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ARTICLE INFO ABSTRACT

Keywords: In the present study, an infrared (IR) thermal camera was used to map the temperature of the target skin surface,
Carotid artery stenosis and the resulting thermal image was evaluated for the presence of carotid artery stenosis (CAS). In the presence
Atherosclerosis

of stenosis in the carotid artery, abnormal temperature maps are expected to occur on the external skin surface,
which could be captured and quantified using IR thermography. A Duplex Ultrasound (DUS) examination was
used to establish the ground truth. In each patient, the background-subtracted thermal image, referred to as full
thermal image, was used to extract novel parametric cold thermal feature images. From these images, statistical
features, viz., correlation, energy, homogeneity, contrast, entropy, mean, standard deviation (SD), skewness, and
kurtosis, were calculated and the two groups of patients (control and diseased: a total of 80 carotid artery
samples) were classified. Both cut-off value- and support vector machine (SVM)-based binary classification
models were tested. While the cut-off value classification model resulted in a moderate performance (70% ac-
curate), SVM was found to have classified the patients with high accuracy (92% or higher). This preliminary

Infrared (IR) thermography
Binary classification

Support vector machine (SVM)
Cardiovascular imaging

study suggests the potential of IR thermography as a possible screening tool for CAS patients.

1. Introduction

Carotid artery stenosis (CAS) or atherosclerosis, wherein narrowing
of the carotid artery passage occurs as a result of endothelial cell
dysfunction and inflammation that leads to thrombosis formation [1], is
of great interest to the scientific medical imaging and clinical commu-
nities across the globe. A complete choke (occlusion) of the internal
carotid artery (ICA: supply blood to the brain) or dislodging of the
atherosclerosis tissue to the brain affects the normal brain functioning
and may cause irreversible damage to the brain tissue or leads to
debilitating stroke [2]. According to the American Heart Association
(AHA) [3], in the United States alone, around 795,000 cases of stroke are
reported yearly, and on average, every 4 min, someone dies of a stroke.
Therefore, screening, imaging, diagnosis, and monitoring of CAS play an
essential role in the clinical decision making and overall CAS treatment
profile. In the clinical settings, imaging modalities like Computed To-
mography Angiography (CTA), Magnetic Resonance Angiography
(MRA), and Duplex Ultrasound (DUS) are mainly used to manage the
CAS related cases [4,5]. DUS is the most widely available, low cost, and
low-risk CAS imaging modality; however, it needs trained personnel to
perform and interpret the examination and suffers from
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inter/intra-observer variability [6]. While CTA has risk associated with
X-ray radiation exposure, MRA is not suitable for patients with certain
types of implants, viz. cochlear (ear) implants, clips used for brain an-
eurysms, metal coils placed within blood vessels, older cardiac de-
fibrillators and pacemakers, etc., because of magnetic fields involved
[7-9]. In both the modalities (CTA and MRA), contrast usage may lead
to adverse allergic reactions or nephropathy [10]. While both CTA and
MRA machines need a large area for installation, MRA is a
time-consuming procedure, costly, and not readily available [11].
Therefore, a reliable, non-invasive, cost-effective, automated, fast, and
easy-to-use alternate CAS screening tool will complement the current
clinical CAS imaging and treatment profile.

It is evident that the occurrence of CAS causes thermal changes, such
that the presence of stenosis affects the blood flow (turbulent flow across
the lesion) in the carotid artery [12]; alters the heat transfer to the
surrounding tissue and the resultant outer skin surface temperature
[13-15]. In the past, contact-based temperature measurement, called
plate thermography, was used to correlate the presence of abnormal
temperature map with CAS. Plate thermography, wherein a flexible foil,
coated with specific cholesterol ester, changes color due to temperature
oscillations, was used to map the forehead temperature in 300 patients;
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the method showed positive results (abnormality) in 39 patients against
34 patients using Doppler sonography [16]. Thereafter, a non-contact
facial temperature measurement, using an infrared (IR) thermal cam-
era [17-19], that correlates to the presence of CAS was performed by
Capistrant and Gumnit [20]. Of the 30 patients, suffering from angio-
graphically proven carotid stenosis or occlusion, an abnormal thermal
map was observed in 57% of the cases. Monitoring the temperature
variation among the geometrically symmetrical locations of the human
body (ocular, limbs, etc.) could prove to be an indirect cardiovascular
disease detection marker [21]. With reference to CAS detection, one
such correlation was studied by Morgan et al. [22], on 24 patients,
wherein the ocular temperature was correlated (r = — 0.67) to the
degree of stenosis in the carotid artery. Therefore, temperature mea-
surement, especially using IR thermography, could fulfill the need of a
desirable CAS screening modality. In the last two decades, however,
despite the development of sophisticated image processing, object
detection, machine learning, and deep learning algorithms, no IR
thermography-based, highly accurate and clinically proven, CAS
detection method has been reported in the field.

