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Diabetic foot ulcers (DFUs) are a complication of diabetes that affects 
the feet. This occurs due to poor blood circulation and nerve damage 
from high blood sugar levels. DFUs are characterized by ulcers that heal 
slowly and increase the risk of infection. Delayed detection may lead to 
amputation. Therefore, early detection of DFU is critical. Most previous 
studies have relied on single-sensor data or small datasets, which limits 
their applicability. This study addresses this gap by integrating 
multimodal sensor data with ML algorithms for DFU prediction. In this 
paper, we propose a DFU prediction system that incorporates multiple 
sensors in a specific wireless sensor network (WSN). The sensors 
measure foot temperature, pressure, and humidity to assess diabetic 
foot health conditions. ESP32 microcontrollers instantly process sensor 
data for remote communication with smartphones. The measurements 
collected from physiological sensors were integrated with machine 
learning (ML) algorithms to predict DFU. Four ML algorithms were 
used: decision tree (DT), random forest (RF), k-nearest neighbors 
(KNN), and support vector machine (SVM). These algorithms classify 
and predict whether feet are healthy or unhealthy using multimodal 
sensor data. The data was divided into 80% training and 20% testing 
sets, and results were validated using 10-fold cross-validation. The 
accuracy, recall, specificity, AUC, F1 scores, and precision were 
evaluated for the implemented algorithms. The DT algorithm showed 
the highest accuracy, achieving 99.0% compared to other algorithms in 
this research and earlier studies. The integration of WSN and ML has 
proven valuable in classifying and forecasting DFU, confirming that the 
proposed method can enhance current diagnostic methods. 
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1. Introduction 
The metabolic disease Diabetes Mellitus (DM) contains elevated blood glucose that develops from impaired 
insulin function or secretion, or both mechanisms, creating this disorder [1]. Diabetic foot ulcers (DFUs) stand 
among the most severe complications that arise from diabetes because they cause substantial disability to 
patients. Both peripheral vascular disease and trauma and neuropathy merge to form DFUs, which subsequently 
result in infections and hospital stays and potentially end with full or partial amputations [2]. The early 
recognition and control of diabetic foot complications risk factors remain essential to stop poor patient outcomes 
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and improve health quality. Wearable equipment that measures physiological data and machine learning (ML) 
techniques has developed into strong monitoring tools for DFU conditions that enable rapid intervention 
approaches [3]. 

DFU is a severe complication of diabetes that affects the feet, harming nerves and blood vessels, resulting in 
loss of sensation, infections, and wound exposure; in advanced circumstances, the limb may require amputation 
[4]. Its major causes are elevated blood sugar for extended periods because of inadequate control of diseases [5]. 
Its symptoms include numbness, tingling, and burning in the feet, skin discoloration, swelling, cracks, blisters, 
sores, hair loss, bone and joint abnormalities, and loss of sensibility to pain, heat, or cold [6]. Traditional methods 
of diagnosis are to examine the feet frequently, notice shifts in the skin, nails, and toes, use systems to evaluate 
sensation and circulation, and inspect the wound samples [7]. X-rays, ultrasounds, and MRIs detect bone and 
vascular damage [8, 9]. 

The world currently has 642 million DM patients, which represents a projected increase to 800 million by 
2045. DFUs represent a significant complication that develops in one-quarter of DM patients, leading to 40% to 
70% of the cases where doctors must perform non-traumatic lower limb amputations throughout the world due 
to the occurrence of over a million such procedures yearly. Diabetes patients experience a yearly DFU 
development rate of roughly 2.5%, but among these patients, 14-24% require amputation procedures following 
diagnoses, and survival odds for diabetes patients with foot ulcers show a mortality range between 50% and 70% 
over five years. The recurring nature of DFUs affects 65% of affected patients during the 3-5 year period, resulting 
in sustained health-related challenges and financial expenses globally [10]. 

The progress made in DFU management has not eliminated the difficulties of predicting when DFUs appear. 
Present risk assessment of diabetic feet today depends primarily on physical evaluations and patient history 
recordings alongside evaluator subjectivity, which proves inconsistent outcomes [11]. The current predictive 
models face various limitations because they work with limited dataset quantities, insufficient feature 
identification, and restricted universal applicability. The research requires stronger data-guided approaches to 
use physiological sensor data in combination with advanced computational methods to improve the accuracy and 
reliability of DFU prediction systems [12]. Resolving these challenges is necessary to decrease the healthcare 
system's burden on DFU complications for patients and medical professionals. 

WSN integration with AI significantly changes medical diagnostic and patient monitoring capabilities, 
alongside sports performance evaluation processes. WSNs in healthcare gather instantaneous physiological 
sensor data from sensors attached to the body or implanted inside bodies to monitor patients continuously and 
detect diseases early, as well as daily activities [13]. AI algorithms extract valuable patterns from collected medical 
data, which allows them to foresee potential health perils and aid in comprehensive disease diagnoses, including 
cardiovascular diseases, diabetes, and neurological disorders at high accuracy levels. Sports-based WSN 
wearables monitor athletes by tracking their biomechanics, movement patterns, physiological training, and 
competition responses [14]. AI analytics improved for athlete’s permits performance development and injury 
prevention while creating personalized training programs from individual data points. The combination of WSN 
with AI technology brings automated choices, precise feedback, and real-time assistance, leading to improved 
patient care and performance enhancement for healthcare and sports sectors. 

According to previous research, the prediction of DFU complications has been studied using different 
solutions that involve both ML approaches and sensor-based data. The researchers have applied support vector 
machines (SVM) [15, 16], random forests (RF) [17], k-nearest neighbors (KNN) [18], Naïve Bayes [19], and 
artificial neural networks (ANNs) [20, 21] as classification algorithms to evaluate skin temperature, plantar 
pressure, and blood flow physiological indicators. Some researchers have developed wearable technology [22, 23] 
to track DFU based on different sensors, such as pressure, temperature, and humidity. These investigation 
methods generate hopeful results yet encounter three main obstacles: working with restricted data, ignoring live 
predictions, and difficulties joining various sensor devices. Existing methodology restrictions emphasize 
developing new solutions beyond current operational limitations. 

The scope of this study is to design and evaluate a complete system that integrates multimodal physiological 
sensors with ML algorithms through a wireless sensor network (WSN) for early DFU prediction. Unlike previous 
works, which often focus on one type of signal or limited datasets, our work emphasizes multimodal integration, 
real-time monitoring, and algorithmic comparison. 

