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Abstract

Diabetic Foot Ulcers (DFUs) pose significant healthcare challenges, often resulting in severe
complications and amputations. A prompt as well as precise evaluation of extent of wound
must be performed for successful treatment and enhanced results for patients. The study
offers novel method for automatically identifying vascular problems with diabetic foot by
employing infrared thermography. The study employs a dataset comprising 710 thermal im-
ages acquired from Al Wafa Specialized Center for Diabetes and Endocrinology and Bartella
General Hospital, which has been meticulously curated for research purposes. To address
specific challenges encountered in diabetic foot imaging and diagnosis, have been introduced
three tailored CNN (Convolutional Neural Network) architectures, each designed to identify
different risk levels associated with diabetic foot complications. Low-level Diabetic Foot In-
fection Network (LL-DFI-Net): This architecture is aimed at the detection of low-risk groups,
Medium-Level Diabetic Foot Infection Network (ML-DFI-Net) Designed for the medium-
risk group, this model targets neuropathic individuals who do not exhibit signs of ischemia.
High-Level Diabetic Foot Infection Network (HL-DFI-Net): Focused on high-risk group,
this architecture is specialized for detecting individuals with ischemia. The three networks
have achieved high accuracy, as follows: LL-DFI-Net achieved 96.7213%, ML-DFI-Net
recorded 97.916%, HL-DFI- reached 100%. These models aim to improve identification
and treatment of diabetic foot conditions, improving healthcare strategies as well as patient
results.
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1. INTRODUCTION

One of most important areas of medical study involves application of thermal imaging to identify
DF (diabetic foot). With the projected rise in the number of diabetic patients to 439 million by 2030
from 194 million in 2004, there is a pressing need for effective measures to address this issue. Foot
complications are a significant risk factor for diabetes, particularly in its later stages. Diabetic
foot ulcers are a prevalent complication that, if left untreated, can result in partial or complete
amputation. Detecting and treating DF ulcers early can mitigate these consequences. However,
traditional diagnostic methods are often inadequate for early detection, as they pose challenges for
patients with neuropathy to self-examine and lack automation[1].

Existing research has demonstrated a clear connection between higher temperatures and the devel-
opment of DF ulcers. In order to detect these ulcers at an early stage, multiple algorithms have been
put forth, including the utilization of infrared images [2—6], liquid crystal thermography (LCT) [7],
infrared (IR) thermometers, and temperature sensors incorporated into weighing devices[§].

This study introduces a novel application of infrared thermography combined with tailored CNN
architectures for the assessment of diabetic foot ulcers. Unlike existing methodologies, our ap-
proach focuses on distinguishing different risk levels of foot complications using specialized models
each optimized for detecting varying degrees of vascular disorders in diabetic patients. These
models employ unique computational techniques that enhance detection accuracy and provide a
more comprehensive solution for precision diagnosis. Specifically, we introduce three distinct CNN
architectures tailored for this task:

1. Low-Level Diabetic Foot Infection Assessment Network (LL-DFI-Net) - for the first level.

2. Medium-Level Diabetic Foot Infection Assessment Network (ML-DFI-Net) - for the second
level.

3. High-Level Diabetic Foot Infection Assessment Network (HL-DFI-Net) - for the third ad-
vanced high level. Each architecture is designed to address specific challenges encountered
in diabetic foot imaging and diagnosis.

» (HL-DFI-Net) specializes in fine-grained analysis of foot regions captured through in-
frared thermography, extracting intricate features indicative of vascular abnormalities
for group K2: high-risk group.

* (ML-DFI-Net) focuses on robust detection of vascular patterns and anomalies present in
infrared thermography images. for group K1: Meduim-risk group.

* (LL-DFI-Net) extends traditional CNN architectures by incorporating domain-specific
knowledge and clinical insights relevant to diabetic foot pathology for group K0: Low-
risk group.
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All patient data used in this study were anonymized to protect privacy, following strict ethical guide-
lines approved by the institutional review boards of Al-Wafa Specialized Center for Diabetes and
Endocrinology and Bartella General Hospital. The thermal images were stripped of any identifying
information before analysis, and access to the dataset was restricted to authorized personnel only

The remainder of this article was structured offering thorough insight into our research and findings.
Section 2 reviews existing studies on the use of thermal images for DF detection. Section 3 describes
materials and methods, including the specifics of thermal imaging data collection from the Al-
Wafa Specialized Center for Diabetes and Endocrinology. Section 4 delves into the details of our
proposed CNN architectures and their implementation. Also results of our simulations are analyzed
and discussed

