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Abstract

Purpose Inflammation plays an essential role in the pathogenesis of atherosclerosis. The
study aims to adjunct the standard biomarker, high-sensitivity C-reactive protein test against
the non-contact medical thermography for the prognosis of cardiovascular events among
diabetic subjects.

Mthods The decrease in the skin surface temperature at the posterior region of the tibia
indicated statistical significance. Pearson's positive correlation between the variables HbA ¢
and hs-CRP was observed among the diabetic subjects.

Results The artificial neural network classifier resulted in an accuracy of 89.8%, a sensitivity

of 88%, and a specificity of 91.7%. Among the diabetic subjects, hs-CRP was negatively
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correlated with the statistical feature, the entropy that could predict the poor perfusion of the
vasculature (R?=0.622).

Conclusionn The skin surface temperature of the tibial region measured at the anterior
(AUC: 0.694) and posterior region (AUC: 0.832) were significant against the hs-CRP, an
invasive method. Thus, the thermal imaging method measured at the tibial (posterior) region
may aid as a non-invasive screening tool for early diagnosis of cardiovascular events among

diabetic subjects.

Keywords: Type 2 diabetes, Cardiovascular disease, Inflammation, Thermal infrared

imaging, high-sensitivity C-reactive protein

INTRODUCTION

Type 2 diabetes mellitus (DM) has been alarmingly growing worldwide due to its
irreversible complications and high prevalence [1]. Clinical evidence indicates that people
with type 2 diabetes are at higher risk of macro and microvascular complications. The
metabolic abnormalities caused by this disorder lead to vascular dysfunction that inclines the
diabetic population to atherosclerosis [2]. According to the American Heart Association
(AHA), diabetes is one of the major risk factors for cardiovascular diseases (CVD). Diabetes
boosts the incidence of and escalates the prevalence of atherosclerosis [3]. The origin of
atherosclerosis is an inflammatory process that leads to vascular endothelium injury [4, 5]. If
there is an uncontrolled blood glucose an increased insulin level, the lining cells of the blood
vessels not only decrease the production of Nitrous Oxide (NO) but also increase the
production of substances that constrict the blood vessel, further encouraging plaque formation
[6]. Early detection of atherosclerosis among diabetic subjects is the primary objective in
reducing the risk of diabetic vascular complications to aid in decreasing the risk of morbidity

and mortality.
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The diagnosis of CVD is being carried out based on blood tests, echocardiography,
cardiac catheterization, Electrocardiogram (ECG), and cardiac Magnetic resonance imaging
(MRI). The gold standard method to diagnose CVD is a lipid profile-based biochemical
marker. A lipid profile is a group of blood tests used to assess the risk of developing
cardiovascular disease. It consists of high-density lipoprotein (HDL), low-density lipoprotein
(LDL), total cholesterol (TC), and triglycerides. Elevated LDL cholesterol and decreased
HDL pose a high risk of developing a block in the blood vessels [7]. According to American
Heart Association (AHA), a low level of HDL (< 40 mg/dl in Men and <50mg/dl in Women)
is highly associated with an elevated risk of CVD. The increased TC/HDL ratio is a better
and simpler cumulative marker of the presence of atherogenic dyslipidemia [8].

Low-grade inflammation is a precursor during the pathogenesis of atherosclerosis.
The inflammatory biomarker predicts CVD risk at an early stage and is a valuable tool for
risk evaluation of cardiovascular events. Based on various epidemiological studies, the most
assuring marker for systemic inflammation is high-sensitivity C-reactive protein (hs-CRP)
associated with future cardiovascular risk assessment [9]. According to AHA, the reference
range of the group is defined as Low risk (hs-CRP <1mg/dl), Intermediate risk (1-3 mg/dl),
and High risk (> 3mg/dl) [10]. Thermal infrared imaging is a non-invasive, non-contact, and
low-cost imaging modality for determination of the skin surface temperature that measures
the thermal infrared energy radiated from the body surface.