This research aims to predict and detect DFU in real time by merging the physiological sensor measurements 
with ML algorithms. Four well-known ML algorithms are applied, such as a DT rule-based model that splits data 
into branches for simple interpretation. RF is an ensemble method that combines multiple decision trees to 
improve stability and reduce overfitting. KNN is a distance-based classifier that predicts a class based on similarity 
to neighboring data points. SVM is a powerful classifier that finds the optimal hyperplane to separate classes in a 
high-dimensional space. Fig. 9 shows the ML algorithms flowchart implemented in Python used in this research. 
The algorithm operation consists of four phases: data preparation, running ML models, model evaluation, and the 
user interface.  
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The proposed design offers an integrated sensor system in a simple wireless sensor network (WSN) that 
monitors diabetic foot health through force, temperature, and humidity sensors while ESP32 microcontrollers 
process data. The physiological data collected from the foot is transmitted wirelessly in real-time via WiFi from 
the DFU monitoring unit to a smartphone, where it is subsequently processed and analyzed [24, 25]. In addition, 
a user interface such as the RemoteXY application enables users to monitor their foot health status and obtain 
early alerts. The system provides a complete, non-invasive foot health monitoring solution that is simple to use 
while having the potential to scale up benefits through enhanced predictive abilities. In addition, the integration 
of WSN with ML algorithms creates an efficient method to improve the diagnostic accuracy of the forecasting of 
DF. Wireless sensors collect physiological data from the patient's foot, then test and train ML algorithms. Four ML 
algorithms, DT, KNN, RF, and SVM, are applied to these sensor data to classify feet as healthy or unhealthy. The 
prediction algorithms are not only practical but can also be more reliable than traditional methods. 

The contributions of this study can be summarized as follows: 
1. Wireless sensor network-based physiological parameters were designed and implemented 

practically to collect physiological data from the foot, including temperature, skin moisture, and foot 
pressure. 

2. Various ML algorithms, including KNN, SVM, RF, and DT, were trained and tested using physiological 
data to predict DFU accurately. 

3. ML algorithms were evaluated based on several performance metrics to select the best algorithm that 
achieves higher prediction accuracy.   

4. The adopted ML algorithms outperformed existing algorithms in previous articles, revealing the 
robustness of our models in the early diagnosis and forecasting of DF. 

 
This paper has the following organizational structure: Section 2 presents an in-depth review of prior works 

that focus on diabetic foot prediction alongside their significant developments and encountered obstacles. The 
methodology consists of Section 3, which details information about data acquisition procedures before moving on 
to feature selection and ML model creation. Section 4 assesses the effectiveness of the methodology proposed 
throughout this work based on several performance metrics. The paper moves on to Section 5 to explore the 
study's results and the discussion. Section 6 compares the outcomes of this paper with related previous works in 
terms of several performance metrics. Section 7 includes conclusions that offer future research.  

2. Literature Review 
This section reviews prior studies on the topic and highlights recent contributions by researchers. It presents the 
limitations researchers faced and each study's advantages and disadvantages. Prediction of DFU using WSN 
involves relying on ML algorithms to develop predictive models to identify individuals at risk of developing 
complications of DF. These models aim to predict the probability of developing DFU by analyzing various medical 
data, allowing early intervention and prevention strategies. This helps healthcare actors make decisions to 
improve patient outcomes. 

Wang et al. [26] introduced a system of shoes for tracking plantar pressure every day for diabetic patients, 
and the system can dynamically track plantar pressure and show variations in real-time on a mobile device. The 
main problems of current prototypes are poor long-term measurement stability, poorly developed system 
integration and packaging processes, and unreliable wired and wireless connections between sensors, batteries, 
and processing units. The study aims to create a convenient long-term monitoring system and a user interface for 
viewing and analyzing the distribution of plantar pressure of diabetic patients in real-time, allowing early 
prevention of foot ulcers and providing early warning to patients. A shoe system with an insole equipped with 
pressure sensors is used to monitor plantar pressure. Five classifiers were used to classify plantar pressure for 
three groups of patients: healthy individuals, diabetic patients without peripheral neuropathy, and diabetic 
patients with peripheral neuropathy. The forest Randomizer's accuracy was 94.7%, which indicates the system's 
usefulness for tracking diabetic patients' daily plantar pressure. The most important benefits of the device are low 
cost, and it displays changes in real-time on the mobile phone and transmits data wirelessly through Bluetooth, 
ensuring that they do not affect the user's gait. However, they are not appropriate for continuous observation in 
everyday life, which hinders a practical assessment of the risk of DFU. 

Chauhan et al. [27] focused on using ML to diagnose the different stages of diabetes development in the lower 
extremities by analyzing the distribution of pressure collected using pressure-measuring insoles. The goal is to 
detect peripheral neuropathy early to predict the development of DFU. Plantar pressure measurements were 
recorded while participants walked, and the data were divided into three plantar regions. Furthermore, data were 
collected at the UNLV Diabetes and Endocrinology Clinic using supervised ML algorithms to predict diagnoses 
effectively. Participants were 110 from the prediabetes group, the group without peripheral neuropathy, and the 
group with neuropathy. The best-performing models, such as KNN and SVM, using different compression and non-
compression features, achieved accuracies ranging from 94.0% to 100%, highlighting the effectiveness of the 
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proposed ML approach. Early detection of diabetes complications such as peripheral neuropathy has been a 
primary focus, allowing timely treatment and prevention of further problems. Generalizability may be limited 
because the study used specific ML algorithms and features. Different algorithms or features may produce 
different results in other populations or settings. Haque et al. [28] discussed diabetic neuropathy (DN) and foot 
ulcers using EMG and GRF signals. The goal is to identify patients with DN and DFU, providing a potential solution 
to classify patients. In practice, the EMG and GRF signals were collected from DN, DFU, and control groups during 
walking, and feature extraction techniques were applied to extract relevant features from the signals. ML 
algorithms, such as KNN, SVM, etc., have been used to classify patients. The KNN algorithm showed high accuracy 
in identifying DN and DFU patients, as EMG analysis achieved 96.18% accuracy using specific features of muscles 
and 98.68% using ground reaction forces analysis. The application of ML has provided a potential solution for 
accurate patient identification using EMG and GRF parameters. Improved ML models can help diagnose and 
classify DN and DFU patients. However, the data consisted of three small groups, and therefore, further validation 
and testing on more extensive and diverse data sets are needed to ensure that the results can be generalized. 

Ferreira et al. [29] focused on developing an AI-based system to detect people at risk of developing DFU. The 
system was used to avoid severe symptoms by intervening in real-time. The experiment was conducted on a group 
of 250 individuals with diabetes in a health institution in Minas Gerais, Brazil, focusing on neuropathy, deformities, 
and trauma to detect DFU. A Multi-Layer Perceptron Neural Network (MLPNN) was used. The system achieved 
good accuracy, with values ranging from 81.0% to 87.0%, indicating the effectiveness of the proposed system for 
detecting the disease. However, the generalizability of the results to a larger population was limited because the 
data were collected from a single health institution. Basiri et al. [30] discussed the challenges of DFU detection 
using deep learning (DL) to improve early detection and treatment. The study used a detailed protocol case report 
form (CRF) to collect patient data, developed in consultation with clinicians and researchers. The study generated 
a dataset of 269 patients with DFU and approximately 3700 RGB images and heat maps. The dataset and UNet 
architecture were demonstrated to be effective for DFU detection. Using EfficientNet as a feature extractor and 
UNet architecture achieved promising results of F1-Score 79% and MAP 86%, demonstrating the effectiveness of 
the dataset used in DFU analyses and DL. The paper found that more research is needed in the field of DL and 
thermal imaging to improve the performance of the proposed system to identify disease. 

