cancer detec-
tion was found to be the most common application area.
Much less research has been done in other areas, such as the
identification of diabetes mellitus and the classification of
hypoperfusion severity. The limited diversity in application
areas for DL studies compared to ML studies suggest signif-
icant opportunities for expanding DL applications in IRT to
other medical domains. Figure 6 illustrates the distribution of
DL studies across different diseases using IR thermography.
The figure shows that, compared to all other areas of investi-
gation, breast cancer detection is by far the most researched
application of DL in IRT.

DL applications in infrared thermography have shown
promising results, albeit with a strong focus on specific
areas. Numerous studies have reported high accuracies in
tumor detection, particularly breast cancer. For example,

Ekici and Jawzal [50] used a CNN model in combination
with image statistics and biodata to reach an impressive
accuracy of 98.9%. In a similar work, Mohamed et al. [51]
demonstrated binary categorization of breast thermograms
with 99.3% accuracy using a CNN. Sánchez-Cauce et al. [52]
showed the potential of multi-input models by combining
thermal pictures with personal and clinical data. Using this
multimodal approach, the authors obtained 97% accuracy.
In the field of metabolic disorders, Thirunavukkarasu et al.
[44] classified diabetes from tongue thermograms using CNN
and obtained 94.2% accuracy. Cruz-Vega et al. [53] reported
85.3% accuracy using a deep model for diabetic foot ther-
mogram categorization. Cardiovascular health applications
have not received as much attention, but they have potential.
Luo et al. [43] used a ResNet model on leg thermograms to
diagnose hypoperfusion severity in critically sick patients
with 94% accuracy. Der Strasse et al. [45] explored the use
of infrared pictures for bone trauma diagnosis in the mus-
culoskeletal health domain, demonstrating the promise of
DL in this field. Jingxin et al. [46] provided an example of
respiratory health applications, reporting a mean accuracy of
98.4% in COVID-19 lesion identification and classification
using CT scans and a ResNet 50 model. She et al. [47]
combined visual and thermal data with a DenseNet model to
obtain an identification rate of 96.4% for a variety of skin
disorders in the field of dermatology and skin health. These
results highlight the promise of DL in the analysis of IR
thermography for a range of medical applications. However,
the heavy concentration of studies in breast cancer detection
also highlights the need for more diverse applications of these
techniques in the field of IRT imaging.

B. COMPARISON BETWEEN ML AND DL APPROACHES
Some similarities between ML and DL techniques could
be drawn from the studies in Tables 4 and 5. It is evi-
dent that where IRT is concerned, both methods exhibit
the potential to pre-process thermal images, detect pat-
terns and extract expedient features from the images,
identify abnormalities and forecast results. Furthermore,
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FIGURE 5. Number of studies conducted on disparate diseases using machine learning techniques
with IR thermography.

FIGURE 6. Number of studies conducted on different diseases using deep learning techniques with
IR thermography.

both methods require the training and validating IRT
data on unseen data using techniques such as cross-
validation [54] for the accurate classification of thermal
images.

Contrastingly, while ML involves a laborious task, com-
prising themanual extraction of features from thermal images
by experts, DL involves the automatic extraction of features
from the images due to the presence of filters in the con-
volution layers of models such as the convolutional neural
networks [55]. Additionally, while ML approaches require
only small IRT datasets to perform well, DL approaches
require large datasets for effective training and classification
of data. Furthermore, DLmodels have the potential to capture
complex patterns in the IRT data for the extraction of distinct
features due to the presence of multi layers, hence resulting in
higher classification accuracies as compared to conventional
ML models [56], making DL methods exceptionally suitable
for high-resolution IRT image analysis that requires more
superior feature detection.

C. CURRENT CHALLENGES, LIMITATIONS AND FUTURE
DIRECTIONS
Several studies highlighted the significance of CAD tools
in enhancing the processing and diagnostic accuracy of IRT
images. Overall, the diversity in methodologies and model
performances underscores the ongoing advancements and
potential in leveraging IRT imaging for breast cancer detec-
tion. However, IRT as an imagingmodality has limitations. Its
functional-based nature, as opposed to established structural
imaging modalities such as X-ray and MRI, makes it more
challenging to directly correlate IRT findings with specific
anatomical issues and known diseases or conditions [11].

