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Abstract

Maintaining foot health is vital to overall well-being, especially for individu-
als with diabetes, who are at an elevated risk of developing lower-limb compli-
cations due to neuropathy and poor circulation. These conditions heighten the
risk of infections, foot ulcers, and, in severe cases, amputations. Monitoring foot
temperature offers a non-invasive and effective means of early detection for such
complications. Shifts in temperature can indicate underlying issues: reduced tem-
peratures may point to circulatory disorders such as peripheral arterial disease
(PAD), while increased temperatures often suggest inflammation or ulceration,
which can quickly worsen if left untreated.

This thesis explores the application of dynamic thermal imaging for foot health
monitoring. Thermography, a non-contact technique that detects infrared radia-
tion emitted from the skin, was employed to visualise and analyse temperature
distribution across the foot. Unlike traditional static imaging, this study utilises
video-based thermal data to capture temporal changes in temperature distribu-
tion.

However, incorporating a temporal dimension introduces additional challenges,

notably subject movement during video capture. To address this, the study pro-
poses an automated registration method capable of aligning the foot in dynamic
thermal sequences without user intervention. A VoxelMorph-trained SynthMorph
network was applied to linearly pre-registered videos, and results demonstrate
that the method achieves high registration accuracy.

The next stage in the processing pipeline involves isolating the foot region from
the background in the thermal data. This was achieved using the Segment Any-
thing Model (SAM), which delivered 100% segmentation success with minimal

manual input.

The final step involves analysing the temperature dynamics within the segmented
foot region. Due to the complex interplay of physical and environmental factors
influencing thermal data, interpretation can be challenging. To address this, Prin-
cipal Component Analysis (PCA) was used to decompose the temperature dy-
namics. The findings show that PCA effectively distinguishes between different
underlying processes.

Overall, the study demonstrates the viability of dynamic thermal imaging for con-
tinuous foot health monitoring and highlights its potential as a preventive health-
care tool. Thermography is shown to be a reliable, efficient, and accessible method
for tracking foot health, paving the way for automated solutions in preventative
care. By providing early warning signals, dynamic thermal imaging may improve
patient outcomes, lower healthcare costs, and enhance overall quality of life.

vi
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Introduction

Foot health plays a pivotal role in overall well-being, particularly for individuals with
diabetes. Diabetes often leads to complications such as poor circulation and periph-
eral neuropathy, where nerve damage reduces the ability to feel pain, heat, or cold in
the feet. This lack of sensation means that minor injuries, like cuts or blisters, may
go unnoticed and untreated, leading to infections or ulcers that heal slowly due to
impaired blood flow.

Temperature regulation is an important aspect of foot health, as changes in tem-
perature can indicate underlying issues. Feet that are consistently cold may signal
poor circulation, while unusually warm feet can be a sign of infection or inflamma-
tion. Monitoring foot temperature regularly can help catch early signs of problems
such as Charcot foot, a serious diabetic complication where the bones and joints in the
foot weaken and fracture without immediate pain [1]. By paying close attention to
foot temperature and other indicators, individuals with diabetes can take preventive
measures to avoid severe outcomes such as chronic infections, gangrene, or amputa-
tions, all of which significantly reduce quality of life. Therefore, maintaining good foot
health, including daily inspection and temperature checks, is essential in preventing
the serious, often irreversible complications associated with diabetes.

Body temperature, in general, plays a fundamental role in assessing an individ-
uals health and well-being [2]. Body temperature is tightly regulated by the homeo-
static mechanisms of the body, ensuring optimal functioning of metabolic processes.
The average normal core body temperature for adults is around 37°C, although slight
variations are common [3]. Fever, characterised by elevated body temperature, is the
response of the body to infection or inflammation, indicating the activation of the
immune system to combat pathogens. Inflammatory conditions like autoimmune dis-
eases and inflammatory responses can also cause temperature fluctuations [4]. Ab-
normally low body temperatures, on the other hand, can indicate exposure to cold
environments or underlying medical conditions such as hypothyroidism [5].

Body temperature can also be a marker of treatment and surgical efficacy such as,
the normalisation of body temperature after treatment to infections and inflammations
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[6]. It can also be a marker of adverse effect of medication and treatment such as an
elevated temperature after an allergic reaction to a medication, signalling the need for
adjustments in therapy [7].

During surgery, maintaining normal body temperature in the presence of anaes-
thesia is crucial to avoid complications like hypothermia. After surgery, body temper-
ature can be monitored for any signs of postoperative fever or for elevated tempera-
ture at the surgical site indicating the presence of infection [6]. For example one of the
criteria for diagnosing sepsis, a condition that arises when the response of the body to
an infection causes widespread inflammation, leading to tissue damage, organ failure,
and potentially death, is an abnormal body temperature, either too high or too low [8].

1.1 | Body Temperature Acquisition Modalities
There are three main ways of assessing the body temperature of human subjects:

m Manual palpation for assessing body temperature: a traditional and simple
method where a healthcare provider uses their hands, usually the back of the
hand, to estimate whether a person has an abnormal body temperature [9]. This
method is not precise in terms of obtaining the actual temperature of the body,
but it can be useful in certain situations, such as in low-resource settings or when
immediate access to more specialised equipment is not available. The most com-
mon area for manual palpation is the forehead while, the neck and the abdomen
are also sometimes used. Feeling the hands and feet can also sometimes be use-
ful but might indicate changes in peripheral circulation rather than core temper-
ature. If the skin feels noticeably warmer than usual, the patient may have a
fever. Cool skin, especially in the extremities, might indicate poor circulation,
cold exposure, or shock. The presence of sweat along with warmth could sug-
gest a fever breaking, while cold sweats may be a sign of a different condition,
such as shock or hypoglycemia. Although the method is simple, effective and
non-invasive, it is subjective and can be influenced by environmental factors [9];

m Thermometry: is the most reliable and accurate method for assessing body tem-
perature. It involves the use of thermometers to measure the internal or surface
temperature of the body [10]. The thermometer is usually placed in the mouth
and a temperature reading of about 36.5°C to 37.5°C is expected. Rectal, axil-
lary, tympanic, temporal artery, ingestible, esophageal, bladder and pulmonary
artery thermometry all involve the same procedure but different locations and
have different levels of invasiveness and accuracy. Thermometry is the gold
standard for accurately assessing body temperature but the accuracy and preci-
sion of the readings are dependent on the equipment being used [10];
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Figure 1.1: A sample thermal image collected for the scope of this study showing the
plantar aspect of the foot of a human subject.

m Thermography: also known as thermal or infrared imaging: an imaging tech-
nique that allows for the visualisation of the infrared radiation emitted by any
object or living organism, that has a temperature above absolute zero (0 Kelvin).
Thermal cameras use a microbolometer or a photon detector to sense the infrared
radiation. The camera then converts the detected radiation into a visual repre-
sentation called a thermogram or thermal image. Different temperatures are
represented as varying colors depending on the colormap being used. Knowing
the emissivity of an object, a measure of how efficiently a surface emits thermal
radiation compared to a perfect blackbody, a temperature value of the surface
of the object can be obtained [11]. Objects with a high emissivity are ideal for
thermal imaging as the infrared (IR) originating from the object are primarily
emitted from within the same object and there are very little reflections from
the surrounding objects due to the low reflection coefficient of the surface. [12]
Therefore, accurate temperature readings can be obtained from objects with a
high surface emissivity. As compared to the other methods of temperature as-
sessment, thermal imaging is non-invasive and non-contact but requires highly
specialised equipment. Thermography can also have high sensitivity. More de-
tails about the physics of thermography are provided in Appendix 7. Figure 1.1
shows a sample thermal image collected for this study.

1.2 | Advantages of Thermal Imaging

Manual palpation, thermometry, and thermography have their own strengths, limita-

tions, and specific areas of application. Thermal imaging, in particular, offers unique



Chapter 1. Introduction

Table 1.1: Comparison of temperature acquisition modalities: manual palpation, ther-
mometry, and thermography, showing the advantage of using thermal imaging over
the other modalities.

Manual
Features Palpation Thermometry Thermography
Accuracy X v X
Detection of
1
Subtle X X v
Temperature
Changes
Non-contact
Measurement X X v
Comprehensive X X v
Coverage

advantages. Beyond monitoring skin temperature variations, it provides a visual rep-
resentation of the surface temperature of the skin, allowing for the identification of
patterns that may reveal additional insights. This capability makes thermal imaging a
valuable diagnostic tool in certain medical conditions and diseases.

Thermal imaging offers distinct benefits over manual palpation in terms of accu-
racy and consistency. While manual palpation is a useful initial screening tool, it lacks
the precision and density of data that thermal imaging can provide. Thermal imag-
ing offers a clear advantage in clinical settings, especially for high-risk populations
like those with diabetes, where early detection of temperature changes can prevent
complications like foot ulcers or Charcot foot. Thermal imaging allows for consistent,
repeatable results across different healthcare providers and settings, ensuring early
intervention can be accurately guided. In contrast, manual palpation, though acces-
sible and cost-free, remains a less reliable method for detailed temperature analysis,
particularly when trying to catch early signs of foot complications in diabetic patients.

The primary difference between thermal imaging and thermometry lies in the
scope and detail of the temperature data they provide. While thermometry is lim-
ited to point measurements, thermal imaging offers a complete, spatially detailed
map of temperature distribution. This comprehensive view is crucial for detecting
subtle temperature variations that are often early indicators of foot problems, like in-
fections or circulatory issues, in diabetic patients. Thermal imaging excels in detecting
asymmetrical temperature differences between the feet or across the foot, an impor-
tant early sign of diabetic complications. In contrast, thermometry, while useful for
spot-checking specific areas, lacks the ability to reveal these broader temperature pat-
terns. However, thermometry is more accessible, easier to use, and requires less spe-
cialised equipment, making it suitable for general use and home monitoring. Table 1.1
summarises the advantages and disadvantages of using each of the temperature ac-
quisition methods.
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Human skin possesses a relatively high emissivity value, typically € = 0.98, indi-
cating its strong ability to emit infrared radiation. The combination of the importance
of temperature in assessing health conditions and the high emissivity value of the
skin surface has led to the extensive use of thermography in medical applications.
Medical thermal imaging remains an area of active research and development such
as in breast cancer detection [13], rheumatoid arthritis [14], and diabetic foot evalua-
tion [15]. Thermal imaging offers a non-invasive and contactless means of assessing
skin temperature, making it suitable for diverse populations, including infants, el-
derly individuals, and patients with mobility limitations. The technology is safe and
does not require direct skin contact, enhancing patient comfort and compliance during
examinations.

1.3 | Applications of Thermal Imaging

Thermal imaging has been applied across various medical fields, not only in condi-
tions that directly influence skin surface temperature, like fever screening [16] and
rheumatoid arthritis [14], but also in those where abnormal skin temperature patterns
indicate underlying issues, such as in cancer detection [17] and identifying complica-
tions in diabetes [15].

In cancer detection, tumors often stimulate the growth of additional blood vessels,
a phenomenon known as angiogenesis, to supply the affected area. This increased
blood flow not only nourishes the tumor but also elevates the temperature of the
surrounding tissue since blood flow is a primary means of heat distribution in the
body [18]. This localised temperature rise can be detected through thermal imaging
as a hotspot on the thermal patterns of the affected area [13], [17]. Thermal imaging
has thus been used as a supplementary detection tool in various cancer screenings, the
most prominent of which are breast cancer [13] and skin cancer [17].

In diabetes, plaque buildup in the arteries restricts blood flow, particularly to the
extremities like the hands and feet, which are furthest from the heart. This reduced
circulation results in lower surface temperatures in these areas [19]. Podiatrists often
manually palpate the plantar aspect of the foot to assess this issue. Thermal imaging
can enhance this diagnostic process by detecting temperature variations, as small as
0.1 degrees Kelvin, that may indicate early complications, such as underlying ulcers,
in the diabetic foot.

1.4 | Static vs Dynamic Thermal Imaging

The previous sections focused on the most common form of thermal imaging: static
thermal imaging, where a single, instantaneous frame is captured. However, another

technique known as dynamic thermal imaging captures a sequence of frames over
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time, typically analysed as a video. This approach provides additional insights by
revealing transient thermal dynamics, offering a more detailed understanding of tem-
perature changes. Dynamic thermal imaging has valuable medical applications, par-
ticularly in the assessment of skin burns [20] and the detection of perforating veins
[21], where temporal variations in temperature can be crucial for accurate diagno-
sis and treatment. Additionally, many medical studies that employ dynamic thermal
imaging follow thermal provocation [22], where the area of interest is either cooled or
warmed, and the subsequent recovery to ambient temperature is monitored. This ap-
proach provides valuable insights into the underlying physiological processes. How-
ever, a drawback of this method is that the thermal provocation typically induces
temperature changes far greater than those caused by natural physiological processes.
This significant disparity can overshadow subtle temperature variations related to un-
derlying conditions, potentially masking important diagnostic information.

1.5 | Goals and Objectives

The primary objective of this work is to study the monitoring of foot health using
thermal imaging. A key goal of this research is to ensure that the developed methods
are broadly applicable to medical thermal data, while the knowledge gained from
temperature dynamics should contribute to better assessment and management of
complications related to diabetic foot conditions.

Instead of the widely used static thermal imaging approach, we propose the use
of dynamic thermal imaging, which captures temperature variations over time to
provide more detailed information. By analysing these temporal dynamics, dynamic
thermal imaging offers deeper insights into underlying foot health issues.

The thermal video exhibits involuntary movement from the subjects, making the
analysis of corresponding points challenging. A goal of this work is to develop a
method that accurately aligns corresponding parts of the feet across consecutive
frames, ensuring that each pixel consistently represents the same anatomical location
throughout the video.

The registered data consists of thermal video, featuring both the feet in the fore-
ground and the surrounding background. A key objective of this work is to effec-
tively segment the feet from the background in the dynamic thermal data, enabling
any subsequent analysis to focus exclusively on the foot region.

The extracted temperature dynamics are influenced by various physiological and
environmental processes. Another objective of this work is to develop a method capa-
ble of decomposing these dynamics into their constituent components, allowing for
the identification and separate analysis of each effect. The decomposed temperature
dynamics are expected to provide insights into how various processes influence the
cooling rate of the plantar aspect of the foot.
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1.6 | Contributions

The contributions of this work can be split in two categories: first, contributions which
advance the knowledge on assessing thermal imaging of the human foot, and sec-
ond, those which provide technical innovations in the processing of dynamic ther-
mal data.

The first contribution of this work is the successful use of dynamic thermal imag-
ing in a medical context. We successfully extracted valuable insights into the pro-
cesses influencing the temperature dynamics of the plantar aspect of the foot, high-
lighting the effectiveness of dynamic thermal imaging for medical assessments.

A second contribution to the advancement of knowledge in assessing thermal
imaging of the human foot is our finding that acclimatisation continues for over an
hour after shoe removal, exceeding the recommended guidelines for acclimatisation
time before thermal imaging. This suggests that waiting for the acclimatisation pro-
cess to fully complete is impractical. Instead, the ongoing acclimatisation should be
identified and accounted for in the temperature dynamics to enable accurate assess-

ment.

This work also offers three technical contributions to the processing of dynamic ther-
mal data: (1) the implementation of a two-step registration algorithm for aligning
dynamic thermal data, (2) the application of a promptable segmentation method with
zero-shot learning on new images for segmenting dynamic thermal data and, (3) the
evaluation of principal component analysis (PCA) as a decomposition method for
analysing dynamic thermal data.

In dynamic thermal data of human subjects, some degree of movement during record-
ing is unavoidable. By applying a registration algorithm before analysing the dy-
namic thermal data, we can automatically track and extract the temperature at a spe-
cific location throughout the entire video. This eliminates the need to manually iden-
tify the physical location in each frame, streamlining the analysis process and improv-
ing accuracy.

The dynamic thermal data captures both the foreground, the foot, and the back-
ground within its field of view. By segmenting the background from the foreground,
we can isolate and focus exclusively on analysing the foot, ensuring that the analysis
remains precise and free from background interference.

Temperature dynamics are influenced by a variety of factors, including both phys-
iological and environmental elements. By decomposing these dynamics into their
constituent components, we can identify the contributing factors and, in some cases,
isolate or eliminate the effects of those that are irrelevant. This approach allows for a
more accurate analysis of the temperature data by focusing on the factors that matter

most.
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The decomposition work together with the findings regarding the acclimatisation of

the plantar aspect of the foot have been published in Infrared Physics and Technology

[23], while the work and results on the registration algorithm have been accepted for

publication at the Quantitative InfraRed Thermography Journal.

1.7 | Thesis Outline

The rest of this dissertation is organised as follows:

in Chapter 2, background information about thermal data and its different modes
of acquisition is given together with a review of pertinent literature in the fields
of medical thermal imaging, image registration, image segmentation, and data

decomposition;

in Chapter 3, a registration method for dynamic thermal data is introduced. The
registration method is made up of a linear registration part and an elastic regis-
tration part with the use of the SynthMorph registration method;

in Chapter 4 the use of the Segment-Anything Model (SAM) for image segmen-

tation is introduced for the segmentation of dynamic thermal data;

in Chapter 5, the use of PCA for the decomposition of temperature dynamics is
presented;

in Chapter 6 an overarching discussion of the presented work is provided, and;

in Chapter 7 a conclusion to the dissertation and the main contributions of the
work are provided.



Background & Literature Review

Thermal imaging is one way of reading skin surface temperature in humans. This may
be used to facilitate the diagnosis or prognosis of certain medical conditions whose
present day clinical tests are either unreliable or take too long. It can also be em-
ployed as a complementary tool that can provide additional insight on a condition.
This approach has been used in various medical fields with varying results [24], [25].
Of particular interest to this work is the application of medical thermography to the
diabetic feet. In this chapter, relevant work in the field of medical thermograpghy and
medical thermal data analysis and processing is discussed.

2.1 | Medical Thermography

Unlike in non-destructive testing and fault finding applications of thermal imaging,
in medical thermal imaging the actual temperature readings of the object of interest
are important. In other applications the thermal image is scanned for difference in
the patterns obtained by the thermal imaging hardware. For example, in fault find-
ing in electronics, it is sufficient to conclude that part of the circuit is emitting higher
amounts of infrared radiation, which is proportional to the surface temperature, when
compared to the rest of the circuit. The actual temperature being read by the thermal
camera rarely matters in such cases. However, in medical thermal imaging, the ac-
tual temperature readings can be important, to detect a fever for example. Therefore,
the thermal acquisition setup should reflect this as certain steps should be taken for a
precise temperature reading.

For reliable measurements, thermal images of the region of interest should be ac-
quired following a standard view established before any acquisition [26]. The area of
interest and the thermal imaging equipment should be placed in such a way that the
surface on which the temperature is measured is as parallel as possible to the thermal
camera lens. This is required such that the angle of incidence of the radiation is per-
pendicular to the thermal camera lens. Angles of up to 20° have a negligible effect on
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the temperature readings but angles of rotation greater than that should be avoided to
obtain a reliable estimate of the surface temperature [27].