Cassidy et al. [31] proposed a system based on smartphones and artificial intelligence (AI) to achieve high-
accuracy detection of diabetic ulcers. Diabetic ulcers and amputations pose a considerable health and economic 
burden, with high expenses for healthcare systems. The evaluation was performed on 81 diabetic patients. A total 
of 203-foot photographs were collected. Using a smartphone, they were analyzed using an AI system and 
compared to the judgment of clinical experts, with 162 images showing at least one ulcer and 41 showing no ulcer. 
The system showed an accuracy of 92.12%, a recall of 92.26%, and a specificity of 91.67%, indicating the 
possibility of automated detection and monitoring of DFU. Using a low-cost smartphone for automated ulcer 
detection indicates cost-effectiveness and accessibility for widespread implementation in healthcare settings. The 
study period was limited to September 2020 to January 2021, which may not capture long-term performance or 
changes in the AI system over long periods. Radunovic et al. [32] explored Moveo, a device that uses ML and 
sensors placed in the hand and foot to detect neuropathy. The goal is to identify neuropathy early. The device uses 
four sensors in addition to traditional electrical examinations (EDx), analyzes, and processes them via the cloud 
instantly, giving accurate results. The experiment had 23 participants. The device achieved an accuracy of 82.1%, 
with a recall of 78%, an F1 score of 82.88%, a precision of 88.46%, and a specificity of 87%, showing promise for 
home use. The device provides users with a quick diagnostic method, improving their experience of managing 
their health condition. It may depend on cloud computing technology and mobile applications, as any glitch in the 
system can affect the diagnosis. Sensors can be jammed or lost, leading to inaccurate readings. 

Salih et al. [33] introduced a diabetes classification model that received an improvement through data 
preprocessing techniques using the PIMA Diabetes dataset. The methodology implements sequential operations 
beginning with outlier elimination and data filling in the first phase, then continues with normalization procedures 
in the second stage. Principal component analysis was employed to analyze features in their study. SVM, RF, Naïve 
Bayes, and DT were selected to classify the PIMA dataset. Tests showed that an accuracy of 89.86% was achieved 
during training with 80% of the available data. The feature selection approach was used to merge with the 
classification system to achieve these results. The research by Fadhel et al. [34] focused on hardware accelerator-
based automatic classification between normal and abnormal DFU. The authors present the DFU_FNet 
Convolutional Neural Network (CNN) as a lightweight feature extraction model for SVM and KNN classification 
while introducing the DFU_TFNet CNN for deep network analysis of hardware effectiveness. DFU_TFNet surpassed 
all other networks, including AlexNet, VGG16, and GoogleNet, evaluating 99.81% accuracy and 99.38% precision 
alongside 99.25% F1-score and 99.76% recall performance. Throughout the study, the researchers evaluate which 
devices, between GPUs and FPGAs, work best for real-time processing, although GPUs complete computations 
more rapidly, FPGAs minimize power consumption. 

Rathore et al. [35] enhanced DL model interpretations for DFU labeling and localization work that maintains 
clinical validity. The adopted method in this work integrates explainable AI approaches in healthcare AI systems 
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to establish clinical trust while making systems more easily usable for medical staff. Six advanced models, 
including Xception and DenseNet121 alongside ResNet50, InceptionV3, and MobileNetV2, as well as Siamese 
Neural Network (SNN), undergo assessment through interpretability techniques SHAP and LIME, and Grad-CAM. 
The SNN stood out among the models by reaching 98.76% accuracy alongside 99.3% precision, 97.7% recall, 
98.5% F1-score, 99.2% specificity, and 98.6% area under the curve (AUC) in performance results. Gudivaka et al. 
[36] presented a state-of-the-art ML protocol for DFU classification. Reinforcement learning is an effective cost-
saving strategy that improves DFU image analysis and classification to support healthcare decisions and risk 
evaluations. The model successfully classified data with an accuracy reaching 93.75%, a specificity of 81.03%, an 
F1 score of 84.09%, a recall of 86.93%, and a precision of 81.43%. The cluster-based analysis achieved 
classification efficiencies between 71% and 98.2%. The developed diagnostic system provides better DFU 
identification capabilities and represents a cost-effective alternative to conventional diagnostic approaches. 

Wearable physiological sensors and ML techniques have emerged as powerful tools for early DFU monitoring. 
Previous studies explored individual parameters such as pressure, temperature, or blood flow using ML 
algorithms. However, these approaches often relied on limited datasets or single-sensor modalities, which 
restricted their applicability. Unlike previous research, our study introduces a novel contribution by merging 
multiple parameters (temperature, pressure, and humidity) with modern ML algorithms to achieve real-time and 
reliable DFU prediction. 

The novelty of this work is that we combine a WSN with the latest ML algorithms to assess multimodal DFU, 
allowing us to detect it earlier and evaluate it in a more detailed manner than traditional or single-sensor 
approaches do. In contrast to the earlier research that usually involves the one-parameter analysis, our method 
integrates various sensor data with ML algorithms to forecast the complications of DFU, which can provide a more 
global picture of patient health conditions. 

3. Materials and Methods 
This section includes the system architecture, hardware components, power management, Remote XY application, 
software architecture, gathering of multimodal sensor data, machine learning algorithms, and system evaluation, 
as follows:  

3.1 System Architecture  
The method proposed in this research measures physiological data from the foot. An array of sensors is used to 
measure skin temperature, humidity, and plantar pressure in different areas of the foot. These include two DHT22 
temperature and humidity sensors and eight pressure sensors (FSR). The measured data is then collected and 
processed using the ESP32 microcontroller, which sends the data via WiFi. The data will be received by a 
smartphone containing an application through which sensor readings are displayed. In addition, data is collected 
for healthy and unhealthy people to train various ML algorithms to predict the possibility of developing DFU in a 
patient. Therefore, the proposed method combines sensors, electronics, smartphone applications, and ML 
algorithms to monitor conditions. Foot and early prediction of DFU to help treat it and prevent its complications, 
as shown in Fig. 1. 
 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 1 The architecture of the DF-based ML algorithms using WSN 
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3.2 System Hardware  
The electronic diagram shows the proposed system as in Fig. 2, where the proposed solution includes WSN. These 
sensors are strategically placed to collect relevant data from the patient's foot, consisting of 8 force sensors (Fig. 
2, Part A) in slippers and two temperature and humidity sensors (Fig. 2, Part B). In addition to using an ESP32 
microcontroller (Fig. 2, part C), it processes the data obtained from the WSN. The microcontroller contains WiFi 
with a frequency range of 2412-2484 MHz. After processing the data and calculating the pressure, temperature, 
and humidity values, the data is sent to the Android phone via a smartphone application designed by the 
RemoteXY website. Six high-resolution 12-bit analog input ports, from pin 3 to 8, were used to input the power 
sensors. In addition, temperature and humidity sensors can be connected using digital inputs 31 and 30. In 
addition to the I2C SCL and I2C SDA pins, these pins were used to connect the other two power banks by converting 
an analog-to-digital converter (ADC) using the ADS1115 module (Fig. 2, part D), also 12 bits, via programming. 
Fig. 3 shows the final circuit design model. The electronic components of the system are explained in the following 
subsections.  
 