Unlike the previous IR thermography-based CAS detection studies
[21,22], wherein the original thermal image and its mean temperature
were used to classify the two groups of patients (control and diseased),
in the present study, using the original full thermal image, a novel
parametric cold thermal feature image extraction method is proposed.
Moreover, in the past, the target area of thermal scan in such studies was
either the temporal (forehead) or the ocular (eyes) region. The proposed
method is taking the IR thermal scan from either side of the neck,
including the face region. The full thermal image and the extracted
parametric cold thermal feature images were quantitatively analyzed with
the help of statistical features, viz., correlation, energy, homogeneity,
contrast, entropy, mean, standard deviation (SD), skewness, and kur-
tosis. While previous studies were limited to cut-off value-based binary
classification model, in the present study, additionally, support vector
machine (SVM)-based binary classification model was applied on the
statistically significant features, and the respective classification per-
formance is reported.

2. Materials and methods
2.1. Study population

In this prospective study, 40 patients (38 males and 2 females), in the
age group of 45-71 years old (mean = 61.85 years and SD = 6.78 years),
were recruited under the clinical research study approved by Central-
ized Institutional Review Board (CIRB Ref No.: 2017/2119), SingHealth,
Singapore. The patients were recruited at the Vascular Lab of National
Heart Center Singapore (NHCS). Patients with a clinical indication for
carotid DUS for arterial stenosis detection, as identified by the physi-
cians at NHCS, were approached to participate in the study. Patients
with previously known significant stenosis in the subclavian artery or
multiple stenoses or occlusion in cerebral circulation were excluded
from the study.

2.2. Duplex ultrasound examination

Upon signing the informed consent form, the patients undergo the
standard carotid DUS examination performed by the trained sonogra-
pher at NHCS. The stenosis grading, in the Common Carotid Artery
(CCA), Internal Carotid Artery (ICA), and External Carotid Artery (ECA),
was done using a combined morphological (diameter) and hemody-
namic (peak systolic and end-diastolic velocities) criterion [23] as per
the standard grading protocol followed at the Vascular Lab, NHCS.
Studying the carotid artery on each side of the neck as an individual
sample, this study utilized a total of N =80 samples. Based on the
outcome of the DUS examination, the left and right carotid arteries of
the patients were labeled with the stenosis grading (either in the CCA,
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ICA or ECA region of the carotid artery), and hence, the study samples
were divided into 4 subgroups, namely, one Control group as 0% (C)
stenosis and three Diseased groups with 10%-29% (D1), 30%-49%
(D2), and >50% (D3) stenosis, as shown in Fig. 1. Derived from these
four groups, two more groups, namely, extended control (C’: 0%-29%
stenosis) and extended diseased (D’: >30% stenosis) groups, were also
made.

2.3. Infrared (IR) thermography examination

Following the Duplex Ultrasound examination, the patients were
prepared for the IR thermography examination on the same day. As a
part of standard medical thermography protocol, the patients were
asked to rest for 15 min in a temperature-controlled room maintained at
23+ 0.5°C temperature and 50% relative humidity [24]. A passive
thermal scan (with no external stimulation), on either side of the neck
and face region, was taken using VarioCAM IR thermal camera by
InfraTec. The IR thermal camera, equipped with an uncooled micro-
bolometer detector, produces a 2-dimensional (2-D) thermal images
(rows x columns: 240 x 320 pixels) with a temperature resolution of less
than 0.1 °C. Evident from the studies on neck temperature-based pulse
measurement [25,26], the cardiac cyclic nature (systolic and diastolic)
of the blood flow in the carotid artery results in a local and infinitesi-
mally small change in the skin temperature with no effect on the global
temperature maps, a passive image taken at any instant of the cardiac
cycle can be used in the present analysis.

