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Diabetic foot is a major complication of diabetes mellitus (DM). The blood circulation to the foot decreases
due to DM and hence, the temperature reduces in the plantar foot. Thermography is a non-invasive imaging
method employed to view the thermal patterns using infrared (IR) camera. It allows qualitative and visual
documentation of temperature fluctuation in vascular tissues. But it is difficult to diagnose these temperature
changes manually. Thus, computer assisted diagnosis (CAD) system may help to accurately detect diabetic
foot to prevent traumatic outcomes such as ulcerations and lower extremity amputation. In this study, plantar
foot thermograms of 33 healthy persons and 33 individuals with type 2 diabetes are taken. These foot images
are decomposed using discrete wavelet transform (DWT) and higher order spectra (HOS) techniques. Various
texture and entropy features are extracted from the decomposed images. These combined (DWT + HOS) features are ranked using t-values and classified using support vector machine (SVM) classifier. Our proposed
methodology achieved maximum accuracy of 89.39%, sensitivity of 81.81% and specificity of 96.97% using
only five features. The performance of the proposed thermography-based CAD system can help the clinicians
to take second opinion on their diagnosis of diabetic foot.
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Diabetes Mellitus (DM) is a progressive and chronic disorder due
to either lack of insulin production by the pancreas or ineffective use
of insulin by the body [1]. Over time, the high blood glucose levels may cause complications to the kidneys, heart, eyes, blood vessels and nerves [2]. An estimated 422 million people globally were
living with diabetes in 2014 as compared to 108 million in 1980 [3].
The diabetic foot is a serious diabetes complication characterized by
bacterial infection, foot ulceration, and deep tissues destruction which
may be due to neuropathy and arterial disease in the lower limb [4].
The inability to sustain the stress makes diabetic foot significantly vulnerable to various foot complications that may lead to limb amputation. Diabetic foot ulcers (DFUs) complication critically affect around
15% of the diabetic population [5]. Moreover, diabetic patients are
having 12–25% lifetime risk of developing foot ulcers [6] and almost
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85% of the lower limb amputations are due to non-healing foot ulcers
[7].
Diabetic foot complications can be prevented by early detection
and proper clinical treatment. Based on International Working Group
on the Diabetic Foot (IWGDF) risk category [8], diabetic patients need
to screen their feet at least once every year to detect foot at risk of
ulceration. The feet examination comprised of medical history and
foot examination and, neuropathy assessment [8]. The medical history and foot examinations include previous history of amputation
or ulceration and, health status of the vascular, skin, joint and bone
[8]. Subsequently, neuropathy is assessed by performing these methods: enquiring on tingling or pain signs in the lower extremity; vibration perception using 128 Hz tuning fork; pressure perception using Semmes-Weinstein monofilaments; tactile sensation using cotton
wool or by lightly touching the toes tips with index fingers; discrimination using pin prick on dorsum of foot superficial; and assessing the
Achilles tendon reflexes [8].
The advancement in infrared camera technology has revolutionised
the field of measuring temperature whereby it is now being widely
used for medical purposes [9]. The IR thermography is fast, nonintrusive and non-contact method. It is also passive in which no
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Table 1
Separate lower limb temperature analysis using IR thermography.

Melnizky et al.
(2002) [21]

Methodology
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Sun et al. (2005)
[22]

Findings

• Physical examination of feet
• Neurological assessment
• Thermal imaging
• Single Measure
Intraclass Correlation
• Mann-Whitney U
test
• Physical examination of feet
• Nerve conduction
test
• Thermal imaging
• SPSS 10.0 for statistical analysis