Based on the principle of Stefan-Boltzmann law [11].

W =eoT?*

W is the total radiant energy emitted by the human skin surface, € is the emissivity, o is the

Stefan-Boltzmann constant, and T is the absolute temperature.
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The emissivity measures the material's ability to radiate the absorbed energy. Human
skin acts as a black body with an emissivity of 0.98 [12]. The body temperature is a good
indicator of health; the skin surface temperature difference of 0.5°C and above in the contra-
lateral region indicated possible illness [13]. Medical thermography is a screening tool for
various diseases such as breast cancer, diabetes, peripheral vascular disease, and rheumatoid
arthritis [14-16]. The limitations of the conventional technique are less accurate, invasive,
repeated blood sample extraction is not recommended, the onset of the disorder may go
unnoticed until a serious health issue arises. Further, there is no standard biomarker for CVD
diagnosis [17, 18].

This study aims to evaluate the potential of medical thermography as a screening tool for the
early diagnosis of atherosclerosis among type 2 diabetic subjects through non-invasive
means. The present study determined to test the potential of skin surface temperature at the
tibial (posterior) region; further, the same ROI was used to extract the features to increase the
diagnostic accuracy of this study. The statistical parameters derived from the Statistical
Package for Social Science (SPSS) tool and the Gray Level Co-occurrence Matrix (GLCM)
features extracted using MATLAB tool from the region of interest (ROI). Figure 1 shows the
work flowchart and the study population was classified based on the biomarker, the skin
surface temperature measured directly from the Forward Looking Infrared (FLIR) thermal
software. Further, the tibial posterior region was selected with ROI through MATLAB tool to
extract the GLCM features from the ROI. The neural network model supported by MATLAB

tool was used to study the diagnostic efficacy.

A. Subject and Study design

The health screening camp was conducted at SRM Medical College Hospital and

Research Centre, Kattankulathur, Tamilnadu, India. The institutional ethical clearance
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granted permission to perform the study. Both in-patients and out-patients who participated in
this screening camp submitted informed consent forms. A total of N=54 subjects of both
genders aged between 24 and 76 years participated in this study. n=5 subjects were excluded
from the study due to confounding factors. A detailed questionnaire analyzes the health
conditions of the subjects involved in the camp. Subjects with fever, thyroid, and arthritis

were excluded based on information procured from the questionnaire.

Data Collection

N=49
n=24 control, n=25
diabetic
I
y
Biochemicaland
) . Thermallmages
Physiological
parameters
' i . N
Image Processing

Temperature L MATLAB )

analysis |
FLIR tool Preprocessing

~ )
I SPSS Featu_re
Extraction

C Texture analysis )

Accuracy . .
Sensitivity Feature selection
Specificity = T /
ROC Curve ANN

Fig.1. The flowchart describing the process of data investigation

B. Physical, Physiological and Biochemical parameters

Page No: 5



Journal of Systems Engineering and Electronics (ISSN NO: 1671-1793) Volume 34 ISSUE 8 2024

Anthropometrical measurements height (cm), weight (Kg), neck circumference (cm),
arm circumference (cm), waist circumference, and hip circumference (cm) using the standard
techniques were acquired. Body mass index (BMI), Systolic blood pressure (SBP), and
diastolic blood pressure (DBP) in mmHg were measured using a sphygmomanometer. The
blood test results obtained the HbAic (%), TC (mg/dl), HDL (mg/dl), LDL (mg/dl), and hs-

CRP (mg/dl).