Several factors make the application of AI to IRT challeng-
ing. Training successful AI systems requires access to large
and diverse datasets. However, the current challenge of data
scarcity presents difficulties in the training of DL models,
resulting in the dismissal of the use of such models [55].
Also, in the medical domain, privacy issues frequently hin-
der the sharing and access of patient data, limiting the
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creation of precise and trustworthy medical decision sup-
port systems. Hence undoubtedly, ethical considerations are
becoming largely imperative to data science practices. The
ethical setting in data science is influenced by technolog-
ical advancements alongside cultural and societal contexts
in which data is collected and studied [57]. This is espe-
cially so in the healthcare domain, which comprises sensitive
data that necessitates a high level of ethics [57]. Thus, the
future direction calls for the standardization of datasets for
ethical data management wherein the assurance of interop-
erability and accessibility practices enable the facilitation of
ethical data sharing and collection, imperative for enhancing
scientific knowledge, all while protecting individual rights
and privacy [57]. Additionally, Georgieva et al. [58] concur
on the need for clear governance models that underscore
responsibility and influence the implementation of ethical
practices in data science. Thus, there is a need for data
scientists to address privacy and agreement, power inequities
and the effect of data on minority populations as these ethical
challenges are bound to become more intricate, requiring
ongoing debate, research and acclimatization to ensure that
data science practices are parallel to ethical practices and
societal values, as data science continues to evolve [57].
The lack of explainability, especially when using DL tech-

niques to develop medical decision support systems also
poses another challenge in the employment of DL models.
In medical applications such as diagnostic support systems
or CAD systems, understanding why a particular decision
is made is critical for gaining trust and acceptance from
healthcare professionals. Thus, the lack of explainability in
these AI systems can be a significant barrier to their clini-
cal deployment. Such a barrier could be mitigated through
the use of Multimodal Large Language Models (MLLMs),
which have the potential to be incorporated into thermal
images [59]. Temperature variations captured by the thermal
images through the use of heat maps combined with the
potential of MLLMs to leverage pre-trained models for the
extraction of features all underscore how the DL models
could explain features responsible for the decisions made by
the model, hence mitigating barriers through this emanating
research direction in IRT.

The literature review also highlights the need for standard-
ized evaluation metrics and reporting guidelines in AI-based
IRT studies. While accuracy was the most reported per-
formance metric, some studies also included sensitivity,
specificity, and area under the receiver operating characteris-
tic curve (AUC-ROC). However, the inconsistent reporting of
these metrics across studies makes it challenging to directly
compare the performance of different AI techniques and IRT
systems. Establishing standardized evaluation protocols and
reporting guidelines would facilitate better comparison and
reproducibility of results across different studies.

Hence, overcoming these challenges might involve the
following aspects:

• Data collaboration: creation of shared repositories where
researchers can access a diverse pool of IRT images.

This collaborative approach is essential for creating
large datasets and developing robust AI models that can
handle the complexities of real-world medical data.

• Multimodal data: combining data from various sources
has shown to be incredibly beneficial in building more
accurate AI models [60]. Future research should focus
on integrating IRT images with other imagingmodalities
(likeMRI or CT scans) and relevant clinical data (such as
patient history or lab results). Studies have demonstrated
that this multimodal approach can significantly enhance
the performance of AI systems in medical applications,
particularly in areas like breast cancer detection and skin
condition diagnosis [50], [52].

• Explainable and transparent models: development of
strategies to make AI models more understandable to
healthcare professionals. This involves incorporating
methods to quantify uncertainty [61] and implement-
ing explainable AI techniques [62]. Tools like saliency
maps, attention mechanisms, and rule-based explana-
tions can offer valuable insights into how AI models
perform image classification.

• Standardization of data acquisition and preprocessing:
development of consistent protocols for IRT image cap-
ture, including specifications for camera equipment,
imaging conditions, and patient preparation. This stan-
dardization is key to reducing variability between studies
and increasing the reproducibility of the findings in
AI-based IRT research.

V. CONCLUSION
This review has shown that IRT is a feasible modality by pro-
viding an in-depth overview of previous studies that combine
this imaging technique with AI in the medical field. This
work is novel as it discusses the current challenges pertaining
to the use of DL models in healthcare applications due to
data scarcity and ethical considerations and thereafter, pro-
poses three main recommendations for the successful use of
DL models in healthcare in the future; (i) the need for the
standardization of dataset for ethical data management hence
promoting ethical data sharing while preserving the rights
and privacy of individuals, (ii) the need for the employment
of clear governance models that underscore responsibility
and influence the implementation of ethical practices in data
science, (iii) the use of MLLMs to circumvent barriers to
the clinical deployment of AI systems due to explainability
issues.

Our analysis also highlights the evolution from traditional
ML approaches to more sophisticated DL models, reveal-
ing significant improvements in accuracy and performance
across various medical applications. The ability of these AI
systems to process and interpret complex thermal patterns has
opened new avenues for noninvasive, radiation-free diagnos-
tic tools.

APPENDIX
See Tables 4 and 5.
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TABLE 4. Summary of studies that applied infrared thermography in healthcare applications using ML approaches.
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TABLE 4. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using ML approaches.
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TABLE 4. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using ML approaches.
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TABLE 4. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using ML approaches.
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TABLE 4. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using ML approaches.
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TABLE 4. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using ML approaches.
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TABLE 4. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using ML approaches.

TABLE 5. Summary of studies that applied infrared thermography in healthcare applications using DL approaches.
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TABLE 5. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using DL approaches.
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TABLE 5. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using DL approaches.
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TABLE 5. (Continued.) Summary of studies that applied infrared thermography in healthcare applications using DL approaches.
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