2.4. Parametric cold thermal feature image extraction

The original thermal image, taken on either side of the neck, has
neck, face, head, cloth, and background details, as shown in Fig. 2. For
image noise and background subtraction, the original thermal image,
after converting into a grayscale normalized image with intensity value
in the range of 0-1, was first passed through a 2-D median filter. The
resultant image was then used to calculate a global threshold value using
Otsu’s method [27,28]. The threshold value was calculated as such it
minimizes the intraclass variance of the pixels in the image. Using this
threshold value, a mask image was created. Masking the original ther-
mal image with the mask image resulted in a background-subtracted
image (Fig. 2). Given the temperature of the clothing, on the patient’s
body, is higher than the background (surrounding) but lower than the
skin temperature, if, at all visible in the original thermal image, it was
not masked out entirely in the background-subtracted image. Hence,
manual segmentation was performed to remove the clothing part from
the image; resulting in a cloth segmented full thermal image (Fig. 2).
From the full thermal image, cold thermal feature images were extracted
using a parametric threshold temperature method given by Equation (1).
For a given full thermal image, since the threshold value is derived below
the mean temperature, at a specific k parameter value, the resultant
image is referred to as a cold thermal feature image (Fig. 2).
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Fig. 2. Thermal image processing: normalizing, masking, segmentation, feature extraction, and classification.

Ta =Ty — k(T — T) @

where, Ty is the cold thermal feature threshold temperature (°C) at the
defined k parameter that varies from 0.1 to 0.9 in a step size of 0.1. Ty
and T, are the minimum and mean temperature (°C) value calculated
from all the non-zero pixels in the given full thermal image, respectively.
For the given k value, all the image pixels with temperature value more
than T were replaced with zero (Fig. 2). This resulted in a series of nine
(for k= 0.1 to 0.9) cold thermal feature images.

Unlike the case of tumor, cervical lymph node metastasis, internal
injury, etc. [29], where the presence of pathological condition is defined
by a high-temperature region in the thermal image, in the present study,
aregion of lower temperature is expected to be the indication of stenosis
in the carotid artery [20]. In the presence of stenosis, changes in the
hemodynamics of the carotid artery take place. This results in a lower
rate of heat transfer to the external skin tissue surface and hence appears
as a low-temperature region in the resultant thermal image [15]. To
quantitatively compare the temperature distribution in the thermal
image, between the normal and stenosis cases, statistical features were
used. In all the thermal scans, from each of the full thermal image and its
corresponding nine cold thermal feature images, nine statistical features,
viz., correlation, energy, homogeneity, contrast, entropy, mean, stan-
dard deviation (SD), skewness, and kurtosis, were calculated (Fig. 2)
[301.

2.5. Binary classification

Using the significant statistical features, classification of the two
groups of patients (control and diseased) was done using the cut-off
value and Support Vector Machine (SVM)-based classification models
(Fig. 2). For both the classification models, the performance was eval-
uated with the standard definition (refer supplementary material: S1
Equations (1s) to (5s)) of sensitivity, specificity, accuracy, positive
predictive value (PPV), and negative predictive value (NPV).

2.5.1. Cut-off value-based classification

For each of the extracted significant statistical feature, from each of
the nine cold thermal feature images, a cut-off value was used to classify
the two groups of patients (control and diseased). The optimum cut-off

value was defined using the receiver operating curve (ROC) analysis,
which is widely used for binary classification problems in medical
diagnosis applications [31,32]. In the ROC analysis, at a given cut-off
value, the sensitivity of the classification is plotted against the (1 —
specificity). For a given set of feature values, from the two groups of
patients (control and diseased), several cut-off values are tested and the
optimal cut-off value point, from where the distance to the point of
(sensitivity = 1, 1 — specificity = 0) is minimum [33], is chosen from the
ROC curve. The classification sensitivity and specificity are highest at
this optimal point. Additionally, the area under the ROC curve (AUC)
provides a quantitative measure of classification success: 0.5 is poor,
while 1 is the best classification model.

2.5.2. Support vector machine (SVM)-based classification

In the present study, Support Vector Machine (SVM)-based machine
learning classification was used. SVM is widely applied for medical
thermography-based disease diagnosis applications such as breast can-
cer [34,35], cervical lymph node metastasis [24], knee osteoarthritis
[36], etc. In SVM, for a given set of feature data from the two group of
patients (control and diseased), a hyperplane is introduced such that the
closest feature data points in the two classes (called as support vectors),
on either side of the hyperplane, are well separated from each other. The
objective is to select an optimal hyperplane that maximizes the distance
between the hyperplane and the support vectors [37]. Where the feature
data set is not linearly separable, a non-linear SVM model is used. In
non-linear SVM, the features are mapped into a higher feature space
(called Kernel mapping), from where a linear hyperplane separation is
possible [38]. In the present study, non-linear (RBF: radial basis func-
tion) SVM model was tested (refer supplementary material: S2). To
entirely utilize the available data, a seven-fold cross-validation SVM
model was used [39]. In this model, from the total available samples,
using all the statistically significant features from the full and cold
thermal feature images (Table 1), the samples were randomly divided into
seven subsets. At a time, one subset was used for the training while the
remaining ones were used for the testing. This process was repeated
seven times to ensure the usage of each of the subsets for both training
and testing purpose. To ensure a random mix of the data, in the present
study, the cross-validation model was iterated ten times. At each itera-
tion, of the generated seven training models, the one with the highest
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Table 1