C. Thermal image acquisition procedure

Thermal infrared radiation emitted by the skin surface depends on environmental conditions
such as humidity, airflow, and surrounding temperature. Hence, it is an absolute necessity of
thermal image acquisition that requires a controlled environment. During the thermography
procedure, the study subjects are all accommodated to the controlled room temperature
maintained at 23°C for 15 minutes and the humidity at 40% [19]. The image acquisition room
was devoid of secondary light sources like direct sunlight. The body regions of the study
subjects were disrobed, and the wearing of the metallic ornaments was restricted. The thermal
imaging captured at a distance of 1m from the positioning of the thermal camera (FLIR
A305sc) is shown in Figure 2. The contralateral regions of the study subjects are acquired

based on the region of interest (ROI).
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Figure 2. Thermal image acquisition system

This thermal camera operates in the spectral range of 7.5 um — 13 um long wavelength
infrared region (LWIR); it has an IR resolution of 320x240. Further, it provides optimized
image details indicating the temperature difference with thermal sensitivity of <0.05°C @
+30°C (+86°F) and Noise Equivalent Temperature Difference (NETD) of 50 mK. The
camera used (FLIR A305sc) is an uncooled microbolometer, the drift due to heating is very
minimal. Furthermore, the chemical coolant was used to calibrate the camera before the start

of an image acquisition process.

The thermal images were captured, stored, and analyzed using FLIR thermal camera-
supported software Quick Report. This software enabled various palettes (Artic, Rainbow,
Grayscale, Iron, and Lava) to visualize the acquired images. Furthermore, this software has
measurement tools to support the analysis of desired ROI of spot, box, ellipse, line, and delta
functions to give the maximum, minimum, and average temperature of the selected ROI. The
temperature scale with minimum and maximum temperature settings was used to maintain
uniformity among the study images. Among the software tools for thermal images, the box

tool preferred to record the mean skin surface temperature.

D. Thermal image preprocessing and analysis

The most vital part of image processing for image classification or pattern recognition is the
preprocessing of the raw data of the thermal images. It is of utmost importance to eliminate
the pixel artifacts and reduce noise in the image by applying a low-pass filter. The following

algorithm depicts the steps to follow.
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Step 1: Convert the thermal image into a grayscale image

Step 2: Crop the ROI manually

Step 4: Resize the image to 256x128 size

Step 3: Apply Averaging filter

Step 4: Adjust the contrast

Based on the analysis, the tibial region indicates statistical significance to consider the
ROI of the study. Noise refers to a high spatial frequency; the averaging filter reduces the
noise by applying a low-pass filter to suppress the high frequency while preserving the edges
and contour [20-21]. The texture analysis was implemented over the ROI in this study to
identify valuable information about the structural arrangement of the surfaces [22]. The
texture analysis of an image depicts the various statistical and gray-level co-occurrence

matrix (GLCM) features.

The analyzed images resulted in computerized data to study the further tests based on the
Statistical Package for Social Sciences (SPSS) tool. Mean and standard deviation of all the
study parameters with a statistical significance assumed at p<0.05. The Pearson correlation
depicted among the study group indicates the correlation among the measured parameters.
The independent samples t-test shows the clinical; biochemical, skin surface temperature of
the body regions, and GLCM features. The receiver operating curve (ROC) analysis
measured the parameter that can distinguish between two diagnostic groups. The accuracy
among the biochemical parameters and surface temperature of body region for diagnosis of
early vascular disorder among type 2 diabetic subjects was studied. Pearson correlation is

selected to study the significant GLCM features correlated with HbAi. among the diseased

group.
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Fig.3 Architecture of the proposed Neural Network portraying the input, hidden,
output layer and output neuron

The classification of subjects using a neural network from the MATLAB toolbox. The
network has an input, hidden layer, output layer and output. A two-layer feed-forward
network with sigmoid hidden and softmax output are used for classification. The network was
trained with scaled conjugate gradient back propagation (Figure 3). The input parameters
extracted from GLCM such as Entropy, Energy, Skewness, Kurtosis, Correlation and
Moment 3 are used. The selected features were normalized and mapped to the bound [0, 1]

and then fed to the classifier to obtain accuracy, sensitivity, and specificity.