• No relationship between skin changes
and increased skin temperature

F

Ammer et al.
(2001) [20]
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Reference (Year)
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harmful radiation passes through the body and captures only body
heat radiation [9]. In this study, we are using IR thermography for
the detection of complications related to diabetic foot based on the
plantar temperature distribution. This plantar temperature distribution
provides details related to blood perfusion impairment [10], which is
typical among the diabetic patients [11]. During the conditions when
the blood circulation is significantly reduced (ischemic), especially
at the periphery limbs, the temperature pattern will change [12]. The
IR thermography is contactless and hence has the advantage over the
other assessment tools such as the monofilament and vibration sensation tests [13]. It limits the unnecessary contact and pressure that
may affect the temperature reading and mitigate the spread of infection through the apparatus [14]. Moreover, it permits the measurement
of temperature distribution of the whole foot regardless of the shapes
or surfaces, particularly the medial arch which is a non-contact surface
of the foot. Hence, analyzing the plantar temperature distribution can
be effective for early detection of diabetic foot complications.
Infrared thermography has been used in many diabetic foot studies that relate plantar temperature variations with diabetic foot linked
complications [15]. These studies are further categorised as separate
lower limb temperature, asymmetric temperature, temperature distribution and, independent thermal and physical stress analysis. The separate lower limb temperature analysis in Table 1 represent the temperature ranges for the respective study groups. In 2010, Bagavathiappan et al. [16] studied the relationship between diabetic neuropathy patients and foot temperature. The study observed that diabetic
neuropathy patient recorded highest foot temperature (32–35 °C) than
non-neuropathy diabetes patients (27–30 °C). Also, diabetic neuropathy patients have higher mean foot temperature (MFT). Table 2 presents the studies on asymmetric analysis of diabetic foot thermograms.
In general, the asymmetric temperature analysis compares the temperature between one foot and the contralateral foot. Liu et al. [17] performed an asymmetric analysis technique using coloured image segmentation and non-rigid landmark based registration B-splines of the
right and left foot. The proposed method was able to detect diabetic
foot ulcers and including all Charcot foot. Meanwhile, studies on temperature distribution analysis are summarised in Table 3. Both Nagase et al. [14] and Bharara et al. [18] proposed a characterization
technique for plantar thermography patterns based on plantar angiosomes concept. The drawbacks may be the bias of variations in the
control group due to smaller number of participants. The gender and
age are unmatched in the control group, which may lead to confounding factors for data interpretation. Besides, the proposed manual classification method of 20 categories may not be suitable for clinical purposes. The studies based on independent thermal and physical stress
analysis prior to thermogram acquisition is depicted in Table 4. In
2015, Agurto et al. [19] proposed a method to classify diabetic peripheral neuropathy patients using IR thermography and independent
component analysis (ICA) method. The limitations are that few initial
frames are not considered for the analysis and some areas, particularly
the toes, present artefacts which require stabilizing the toes to avoid
significant movements. Therefore, continuous development of algorithms is needed to better determine and analyse the thermal changes
in the diabetic foot.
The purpose of this study is to develop an early detection system
for diabetic foot using plantar foot thermograms. The plantar thermal
patterns and distributions among the normal and diabetes subjects are
analyzed and classified. The proposed system can be introduced as a
screening tool in diabetic clinic to provide clinician with medical supports in diagnosing the magnitude of diabetic foot cases. In this proposed system, the normal and diabetic plantar foot thermograms are
first segmented and warped. These warped foot images are subjected

• A pathological temperature gradient
was detected on the right limb of 36 diabetes patients (mean pathological gradient:
−0.27 ± 0.68 K
vs
−1.84 ± 0.81 K) whereas 39 patients on
the left limb (−0.77 ± 1.15 Kvs
−1.49 ± 1.21 K)
• No correlation between temperature
measurements and nerve conduction
• Highest temperature (29.3 ± 0.9 °C) in
the arc areas and lowest for the toes
(26.2 ± 1.2 °C).
• Diabetes patients without sympathetic
skin response (SSR) had higher mean
plantar temperature (27.6 ± 1.8 °C)
compared to those with SSR
(26.8 ± 2.2 °C)
• Equilibrium temperature is achieved at
mean
plantar
temperature
(27.8 ± 1.0 °C) after 15 min

PR
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• Electromyography for sympathetic skin response (SSR) test
• Thermal imaging
• Compute average
temperature of six
sub regions on
each healthy sole
• Analyze sole temperature normalization relative to
forehead temperature of diabetes
patients
• SPSS for statistical analysis
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Nishide et al.
(2009) [25]

Findings

• Ankle Brachial
Index (ABI)
• Toe Brachial Index (TBI)
• Achilles tendon
reflex and vibratory perception
• Semmes-Weinstein monofilament test
• Thermography
• Ultrasonography
• Fisher’s
exact
probability test
• Mann-Whitney U
test
• SPSS for statistical analysis
• Thermal imaging
• Thermal index
• Image J Software
• Anthropometric
measurements
• Glycated hemoglobin (HbA1c)
• Neuropathy assessment
• Vascular
sufficiency
assessment
• Thermal imaging
• SPSS for statistical analysis

• Ultrasonography and thermography
detect inflammation symptoms in 10%
of the calli in diabetes class whereas
no inflammation detected in the normal class.
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• At risk diabetes patients with pre-ulcerative skin and without SSR had
highest mean foot temperature
(30.2 ± 1.3 °C) compared to diabetes
patients without SSR (27.9 ± 1.7 °C),
diabetes
patients
with
SSR
(27.1 ± 2.0 °C), and normal subjects
(26.8 ± 1.8 °C)

Methodology

F

Reference (Year)

• At-risk class is 13.4 times more likely
to develop plantar ulcerations than the
diabetes patients with and without SSR
during the 4-year period

Bharara et al.
(2010) [26]
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Sun et al. (2008)
[24]