2. LITERATURE REVIEW

Review of literature Direct temperature measurement is not possible via remote temperature mea-
surement methods. Rather, they measure body’s energy flow and utilize this information to calculate
temperature (radiometry). The foundation of radiation measurement depends on observation that
all objects, having temperatures greater than 0 Kelvin, generate electromagnetic radiation in variety
of wavelengths. Thermal infrared, or (IR), is term employed to describe majority of radiation from
nearby objects, such as those with temperatures between 0 — 100°Celsius, that have wavelengths of
3mm or longer. For instance, at 300 K (27°Celsius), an object’s peak radiation was 9pum. In the vis-
ible spectrum, objects in this temperature range don’t produce any discernible radiation. Only items
heated to 500°C or higher—such as red hot metal—emit detectable radiation in the visible spectrum
[2]. The scientist Gasim employed remote thermometers (pyrometers) in 2013, while there have
been other approaches based on plantar temperature distributions. Effective as well as dependable
measurements include temporal artery thermometry along with tympanic membrane temperature.
Similar to core body temperature, telethermometers were frequently employed in wound care to
record ambient as well as wound temperatures [3]. The two scientists, Swati Madhi and Bali Maha-
jan, in 2014. introducing this research, which includes the most recent image processing methods
for thermogram-based nontraumatic thyroid illness detection. A technique called thermal imaging
uses heat emitted from an item to produce analytical images. We have suggested a method that uses
thermal imaging to identify thyroid illness. Since an overactive thyroid gland has become site of
elevated chemical activity as well as blood flow, thermal sensors can identify it as source of heat pro-
duction. The FLIR-E30 thermal camera has thermal sensitivity of 0.1°C and can detect temperatures
between —°C and 120°C [4]. Scientist Capo employed thermal imaging in 2015 to track how well
psoriasis patients were responding to therapy since leveling of temperature gradients has been linked
to both joint effect as well as disease recovery [5]. According to a 2016 research carried out scientist
Fryberg and colleagues, a smart heated foot pad may be able to identify inflammation five weeks
before they become clinically noticeable. Studies in this field fill a significant vacuum in existing
literature since these reports were less frequent than those of single patients [6]. An alteration in the
distribution of temperatures prior to and following endovascular therapy or surgical bypass was seen
by authors of at least one research (Lin & Saines, 2017) involving 8patients who had lower extremity
occlusive disease. Arterial duplex ultrasonography confirmed the increased flow. Blood flow can
be imaged and assessed using thermal image time series. Temporal temperature changes can be
employed in these methods to assess a number of physiological processes, such as vasomotion.
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The signals in the following five frequency bands have different origins: endothelium (metabolic),
neuronal, muscular, respiratory, and cardiac. These are 0.005-0.02 Hz,0.02-0.05 Hz,0.05-0.15
Hz,0.15-0.4 Hz, as well as 0.4-2.0 Hz. All of findings point to the effectiveness of thermal imaging
in determining skin’s perfusion in both diabetic patients as well as healthy individuals [7]. Raghav,
a scientist, presented a study on diabetic foot ulcers (DFU) in 2018. It is among the most significant
side effects of diabetes. According to estimates, 4—10% of people have diabetes each year, and those
who have disease having 15 - 25 percent lifetime risk of getting these ulcers. Lower limb amputation
constitutes a single of the most debilitating effects of diabetes, which foot ulcers exacerbate. A
DFU might get infected and need complete or partial amputation of affected limb if no medications
are obtained. Diabetic ulcers were reason behind nearly 50 percent of non-traumatic lower limb
amputations. In 2018, Raghav et al. [9]. In a 2019 study of 277 diabetic individuals, researcher
Astacio Picado et al. discovered that temperatures significantly lower beneath 1% metatarsal head,
5" metatarsal head, heel, and big toe core of left foot. It is the same with patients. In order to assess
cutaneous blood perfusion in vasculopathy, neuropathy, as well as vascular neuropathy groups,
authors contrasted laser Doppler flowmetry, laser Doppler imaging, and thermography with non-
neuropathy group. They discovered that in seven healthy adults, thermography and laser Doppler
imaging had a correlation of r = 0.577 (p < 0.01, n = 38). Additionally, they discovered that laser
Doppler imaging as well as infrared thermography were correlated with r=0.358 (p < 0.01, n = 60)
in 10 scleroderma patients.[ 10]. The body’s ability to constrict blood vessels in skin regions exposed
to cold temperatures (apart from face, neck, and chest) in order to stop heat loss was investigated by
scientist Lim in 2020. Perhaps hand responds to body’s thermoregulatory demands more actively
than any other portion of the body. The fingertips of hand get most heat when temperature rises, and
vessels throughout hand dilate. Cooling causes this tendency to reverse. The hand’s blood vessels
contract, resulting in an 8-degree Celsius variation in skin temperature. A cold hand reduces amount
of body heat it transfers to the surroundings. So, even though temperature although upper body is
largely unchanged, an infrared image obtained a few minutes after the body has gone from Warm
surroundings (30°Celsius) to somewhat chilly environment (22.6°Celsius) reveals that blood vessels
in hand were already well constricted[11]. 70 patients in intensive care unit participated in blinded,
prospective cohort trial that had been carried out in 2021 by researchers Siman and Angel. Using
thermal imager, participants’ bilateral sacrum and heel region were examined. Following patient’s
admission and at 3, 7, 14, & 25 days, follow-up imaging had been completed. The thermal images
were not visible to doctors, and all subjects received routine wound care and prophylaxis. Evaluating
thermography to identify physiological changes that may precede visual changes and not be evident
in deep tissue injury (DTI), reducing subjectivity along with complexity of visual evaluation, and
assessing economical effect of using thermal imaging technology were the goals[12]. Kay et al.
conducted an evaluation of 415 ICU patients who were included through convenience sampling in
2022. The Utilizing Braden scale, possibility of PI (pressure injury), and infrared thermal imager
was used once a day for ten days to acquire thermal images of sacral region. Ideal skin cutoff value
6 temperatures to forecast pressure injuries has been recognized by comparing prediction impacts of
infrared thermography as well as Braden scale on PI using a receiver operating characteristic curve.
The researchers discovered a negative correlation between the risk of PI and the sacral region’s
relative temperature [13].
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3. RESEARCH METHODOLOGY