Literature Survey

Elsayed et al., (2023) studied the standards of medical care of diabetic subjects recommended
for systematic analysis of cardiovascular events. Cardiovascular diseases may have several
microvascular and macrovascular complications due to uncontrolled diabetes [23]. Chu and
Chen et al., (2021) developed a neural network-based CVD prediction model among the
diabetic population using a Machine Learning algorithm. The results were of less acurate at
76.6% and the Area Under the Curve (AUC): 0.91. Plaque deposition under blood vessels is
considered one of the serious risk factors of cardiac events, and the early detection of plaque
formation may aid the therapy and prevent mortality rate. Arterial wall thermography is used

as a diagnostic tool for cardiovascular diseases [24-25].
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Results

As per the American Diabetes Association (ADA), the diagnostic criteria of DM was
set at HbA 1> 6.5%. A total of N=49 subjects participated in the study; they were classified
into control (n=24) and diabetic (n=25) based on the biochemical results. Thermal images
obtained among the study group depict the temperature analysis of the contralateral regions
of the various body regions such as the forehead, inner canthus, nose, neck, carotid,
tympanic, palm, forearm, foot, anterior and posterior part of the knee, and tibia. The
biomarkers of the following type were studied to classify and diagnose the subjects based on
HbA ., lipid profile, and hs-CRP. Further, the skin surface temperature of the control subject
(Figure 4) measured at the posterior view of the tibial region indicates an average skin
temperature of 32.75°C.

Table 1 depicts the demography of the study parameters like age (p<0.01), SBP
(p<0.05), HDL (p<0.001), HbAc (p<0.01), hs-CRP (p<0.01) and TC/HDL ratio (p<0.05)
between the study groups. The analysis of the mean skin surface temperature of the tibial
region of a diabetic subject indicated the temperature of 32.05°C which is 0.7°C (Figure 5)

less than the diseased group with p< 0.01.

Fig.4 The tibial skin surface temperature of a healthy subject depicted the mean value
of 32.75°C at the contralateral region
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Fig.5 The tibial skin surface temperature of the CVD patient depicted a significant decrease
in temperature with a mean value of 32.05°C at the contralateral region

In this study, the hs-CRP is a low-grade inflammatory biomarker identified as a valuable tool
for the risk evaluation of early cardiovascular events. Figure 6 illustrates the positive
correlation between the HbAi. and hs-CRP among the study group (r=0.539, p<0.01); this
shows that diabetic subjects are more prone to cardiovascular events. Figure 7 demonstrates a
negative correlation between inflammatory marker hs-CRP and the skin surface temperature
of the tibial posterior region (r = -0.771, p<0.01) among the diseased group (Table 2). An
increase in hs-CRP causes a decrease in the skin surface temperature of the posterior area of
the tibia. The above-stated may be due to increased insulin resistance and stenosis of the

blood vessels in the tibial artery to cause poor blood perfusion to the lower extremities.

In this study, multiple statistical parameters resulted from the ROI of the thermal images.
Table 2 shows the mean and standard deviation of all the extracted features. The first moment
about the mean is always zero, and six other parameters were selected based on Pearson
correlation (table 3) with high significant levels with p<0.01. Entropy, highly correlated with
HbA|., is a prominent parameter fed into the neural network pattern recognition tool of
MATLAB software which indicated overall accuracy of 89.9%, sensitivity of 88%, and