• Seattle
Wound
Classification
system
• Thermal imaging
• Electromyography for sympathetic skin response (SSR) test
• Neurological assessment
• SPSS for statistical analysis
• Seattle
Wound
Classification
system
• Thermal imaging
• Electromyography for sympathetic skin response (SSR) test
• Neurological assessment
• Nerve conduction
test
• SPSS for statistical analysis

Findings

Bagavathiappan
et al. (2010)
[16]
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Sun et al. (2006)
[23]

Methodology
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Table 1 (Continued)
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• Thermal index/wound inflammatory
index moved from negative to positive
(p < .05) prior to reaching zero
• Diabetes neuropathy patients recorded
highest foot temperature (32–35 °C)
than non-neuropathy diabetes patients
(27–30 °C)
• Higher mean foot temperature (MFT)
for Diabetes neuropathy patients
• No relationship between MFT and glycated hemoglobin

to discrete wavelet transform (DWT) and higher order spectra (HOS)
techniques and then various texture and entropy features are extracted
from the coefficients. The combined extracted features are ranked using t-values. Then these ranked features are fed to the SVM classifier
for automated classification.
2. Materials & methodology
2.1. Population study
The normal and diabetes without neuropathy groups were considered in this study. A total of 33 healthy subjects and 33 non-neuropathic diabetic patients were recruited from Ngee Ann Polytechnic
and Singapore General Hospital (SGH), Diabetes & Metabolism Centre (DMC) respectively under identical conditions. The diabetic foot
thermograms data collection has been approved by SingHealth Centralised Institutional Review Board (CIRB) (CIRB Ref: 2016/3044)
while normal foot thermograms data collection has been approved
by Ngee Ann Polytechnic-Institutional Review Board (NP-IRB)
(NPIRB-P0175-2017-ECE-AMA6). The details of diabetes and normal groups are presented in Table 5. The participants in both groups
were informed about the study prior to obtaining inform consent from
them. Importantly, participants with past ulcerations or amputation,
peripheral vascular disease, ischemic heart disease and neurological
disorder were excluded.
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Kaabouch et al.
(2009b) [29]

Kaabouch et al.
(2010) [30]

Kaabouch et al.
(2011a) [31]

• Infrared imaging
• Segmentation
• Geometric transformation
• Asymmetry analysis
• Infrared imaging
• Automatic thresholding
• Geometric transformation
• Asymmetry analysis
• Features extraction
• Infrared imaging
• Segmentation
• Geometric transformation
• Asymmetry analysis
• Infrared imaging
• Segmentation
• Geometric transformation
• Asymmetry analysis and abnormality identification
• Features extraction

• Out of the 26 diabetes patients with
positive thermograms, 21 of whom are
confirmed with osteomyelitis by radiological evidence
• Positive thermogram is described as at
least 0.5 °C rise in temperature of the
affected foot skin with respect to the
contralateral foot sole
• Able to detect and determine inflammation and ulcers accurately and
rapidly

Kaabouch et al.
(2011b) [32]

Liu et al. (2013)
[33]

PeregrinaBarreto et al.
(2013) [34]
• Genetic algorithm yields superior
thresholding results
• Low and high order statistics effectively enhance the asymmetry analysis
in detecting foot abnormalities

van Netten et al.
(2013) [35]

Methodology

Findings

• Infrared imaging
• Genetic algorithms
• Asymmetry analysis-based scalable
scanning
• Infrared imaging
• Foot segmentation
• Feet registration
• Abnormal detection

• Infrared imaging
• Color characterization
• Foot angiosomes
and color classification
• Infrared imaging
• Mean temperature
of whole foot and
regions of interest

• Genetic algorithm produces superior
thresholding results

• Genetic algorithm produces superior
thresholding results
• Low and high order statistics effectively enhance the asymmetry analysis
in detecting foot abnormalities

PeregrinaBarreto et al.
(2014) [36]

• Genetic algorithms effectively crop
the feet from background and eliminate most noise
• Scalable scanning method yield fewer
false abnormal regions
• Active contours without edges method
acquire reasonable result
• Automated detection of pre-symptoms
ulceration by computing temperature
difference of the feet
• 2.2 °C as the clinical relevant difference
• The temperature estimate difference
between corresponding angiosomes
can be used to screen for abnormality
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• Infrared imaging
• Radiography

Findings
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Kaabouch et al.
(2009a) [28]

Methodology
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Harding et al.
(1998) [27]

Reference
(Year)
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Table 2 (Continued)
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Table 2
Asymmetric temperature analysis using IR thermography.
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• Infrared imaging
• Color characterization
• Temperature estimated difference
• Hot spots detection