3.1 Dataset Description

Dataset employed within study comprises 710 thermal images obtained from Al-Wafa Special-
ized Center for Diabetes and Endocrinology and Bartella General Hospital, meticulously curated
for research purposes. The dataset is structured into distinct folders representing different health
conditions. In the Diabetic Group, three risk categories are delineated: KO denotes the Low-risk
group, encompassing non-neuropathic and non-ischemic individuals; K1 designates the Medium-
risk group, consisting of neuropathic individuals without ischemia; and K2 represents the High-risk
group, which includes individuals with ischemia. Each subgroup (K0, K1, and K2) contains thermal
images captured at two time points, denoted as TO and T10, corresponding to acquisitions before
and after utilization of cold stress test, respectively. For instance, the image K0-0001 corresponds to
the acquisition at TO for a patient, while K0-0002 corresponds to the acquisition at T10 for the same
patient. In the Healthy Group, participants who did not undergo the cold stress test are represented
by images M-0001 to M-0039, whereas control subjects who underwent the test are represented
by images M-0040 to M-0125. This meticulous organization facilitates a comprehensive analysis
of thermal imaging data within distinct health conditions and stress test scenarios. Preprocessing
data : involved the conversion of the 710 images across the four groups from RGB to grayscale,
followed by resizing to dimensions of 256x256. While the dataset used in this study comprises 710
thermal images, we recognize that this sample size may limit how broadly applicable our findings.
Upcoming work will concentrate on expanding dataset by collaborating with additional medical
centers and incorporating data from diverse populations. Additionally, we aim to perform external
validation of our models using larger, independent datasets to further assess their robustness.

Figure 1: the sample of data used in this study for normal (a)and abnormal(b) case

3.2 Classification Models

In this investigation, the focus is on the critical task of classifying diabetic foot diseases through the
analysis of thermal images. This is pursued for two primary reasons: firstly, to address conditions
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that significantly impact daily lives and well-being of individuals, and secondly, to explore the
categorization of key symptoms that manifest across various stages of diabetic foot conditions.
This study begins with the analysis of thermal imagery for determining inflammation as well as
other related symptoms indicative of DF diseases. Progressing further, attention is given to areas
exhibiting temperature variations, which correlate to different disease states, moving from early-
stage signs detectable in the lower extremities to more advanced conditions. Finally, the study
extends to a comprehensive evaluation of thermal patterns associated with severe diabetic foot
complications|[14].