specificity of 91.7% (Figure 8).
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Parameters Mean + SD p value
Control (n=24) Diabetic (n=25)
Age (Years) 3816 55+£10 0.03%*
“PBMI (Kg/m?) 26 +4 275 NS
*WC (cm) 89+ 10 95+10 NS
°HC (cm) 99 + 10 103+ 11 NS
Neck (cm) 35+4 34 +3 NS
Arm (cm) 30+3 29 +2 NS
4SBP (mmHg) 115+ 10 123 £ 20 0.05*
*DBP (mmHg) 75+£8 75 £16 NS
fTC (mg/dl) 159 £21 166+ 52 NS
gHDL (mg/dl) 53+ 14 41+ 10 0.03%*
"LDL (mg/dl) 102 £ 22 105 + 36 NS
HbAic (%) 5.3%£0.3 7.9+1.7 0.00%**
hs- CRP (mg/dl) 0.9 £0.58 4.54 £5.64 0.00%*
TC/HDL ratio 3.28 £1.09 4.07 £1.06 0.05*
Body region (°C)
Forehead 34.6 £ 0.64 34.4 £ 0.60 NS
Inner canthus of 35.5+£047 35.4+£0.35 NS
eye
Nose 33.0+1.24 33.1£1.60 NS
Neck 34.4 £0.59 34.1 £0.57 NS
Palm 33.6 £1.25 33.7+1.47 NS
Forearm 33.1+£0.70 33.3+£0.81 NS
Carotid 34.6 £0.56 344 £0.52 NS
Tympanic 35.8£0.54 35.7+0.44 NS
Knee Anterior 32.2+0.98 32.5+£0.99 NS
Knee Posterior 33.2+0.77 33.2+0.77 NS
Tibia Anterior 32.5+0.98 31.0+£0.79 NS
Tibia posterior 32.7+0.79 32.1+0.60 0.017%*
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Metatarsal 30.5+1.82 30.5 +1.87 NS
Midtarsal 31.3+£1.60 31.2+1.70 NS
Heel 30.1 +1.80 302 +£2.12 NS

Tablel. Demography of the study population

* Significance level p<0.05
** Significance level p<0.01

2Body mass index

bwaist circumference
“Hip circumference
dSystolic blood pressure

¢ Diastolic blood pressure
Total Cholesterol

gHigh density lipo protein
"Low density lipo protein
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Fig. 7. Pearson correlation between hs-CRP and tibial posterior region temperature (°C)
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Table 2. Extracted features from the region of interest

Features Mean + SD

Control ( n=24) Diabetic (n=25)
Mean 187.59 £32.18 148.59 +32.61
STD 63.28 £5.39 60.41 £7.08
Median 204.1458 +43.38 152.04 +45.89
Energy 494049.39 17416 273493.60 £101811
Skewness -1.65 +0.93 -0.44 +0.82
Entropy 4.745 £ 0.9354 5.641 £0.8364
Kurtosis 5.644 + 1.94 3.692 +1.27
Contrast 2.50 £ 0.977 1.51 £0.96
Correlation 0.47 £0.17 0.68 £0.169
ASM 0.31+0.15 0.22 +0.11
Homogeneity 0.88 +.031 0.85 +0.02
Moment 2 0.06 +0.014 0.05+0.13
Moment 3 -0.02 £0.017 -0.009 +0.016
Moment 4 0.023 £0.012 0.014 £0.012
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Table 3. Pearson correlation of the selected features versus the vital parameters

Parameters Features selected

Energy Skewness  Entropy  Kurtosis  Correlation =~ Moment 3
Age -0.526%*  -0.468** - -0.451* 0.511%* -0.555%*%*
HbA|c -0.554%%  0.504** -0.500%*  -0.515**  0.505%* 0.468%*
hs-CRP - - -0.799%* - - -
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Fig. 8. The confusion matrix of the study parameters

Among the diseased group, the hs-CRP negatively correlated with the statistical
feature entropy (Figure 9) to demonstrate that the diabetic subjects with high hs-CRP will
have low entropy from which one can predict whether diabetic study participants are prone to
any cardiovascular events. The Receiver operating characteristics curve (ROC) based on the
biomarker as shown in figure 10 indicated the AUC: 0.838. The ROC curve of the non-
invasive tibial anterior region (figure 11) and tibial posterior region (figure 12) represents an
overall AUC of 0.694 and 0.832 of diagnostic accuracy respectively.
Discussion