• Mean temperature of contralateral and
ipsilateral foot is the same in patients
with localized problems
• Temperature at ROI was more than
2 °C compared to the similar area in
contralateral foot and to the mean of
the entire ipsilateral foot
• Mean temperature differences between the contralateral and ipsilateral
foot was more than 3 °C in patients
with diffuse problems
• HSE capable of detecting abnormal
small areas in the early phase that were
not detected by ETD estimator
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• Infrared imaging
• Clinical foot assessments
• Kruskal-Wallis
test
• Receiver operating
characteristic
(ROC) curve and
area using SPSS

Vilcahuaman et
al. (2014) [38]

• Infrared imaging
• Image processing

Vilcahuaman et
al. (2015) [39]

• Infrared imaging
• Image processing

Liu et al. (2015)
[17]

• Infrared imaging
• Foot segmentation
• Registration optimization
• Asymmetric analysis

2.2. Acquisition of thermogram

Findings
• Optimal cut-off value for skin temperature in identifying diabetes foot problems was difference of 2.2 °C between
contralateral spots, with 76% sensitivity and 40% specificity
• Optimal cut-off values for skin temperature to decide the urgency for
treatment was difference of 3.5 °C between left and right foot mean temperature, with 89% sensitivity and 78%
specificity
• In the clinical study, 10% of the diabetes patients had signs of significant
hyperthermia on the foot plantar with
temperature difference of more than
2.2 °C
• High risk group had significantly
higher temperature (32 ± 2 °C) than
medium risk group (31 ± 2 °C)
• In the study, 9 out of 82 diabetes patients had significant hyperthermia
• The study yielded an accuracy of 95%
with 35 out of the 37 diabetic foot ulcers identified
• All three Charcot feet are successfully
detected

Reference
(Year)

UN
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All the segmented foot thermograms undergo warping process that
transform the segmented region into a standard shape and size [52].
The temperature data contained in the segmented region is decomposed using DWT and HOS methods. The DWT and HOS features
are able to capture the minute sudden variations between the adjacent pixels and, the non-linear interaction in the phase coupling and
frequency components respectively [53]. Subsequently, feature values
extracted from bilateral foot are subtracted and then classified using

Findings

Branemark et
al. (1967) [40]

• Infrared imaging
• Clinical assessment

Nagase et al.
(2011) [14]

• Infrared imaging
• Conceptual classification comprising of
20 categories of plantar thermography patterns

Oe et al. (2013)
[41]

RE

The plantar foot thermograms acquisition was carry out in a controlled room temperature of 20 ± 1 °C and humidity of 55 ± 5%. The
subjects were required to remove their foot wears, socks, and the feet
were cleaned. The subjects then remained seated in a supine position
on the treatment bench for about 15 min. The purpose is to reach thermal equilibrium prior to capturing the thermogram. The segmented
thermograms of normal and diabetic feet seen in Fig. 1(a) and (b) were
captured by the Thermographic System VarioCAM© hr head 680/
30 mm. The infrared camera was placed at focus distance of 1 m from
the feet. The acquired foot plantar thermogram was presented in RGB
(Red, Green, and Blue) Color space with temperature scale ranging
from 24 to 32 °C. The infrared camera automatically calibrates the
temperature scale based on the coldest and hottest points in the scene.
The thermograms are kept in irbis format after acquisition and thereafter converted into bmp format for subsequent image analysis.
2.3. Methodology

Methodology

• Abnormal emission patterns from
hand and feet of all diabetes patients
• Reduced emission on the metatarsal
and toes areas
Normal
• 48 feet (or 75%) are characterized to
the seven categories and the remaining 16 feet characterized as atypical
• The Id category (butterfly pattern) is
mostly identified with 30 feet (or
46.9%)
Diabetes
• 225 (or 87.2%) diabetes feet are
characterized to 18 categories and
the remaining 33 feet (or 12.8%) as
atypical
• The IIa category (medial and lateral
plantar arteries undamaged) is
mostly identified with 101 feet (or
39.1%)
• Ankle pattern is mostly common in
patients with osteomyelitis
• Sensitivity = 60%
• Specificity = 100%
• PPV = 100%
• NPV = 71.4%

F

Methodology

OO

van Netten et al.
(2014) [37]
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Reference
(Year)

Table 3
Temperature distribution analysis.
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Table 2 (Continued)
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• MRI scans
• Infrared imaging
• Ankle-brachial index
(ABI)
• Toe-brachial index
(TBI)
• Nerve conduction velocity
• SPSS for statistical
analysis

6
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HernandezContreras et
al. (2015a)
[43]

Methodology

Findings

• Infrared imaging
• Grayscale characterization
• Foot segmentation
• Temperature pattern
• Mathematical morphology
• Pattern spectrum
• Multilayer perceptron
• K-fold cross validation

• Proposed technique achieved average classification rate of 94.33%

OO

HernandezContreras et
al. (2015b)
[11]