This study differentiates itself by introducing tailored CNN architectures specifically designed to
address the varying risk levels in diabetic foot ulcer detection. A detailed comparison with existing
state-of-the-art methods is provided, showing how our approach achieves higher accuracy and better
adaptability to different patient conditions. Furthermore, novelty of suggested model is found in
its capacity to integrate infrared thermography data, which is underutilized in current diagnostic
practices., and applied to yield high classification accuracies as illustrate in FIGURE 2. This
project encompasses several logical phases. Initially, thermal images depicting various stages of
diabetic foot diseases are gathered, with a detailed consideration of orthogonal patterns representing
temperature variations across different areas of the foot.

Subsequent to the image collection, pre-processing steps such as normalization and cropping are
applied to the images to ensure consistency. Feature extraction from the thermal images was con-
ducted using advanced preprocessing techniques, converting RGB images to grayscale, resizing, and
applying specialized filters to enhance relevant features. The CNN architectures then automatically
identified key thermal patterns associated with different risk levels. These features were further
analyzed to correlate with known clinical markers, providing a more detailed understanding of how
the models differentiate between risk categories.

Moreover, the thermal images were segregated into 2 groups for training as well as testing phases of
classification models, setting the stage for an in-depth analysis and understanding of diabetic foot
diseases. Consequently, DL models are designed as (LL-DFI-Net) , (ML-DFI-Net) and (HL-DFI-
Net). Basically, trained image set was employed to train all network models, and tested image set
was utilized to test same networks. Additionally, convolution, ReLU, and pooling layer DL settings
are assessed to determine how to get best accuracies [15].

The three suggested models are grounded in CNN architecture, each tailored to process a unique
aspect of diabetic foot disease imagery. These models are characterized by the integration of various
evaluated parameters across numerous layers, enabling the effective classification of specific dia-
betic foot conditions. The architecture of each model is straightforward yet powerful, incorporating
fundamental layers of input, Rectified Linear Unit (ReLU), convolution, FC (fully connected),
pooling, softmax, as well as output layers, as illustrated in FIGURE 3. The details and parameters
of each layer, which are pivotal for the models’ functionality, will be elaborated in the subsequent
sections[16].

* The initial layer in analysis of diabetic foot disease imagery handles grayscale images. It
captures pixel intensity values based on the image’s resolution and size. In this examination,
grayscale images are utilized, each defined by a matrix of dimensions (width x height x 1),
where 17 signifies a single channel that represents grayscale intensity. Unlike colored images
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Figure 2: shows the most important stages of three networks LL-DFI-Net, ML-DFI-Net and HL-
DFI-Net.

that necessitate 3 channels for RGB (Red, Green, & Blue), grayscale images simplify process
by focusing on variations in lightness or darkness. The dimensions, width as well as height,
were customized for every individual model to meet necessary perspectives of ((LL-DFI-Net)
, (ML-DFI-Net) and (HL-DFI-Net) ). The single grayscale channel is subsequently processed
in layer that follows, known as convolution layer[17].

* In the convolution layer, the grayscale image undergoes processing through multiple filters
or kernels. Each kernel, acting as a unique set of weights, convolves image’s single channel.
This convolution, performed across various kernels, generates multiple feature maps, each
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Figure 3: A general CNN architecture for image classification task

highlighting different aspects of the image’s texture, edges, or other relevant features for iden-
tifying characteristics of diabetic foot diseases. The procedure entails breaking the channel
up into smaller parts as well as applying the convolution operation, which is mathematically
defined by a specific formula that takes into account the convolution kernel’s dimensions, the
pixel positions, and the kernel weights. The resulting image channels are called feature maps.
Here is the formula employed to calculate the feature map values [18]:

I
Hj, ol -1 .
w
Au,v,c' = Uc + E E ) E wo o (1)
j=—HL I-1=1 1+HW )

1 I-1F 445 cI-1
i:—Hi J,HW,C u+i+j,c

where: Au,v,c 1 represents output of convolution layer, (u,v) denotes pixel coordinate, Uc 1 rep-
resents channel bias, Wi, j,c [ — 1 ¢ I denotes kernel weighs, ¢ represents channel number, Hw [
were respectively width & height of convolution layer kernel, Hh [ denotes current layer, and / — 1
represents previously layer.

In context of digital image processing, utilizing fixed kernel values enables selective filtering of
image channels. By applying diverse kernels to each channel, a variety of feature maps can be
generated, offering multiple perspectives of filtering analysis for individual channel images. The
convolution process leverages several parameters encompassing filter’s dimensions, padding, quan-
tity, as well as stride to manipulate images [19].