 
Fig. 2 Schematic diagram of DFU based on WSN 

 
Fig. 3 Snapshot of the hardware of the DFU based on WSN 

3.2.1 FSR Sensor 
The force sensor shown in Fig. 2 (part A) is a variable resistance. The value of this resistance changes depending 
on the degree of pressure on it. One of the ANALOGE sensors lets us know the amount of pressure generated per 
unit area. For us to be able to read the values of this change through the analog ports, the change entering the 
analog ports must be a variable voltage and not resistance. Voltage divider technology is used to read this type of 
sensor. Assuming a VCC voltage source and two resistors, R and FSR, the two resistors were connected in series, 
as in Fig. 4. 
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Fig. 4 Electronic circuit voltage dividers 

 
This law is one of the essential laws in electrical circuits, as it can produce a lower voltage than the voltage 

source by changing the value of the resistors. However, used to read the amount of voltage on the force sensor, as 
in Equation (1). In this case, FSR will be the force sensor, and R will be a fixed resistance. When pressing the force 
sensor, its resistance will change, and the voltage value will change equally to change the resistance. In this way, 
current from the sensors can be obtained, which depends on the change in the resistor. 
 

𝑉𝑉𝑉𝑉 = 𝑉𝑉𝑉𝑉𝑉𝑉
𝑅𝑅

𝑅𝑅 + 𝐹𝐹𝐹𝐹𝐹𝐹
 (1) 

 
where VO represents the voltage output. VCC represents the Voltage Common Collector. R represents fixed 
resistance. FSR represents Force Sensor Resistance.  

Eight FSR sensors were selected to capture pressure distribution across the plantar regions, while two DHT22 
sensors were placed on the toe and heel areas to measure localized skin temperature and humidity. This 
arrangement allows multimodal physiological monitoring. Sensors were calibrated using known weights, as 
shown in Fig. (5). 

Fig. 5(a) shows the calibration process of the FSR force sensors. While, Fig. 5(b) illustrates the calibration 
curve for the FSR force sensors used in WSN, which is the relationship between the weight in kilograms and the 
voltage in volts. The graph includes data points represented by black dots that were calculated using different 
weights and readings recorded in volts, ranging from 0.5 to 2.8 volts, and a blue line based on the data points. It 
ranges from 0 to 12 kilograms. The curve starts in the lower left corner of the graph and rises sharply as it 
progresses to the right, indicating an exponential-like increase in weight with effort. The curve calibration 
equation was calculated as shown in Equations (2), (3), and (4). In addition, the parameter values of Equation (3) 
are illustrated in Table 1, yielding Equation (4). Equation (4) was used in the proposed method's measurement 
algorithm.    
 

Fig. 5 Calibration of the FSR sensor (a) Process with different weights; and (b) Exponential curve fitting showing 
load–output relation for accurate pressure measurement 
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Table 1 Exponential equation parameters concerning their values 
Parameters of Exponential Equation Exponential coefficient value 

a 0.8606 
b 0.7913 
c 4.804×10-10 
d 8.158 

Correlation coefficient (R2) 0.99434 
Root Mean Square Error (RMSE) 0.318 

Sum of squared error (SSE) 0.8088 
 

𝑓𝑓(𝑥𝑥) = 𝑎𝑎𝑒𝑒𝑏𝑏𝑏𝑏 + 𝑐𝑐𝑒𝑒𝑑𝑑𝑑𝑑 (2) 
 
where f(x) is the weight measured in kilogram and x is the voltage measured in Volts.  
 

𝑊𝑊 = 𝑎𝑎𝑒𝑒𝑏𝑏𝑏𝑏 + 𝑐𝑐𝑒𝑒𝑑𝑑𝑑𝑑  (3) 
 

 𝑊𝑊 = 0.8606 𝑒𝑒  0.7913×𝑉𝑉 + 4.804 × 10−10𝑒𝑒8.158×𝑉𝑉                                           (4) 

3.2.2 DHT 22 Sensor 
A sensor is used to measure temperature and humidity. The output of a calibrated digital DHT22 signal. It uses 
exclusive digital signal collection and humidity sensing technology, ensuring reliability and stability. Its sensing 
elements are connected to an 8-bit computer chip. Each sensor in this model is temperature-compensated and 
calibrated in a precision calibration chamber, and the calibration coefficient is saved in the program type in OTP 
memory [37]. Upon detection, the sensor cites the parameter from memory. The small size and low consumption 
enable the DHT22 to be suitable for all applications. A single row packed with four pins makes the connection very 
convenient, as presented in Fig. 2 (part B). 

3.2.3 ESP32 Microcontroller  
ESP32-WROOM-32 is a CPU. It has powerful, universal WiFi and Bluetooth, targeting various applications, from 
low-power sensor networks to the most demanding tasks. The embedded chip is designed to be scalable and 
adaptable. There are two individually controllable CPU cores, and the CPU clock frequency is user-adjustable from 
80MHz to 240MHz. The chip also has a low-power coprocessor that can be used in place of the CPU. Save power 
while performing tasks that do not require a lot of computing power, such as monitoring devices [38].  

The ESP32 integrates a rich set of hardware, such as capacitive touch sensors, SD card interface, Ethernet, 
high-speed SPI, UART, I2S, and I2C. WiFi allows for an extensive physical range and a direct Internet connection 
through a WiFi router. In contrast, Bluetooth lets users connect easily to the phone or stream from its low-power 
features [39]. The deep-sleep current of the ESP32 chip is less than 10 μA, making it suitable for electronic 
applications. Battery-operated and wearable [40]. The unit supports a data rate of up to 150 Mbps and 20 dBm of 
power at the antenna to ensure the most comprehensive physical range, as presented in Fig. 2 (part C). 

3.2.4 ADS1115 Module  
The ADS1115 Module can connect an external analog-to-digital converter (ADC) to a processor, such as ESP32 to 
measure analog signals. The ESP32 contains internal ADCs that can be used as analog inputs, 15 in number. 
However, not all can be used when using the built-in WiFi with the chip. Only six inputs are available, so this 
module allowed us to add four analog inputs [41]. 

The ADS1115 provides four 16-bit ADCs, 15 bits for measurement, and one for marking. The ADS1115 is 
communicated via I2C, so it is easy to read. It has four addresses, which are selected by connecting the ADDRESS 
pin. The benefit of using an ADC such as the ADS1115 is that it obtains greater accuracy and reduces the burden 
on the processor. In addition, in some configurations, it is possible to measure negative voltages. The ADS1115 
has two measurement modes: single-ended and differential. In single-ended mode, it contains four 15-bit 
channels. In differential mode, use two ADCs for each measurement, reducing the number of channels to 2. 
However, they have the advantage of measuring negative voltages and better noise immunity, as presented in Fig. 
2 (part D). 
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3.3 Power Management  
Since the proposed system includes several sensors, we have carefully considered the power consumption of each 
of them, as it is illustrated in Table 2. The ESP32 microcontroller (120 mA) consumes the largest portion of all 
current draw, the two DHT22 humidity/temperature sensors (3 mA total), eight FSR sensors (1.76 mA in total), 
and the ADS1115 ADC consume the smallest portion of all current draw (0.15 mA). This would give a total active 
current consumption of about 124.91 mA at 3.3 V of supply voltage, which is a rechargeable lithium-ion battery of 
4,800 mAh capacity (3.7 V ) would give a theoretical continuous operating battery life time of: 

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 =
4,700 𝑚𝑚𝑚𝑚ℎ
124.91 𝑚𝑚𝑚𝑚

≈ 38 ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 

This amounts to approximately 1.5 days of continuous monitoring, which is adequate in short-term diagnostic 
sessions or daily use. Practically, the working battery life will likely be higher since the ESP32 supports deep sleep 
and duty cycling, at which point the system will only be awake at specific intervals to gather and send data instead 
of operating at maximum power. With this approach to power management, it was possible to extend the battery 
life to a few days, and this would depend on the frequency of the sampling and the intervals between the wireless 
transmissions. 