PR

• Ankle-brachial index Normal
• 47 feet are characterized to the four
(ABI)
categories and the remaining 17 feet
• Toe-brachial index
characterized as anomalous
(TBI)
• Achilles tendon re- • The type 1 (butterfly pattern) (44%)
is mostly identified
flex
Diabetes
• Semmes-Weinstein
• 198 diabetes feet are characterized to
monofilament test
six categories and the remaining 60
• Vibratory sensation
feet as atypical
test
• The type 2 (46%) is mostly identi• Infrared imaging
fied
• Image partitioning algorithm
• T test or chi square
test
• Clinical assessment
Normal
• Semmes Weinstein • Subjects are mostly represented by
Id category (Butterfly Pattern) durmonofilament
ing measurements with 47.2% at
• Vibratory perception
rest, 13.8% at post stress and 27.8%
threshold
at recovery
• Infrared imaging
Diabetes
• Subjects are mostly represented by
IIa category (medial and lateral plantar arteries undamaged) during measurements with 50% at rest, 50% at
post stress and 28.57% at recovery
• Infrared imaging
Normal
• Grayscale characteri- • Butterfly pattern is presented in the
subjects and pattern spectrum is
zation
same as oval
• Arch segmentation
based on histogram • Mean percentage of pixels for control group is highest in quadrant 4
distribution
with 88.05%
• Mathematical morDiabetes
phology
• Pattern spectrum is irregular due to
the dissimilar pattern
• Mean percentage of pixels is 28.87%
for diabetes group in quadrant 3

SVM classifier. The block diagram of the proposed system is shown
in Fig. 2.
2.3.1. Segmentation of plantar foot
The normal and diabetic plantar foot regions are first segmented.
The plantar foot region is manually delineated using polygon with 16
chosen points. These points are positioned on the boundary of the foot.
These points are then joined by straight lines that enclosed the entire
plantar foot including the toes. The segmented left foot is flipped in
the same orientation as right foot for equal comparison prior to subsequent analysis. The delineation and selection of plantar foot region of
interest (ROI) is demonstrated in Fig. 3(a) and (b) respectively.
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Bharara et al.
(2014) [18]

Reference
(Year)

Findings

2.3.2. Higher order spectra (HOS)
The warped grayscale foot images are subjected to Radon transform [54,55] which coverts these images into one dimensional data
prior to HOS. HOS comprised of higher order cumulants and moments
spectra of a signal [56]. In this study, features are extracted from third
order statistics known as bispectrum by Fourier transforming the third
order correlation. The features in this study is based on the phases of
integrated bispectrum [57] which yield HOS coefficients. The bispectral invariant features are being used for every 5°. Typical bispectrum
and bispectrum contour plots of diabetic and normal foot are shown in
Figs. 4(a)–(d) and 5(a)–(d) respectively.
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Mori et al.
(2013) [42]

Methodology
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Reference
(Year)

Table 3 (Continued)

F

Table 3 (Continued)

2.3.3. Discrete wavelet transform (DWT)
Discrete wavelet transform (DWT) transforms a two-dimensional
signal by subjecting through a series of down sampling of low and
high pass filters [58]. The rows are put through the high and low pass
filters to yield the high (H) and low (L) frequency components respectively. A two-level DWT decomposition of an image is illustrated
in Fig. 6. In this study, the normal and diabetic foot images undergo
two level of DWT decomposition using Daubechies 8 (db8) mother
wavelet [59] as shown in Fig. 7(a) and (b).
2.3.4. Feature extraction
For this study, texture and entropy based features are extracted
from the decomposed DWT and HOS images. The feature extraction
techniques employed are gray level co-occurrence matrix (GLCM)
[60], Hu’s invariant moment [61], local binary pattern (LBP) [62],
Laws texture energy (LTE) [63] and entropies [64–70]. The feature
values extracted from both left and right foot are subtracted and the resultant feature value obtained are then ranked using p-value, analyzed
and classified.
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Hosaki et al.
(2002) [46]

Balbinot et
al. (2012)
[47]

Najafi et al.
(2012) [49]

Balbinot et
al. (2013)
[50]

Methodology
• Infrared imaging
• Motion tracking
of thermal features
• Exponential
curve fitting
• Two pre-defined
paths of 50 and
150 steps
• Infrared imaging
• Image processing
• Student t test
• ANOVA
• Clinical assessments
• Infrared imaging
• Data analysis
• Statistical analysis

Yavuz et al.
(2014) [51]

Agurto et al.
(2015) [19]