Within deep learning (DL) networks, particularly in CNNs, ReLU (Rectified Linear Unit) stands
as predominant activation function. Primary objective was to cause the network to become non-
linear by allowing passage of positive values or zero, effectively determining activation state of a
neural network neuron [20]. This is achieved by retaining positive inputs as is and converting any
negative input to zero, thereby simplifying the computational complexity and enhancing model’s
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performance. It can be stated as:
I I
Mu, v,c’ = max (O, Au’v,c) 2)

where: Mu,v,c 1 represents output of ReLU, max denotes maximum operation, as well as Au,v,c |
represents input positive value to ReLU activation function [20].

Information was down-sampled through pooling. The spatial dimensions are capable of further
reduced by this layer, but depth cannot. In particular, it comes after the nonlinearity of ReLU, which
comes after the convolution processes. It generates a fresh set of feature maps by working with
each one independently. Pooling operation’s size has to be less than that of feature map. According
to FIGURE 3, this leads to reduction in amount of pixels in each prior feature map. Therefore,
by lowering the model’s overfitting, the pooling layer might aid in reducing size of feature maps
therefore enhancing efficiency [21]. There are 2 popular kinds of pooling:

* Maximum Pooling (MP): It determines highest values of the windows, or tiny matrices, in
every feature map that has come before it. This equation governs application of MP operation:

Pal,b',cMax= MAX M, 1 3
pcaih X b Malxphaa,blxPy+B.C (3)

Here: Pal, b!, cMaxi represents output of pooling layer of maximum type, 0 < al < phl, phl denotes
height of pooled channel, 0 < bl < pwl, pw represents width pooled channel, 0 < ¢ < cl=cl -1, ph
denotes height of each pooled window and pw represents width of each pooled window.

» Average Pooling (AP): It determines average values of each feature map’s tiny matrices (win-
dows). The AP procedure can be utilized via equation below:

S
1
Tave M) = o D M )
i=1

where: Jave represents output of pooling layer of average type, S denotes pooling region size
as well as Mi was output ReLU.

— The fully connected (FC) layer was designed to create connections between each node
in layer and each node in the one below. This architecture facilitates transition between
feature extraction phase as well as classification phase within DL model. By transforming
feature maps into a flattened vector, the FC layer serves as initial layer in classification
segment. Output from this layer is determined based according to following equation:

I-1
1 -1 -1
_ ny N3 1
Gy = Z; Zb:l Zczl Uab.er (Ps)ap Visrs=nl )
a=

where: FC layer’s output represents G, width of previous pooling channel constitutes nl [ —1, height
of previous pooling channel represents n2 [ — 1, number of previous pooling channels is n3 / — 1,
pooling layer output is (Ps)a, b, weight between pooling alongside FC layers was Ua, b, c,r 1, as
well as necessary number of classes represents n 1.

Typically positioned before final classification layer,
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* the softmax layer had been utilized to calculate probability distribution across various output
classes for a given input. This process ensures that the output values are proportionally
distributed, representing likelihood of each class. However, as number of classes grows,
computational cost associated with softmax layer can increase significantly. The equation
that follows represents softmax function formula:

X - &XP (Gy)

S (6)
22:1 exp (Gs)

here: Xr signifies softmax layer’s output. Stated differently, softmax function normalizes each
node’s output values to fall between 0 - 1. Each output’s value is divided by the sum of values of
all other outputs.

* Final layer in sequence was classification layer, which allocates incoming input to most
appropriate category. It is responsible for generating final decision output. The functioning of
this layer is governed by a principle reffered as “winner-takes-all” . The following describes
how this layer functions:

D, = (7)

1 lf yr:max
0 otherwise

Here, max represents extracted maximum yr value and Dr denotes output choice of classification
layer. Final layer was tailored to differentiate among various aspects of diabetic foot disease based
on specific characteristics. This approach is uniformly applied across all models, including (LL-
DFI-Net), (ML-DFI-Net), and (HL-DFI-Net). Such a pattern suggests that this research has notably
achieved success in accurately identifying different manifestations of diabetic foot disease across
each axis.

4. RESULTS AND DISCUSSIONS
4.1 Established Dataset

Diabetic Foot Ulcers (DFUs) dataset was employed as first data set for trials. A large number of
thermal images for detection of vascular disorders in diabetic feet utilizing infrared thermography
have been collected for the three case of DFUs, low, medium and high.