It is important that the subjects also take some precautionary measures before be-
ing examined by IR thermal imaging systems. Cosmetics, alcohol intake, smoking,
ointments, drug treatment, large meals, and exercise, can all affect skin temperature
and should be avoided prior to an examination or should be noted to the exam-
iner [24], [26]. When the subjects arrive for examination, they should be told to undo
all tight clothing and remove any jewellery. After removing the necessary clothing,
the patient should be asked to wait, inside the examination room, for a period of ac-
climatisation. This period is required for the subjects to achieve thermal equilibrium
with the conditions inside the examination room and to achieve adequate stability in
skin temperature. A period of 15 minutes is generally considered to be an adequate
time for stability [26], [28], [24] although different studies utilise different lengths of
acclimatisation periods ranging from no acclimatisation [29] to 20 minutes [30]. Lahiri
et al. [24] list different acclimatisation times used for a variety of medical applications.
In this work, it is found that these acclimatisation times are too short, as acclimati-
sation continues for beyond an hour [23] and thus it is argued that waiting for the
acclimatisation to be over is unfeasible and that the acclimatisation dynamics should
be handled differently as described in Chapter 5. During this acclimatisation time the
areas on which thermographic examinations are to be carried out should not touch

any cold surfaces, such as metals, or be in contact with wet surfaces.

A distinction can be made between two main methods of acquisition of medical ther-
mal images namely, static thermal imaging and dynamic thermal imaging [22]. Static
thermal imaging involves acquiring a single image after a period of acclimatisation of
the body region [22]. This is the most commonly adopted approach, as it only requires
the acquisition of a single image from which instantaneous thermal patterns can be
captured. However, this approach fails to detect any transitional activity of interest
caused by physiological processes. On the other hand, dynamic imaging involves
capturing thermal images over time in the form of thermal video [22]. This approach
allows for the detection of transitional activity of interest caused by physiological pro-
cesses, making it a valuable tool in medical diagnostics [23].

2.1.1 | Static thermal imaging

One methodology of both medical evaluations and thermal imaging is a population
baseline approach in which, data is collected from a large group of subjects, cate-
gorised by some criteria based on medical science, and a threshold for each criteria
is computed that differentiates between different categories. This threshold is then
utilised to evaluate further subjects with ease by comparing the same medical cri-
teria by which the threshold was set and categorising the subject based on whether
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their own values for these criteria are above or below the threshold [31]. In thermal
imaging a similar approach can be utilised, for example, in non-destructive testing
a material is imaged by a thermal camera and if the surface temperature of the ma-
terial reaches above a pre-determined threshold, a decision can be taken about the
validity of the material for that particular application [32]. In medical thermal imag-
ing, this approach has been utilised with most success in fever screening [33]. In this
application, a thermal image of the forehead and face of the subject is captured and
the temperature in specific locations is computed. If the temperature exceeds a pre-
determined threshold, the subject is marked as having fever or is referred for further
examination. In this application, the non-contact nature of the imaging technique can
be advantageous to increase the number of tests which are done and the rapidity with
which each test is undertaken. Algorithms which automatically capture and process
the thermal data have been developed and have become so efficient that mass, blind

fever screening in real-time is now possible [34].

Another methodology for detecting abnormalities using static thermal imaging is pat-
tern analysis, in which the pattern present in the area of interest is analysed to detect a
deviation from normal patterns. Here thermal imaging can be utilised to provide pro-
vide physiological information that can complement anatomical data obtained from
other imaging methods. This method is employed with most success in breast cancer
detection, in which a breast thermogram is analysed to detect any abnormal patterns
such as hotspots or areas with increased vasculature that may be indicative of the pres-
ence of breast cancer. Of all cancers, breast cancer is the most prevalent cancer found
in females [35]. Mammography is the gold standard method for breast cancer screen-
ing, but this method does not come without its disadvantages. Mammography is a
contact-based and sometimes painful method of screening and it also entails exposure
to X-rays. Moreover, mammography is not suitable for women with dense breast tis-
sue, a common occurrence in young women [35]. Thus, since 1982, infrared imaging
has been approved in the United States as an adjunct imaging modality to mammog-
raphy. Breast thermography has a high sensitivity (93.6%) and a high negative pre-
dictive value (91.2%) [25]. Here again the non-contact and radiation free nature of the
imaging technique can be advantageous for more frequent and repetitive screening.
Furthermore, breast thermography is not affected by the density of the breast tissue
making it a superior modality to mammography in young women [36].

Skin temperature is significantly influenced by blood circulation, as blood carries heat
throughout the body. In ischaemic conditions such as those caused by diabetes, a
reduced temperature may be observed in the affected areas due to restricted blood
supply. These ischemic conditions are more likely to impact peripheral regions, such
as the hands and feet. Additionally, diabetes-induced ischemia often affects one side
of the body differently than the other [28]. Research on healthy individuals has deter-
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mined that the maximum temperature difference between corresponding regions on
opposite sides of the body is 2.2°C [37]. Any deviation beyond this threshold may in-
dicate the presence of disease. Consequently, the methodology of asymmetry analysis
of thermal imaging in medicine, involves capturing thermal images of both sides of
specific body regions, such as the plantar aspects of both feet, and comparing the tem-
peratures in corresponding areas to identify abnormalities. This technique has proven
successful in detecting ischemic conditions in the feet of diabetic patients, allowing for
early diagnosis and intervention [15].

Another key methodology for applying thermal imaging in medicine is the before-
and-after approach. In this method, thermal images are captured both prior to and
following a medical intervention. These images are then compared to evaluate the
effectiveness of the intervention. One notable application of this approach is in the
quality and safety assessment of injectable drugs [38]. By capturing thermal images of
the tissue before and after drug administration, practitioners can detect inflammation,
which may indicate irritation caused by the drug. Another significant application is in
the assessment of rheumatoid arthritis [39]. Here, thermal imaging is used to monitor
the affected joints before and after exposure to a cold environment. Joints afflicted by
rheumatoid arthritis typically show a reduced response to the cold challenge, which
can be detected through comparative thermal imaging. This methodology can also
be valuable in heart surgery. By comparing thermal images taken before and after
the procedure, medical professionals can monitor whether blood flow in the affected
arteries has improved [40].

Although very useful, static thermal imaging has a number of limitations. Static
thermography, offers only a single snapshot of the thermal patterns, and any tempo-
rary activities of interest driven by physiological regulatory processes go unnoticed.
Fernandez-Cuevas et al. [41] and Houdas and Ring [42] provide an extensive descrip-
tion of the factors influencing the human body temperature. This means that a single-
shot image of the skin surface temperature can be an unreliable source of informa-
tion because of the multiple process which are affecting the readings at that single
time. The before-and-after approach detailed above provides more detailed informa-
tion about the state of the skin surface temperature because the images are captured
under the same conditions with only one factor, medicinal intake in this case, being
changed.

Continuous temperature data acquisition can be useful in this scenario because it
can give information about the development of the temperature in time resulting from
some known process. For example, skin surface temperature oscillates during the day
in a cyclic pattern but if the body enters a room which is colder then the ambient
temperature in which it was before, the general surface temperature will cool down
to reflect the new, lower ambient temperature. Obtaining a single image of this whole
process can be misleading as the reading of the surface temperature can be affected
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by either one of the processes, the cyclic pattern or the cooling down, or both. In this
scenario, a newer kind of thermal image acquisition can be useful and will provide
more detailed, context-aware information: dynamic thermal imaging.

2.1.2 | Dynamic thermal imaging

Dynamic thermal imaging overcomes the constraints of static thermal imaging, namely
the limitation of having only one image to assess a dynamic process, by recording a
series of thermal images across a defined time span as a thermal video. This technique
enables the examination of time-dependent variations in skin surface temperature and
the observation of relevant transitional processes. Variations in skin temperature as-
sociated with cooling and rewarming rates may yield more meaningful information
than static measurements. For instance, they can reflect enhanced vascular activity or
impaired circulation. Consequently, dynamic parameters can offer further insight into
both normal and pathological physiological states.

Dynamic thermal imaging has been applied in various clinical contexts that gain
value from the added temporal information including breast cancer detection [43],
monitoring of vascular conditions [44], detection of perforating veins [21], [45] and
heart surgery [40], [46], amongst others [47].

Dynamic approaches to acquiring thermal data were first introduced in the early 1970s
by Patil et al. [45] and Elem et al. [21] for identifying incompetent perforating veins
in the lower limbs. These early investigations anticipated contemporary studies that
employ dynamic thermal imaging in conjunction with thermal provocation—also re-
ferred to as a thermal challenge—applied to the target region. To date, the majority of
studies have utilised dynamic thermal imaging in human subjects under such provo-
cations, including cold stress or heat challenge [48]. This acquisition method, com-
monly known as active dynamic thermography, has proven valuable across multiple
clinical domains, such as breast and skin cancer detection and the evaluation of skin
burns [49].

Nevertheless, this approach presents certain limitations. The application of ther-
mal provocation to the region of interest may mask subtle physiological or pathologi-
cal temperature variations that occur naturally, as these are often much smaller in scale
than the induced stimulus. To date, only a limited number of studies have examined
unprovoked temporal fluctuations in skin temperature [50]. Such naturally occurring
thermal dynamics are significant, as they can reveal minor variations that may reflect

normal or abnormal physiological processes [23].
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2.1.3 | Thermography of diabetic feet

An important clinical application of medical thermal imaging is the monitoring of
diabetic feet and their associated complications [24], [51]. In diabetes, thickening of
blood vessel walls restricts circulation, particularly in the extremities. As the feet are
the most distal part of the body from the heart, they are especially vulnerable to im-
paired blood flow [52]. This reduction in circulation often results in lower skin surface
temperatures at the peripheries [53]. Compared with the conventional method of as-
sessing temperature differences in the diabetic foot through palpation of the plantar
surface, thermal imaging can detect much smaller variations in surface temperature.
Additionally, it allows for the simultaneous evaluation of multiple regions, unlike pal-
pation which is limited to one area at a time, and provides objective quantitative mea-
surements rather than subjective estimates [53].

Localised increases in temperature within the foot may also serve as an early indi-
cator of ulcer formation [54]. A temperature asymmetry greater than 2.2 °C between
contralateral regions of the plantar surface is generally considered abnormal [37], [41].
Owing to its sensitivity in detecting minor temperature differences, thermal imaging
offers a simple, inexpensive, and non-invasive tool for identifying neuropathic feet
and elevated ulceration risk [55]. For instance, Oe et al. [56] demonstrated in a case
study that thermography revealed a region of increased temperature extending from
the fourth toe, where an ulcer was present, to the ankle; the patient was subsequently
diagnosed with osteomyelitis. In a follow-up study, the same group confirmed the
predictive value of thermal imaging by achieving a 100% positive predictive rate for
osteomyelitis in 18 diabetic patients [57].

Nagase et al. [58] have monitored thermographic patterns in the plantar surface of the
foot and compared the patterns between non-diabetic subjects and diabetic subjects.
They have determined 20 different possible patterns which the plantar thermographic
pattern can follow using the four different angiosomes in the plantar region of the
foot. Both healthy control subjects and diabetic subjects were screened and each of
these was categorised to one of the 20 patterns. While the control group subjects were
generally categorised in two of the patterns, the diabetic group had a larger distribu-
tion across the 20 patterns. This suggests that by monitoring the thermal patterns in
the plantar aspect of the foot it is possible to identify any abnormalities and possibly

detect complications in the diabetic foot.

Gatt et al. [53] have determined the normative heat pattern distribution in hands,
feet and shins in a population of healthy adults. They identified 44 regions of in-
terest (ROIs) across the three body regions from which the thermal patterns were es-
tablished.
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Vardasca et al. [59] have used active dynamic thermal imaging to monitor the plantar
aspect of diabetic patients with open ulcers in their feet. They have built a database
of 39 subjects in which the plantar aspect of the feet was recorded in a 30-minute
thermal video, a cooling challenge, in the form of conduction from an aluminium
board, was applied and followed by another 5-minute thermal video. Then they anal-
ysed the images by measuring the mean temperature of ROIs which correspond to
the most common documented locations of foot ulcers in diabetics. They have found
no statistically significant difference between thermal asymmetry values and thermal
recovering differences in all ROIs except for one located at the medial forefoot. This
finding shows that studying simple temperature dynamics in localised region of in-
terest (ROI)s, might not be sufficient to capture or predict the locations of ulcers in the
diabetic foot.

2.1.4 | Approaches to medical thermal imaging acquisition proto-
col

Various approaches to standardise the acquisition protocol for specific medical appli-
cations have been proposed [60], [61], [62], [63]. Ring and Ammer [26] have reviewed
various studies which list a medical thermal imaging acquisition protocol and have
drawn up a generalised procedure. They have also updated the procedure through
subsequent studies [28], [64], [65]. They have examined and addressed various ele-
ments of thermal image acquisition, starting from the examination room where ther-
mal imaging is conducted, to maintaining ambient temperature, specifying computer
equipment to utilise, outlining the procedure for participants prior to examination,
and have suggested a protocol for attaining dependable thermal imaging outcomes.

More recently, the International Academy of Clinical Thermology has published an
article which similarly describes standards and guidelines for medical infrared imag-
ing [66].

Thermal imaging sessions should be carried out in a controlled environment in an ex-
amination room which needs to meet some basic requirements. The room must have
adequate space to locate the thermal imaging equipment at a sufficient distance from
the subject and should also have space for one or more patient cubicles. A good esti-
mate of the distance between the thermal camera and the patient can be derived from
the optical features of the camera and the size of the feature being imaged. Ring and
Ammer [26] state that an examination room with a minimum size of 2 X 3 metres may
be required, but a larger room will be preferable. The room temperature should be
kept at a constant temperature between 18°C to 25°C where an average of 22°C to
24°C is ideal [26], [28]. When selecting a room temperature one should keep in mind
the examination method. If the examination requires the subject to be disrobed, lower
room temperatures may be uncomfortable while for fully clothed subjects higher tem-
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peratures may result in sweating. Lahiri et al. [24] have produced a table which shows
different room temperatures used for various medical applications. The subject must
also be placed away from external heat sources such as light fixtures and direct sun-
light which may influence the reliability of the thermographic readings [26], [24].

2.2 | Medical Thermal Data Processing and Analysis

Once captured, thermal images and videos need to be processed further to extract the
required information from the data. Traditional image processing techniques play a
crucial role in enhancing the quality and interpretability of thermal data. The primary
goal is to obtain a clearer, more detailed image of the body part or object being imaged,
which is essential for accurate analysis and diagnosis.

Some of the thermal data analysis techniques described in Section 2.1, especially those
of dynamic thermal data, necessitate the alignment or registration of the target of in-
terest in the video frames to account for variations due to different camera angles and
body proportions. This can facilitate the analysis of changes in time for specific parts
of the target object. Image registration techniques are employed for this purpose. In
Section 2.2.1, we discuss both traditional and modern techniques used for medical
thermal data registration.

In most cases, captured thermal data encompasses not only the body region of interest
but also other body regions and background elements. To enhance the performance of
analysis techniques, it is sometimes important to segment the body region of interest
from the rest of the data. Image segmentation techniques are employed to identify and
extract these required regions, allowing for more focused and accurate analysis. In the
following section, an overview of classic segmentation techniques and their utility in
medical thermal data segmentation is provided

The temperature data obtained through dynamic thermal imaging is influenced
by the subjects individual physiological factors, such as height, weight and gender,
and the examination room environmental factors, such as temperature and humidity,
amongst others, making analysis challenging. Decomposition techniques can play a
crucial role by breaking down the thermal data into distinct transients associated with
different factors. In Section 2.2.3, we review various data decomposition techniques
and their utility in decomposing medical thermal data.

2.2.1 | Image registration

Image registration is a fundamental process in medical image processing, dedicated
to achieving an optimal transformation that best aligns the objects of interest between
two or more images [67]. In the context of medical image registration, these objects
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of interest are typically anatomical structures within the human body [68]. This align-
ment is carried out between two primary images: the fixed image, often referred to as
the reference image, and the moving image, which is subjected to the transformation
to achieve alignment with the reference image. The applications of image registration
within the field of medical imaging are vast and multifaceted, extending to diverse
areas such as computed tomography (CT) and magnetic resonance imaging (MRI)
registration [69]. Furthermore, this process finds applications in various medical con-
texts, including computer-aided diagnosis [70], atlas building [71], anatomy segmen-
tation [72], and motion tracking [73] among others.

Within the domain of medical image registration, there exist three prominent method-
ologies: feature-based registration, intensity-based registration, and deep learning-
based registration [74], [68]. Each methodology offers its own approach to solving the

challenge of aligning images.

Feature-based registration involves the extraction of distinctive features from both the
reference and moving images. Subsequently, a geometric transformation is computed
to minimise the distance between corresponding feature points in these images [67].
This approach relies on the identification of salient landmarks or attributes within the
images to guide the alignment process [67].

Intensity-based registration, on the other hand, centers on computing a similarity
measure between the fixed and moving images. Through iterative optimisation, a ge-
ometric transformation is determined that maximise this similarity measure [67]. In
this methodology, the focus is on the overall intensity or pixel values of the images,
rather than specific features.

Deep learning-based registration, the most recent and rapidly evolving methodol-
ogy, incorporates neural networks into the image registration process. Within this
methodology, three distinct classes of approaches have emerged, each utilising neural
networks in different ways to enhance registration: (i) The first class leverages neu-
ral networks as a similarity metric [75]. Neural networks are trained to assess the
similarity between images, guiding the registration process by aligning images based
on their content; (ii) The second class introduces neural networks to parameterise the
transformation model [75]. In this approach, neural networks are employed to directly
model the geometric transformations, which are then iteratively adjusted to achieve
alignment; (iii) The third class employs neural networks to facilitate various opera-
tions that enhance the quality of the registration [75]. This can include using neural
networks to correct artifacts, refine transformations, or provide additional context for
the registration process.
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The results obtained from comparative studies suggest that deep learning-based meth-
ods exhibit substantial advantages over traditional methods concerning both the qual-
ity of the resulting registration and the computational speed at which this registration
is achieved [72], [75]. This observed superiority has significant implications for the
field of medical imaging and beyond.

One of the key strengths of deep learning-based methods is their ability to capture
intricate patterns and relationships within the images being registered. Traditional
methods often rely on handcrafted features and mathematical models, which may
not adequately capture the complexity of anatomical structures and their variations
across different patients or scenarios [72]. In contrast, deep learning methods can
automatically learn and adapt to these intricate features, leading to more accurate and
robust image alignment.

Additionally, the computational speed of deep learning-based methods stands out
as a significant advantage. Traditional registration techniques can be computation-
ally intensive and time-consuming, particularly when dealing with large datasets or
complex transformations. Deep learning models, once trained, are often capable of
performing registrations at significantly faster rates, making them more practical for
real-time or near-real-time applications such as intraoperative guidance, where speed
is of utmost importance [75].

However, deep learning models require substantial amounts of labeled data for
training to perform effectively [75]. This data typically consists of pairs of images
with known ground-truth transformations. The scarcity of such high-quality labeled
datasets poses a significant obstacle to the broader adoption and advancement of deep
learning-based registration techniques. Gathering and annotating large medical im-
age datasets is a resource-intensive and time-consuming endeavor, and in some cases,
it may be impractical or ethically challenging to acquire sufficient data.

2.2.1.1 | Thermal image registration of human subject

Thermal image registration is a specialised branch of medical image registration. Within
this subfield, a particular area of focus is on the registration of dynamic medical ther-
mal image sequences. Unlike static images, dynamic thermal sequences involve cap-
turing a series of thermal images of a human subject over time [76]. This temporal di-
mension introduces unique challenges and necessitates precise alignment of the body
regions within each frame to a designated reference position.