Findings
• Diabetes neuropathy patient recorded recovery rate of 2% at the two toes and approximately 0.4% at the heel
• Normal subject recorded high recovery of
4% at the medial arch as compared to
<1.5% in the diabetes neuropathy patient
• In Charcot neuroarthropathy group, the decreased in temperature for non-affected foot
is 1.9 folds more than the affected foot
• Plantar temperature for both foot in Charcot neuroarthropathy group significantly increased beyond 50 steps and remain higher
on the affected foot at 200 steps
• Significant difference in the average temperatures of normal subjects between the
two days before and after cold stress test
compared to no difference in the average
temperatures for diabetes patients
• Rewarming index of both groups did not
differ between the two days
• Significant correlation between temperature
rises and peak shear stress (r = 0.78)
• Increased in plantar temperature can predict
the site of peak resultant stress and peak
shear stress in 39% and 23% of the subjects

F

• ECG
Normal
• Ankle pressure • All subjects had normal pattern
Diabetes
index
• 43 had normal, 19 increasing and 26 de• Infrared imaging
creasing and 24 flat patterns
• Ultrasonic imaging
• Infrared imaging
• Smaller skin temperature drops in diabetes
• Ankle-brachial
patients compared to normal subjects after
index
immersing into cold water
• Doppler meter
• Diabetes patients had lower skin tempera• Motor nerve conture recovery rate due to causal factors such
duction velocity
as peripheral arterial sclerosis, abnormal
• Sensory
nerve
blood coagulation fibrinolysis and sympaconduction vethetic nerve dysfunction
locity
• ECG
• Schellong’s test
• Photo-dispersion
method
• ANOVA
with
Neuman-Keuls
multiple comparison test
• Infrared imaging
• Recovery ratios for the 27 diabetes patients
• Laser
Doppler
were in the range of 0–93.5% and the averblood flowmeter
age was 34%
• Hot loading at • Blood flow and recovery ratio were corre36 °C
lated (r = 0.634, p < .0001)
• Cold loading at • Ratio of blood flow after cold loading over
20 °C
the blood flow after hot loading was in the
• Compute recovrange of 38.1–122% and average of 80.6%.
• This ratio and recovery ratio is correlated
ery ratio
(r = 0.502, p < .0001)
• Clinical assess- Diabetes
• Interdigital anisothermal method performed
ments
better than thermal recovery index with
• Heart rate vari46.2% specificity and 81.3% sensitivity
ability
Prediabetes
• Infrared imaging
• All three tests achieved 25% specificity and
• Electromyogra80% sensitivity equally
phy
• Statistical analysis

Barriga et al.
(2012) [48]

OO
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Fujiwara et
al. (2000)
[45]

Methodology
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Fushimi et
al. (1996)
[44]

Reference
(Year)
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(Year)

Table 4 (Continued)
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Table 4
Independent thermal and physical stress analysis.

7

• Walking on pressure shear plate
• Treadmill walking
• Infrared imaging
• Peak shear stress
and peak resultant stress
• Statistical analysis
• Cold stimulus
• Infrared imaging
• Independent
component
analysis (ICA)

• Components 2, 6 and 8 significantly differentiate the normal and diabetes peripheral
neuropathy patients
• Higher recovery rate in normal subjects for
component 6
• Diabetes peripheral neuropathy patients
have lower temperature recovery rate in
most parts of the foot plantar

Table 5
Demographic information of normal and diabetes groups (mean ± standard deviation).

Subjects
Female
Male
Average age (years)
Average Body Mass Index (BMI) (kg/m2)

Normal group

Diabetes group

33
15
18
51.94 ± 11.25
23.50 ± 3.61

33
15
18
56.18 ± 14.71
25.08 ± 5.31

2.3.5. Student t test
The student t test is used to identify distinctive features by analyzing the p-value. The p-value provides an indication if the means of
the two groups are statistically distinct [71]. A low p-value provides
the confidence that the feature is more clinically distinct [72]. In this
study, the performance of the feature for the proposed system is evaluated by ranking the p-value in ascending order and subsequently ap

PR
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F
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Fig. 1. (a) - (b) The segmented feet thermograms (°C) of (a) normal and (b) diabetes without neuropathy.

Fig. 2. Block diagram of the proposed methodology for automated diabetic foot detection.