List of significant features (p < 0.05) in various groups of patients.
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k Features Feature average value (+95% CI)
Group (C' and D) Group (C and D1) Group (D2 and D3)
C (N=45) D’ (N=35) p-value  C(N=20) D1 (N=25) p-value D2 (N=23) D3 (N=12) p-value
Full thermal image  Energy 0.53+0.01 0.51+0.01 0.036 NA NA NA NA NA NA
Mean 32.77 £0.13 32.48+£0.18 0.006 32,90 £0.21 32.67 £0.16 0.042 NA NA NA
Skewness —0.48+0.12 -0.25+0.12  0.004 —0.64+0.15 —0.36 £0.16 0.008 —0.31+0.15 —0.10+0.15 0.029
Kurtosis 3.44+0.28 2.97 +£0.28 0.011 NA NA NA NA NA NA
0.1 Mean 31.79+0.10 31.57+0.17 0.017 NA NA NA NA NA NA
SD 0.59 +0.04 0.52+0.04 0.010 0.63 +0.06 0.55+0.05 0.040 NA NA NA
0.2 Homogeneity =~ NA NA NA 0.973+0.004  0.968+0.003  0.028 NA NA NA
Contrast NA NA NA 1.52+0.21 1.81+0.19 0.028 NA NA NA
Entropy 0.57 £0.04 0.61 +0.04 0.044 NA NA NA NA NA NA
Mean 31.54+0.09 31.37+£0.15 0.030 NA NA NA NA NA NA
SD 0.55 +0.04 0.48 +0.03 0.008 0.58 +0.05 0.52+0.05 0.039 NA NA NA
0.3 Energy 0.80 +0.02 0.77 £0.03 0.032 NA NA NA NA NA NA
Homogeneity =~ NA NA NA 0.979£0.003  0.973+0.004  0.022 0.974+£0.004  0.968+0.005  0.035
Contrast NA NA NA 1.21+0.15 1.50 +0.23 0.022 1.45+0.21 1.77 £0.26 0.035
Entropy 0.44 +0.04 0.50 +0.05 0.033 NA NA NA NA NA NA
SD 0.49+£0.03 0.44+£0.03 0.013 0.52+0.05 0.47 £0.04 0.043 NA NA NA
0.4 Energy 0.85+0.02 0.83+0.03 0.042 NA NA NA NA NA NA
SD 0.43+0.03 0.39+0.03 0.028 0.46 +0.04 0.41+0.03 0.032 NA NA NA
0.5 SD 0.38+0.02 0.34+0.02 0.008 0.40 £0.03 0.36 +£0.02 0.038 NA NA NA
0.6 SD 0.31 £0.02 0.28 £0.02 0.004 NA NA NA NA NA NA
0.7 SD 0.24+0.01 0.21+0.01 0.003 NA NA NA NA NA NA
0.8 SD 0.16 £0.01 0.14+£0.01 0.0005  0.169+0.012  0.155+0.009  0.040 NA NA NA
Kurtosis NA NA NA NA NA NA 1.97+0.11 1.83+0.05 0.011
0.9 SD 0.08 +0.004 0.07 £0.01 0.002 0.086+0.006  0.079+0.005  0.032 NA NA NA
Skewness NA NA NA —0.02+0.06 —0.10 +0.05 0.025 —0.16 +0.06 —0.03+0.06 0.003

C: 0% stenosis; D1: 10%-29% stenosis; D2: 30%-49% stenosis; D3: >50% stenosis; C’: 0%-29% stenosis; D’: >30% stenosis; NA: Not Applicable (for non-significant

features with p > 0.05).

classification error was used to report the classification performance
[40]. At the end of the ten iterations, the average values (+confidence
interval) of the performance parameters, viz. sensitivity, specificity,
accuracy, PPV, and NPV, were reported.