Moreover, the system will have a rechargeable battery that can be easily recharged using either USB or 
wireless charging units, which will make the system sustainable and minimize maintenance processes. Even more 
energy-efficient features, e.g. adaptive sampling (recording only when abnormal patterns are detected) and low-
power communication protocols (e.g., Bluetooth or LoRa, rather than constant Wi-Fi) may be further improved 
the operating time. 

Table 2 Power consumptions of the components of the DFU system at 3.3 V of supply voltage, with a 4,800 mAh/3.7 
V rechargeable lithium-ion battery 

Component/parameter Active current consumption (mA) 
ESP32 120 
DHT22 1.5x2 sensors=3 
FSR 0.22x8 sensors=1.76 
ADS1115 0.15 
Total current 124.91 mA 
Battery life =Battery capacity/Active current consumption 

=4,700 mAh/124.91 mA= 38 hours 

3.4 Remote XY Application 
RemoteXY is an easy-to-create and use GUI on remote devices for control via smartphone or tablet. This system 
includes a remote GUI editor, available at remotexy.com, and the RemoteXY mobile app that allows one to connect 
to and control the remote devices using a graphical interface. A distinctive feature of the RemoteXY system is that 
the interface structure is stored in the controlling device, so there is no need to interact with servers to download 
the interface. Instead, the architecture is transferred to the mobile application directly from the controlling device 
[42]. With one mobile application, one can manage all devices, as there is no limit to the number of devices that 
can be controlled. 

RemoteXY supports various connection methods, including Internet connection via a cloud server, WiFi 
connection as a client or access point, Bluetooth connection, Ethernet connection via IP or URL, and USB OTG 
connection (only available for Android devices) [43]. In addition, it supports ESP boards (ESP8266 and ESP32), 
STM32F1 boards, and ChipKIT boards (UNO32, uC32, and Max32). RemoteXY is available on various mobile 
operating systems, including Android and iOS. RemoteXY supports integrated development environments (IDEs) 
and related Arduino boards, including UNO, MEGA, Leonardo, Pro Mini, Nano, MICRO, and compatible AVR boards. 
In this paper, RemoteXY was used to support the ESP32 microcontroller. Fig. 6 shows the website from which the 
application was designed. 
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Fig. 6 Website for RemoteXY 

3.5 Software Architecture 
DFU detection using electronic circuits relies on a set of electronic components and software to analyze sensor 
data. Fig. 7 shows the flowchart of the proposed algorithm, using C++ to detect DFU. The following steps explain 
how the circuit detects DFU from the initial setup to display the processed data via the RemoteXY interface. 

1. The sketch starts the code first, and the necessary libraries, such as RemoteXY, WiFi, DHT, and 
Adafruit_ADS1X15, are loaded [44]. These libraries provide the application's basic functionality.  

2. The WiFi network is configured. The WiFi connection has been configured using the service set identifier 
and access point password to connect with RemoteXY. This connection allows the user to control and 
exchange data remotely.  

3. RemoteXY has also been configured. RemoteXY server port and other connection settings are configured 
to enable remote control of the application.  

4. Then, both sensors and serial communication are initialized. The input pins are assigned to the force 
sensors, and the DHT22 temperature and humidity sensors are configured. The serial communication is 
set at a baud rate 9600 to facilitate debugging and recording data.  

5. After the preparation phase is completed, the main loop initiates.  
6. The application's main loop is the running task, which handles RemoteXY events.  
7. Read sensor data from various sensors (i.e., force, temperature, and humidity). In this step, the force 

applied by the foot on the shoe is measured at eight points, with six inputs connected directly to the ESP32 
microcontroller and the other two through the Adafruit ADS1115 ADC before reaching the ESP32 
microcontroller. The temperature and humidity data are measured directly from two DHT22 sensors.  

8. Then, sensor data are processed and converted into appropriate formats to be stored in the RemoteXY 
variables.  

9. The RemoteXY interface is then updated to display the sensed and processed new data. The program 
returns to step 6 to repeat the RemoteXY operation sequence. 
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Fig. 7 Flowchart of the program used in WSN 

3.6 Collection of Sensor Data 
Data is collected through the WSN. This includes plantar pressure in eight areas of the foot to measure the 
distribution of pressure, temperature, and humidity of the skin in the toe and heel areas. Data was collected from 
300 people with type 1 and type 2 diabetes. Healthy and unhealthy feet were defined by clinicians based on 
standard diagnostic criteria, including circulation tests, neuropathy assessment, and clinical examination. 
Inclusion criteria were confirmed diabetes diagnosis and ability to walk unaided. Exclusion criteria included 
severe deformities or other foot diseases. Ethical approval was obtained from the institutional ethics committee, 
and informed consent was obtained from all participants. 150 samples had healthy feet, and 150 samples had 
unhealthy feet. In addition, those aged from 30 to 70 years were taken from males and females. 80% of the data 
(240 samples) was used for training, and 20% (60 samples) was used to evaluate the system's performance using 
various performance measures. These percentages were chosen under the study [45]. This percentage was used 
to create a balance in the data, and most research relies on this percentage to achieve the best performance. During 
data collection, patients wore slippers with embedded sensors. Sweat, movement, and shoe interference were 
noted as potential influencing factors. The ESP32 microcontroller with WiFi provided portability. Patients 
reported the system as lightweight and comfortable. As an example, the data of the sensor measurements was 
taken from six volunteers, of whom three were unhealthy and the other three were healthy, as demonstrated in 
Table 3. Fig. 8 illustrates the collected foot pressure, temperature, and humidity data.  

Table 3 A database is used to train and test the system 

P_No p1 
(kPa) 

p2 
(kPa) 

p3 
(kPa) 

p4 
(kPa) 

p5 
(kPa) 

p6 
(kPa) 

p7 
(kPa) 

p8 
(kPa) 

Temp1 
(°C) 

Temp2 
(°C) 

Hum1 
(%) 

Hum2 
(%) Cls 

#1 2.5 4.8 5.1 5.5 4.5 12 10.7 21.9 30.8 31.7 48 49 0 

#2 5.8 10.7 10.4 10.5 8.4 15.8 15.5 22.4 30.9 30 63.1 65.3 0 

#3 2.7 4.8 4.9 5 5.1 10.7 11.7 23.7 34.1 35.1 58.3 58.3 0 

#4 7.7 15.6 6.1 9.5 13 13.5 9.9 22 32 34 94.5 91.5 1 

#5 4.8 5.4 12.6 10.4 14.5 11.2 6.1 22.2 35.3 36.3 55.1 50.1 1 

#6 6.5 8.9 10.3 13 9.7 14.3 13 25.4 31.2 33.2 63.7 69.7 1 

P_No: patient number; p1, p2, p3, p4, p5, p6, p7, p8: Plantar pressure; Temp1, Temp2: Skin temperature; Hum1, Hum2: Skin humidity;   
0:  Healthy foot; 1:  Unhealthy foot; Cls: Classification        
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Fig. 8 Foot collected data (a) Pressure; (b) Temperature; (c) Humidity 

3.7 Machine Learning Algorithms 
In the first phase, the planner begins by preparing the data, including reading the data from the Excel file, splitting 
features and targets, splitting data for training, testing ML algorithms, and scaling features. The data set is being 
read from the selected Excel file, where the data is obtained from sensors’ measurements. The leading or trailing 
white space is removed from the column names. The input features and the target variable are separated from the 
data table in Excel. The data set is divided into training and testing using the train_test_split function from the 
scikit-learn library. Next, scale features normalize input features using a standard scaler from the scikit-learn 
library.  