Total 710 thermal images acquired from Al_Wafa Specialized Center for Diabetes and Endocrinol-
ogy and Bartella General Hospital. This image divided into three group, everyone has normal and
abnormal case: Low-level Diabetic Foot Infection have 150 normal image with 120 otherwise,
Medium-level Diabetic Foot Infection have 120 normal with 80 abnormal and High-level Diabetic
Foot Infection having the same number 120 image.

Images were taken from October 6, 2023, until February 9, 2024. A thermal imager infrared
camera has sensor (MLX90640ESF-BAB) is used [22], with featuring a 2.8-inch screen boasting a
resolution of 320x240, it offers a continuous usage of up to 4 hours, even during charging. Offering
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a temperature measurement range from —40°C to +300°C, along with an 8Hz. it captures images
with standard dimensions 320 x 240 x 3 pixels as well as JPG format. The field of view is 55°
horizontally and 35° vertically The distance between camera and patient’s organ is 1 meter.

4.2 Standardizations

Each investigation will be conducted using a laptop computer with specifications listed below:
Lenovo brand, 8 GB of computer memory, GF117 graphics processor, Intel Core i5 processor
running at 2.50 GHz, NVIDIA external graphics card, alongside 2 GB of display memory. ASA
collection contains 710 photos in total, with 34 images utilized for each letter of Arabic alphabet.
Additionally, every trial is taken into account for following training parameters: a fixed learning
rate of 0.0001, an optimizer type of SGDM (Stochastic Gradient Descent with Momentum), a
momentum value 0.9, & weight decay value 0.0001. maximum epochs of 20 and mini-batch size
of 128. Three groups have been randomly selected from the DFU dataset: 50 percent will be
used for training (following [23-26]), 25 percent will be used for testing, and 25 percent will be
used for validation. As will be explained later, the gathered input photos have been empirically
downsized to 256 x 256 x 1 pixels. This work is divided in to three cases: Low-level Diabetic
Foot Infection, Medium-level Diabetic Foot Infection and High-level Diabetic Foot Infection. The
number of output class for each case is fixed to the 2, where each one of them refers to the normality
or abnormality for these problem.

4.3 Data Parameters

The appropriate parameters of the suggested DFI network have been investigated through extensive
experiments. This paper working for three cases for disease DFI, low level, mid. And high of
Diabetic Foot Infection. Its parameters are tuned and distributed into eight stages for every case,
where just one parameter changes significantly at time. The low-level results of the comprehensive
experiments conducted to determine the proper parameters of the proposed Diabetic Foot Infection
Network (DFI-Net) for the established DFU dataset are displayed in TABLE 1, while the other case
process is shown in the same table with parameters that differ.

Two fundamental layers—convolution alongside pooling layers—are where parameters that need
to be evaluated are divided. Stride Size, Filter size, number of filters, as well as zero padding size
are controllable by the convolution layer. Pooling layer settings include stride size, window size,
type, as well as zero padding size. The studies were separated into 8 phases, each of which focuses
on altering a particular parameter’s value while maintaining values of other parameters. Up to stage
8, where it’s possible to benchmark best %age, best accuracy is always noted and monitored for use
in the following step.

The filter size is progressively increased for the convolution layer from 3x3 pixels to 13 x 13 pixels.
9 x 9 pixels have the highest precision, 93.44%, on record. When the number of filters is adjusted
between two and fourteen, two filters are discovered to be the optimal quantity in order to maintain
the highest result from the past. The stride size can be adjusted between 1x1 and 5 pixels; 1x1 pixels
have been shown to perform the best, with a 93.44% rate. When 0 padding size was changed from 0
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Table 1: The performances of extensive experiments that are implemented to obtain the appropriate

parameters of the proposed LL-DFI network for the established DFU dataset

Cases Conv. Pooling Accuracy (%)
Filter size No. of filters Stride Padding Type Size Stride Padding
3x3 2 1 1 Max 3x3 1 1 90.72
5x5 2 1 1 Max 3x3 1 1 89.08

1 TX7 2 1 1 Max 3x3 1 1 91.44
9%x9 2 1 1 Max 3x3 1 1 93.4426
11x11 2 1 1 Max 3Xx3 1 1 90.1639
13x 13 2 1 1 Max 3x3 1 1 50.82
9%x9 2 1 1 Max 3x3 1 1 93.4426
9%x9 4 1 1 Max 3x3 1 1 90.4426
9%x9 6 1 1 Max 3x3 1 1 80.56