2.5.3. Classification strategy
In clinical settings, accurately screening patients with 30% or more

stenosis (vulnerable/unstable: more likely to rupture) is of more
importance than less than 30% stenosis [41], such that the false-positive
cases are affordable over the false negative ones. To evaluate the clas-
sification performance in such a case, in the present study, extended
groups C' and D' were classified first, and then a sub-classification of
groups C' and D’ into the group (C and D1) and (D2 and D3), respec-
tively, was performed (Fig. 3).

Full thermal

image

Cold thermal feature
image extraction

Binary classification

0%-29% Stenosis
(C’: C+D1)

Binary classification

0% stenosis

(C)

10%-29%

stenosis (D1)

> 30% stenosis
(D’: D2+D3)

Binary classification

> 50% stenosis
(D3)

30% - 49%
stenosis (D2)

Fig. 3. Binary classification flow chart for control (C: 0% stenosis), diseased (D1: 10%-29% stenosis; D2: 30%-49% stenosis; D3: >50% stenosis; and D: > 10%
stenosis), extended control and diseased (C’: 0%-29% stenosis; D’: >30% stenosis) groups of patients.
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2.6. Data analysis

Extraction of the cold thermal feature images from the original full
thermal images, statistical feature calculation, evaluation of statistically
significant features, followed by the classification of patients using cut-
off value and SVM-based classification models, (Fig. 2), the processing
was done in MATLAB toolbox (academic license version: R2017B) by
MathWorks. To determine the statistical significance of the difference in
the target skin surface temperature and the calculated statistical features
for the full and cold feature thermal images, between the two groups of
patients (control and diseased), student’s t-test, with a significance level
of 0.05 (p-value), was used. Shapiro-Wilk test [42] was used to test the
data normality. Non-parametric Mann-Whitney U test was applied [43]
for data failing normality test. Average values, of any of the measured or
calculated quantities, are reported with 95% confidence interval (95%
CD.

3. Results

Fig. 4 shows the ultrasound images of the internal carotid artery
(ICA), in a single patient from each of the four groups of patients,
namely, C, D1, D2, and D3 (Fig. 1), in the increasing order of stenosis
degree. Adjacent to the ultrasound images, in Fig. 4, the full thermal
images are shown. With a qualitative visual inspection, it can be
observed that the overall temperature distribution changes from group C
to D3. In each patient, using Equation (1), nine cold thermal feature im-
ages were extracted at parametric k values ranging from 0.1 to 0.9.
Corresponding to the full thermal image, Fig. 5 shows the cold thermal
feature image, for a single patient in each group, at k =0.1, 0.4, and 0.7.
As the k value increases, the region of thermal feature diminishes, while
for the same k value, the thermal feature becomes more prominent as the
stenosis degree increases from group C to D3.

In each patient, from the full thermal image and its nine sub-images
(cold thermal feature images at k=0.1 to 0.9), statistical features, viz.
correlation, energy, homogeneity, contrast, entropy, mean, standard
deviation (SD), skewness, and kurtosis, were extracted. Based on the
classification strategy, in Fig. 3, feature statistical significance
(p < 0.05), between the classification groups (C' and D’), (C and D1), and
(D2 and D3), was evaluated and summarized in Table 1.

Considering each of the significantly different statistical features,
extracted from the full thermal image, the performance of cut-off value
based binary classification is summarized in Table 2. Among the three
classification groups, skewness was found to be the only common sig-
nificant feature that provides the highest classification accuracy. Mov-
ing on, the significantly different statistical features, extracted from the
cold thermal feature images, were used to perform the cut-off value-based
classification (refer supplementary material: Tables S1 and S2). For the
classification group (C' and D), of all the statistical features among cold
thermal feature images, standard deviation (SD) was found to be the only
significantly different feature at all the values of k (Table 1 and Fig. 6a).

Choosing the best performance feature, Table 3 summarizes the re-
sults of cut-off value-based classification and Fig. 6b shows its corre-
sponding ROC curve. While the group (C’' and D’) was found to have best
classified using the full thermal image itself, use of cold thermal feature
images, at k =0.2 and 0.9, was found to have performed better for the
sub-classification of groups (C and D1) and (D2 and D3). Even though
the features are significantly different, the performance of the cut-off
value-based classification was found to be poor; therefore, in the pre-
sent study, the SVM-RBF model was applied to perform the classifica-
tion. Using all the significant features (Table 1) from the full thermal
image and its sub-images (cold thermal feature images), Table 4 summa-
rizes the outcome of the SVM classification.