One of the primary challenges to dynamic thermal image processing is the natural
movement of human subjects during data acquisition [77]. The inherent movement of
test individuals leads to the misalignment of corresponding body regions across se-
quential frames, which can compromise the accuracy and interpretability of the ther-
mal data. To mitigate this issue, image registration techniques are applied to ensure
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that corresponding body regions in successive frames are correctly aligned, enabling

the extraction of consistent and meaningful information [77].

Dynamic thermal data presents some challenges to image registration, primarily due
to variations in contrast [78]. These variations manifest both between subsequent
frames and between the foreground and background regions of the thermal images.
The contrast disparities are partly attributed to the different thermal characteristics
and transitional processes exhibited by human body regions [78]. This dynamic con-
trast variation makes the acquisition of salient and useful features for feature-based
image registration techniques a particularly challenging task.

Traditional image registration methods may struggle with these variations, as they
are designed to handle relatively stable and uniform image properties. To address
this, advanced image registration techniques, possibly involving adaptive feature ex-
traction or deep learning approaches, may be required to effectively register dynamic
thermal images, ensuring that the relevant body regions are consistently aligned and
providing reliable data for medical analysis.

Barcelos et al. [74] propose a combined method for segmentation and registration of
static thermal images for an advanced and progressive evaluation. This combined
method has been primarily developed with a specific focus on the prevention of mus-
cle injuries in high-performance athletes. Nonetheless, the adaptability of this tech-
nique extends beyond sports medicine, making it applicable to other domains. The
core innovation lies in the use of optical flow, a deformable image registration tech-
nique, on segmented thermal images of athletes” lower limbs. The method is guided
by hot or cold isotherms, clusters of pixels with similar temperatures, during the regis-
tration process. By leveraging these inherent temperature patterns, the authors argue
that their approach allows for a more sophisticated and progressive analysis of ther-
mal images.

However, there are notable challenges associated with the proposed method. Firstly,
the segmentation of the body region from the background in thermal imagery is ac-
knowledged as a complex task because the intensities of the background region and
the body region usually overlap significantly. In dynamic thermal data, this task be-
comes even more intricate, as subjects are in motion, leading to variations in their
appearance and body geometry. Another limitation to consider is that the method is
primarily designed for static thermal images captured on different days. This limita-
tion implies that the method may not be directly applicable to dynamic thermal data,
which typically consists of a continuous stream of frames captured in quick succes-

sion.

The work by Ciantar et al. [79] introduces an innovative approach for video regis-
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tration that is particularly tailored to the challenging domain of dynamic thermal se-
quences in the abdominal region of pregnant women. The key concept in the tech-
nique is the utilisation of a triangulation-based video registration technique that uses
local affine transformations to achieve precise alignment of successive frames. The ef-
fectiveness of the method is demonstrated through empirical results, which highlight
its capability to significantly enhance the alignment of abdominal regions in consecu-
tive frames. This improvement is a crucial advancement, as it enables the tracking of
physiological changes and motion in the abdominal area.

However, it is important to acknowledge the limitations of the method, which pri-
marily revolve around the reliance on matched speeded-up robust features (SURF)
points. SURF points are distinctive features in images that are commonly used for
matching and registration tasks. In the context of dynamic thermal data, especially
involving the feet, several challenges arise that make the acquisition of matched SURF
points problematic. Firstly, dynamic thermal data from the feet often lacks distinct and
consistent physical features that can be used for matching. Unlike traditional visual
imagery, thermal images primarily capture variations in temperature rather than intri-
cate patterns or shapes. This limitation makes it difficult to find characteristic points
that can be reliably matched across frames. Secondly, thermal imaging is suscepti-
ble to variations in contrast caused by environmental conditions, changes in thermal
patterns, or even the movement of the subject. This dynamic contrast can affect the
detection and tracking of SURF points.

In a recent study, Bouallal et al. [80] compared four methods of image registration for
diabetic foot thermal images. Boullal et al. studied the performance of an intensity-
based algorithm, an iterative closest point method [81], a subpixel registration algo-
rithm [82], and the pyramid approach for subpixel registration [83]. The performance
of the four algorithms was evaluated using several overlap and symmetry metrics
and concluded that the intensity-based and pyramid approach for subpixel registra-
tion methods gave the best results [80]. The methods outlined by Boullal et al. all rely
on prior segmentation of the thermal data to extract the location of the body region
from the rest of each frame. However, from our experience with working with dy-
namic thermal data of the plantar aspect of human feet [84], [85], this segmentation
is not easily achievable, as the overlap in temperature, and hence pixel intensity, be-
tween the foreground and the background can be substantial.
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Registration is only one part of the processing journey of thermal data. One other

important process is image segmentation.

2.2.2 | Image segmentation

Medical thermal imaging captures data often including irrelevant regions and back-
ground noise that can obscure the area of interest. Image segmentation isolates the
relevant body region, which is vital for both improving the analysis accuracy by focus-
ing on the specific area of interest, and for reducing computational load by processing
only the segmented region.

Image segmentation is the process of dividing an image into different regions such
that each region is somewhat homogeneous in its features, while the union of any two
regions is not [86,87]. The goal of segmentation usually is to separate a ROI from
the background for further processing [88]. The challenge of image segmentation in
digital processing lies in enabling machines to recognise context, that is naturally dis-
cernible to the human eye, such that the machine is able to accurately differentiate
between various regions within an image [86]. There are various methods that try to
achieve this with the classic classes of image segmentation techniques being: thresh-
olding; edge-based; region-based; clustering-based; watershed algorithm and active
contour models [86].

The thresholding technique works on grayscale images but colour images can be con-
sidered too,. First these are converted into binary image according to one or multiple
threshold levels. In the simplest form, a single threshold is set, with any value of in-
tensity above that threshold being considered as foreground, and thus set as binary
value of one, and, anything below the threshold being considered as background, and
is thus set a binary value of 0. This method is straightforward but can be ineffective
for images with varying intensity [86]. Adaptive thresholding takes this idea one step
further by calculating different thresholds for several small regions of the image, al-
lowing for better handling of varying lighting conditions [89].

Edges in images are the boundaries where there is a significant change in intensity
or color, marking the transition between different regions of the image. Edge-based
segmentation is a technique which focuses on identifying these edges to segment the
image into meaningful regions [90]. The edges can be detected with different methods
with the Sobel and Prewitt Operators, which detect edges by measuring the gradient
of the image intensity, and Canny Edge Detection, which detects edges by looking
for local maxima of the gradient of the image, being the most popular methods. The
Canny edge detection algorithm is known for its accuracy in locating the edge and is
less likely to be affected by noise [90].

21



Chapter 2. Background & Literature Review

Region-based segmentation techniques can be split into two main categories; re-
gion growing and region splitting and merging [91]. Region growing starts from a
seed point and grows the region by including neighboring pixels that meet certain cri-
teria. It is effective for images with homogeneous regions [91]. Region splitting and
Merging divides the image into regions and merges them based on similarity criteria,
creating a more adaptive segmentation [91].

Clustering-based image segmentation is a technique where pixels are grouped
into clusters based on their similarity. This similarity can be defined in terms of
color, intensity, texture, or spatial proximity. A well known method of clustering-
based segmentation is K-means clustering, which partitions the image into K distinct,
non-overlapping regions or clusters. Each cluster is defined by its centroid, and the
objective of the algorithm is to minimise the variance within each cluster [92]. A varia-
tion of this algorithm is the fuzzy C-means algorithm in which each pixel may belong
to multiple clusters with varying degrees of membership, providing a more flexible
segmentation [93].

The Watershed Algorithm treats a grayscale image as a topographic surface and
finds the watershed lines, which correspond to the edges of objects. It is particularly
useful for separating touching objects in an image [94].

Active contour models or snakes use curves that move within the image to find
object boundaries. It is effective for capturing complex shapes and boundaries but can

be sensitive to initial placement and noise [95].

In recent years, deep-learning based methods have yielded a new generation of seg-
mentation models with remarkable performance improvements. Often these meth-
ods outperform traditional methods of segmentation on popular benchmarks in both
speed and accuracy [96]. Minaee et al. [96] have reviewed over a 100 deep learning
based methods of segmentation and provide a comprehensive review.

Kirillov et al. [97] have introduced a new task, dataset and model for image seg-
mentation named Segment Anything. They have built a dataset of over one billion
segmentation masks on 11 million images and a segmentation model that is designed
and trained to be promptable. The model can transfer to new images in a zero-shot
manner, which means that it does not need any further training and can be used with
its current weights. Moreover, their model and dataset are publicly available [97].
Segment Anything has shown an impressive performance in zero-shot generalisation
and is even superior to prior fully supervised methods [97]. Ke et al. [98] have further
improved the performance of Segment Anything model with their Segment Anything
in High Quality model that has superior performance particularly when dealing with
objects that have intricate structures.

Thermal images are grayscale images, meaning that the image has only one channel
representing intensity information. In the case of thermal images this intensity is rep-
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resentative of the level of temperature of the object being imaged. The fact that objects
in the image can only be represented with a varying level of gray, usually white rep-
resents the highest intensity and black represents the lowest level of intensity, leads to
a high overlap between the intensities of the different objects especially at the edges.
This phenomenon, known as thermal crossover, makes the challenge of segmenting
grayscale images a difficult one [88]. Furthermore, the variability and complexity of
the anatomical structures being imaged make the problem even more complex and has
resulted in the area of medical thermal image segmentation being underrepresented
in the research community [99].

One possible solution to the thermal crossover problem is to enhance the edges of
the thermal image or video prior to the segmentation step. Li et al. [100] present the
Edge-Conditioned CNN (EC-CNN) which exploits edge prior information to increase
the quality of segmentation output in the presence of ambiguous and noisy edges. The
proposed network consists of three layers: an edge extractor; the EC-CNN blocks, and;
a semantic segmentation network. For the edge extractor layer, Holistically-nested
Edge Detection (HED) [101] is used to obtain high-quality edges. EC-CNN blocks
consist of convolutional layers and gated feature-wise transform layers to embed edge
information properly. The semantic segmentation network employed is DeepLabV3
which employs ResNet as feature extractor and Atrous convolutions [102]. EC-CNN
is employed to segment thermal images under varying illumination conditions and
achieves better than state-of-the art performance on the authors” own dataset.
Another method which leverages edge information to enhance the segmentation
accuracy is proposed by Xiong et al. [103]. They propose a multi-level correction net-
work (MCNet) with a multi-level attention module (MAM) and a multi-level edge
enhancement module (MEEM). Specifically, MAM selectively captures the inter-class
and intra-class contextual dependencies by a multi-level correction process and MEEM
continuously combines precise context information and edge prior knowledge in each
level to correct the final feature representation [103]. Experiments reported in the pa-
per have shown that the proposed method performs well compared to state-of-the-art

methods in semantic segmentation.

Panetta et al. [104] propose Feature Transverse Network (FTNet) a novel end-to-
end trainable convolutional neural network architecture that aims to adequately cap-
ture the context of corresponding pixels without trading off accuracy for speed, or
vice-versa. FINet employs an encoder-decoder architecture and an edge guidance
module that conducts reliable pixel-wise classification. FTNet captures and enhances
feature representation at multiple scales, which improves its ability to handle high-
resolution images and delivers high-quality output with reduced computational cost.
The proposed method has been benchmarked on popular thermal datasets and has
been shown to be effective in multiple aspects including, quantitative accuracy and
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speed [104].

Most of the work related to the segmentation of thermal images, revolves around
the autonomous driving application [99]. Wang et al. [105] proposed a method to seg-
ment pedestrians from thermal data using a conditional generative adversarial net-
work (IPS-cGAN). The generator part of the network is based on Unet [106] with two
modifications: convolutional blocks are replaced by residual blocks to have more effi-
cient connections, and; a dropout rate of 0.5 is deployed so that the network becomes
more robust. SandwichNet, a novel convolutional network with symmetrical input,
is proposed as the discriminator for the segmentation method. SandwichNet, which
is based on PatchGAN [107], needs symmetrical, three-channel, result-image-result
segmentation results from the generator and thermal image, and three-channel truth-
image-truth segmentation ground truths. The designed generator and discriminator
are trained as an end-to-end GAN algorithm with cross-entropy loss. The modifica-
tions on Unet and the design of the discriminator provide a robust model against noise
for thermal image pedestrian segmentation [105].

For the semantic segmentation of low-resolution thermal images in weak illumi-
nation conditions, Chen et al. propose Nightvision-Net (NvNet) [108] a network with
the architecture of the FCN-8S [109] with an enforcement layer in the front end and a
weighted-sigmoid-cross-entropy loss function to calculate the error between the pre-
diction of the network and the ground-truth. The network is trained using transfer
learning. The authors report that the proposed method achieves comparable results
to other state-of-the-art methods in low illumination environment.

Kutuk et al. [99] have reviewed semantic segmentation methods for thermal im-
ages and thermal image datasets while, various other studies exist which review meth-
ods of segmentation for medical images [87,110,111].

Once the thermal image or video data is segmented and registered, the temperature
dynamics of the body region of interest can be extracted. These dynamic are made
up of a complex mixture of factors, from physiological to environmental and equip-
ment related and thus, are difficult to understand on their own. Data decomposition
techniques can be useful to break down the temperature dynamic into its constituent
factors and thus analysing them independently. In the next section, a review of salient
and popular decomposition techniques is presented together with their application in
medical thermal imaging.

2.2.3 | Decomposition techniques

Decomposition techniques are powerful and versatile methods applied across numer-
ous disciplines to address the inherent complexity of data, systems, and mathematical
functions. At their core, these techniques involve breaking down a complex entity;

a dataset, a signal, a system, or a function; into smaller, more manageable compo-
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nents [112]. Decomposing a system into its fundamental components makes it easier
to interpret and understand. For instance, in image processing, decomposing an im-
age into different frequency components using Fourier Transform, allows one to anal-
yse various aspects like edges, textures, and overall patterns separately [113]. Decom-
position techniques also reduce the computational burden associated with analysing
large or complex datasets and systems. This efficiency can be achieved in two man-
ners: dimensionality reduction in which the number of dimensions of the data is re-
duced while preserving most of the information [114] and; parallelisation in which,
by dividing a large problem into smaller, independent sub-problems, it becomes pos-
sible to solve them simultaneously on multiple processors, significantly speeding up
computation [115].

Decomposition techniques are also essential for extracting meaningful patterns
from data. This capability is particularly valuable in fields like machine learning,
where identifying patterns is crucial. Decomposition techniques are used to extract
latent features or components from data which can then be used as inputs for ma-
chine learning models, often leading to better performance and interpretability [116].
In time-series analysis, decomposition methods separate a time series into trend, sea-
sonal, and residual components. This separation allows for more accurate forecasting
and a better understanding of underlying patterns [117].

Some seminal methods of data decomposition include amongst others:

m Singular value decomposition (SVD) - a matrix factorisation technique that de-
composes a matrix into three matrices: U, ¥, and V, where U and V are orthogo-
nal matrices and X is a diagonal matrix with singular values [118]. SVD is a foun-
dation for many other techniques and is widely used in signal processing, image
compression, and collaborative filtering. It provides a way to approximate ma-
trices, which is useful in low-rank approximations but can be computationally
intensive for very large datasets [118];

m Principal component analysis (PCA) - a linear dimensionality reduction tech-
nique that transforms the original dataset into a new set of uncorrelated vari-
ables called principal components [119]. These components capture the maxi-
mum variance in the data, with the first few components often retaining most of
the important information. It is traditionally used for data compression, noise
reduction, and feature extraction. PCA is simple, fast, and effective for reducing
dimensionality in large datasets but only captures linear relationships, and the
results can be difficult to interpret when the data is highly nonlinear [120];

m Independent component analysis (ICA) - a technique used to separate a multi-
variate signal into additive, independent components. It assumes that the ob-
served data are linear mixtures of independent source signals [121]. ICA is pri-
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marily used in blind source separation, such as for separating mixed audio sig-
nals, and in feature extraction. It is effective for finding underlying factors or
sources in the data but assumes statistical independence of sources, which may
not always hold [121];

m Wavelet transform - a time-frequency decomposition technique that represents
a signal in terms of shifted and scaled versions of a wavelet function [122]. It
provides a hierarchical decomposition of data at different levels of resolution.
The wavelet transform is used in signal processing, image compression, and
denoising. It is capable of capturing both frequency and location information,
making it useful for analysing non-stationary signals but the choice of wavelet
function and decomposition level can significantly affect results [122];

m Factor Analysis - a statistical technique used to describe variability among ob-
served variables in terms of fewer unobserved variables called factors [123]. It
assumes that the observed variables are linear combinations of the potential fac-
tors, plus noise. It is used in psychology, finance, and social sciences for identi-
fying underlying relationships between variables. Factor Analysis helps reduce
the number of variables while retaining the essential structure of the data but
assumes linear relationships and that the data fits a normal distribution, which
may not always be the case [123];

® Dynamic mode decomposition (DMD) - a data-driven technique used to anal-
yse the dynamics of complex systems. It decomposes high-dimensional data,
such as time series data from simulations or experiments, into a set of spatial
modes, each associated with a specific temporal behavior (growth/decay rates
and frequencies) [124]. DMD provides insights into the underlying structures
and dynamics of the system by identifying patterns that evolve over time. Orig-
inally developed in fluid dynamics, DMD is now widely used in various fields
for system identification, reduced-order modeling, and forecasting, particularly
when the governing equations of the system are unknown or difficult to model
directly [125]. DMD does not require prior knowledge of the governing equa-
tions of the system, making it useful for analysing data where the underlying
dynamics are unknown or too complex to model directly but can be sensitive to
noise in the data, which may lead to inaccurate modes or frequencies, particu-
larly in the presence of significant measurement noise [124].

The results from these methods will vary depending on the form of the data to be
decomposed. Thus, there are a multitude of methods, based on the more basic de-
composition techniques, which are application specific [126,127]. For this reason, we
refrain from listing the decomposition techniques which are applied to different ap-
plications in this review and refer the interested reader to other literature [128].
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Literature related to the decomposition of thermal data is scarce [129,130] and most
of the developed methods utilise the decomposition methods to extract features from
the images as opposed to decomposing the dynamics of the thermal data. Mozafari et
al. [131] use tensor decomposition to extract the respiration rate from thermal video
data. To the best of our knowledge there is no other method which decomposes tem-
perature dynamics obtained from thermal data for the purpose of extracting factors
which contribute to the overall thermal pattern.

This thesis investigates the use of dynamic thermal imaging for monitoring foot
health. Thermography is utilised to visualise and analyse temperature distribution
across the foot. Through an advanced image registration and segmentation frame-
work, the study successfully aligns and isolates the foot from the background, en-
abling precise analysis of thermal data through PCA.

In the next chapter, the work and results related to the registration algorithm are
presented together with a discussion of the results.
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Medical analysis frequently requires distinct images to be compared either for the as-
sessment of the success of medical procedures or the prognosis of certain diseases.
Images can be either from the same source, such as comparing before and after scans,
or from different sources, such as comparing T1 weighted and T2 weighted MRI im-
ages. Studies on populations and baseline definitions will also require various images
to be compared to a base image, known as the atlas image. The process of analysis in
these scenarios can be facilitated if corresponding physical structures in different im-
ages are aligned as opposed to analysing different images whose corresponding pixels
do not correspond to the same anatomical locations.