The ML models, including SVM, RF, DT, and KNN, are developed in the second phase. Following this, the ML 
models are trained using a training dataset. The output file obtained from the training process is stored on the 
computer.  The tested dataset evaluates the ML models in the third phase. Performance metrics, such as accuracy, 
precision, recall, F1 score, AUC, and specificity, are computed based on confusion matrix parameters. The program 
then gives the outcomes of the calculated performance metrics; if the accuracy is high, it moves to the next step; 
otherwise, it retests the data.  

In the fourth phase, the user interface is designed to predict the DFU based on entered values. Design the GUI: 
The Tkinter interface starts with titles and labels for input features, as shown in Figs. 10(a) and 10(b). Includes 
text input fields, allowing users to enter values for each of the twelve features. Once the user enters the 
physiological features into the fields shown in the Tkinter GUI (right side of Figs. 10(a) and 10(b)), the user can 
click on the “Predict” button to obtain the status of the DFU as healthy or unhealthy. The performance metrics are 
displayed on the left side of Fig. 10(a) and 10(b). 

Machine learning algorithms require careful tuning of hyperparameters to enhance performance and prevent 
overfitting or poor generalization. For DT, it is recommended to set max_depth between 5 and 10, 
min_samples_split between 2 and 10, min_samples_leaf between 1 and 4, and select criterion as "gini" or 
"entropy". For RF, hyperparameters include n_estimators from 100 to 500, max_depth from 5 to 15, 
min_samples_split between 2 and 10, min_samples_leaf between 1 and 4, and max_features as "sqrt" or "log2". In 
KNN, it is recommended to set n_neighbors between 3 and 15, choose weights as "uniform" or "distance", and 
metric as "minkowski" with p=2. For SVM, important hyperparameters include kernel as "linear" or "rbf", C from 
0.1 to 10, gamma as "scale" or "auto", and probability=True if probabilistic predictions are required. 
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Fig. 9 Flowchart of the ML algorithm 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 10 User interface for entering physiological data to predict DFU (a) A healthy foot; and (b) An unhealthy foot 

3.8 System Evaluation 
Performance metrics are vital criteria for evaluating ML models. These metrics include several key aspects, 
starting with accuracy, representing the ratio of correct predictions to total predictions, represented by Equation 
(5) [46, 47]. It is also worth highlighting specificity, which measures the model's ability to recognize true negatives 
and is referred to as Equation (6) [48, 49]. To attain an overall evaluation, the F1-score is used, which calculates 
the harmonic mean between precision and recall, as shown in Equation (7) [50].  

Furthermore, the AUC is used to evaluate the model's ability to discriminate between classes, according to 
Equation (8) [51]. Recall is a metric that quantifies the proportion of true positives accurately recognized by the 
model, as shown by Equation (9) [52]. Finally, precision is used to evaluate the accuracy in classifying positive 
patterns. This is the ratio of correctly classified positive shapes to the total number of positive shapes classified. 
Calculate it using a specific formula (10) [53]. These metrics are widely adopted to evaluate models and determine 
their efficiency in classifying data and predicting outcomes. Most of these equations are based on specifying true 
positive (TP), false positive (FP), true negative (TN), and false negative (FN) parameters. Each parameter is 
defined as follows. 

• TP: The number of cases in which the model correctly predicted a positive outcome [54]. 
• FP: The number of cases in which the model predicted a positive outcome, but the actual outcome was 

negative [55]. 
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• TN: The number of cases in which the model correctly predicted a negative outcome [56]. 
• FN: The number of cases in which the model predicted a negative outcome, but the actual outcome was 

positive [57]. 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 (𝐴𝐴𝐴𝐴𝐴𝐴) =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 (5) 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (𝑆𝑆𝑆𝑆𝑆𝑆) =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (6) 

 

𝐹𝐹1 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (𝐹𝐹1 − 𝑆𝑆𝑆𝑆𝑆𝑆) = 2 × 
𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 +  𝑅𝑅𝑅𝑅𝑅𝑅

 (7) 

 
 AUC = ∫ 𝑇𝑇𝑇𝑇𝑇𝑇(𝑡𝑡) 𝑑𝑑𝑑𝑑 1

0  (8) 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (𝑅𝑅𝑅𝑅𝑅𝑅) =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (9) 

 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 (𝑃𝑃𝑃𝑃𝑃𝑃) = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹
  (10) 

 

4. Results and Discussion 
This section presents the results of the ML algorithms used in this research based on physiological data from the 
foot. It shows their performance based on different performance metrics and confusion matrices to identify the 
best performers. Confusion matrices compare the model predictions to the actual data. As explained in Section 
3.6, these matrices typically consist of four entries: TP, TN, FP, and FN, and are necessary to calculate performance 
metrics such as accuracy, recall, specificity, AUC, F1 scores, and precision. Analysis of the confusion matrices of 
the models provides important information about the classification accuracy. This information is essential to 
understand each model's strengths and weaknesses and identify the best model for the given task. Fig. 11 presents 
the confusion matrices of the four supported ML algorithms: SVM, KNN, RRF, and DT.  

As can be seen in the first confusion matrix of the SVM model (Fig. 11(a)), the model had 29 TN and 29 TP, 
indicating that the model can assign both correct negative and correct positive cases. Nevertheless, it had 4 FP 
where the model falsely identified positive when the true class was negative and 6 FN, where the model could not 
identify the positive cases. It means that the performance was rather balanced, but with a significant amount of 
misclassifications on both ends. 

The second confusion matrix of KNN (Fig. 11(b)) yields a better result than that of SVM. In this case, the model 
rightly categorized 32 TN and 33 TP, and fewer incidents of misclassification, 2 FP and 3 FN. This is an indicator 
of greater correct detection of the two classes and indicates improved overall recall and precision. The fact that 
the number of mistakes has been minimized shows that the model has become more effective when it comes to 
determining the differences between the two categories. 

The performance is then even better in the third confusion matrix of RF (Fig. 11(C)) since the model did not 
have any false positives (FP = 0) at all, implying that it did not point towards a negative case as a positive one. It 
had a correct prediction of 34 TN and 33 TP, with 3 FN remaining. It means that the precision is very high because 
all the positive predictions of the model have been correct. Nevertheless, the false negatives indicate the existence 
of a few false positives, which has an impact on sensitivity a little. 

Fig. 11(d) is the fourth confusion matrix of RF, and it has the best performance. In the model, the values were 
32 TN and 36 TP, and 0 FP and 1 FN. This is a great precision because almost everything was rightly identified, 
and the mistakes were few. The high precision is guaranteed by the fact that there are no false positives, and the 
false negatives are extremely low, which shows that the recall is high. Overall, this setting demonstrates that the 
model has obtained almost optimal classification power.  