4. Discussion

As per clinical DUS evaluation, using both the B-mode and color
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doppler 2-D ultrasound images, the original and the reduced (due to
stenosis) blood vessel diameter boundaries were marked (Fig. 4). While
the peak systolic blood flow velocity in these single patients, from group
C, D1, D2, and D3, was found to be 71, 55, 60, and 33 cm/s, respectively,
the end-diastolic blood flow velocity was found to be 21, 13, 17, and
4 cm/s, respectively. The average (+95% CI) peak systolic velocities, in
group C, D1, D2, and D3, were 61.1 + 8.5, 57.8 +4.7, 67.7 +11.3, and
117 +53.5 cm/s, respectively, and the average end-diastolic velocities
were 22.5+3, 20.9+2.2, 23.4+4.3, and 39.3 +21.7 cm/s, respec-
tively. Given the group D3 has a wide range of stenosis degree cases
(from 50% to near occlusion) and presence of multiple location stenosis
in the CCA, ICA, and ECA region, it resulted in a high 95% CI velocity
value. With the reduction in the diameter, from group C to D3, the blood
flow velocity tends to increase, which is accompanied by the formation
of recirculation zone past the stenosis and reduction in the adequate
blood volumetric flow [44-46]. This affects the surrounding tissue heat
transfer, which is expected to result in variational temperature features
on the outer skin surface [5,15]. To quantify this temperature change, in
the present study, thermal images were used and the classification
performance, among the groups of control and diseased patients, was
evaluated as illustrated in Fig. 3.

In Fig. 4, while for the group C patient, the temperature distribution
is observed to be more uniform within high-temperature zones
(31°C-34°C), for group D1 to D3, as a result of presence of stenosis in
the carotid artery, the temperature distribution resulted into cold tem-
perature zones (29 °C-32°C). The mean (+95% CI) temperatures, in
group C, D1, D2, and D3, were found to be 32.90 + 0.21, 32.67 +0.16,
32.524+0.23, and 32.39 +0.27, respectively; mean temperature de-
creases with the increase in degree of stenosis in the carotid artery [22].
As per the proposed classification strategy (Fig. 3), the mean tempera-
ture in extended classification group (C' and D’) was found to be
significantly higher for group C (C: 32.77+0.13 versus D’:
32.48 +0.18, p=0.006). For the sub-classification groups (Table 1),
while the mean temperature was significantly different in (C and D1), it
was insignificant in the group (D2 and D3). Therefore, in addition to the
mean temperature feature, more statistical features were extracted from
the full thermal images. In the classification group (C' and D'), Energy,
Skewness, and Kurtosis features were also found significantly different.
Moreover, while in the classification group (C and D1), Skewness feature
was also found significant, in the classification group (D2 and D3), only
Skewness was found significant (Table 1). Using these significant fea-
tures, the cut-off value-based classification of groups (C' and D), (C and
D1), and (D2 and D3) yielded the highest accuracy of 69%, 64%, and
70%, respectively, for the Skewness feature (Table 2). Using the Skew-
ness feature, in the present study, the sensitivity of classifying the pa-
tients with >50% stenosis (group D3), using cut-off value-based binary
classification model, was found to be 80%, which is around 40% and
864% better than the one achieved using mean temperature in the work
of Capistrant and Gumnit (57%) [20] and Morgan et al. (8.3%) [22],
respectively (Fig. 7).

To further enhance this classification, in the present study, the pro-
posed cold thermal feature image extraction method was applied (Equa-
tion (1)). For the classification group (C' and D’), at all the k values,
though SD feature was found to be significantly different (Table 1),
except at k = 0.4, the feature value overlap, between the two groups of
patients, was found to have decreased with the increase in k value. This
is further corroborated from the AUC curve that shows an increasing
trend (linear regression, R?> = 0.68) with the k value increment (Fig. 6a).
A lower R? value is the result of the catastrophic change in the AUC
value at k = 0.4 and 0.8. While at k = 0.4, the lower AUC is the result of
the high overlap in the feature values that resulted in a high p-value of
0.028, at k = 0.8, a high value of AUC is the result of the low overlap in
the feature values that resulted in a lower p-value of 0.0005 (Table 1).
Corresponding to these AUC values, at k =0.1 to 0.9, the classification
model performance, in terms of sensitivity and specificity, can be found
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Fig. 5. Cold thermal feature image (at k = 0.1, 0.4, and 0.7) for a single patient from each of C, D1, D2 and D3 groups.
Table 2
Performance of the cut-off value-based binary classification model for various groups of patients using significant features from full thermal images.
Groups Thermal feature cut-off value Sensitivity (%) Specificity (%) AUC Accuracy (%) PPV (%) NPV (%)
C' and D’ Energy: 0.51 64 53 0.57 58 50 67
Mean: 32.69 61 62 0.67 62 54 68
Skewness: -0.42 79 62 0.68 69 60 80
Kurtosis: 3.12 70 60 0.64 64 56 73
C and D1 Mean: 32.83 64 65 0.64 64 70 59
Skewness: -0.45 56 75 0.68 64 74 58
D2 and D3 Skewness: -0.19 80 65 0.67 70 50 88