In image processing, the process of aligning images based on the presence of com-
mon structures is called image registration and is a well-known problem with many
different methods being proposed for different scenarios as seen in Section 2.2.1 above.

A specialised field of image registration is the registration of thermal data, partic-
ularly dynamic thermal data. In a medical scenario of dynamic thermal data acquisi-
tion, the human subjects are likely to move, even slightly, during the acquisition of the
thermal video. Therefore any particular pixel might not represent the same location
on the body throughout the video. This means that either the body region of interest
has to be aligned throughout the video via post-acquisition registration or the temper-
ature extraction process has to be movement invariant. The registration of dynamic
thermal data is complicated by the fact that features of interest are not only spatially
misaligned between the fixed and moving image but can also be of different intensity
and contrast. Thus, traditional registration techniques that are applied to the registra-
tion of RGB videos do not perform well on dynamic thermal data.

In this work, we adapt a method, SynthMorph [69], a deep learning registration

framework, to align video frames representing dynamic thermal data. The method
is applied to thermographic videos of the plantar aspect of human feet, an area of
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significance in the context of diabetes [23,41, 84]. The proposed approach is shown
to yield highly accurate registration results. The alignment of dynamic thermal data
significantly facilitates temperature analysis for specific ROIs and allows for improved

visualisation and analysis of results.

3.1 | Methods

The registration process presented here involves two steps. First, a rigid linear pre-
registration involving the removal of large linear deformations between frames, such
as translation and rotation, is carried out. Subsequently, an elastic registration proce-
dure that removes the smaller elastic deformations, is applied.

Since this work requires alignment of consecutive frames in a thermal video, where
frames exhibit similar intensity patterns, an intensity-based registration method is
chosen to handle the linear deformations. Feature-based registration is less suitable
in this context due to the challenge of extracting corresponding features in situations
where contrast between the foreground and background is inconsistent, and the fore-
ground object—such as a foot in this case—lacks distinctive physical features.

For handling elastic deformations, a deep learning-based approach was selected,
as such methods have consistently achieved state-of-the-art performance in elastic im-
age registration. The specific method used, SynthMorph, has demonstrated superior
results in medical image registration, particularly with MRI data, and was found to be
effectively transferable to dynamic thermal video data.

A two-step approach, linear registration followed by elastic registration, was adop-
ted to meet the requirements of the VoxelMorph network, which takes as input im-
ages that are linearly aligned but still contain elastic deformations. This approach also
aligns well with the characteristics of our data, which exhibit large linear deforma-
tions, particularly due to foot rotations in the image plane. These linear deformations
are relatively easier to correct. However, smaller, more challenging non-linear de-
formations arise when the foot rotates out of the image plane, causing perceptible
changes in its shape in the data. This effect is illustrated in Figure 3.1, which shows a

sample from our dataset.

3.1.1 | Rigid transformation

Let V,, where n € {0,..., N — 1}, be a thermal video with N frames. Consider two
consecutive frames, v; and v;,1, from the sequence, which are denoted by F and M
respectively. F denotes the fixed image which is transformed to align with the moving
image, M. Pixel coordinates in the images can be denoted by using a pair of values,
x = (x,y) [132]. If the difference between F and M consists of only a translation and
rotation in the plane of the image, the relationship between a pixel on the body region
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Figure 3.1: Sample data for the registration procedure reveals that misalignment be-
tween frames is caused by two primary factors: large linear deformations resulting
from in-plane foot rotations, and smaller non-linear deformations caused by out-of-
plane rotations, where the foot moves forward, altering its perceived shape in the
image.

of interest from frame F, and the pixel on the corresponding body region of interest in
frame M, denoted by xg and xy respectively, is [132]

XM = [R t] g 3.1)

where Xg is the augmented vector (xr,yr, DT, t = (t, t,) is the translation vector
where t, represents translation in the X-axis and t, represents translation in the Y-axis,
and R is the rotation matrix [132]

(3.2)

cosf —sinf
sinf cos®

The rotation matrix, R, becomes an identity I if the difference between F and M is
only a translation, where I is the (2 x 2) identity matrix [132]

10
I= [o 1] (3.3)

Equation (3.1) is known as the rigid transformation and the parameters of the
transformation matrix describe the mapping between two images in terms of rota-
tion and translation [132]. By estimating the parameters in Equation (3.1) between
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images F and M and then transforming image M using the transformation parame-
ters, M is aligned to F such that corresponding body regions of interest in the two
images occupy corresponding pixel coordinates.

The alignment of a moving image M to a fixed image F through an estimation of
the parameters in Equation (3.1) is done by using an iterative optimisation of a similar-
ity metric [132]. The similarity between F and M is computed with a metric of choice.
A transformation, which can be either based on prior knowledge or an initial guess, is
applied to M and the measure of similarity between F and M is re-computed. An op-
timisation algorithm is employed to iteratively update the transformation parameters
to minimise the difference between the fixed and moving image. The iteration con-
tinues until a convergence criterion is met. This criterion can be a predefined number
of iterations, a threshold on the improvement in the similarity metric, or the stability
of the transformation parameters. The transformation parameters are applied to the
fixed image in the iteration to align the moving image followed by an interpolation
method to estimate intensity values on the image grid, to have continuity in the im-

age.

The similarity metric, optimisation algorithm and interpolation method can be one
of a number of methods. Here we define the methods which are later used in our im-
plementation, namely: Mutual Information (MI) metric; gradient ascent optimisation,

and; nearest neighbour interpolation.

Mutual Information (MI) measures how much information one image provides
about another. Specifically, it quantifies the statistical dependency between pixel in-
tensities in the two images being aligned. When the images are well-aligned, the MI
is maximised, indicating that the intensity distributions of the images share the most
information. Each image is treated as a random variable where pixel intensity values
define the distribution. For the two images, M and F, MI examines how the intensi-
ties of M correspond with those of F. MI relies on the joint probability distribution
of intensity values from the two images. For each pixel in image M with intensity I
and a corresponding pixel in image F with intensity Ig the joint distribution P (I, If)
shows how often these intensities co-occur. The goal is to find the transformation that
maximises the MI between the two images, which means the two images are most
informative about each other and hence are best aligned.

The MI between the fixed image F and the moving image M is defined as:

I(M;F) = H(M) + H(F) — H(M, F) (3.4)

where H() is a function which computes the entropy of the image representing uncer-
tainty in its intensity values. H(M, F) represents the joint entropy of the two images,
representing the uncertainty of their combined intensity values. H(M,F) is defined
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as:

HME) = — Y. Y P(m, f)log:P(m, ) (3.5)

meM feF

where P (m, f) is the joint probability of intensity pairs m and f from the two images.
When the images are well aligned the joint entropy decreases and the MI increases.

The optimisation algorithm drives the direction in which updates to the transfor-
mation parameters are made after each iteration. Since Ml is higher with better trans-
formations, the metric needs to be maximised. Gradient ascent optimisation max-
imises a function by iteratively moving towards the direction of the steepest increase
in the value of the function.

Specifically let 6 = [R, t] from Equation 3.1 be the transformation parameters. At
each iteration, the parameters 0 are updated using the gradient ascent rule:

o) = 9t) L wVI(F,M,00") (3.6)

where 0(*) represents the current transformation parameters, « is the learning rate,
controlling the step size and, VI(F, M, 8()) is the gradient of MI with respect to the
transformation parameters at iteration .

After applying the transformation parameters to the fixed image in the current it-
eration to transform F to be better aligned with M, most transformed pixels will be off
the defined pixel locations, requiring interpolation at every grid point in the image.
To address this, we utilise simple nearest neighbour interpolation. Nearest neighbour
interpolation is a method used to estimate the value of a function at a given point by
selecting the value of the nearest known data point. Nearest neighbour is computa-
tionally inexpensive, as it only requires finding the closest pixel and copying its value,

with no need for complex calculations.

Next, the elastic deformations of the images need to be catered for. For this we
utilise SynthMorph, a training strategy for VoxelMorph, which is a neural network
that learns deformable registration parameters using the Spatial Transformer Network
architecture. We next introduce the core concepts of the Spatial Transformer Network,
VoxelMorph, and SynthMorph.

3.1.2 | Spatial transformer networks

A Spatial Transformer Network (STN) is an architecture of neural networks that allows
for the spatial manipulation and transformation of data within the network [133]. An
STN is a differentiable module and can thus be inserted into any convolutional archi-
tecture enabling the network to actively spatially transform feature maps, conditional
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Figure 3.2: Spatial transformer module architecture. The input feature map, U, is
passed to a localisation network which regresses the transformation parameters, 6.
The regular spatial grid, G over V, is transformed to the sampling grid, 7p(G), which
is applied to U, producing the warped output feature map, V.

on the feature map themselves, without any additional training or supervision [133].
The main purpose of an STN is is to allow neural networks to learn spatial trans-
formations such as scaling, translation, and rotation, in an end-to-end manner. This
capability makes them particularly useful in tasks that involve handling and process-
ing images, where the ability to align or transform the input data can significantly
improve performance, such as feature extraction and matching, object detection and
recognition and image segmentation [133].

The spatial transformer mechanism consists of three parts. A localisation network
takes a feature map as an input and through a series of hidden layers outputs the pa-
rameters of the spatial transformation that should be applied to the feature map. Then,
the grid generator takes the transformation parameters and creates a sampling grid, a
set of points where the input map should be sampled to produce the transformed out-
put. Finally, the sampler produces the output map which is sampled from the input
feature map at the grid points. The combination in series of these three components
forms a spatial transformer as seen in Figure 3.2 [133]. The spatial transformer, which
is a self-contained module, can be dropped into a network and performs explicit spa-
tial transformations of features. The STN is learned in an end-to-end fashion, without
making any changes to the loss function of the network that it is dropped in [133]. The
three STN components are explained in more detail in the next sections.

3.1.2.1 | Localisation network

The localisation network takes as input the feature map U € R"*W*C with height H,
width W and C channels and, outputs 0, the parameters of the transformation 7 to be
applied to the feature map via:

0 = floc (U) (3.7)
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where fj,() is the localisation network function [133]. The function can take any form,
such as a fully-connected network or a convolutional network, but should include a
final regression layer to produce the transformation parameters 0. The size of 6 can
vary depending on the transformation type that is parameterised, for example for a
rigid transformation as in Equation 3.1, 0 is 6-dimensional [133].

3.1.2.2 | Parameterised sampling grid

After determining the transformation parameters 6, the grid generator creates a sam-
pling grid, which tells the network how to sample pixels from the input. Essentially,
the grid generator defines where each output pixel should come from in the input
image. Hereunder, by pixel we mean an element of a generic feature map and not
necessarily an image. The output pixels are defined to lie on a regular grid G = {G;}
of pixels G; = (x!,y!), forming an output feature map V € R""*W'*C where H' and
W' are the height and width of the grid respectively and C is the number of channel,
which is the same in the input and output.

Assume for the time being that 7 is a 2-dimensional affine transformation, Ay, the
point-wise transformation can be defined by:

x$ x
L) =w(G) =4 |y
Yi 1

~ e

(3.8)
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where (x!,y!) are the target coordinates of the regular grid in the output feature map
and (x;,y;) are the source coordinates in the input feature map that define the sample
points. Coordinates are height and width normalised such that —1 < x7,y} < 1 when
within the spatial bounds of the input and, —1 < x!, ! < 1 when within the spatial
bounds of the output. The transformation can have any parameterised form, provided
that it is differentiable with respect to the parameters. This crucially allows gradients
to be back-propagated through from the sample points 13(G;) to the localisation net-
work output 6.

3.1.2.3 | Differentiable image sampling

The sampler takes the grid generated by the grid generator and uses it to interpolate
the input feature map, producing the transformed output. To perform a spatial trans-
formation of the input feature map, a sampler must take the set of sampling points
T9(G), along with the input feature map U and produce the sampled output feature
map V [133]. Each coordinate, (x7,5), in 79(G) defines the spatial location in the input
where a sampling kernel is applied to get the value at a particular pixel in the output
V. This can be defined as:
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V§ = ZZU —m; P )k(x; —m; ) Vie [1---HW]Vee[l---C]  (3.9)

where U, is the value at location (n,m) at channel c of the input, k() is a generic
sampling kernel which defines the image interpolation and ®, and ®, are its param-
eters and V¢ is the output value for pixel i at location (x!,y!) in channel c. It should
be noted that the sampling is done identically for each channel of the input such that,
every channel is transformed in an identical way.

In theory, any sampling kernel can be used as long as gradients can be defined
with respect to (x,y). For example, a nearest neighbour sampling kernel can be used
reducing Equation 3.9 to:

H W
= ZZUﬁmmax (0,1 — |xj —m|)max(0,1— |y; —n|) (3.10)

The combination of the localisation network, grid generator, and sampler creates a
spatial transformer, which is a modular component that can be seamlessly integrated
into a CNN architecture at any point and in any quantity, forming spatial transformer
networks. This module is computationally efficient and does not significantly slow
down training, often adding minimal overhead or even speeding up attentive models
through downsampling of the output of the transformer. Incorporating spatial trans-
formers into a CNN enables the network to learn how to actively adjust feature maps
to minimise the overall cost function during training. The learned transformations for
each sample are encoded in the weights of the localisation network during the train-
ing process. In some cases, passing the output of the localisation network, 6, forward
through the network can be beneficial, as it encodes the transformation or pose of a re-
gion or object. Spatial transformers can also down-sample or up-sample feature maps
by defining different output dimensions (H” and W’) from the input dimensions (H
and W), though using fixed, small sampling kernels like the bilinear kernel can intro-
duce aliasing when down-sampling. Multiple spatial transformers can be used in a
CNN, either at increasing network depths to handle more abstract representations or
in parallel to focus on different objects or regions within a feature map. However, a
limitation of this architecture in purely feed-forward networks is that the number of
parallel spatial transformers limits the number of objects the network can model.

VoxelMorph and SynthMorph are a pair of neural networks which learn deformable
registration parameters using STN architecture. This family of networks was chosen
because it represents the state-of-the-art method in elastic registration of medical im-
ages when measured on various datasets. The chosen networks also have the ability
to register images with varying contrasts, a feature of thermal data which has been
a challenge in the registration process of thermal image frames in a video due to the
changing temperature along time.
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3.1.3 | VoxelMorph and SynthMorph

Deformable or elastic registration is the registration between a pair of n-D image vol-
umes via a dense, non-linear correspondence [134]. VoxelMorph is one method that
utilises deep learning for the registration of 3D medical images [134]. Specifically, it
is designed for the registration of 3D MRI data but it can be easily adapted to other
modalities as well as 2D data. VoxelMorph learns a deformable, pairwise registration
and obtains state-of-the-art results while operating orders of magnitude faster than
similar models, such as ANTs [135] and NiftyReg [134]. The speed of VoxelMorph
comes from the fact that the network does not require an optimisation on each image
test pair.

VoxelMorph learns a parameterised registration function from a collection of vol-
umes using a convolutional neural network (CNN), that takes as input the image pair
consisting of a fixed reference image and a moving image, and outputs a mapping of
each pixel from one image to another [134].

Specifically, let F and M be the fixed and moving images, respectively. Thermal
images are effectively single-channel grayscale data, which aids in simplifying their
representation as F and M and the network architecture. Assume that F and M are
affinely aligned as a pre-processing step, such that the remaining sources of misalign-
ment between the image pair are primarily nonlinear [134]. VoxelMorph is a deep-
learning-based method for image registration that parameterises the transformation
model using a neural network. In VoxelMorph, a function gy(F,M) = ¢ is modeled
using a CNN, where ¢ is a registration field defined as a vector representing the map-
ping of each pixel and 6 are learnable parameters of g. For each pixel x, ¢(x) is a
location such that F(x) and M(¢(x)) define identical anatomical locations [134]. The
network takes F and M as inputs and computes ¢ using a set of parameters 6. A spa-
tial transformer function [133], as defined in the previous section, is used to warp M to
M(¢) which enables the evaluation of the similarity between M(¢) and F [134]. Single-
element stochastic gradient descent is used to find the optimal values of parameters ¢
by minimising an expected loss function using a training dataset [134].

The parameterisation of gy (-, -) is based on a CNN which consists of encoder and
decoder sections with skip connections, similar to UNet [106], as depicted in Figure
3.3.

VoxelMorph may use one of two loss functions: an unsupervised loss, that evalu-
ates the model using only the input images and the generated registration fields, and
an auxiliary loss that leverages information in anatomical segmentations at training
time [134]. For the purpose of this work, only the unsupervised loss will be discussed,
since anatomical segmentations are not available and cannot be reliably extracted from
our data.

The unsupervised loss, L(-, -, -) consists of two components and can be expressed
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Figure 3.3: Convolutional UNet architecture which implements gg(F, M) Each rectan-
gle represents a 3D volume, generated from the preceding volume using a 3D convo-
lutional network layer. The depth of the convolution layer is shown inside each block.
The spatial resolution of each volume with respect to the input volume is shown un-
derneath. Arrows represent skip connections.

as

[’(Fr M, 4)) = 'Csim(FrM((P)) + )\Esmooth(qb) (3.11)

where M(¢) is the warped image of M, function Ly (-, -) measures image similarity
between M(¢) and F, L0011, (-) imposes regularisation on ¢, A is the regularisation
parameter, and ¢ is a displacement vector field, specifying the vector offset from F to
M for each pixel.

For L, the local cross-correlation of F and M o ¢, the warped image M, is utilised,
due to its robustness to intensity variations found across different images, which is a
feature of our data [134]. Specifically, let F(P) and [M o ¢](P) denote images with local
mean intensities:

E(P) = =) F(P) (3.12)

where P; iterates over an n® volume around a voxel P, where 7 is set to 9 in our ex-
periments. M(¢) is obtained in the same way as defined by Equation 3.12. The local
cross-correlation of F and M o ¢ is written as:

(T (F(R) — B(P) (Mo g](P) — [Mo¢](P)))?
CCEMe )= ) (5 (F(P) — ()7 (T (Mo 9)(P,) — Mo 9](B)))

where CC() represents the cross-correlation function. A higher CC indicates a better
alignment of the two images, yielding the loss L;,,(F,M,¢) = —CC(F,Mo ¢).
Minimising L, will encourage M o ¢ to approximate F but may generate a non-

(3.13)

smooth ¢ that is not physically realistic. Thus a smoothing loss, L0, is utilised.
Lsmootn is a diffusion regulariser on the spatial gradients of displacement u
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Esmooth(cp) = Z ||Vu(P)||2 (3.14)

Pe)
and approximate spatial gradients using differences between neighbouring voxels
[134].

The costly optimisation of classical registration methods for each image pair is re-
placed by a global function optimisation during a single training phase. Registration
between a new test image pair is achieved by evaluating the learned function on the

given image pair, resulting in rapid registration [134].