These results imply that the incorrect diagnosis of mild DFU as normal might delay early intervention, and 
the correct diagnosis of severe DFU provides prompt medical intervention. 
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Fig. 11 Confusion matrices for the adopted algorithms: (a) SVM; (b) KNN; (c) RF; and (d) DT; showing correct 

classifications on the diagonal and misclassifications off-diagonal 
 

Table 4 shows the performance characteristics of four ML algorithms: SVM, KNN, RF, and DT. The SVM 
achieves impressive results overall, with an accuracy of 83%, indicating its exceptional ability to accurately 
predict positive and negative outcomes. KNN performs well with an accuracy of 93%, demonstrating reliability in 
predicting positive and negative outcomes. RF obtained an accuracy of 96%, indicating strong classification 
performance. DT showed the highest performance among the presented algorithms, with an accuracy of 99%, 
indicating its excellent ability to discriminate between classes. The F1 rate is significant because it balances 
accuracy and is particularly useful in cases where the cost of positive and negative errors is equal. Specificity and 
recall are also essential to evaluate the model's ability to predict negative and positive cases correctly. Overall, the 
results show that the algorithms used provide high performance. However, results depend on the data and the 
specific task the models are trained to perform. It is also essential to consider the balance between classes in the 
data to avoid prediction bias. 

Table 4 Performance metrics for different ML algorithms 
 
 
 
 
 
 
 

 
DT performs well and shows high performance and superiority due to the following reasons (i) DT handles 

small and heterogeneous datasets effectively, which suits our dataset that combines different sensor types, (ii) DT 
can process continuous features (e.g., pressure, temperature) and categorical outcomes without requiring 
extensive normalization, (iii) DT provides transparent decision-making rules, which is critical in medical 
applications where explainability is essential. These characteristics make DT more robust and reliable in DFU 
prediction compared to the other tested algorithms. 

Fig. 12 shows the evaluation of the DT model for the Receiver Operating Characteristic (ROC) curve, precision-
recall curve, and learning curve. Fig. 12(a) shows the ROC curve, which is a graphical representation technique to 
measure the performance of any binary classification model. In ROC, the generated curves compare the True 
Positive Rate (sensitivity) on the y-axis with the False Positive Rate (specificity) ratio on the x-axis under different 
threshold settings. The diagonal dashed line is a performance of a random classifier, where the true positive rate 
is the same as the false positive rate, and acts as a plane. The overall discrimination between classes keeps the 
entire value of the ROC curve, i.e., the area under the ROC curve (AUC). As the figure shows, the ROC curve is almost 
at the top of the right corner of the plot, which is a sign of a high true and a low false positive rate for most of the 
thresholds. The AUC value of 0.97 indicates that the model has a high discriminating rule because an AUC of 1.0 is 
the exact classification, and 0.5 is a random guess. The model under consideration also shows extremely good 
results in differentiating the two classes, which is proven by the large value of the AUC indicator and the structure 
of the ROC curve. 

Fig. 12(b) indicates a Precision-Recall (PR) plot that enables one to analyze the performance of a binary 
discrimination design, particularly when lop-sided data is used. The PR curve is a curve where precision 
(proportion of the right positive predictions of the model to the total number of positive predictions) is on the y-
axis and recall (proportion of true positives recognized by the model to the total number of actual positives) is on 
the x-axis. In contrast to the ROC curve, the PR curve concentrates on the performance regarding the positive class, 
which makes this curve especially beneficial in the case of the rare or sensational positive category. The outcomes 
in the figure show that the model obtains very high precision and recall values within the majority of the threshold 
range. Precision is close to 1.0 in almost all recall values, except towards the end, where recall approaches 1.0. 
This implies that the model can distinguish as close as possible all positive cases with very few false alarms. The 

ML Acc (%) AUC (%) F1-Sco  (%) Spe (%) Rec (%) Pre (%) 

SVM 85 95 85 88 83 88 
KNN 93 99 93 94 92 94 
RF 96 99 96 100 92 100 
DT 99 99 99 100 97 100 
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drop at the end is characteristic as the threshold becomes so low that the model predicts almost all the cases to 
be positive, which triggers the recall to be the maximum at the expense of the decrease in precision. Overall, this 
PR curve proves that the model performs well, successfully balancing precision and recall with most thresholds. 

Fig. 12(c) shows a learning curve, a diagnostic device in machine learning to examine the alteration in the 
performance of a model as the training data size improves. The x-axis is the training size (or the number of training 
sizes): the y-axis is the accuracy, the percentage of correct predictive answers. The figure shows two curves: the 
first is the blue line that represents the training score, which indicates how well the model performs on the 
training data, and the orange one that represents the cross-validation score, which shows the model's 
performance on newly generated validation data. The training score initially begins very high (approximating 1.0), 
and as the size of the training goes up, the training score decreases since the model fits the small training dataset 
poorly. Nevertheless, the training accuracy slightly drops as the amount of data is increased, as it is expected that 
the model needs to generalize over a larger and more heterogeneous dataset. The training score is highly 
consistent and indicates that the model does not have major trouble fitting the training data, regardless of the 
increase in the dataset size. 

However, the cross-validation score is initially a lot lower than the training score when the size is small. Such 
a gap is normal since with not much data, the model will overfit, i.e., perform well on the training set but perform 
very worse on the unseen data. The accuracy of cross-validation improves significantly as the training size rises, 
indicating that the model generalizes well, and the more data sizes used to train the model. The cross-validation 
curve keeps rising afterward and then begins to level off, which means that the advantages of including more data 
decrease, and the model's generalization performance eventually becomes steady. The findings show that the 
model responds well to more training data, increasing cross-validation accuracy significantly. The fact that the 
difference between the training and cross-validation scores tends to decrease with the increase in the training 
size indicates that one is minimizing overfitting. Because the two scores converge at a high rate of accuracy then 
this implies that the model is not only accurate but is also general, and implies that the learning is well balanced 
and effective. Such a learning curve would indicate a good performance of the model and a healthy training regime, 
and there is not much evidence of high bias or high variance issues. 
 

  
(a) (b) 

 
(c) 

Fig. 12 Graphs evaluation of the DT model (a) ROC curve; (b) Precision-recall curve; (c) Learning curve 
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5. Results Comparison 
The results in this study can be evaluated through accuracy, recall, specificity, AUC, F1-score, and precision to 
confirm the effectiveness of our approach by comparing it against previous works. This comparison verifies the 
robustness and reliability of the suggested models and emphasizes their advancements over existing solutions, 
confirming their potential for real-world clinical uses in DFU diagnosis. Table 5 compares our results with those 
from previous studies.  