C: 0% stenosis; D1: 10%-29% stenosis; D2: 30%-49% stenosis; D3: >50% stenosis; C': 0%—29% stenosis; D’: >30% stenosis; AUC: Area under the receiver operating
characteristics (ROC) curve.
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Fig. 6. (a) Standard deviation feature versus k for extended groups C' and D’
and its binary classification performance in terms of area under the receiver
operating characteristics (ROC) curve (AUC) (b) ROC curve to evaluate opti-
mum classification cut-off value point for groups (C' and D’), (C and D1), and
(D2 and D3) for features skewness, contrast, and skewness, respectively, from
full and cold thermal feature images.

in the supplementary material (Tables S1 and S2). For SD feature, the
highest AUC value of 0.72, at k = 0.8 cold thermal feature image, resulted
in a sensitivity and specificity of 73% and 63%, respectively. On the
other hand, with slightly lower specificity, the skewness feature,
extracted from the full thermal image, resulted in an improvement of 8%
in the sensitivity of the classification (Table 3). In the sub-classification
groups, (C and D1) and (D2 and D3), cold thermal feature images at
k=0.2 and 0.9, respectively, provided the highest classification
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performance (Table 3).

In contrast to the cut-off value-based binary classification model, the
SVM-RBF model resulted in a better performance. Given that the SVM-
RBF was tested using cross-validation, an average value (£95% CI) of
the classification performance is reported in Table 4. For the extended
group classification (C' and D'), the sensitivity to classify patients with
>30% stenosis in the carotid artery (D’) was found to be 89%, which is
10% higher than the best cut-off value-based model. With an improve-
ment of 56% from cut-off value model, the specificity of SVM-RBF model
classification (classify patient with <30% stenosis) was found to be 97%.
In the sub-classification groups, compared to the cut-off value model,
while SVM-RBF model resulted in a substantial improvement in the
sensitivity and specificity of classification in the group (C and D1), with
a similar sensitivity of 80%, specificity improvement of 33% is observed
in the group (D2 and D3) (Fig. 7). For all the three groups, while the cut-
off value-based classification model resulted in an accuracy of around
70%, the accuracy of the SVM-RBF classification model was 92% or
higher (Tables 3 and 4). Given that the SVM-RBF model has utilized all
the significant features (Table 1) to perform the classification by map-
ping the features in a high-dimensional feature space, on the contrary to
the cut-off value model, SVM-RBF model resulted in high classification
performance. Though justified against the literature [40,47-49], the
results of this study are limited by the number of samples. In the past
studies on medical thermography-based disease diagnostic applications,
utilizing cross-validation technique, high dimensional features extracted
from small sample sizes of 50 (25 in each class) [30,34] and 90 (45 in
each class) [24] were used to perform the SVM-based binary classifi-
cation. Given the use of SVM model for thermography-based disease
diagnostic applications in the past studies, to prove the potential of
improving the classification performance from the cut-off value-based
model for carotid stenosis detection [20], the present study is limited to
the use of SVM-based machine learning model only. With the demon-
strated high performance with the SVM model, this study paves the path
for the future studies on the evaluation of the best machine
learning-based classification model, along with the application of deep
neural network-based classification [50-52].

5. Clinical outlook

Currently, there is no temperature-feature based non-invasive and
non-contact carotid stenosis screening test available. The proposed
thermography-based screening tool offers a fast and easy-to-use diag-
nostic. On average, a carotid ultrasound takes about 30 min that requires
a trained sonographer to perform the examination and analyse the re-
sults thereafter [53]. With thermography, it takes only a few seconds to
perform the examination once the patient is positioned appropriately.
This time is, however, excluding the 15-min waiting time to bring the

Table 3

Performance of the cut-off value-based binary classification model for various groups of patients using significant features from full and cold thermal feature images.
Groups k Thermal feature cut-off value Sensitivity (%) Specificity (%) AUC Accuracy (%) PPV (%) NPV (%)
C' and D’ Full thermal image Skewness: -0.42 79 62 0.68 69 60 80
C and D1 0.2 Contrast: 1.54 72 65 0.68 69 72 65
D2 and D3 0.9 Skewness: -0.09 80 65 0.76 70 50 88

C: 0% stenosis; D1: 10%-29% stenosis; D2: 30%-49% stenosis; D3: >50% stenosis; C': 0%—-29% stenosis; D’: >30% stenosis; AUC: Area under the receiver operating

characteristics (ROC) curve.