The drawback of utilising VoxelMorph is that it requires a substantial dataset for
training that consists of test image pairs and the transformation function that is re-
quired to align them. Such a large amount of data was not available to us, as there
are no datasets for similar applications which are available for use. Collecting such
data is also difficult, as a vast amount is required. We therefore opted for using Syn-
thMorph, a strategy for learning deformable image registration that utilises the Vox-
elMorph network architecture [69]. SynthMorph does not require any pre-existing
image data but utilises synthesised data that simulate deformations to train the Voxel-
Morph network [69]. The SynthMorph strategy produces networks that are agnostic to
contrast differences introduced by images acquired using different modalities or from
different subjects since the synthesised data on which it is trained has contrast dif-
ferences whose magnitude far exceeds those expected in real data [69]. SynthMorph
enables the registration of real images whose contrasts vary, whilst learning only from
synthetically generated data whose contrast far exceeds the range in realistic medi-
cal images [69]. Figure 3.4 shows the unsupervised learning strategy that is used for
contrast-agnostic registration. SynthMorph creates two label maps which are used to
generate intensity images whereby each label defines an intensity distribution, and
trains a deformation network, hy, to register the label maps (rather than the intensity
images themselves), thus making the method robust to the region intensities.

Specifically, paired label maps, {s;,sf}, are generated using a function gs(z) =
{sm,s f} given random seed z [69]. Next, another function, g;(su,sf, Z) = {m, f}, gen-
erates two intensity images based on the maps {s;;, sy} and random seed z [69]. These
two synthesised intensity images are then used as input to a modality agnostic CNN,
which is defined using the VoxelMorph architecture as described above [69]. The inter-
ested reader is referred to [69] for a detailed explanation of the synthesisation process
of training data.

During the training process, hyperparameters are chosen based on visual inspec-
tion of results to yield shapes and contrasts between images that far exceed the ex-
pected range in medical images. This forces the network to learn generalisable fea-
tures that are independent of contrast [69].
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Figure 3.4: Unsupervised learning strategy for contrast-agnostic image registration
where the modality agnostic CNN is the VoxelMorph network defined above.

The methods described above have been implemented and tested on data acquired
for the purpose of this work. A description of the methodology used for the experi-

mental implementation follows.

3.1.4 | Data acquisition

For the purpose of this study, dynamic thermal data were collected from the plantar
surfaces of human feet. Nine healthy adult participants, comprising five males and
four females, provided informed consent to take part in the study, which received ap-
proval from the University of Malta Research Ethics Committee. A copy of the signed
consent form is included in Appendix 7. The mean age of the participants was 26.3
+4.8 years. In accordance with standard medical imaging protocols [65], participants
were instructed to avoid exercise for up to six hours prior to the recording session and
to refrain from consuming large meals or excessive warm beverages beforehand.
During data acquisition, participants removed their shoes and were seated in a
semi-Fowler’s position on a couch, with both feet positioned perpendicular to the
thermal camera and within its field of view. They were asked to minimise movement
of their legs and feet throughout the one-hour thermal video recording session.
Thermal videos were recorded using a FLIR SC7200 camera, which features a de-
tector resolution of 320 x 256 pixels and a temperature resolution of 20 mK with an
accuracy of =1 K. The ambient temperature in the examination room was maintained
at a constant 24°C +0.5°C for at least one hour prior to and during data acquisition.
Thermal frames were captured at a rate of one frame per minute. To provide a uniform
and stable background, a thermally neutral cloth was used behind the feet, reducing
background clutter and ensuring consistency throughout the video sequence. Figure
3.5 presents sample data from an actual participant, illustrating both foot movement

across frames and the evolving thermal patterns over time.
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Figure 3.5: Sample of the data acquired for the purpose of this study showing the
frames at the beginning of acquisition and at 15 minute intervals from there-after.

3.1.5 | Pre-processing

Each foot in the thermal video was analysed individually. Every frame in each se-
quence was min-max normalised to the range [0, 1] by using
F — Fumin

Fnorm = —FMax — Fain (3.15)
where Fyo is the normalised frame, F is the original frame with temperature values
as pixels, and Fg,y and Fyy, are the maximum and minimum values in F respectively.
This normalisation is a requirement of the SynthMorph and VoxelMorph architectures
and is reversed after the registration process is complete.

3.1.6 | Thermal video registration

Consider a dynamic thermal sequence with N frames, V};, which captures the plantar
aspect of a human foot. Since the foot is not static, it does not occupy the same spa-
tial locations throughout the entire video. In medical imaging, the initial position of
the body region of interest is typically the preferred one since, the subjects are placed
in this preferred position prior to the start of the data collection and in time they are
prone to move away from this ideal position, thus necessitating registration of the se-
quence of images. Therefore, the reference image, Fy, is chosen to be the first frame
in the sequence, with all other frames having to be aligned to this reference frame. The
differences between subsequent frames in the thermal sequence of a body region are
expected to be rotations and translations of the body region, resulting in both linear
and non-linear deformations as can be seen in Figure 3.5. The thermal videos ac-
quired for this work represent a particular challenge for registration. Since the videos
contain both feet, in the foreground, whose temperature is expected to vary with time,
and the background, whose temperature is expected to remain stable throughout the
video, the foreground-background contrast is expected to change during the course
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of the video. Thus a contrast-agnostic registration framework, SynthMorph, was se-
lected for the registration of our thermal data. However, SynthMorph requires the
input images to be linearly aligned prior to registration. Thus the additional step of

rigid registration to align the linear deformations was taken.

An iterative process is used to remove the linear deformations. The process starts
by aligning the second frame in the sequence to F,.; by using a rigid transformation
as described in Section 3.1.1. The transformation matrix that achieves the desired reg-
istration is extracted and saved. Next, the moving image in the registration process
is selected to be the next frame in the sequence, in this case, the third frame, and the
fixed image is selected to be the previous, unregistered, moving image, in this case, the
second frame. Once again the transformation matrix that achieves the desired regis-
tration is extracted and saved. The transformation matrix of the latest transformation
is multiplied to the product of all previous transformation matrices and the resulting
transformation matrix is used to align the current moving image to F,r. This process
is repeated N — 1 times such that all frames are aligned to F,s. This approach was
preferred over the alternative, that of registering each frame to the first frame, because
from experimenting with the dataset it resulted that for some subjects the changes be-
tween the first frames and the latter frames in the sequence was sometimes too big,
resulting in errors in the registration.

The rigid transformation was implemented using the ANTsPY toolbox [136] that
implements the ANTs [137] toolbox, a state-of-the-art medical image registration and
segmentation toolkit, in Python. As a similarity metric, mutual information (MI) is
used with gradient ascent optimisation and the transformation is applied to the im-
ages using nearest neighbor interpolation. For each image pair, the optimisation stops
at the fifth iteration, as test results have concluded that more iterations offer a negligi-

ble improvement in the registration.

Following the linear pre-registration, the deformable registration process is ap-
plied, such that the fine details of the feet are aligned throughout the video frames.
For this purpose, the SynthMorph registration strategy [69], as described in Section
3.1.3 is utilised. Thus, aligning frames from different parts of the video to each other
requires the alignment of images with different contrasts.

SynthMorph network weights were downloaded from this link!. These weights
were trained on random shapes with varying contrasts on synthetic images and could
thus be used directly without the need for training from scratch. The parameters and
methods used to obtain these model weights are described in detail in [69]. The lin-
early aligned thermal video frames are fed one by one to the pre-trained SynthMorph
network and all frames are individually aligned to F.s. The SynthMorph network

https:/ /nmr.mgh.harvard.edu/ mu40/synthmorph/
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outputs the aligned video frames and the displacement field related to each frame

pair.

3.1.7 | Post-processing

After the registration process is complete, the resulting sequence has frames that are
min-max normalised. In order to recover the temperature values in the registered

frames, Equation (3.15) is reversed and applied to each frame. This leads to

Freg = (FNorm % (FMax — Fatin)) + Fuin (3.16)

where Fy, is the registered frame, scaled back to the original temperature values,
Fnorm is the normalised and registered frame, and Fy,, and Fyy, are the maximum

and minimum values in the original frame used in Equation (3.15).

3.1.8 | Testing methodology

To analyse the results obtained from the registration algorithms, a visual inspection of
the registered thermal sequences, side-by-side with the original sequence and overlaid
with a grid, was done. Such an inspection gives a good indication of the performance
of the algorithms and can give insight as to which scenarios prove to be difficult for
registration. The registered thermal sequences were classified as being the results of
a correct registration or not. A correct registration was one which results in a thermal
sequence in which any region of the frame contained the same anatomical location
throughout the thermal video. That is, anatomical locations, such as the toes, occupied
the same pixels in all frames of the thermal sequence. The resulting registered thermal
sequence was placed side-by-side with the corresponding original thermal sequence
and saved in form of a video. A rater, with experience in thermal imagingm, played
the video frame-by-frame. The rater, with the help of the grid, determined whether
the foot occupied the same pixel locations and whether the structure and ratio of the
foot were maintained.

Another test was devised in which the difference over time of the position of points
placed manually on salient points of the foot was computed to quantify the amount
of remaining movement of the foot after the registration process.

Five points were selected on salient points of the foot, as shown in Figure 3.6. The
points were selected on the edges at the base between the hallux and the second toe,
the edges at the top between the second and third toes, third and fourth toes, and,
fourth and fifth toes, and the center of the arc at the edge of the heel. These five
points were selected on the first frame of the registered sequence and at each frame
at 15-minute intervals until the last frame. The total cumulative position difference

for each point across all frames is then computed as a measure of how much these
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Figure 3.6: The five points selected on the foot for carrying out the second test.

salient points move throughout the registered thermal video. In an ideal scenario, the
distance between corresponding points is zero, since an anatomical point should oc-
cupy the same pixel coordinates throughout the registered video. As a comparison,
the process was carried out on the unregistered video sequences, as well as the regis-
tered ones, and, the before- and after-registration results are compared.

During the thermal sequence, any displacement of the foot can be considered an
error, as ideally it should remain perfectly aligned throughout the entire sequence, re-
sulting in a displacement of 0. This error has two components: the human labeling
error, which is the error resulting from repeatedly, manually locating a point of inter-
est, and the registration error, which is the error resulting from the methods described
in this work.

Thus, a final test was devised to quantify the mean human labeling error. Fifteen
frames were selected at random from the whole dataset and divided into groups of
five. Three raters were given five frames each and were asked to demarcate a point,
selected at random from the five points shown in Figure 3.6, on each frame. The de-
marcation process was repeated three times, such that each rater demarcates the same
random point on the same frame, three times. The mean displacement between the
three points on each frame for the three raters was then computed.

3.2 | Results

The result of the registration process on a sample thermal sequence is shown in Figure
3.7. The original, unregistered thermal sequence (top row) shows signs of movement
of the foot throughout the sequence, mainly as a rotation in the plane of the image. The
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Figure 3.7: Results of the registration process. The top row shows the original, un-
registered thermal sequence with the evident movement of the foot as the sequence
progresses. The bottom row shows the same thermal sequence, registered using the
rigid registration and SynthMorph network described in this work. By comparing the
top images to the bottom images it is evident that the movement of the foot has been
rectified by the registration algorithms.

registered sequence can be seen in the bottom row of the same figure. It is clear from
this figure that the movement of the foot throughout the video has been corrected, and
that the resulting sequence contains pixels that correspond to the same anatomical lo-
cation throughout.

On a test dataset of 18 thermal sequences of human feet, 16 sequences were judged
to have been registered correctly as there was no perceptible movement of the foot
region, one sequence had a misalighment in the registration of the toes and in one
sequence the overall structure and ratio of the foot were not maintained. This means
that using the visual inspection test a success rate in registering thermal sequences of
88.8% was achieved.

Table 3.1 gives the results achieved from the five-point test. The mean displace-
ment before the registration process was 22.56 pixels (4-7.94) whilst the displacement
after the registration was 6.43 pixels (£2.99), a reduction of 71.5%.

For the second test, the mean displacement between the three points on each frame
for the three raters was computed to be 0.79 pixels (+0.44). This means that effectively
around 8% of the remaining displacement after registration is due to human error.
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Table 3.1: Test results. Each row represents the result from one particular thermal se-
quence. The first column represents the mean distance moved by the five points for
each thermal sequence before the registration process. The second column represents
the mean distance of the five points for the thermal sequences resulting from the reg-
istration process.

Participant Participant
Mean Mean
Sequence . .
number D1sp1a.ce.ment - Dlspla.cement -
Original Registered
(pixels) (pixels)
Foot 1 11.76 3.48
Foot 2 15.27 4.86
Foot 3 28.78 7.14
Foot 4 32.01 4.62
Foot 5 7.31 427
Foot 6 11.22 5.11
Foot 7 25.74 12.91
Foot 8 30.19 13.65
Foot 9 21.90 2.93
Foot 10 35.64 5.13
Foot 11 19.11 5.89
Foot 12 19.43 4.86
Foot 13 22.79 5.85
Foot 14 28.79 11.63
Foot 15 25.92 6.30
Foot 16 24.44 5.62
Foot 17 13.94 5.24
Foot 18 31.86 6.17
Mean (STD) | 22.56 (7.94) | 6.43 (£2.99)

These results are discussed in more detail in the next section.

3.3 | Discussion

Visual inspection of the registration results revealed that two sequences of the 18 were
not satisfactorily registered. Both sequences exhibited the same issue: the toes in the
images had similar intensity to each other and to the background. This made it chal-
lenging to distinguish the toes from the background and from each other, even visu-
ally. As a result of this overlapping intensity, the VoxelMorph network struggled to
compute accurate transformation parameters, leading to incorrect warping of the toes

as seen in Figure 3.8.
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Figure 3.8: Errors in the registration process led to the toes becoming warped and
misaligned in the final registration in two cases from the dataset of 18 videos.

It is worth noting that in both cases the majority, around 80%, of the sequence was
registered correctly and thus the need for manual intervention to fix the registration
issues was minimal.

The thermal neutral background used during the acquisition of the data also has
other implications for the registration algorithm. The thermal-neutral background
does not have a varying intensity throughout the thermal sequence, while the foot
does vary due to the temperature change arising from acclimatisation to the room
temperature. This leads to a varying background-foreground contrast throughout the
video and hinders the accuracy of the registration when using classical registration
techniques. SynthMorph, and its architecture VoxelMorph, were designed such that
MRI images and sequences with varying contrasts could be registered. The problem of
registering dynamic thermal sequence with varying background-foreground contrast
is similar to the problem of registering MRI data captured with different contrasts and
thus why SynthMorph was selected as the registration method of choice. From the
results obtained in the previous section, it is clear that the registration of dynamic
thermal videos benefits from the application of the SynthMorph network as accurate

results are obtained.

The work and results on the registration algorithm have been accepted for publication
at the Quantitative InfraRed Thermography Journal.
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Segmentation

The image registration pipeline outlined in the previous chapter successfully aligns
data such that each pixel corresponds to the same anatomical location of the foot across
the videos. This alignment ensures that pixel-wise comparisons are anatomically con-
sistent. However, the thermal data contains not only the foot but also the background
of the video. To proceed with any meaningful analysis, it is crucial to differentiate
between the foreground, the foot, and the background. Without this distinction, any
subsequent thermal analysis risks being confounded by irrelevant data that does not
pertain to the foot itself.

Before analysing the temperature dynamics of the foot, an essential step is to seg-
ment the foot from the background. This segmentation process identifies which pixels
correspond to the foot and which belong to the background. By isolating the foot,
further analysis can focus solely on the relevant anatomical region, ensuring that tem-
perature readings and trends are derived from the actual subject of interest.

Beyond simple foreground segmentation, it is often advantageous to further sub-
divide the foot into key anatomical regions, such as the toes, arch, and heel.

In this study we suggest the use of Segment-Anything Model (SAM) [97], a state-
of-the-art model designed for general-purpose image segmentation. SAM is designed
to handle a wide variety of image segmentation tasks without needing task-specific
tuning. It can generalise across different objects, contexts, and image domains. The
model can segment objects based on text prompts, clicks, or bounding boxes provided
by a user, making it a highly flexible tool for interactive segmentation.

We develop prompts which can be used to segment the registered thermal video
data of the feet and assess how well SAM is able to perform the task at hand.
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Figure 4.1: The architecture of the Segment Anything Model utilised for the scope of
segmenting the registered dynamic thermal data.

4.1 | Segment Anything Model

Segment-Anything Model (SAM) has three components: an image encoder; a flexible
prompt encoder, and; a fast mask decoder as shown in Figure 4.1.

4.1.1 | SAM - Image encoder

The image encoder can be any network that outputs a C x H x W image embedding,
where C is the number of channels of the input image and, H and W are the height and
width respectively. Due to a strong pre-training, the authors of SAM use a Masked
auto-encoder (MAE) [138] pre-trained Vision Transformer (ViT) [139] with minimal
adaptations to process high resolution inputs. That is the same approach that we use
in this work.

4.1.1.1 | Vision transformer model

The Vision Transformer (ViT) model is a deep learning architecture for image recog-
nition. Inspired by the success of transformer models in natural language process-
ing (NLP) (like BERT [140] and GPT [141]), ViT applies transformers to computer vi-
sion tasks, such as image classification, challenging the conventional reliance on the
convolutional neural network (CNN) for this domain. Instead of processing the en-
tire image as a single entity, ViT divides the input image into a grid of smaller, non-
overlapping patches, often 16 x 16 pixels in size, but 14 x 14 in this work. Each patch
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is then flattened into a vector. This approach lets the transformer model work with a
sequence of fixed-sized inputs, similar to word embeddings in NLP.

The standard transformer receives as input a one-dimensional sequence of token
embeddings. To handle the two-dimensional input image X € R7*W*C it s reshaped
into a sequence of flattened two-dimensional patches:

x, € RN*(FC) 4.1)

where (H, W) is the resolution of the input image, C is the number of color channels,
i
patches, which also serves as the effective input sequence length for the Transformer.

(P, P) is the resolution of each image patch, and N = is the resulting number of

The Transformer maintains a constant latent vector size D across all its layers, so
the image patches are flattened and mapped to D dimensions using a trainable linear
projection. The output from this projection is called the patch embeddings and can be

defined as z as:

zZ0 = [xdass; x;E; x%}E; R x;\]E] + EPOSr Ec R(PZ-C)XD, Epos c R(N+1)><D (42)

where 28 = Xuss 1S @ learnable token similar to BERT’s [class] token, whose state at
the output of the Transformer encoder z! serves as the image representation y, where
y = LN(z?) and LN() is a Layernorm function which is applied before every block in
the network, and; E pos are one-dimensional position encoding used to retain positional
information.

In both pre-training and fine-tuning, a classification head is attached to Z!. Dur-
ing pre-training, this classification head is a multilayer perceptron (MLP) with one
hidden layer, whereas in fine-tuning, it consists of a single linear layer. The resulting
sequence of embedding vectors serves as input to the encoder. The resulting sequence
of embedding vectors serves as input to the encoder.

The Transformer encoder consists of alternating layers of multi-headed self-attention
(MSA) and MLP blocks. Layernorm is applied before every block, and residual con-
nections after every block. The MLP contains two layers with a Gaussian Error Linear
Unit (GELU) non-linearity.

4.1.1.2 | Masked auto-encoder

Masked auto-encoder (MAE) training is a self-supervised learning technique used pri-
marily for training vision transformers. The goal is to reconstruct missing parts of an
input image given only partial information, which forces the model to learn meaning-
ful representations without the need for labelled data.

During training, random patches from the input image are masked out. For in-
stance, up to 75% of the image patches may be masked out. This means that only a
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small subset of the patches, usually around 25% is available to the model, creating a
context where the model must infer the missing information.