UN
CO
R

8

Fig. 3. (a)-(b) Segmentation of plantar foot segmentation: (a) delineation using polygon. (b) region of interest.
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Fig. 4. (a)-(d) Typical plot of diabetic foot. Left foot: (a) bispectrum, (b) bispectrum contour. Right foot: (c) bispectrum, (d) bispectrum contour.
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plying the ranked features independently into the classifier until maximum accuracy is obtained.
2.3.6. Support vector Machine (SVM)
It is a two-class classifier that uses support vectors to solve various
types of classification problems [73,74]. This technique determines
the hyperplane which acts as a decision surface. The hyperplane divides the data points belonging to the classes with maximum margin.
In this study, nonlinear kernel functions namely polynomial and radial
basis functions (RBF) combined with SVM classifier are able to better
separate the nonlinear features and hence yielding maximum classification performance. The set of points are mapped into a higher dimension space that allows the separation of the points with nonlinear kernel functions [73]. Then ten-fold cross validation is used to train and
test the SVM classifier [75].
3. Results

The student t test is used to select the significant features for accurate discrimination between normal and diabetic groups. From the
total combination of 4810 features, only 27 clinically significant features (with p value < .0001) are chosen. In Table 6, the mean, stan

dard deviation and p value of these significant features are tabulated.
The cH2_LME22 and 2_HOS36 have the lowest (.00002) and highest (.00014) p values respectively. These significant features registered higher mean value for normal group as compared to diabetes
group. This clearly indicates a discrimination between the two groups.
The cH2_LME22 feature is acquired from the 22nd coefficient of law
mask energy extracted from the second level horizontal coefficient
of DWT. In contrast, the 2_HOS36 feature is obtained from the 36th
coefficient of HOS at 5° (2nd angle). The bar plot of 27 significant
features (p < .0001) for normal and diabetes foot thermal images are
shown in Fig. 8(a) and (b).
The ranked significant features are individually fed into SVM classifier. In Table 7, the first column denotes the number of features fed
into the classifier. The subsequent four columns indicate the number of True Positive (TP), True Negative (TN), False Positive (FP)
and False Negative (FN). The classification accuracy, positive predictive value (PPV), sensitivity and specificity are shown in columns
6, 7, 8, and 9 respectively. The SVM classifier with RBF kernel
function yielded highest classification accuracy of 89.39%, PPV of
96.43%, sensitivity of 81.81% and specificity of 96.97% using five
features. As the features become less significance down the ranked,
the classification performance also drops. The plot of accuracy (%)
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Fig. 5. (a)-(d) Typical plot of normal foot. Left foot: (a) bispectrum, (b) bispectrum contour. Right foot: (c) bispectrum, (d) bispectrum contour.

Fig. 6. An illustration of two-dimensional DWT of two level.

against the number of features using SVM classifier is presented in
Fig. 9. Also, the classification performance across the ten folds is
shown in Fig. 10.

4. Discussion
The IR thermography coupled with advances in image processing techniques have paved the way for obtaining unique thermal patterns for various classes and automated characterization of plantar foot
thermograms [76]. The various studies conducted using IR thermog
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Fig. 7. (a)-(b) Two-level DWT of (a) diabetic and (b) normal foot thermogram.
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raphy for the analysis of diabetic foot are presented in Tables 1–4. The
majority of these studies are conducted using clinical parameters. It
may not be easy to capture the subtle abnormal temperature variations
through visual examination of the thermograms [77]. Hence, we have
developed an automated detection system to help the clinicians.
In our study, DWT and HOS coefficients can capture the minute
sudden changes in the pixels efficiently [53]. Evidently (Table 6), diabetes group has lower features compared to normal group. This indicates that the changes in the pixel values of diabetic IR thermograms are subtle and contains less high frequency components. This
can be seen from the bispectrum plot of diabetic and normal foot
in Figs. 4(a)–(d) and 5(a)–(d) respectively. The diabetic foot show
lower bispectrum amplitude (z-axis) and thus lower feature values after subtraction of left and right foot features values. From Table 6, the
cH2_LME22 features obtained from the second level horizontal coefficient of DWT are ranked high with diabetic foot having low feature
values. It can be seen in Fig. 7(a) and (b) that there are not much sudden changes in the second level horizontal coefficient for diabetes as
compared to normal. Hence, these feature values are relatively low for
diabetes compared to normal foot.

The significant features in Table 6 are mostly HOS based features.
The HOS method is able to better captures information relating to the
nonlinearity and phase present in the diabetic foot images. These features are thus highly distinctive and discriminative as compared to
DWT. Furthermore, they are significantly robust in noisy environment
and hence, effective in capturing the non-linear interaction of the pixels in the phase coupling and frequency domain [53]. Also, it is able
to capture the sudden changes in the image efficiently [78].
In the diabetes group, the decrease in blood circulation to the foot
may be due to developing peripheral arterial disease which result in
cold plantar foot thermogram [79]. This is represented with less intensity and subtle variability in the pixels of entire diabetic foot thermogram. In this study, textures and entropies are used to effectively capture variations in the pixels from the HOS and DWT coefficients.
The advantages of the proposed methodology are given below:
1. Method is simple, easy, and accurate.
2. Acquired maximum accuracy of 89.39%, sensitivity of 81.81%,
and specificity of 96.97%. Thus, our method is fast as it used only
five features to achieve the highest performance.
3. Proposed method is reliable as we have taken the same number of
subjects with matching age groups and gender.
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4. Obtained clear thermal patterns for the two classes (Fig. 1).