Our method appears in Table 5 alongside previous research to examine both subject numbers and the 
utilization of AI methods. The referenced works use different machine learning techniques, including DT, SVM, RF, 
MLPNN, and deep learning models, such as EfficientNet and Inception-ResNetV2. The DT-based approach for 
patient classification utilizes 300 subjects' physiological information to establish a strong AI implementation 
model. The limited number of subjects in Radunovic et al.'s study [32], with 23 participants, reduced the external 
validity of their research findings. The research of Haque et al. [28] uses various ML models with a small dataset 
(i.e., 45 participants) that reduces the trustworthiness of their research findings. The performance metrics of our 
approach surpass most previous studies by reaching 99% accuracy alongside 100% specificity, 99% F1-score, 
99% AUC, 97% recall, and 100% precision. The research conducted by Wang et al. [26] resulted in 94.7% accuracy, 
while Chauhan et al. [27]  obtained 94.0% accuracy through different research methods and data limitations. The 
classification capabilities of DT surpass those exhibited by Ferreira et al.'s [29] MLPNN-based approach since the 
latter only achieved 85% accuracy. Our work shows superior consistency in key performance indicators compared 
to Basiri et al. [30] (EfficientNet) because of its ability to handle dataset imbalance issues. 

Previous research methods, which led to inaccurate classification results, have encountered various issues. 
The researchers Cassidy et al. [31] and Radunovic et al. [32] experienced time limitations and sensor stability 
issues that might have influenced their study results. Two studies by Haque et al. [28], together with Ferreira et 
al. [29], faced difficulties due to sparse datasets, thus reducing the applicability of their experimental results. 
Gudivaka et al. [36] needed advanced hardware infrastructure and did not apply sufficient model optimization, 
which made their program difficult to implement. Our methodology utilizes an AI model that works with a 
balanced set of research data to avoid the limitations described in other studies. Our study's research outcomes 
fall behind Fadhel et al.'s work [34] (2024), which used DFU_TFNet and DFU_FNet models to reach 99.81% 
accuracy and 99.76% recall. The better results achieved by their approach stem from employing advanced deep 
learning models that utilize VGG-16, GoogleNet, and AlexNet to extract features having high discrimination 
capabilities. The proposed method encounters two main limitations: high memory requirements and extra steps 
to distinguish varied DFU types. Our DT-based model achieves high performance alongside computational 
efficiency, which makes it more applicable to practical implementations. The performance gap can be reduced by 
implementing ensemble learning and additional feature engineering as potential upgrades to the system. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Int. Journal of Integrated Engineering Vol. 18 No. 3 (2026) p. 366-388 383 

 

 

Table 5 Comparison results with previous works 
Ref. /Year AI Acc 

(%) 
Spe 
(%) 

F1-
Sco 
(%) 

AUC 
(%) 

Rec 
(%) 

Pre 
(%) 

Data used 
(subject/ 

image) 

Limitations 
(Categorized) 

Wang et al. 
[26]/ 
2021 

RF 94.7 N/A N/A N/A N/A N/A 2,403 

Validation gap: Not 
suitable for continuous 
observation in daily life, 
limiting practical DFU risk 
assessment. 

Chauhan et 
al. [27] / 

2023 

KNN 
SVM 

94.0 N/A 93.1 N/A 93.4 92.7 110 

Validation gap: 
Generalizability is limited 
due to specific ML 
algorithms/features. 

Haque et al. 
[28] / 2022 

DAC, ECM, KCM, 
KNN, LCM, NBC, 

SVM, BDC 
98.68 N/A 98.68 1.00 98.68 98.72 45 

Dataset size: Very small 
dataset (3 groups only). 
Validation gap: Requires 
larger and more diverse 
datasets for generalization. 

Ferreira et 
al. [29] 
/2023 

MLPNN 85 91 N/A N/A 76 89 250 
Dataset size: Data collected 
from a single institution only 
limited generalizability. 

Basiri et al. 
[30] / 2024 EfficientNet N/A N/A 79 N/A 74 86 269 

Validation gap: Imbalanced 
training dataset not 
addressed → risk of biased 
results. 

Cassidy et 
al. [31] 
/2023 

R-CNN, 
Inception-
ResNetV2 

92.12 91.67 94.8 N/A 92.26 97.48 81 

Validation gap: Short study 
period (Sept 2020–Jan 
2021) → no long-term 
validation. 

Radunovic 
et al. [32] / 

2024 
SVM, DT, LR 82.1 87 82.88 N/A 78 88.46 23 

Hardware issue: 
Sensor/application 
technical problems → 
unreliable results. 

Salih et al. 
[33]/ 2024 

SVM, RF, DT, 
Naïve Bayes 89.86 N/A 89.91 93.72 89.77 89.18 

768 
 

Validation gap: Lack of 
multidimensional data → 
low diagnostic accuracy. 

Fadhel  et 
al. 

[34]/2024 

DFU_TFNet, 
DFU_FNet, VGG-
16, GoogleNet, 

AlexNet. 

99.81 N/A 99.25 N/A 99.76 99.38 754 

Hardware issue: High 
memory requirement. 
Validation gap: Missing 
vital features.  
Sensor stability: Extra 
layers reduce performance 
stability. 

Rathore et 
al. 

[35]/2025 

Xception, 
DenseNet121, 

ResNet50, 
InceptionV3, 
MobileNetV2, 

SNN 

98.76 99.2 98.5 98.6 97.7 99.3 1,050 

Validation gap: Limited 
adaptability to other 
conditions/datasets. 
Hardware issue: Real-
world implementation 
challenges. 

Gudivaka et 
al. 

[36]/2025 

SVM, ELM, 
AlexNet, VGG16, 

GoogLeNet, 
ResNet50 

93.75 81.03 84.09 N/A 86.93 81.43 385 

Dataset size: Limited 
dataset boundaries restrict 
generalization.  
Hardware issue: High 
computational cost. 
Validation gap: Lack of 
hyperparameter tuning 
details.  
Sensor stability: Complex 
method difficult for 
clinicians to interpret. 
 

This 
work/ 
2025 

DT 99 100 99 99 97 100 
300 patients' 
physiological 

data 

Dataset size: Limited DFU 
volunteers.  
Hardware issue: Sensor 
accuracy challenges. 

DAC: Discriminant analysis classifier; ECM: Ensemble classification model; KCM: Kernel classification model; LCM: Linear classification 
model; NBC: Naive Bayes classifier; BDC: Binary decision classification tree; R-CNN: Region-based Convolutional Neural Network; LR: 
logistic regression; SNN: Siamese Neural Network; ELM: Extreme Learning Machines  
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6. Conclusions 
DFU complications can be severe complications and may lead to amputation of limbs. Therefore, early detection 
of this disease is essential to avoid such complications. Screening methods for the disease can be conventional and 
do not predict DFU in the early stages. These prompted researchers to find an alternative WSN solution to detect 
DFU early. ML algorithms using data processing and feature extraction techniques have shown outstanding 
performance in healthcare applications. However, depending on the desired application, some may perform 
better. This proposed study achieved a performance comparison between four standard ML algorithms that used 
physiological data. The DT algorithm achieved the best results with 99% accuracy in classifying the two categories. 
At the same time, SVM showed the lowest performance, with 85% accuracy. However, the current study faced two 
limitations: difficulty in obtaining a larger number of DFU patient volunteers and challenges in sensors accuracy. 
These limitations will be addressed in future work by collaborating with multiple hospitals to expand the dataset, 
employing data augmentation techniques to mitigate small sample size issues, and improving sensor robustness. 

Furthermore, future applications of our system may include home-based monitoring kits for diabetic patients 
to check their foot health daily and clinic-based screening tools to support physicians in early DFU detection. Such 
applications will enhance the real-world impact by reducing late diagnoses and lowering the risk of foot 
amputations. 
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