The unmasked patches are fed into a ViT encoder as defined in the previous sec-
tion. The encoder learns to represent the available patches while trying to capture
enough context to reconstruct the missing ones. Since fewer patches are processed,
training becomes more efficient than if the entire image were used.

Alightweight transformer-based decoder takes the encoder’s output and the masked
positions as input. Its role is to reconstruct the masked patches, producing a com-
pleted version of the image. The model is trained to minimise the difference between
the reconstructed and the original unmasked patches, focusing on learning effective
representations for the masked areas. By forcing the model to fill in missing informa-
tion, MAE training enables the ViT to learn high-level semantic features that are not
reliant on labelled data. This can lead to better generalisation and robustness across
tasks.

SAM utilises an MAE pre-trained ViT with 14x14 windowed attention and four equally-
spaced global attention blocks. The image encoder’s output is a 16 x downscaled em-
bedding of the input image. Since goal of SAM is to process each prompt in real-time,
a high number of image encoder floating-point operations per second (FLOPs) can be
afforded because they are computed only once per image, not per prompt. SAM uses
an input resolution of 1024 x 1024 obtained by rescaling the image and padding the
shorter side. The image embedding is therefore 64 x 64. To reduce the channel dimen-
sion, a 1 x 1 convolution is used to get to 256 channels, followed by a 3 x 3 convolution
also with 256 channels. Each convolution is followed by a layer normalisation.

4.1.2 | SAM - Prompt encoder

SAM can be prompted with two sets of prompts: sparse, example points, boxes or
text, and; dense masks. In this work, the text and mask prompts were not utilised and
thus we focus on the points and boxes prompts.

Points and boxes prompts are represented by positional encodings and then mapped
to by 256-dimensional vectorial learned embeddings. A point is represented as the
sum of a positional encoding of the point’s location and one of two learned embed-
dings that indicate if the point is either in the foreground or background. A box is
represented by an embedding pair consisting of: the positional encoding of its top-left
corner summed with a learned embedding representing “top-left corner”, and; the

same structure but using a learned embedding indicating “bottom-right corner”.
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4.1.3 | SAM - Mask decoder

The mask decoder efficiently the image embedding and a set of prompt embeddings
to an output mask. The standard Transformer decoder [142] is modified to combine
the two inputs, image and prompt embeddings, and output a mask with the segmen-
tation. Before the mask decoder a learned output token embedding is inserted into
the set of prompt embeddings. This token will be used at the output of the decoder.
For simplicity, the prompt and output token embeddings together are referred to as
tokens. Each layer of the mask decoder performs 4 steps:

1. self-attention on the tokens;
2. cross-attention from tokens to the image embedding;
3. apoint-wise MLP to update each token, and;

4. cross-attention from the image embedding to the tokens which updates the im-
age embedding with prompt information

During the cross-attention step, the image embedding is treated as a set of 642 256-
dimensional vectors. Each self/cross-attention and MLP has a residual connection,
layer normalisation, and a dropout of 0.1 at training. The next decoder layer takes the
updated tokens and the updated image embedding from the previous layer as input.
SAM utilises a two-layer decoder.

To provide the decoder with essential geometric information, positional encodings
are added to the image embeddings whenever they are involved in an attention layer.
Furthermore, the complete set of original prompt tokens, including their positional
encodings, are reintroduced to the updated tokens each time they participate in an
attention layer. This ensures a strong reliance on both the geometric location and type
of the prompt tokens.

After passing through the decoder, the updated image embedding is upsampled
by 4 x using two transposed convolutional layers. At this stage, the image embedding
is downscaled by 4 x relative to the input image. The tokens then attend to the image
embedding once more. The updated output token embedding is subsequently fed
into a small 3-layer MLP, producing a vector that matches the channel dimension of
the upscaled image embedding. Finally, a mask is predicted by applying a spatially
point-wise product between the upscaled image embedding and the MLP’s output.

The transformer operates with an embedding dimension of 256. Its MLP blocks
have a large internal dimension of 2048, though the MLP is applied solely to the
prompt tokens, which are relatively few in number. However, in cross-attention layers
that involve a 64 x 64 image embedding, the channel dimension of the queries, keys,
and values are halved to 128 to improve computational efficiency.

All attention layers use eight heads. The transposed convolutions used to upscale
the output image embedding are 2 x 2, stride 2 with output channel dimensions of 64
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and 32 and have GELU activations. They are separated by layer normalisation.

4.2 | Methodology

SAM as explained in the previous sections was used to segment the dynamic thermal
image sequences. Since the sequences were already registered, it was only required
for the first frame to be segmented and, the rest of the sequence could be segmented
using the same mask.

The segmentation process requires a manual input, to select a box roughly around
the foot in the image. When the segmentation results need to be refined further a point
can be added on the region to be added or removed from the segmentation mask.

Since SAM requires colour images (not grayscale with one channel) the first frame
of each sequence was colourised by applying a colour palette to it and was then fed
to the network. The code ! for the network handles the user interface which accepts
prompts from the user, in forms of a box or points and overlays the resulting mask
on the input image. The mask is then made available to the user in form of a binary
image for each of the resulting regions (background and foot in our experiments).

The same data from the nine participants which was used for the registration process
in Chapter 3 was used for the segmentation method experiments and the left and right
feet were analysed individually, resulting in 18 input sequences to be segmented.

Results were visually inspected for alignment of the mask with the foot bound-
aries. A satisfactory segmentation was one in which the segmentation mask over-
lapped all of the foot stopping at the foot boundaries and not overlapping with the
background.

In the next section, the results for the segmentation algorithm are provided and a
discussion of the results ensues.

4.3 | Results

A sample of the registration results is shown in Figure 2 while, the full results are pre-
sented in Appendix 7

From 18 dynamic thermal sequences which were segmented using the method pre-
sented above, all of the sequences were satisfactorily segmented, with three of the se-
quences requiring a further refinement by way of a point prompt after the box prompt
was inputted (See Figure 2(d)).

IThe code for the network, user interface and, the pre-trained weights is freely available at
https://github.com/facebookresearch/segment-anything
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(@) Input image (b) Prompt and segmentation mask

(c) Input image (d) Prompt and segmentation mask

Figure 4.2: A sample of the results from the segmentation algorithm showing the input
images on the left and the input prompts and output segmentation mask overlayed
on the input image on the right.
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(\

(a) Input image (d) Inaccurate prompt and accurate
segmentation mask

Figure 4.3: The bounding-box-like box promt does not need to be very accurate as the
model is resilient to some errors in its placement.

4.4 | Discussion

The Segment-Anything Model (SAM) operates in real-time, needing only a few sec-
onds to generate the input image embeddings. Following this, users can interact with
the model using prompts. In this work, box and point prompts were utilised: box
prompts to define an approximate bounding box around the foot and point prompts
to refine the segmentation mask when needed. As prompts are inputted, SAM out-
puts the segmentation mask instantly, providing real-time feedback.

User interaction with the model is straightforward and minimal, reducing the need
for expert involvement in segmentation tasks. The user defined box prompt does not
have to be placed very accurately but a rough bounding-box-like prompt suffices. In
a particular case, the bounding box was drawn within the limits of the food bound-
aries, with the model still being able to accurately segment the foot from the image, as
shown in Figure 4.3.

Given the high efficiency of the model, the results are very promising, with all 18
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(@) Input image with slight back- (d) Prompt and accurate segmentation
ground noise mask

Figure 4.4: The segmentation model is resilient to slight background noise, such as
that seen in this figure, with the segmentation mask still being extracted accurately.

frames segmented successfully and to a high standard. The model can also be inte-
grated in the image processing pipeline of any application with relative ease.

The model is also resilient to some background noise as shown in Figure 4.4. As
a further experiment an additional thermal sequence was captured without the back-
ground, thermal-neutral cloth which is present in the other images and its first frame
was fed to the SAM network. The results from this segmentation are as accurate as the
previous ones as can be seen in Figure 4.5.
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(@) Input image without background (d) Prompt and accurate segmentation
cloth and prominent background mask
noise

Figure 4.5: The segmentation model is also resilient to full background noise, such as
that seen in this figure, with the segmentation mask still being extracted accurately.
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Skin surface temperature in humans is affected by a multitude of factors, including
physical, intake and, environmental factors. When the skin surface temperature is
captured using a thermal camera, one also has to consider the technical factors which
affect the readings being obtained [41].

Physical factors which play a role in the overall skin surface temperature are the
basic characteristics of the subject and are primarily related to biological and anatom-
ical parameters such as: gender, age, height, weight, hair density and metabolic rate
among others [41]. Thus, it is necessary that when obtaining skin surface temperature
data these parameters are reported for every subject and that when obtaining data
from a number of individuals that the subjects are grouped based on some of these
parameters.

Intake factors are factors that affect individuals for a limited period of time and
are extrinsic to the physical features of the individual. Some of these intake factors are:
drug and food intake factors; applications factors of ointments and cosmetics; water
intake; exposure to sunlight; therapies and physical activity [41]. It is important that
prior to the acquisition of skin surface temperature these factors are limited as much
as possible, for example by suggesting that no physical activity is undertaken for 6
hours prior to the acquisition.

Environmental factors which may affect the temperature at the skin surface are
related to the place where the reading is being performed. Some example of these
type of factors are: room size and its ambient temperature; relative humidity; atmo-
spheric pressure and background radiation [41]. As already described in Chapter 2,
Section 2.1.4 considerable effort has been made to standardise the acquisition proto-
col of medical thermal data to be able to obtain reliable readings in which the impact
of environmental factors are minimised. Some technical factors that affect the pre-
cision and accuracy of the thermal data are; the validity and reliability of the data;
the distance of the subject from the lens; the angle of subject to the thermal camera;
resolution of the equipment and the interference of background radiation among oth-
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ers [41]. Most of the environmental factors can be catered for in the computation of the
temperature values, in degrees Celsius for example, from the intensity of the infrared
radiation received by the thermal camera.

Therefore, when analysing temperature values from thermal data, it is essential to ac-
count for all relevant factors while recognising that the spatial and temporal thermal
patterns observed on the skin are the result of a complex interplay of physiological, en-
vironmental, and individual influences [42]. In dynamic thermal data, these consider-
ations remain critical, and the process of temperature extraction is further complicated
by the overlapping effects of these factors. Additionally, the impact of a physiologi-
cal process of interest on skin temperature may be relatively small compared to other
influences [84], [143]. Consequently, careful interpretation of thermal video data is
necessary to draw accurate and meaningful conclusions.

In this study, we propose the application of principal component analysis (PCA) to de-
compose dynamic thermal data. A data-driven principal component analysis (PCA)-
based method for analysing such recordings is presented. This approach separates the
dynamic thermal data into multiple uncorrelated spatio-temporal components, each
potentially associated with distinct sources of thermal variation. By isolating these
components, it becomes possible to examine their spatial distributions and temporal
dynamics individually. PCA thus provides an effective framework for disentangling
the effects of independent factors influencing skin temperature. Current literature
does not typically consider methods for exploring the contributions of different under-
lying factors to surface skin temperature. We suggest that analysing the decorrelated
components of temperature changes can yield deeper insights into the factors driving
spatial and temporal thermal variations. The proposed method demonstrates the abil-
ity to differentiate between diverse sources of dynamic thermal variation—including
environmental and physiological influences—enabling independent analysis of each

source.

First, the proposed PCA method is applied to the original, unregistered, and unseg-
mented dynamic thermal data to demonstrate the approach and expected outcomes.
However, due to the lack of registration and segmentation, it is challenging to extract
PCA components for the entire foot. This difficulty arises from subject movement,
necessitating the computation of the proposed method on manually selected ROIs.

Next, the method is applied to registered but unsegmented thermal sequences.
This step highlights that even the background, covered in this work with a thermally
neutral cloth, can provide valuable insights into the observed foot dynamics.

Finally, and most significantly, PCA components are extracted from fully regis-
tered and segmented thermal sequences. This demonstrates the results of the complete
registration-segmentation-decomposition framework presented in this dissertation.
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5.1 | Principal component analysis of dynamic ther-
mal data

Based on observations from a set of variables, PCA performs an orthogonal transfor-
mation that converts the original, potentially correlated variables into a new set of
uncorrelated variables, known as principal components [119]. These components are
arranged so that the first principal component accounts for the greatest portion of vari-
ance in the data, with each subsequent component explaining progressively smaller
proportions of the remaining variance.

Consider a thermal video sequence of S frames. Each frame, F; € R™*" where i
€ {1,...,S}, is converted to a column vector x; € R, where P = m x n. Then X can
be defined as:

X = [Xl,XZ,. .o ,Xs] (51)

where the rows of X € R"*S represent the temporal temperature sequences for P
pixels across S frames. In this representation, each row of X corresponds to the tem-
perature values of a single pixel over time. The temporal sequences of each pixel can
be viewed as a set of highly correlated variables, which are then decorrelated through
PCA, resulting in the PCA transformation:

Z=W'X (5.2)

where the rows of Z € RP*S comprise the decorrelated P temporal sequences, rep-
resented as principal components, while the columns of W € R”*? consist of spatial
filters that map the original temporal sequences onto these principal components. The
coefficients within W indicate the contribution and influence of each principal compo-
nent on the corresponding spatial regions. Each column of W corresponds to a specific
component, such that W = [wy, wy, ..., wp], where wy contains the weights for com-

ponent Z,, and so forth.

5.2 | Dynamic data reconstruction

Since W' is orthogonal [120] then W' = WL, Therefore, the retained components
can be reprojected on the original image space using the transformation:

WZ = Xy (5.3)

where the columns of Z represent the principal components arranged in order of de-
creasing variance, the rows of W contain the associated coefficients, and Xz denotes
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the reprojection of the selected components into the original image space. Xy is identi-
cal to X only when all components are reprojected. More specifically, the reconstructed
data highlights the dynamics of chosen components, allowing unwanted effects such
as, environmental influences, to be suppressed and specific dynamic behaviours to be
isolated.

5.3 | PCA on original data through ROls

The PCA process outlined above is first used to extract components from manually
extracted ROIs from the original, unregistered and unsegmented dynamic thermal
videos. This method of analysis is a novelty in the way that dynamic thermal data is
analysed. Until now studies which utilise this kind of data in the medical field have
relied on simple average thermal profiles to analyse the data [144], [145]. In this section
it is shown that by utilising the unprocessed dynamic thermal video and extracting
simple manually demarcated ROIs, PCA can already yield richer information about
the temperature dynamics present in the ROls.

5.3.1 | Methodology

The dynamic thermal videos of the plantar aspect of the human feet which were
utilised in the previous chapters are also utilised here. The data consisted of a 320 x
256 x T matrix, where T is the number of frames collected at one frame per minute,
and each element of the matrix corresponds to the temperature value of the pixel.
Since, the data used in this section was not registered, any participants whose feet
moved significantly during the acquisition could not be utilised for this exercise, as
the resulting components would be corrupted by this movement. Thus, a dynamic
thermal video in which movement of the foot throughout was minimal was selected
for this experiment. As a proof of concept and to provide initial results, seven re-
gions of interest (ROIs) were manually selected on the foot, one on each of the toes,
one on the ball of the foot and, one on the heel, as shown in Figure 5.1. These loca-
tions were selected as they are prime locations for the presence of ulcers in diabetic
patients. Since, the thermal data was not registered, each ROI has to be extracted on
every frame to remove the influence of any movement of the foot. This was facilitated
by replicating the position of the ROIs on the previous frame to the current frame and
then modifying the position of any misplaced ROlIs.

The mean temperature of each ROI in each frame was computed and seven lists
each of length T were extracted. Finally, the lists were appended in a matrix of dimen-
sion 7 x T, where each row of the matrix represents the fluctuation in time of the mean
temperature of a particular ROL
The PCA procedure as described in the previous sections was computed on the ma-
trix defined above and the first three components were noted to explain over 90% of
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Figure 5.1: The manually selected ROIs used for the scope of showcasing the utility
of PCA on dynamic thermal data. The numbers next to the ROIs represent the ROI
number which is used later in the results section.

the variance in the original video. Thus these three components are presented and
discussed in the next sections.

5.3.2 | Results

The first three principal components of the PCA decomposition on the matrix as de-
fined above, are shown in Figure 5.2. Each figure shows the principal components, or-
dered by decreasing amount of variance explained (in percentage of the whole video
variance) on the left hand side of the figure and, the corresponding coefficients on the
right hand side. The components represent the fluctuations in time of the ROIs while
the coefficients show how much of an effect each ROI had in obtaining the component.

5.3.3 | Discussion

The first component in Figure 5.2 explains 91.64% of the whole video variance and
can be explained as a decay in temperature throughout the video with a partial, and
sudden, increase halfway through. This component is influenced mainly by ROIs 1
and 6, the hallux and the ball of the foot, with the other ROIs showing a negative co-
efficient for this component. This negative coefficient means that those ROIs do not
follow well the trend extracted from that particular component but actually have the
inverted behaviour, a rise in temperature overall. This is unexpected since prior to the

61



Chapter 5. Dynamic Medical Thermal Data Decomposition

Principal Component 0. Variance Explained 91.64
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Figure 5.2: First three principal components (left, in order of decreasing variance
explained) and corresponding coefficients (right) resulting from proposed PCA
through the seven ROIs.
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acquisition the foot was covered with shoes and socks and has just been uncovered to
the colder room temperature and thus was expected to cool down.

The results in Figure 5.2 also highlight a limitation of applying PCA to ROI data. The
coefficients for ROIs with close physical proximity vary widely for the same compo-
nents. This can be due to the movement of the foot that is not suitably compensated
for and, may be leading to artifacts being introduced in the data. This problem further
shows the need for the introduction of a registration algorithm prior to the analysis of
the data, as was done in this work.

Similarly, the last two components, which have a much lower rate of variance ex-
plained (5.57% and 1.32% respectively) seem to have unpredictable patterns both in
the components themselves, and thus in time, and on the coefficients, and thus spatial
patterns. However, one should also note that overall the components seem to indicate
a downward pattern, meaning cooling of the ROIs over time. This cooling effect is
however influenced by noise, which is expected for components with such little vari-
ance explained as well as for ROIs which spatially occupy a small region on the image.

This unpredictable behaviour can also be due to the manual placement of the ROIs
and the fact that the foot moves between one frame and another, since the thermal se-
quence is not registered. Thus exact placement of the ROI on corresponding anatomi-
cal regions frame-by-frame is impossible to achieve.

These results thus showcase that PCA applied to dynamic thermal data can yield in-
formative results, such as the decay pattern observed in the first component, but do-
ing this through manually extracted ROIs without registered video frames is limiting.
Thus the registration algorithm utilised in this work will enable the same PCA pro-
cedure to be carried out but, on the whole image while compensating for the effect
of movement. This procedure is outlined in the next section and results from such a
decomposition are presented and discussed.

5.4 | PCA on registered data

5.4.1 | Methodology

As observed in the previous chapters, movements during the recording of dynamic
thermal data in human participants is unavoidable due to breathing and other in-
voluntary movement. For various methods, including the PCA approach proposed
here, the realignment of images such that each pixel represents the same location
throughout the whole video sequence, is fundamental [146]. Fluctuations in tem-
perature caused by the movement of the subject may otherwise confound with the
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physiological effects. For the purpose of aligning the dynamic thermal data, the rigid
transformation followed by SynthMorph registration method which was presented in
Chapter 3, was utilised. Fig. 5.3 shows a sample of frames from a registered dynamic
thermal sequence of the plantar aspect of the foot. The temporal changes of the ther-
mal patterns can be readily observed.