It was observed from the lipid profile that there was a high prevalence of CVD among
the diabetic population, in which only 36% of the diabetic population lie in the normal range
of lipid profile. Srivastava et al., (2018) study revealed a similar pattern where the HDL was
found to be decreased significantly among the diabetic group. The decreased in HDL pose a
high risk for CVD among the diabetic subjects. Further, the cause of a diminished anti-
oxidant, anti-inflammatory, and vasodilator properties also related with decreased HDL [26]

[Abdissa et al., (2022)]. The positive correlation of the SBP with the HbA . indicates that the
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increased blood glucose level increases the risk of atherosclerosis, which in turn leads to poor
blood perfusion in the tibial region Benjamin et al., (2020), Fuchs et al., (2020) [27-29]. As
hs-CRP is a low-grade inflammatory biomarker, the increase in the hs-CRP indicates
inflammation due to irregular atherosclerotic plaque in the vascular intima Sharif et al.,
(2021) [30]. The above-stated could be due to the chronically elevated blood sugar causing a
decrement in Nitric oxide (NO) production that develops plaque by obstructing the blood

flow Oguntibeju (2019), Buthariu et al., (2022) [31, 32].
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Fig. 9. Pearson correlation between hs-CRP and Entropy
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Figl1. ROC of the skin surface temperature of the Tibial (anterior) region
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Figl12. ROC of the skin surface temperature of the Tibial (posterior) region
Although, the measured features are non-significant, the results are similar to Padierna et al
(2020) study. Energy measures the textural uniformity and indicates pixel pair repetitions. It
also measures the intensity of the image pixel. Hence, in the case of diabetic patients, due to
the decreased temperature in the tibial region, the energy obtained was less compared to the
control subject. Kurtosis measures the peak of an array of the intensity distribution. As for
control subjects, the intensity distribution of Kurtosis is uniform compared to the diabetic
group. Skewness measures the asymmetry of pixel distribution about its mean. The
asymmetrical difference is high in diabetic subjects compared to control subjects.
Furthermore, Entropy measures the randomness or uncertainty of data found to be higher
among the diabetic group than in the control group [33].

Dinh et al., (2019), Khandoker (2019), and Chen et al (2017) studied non-biological
parameters in diagnosis of cardiovascular disease and achieved AU-ROC score of 83.1%.
These results are obtained based on the multiparameters like age, systolic blood pressure,
self-reported weight, occurrence of chest pain and diastolic pressure. Whereas in the present

study we used only entropy as GLCM feature extracted from skin surface temperature of the
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tibial region with an accuracy of 89.8% [34]. Yan et al., (2020) worked on entropy
measurement on heart rate variability with an accuracy of 81.4% that predicted the CVD risk.
In the present study, entropy indicated a negative correlation with hs-CRP to predict the risk

of CVD [35-37].

Conclusion

The complications of atherosclerosis cause higher morbidity and mortality in patients
with diabetes mellitus. Therefore, early detection of atherosclerosis is a prime factor of
concern among type 2 diabetic patients to prevent any cardiovascular events. Low-grade
inflammation is linked significantly to type 2 diabetes and increases the risk of cardiovascular
diseases. The hs-CRP proved to be a promising biomarker for early cardiovascular events
strongly correlated with the HbAi.. The average skin surface temperatures were resulted at
the various regions of the study population. The skin surface temperature at the tibial
posterior area depicted a significant negative correlation with hs-CRP. A decreased skin
temperature of 0.6 °C was observed at the posterior region of the tibial among the diabetic

group in comparison to the control group.

The accuracy obtained from the classification in this study was 89.9%. Among the
diseased group, the subjects with low entropy features haa high hs-CRP values that predict
the early detection of any cardiovascular event. Thus, thermal imaging adjunct with image
processing may aid as a screening tool for early diagnosis of cardiovascular events among
type 2 diabetic subjects. The present work has a limitation the dataset is very limited. The
machine learning approaches cannot be carried out with high accuracy. Further, control,
diabetic and cardiovascular disease study subjects to be selected for future research to obtain

the unbiased optimal results.
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