2 9%x9 8 1 1 Max 3x3 1 1 75
9%x9 10 1 1 Max 3x3 1 1 80.56
9%x9 12 1 1 Max 3x3 1 1 72.22
9% 9 14 1 1 Max 3x3 1 1 75
9%x9 2 5 1 Max 3x3 1 1 83.33
9x%x9 2 4 1 Max 3x3 1 1 88.33

3 9x%x9 2 3 1 Max 3x3 1 1 89.55
9%x9 2 2 1 Max 3x3 1 1 90.78
9%x9 2 1 1 Max 3x3 1 1 93.4426
9%x9 2 1 0 Max 3x3 1 1 80

4 9x9 2 1 1 Max 3x3 1 1 93.4426
9% 9 2 1 2 Max 3x3 1 1 83.33
9%x9 2 1 S Max 3x3 1 1 Non

5 9%x9 2 1 1 Max 3x3 1 1 93.4426
9%x9 2 1 1 Ave 3x3 1 1 88.78
9%x9 2 1 1 Max 3x3 1 1 93.4426
9%x9 2 1 1 Max 5X%x5 1 1 75

6 9x9 2 1 1 Max 7x7 1 1 44.2623
9% 9 2 1 1 Max 9x9 1 1 88.89
9%x9 2 1 1 Max 11x11 1 1 63.9344
9%x9 2 1 1 Max 13x13 1 1 80.56
9%x9 2 1 1 Max 3x3 6 1 83.33
9%x9 2 1 1 Max 3x3 5 1 84

7 9%x9 2 1 1 Max 3x3 4 1 81.78
9%x9 2 1 1 Max 3x3 3 1 96.7213
9x%x9 2 1 1 Max 3x3 2 1 86.11
9%x9 2 1 1 Max 3x3 1 1 93.4426
9x%x9 2 1 1 Max 3x3 3 0 80.56

g 9x%x9 2 1 1 Max 3x3 3 1 96.7213
9x9 2 1 1 Max 3x3 3 2 55.56
9Ix%x9 2 1 1 Max 3x3 3 S Non

- 2 bordered pixels while maintaining the same original channel size, it was found that benchmarked

best %age value 93.44% for 1 bordered pixels is exactly the same.
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Two forms of pooling are first examined for the pooling layer. The average (Ave.) and maximum
(Max.) are these. For the Max, the best outcome of 93.44% was noted. When window size is
adjusted from 3x3 to 13x13 pixels, 3x3 pixels yields the greatest performance (93.44%). When the
pooling layer’s stride size is changed from 1x1 pixels to 6x6 pixels, best %age value of 96.72% had
measured at 3x3pixels. Both the ”same” pixels and the bordered pixels are altered from 0 to 2 for
the zero padding sizes. The greatest result, 96.72%, at 1 pixels has been reported.

Pooling type Max., pooling stride size equals 3 X 3 pixels, pooling window size equals 3 X 3 pixels,
convolution filter size equals 9 x 9 pixels, pooling size equals 3 bordered pixels (each pixel includes
0 value), number of convolution filters equals 2, convolution stride size equals 1 x 1 pixels, as well
as convolution padding size equals 1 bordered pixel. These parameters yield highest accuracy after
extensive testing. For the suggested LL-DFI-Net model, these values serve as a benchmark. In the
Medium Case, the following parameters show maximum accuracy: When the convolution filter size
is 3x3 pixels, number of convolution filters is 10, convolution stride size was 2x2 pixels, convolution
padding size is 1 bordered pixel, the pooling type Max., the pooling window size is 9x9 pixels, the
pooling stride size is 4x4 pixels, and the pooling size is 1 bordered pixel (each pixel contains a zero
value), the accuracy results are 97.92%. For the suggested ML-DFI-Net model, these values serve
as a benchmark. In the High Case, the accuracy is 100% for the following parameters: Pooling
window size is 3 x 3 pixels, pooling stride size is 1 x 1 pixels, pooling type is Max., and pooling
size is 1 bordered pixels (each pixel contains 0 value). The convolution stride size is 3 X 3 pixels, the
number of convolution filters is 2, and the convolution filter size is also 3 X 3 pixels. For suggested
HL-DFI-Net model, these values serve as a benchmark.

4.4 Resizing Input Images

The original image size is 320 x 240 x 3 this represent a big size according the options of lab-top,
because that resize image in to 256 X 256 x 1 and convert it to gray image to reduce the time for
training.