5.4.1.1 | Thermal video of control object

Dynamic thermal data of a thermally passive, inanimate object were acquired using a
FLIR SC7200 thermal camera, which has a detector resolution of 320x256 pixels and
a temperature resolution of 20 mK with an accuracy of £1 K. Specifically, a thermal
video of a leather ball was recorded over one hour. Leather, with an emissivity of 0.95,
closely approximates human skin. The aim of this experiment was to test and validate
the proposed method on a static object with controlled and predictable temperature
variations. Unlike conventional studies, dynamic thermography data were collected
immediately from the ball’s surface, including the initial phase typically considered
an acclimatisation period, in order to monitor the effects of surface equilibration with
ambient temperature.

The ambient temperature of the examination room was maintained at a constant
24°C £ 0.5°C for at least one hour prior to and during data acquisition, controlled via
an air-conditioning system and monitored with a high-accuracy temperature logger.
Frames were captured at a rate of one per minute. Prior to recording, the ball was
placed in a warmer environment for one hour and then positioned on a couch in front
of the thermal camera. Consequently, the surface of the ball was initially warmer
than the ambient temperature, generating the temperature variations captured by the
thermal video.

To simulate a localized physiological process during recording, heat was applied
to a specific region of the ball’s surface midway through the session, producing a tem-
perature differential independent of the normal thermal transients. The outcomes ob-

30°C
' ' 25°C
20°C

t=0min t=15min t =30 min t =45 min t = 60 min

Figure 5.3: Sample of registered frames from thermal image sequence at 15 minutes
interval showing evolution of temperature pattern.
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tained using the proposed method are presented in the following sections.

5.4.1.2 | Thermal video of human participant

In addition to the video of the thermally passive object, the previously collected ther-
mal videos of the plantar surfaces of human feet were also included in this experiment.
The PCA methodology described earlier was applied to both the thermal sequences
of the leather ball and those of the human participants. The data were structured as
a 320 x 256 x T matrix, where T represents the number of frames captured at a rate
of one frame per minute, and each matrix entry corresponds to the temperature of a
specific pixel. Each frame included the object of interest, either the leather ball or a
foot of the participant, as well as the surrounding background pixels. By analysing
the complete frames, including both object and background regions, it is possible to
identify sources of thermal variation originating from the object itself as well as from
the surrounding environment.

In the following sections, we demonstrate that the proposed approach can: (1) detect
passive cooling associated with acclimatisation and separate it from other temperature
variations; (2) distinguish background environmental effects from foreground or skin
region processes; (3) identify and differentiate distinct processes within localised re-
gions of interest; and (4) reconstruct the thermal video from the principal components
while eliminating background influences. This is illustrated through the application
of PCA to both the control thermal video (Section 5.4.2) and the thermal videos of

human participants (Section 27?).

5.4.2 | Results - Thermal Video of Control Object

Figure 5.4 presents the first three principal components derived from the PCA of the
control thermal video. The left-hand subfigures display the temporal temperature
fluctuations of each principal component, while the right-hand subfigures show the
corresponding coefficient maps. Each coefficient map includes the percentage of total
variance explained by the component. By multiplying a principal component (left
plot) with the coefficients of its corresponding map (right image), the contribution of
that component to the original image in absolute temperature values can be obtained.
Summing the contributions of all components reconstructs the original thermal video.

5.4.2.1 | Identification of Passive Cooling Activity

The first principal component of the control thermal video captures a gradual decrease
in temperature. This cooling pattern was expected for the leather ball, which had been
placed in a warmer environment outside the examination room before recording be-
gan. Using PCA, this passive cooling activity was successfully isolated from other

65



Chapter 5. Dynamic Medical Thermal Data Decomposition
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Figure 5.4: First three principal components (left, in order of decreasing variance
explained) and corresponding coefficients (right) resulting from proposed PCA on
the thermal video data of the static object. The percentage of variance explained by

each components is provided above the corresponding coefficients.

temperature fluctuations on the surface of the object. As anticipated, the correspond-
ing coefficients for the first component are highest for pixels in the ball (foreground)
region, reflecting that the cooling trend occurs primarily on the ball itself.

5.4.2.2 | Identification of Local Activity

The second principal component (Figure 5.4) highlights activity in local foreground
regions. Notably, the temporal signal shows a sharp increase around the 30-minute
mark, corresponding to an artificially induced temperature rise on a localized area of
the ball, designed to simulate a physiological process.

66



Chapter 5. Dynamic Medical Thermal Data Decomposition

(
2orow oy
£ 8 & ¥
(

o

¥R

2
T

Temperature (°C)
&
Temperature (°C)
I
&

I |
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Time (min) Time (min)

Figure 5.5: Mean temperature of region on background before (left) and after (right)
reconstruction for control thermal video. The selected region of interest is shown in
black on the image inserted on the plot of the mean temperature after the
reconstruction. The selected region is the same for before and after reconstruction
cases.

5.4.2.3 | Separation of Background Activity

The third principal component displays an oscillatory pattern predominantly in the
background regions, as indicated by larger coefficient values, while the foreground
shows minimal correlation with this pattern. This behaviour reflects environmental
influences, specifically the air-conditioning in the room.

5.4.2.4 | Reconstruction of the Thermal Video

In this experimental scenario, the background temperature oscillations captured in
the third component represent an unwanted artefact and do not convey relevant in-
formation. Therefore, it is desirable to exclude this component and reconstruct the
thermal video without its influence. As described in Section 5.2, thermal video data
can be reconstructed using selected principal components while omitting one or more
undesired components. Here, the component associated with background activity is
removed, and the video is reconstructed. Figure 5.5 illustrates the mean temperature
of a background region across all frames, before and after reconstruction. The results
demonstrate that removing this component effectively eliminates the oscillatory be-
haviour from the thermal video.

Figures 5.6 and 5.7 present the first three principal components derived from the
thermal videos of one participant’s right and left feet, respectively. The participant
was a 24-year-old healthy male with no history of lower limb vascular issues. The
left column in each figure displays the principal components, while the right column
shows the corresponding coefficient maps along with the percentage of total variance
explained.

5.4.2.5 | Identification of Passive Cooling Activity

The first principal component in the participant’s thermal video exhibits a gradual

decline in temperature throughout the recording, consistent with acclimatisation to
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Figure 5.6: First three principal components (left, top to bottom in descending order
of variance explained) and corresponding coefficients explained (right) resulting
from proposed PCA on the thermal video data of a human participant (Right foot).
Each component’s percentage variance explained is listed above the corresponding
coefficients.

the controlled ambient temperature. The coefficient maps indicate that this cooling
effect is concentrated on the foot regions, as pixel values in these areas are higher
compared with the background.
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Figure 5.7: First three principal components (left, top to bottom in descending order
of variance explained) and corresponding coefficients explained (right) resulting
from proposed PCA on the thermal video data of a human participant (Left foot).
Each component’s percentage variance explained is listed above the corresponding
coefficients.

5.4.2.6 | Separation of Background Activity

Similar to the third component observed in the control thermal video, the second prin-
cipal component in the participant’s thermal data displays an oscillatory pattern that
is primarily evident in the background regions. The relatively higher coefficients for
background pixels compared to those of the foot suggest that this component reflects
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Figure 5.8: Mean temperature of region on background before (top) and after
(bottom) reconstruction for the human participant thermal video. The selected region
of interest is shown in black on the image inserted on the plot of the mean
temperature after the reconstruction. The selected region is the same for before and
after reconstruction cases.

environmental temperature fluctuations. Some influence of these atmospheric vari-
ations on foot temperature is also apparent, as indicated by fluctuations in the first

principal component.

5.4.2.7 | ldentification of Local Activity

The third principal component (Figure 5.7) highlights activity within local foreground
regions. Notably, a sharp temperature increase occurs around the 30-minute mark.
The physiological origin of this change is currently unknown and requires further
investigation.

5.4.2.8 | Reconstruction of the Thermal Video

As performed with the control thermal video, the component associated with back-
ground activity was removed, and the thermal video was reconstructed. Figure 5.8
shows the mean temperature of a background region across all frames, before and af-
ter reconstruction. The results demonstrate that eliminating the background-related
component effectively removes the oscillatory behaviour from the thermal video.

5.4.3 | Discussion

In this study, PCA was applied to dynamic thermal data of both a control object and
human feet. The analysis and interpretation of the resulting components, as well as the
conclusions drawn, are discussed below, following the structure outlined in Section ??.

5.4.3.1 | Identification of Passive Cooling Activity

The first principal components in Figures 5.4 and 5.7 demonstrate a general decline in
temperature over the course of the recording, as reflected in the decaying shape of the

components. Coefficient maps indicate that this behaviour primarily occurs in pixels
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corresponding to the surface of interest, the ball or the foot, while background pixels
have values near zero, indicating minimal or no contribution from these areas. These
patterns are consistent with acclimatisation of the object to ambient conditions.

To validate the dynamics identified by PCA, reconstructed videos using the com-
ponents of interest can be examined. For instance, by reviewing the reconstructed
video of the acclimatisation component at a slower playback speed, the temperature
decline in the foreground region was observable frame by frame, confirming the com-
ponent’s interpretation.

This acclimatisation component was evident in seven of the nine human partic-
ipants. Notably, the acclimatisation period extended well beyond the 5-20 minutes
commonly recommended in medical thermography literature [147]. Most studies ini-
tiate recordings after a brief acclimatisation, often between five and thirty minutes, but
PCA in this study successfully isolated the component associated with passive cooling
of the skin. Removing this component allows underlying temperature dynamics to be
analysed without interference from the cooling process, eliminating the need for prior
participant acclimatisation.

5.4.3.2 | Separation of Background Activity

The third principal component in Figure 5.4 and the second components in Figures 5.6
and 5.7 correspond to oscillatory temperature changes in the background. Despite the
use of controlled air-conditioning and precise temperature monitoring, small fluctua-
tions in ambient temperature occurred, which can influence surface temperatures.

Interestingly, foot regions displayed similar fluctuations, as seen in the first prin-
cipal component in Figure 5.6, but with a 90° phase shift relative to the background.
This suggests a physiological response of the foot to ambient temperature changes.
PCA made this response explicit, a phenomenon that would be difficult to detect with
standard thermographic analysis, demonstrating the ability of the method to separate
background processes from the data.

5.4.3.3 | ldentification of Local Activity

PCA also identified temperature dynamics related to local activity on the surface of
interest, as observed in the second principal component of Figure 5.4 and the third
principal component of Figure 5.6. For example, a sudden rise in temperature around
the toes in Figure 5.7 was examined by visually inspecting both the original and regis-
tered thermal data to ensure it was not an artefact. This highlights that PCA can detect
small, localized, uncorrelated processes that might otherwise be overlooked.

Static thermography would not reveal such temporal patterns; it might only show
a higher temperature at the toes with no information about its dynamics. This under-

lines the advantage of dynamic thermography for clinical applications and demon-
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strates how PCA provides deeper insights into underlying processes than raw data
analysis.

Even components accounting for a small fraction of total variance can reflect im-
portant local physiological processes. For example, the toe-related activity accounted
for only 3.45% and 1.2% of variance in the left and right foot, respectively. While
such small percentages might typically be considered insignificant, detailed inspection
of coefficient maps can reveal meaningful physiological or environmental dynamics.
Hence, careful analysis of principal components alongside their coefficients and the
original thermal data is essential.

5.4.3.4 | Other Observations

The PCA results from the thermal videos of human feet (Figures 5.6 and 5.7) show
consistent patterns between the right and left feet, especially regarding background
activity. This similarity confirms the reliability of the analysis, as the background was
shared between both feet.

Moreover, this symmetry could have clinical applications: significant differences
between corresponding components of the left and right foot might indicate vascular
abnormalities. Identifying and analysing such differences in contra-lateral regions
could provide a basis for further investigation and diagnostic development.

5.5 | PCA on registered and segmented data

Throughout the previous section we have shown that by utilising the registered, but
unsegmented dynamic thermal data, useful results in terms of phenomena on the foot
and the background can be extracted. In some cases the background might be retained
to assess what factors might be affecting the foot as well as the environment (indicat-
ing an external influence), in comparison to something physiological that would only
affect the foot. However, for such clean results as those obtained in that section, the
background needed to be covered with a thermal neutral cloth, which might not be
necessarily possible in many situations. Thus, PCA might need to be carried out on
a segmented version of the original dynamic thermal data which contains only the
foot or the body part of interest. In this section, we propose the use of PCA on the
registered and segmented data obtained for this study.

5.5.1 | Methodology

The registered dynamic thermal videos used in the previous section were segmented
by using the segmentation method outlined in Chapter 4 to obtain registered and seg-
mented dynamic thermal videos as shown in Figure 5.9. From this figure, one can
observe that the foot is stationary as it occupies the same pixels throughout as well as
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t=0min t =15 min t = 30 min t =45 min t = 60 min

Figure 5.9: Sample of registered and segmented frames from thermal image sequence
at 15 minutes interval showing evolution of temperature pattern but no movement of
the foot.

that the background in the video has been removed and replaced by zeros. The zeroed
background will not add anything to the variance of the video and thus will not affect
the PCA computation. The resulting video from the registration-segmentation process
has dimensions of 320 x 256 x T where T is the number of frames captured at 1 frame
per minute. As described previously, the input matrix for the PCA algorithm consists
of a matrix with dimensions (320 x 256) x T = 81920 x T where effectively each row

of the matrix describes the fluctuations in times of one particular pixel.

The PCA procedure as outlined above and as utilised in the previous sections, has
been applied to this matrix and once again the first three components explained well
above 90% of the total variance and are thus presented in the next section.

5.5.2 | Results

Figures 5.10 and 5.11 show the first three components of the PCA decomposition on
the registered and segmented data of a left and corresponding right foot respectively.
Once again the left part of the figure shows the components while the right hand side
of the figure shows the corresponding coefficient maps. The variance explained by
each component is described above. A discussion of these results follows.

5.5.3 | Discussion

From Figure 5.10 and Figure 5.11 the benefits of isolating the foot for the PCA compu-
tation can be readily observed. All of the components show activity related to the foot
with clear patterns originating in both the components and the coefficients.

The first component, which describes 92.14% of the total variance on the left foot
and 96.96% of the total variance on the right foot, as before, describe the acclimatisa-

tion process of the foot to the atmospheric temperature. Although the first component
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Figure 5.10: First three principal components (left, in order of decreasing variance
explained) and corresponding coefficients (right) resulting from proposed PCA on
registered and segmented dynamic thermal data of a left foot.
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Figure 5.11: First three principal components (left, in order of decreasing variance
explained) and corresponding coefficients (right) resulting from proposed PCA on
registered and segmented dynamic thermal data of a right foot.
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in Figure 5.10 appears to be rising, the coefficients on the foot are all negative and thus
the trend in the component has to be inverted for actual interpretation. The decrease
in temperature is more obvious in this case as, the undulations which were present
in the previous results, which were a contribution of the background, are no longer
visible due to their removal using the tools presented in this work. It is also clearer
to see the pattern of cooling on the foot then it was previously possible. The left foot
shows a more uniform cooling with only a minor region on the left side of the ball of
the foot and, the middle toe showing slight deviation from the pattern while, on the
right foot the midsection of the foot and the first three toes show a stronger similarity
to the pattern observed in the component than the rest of the foot.

These first components on the registered and segmented dynamic thermal video,
strengthen the claim that the acclimatisation of the foot goes on for longer than the
time claimed in previous literature, with the cooling down of the foot still ongoing,

one hour after the commencement of the recording.

The second components in this decomposition match with the third components in
the previous section and show a sudden increase in temperature at around minute 30
on the first, third and, fourth toes. The arch of the foot appears to have the opposite
behaviour, due to the negative coefficients. This component is once again proof of the
utility of utilising PCA for analysing dynamic thermal data, as local activity on the
foot could be observed which would have been difficult to notice had the data not
been decomposed as the effect of this phenomenon is quite limited on the overall tem-
perature changes as evidenced by the percentage of variance explained, 5.89% for the
left foot and 9.62% for then right foot.

An even smaller component, with 0.77% for the left foot and 0.58% for the right foot, is
the third component in Figures 5.10 and 5.11. This component shows a decay in tem-
perature until 30 minutes, followed by a rise in temperature until the end of the video.
Interestingly, the coefficients show the the areas mostly affected by this component are
the regions of the foot which were not affected by the second component.
Temperature in humans is known to be affected by physiological processes which
have a cyclic rhythm [148]. The process identified in the third component of this de-
composition could be one such process. Further study of this process is still required
to confirm this however, this still shows the utility of PCA in extracting such processes.

In the next chapter, the results obtained from the presented framework are discussed

together with the implications which such results can have on the study of dynamic
thermal imaging, particularly that of the plantar aspect of human feet.
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The introduction of dynamic thermal data as a means to assess foot health presents
a significant contribution in the field of foot health assessment using thermal data.
This approach diverges from traditional methods, which have primarily focused on
static thermal data measurements, and instead provides a more detailed analysis by
incorporating changes in temperature over time. These dynamic insights may yield
a better understanding of foot health, particularly in the early detection of disorders
that impact blood flow, tissue integrity, or nerve function in the lower limbs. This
work also aligns with and enhances existing research on thermography for foot health
monitoring, especially valuable for populations with compromised foot health, such

as those with diabetes or vascular disease.

A registration-segmentation-decomposition framework was presented in this work
which has made possible the advanced analysis of dynamic thermal data. Although
the application in this project was the plantar aspect of human feet, all of the methods
utilised in this framework are adaptable to other body regions, potentially opening
up interesting new areas of research. Results obtained from the implemented meth-
ods have shown that the expertise required for processing dynamic thermal data have
moved from the tedious job of manually aligning the images and extracting the rel-
evant information from regions of interest, to the job of analysing the data. This is a
step forward for dynamic thermal data in the medical field and it enables more com-
plex analysis and thus better informed decisions to be achieved.

Figure 6.1 shows a complete result for one dynamic thermal sequence together with
the sequence of events in the framework. The top most row shows the original dy-
namic thermal sequence with movement of the foot apparent. This sequence is fed
into the linear registration first and then the SynthMorph network for elastic defor-
mation alignment resulting in the second row of images. In this row it can be seen
that the misalignment of the foot has been handled satisfactorily even if the original
movement of the foot had resulted in a background artifact. Next, the registered ther-
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mal sequence is fed into the Segment Anything Model and the third row of images is
obtained with only the foot in the image and the background segmented out. PCA is
finally applied to the sequence obtaining results like those seen in the last row of the
figure, showing the first component of this decomposition. These results are discussed
in detail below.

6.1 | Dynamic Medical Thermal Data Registration

The registration of dynamic thermal data is challenging due to the varying contrast
throughout the sequence between the body region of interest in the foreground and
the rest of the background. The similarity in intensity between the two regions makes
for additional complexity. In some cases it is difficult even for human eyes to discern
the difference between the foreground and the background and to detect the edge of
the body region of interest. Prior to the application of this method, no other method
has been able to register dynamic thermal sequences with comparable accuracy and
without any user input as done in this work.