Table 4

Performance (+95% CI) of the SVM-RBF binary classification model for various groups of patients using all the significant features.
Groups Number of features Sensitivity (%) Specificity (%) Accuracy (%) PPV (%) NPV (%)
C' and D’ 19 89.4+1.0 97.3+0.9 94.1+0.5 95.8+1.3 93.0+0.6
C and D1 14 96.4+1.8 87.8+1.9 92.6 £0.7 90.8+1.2 95.3+2.2
D2 and D3 5 80.3+£5.0 97.6+1.5 92.7+1.2 93.8+3.9 92.7+£1.7

C: 0% stenosis; D1: 10%-29% stenosis; D2: 30%-49% stenosis; D3: >50% stenosis; C’: 0%—-29% stenosis; D’: >30% stenosis.
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Fig. 7. Performance comparison to classify patients with >50% stenosis (D3).

body in thermal equilibrium with the ambient condition [54]. It should
be noted that unlike a carotid ultrasound, the patient is not under ex-
amination for this 15-min waiting time. According to the MDsave cost
estimation website [55], the cost of carotid ultrasound ranges from US
$217 to US$700. Though the cost of the thermography-based exami-
nation is not estimated yet, intuitively, with no need for a bulky set-up,
highly skilled operator, and reduced time of examination, it is expected
to be a relatively low-cost examination [56]. Further, only the high-risk
patients as detected by the proposed low-cost thermography-based
screening shall be prescribed for further investigative diagnostics,
hence, complementing the current clinical stenosis diagnosis. Relatively,
such a screening examination will be more beneficial to the low and
middle-income countries, where both the stroke-related deaths [57] and
the patient to medical facilities ratio are high [58-60]. Other than the
symptomatic carotid stenosis group of patients, given there is a possible
relation between carotid stenosis and postoperative stroke incidences,
carotid ultrasound scans are performed before the cardiac surgical
procedures like coronary artery bypass grafting [61]. In a study on 295
patients undergoing by-pass surgery, only 72 were found to have sig-
nificant stenosis [62]. Therefore, based on factors like female sex, pe-
ripheral vascular disease, history of transient ischemic attack or stroke,
smoking, and coronary artery disease, correlations were explored to
perform a preoperative carotid ultrasound on high risks patient only
[63]. However, this adds to the cost and time burden on the overall
treatment. In such a scenario, thermography could be an alternative
carotid screening solution. Additionally, for asymptomatic patients,
mass-screening for even high-risk patients (age, smoking, alcohol, dia-
betes, etc.) is not recommended. According to the Society of Vascular
Surgery (SVS), screening all 60-year-old high-risk patients with DUS
would cost £17 million (US$21 million). This will result in preventing
about 230 strokes annually in the UK, which represents only 0.2% of the
annual UK stroke burden [64]. Hence, the cost versus advantage is not
justified. However, with the expected low-cost thermography-based
screening tool, the cost versus advantage ratio may justify the imple-
mentation of such a mass screening.

6. Conclusions

In the present study, infrared (IR) thermography images were used to
evaluate the presence of stenosis in the carotid artery. The intended
patient classification study was performed on three classification
groups, namely, (C’: 0%-29% stenosis and D’: >30% stenosis), (C: 0%
stenosis and D1: 10%-29%), and (D2: 30%-49% and D3: >50% steno-
sis). From the background-subtracted original thermal image (referred
to as full thermal image), using a novel parametric thermal feature
extraction method, cold thermal feature images were extracted. Using the
significant statistical features from both the full and cold thermal feature

images, the binary classification problem was solved using the cut-off
value and SVM-RBF classification models. With the demonstrated high
sensitivity, specificity, and accuracy of the SVM-RBF classification
model, this preliminary study suggests the potential of an IR
thermography-based fast, non-contact, and non-invasive screening test
for carotid artery stenosis disease. To generalize the findings, the
demonstrated method needs to be tested in a large cohort clinical study,
along with the use of a multi-class classification approach.
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