Table 6
Features extracted for normal and diabetes groups (p < .0001).

The limitations of our proposed method include:

Mean

Standard
Deviation

0.4000
0.4314
0.4034
0.2428
0.3166
0.4069
0.4116
0.2219
0.4013
0.3094
0.2966
0.3342
0.2984
0.3181
0.2947
0.3816
0.3037
0.2878
0.3546
0.2055
0.3134
0.2845
0.2033
0.2825
0.2814
0.3363
0.2811

0.2785
0.2028
0.3023
0.2234
0.2674
0.3055
0.3068
0.2101
0.3015
0.2634
0.2620
0.2692
0.2642
0.2869
0.2612
0.2891
0.2693
0.2592
0.2697
0.1946
0.2788
0.2576
0.2029
0.2567
0.2562
0.3000
0.2560

0.1611
0.2186
0.1557
0.0665
0.1096
0.1584
0.1624
0.0619
0.1581
0.1075
0.0998
0.1250
0.1007
0.0916
0.0979
0.1530
0.1045
0.0943
0.1427
0.0611
0.1082
0.0932
0.0549
0.0926
0.0923
0.1163
0.0922

0.1094
0.1819
0.1274
0.0718
0.0813
0.1413
0.1425
0.0603
0.1404
0.0851
0.0709
0.1044
0.0718
0.1275
0.0821
0.1344
0.0737
0.0807
0.1266
0.0582
0.0775
0.0799
0.0525
0.0794
0.0792
0.0857
0.0791

4.5851
4.4861
4.3378
4.3166
4.2548
4.2413
4.2324
4.2064
4.2007
4.1887
4.1647
4.1613
4.1466
4.1450
4.1298
4.1182
4.0987
4.0949
4.0861
4.0832
4.0738
4.0728
4.0703
4.0590
4.0514
4.0511
4.0489

1. Used only 66 subjects (33 normal and 33 diabetes).
2. Semi-automated system.
3. IR thermography is expensive.

F

Mean

Standard
Deviation

In future, we propose to use more subjects in each group and also
make the system completely automated by using deep learning algorithm [80,81]. The work can be extended by taking the images using
small portable less expensive IR camera.

OO

t-Value

5. Conclusion

The DM is a metabolic disorder causing problems in different parts
of the human body. Diabetic foot is one of the expensive complications, causing disability and impairing the quality of life. Our proposed CAD system achieved a maximum classification accuracy of
89.39%, sensitivity of 81.81%, and specificity of 96.97% using only
five features. The proposed system can be introduced in polyclinics as
an adjunct instrument to help the podiatrists to validate their diagnosis with plantar foot. In future, we intend to improve the classification
performance using more patients. Also, plan to use this algorithm in
detecting the early stage of DM and diabetes with neuropathy.
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cH2_LME22
34_HOS119
3_HOS107
19_HOS56
2_HOS94
36_HOS44
36_HOS52
19_HOS67
36_HOS61
2_HOS93
2_HOS44
cH2_LME21
2d_HOS52
20_HOS4
2_HOS81
36_HOS71
2_HOS61
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2_HOS43
2_HOS82
2_HOS36
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Fig. 8. (a)-(b) The results of 27 significant features (p < .0001) for normal and diabetes foot thermogram.
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Table 7
Classification results with SVM classifier.
TP

Accuracy
TN FP FN (%)

PPV
(%)

Sensitivity
(%)

Specificity
(%)

2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

29
29
25
27
26
24
25
24
26
25
26
26
25
25
24
25
26
23
24

27
27
33
32
33
33
33
33
31
31
32
32
32
31
32
31
30
32
32

82.86
82.86
100.00
96.43
100.00
100.00
100.00
100.00
92.86
92.59
96.30
96.30
96.15
92.59
96.00
92.59
89.66
95.83
96.00

87.88
87.88
75.76
81.82
78.79
72.73
75.76
72.73
78.79
75.76
78.79
78.79
75.76
75.76
72.73
75.76
78.79
69.70
72.73

81.82
81.82
100.00
96.97
100.00
100.00
100.00
100.00
93.94
93.94
96.97
96.97
96.97
93.94
96.97
93.94
90.91
96.97
96.97

84.85
84.85
87.88
89.39
89.39
86.36
87.88
86.36
86.36
84.85
87.88
87.88
86.36
84.85
84.85
84.85
84.85
83.33
84.85

OO

4
4
8
6
7
9
8
9
7
8
7
7
8
8
9
8
7
10
9

PR

6
6
0
1
0
0
0
0
2
2
1
1
1
2
1
2
3
1
1

F

No. of
features

Fig. 10. Plot of performance (%) versus the number of folds.
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