The registration algorithm, made up of a linear transformation and a SynthMorph
trained VoxelMorph network for elastic deformations, provided good results with a
success rate of 88.8%. The experiments carried out show that the utilised methods can
be successfully used on dynamic thermal data of the plantar aspect of the feet.

The registration method was tested only on 18 thermal sequences all of which has
the background covered with a thermal neutral cloth. Thus, this registration method
needs to be tested further on more sequences and with a wider range of scenarios be-
ing represented, such as more background noise, to confirm the results obtained.

One advantage of the implemented method is that the registration process is fully au-
tomated, only requiring user input when the registration algorithm fails and, thus,
doing away with the need of experts during the processing of the thermal data se-
quence. It should also be noted, that in the case of the failed registrations, around 80%
of the thermal sequence was still registered correctly, while the remaining frames only
had minor deformations on the toes.

The method has been observed to be resilient to some background artifacts, such as
the movement of the background cloth uncovering a part of the actual background, as
well as large movements of the foot which lead to both linear and elastic deformations.

6.2 | Dynamic Medical Thermal Data Segmentation

The segmentation algorithm utilised for this work, Segment-Anything Model (SAM),
on the other hand, has been shown to provide an accurate segmentation in 100% of the
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Figure 6.1: The result from the registration, segmentation and decomposition frame-
work on one particular dynamic thermal data sequence.
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test images. This was also achieved with minimal user input and in very little time
per segmentation. The user input was limited to a bounding-box-like box prompt
and point prompts when regions of the segmentation mask needed to be added or
subtracted from the first resulting mask. Once again this means that an expert will not
be necessary for processing dynamic thermal data in a medical aspect and could be
used for the analysis of such data.

The segmentation algorithm only required around 10 seconds per image to extract
the image embedding. From then on the segmentation mask could be extracted and
modified in real time. This means that in the full pipeline of processing dynamic ther-
mal data, the segmentation would take very little processing time. Since the dynamic
thermal sequences were registered prior in the pipeline, the segmentation algorithm
effectively needs to segment one image per sequence, with the mask being generalis-
able for the whole sequence.

Prior to utilising SAM for the segmentation part of the processing pipeline, a
background-foreground segmentation and ROI segmentation algorithm was being
purposely built for the scope of this work. However, with the release of SAM, that
was made freely available and that could be used on medical images with zero-shot
generalisation, the implementation of a new segmentation method became ineffective
and unproductive. This is due to the strengths of SAM, namely its zero-shot gener-
alisation, its real-time segmentation, its ease of use and, its overall accuracy and, due
to the fact that the method being implemented was not providing as good results as
SAM. Segmentation of thermal images is complicated by the fact that thermal images
do not provide very clear features due to the overlapping intensity between the fore-
ground and the background. In some instances it is difficult even for the human eye
to assess where the boundary between the two regions lies.

The segmentation method was also utilised in a case study in which the back-
ground of the thermal sequence was not covered by a thermal neutral cloth and thus
the background contained a lot of artifacts. As shown in Chapter 4 this thermal se-
quence was also segmented with high accuracy and thus suggesting that the method
is resilient to such artifacts.

6.3 | Dynamic Medical Thermal Data Decomposition

Dynamic thermal data is made up of a number of physiological and environmental
processes whose effects add up tom produce the temperature dynamics observed on
the foot. In this work, it is shown that PCA can be utilised to decompose the effect
from these processes and that each process can be studied individually. The findings
presented in this dissertation demonstrate that dynamic thermal data offers unique

insights that static measures cannot capture.
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Two-way PCA is primarily suited for analysing two-dimensional datasets, such
as matrices where rows represent samples and columns represent variables [149]. In
PCA, the data is decomposed into orthogonal principal components that maximise
variance and reduce dimensionality, simplifying complex datasets by capturing the
most significant patterns in a smaller number of components. In this work, the mul-
tidimensional array resulting from dynamic thermal imaging, was unfolded in a two-
way matrix for use in PCA.

In the case studies presented in Chapter 5, both of an inanimate object, as well as
the human foot, it can be observed that PCA works well in decomposing the dynamic
thermal data into constituent processes such as the acclimatisation component and

local activity components.

6.3.1 | Acclimatisation component findings

One of the component which were identified was that of the acclimatisation of the
foot to the room temperature. The main finding from this component is the discovery
that the acclimatisation period for the plantar aspect of the foot, is much longer than
what is suggested in the current literature. In that literature, acclimatisation for the
foot region ranges from no acclimatisation to 20 minutes. With the use of principal
component analysis (PCA), the component related to the acclimatisation of the foot to
room temperature has been extracted and identified. This acclimatisation is shown to
last for the full duration of the thermal video, 60 minutes, and possibly even longer.
This finding is important both for dynamic thermal imaging as well as static ther-
mal imaging. Traditionally the static thermal image is captured after the period of
acclimatisation is over but, this finding suggests that a rethinking of this concept is
needed as the acclimatisation is usually still ongoing when the images are captured.
This means that both static and dynamic data are still being influenced by the accli-
matisation and potentially each individual is at a different stage of the acclimatisation
process when the data is captured. One solution to this can be dynamic thermal imag-
ing and the application of PCA decomposition to identify, extract, and subtract the
acclimatisation component from the rest of the data, as was done in this work. This
would reduce the need to keep the participant waiting for a period of time prior to
acquiring the data and would rid the data from unknown variables such as the accli-

matisation rate.

In Chapter 5 three scenarios where PCA could be utilised were presented. These were;
prior to the registration-segmentation framework; on registered but unsegmented
data and; on registered and segmented data.

The PCA decomposition on unregistered and unsegmented data could only be car-
ried out through ROIs which were manually selected on each individual frame. This
means that an expert in analysing such data would need to tediously select all of the

81



Chapter 6. Evaluation & Discussion

required ROIs on each frame to be able to extract any meaningful interpretation from
the data. Manually selecting ROIs and extracting thermal profiles of the same ROlIs is
already an established procedure in dynamic thermal data analysis but this method is
not without its problems. Firstly, the placement of the ROIs although guided by physi-
cal markers, such as the edge of the toes, will always be subjective and thus repeatable
results are unlikely. Secondly, the foot is not static throughout the thermal sequence
and thus each ROI has to be modified on each frame to counter for the movement of
the foot. This means that the problem with the subjectivity of the placement of the
ROIs is further compounded. It also means that the subject has to try an be very still
during the acquisition or that when analysing the data, sequences that contain a lot of
movement have to be omitted from the study.

The results from this scenario, were still useful as the acclimatisation component
was still captured. However, the coefficients were difficult to interpret and there was

not a clear structure to the patterns extracted from the coefficients.

On the other hand, the PCA decomposition on the registered but unsegmented data,
was a step forward in terms of interpreting the results obtained. This decomposition
led to the discovery of both a background process which oscillates the room tempera-
ture, as well as the discovery that the acclimatisation in the foot goes on for the whole
period of the video acquisition. Furthermore, a local activity component could also be
identified as well as the physical region from which it originated.

The same findings were then confirmed, and in some cases enhanced, in the third case
where, PCA was implemented on registered and segmented thermal sequences. In
this decomposition the effect of background processes was missing and thus more lo-
cal activity which was previously missed has been uncovered.

It is worth noting at this point, that should an analysis of a particular body region
of interest be required, such as for example the heel, the registered and segmented
data would be ideal as the desired ROI can be selected on the first frame of the se-
quence and applied on the rest of the frames. PCA components which are free from
background activity could then be extracted from this data.

Although with the registered and segmented data, the background processes were
removed and the components were made up only of processes originating from the
foot, the effect of the oscillating room temperature on the foot itself was not removed.
A solution for this is suggested as part of any future work on this project.

Initially a PCA decomposition can be carried out on the registered but unseg-
mented thermal sequence. Any oscillatory components originating from the back-
ground or foreground can be removed and the data be reconstructed without these
components. This reconstruction process is shown in Chapter 5. Next, another PCA
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decomposition can be carried out on the reconstructed data without the oscillatory

behaviour.

6.3.2 | Thermal camera specifications

The thermal camera which was used for this work, Flir SC7200, has a high spatial
and temperature resolution. The downside to this is that the thermal camera is large
and heavy and has limited portability. During acquisition the camera is restricted to
a tripod and cannot be moved around like a handheld camera could. This limits the
practicality of the system and, therefore, for a clinical tool as described above, small,
portable thermal cameras should be used for better portability. However, small ther-
mal imaging systems do not yet provide the temperature sensitivity of the high end
thermal cameras. The camera used for this work has a thermal sensitivity which is
less than 25 mK and a temperature measurement accuracy of +1°C. These specifica-
tions have not yet been matched by handheld systems. If an implementation of these
algorithms is to be used in a clinical tool, the effect which this drop in temperature sen-
sitivity has on the performance of the algorithms, especially the decomposition work,
has to be studied and catered for in the implementation of the algorithms.

6.4 | Future work - Towards an Integrated Pipeline

The long term aim of this work is to enable the creation of a self-contained device
which utilises dynamic thermal data to image the feet of healthy and diabetic patients.
The registration-segmentation-decomposition framework could then be integrated in
the device for the processing of the collected thermal data. The device would then be
able to decide whether the patient requires any immediate care or further tests.

However, to reach this goal some more work is required. Firstly the technical algo-
rithms require further testing and confirmation of results on a larger and more diverse
dataset. Also, it is required that the decomposition techniques be run on more data to
collect more knowledge about the temperature dynamics of the plantar aspect of hu-
man feet. Moreover, these method need to be also shown to work on diabetic patients
feet and to assess whether there are differences between the healthy and diabetics pa-
tients temperature dynamics. Such difference could be utilised for the final decision
on whether the patient requires further care.

One should note that, the analysis technique utilised in this work, PCA, is a stan-
dard method of decomposition, and more advanced and modern techniques exist.
The aim of this work was to introduce the framework for processing dynamic thermal
data and to show that the registration-segmentation pipeline enables more advanced
processing techniques than currently possible. However, the framework also enables
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the user to select any analysis technique which is deemed as most suitable and which
benefits from registered and segmented data.

The decomposition work together with the findings regarding the acclimatisation
of the plantar aspect of the foot presented in this chapter have been published in In-
frared Physics and Technology [23]
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Foot health is a critical aspect of overall well-being, especially for individuals with
diabetes. Diabetes often leads to complications in the lower limbs, largely due to nerve
damage (neuropathy) and reduced blood circulation. These issues increase the risk of
developing infections, foot ulcers, and in severe cases, can even result in amputations.
Monitoring foot temperature is an effective, non-invasive method to detect early signs
of such complications.

Temperature changes in the feet can serve as valuable indicators. A decrease in
foot temperature often suggests poor blood flow, potentially pointing to circulatory
problems like peripheral arterial disease (PAD). Conversely, an increase in foot tem-
perature may signal inflammation or ulceration, both of which can quickly progress if
left untreated.

In a broader sense, body temperature is an essential marker of health and well-
being. Fluctuations in temperature can reveal underlying infections, inflammatory
responses, or issues with blood flow, each of which has implications for a person’s
health. By tracking both general and foot-specific temperature changes, individuals,
particularly those with diabetes, can catch potential issues early, allowing for timely
medical intervention and reducing the risk of serious complications. Regular monitor-
ing, combined with proper foot care and lifestyle management, can greatly enhance
quality of life and overall health.

Thermography is a leading method for assessing body temperature in human sub-
jects and plays an important role in medical diagnostics and health monitoring. This
imaging technique operates by capturing infrared radiation naturally emitted from the
body, converting it into a visual map that represents temperature variations across the
surface of the skin. By analysing these variations, thermography can identify areas of
abnormal heat distribution that may indicate underlying issues such as inflammation,
infection, circulatory problems, or nerve-related complications.

One of the greatest advantages of thermography is its non-invasive and non-contact
nature. Unlike traditional methods, such as using a thermometer, thermography does
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not require physical contact with the patient, making it a comfortable option. The pro-
cess is also swift, allowing clinicians to gather the necessary information in seconds
and promptly identify areas that may require further examination or intervention.

The primary objective of this research was to explore the effectiveness of thermal imag-
ing in monitoring foot health, particularly for early detection of potential complica-
tions of diabetes. The study demonstrated that dynamic thermal imaging, a process
that captures temperature changes over time, can be successfully utilised in this con-
text, offering valuable insights into foot temperature dynamics that were previously
underexplored. This new knowledge can in the future be used in the management of
foot health in diabetics although, in this project this area remained unexplored.

To extract this new knowledge, it was essential to process the dynamic thermal
data in two key ways. First, an image registration technique was employed to en-
sure that the foot remained aligned throughout the video, enabling further processing
without the need to track salient points on the foot. Secondly, a segmentation process
was applied to isolate the foot from the background, allowing the subsequent analysis
to focus exclusively on the region of interest.

The registration algorithm, which was presented in Chapter 3, is a combination of
a linear registration together with a SynthMorph trained VoxelMorph network for
countering elastic deformations. Using this method, a successful registration rate of
88.8% was achieved with no user input.

The segmentation method presented in Chapter 4 was the Segment-Anything Model
(SAM), with which all of the dynamic thermal videos could be segmented with high

accuracy without the need of any expert or manual user input.

In Chapter 5, it was shown that the registration-segmentation framework enables ad-
vanced analysis of the thermal data to be performed on the whole foot. principal com-
ponent analysis (PCA) was utilised to decompose the temperature dynamics into its
constituent factors and it was shown that this analysis can provide richer information
after the thermal video is registered and segmented than was the case before.

In Chapter 6, a discussion of the findings was presented and potential future build-
up work for the project was suggested.

The decomposition work together with the findings regarding the acclimatisation
of the plantar aspect of the foot have been published in Infrared Physics and Technol-
ogy [23], while the work and results on the registration algorithm have been accepted
for publication at the Quantitative InfraRed Thermography Journal.

In conclusion, this research has successfully demonstrated the potential of dynamic
thermal imaging as a powerful tool for monitoring foot health, with particular promise
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for applications in preventive care. By employing advanced image registration and
segmentation techniques, we were able to process and analyse thermal data with high
precision, revealing critical insights into the temperature dynamics of the foot. These
insights can provide a foundation for developing early intervention strategies, espe-
cially valuable for individuals at risk of diabetic foot complications.

The findings underscore the value of continuous monitoring in healthcare, as dy-
namic thermal imaging can enable real-time assessment and ongoing risk evaluation.
Future research could extend these findings by exploring fully integrated and auto-
mated systems.

Ultimately, this thesis affirms that dynamic thermal imaging holds great promise
as a reliable, efficient, and accessible method for foot health assessment. By facilitating
early detection and informed decision-making, it has the potential to improve patient
outcomes, reduce healthcare costs, and enhance quality of life for at-risk populations.
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A blackbody is defined as an object which absorbs all incident radiation, without any
reflection or transmission, and emits electromagnetic radiation according to Planck’s
law [150] which gives the body’s spectral emissive power at wavelength, A, E, by [24]:

G
et —1
where C; = 3.742 x 108 W - um*/m? is the first radiation constant, C, = 1.439 x 10*
um - K is the second radiation constant and T is the temperature of the body in Kelvin

Ex(A,T) = )

[150]. Theoretically, objects radiate electromagnetic radiation in all wavelengths but
in many practical objects the IR band is the spectral band with the highest emitted
energy. Figure 1 plots the spectral emissive power at different wavelengths computed
using Planck’s law for various blackbody temperatures.
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Figure 1: Planck’s Law for blackbodies at different temperatures. As temperature
rises, the peak emissive power moves to a shorter wavelength but increases in magni-
tude.
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The Stefan-Boltzmann law integrates Plank’s law over all wavelengths to describe
the total emissive power of a blackbody source [24]:

E=oT* ()

where ¢ = 5.67 x 1078 W/m? - K* is the Stefan-Boltzmann constant and T is the black-
body temperature in Kelvin. The total emissive power of the blackbody increases with
temperature. According to Wien’s law, the wavelength at which maximum emissive
power occurs, Apy, shifts to longer wavelengths as temperature decreases and can be
calculated using:

AmaxT = b 3

where b = 2.90 x 1073 m - K is Wien’'s displacement constant [151]. Wien’s law can be
observed in the peaks in Figure 1 in which the peak emissive power shifts to longer
wavelengths as temperature decreases.

The absorption coefficient, &, of a body is defined as the fraction of incident ra-
diation which is absorbed by the body [151]. For a body in thermal equilibrium the
energy radiated must be equal to the energy absorbed by the body. Using the defini-
tion of a body in thermal equilibrium and Kirchhoft’s law, the emissivity, €, of a body
can be defined as [151]:

X —= — —= € 4
Enp (4)

The emissivity, €, of a body defines the ratio of the body’s surface emissive power, E,
to the emissive power of a blackbody, Egg. A blackbody thus has an emissivity value
of € = 1 and an absorption coefficient « = 1 [150]. For any real surface, the emissivity,
and by extension the absorption coefficient, are always less than unity. The definition
of the emissivity of a body also modifies Stefan-Boltzman law, given by Equation 7,
for real bodies as follows [150]:

E=eocT (5)

A blackbody thus, radiates with maximum power, over the whole spectrum, at tem-
perature T, while real surfaces radiate with a fraction of this power according to the
surface emissivity value. The emissivity of a surface is also related to the surface re-
flection coefficient, p, and surface transmission coefficient, T, by [150]:

et+tp+t=1 6)

where p is the reflectance of the surface, which shows how much of the incident radi-
ation is reflected by the surface and 7 is the transmittance of the surface, which shows
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how much of the incident radiation is transmitted through the surface. A blackbody;,

which absorbs all incident radiation, thus « = 1, and has unity emissivity, thus € = 1,

has p = 7 = 0 while real surfaces with € < 1 have some degree of reflectance and

transmittance [150].

Applications of thermal imaging include:

Electrical and Mechanical Inspections: Identifying overheating components and

potential issues in electrical systems and machinery for preventive maintenance.

Search and Rescue: Locating people or animals in challenging conditions, such
as smoke, darkness, or dense foliage.

Building Diagnostics: Detecting thermal anomalies in construction, insulation,

and HVAC systems, facilitating energy efficiency and building safety.

Medical Diagnosis: Monitoring and diagnosing various health conditions, in-
cluding fever detection and the identification of inflammation.

Wildlife Observation: Observing and studying animal behavious tracking and

locating wildlife in natural habitats.

Military and Defence: Enhancing situational awareness, identifying concealed

threats, and improving night vision capabilities.

Firefighting: Locating hotspots and trapped individuals in smoke-filled environ-
ments.

Agriculture: Assessing crop health and optimising irrigation by detecting varia-

tions in plant temperature.

Scientific Research: Studying diverse phenomena, including volcanic eruptions,
climate change, and astronomical observations.
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(Email: owen.falzon@Qum.edu.mt, Tel: 23403651) and Prof. Ing. Kenneth Camilleri (Email:
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Full Segmentation Results

The full results from the segmentation method presented in Chapter 4 are presented
in this Appendix. Each row of the figure contains the input and output images from
one participant split by right and left feet. On the left side of the figure, the input im-
age is shown while on the right hand side, the prompts, in form of a box and where
required a spot prompt are overlayed on the output image together with the segmen-
tation mask.

It is worth noting that all of the images used for this experiment have been segmented

satisfactorily.
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Figure 2: Full segmentation results
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