Since 256 x 256 x 1 pixels yields greatest comparative result for 3 cases, suggested DFI-net model
is modified for this input size.

4.5 Training and Testing

For training phase, half of all photos in DFU dataset were arbitrary selected, and for validation
phase, random selection is made from 25 percent of images included in same dataset. For testing
phase, random selection of 25 percent of entire dataset’s photos is employed. The testing phase
evaluates suggested DFI model. FIGURE 4, shows proposed DFI network’s training and validation
results.

Training loss, iterations per epoch, as well as validation accuracy are primary metrics shown in these
figures. The first curve illustrates correlations between iteration and percentage correctness, while
second curve displays the correlations between iteration and loss/error. Accuracy may be sharply
improved to maximum value while loss/error could be drastically decreased. It follows that training
the suggested DFI-Net is a successful implementation.

73



https://cybersecurityjournal.info/ | December 2024 Karam Hussein Jasim Al-Bahar et al.

4] Training Progress (26-Jan-2024 18:42:34) - o X
Training Progress (26-Jan-2024 18:42:34)
Results
Validation accuracy: 98.36%
LS 5 B BB RBEAE B @ Final Training finished: Reached final iteration
nL “1 Training Time
T Starttime: 26-Jan-2024 18:42:34
S Elapsedtime: 3min1sec
g Training Cycle
3 Epoch: 50 0f 50
< Heration: 50 0f 50
lterations per epoch: 1
Maximum iterations: 50
. 208 1l B ] il B 2 Validation
% ) o ) 5 ) e ) ire:zuency. fo iterations.
Iteration
Accuracy
Training (smoothed)
Training
— — ®— — Vaidation
H
S Loss
Training (smoothed)
Training
" &>
5 S — — ®— — Vaidation
4 Training Progress (26-Jan-2024 18:38:48) - o X
Training Progress (26-Jan-2024 18:38:48)
Results
Validation accuracy: 9574%
e mm e ————— @ Final Training finished: Reached final teration
""""" Training Time
Starttime: 26-Jan-2024 18:38:48
Elapsed time: 1 min 11 sec
Training Cycle
Epoch: 50 of 50
Heration: 50 0f 50
Hterations per epoch: 1
Maximum iterations: 50
| 30 | 40 | 50 Validation
= = = 0 5 o irenuencr 30 iterations
Iteration
Accuracy
Training (smoothed)
Training
- = Valdation
Loss
Training (smoothed)
@inal Training
@ — — @~ — Vaidation
4 Training Progress (26-Jan-2024 18:51:23) - o X
Training Progress (26-Jan-2024 18:51:23)
Results
— Validation accuracy: 100.00%
- inal Training finished: Reached final iteration
| B-§ Training Time
- Starttime: 26-Jan-2024 18:51:23
Elapsed time: 41sec
Training Cycle
Epoch: 50 0f 50
teration: 50 0f 50
Iterations per epoch: 1
20 - Maximum iterations: 50
| 10 | 20 A 30 | 40 ! 50 Validation
0
o 5 10 15 20 25 30 3 40 45 50 L, 20 Reratons
Iteration
Accuracy
Training (smoothed)
Training
— — @ — — Vaidation
Loss
Training (smoothed)
Training
: 2 -
35 40 45 50 == @~ Vaidaton

Figure 4: (a) Training process (accuracy and loss) for the Dataset of LL-DFI-Net, (b) Training
process (accuracy and loss) for the Dataset of ML-DFI-Net. (c) Training process (accuracy and
loss) for the Dataset of HL-DFI-Net.
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5. CONCLUSION

To sum up, this research presents comprehensive Al-based approach for assessing diabetic foot
ulcers using infrared thermography and tailored CNN models. The three networks developed—
Low-Level Diabetic Foot Infection Network (LL-DFI-Net), Medium-Level Diabetic Foot Infec-
tion Network (ML-DFI-Net), and High-Level Diabetic Foot Infection Network (HL-DFI-Net)—
demonstrated high accuracy in detecting different risk levels associated with diabetic foot compli-
cations. Specifically, LL-DFI-Net achieved an accuracy of 96.72%, ML-DFI-Net recorded 97.92%,
and HL-DFI-Net reached 100%. These results highlight the potential of our approach to signif-
icantly improve clinical results by making earlier and more accurate interventions possible for
diabetic foot disorders.

We acknowledge that the dataset’s specific sources may introduce regional or demographic biases.
Future research will focus on incorporating a more diverse set of data to better address these biases
and enhance applicability of our findings.
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